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ARTICLE INFO ABSTRACT

Keywords: Serum free fatty acids (FFA) are generally elevated in obesity. The gut microbiota is involved in the host energy
Free fatty acids metabolism through the regulation of body fat storage, and a link between diet, FFA and the intestinal microbiota
Diet seems to exist. Our aim was to explore the interaction among serum FFA levels, gut microbiota, diet and obesity

Micrf’bi(’ta through a model regression tree in 66 subjects (age 52.7 + 11.2y) classified according to Body Mass Index (BMI).
g:zslty Total and individual FFA were analyzed by colorimetric enzymatic assay and methyl-tert-butylether-based ex-
Bacteroides traction protocol (MTBE), respectively. Microbiota was determined by gPCR and diet through a food frequency
Bifidobacterium questionnaire. Statistical analyses were performed, and predictive factors for obesity were obtained via classi-

fication by decision trees using machine learning methods. An obese-linked FFA profile was characterized by
decreased eicosapentaenoic (EPA) and increased linoleic, gamma-linolenic and palmitic acids levels simultane-
ously. Serum EPA and gender were identified as the most significant variables with 100% and 80% of impor-
tance, respectively. Palmitic acid, Bifidobacterium and Faecalibacterium explained >30%, followed by Bacteroides
group with 20% and docosahexaenoic acid (DHA) almost with 15% of importance. Also, the regression tree
model obtained for predicting obesity, showed a non-obese-linked profile, independently of gender, with serum
EPA > 0.235 pg/mL and Bacteroides > 9.055 log n° cells per g of feces. Moreover, Faecalibacterium and Bifidobac-
terium seemed to play an important role by complementing the levels of FFA in predicting obesity in males and
females, respectively.

1. Introduction

Obesity has been recognized by the World Health Organization
(WHO) as the epidemic of the 21st century due to the alarming in-
crease in its incidence worldwide and its impact on the morbidity and
mortality, that threatens to overwhelm the healthcare systems (World
Health Organization, 2016). This multifactorial disorder results from
the interaction among a plethora of factors, including genetic and envi-
ronmental ones, with special focus on the Westernized dietary patterns
and the sedentary lifestyle (De Los Reyes-Gavilan, Delzenne, Gonzélez,
Gueimonde, & Salazar, 2014). The long-term excessive caloric intake
promotes adipose tissue inflammation (DeMarco, Aroor, & Sowers,
2014; Emanuela et al., 2012; Trayhurn, 2005), leading to ectopic lipid
accumulation (Cavalcante-Silva, Galvao, da Silva, de Sales-Neto, &
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Rodrigues-Mascarenhas, 2015). Despite this understanding of the un-
derlying factors, after more than two decades of research, there is not
still a clear conclusion about the role of free fatty acids (FFA) metab-
olism in obesity. It is generally acknowledged that the concentration
of circulating FFA is increased in obesity and that high levels of FFA
are implicated in the pathogenesis of obesity-related insulin resistance,
type 2 diabetes and cardiovascular diseases (Karpe, Dickmann, & Frayn,
2011). However, a recent meta-analysis compiling results from 43 stud-
ies has reported only normal or moderately increased levels of FFA in
obesity (Karpe et al., 2011). Considering that plasma FFA concentra-
tions are mainly produced by the breakdown of intracellular triglyc-
erides into fatty acids, it is reasonable to expect a large degree of vari-
ation in the fatty acid profile as depending on the composition of the
subject's diet. Despite that both, saturated and polyunsaturated fatty
acids, contribute to the increase in FFA (Lee et al., 2006) and pro-
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vide similar energy content, they could have a different behavior from
a metabolic point of view and, as a consequence, a differential role in
obesity.

Several authors have proposed that different fatty acids are able
to drive different changes in the composition and functionality of the
intestinal microbiota, thus contributing to host lipid metabolism
(Rodriguez-Carrio et al., 2017), to the development of obesity (Karlsson
et al., 2013; Khan, Nieuwdorp, & Bédckhed, 2014; Le Chatelier et al.,
2013; Tremaroli & Bickhed, 2012; Zhao, 2013), and to the higher proin-
flammatory status classically associated to subjects with this pathology
(Clarke et al., 2014; Rodriguez-Carrio et al., 2017). Results from inter-
vention studies in animals and humans have reported changes in cer-
tain intestinal microbial populations in the context of obesity although,
the specific mechanisms that link rearrangements of the gut microbial
composition to the pathogenesis of obesity and related metabolic dis-
eases remain mostly unexplored (Dao et al., 2018). Although several
authors have found an increase in the ratio Firmicutes/Bacteroidetes,
these results remain controversial. Some Bifidobacterium and Lactobacil-
lus species as well as Akkermansia muciniphila have been associated with
lean phenotype (Dao et al., 2016; Million et al., 2012). Other microor-
ganisms such as Faecalibacterium prausnitzii showed inconsistent results
about its role in obesity (Feng et al., 2014). In this context, the aim of
this study was to analyze the role of FFA in obesity and to identify pos-
sible serum FFA profile/s associated with this condition, as well as the
role of the gut microbiota in this relationship. Since the traditional rec-
ommendations based on weight loss through diet modification and exer-
cise have not been successful enough to fight against obesity, the iden-
tification of possible serum FFA profiles associated with obesity could
open new dietary or pharmacological ways to normalize serum FFA lev-
els and improve the response of the obese people to treatments.

