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A B S T R A C T

The gut microbiome has a profound influence on host physiology, including energy metabolism, which is the process by which energy from
nutrients is transformed into other forms of energy to be used by the body. However, mechanistic evidence for how the microbiome influences
energy metabolism is derived from animal models. In this narrative review, we included human studies investigating the relationship between
gut microbiome and energy metabolism —i.e., energy expenditure in humans and energy harvest by the gut microbiome. Studies have found
no consistent gut microbiome patterns associated with energy metabolism, and most interventions were not effective in modulating the gut
microbiome to influence energy metabolism. To date, cause-and-effect relationships and mechanistic evidence on the impact of the gut
microbiome on energy expenditure have not been established in humans. Future longitudinal observational studies and randomized controlled
trials utilizing robust methodologies and advanced statistical analysis are needed. Such knowledge would potentially inform the design of
therapeutic avenues and specific dietary recommendations to improve energy metabolism through gut microbiome modulation.
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Statement of Significance
The gut microbiome influence energy metabolism in the host, which has been shown in animal models. Here we review human studies that
investigated the interaction between the gut microbiome and the host’s energy metabolism, and we developed a framework for future studies.
Introduction

Energy metabolism is the process by which energy stored in
macronutrients (i.e., carbohydrates, lipids, proteins, and
alcohol) is transformed into other forms of energy (e.g., heat and
adenosine triphosphate) [1, 2]. At the cellular level, energy
metabolism refers to the pathways involved in substrate
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catabolism and oxidative phosphorylation [3], whereas at the
whole-body level, it is the balance between an individual’s en-
ergy intake and energy expenditure [4]. Resting energy expen-
diture (REE), diet-induced thermogenesis, and the energy cost of
physical activity are the main components of total energy
expenditure (TEE) [5]. Diet independently influences energy
metabolism because each nutrient has a different thermic effect
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(e.g., carbohydrates and protein require more energy to be
metabolized than fat) [6].

The gut microbiome (the microbial community that colonizes
the intestinal tract) performs diverse functions that influence
many aspects of host biology [7], including energy metabolism.
The mechanisms from animal evidence are summarized in
Figure 1. Those mechanisms involve energy harvest through the
production of short-chain fatty acids (SCFAs) by fermentation of
dietary fiber [8–11] and the influence of gut microbes in in-
flammatory response [12, 13]. Although inflammation generally
enhances energy expenditure [12], inflammation driven by li-
popolysaccharides (LPS) and other microbial molecules, how-
ever, has been associated with greater adiposity and insulin
FIGURE 1. Evidence for the importance of the gut microbiome in ene
fiber produces short-chain fatty acids (SCFAs), increasing the availability
oxidation and energy expenditure; 3) SCFAs modulate signaling pathways
leptin, glucagon-like peptide-1 (GLP-1), and peptide YY (PYY), leading to
source for colonocytes and helps maintain gut barrier function by increasing
reduces LPS absorption; 5) Propionate is used as a substrate for gluconeoge
cholesterol synthesis; 6) Acetate is a substrate for cholesterol and fatty acid
of white adipose tissue, which increases energy expenditure; 8) Acetate in
microbiome reduced the intestinal expression of fasting-induced adipose
protein kinase, which increases cholesterol and fatty acids synthesis, inc
negative bacteria have lipopolysaccharides (LPS) which are proinflamm
adiponectin receptors, which is anti-inflammatory; 12) Circulating LPS a
pathogens, and increases inducible nitric oxide synthase (iNOS), which is a
energy expenditure; 13) High LPS in the blood reduce thermogenesis and, th
(cCS), increasing food intake; 15) The gut microbiome metabolizes bile ac
bile acids have different levels of activation of farnesoid X receptor, whic
which inhibits hepatic triglycerides and bile acid synthesis; 17) Different
acid receptor (TGR5), which inhibits inflammatory pathways and increas
models, which includes rodents (as shown in the figure) and other anima
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resistance [14, 15]. Furthermore, bile acids derivatives produced
by the gut microbiota function as signaling molecules, which
may increase or decrease energy expenditure by regulating
inflammation and hepatic lipid metabolism [15, 16].

The possibility of manipulating the microbiome to improve
energy metabolism has generated great interest in the past 2 de-
cades, especially in the context of obesity, and mechanisms by
which the gut microbiome affects host energy metabolism have
been primarily studied in this context [1, 14, 15, 17–21]. How-
ever, most evidence gathered to date comes from animal models
and in vitro characterizations, which may have limited trans-
latability to humans. This narrative review aims to address this
knowledge gap by reviewing the evidence from human trials
rgy metabolism from animal models. 1) The fermentation of dietary
of energy for the host; 2) SCFAs promote mitochondrial fatty acid
through activation of free fatty acid receptors, increasing secretion of
increased satiety and reduced energy intake; 4) Butyrate is an energy
the expression of tight junction proteins and mucus production, which
nesis, which increases energy expenditure and reduces food intake and
synthesis, which inhibits gluconeogenesis; 7) Acetate causes browning
creases the expression of genes associated with lipogenesis; 9) The gut
factor and reduces the release of adenosine monophosphate-activated
reases lipogenesis, and inhibits lipolysis; 10) The cell wall of gram-
atory endotoxins that can be absorbed; 11) Circulating LPS inhibits
ctivates Toll-like receptors, which are associated with recognition of
biomarker of stress, both increase inflammation and leads to increased
us, energy expenditure; 14) LPS activates the endocannabinoid system
ids to their unconjugated forms, altering their functions; 16) Different
h upregulates the expression of fibroblast growth factor 15 (FGF15),
bile acids have different levels of activation of G-protein-coupled bile
es energy expenditure. This evidence has been derived from animal
ls, such as pigs and zebrafish.
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exploring the relationship between the gut microbiome and en-
ergy metabolism. Our secondary goal was also to identify gaps and
opportunities to facilitate the development of recommendations
for modulating energy metabolism through gut microbiome.

Methods

We searched for articles on MEDLINE and CINAHL databases
between February and April 2021, with an updated search in
September 2022. Search terms included “energy AND (meta-
bolism OR balance OR expenditure OR yield OR harvest)” and
“(gut OR gastrointestinal OR intestinal OR bowel OR colon) AND
(microbiome OR microbiota OR microflora OR bacteria OR mi-
crobes).” We included only original studies in humans that
analyzed gut microbiome and at least one of the variables related
to energy metabolism; variables included: SCFAs, energy in
stool, energy expenditure, and functional activity of the micro-
biome, which are further explained in the following section.
Studies testing probiotics and antibiotics were not included.
Articles written in English were included with no restrictions
regarding time of publication, population, study design, or
health conditions. Reported findings considered 2 possibilities:
1) nutrients affect energy metabolism directly because of diet-
induced thermogenesis and may affect it indirectly by chang-
ing gut microbiome composition and its production of metabo-
lites [22], and 2) such effects might alter host energy
metabolism. BMI classifications (i.e., underweight, normal
weight, overweight, and obesity) described in this review are
based on the World Health Organization [23, 24] unless other-
wise specified.

A total of 20 articles were included; Table 1 summarizes obser-
vational studies [25–30], and Table 2 summarizes intervention
studies with randomized controlled trials (parallel-arm [31–37]
and crossover [38–42]) or single-arm interventions [43, 44].

An overview of special considerations
regarding the assessment of energy metabolism
and gut microbiome composition and functions

Prior to discussing the selected literature, it is important to
summarize the methodologies currently used to assess energy
metabolism and the gut microbiome in human studies. Three
main methods, summarized in Figure 2, have been used to pro-
vide insight into the impact of gut microbiome on host energy
metabolism: 1) energy expenditure assessment of the host; 2)
comparison of energy intake to energy in stool; and 3) assess-
ment of gut microbiome composition, functions encoded in mi-
crobial genomes (assessed by metagenomics), and metabolites
(including SCFAs).

