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SUMMARY

Currently, the assessment of body composition (BC) is mandatory for a
proper nutritional evaluation and for the optimization of specific treatments. There
are many techniques that can be used to assess BC, although few can be
considered precise techniques that provide quantitative and qualitative information.
BC analysis by computed tomography (CT) is a reference technique, with high
precision and high-value information on tissue quality and density. For the
segmentation of the BC, the use of a marking tool is necessary. Our group has
worked on the development of a semi-automatic tool trained with artificial
intelligence for the simplest and most precise marking of the different tissues. In this
thesis, the validity of this technique for the study of BC in patients with severe obesity
is demonstrated for the first time. In addition, new equations are developed, with
results superior to the previous ones and with greater applicability (including any
body mass index) for the calculation of body composition, which demonstrate the
influence of the tissue density in these models. On the other hand, muscle
ultrasound (US) is a simple and accessible technique, which is presented as a good
alternative to CT, when the latter is not available. However, one limitation of the US
is the fact that the measurements are observer-dependent. Therefore, the
application of an automatic or semi-automatic software tool can help improve the
technique. In this thesis we confirm these data by developing a semi-automatic tool

for analysing muscle US.

Finally, given the important association of muscle mass with energy
requirements, and that CT is a technique that has proven to be a reference
technique in BC, we propose for the first time the possibility of developing an Al
model that estimates resting energy expenditure (REE). In this thesis we developed
a model that is able to estimate REE better than any other current estimation method
(predictive equations or BIA). It is worth noting that this Al based three-variable
model ruled out the patient's gender as the main variable, an innovative discovery
that goes beyond the classic recommendations for estimating requirements and has

a great potential of changing the actual paradigm.
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RESUM

Actualment, la valoracié de la composicié corporal (CC) és obligatoria per a
una correcta avaluacié nutricional i per a I'optimitzacié de tractaments especifics. Hi
ha moltes técniques que es poden emprar per valorar la CC, encara que poques es
poden considerar técniques precises que aportin informacié quantitativa i
qualitativa. L'analisi de la CC mitjangcant tomografia computaritzada (TC) és una
técnica de referéncia, amb gran precisio i informaci6 de gran valor sobre la qualitat
i densitat tissular. Per a la segmentacié de la CC és necessari fer servir una eina
de marcatge. El nostre grup ha treballat en el desenvolupament d'una eina
semiautomatica entrenada amb intel-ligéncia artificial per a la segmentacié més
senzilla i precisa dels diferents teixits. En aquesta tesi es demostra per primera
vegada la validesa d’aquesta técnica per a l'estudi de la CC en pacients amb
obesitat severa. A més, es desenvolupen noves equacions, amb resultats superiors
a les anteriors i amb més aplicabilitat (incloent-hi qualsevol index de massa
corporal) per al calcul de la composicié corporal, que demostren la influencia de la
densitat tissular en aquests models. D'altra banda, I'ecografia muscular (US) és una
técnica senzilla i accessible, que es presenta com una bona alternativa ala TC quan
aquesta ultima no esta disponible. Tot i aixd, una limitacio de la US és el fet que les
mesures son dependents de l'observador. Per tant, I'aplicacié d’'una eina de
software automatica o semiautomatica pot ajudar a millorar la técnica. En aquesta
tesi confirmem aquestes dades desenvolupant una eina semiautomatica per

analitzar la US muscular.

Finalment, atesa la important associacié de la massa muscular amb els
requeriments energetics, i que la TC és una técnica que ha demostrat ser una
técnica de referencia per la CC, proposem per primera vegada la possibilitat de
desenvolupar un model d'lA que estimi la despesa energética en repos (GER). En
aquesta tesi desenvolupem un model capag d'estimar el GER millor que qualsevol
altre metode d'estimacio actual (equacions predictives o BIA). Cal destacar que
aquest model de tres variables basat en |IA va descartar el génere del pacient com
a variable principal, una troballa innovadora que va més enlla de les recomanacions
classiques per a l'estimacio dels requeriments i té un gran potencial de canvi del

paradigma actual.
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1. INTRODUCTION

Currently, the assessment of body composition (BC) is mandatory for a
proper nutritional evaluation and for the optimization of specific treatments.
Knowledge of BC can allow us to design and implement a personalised weight
control strategy (diet, physical exercise and pharmacological) as well as a more
precise and better metabolically adjusted outcome assessment. Therefore, it is
important that healthcare professionals have a critical understanding of currently

available BC assessment techniques (1).

1.1.Defining body composition

BC can be analysed at different levels of complexity, from the atomic to
tissue-system level, finding different categories (2). The most widely used method
in clinical practice and clinical research is the tissue-system level. In this strategy,
depending on the measurement method the results can be expressed based on two-
compartment (2C), three-compartment (3C), four-compartment (4C) or multi-
compartment models (3) (Figure 1). The more compartments it contains, the greater
the accuracy of the body composition assessment (4). This categorization will also
depend on the limitations of the method used, for example, some methods such as
Dual-Energy X-ray Absorptiometry (DXA), at present considered a reference
method for BC, will only permit to categorise at molecular level distinguishing the

tissues in 3C: fat mass, lean tissue mass and bone (3)

A more advanced and precise study of BC provides more detailed information
by segmenting the compartments of fat-free mass, and sometimes assessing tissue
quality, hydration status, and also the distribution of adipose tissue within the body,

as will be explained later (2,4).
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Figure 1. Chemical and anatomical body composition models. T.R. Ackland et al. Current

Status of Body Composition Assessment in Sport, 2012.
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1.2. Clinical applications of measuring body composition:

1.2.1. Muscle mass

Muscle mass represents around 30-40 % of total body mass, with significant
differences between males and females, being the most important component of
fat-free mass compartment (5) Sarcopenia is defined as a progressive and
generalised loss of skeletal muscle mass, strength and/or physical function, which
is associated with an increased risk of adverse outcomes, such as physical

disability, poor quality of life, higher mortality (6) and metabolic syndrome (7-11).

Primary sarcopenia is a physiological situation that generally runs in parallel
with ageing (12,13). It is estimated that the muscle mass physiologically decreases

by approximately 6% per decade after mid-life (14) . This decrease will be more
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accelerated and higher than expected in the case of associated pathology (acute or

chronic), identified in this case as secondary sarcopenia (15,16) (Figure 2).

Figure 2. Pathophysiology of primary and secondary sarcopenia. Image: Stephanie L Gold
et al. Putting some muscle into sarcopenia-the pathogenesis, assessment and clinical impact of
muscle loss in patients with inflammatory bowel disease, 2023.
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Skeletal muscle and lean body mass are important markers of prognosis and
functional recovery in chronic and acute illness, particularly in conditions in which
muscle atrophy is prevalent (17). For instance, at present, more than 600 original
articles, including many meta-analyses report the impact of muscle and adipose
tissue in relation to oncological outcomes such as survival, morbidity, surgical
complications, chemotherapy toxicity and mortality (18,19), highlighting the
importance of incorporating the BC assessment in the daily clinical practice.

Moreover, the assessment of muscle quality and not only the muscle mass is of
growing interest and has been included in the last definitions and consensus of the
European Working Group on Sarcopenia in Older People (EWGSOP) (20).
Myosteatosis, defined as an ectopic fat depot within muscle (21-23) increases with
ageing and obesity and negatively correlates with muscle mass, strength, and
mobility and higher risk of metabolic complications (insulin resistance, type 2
diabetes) (22).
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1.2.2. Adipose tissue

Classically, the definition of obesity and the amount of adipose tissue has been
related to the body mass index (BMI). The BMI is the ratio of weight (kg) to height
squared. Universally, obesity was diagnosed when the BMI was greater than 30

kg/m?Z.

Recently, the American Association of Clinical Endocrinologists (AACE)
proposed a new definition for obesity as a “adiposity-based chronic disease
(ABCD)”, which has also been adopted by the European Association for the Study
of Obesity (EASO) (24,25). This concept refers not only to the total amount of body
fat, but also to its distribution and functionality (26). Besides the total amount of
adipose tissue in the body, it is important to know its distribution and proportion,
given its significant role in pathologies such as metabolic syndrome and associated
complications.

Individuals with high body fat composition, particularly abdominal distribution,
are at a greater risk of metabolic complications, mortality (27-31), higher rate of
complications in abdominal surgery (32,33) and even worse prognosis in COVID-19
infection (34,35). Therefore, the assessment of BC should include a more detailed
and accurate evaluation of adipose tissue by differentiating subcutaneous (SAT)

and visceral tissue (VAT) (Figure 3).
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Figure 3. Types of obesity according to the distribution of abdominal adipose tissue: A. normal,
B. Obesity with predominance of subcutaneous adipose tissue, C. Obesity with predominance of
visceral adipose tissue.

1.2.3. Muscle mass and adipose tissue

In recent years was showed that the association between low muscle mass
and high adipose tissue mass, represents a higher risk factor of metabolic
complications and mortality than the two entities alone (36,37). In this regard,
recently, the European Society for Clinical Nutrition and Metabolism (ESPEN) and
EASO have agreed on a definition and diagnostic criteria for sarcopenic obesity
(SO), a condition in which sarcopenia and obesity coexist and lead to a cumulative

risk derived from the two clinical situations (38).
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Figure 4. Graphic representation of normal adipose tissue and muscle mass distribution (A), and

sarcopenic obesity (B). Benton MJ et al. Sarcopenic obesity: strategies for management, 2011.
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More recently, these two societies (ESPEN and EASO) have launched the
initiative the Sarcopenic Obesity Global Leadership Initiative (SOGLI), to reach
expert consensus on definition criteria and management of sarcopenic obesity (38).
They recommend diagnosing SO in two steps: firstly, a functional assessment of the
muscle using hand grip strength; and secondly, an assessment of body composition,
recommending BIA and DXA as first-choice techniques. They support the use of
cut-points provided by Dodds et al. (39) for Caucasian populations, by Gallagher et
al. for FM (40), by Janssen et al. for SMM/W (41).

Table 1. Cut points recommended by Sarcopenic Obesity Global Leadership Initiative.

Hand grip strength cut-off points Adiposity cut- off points Low muscle mass cut —off points
Dodds DXA (% FM according to Gallagher) | DXA (ALM/weight) according to
- Men<27kg - Age 20-39 years: Batsis
- Women: <16 kg - Men: >26% - Men: <25,7%

- Women: >39% - Women: <19.4%

- Age 40-59 years:
- Men: >29% BIA (SMM/weight) according to
- Women: >41% Janssen

- Men: <31,5%
- Women: <22,1%
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1.2.4. Water compartment

Measuring the water compartment is a challenge in clinical practice due to its
continuous and rapid change, especially in pathologies with frequent changes in
blood volume such as heart or kidney failure (42,43). The use of variables such
absolute weight (kg) in these cases is not recommended because they do not
represent the real changes produced at the BC level. Techniques that do not rely
on variables affected by fluid variation, such as the Bioelectrical Impedance Vector
Analysis (BIVA) are necessary to be able to carry out a more precise BC
assessment and better adapt therapeutic measures (in pathologies such as heart

failure or advanced kidney disease) (44,45).

1.3. Current methods for the assessment of BC

1.3.1. Anthropometry.

The anthropometric evaluation consists of a set of measures such as weight,
height, body mass index, skin folds, perimeters and circumferences alone or
combinations (1). These measures can be interpreted comparatively in an
evolutionary process or can be interpreted based on reference values validated for

a specific population (46).
1.3.1.1. Body mass index

Body mass index (BMI) is calculated by a mathematical formula based on the
weight (kg) and the height (m). This parameter was proposed by a mathematician;
Adolphe Quetelet (24,47), whose development was based on European population
from France and Scotland as an anthropological method to identify “/"homme
moyen” from a typological perspective rather than a health status biomarker (48).
Despite that the BMI was not a parameter designed to evaluate the health status of
the population and was based on data limited only to specific Caucasian population,
in 1998 the World Health Organization includes the BMI as the main factor for the
classification of the humans into underweight, normal weight, overweight and people
with obesity (Report of a WHO Expert Committee 1995) (49).

19



Table 2. BMI classifications. Table: Volkan Yumuk. European Guidelines for Obesity
Management in Adults, 2015.

Category BMI, kg/m?
Underweight <18.5
Healthy weight 18.5-24.9
Pre-obese state 25.0-29.9
Obesity grade I 30.0-34.9
Obesity grade I1 35.0-39.9
Obesity grade I11 =40

Several studies showed a direct relationship between BMI and obesity-related
comorbidities (such as T2D) as well as with the increased mortality (50). These
studies, added to the simplicity of obtaining BMI, resulted in the widespread use and
acceptance of this index as the main criteria in the diagnosis and management of
nutritional status (50). Given that the BMI only identifies how weight is adjusted for
height, regardless of factors such as age, race or sex, and without informing us of
the BC, it is now increasingly accepted that the BMI has serious limitations in daily
clinical practice. (51-53). In addition, its use as the main morphological criterion has
led to erroneous conclusions, such as the “obesity paradox in heart failure” which

was recently withdrawn by the American Heart Association (54,55).

1.3.1.2. Perimeters and skin folds

Besides BMI, in the daily clinical practice the measurement of folds and
perimeters, such as waist circumference has also been implemented to complete
the information on BC (46). Some of the most widespread perimeters for estimating
adipose tissue mass are the waist circumference and the waist-to-hip ratio (56,57).
They were proven to be related to a predominantly abdominal fat distribution and
have been correlated with an increased risk of metabolic complications such as type
2 diabetes, dyslipemia and cardiovascular risk, among others (56,58). In recent
years, calf circumference has been gaining relevance thanks to the good
correlations that it presents with skeletal muscle mass, especially in the context of
sarcopenia assessment in the older adult and recent publications of adjustment

factors that allow for the elimination of the confounding effects of obesity (8,59,60).
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Skinfolds is a technique that measures a double fold of skin with
subcutaneous fat in various sites of the body, using callipers (49). The usual
measurement sites include triceps, biceps, subscapular, suprailiac, mid-calf, and

anterior abdominal wall.

Measures of skinfolds and circumferences are a low-cost and simple
technique. Its main limitations are related to the low reproducibility given the
technical difficulties that require trained personnel, and its low precision to assess
small changes in BC, as well as a very superficial assessment of the tissues (61).
When BC assessment is not available, anthropometry can be used as a superficial

surrogate, but always considering the limitations (60).
1.3.1.3. Equations for BC estimation

Multiple equations have been developed to estimate BC, with different main
objectives: a) total body fat, b) abdominal fat and c) muscle mass. Multiple equations
and indexes have been developed to offer a better approximation to CVD and
metabolic diseases such as waist circumference (62,63). In some cases, they show
to be better predictors of CVD, metabolic and premature death than BMI (64,65).
Nevertheless, overall data so far is controversial on the usefulness of these
equations for BC estimation.

Moderate to high levels of correlation with BC reference techniques (DXA or
plethysmography) have been observed, and also significant association with
increased cardiovascular risk or metabolic syndrome (62,63,66—69).

Two examples of formulas to calculate total body fat mass are the Deurenberg
equation (69) and the CUN-BAE (Clinica Universidad de Navarra-Body Adiposity
Estimator) (67). Both equations show a better estimation of fat mass than BMI,
validated by plethysmography (CUN- BAE) and DXA or densitometry (Deurenberg)
as the reference technique, and also show better association with increased risk of
cardiovascular disease (CVD) (62,66,67,69,70).

However, technological progress has permitted us to demonstrate that these
parameters are not accurate enough to make a correct approach to the patient's

state of health, based on the different body compartments. They are only
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estimations, based on limited populations, and some of them were created more

than 100 years ago (53).

Table 3. Equations for anthropometry body mass estimations. Formula, year of development

(bibliographic reference), reference method used and level of correlation.

Equation Year Reference method Correlation to
reference method
CUN-BAE (% Fat Mass) = [- 44,988 + (0,503 x age) + | (2012) Air displacement r=0.9
(10,689 x sex) + (3,172 x BMI) — (0,026 x BMI?) + (0,181 | (66) plethysmography
x BMI x sex) — (0,02 x BMI x age) — (0,005 x BMI? x sex)
+(0,00021 x BMI* x age)]
Deurenberg (% Fat mass) =1,20 x BMI + 0,23 x age — | (71990) Densitometry r=0.79
10,8 x sex — 5,4 (69) (underwater weighing)
Waist to height ratio (WHtR)=22st creum/erence (cm) (2010) Clinical results None
/ height (cm) (57)
Conicity index (Cl)=22st creumference (m) (1991) Clinical results None
0109x [l (71)
Bonora men (cm) = -453.7 + (6.37 X (1995) RMI- L4 SAT érea (bOth)Z r=0.89
waist circumference (cm)) (72) |
VAT area: men 0.56
Bonora women (cm) = -3705 + (4.04 x VAT area: women 0.68
waist circumference(cm)) + (2.62 x age)
height (m) ’ (73)
Body roundness index (BRI) = (2013) DXA and RMI r=0.88
(74)
(waist circumference (m))Z
=3642-3655 |1 ——2&———
(0,5 x height)?
Body shape index (ABS|)=22stcreum/ference (m) (2012) Clinical results None
BMI3 x height? (m) (75)
Hume - men (kg) = (0,32818 x weight(kg)) + (0,33929 x | (1966) Antipyrine space Antipyrine space
height (cm)) — 29,5336 (76)
Men: r=0.58
Hume — women (kg) = (0,29569 x weight(kg)) + (0,41813 (2074)
— = 5 x g
. S (77) Women: r=0.73
x height (cm)) — 43,2933
DXA(77) DXA: r=0.913
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1.3.2. Dual-Energy X-ray Absorptiometry (DXA)

Dual energy X-ray absorptiometry (DXA) was originally developed to
measure bone mineral density. Subsequently, with technical improvements and
refined software, DXA became a reference technique for BC measurement,
particularly for its accuracy in measuring fat mass. DXA discriminates three different
compartments, based on their specific X-ray attenuation properties: bone mineral
content (BMC), lipids (triglycerides, phospholipid membranes, etc.) which is the so-
called "fat mass" (FM) and free of lipids. soft tissue that is the “lean mass” (LM) (78).
It is important to point out that since there are only specific attenuation factors for
bone and fat, the DXA technique measures two compartments (bone mass and fat

mass) and estimates the third (lean mass) (79).

Despite not obtaining many direct measurements, technological
improvements and software make it possible to estimate several variables such as
the fat mass index (FMI), android/gynoid index (GA) and lipodystrophy indices (%
trunk/leg fat, trunk mass/limb fat ratio) or estimation of visceral adipose tissue (79).
The main advantage of this technique is that it allows us to know the BC of the whole
body with little exposure to radiation (figure 1). In addition, said information on body
composition can be obtained globally (whole body) or segmentally (arms, legs and

trunk separately).

DXA is considered a precise technique and has a fast acquisition time (66).
However, a special space is needed for the device and trained personnel, as well
as exposure to X-ray radiation (even at low doses (1-7 uSv), equivalent to 1-10% of
a chest X-ray, should be taken into account (80). Another important limitation is due
to its two-dimensional characteristic: DXA does not provide measurements on the
distribution of adipose tissue at the abdominal level (only VAT or SAT estimates)
nor on the state of hydration or quality of the tissue (81,82). The accuracy of DXA
to measure BC depends on correct image preparation, which is crucial to keep the
biological variability of LM and FM measurements as low as possible (79). In
addition, as the thickness of a tissue increases, it loses accuracy, especially with
thicknesses greater than 4 cm, therefore it is not a reference technique in cases of

severe obesity (82,83). Furthermore, DXA cannot be performed on individuals with
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more than 160 kilograms of total body weight. Despite its significant limitations,
evidenced by comparison with new methods of BC assessment, DXA is still
considered a reference method (requested for validation of most of the methods for

BC assessment) and incorporated in practical guidelines (38,47).

Figure 5. DXA image body attenuation and android/gynoid measure. Image: UC Davis
Health, DXA body composition analysis, 2023.
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1.3.3. Bioimpedance analysis (BIA).

Bioelectrical impedance (Bl) or bioimpendace analysis (BIA), is a simple,
non-invasive, quick and not expensive method that estimates the BC by measuring

the resistance to a low-power alternating current through the body (84).

There are two main methods of bioimpedance analysis (BIA): conventional
(measured in kg or %) derived from estimated equations; and vectorial (Bioelectrical
Impedance Vector Analysis or BIVA) which evaluates the tissues according to the
electrical raw results. Main raw results are the resistance (R) which correlates
negatively with body water content, and reactance (Xc) which is related to the

capacitance of the cellular membrane (85-87).

BIA quantifies mass by transforming electrical information through predictive
equations (including the age, ethnicity, weight and the height of the subject (88) and
estimates BC as bicompartmental model: fat free mass (FFM) and fat mass (FM)
in kilograms and percentage (89). Specific equations have been validated for
different ethnic groups (89). BIA also allows estimation of body hydration measuring
total body water (TBW), extracellular water (ECW) and intracellular water (ICW)
(85).

There are mainly two types of conventional BIA related to the electric
frequency used: a) mono or single frequency BIA (SF-BIA) of 50Hz or b)
multifrequency (MF-BIA). The application of more than one frequency or multi
frequency BIA (MF-BIA), permits the assessment of the same variables as in the
SF-BIA but with a higher level of precision since the high frequencies cross the cell

membrane optimising the information of the intra and extracellular liquid.

The main limitation of conventional BIA in general, is that the equations
usually assume a constant hydration of 73% of FFM, which will cause important
limitations in the accuracy of the measurement in conditions such as critically ill or

surgical patients, heart or kidney failure, among others (42,83,90).
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The fact that the classical BIA uses algorithms based on predictive equations
represents a significant limitation that can be overcome by using Bioelectrical
Impedance Vector Analysis or BIVA. BIVA analyses raw bioelectrical data
(resistance and reactance), normalised by height and plotted as bivariate in an easy
graph interpretation, providing a semiquantitative evaluation of body mass cell
(BMC) and body water (TBW) (Figure BIVA) (84,88,91-93). Since BIVA does not
use weight, it allows the assessment of fluid pattern distribution especially useful in
clinical situations that implies oedema or high-water content Figure (BIVA). (90,94).
In the BIVA graphic representation vector moves along the minor axis of the ellipse

according to the cell mass and moving to the right side if the cell mass is less(92).

Figure 6. Interpretation of BIVA graph. Resistance (R) and reactance (Xc) were normalized

by the height (H, meter) Image: adapted from Piccoli and Pastore, 2002.
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The raw BIA variable of the phase angle (a tangent of resistance to
reactance), it is considered as an important marker of the integrity of body tissues
and predictor of health cells (95). Phase angle has gained importance due to its

strong correlation with the nutritional and health status and prognostic value,

associated with muscle mass and function (87,95,96). Probably the phase angle
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should be included in the future guidelines due to its high prognostic value as a

parameter in the core values of surgical risk and mortality (60,97-99).

1.3.4. Ultrasound (US)

Ultrasound (US) is a non-invasive, simple, portable, reproducible and largely
available tool, that can have been recently shown to be useful for the assessment

of BC (both quantity and quality of muscle mass and adipose tissue).

Muscle mass can be estimated based on data from several accessible
skeletal muscle groups (100). Several skeletal muscle groups have been studied
with US, and most of them showed a strong correlation with total muscle mass
measured by reference methods such as DXA (R value 0.7-0.9) (100,101).
Quadriceps femoris is the most evaluated muscle group, especially the rectus
femoris (100,102). Based on these recent data, the SARCUS consensus (100)
includes recommendations on the mandatory quantitative parameters that muscle
US evaluation should include in general: muscle thickness (cm), pennation angle,
fascicle length (cm), echo-intensity and cross-sectional area of the muscle (cm2).
Additionally, other measurements can be considered, such as: muscle volume,
muscle microcirculation, muscle contraction and muscle stiffness (100). Moreover,
to avoid changes in reliability, it is recommended to use the mean value of two or

three measurements (100).

US is also useful for assessment of different AT compartments:
subcutaneous, preperitoneal (PAT) or visceral tissue. These measures are usually
taken on a central abdominal image (figure 1). PAT shows a direct correlation with
other visceral deposits such as intrahepatic fat or renal fat (103) and after further

validation could represent a simple method to evaluate VAT.
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Figure 7. Ultrasound transverse section. (1A, 1B) Rectus femoris measures. Image and
scheme of the anatomical structures. (1C, 1D) Abdominal area. Image and scheme of the anatomical

structures.
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The US image is recorded on a grey scale, ranging from 0= black to 255=
white, depending on the echogenicity of the image. Currently, it can be quantified
by identifying the area of interest using manual tools such as Photoshop or Image J
(Figure 3) (104). Healthy muscle tissue tends to be echolucent (dark), interspersed
with small, bright and curved echoes that represent epi- and perimysium (105). The
appearance of greater hyperechogenicity and increased whiteness indicates an

increase in fat infiltration (104,105).
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Figure 8. Ultrasound rectus femoris qualitative analysis using Photoshop CC 2020. Image

and grayscale histogram.

