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Abstract

Background: The role of dietary branched chain amino acids (BCAAs) and their effect on metabolic health is
complex. How dietary BCAA levels and their interaction with background nutrition affect health is unclear. Here, we
used meta-analysis and meta-regression, together with the nutritional modelling, to analyse the results of rodent
studies that increased the level of dietary BCAAs and measured circulating levels, outcomes related to metabolic
health, body mass and food intake.

Results: Across all studies, increasing dietary BCAAs resulted in increased levels of circulating BCAAs. These effects,
however, were heavily moderated by background dietary levels whereby on high BCAA diets, further increases
were not reflected in the blood. Impaired glucose tolerance was associated with elevated dietary BCAAs, with the
greatest effect occurring with a simultaneous increase in total protein intake. Effects of dietary BCAAs on plasma
glucose, insulin, or HOMA emerged only when dietary macronutrient background was considered. We found that
elevated dietary BCAAs increases % body fat, with largest increases in adiposity occurring when BCAAs are
increased on a high protein, low carbohydrate dietary background. Finally, we found that increased dietary BCAAs
were associated with increased food intake when the background diet was low in BCAAs.

Conclusion: Our data highlights the interaction between BCAAs and background nutrition. We show that the
effects of BCAAs on metabolic health cannot be studied in isolation but must be considered as part of complex
mixture of dietary components.

Keywords: BCAA, Metabolic health, Glucose, Isoleucine, Insulin, Leucine, Meta-regression, Mouse, Obesity, Rat,
Valine, Geometric Framework, Nutrition

Background
The relationship between dietary branched chain amino
acids (BCAAs), blood levels of BCAAs and their effects
on body composition and metabolic health is gaining in-
creasing attention. The interaction between BCAAs and
health, however, is complex and the literature inconsist-
ent. Studies in humans and animals have yielded con-
flicting outcomes and conclude that dietary BCAAs and/

or blood levels of BCAAs have either positive or negative
impacts on body composition and metabolic health [1–
10]. In humans, many studies have shown an association
between increased circulating levels of BCAAs and obes-
ity, insulin resistance and type 2 diabetes [9, 11, 12].
Additionally, circulating BCAAs have also been postu-
lated as a predictive biomarker of future type 2 diabetes
[6, 9, 13]. In contrast, other studies have shown that
BCAA supplementation, particularly in the context of
undernutrition and ageing, has positive effects on health
and lifespan [3, 14, 15].
This complexity, in part, reflects the physiology and

regulation of BCAAs, which are both signalling
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molecules and nutrients. As essential amino acids, the
BCAAs, isoleucine, leucine and valine are acquired pri-
marily through the diet. Unlike other amino acids, there
is no hepatic metabolism of dietary BCAAs; therefore in
the postprandial phase, blood levels of BCAAs directly
correspond with dietary intake of BCAAs [16]. However,
beyond the postprandial period and during fasting, blood
levels of BCAAs are tightly regulated through catabolism
by branched chain α-ketoacid dehydrogenase complex
(BCKDH) [17, 18]. Insulin also plays a key role in the
regulation of BCAAs and their impact on metabolism.
Together, insulin and BCAAs influence protein synthesis
through activation of MTOR, BCAA catabolism through
activation of BCKDH and the control of food intake
[17]. Any relationship between dietary BCAAs and blood
levels of BCAAs can therefore be influenced by many
factors, including the timing of the blood samples, the
BCAA content of the food, endogenous factors such as
insulin which regulate BCAA metabolism and degrad-
ation, and numerous comorbid conditions (such as obes-
ity, diabetes, renal failure, liver cirrhosis, cancer, sepsis)
that influence BCAAs independently of dietary BCAA
content [19].
This network of pathways linking BCAAs, insulin

and metabolism has provided plausible mechanisms
for some of the paradoxical findings in humans. For
example, the association between obesity and elevated
blood levels of BCAAs has been explained by the
finding that insulin resistance causes impaired degrad-
ation of BCAAs [9]. On the other hand, body lean
mass has also been found to be positively associated
with blood levels of BCAAs, with the proposed mech-
anism being the activation of MTOR by BCAAs lead-
ing to increased muscle protein [1, 17].
Further confounding these associations is the com-

plexity of diet. Diet is a mixture of many nutrients that
vary enormously between individuals and cultures [20].
A diet that is high in BCAAs from plant sources may
have different effects on health than a diet that is high in
BCAAs from animal sources, yet both diets may be
equal in terms of BCAA content. The underlying diet
can also influence the physiological impact of BCAAs. A
diet that is high in BCAAs and high in all other essential
amino acids will lead to increased protein synthesis. Yet
a diet that is high in BCAAs and low in the other essen-
tial amino acids will not lead to protein synthesis despite
MTOR activation, because protein synthesis requires all
amino acids [21]. In addition to the dietary BCAA con-
tent, any effects of dietary BCAAs on health and metab-
olism may be influenced by many of the other
components of the underlying diet. For example, the
background level of carbohydrate, relative to dietary
BCAA or protein content, can moderate any effects on
metabolic health. In mice, for example, diets that are

low in carbohydrate but high in BCAAs accelerated
markers of ageing, such as MTOR and IGF1, whereas
elevating BCAAs against a high-carbohydrate back-
ground did not [10, 22].
Resolving these paradoxes and complexities requires

answers to two pivotal questions: (1) Do circulating
BCAAs reflect dietary intakes? (2) Are there metabolic
or body composition effects of dietary BCAAs, and if so,
are these moderated by nutrient background? Determin-
ing the answers to these questions is difficult in human
studies because these are confounded by a lack of preci-
sion in dietary intake data and various factors including
differences in diets, socioeconomic factors and under-
lying diseases/obesity that can also influence blood
BCAA levels of independent of diet. Here, we use animal
data to overcome the methodological limitations in ob-
servational human studies. For the first time, we bring
together established methods in meta-analysis and meta-
regression with the powerful geometric framework for
nutrition (GFN) [20] to model the complex relationship
between diet, BCAAs and metabolic health. We show
that in both the fasting and fed state, circulating BCAA
levels reflect levels of BCAAs in diet. There is, however,
a saturating effect, where circulating BCAA levels plat-
eau as dietary levels increase beyond a point, reflecting
their systemic physiological effect. We also show that
the effect of dietary BCAAs on health is complex and is
dependent on the dietary background upon which
BCAAs are manipulated.