2. Subjects and methods
2.1. Participants

The study sample comprised 66 adult volunteers, 26 men and 40
women, aged from 19 to 67 years (mean + SD, 52.7 + 11.2) and with a
BMI ranging from 19.0 to 40.0 kg/m?, that were recruited in Asturias
Region (Northern Spain). In a personal interview, volunteers were in-
formed of the objectives of the study and those deciding to participate
gave their fully informed written consent. Subjects were initially clas-
sified according to their Body Mass Index (BMI) (Salas-Salvado, Rubio,
Barbany, & Moreno, 2007). Inclusion criteria were not being diagnosed
of autoimmune diseases, inflammatory bowel disease or other condi-
tions known to affect the intestinal function, as well as not having
undergone medical treatment with oral corticoids, immunosuppressive
agents, monoclonal antibodies, antibiotics or immunotherapy or not
having consumed consciously any supplement containing probiotics or
prebiotics during the previous month.

Ethical approval for this study was obtained from the Bioethics Com-
mittee of CSIC (Consejo Superior de Investigaciones Cientificas) and
from the Regional Ethics Committee for Clinical Research (Servicio de
Salud del Principado de Asturias n°13/2010) in compliance with the De-
claration of Helsinki of 1964. All experiments were carried out in accor-
dance with approved guidelines and regulations.

2.2. Anthropometric measures

At the time of carrying out the blood extraction, between eight and
nine o'clock in the morning, and after an over-night fast, anthropo-
metric measures were taken. Height was registered using a stadiome-
ter with an accuracy of +1 mm (Afio-Sayol, Barcelona, Spain). Subjects
stood barefoot, in an upright position and with the head positioned in
the Frankfort horizontal plane. Weight was measured on a scale with
an accuracy of =100g (Seca, Hamburg, Germany). BMI was calculated

Food Research International xxx (2018) xxx-xxx

from the formula: weight (Kg)/height (m?) and stratified according
to the Sociedad Espafiola para el Estudio de la Obesidad (SEEDO)
(Salas-Salvado et al., 2007) criteria: normal weight < 25.0kg/m?, over-
weight 25.0-26.9 kg/m?, and pre-obesity/obesity >27.0 kg/m?. Body fat
percentage was measured by bioelectrical impedance (BIA) with +=1%
variation, with subjects in light clothes and in fasted state (Tanita Cor-
poration of America, Inc., Arlington Heights, IL, USA).

2.3. Blood Biochemical analyses

Fasting blood samples were drawn by venipuncture and collected in
separate tubes for serum and plasma. Samples were kept on ice and cen-
trifuged (1000 x g, 15min) within 2-4h after collection. Plasma and
serum aliquots were kept at —20 °C until analyses were performed.

Plasma glucose, cholesterol, and triglycerides were determined by
standard methods. Serum levels of C-reactive protein (CRP) were deter-
mined by using a CRP Human Instant ELISA kit (Ebioscience, San Diego,
CA, USA), and those of malondialdehyde (MDA) with a colorimetric as-
say of lipid peroxidation (Byoxytech LPO-586, Oxis International S.A.,
Paris, France); the within-run coefficient of variation ranged from 1.2%
to 3.4%, depending on the concentration of MDA (Gerard-Monnier et
al., 1998).

Serum leptin was measured by a sensitive ELISA test (Human Leptin
ELISA Development Kit, 900-K90 PeproTech Inc., Rocky Hill, NJ, USA)
according to the manufacturer's instructions. The detectable concentra-
tion range was 63-4000 pg/ mL. The intra-assay and inter-assay coeffi-
cients of variation were 5.21% and 5.20%, respectively.

2.4. Free fatty acids assessment

Individual FFA were analyzed by liquid chromatography-mass spec-
trometry following a methyl-tert-butylether (MTBE) extraction protocol
as previously described (Pizarro, Arenzana-Ramila, Pérez-Del-Notario,
Pérez-Matute, & Gonzdlez-Sdiz, 2013). Briefly, serum samples were
spiked with an internal standard (heptadecanoic acid) and organic
phases were extracted in MTBE after protein precipitation with
methanol. The extraction was repeated, and the organic phases were
collected, dried and re-dissolved in the mobile phase. The levels of FFA
in the samples were analyzed in a Dionex Ultimate 3000 HPLC system
equipped with a Zorbax Eclipse Plus C18 column and mass detection
was performed in a Bruker Impact II q-ToF mass spectrometer with elec-
trospray ionization (negative mode).