Histogram

Channel:  RGE

Furthermore, at present there is no standardised protocol nor clear cut-off
points for different populations and clinical situations (82,83). In an attempt to
standardise the US method, recent consensus guidelines have been published to

further improve reproducibility and validity for the BC assessment by US (100).

Besides those inherent to the technique itself, related to the device and the
experience of the explorer (13), we consider the lack of standardisation as the main
current limitation of these techniques. In Spain, the Spanish Society of
Endocrinology and Nutrition (SEEN) has established a measurement protocol for
the lower third of the rectus femoris and the midpoint of the abdomen, which is
currently widely used nationwide (105)Nevertheless, the US has a significant
potential to become one of the most used techniques for BC assessment in the next
few years, due to the simplicity and reproducibility which is stimulating growing

interest in research and future studies.
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1.3.5. Computed tomography (CT)

Computed tomography is a multi-compartmental method that provides an
accurate quantitative and qualitative assessment as well as segmentation of
adipose tissue (SAT, VAT) and skeletal muscle (Figure 9). Currently, computed
tomography (CT) and magnetic resonance imaging (MRI) (explained further) are the

most accurate methods available for the analysis of BC (106,107).

CT analysis of BC can be performed with a single or various slices of the
same vertebra. Currently, the L3 vertebrae has shown more accurate results and
with good correlations with BC assessed by whole-body MRI (108,109). However,
CT BC has been evaluated at different vertebrae levels as T4, C3, and L3 (110-
115).

The CT obtains the images in spiral and through multiple slices, therefore
permits to collect volumetric information from the human body, even to complete
reconstruction of internal organs if needed (116), allowing a more precise
assessment of the BC evaluation. Regardless, the explored body region (T4, C3,
L3, etc) the areas of interest are usually measured in cm? and in most studies
adjusted by height and expressed also in cm?/m? (38,109,117,118).

Furthermore, images obtained from the CT are presented on a computer
screen with grayscale values, corresponding to Hounsfield units (HU). Recently, the
HU parameter was incorporated in the BC assessment which allowed us to
differentiate between tissue types (119). The reference ranges of these tissues may
vary depending on the study, but in general, adipose tissue presents negative HU
ranging from (-190 to -30) for subcutaneous and intramuscular adipose tissue and
(-50 to -150) for visceral tissue, and (-29 to 150) HU for skeletal muscle mass
(83,119,120). Furthermore, the use of HU permits to assess the amount of fat within
the muscle mass (myoesteatosis), providing an accurate qualitative evaluation, not
only quantitative. This concept has gained interest and the quantification of muscle
quality measured by HU has shown a high prognostic correlation in cancer or
hepatic disease, even when the correlations with the muscle mass (measured in

cm?) were not significant (119,121,122).
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Figure 9. CT segmentation of BC in a slice at the L3 level analysed with the semi-automatic
software FocusedOn BC. A. Information on quantitative segmentation. B. Qualitative evaluation of

muscle mass.
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Until recently, the assessment of the BC through CT image was performed
by manual outlining of the area of interest causing the analysis to be subjected to
inter-reader variability and time-consuming (107). Current software and computer-
assisted diagnostic tools categorised as manual and semi-automatic, make analysis
easier and reduce time expended (123) and provide a complete BC segmentation
at “a glance” (23,119,124,125).

However, the BC assessment by CT imaging has at present some limitations
such as high doses of radiation, expensive devices that require special place and
trained personnel limiting its indication at larger scale in the daily clinical practice
(78,82). In recent years, technological advances are helping to overcome these
limitations. For instance, some centres are starting to perform a single CT slice for

the BC assessment only, making this technique easier, cheaper, less exposure to
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radiation and less time-consuming (60). However, its large applicability is still limited
at large scale. Currently, significant data can be obtained in an “opportunistic
manner” in those pathologies where CT-scan is indicated as per protocol in the daily
clinical practice, such as cancer, abdominal pathology, surgical complications,
critically ill patients, where BC assessment is also of high interest for a proper

personalised approach and management (107,126).
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1.3.6. Magnetic resonance imaging (MRI).

At present, body-MRI is one of the most accurate methods for BC
assessment (78,82). The image acquisition depends on the application of a pulse
of radiofrequency, leading to energy absorption by the hydrogen protons and
release energy which is detected by a receptor used to create the whole body or
regional images (127). The difference between tissues and organs is related to the
tissue specific magnetic resonance properties (82). BC based on MRI uses the
different magnetic properties of the nuclei of certain chemical elements (usually
hydrogen in water and fat), and the resonance chemical phase shifts between fat
and water to calculate images of only fat and water from a single acquisition (128).
The fundamental principles on which the quantitative determination is based using
the technique of "fat and water images" or Dixon method, is based on the fact that
the different magnetic resonance frequencies of the protons in the fat and the water
are used to separate the two signals into a fat image and a water image, allowing a
first approximation of BC separating these two compartments very precisely (Figure
6) (51,128). Common MRI-based body composition metrics are visceral adipose
tissue (VAT) volume, abdominal subcutaneous adipose tissue (ASAT) volume, thigh
muscle volume, thigh muscle fat infiltration (MFI), and liver fat (51). Taking these
measurements allows a profiling of the patient's BC and metabolic risk. There are
some tools that facilitate this process, such as the AMRA Profiler (AMRA Medical
AB, Linkdping, Sweden), which is the tool for BC profiling that was used in the
validation studies of fat-referenced MRI (51,60,128).
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Figure 10. MRI. Fat and water image (Dixon method). Segmentation of abdominal
subcutaneous AT (ASAT), visceral (VAT) and muscle groups from fat water separated. To the left is
the fat image with ASAT (blue) and VAT (red). To the right is the water image with the different
muscle groups coloured. Image: Nayak et al., Body composition profiling at 0.565T: Feasibility and
precision, 2023.

A feasibility and precision study in a patient with obesity is needed to
elucidate the value of low field wide bore MRI as a tool in body composition profiling
in patients with obesity and bariatric patient populations (128).

As in the case of CT-scan, the most frequently used is the L3 vertebrae level,
for quantitative analysis of body composition is still in a single slice, mainly in L3
vertebrae level, as in the case of the CT-scan. The advantage compared with the
CT is that it provides similar information but without emitting radiation. However, the
main limitations are that it is time consuming, requires breath-holding for a few
seconds, limited by claustrophobia and tolerance to noise, and expensiveness. MRI
is a technique with more limited indications in daily clinical practice, therefore is less
likely to take advantage of the MRI images performed as part of clinical protocols in
several pathologies. These limitations make MRI less attractive than CT-scan

despite its accuracy.

34



1.3.7. Comparison and short of BC methods

All the currently available methods are summarised in Table 4.

Table 4. Comparison and short of body composition methods.

Technique PROS CONS
- Low cost or inexpensive. - Low accuracy and low sensitivity.
- Safe - No quality evaluation
Anthropometry - Portable - Results are highly dependent on operators.
- High accessibility
- Low cost. - BIA: use regression equations (indirect
- Safe method) and low accuracy for BC measures.
- Fast. - BIA: need specific and constant conditions for
- Portable reproducibility
BRI - High accessibility. - Limited applicability when BMI>35 kg/m2.
- Useful for longitudinal comparison
- Useful for fluid status using BIVA
- Quality evaluation (phase angle, BIVA).
- Low cost. - Lack of standardised protocol or cut off.
- Safe - Requires specific technical skills and operator
- Portable experience.
- Real time visualisation. - Results (reliability and accuracy) dependent on
us - High accessibility operators.
- Useful for longitudinal comparison - No raw imagen.
- Quality evaluation (grey scale) - Quality evaluation is limited by edema or
severe obesity.
- Quality evaluation high acquisition time
- Safe for repeat measures (low radiation - Use of radiation (low dose).
exposure). - High cost.
- Good accuracy. - Requires specific technical skills and operator
- Simultaneous measurement of whole- experience.
body fat mass and bone mass. - Inability to quantify adipose compartments (no
DXA - Regional and whole-body measurements differentiation between subcutaneous and
- Reference method so far for most of the visceral fat).
studies - Measurements are influenced by thickness
(lost accuracy in obesity) or alterations in the
fluid status.
- No quality evaluation
- High quantitative and qualitative accuracy - Radiation exposure
- Standardised quality assessment - High cost
- Differentiate = abdominal  adipose - Requires technical skill for image analysis (use
CT compartments of software for BC measure) or payment
- No influenced by high level of adipose software.
tissue - Absence of normal cut-off
- Indicated as per protocol in many
pathologies “
- Safe - Expensive.
- High accuracy - Long imagen acquisition time
- High image resolution - Uncomfortable
MRI - Differentiate adipose compartments - Requires technical skill for image analysis (use
- Quality evaluation of software for BC measure) or payment
- No influenced by high level of adipose software.
tissue

FM: fat mass;, FFM: fat free mass; BIA: bioimpedance analysis; BIVA: bioimpedance vectorial

analysis, BMI: body mass index; US: ultrasound; DXA: Dual-Energy X-ray Absorptiometry; CT:

computed tomography; MRI: Magnetic resonance imaging; BC: body composition.
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1.4.Energy expenditure

1.4.1. Definition and clinical relevance.

Energy and weight homeostasis need a balance between energy intake and
energy expenditure. Total energy expenditure (TEE) is defined as the amount of
heat energy used by the human body daily functioning. TEE can be divided into
three main components: basal or resting energy expenditure (BEE or REE), diet-
induced thermogenesis (DIT) and activity (AEE). The main component of TEE is
REE and refers to the energy needed to sustain vital functions at rest in absence of

recent food intake, physical activity and psychological stress. (129-131).

REE is influenced by multiple factors such as age, gender, weight, height and body
composition (129,132).
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Figure 11. Three main components of total energy expenditure (TEE): basal or resting

energy expenditure (BEE or REE), diet-induced thermogenesis (DIT) and activity (AEE). Some of

the main variables that affect each section are broken down. Image: M.J.Soares, M.J. Muller, Resting

energy expenditure and body composition: critical aspects for clinical nutrition, 2018.
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REE is especially variable in disease people according to level of injury,

severity and duration of the disease, nutritional status, lean body mass among

others (133). Optimal nutrition support, defined as energy prescription based on

measured REE, has been associated with better clinical outcomes (133). To achieve

the highest quality of patient care, we should strive for patient-specific nutrition

support regimens, to avoid complications associated with under- or over-feeding

(130). For this reason, most of the latest ESPEN guidelines recommend measuring

energy expenditure by indirect calorimetry whenever it is available (134—138).
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1.4.2. Methods to estimate REE

1.4.2.1.

Predictive equations

Due to the limited access to equipment that measures REE, predictive

equations have been developed like a simple method to estimate REE using readily

variables known to affect metabolism such as gender, weight, height or age without

the need to use specialised equipment and appliances (129,130).

Predictive equations are derived according to a specific patient population

and different clinical situations as hospitalised, critical or patients with obesity, with

the aim of optimising their accuracy. They represent an accessible, simple and

inexpensive method but with low correlation with reference techniques (IC) (around

60%), even when BC parameters are included in the algorithm (139).

Table 5. Description of some of the most commonly used predictive equations in clinical

practice.
Equation Factors used for Use of Formula
calculation gender
Harris- Benedict | Biological Sex, WT (kg), | Yes M: 13-75 x WT + 5-00 x HT - 6-75 x age + 66-47
(1919) (140) HT (cm), age (year) F:9-56 x WT + 1-85 x HT - 0-67 x age + 655-09
Mifflin — St Jeor | Biological Sex, WT (kg), | Yes M: 9-99 x WT +6-25 x HT -5 xage + 5
(1990) (141) HT (cm), age (year) F:9-99 x WT + 6-25 x HT - 5 x age — 161
Ireton - Jones | Biological Sex, WT (kg), | Yes 629 - (11 x age) + (25 x WT) — (609 x 1 if obesity;
(2022) (142) age (year), BMI x 0 if normal BMI)
(obesity)
25 kcal/kg (ESPEN) | WT (kg) No 25x WT
(143)
30 kcal/kg (ESPEN) | WT (kg) NO 30 x WT
(143)
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1.4.2.2. Empiric calculations

One of the alternatives recommended by clinical nutrition guidelines is the
empirical use of weight by a correction factor according to the state of the disease,
which usually ranges from 25 kcal to 40 kcal per kg of weight per day (Table 6).
This option, although widely used in daily practice due to its simplicity, has a low

correlation with the real requirements of patients.

Table 6. Short of the last ESPEN guidelines on the calculation of energy requirements and

their contributions.

EG on chronic intestinal failure in adults X 1.4 times the resting
(2023)(144) energy expenditure (REE)
or about 30 kcal/kg/d

EG on nutritional support for polymorbid N 25-30 kcal/kg/dia
medical inpatients (2023)(145)

EG on Clinical Nutrition in inflammatory N 30-35 kcal/kg/dia
bowel disease (2023)(146)

EG on obesity care in patients with N 25 (reference body weight)
gastrointestinal and liver diseases e Joint
ESPEN/UEG guideline (2022)(147)

EG on hospital nutrition (2021)(143) x 25-35 kcal/kg/dia

EG on clinical nutrition in hospitalized N 30-35 kcal/kg/dia

patients with acute or chronic kidney disease

(2021)(137)

EG clinical nutrition in acute and chronic x 1.49 (1.08-1.78) the

pancreatitis (2020)(136) predicted resting energy
expenditure

EG on clinical nutrition in liver disease N 32 kcal/kg/dia

(2019)(148)

EG clinical nutrition in neurology (2018)(149) N 25-30 kcal/kg/dia

EG Clinical nutrition in surgery (2017)(150) J 25-30 kcal/kg/dia

EG on nutrition in cancer patients N 25-30 kcal/kg/dia

(2017)(151)
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1.4.2.3. BIA estimations.

BIA has recently emerged as an easily accessible tool for the BC assessment
in clinical practice due to its simplicity, portability and low cost. Although this
technique does not directly measure REE, some advanced BIA devices include
algorithms that estimate the REE using variables such as age, biological sex, and
BC, with higher accuracy when compared with the mathematical equations (152).

Generally, each device uses its own equation, and these are not usually published.

1.4.3. Methods to measure REE
1.4.3.1. Direct calorimetry.

Direct calorimetry measures body heat produced during metabolic processes
to quantify total energy expenditure (TEE). It is done in a thermally sealed chamber,
maintaining a complete resting state (133). Conditions are unrealistic for clinical use
and availability very limited for clinical measure. Although highly accurate is an

expensive method that requires technical expertise and more specific devices (131).
1.4.3.2. Indirect calorimetry.

Carbon-based nutrients are converted into CO2, H20 and heat in the
presence of oxygen. Energy expended can be calculated by measuring the amount
of oxygen used (VO2) and carbon dioxide released (VCO2) using Weir's equation,
a controlled environment (130,153). In spontaneous breathing subjects, a ventilated
canopy hood is usually used to collect the inspired and expired gas (129). Air leaks
of respiratory gases alter the accuracy of the measurement and should be avoided
(133). It should be noted that if it is performed in a resting state, IC will allow the
measurement of REE, not TEE. IC is considered the gold standard for REE measure
(133,154).

Measurements must be conducted with strict adherence to resting conditions
for accurate results (154). Should be performed in a quiet environment, under

‘resting conditions" (resting 10-15 min before starting the test), fasting at least 5
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hours before the test, avoid exercise for at least 4 h and avoid nicotine, caffeine,
and stimulatory nutritional supplements for at least 4 h before the calorimetric
assessment (129,130).

Respiratory Quotient (RQ) is the relation of VCO2 and VO2 (RQ=V0O2/VO2)
and reflects the composition of oxidised substrates (129,130,155). The RQ within
the physiologic range of 0.67-1.3 validates the IC measurements. Moreover, a valid
test requires a “steady state” period of gas exchange defined by a 5-min interval
during which VO2 and VCO2 vary by <10% (131). REE can also measure in
hospitalised patients receiving continuous feeding, because the metabolic rate
change from continuous feeding (DIT) is minimal (129) RQ is helpful to tailor

the prescription of the nutrition regimen.

Conventionally, IC has been underused, mostly due to costs, shortage of personnel,
and lack of education or training. With recent advances in technology, indirect
calorimeters are easier to operate and more portable (156) but a number of factors
could change measured REE and act as a potential error and still need an important

quantity of time for each test.
1.4.3.3. Other methods

Doubly labelled water (DLW). Water containing non-radioactive isotope
labelled hydrogen and oxygen atoms is given orally, after a baseline body
liquids evaluation. This evaluation is repeated after 7-12 days to calculate
the variations and then energy expenditure can be estimated. This method
allows the calculation of EE, but the delay to obtain the results and the high

cost limits it uses in clinical practice. (133).

Fick method. Thermodilution method is used in this technique to measure the
O2 content in arterial and mixed venous blood from a pulmonary artery. VO2
can be calculated using the Fick equation, assuming a fixed RQ. Requires a
pulmonary artery catheter to measure the cardiac output, infrequent or not

very feasible situation, especially in non-critical patients (133)
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2. JUSTIFICATION OF THE STUDY

Currently, segmentation of two different tissues by CT is a technique
considered a reference for the study of BC. This determination has been validated
at the level of the third lumbar vertebra. However, questions such as the superiority

of choosing a specific point of the L3 or analysing several slices remain unanswered.

Obesity represents one of the population phenotypes with greatest technical
difficulty for the study of BC. In part, due to the presence of large amounts of adipose
tissue. There are no studies carried out in patients with severe obesity with CT. In
addition, the equations that serve to compare the results of CT with those obtained
by DXA (technique with cut-off points), were developed in patients with normal BMI

or overweight.

Muscle ultrasound is a technique with great advantages such as being
simple, accessible, low cost and can be performed at the bedside. However, as
limitations we find that its results are operator dependent, both for obtaining the
image and the results (measurements). Automation using Al or image analysis tools
has been shown to reduce human-dependent error. Today, there are tools to
measure muscle quality using ultrasound, but there are no automatic tools that

reduce interobserver variability.

The calculation of energy requirements is a fundamental aspect of the
nutritional treatment plan and a challenge given the current tools. The most
frequently used approach is that provided by predictive equations. Muscle mass
plays a significant role in energy requirements. Techniques such as bioimpedance
offer estimates based on calculations that include muscle mass quantification.
However, it is not always possible to perform or have a BIA and there are no other

body quantification methods that provide estimates of energy requirements.

This thesis offers three works that offer solutions to these different clinical

questions, until now unanswered.
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3. HYPOTHESIS

Techniques such as CT and ultrasound provide images that, when analysed
by software trained by Al models, are useful for the assessment of BC and REE.
Furthermore, the results obtained using these software tools, validated against
reference techniques, have surpassed the currently validated surrogates widely
used for the assessment of BC and REE.
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4. OBJECTIVES
4.1.Main objective

To validate the usefulness of assessing muscle mass at the third lumbar
vertebra in a Computed Tomography image, using semi-automatic software,

compared to the standard method (body composition densitometry).
4.2. Secondary objectives

To explore the usefulness of studying body composition using CT in patients
with severe obesity, and the impact of segmenting other tissues such as

intramuscular adipose tissue.

To evaluate the accuracy of the pre-existing equations (based on cm2

provided by CT images), to estimate in Kg the BC in PwO, by comparison with DXA.

To determine the clinical value of the mean Hounsfield Units obtained by

studying a lumbar CT section.
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5. COMPENDIUM OF PUBLICATIONS

5.1.Clarifications regarding the methodology

To carry out the projects that comprise the thesis, it was necessary to have
a tool that could segment abdominal CT images efficiently and reliably. As there
was no existing tool that met the desired characteristics, a collaboration with ARTIS
Development was initiated to develop the FocusedON® software tool. The
development and validation process of FocusedON® has undergone multiple

stages since then.

The initial phase took place between 2017 and 2019. During these early
stages of development, about 80 abdominal CT images from patients with various
pathologies were used. The images were manually segmented by two radiology
specialists using the Horos® program. Different tissues (visceral fat, subcutaneous
fat, and muscle tissue) were manually marked on a random cross-section at the L3
level, which allowed for training the first model included in FocusedON® for the
automatic segmentation of body composition in CT images. Some of the firstimages
were simultaneously marked by both radiologists (randomly) to confirm that inter-

observer differences were not significant.

The automatic segmentation performed by this first model included in
FocusedON® was far from perfect, as the number of images used to train the model
was very limited. However, ARTIS Development included a tool that allows for the
manual correction of the segmentation performed by the software easily and quickly.
Combining the initial approach of segmentation performed by the software, and the
ease of making manual corrections, it became possible to segment images much

more efficiently.

Thus, a tool was already available that could be used to conduct the studies,
providing precise and reliable results with less human effort. Additionally, ARTIS
Development also introduced into the software the ability to "learn" from manual
corrections made by the user. As new images are marked and manual corrections
are made, these corrections can be used to retrain the segmentation models
integrated into the software, enhancing their accuracy. In this way, by early 2024,
FocusedON® had been trained with over 3000 CTs.
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Figure 12. Processing and segmentation of a section at the level of the 3rd lumbar vertebra,

analyzed using FocusedON-BC software.

1-Load the CT DICOM file

2- Select the target series 1 5-Supenision ofthe neslth speciaist
I I

3- Select the image range

4- Automatic zegmentation

!

Machine vision process:

- Edge identification

- Texture identification

- Hounsfigld units (HU)

- Relstive position in the image

- Amount of tissue (em2 and %)
- Average radiological density (HU))

‘ Results obtained from the image:

Currently, the algorithm is capable of automatically and accurately identifying
and measuring the different components of body composition previously mentioned,
as well as intra/intermuscular fat, executing the tissue segmentation in just a few
seconds. The software imports the results into a PDF and Excel report for easier

data management (Figure 13).
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Figure 13. Model report generated by FocusedOn-BC software after TC segmentation
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Objective: a) To evaluate the accuracy of the pre-existing equations (based on
em? provided by CT images|, to estimate in kilograms (Kg) the body composition
(BC| in patients with obesity (PwO), by comparison with Dual-energy X-ray
absorptiometry (DXA). b) To evaluate the accuracy of a new approach (based on
both em2 and Hounsfield Unit parameters provided by CT images), using an
autornatic software and artificial intelligence to estimate the BC in PwO, by
comparison with DXA.

Methods: Single-centre cross-sectional study including consecutive PwO,
matched by gender with subjects with normal BML All the subjects undarwent
BC assessment by Dual-energy X-ray absorptiometry (DXA) and skeletal-CT at L3
vertebrae. CT images were processed using FocusedON-BC software. Three
different models were tested. Model 1 and 2. based on the already existing
equations, estimate the BC in Kg based on the tissue area [cm2) inthe CT images
Model 3, developed in this study, includes as additional variables, the tissue
percentage and its average Hounsfield unit.

Results: 70 subjects (46 PwO and 24 with normal BMI) were recruited. Significant
carrelations for BC were obtained between the three madels and DXA. Madel 3
showed the strongest correlation with DXA (r= 0926, C195% |0 835-09A8]
p<0.001) as well as the best agreement based on Bland — Altman plots.

Conclusion: This is the first study showing that the BC assessment based on
skeletal CT images anelyzed by automatic software coupled with artificial

01 frontiersin.org
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intelligence, is accurate in PwO, by comparison with DXA. Furthermore, we
propose a new equation that estimates both the tissue guantity and guality, that
showed higher accuracy compared with those currently used, both in PwO and
subjects with normal BMI.

HETWORDS

obesity, morbid obesity, body compaosition, computed tomography, dual-enecegy
X-ray absorptiometry

Introduction

Obesity is a chronic and relapsing disease which prevalence is
significanily increasing worldwide and its related comorbidities
suppose a high cost for healthcare system (1-3).

At present body mass index (BMI) remains a categorical
diagnostic criterion for obesity. Nevertheless, BMI has serious
limitations and do not provide information on the body
compaosition (BC) and the metabolic condition of the subjects (4).
Recently, efforts have focused to identify more specific prognostic
factors and biomarkers of obesity and its metabolic complications
(5-7). The American Association of Clinical Endocrinologists
(AACE) proposed a new definition for obesity: “adiposity-based
chronic disease (ABCD)", which has also adopted by the European
Society of Obesity (EASO) (8, 9). The concept “adiposity-based”
refers not only to the total quantity of body fat, but also to its
distribution and/or functionality (4, 10).

Furthermore, besides body fat, the musde mass has a very relevant
and complex role in the BC and body homeostasis and metabolic
condition (11-13). Sarcopenia, which is the loss of musce mass and
strength of physical function synergistically worsen the ad effects
of obesity (14). However, the study of BC is crocial for identifying
sarcopenia, especially in Pw0), where body volume can mask low
muscle mass if only anthropometric data is used for the clinical
assessment (13). Recently, the European Soclety for Clinical
Nutrition and Metabolism (ESPEN) and EASO have agreed a
definition and diagnostic criteria for sarcopenic obesity, a condition
in which sarcopenia and obesity coexists and leads to a cumulative risk
derived from the two clinical situations (15, 16). In addition to measure
the amount of adipose tissue or muscle mass. it is important to know its
distribution and proportion, given its significant role in pathologies
such as metabolic syndrome and associated complications (17-20).
However, methods to assess BC are not taken into consideration in the
daily dlinical practice in the obesity management due to the lack of
simple and reliable tests.