Results
Circulating BCAAs reflects dietary levels
To determine the relationship between dietary BCAAs
and circulating levels, we extracted data on circulating
levels of total BCAAs (Fig. 1; 52 diet groups; 5 articles),
isoleucine (165 diet groups; 34 articles), leucine (168 diet
groups; 36 articles) and valine (155 diet groups; 34 arti-
cles) (Additional File 1: Table S1). For total BCAA levels,
64% of the data came from groups of mice, for isoleu-
cine and leucine 50% of the groups were mice, and val-
ine 57% were mice.
Meta-analysis applied to all pairwise comparisons

among diets within a controlled experiment detected
statistically significant positive effect sizes for all mea-
sures of circulating BCAAs (Fig. 2A). Back transforming
the overall effects from meta-analysis suggests that in-
creasing dietary BCAAs results in plasma levels of 132%
total BCAAs, 113% isoleucine, 137% leucine and 122%
valine that in control rodents (Fig. 2A). However, for all
outcomes, high levels of heterogeneity were detected
(I2Total > 99%; Table 1) suggesting substantial variation
in the reported effect sizes. Only small to moderate
amounts of this variation were attributable to among-
study differences (I2Experiment = 26 to 36%; Table 1).
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Meta-regressions of nutritional moderators suggested
that the effect sizes for any one measure of circulating
levels of BCAAs could be predicted by the dietary con-
text (see Additional File 1: Table S2 for relative AIC of
different dietary models). For plasma levels of total
BCAAs, elevating dietary BCAAs on a diet low in
BCAAs resulted in big increases in circulating levels
(Fig. 2B). However, where diets are already high in
BCAAs, further increases are not predicted to result in

much, if any, change (Fig. 2B). For circulating levels of
the individual BCAAs themselves, response surface
showed there was an interaction between the magnitude
of the dietary increase and the levels already present in
the diet. Large increases of a specific BCAA where the
diet is low in that amino acid result in big increases in
circulating levels, and vice versa (Fig. 2C–E).
Most of the data came from studies that fasted ani-

mals prior to serum sampling. Overall, the effects of

Fig. 1. PRISMA-style flow diagram illustrating the inclusion and exclusion of studies from our literature search. The number of studies (n) at each
stage is given. For reference, a full list of included references in each analysis is given in Additional File 1: Table S1 and Table S6.

Fig. 2. A Orchard plots showing mean effects of increased dietary BCAAs on plasma levels of BCAAs (total and individual). Thick error bars are
95% confidence intervals (CI; i.e. statistical significance) and fine error bars are 95% prediction intervals (i.e. heterogeneity in reported effects; the
range within which 95% of effect sizes are expected to fall), and k is the number of effect sizes (lnRR). Positive effects indicate that the outcome
measure is higher on the experimental diet (with higher BCAAs) than the control diet. B lnRR for total plasma BCAAs as a function of the BCAA
content of the control diet. Red line indicates the fitted values from meta-regression, with the shaded area the CI. C–E Surfaces showing meta-
regression estimates of lnRR for plasma levels of individual BCAAs as a function of the difference in dietary levels between experiment and
control, and overall control levels of the focal amino acid. On surfaces, red colours indicate positive effects, blue colours negative effects and
purple areas on inlaid panels indicate that the CI for that region of the surface does not span zero. All fitted values come from the AIC favoured-
model (see Additional File 1: Table S5 for coefficients). F Orchard plots showing effects for each outcome stratified by whether animals were
fasted or fed prior to sampling (the significance of between group contrasts are given in Additional File 1: Table S3). G Where shown, individual
effect sizes are scaled by their precision
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dietary BCAAs on circulating levels were larger in fed
than fasted animals (Fig. 2F). However, fasting status
was only a statistically significant moderator for Leu-
cine (lnRRFed-Fasted=0.209, CL=0.035 to 0.383; see
Additional File 1: Table S3 for between-group com-
parisons of non-nutritional moderator variables).
There was no statistically significant difference be-
tween effect sizes in mice and those in rats. For all
the different circulating levels of BCAAs, the duration
of exposure was estimated to have a negative effect,
although this was only significant for circulating leu-
cine (Fig. 2G; Additional File 1: Table S3).
Egger’s regression indicated publication bias may be

present for circulating levels of total BCAAs, leucine and
valine (see Additional File 1: Table S4 for output of pub-
lication bias tests). For total BCAAs, leucine and valine,
trim and fill analyses indicated 120, 8 and 133 missing
effect sizes, respectively. For total BCAAs and valine, in-
clusion of any predicted missing effects was estimated to
increase overall effects (total BCAAs lnRRAdjusted = 0.318
or 137%, valine lnRRAdjusted = 0.349 or 142%). For leu-
cine the inclusion of missing studies was estimated to
slightly decrease the overall effect (lnRRAdjusted = 0.235
or 126%).
Taken together, these results suggest that, while there

may be some differences among studies, circulating
BCAAs are increased by adding dietary BCAAs when
animals are restricted to a base diet that is low to mod-
erate in BCAAs. Above a particular concentration of
BCAAs in the diet (approximately 0.5 kJ/g), blood levels
do not increase further as BCAA content of the diet in-
creases. Fasting animals can reduce the size of the effect
of dietary BCAAs on circulating plasma BCAA levels
but is not likely to abrogate it completely. There is also
some mixed evidence that over time, the effect of dietary

BCAAs on circulating levels may become less extreme.
This suggests that circulating levels do not simply reflect
diet, but that dietary BCAAs have a systemic physio-
logical effect on amino-acid metabolism.

Dietary BCAAs, glucose homeostasis and insulin
sensitivity
To evaluate how dietary and circulating BCAAs influ-
enced glucose homeostasis, we gathered data on the area
under the curve (AUC) in a glucose tolerance test (Glu-
cose AUC; 57 diets from 10 articles), plasma levels of
glucose (100 diets from 32 articles) and insulin (115 di-
ets from 30 articles) and HOMA (55 diets from 10 arti-
cles; Fig. 1). For estimates of AUC, 98% of glucose data
came from mice. For plasma levels, 51% of glucose esti-
mates came from groups of mice, and insulin 89% were
from mice. Mice contributed 95% of the estimates of
HOMA.
Meta-analysis of all pairwise diets within an experi-

ment detected a significant positive effect for glucose
AUC, but not any other traits related to glucose homeo-
stasis (Table 1, Fig. 3A). Glucose AUC of rodents on
high BCAA diets was 121% of that of animals on lower
BCAA diets. For all traits, there was relatively high het-
erogeneity (I2Total = 75–84%; Table 1), with low to mod-
erate amounts attributable to among experiment-level
differences (I2Experiment = 0–42%; Table 1).
For glucose AUC, a model fitting an interaction be-

tween differences in dietary levels of BCAAs and non-
BCAAs had the best fit based on AIC (Additional File 1:
Table S2). Using response surfaces in the GFN to plot
predicted effect sizes, we saw that increasing BCAAs and
non-BCAAs simultaneously (i.e. increasing protein con-
tent), resulted in the largest effects of dietary BCAAs on
glucose AUC (Fig. 3B). The effects of dietary BCAAs on

Table 1 Overall effects (lnRR), 95% confidence intervals (CI) and heterogeneity statistics as estimated by multi-level meta-analysis.
HOMA Homeostatic Model Assessment (a measure of insulin sensitivity)