Total FFA serum levels were quantified by means of a colorimetric
assay using a commercial kit (NEFA kit half-microtest, Roche Life Sci-
ences, Penzberg, Germany) following the protocol from the manufac-
turer, as previously described (Pizarro et al., 2013).

2.5. Fecal collection and microbial analysis

Participants received detailed instructions to collect fecal samples
and were provided with a sterile container. Samples were immedi-
ately frozen at —20 °C after deposition. For analyses, fecal samples were
melted, weighed, diluted 1/10 in sterile PBS, and homogenized in a
LabBlender 400 Stomacher (Seward Medical, London, UK) for 4 min;
the DNA was extracted using the QIAamp DNA stool mini kit (Qia-
gen, Hilden, Germany) as previously described (Arboleya et al., 2012).
Quantification of different bacterial populations that covered the ma-
jor bacterial groups present in the gut microbial ecosystem (Table 1)
was performed in feces with a 7500 Fast Real-Time PCR System (Ap-
plied Biosystems, Foster City, CA, USA) using SYBR Green PCR Mas-
ter Mix (Applied Biosystems) (Arboleya et al., 2012). One microliter of
template fecal DNA (~5ng) and 0.2uM of each primer were added to
the 25pL reaction mixture. PCR cycling consisted of an initial cycle of
95°C 10min, followed by 40cycles of 95°C 15s, and 1 min at the ap-
propriate primer-pair temperature (Table 1). The number of cells was
determined by comparing the Ct values obtained from a standard curve
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Table 1
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Bacterial groups, standard cultures, primers, and annealing temperatures (Tm) used for gPCR in this study.

Microbial target Strain used for standard curve Primer sequence 5'-3' Tm (°C)

Akkermansia Akkermansia muciniphila F: CAGCACGTGAAGGTGGGGAC 60
CIP 107961 R: CCTTGCGGTTGGCTTCAGAT

Bacteroides group Bacteroides thetaiotaomicron F: GAGAGGAAGGTCCCCCAC 60

Bacteroides-Prevotella-Porphyromonas DSMZ 2079 R: CGCKACTTGGCTGGTTCAG

Bifidobacterium Bifidobacterium longum F:GATTCTGGCTCAGGATGAACGC 60
NCIMB 8809 R: CTGATAGGACGCGACCCCAT

Faecalibacterium Faecalibacterium prausnitzii F:GGAGGAAGAAGGTCTTCGG 60
DSMZ 17677 R: AATTCCGCCTACCTCTGCACT

Clostridia XIVa group Blautia coccoides F: CGGTACCTGACTAAGAAGC 55

Blautia coccoides—Eubacterium rectale DSMZ 935 R: AGTTTYATTCTTGCGAACG

Lactobacillus group Lactobacillus gasseri F: AGCAGTAGGGAATCTTCCA 60
IPLA IF7/5 R: CATGGAGTTCCACTGTCCTC

This table is adapted from Arboleya et al., 2012

constructed using the pure cultures of appropriate strains that were
grown overnight in GAM (Gifu Anaerobic Medium) (Nissui Pharmaceu-
tical Co., Tokyo, Japan) under anaerobic conditions (Table 1). The Ct
values were plotted as a linear function of the base-10 logarithm of the
number of cells calculated by plate counting. Fecal DNA extracts were
analyzed and the mean quantity per gram of fecal wet weight was cal-
culated.

2.6. Nutritional assessment

Dietary intake was assessed in a personal interview by means of an
annual semi-quantitative food frequency questionnaire (FFQ) method
which details 160 items and that has been widely used and validated in
previous studies (Cuervo et al., 2014, 2015). The consumption of foods
was converted into energy and macronutrients using the food composi-
tion tables developed by the Centro de Ensefianza Superior de Nutricién
y Dietética (CESNID) (CESNID, 2008).