Dual-energy X-ray absorptiometry (DXA) has long been

considered a reference technique to assess BC and it is still a
reference method (14). It provides the mass of the different
tissues, measured in kilegrams. However, DXA does not provide
information on the distribution of adipose tissue at the abdominal
level (SAT or VAT) (21). Furthermore, in many clinics, accessibility
to DXA is limited and except for the assessment of bone density, it is
not a test that is performed in the usual dinical routine (22, 23],

Fromilers in Endocrinalogy

In this scenario, CT emerges as a technique widely used in
clinical practice that contains very precise information for assessing
BC (24-28), Regional analysis of fat and fat -free mass at the third
lumbar vertebra was shown to have a high correlation with total BC,
and provides significant additional information of tissue quality and
myosteatosis, based on the Hounsfield units (HU) (29-32). To
obtain the CT image, the emission of radiation is necessary
(approximately 10 mSv). Nonetheless, at present the assessment
of BC by means of a CT image is been largely used in clinical
research, especially in those pathologies in which the CT evaluation
is part of the protocol, such as some types of cancer or abdominal
pathologies (33).

Currently, BC asscssment by CT is obtained by manual or semi-
automatic marking seftware that provide an area parameter (cm?)
and average of Hounsfield Units of the of target tissue (34). The use
of this type of software requires trained staff able to manually
correct the images, therefore, the evaluation of these results is time
consuming and unfeasible in the current clinical practice at large
scale. However, emerging technologies, such as anificial intelligence
(Al), have promoted the development of new software tools able to
rapidly and precisely analyze the images obtained by CT resulting in
qualitative and quantitative information (24, 25, 27, 35). As far as
we know at present no such tool coupled with Al is used for the BC
assessment based on C1 scan Images in PwO.

The accuracy of the BC assessment by CT image was evaluated
by comparison with DXA, as the reference method (36, 37). For this
purpose, equations were developed (ie, those described by
Mourtzakis et al) (24) to convert the cm” information provided
by the CT-scan into Kg provided by DXA. It should be noted that
these eq lidated in subjects with mean BMI=27
kg/m®, mast of them with cancer and malnutrition, At present there
is no data regarding the accuracy of these equations in Pw(.
Furthermore, these equations were based only on the area

have been

parameter (cm”) provided by the CT-scan and did not take into
the account the HU.

On this basis, we designed the present study aimed to a)
evaluate the accuracy of the pre-existing equations (based on em’®
provided by CT images), to estimate in Kg the BC in PwO, by
comparison with Dual-energy X-ray absorptiometry (DXA). b)
evaluare the accuracy of a new approach (based on both cm® and
HU parameters provided by CT images), using an automatic
software and Al to estimate the BC in kg in PwO, by comparison
with DXA.

0z frantiersin.org
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Materials and methods

Patient selection

We perdormed a single-centre cross-sectional study including
consecutive patients with morbid obesity, matched by gender with
normal BMI subjects at Vall d 'Hebron University Hospital,
between April and September 2021, Control group was randomby
drawn from patients with DXA performed In our centre with
normal BMI (20-25 kga’m’).

The study was approved by the local Ethics Committee (PR
(AG)510/2021) and carried out in accordance with the Declaration
of Helsinki All the patients signed the informed consent form
before the participation in the study.

Inclusion criteria: a) age between 18 and 60 years b) morbid
obesity (BMI =40 kg/m® or BMI = 35 kg/m® with at least one
comorbidity related to obesity),

Exclusion criteria: a) any condition except obesity that can affect
the body composition, (ex. myopathy, neurodegenerative discase, renal,
liver and heart failure etc); b} any treatment that can affect the body
composition as per investigator criteria (px corticosteroids, growth
hormone, etc; ¢) unable to perform both DEXAand CT' scan; d)
antopometric data above the usual CT-scan machines (such as body
weight >205kg or the presence of an abdominal crcumference greater
than the ability to obtain an image in a cut {(>200cm corresponding to
CT-scan gauntry diameter, usually of 70cmi; ¢) metal plates or artifacts
that can affect the radiodensity measurements (Hounsfield Units).

Clinical data collection

All the subjects underwent within a maximum of 30 days from
the inclusion in the study: complete medical history,
anthropometric data (weight-kg, height-m), biochemical analysis,
body composition DXA and skeletal CT centered at L3 vertebrae.

BMI was calculated using the following formula: weight (kg)/
height® (m?).

DXA analysis

Body compaosition DXA was performed using GE Lunar
Prodigy dual-energy X-ray absorptiometry (DXA) scanner (GE
Healthcare, Madison, WI, USA} by a certified technician. The
software used for the total and regional body composition
estimation was Encore (GE Healtheare) version 15. Each region
was automatically analysed and then supervised by a Nuclear
Medicine Physician. The [ollowing variables were registered: fal
mass (Kg), fat free mass (Kg), appendicalar skeletal muscle mass

(Kg), appendicular skeletal muscle mass index (Kg/m?).

CT data extraction

Skeletal CT images focused at L3 vertebrae were oblained using
a multidetector computed tomography scanner {Aquilion Prime 5P,
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Canon Medical Systems, Japan), using the following technical
parameters: 135 kY (tube voltage), Imm 80 row (detector
configuration), tbe current modulation, and 0.8 sec/rotation
(gantry rotation). The following variables were registered: skeletal
muscle mass area or SMA (cm? and %), skeletal muscle mass index
or SMI (en*/m?), intramuscular adipose tissue area or IMAT (cm®
and %), intramuscular adipose tissue index or IIMAT (cm™/m?®),
area of visceral fat mass (VFA) (cm” and %), subcutancous fat (SFA)
(em? and %), visceral fat mass index (VFI) (em?/m?), and
subcutaneous fat (SF1j(em®/m?), and average Hounsfield Units
(HU) value per each segmented tissue.

The CT images centered at the third lumbar vertebra (L3) were
analysed using FocusedON-BC software. This software presents a
user-friendly interface and includes a semiautomatic labeling tool
that allows the user to modify the body mass segmentation
automatically carried out by the software. To determine skeletal
muscle and abdominal adipose tissue arca we analysed the cross-
sectional CT images at the third lumbar vertebra (L3) using
FocusedON-BC software. A total of 16 slices for each patient were
assessed. The muscles involved in the analysis were: psoas, erector
spinae, quadratus lumborum, wransversus abdominis, external and
internal obliques, and rectus abdominis muscles. Adipose tissue was
classified as subcutaneous, visceral, and infiltrating the muscles. All
aress were measured in em” and normalized for height. Tissue quality
was assessed based on its average Hounsfild Units (HU) value
Standard thresholds were employed as follows: -29 o 150 HU for
skeletal muscle, -190 to -30 for subcutanecus adipose tissue and -150
to 50 for visceral adipose tissue (32, 38).

Models used for the body
composition evaluation

The research works carried out so far have demonstrated the
good correlation between the muscle and fat rissues area, measured
in em?® at the L3 vertebral level, with the total amount of muscle and
body fat mass, measured in kg by DXA. Mourtzakis et al. (24) has
proposed a linear regression model, referred in this work as Model
1, which has also been used by Tewari et al. (39). However, these
research works have been carried out using a relatively short
number of patients with similar BMI values, and none of them
have included people living with morbid obesity, For these reasons,
the first goal of this work is to evaluate the suitability of Model 1 to
assess muscle mass for patients with a wider range of BMI values,
include people living with obesity.

Model I: This is the most widely used in clinical practice (24)
and estimates the fat mass (FM) and fat-free mass ([FEM) using the
area labelled as fat (visceral and subcutaneous) and musdle in a CT
slice at L3 vertebral level (measured in em?).

This model is described by Equation 1 (Mourtzekis etal. model)
(24):

FMjg) = 0,042+ FM_CT _L3(,z +11.2 (eq 1.a)
FFM{) =0.3- Muscle CT _ L3, +6.06 (eq 1.b)
03 frontersin.org
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Values of FM _ CT'_ L3,z and Muscle CT _ L3, tor each
patient are directly obtained from the FocusedON-BC software.
These values were used to estimate the FM and FFM in kilograms
using this model.

Model 2: This model has been generated to evaluate if Maodel 1
methodology is suitable to estimate muscle and fat mass in kg for
patients with different BMI values, including people living with
ohesity. Concretely, least squared method has been vsed to adjust
the linear regression model described in Model 1 (24) to better fit
our patient’s data, and hence, better results are expected. This model
is described by Equation 2:

FMyy = 0.058 - FM_CT_L3g,,) +7.35 (eq 2.)

FFMy = 0.27 ¢ Musele _ CT _L3 gy + 1331 (eq 2.b)

based on the present study, using FocusedDN software. The goal of
this approach is to provide a solution that can be used to precisely
estimate the body fat mass and fat free mass (in kg) based on the
data extracted from a CT scan with independence of the patient
BMI. This approach takes in consideration both the tissue area,
measured in percentage, and its average density, measured in HU.
These data are directly obtained from FocusedON-BC software.
This model is described by Equation 3:

HU kg
mf.o—ﬁrl =] (rm—a} (eq 3a)
FMjjg) = 0.D069 - W[:f:u +FAT|y) * Ppat +4.53 {eq 3.b)
FFM (kg) = Weight (kg) - FM (kg) (eq 3.0

First, this model considers the tissue density according to its HU
average value, as shown in Equation 3.a. This equation estimates the
tissue density in kilograms per cubic centimeter based on its
radindensity measured in HU. As FocusedON-BC provides the
average patient radiodensity (for the analyzed images), the patient
volume can be extrapolated based on this value and the patient
weight as Vi = Weight/ppey. Then, since FocusedON-BC
provides each tissue quantity measured in area percentage, we can
extrapolate to estimate the total tissue volume as Vi = Vigear -
Tissue percentage) /100. Finally, tissue mass messured in kilograms
can be estimated according to its density as Mo = Vi * Privsue-
Following this procedure for fat tissue we obtained FMy, =
. (Weight /ppy)  FAT(w,) - prar + n. I we replace the weight,
density and tissue percentage with our patient data and apply least
squared method to calculate m and n we obtain Equation 3.b. Since
we already know patients’ weight and we are estimating the amount
offat mas in kilograms, we can directly know the amount of fat free
mass as the difference (Fquation 1.c).
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Statistical analyses

Statistical analysis was performed using Python 3.8, Continuous
variables are presented as mean + standard deviation (SD) for
normal distributed variables and median + interquartile range
(IQR) for non-normal distributed variables. Categorical variables
are presented using percentages. Statistical significance was
sccepted at p<0.05. Quanti Quanti Plot (QQ) has been used to
assess the normal distribution of the dataset. The correlation
between anzlysed methods and the DXA was assessed using
linear correlation coefficient (Pearson). Bland-Alunan plots were
used to estimate agreement between analysed methods and DXA
Additionally, simplified error grid plots have been also used ro
assess the error obtained in the estimations. The error (<10%, 10-
20% or >25%) was measured as the difference between the estimated
value and the reference value provided by DXA.

Sample size calenlation: At present there is no data regarding
the use of equations based on CT-scan images for the BC
assessment in PwQ therefore we were not able to calculate a
sample size based on this population. Nevertheless, we tock into
the account the previous data reported by Mourtzakis (24) for
estimating the whole-body fat mass of the subject, measured in kg,
based on the fat area quantified in a CT scan image at L3 in cm” was
also useful for subjects with a wider range of BMI values, including
patients living with obesity. This study obtained the next correlation
maodel using 51 subjects (oncological patients reported by the study
with an BMI = 269 + 6.2 kg/m’);

FMwhole body (kg) = 0.042
11.2-r =0.88,p < 0.001

FML3 (en2) +

Due to the high correlation obtained, and the fact that it has
been further validated in other studies (Tewari et al. (3¢)), we
assume that 51 patients should be enough to carry out this pronf of
concept. However, as we pretended to test the model for subjects
with a wider range of BMI values (higher variability], we increased
the sample size by 35%, resulting a sample size of 51 x1.35 =
68.85 patients.

Furthermore, we carried out the next calculation (based on
Cohen equation) 1o verify that the sample-size is correct for our

goal:
N =22 8242

N is the sample size; - Z is the critical value of the standard normal
distribution at the 5% significance level (1.96}; - §% is the estimated
standard deviation of the estimating variable (284 cm? of fat tissue
measured at L3); - d is the desired precision in the outcome variable
(whele-body fat mass measured in kg). Based on this equation, If we
expect a precision of 4 kg (d=4), the obtained N value would be also
68 subjects We included in our study 70 subjects.

04 frontiersin.org
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Results

A total of 70 subjects were included in this study: 46 PwD and
24 with normal BML The baseline characterictice are shown in
Table 1. The BMI of all the subjects, both PwQ and normal BMI
showed a normal distribution as reflected in the QQ plot displayed
in Figure 1.

The correlations and agreement between the reference method,
DXA, with the three models that were created for the study are
displayed in Table 2. Multiple conclusions can be drawn from
these results.

First, the correlation and agreement obtained with each
model when using only 1 CT slice is very close to the one
obtained when using 16 slices. This suggests that a single slice
may be representative enough for the BC assessment based on CT
scan images,

Secondly, it can also be observed that all models present high
eorrelation valoes (higher than 0.75 in all the tests), being
FocusedON Model the one providing the highest correlation
(0.93). It should be noted that a high correlation value does not
necessarily imply a good agreement between the reference method,
DXA, and the tested model. In this regard, Figures 2, 5 graphically
show a scatter plot with the trendlines, correlation values and
confidence intervals corresponding to each model In Figure 2,
where points correspending to Model 1 and Model 2 are

10.3389/fond o 2023 1161116

considerably far from the tendency, reflects that these two models
based on currently used equations, present bad agreement with
respect to DXA in PwO. Figare 3, that corresponds to FocusedON
Model, the points are closer to the trendline, showing that the newly
proposed model presents a good agreement with respect to DXA.

Furthermore, for a better accuracy, data was confirmed by two
additional statistical analyses (agreement Bland-Adman plots-
Figure 4 and error grid-Tigure 5). In both analysis, FocusedON
Model still presented the best agreement with DXA in comparison
with Model 1 and Model 2. The numerical values corresponding 1o
these plots are also summarized in Table 2,

Discussion

This is the first study showing that the BC assessment based on
skeletal CT images analyzed by automatic software coupled with
artificial intelligence, is accurate in PwO, by comparison with DXA.
Furthermore, we propose a new equation that estimates bath the
tissue quantity and quality, that showed higher accuracy compared
with those currently used, both in PwO and subjects with
normal BML

At present, the model most widely used in the dinical practice
was developed by Mourtzakis et al. (24). This model estimates the
FM and FFM using the area labelled as fat (visceral and

TABLE 1 Demographic end clinical characteristics of the subjects included in the study.

Patients with MO Control group p- value
40 24
Gender, females, %(n) 549 (41) FU{32) 38 (9) 002
Age (years), meimn (5D) 4737+ 128 4317 £ 1035 5542 + 1337 <0001
Weight (kgh, mean (ST} 101 41 + 2378 11437 + 14,99 7657 +175 (1000a7
BMI (kg/m™), mean (3D) 17634052 43.56 & 450 2637 £ 486 000007
HMIE hady mass index; S0, standard desvistion
Probasiliy Plo:
=
£
B
]
g k)
a

FIGURE 1
Bedy mas indax Cuanti Guants Plot
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TABLE 2 Correlation and agreement between the different models with DXA.

Fat Mass
Error (ka)
Mean [ Pearson
1 slive Model | 075 -17.08 =276 11.56 091 -2231 -603 1025
Model 2 075 -111 326 17.62 091 -18.56 448 9.59
FocusedON model == 577 242 1161 093 -11.61 -242 6.7
16 slices Model 1 07s -16.93 -276 114 050 <1238 -607 1023
Model 2 0.76 .76 354 184 .90 -18.46 438 0.6
TocusedON model - 6.9 233 1136 0.93 1138 20 &9

- indicates that the fat free mass has not been directly estimated by the Focused{¥N madel. and so. the Pearson coefficient has not been caleulated Instead. the fat free mass has been calaulated as
the differeace between patient weight and the fat mass estimated by the FocusedON model.

A B
£ = 0756, CHI5%) = [ 508, D 830, £ = 205 r=0a05, CHE5%) = (179, 0058], p = 1e09
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FIGURE 2
Correfation betwesn DXA and CT in FEM {A) and sing the correspanding tesie area in cm2:as TAC Metric Blus
ard b Model 2% Red cros tr with norrral BMI 2nd green dots hpects obesity
A B
= 0.916, CI95%) = [0.830, 0.972], p = 9e-11 r = 0.926, Cl{95% = [0.535, 0.968]. p = 9e-11
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FIGURE 3

Correfation between the FFM (A) and FM (B) values measured DXA and using the focusedON madel by TC. Red crosses represent the subjects with
normal welght and green dois the subjects with chesity
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subcutancous) and muscle in a CT slice at L3 vertebral level
(measured in em?). These authors evaluated 51 patients diagnosed
of lung or colorectal cancer with a BMI of 26.9 + 6.2 kgim™ and
obtained a high correlation with DXA, r=0.88 (MRE 3.49 + 2.31 kg,
p<0.001) for FM and r=094 (MEE 523 + 354 kg, p<0.001) for
FFM. Few years later Tewari et al. (39) validated the results using
the same model, based on 47 patients with esophagogastric cancer
with a mean BMI 27.65 + 5.31 kgjml. They obtained a correlation
with DXA of 0.66 (IC 9.451-0.9.964, p=0.0001) for FM and 0.76 (IC
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95% -0.8621 — 0.8325, p<0.0001) for FFM. It should be noted that,
to the best of our knowledge, most of the studies using this model
have been performed in the oncological setting or in critical care
units bul not in patients with obesity (40-42).

We tested the model proposed by Mourtzakis (24), defined as
Maodel |, and an adjusted version defined as Model 2 (see
Methodology). Eland-Altman plots showed that both models had
low agrecment with DXA. Both models underestimate the FM for
the subjects with obesity and overestimate it in the subjects with
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normal BML In the case of Model 2 the errors were lower but still  attenuation coefficient of radiation within a tissue is used during
they remained significant. These findings suppest that these 2 CT reconstruction to produce a grayscale image (43). The
models, based only in the tissue area, measured in cm®, cannot be absorption of X- ray is proportional to the density of the tissue.
generalized for a wide range of BMTs to accurately estimate body — The use of HU allows to evaluate the tissue quality and estimate its
FM and FFM in kg Additionally, these models are less precise for  density. In this study we have created a new model that considers,
subjects with obesity. for the first time, hoth the percentages of adipose and muscle tissue

The CT image also provides the HU of the tissues. The HU isa  and their average HU, instead of just each tissue area in cm’ as in
quantitative measurement of radio density. The sbsorption/  the models used so far in the literature. This new model (Model 3 -
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FocusedON Model] has provided results that are more accurate and
the data was confirmed by three different statistical analysis
methods, The correlation between Model 3 and DXA was the
strongest. It also showed better agreement with DXA based on
Bland-Atman plots, also without under or overestimating the FM
and FFM in any of the two groups.

This study proposes a new model, FocusedON model, for
estimating body composition based on CT data in PwO and
normal BMIL This new model has demonstrated to be superior in
accuracy to those presented in previous studies, which only take
into the account the quantity of tissue measured in cn’. Our model
uses parameters of tissue quantity (%) and quality (HU) to create
more accurate equations. These findings underlie the importance of
revisiting the traditional equations and models where they only
used CT measurements expressed in cm™.

In addition, it should be noted that the cut-off points commonly
used today for the diagnosis of sarcopenia have been developed in
oncological population groups, with a small sample size that did not
significantly include the overweight or people living with obesity.
We have shown in our study that these models are not optimal for
the assessment of Pw0, so the present cut-off levels should be
revaluated. Another novelty resulted from our study is that we
propose a simplified method using single-slide CTscan image.
Previous study recommends that multiple slices should be
analyzed (#4). In our study, using multiple slices in the analysis
of BC was not significantly superior to use a single slice for the CT-
scan image.

Nevertheless, our study has some limitations: First, patient’s
weight limit: The method cannot be applied in subjects with severe
obesity that cannot underge CT-scan, such as weight > 200 kg.
However, these patients represent<3% of the PwO. Small sample
size, it should be noted that we performed a proof-of-concept study
with a strong agrecment between the model and the reference method.
We consider that this apparent limitation has no significant influence
on the results of the study due 10 several arguments: a)the sample size
of our study is higher (70 subjects) than the study published by
Mourtzakis et al. (24) (51 subjects) as previousty explained, which is
the currently used model to estimate BC based on CT-scan; b) the
proposed model includes not only quantitative but also qualitative
variables, allowing a better approximation o the dinical and metabolic
reality of the patients. Actually, the combination of these variables will
be used in future studies with a larger sample size to produce more
complex and precise models (Le., using non-linear machine
learning methods.

In summary, in this proof-of-concept study we demonstrated for
the first time that the equations currently nsed for BC assessment
based on CT images are not accurate in PwO. Additionally, we
proposed a new simplified model, based on single-slice approach of
CT-scan image, incuding both quantitative and qualitative data of
BC, that showed better results than the ones being widely used at
present in the clinical practice. Further studies are needed to validate
and refine this new methodology, which could open a new avenue in
the study and management of obesity, by accurately assess the BC “at
a glance” with simple and automatic methods,
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Body composition assessment
with ultrasound muscle
measurement: optimization
through the use of
semi-automated tools in
colorectal cancer

Fiorella Palmas"?*, Fernanda Mucarzel*, Marta Ricart’,
Amador Lluch?, Alba Zabalegui', Jose Melian®, Raul Guerra®,
Aitor Rodriguez®, Nuria Roson®, Andreea Ciudin*?*® and
Rosa Burgos'??

Colorectal cancer (CRC) is a disease with a high prevalence and major impact
on global health. Body composition (BC) data are of great importance in the
assessment of nutritional status. Ultrasound (US) is an emerging, accessible and
nan-invasive technique that could be an alternative when it is not feasible to
perform computed tomography (CT). The aim of this study is to evaluate the
correlation between CT, as a reference technique, and US of the rectus femoris
(RF) as a "proof of concept,” in a cohort of patients with CRC and assess the
optimisation of results obtained by US when performed by our new semi-
automated tool. A single-centre cross-sectional study including 174 patients
diagnosed with CRC and undergoing surgery was carried out at the Vall
d'Hebron Hospital. We found a strong correlation between CT and US of the RF
area (r=067; p<0.005). The latter, is able to discriminate patients with worse
prognosis in terms of length of hospital stay and discharge destination (AUC-
ROC = 0.64, p 0.015). These results improve when they are carried out with the
automatic tool (area AUC-ROC =073, p 0.023), especially when normalised
by height and eliminating patients who associate overflow. According to our
results, the US could be considered as a valuable alternative for the quantitative
assessment of muscle mass when CT is not feasible. These measurements are
improved when measuring software is applied, such as "Bat” software.

HEYWORDE

ultrasound, rectus femoris, computed tomography, colorectal cancer, body
composition
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1 Introduction

Muscle plays a fundamental role in the patient’s prognosis and its
measurement is now necessary to make a correct nutritional
assessment (1 ). Body compasition (BC) evaluation is fundamental for
the identification of hidden muscle abnormalities despite adequate,
excess or stable weight (2—!). As stated in several recent clinical
guidelines, body composition assessment is emphasised as an integral
part of daily clinical practise in nutritional assessment (1, 5-7).

In the context of two highly prevalent conditions, such as malnutrition
related to the disease (MRD) and sarcopenia, measurement of muscle
miass is critical for optimal assessment and identification (1, 7).

Malnutrition related to the disease (MRD) is defined as a subacute
or chronic nutritional state in which a combination of varying degrees
of over-or undernutrition and inflammatory activity has resulted in
altered body composition and reduced function (¥, ©).

Sarcopenia is defined as a progressive and generalised loss of skeletal
muscle mass, strength and/or physical function, which is associated with
an increased risk of adverse outcomes, such as physical disability, poor
quality of life, increased mortality (7) and metabolic syndrome (10-14),
The presence of sarcopenia at diagnosis or its onset during treatment has
been widely associated with poorer outcomes in terms of prognosis,
higher rates of surgical complications, poorer response to chemotherapy
and greater toxicity, longer hospital stay, and mortality (15-17).

Malnutrition and sarcopenia are very common in patients with
oncological pathology (! =). Their presence is closely associated with
poor clinical outcomes and prognosis. Therefore, the study of BC is
important to facilitate diagnoses and allow early intervention (19, 20).

Nowadays, there are several techniques to assess BC and muscle
mass, and it is important to recognise the strengths and limitations for
an optimal application. Currently, bioelectrical impedance analysis
(BIA), muscle ultrasound (US), dual-energy X-ray absorptiometry
(DXA), magnetic resonance image (MRI) and computed tomography
(CT) are recognised as diagnostic methods for sarcopenia (3, 7).