Trait lnRR CI σ2Experiment σ2Residual I2Total I2Experiment

Plasma BCAAs 0.275 0.061 to 0.489 0.035 0.103 99.87 25.54

Plasma isoleucine 0.122 0.003 to 0.241 0.077 0.137 99.91 35.78

Plasma leucine 0.319 0.221 to 0.416 0.046 0.094 99.14 32.69

Plasma valine 0.198 0.086 to 0.310 0.054 0.136 99.81 28.41

Glucose AUC 0.193 0.072 to 0.314 0.010 0.093 84.21 8.53

Plasma glucose 0.004 − 0.036 to 0.043 0.007 0.006 79.26 41.51

Plasma insulin 0.038 − 0.056 to 0.131 0.004 0.183 83.02 1.71

HOMA 0.019 − 0.108 to 0.146 0.000 0.243 74.81 0.00

Mass 0.010 − 0.024 to 0.043 0.022 0.024 98.43 47.49

Percent fat mass 0.017 − 0.106 to 0.140 0.014 0.063 89.63 16.07

Food intake − 0.067 − 0.106 to − 0.028 0.018 0.027 94.45 37.67

Energy intake − 0.058 − 0.093 to − 0.023 0.013 0.044 99.98 22.37
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plasma insulin levels were best predicted by the protein
to carbohydrate ratio of the diet, in a U-shaped manner;
at both low and high protein to carbohydrate ratios, in-
creasing dietary BCAAs increased plasma insulin levels
(Fig. 3C). Similarly, dietary protein was estimated to
have a U-shaped moderating effect of BCAAs on HOMA
(Fig. 3D). Dietary BCAAs positively influenced HOMA
when diets were both low and high in dietary protein.
For plasma glucose levels, no nutritional moderator had
lower AIC than the (null) meta-analysis. Neither fasting
status, model species nor duration of the study was a
significant moderator of effect size for any glucose me-
tabolism outcomes (Fig. 3E, Additional File 1: Table S3).
Egger’s regression indicated publication bias for

plasma insulin and HOMA (Additional File 1: Table S4).
Trim and fill analysis applied to the effect sizes for these
traits estimated 73 and 57 missing studies for plasma in-
sulin and HOMA respectively, and inclusion of such
missing studies is estimated to reduce estimated lnRR
slightly. It is notable that overall meta-analytic means for
plasma insulin and HOMA traits are already non-
significant, although the respective model estimates
shown in Fig. 3A may require slight downward

adjustment due to publication bias (plasma insulin
lnRRAdjusted = −0.063 or 94%, HOMA lnRRAdjusted =
−0.011 or 99%).
These results suggest that any effects of increasing

BCAAs are dependent on the dietary background upon
which the change occurs. While slightly different moder-
ators of effect were favoured for the different traits, a re-
curring theme is dietary protein. Increasing BCAAs on a
diet already low/high in protein is most likely to result
in poorer glucose and insulin homeostasis.

BCAAs, food intake and body composition
Given evidence that BCAAs influence food intake and
body composition [10], we gathered data on body mass
from 435 groups of rodents on different diets (88 arti-
cles) and percent fat mass from 58 dietary groups (12 ar-
ticles). We also had estimates of food and energy intake
from 338 groups (66 articles). For body mass, 31% of the
groups were mice, for percent fat mass 97% were mice,
and for food and energy intake 36%.
There was no overall significant effect size for body

mass or percent body fat (Fig. 4A; Table 1). However,
overall effect sizes for food and energy intake were

Fig. 3. A Orchard plots showing mean effects of increased dietary BCAAs on indicators of glucose metabolism. Thick error bars are 95%
confidence intervals (CI; i.e. statistical significance) and fine error bars 95% prediction intervals (i.e. heterogeneity in reported effects; the range
within which 95% of effect sizes are expected to fall), and k is the number of effect sizes (lnRR). Positive effects indicate that the outcome
measure is higher on the experimental diet (with higher BCAAs) than the control diet. B Surface showing meta-regression estimate of lnRR for
glucose AUC as a function of the difference in dietary BCAA and non-BCAA levels between experimental and control diets. C, D Bubble plots for
lnRR of plasma insulin and HOMA as a function nutritional moderators. Red line indicates the fitted values from meta-regression, with the shaded
area the CI. On surfaces, red colours indicate positive effects, blue colours negative effects and purple areas on inlaid panels indicate that the CI
for that region of the surface does not span zero. All fitted values come from the AIC-favoured model (see Additional File 1: Table S5 for
coefficients). E Orchard plots showing effects for each outcome stratified by whether animals were fasted or fed prior to sampling (the
significance of between group contrasts are given in Additional File 1: Table S3)
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negative and statistically significant suggesting that, on
average, intake is lower on high BCAA diets (Table 1; Fig.
4A). Back transformed, the meta-analytic estimates sug-
gest that food and energy intake in high dietary BCAA
groups is typically 94% of that in low BCAA groups. Total
heterogeneity was very high for all traits (I2Total = 90–
100%; Table 1), and low to moderate amounts of this vari-
ation was estimated to be from differences at the experi-
mental level (I2Experiment = 16–47%; Table 1).
For the effects of increased BCAAs on body mass, the

amount of BCAAs in the reference diet was the moder-
ator favoured by AIC (Additional File 1: Table S2).
Where diets were low in BCAAs, increasing BCAAs re-
sulted in increased body weight. However, for diets
already high in BCAAs, further increases in BCAAs did
not affect body mass (Fig. 4B). The AIC-favoured model

for percentage fat mass included the magnitude of the
increase in BCAAs between diets and the protein to
carbohydrate ratio of the reference diet. On a low pro-
tein, high carbohydrate diet, relatively large increases of
BCAAs had little effect on fat mass, whereas on high
protein to carbohydrate diets, small increases in BCAAs
were predicted to result in greater adiposity (Fig. 4C). Fi-
nally, the change in ratio of BCAAs to non-BCAAs was
the best nutritional predictor of the effect of dietary
BCAAs on both food and energy intake. Where the ex-
perimental diet had a lower ratio of BCAAs to non-
BCAAs than the control diet, BCAAs resulted in ele-
vated intake (Fig. 4D, E). However, where the experi-
mental diet had a higher ratio of BCAAs to non-BCAAs
than the control diet, food/energy intake was depressed
(Fig. 4D, E).

Fig. 4. A Orchard plots showing mean effects of increased dietary BCAAs on indicators of body composition and food intake. Thick error bars are
95% confidence intervals (CI; i.e. statistical significance) and fine error bars 95% prediction intervals (i.e. heterogeneity in reported effects; the
range within which 95% of effect sizes are expected to fall), and k is the number of effect sizes (lnRR). Positive effects indicate that the outcome
measure is higher on the experimental diet (with higher BCAAs) than the control diet. B, D, E Bubble plots for lnRR of body mass, food and
energy intake as a function of nutritional moderators. Red line indicates the fitted values from meta-regression, with the shaded area the CI. C
Surface showing meta-regression estimate of lnRR for percentage fat mass as a function of the difference in the ratio of dietary BCAA:non-BCAA
between experimental and control diets and the protein to carbohydrate ratio of the control diet. On surfaces, red colours indicate positive
effects, blue colours negative effects and purple areas on inlaid panels indicate that the CI for that region of the surface does not span zero. All
fitted values come from the AIC-favoured model (see Additional File 1: Table S5 for coefficients). Where shown, individual effect sizes are scaled
by their precision
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Body weight was moderated by species, whereby ef-
fects sizes were slightly larger for rats than mice (Add-
itional File 1: Table S3). The duration of exposure did
not moderate the effect of dietary BCAAs on the intake
or body composition (Additional File 1: Table S3).
Egger’s regression suggested possible publication bias for
percent fat mass and energy intake, although trim and
fill analysis for these traits suggested no missing studies
(Additional File 1: Table S4).
Together, these findings suggest that the effects of

dietary BCAAs on body mass, composition and food in-
take are complex. Any effects are dependent on the diet-
ary context in which BCAAs are elevated and any
concomitant changes in other amino acids.