2.7. Data analysis

Statistical analysis was performed using the IBM SPSS program ver-
sion 22.0 (IBM SPSS, Inc., Chicago, IL, USA). Goodness of fit to the
normal distribution was analyzed by means of the Kolmogorov-Smirnov
test. When the distribution of variables was skewed, the natural loga-
rithm of each value was used in the statistical test. Overall, categorical
variables were summarized with percentages while continuous variables
were summarized using means and standard deviations. The chi-squared
test and independent samples t-test were used for group comparisons
where appropriate. Differences in general characteristics, anthropomet-
ric, life-style and blood parameters, as well as total and main individ-
ual FFA were assessed in accordance to BMI classification by means of
U-Mann Whitney test, and were calculated using normal weight volun-
teers as reference. Also, lineal regression analyses, adjusted by gender,
were used to investigate the association between serum FFA in obesity
with BMI, percentage of body fat and serum leptin as adiposity fac-
tors, and with serum MDA and CRP as lipid peroxidation and inflam-
mation biomarkers, respectively. The statistical parameters employed
were f (standardized regression coefficient) and R? (coefficient of multi-
ple determinations). The conventional probability value for significance
(0.05) was used in the interpretation of results.

In addition, predictive factors for obesity were obtained via ma-
chine learning techniques. In particular, different methods were tested,
such as decision tree based (C5.0), recursive partitioning, ensemble
methods or support vector machines (Kuhn & Johnson, 2016). The
performance of these methods is estimated through resampling tech-
niques. Most resampling techniques operate similarly: a subset of sam-
ples is used to fit a model and the remaining samples are used to esti-
mate the efficacy of the model. This process is repeated multiple times
and the results are aggregated and summarized. In particular, k-cross
validation randomly partitioned into k sets of roughly equal size. A

model is fit using all samples except the first subset (called the first
fold). The held-out samples are predicted by this model and used to es-
timate performance measures. The first subset is returned to the train-
ing set and the procedure repeats with the second subset held out, and
so on. The k resampled estimates of performance are summarized and
used to select the best model. In this work, k was set to 10. On the
other hand, all the methods were optimized according to their parame-
ters with regard to the usual evaluation metrics for this kind of prob-
lems. These metrics are Sensitivity, Specificity (Powers, 2011). Given an
obesity group, normal weight < 25.0kg/m?, overweight 25.0-26.9kg/
m?, and pre-obesity/obesity 27.0-40.0 kg/m?, these metrics evaluate the
performance of a method in predicting each group. In this sense, Sen-
sitivity measures the proportion of individuals belonging to a certain
obesity class correctly identified as such (for example, the proportion of
normal weight individuals correctly classified by the method as normal
weights). Specificity measures the proportion of individuals not belong-
ing to a certain obesity class correctly identified. The overall Specificity
and Sensitivity is obtained by averaging over all the classes. The exper-
iments were performed using R package version 3.4.3, in particular R
Weka package version 0.4.36.

The best method to build the classification model was selected con-
sidering both interpretability and performance in terms of Specificity
and Sensitivity. Interpretability is an important issue in this field. For
this reason, three of the four selected methods (decision trees, recur-
sive partitioning and ensemble methods) are easy to interpret, at least,
easier than support vector machines, that are less interpretable but,
more efficient and accurate in general. Recursive partitioning is not able
to correctly identify individuals belonging to a certain obesity, which
leads to a null Sensitivity and thus, it is not considered anymore. En-
semble method reached a performance close to that obtained by C5.0.
In fact, the averaged Sensitivity was 0.64 = 0.10 and the Specificity
was 0.86 + 0.06. On the other hand, the averaged Sensitivity obtained
by support vector machines was 0.57 = 0.16 and the Specificity was
0.83 = 0.54. Regarding C5.0, its averaged Sensitivity and Specificity
were respectively 0.71 + 0.09 and 0.86 + 0.05. Note that C5.0 reached
the higher performance considering both Specificity and Sensitivity. In
addition, it is more interpretable than the other methods. Thus, con-
sidering both parameters, C5.0 was selected to build the classification
model. C5.0 performance, according to BMI, is shown in Table 2.

Table 2
Sensitivity and Specificity according to BMI (kg/m?).

Normal weight Over weight Pre-obesity/Obesity

<25.0 25.0-26.9 >27.0

N=20 N=12 N =34
Sensitivity 0.68 = 0.05 0.59 £0.15 0.87 £ 0.08
Specificity 0.86 + 0.05 0.97 £ 0.03 0.76 + 0.08
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C5.0 builds a decision tree as classification model. The strategy to
construct the tree is based on a divide and conquers strategy. The first
node in the tree is called the root. A node with outgoing edges is called
test node and a node without outgoing edges is a leaf. Each path from
the root of the tree to a leaf determines a region, that is, a more homo-
geneous group subset of the input data. Initially, the whole training set
is associated with a leaf. Applying a recursive procedure, it is decided
using a test if the set associated to a leaf is split into smaller subsets as-
sociated to new leaves. When a subset is homogeneous (in some sense)
the procedure halts and the node is labeled as a leaf (terminal node).
In particular, C5.0 selects the split that maximizes Gain Ratio. As it was
previously noted, C5.0 was optimized according to bootstrapping trials,
winnowing and model output (Kuhn & Johnson, 2016), obtaining that
the best configuration was 1 bootstrapping trial, no winnowing and tree
model as output.