On the one hand, BIA is a simple, non-invasive, fast and
inexpensive method that estimates the BC by measuring the resistance
to a low-power alternating current through the body (21). BIA
estimates BC as a bicompartmental model: fat free mass (FFM) and
fat mass (FM) in kilogrammes and percentage (2). The use of
predictive equations is the main limitation of the BIA as it requires a
constant hydration and population references that do not always
correspond to the clinical reality of the patient (23-25).

Furthermore, DXA is considered to be a precise technique that,
provides results from three compartments. It is important to note that
since there are only specific attenuation factors for bone and fat, the
DXA technique measures only two compartments (bone mass and fat
mass) and estimates the third (lean mass) (25, 27). The need for
dedicated space for the equipment, trained personnel and exposure to
X-ray radiation (even at low doses) are some of the limitations (25).

In addition, US is an emerging accessible bedside, portable, and
non-invasive technique as it does not involve ionising radiation for the
patient (2%, 30). It is able to provide not only quantitative information
but also qualitative information by grey scale (% 1-33). Several skeletal
muscle groups have been studied with US, and most of them showed
4 strong correlation with total muscle mass (32, 34). The quadriceps
femoris is the most studied muscle group, especially the rectus femoris
(32, 35). Quantitative analysis shows a strong correlation with
reference techniques such as MRI or CT (26-38),
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CT is emerging as a widely used technique in clinical practise,
providing very accurate information for the assessment of BC (39-41).
Regional analysis of adipose tissue and muscle at the third lumbar
vertebra has been shown to have a high correlation with total BC, and
provides significant additional information on tissue quality based on
the Hounsfield units (HU) (26, 40, £2).

The assessment of BC by CT image has been widely used in
clinical research, especially in those pathologies where CT evaluation
is part of the protocol, such as some types of cancer or abdominal
pathologies (43). Colorectal cancer (CRC) is a disease of high
prevalence and great impact on global health, being the third most
commonly diagnosed cancer worldwide and the second leading cause
of cancer death (). Abdominal CT must be routinely performed in
colorectal cancer for diagnosis, staging and follow-up (17, 45, 40).

Itis crucial to highlight the fluctuations of BC during the evolution
of the disease, especially during the active treatment process, which
indicates the importance of monitoring its evelution (45, 46).
Therefore, an easy to perform and accessible technique is needed to
allow us to study BC at any time during the patient’s evolution, taking
into account that it does not cause any harm or discomfort to the
patient. In this scenario, the US could be a good alternative to CT
when the latter is unfeasible to carry out.

In this context, this study is proposed with the aim of assessing:
(a) the strength of correlation between the measurements made by
ultrasound at the level of the rectus femoris in relation to abdominal
CT (as a reference technique) and clinical variables of evolution; (b)
to determine which ultrasound variables are significantly associated
with clinical evolution; (c) the use of our semi-automated tool would
optimise the results obtained by US; (d) whether the use of semi-
automatic tools in ultrascund better represents the patient’s clinical
reality than manual measurements.

2 Materials and methods
2.1 Patient selection

We performed a single-centre cross-sectional study including
consecutive patients diagnosed with colorectal cancer who underwent
oncological surgery at the Vall d'Hebron University Hospital, between
May 2021 and September 2023,

The study was approved by the local ethics committee PR (AG)
489/2021 and was conducted in accordance with the Declaration
of Helsinki.

All the patients signed the informed consent form before
participating in the study. Inclusion criteria: (a) more than 18 years of
age; (b) diagnosis of colorectal cancer confirmed by biopsy; (c) patients
recruited 48 after colorectal oncology surgery; (d) acceptance and
return of the signed informed consent form signed after dlarification
of doubts. Exclusion criteria: (a) unable to perform CT scan; (b) unable
to undergo ultrasound in the rectus femoris (i.e., amputations); (c)
abdominal CT scan performed 30-40days before recruitment.

2.2 Clinical data collection
Patients were recruited 48 h after colorectal oncology surgery. At

this time, anthropometric measurements of current weight and height
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were performed, and anthropometric history (usual weight and
weight loss in the previous 6months) was obtained, Patients'
performance status was assessed using the Eastern Cooperative
Oncology Group (ECOG) scale. The remaining demographic and
oncological variables were obtained from the clinical history. At the
time of recruitment, a tetrapolar bioimpedance was performed using
the Bodystat quadscan 4,000.

In this study, we evaluated the potential use of rectus femoris
muscle measurement, via ultrasound, as a prognostic criterion for
clinical outcomes in patients, specifically considering length of
hospital stay and discharge destination.

After discharge, return home from the hospital was considered a
natural progression. The need for hospitalisation at home, referral to
a social health centre or death was considered an unfavourable
outcome with a poor prognosis.

The hospital stay considered favourable in our centre for this type
surgery is 3-5 days. Therefore, two hospital stay groups were identified,
those with a normal or expected hospital stay (less than 5days) and
those with a prolonged hospital stay (>10days). The exclusion of
patients with stays between & and 9days was a deliberate
methodological choice. This decision was informed by the clinical
observation that within this range, the reasons for prolonged
hospitalisation can vary widely, encompassing both medical
complications and non-medical, logistical factors (such as weekend
discharge policies, availability of the discharging physician, or
unexpected systemic demands on hospital resources). As such,
including this group in either the positive or negative outcome
categories could introduce significant variability and potential bias
into the analysis, undermining the clarity and interpretability of our
findings. Our approach aligns with the principle of maximising the
interpretability of the study’s outcomes by focusing on patient groups
with clear clinical trajectories.

We scored these two prognostic variables together as “good™
(good outcome) or “poor” (poor outcome). In this way, those
individuals who have a “normal” stay (up to 5days) and who return
home upon discharge are considered to have a good prognasis. This
allows for biases such as those patients with a short stay who end
up dying.

2.3 Rectus femoris ultrasound

Ultrasound measurements of the unilateral right quadriceps
rectus femoris (RF) were performed in all patients. Ultrasound
imaging and manual measurements were performed by an
experienced medical sonographer on the same day of recruitment. A
linear portable ultrasound transducer (UProbe L6C Ultrasound
Scanner, Guangzhou Sonostar Technologies Co., China) was used,
and all the images were acquired with 10kHz.

Thigh muscle measurements were performed with the patient in
the supine position with knees extended and relaxed. The acquisition
site was located two-thirds of the way along the femur length,
measured between the anterior superior iliac spine and the upper edge
of the patella (29). The transducer was placed perpendicular to the
long axis of the thigh with abundant use of contact gel and minimal
pressure to avoid muscle compression (Fizure [A),

All parameters were taken as the average of two consecutive
measurements in the dominant leg. We took an image in a transversal

Frontiers in !

10.3389/fnut. 20241372816

section, and then measured the cross-sectional area (CSA) in cm?, the
X-axis and Y-axis in cm, which corresponded to the linear
measurement of the distance between the muscle limits of the rectus
femoris (lateral and anteroposterior), and the total fat subcutaneous
tissue in cm (Figure 15). All US parameters were also standardised by
the height squared (in cm” for the rectus femoris) (29).

In order to optimise the measurements obtained manually from
the US, our group has developed a semi-automatic tool called “Bat”
All the images in crude format (".dcom”), obtained from the US were
first manually marked with the “Bat” tool. Later, the tool generated the
same metrics of the RF area obtained manually, adding the grayscale
value (0: Black, 255: white) (21, 32).

To analyse these images, a combination of advanced digital
techniques, including pixel labelling, Principal Component Analysis
(PCA) and centroid identification were used. The latter involves
calculating the “centre” of the labelled pixels, similar to determining
the equilibrium point of the muscle’s shape within the image. Besides,
PCA is also a sophisticated statistical method used to identify patterns
in data. Its purpose is to express data in a way that highlights both its
similarities and its differences. In simple terms, envisioning the muscle
as an ellipse, these axes can be visualised as lines passing through its
centre. The first principal axis (major eigenvector) is the direction with
the highest variance in the data (pixels) and corresponds to the
“longest” diameter of the ellipse. The second principal axis (minor
eigenvector) is perpendicular to the first and represents the direction
with the next highest variance, corresponding to “shortest” diameter
of the ellipse (Figure 1D).

Manual area marking using “Bat” tool was performed by a
different researcher to the one who initially measured the image
{Figure 1C). It is important to note that both researchers remained
blind to any additional clinical or body compasition data during both
the image acquisition and analysis stages.

In addition, occasionally, the image of the rectus femoris exceeds
the dimensions of the transducer, making it impractical to include the
entire area in a single image. This circumstance, referred to as
“overflow™ (Figure 10), presents a challenge at the image analysis level.
When the image has overflow, the area calculation is estimated
according to the trajectory of the rectum. As it is not possible to fully
analyse the area completely manually or automatically, the level of
precision or adjustment of this variable to the reality of the patient is
artefactual. Therefore, we categorised the sample into two groups
based on the presence or absence of image overflow to assess its
potential impact on clinical outcomes.

2.4 Computed tomography analysis

Skeletal computed tomography (CT) images focused on the L3
vertebrae were obtained using a multidetector computed tomography
scanner (Aquilion Prime SP, Canon Medical Systems, Japan), with the
following technical parameters: 135kV (tube voltage), 1 mm 80 row
(detector configuration), tube current modulation, and 0.8s/rotation
(gantry rotation). The following variables were recorded: skeletal
muscle mass area or SMA (cm® and %), skeletal muscle mass index or
SMI (cm?/m’), intramuscular adipose tissue area or IMAT (cm”® and
%), intramuscular adipose tissue index or [IMAT (cm*/m?), area of
visceral fat mass (VFA) (cm® and %), subcutaneous fat (SFA) (cm® and
%), visceral fat mass index (VFI) (cm*/m?), and subcutaneous fat (SFI)
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1. Skin

2. Subcutaneous fat

3. Axis Y (vertical axis)

4. Axis X (horizontal axis)

5. Rectus femoris muscle area

1. Subcutaneous fal (blue)
2.Y axis (purple)

3. X axis (purple)

4.Y eigenvector {red)

5. X eigenvector (red)

(cm*/mr’}, and average Hounsfield Units (HU) for each segmented
tissue. The CT images centred on the third lumbar vertebra (L3) were
analysed using FocusedON-BC software. Tissue quality was assessed
based on its average Hounsfield Units (HU) value. Standard thresholds
were used as follows: —29 to 150 HU for skeletal muscle, —190 to—30
for subcutaneous adipose tissue and—150 to—50 for visceral adipose
tissue (41, 42,47).

2.5 Statistical analyses
Statistical analyse were performed using Python 3. Continuous

variables are presented as mean + standard deviation (SD) for normally
distributed variables and median +interquartile range (IQR) for
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non-normally distributed variables. Categorical variables are
presented as percentages. Statistical significance was accepted at
p<0.05.

To assess whether a given numerical variable can be used as a
predictive criterion for a patient’s clinical outcome, the separability of
groups associated with treatment success or failure was assessed.
Treatment success or failure was determined on the basis of several
clinical variables, such as length of hospital stay or discharge
destination. Group separability was assessed using the Student’s t-test
when the two groups had a normal distribution and equivalent
variances. The Mann-Whitney U test was used when neither
condition applied. The Anderson-Darling method was used to
evaluate the normality of the distribation of the numerical variables.
The Levene’s test was used to confirm the equivalence of variances.
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In addition, ROC curves were used to quantify the overall precision
of each method by measuring the area under the curve (AUC).

Given the innovative nature of the methodology being tested, our
study was designed as a proof-of-concept (PoC) investigation.
Primarily to explore the feasibility and potential efficacy of this new
approach, rather than to provide definitive evidence of its effectiveness.
This inherent uncertainty in the expected outcomes and effect sizes
made traditional sample size calculation methods challenging to apply
effectively. In this context, the sample size for our PoC study was
determined based on practical considerations, including the
availability of subjects and resources, with an emphasis on obtaining
a preliminary assessment of the methodology’s feasibility and potential
signals of effectiveness.

Moreover, various graphs and images were generated to better
illustrate the statistical results.

3 Results
3.1 Study population

‘We recruited 174 patients (see Table [), predominantly male, with
a mean age of 68.91+11.52years old. All participants had colorectal
neoplasia, with the colon and sigmoid colon being the most commonly
affected sites. Notably, 65% of the recruited patients presented with
stage I1-111 disease at the time of diagnosis, although an overwhelming
95% maintained a good baseline functional status (ECOG<1).
According to the GLIM criteria (assuming that all patients have an
etiologic criteria + at least | phenotypic criteria including weight loss
>5% during the last 6months, BMI<20kg/m2 if <70vyears old
or<22kg/m2 if >70vears old and a reduction in muscle mass measured
by BIA), 21% of the patients met the criteria for malnutrition, although
the average BMI was above the normal range (BMI 26kg/m2) ().
Sarcopenia was screened screening using the SARC-F questionnaire,
which showed a 9% risk of sarcopenia within in the sample.

3.2 Quantifying muscle mass: US vs. CT

The amount of muscle measured by the rectus femoris present a
strong and statistically significant correlation with the results of the
CT muscle area, especially in the variables “Y axis” and “area”
(Table 2). In Figure 2 a graphical representation illustrates the
correlation between the results of the RF ultrasound area and the
results of the abdominal CT muscle area. The graphic presentation
clearly shows a remarkable correlation between both CT and US
findings. In particular, patients without overflow (represented by blue
dots) are closer to 0, indicating a smaller muscle mass. The graph also
highlights a noticeable clustering of the samples within a narrower
numerical range, which represents a challenge in separating patients
based on their clinical evolution.

3.3 US quantification of muscle mass and
clinical evolution

The averages of the main variables obtained by ultrasound have
been obtained and presented in Table 3. It can be seen that the
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TABLE 1 Patients’ demoagraphic, clinical and anthropometric
characteristics.

Characteristics Study population

(n=174)
Sex
Female 64 (37%)
Male 105 (60%)
Age (years) 6B.91+11.52
T.'l;m:mriocaliam
Colon 78 (45%)
Sigmeoid 53 (30%)
Rectum 23 (13%)
Cecum 15 {99
Anus 1(1%)
TNM stage
I 31{18%)
i 54 (31%)
m 60 {34%)
v 10 (6%)
ECOG
[ o 141 (81%)
1 T 25(14%)
z £(2%)
3 1(1%)
4 1(1%)
BMI (kg/me) 2627 £461
| Malnutrition by GLIM criteria 36(21%)
Suspicion sarcopenia by SARC-F 16 (9%)
| Ultrasound RF area {cm’) 389+ 135
CT muscle area - SMA {emr’) 112,59+ 28,52
Discharge destination
: Home " 160 (92%)
No home 14 (8%)
Length hospital stay (days) 77221012
<5{n=112) 356078
| 210(n=31) 2235+ 1544

BML body mass index; GLIM: Global leadership Initiative of Malnutrition, ECOG. Eastern
Cooperative Oncology Group scale; RE, rectus femoris, CT, computed tamagraphy: SMA,
skeletal muscle area.

possibility of having a good or bad prognosis is related to the manual
area (p =0.041), and especially when we normalise this measurement
by the square of the height (m*), improving the ability to predict the
patient’s outcome. In addition, other manual and automatic variables
also improve their prognosis capabilities when normalised by patient’s
height. In example, muscle area improves its AUC from 0.62 to 0.64
and Y axis from 0.59 to 0.61.

Similarly, when the patient’s whit overflow was removed from the
sample, muscle area improves its AUC from 0.64 to 0.71.

On the other hand, the use the software tool, which allows
carrying the analysis in a more automatic and user independent way,
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TABLEZ Correlation between CT muscle area and US RF variables (area, X and ¥ axis).

CT variable US variable IC (95%:) p value
CT Muscle arca (cm’) US RF Muscle area (cnr’) 166 0.67 | (0,57, 0.74) 20005
CT Muscle area (cm?} US RF Muscle X {cm) 166 | 0.53 | (0.41,0.63) p<0.003

. CT Muscle area (cm’} [ US RF Muscle Y (cm) [ 166 . 0.66 | (D56, 0.74) . p <0003

CT. computed tomography; US, ultrasound; RF, rectus femoris,

N =166, r = 0.67, Cl (95%) = (0.57, 0.74), p < 0.005

US RF Muscle area (cm?)

120

FIGURE 2

CT Muscle {cm?)

Comelation between CT muscle area and US RF area. Blue dots represent subjects with averflow in US image, and grey dots patients without averflow.

140 160 180 200

also increases the performance of the different metrics. For instance,
muscle ¥ axis improves from 0.56 to 0.68, and even to 0.72 when using
the y-eigenvector. Similarly, muscle area improves from 0.71 (after
normalised by height and remove overflow) to 0.73 using
semiautomatic tool. This improvement can be observed in the ROC
curves displayed in Figure 3,

Although this trend can be clearly seen in the results, the
difference between the manual and automatic metrics is not
statistically significant (p-value >0.05).

4 Discussion

This study is, to our knowledge, the first to use a semi-automatic
tool in the evaluation of muscle ultrasound (US) in rectus femoris.

US has gained widespread acceptance and is nowadays included
in several influential body composition guidelines (1, 7, 42).
Positioned as the “stethoscope of body compaosition,” US is valued for
its accessibility, cost-effectiveness, and bedside applicability (+9). In
our study, measurement of muscle mass using US at the RF showed a
robust correlation when compared to quantification using CT as the
reference technique (r=0.67, IC 0.57-0.74, p<0.001). These results are
similar or superior to those reported in other studies, such as Paris
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etal. shows (r=0.45, p<0.01) or Lambell et al. (0.7, p<0.01) (50, 51).
However, the paucity of published evidence comparing ultrasound
with CT is probably due to the logical challenge of synchronising both
tests at clinically comparable times.

Taking into account the previously presented information,
patients with colorectal cancer emerge as particularly suitable
candidates, as they require CT scans as part of their follow-up, staging
and overall assessment (15, 52). This positioning allows CT to be used
as an “opportunistic” technique to analyse BC with a high degree of
precision, thus providing a valuable validation platform for emerging
techniques, such as US (53, 51). The results derived from this study
contribute significantly to our understanding, endorsing US as a
technique with acceptable results for screening and diagnosis of
muscle alterations, validated against CT, in patients with colorectal
cancer. Thus, it would be an alternative tool for use in the future when
TCis not feasible.

It should be noted that muscle ultrasound is a technique that
provides us quantitative (area and Y axis) and qualitative muscle
information (grey scale) (29). ‘This information is obtained directly
from muscle mass and has been shown to have a very good
correlation with the patient’s functional capacity and prognosis (55,
56). In the case of bicimpedance, a doubly indirect method of
assessing body compaosition, quantitative information on muscle
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mass can be obtained through fat free mass, but not qualitative
information on muscle mass (22). The phase angle is a parameter
that we can obtain from the BIA that has a highly impactful
prognostic value (57, o 1). However, it is a parameter that comes from
a complete body evaluation, not from muscle mass in particular. On
the other hand, DXA is a highly accurate technique for evaluating
body compaosition, but it is not a particularly good technique for
evaluating muscle status since it does not provide information on
muscle quality (20). Furthermore, it is an expensive and
inaccessible technique.

Reduction in muscle mass (MM} is strongly associated with a
prognosis in terms of postoperative complications, prolonged
hospital stays, discharge outcomes, treatment response and mortality
(01). Consistent with this premise, our study results confirm that
lower MM, as measured by US, associated with longer hospital stays
and decreased likelihood of discharge home, essentially indicating a
more difficult prognosis for the patient. Given the accessibility of US
as a technique, serious consideration should be given to its more
frequent incorporation into protocols for prevention and clinical
optimization in patients with colorectal cancer. Furthermore, the
results obtained can play a key role in tailoring multimodal
treatments in cases where low muscle mass is evident or its
deterioration is observed over time.

On the other hand, one of the weaknesses of muscle ultrasound is
its operator-dependent nature, requiring skilled personnel to perform
itaccurately (39, 59, 00), Itis also necessary to implement standardised
protocols so that their results are comparable (32). A key factor
contributing to the variability of findings is the manual nature of
quantitative measurements, such as the area or the X and Y axes,
which are subject to the operator interpretation. There are various
software programmes that allows us to obtain the grey scale through
manual measurements, but currently, there are no tools for the rest of
the ultrasound metrics at the RF level that are automatic (3 1).

In this study, we begin to develop a near automatic tool that
simplifies the process by requiring only the manual marking of the RF
area, This innovative approach facilitates the automatic derivation of
other variables from the initial manual marking. Several processes in
medicine have shown that the automation of measurements and the

use of software that reduces the intervention of the “researcher’s hand”
is superior and optimises results (51-63). When performing
ultrasound imaging, for example of the rectus femoris muscle, there’s
a common challenge related to the orientation of the ultrasound
probe. Even a slight rotation or tilt of the probe can alter the
appearance of the muscle in the image. However, the described
method, based on principal axes (eigenvectors), significantly mitigates
this problem by incorporating principal component analysis (PCA) to
identify the principal axes of the muscle image effectively addresses
this challenge. Regardless of the probe’s orientation, the principal axes
of the muscle’s image will consistently adjust. This means that the
major and minor axes of the ellipse representing the muscle are
consistently aligned with the directions of maximum variance in the
image, regardless of how the ultrasound probe is held.

This technique featly reduces the reliance on the operator skill or
consistency in probe placement. Different observers can perform the
scan, and the main axes will remain consistent for the same anatomical
structure, ensuring more objective and reproducible measurements.
By focusing on the intrinsic geometric properties of the muscle tissue,
as represented by the ellipse in the image, measurements become
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more reflective of the actual dimensions of the muscle and less
dependent on the probe positioning. Consequently, this approach
leads to more accurate and objective assessments of muscle size, shape,
and potentially its health status.

Firstly, we carefully analysed the correlation between our
measurements and those performed manually, and found robust and
statistically significant associations for all variables (refer to Table 3).
RF area (cm’) emerged as the variable with the strongest correlation
with CT, although results were also noted for the Y axis (see Tablc 2).
This may be related to the fact that the favourable performance of the
axis due to its vertical measurement, which is not affected by possible
image displacement from the screen. In this sense, we observed that
a significant percentage of the images (62%) acquired according to
our protocol in the lower third of the leg showed an area that
extended beyond the edges of the screen. This overflow situation,
where the area extends beyond the edges of the screen, introduces a
potential source of imprecision in area measurements compared to
situations where the area is fully displayed. We therefore, stratified
the sample into two groups, with and without overflow. We re-run
the clinical correlation in the group without overflow, and observed
an improvement in the ROC curves, indicating a lower rate of false
positives and false negatives. An increase in the correlation with
clinical complications, discharge destination and hospital stay were
also observed. However, it is recognised that these results may
be influenced by the fact that many patients without overflow
generally have worst muscle mass.

A limitation of our tool is its partial automation, which requires a
manual measurement by a researcher. However, it has been shown that
a reduction in manual measurement leads to significantly better
results, It is necessary to carry out studies with a larger sample size to
fully automate the tool. In addition, it would have been interesting to
measure the RF area a few centimetres closer to the patella to see if this
would provide an improvement that we should definitely include in
our protocols when eliminating the overflow. Furthermore, assessing
the usefulness of these measurements in patient follow-up and
exploring other prognostic variables such as post-operative
complications or mortality is an interesting avenue for further
research. Our ongoing studies are designed to a comprehensively
address these issues.

5 Conclusion

In conclusion, the significant correlation levels observed in our
study prompt led to consider the US as an alternative for the
quantitative assessment of muscle mass when CT is not feasible. It is
noteworthy to highlight the pioneering role of “Bat,” the first software
to allow semi-automatic derivation of metrics in rectus femoris
measurements. The application of principal axis analysis in ultrasound
imaging is proving to be a powerful approach to standardising muscle
tissue measurements. This methodology effectively overcomes the
challenges associated with variable probe orientation, thereby
improving the accuracy, objectivity, and reproducibility of
measurements. Such improvements are of paramount importance in
clinical settings, contributing significantly to accurate diagnosis and
monitoring. In addition, the approach reduces inter and intra-
observer dependencies, further enhancing the precision and
objectivity of the results. This not only improves their separability but
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also partially compensates for one of the recognised weaknesses of
muscle ultrasound.