Discussion
Here, we use multidimensional nutritional modelling, to-
gether with established techniques in meta-analysis and
meta-regression, to disentangle the complex relationship
between diet, BCAAs and metabolic health. The first
issue we addressed was the relationship between dietary
BCAAs and blood levels of BCAAs. Overall, there was a
positive association between dietary and blood levels of
BCAAs in both the fasting and fed state, supporting the
notion that circulating BCAA levels are likely to reflect
long-term protein intake [1, 7, 10, 17]. The relationship,
however, is more nuanced. In animals restricted to diets
containing different amounts of BCAAs, there was a
curvilinear relationship between dietary content of
BCAAs and the blood levels of BCAAs, a finding con-
sistent with our previous experimental work. When the
dietary background level of BCAAs was lower than
standard mouse chow (0.52 kJ/g), increasing dietary
BCAAs resulted in elevated blood levels of BCAA. At
higher levels dietary BCAA, however, adding more to
the diet had little effect. We have previously seen a plat-
eau in circulating BCAAs when blood levels reach about
40 μg/mL [10, 22], occurring consistently when either
total dietary protein content or dietary BCAA levels are
increased beyond a point. This relationship reflects the
network of mechanisms that influence BCAA levels.
Blood levels of BCAAs are primarily regulated by
BCKDH, a mitochondrial enzyme complex found in the
liver and muscle that catabolizes the ketoacid metabo-
lites of BCAAs. Because insulin and BCAAs both acti-
vate BCKDH which acts to reduce BCAA levels [17], the
mechanism for the plateau in BCAA blood levels when
dietary content is high may be explained by a compensa-
tory increase in BCKDH activation. This plateau occurs
once food content of BCAA is greater than in standard
diets and when blood levels of BCAA are about 40 mg/L
[10, 22], suggesting that in these conditions, the cata-
bolic capacity of BCKDH cannot be further
downregulated.

Another mechanism by which an animal can regulate
blood levels of BCAAs is by altering dietary intake. As
essential amino acids, BCAAs are primarily acquired
through dietary sources. In our meta-analysis, animals
only had access to a single diet; therefore, the only op-
tion for increasing or decreasing BCAA intake is by
changing feeding behaviour to consume more, or less
food. Evidence for this response was apparent in the
analysis of the relationship between food intake and
dietary BCAAs. Animals on diets high in BCAAs ate
94% of the amount eaten by animals on low BCAA diets.
However, the effect of BCAAs food intake that we ob-
serve is small, even in these experimental animals where
dietary BCAA levels are often dramatically manipulated
(e.g. ranging from 20 to 200% of standard amounts of
BCAA [10]). The impact of BCAAs on food intake is,
however, complex. While the general trend showed that
BCAAs reduced food intake of animals on diets with
high BCAA, low non-BCAA ratios, it is important to
note that many studies did not experimentally control
for protein content when manipulating BCAA levels. It
remains uncertain whether this reduction in food intake
is attributable to the satiating effect of increasing total
dietary protein.
While high amounts of dietary protein can suppress

food intake and protein intake is prioritized over intake
of fat and carbohydrates [23], the role of individual
amino acids and their mixtures on protein appetite and
food intake is complex and not yet fully understood. We
found an effect of dietary BCAAs on food intake consist-
ent with animals having the capacity to regulate food in-
take according to BCAA content; however, the effect is
small and is likely confounded by the overall total pro-
tein content and balance of amino acids. Imbalance of
amino acids is also known to influence feeding behav-
iour, with the effect of suppressing or increasing food in-
take dependent on the nature of the manipulation. For
example, diets extremely deficient or devoid in one or
more essential amino acids result in food aversion [24].
However, when the deficiency is small enough to be lev-
eraged by compensatory feeding, hyperphagia is ob-
served [25]. When compared to control groups,
reducing dietary levels of single amino acids such as me-
thionine, threonine or isoleucine [2, 26, 27] or groups of
amino acids such as essential amino acids or the BCAAs
[4, 5, 27] sufficiently increases food intake. In addition to
dietary availability, the interaction between amino acids
in circulation can regulate food intake by influencing
whether the amino acid precursors necessary for neuro-
transmitter production are transported across the blood-
brain barrier in sufficient quantities. A recent example
showed that a diet high in BCAAs but low in tryptophan
reduces uptake of tryptophan into the brain by compet-
ing for transport across the blood-brain barrier by the
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LAT1 amino acid transporter [10]. As tryptophan is the
sole precursor for serotonin synthesis, a neurotransmit-
ter involved in the control of food intake [28], reduced
levels in the brain led to lower brain serotonin levels,
greatly increased food intake, obesity and shortened life-
span. All these effects occurred without activation of ca-
nonical ageing pathways such as MTOR and IGF1 [10].
While this increase in food intake on high BCAA diets
appear at odds with the findings of this meta-analysis,
this effect may be explained by the interaction between
dietary BCAAs and the total protein content of the diet.
Many studies that supplement dietary BCAAs also in-
crease the total protein content of the diet, an effect
which will have important implications for promoting
satiety. Solon-Biet et al 2019, however, use a unique de-
sign where BCAAs levels were doubled compared to the
control group, while keeping total protein content con-
stant. In experiments where this is not controlled, the ef-
fect of total dietary protein is likely to dominate any
effect on appetite of dietary BCAAs.
What are the implications for human studies of the

finding of this meta-analysis and the curvilinear relation-
ship between dietary BCAAs and blood levels of BCAAs?
First, it must be emphasized that these animal studies
involved restriction to a single diet. Humans, on the
other hand, have access to multiple foods with different
contents of BCAAs, and other components such as tryp-
tophan which can interact with BCAA to influence ap-
petite. Second, unlike human studies, animal studies are
undertaken with homogeneous genotypes and environ-
ments. Humans often have conditions and diseases unre-
lated to BCAA intake, but which may influence BCAA
levels via their impact on various anabolic (insulin, IGF-
1, GH) and catabolic (TNFα, cortisol, catecholamines,
glucagon, inflammatory cytokines) factors that influence
BCKDH activity. Even so, we predict that the curvilinear
relationship between dietary BCAA and BCAA blood
levels seen in animals will be apparent in human popula-
tions because it is a consequence of regulatory networks
shared with humans. Thus, for human studies, we pre-
dict that there will the strongest association between in-
dividual dietary and blood levels in populations/groups
with comparatively low levels of dietary BCAAs. While a
positive correlation might be statistically significant over
an entire range of blood levels and intakes, this may mis-
represent the underlying curvilinear nature of the rela-
tionship. It must be noted, however, that BCAA levels
are tightly regulated in the fasting period, so it is not
simply a case of more dietary BCAAs entering the blood
and increasing BCAA levels. If an association was found
between dietary BCAAs and blood levels (when the diet-
ary BCAAs are high), this may be explained by an indir-
ect or confounding association that impacts on the
regulatory network—in particular, BCKDH. For example,

people with obesity may consume a diet with higher
amounts of BCAAs but also have insulin resistance
which impairs BCAA catabolism [19].
Here, we studied the relationship between blood levels

of BCAAs and dietary BCAAs, but not total dietary pro-
tein. A weak association between dietary protein and
blood levels of BCAAs has been reported in humans,
and stronger associations in animal studies where pro-
tein intake and content can be strictly controlled [7, 29].
Although BCAAs are only found in dietary protein, the
amount of BCAAs varies substantially depending on the
source and type of protein, which makes evaluating any
association more uncertain.
The second question we addressed with this meta-