3. Results

The general characteristics of the sample, classified according to
BMI, are presented in Table 3. Pre-obese and obese subjects (BMI
27.0-40.0kg/m?) showed higher percentage of fat mass, serum leptin
and CRP. The proportion of females in groups decreased as BMI in-
creased.

To investigate whether serum FFA levels were associated to obesity,
we determined total (mM) and individual (pg/mL) fasting circulating
FFA levels. Our data showed a serum FFA profile linked to obesity that
was characterized by decreased levels in eicosapentaenoic acid (EPA)
(n-3 series), together with higher levels of linoleic, gamma-linolenic (n-

Table 3
General characteristics of the study population according to Body Mass Index (kg/m?).
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6 series) and palmitic acids. Total serum FFA showed a slight increase in
the obese group compared to normal weight subjects, that did not reach
statistical significance (p = .058) (Table 4).

In addition, after adjusting by gender, results from a lineal regres-
sion analysis showed that total FFA were directly associated to other
obesity related factors such as body fat percentage and MDA. In line
with this, linoleic acid was also directly associated with MDA, whereas
gamma-linolenic acid was related to CRP (Table 5).

In order to elucidate the role of fecal microbiota and individual
serum FFA in obesity, a classification tree was modeled. Fig. 1 shows the
model provided by C5.0 for predicting obesity based on BMI classifica-
tion using fecal microbial groups, serum individual FFA, smoking habit,
age and gender. At the top level of the tree, serum EPA concentration
was the variable most strongly associated with BMI. Splitting the sam-
ple according to EPA concentration in serum, <0.235 vs. >0.235pug/mL,
produced two subgroups. In the “high EPA” group the covariate most
strongly associated with BMI was the fecal levels of Bacteroides group,
which defined subgroups according to whether individuals had <9.055
or > 9.055 (log n° cells / g of feces). In this sense, subjects with higher
serum concentration of EPA and higher fecal levels of Bacteroides be-
longed to normal weight group, while subjects showing lower counts
of Bacteroides group were overweight. These results point out to the in-
creased concentrations of EPA as the main non-obese linked factor.

Within the second group (following the left branch in Fig. 1), with
“low EPA” serum levels, none of the covariates were directly associated
with the outcome. In this classification, the strongest association was
with fecal levels of Faecalibacterium <6.456 or > 6.456 (log n° cells / g

Normal weight Overweight p Pre- Obesity/Obesity p

<25.0kg/m? 25.0-26.9kg/m? >27.0kg/m?

N=20 N=12 N=34
Age (years)? 56 +10.1 55.5 = 8.3 0.501 49.6 =12.0 0.129
Female (%)® 80.0 75.0 0.740 44.1 0.010
Body fat (%) 29.0+7.4 36.2 +9.6 0.016 38.9+12.6 0.015
Energy intake (kcal/d)? 1936.0 * 537.2 1790.7 = 642.9 0.239 1937.2 + 456.6 0.802
Alcohol consumers (%)® 70.0 50.0 0.258 58.8 0.411
Current smoker (%)" 27.8 18.2 0.835 27.3 0.672
Sedentary lifestyle (%)° 35.0 50.0 0.403 55.9 0.138
Blood parameters?
Leptin (ng/mL) 6.9+4.3 9.1 £5.0 0.195 10.5+6.4 0.035
MDA (pM) 2.2+0.6 2.1+0.6 0.744 25+1.3 0.542
CRP (mg/L) 0.8+0.8 1.6 1.6 0.083 53+94 0.004

a Results from U-Mann Whitney analysis were presented as mean + standard deviation.

b Differences in categorical variables are examined using chi-squared analysis and presented as percentage (%). BMI, body mass index; HDL, high density lipoprotein; LDL, low density
lipoprotein; MDA, malondialdehyde; CRP, C-reactive protein. p value was calculated using normal weight as reference.

Table 4

Differences in main total (mM) and individual serum FFA (ug/mL) according to BMI (kg/m?).

Normal weight Over weight p Pre- Obesity/Obesity p

<25.0 25.0-26.9 >27.0

N=20 N=12 N =34
Total FFA 0.28 +0.114 0.29 + 0.193 1.000 0.39 + 0.195 0.058
Arachidonic acid 2.04 +1.01 1.86 = 1.15 0.954 2.30 £1.65 0.872
Docosahexaenoic acid (DHA) 1.94 +1.35 1.89 +1.91 0.526 1.48 +1.99 0.079
Eicosapentaenoic acid (EPA) 0.26 + 0.40 0.22 +0.19 0.924 0.10 £0.13 0.012
Stearic acid 29.53 +£7.42 30.38 = 6.18 0.774 29.13+7.76 0.872
Linoleic acid 7.58 + 3.24 9.95 + 5.94 0.477 12.68 +£9.16 0.024
Linolenic acid 0.22 +0.11 0.26 +0.16 0.477 0.27 +£0.25 0.809
Oleic acid 26.97 +12.81 29.42 +15.97 0.659 33.45 +19.92 0.282
Palmitoleic acid 0.80 = 0.78 210+2.75 0.326 1.24 +1.39 0.136
Gamma-linolenic acid 0.07 = 0.04 0.10 = 0.07 0.239 1.11 + 0.08 0.013
Palmitic acid 26.49 + 6.01 28.9 +£9.41 0.552 31.47 = 8.74 0.038