The net outcome of host energy metabolism can be evaluated
by measuring energy expenditure, primarily REE. In oxidative
phosphorylation, oxygen (O2) is used to transfer energy from fuel
(e.g., glucose and fatty acids) to adenosine triphosphate. The by-
products of this process are carbon dioxide (CO2) and water
(H2O) [45]. In indirect calorimetry methods, energy expenditure
is estimated based on this gas exchange (i.e., volume of inspired
O2 and volume of expired CO2). The indirect calorimetry method
can also be used to estimate substrate oxidation by comparing the
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respiratory exchange ratio (RER)—the ratio of the volumes of CO2
and O2—to the standard RER values for carbohydrate, lipid, and
protein substrates [45, 46]. Methods to analyze energy expendi-
ture by indirect calorimetry include metabolic chambers and
metabolic carts. Metabolic chambers are airtight whole-body
rooms where the volume of gas exchange is calculated based on
the difference between the volumes in the air introduced versus
the air withdrawn from the chamber. There are less than 50
whole-body units in the world that quantify total energy expen-
diture. As such, metabolic carts are more commonly used due to
their lower cost and greater availability compared to metabolic
chambers. Metabolic carts measure REE using ventilated hoods or
facemasks that capture gas volumes either breath-by-breath or by
an open circuit flow [46]. Doubly labeled water (DLW) is an
additional method that can be used to measure TEE in free living
conditions. In this method, deuterium hydrogen (2H) and oxygen
(18O) water is ingested, and daily disappearance is analyzed in
urine by mass spectrometry. Expired CO2 volume is estimated,
considering 2H is only excreted as water, whereas 18O is excreted
both as water and CO2 [46, 47].

Combined energy harvested by the host and gut microbiome
can be estimated by comparing caloric intake with caloric con-
tent of stool. Bomb calorimetry is the gold standard for
measuring stool energy content [48]. In the context of the
microbiome, this is especially important for fiber as it is not
digested by human digestive enzymes; however, some fibers can
be fermented by the gut microbiome. Importantly, bomb calo-
rimetry may overestimate harvestable caloric content of stool as
not all fiber residues can be fermented by the gut microbiota
(e.g., cellulose is poorly fermented by the human gut micro-
biome) [49]. Alterations in fecal SCFAs can be correlated with
gut microbiome changes [50], but one must consider that only an
estimated 5% of SCFAs produced in the gut escape absorption
and are excreted in feces, and there are no validated formulas by
which energy generation from SCFAs can be determined.
Furthermore, different conditions can affect the amount of fat in
stool, such as calcium intake [51] and diseases (e.g., pancreatitis
and intestinal malabsorption) [52]. Plasma SCFAs may give
further insight into the number of SCFAs absorbed that could
exert systemic effects [9]. SCFA content is mainly analyzed using
gas chromatography and high performance liquid chromatog-
raphy, often coupled with mass spectrometry [50].

To characterize the gut microbiome, most studies utilize 16S
rRNA gene amplicon sequencing or metagenomic sequencing.
Although gene amplicon sequencing provides taxonomic in-
formation, it provides no direct information about microbial
genetic functions [53]. In contrast, metagenomic sequencing
can be used to infer both the taxonomic identity and functional
potential of the microbial genes present in a sample. However,
microbes have various metabolic pathways that can be acti-
vated under different circumstances; thus, this approach may
not correspond to the actual functions being performed by the
microbiome [54, 55]. Metatranscriptomic, metaproteomic, and
metabolomic approaches provide a better picture of actual
microbial activity in the gut environment. Unfortunately, there
remain significant limitations in our ability to accurately assess
microbiome functionality from fecal samples, and studies on
energy metabolism testing multiple “omics” approaches in
humans are still scarce.



TABLE 1
Summary of results from observational human studies assessing energy metabolism and the gut microbiome.

Reference Study design Assessments Main outcomes

Bielik et al.,
2020 [25]

- Male athletes (n ¼ 24)
- Athletes with positive energy balance compared
to athletes with isocaloric intake

- REE, TEE, TREE, and RER
(metabolic cart)

- Microbiome (metagenomic)

- No significant differences in REE and TEE
- Roseburia correlated with body fat (r¼ 0.577, P< 0.01), energy intake (r¼ 0.446, P< 0.05),
TREE (r¼ 0.500, P< 0.05), VO2rest (r¼ 0.432, P< 0.05), carbohydrate intake (r¼ 0.410, P
< 0.05), and RER (r ¼ -0.419, P < 0.05)

- Alteromonadales correlated with VO2rest (r ¼ -0.408, P < 0.05)
Boekhorst et al.,
2022 [26]

- Adults (n ¼ 85) with overweight or obesity (BMI
25–35 kg/m2)

- Gut microbiome enterotypes: Bacteroides (B-
type), Prevotella (P-type), or Rumminococcaceae
(R-type)

- Stool energy density and SCFAs
- Microbiome (16S rRNA)
- Intestinal transit time (radio-
opaque marker)

- Urine proteolytic metabolites

- B-type had lower stool energy density and shorter transit time than R-type (P< 0.05 and P<
0.001 respectively)

- Transit time was correlated with stool energy density (rs ¼ 0.23, P¼ 0.027) and SCFAs (r not
shown, P < 0.05)

- R-type had higher stool branched SCFAs (isobutyrate, 2-methylbutyrate, and isovalerate)
than B-type (P < 0.05)

- P-type had higher levels of valereate and caproate than B-type (both P < 0.01)
- R-type had higher levels of p-cresol sulfate (B-type P < 0.001, P-type P < 0.05), p-cresol
glucuronide (B-type P < 0.01, P-type P < 0.05), and phenylacetylglutamine (B-type P <
0.001, P-type P < 0.01)

Ghosh et al.,
2014 [27]

- Children (�60 mo old, n ¼ 20)
- Apparently healthy compared to borderline and
severely malnourished

- Microbiome (metagenomic and
functional capacity)

- Nutritional index was correlated with Roseburia (rs ¼ 0.51, P ¼ 0.048), Faecalibacterium (rs ¼
0.49, P ¼ 0.003), Butyrivibrio (rs ¼ 0.52, P ¼ 0.027), Escherichia (rs ¼ -0.59, P ¼ 0.032),
Streptococcus (rs ¼ -0.70, P ¼ 0.019), Shigella (rs ¼ -0.51, P ¼ 0.048), Enterobacter (rs ¼ -0.75,
P ¼ 0.032), and Veillonella (rs ¼ -0.80, P ¼ 0.005)

- Good nutritional status had over-representation of microbial categories of functional po-
tential related to nutrient uptake and metabolism, and energy production and conversion.

- Poor nutritional status had over-representation of microbial categories of functional potential
related with virulence and bacterial pathogenesis

Goffredo et al.,
2016 [28]

- Children and adolescents (n ¼ 84)
- BMI classification comparison (non-obese,
overweight, obese, and severely obese)

- Fasting plasma SCFAs
- Carbohydrate oxidation by gut
microbiome

- Microbiome (16S rRNA)

- BMI was positively correlated with F/B ratio (P ¼ 0.002) and Actinobacteria (P ¼ 0.01); and
negative correlation with Bacteroidetes (P < 0.001); r values not shown.

- F/B ratio was correlated with total body fat (r ¼ 0.187, P ¼ 0.042), subcutaneous fat (r ¼
0.251, P ¼ 0.032), and hepatic fat (r ¼ 0.339, P ¼ 0.002)

- Bacteroidetes was correlated with total body fat (r ¼ 0.209, P ¼ 0.027), visceral fat (r ¼
0.250, P ¼ 0.031), subcutaneous fat (r ¼ 0.288, P ¼ 0.012), and hepatic fat (r ¼ 0.330, P ¼
0.003)

- Actinobacteria was correlated with visceral fat (r ¼ 0.250, P ¼ 0.031).
- Acetate was correlated with F/B ratio (r ¼ 0.419, P ¼ 0.001) and Bacteroidetes (r ¼ 0.395, P
¼ 0.001).