Whilst acknowledging these advances, it is prudent to emphasise
the need for additional studies to fully automate the “Bat™ tool and
thoroughly reassess its clinical utility. This ongoing research is critical
for refining and optimising muscle assessment methodologies, and
ensuring continued progress in the field.
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Abstract Summary
Background & aims: The assessment of resting energy expenditure (REE) is a
challenging task with the current existing methods. The reference methed, indirect
calorimetry (IC), is not widely available, and other methods show poor correlation with
IC. Bedy composition (BC), in particular muscle mass, plays an important role in REE.
In recent years, computed tomography (CT) has emerged as a reliable tool for BC
assessment. However, its usefulness for the REE evaluation has not been explored so
far. On these bases we explored the possibility to assess the REE based on a CT-scan
image using artificial intelligence (Al) models and compare the results with the current
methods.
Methods: Single-centre observational cross-sectional pilot study were carried out
including conzecutive patients in-hospital with abdominal CT. All subjects underwent
indirect calorimetry and bioimpedance analysis. Their requirements were calculated
using different predictive equations. The propossd model is based on a second-order
linear regression with three input parameters: weight in kilograms, age in years, and
the amount of muscle mass quantified from computed tomography images in squars
centimetres. The output of this model corresponds to the resting energy expenditure
(REE). The model was trained and tested using a cross-validation one-vs-all strategy
with 80 subjects with different characteristics.
Results: Data from 90 subjects were included in the model. Predictive equations show
a low to moderate correlation to IC (r= 0.48-0.55, p value <0.001). REE calculated by
Bioelectrical Impedance Analysis (BIA) showed better correlation than the predictive
equations (= 0.638, p value <=0.001). The best correlation was the cne obtained
through the CT estimation model (r= 0.847, p value <0.001). This model was trained
using three variables, including age, weight and amount of muscle mass. During the
experiments it was observed that replacing any of the aforementioned variables with
gender led to poorer results.
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Conclusions: We demonstrated for the first time that REE can be estimated based on
the information extracted from abdominal CT imaging, thus obtaining good correlation
with the reference method (IC), which was higher than that obtained with BIA. This
finding has the potential to significantly change the paradigm and guidelines for
nutritional assessment, and represents a novel and revelutionary concept in the field of
precision medicine.
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Summary

Background & aims: The assessment of resting energy expenditure (REE) is a challenging task
with the current existing methods. The reference method, indirect calorimetry (IC), is not widely
available, and other methods show poor correlation with IC. Body composition (BC), in particular
muscle mass, plays an important role in REE. In recent years, computed tomography (CT) has
emerged as a reliable tool for BC assessment. However, its usefulness for the REE evaluation has
not been explored so far. On these bases we explored the possibility to assess the REE based on
a CT-scan image using artificial intelligence {Al) models and compare the results with the current

methods.
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Methods: Single-centre observational cross-sectional pilot study were carried out including
consecutive patients in-hospital with abdominal CT. All subjects underwent indirect calorimetry
and bioimpedance analysis. Their requirements were calculated using different predictive
equations. The proposed model is based on a second-order linear regression with three input
parameters: weight in kilograms, age in years, and the amount of muscle mass quantified from
computed tomography images in square centimetres. The output of this model corresponds to
the resting energy expenditure (REE). The model was trained and tested using a cross-validation

one-vs-all strategy with 90 subjects with different characteristics.

Results: Data from 90 subjects were included in the model. Predictive equations show a low to
moderate correlation to IC (r= 0.48-0.55, p value <0.001). REE calculated by Bioelectrical
Impedance Analysis (BIA) showed better correlation than the predictive equations (r= 0.636, p
value <0.001). The best correlation was the one obtained through the CT estimation model (r=
0.647, p value <0.001). This model was trained using three variables, including age, weight and
amount of muscle mass. During the experiments it was observed that replacing any of the

aforementioned variables with gender led to poorer results.

Conclusions: We demonstrated for the first time that REE can be estimated based on the
information extracted from abdominal CT imaging, thus obtaining good correlation with the
reference method (IC), which was higher than that obtained with BIA. This finding has the
potential to significantly change the paradigm and guidelines for nutritional assessment, and

represents a novel and revolutionary concept in the field of precision medicine.
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Introduction

Body mass in humans is strongly associated with the rate of heat production as defined by
resting energy expenditure (REE) (1). Furthermore, the REE is related to the body composition
(BC) and both are important determinants of health (2,3). REE usually accounts for more than
60% of the total energy expenditure and is directly related to the amount of fat-free mass, which
is more metabolically active than fat mass (4,5). Recent guidelines recommend BC (mandatory)
and REE (when available) assessment for a proper nutritional and metabolic evaluation and
follow up (6-8). REE measurement is useful for preventing or halting under and/or overfeeding
in individuals, especially in clinical care, but it is also crucial for setting feasible goals for dietary
and exercise interventions (2,3). Currently, the reference method for REE measurement in
clinical practice is indirect calorimetry (IC) (9,10). IC calculates REE by measuring the amount of
oxygen consumed (VO2) and carbon dioxide released (VCO2) by using Weir’s equation in a

controlled environment (5,11).

The more recent ESPEN guidelines recommend the measurement of REE by IC for obtaining an
accurate nutritional assessment (9,10,12). However, IC is not widely available due to the price
of the device and the need for trained personnel and special conditions for its performance
(fasting, resting for more than 5-10 minutes before the test, stable room temperature, stable
oxygen in ambient air, etc). When |C is not available, REE can be estimated using surrogates such
as mathematical equations or hioimpedance (BIA) (9,10,14). Regarding mathematical equations,
they represent an accessible, simple and inexpensive method but with low correlation with
reference techniques (IC) (around 60%), even when BC parameters are included in the algorithm
(15). BIA has recently emerged as an easily accessible tool for the BC assessment in clinical
practice due to its simplicity, portability and low cost. Although this technique does not directly

measure REE, some advanced BIA devices include algorithms that estimate the REE using
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variables such as age, biological sex, and BC, with higher accuracy when compared with the

mathematical equations (16).

In recent years, computed tomography (CT) has emerged as a useful tool for BC assessment,
both on quantity (taking into account muscle area) and on quality (taking into account the tissue
radiodensity, measured in Hounsfield units, HU) (17,18). The CT-scan assessment of BC is based
on regional analysis of fat and fat-free mass at one slice in the third lumbar vertebrae (19-21).
Our group has developed FocusedON-BC software coupled with artificial intelligence (Al), which
offers several benefits over traditional methods (22). Firstly, the processing speed is much faster,
resulting in significant time savings for healthcare professionals and a reduction in operational
costs. Secondly, these systems provide enhanced measurement accuracy due to advanced
algorithms that integrate intricately analyses of image features. Moreover, the use of Al
minimises inter-observer variability by eliminating the inherent subjectivity of manual
evaluations. Despite the evidence of the usefulness of CT scan coupled with an Al-based
automatic software for BC assessment, to the best of our knowledge no data regarding the

usefulness of the CT-scan for the REE estimation have been reported.

On this basis we conducted a pilot study with two main objectives: 1) To evaluate the feasibility
of estimating the REE based on the body composition information extracted from a CT-scan
image at the L3 lumbar vertebrae using FocusedON-BC software; b) To compare the REE
measured using the IC as gold standard with that obtained using predicted equations, BIA and

our new methodology based on CT-scan.

1. MATERIAL AND METHODS

A single-centre observational cross-sectional pilot study was performed at the Vall d'Hebron
University Hospital between January and June 2022, The study was approved by the local Ethics

Committee (PR(AG)510/2021) and carried out in accordance with the Declaration of Helsinki.
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96  Inclusion criteria: a) Age >18 years.; b) Ability to complete full indirect calorimetry and BIA tests

97  infasting state; c) Ability to provide a signed informed consent

98  Exclusion criteria: a) Any medical condition that makes unfeasible the performance of CT scan,

99  indirect calorimetry or biocimpedance (e.g.: hemodynamic instability, acute condition,

100  respiratory support; not fasting), b) patients with noninvasive respiratory support.

101 A complete medical history, anthropometric assessment, indirect calorimetry, bioimpedance

102 analysis, abdominal CT-scan was obtained in all cases. The timeframe for the performance of all

103 tests was <72 hours.

104 Body mass index (BMI) was calculated using the following formula: weight (kg)/ height? (m?).

105 Predictive equations. The predictive equations chosen to calculate the REE are detailed in Table

106 1, according to current guidelines.

107 Table 1. Predictive equation for REE estimation.
Equation Factors used for calculation Adjusted Formula
to gender
Harris- Benedict (1919) | Biological Sex, WT (kg), HT {cm), | Yes M: 1375 % WT + 500 % HT - 6:75 % age + 66:47
{23) age (year) F:9:56 = WT + 1:85x HT - 0-67 = age + 655:09
Mifflin—StJeor (1990} {24) | Biological Sex, WT (kg), HT {cm), | Yes M:9-99 X WT+6-25 ¥ HT -5 % age +5
age (year) F:9:99x WT + 6:25% HT - 5 % age — 161
Ireton — Jones (2022) (25) Biological Sex, WT (kg), age | Yes 629 — (11 x age) + (25 x WT) = (609 = 1 if abesity;
{year), BMI {obesity) x 0 if normal BMI)
25 keal/kg (ESPEN) (13) WT (kg) No 25K WT
30 keal/kg (ESPEN) (13) WT (kg) NO 30xWT

108  WT: weight; HT: height; F: female; M male; BMI: body mass index.

109
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Indirect calorimetry (IC): IC was performed with a Q-NRG device (Cosmed, Roma ltaly), by the
same trained technician. IC was performed in all cases according to the protocol: resting for at
least 5 minutes in the supine position prior to the test and at least 15-20 minutes during the IC,
constant ambient temperature and 02, fasting for 8 hours. The following variables were
collected: REE, respiratory quotient (RQ), respiratory oxygen consumption (VO2) and production

of carbon dioxide (VCO2) per minute.

Bioimpedance analysis (BIA): After |C, with the subject still fasting and in resting supine position,
a whole-body BIA was performed. For this purpose, we used a tetrapolar Bodystat Quadscan
4000 with 50-kHz of frequency. The following variables were collected: phase angle (degrees),

total body water (%), fat mass (kg), lean mass (kg), body cell mass (kg), estimated REE (Kcal).

Computed tomography (CT) analysis: Abdominal computed tomography (CT) images focused on
the L3 vertebrae were obtained using a multidetector computed tomography scanner (Aquilion
Prime SP, Canon Medical Systems, lapan), with the following technical parameters: 135 kV (tube
voltage), 1mm 80 row (detector configuration), tube current modulation, and 0.8 sec/rotation
(gantry rotation). The following variables were recorded: skeletal muscle mass area or SMA (cm?
and %), skeletal muscle mass index or SMI (cm?/m?), intramuscular adipose tissue area or IMAT
{cm? and %), intramuscular adipose tissue index or IIMAT (cm?/m?), area of visceral fat mass
(VFA) (cm? and %), subcutaneous fat (SFA) (cm? and %), visceral fat mass index (VFI) {cm?/m?),
subcutaneous fat (SF1)(cm?*/m?), and mean Hounsfield Units (HU) for each segmented tissue. The
CT images centred on the third lumbar vertebra (L3) were analysed using FocusedON-BC
software. Tissue density was assessed based on its average Hounsfield Units (HU) value.
Standard thresholds were used as follows: -29 to 150 HU for skeletal muscle, -190 to -30 for

subcutaneous adipose tissue and -150 to -50 for visceral adipose tissue (20,22).
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REE estimation based on CT-scan image analysed with FocusedON-BC

The proposed method is based on a second-order linear regression with three input parameters:
weight in kilograms, age in years, and the amount of muscle mass quantified from computed
tomography images in square centimetres from a single computed tomography image centred
at L3 vertebrae level. The output of this model corresponds to the resting energy expenditure
(REE). In order to validate the viability of the proposed solution, the model was exhaustive
trained and tested using a cross-validation one-vs-all strategy using the data corresponding to

the 90 subjects recruited for the study, as follows:

Firstly, the different variables were collected for each subject and used as input parameters for
the described model. The CT-scan image data were collected using FocusedON-BC software. All
variables were scaled to a range between 0 and 1 using the minimum and maximum values
observed in the dataset for each variable. For this purpose, the equation "scaledValue =
(realValue - minValue) / (maxValue — minValue)" was used. Finally, the REE value calculated by
IC was used as a reference value both for training the model and for testing its estimation

accuracy.

It is important to emphasise that this methodology was applied by exhaustively combining all
available input variables from the dataset, consistently maintaining a model with three input

variables and using a second-order linear regression. The input variables tested included:

¢ Demographic variables: weight (kg), height (m), age (years), and sex (0 or 1 for male and

female, respectively)

e (T-scan imaging variables: quantity and mean radiological density of various tissues
(skeletal muscle, visceral adipose tissue, subcutaneous adipose tissue, total adipose)
quantified using FocusedON software in cm? and Hounsfield units, respectively. All these

variables are quantified from a single CT image centred at L3 vertebrae level.
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The combination that provided the best results of three input variables, as previously described,
consists of weight, age, and the amount of muscle mass. It is worth mentioning that using muscle

radiodensity instead of muscle mass also provided promising results.

2.2 Statistical analysis.

This pioneering study evaluates caloric expenditure using computed tomography (CT) images, a
novel approach that is not reflected in the current state of the art. The lack of similar precedents
justifies our exploratory approach with a smaller sample size as a pilot study, a common scenario
in groundbreaking research where no prior foundation exists for determining optimal sample

size.

Statistical analysis was carried out using Python 3.11. Continuous variables are presented as
mean + standard deviation (SD) for normally distributed variables and median & interquartile
range (IQR) for non-normally distributed variables. Categorical variables are presented using
percentages. Statistical significance was accepted at p<0.05. The correlation between BIA,
predictive equations and the IC was assessed by linear correlation coefficient (Pearson). Bland-
Altman plots were used to estimate agreement of the tested methods (BIA, predictive equations

and the proposed method) with respect to the reference one (IC).

RESULTS

A total of 90 subjects were included in this study, 56 men and 34 women (62% and 38%,
respectively). The mean age was 62.3 + 15.4 years, and the mean BMI was 24.6 + 4.7 kg/m?.
Intentionally, patients with a wide range of BMI (15.4-47.9 kg/m?) were included. The results
obtained when evaluating the accuracy of the commonly used mathematical equations in

comparison to the reference method (IC) are shown in Table 2.
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Table 2. Correlation between predictive equations and indirect calorimetry.

Method Mean (keal) | MAE = r range | p-value
Harris- Benedict (1919) . 1488.92+ 175 E 230 0.234 0-4B6 0.311-0.63 <0.001
Ireton — Jones (1992) 1466.14 £ 335 259 0.075 0.558 0.397-0.686 <0.001
Mifflin — St Jeor (1990) 1576.551 161 231 0.226 0.488 0.312 -0.631 <0.001
Woeight x 25 kcal 1693.64 1 347 286 -0.254 0.546 0.382-0677 <0.001
Woeight x 30 kcal 2032.37 £ 417 545 -2.628 0.546 0.382-0.677 <0.001
BIA 1555.67 1 276 216 0.346 0.636 0.494-0.745 <0.001
TC 1502.3 £219 192 0.419 0.647 0.508-0.753 <0.001

MAE: mean absolute error; BIA: bioimpedance analysis; TC: computed tomography.

Overall, the values of REE calculated by predictive equations showed a low correlation with the

reference method, IC, and a high dispersion (Figure 2 A-E).

Regarding REE assessed by BIA, it presents a higher correlation in comparison with mathematical

models (r*=0.636, p value <0-001) and with a similar dispersion (0.494-0745) (Figure 2F).

Finally, the values of REE estimated with the proposed model based on the information
extracted from CT-scan images at L3 vertebrae using FocusedON-BC software showed the

highest correlation with the reference method (IC), r=0.647, p value <0-001, with a lower

dispersion (0.508-0.753) (Figue 2F).

Figure 2. Correlation between IC (reference method) with predictive equations Harris Benedict

(A), Ireton-lones (B), Mifflin-St Jeor (C), ESPEN 25 (D), ESPEN 30 (E), BIA (F) and CT based

estimation (G).
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200  The results of dispersion and agreement between methods have been graphically represented

201 by Bland — Altman plot in Figure 3.
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Figure 3. Bland - Altman plots for predictive equations Harris Benedict (A), Ireton-Jones (B),

Mifflin-St Jeor (C), ESPEN 25 (D), ESPEN 30 (E), BIA (F) and CT based estimation (G).
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DISCUSSION

It has been widely demonstrated that body composition (BC), especially lean tissue, is a
fundamental compeonent in REE. BC determination based on abdominal CT-scan images at the
L3 level is a high-precision reference technique that provides both quantitative and qualitative
information (17,26). Given the high precision of BC determination using CT and its relevance in
REE, we proposed the development of a machine learning model for REE estimation. Our results
demonstrate for the first-time that REE can be estimated by means of a model based on BC
information extracted from abdominal CT-scan images using automatic Al-based software. This
finding could open a new era in the nutritional and metabolic assessment by means of Al in daily

practice.

Currently, the reference technique for measuring REE is IC, which is recommended by
most of the clinical guidelines (9,10,12-14,27). Although the devices have improved significantly
in recent years, they are still expensive, time-consuming, and trained personnel for its daily
clinical use is required. In addition, it must be performed under resting clinical conditions that
are not always available in clinical practice. Furthermore, IC has also some limitations, such as a
poor accuracy in cases of very low body weight, unstable temperature and involuntary

movements (subjects need to stay still for at least 15-20 minutes) (3}

Although IC is currently the most accurate technique for measuring REE in clinical
practice, the same guidelines that recommend it, suggest to use surrogates, when IC is not
available, such predictive equations or empirical calculations. Nevertheless, previous data
showed low accuracy of these methods for estimating the REE even when they have been
validated in studies with large sample sizes (>1000 subjects) (15). BIA is considered to be a more
accurate surrogate of IC than predictive mathematical equations because BC parameters,

mainly the fat free mass, is considered. However, BIA is influenced by the presence of acute
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disease, obesity, and hydration status, besides of the need of special conditions for its
performance (introduction of weight and height, skin condition, fasting, body position, etc.)

(17,28).

It is worth mentioning that the development of machine learning models usually
requires a large sample size. As an example, in Achamrah N et al (29) 3.655 subjects have been
used just to validate the performance of the Bodystat QuadScan 4000 Manufacturer’s equation
with respect to dual-energy x-ray absorptiometry (DXA). Our study is meant to be just a proof of
concept in which only 90 subjects have been included. This fact strongly limits the performance
that can be expected from the developed models based on the proposed methodology.
Nevertheless, the results obtained are surprisingly good, even overcoming those provided by
the BIA for this cohort. We assume that this may be due to the fact that CT-scan is currently
considered the reference technigue for body compaosition assessment, and hence, the muscle
mass information extracted from CT-scan images provides very valuable information for
estimating the REE. Accordingly, it is expected that increasing the sample size would allow
developing and training more complex and robust models that would lead to even mare
accurate results. As an extra advantage of the proposed methodology, it is also worth
mentioning that CT-scan is a method that is widely integrated in clinical practice, which does not
require specific preparation, such as fasting, rest, or maintaining the same position for a long
period of time. The proposed methodology considerably increases the value of this technique

as it allows an "opportunistic" use of the CT-scan images to estimate the REE.

Furthermore, CT allows us to study not only the quantity of muscle mass, but also its
quality. The muscle tissue radiodensity (HU) is related to the muscle quality and has been
previously correlated with fatty infiltration (myosteatosis) and is considered a prognostic
variable in severe illness {oncological, surgery) (20,30,31). P). Previous studies from our group

have shown that HU allows a more precise estimation of body composition (22). As far as we
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know, radiodensity has never before been used for the REE calculation. AS previously described,
in this study, when we tested the different available CT-scan variables, muscle radiodensity also

showed very promising results.

It should be noted that BIA and predictive equations include in their algorithm for REE
estimation the gender and age as main variables. In the present study, after applying deep
learning and developing the most accurate model, the variables accounting for REE in an
independent manner were those related to total weight (kg), age, and muscle mass quantity
(cm?2). Interestingly, gender, a classic variable widely used at present and for more than a
century ago (i.e. Harris-Benedict equation) for the estimation of REE, were not valued as
significant. This unexpected finding might explain the low correlation of either BIA or predictive
equations with the real value of REE, thus suggesting that gender per se is not a primary
determinant of REE. Our model indicates that the muscle quantity is relevant enough to
determinate REE regardless of gender. This finding can have a significant impact and may
eventually change the current guidelines and recommendations for REE determination in the

setting of nutritional evaluation.

It is worth mentioning that the method herein proposed permits us to estimate “at a
glance” both BC and REE, thus opening up a new era in the personalised approach of metabolic
and nutritional related interventions. In addition, this combined information can favour
subjects’ adherence to treatment and follow-up and can contribute to a positive reinforcement.
For health care providers, the system will monitor in real time the effects of new emerging
pharmacological therapies in different pathologies (i.e. obesity, diabetes, cancer, nutritional

pathologies), thus engaging the pharmaceutical industry as a whole.

As a limiting factor of our study, the small sample size should be mentioned. However, despite
the low sample size and the heterogeneity in age, gender and BMI, the correlation with the

reference method (IC) was higher than more elaborated methods such as BIAWe provide first
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evidence that muscle gquantity and quality parameters are the major determinants of REE,
regardless of the classically used variables. Another limitation may be that the model is based
on the CT-imaging technique, which requires the emission of radiation. However, our study has
been carried out in patients who underwent CT for other clinical reasons, given an
"opportunistic" use. Furthermore, the level of radiation applied to a single CT slice, is similar to

that of a chest X-ray (17,22).

Conclusion

In summary, in this pilot study we have demonstrated for the first time that REE can be
precisely estimated based on information extracted from CT-scan abdominal imaging using Al-
deep learning. Additionally, we have provided evidence that muscle quantity (cm?), age and
weight are main variables accounting for the REE. This discovery has the potential significant
impact on changing the paradigm and guidelines for nutritional evaluation, and represents a
nove| and revolutionary concept in the era of precision medicine. Nevertheless, future studies

using other cohorts with larger sample size to confirm this proof of concept are needed.
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1
A training method of a computer-implemented machine learning model for obtaining a

Resting Energy Expenditure (REE) parameter of a subject

[0001] The present disclosure relates to methods and systems used for the estimation of Resting
Energy Expenditure (REE) parameters of a subject.

BACKGROUND

[0002] Recent research has focused on the development of new techniques able to evaluate the
human body composition. A first example is the technique known as Magnetic resonance imaging
(MRI), which is a type of scan that uses strong magnetic fields and radio waves to produce
detailed images of the inside of the body. Another example is Computed tomography, commonly
referred to as CT scan, which is able to precisely measure the attenuation of X-ray passing
through different types of tissues (i.e., fat, muscle, etc.). However, in contrast to the high amount
of technology involved in the acquisition of data when using such techniques, there is a clear lack
of tools that allow an efficient and precise analysis of the acquired data. For instance, in most
cases, the information within MRI scans or CT scans is manually evaluated by a physician or
trained technician performing a visual inspection. Consequently, this leads to a lack of precise
quantitative measurements, repetitive and time-consuming tasks, as well as inter-observer
dependencies in diagnhostics and even possible human errors.

[0003] In order to improve measurements of MRI or CT scans, software tools have emerged
aimed at performing quantitative analysis of human body composition, which can be useful for
specific purposes in daily clinical practices and/or research activities. These tools mostly provide
quantitative information about the volume or area of different tissues and usually require manual
selection of the tissues to be quantified, based on the images from MRI or CT scan.

[0004] Different approaches for the estimation of the REE may be based on the use of imaging
techniques, such as MRI and CT scans, which allows to obtain an organ and/or tissue volumes.
Such methods may include, knowing the average density of each target organ/tissue, estimating
the mass of a target organ/tissue, for example in kilograms, as its volume multiplied by its average
density. Organ-tissue metabolic rates (OMR), measured in kJ/(kg-day), have been proposed in
earlier literature. Each individual organ-tissue mass is then multiplied by its corresponding OMR
obtaining the REE for that specific organ-tissue. The calculation of the whole body REE (kJ/day)
of a subject is obtained as the sum of the REE for every individual organ/tissue. The mentioned
procedure may also be applicable to other imaging methods like dual-energy X-ray
absorptiometry (DXA), whose main limitation is that tissue quality or density cannot be estimated.
Furthermore, the literature assumes that different organs and tissues are homogeneous in
composition. Therefore, subjects with diseases as muscular dystrophy (i.e_, lipid replacement of

skeletal muscle fibers) or hepatic steatosis (i.e., fatty infiltration of liver) might obtain an erroneous
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or low accuracy-REE estimation. Additionally, the state-of-the-art methods to obtain the REE may
require mostly whole-body information, which may imply a high quantity of radiation to the subject

when CT scans are involved.

[0005] REE estimations in the state of the art based on imaging techniques have a low accuracy

and can be affected by factors related to a specific subject.

SUMMARY

[0006] The present disclosure aims at defining a method for an accurate estimation of a REE
parameter of a subject based on imaging techniques, particularly characterized in that the REE
parameter is obtained based on information extracted from, at least, one image of a computed

tomography CT scan of a subject.