Results from U-Mann Whitney analysis were presented as mean + standard deviation. FFA, free fatty acids; p value was calculated using normal weight as reference.
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Table 5
Association between total (mM) and individual (pg/mL) serum FFA characterized in obesity, with obesity related factors.

BMI (kg/m?) % Body Fat Leptin (ng/mL) MDA (M) CRP (mg/L)

R? s R? s R? p R? s R’ ’
Total FFA 0.122 0.191 0.270 0.237* 0.091 —0.094 0.185 0.397* 0.013 0.085
Eicosapentaenoic acid (EPA) 0.316 -0.216 0.238 -0.133 0.123 -0.201 0.063 -0.132 0.042 -0.188
Linoleic acid 0.105 0.129 0.239 0.141 0.102 -0.143 0.140 0.320* 0.045 0.206
Gamma-linolenic acid 0.128 0.198 0.249 0.172 0.113 0.175 0.092 0.218 0.100 0.309*
Palmitic acid 0.102 0.112 0.233 0.116 0.094 -0.109 0.096 0.230 0.009 0.050

Results from lineal regression analysis adjusted by gender. FFA, free fatty acids; MDA, malondialdehyde; CRP, C-reactive protein; *p value <.05.

EPA

£0.235

>0.235

Male

Faecalibacterium Female

BMI € 25,27 BMI < 25
(n=6,err=16.7%) (n=7,err=0%)

BMI < 25
(n=3, err =0%)

>23.843

Bifidobacterium

£0.757 >0.757 £6.729 >6.729

BMI € [2527) BMI < 25
{n=3, err=33%) (n=6, err = 16%)

BMI€ [2527)
(n=2, err =0%)

£0.141

BMI < 25
(n=3, err =0%)

BMI < 25
(n=2, err =0%)

Fig. 1. Model regression tree to predict BMI using fecal microbial groups (log n° cells/g of feces), serum individual free fatty acids (pg/ mL), smoking, age and gender. EPA, eicosapen-

taenoic acid; DHA, docosahexaenoic acid; n, number of subjects; err, error rate; €, includes.

of feces) which was associated in the male group to normal and pre-obe- subgroups according to whether individuals presented serum levels
sity/obesity status, respectively. <23.843 or > 23.843 pg/mlL; so, those women who presented lower con-

Furthermore, for female, within the “low EPA” group the covariate centration of palmitic acid (< 23.843pg/mL) together with docosa-
most strongly associated with obesity was palmitic acid, which defines hexaenoic acid (DHA) concentrations >0.757 pg/mL were classified as
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normal weight. On the other hand, when palmitic acid was >23.843 pg/
mL and fecal levels of Bifidobacterium showed counts <6.729 (log n° cells
/ g of feces), females were classified within the overweight group. In
the same way, when following the right branch, the individuals with
“high Bifidobacterium” levels were further divided on the basis of EPA
concentration (< 0.141 or > 0.141 pg/mL). In this scenario, if EPA was
>0.141 pg/mL, or if it was <0.141 pg/mL, running together with Bifi-
dobacterium >8.823 (log n° cells/g of feces), subjects were labeled as
normal weight. Overall, these data suggest serum EPA as a significant
obesity indicator with independence of the rest of the variables. Fur-
thermore, when the concentration of serum EPA is <0.235pug/mL, the
interaction between serum FFA and the gut microbiota seems to be
sex-dependent, being associated to Faecalibacterium and Bifidobacterium
for males and females, respectively.

One of the main characteristics of some classification trees, and in
particular those obtained by C5.0 algorithm, is that they are able to
select those relevant features affecting the variable to predict. Thus, it
is possible to estimate the role of fecal microbiota in the observed as-
sociations. According to that, the importance of microbial groups and
serum FFA to classify our sample according to BMI is shown in Sup-
plementary Fig. 1. Serum EPA and gender were identified as the most
significant variables with 100% and 80% of importance, respectively.
Palmitic acid, Bifidobacterium and Faecalibacterium explained >30%,
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followed by Bacteroides group with 20% and DHA almost with 15% of
importance.