- Total body fat, visceral fat, and subcutaneous fat was correlated with acetate (r ¼ 0.283, P ¼
0.004, r¼ 0.329, P¼ 0.002, and r¼ 0.397, P¼ 0.001), propionate (r¼ 0.534, P< 0.001, r¼
0.496, P< 0.001, and r¼ 0.571, P< 0.001), and butyrate (r¼ 0.555, P< 0.001, r¼ 0.455,
P < 0.001, and r ¼ 0.539, P < 0.001)

- Hepatic lipogenesis was positively correlated with acetate (r ¼ 0.67, P ¼ 0.01), and butyrate
(r ¼ 0.55, P ¼ 0.04)

- Group with obesity had higher carbohydrate fermentation by gut microbiome (P ¼ 0.018).
Wan et al., 2020
[29]

- Young adults (n ¼ 163)
- BMI classification comparison (underweight
�18.5, normal 18.5–24, and overweight 24–28)

- Microbiome (16S rRNA)
- Stool metabolites (SCFAs and
intermediates of tricarboxylic acid
cycle)

- No difference in microbiome composition
- Higher α-diversity and richness in normal weight group than overweigh group (P < 0.01)
- Overweight group had higher succinic acid (P < 0.001) and adipic acid (P < 0.05) than
underweight and normal weigh, and had higher fumaric acid (P < 0.05), malic acid (P <
0.001), and propionate acid (P < 0.001) than normal weight
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Gut microbiome and energy metabolism in
diverse nutritional statuses

Among included studies, there were cross-sectional observa-
tional studies reporting associations between gut microbiome
and nutritional status [25–30]. Several studies compared
microbiota composition and function in adults with different
BMI classifications and used at least one of the methods
described above to assess its possible relationship with energy
metabolism.

Two studies compared the microbiomes in people of different
BMI categories according to Asian classifications [29, 30]. In
both studies, dietary information was collected and used for
adjusting statistical analyses. Both studies found no differences
in overall microbiota composition among BMI classes; however,
α-diversity was inversely correlated with BMI [29, 30]. Func-
tional metagenomic analysis showed an over-representation of
genes related to microbial ‘Energy Metabolism’ and ‘Metabolism
of Cofactors and Vitamins’ in participants with overweight (BMI
23 – 25 kg/m2) and obesity (BMI �25 kg/m2) compared with
normal weight (BMI 18.5 – 23 kg/m2) according to Asian-Pacific
BMI criteria [30]. Microbial pathways related to lipid meta-
bolism, excretory and endocrine systems, and xenobiotics
biodegradation were depleted in the group with obesity. De-
creases in carbohydrate, pyruvate, and amino acid metabolism
were also detected in participants with obesity [30]. In the study
by Wan et al., selected intestinal metabolites (succinic, fumaric,
malic, propionic, and adipic acids) were higher in participants
with overweight (using the Chinese obesity criteria, BMI 24–28
kg/m2) compared with those with underweight (BMI <18.5
kg/m2) and normal weight (BMI 18.5–24 kg/m2) [29]. Succi-
nate, fumarate, and malate are intermediates in the tricarboxylic
acid cycle, an important cellular cycle for energy production. The
higher propionic acid in people with overweight is in line with
previous findings that SCFAs are higher in subjects with obesity
[56], although no differences were found for butyric acid, and
acetic acid was not analyzed [29].

In these same 2 studies, correlations were found between
specific taxa and BMI classification. The relative abundance of
Veillonellaceae had a weak positive correlation (r< 0.4) with body
weight [29]. In a multiple regression model, there was a strong
positive effect of Cyanobacteria in overweight (BMI 23–25 kg/m2)
compared with normal weight (BMI 18.5–23 kg/m2), a moderate
effect for Desulfovibrio, Paraprevotellaceae, and Acidaminococcus,
and a weak effect for Eggerthella. In the group with obesity (BMI
�25 kg/m2), a moderate effect for Acidaminococcus, Para-
prevotellaceae, and Megaspharea, and a weak effect for Eggerthella
were observed, compared with those with normal weight [30]. In
the study by Yun et al., the total caloric intake was higher in the
group with obesity, without differences in macronutrient distri-
bution [30]. The higher caloric intake alone may contribute to the
nutritional status observed, regardless of the influence of the
microbiome on energy metabolism, and it might also explain
differences in microbiota composition, as diet influences the
microbiota. This study used a food frequency questionnaire
designed for the Korean population [30]. Notably, food frequency
questionnaires have low accuracy with recall bias; other methods
for analyzing food intake, such as diet records, could have
improved the assessment of energy intake [57]. On the other
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hand, Wan et al. observed no statistical difference in total energy
intake between BMI classes; however, those in the overweight
category had higher fat and lower carbohydrate and fiber intakes,
and food quality can impact thermogenesis [29]. In this case,
caloric intake alone did not explain differences in BMI, suggesting
that other factors, such as physical activity or the microbiome,
may have contributed [29].

The study by Goffredo et al. [28] compared children and
adolescents according to BMI percentiles and reported associa-
tions between body fat partitioning (assessed by magnetic reso-
nance imaging) and gut microbiome taxa. They found that
Firmicutes to Bacteroidetes (F/B) ratio and the relative abun-
dance of Bacteroidetes and Actinobacteria were associated with
BMI, visceral and subcutaneous adipose tissues, and hepatic fat
[28]. Inconsistencies with the F/B ratio have been reported in
relation to obesity, and this will be contemplated in the discus-
sion section. F/B ratio and Bacteroidetes were correlated with
acetate fecal concentration. Adipose tissue compartments were
also correlated with fecal acetate, propionate, and butyrate.
Hepatic lipogenesis had a moderate association with acetate and
butyrate. The gut microbiome of the group with obesity showed
a higher carbohydrate fermentation than the group with normal
wiehgt, indicating higher energy harvest [28].

The energy harvesting capacity of one’s gut microbiome may
contribute to body weight phenotypes. Boekhorst et al. identified
3 enterotypes in people with overweight or obesity (BMI 25–35
kg/m2): Bacteroides (B-type), Prevotella (P-type), and Rumino-
coccaceae (R-type) [26]. Such enterotypes showed different en-
ergy harvesting capacities, as indicated by stool energy density,
which was lower in B-type than R-type. Stool energy density was
positively correlated with transit time, which was shorter in
B-type than in R-type. Transit time was also positively correlated
with stool SCFAs. The R-type had higher levels of stool branched
SCFAs (isobutyrate, 2-methylbutyrate, and isovalerate) than
B-type. P-type results were in between B-type and R-type, but
P-type had higher levels of stool valerate and caproate than
B-type (26). The authors suggested that B-type had higher energy
harvesting capacity, with potential for higher SCFAs production
and absorption. Furthermore, R-type had higher levels of urine
proteolytic metabolites than B-type and P-type [26], indicating
higher protein fermentation by this enterotype.

In a study by Ghosh et al., nutritional status of children from
India was assessed based on z-scores (i.e., height for age, weight
for age, and weight for height). Children were then categorized as
apparently healthy, borderline malnourished, or severely
malnourished based on their cumulative nutritional status (i.e.,
the sum of the 3 z-scores) [27]. Network analysis was used to
identify co-occurring genera, which were then used to divide
participants into 4 groups based on abundance patterns of mi-
crobial taxa—the 4 groups were arbitrarily named G1 – G4.
Compared with malnourished children, children with good
nutritional status presented a higher abundance of taxa from G1,
which included the SCFA-producing genera Roseburia, Faecali-
bacterium, and Butyrivibrio. Malnourished children presented
higher abundance of taxa belonging to G4, which included
Escherichia, Streptococcus, Shigella, Enterobacter, and Veillonella.
Details on type of delivery and neonatal feeding information were
not included, despite their potential impact on gut microbiome
composition [58]. There was no significant correlation between
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nutritional status and G2 and G3. Children with good nutritional
status had an over-representation of specific microbial categories
of functional potential related to nutrient uptake and metabolism
(e.g., secondary metabolite biosynthesis, transport, and catabo-
lism); energy production and conversion; amino acid transport
and metabolism; and carbohydrate transport and metabolism
[27]. This suggests a more effective nutrient and energy utiliza-
tion by the gut microbiome, which could increase the availability
of nutrients to the host. Moreover, functional categories associ-
ated with virulence and bacterial pathogenesis were
over-represented in children with poor nutritional status,
including intracellular trafficking; secretion and vesicular trans-
port; cell motility; and inorganic ion transport and metabolism
[27]. Pathogenic bacteria need to secure nutrients andmetals such
as iron and zinc from the host to grow and avoid immune clear-
ance [59, 60]. This may explain the relationship between func-
tions associated with pathogenicity and poor nutritional status.