[0007] In a first aspect, a training method of a computer-implemented machine learning model
for obtaining a Resting Energy Expenditure (REE) parameter of a subject is provided, wherein
the method comprises the following steps:

- obtaining one or more ground-truth REE parameters of one or more subjects; the
estimation may have been performed using any measurement methodology, for example, by an
indirect calorimetry (IC) measurement of a subject or by bioimpedanciometry;

- obtaining the one or more CT scan images of the one or more subjects; the CT scan
image(s) may be centered at any level of the subject: in some examples the CT scan image may
be centered at leg level, and/or abdomen level, thorax, neck, etc. There are references in the
literature of the estimation of body composition in all of them, the most accurate being the
abdominal L3 level; each ground-truth REE parameter is associated with each subject and
therefore with each CT scan image;

- identifying at least a region of interest, ROI, in each of the obtained CT scan images. This
ROl may correspond to one specific tissue (such as muscle, visceral adipose tissue, eic.), to one
specific organ (for example, liver, kidney, brain, etc.), or any combination of them, including the
whole body of the subject within the CT scan image(s);

- calculating a group of parameters of each ROI; wherein a group comprises one or more
parameters of each ROI, and wherein each group is associated with a ground-truth REE
parameter; wherein the one or mare parameters comprise a radiodensity parameter for at least
one of the identified ROIls. The parameter may comprise a quantity expressed in area of the RO,
volume of the ROI, percentage, etc. Each calculated group of parameters of a CT scan image of
a particular subject is associated with a ground-truth REE parameter of the particular subject;

- performing a supervised training of the computer-implemented machine learning model,
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using a training data set comprising one or more groups of parameters of each ROl and the

associated one or more ground-truth REE parameters, and wherein the training further
comprises, for each group, setting an output parameter of the model corresponding to the
associated ground-truth REE parameter.

[0008] Methods in the state-of-the-art show significant correlation between the quantity of a
tissue, such as, for example, muscle mass, measured in a CT scan image of a human body, and
the measurement of the total quantity of the same tissue within the whole body, for example, the
total amount of body muscle mass. More precisely, it is also possible to draw such correlation in
the case of other tissues of the body, such as, for example, visceral adipose tissue (VAT) or
subcutaneous adipose tissue (SAT), the correlation being between the quantity of tissue
measured in a CT scan image, and the total amount of said tissue within the whole body. Methods
in the state-of-the-art may suggest that the value of the Resting Energy Expenditure (REE)
measurement i.e., the energy expenditure while a person is at rest, awake, and in an interprandial
state, of the same human body may strongly depend on the total amount of fat free mass.
[0009] The methods defined in the present disclosure allow estimating or inferring or calculating
REE parameter of a subject departing from a CT scan image of the subject, i.e., the REE
corresponds to the same subject from which the CT image and parameters of the ROl come from.
The methods defined in the present disclosure allow correlating information obtained from, at
least, one image with a Resting Energy Expenditure (REE) parameter in a scalable or
reproducible manner.

[0010] The REE parameter can be estimated for all type of subjects, healthy subjects or patients.
Among the subjects, different objectives may be pursued, for example, the knowledge of REE
parameter may be used for adapting a diet or exercise for a healthy subject or a patient.

[0011] The methods of the present disclosure may be implemented for a baseline evaluation, and
for follow-up, to evaluate, for example, evolution in time, including for example physiological
aging, to see how body composition and REE change with age or in various stages and
circumstances of life, response to treatments, response to diets, response to exercise or response
to stress.

[0012] A subject may undergo an indirect calorimetry (IC) test to obtain a ground-truth REE
parameter from the subject. Other measurement/estimation techniques may be employed, such
as bioimpedanciometry. An IC test (the actual gold-standard method for REE measurements)
may calculate heat that living organisms produce by measuring either their production of carbon
dioxide and nitrogen waste (frequently ammonia in aquatic organisms, or urea in terrestrial ones),
or their consumption of oxygen. This technique provides unique information, is noninvasive, and
can be advantageously combined with other experimental methods to investigate numerous
aspects of nutrient assimilation, thermogenesis, the energetics of physical exercise, and the
pathogenesis of metabolic diseases.
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[0013] Generally, in order to perform an IC test, a machine may be used which captures the
gases that the subject breathes in and out, in order to measure a parameter corresponding to the
subject's REE. Therefore, IC tests are used as reference tests (gold-standard) to measure how
much energy the subject expends at rest (in other words, how many calories the subject is burning
while resting). Even though IC is an accurate measurement of the subject's REE, it is
cumbersome to perform, the machinery used to perform it is expensive, and it needs specially
conditioned space and trained personnel for its operation. Therefore, it is rarely performed on the
subject in the daily practice setting.

[0014] In parallel, or either before or after the ground-truth REE measurement technique is
performed, preferably, for example, within no more than one week, a CT scan may be performed
on the subject, and a set of CT scan images may be obtained (comprising at least one image).
[0015] A CT scan image may comprise the following information when obtained:

the area and/or volume corresponding to a region of interest (ROIl) can be measured based on
the number of pixels of the CT scan image corresponding to that ROI, and the pixel resolution
(measured, for example, in cm?/pixel or cm®/pixel).

Information about the region of interest (ROI). Generally, each pixel of a digital CT scan image
represents the attenuation of the X-rays which pass through the tissue of the body. Therefore, the
specific attenuation may be proportional to the density of the tissue; the radiodensity is commonly
measured in Hounsfield Unit (HU). Therefore, a parameter related to the radiodensity or density
of the ROI can be obtained, such as, for example, the average HU.

[0016] The CT scan image to be used may be located at different positions of the human body,
such as, for example, subject’s leg, abdomen, thorax, neck, etc. Depending on that location, more
or less relevant data may be obtained to estimate the REE.

[0017] For example, at L3 vertebral level, the psoas muscle is very wide, and therefore useful
information may be retrieved from a CT scan image performed at this level. Furthermore, at such
level which corresponds to an abdomen level, other more prominent tissues are found, such as:
visceral adipose tissue (VAT) (excess fat, which tends to accumulate between the intraabdominal
organs or inside them), or subcutaneous adipose tissue (fat which accumulates under the skin).
[0018] Even though any other location may be used to perform the scan, L3 vertebral level is a
location which statistically correlates best the amounts of fat and muscles tissues and its features
within the body as a whole.

[0019] Other paris of the body or other abdominal vertebral levels, such as L5 or L7, may not
correlate the muscle and fat tissues as exactly as in L3, and thus other parts may not be as
representative of the body as a whole (regarding fat and muscle) but would still be useful to
perform an REE estimation. Regardless of the chosen part of the body, the training procedure of
the present disclosure may not vary.
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[0020] Once one or more CT scan images are obtained, at least a region of interest, ROI, is
identified and at least one parameter of the ROI is calculated, for example, an area, or a volume
or a density. The ROI may correspond to a subject’s area or volume that may include, at least,
one tissue (i.e., muscle, visceral adipose tissue, subcutaneous adipose tissue, etc.), one organ
(i.e., liver, kidney, brain, heart, etc.) or any combination of them, including an entire subject’s body
within the image. Derived information, such as size (i.e., cm? cmd, etc.), radiodensity (in
Hounsfield Unit, HU) or any other metric can be obtained from that ROI. In the present disclosure
“entire subject's body within the image” may be understood as a region of a CT scan image
representing or showing at least a part of a subject’s body. For example, entire subject's body
within the image may comprise a slice of a body abdomen resulting from a transversal cut and
representing the whole/entire perimeter of the abdomen, with the tissues and organs included.
For example, entire subject's body within the image may comprise a slice of a leg resulting from
a transversal cut and representing the whole/entire perimeter of the leg, with the tissues and
bones included. For example, entire subject's body within the image may comprise a slice of a
part of a body resulting from a transversal cut and representing a whole/entire at least a region of
the part of the body, not necessarily the whole or entire perimeter.

[0021] In some examples, the ROl may represent a specific tissue or organ in the image.
Identifying a ROl may comprise performing a segmentation of the one or more obtained images.
At least one predetermined type of tissue or organ, or any combination of them, including the
entire subject's body within the image may be identified. More precisely, in segmentation, different
tissues or organs can be identified on the image, such as, for example, muscle, subcutaneous
adipose tissue, visceral adipose tissue or intramuscular adipose tissue. Such segmentation may
be performed by a computing system, by identifying different types of tissues within the CT scan
image or may be performed by receiving data related to such areas of the CT scan image, from,
for example, a Graphic User Interface (GUI), wherein a physician or a franed technician has
visually identified and marked parts of the CT scan image and has inputted such identified parts
into a computing system by inputting means, for example a mouse, a keyboard, or a touchpad.
[0022] After a ROI is identified, at least one ROl parameter may be calculated related to an
amount of the identified ROI, from the segmented image, wherein an amount may comprise an
area or a volume.

[0023] An example of a ROl parameter may be a premeasured gquantity, for example, an area or
volume in cm? or cm®. In such example, the pixels of the CT scan image occupied by a ROl may
be counted, and a conversion from pixels to, for example, cm? may be performed, using the pixel
resolution provided within metadata which may be integrated in the CT scan image.

[0024] Alternatively, a parameter related to the percentage of a ROI with respect to the total
subject's body within the image may also be calculated. This percentage represents a relative

measure of a specific ROl within the subject, thus giving a more representative measurement of
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the amount of ROI within a person’s body. For example, two subjects may have a similar amount

of muscle, but one of them may be fatter than the other. Thus, in the thinner subject, the amount
of muscle may be the same as in the fatter subject, but the relative amount of muscle may be
higher, thus resulting in different energy expenditure. Therefore, using a percentage may lead to
a more accurate estimation of REE. Furthermore, different measurements (i.e., parameters) may
be used for different identified RQls, in order to use a combination which may enhance the
accuracy of REE estimations. Different groups combining different types of ROls segmented from
a CT scan can be obtained and subsequently used as a training data set, to infer a more accurate
REE parameter of the subject. More precisely, the resulting REE estimation may consider
different scenarios, wherein different types of tissues have different energy expenditures, and the
same type of tissue may have a different energy expenditure depending on the ratios of tissue in
each body and the type of body itself.

[0025] Finally, the supervised training of a machine learning model is performed, using a training
data set which comprises one or more groups of the calculated parameters corresponding to one
or more subjects. More precisely, the supervised training may be performed using a training data
set wherein the data is organized at least in pairs. The pairs may comprise a group that includes
at least one calculated parameter of the ROl of a CT scan image of a subject, and an output
parameter corresponding to the ground-truth REE parameter measured on the same subject, for
example by means of an IC test or bicimpedanciometry. The received training data set may be
processed through the machine learning model. The machine learning model may implement
supervised learning logic, wherein the model is given the training data set to ingest and told a
result to be interpreted from the data -supervised-. The result is the ground-truth REE parameter
measured on the subject for each respective obtained CT scan image. The model is trained to
arrive at the result based on the ingested data and the accuracy of the trained model is dependent
in part on the diversity of the received training data set being ingested. A trained model results
from the supervised training. The trained model may result when a deviation or error or validation
error between the output of the model and a reference/real/ground-truth REE parameter is lower
than, for example, 5% or lower than a 10%. The deviation may be tested during a validation of
the model.

[0026] The training data set may further include, in some examples, numerical variables or values
such as anthropometric information of subjects, height, weight, age, information from the CT
image, areas or volumes of different ROIs measured, for example, in cm?, cm? and/or in % and
averages of Hounsfield units, among others. The training data set may also include categorical
variables such as a subject's gender, demographic information, race, clinical information, etc.
Such variables may be obtained by the disclosed methods by receiving them from an external
source or by calculating them. When a system implements the methods disclosed herein, the
system may comprise reception means, such as an interface, for receiving the input variables and
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CT scan image, or calculating means such a_}'s a processor, for calculating one or more of the
variables used for training the model. When calculating the variables, the method disclosed herein
may calculate one or more of them from the CT scan image.

[0027] By using the previously described method, a machine learning model may be trained in a
way in which, when provided with processed data extracted from a CT scan image of a subject,
the machine learning model provides a REE parameter which may be more accurate than an
REE parameter provided by other REE estimation methods.

[0028] In some examples, the steps of obtaining one or more ground-truth REE parameters of
one or more subjects; obtaining the one or more CT scan images of the one or more subjects;
identifying at least a ROI; and calculating one or more parameters of each ROl may be performed
by a first entity or processor. The parameters may then be sent by means of a wired or wireless
connection to a second entity or second server which may be configured to perform the step of
performing a supervised training of the computer-implemented machine learning model, using a
training data set comprising the calculated one or more parameters of each ROl and associated
ground-truth REE parameters, and wherein the training further comprises for each of the one or
more parameters of each ROI, setting an output parameter of the model corresponding to the
associated ground-truth REE parameter.

[0029] Generally, a CT scan is performed more regularly and is much easier to perform than a
method for obtaining an REE parameter experimentally, such as an IC test or bioimpedancemetry,
which is physically demanding on the subject, involving cumbersome and error-sensitive
equipment. Therefore, by performing the above-described method, once the model is trained, the
model may be stored in non-volatile memory or non-transitory computer readable media to be
used for estimating a further REE parameter.

[0030] Methods for obtaining an REE parameter using a trained model as described herein
avoids experimental measurement methods for determining REE parameters of new subjects.
More precisely, by using a machine learning model trained by the above-described method steps,
a REE parameter may be obtained by inputting information extracted from one or more CT scan
images to a system where the trained machine learning model runs and obtaining, from the model,
the REE parameter. The methods of the present disclosure avoid obtaining an REE parameter
experimentally (i.e., by IC tests or by bioimpedanciometry), while obtaining an REE parameter
with a similar accuracy to the REE estimation method used to provide the training data set.
[0031] While literature describes methods for estimating a REE parameter departing from CT
images, the method proposed herein provides a more accurate correlation between CT scan
images and real or ground-truth REE measurements. Furthermore, the methods described herein
may be more efficient and less computationally demanding, since the REE parameter can be
inferred using information obtained from even one single CT scan image.

[0032] In examples, the computer-implemented machine learning model may be a regression
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model since the expected result is an estimated numerical value (corresponding to the ground-

truth REE of the subject). Different types of machine learning models may be used. The computer-
implemented machine learning model may be one of a neural network, or a model comprising
assembled decision trees, or a neural network comprising at least one fully connected layer, or a
combination of one or more neural networks and one or more decision frees used to execute
regression.
[0033] For example, the machine learning model may be an artificial neural network ANN. ANNs
have a very high performance when the datasets to be used both for training and, subsequently,
for regression, are composed of homogeneous data. It may be understood that the data in a
dataset are homogeneous when they are made up only of elements of the same type, such as,
for example, numerical data, whether discrete or continuous. These datasets may include only
numerical variables, containing information of the subjects, such as: anthropometric information
(height, weight), demographic information (age), information from the CT scan (quantity of
different ROIs in, for example, cm?, c¢m?® and/or % and radiodensity values). ANNs are very
efficient at modelling non-linear relationships between multiple variables. They are also very
useful for finding relationships between variables that are difficult to predict in a first instance.
During the training process of the ANN, weights of the ANN are calculated which assign greater
or lesser importance to each of the existing relationships between the different input parameters
inputted in the network. The number of trainable parameters of the network, i.e., weights and bias,
directly depends on the number of layers and the number of neurons per layer and the type of
layers used.
[0034] One of the criteria by which ANNs can be classified is based on the degree of connection
between their neurons, a classification that divides networks into partially or fully connected. Fully
connected networks are those whose layers are all of the fully connected type. All the neurons in
a fully-connected ANN in a layer are connected to all the outputs of the neurons of a previous
layer. Among all the possible architectures of NNs, those including fully- connected layers (also
known as densely-connected) may be very suitable to perform regression. As an example, the
fact that the model used may comprise at least one fully connected layer allows

- during the training process, each of the at least one fully connected layer automatically
finds all the existing relationships between the outputs of the neurons of a previous layer;

= during a neural network design stage, the fully connected layer can be used to modify the
dimensions of the network, i.e., it is possible to vary the number of heurons between successive
layers. This is very useful when the fully connected layer is used as the output layer of the neural
network as it allows adjusting the number of estimations to be performed. During tests for testing
the methods and systems of the present disclosure, this fact has allowed to go from N variables
in the input layer of the network to a single output corresponding to the estimation of the basal
energy expenditure (REE).
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[0035] The machine learning model may be also, for example, based on “decision trees”. This

kind of machine learning models is especially useful when the set of input parameters is
heterogeneous. Heterogeneous sets of input parameters may contain any combination of
different types of parameters, such as numerical variables (i.e., area/volume, radiodensity, height,
weight, age, etc.) and categorical ones (i.e., gender, race, clinical information, etc.). Decision
trees are machine learning models that aim to build a model that can predict the value of a target
variable. These may be represented with a tree structure, that uses branches to illustrate the
output of each decision. Each node represents a test on a specific variable and each branch
represents the result of that test. These models use simple decision rules that infer the expected
outcome, known as leaves, from the characteristics of the input data.

[0036] However, the use of a single decision tree tends to produce overfitting on the training data.
The use of such a model to infer a result with real data can therefore produce a high error.
Ensembled decision trees models may be used to profit from the benefits of decision trees when
working with heterogeneous data, while reducing overfitting. In this way, the predictions of a
multitude of decision trees may be combined to generalize the machine learning model and make
it robust. This allows the variance of the results of the individual decision trees to be reduced.
Therefore, a category of machine learning models which may work for the methods and systems
of the present disclosure may be based on ensemble decision trees, i.e., learning algorithms that
contain at least two decision trees. There are currently at least two families of learning models

based on ensemble decision trees:

- Averaging methods. Among others, there are Bagging and Random Forest methods. These
methods are constructed with several independent trees and provide a result that is the average
value of the predictions of each decision tree separately. This results in the reduction of the

variance of the predictions of each independent decision tree.

- Boosting methods. Algorithms such as AdaBoost, Gradient Boosting Decision Tree and Light
GBM, among others, belong to this category. With this methodology, decision trees are
incorporated sequentially, so that a decision tree tries to reduce the error produced by its
predecessors. |n this way, the combination of several weak models produces a robust, efficient,
and accurate one.

[0037] For using any machine learning model for regression, such as those previously described,
to estimate the REE parameter, a supervised training strategy may previously be performed to
train the model.

[0038] As an example, a cross-validation may be employed when training the machine learning

model for regression to prevent overfitting or underfitting. As an example, a stratified k-fold cross
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validation strategy may be followed. This strategy consists in separating the data set in k subsets

arrange in such a way that each subset is a good representation of the entire data set. Then, k-1
subsets are grouped as the training set, and the other subset is the testing set. In this way, the
training is executed using k-1 subsets (training set), and the model is validated using the
remaining subset (testing set). This is repeated Kk times, leaving out a different subset each time
(as testing set), Finally, the average validation error is obtained as the average of the validation
error obtained in each of the k iterations for the testing set. Similarly, the average training error is
obtained by averaging the error in the training set in the K iterations. By doing so, overfitting may
be identified when the validation error is considerably higher than the training error. On the
contrary, underfitting is identified when both the training error and the validation error are high. If
the machine learning model consists in an ANN, additional techniques may be also used to
prevent overfitting. For example, dropout regularization may be used. If the machine learning
model is based on decision trees, additional techniques may be also used to prevent overfitting.
For example, pruning strategies, such as bottom-up pruning or top-down pruning may be used.
[0039] As another example, to carry out a good selection of the hyperparameters involved in the
machine leaming maodel for regression, hyperparameters tuning may be executed during the
training. This may also reduce the overfitting. As an example, the hyperparameter tuning may be
executed based on a grid search strategy, where all the possible combinations of the
hyperparameters are exhaustively tested and the combination that provides the best results is
preserved. As another example, the hyperparameter tuning may be also executed based on a
randomized search or a Bayesian optimization to reduce the number of combinations of
hyperparameters to be tested and to reduce the overall training time.

[0040] A supervised training strategy to train the model may also be based on the following. In
examples, the training data set may comprise data from different subjects with different ages,
types of bodies, different ROIs and different parameters associated to these ROls, or even health
problems. Using such training data sets with information from different subjects, the REE
parameter is estimated based on all the input parameters. Including different types of subjects in
the training data set may result in a more accurate regression model for estimating the REE for
any kind of subject.

[0041] Preferably, in an example, in order to obtain a more precise estimation, both the CT scan
image and the obtaining of the ground-truth REE parameter using experimental test (i.e., indirect
Calorimetry (IC) or bioimpedancemetry) may be performed within a relatively short period of time
between them (for example, within one week). Within such timeframe, the characteristics of the
subject, such as, for example, its body composition, its clinical condition, etc. may not vary
significantly, and the resulting REE parameter of the subject may be more accurate.

[0042] In examples, a parameter referring to the quantity of, at least, a specific ROl may be

calculated in different ways. One of them may be to count the number of pixels in a CT image
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corresponding to that specific ROI and multiply it by the pixel resolution (for example in cm?/pixel

or cm?/pixel), thus obtaining the area (in cm?) or the volume (in cm?) corresponding to that ROL.
Other way may be to divide the number of pixels corresponding to that ROl by the number of
pixels corresponding to other ROI, thus obtaining a relative measurement that can be
represented, for example, in percentage (%).
[0043] In another example, a parameter referring to the radiodensity of, at least, a specific ROI
may be calculated in different ways. One way may be to compute the average value of the
radiodensity of that specific ROI. This may be done by averaging the radiodensity value of all the
pixels included in that specific ROI, measured, for example, in Hounsfield Units (HU). The
radiodensity, in HU, corresponding to each image pixel may be included in the CT scan metadata,
or at least, computed based on the CT scan metadata.
[0044] According to a further example, parameters over the plurality of CT scan images may be
combined for a single subject. For example, two CT images captured at different vertebral levels
may be used. For example, at least one ROl may be identified in each CT scan image
corresponding, for example, to a specific tissue such as muscle tissue or adipose tissue.
Furthermore, a parameter may be obtained for the target ROl as the average value of that
parameter obtained for that target ROI in both images. While this kind of strategy may increase
the estimation accuracy of the REE parameter, it also increases the computational cost.
[0045] In case of using software tools, including semiautomatic labeling of scans, when
performing the segmentation or ROI identification, the overall training method may be streamlined
and it may further allow the machine learning model to keep improving its performance in future
analysis of new CT scans (i.e., when inferring the REE parameter with information from new scan
images).
[0046] Additionally, other subject data can also be added as input parameters of the machine
learning model, to increase the model accuracy. Such data may comprise, for example,
demographic data, anthropometric data. Furthermore, REE measurements may also change
according to the subject clinical state. Accordingly, clinical information regarding the subject state
may also be added fo increase the model accuracy.
[0047] According to an example of the present disclosure, a method for estimating a Resting
Energy Expenditure (REE) parameter of a subject is also provided, comprising the steps of:

- obtaining at least one computed tomography CT scan image of the subject;

- identifying at least a region of interest, ROI, of the CT scan image;

- calculating at least one parameter of each ROI;

- inferring or estimating the REE parameter using a supervised machine learning model

trained using the training method of a computer-implemented machine learning model

previously described, wherein the inferring comprises inputting a data set comprising the at

least one calculated ROI parameter, to obtain an REE parameter as the output of the model.
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[0048] In some examples the steps of obtaining at least one computed tomography CT scan
image of the subject; identifying at least a region of interest, ROI, of the CT scan image; and
calculating at least one parameter of each ROI are performed by a first entity and the inferring or
estimating the REE parameter is performed by a second entity. An entity may be understood as
a processor, or processing means or computer.

[0049] In another aspect, a computer program product is disclosed. The computer program
product may comprise program instructions for causing a computing system to perform a
supervised training of the computer-implemented machine learning model, using a training data
set comprising one or more groups of parameters of respective ROl of CT scan images and
associated one or more ground-truth REE parameters, and wherein the training further
comprises, for each group, setting an output parameter of the model corresponding to the
associated ground-truth REE parameter.

[0050] The computer program may further comprise program instructions for causing the
computing system to

- obtain one or more ground-truth REE parameters of one or more subjects;

- obtain the one or more CT scan images of the one or more subjects;

- identify at least a region of interest, ROI, in the obtained CT scan images; and

- calculating a group of one or more parameters of each ROI.

[0051] The computer program product may be embodied on a storage medium (for example, a
CD-ROM, a DVD, a USB drive, on a computer memory or on a read-only memory) or carried on
a carrier signal (for example, on an electrical or optical carrier signal).

[0052] The computer program may be in the form of source code, object code, a code
intermediate source and object code such as in partially compiled form, or in any other form
suitable for use in the implementation of the processes. The carrier may be any entity or device

capable of carrying the computer program.

[0053] For example, the carrier may comprise a storage medium, such as a ROM, for example a
CD ROM or a semiconductor ROM, or a magnetic recording medium, for example a hard disk.
Further, the carrier may be a transmissible carrier such as an electrical or optical signal, which

may be conveyed via electrical or optical cable or by radio or other means.
[0054] When the computer program is embodied in a signal that may be conveyed directly by a
cable or other device or means, the carrier may be constituted by such cable or other device or

means.

[0055] Alternatively, the carrier may be an integrated circuit in which the computer program is
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embedded, the integrated circuit being adapted for performing, or for use in the performance of,

the relevant methods.

BRIEF DESCRIPTION OF THE DRAWINGS

[0056] Non-limiting examples of the present disclosure will be described in the following, with

reference to the appended drawings, in which:
[0057] Figures 1 and 2 depict two different examples of a computer-implemented neural network
for obtaining a Resting Energy Expenditure (REE) parameter of a subject, according to the

present disclosure.

[0058] Figure 3 depicts an example of a CT scan image used by a method according to the

present disclosure.

[0059] Figure 4 depicts a flow chart of an example of the training method of any of the neural

networks depicted in figures 1 and 2, according to the present disclosure.