Given the relevant role of serum EPA as an obesity indicator, daily
consumption of major food groups was compared according to EPA
cut-off point. Subjects with serum concentrations >0.235pg/mL, pre-
sented higher intake of fish and seafoods, and vegetables (Fig. 2A),
specifically from salmon, sardine and tuna, and onion, cauliflower,
spinach, green beans and lettuce, respectively (Fig. 2B).

4. Discussion

The present work represents a preliminary study to investigate the
potential relationship between serum FFA as indicator of dietary fat and
the gut microbiota. Identification of novel lipid predictors raises the
possibility to improve our understanding of the obesity and associated
metabolic changes.

We have identified an obese FFA profile, characterized by the si-
multaneous reduction of EPA serum levels and increased concentra-
tion of linoleic, gamma-linolenic and palmitic acids, as regards of val-
ues found in the normal-weight population. In accordance with previ-
ous studies carried out in healthy subjects, where the infusion of lipids
induced a rise in the concentrations of serum FFA and free radicals
(Paolisso et al., 1996), we observed a direct association between total
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Fig. 2. Differences between individuals, according to serum EPA concentration (pg/mL); A) Radar plot representing differences in the daily intake of major food groups (g/day). Univari-
ate regression analyses were adjusted by energy intake (kcal/day); B) Differences in the intake of fatty fish (g/day) and, B2) vegetables. Dots represent the mean and whiskers the standard
error, derived from univariate analysis adjusted by energy intake (Kcal/ day). Only significant results are presented. *p <.05. (EPA > 0.235ug/mL, n = 14); (EPA <0.235pg/mL, n = 52).
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serum FFA and the serum concentration of MDA, suggesting the poten-
tial usefulness of total serum FFA as a reliable marker of a microenvi-
ronment sensitive to peroxidation (Furukawa et al., 2004). Also, the re-
lationship between serum FFA concentration and obesity, seems to be
complex and closely linked to an obesity-linked FFA profile and to sub-
ject's gut microbial composition, which has been repeatedly reported
to be different in obese humans as compared to lean people, both in
terms of diversity and in the relative abundance of the dominant phyla
Bacteroidetes and Firmicutes. We observed that gamma-linolenic acid, a
precursor of arachidonic acid, was directly related with the concentra-
tion of CRP (Paolisso et al., 1996). Despite that our data are in agree-
ment with the notion that total serum FFA concentrations differed ac-
cording to the grade of obesity and proportion of body fat mass (Karpe
et al,, 2011), we have only found a modest increase (0.107 mM) in
serum total FFA in our pre-obese/obese subjects with respect to the nor-
mal weight ones. Therefore, we have analyzed our data considering the
well-known differences present in the body composition between male
and female, and its role on FFA Kkinetics; with this in mind, statistical
analyses were adjusted by gender to avoid the effect of the said variable
as confounder (Alsharari et al., 2017; Blaak, 2001).