analysis was whether there are effects of dietary BCAAs
on glucose metabolism, and if so, are these moderated by
nutrient background? There were four metabolic out-
comes assessed (insulin, glucose, glucose AUC and
HOMA). Only glucose AUC had a significant overall asso-
ciation with dietary BCAAs, but not any other traits re-
lated to glucose homeostasis. In human studies, it has
usually been reported that there is a strong association be-
tween dietary BCAAs and /or blood levels of BCAAs with
impaired insulin and glucose metabolism, metabolic syn-
drome and diabetes [13, 19]. Although ascertaining the
direction of causality in epidemiological studies is difficult,
the most widely accepted conclusion is that elevated
BCAAs are a consequence of insulin-resistant states—ra-
ther than elevated BCAAs contributing directly to insulin
and glucose dysmetabolism, although there is evidence
supporting both hypotheses [19]. The results of our meta-
analysis are consistent with that interpretation. That is, we
found in otherwise healthy animals (i.e. not obese or dia-
betic) on diets with sufficient levels of BCAAs/protein,
changes in dietary BCAAs alone were not associated with
overall significant metabolic disturbance. Model fitting,
however, showed that these results are more nuanced and
can be influenced by background nutrition. For glucose
AUC, we found that the largest effects of dietary BCAAs
occurred when there was a simultaneous increase in non-
BCAA content (i.e. increasing protein content), a finding
consistent with studies in humans where it has been
shown that people not-subject to protein restriction have
higher fasting blood glucose [5]. Although these results
are complicated, the unifying theme is that when in-
creased dietary BCAAs reflect increasing dietary protein,
there is an increased association with glucose dysmetabo-
lism. An association between excess dietary protein, par-
ticularly from animal sources, and cardiometabolic
disorders has been widely reported [22, 30]. Thus, any as-
sociation between BCAA and metabolic disease is more
likely to be a result of BCAA being a biomarker for the
amount and type of dietary protein, rather than being an
independent risk factor.
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Important outstanding questions raised by our study
are (1) how quickly the effects of dietary protein/
BCAAs on glucose metabolism take hold and (2) the
degree to which any effects are reversible. On the first
question, it seems unlikely that all outcomes respond
similarly quickly to dietary BCAAs, yet our analyses
detected few moderating effects of study duration.
However, it is important to point out that our search
and analysis did not explicitly target longitudinal ex-
periments on the effects of dietary BCAAs. Regarding
reversibility, this question requires examination of the
responses to a diet switching experiments, which was
also beyond the scope of the current synthesis. None-
theless, some such studies have been performed. For
example, Cummings et al. [8] found that reducing
BCAAs and total amino acids, after animals had been
exposed to a ‘western diet’ reduced fat mass and glu-
cose AUC implying a degree of plasticity. However,
Hahn et al. [31] found that a late-life switch to dietary
restriction, which involves a reduction of all nutrients
in the diet (including amino-acids), did not result in
the expected improvements in survival, implying irrep-
arable damage from the preceding diet. The GFN-
based meta-regression approach that we present al-
lows the user to identify the key nutritional dimen-
sions of major effect, and thus may help to unify the
results of different diet-switch experiments.
Finally, we addressed the issue of body composition

and BCAAs. Overall, dietary BCAAs were not associ-
ated with body mass or body fat in this meta-analysis.
However, there were associations when the underlying
diet was considered. Increased BCAAs were associated
with increased bodyweight when the background diet
was low in BCAAs. This is likely a result of the rela-
tionship we found with food intake, where BCAAs
were associated with increased food intake when the
background diet was low in BCAAs, reflecting behav-
ioural mechanisms of animals to reach intake targets
of limiting nutrients [20]. It is important to note, how-
ever, that the balance of amino acids in the diet, in
addition to macronutrient background, may exert dif-
ferent effects on food intake. For example, reducing
levels of other specific amino acids such as trypto-
phan, while simultaneously increasing BCAAs may im-
pair central appetite signalling mechanisms and
promote hyperphagia [10]. Our meta-analysis also
found that increased dietary BCAAs were associated
with elevated body fat when the diet was high in pro-
tein and low in carbohydrates. This is consistent with
amino acid biochemistry whereby excess amino acids
above those required for protein synthesis can either
be utilized via gluconeogenesis or ketogenesis for en-
ergy production or indirectly via acetyl coA converted
to fat and glycogen [1, 14].

Conclusion
This meta-analysis found that there was a curvilinear re-
lationship between dietary BCAAs and blood levels of
BCAAs, a finding consistent in both the fasting and fed
state. It is important to note that these studies were
undertaken in animal on restricted diets, and therefore,
we must be cautious about extrapolating this finding to
human data. We predict, however, that given shared
regulatory mechanisms with humans, the curvilinear re-
lationship between dietary BCAA and blood levels will
be apparent in human populations. We also found that
the relationship between dietary BCAAs and phenotypic
outcomes (glucose and insulin, body composition and
food intake) is complex and dependent on the under-
lying diet. This is an important finding for any study of
dietary components and phenotypic outcomes because it
emphasizes that diet is a complex mixture whereby each
nutrient cannot be considered in isolation.

Methods
Search strategy and inclusion criteria
The methodology of this systematic review was pre-
specified in a protocol and followed the guidelines of the
Systematic Review Centre for Laboratory Animal [SYRC
LE [32];]. A literature search was conducted in the data-
bases Web of Science, Scopus, EMBASE and MEDLINE,
as well as the specific journal Nature Metabolism, which
was not indexed by those databases at the time. Key-
words and search criteria were formulated, and are re-
ported, using the guidelines in the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses) statement. The search was designed around
the primary components ‘diet’, ‘branched chain amino
acids’ and ‘rodents’ (for a full list of keywords for each
database, see Additional File 2) and was last updated on
1/10/2019.
Screening of studies consisted of two phases. The first

phase was based on title and abstract screening, and the
second phase was based on a full-text screening. Two re-
searchers independently conducted the first abstract and
title screening phase, which was where 98% of studies
were excluded. To be accepted for analysis the studies
had to meet all of following inclusion criteria:

a) We were able to obtain a copy of the full paper.
b) The paper was written in English.
c) An experimental mouse or rat study. Data was

limited to healthy, non-gestating/lactating mice and
rats who were free to move but not explicitly exer-
cised. Studies on mutant/knockdown animals were
excluded.

d) Studies in which a dietary treatment involving an
altered amount of BCAAs compared to a control
group was administered. The BCAA increase/
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decrease must be achieved by altering the dietary
complex (not via injection, or in water).

e) Data must not come from diets that had less than
5% total energy from protein, as these diets were
deemed outside of the envelope of nutritional space
that can support rodent life or from a diet that the
authors specifically designed to be ‘insufficient’ in
terms of dietary protein/amino acid.

f) The dietary treatment must be chronic, i.e. longer
than 1 day.

g) The study must report one or more of the outcome
measures that quantifies circulating BCAA levels or
cardio-metabolic health, as given in Table 1.

h) The study must report the mean, sample size and
preferably a measure of variability (e.g. standard
deviation (SD)) for the outcome of interest (missing
SDs were handled via multiple imputation).

i) The study must report the composition of the diet,
such that we were able to derive the energy density
of the diet, and the percentage energy coming from
macronutrients and BCAAs.

Studies were excluded at whichever phase they first
were deemed to have violated any criteria, typically,
though, assessment of criteria (e) through (i) required
assessment of the full text (phase 2).