An observational study by Bielik et al. compared normal
weight athletes (BMI of 18.5–24.9 kg/m2) who were in positive
energy balance (case group) with those with a caloric intake that
met their energy requirement (control group) [25]. No differ-
ences in REE and TEE between the 2 groups were reported.
Athletes in the case group had higher macronutrient and total
energy intake and lower fiber intake compared with athletes in
the control group. Thus, the average difference between energy
intake and expenditure was significantly higher in the case
group. However, body weight and BMI were significantly lower
in the case group [25], which was unexpected as positive energy
balance is associated with higher BMIs. Other factors were likely
influencing energy metabolism in the case group, potentially
including the gut microbiome. Athletes in the case group pre-
sented with lower levels of Gammaproteobacteria, Shewanella,
Xanthomonas, Alteromonadales, and Coriobacteriaceae and
higher levels of Roseburia spp. and Barnesiella spp. compared
with athletes in the control group. The authors reported mod-
erate correlations between select bacterial taxa and energy
metabolism parameters. For instance, Coriobacteriaceae was
positively correlated with BMI and negatively correlated with
carbohydrate intake. Roseburia spp. were positively correlated
with body fat, total energy intake, TEE/body weight; kcal/kg/d),
resting oxygen consumption, and carbohydrate intake, and
negatively correlated with RER. Alteromonadales were nega-
tively correlated with resting oxygen consumption [25]. The
muscle damage and lactate production that occurs during
strenuous physical activity increases the energetic demand,
increasing resting oxygen consumption. However, the increase in
oxygen consumption is not equal to the oxygen necessary to
metabolize lactate [61]; thus, the correlations suggest a possible
contribution of the microbiome to oxygen consumption. These
correlations were found in both groups and indicated that gut
microbiome metabolism might be important in modulating en-
ergy metabolism; however, mechanisms were not elucidated.
Alterations in dietary patterns impact gut
microbiome and energy metabolism

Four studies [38, 39, 43, 44] investigated how alterations in
diet patterns can influence gut microbiome composition and



TABLE 2
Summary of results from intervention studies assessing energy metabolism and the gut microbiome.

Reference Population and time Intervention Assessments Main outcomes

Parallel arms randomized controlled trials
Bendtsen et al., 2018
[31]

- People with overweight or obesity (n¼ 52)
- 24 wk

- Energy restriction with low dairy diet
(<600 mg of calcium/d) or high dairy diet
(~1500 mg of calcium/d, ~1200 mg from
dairy products)

- REE and RER (metabolic
cart)

- Microbiome (16S rRNA)

- Reduced weight and fat mass, and REE in both groups
- RER decreased in high dairy (-0.02, P < 0.05) and
tended to increase in low dairy (0.02, P < 0.10)
(adjusted group effect P ¼ 0.006)

- Relative abundance of Papillibacter in wk 24 correlated
with fat mass loss (rs ¼ 0.61, P ¼ 0.017)

- Low dairy decreased Veillonella (P ¼ 0.014)
- High dairy had no significant taxonomic change

Canfora et al., 2017
[32]

- People with overweight or obesity with
prediabetes (n ¼ 44)

- 12 wk

- Fiber (galactooligosaccharides, 5g 3x/d)
compared to placebo

- REE and RER (metabolic
cart)

- Plasma and fecal SCFAs
- Microbiome (16S rRNA)

- No alterations in plasma or fecal SCFAs, REE and
substrate oxidation (RER)

- Fiber increased Bifidobacterium (P ¼ 0.009), Prevotella
oralis (P ¼ 0.010), Prevotella melaninogenica (P ¼
0.008), Bacteroides stercoris (P ¼ 0.011) and Sutterella
wadsworthia (P ¼ 0.002)

Karl et al., 2017 [33] - Soldiers under intense training (n ¼ 73)
- 4 d

- Control diet
- Protein-supplemented diet (þ 4 whey
protein-based snack bars)

- Carbohydrate-supplemented diet (þ 4
carbohydrate-based snack bars)

- TEE (DLW)
- Microbiome (16S rRNA)
- Plasma and fecal
metabolomics

- Intestinal permeability
(sucralose excretion)

- No differences between diet groups for any of the
following outcomes observed: weight loss, higher TEE,
increase in intestinal permeability, increase in
α-diversity, increased F/B ratio.

- Decrease in metabolites of amino acid, fatty acid,
carbohydrate, and energy metabolism

- Amino acid and nucleotide metabolites were
predictive for microbiome composition

- Intestinal permeability correlated with pretraining
Actinobacteria (rs ¼ -0.53, P ¼ 0.01) Proteobacteria (rs
¼ 0.64, P¼ 0.002) and Sutterella (rs¼ 0.68, P¼ 0.001)
relative abundance

Karl et al., 2017 [34] - Men and postmenopausal women (40–65 y
with BMI 20–35, n ¼ 81)

- 6 wk

- Whole grains-based diet (16 � 0.8 g of
fiber) compared to refined grains-based
diet (8 � 0.4 g of fiber)

- REE (metabolic cart)
- Microbiome (16S rRNA)
- Energy and SCFAs in stool

- Whole grains increased REE and stool energy content
whereas refined–decreased (P ¼ 0.04 and P < 0.001)

- Refined grains decreased propionate (P ¼ 0.05) and
acetate (P ¼ 0.02) compared to whole grains

- Whole grains tended to decrease Enterobacteriaceae
and to increase Lachnospira and Roseburia. No
significant associations.

Most et al., 2017 [35] - People with overweight or obesity (n¼ 37)
- 12 wk

- Polyphenols (epigallocatechin-3-gallate
282 mg/d and resveratrol 80 mg/d)
compared to placebo

- TEE and fat oxidation
(metabolic cart)

- Mitochondrial oxidative
capacity

- Microbiome (RT-PCR)

- Men had higher Bacteroidetes than women at baseline
(P < 0.01)

- Polyphenols decreased Bacteroidetes compared to
placebo in men (P ¼ 0.05) but not in women (P ¼
0.15)

- Polyphenols increased fat oxidation (fasting P ¼ 0.03,
postprandial P ¼ 0.02) and mitochondrial oxidative
capacity (P ¼ 0.01)

- Baseline Bacteroidetes correlated with postprandial
fat oxidation in men (r ¼ 0.855, P ¼ 0.01)
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Müller et al., 2020
[36]

- People with normal weight or overweight
(n ¼ 48)

- 12 wk

- Fiber (arabinoxylan-oligosaccharides, 15
g/d) compared to placebo

- Substrate oxidation and
TEE (metabolic cart)

- Microbiome (16S rRNA)
- Fecal and plasma SCFAs

- Fiber tended to increase fat oxidation (P ¼ 0.073)
whereas placebo tended to decrease it (P ¼ 0.089)
(group effect P ¼ 0.008).

- No effect on TEE and carbohydrate oxidation
- Fiber reduced α-diversity (P < 0.001)
- Fiber changed gut microbiome composition (P ¼
0.05), exemplified by increased abundance of
Bifidobacterium, Akkermansia, Prevotellaceae NK3831
group Lactobacillus, and decreased abundance of
Blautia, Eubacterium hallii, Coriabacteriaceau and Dorea

- No differences between fiber and placebo in fecal and
plasma SCFAs

Yu et al., 2020 [37] - People with obesity (n ¼ 22)
- 12 wk (6 wk receiving intervention þ 6 wk
follow-up)

- FMT from healthy donors with normal
weight to those with obesity, compared to
placebo

- REE (metabolic cart)
- Microbiome (16S rRNA and
metagenomic)

- No change in REE, weight, and body composition
- Compared to placebo, the microbiome profile of FMT
recipients approached the microbiome of donors (P <
0.001) and were less similar to their own baseline
microbiome (P < 0.05). Engraftment persisted during
the 12 wk.