Then, taking into consideration that differences in fatty acids can
be related to differences in the composition and functionality of the
intestinal microbiota, it is possible that these compounds could act as
mediators for the development of obesity (Karlsson et al., 2013; Khan
et al.,, 2014; Le Chatelier et al., 2013; Tremaroli & Béackhed, 2012;
Zhao, 2013) and proinflammatory status frequently associated with it
(Boden, 2008; Perreault et al., 2014; Serhan, Chiang, & Van Dyke,
2008). In the present study, we wanted to go a step further by address-
ing the potential connections between the gut microbiota and the dif-
ferent serum FFA in the context of obesity, by analyzing in detail the
possible interactions between all factors involved. With this purpose,
we have constructed a decision tree using the C5.0 machine learning
method in order to explore potentially non-linear relationships among
different types of FFA, measured in serum, and the main gut repre-
sentative microbial groups, with the prevalence of obesity as outcome
(Venkatasubramaniam et al., 2017). This approach could offer up a bet-
ter picture of what is occurring in a physiological context than the tra-
ditional analyses which are conducted to decipher the effect of individ-
ual variables; this approach has also the additional advantage of offer-
ing a cut-off point that could be useful for classifying the risk of obe-
sity of the subjects evaluated. Our results using this method, pointed
to serum EPA concentration, running together with fecal levels of Bac-
teroides group, as the best predictor of BMI, with independence of gen-
der and the rest of the variables introduced in the model. In this re-
gard, reduced intestinal Bacteroides levels were repeatedly reported in
obese subjects (Duca et al., 2014; Liu et al., 2017; Park et al., 2015)
and some studies have also shown enrichment in this bacterial group af-
ter weight loss (Jumpertz et al., 2011) or after bariatric surgery (Furet
et al., 2010). Moreover, high concentrations of omega-3 fatty acids in
blood have been associated with protection against obesity and obe-
sity-related clinical manifestations (Huang et al., 2016; Scaglioni et al.,
2006). Omega-3 fatty acids could be related with anti-inflammatory ef-
fects, and dietary supplementation with PUFA-Omega 3 seems to be
associated with some common changes in the gut microbiota. Partic-
ularly, these changes mostly focused to a decrease in Faecalibacterium
(Costantini, Molinari, Farinon, & Merendino, 2017), often associated
to an increase of the phylum Bacteroidetes and of some butyrate-pro-
ducing bacteria from the Lachnospiraceae family, included in Clostrid-
ium cluster XIVa, particularly those from the genus Roseburia. More-
over, PUFA have been recently associated with the pathogenesis of obe-
sity, with the imbalance between n-6 and n-3 PUFA playing a role in
the increase of body weight (Albracht-Schulte et al., 2018; Costantini et
al., 2017; Huang et al., 2016). However, despite the extensive research
already available relating dietary fatty acids, serum FFA and intesti-
nal microbiota composition and function with obesity, this preliminary
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study represents the first attempt to establish cut-off points for the in-
testinal microbiota and serum FFA as obesity predictors, corroborating
the importance of considering together intestinal microbiota and serum
FFA in the regulation of body weight. Based on the results of the de-
cision tree generated with the algorithm C5.0, we propose that serum
EPA concentrations above 0.235pug/mL and levels of Bacteroides higher
than 9.055 log n° cells per g of feces, occurring simultaneously in the
same individual, could be considered as a predictor of normal weight
independently of gender. Although the influence of gender in human
gut microbiota remains unclear, some authors have reported a lower
abundance of the genera Bacteroides in men than in women for BMI
above 33kg/m? (Haro et al., 2016). In this sense, the absence of gen-
der-specific differences in our sample were expectable since Bacteroides
only stratifies subjects with normal weight or overweight (in both cases
with BMI < 27kg/m?). Furthermore, according to the well-known ev-
idence about a sex-specific regulation of lipid metabolism, we have
found that Faecalibacterium and Bifidobacterium might play an important
role by complementing the levels of FFA for males and females, respec-
tively. The different bacterial populations assessed in this study (Akker-
mansia, Bacteroides group, Bifidobacterium, Clostridia cluster XIVa group,
Lactobacillus group and Faecalibacterium prausnitzii) represent >90%
of the overall phylogenetic types of the human intestinal microbiota
(Yatsunenko et al., 2012).

Pieces of evidence illustrating the role of F. prausnitzii in the main-
tenance of intestinal health have been mainly focused to the anti-in-
flammatory effect of this microorganism, suggesting a possible benefit
against the development of IBD (inflammatory bowel disease) or Crohn's
diseases (Cao, Shen, & Ran, 2014). However, these abundant anaerobic
bacteria belonging to the phylum Firmicutes (Cao et al., 2014) could
also play a differential role in obesity. It has been recently suggested
that this butyrate producer is capable of improving the gut barrier func-
tion and is altered in pathologies characterized by low grade inflamma-
tion like obesity (Stenman, Burcelin, & Lahtinen, 2016).

Given the observational nature of our study, we cannot conclude
any causal relationships or directionality between the above-mentioned
variables. Indeed, the causal relationship between the gut microbiota
and several pathologies including obesity is still unclear and long-term
dietary habits have been reported to create inter-individual variation
in microbiota composition (Flint, Duncan, & Louis, 2017). In addi-
tion, the role of FFA in obesity has not still been experimentally proven
and some of our results may be influenced by men/women ratio. Nev-
ertheless, if we consider that diets with high content in fat or in long
chain fatty acids were found to modulate the gut microbiome by pro-
moting obesity (Alcock & Lin, 2015) while, dietary n-3 polyunsaturated
fatty acids have been shown to protect against dysbiosis (Alcock & Lin,
2015), it is tempting to speculate with the possibility of modifying the
obese-linked FFA profile and the altered gut microbiota through dietary
interventions attending to gender differences.

In this sense, as we expected, we have evidenced that subjects with
serum EPA concentration above the cut-off point (0.235 pg/mL), showed
higher intake of fish and seafoods than the rest of the sample (53.02 vs.
88.88g/d). These differences in the amount of fish consumed, were ex-
plained by a higher intake of rich-n-3 PUFAs fatty fish as salmon, sar-
dine and tuna, suggesting a direct correlation between the EPA serum
concentration and its daily intake.

5. Conclusions

These results reveal the different pattern of serum fatty acids as po-
tential predictors of obesity, supporting the pivotal role of the gut mi-
crobiota in this complex interrelationship. The underlying mechanisms
explaining these associations should be investigated in future interven-
tion studies that could provide new hypotheses to reduce the incidence
of obesity and to develop optimal strategies for early prevention and de-
tection of related disorders.
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