Study characteristics and data extraction
The following data were extracted/derived from any in-
cluded studies: bibliographic data, the rodent species,
the duration of the treatment, diet composition in terms
of percentage energy and overall energy density, whether
animals were fasted prior to sampling, and the mean,
sample size and SD of the outcome measures given in
Table 1 (where necessary SD was derived from the
standard error/confidence interval, although missing
SDs were allowed and handled via multiple imputation;
see below). Where necessary, energy content for pro-
tein/amino acids were calculated at 17 kJ/g, carbohy-
drates at 17 kJ/g and fat at 38 kJ/g. All data extraction
was double checked by a second researcher.
Data were extracted from text or tables, and from

graphs using the software GraphClick. When the group
sizes were reported as a range, the midpoint was used
and rounded up if not a whole number. Where outcome
measures are reported as median and range, we esti-
mated the mean and SD following Hozo et al. [33]. If
data were reported over multiple time points, the longest
duration for which concurrent data were available were
used. For 6 studies we derived % body fat from total
body mass and fat mass, in which case we assumed a
strong correlation (r = 0.8) for the propagation of vari-
ation based on data from Solon-Biet et al. [22].

Leading investigators of studies or commercial pro-
viders of diets were contacted in cases where there was
missing data. If the data were irretrievable the study was
not included (those contacted needed to reply within
two weeks of request via email).

Effect sizes
All analyses were performed in the statistical program-
ming environment R V4.1.0 [34]. Our effect size of use
was the log response ratio (lnRR) sometimes called the
ratio of means (ROM) and corresponds to the natural
logarithm of ratio of the two means. We calculated lnRR
such that positive values indicate a greater mean in the
dietary group with greater (energy coming from)
BCAAs, and negative values the opposite. Effect sizes
and sampling variances were calculated using the ‘escalc’
function in the package metafor [35].
We calculated all pairwise comparisons within an ex-

periment, for example in a study with 3 diet groups,
there are 3 unique pairwise comparisons (A vs B, A vs C
and B vs C), and thus, we calculated 3 lnRRs. This inev-
itably leads to covariance among effect sizes from the
same experiments, termed ‘stochastic dependency’ [36].
Any such covariance was estimated following Lajeunesse
[37], and the associated variance-covariance matrix was
accounted for in any analyses [38]. In the event that
such matrices were non-positive definite (a requirement
for model fitting), a matrix bending procedure was
employed (‘make.positive.definite’, in the corpcor pack-
age [39];).
Where authors had chosen to report their results as

separate experiments (e.g. dietary interventional applied
to different age classes), we treated them as such, and
thus, single publications could contain multiple experi-
ments. However, if authors split their results due to dif-
ferent diet composition (e.g. on different background
levels of protein), we treated these as single experiments,
with differences in diet composition used to determine
the relative BCAA content of the diets. Potential moder-
ating effects of other dietary factors were then explored
using meta-regression (see below).
In the event that SDs were missing, we employed mul-

tiple imputation [40]. Imputation was performed on the
log scale using the log mean as a predictor, with 20 rep-
licate imputations. The whole set of analyses were ap-
plied to each imputed dataset with results pooled
following DB Rubin [41]. The ‘mice’ function in the
package mice [42] was used to impute missing SDs.

Meta-analyses and meta-regression
Effect sizes for each health-related outcome were ana-
lysed separately. For each outcome, we began by fitting a
multi-level meta-analysis (MLMA) which included the
lnRR as the outcome and a variance-covariance matrix
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for the sampling variance. A random effect for the ex-
perimental unit (as there can be several effect sizes from
a single experiment) from which the effect size came
was included in all models. This first model estimated
the overall effect size for the outcome of interest (in
places log effect sizes are back transformed to raw ratios
to aid in interpretation), its statistical significance (based
on whether a 95% CI spans zero) and the degree of het-
erogeneity. For heterogeneity, we report the variance
components as estimated by meta-analysis and from
which we derive I2, which corresponds to the percentage
of variation among effect sizes than cannot be attributed
to sampling variation; 25, 50 and 75% were interpreted
loosely as low, moderate and high heterogeneity [43]. As
well as total I2, we partitioned I2 in to that explained by
experimental ID following Nakagawa and Santos [44].
All models were implemented using the ‘rma.mv’ func-
tion in metafor, with terms estimated by restricted max-
imum likelihood (REML).
To try and understand the cause of heterogeneity (i.e.

variation among reported effects), we used multi-level
meta-regression (MLMR). To explore how nutritional as-
pects of experiments influenced the observed effect sizes,
we fitted a series of MLMRs with different nutritional
moderators, and selected among them based on Akaike
information criterion (AIC [45];). Ranked alongside nutri-
tional MLMRs was the equivalent MLMA, which served
as a null model allowing for the possibility that none of
the nutritional factors explored moderated the effect size.
Models with the lowest AIC were favoured. In the event
that models had AIC scores within 2 points of one an-
other the simplest model (i.e. fewest parameters) was se-
lected. We implemented a linear and non-linear variant of
each nutritional moderator (providing that we had at least
10 effect sizes per parameter in the model). Non-linear
models were fitted using basis splines of nutritional pre-
dictors using the ‘bs’ function in the splines package in
base R (df=3). We explored a large number of nutritional
predictors including the amount of BCAAs/total protein
in the control diet, differences in BCAAs/protein between
diets, interactions between these factors and the ratio of
the protein to carbohydrate in the control diet. A
complete list of the nutritional moderators explored for
each outcome and their interpretation is given in the sup-
plementary materials. Where data allowed, we also tested
whether the effect size was predicted by the species
(mouse or rat) and the duration of the dietary exposure
(duration was log transformed to account for likely non-
linear effect of exposure duration). For measures of circu-
lating plasma BCAA levels and glucose metabolism we
evaluated whether being fasted prior to sampling affected
the effect size.
To visualize overall meta-analysis results, we use or-

chard plots [46]. To visualize the results of univariate

meta-regressions involving numeric predictors, we use
bubble plots. The results of multi-dimensional MLMR
were visualized in multi-dimensional nutrient space using
the surface-based approach common in the geometric
framework for nutrition (GFN) [20]. Surfaces were
coloured such that blue indicates a negative effect size,
red positive and green a zero effect size at that point in
the nutrient space. For all surfaces, a 95% CI was gener-
ated for each point in the nutrient space as the effect size
at that point ± 1.96 × SE; where these CIs do not span
zero the point on the surface was considered as differing
significantly from zero (i.e. there is a statistically signifi-
cant effect-size at this point in the nutrient space).
To assess potential effects of publication bias, we ap-

plied Egger’s regression to the residuals of the meta-
analytic model for each trait using the ‘regtest’ function in
metafor. In the event that Egger’s regression indicated sig-
nificant asymmetry in the meta-analytic residuals of a
trait, we applied a trim and fill test (‘trimfill’ in metafor) to
estimate the number of missing studies and the effect of
the inclusion of missing studies on the overall meta-
analytic mean reported. Where imputation was used to es-
timate missing SDs, multiple instances of the publication
bias tests were implemented with the results averaged.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12915-021-01201-2.

Additional File 1. Tables S1. Studies included in the analysis of each
trait. Tables S2. Relative model fit of nutritional meta-regressions, based
on Akaike Information Criterion (AIC). Tables S3. Model coefficients meta-
regressions of species and fasting for each trait. Tables S4. Results of pub-
lication bias tests for each trait. Tables S5. Model coefficients for AIC fa-
vored meta-regression for each trait as shown intake S1. Table S6. Details
of articles analyzed.