- No significant correlations
Crossover randomized controlled trials
Basolo et al., 2020
[38]

- Healthy adults (n ¼ 25)
- 17 d (4 d run-in þ 3 d of intervention þ 3
d wash-out þ 3 d intervention þ 4 d wash-
out)

- Overfeeding (OF, 150% of weight-
maintaining diet, WMD) or underfeeding
(UF, 50% of WMD) with provided diets

- Energy in stool and urine
- Microbiome
(metagenomic)

- Plasma SCFAs and bile
acids

- OF excreted more absolute calories in stool (P <
0.001) and urine

- UF excreted more calories as a % of ingested calories
in stool (P < 0.001) and urine (P < 0.001)

- Plasma butyrate increased in OF (P < 0.001) and
decreased in UF (P ¼ 0.007)

- UF decreased plasma deoxycholic acid (P ¼ 0.012)
- UF increased total colonization (P ¼ 0.005) and
α-diversity (P ¼ 0.004)

- UF increased Verrucomicrobia (p¼0.01)
Jumpertz et al., 2011
[39]

- Individuals with normal weight or obesity
(n ¼ 21)

- 15 d (3 d run-in þ 3 d intervention þ 3
d wash-out þ3 d intervention þ 3 d wash-
out)

- Run-in and wash-out diet with WMD
- Overfeeding (OF) with either 2400 kcal or
3400 kcal per d

- Energy in stool, and urine
- Microbiome (16S rRNA)

- Calories consumed in 3400 kcal intervention
correlated with relative abundance of Firmicutes (r ¼
0.47, P¼ 0.04) and Bacteroidetes (r¼ -0.47, P¼ 0.04)

- Changes in stool calories (% of ingested calories) in OF
was correlated with change in relative abundance of
Firmicutes (r¼ -0.50, P¼ 0.02) and Bacteroidetes (r¼
0.52, P ¼ 0.01)

- In subjects with normal weight, there was decrease in
energy absorption (P < 0.05)

Kaczmarek et al.,
2019 [40]

- Healthy adults (n ¼ 18)
- 60 d (18 d intervention þ 24 d wash-out þ
18 d intervention)

- WMD with no Brassica diet (control) or
same diet with broccoli (200 g þ 20 g of
raw daikon radish as a source of
myrosinase to hydrolyze the
glucosinolates)

- Plasma metabolites
- Microbiome and funtional
potential (16S rRNA)

- Broccoli consumption reduced F/B ratio
- No differences in α-diversity, β-diversity was smaller
in broccoli than in control (P ¼ 0.03)

- Broccoli increased Bacteroidetes (P ¼ 0.03), reduced
Firmicutes (P ¼ 0.05), and, thus, F/B ratio (P ¼ 0.01)

- People with BMI <26 kg/m2 increased plasma
metabolites, and BMI >26 kg/m2 decreased it

- People with BMI <26 kg/m2 decreased F/B ratio (P ¼
0.04) in broccoli.

- In broccoli, the peak in plasma glucosinolate
metabolites was correlated with change in
Bacteroidetes (r ¼ 0.69, P ¼ 0.04) and change in
Firmicutes (r ¼ -0.66, P ¼ 0.05).

(continued on next page)
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TABLE 2 (continued )

Reference Population and time Intervention Assessments Main outcomes

- Broccoli had increased pathways related to endocrine
system (P ¼ 0.05), transport and catabolism (P ¼
0.04), and energy metabolism (P ¼ 0.01), and
decreased membrane transport (P ¼ 0.03) compared
to control.

Karusheva et al.,
2019 [41]

- Type 2 diabetes patients (n ¼ 12)
- 28 d (7 d run-in þ 7 d intervention þ 7
d wash-out þ 7 d intervention)

- Intervention: diet with low branched-chain
amino acids (<60% BCAA-) or with all
essential amino acids (BCAAþ)

- TEE (estimated)
- Mitochondrial oxidative
capacity

- Microbiome (metabolomic)

- No difference in TEE and skeletal muscle
mitochondrial oxidative capacity

- BCAA- increased adipose tissue mitochondrial
efficiency (P < 0.05)

- BCAAþ increased indicators of β-oxidation in adipose
tissue (P < 0.05)

- BCAA- had reduced Firmicutes (P < 0.05) and
increased Bacteroidetes (P < 0.05) compared to
BCAAþ

Papadopoulou et al.,
2020 [42]

- Healthy adults (n ¼ 17)
- 4 wk (1-wk intervention þ 2 wk wash-out
þ 1-wk intervention)

- Intervention: 60% of diet consumed either
at lunch or dinner

- Stool energy and SCFAs
- Microbiome (16S rRNA)

- No difference in stool characteristics, energy, and
SCFAs

- Microbiome clustered by enterotype, not meal timing
- When participants had large lunch there was higher
concentration of E. coli (P ¼ 0.03)

Single-arm interventions
Kelder et al., 2014
[43]

- Healthy men (n ¼ 10)
- 4 wk

- High-fat high-caloric diet (HFHC) was
provided to all participants

- REE (metabolic cart)
- Fecal SCFAs
- Microbiome (16S rRNA)

- HFHC increased body weight (P < 0.001),
carbohydrate oxidation (P < 0.001), and REE (P <
0.05)

- HFHC did not change overall microbiome composition
- Correlation network show that carbohydrate
oxidation had a positive correlation with taxa in
Firmicutes phylum and negative correlation with taxa
in Bacteroidetes phylum (r and p values not shown)

- Multiple SCFAs correlated with Porphyromonadaceae
and Sutterellaceae

- REE had a positive correlation with P/B ratio and
Prevotellaceae

Ott et al., 2018 (44) - Healthy males with normal weight (n¼ 24)
- 4 wk (7 d run-in þ 7 d intervention þ 14
d wash-out

- Run-in and wash-out participant’s usual
WMD

- Intervention HFHC

- REE (metabolic cart)
- Gut permeability
- Microbiome
(metagenomic)

- No difference in REE
- No consistent difference in gut permeability
- No difference in α-diversity
- HFHC decreased Bacteroidaceae and increased
Betaproteobacteria

Abbreviations: BCAA: Branched-chain amino acids; BMI: Body mass index; DLW: Doubly labeled water; F/B ratio: Firmicutes to Bacteroidetes ratio; FMT: Fecal microbiome transplantation; HFHC:
high-fat high-caloric diet; OF: Overfeeding; REE: Resting energy expenditure; P/B ratio: Prevotella to Bacteroides ratio; RER: respiratory exchange ratio; RT-PCR: Reverse transcription polymerase
chain reaction; SCFA: Short-chain fatty acid; TEE: Total energy expenditure; UF: Underfeeding; WMD: weight-maintaining diet.
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functions in relation to alterations in host energy metabolism.
Basolo et al. conducted a crossover feeding trial to compare gut
microbiome and host metabolic alterations resulting from over-
feeding and underfeeding while maintaining the same diet
composition [38]. They observed that underfeeding significantly
increased total microbial load and α-diversity compared with
overfeeding. Microbial community structure and interindividual
differences were maintained from baseline to the end of both
interventions. The phylum Verrucomicrobia, Akkermansia muci-
niphila, and Alistipes spp. increased after underfeeding, whereas
Lachnospiraceae spp. decreased. Absolute calories lost in stool
and urine were higher during overfeeding. However, underfed
subjects had a higher percentage of calories lost in stool relative
to calories ingested, which may be related to the faster transit
time observed in this group with reduced fiber fermentation or
endogenous energy loss in stool, which was not tested. They
observed that underfeeding decreased plasma deoxycholic acid,
a secondary bile acid that increases gut permeability. Plasma
SCFA content, especially butyrate, was decreased during un-
derfeeding [38]. This may indicate reduced substrate availabil-
ity. Hence, in addition to the lower caloric and nutrient intakes
caused by underfeeding, higher energy loss in stool and lower
energy harvesting by the microbiome may have increased the
caloric deficit of the host. The study also provides potential ex-
planations for microbiome alterations observed in obesity, as
overfeeding is associated with similar changes seen in in-
dividuals with obesity, which, on average, eat more than in-
dividuals with normal weight.

Similarly, Jumpertz et al. investigated how changing from a
weight-maintaining diet to a higher-calorie diet altered the gut
microbiome and energy excretion in individuals with or without
obesity [39]. Overfeeding was associated with an increase in
Firmicutes, a decrease in Bacteroidetes, and, thus, an increased
F/B ratio [39]. In individuals without obesity, nutrient absorp-
tion was positively associated with Firmicutes and negatively
associated with Bacteroidetes; phylum-level changes were asso-
ciated with calories in stools. The finding that overfeeding
increased the F/B ratio suggests that changes in this ratio and
obesity are both consequences of dietary changes and that a
cause-effect relationship between this particular change in the
gut microbiome and obesity is unlikely. Similarly to the study by
Basolo et al. [38], Jumpertz et al. observed a decrease in stool
energy loss in overfeeding compared with the
weight-maintaining diet that was significant in individuals
without obesity but not in those with obesity [39].