[0060] Figure 5 depicts a solution according to the present disclosure.

[0061] Figure 6 depicts a system for providing an estimated REE parameter of a subject.

[0062] Figure 7 depicts a system for providing an estimated REE parameter of a subject

DETAILED DESCRIPTION OF EXAMPLES

[0063] Figure 1 depicts a neural network which may be trained by one of the training methods
according to the present disclosure. Figure 1 depicts a machine learning model embodied in a
fully connected neural network 100. In this specific embodiment, the machine learning model is a
neural network comprising only fully connected layers 101 and 102 resulting in a fully connected
neural network 100. In this case, the neural network comprises only the input and output layer

and does not include any hidden layer.

[0064] Figure 2 depicts a machine learning model embodied in a fully connected neural network
200. In this specific embodiment, the machine learning model is a neural network comprising only
fully connected layers 201, 202, 203 and 204 resulting in a fully connected neural network 200.

In this case, the neural network comprises two hidden layers 202 and 203.
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[0065] In the present example, as seen in figure 2, the number of neurons in the input layer 201
and output layer 204 of neural network 200 corresponds to the number of input and output
parameters, respectively. In this case, the number of input parameters is eleven: Weight, Height
and Age of the subject, area of subject's body within the image (in cm?), radiodensity of subject’s
body within the image (in HU), area of Muscle (in % related to subject's body within the image),
radiodensity of Muscle (in HU), area of VAT (in % related to subject's body within the image),
radiodensity of VAT (in HU), area of SAT (in % related to subject’s body within the image), and
radiodensity of SAT (in HU). As seen, the methods of the present disclosure include that the one
or more parameters of each ROI comprise a percentage of an identified ROI, relative to a tissue
or an organ or to any combination of thereof, with regards to a different ROI relative to other
tissues, other organs, or any combination of thereof, including the entire subject’s body within the
obtained CT scan image

[0066] As seen, in a neural network comprising at least one fully connected |layer, each neuron
in a fully connected layer is connected to all neurons in the previous layer. In this way the resulting
neural network may consider multiple relationships between the input parameters to achieve an
output value. The methods and systems according to the present disclosure may use different
and varied physical features of the subjects to construct a training data set; many different
relationships may therefore be established between the input parameters of the neural network.
For example, a body with a high amount of muscle may commonly mean that the subject is fit,
but if a further input parameter related to the radiodensity of the muscle tissue shows a low
radiodensity value it may suggest that the patient is not as fit, and it may indicate a lower REE.
As another example, a body with a high amount of muscle may commonly mean that the subject
is fit, but if another input parameter indicating a high amount of visceral adipose tissue, it may
suggest that the subject is not so healthy, which may affect his REE. Therefore, hidden
relationships between input parameters may be considered when using a neural network
comprising at least one fully connected layer, and its training may lead to more accurate REE

parameters in further inferences for new subjeclts.

[0067] In the examples of figure 1 and figure 2, the CT scan image may be obtained at L3
vertebral level of a subject, in order to obtain the maximum correlation of an area or volume of
tissues found in the CT scan image in L3, and the amount of the same tissues in the whole body
of the subject.

[0068] In another example, if the amount of data available for training is considerably large (in
the order of thousands of samples), the complexity of the model may be increased, and other
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models may be used, including other types of neural networks, or decision trees, any combination

thereof, etc.

[0069] As an example, if the amount of data available for training is considerably large (in the
order of thousands of samples), an ANN with a larger number of input parameters and a larger
number of trainable parameters than the examples of figures 1 and figure 2 may be used. By
increasing the input parameters and trainable parameters (the total amount of weighs and biases
of the ANN as a whole), a more accurate estimation of a REE parameter may be obtained.

[0070] Figure 3 depicts an example of a CT scan image 304 of vertebral level L3 used by a
method of the present disclosure. In this figure, the entire subject’s body within the obtained CT
scan image may be the region referenced as 300. The image is represented as segmented,
wherein different tissues are differentiated as follows: muscle 301, visceral adipose tissue 302,

subcutaneous adipose tissue 303.

[0071] Figure 4 depicts a flow chart of an example of the training method of any of the neural
networks depicted in figure 1 or figure 2, for obtaining a Resting Energy Expenditure (REE)
parameter of a subject according to the present disclosure. In the present example, the method

is performed by a computing device which comprises a fully connected untrained neural network.

[0072] More precisely, in step 401 of figure 4, the method starts by the computing device
receiving a ground-truth REE parameter obtained from an indirect calorimetry measurement or

by bioimpedanciometry of a subject.

[0073] In step 402, the computing device receives an axial computed tomography CT scan image
of the same subject. The image may be centered at L3, or L5 or L7 vertebral level or at a leg level
or at thorax level or at neck level, or any other level. The CT scan image is embedded in a digital
file, comprising the scan image itself and a set of metadata. In this example, the metadata
comprises the value of tissue radiodensity measured in Hounsfield Units (HU) of each pixel within
the CT scan image, the resolution in cm?%pixels of the scan image (all of them embedded within
the CT scan image), and an extra packet of data, inputted by the user of the computing device

through a User Interface, which is related to the weight, height and age of the subject.

[0074] In step 403, further data corresponding to the subject is retrieved. Such data may be
obtained from the CT scan image metadata or may be inputted externally from an interface. More
precisely, the data relating to weight, height and age of the subject may be retrieved from the CT

scan image metadata.
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[0075] In step 404, the received CT scan image is segmented by a segmenting module of the
computing device. The segmentation is performed by identifying a plurality of ROls corresponding
to predetermined types of tissues within the CT scan image. More precisely, the segmenting
module identifies the part of the CT scan corresponding to the body of the subject, and other
objects or parts depicted in the CT scan image which do not correspond to the body of the subject
are discarded (i.e., area corresponding to the bed where the subject was lying when the CT scan
is performed, or other objects or parts of the CT scan which may have accidentally showed up in
the image, and are not part of the subject’s body). Also, the segmenting module further identifies,
within the identified part of the CT scan image corresponding to the body of the subject, the parts
corresponding to Muscle, VAT and SAT tissues.

[0076] In step 405, a parameter corresponding to the area of each ROl (Region of Interest) is
obtained. First, the area of the ROI corresponding to the body of the subject is calculated, using
the resolution of the CT scan, in cm?/pixel. Furthermore, a parameter corresponding to the area
of the other ROIs (Muscle, VAT and SAT tissues) is also obtained, by calculating the real area
corresponding to these ROIs, using the resolution of the CT scan, in cm?/pixel.

[0077] The real areas of each identified ROI (either the total subject body, Muscle, VAT or SAT
areas) are calculated by counting the number of pixels corresponding to the ROI for which the
area is to be calculated, and multiplying said number of pixels by the pixel size in cm?. The pixel
size in cm? is obtained from the CT scan image metadata, for example, using a Pixel Spacing
Attribute which may be included in the metadata. The pixel spacing attribute provides the physical
distance in the patient between the center of each pixel, specified by a numeric pair (adjacent row
spacing and adjacent column spacing, for example, in mm).

[0078] In step 406, a parameter corresponding to each of the areas of the ROls corresponding
to Muscle, VAT and SAT tissues is further calculated, in percentage respective to the ROI that
corresponds to the entire body of the subject within the image. More precisely, each parameter is
calculated by counting the number of pixels corresponding to the target ROI for which the area in
percentage is to be calculated and dividing said number of pixels by the number of pixels
corresponding to the ROI that corresponds to the entire body of the subject within the image. The
value obtained is then multiplied by 100. This type of parameter may be a more objective metric

than the area in cm? because it is a proportional value.

[0079] In step 407, a parameter corresponding to the average value of tissue radiodensity
measured in Hounsfield Units (HU) is calculated for each ROI (body of the subject, Muscle, VAT
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and SAT), using the CT scan image metadata. More precisely, for each identified ROI, the
computing device retrieves the values of tissue radiodensity of all the pixels corresponding to that
ROI and calculates the average radiodensity of the specific ROl by calculating the arithmetic

mean.

[0080] When assembling the training data sets to perform the training of neural network 200
according to the example of the present disclosure, it may be more computationally efficient that
all input parameters are within the same numerical range in order to accelerate the algorithm

convergence speed.

[0081] Therefore, since each input parameter of the neural network represents the quantification
of a different feature of the subject, in step 408, each parameter is scaled using reasonable ranges
(for example, it may be established that the weight of an adult human body may be between 45kg
and 120kg). More precisely, a scaling is performed for each parameter, in order to scale all
parameters so they take values inside or close to a desired numeric range, for example, 0 and 1.
In the present example, all the parameters are scaled using the following reasonable values for

each parameter:

Weight: 45 to 120 kg

Height: 1.4 t0 2 m

Age: 0 to 100 years

Region of interest (ROI) (area): 250 to 1250 cm?.

ROI (density): -100 to 100 HU

Muscle (%): 0 to 100

Muscle (density): -30 to 150 HU

visceral adipose tissue (VAT) (%): 0 to 100

VAT (density): -150 to -50 HU

subcutaneous adipose tissue (SAT) (%): 0 to 100
SAT (density): -190 to -30 HU

Intramuscular adipose tissue (IMAT) (%): 0 to 100
IMAT (density): -190 to -30 HU.

[0082] In examples of the present disclosure, the scaling of each parameter may be carried out

using the following equation:

[0083] scaled parameter = (unscaled parameter — minimum_reasonable_value) /

(maximum_reasonable value — minimum_reasonable value)
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[0084] Following this procedure, if the parameter value was included within the reasonable values
range, its scaled value will be between 0 and 1 (both included). If the parameter value was higher
than the maximum reasonable value, its scaled value will be higher than 1. If the parameter value

was lower than the minimum reasonable value, its scaled value will be lower than 0.

[0085] Then, in step 409, a training data set is assembled, by coupling the scaled parameters
based on the calculated parameters area in cm? of each ROI (body of the subject, Muscle, VAT
and SAT), average radiodensity (in HU) of each ROI (body of the subject, Muscle, VAT and SAT),
area the ROls corresponding to Muscle, VAT and SAT tissues measured as a percentage (%)
with respect to the area corresponding to the ROI that corresponds to the body of the subject
within the image, and the retrieved parameters (weight, height and age of the subject), with the

corresponding output parameter: the REE parameter received in step 401.

[0086] Then, in step 410, a supervised training is performed on the neural network, using the

assembled training data set.

[0087] In step 411, once the neural network has been trained with a first training data set
corresponding to a first subject, if the user wishes to keep training the neural network, the method
may restart in step 401, wherein new IC test data or bioimpedanciometry test and a new CT scan
image is used, corresponding to a new subject. Thus, the training method may be performed by
the computing device in an iterative manner, using a plurality of training data sets from different

subjects.

[0088] In examples, a data processing system is provided. The system comprises a processor
configured to perform a supervised training of a computer-implemented machine learning model
using a training data set comprising one or more groups of parameters of respective ROl of CT
scan images. A group of parameters comprises one or more parameters of each ROl. The one
or more parameters comprise a radiodensity parameter for at least one of the ROls. Each group
is associated with a ground-truth REE parameter. The ground-truth REE parameter associated
with each group corresponds to a corresponding subject from which the group of parameters of
each image comes from. The supervised training further comprises, for each group of parameters,
setting an output parameter of the model corresponding to the associated ground-truth REE

parameter.

[0089] In some examples, the data processing system further comprises a first interface to obtain

the one or more ground-truth REE parameters of one or more subjects, a second interface to
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obtain the one or more computed tomography, CT, scan images of the one or more subjects, and

the processor is further configured to:

- obtain the one or more CT scan images from the second interface;

- identify at least a region of interest, ROI, in each obtained CT scan image; and

- calculate at least one group of parameters of each ROI, wherein one or more of the
parameters of at least one group comprises a radiodensity parameter for at least one of the ROls.

[0020] In some examples, the processor is further configured, once a trained model resuits from
the supervised training, to either:
- receive new one or more groups of parameters of a new ROI of anew CT scan image and
to infer a new REE parameter using the trained model; or
- receive a new CT image obtained by the second interface; to identify a new region of
interest, ROI, in the new obtained CT scan image; to calculate new one or more groups
of parameters of the ROI, wherein the new one or more groups of parameters comprises
at least a radiodensity parameter for at least one of the ROls; and to infer a new REE

parameter using the trained model.

[0091] In some examples the first interface and /or the second interface may comprise, for
example, one or more cables or antennas and supporting hardware and/or software for enabling
communications with a wired or wireless communication network. Additionally, or alternatively,
the interface may include the circuitry for interacting with the antenna(s) to cause transmission of
signals via the antenna(s) or to handle receipt of sighals received via the antenna(s). In some
environments, the communication interface may alternatively or also support wired

communication.

[0092] The data processing system may include a user interface, the user interface may be in
communication with processing circuitry and a memory device to receive an indication of a user
input and/or to provide an output to a user. The user interface may include, for example, a display
and one or more speakers for providing visual and audible output to a user. Other examples of
the user interface include a keyboard, a mouse, a joystick, a microphone and/or other input/output
mechanisms.

[0093] In examples, a solution according to the present disclosure and shown in figure 5

comprises a system 500 for providing a new estimated REE parameter 508 of a subject, the

system comprising:
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- an interface 501 to receive one or mo;Gcomputed tomography CT scan images 505; for
illustration purposes, the image 506 is represented in figure 5 without non representative white
contour around the region of the entire subject's body within the image;

- a second interface 502 to receive at least one ground-truth REE parameter for each
corresponding CT scan image; the second interface 502 is represented as a different interface
of the interface 501 but a unique interface may be used for the purposes of receiving at least
one computed tomography CT scan image and at least one REE parameter for each
corresponding CT scan image;

5 a processor 503 in communication with the interfaces 501, 502; and

= non-transitory computer readable media 504 in communication with the processor that
stores instruction code, which when executed by the processor, causes the processor to:

— identify a ROI of each one or more computed tomography CT scan image;

= calculate at least one parameter of each ROI;

= train a model 507 to estimate a REE parameter, using a supervised learning methodology,
based on a training data set that comprises the at least one ground-truth REE parameter and
the at least one parameter of each ROIl, wherein the model receives as input the at least one
ROl parameter and is told to infer or estimate the ground-truth REE parameter from the training
data set.

[0094] In examples, once a trained model results from the supervised training, the model may be
stored in non-volatile computer readable media.

[0095] In examples, the non-transitory computer readable media 504 further stores instruction
code, which when executed by the processor 503, further causes the processor to:

- receive a new CT scan image of a new subject;

= process the new CT scan image to estimate a new REE parameter; and

- provide the new estimated REE parameter 508 via an output interface (not shown).

[0096] In examples, a solution according to the present disclosure comprises, as represented in
figure B, a system 600 for providing an estimated REE parameter 608 of a subject, the system
comprising:

- one or more interfaces 601, 602 to receive one or more computed tomography CT scan

images 605;

- an output interface 606 to provide the estimated REE parameter 608;

- a processor 603 in communication with the one or more interfaces 601, 602; and

- non-transitory computer readable media 604 in communication with the processor 603

that stores
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a trained model 607 which has been trained using a supervised learning methodology as

described in the present disclosure, based on a training data set that comprises at least one

ground-truth REE parameter and at least one parameter of a ROl of one or more CT scan

images;

instruction code, which when executed by the processor 603, causes the processor to:
= identify at least a ROI of a received CT scan images 605;
* calculate at least one parameter of the ROI;
* input the at least one parameter of the ROI to the trained model 607, obtaining
an estimated REE parameter therefrom; and
= provide the estimated REE parameter 608 via the output interface 606.

[0097] In examples a solution according to the present disclosure comprises a method for

providing a REE parameter of a subject, the method comprising:

receiving a computed tomography CT scan image;

identifying a ROI of the computed tomography CT scan image;

calculate at least one parameter of the ROI;

estimate the REE parameter using a model trained to estimate a REE parameter of a
subject from at least one parameter of a ROl of at least one CT scan image; and

providing the REE parameter of the subject.

[0098] In examples the above defined method for providing a REE parameter of a subject further

includes training the model to estimate a new REE parameter, using a supervised learning

methodology, based on a training data set that comprises the at least one training ROI parameter

and the corresponding training REE parameter and, wherein the model receives as input the at

least one training ROI parameter and is told to infer or estimate the training REE parameter from

the training data set as output.

[0099] In some examples, a solution according to the present disclosure comprises, as

represented in figure 7, a system 700 for providing an estimated REE parameter 702 of a subject,

the system comprising:

at least one interface 701 to receive one or more calculated parameters of a ROl of a CT
scan image of a subject;

an output interface 703 to provide the estimated REE parameter 702;

a processor 704 in communication with the interface 701; and

non-transitory computer readable media 705 in communication with the processor 704 that
stores

a trained model 706 which has been trained using a supervised learning methodology as

described in the present disclosure, based on a training data set that comprises at least one
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ground-truth REE parameter and at least one parameter of a ROl of one or more CT scan

Images,
— instruction code, which when executed by the processor 704, causes the processor to:
= input the one or more calculated parameters of a ROI to the trained model 7086,
obtaining an estimated REE parameter 702 therefrom; and

* provide the estimated REE parameter 702 at the output interface 703.
[0100] Although only a number of examples have been disclosed herein, other alternatives,
modifications, uses and/or equivalents thereof are possible. Furthermore, all possible
combinations of the described examples are also covered. Thus, the scope of the present
disclosure should not be limited by particular examples but should be determined only by a fair
reading of the claims that follow. If reference signs related to drawings are placed in parentheses
in a claim, they are solely for attempting to increase the intelligibility of the claim and shall not be
construed as limiting the scope of the claim.
[0101] Further, although the examples described with reference to the drawings comprise
computing apparatus/systems and processes performed in computing apparatus/systems, the
invention also extends to computer programs, particularly computer programs on or in a carrier,
adapted for putting the system into practice.
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CLAIMS

1. A training method of a computer-implemented machine learning model for obtaining a Resting
Energy Expenditure, REE, parameter of a subject from one or more computed tomography, CT,

scan images of a subject, the method comprising the steps of:

- obtaining one or more ground-truth REE parameters of one or more subjects;

- obtaining the one or more CT scan images of the one or more subjects;

- identifying at least a region of interest, ROI, in each of the obtained CT scan images;

— calculating a group of parameters of each ROI; wherein a group comprises one or more
parameters of each ROI, the one or more parameters comprising a radiodensity parameter
for at least one of the identified ROIs; and wherein each group is associated with a ground-
truth REE parameter; and

- performing a supervised training of the computer-implemented machine learning, ML,
model, using a training data set comprising one or more groups of parameters of each ROI
and the associated one or more ground-truth REE parameters, and wherein the supervised
training further comprises, for each group, setting an output parameter of the ML model

corresponding to the associated ground-truth REE parameter.

2. A training method according to claim 1 wherein
- identifying at least a region of interest, ROI, comprises segmenting each of the obtained
CT scan images, identifying thereby at least one predetermined type of tissue, organ, or
any combination of them within the obtained image;
- and wherein calculating one or more parameters of each ROl comprises calculating at
least one parameter related to an amount of the at least one identified ROI or related to a

radiodensity of the ROI, from the segmented CT scan image.

3. A ftraining method according to claim 1 or 2 wherein the computer-implemented machine
learning model is a regression model; or wherein the computer-implemented machine learning
model is one of a neural network, or a model comprising assembled decision trees, or a neural
network comprising at least one fully connected layer, or a combination of one or more neural

networks and one or more decision trees.
4. A training method according to any of claims 1 to 3 wherein the one or more parameters of
each ROI are obtained by calculating an area or volume of an identified tissue, organ, or any

combination of them from the CT scan image and a resolution of the CT scan image.

5. A training method according to any of claims 1 to 4 wherein the one or more parameters of
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each ROI comprise a percentage of an identified ROI, relative to a tissue or an organ or to any
combination of thereof, with regards to a different ROI relative to other tissues, other organs, or

any combination of thereof, including an entire subject’s body within the obtained CT scan image.

6. A training method according to any of claims 1 to 5, wherein the one or more parameters further
comprise an amount of a Muscle tissue, and/or of a visceral adipose tissue, VAT, and/or of a

subcutaneous adipose tissue, SAT, and/or of an entire subject’s body within the CT scan image.

7. A training method according to any of claims 1 to 6, wherein the training data set further
comprises at least one of demographic data, and/or anthropometric data and/or clinical data of
the subject.

8. A training method according to any of claims 1 to 7 wherein the steps of
- obtaining the one or more CT scan images of the one or more subjects;
- identifying at least a region of interest, ROI, in each of the obtained CT scan images; and
- calculating a group of parameters of each ROI
are performed by a first entity; and
- the method further comprises receiving one or more parameters of each ROl by a second
entity before performing a supervised training of the computer-implemented machine

learing model by the second entity.

9. A method for inferring a Resting Energy Expenditure (REE) parameter of a subject, comprising
inferring the Resting Energy Expenditure (REE) parameter using a computer-implemented
machine learning model trained using the method of any of claims 1 to 8, wherein the inferring
comprises inputting a calculated group of parameters into the machine learning model, and

obtaining an REE parameter as the output of the model.

10. The method for inferring a REE parameter of claim 9 further comprising, before inferring the

REE parameter:

- obtaining at least one CT scan image of the subject;

— identifying at least a ROl in the CT scan image; and

- calculating a group of parameters of each ROI, wherein the group of parameters comprise
a radiodensity parameter for at least one of the ROls.

11. A data processing system, the system comprising a processor configured to perform a
supervised training of a computer-implemented machine learning model, using a training data set

comprising one or more groups of parameters of respective ROl of CT scan images; wherein a
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group comprises one or more parameters of each ROI, wherein the one or more parameters

comprise a radiodensity parameter for at least one of the ROIls, wherein each group is associated

with a ground-truth REE parameter, and wherein the supervised training further comprises, for

each group, setting an output parameter of the model corresponding to the associated ground-

truth REE parameter.

12. The data processing system of claim 11 further comprising:

a first interface to obtain the one or more ground-truth REE parameters of one or more
subjects;

a second interface to obtain the one or more computed tomography, CT, scan images of
the one or more subjects;

and wherein the processor is further configured to:

obtain the one or more CT scan images from the second interface;

identify at least a region of interest, RO, in each obtained CT scan image; and

calculate at least one group of parameters of each ROI, wherein one or more of the
parameters of at least one group comprises a radiodensity parameter for at least one of the
ROls.

13. The data processing system of claim 11 or 12 wherein the processor is further configured,

once a trained model results from the supervised training, to either:

receive new one or more groups of parameters of a new ROI of a new CT scan image and
to infer a new REE parameter using the trained model; or

receive a new CT image obtained by the second interface; to identify a new region of
interest, ROI, in the new obtained CT scan image; to calculate new one or more groups of
parameters of the ROI, wherein the new one or mare groups of parameters comprises at
least a radiodensity parameter for at least one of the ROIs; and to infer a new REE
parameter using the trained model.

14 A computer program product comprising program instructions for causing a computing system

to perform a method according to any one of claims 1 to 8.

15. A computer program product comprising program instructions for causing a computing system

to perform a method according to claim 9.
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ABSTRACT

A training method of a computer-implemented machine learning model for obtaining a Resting
Energy Expenditure (REE) parameter of a subject, and a system to perform such method, are
presented, wherein an REE parameter from an experimental test, and information from a CT scan
image of the subject are used to train the computer-implemented machine learning model. A
method for estimating a Resting Energy Expenditure (REE) parameter of a subject is also
presented, using a computer-implemented machine learning model previously trained by the
training method described herein.
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6. OVERALL SUMMARY OF RESULTS

This thesis justifies its findings in three articles, two of them already published

and one accepted pending publication. The main results are summarized below:

6.1.Study 1: “Comparison of computed tomography and dual-energy X-ray
absorptiometry in the evaluation of body composition in patients with

obesity.”

A total of 70 patients were included in this study. Of them, 59% were women,
with a mean age of 47.37 + 12.8 years. From the clinical point of view, the data set
is divided into two groups of patients, patients living with severe obesity and patients
without obesity. The control group consisted of 24 patients with a mean BMI of 26.27
1 4.86 kg/m2, and the case group consisted of 46 subjects with a mean BMI of 43.56
* 4.69. 16 slices of the abdominal CT at the L3 level were analyzed and compared
with the results obtained from a single slice. The correlation and agreement obtained
with each model when using only 1 CT slice is very close to the one obtained when

using 16 slices. This suggests that a single slice may be representative enough.

We applied the classical model (model 1 or Mourtzakis model) to compare
CT and DXA. We also developed and applied a second model using the same
variables as in the classical model. Both models presented similar correlations and
that these were not higher than 0.76 for FFM. We developed a new model using
other variables such as radiodensity per HU and quantification by percentage.
FocusedON Model presents a better agreement with respect to DXA, in both
tissues, FFM (r=0.916, p value <0.001), and FM (r=0.926, p value <0.001).

Nevertheless, to better assess agreement Bland-Adman plots have been
calculated and clearly shows that FocusedON Model is the one presenting the best

agreement with DXA.