Additional File 2. Detailed methods.

Acknowledgements
We would like to thank Monica Cooper for the University of Sydney Library
for her help in designing a rigorous and robust literature search. We would
like to thank Prof Greg Cooney for his helpful discussions in interpreting the
results of our analyses.

Authors’ contributions
SSB and AMS conceived the idea. SSB, DGLC, SJS and AMS designed the
study. LG, SF and AMS performed the data collection. LG and AMS
performed the analyses. All authors contributed to the interpretation of the
results and preparation of the manuscript. All authors read and approved the
final manuscript.

Funding
AMS was supported by an Australian Research Council Discovery Early Career
Researcher Award (ARC DECRA 180101520). SSB was supported by a National
Health and Medical Research Council Peter Doherty Fellowship.

Availability of data and materials
All code and data for the analyses contained herein is available at https://
github.com/AlistairMcNairSenior/BCAAs_Meta_Analysis

Solon-Biet et al. BMC Biology           (2022) 20:19 Page 11 of 13

https://doi.org/10.1186/s12915-021-01201-2
https://doi.org/10.1186/s12915-021-01201-2
https://github.com/AlistairMcNairSenior/BCAAs_Meta_Analysis
https://github.com/AlistairMcNairSenior/BCAAs_Meta_Analysis


Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1Charles Perkins Centre, The University of Sydney, Sydney, NSW, Australia.
2School of Life and Environmental Sciences, Faculty of Science, The
University of Sydney, Sydney, NSW, Australia. 3Sydney Medical School, Faculty
of Health and Medicine, The University of Sydney, Sydney, NSW, Australia.
4Ageing and Alzheimers Institute and Centre for Education and Research on
Ageing, Concord Hospital, Sydney, NSW, Australia. 5ANZAC Research Institute,
The University of Sydney, Sydney, NSW, Australia. 6School of Mathematics
and Statistics, Faculty of Science, The University of Sydney, Sydney, NSW,
Australia.

Received: 28 June 2021 Accepted: 29 November 2021

References
1. Le Couteur DG, Solon-Biet SM, Cogger VC, Ribeiro R, de Cabo R,

Raubenheimer D, et al. Branched chain amino acids, aging and age-related
health. Ageing Res Rev. 2020;64:101198. https://doi.org/10.1016/j.arr.2020.1
01198.

2. Yu D, Richardson NE, Green CL, Spicer AB, Murphy ME, Flores V, et al. The
adverse metabolic effects of branched-chain amino acids are mediated by
isoleucine and valine. Cell Metab. 2021;33(5):905–22.e906.

3. D'Antona G, Ragni M, Cardile A, Tedesco L, Dossena M, Bruttini F, et al.
Branched-chain amino acid supplementation promotes survival and
supports cardiac and skeletal muscle mitochondrial biogenesis in middle-
aged mice. Cell Metab. 2010;12(4):362–72. https://doi.org/10.1016/j.cmet.201
0.08.016.

4. Richardson NE, Konon EN, Schuster HS, Mitchell AT, Boyle C, Rodgers AC,
et al. Lifelong restriction of dietary branched-chain amino acids has sex-
specific benefits for frailty and life span in mice. Nat Aging. 2021;1(1):73–86.
https://doi.org/10.1038/s43587-020-00006-2.

5. Fontana L, Cummings NE, Arriola Apelo SI, Neuman JC, Kasza I, Schmidt BA,
et al. Decreased consumption of branched-chain amino acids improves
metabolic health. Cell Rep. 2016;16(2):520–30. https://doi.org/10.1016/j.
celrep.2016.05.092.

6. Wang TJ, Larson MG, Vasan RS, Cheng S, Rhee EP, McCabe E, et al.
Metabolite profiles and the risk of developing diabetes. Nat Med. 2011;17(4):
448–53. https://doi.org/10.1038/nm.2307.

7. Ribeiro RV, Solon-Biet SM, Pulpitel T, Senior AM, Cogger VC, Clark X, et al. Of
older mice and men: branched-chain amino acids and body composition.
Nutrients. 2019;11(8):1882. https://doi.org/10.3390/nu11081882.

8. Cummings NE, Williams EM, Kasza I, Konon EN, Schaid MD, Schmidt BA,
et al. Restoration of metabolic health by decreased consumption of
branched-chain amino acids. J Phsyiol. 2017;596(4):623–45. https://doi.org/1
0.1113/JP275075.

9. Newgard CB, An J, Bain JR, Muehlbauer MJ, Stevens RD, Lien LF, et al. A
branched-chain amino acid-related metabolic signature that differentiates
obese and lean humans and contributes to insulin resistance. Cell Metab.
2009;9(4):311–26. https://doi.org/10.1016/j.cmet.2009.02.002.

10. Solon-Biet SM, Cogger VC, Pulpitel T, Wahl D, Clark X, Bagley E, et al.
Branched chain amino acids impact health and lifespan indirectly via amino
acid balance and appetite control. Nat Metab. 2019;1(5):532–45. https://doi.
org/10.1038/s42255-019-0059-2.

11. Connelly MA, Wolak-Dinsmore J, Dullaart RPF. Branched chain amino acids
are associated with insulin resistance independent of leptin and
adiponectin in subjects with varying degrees of glucose tolerance. Metab
Syndr Relat Disord. 2017;15(4):183–6. https://doi.org/10.1089/met.2016.0145.

12. Huffman KM, Shah SH, Stevens RD, Bain JR, Muehlbauer M, Slentz CA, et al.
Relationships between circulating metabolic intermediates and insulin

action in overweight to obese, inactive men and women. Diabetes Care.
2009;32(9):1678–83. https://doi.org/10.2337/dc08-2075.

13. Newgard CB. Interplay between lipids and branched-chain amino acids in
development of insulin resistance. Cell Metab. 2012;15(5):606–14. https://doi.
org/10.1016/j.cmet.2012.01.024.

14. Bifari F, Nisoli E. Branched-chain amino acids differently modulate catabolic
and anabolic states in mammals: a pharmacological point of view. Br J
Pharmacol. 2017;174(11):1366–77. https://doi.org/10.1111/bph.13624.

15. Hiroshige K, Sonta T, Suda T, Kanegae K, Ohtani A. Oral supplementation of
branched-chain amino acid improves nutritional status in elderly patients
on chronic haemodialysis. Nephrol Dial Transplant. 2001;16(9):1856–62.
https://doi.org/10.1093/ndt/16.9.1856.

16. Elshorbagy AK, Samocha-Bonet D, Jernerén F, Turner C, Refsum H,
Heilbronn LK. Food overconsumption in healthy adults triggers early and
sustained increases in serum branched-chain amino acids and changes in
cysteine linked to fat gain. J Nutr. 2018;148(7):1073–80. https://doi.org/10.1
093/jn/nxy062.

17. Neinast M, Murashige D, Arany Z. Branched chain amino acids. Annu Rev
Physiol. 2019;81(1):139–64. https://doi.org/10.1146/annurev-physiol-02051
8-114455.

18. Tom A, Nair KS. Assessment of branched-chain amino acid status and
potential for biomarkers. J Nutr. 2006;136(1 Suppl):324s–30s.