Two studies analyzed the impact over time of a high-fat, high-
calorie (HFHC) diet in healthy males [43, 44]. The HFHC diet did
not affect the F/B ratio [43] or α-diversity [44]. Both studies
showed that interindividual differences prevailed over
HFHC-induced differences [43, 44]. The bacterial families Por-
phyromonadaceae and Sutterellaceae showed strong positive cor-
relations with multiple SCFAs [43]. Kelder et al. observed that
the HFHC diet increased body weight and visceral fat area [43].
They also observed an increase in carbohydrate oxidation, en-
ergy expenditure, and REE [43]; however, this was likely insuf-
ficient to compensate for the higher caloric intake. Host
carbohydrate oxidation was positively correlated with all taxo-
nomic groups within the Firmicutes phylum and negatively
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correlated with all taxonomic groups within the Bacteroidetes
phylum. Fat oxidation and RER had a strong negative correlation
with the genus Clostridium, which belongs to the phylum Firmi-
cutes [43]. A strong positive correlation was found between REE
and the Prevotella to Bacteroides (P/B) ratio and Prevotellaceae
family [43]. Two enterotypes characterized by the predomi-
nance of Prevotella or Bacteroidetes have been identified and will
be acknowledged in the discussion. Ott et al. observed increases
in body weight and fat mass during the HFHC diet, but no dif-
ferences in REE, waist circumference, hip circumference, or lean
mass were reported [44]. However, neither of the studies
confirmed if compositional changes in the gut microbiome were
relevant to the alterations in body weight, body composition,
and energy metabolism. Notably, although microbial function
may be altered by dietary changes, this was not assessed in these
studies.

The increase in calorie intake may increase the number of
nutrients available for the gut microbiome [62], as observed by
an increase in absolute energy in stool in overfeeding studies
[38, 39]. Different microbes have different metabolic capacity
for each macronutrient. In the case of HFHC diets, the increase in
fat available may have favored strains capable of metabolizing
lipids and increased mucin use due to the lack of dietary fiber
[62]. Furthermore, increased fat intake may have increased bile
production, which, in turn, affects gut microbiome composition
due to the antimicrobial properties of bile acids, although some
microbes can metabolize primary bile acids into secondary bile
acids [63]. Correlations between microbial taxa with substrate
oxidation and energy expenditure [43] indicate that the gut
microbiome may contribute to the increase in weight and fat
mass related to HFHC diets, although the degree of its contri-
bution is still unknown.
Impact of dietary fiber on the gut microbiome
and energy metabolism

Several authors have tested the effects of fiber supplements
such as galactooligosaccharides (GOS) [32] and
arabinoxylan-oligosaccharides (AXOS) [36] on gut microbiome
and energy metabolism parameters. Microbiome α-diversity was
unchanged by GOS [32] but was reduced by AXOS compared
with placebo [36]. These oligosaccharides increased the relative
abundance of Bifidobacterium taxa; however, there were no sig-
nificant changes in fecal SCFAs [32, 36]. GOS did not affect REE,
RER, fat oxidation, and carbohydrate oxidation [32]. AXOS
tended to increase postprandial fat oxidation but did not change
energy expenditure, RER, and carbohydrate oxidation [36].
There were no significant alterations in BMI, body composition,
or dietary intake (including fiber intake besides the fiber sup-
plement) compared to placebo [32, 36]. Although changes in
microbiome were observed, both fiber supplements were inef-
fective at modulating energy metabolism.

Isolated fibers such as those used in the studies described
above may exert different effects on the gut microbiome and
host energy metabolism than fiber present in whole foods. Such
intrinsic fiber may interact with other nutrients in food, such as
lipids, proteins, and bioactive compounds, such as
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phytochemicals. Considering this, Karl et al. compared a diet
based on fiber-rich whole grains with another based on fiber-
poor refined grains [34]. Plasma alkylresorcinol, a biomarker
of whole grain intake, increased in the whole grain group and
was unchanged in the refined grain group, indicating adherence
to the dietary intervention. Whole grain consumption tended to
decrease proinflammatory Enterobacteriaceae and to increase
butyrate-producing Lachnospira and Roseburia compared with
refined grain consumption [34]. Stool weight increased in the
whole grain group, leading to higher total stool energy content,
though stool energy density did not differ between groups. This
was accompanied by an increase in REE, leading to a higher
energy output compared with the refined grain group. There
was a decrease in stool propionate in both groups, whereas
stool acetate decreased only in the refined grain group. This
was reflected in a decreased concentration of total SCFAs in the
stool of participants in the refined grain group compared with
the whole grain group [34]. Changes in SCFAs suggest that
reduced fiber content in the refined grains diet limited substrate
availability for gut microbes, therefore, reducing fiber
fermentation and SCFA production. The reduction in acetate in
the refined grain group may decrease lipogenesis [10] and
browning of white adipose tissue [11]. Changes in stool weight
and energy content had moderate positive correlation with
changes in plasma alkylresorcinol. Changes in REE, stool
weight, and stool energy content were not associated with
changes in the relative abundance of any taxon. This indicates
that observed alterations in energy metabolism were likely
caused by whole grain intake independent of changes in fecal
microbiome composition [34].

Another way to increase dietary fiber intake is through
increased vegetable consumption. In a crossover trial, Kacz-
marek et al. compared a control diet low in vegetables from the
Brassica genus (e.g., broccoli, cauliflower, Brussels sprouts,
cabbage, etc.) to the same diet with broccoli (200 g) added [40].
They found no significant differences in relative bacterial
abundance or α-diversity between treatments. Average interin-
dividual β-diversity was reduced during broccoli consumption,
indicating that this treatment may cause bacterial communities
to become more similar to one another. The broccoli interven-
tion increased the relative abundance of Bacteroidetes and
reduced the relative abundance of Firmicutes, thus, reducing the
F/B ratio. When participants were divided according to BMI,
those with lower BMI (<26 kg/m2) presented with a significant
decrease in the F/B ratio. Overall, broccoli consumption upre-
gulated pathways involved in endocrine system function, sys-
temic transport, catabolism, and energy metabolism, whereas
downregulating pathways involved in membrane transport [40].
Although fiber was probably a key factor in causing these al-
terations, broccoli has bioactive compounds that may also play a
role in these findings, such as hydrolysable glucosinolates [64].
In the broccoli intervention, peak in plasma metabolites was
strongly and positively correlated with change in Bacteroidetes
and strongly and negatively correlated with change in Firmicutes
[40]. Some gut microbes have been identified to hydrolyze
glucosinolates into either bioactive isothiocyanates or inert ni-
triles [65]. Similarly, other dietary fiber sources such as cereals,
fruits, and vegetables [66] have bioactive compounds, which
may act synergistically with fiber and SCFAs affecting energy
metabolism and gut microbiome.
850
Gut microbiome and energy metabolism in
other interventions

Fecal microbiome transplantation (FMT) is a method that
could be used to evaluate the hypothesized causal role of the gut
microbiome in modulating energy metabolism. Yu et al. per-
formed FMT from donors with normal body weight to people
with obesity [37]. They observed that the microbiomes of
transplant recipients were more similar in composition to their
paired donor and less similar to their own baseline sample
compared to placebo recipients. All transplant recipients
exhibited engraftment of donor-specific bacteria (amplicon
sequence variants) within 3 wk of repeated FMT, which persisted
for all 12 wk of the study, including 6 wk without additional
FMT. However, there was high variability in the relative abun-
dance of donor-specific bacteria in the microbiomes of transplant
recipients. No significant change in REE pre- and post-FMT and
no difference between groups were reported [37]. These findings
indicate that although microbes from the donor microbiomes
effectively colonized recipients’ gastrointestinal tract, altering
microbiome composition alone was insufficient for improving
host energy metabolism. A change in microbiome composition
does not necessarily lead to changes in metabolic pathway acti-
vation [67], which could explain the lack of alterations in energy
metabolism in this study [37]. A metabolomics approach to
analyzing the microbiome could help shed light on the functions
related to energy metabolism in FMT compared with the control.