Finally, to illustrate it error grids have been generated and the estimates
carried out by each of the tested models. The error has been measured as the
difference between the estimated value and the reference value provided by DXA.
It can be observed that FocusedON Model presents lower errors than the other two

models.
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6.2.Study 2: “Body composition assessment with ultrasound muscle
measurement: optimization through the use of semi-automated tools in

colorectal cancer”.

A total of 174 patients were included in this study. Of them, 60% were male,
with a mean age of 68.91 £ 11.52 years. All participants had colorectal neoplasia,
with the colon and sigmoid colon being the most commonly affected sites. Notably,
65% of the recruited patients presented with stage Il-lll disease at the time of
diagnosis, although an overwhelming 95% maintained a good baseline functional
status (ECOG=1). According to the GLIM criteria, 21% of the patients met the
criteria for malnutrition, although the average BMI was above the normal range
(BMI 26 kg/m2). Sarcopenia was screened screening using the SARC-F

questionnaire, which showed a 9% risk of sarcopenia within in the sample.

In a first evaluation of the ultrasound, the level of correlation with the CT was
determined. We observed a good correlation, especially with the area (r=0.67, IC
(0.57, 0.74), p value <0.05) and the Y axis (r=0.66, IC (0.56, 0.74), p value <0.05).
Where it is worth highlighting a remarkable correlation between both CT and US

findings, in particular related to patients without overflow.

It should be noted, since it is not a common practice in muscle ultrasound,
that the averages of the main variables obtained by ultrasound improve when we
normalize this measurement by the square of the height (m?). In example, muscle
area improves its AUC from 0.62 to 0.64. and Y axis from 0.59 to 0.61. Similarly,
when the patient’'s whit overflow was removed from the sample, muscle area
improves its AUC from 0.64 to 0.71). In addition, automatic variables also improve

their prognosis capabilities when normalized by patient's height.

On the other hand, the use the software tool, which allows carrying the
analysis in a more automatic and user independent way, also increases the
performance of the different metrics. For instance, muscle Y axis improves from
0.56 to 0.68, and even to 0.72 when using the y-eigenvector. Similarly, muscle
area improves from 0.71 (after normalized by height and remove overflow) to 0.73

using semiautomatic tool.
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Although this trend can be clearly seen in the results, the difference between the

manual and automatic metrics is not statistically significant (p-value >0.05).
6.3.Study 3: “Resting energy expenditure estimation by CT body composition

analysis”.

A total of 90 patients were included in this study. Of them, 62% were men,
with a mean age of 62.3 + 15.4 years, and the mean BMI was 24.6 + 4.7 kg/m?.

Intentionally, patients with a wide range of BMI (15.4-47.9 kg/m?) were included.

Resting energy requirements were calculated using some of the commonly used
mathematical equations in comparison to the reference method (IC). In general,
equations showed a low correlation with the reference method (0.486 to 0.558), and
a high dispersion. The equation with the best results was the Ireton-Jones equation

(1992) with an r= 0.558 (IC 0.397-0.686, p value <0.001).

After applying deep learning and developing the most accurate model, the variables
accounting for REE in an independent manner were those related to total weight
(kg), age, and muscle mass quantity (cm2). Interestingly, gender, were not valued

as significant for REE model.

Regarding REE assessed by BIA, the CT model, presents a higher correlation in
comparison with mathematical models (r=0.636, p value <0-001) and with a similar

dispersion (0.494-0.745).
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7. OVERALL SUMMARY OF THE DISCUSSION

In this thesis we have been able to demonstrate the validity and potential of
assessing the body composition (BC) and surprisingly the resting energy
expenditure (REE) by means of the analysis of an abdominal CT-scan image
through segmentation performed with semi-automatic software trained with Al
developed by our group- FocusedON. In addition, we have developed software for

BC assessment through US image analysis.

The main objective of the thesis has been to demonstrate that abdominal CT
is a useful technique in the field of BC assessment, with different and innovative
clinical applications. For this purpose, we actively collaborated in the development
of a semi-automatic software with Al called FocusedOn-BC, which has been used
for the segmentation of images in all studies and whose development is specified in

the “Clarifications regarding the methodology” section.

Knowledge of BC and the amount and distribution of muscle and adipose
tissue is especially relevant in patients with severe obesity, given its importance in
understanding the impact on metabolic and cardiovascular complications of the
patient. However, this is a particularly difficult population to analyse given the body
characteristics and the current limitations of BC techniques. Until now, DXA has
been used as a reference technique for the study of BC in general and especially in
patients with obesity. We know that one of the limitations of DXA is that the greater
the thickness of the patient, the lower its ability to discriminate tissues, especially
lean or muscle tissue. Additionally, DXA is a technique that emits little radiation as
one of its advantages in comparison with CT, but it loses precision in patients with
obesity (38, 82)(1). CT is a technique that is related to a slightly higher dose of
radiation and could be considered as a disadvantage. However, technically CT is a
method that provides high-quality and precise quantitative and qualitative
information on BC Until the present thesis there was no data regarding the
usefulness of CT for BC assessment in patients with severe obesity. In order to
validate CT in patients with severe obesity, we conducted the first study, where we
compared the results obtained by CT with those of DXA, considered currently the
reference method. We observed that CT had a good correlation with DXA for the

measurement of FFM, using the classic models (r=0.75, p value <0.05). In addition,
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it was possible to demonstrate for the first time that the use of a single slice
presented similar results to those obtained by the average of 16 slices, reducing the
time dedicated to the analysis by CT. Itis also important to highlight the development
of a new model that optimises the results obtained from CT measured by kilograms.
DXA expresses its results in kg, so classically the comparison of BC results by CT
vs DXA has been done in kg, therefore, the CT results (cm2) had to be converted
to kg. The equation developed by Mourtzakis et al. (118) is the most used in routine
practice. We observed that this equation had been developed with a small
population sample of cancer patients with normal BMI or overweight. We tested the
model proposed by Mourtzakis (118), defined as Model 1, and an adjusted version
defined as Model 2 (see Methodology). Both models underestimate the FM for the
subjects with obesity and overestimate it in the subjects with normal BMI.

Based on these findings we developed a new model that could be applied
with better results in different phenotypes and a wider range of BMI. Two innovative
concepts were included for this model. On the one hand, we use the percentage (%)
of tissue instead of cm? to measure the area of each body tissue, thus obtaining a
better proportionality of the distribution of the tissues. On the other hand, the CT
image also provides information on the tissue radiodensity, expressed by the
Hounsfield Units (HU) and allows to evaluate the tissue quality (119). Finally, in this
study we have created a new model that considers, for the first time, both the
percentages of adipose and muscle tissue and their average HU, instead of just
each tissue area in cm2 as in the models used so far in the literature. This new
model (FocusedON- Model) has provided results that are more accurate and the
data was confirmed by three different statistical analysis methods. The correlation
between FocusedON- Model and DXA was the strongest. It also showed better
agreement with DXA based on Bland-Atman plots, also without under or
overestimating the FM and FFM in any of the two groups. This new model has
demonstrated to be superior in accuracy to those presented in previous studies,
which only take into account the quantity of tissue measured in cm2. These
findings underlie the importance of revisiting the traditional equations and
models where they only used CT measurements expressed in cm2. We have
shown in our study that these models are not optimal for the assessment of PwO,

so the present cut-off levels should be reevaluated. Our study highlights the

132



relevance of the CT as a reliable technique for BC assessment, pointing out the
relevance and need to include qualitative information (UH) besides quantitative for

the evaluation of BC in PwO.

After carrying out the previous study, we were able to conclude that CT is an
excellent technique for the study of BC and that further studies are necessary to
better understand its clinical applications and the development of cut-off points and
normative data bases in our population. One main limitation that can be found for
the CT as widely used technique for BC assessment is its low accessibility,
especially in primary care and outside specialised clinics, as well as the radiation
dose. For this reason, we designed the second study of the thesis, with the aim of
finding a more accessible muscle assessment technique, such as ultrasound, which
could serve as an alternative when CT is not available. Ultrasound (US) is a simple,
reproducible, cost-effective and non-invasive technique that can be performed with
portable devices. Furthermore, several guidelines already mention the US for the
assessment of BC. (20, 38, 47). Some authors consider the US as the “stethoscope
of body composition,”. For the purpose of our study, we included patients with
colorectal cancer as they require CT scans as part of their follow-up, staging and
overall assessment (123). This positioning allows CT to be used as an
“opportunistic” technique to analyse BC with a high degree of precision, thus
providing a valuable validation platform for emerging techniques, such as US. We
therefore performed this study in patients with a recent diagnosis of colon cancer,
in whom we performed rectus femoris muscle ultrasound coinciding with the CT
scan in a short period of time. We observed a good correlation between the results
of the CT and the ultrasound (r = 0.67, Cl 0.57-0.74, p < 0.001).

One of the limitations of the US as a technique for BC assessment is that it
is observer-dependent. Operator manipulation is especially important at two key
moments, the performance of the examination (taking the image) and the taking of
measurements. Measurement is a manual process, in which the different metrics
(area, X axis, Y axis) are measured by means of the ultrasound device (105). This
moment of image manipulation can increase the differences between operators,
reducing the effectiveness of the technique. As a solution to this high manipulation,

we propose the development of a semi-automatic marking tool. In this study, a semi-
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automatic tool called “Bat” is developed that provides the metrics of the Y axis, X
axis, adipose tissue and grayscale automatically through manual marking of the
muscle area. Reducing the observer's manipulation to only the marking of the

muscle area.

Another contribution generated by the use of software is that regardless of
the probe's orientation, the principal axes of the muscle's image will consistently
adjust. By focusing on the intrinsic geometric properties of the muscle tissue,
measurements become more reflective of the actual dimensions of the muscle and
less dependent on the probe positioning. Consequently, this approach leads to more
accurate and objective assessments of muscle size, shape, and potentially its
quality status. This technique greatly reduces the reliance on the operator skill or
consistency in probe placement. Different observers can perform the scan, and the
main axes will remain consistent for the same anatomical structure, ensuring more

objective and reproducible measurements.

Reduction in muscle mass (MM) is strongly associated with a prognosis in
terms of postoperative complications, prolonged hospital stays, discharge
outcomes, treatment response and mortality (18). Consistent with this premise, our
study results confirm that lower MM, as measured by the US, is associated with
longer hospital stays and decreased likelihood of discharge home, essentially
indicating a more difficult prognosis for the patient. Given the accessibility of US as
a technique, serious consideration should be given to its more frequent
incorporation into protocols for prevention and clinical optimization in patients with
colorectal cancer. Furthermore, the results obtained can play a key role in tailoring
multimodal treatments in cases where low muscle mass is evident or its

deterioration is observed over time.

RF area (cm2) emerged as the variable with the strongest correlation with
CT, although results were also noted for the Y axis (see Table 2). This may
be related to the fact that the favourable performance of the axis due to its vertical
measurement, which is not affected by possible image displacement from the
screen. In this sense, we observed that a significant percentage of the images (62%)
acquired according to our protocol in the lower third of the leg showed an area that

extended beyond the edges of the screen. This overflow situation, where the area

134



extends beyond the edges of the screen, introduces a potential source of
imprecision in area measurements compared to situations where the area is fully
displayed. We therefore, stratified the sample into two groups, with and without
overflow. We re-run the clinical correlation in the group without overflow, and
observed an improvement in the ROC curves, indicating a lower rate of false
positives and false negatives. An increase in the correlation with clinical
complications, discharge destination and hospital stay were also observed.
However, it is recognised that these results may be influenced by the fact that many

patients without overflow generally have worst muscle mass.

A limitation of our tool is its partial automation, which requires a manual
measurement by a researcher. However, it has been shown that a reduction in
manual measurement leads to significantly better results. It is necessary to carry out
studies with a larger sample size to fully automate the tool. In addition, it would have
been interesting to measure the RF area a few centimetres closer to the patella to
see if this would provide an improvement that we should definitely include in our

protocols when eliminating the overflow.

In the first study we were able to familiarise ourselves with the importance of

qualitative assessment in BC, through the use of the HU of the TC.

One of the challenges in the clinical practice of nutritional treatment is to know the
energy needs as accurately as possible, in order to carry out the most effective
treatment and with the lowest rate of associated complications, both due to over or
under nutrition. Indirect calorimetry (IC) is the reference method today. Despite the
important technological improvements that it has had in recent years, it is still an
expensive technique due to the expense of the device, the consumables and the
time required by a trained operator. However, there are no alternative methods to
IC that are simple, accessible and precise at the same time. There are methods
such as direct calorimetry or double water labelling, but they are technically very
expensive methods that are not applied in clinical practice. As a simple alternative,
although less precise, estimates using predictive equations or empirical
contributions are usually used according to recommendations of international
guidelines such as ESPEN (134-138). These equations have insufficient precision

and also little ability to adapt to changes in the physical or pathological conditions
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of the patient. One of the possible explanations is that these equations do not usually
include body composition parameters, but rather more generic variables such as
weight or BMI. Bioimpedance is capable of providing estimates of energy
requirements, through predictive equations that include BC parameters estimated
by the BIA itself. These equations have been validated and developed over the
years with multiple studies, with sample sizes greater than 1000 patients. It is worth
mentioning that the development of machine learning models usually requires a
large sample size. As an example, in Achamrah N et al (139) 3.655 subjects have
been used just to validate the performance of the Bodystat QuadScan 4000

Manufacturer’s equation with respect to dual-energy x-ray absorptiometry (DXA).

In the third study we hypothesise that if energy requirements are closely
related to BC and the state of muscle mass, a technique as precise as CT should
be able to provide a good estimation of resting energy expenditure. Thus, we
proposed the development of a machine learning model for REE estimation through
the use of clinical variables and the measurement of body composition through CT
and analysed data from 90 subjects that underwent abdominal CT, BIA and IC. We
observed a low correlation and a high dispersion of the comparison of the different
predictive equations, that are currently included in the clinical guidelines, and IC.
The model developed using Al with CT showed the best estimation of REE when
compared with the reference technique IC. Our study was designed as a proof of
concept in which only 90 subjects have been included. This fact strongly limits the
performance that can be expected from the developed models based on Al and the
proposed methodology. Despite this limitation, the results obtained are surprisingly
good, even overcoming those provided by the BIA for this cohort. We assume that
this is due to the fact that CT-scan analysis includes specific and precise data on
muscle quantity and quality, information which is very relevant for estimating the
REE.

In addition, due to the sample size, the model could not contain more than
three variables, which limits its power and adaptability. After applying deep learning
and developing the most accurate model, the variables accounting for REE in an
independent manner were those related to total weight (kg), age, and muscle mass

quantity (cm2). Interestingly, gender, a classic variable widely used at present and
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for more than a century ago (i.e. Harris-Benedict equation) for the estimation of
REE, were not valued as significant. This unexpected finding might explain the low
correlation of either BIA or predictive equations with the real value of REE, thus
suggesting that gender per se is not a primary determinant of REE. This finding
can have a significant impact and may eventually change the current
guidelines and recommendations for REE determination in the setting of
nutritional evaluation. For sure, this study has the potential to impose a
revision of the current mathematical equations, proposed for the REE
estimation, that all include gender as a variable and not muscle quality and/or
quantity. As previously described, in the first study, when we tested the different
available CT-scan variables, muscle radiodensity also showed very promising
results. We observed a high influence of the HU in the following models, but data
needs to be validated in a model with more variables and higher sample size. As far
as we know, radiodensity (HU) has never before been used for the REE calculation.
We believe that the introduction of a variable that so faithfully reflects the metabolic
state and muscle quality will significantly improve the prediction capacity of the

model. In the future we aim to validate and refine these results.

It is expected that increasing the sample size would allow developing and
training more complex and robust models that would lead to even more accurate
results. As an extra advantage of the proposed methodology, it is also worth
mentioning that CT-scan is a method that is widely integrated in clinical practice,
which does not require specific preparation, such as fasting, rest, or maintaining the
same position for a long period of time. The proposed methodology considerably
increases the value of this technique as it allows an "opportunistic" use of the CT-

scan images to estimate the REE.

Our results demonstrate for the first-time that REE can be estimated by
means of a model based on BC information extracted from abdominal CT-scan
images using automatic Al-based software. It is worth mentioning that the method
herein proposed, based on the Al model, permits to estimate “at a glance” both BC
and REE, thus opening up a new era in the personalised approach of metabolic and
nutritional assessment and follow-up after interventions. interventions. In addition,

this combined information can favour subjects’ adherence to treatment and follow-
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up and can contribute to a positive reinforcement. For health care providers, the
system will monitor in real time the effects of new emerging pharmacological
therapies in different pathologies (i.e. obesity, diabetes, cancer, nutritional

pathologies), thus engaging the pharmaceutical industry as a whole.
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7.1.Clinical relevance

At a time when technology and artificial intelligence are demonstrating their
broad clinical applications and value in optimising more personalised management,
our goal has been to continue contributing to this field with improvements for the
personalization and optimization of BC techniques and nutritional and metabolic

treatment.

We demonstrated the validity of using CT as a BC assessment technique in
patients with severe obesity. One of the advantages obtained from the use of CT
for the BC assessment in obesity is the ability to phenotype different types of obesity,
based on the distribution of adipose tissue (subcutaneous and visceral); muscle

quantity (sarcopenic or non-sarcopenic); muscle quality (myosteatosis or normal).

In addition, we also demonstrate in this thesis that measuring the area in cm2
is not the optimal way to quantify tissues using CT in patients with obesity, as was
proposed by previous models, and we showed superiority of metrics when using
proportions. This represents an important finding and has the potential of

changing the current methods and guidelines.

Additionally, we showed for the first time that the estimation of REE by
means of CT-scan has a strong correlation with the current reference method
and we submitted the finding for intellectual property. This result also has the
potential of changing the current guidelines and will allow a personalised approach
“at a glance” as well as a reliable, easy and reproducible tool for follow-up. Many
clinical situations and pathologies will benefit from both the assessment of BC and
REE through CT “at a glance”, such as patients with obesity and metabolic diseases,
cancer, inflammatory bowel diseases, patients with abdominal surgery, critical
patients, etc. In general, all of them require CT to be performed at relevant times of
their pathology, which will serve to identify sarcopenia or alterations in body
composition and a correct adjustment of their nutritional treatment that would not be
sufficient with the usual tools. In addition, it provides us with energy requirements,

which are a fundamental aspect of the nutritional treatment plan and its success.
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Furthermore, apart from the fact that sarcopenia is associated with a worse
prognosis and greater complications related to oncological treatment and surgery,
it has been shown that lower muscle density is also associated with a high risk,
regardless of the amount of muscle. The information obtained from the CT scan
analysis with FocusedON during the BC assessment provides information regarding
the muscle quality by the inclusion of the HU in the model. This sensible and refined
information allows one to adjust the therapeutic risk and choose the best preparation
prior to the indicated therapy, such as either as prehabilitation prior to chemotherapy
or pre-surgical prehabilitation, for instance. This finding, and the utility of the HU
for the muscle quality assessment also has the potential of changing the

current guidelines.

On the other hand, muscle ultrasound is a technique that is shown to be a
good alternative to CT-scan, since it is an accessible technique, without radiation
and of low cost, providing good quality images. However, it is a technique that
requires trained personnel for obtaining the proper image, and its results are
operator-dependent and needs several manual measurements. The software
developed by our group together with Artis Development showed to help reduce the
examination time by being able to obtain the information for the BC assessment
from just one measurement, also adding qualitative muscle information. This means
great advantages in the applicability of this technique, such as a reduction in the
examination time, results that are less manipulated by the operator, variables
corrected by image analysis using Al, and qualitative information. These
improvements could help to increase the number of personnel who can perform it
more easily and with better results, helping, for example, primary care personnel

who require accessible techniques that cost little operator time.
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8. FUTURE PERSPECTIVE

One of our objectives is the development of:

1. Normative data base in healthy Spanish population.

2. Development of cut-off in different chronic pathologies.
2.1. We have already started the validation in cancer:

e Unicentric colon cancer study, 2021-2024. Morphofunctional study
and 12-month follow-up in patients diagnosed with colon cancer
undergoing surgery. Pending completion of follow-up, 204 patients are
recruited with visits every 3-6 months.

e Development of cut-off points in patients with colon cancer. Closed
recruitment, sample size of 580 patients. Led by our centre, together
with the Regional Hospital of Malaga and the Virgen de la Victoria
Hospital in Malaga. First publication on May 21, 2024 in the journal
Nutrients.

e Study in patients with gastric cancer. Preliminary results presented at
the 36th National Congress of the Spanish Society of Parenteral and
Enteral Nutrition (SENPE), in Madrid, October 2021. Awarded as the
best oral communication of the congress. Closing date of the study
July/2024.

2.2. Obesity and MASLD: We are currently continuing to expand the sample
size of the third article, on which the patent is based, in patients admitted with
multiple types of pathologies or phenotypes, including obesity. And add CT
scan hepatic infiltration,  to decide on the optimal treatment for the improvement,
not only of obesity, but also of associated metabolic complications. The
project does not currently have funding but is pending the resolution of the public-
private call ISCIIl requested by VHIR in collaboration with Artis Development:
SCPP2300C010524XV0.

3. Validation and improvement of the REE assessment by CT-scan.

3.1. One of the most innovative aspects contributed by the thesis is the patent
(PCT/EP2023/080242), currently submitted and of which 100% of its claims

have been accepted. Pending completion of the European process.
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3.2. A proof of concept has been published, and we continue to recruit
patients with the characteristics of the third study to expand the sample size and

improve the estimation models.

4. Implementation of FocusedON at large scale. obtention of the CE

marking.

4.1. Utilisation in multicentric, pharma sponsored clinical trials with new drugs
for  obesity and MASLD. Preliminary results on body composition and energy
expenditure were presented at the ECO 2024 congress, Venice 11-15.05.2024,
and there is already interest from the pharmaceutical industry (Boehringer
Ingelheim) to evaluate the incorporation of the FocusedOn software in the
company's clinical trials to assess body composition. In this regard, the first

contacts have been established and meetings have been scheduled.

4.2. The internationalisation of the project and the tool and the capacity to
bring together clinical centres from most of the European member countries of
EASO. In this regard, contact has already been established and the preliminary
idea of the  protocol for the multicentre clinical trial has been designed with several
EASO-COMs centres: Hasharon Hospital- Rabin Medical Centre, Israel (Prof
Dror Diker), Centre for the study and the integrated treatment of obesity-
bariatric unit department of medicine-DIMED-Clinica Medica 3, University of
Padova (Prof Roberto Vettor) and University of Health Sciences Istanbul
(Prof Volkan Yumuk- president of EASO). In  addition, we have contacts with the
European Coalition of People with Obesity (ECPO) and citizen participation will

be counted on for the internationalisation of the project and the clinical trial.

5. Development of the use of CT for BC and REE assessment at other

levels, different from L3 vertebrae, such as thoracic or cervical CT.

5.1 Study of assessment of BC at the cervical level in patients with head and

neck neoplasia receiving radiotherapy at our centre.
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5.2. Collaboration study with the Radiotherapy service of the Negrin Hospital

in Las Palmas de Gran Canaria, for the validation of BC at the cervical level.

5.3 Project VALONC (Valoracion Morfofuncional en paciente con cancer de
pulmén). Study formed by 10 national hospitals led by Dr. Garcia Almeida,
where our group  coordinates the BC analysis section by image (FocusedOn-
BC), where BC will be studied at the cervical, thoracic and abdominal levels. A

FIS ISCIII project has been requested, pending the resolution.

6. Validation of “Bat” software for US muscle assessment.

Another important point of innovation has been the creation of the semi-
automatic  software “Bat” for marking muscle ultrasound images in the rectus

femoris.

e We are currently waiting to complete the “Single-centre colon cancer study”,
2021-2024. Morphofunctional study and 12-month follow-up in patients
diagnosed with colon cancer undergoing colon surgery. These patients have
undergone a complete morphofunctional assessment including muscle and
abdominal ultrasound every 3 months and marking with the “Bat” software.
Pending completion of follow-up, 204 patients were recruited. It will allow
training and validation of the “Bat” software.

e VALONC study, multicenter (15 national centres) in patients with lung
cancer. The “Bat” software will be used for marking ultrasounds. A FIS ISCIII

project was requested in March 2024 and has been awarded.
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9. GLOBAL CONCLUSIONS

1.

The analysis of a single slice CT-scan image with the FocusedON software
showed accurate BC assessment when compared with the reference

technique DXA in patients with obesity.

. Variables such as muscle quantity measured in percentage and qualitative

assessment (HU) showed greater relevance for BC estimation than ones
being widely used at present in the clinical practice (as cm?), for any BMI.
There is a high correlation between abdominal CT muscle measurement as
a reference technique, compared to ultrasound in the rectus femoris, so we
can consider ultrasound as an alternative technique when CT is not feasible.
The new developed software for US images analysis- Bat- allows a precise,
reproducible and objective analysis, based on one measurement, optimising
therefore the procedure

CT-scan is a useful tool for the estimation of REE with a high correlation with
the current gold standard method: indirect calorimetry.

The gender, a classical variable used so far by all the algorithms for the REE
estimation, was ruled out by the Al, indicating that current methods and

guidelines need to be revisited.
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