Higher physical activity influences host energy metabolism,
and some of these effects might be mediated through the gut
microbiome. Karl et al. analyzed intense physical training com-
bined with a control diet, a protein-supplemented diet, or a
carbohydrate-supplemented diet [33]. All groups experienced
weight loss and increased energy expenditure as assessed by
DLW, with no differences among diet groups [33]. Energy intake
was higher in the high carbohydrate group compared with the
other 2 groups; however, this did not affect other outcomes.
Fecal microbiome α-diversity and relative abundance of Firmi-
cutes and Verrucomicrobia increased from baseline to
post-training in all diet groups, whereas Bacteroidetes decreased,
increasing the F/B ratio [33]. Furthermore, exercise training
changed plasma metabolite profiles independently of diet,
including changes in secondary bile acids: glycolithocolate sul-
fate, glycohyocholate, taurolithocholate 3-sulfate, and taur-
ocholenate sulfate increased, whereas deoxycholate,
ursodeoxycholate, and isoursodeoxycholate decreased. Several
metabolites of amino acids, fatty acids, carbohydrates, and en-
ergy metabolism decreased in the stool samples of all groups. All
groups had increased p-cresol after the exercise intervention,
indicating microbial fermentation of protein regardless of diet.
Prediction models identified that amino acid and nucleotide
metabolites predicted microbiome composition. Those metabo-
lites were positively associated with intestinal permeability,
which increased during training. Intestinal permeability had a
moderate inverse correlation with pretraining relative abun-
dance of Actinobacteria and a moderate positive correlation with
pretraining Proteobacteria and Sutterella relative abundance
[33]. Overall, this study established associations between the
physiological effects of physical activity on the host and changes
in the microbiome, but whether the microbiome makes causal



FIGURE 2. Methods for assessing energy metabolism and gut microbiome. 1) Host energy expenditure can be assessed by indirect calo-
rimetry or doubly labeled water; 2) In stool samples, the caloric content and short-chain fatty acid (SCFA) can be analyzed to infer energy harvest
by the gut microbiome; 3) Gut microbiome composition and metabolic functions can be assessed by 16S rRNA sequencing or metagenomic
sequencing, which data can be used to infer functional potential, gut microbiome functional features can also be assessed with multi-
omics approach.
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contributions to this effect was not established. The weight loss
observed was likely the result of the intense training instead of
dietary changes and gut microbiome modulation.

Phenolic compounds comprise a group of bioactive molecules
with various chemical structures that could impact the gut
microbiome [68] and energy metabolism [69]. A study by Most
et al. showed that supplementation with polyphenols from wine
(epigallocatechin-3-gallate and resveratrol) reduced Bacter-
oidetes in men, which had a higher relative abundance of Bac-
teroidetes at baseline compared to women [35]. Other taxa were
unchanged in either sex. Supplementation increased fat oxida-
tion and skeletal muscle mitochondrial oxidative capacity in
both sexes. Baseline Bacteroidetes abundance had a strong pos-
itive correlation with the polyphenol-induced increase in post-
prandial fat oxidation in men but not in women [35]. They found
no correlations between the reduction in Bacteroidetes and fat
oxidation in men and no correlations between fat oxidation and
microbial taxa in women. Thus, reduction in Bacteroidetes
cannot explain the changes in fat oxidation.

The microbiome contributes to amino acid catabolism and
production, and hence the concentration of circulating
branched-chain amino acids (BCAAs) (70). A crossover trial
compared the influence of an isocaloric diet low in BCAAs and a
diet normal in BCAAs (complete set of BCAAs) on insulin sensi-
tivity in adults with treated type 2 diabetes [41]. A lower
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abundance of Firmicutes and a higher abundance of Bacter-
oidetes were observed after the low BCAA intervention
compared with the normal BCAA intervention, resulting in a
decreased F/B ratio in the low BCAA group. Skeletal muscle
oxidative capacity and TEE were similar after adoption of either
diet. The low BCAA diet increased adipose tissue mitochondrial
capacity and reduced β-oxidation compared to normal BCAA diet
(41). Likewise, supplementing BCAA has been found to increase
the F/B ratio. People with obesity and type 2 diabetes also had
higher levels of circulating BCAA, and the microbiome of sub-
jects with obesity synthesized more BCAA, with less BCAA
breakdown [70].

Dairy intake may also influence the gut microbiome. Bend-
tsen et al. investigated energy restriction associated with either a
low dairy or high dairy diet in subjects with no dairy allergies
[31]. They found no significant change in diversity or overall
microbiome composition in either dietary group. However, the
relative abundance of the genus Veillonella was significantly
decreased in the low dairy group, whereas Papillibacter was
increased in the high dairy group. No differences between groups
were observed for changes in fecal fat or energy excretion. There
was a significant decrease in REE in the low dairy group from
baseline; however, this was not statistically different from the
change in the high dairy group. There was a significant differ-
ence in RER between groups, with a decrease in the high dairy
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group, indicating a shift toward fat oxidation and tendency to
increase in the low dairy group. Energy, protein, carbohydrates,
and total fat intakes were not different between groups; there-
fore, dietary factors did not contribute to differences in energy
metabolism. There were differences in calcium, saturated fatty
acids, and polyunsaturated fatty acids intakes, though the dif-
ferences in RER remained significant when adjusted for fat
intake. Reductions in energy intake, body weight, and hip and
waist circumferences during the study were similar between the
2 groups. The relative abundance of Papillibacter showed a
moderate positive correlation with total fat mass loss indepen-
dent of diet group [31]. High dairy intake was associated with a
change in fuel oxidation that was not explained by differences in
nutrient intake. Although no major changes in gut microbiome
were observed, microbial taxa may be involved in the modula-
tion of energy metabolism, as exemplified by the correlation
between Papillibacter and fat loss. However, mechanisms and
causation cannot be inferred from these findings.

Finally, the effect of meal timing on the gut microbiome and
host energy metabolism was tested in a crossover study
comparing the consumption of a large lunch versus a large din-
ner, with 60% of energy requirements provided in each of those
meals [42]. There were no changes in gut microbiome diversity
after interventions and no differences between interventions.
The time of main meal consumption did not influence total or
taxon-specific bacterial fecal content except for Escherichia coli,
which was significantly higher after the large lunch intervention.
Stool characteristics, energy content, or SCFA content did not
differ. There was an increase in body weight following the large
dinner intervention only [42]. Minor changes in microbial
composition associated with the timing of the main meal were
not clearly associated with increased body weight.

In summary, the interventions described above were not
associated with gut microbiome modulation to improve energy
metabolism. To our knowledge, there is only one study for each
type of intervention that assessed these outcomes (6 in total).
Therefore, the paucity of experimental evidence in humans
precludes any conclusion regarding the effect of how dietary and
nondietary interventions affect energy metabolism in humans
via microbiome modulation.
Discussion

We reviewed studies that analyzed both the gut microbiome
and energy metabolism in humans. In animal models, the gut
microbiome has been clearly implicated as a causal factor
influencing energy metabolism, weight gain, energy expendi-
ture, and pathologic phenotypes related to obesity (14, 17), but
confirming these findings in humans is challenging.

Several studies have attempted to characterize gut micro-
biome patterns—or enterotypes—that are associated with spe-
cific dietary patterns and nutritional status, especially obesity.
Two enterotypes related to long-term dietary patterns have been
identified: one dominated by Prevotella and another by Bacter-
oides [71]. The Prevotella enterotype was associated with diet
patterns that contained high carbohydrates (total carbohydrates
and simple sugars, but not fibers) intake, whereas Bacteroides
was associated with diets high in animal protein (and all amino
acids) and animal fat (saturated fatty acids) [71]. People with the
852
Prevotella enterotype experienced greater weight loss during
caloric restriction than people with the Bacteroides enterotype
[72]. The Bacteroides enterotype is more common in Western
populations, whereas the Prevotella enterotype is found more
commonly in nonindustrialized populations, which typically
consume a diet higher in fiber and lower in animal protein
compared with industrialized populations [73]. It has also been
observed that people with normal weight present with higher
Bacteroides versus Prevotella relative abundance than those with
obesity [17]. Furthermore, a higher P/B ratio is associated with
greater weight and fat losses [74, 75].

Obesity has also been associated with a higher F/B ratio
[17, 76]; however, studies have been inconsistent [77]. A
meta-analysis found no significant association between this
ratio and obesity, nor in the relative risk of obesity based on
F/B ratio [77]. Additionally, the F/B ratio approach has been
questioned for showing interpretative bias: since the first as-
sociations between this obesity and F/B ratio were observed,
subsequent studies have focused on this ratio and disregarded
other phyla and lower taxonomic levels [78]. Therefore, this
association is insignificant and unlikely to contribute to energy
balance and obesity development.

Different microbial taxa can affect inflammation, which,
depending on the degree and extent, impact energy metabolism
[13]. Inflammation induces leptin expression, which increases
thermogenesis and energy expenditure and reduces food intake
[12]. However, inflammation may also lead to behaviors to
conserve energy, including fatigue and anhedonia [13]. Obesity
is associated with low-grade chronic inflammation, likely due to
the energy surplus that leads to adipose tissue expansion and
hypoxia [12, 13]. However, in the context of obesity, resistance
to this inflammatory effect of increased energy expenditure may
occur mediated by leptin resistance [12]. Increased circulating
LPS contributes to chronic low-grade inflammation, and it is
considered obesogenic because it inhibits adaptative thermo-
genesis, reducing energy expenditure [14].

Of the studies included in this review, only 2 included anal-
ysis of bile acids in the stool or plasma [33, 38]. Although the
metabolism of bile acids and their effect on signaling pathways
are well understood in animal models [16], rodents produce
predominantly the bile acids cholic acid and muricholic acids,
whereas humans produce primarily chenodeoxycholic acid and
cholic acid [63]; thus, those bile acids would be metabolized
differently and would have varying levels of signaling pathways
activation [16]. Therefore, it is important to analyze bile acid
metabolism in humans and how it affects energy metabolism.

Most interventional studies hereby reviewed did not observe
changes in body weight nor in body composition when both the
gut microbiome and variables related to energy metabolismwere
altered. Here several studies were observational [25, 27–30], or
the length of the interventions may not have been long enough to
impact these variables. Interventions ranged from 3 to7 d [33,
38, 39, 41, 42, 44] to 24 wk [31], some of them being between 4
to 12 wk [32, 34–37, 43]. Although human studies have shown
alterations in gut microbiome diversity and composition that are
sometimes correlated with host metabolic parameters, these ef-
fects were mostly small and inconsistent. As such, our current
understanding of how the gut microbiome interacts with host
energy metabolism is limited, and so is evidence of
cause-and-effect relationships.
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Additional limitations should be considered when establish-
ing associations between gut microbiome and energy meta-
bolism in humans, compared with animal models. Confounders
that may affect both the gut microbiome and energy metabolism
should be assessed with high quality tools or surrogate markers,
such as dietary intake (e.g., collecting weighted food records),
physical activity data (e.g., using accelerometers), and gut transit
time (e.g., assessing stool consistency). The current evidence
from animal models and the limited evidence from human
studies can, however, be used to explore future hypotheses to fill
these knowledge gaps.
Future directions

An experimental framework for advancing research in gut
microbiome and energy metabolism is summarized in Figure 3.
Longitudinal observational cohort studies would be useful to
understand how the microbiome and metabolic traits change in
tandem and interact long term to produce different states of
health and disease. These studies cannot determine causality or
inform clinical practice. Nonetheless, multiomics approaches
(e.g., metagenomics, metabolomics) can be used to deeply
FIGURE 3. Framework for future studies on the relation between en
vational studies can be used to assess how gut microbiome changes in l
Randomized controlled trials can test hypotheses generated from longitudin
assessed by indirect calorimetry, preferably metabolic chamber, and/or do
by metagenomic sequencing and its functions should be assessed by analyz
should be analyzed using advanced analytical methods to infer possible
animal models with human associated microbiome and monocolonizatio
energy expenditure; TEE, total energy expenditure; SCFAs, short-chain fat
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phenotype participant cohorts to inform future randomized
controlled trials to test targeted nutritional strategies. Random-
ized controlled trials could specifically study how microbiome
changes are linked to changes in REE and RER and if this leads to
changes in body weight and body composition. In this scenario, a
more rigorous approach must be used to prevent alterations in
other factors that could influence metabolic outcomes, including
modifications in diet, physical activity levels, and medications.
Those confounders should be controlled for by using stratified
randomization and/or adequately assessed to control for in the
statistical analyses. Feeding trials are an important method to
reduce dietary confounders and are useful to identify how spe-
cific foods or nutrients affect gut microbiome and energy meta-
bolism; thus, informing possible causations that would need to
be confirmed as suggested subsequently.

More robust methods to assess energy metabolism can also be
used. Most of the reviewed studies used a metabolic cart for in-
direct calorimetry; however, metabolic chambers have higher
precision [45]. Metabolic chambers also allow for analysis of
different components of TEE, such as sleep, physical activity, and
the thermic effect of food [45]. Energy expenditure can also be
assessed in free living conditions using DLW [45] but only one
study used this method [33].
ergy metabolism and the gut microbiome. 1) Longitudinal obser-
ong term and how those changes are related to health outcomes; 2)
al studies in well-controlled settings; 3) Energy expenditure should be
ubly labeled water; 4) gut microbiome composition should be assessed
ing its metabolites and by multiomics; 5) Results from human studies
causations and mechanisms; 6) Those findings can be translated into
n to confirm causation and mechanisms. Abbreviations: REE, resting
ty acid; LPS, lipopolysaccharides.
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It is not possible to assess direct mechanisms related to energy
metabolism in humans. However, disease and mechanistic
markers, as well as variables linked to the gut microbiome can be
used to explore their effects on energy metabolism; for example,
measuring SCFAs, LPS, and bile acids. Most studies have
analyzed SCFA concentrations only in feces; combining the
measurement of these compounds in the blood and in stool could
provide additional insights into the number of SCFAs being
produced and absorbed into the bloodstream. However, because
SCFAs are also absorbed by colonocytes, it is not currently
possible to know the absolute amount produced by the gut
microbiome to assess energy harvest [9, 50]. Measuring the
concentration of circulating LPS and inflammatory markers
could also help elucidate the influence of gut microbiome on
inflammation and, consequently, on energy metabolism.
Analyzing bile acids in the feces and blood could be useful in
identifying how the gut microbiome metabolize human bile
acids and how they activate signaling pathways.

Causal inference in humans may be accomplished through
advanced statistical approaches in well-controlled longitudinal
observational or interventional studies. Mendelian randomiza-
tion can be used to help establish causation by analyzing if
natural genetic variants or microbial pathways influence the
observed metabolic outcomes [79]. Mediation analysis can infer
whether the microbiome mediates effects on the metabolic trait
of interest [80]. The metadata acquired with metagenomic
sequencing and multiomics approaches can also be used to
identify associations between the microbiome and host pheno-
types using machine learning models [81].

Another way to establish causation in humans is by per-
forming FMT from healthy donors to recipients with specific
health conditions to determine whether a ‘healthy’ gut micro-
biome leads to clinical improvements. An important limitation of
this method is that healthy individuals cannot receive FMT from
those with a disease/condition to determine if the microbiome of
the latter contributes to the development of the disease/
conditions.

Although using appropriate and robust study designs and
methods can support our understanding of how the microbiome
may mediate effects on energy metabolism, it is still not possible
to determine causal relationships because of ethical and practical
issues in humans. An alternative and potentially complementary
strategy is using the human microbiome-associated mouse
model. In this model, germ-free mice are inoculated with human
microbiomes and are monitored for signs of disease development
[82] or, in this case, alterations in energy metabolism. If species
of interest are identified in human studies or in human
microbiome-associated mouse models, monocolonization of
germ-free mice (i.e., inoculating a single strain) can be used to
elucidate the impact of such species on energy metabolism.
However, the effect of a single microbe is artificial and would be
different from the effects of community interactions [83].

In conclusion, the gut microbiome may be one modifiable
factor that affects human energy metabolism. Observational
studies have reported associations between microbial taxa and
nutritional status that are related to energy metabolism, but
findings were inconsistent. Some interventional studies aimed to
modulate the gut microbiome to improve metabolic outcomes,
including energy metabolism, through various approaches but
were unable to define an ideal intervention. Therefore, the
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development of recommendations for modulating the gut
microbiome to influence energy metabolism is still not possible.
Rigorous research in humans that integrates multiomics ap-
proaches and advanced statistical analyses is required to inform
the development of precision nutritional strategies that target
health outcomes related to energy metabolism via gut micro-
biome modulation.
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