19. Holecek M. Branched-chain amino acids in health and disease: metabolism,
alterations in blood plasma, and as supplements. Nutr Metab. 2018;15(1):33.
https://doi.org/10.1186/s12986-018-0271-1.

20. Simpson SJ, Raubenheimer D. The nature of nutrition: a unifying framework
from animal adaptations to human obesity. Oxford, UK: Princeton University
Press; 2012. https://doi.org/10.1515/9781400842803.

21. Wolfe RR. Branched-chain amino acids and muscle protein synthesis in
humans: myth or reality. J Int Soc Sports Nutr. 2017;14(1):30. https://doi.
org/10.1186/s12970-017-0184-9.

22. Solon-Biet SM, McMahon AC, Ballard JW, Ruohonen K, Wu LE, Cogger VC,
et al. The ratio of macronutrients, not caloric intake, dictates
cardiometabolic health, aging, and longevity in ad libitum-fed mice. Cell
Metab. 2014;19(3):418–30. https://doi.org/10.1016/j.cmet.2014.02.009.

23. Raubenheimer D, Simpson SJ. Protein leverage: theoretical foundations and
ten points of clarification. Obesity. 2019;27(8):1225–38. https://doi.org/10.1
002/oby.22531.

24. Gietzen DW, Hao S, Anthony TG. Mechanisms of food intake repression in
indispensable amino acid deficiency. Annu Rev Nutr. 2007;27(1):63–78.
https://doi.org/10.1146/annurev.nutr.27.061406.093726.

25. Rose WC. Feeding experiments with mixtures of highly purified amino
acids. I. The inadequacy of diets containing nineteen amino acids. J Biol
Chem. 1931;94:155–65.

26. Hasek BE, Stewart LK, Henagan TM, Boudreau A, Lenard NR, Black C, et al.
Dietary methionine restriction enhances metabolic flexibility and increases
uncoupled respiration in both fed and fasted states. Am J Physiol. 2010;
299(3):R728–39. https://doi.org/10.1152/ajpregu.00837.2009.

27. Yap YW, Rusu PM, Chan AY, Fam BC, Jungmann A, Solon-Biet SM, et al.
Restriction of essential amino acids dictates the systemic metabolic
response to dietary protein dilution. Nat Commun. 2020;11(1):2894. https://
doi.org/10.1038/s41467-020-16568-z.

28. Breum L, Rasmussen MH, Hilsted J, Fernstrom JD. Twenty-four-hour plasma
tryptophan concentrations and ratios are below normal in obese subjects
and are not normalized by substantial weight reduction. Am J Clin Nutr.
2003;77(5):1112–8. https://doi.org/10.1093/ajcn/77.5.1112.

29. Le Couteur DG, Ribeiro R, Senior A, Hsu B, Hirani V, Blyth FM, et al. Branched
chain amino acids, cardiometabolic risk factors and outcomes in older men:
the Concord Health and Ageing in Men Project. J Gerontol A Biol Sci Med
Sci. 2020;75(10):1805–10. https://doi.org/10.1093/gerona/glz192.

30. Tian S, Xu Q, Jiang R, Han T, Sun C, Na L. Dietary protein consumption and
the risk of type 2 diabetes: a systematic review and meta-analysis of cohort
studies. Nutrients. 2017;9(9):982. https://doi.org/10.3390/nu9090982.

31. Hahn O, Drews LF, Nguyen A, Tatsuta T, Gkioni L, Hendrich O, et al. A
nutritional memory effect counteracts the benefits of dietary restriction in
old mice. Nat Metab. 2019;1(11):1059–73. https://doi.org/10.1038/s42255-01
9-0121-0.

32. Hooijmans CR, Rovers MM, de Vries RBM, Leenaars M, Ritskes-Hoitinga M,
Langendam MW. SYRCLE’s risk of bias tool for animal studies. BMC Med Res
Methodol. 2014;14(1):43. https://doi.org/10.1186/1471-2288-14-43.

Solon-Biet et al. BMC Biology           (2022) 20:19 Page 12 of 13

https://doi.org/10.1016/j.arr.2020.101198
https://doi.org/10.1016/j.arr.2020.101198
https://doi.org/10.1016/j.cmet.2010.08.016
https://doi.org/10.1016/j.cmet.2010.08.016
https://doi.org/10.1038/s43587-020-00006-2
https://doi.org/10.1016/j.celrep.2016.05.092
https://doi.org/10.1016/j.celrep.2016.05.092
https://doi.org/10.1038/nm.2307
https://doi.org/10.3390/nu11081882
https://doi.org/10.1113/JP275075
https://doi.org/10.1113/JP275075
https://doi.org/10.1016/j.cmet.2009.02.002
https://doi.org/10.1038/s42255-019-0059-2
https://doi.org/10.1038/s42255-019-0059-2
https://doi.org/10.1089/met.2016.0145
https://doi.org/10.2337/dc08-2075
https://doi.org/10.1016/j.cmet.2012.01.024
https://doi.org/10.1016/j.cmet.2012.01.024
https://doi.org/10.1111/bph.13624
https://doi.org/10.1093/ndt/16.9.1856
https://doi.org/10.1093/jn/nxy062
https://doi.org/10.1093/jn/nxy062
https://doi.org/10.1146/annurev-physiol-020518-114455
https://doi.org/10.1146/annurev-physiol-020518-114455
https://doi.org/10.1186/s12986-018-0271-1
https://doi.org/10.1515/9781400842803
https://doi.org/10.1186/s12970-017-0184-9
https://doi.org/10.1186/s12970-017-0184-9
https://doi.org/10.1016/j.cmet.2014.02.009
https://doi.org/10.1002/oby.22531
https://doi.org/10.1002/oby.22531
https://doi.org/10.1146/annurev.nutr.27.061406.093726
https://doi.org/10.1152/ajpregu.00837.2009
https://doi.org/10.1038/s41467-020-16568-z
https://doi.org/10.1038/s41467-020-16568-z
https://doi.org/10.1093/ajcn/77.5.1112
https://doi.org/10.1093/gerona/glz192
https://doi.org/10.3390/nu9090982
https://doi.org/10.1038/s42255-019-0121-0
https://doi.org/10.1038/s42255-019-0121-0
https://doi.org/10.1186/1471-2288-14-43


33. Hozo S, Djulbegovic B, Hozo I. Estimating the mean and variance from the
median, range, and the size of a sample. BMC Med Res Methodol. 2005;5(1):
13. https://doi.org/10.1186/1471-2288-5-13.

34. R-Development-Core-Team: R: A language and environemnt for statistical
computing. In., 4.1.0 edn. Available at http://www.r-project.org.; 2021.

35. Viechtbauer W. Conducting meta-analyses in R with the metafor package. J
Stat Softw. 2010;36(3):1–48. https://doi.org/10.18637/jss.v036.i03.

36. Gleser LJ, Olkin I. Stochastically dependent effect sizes. In: Cooper H, Hedges
LV, Valentine JC, editors. The Handbook of Research Synthesis and Meta-
Analysis. New York: Russell Sage Foundation; 2009. p. 357–76.

37. Lajeunesse MJ. On the meta-analysis of response ratios for studies with
correlated and multi-group designs. Ecology. 2011;92(11):2049–55. https://
doi.org/10.1890/11-0423.1.

38. Noble DWA, Lagisz M, O'Dea RE, Nakagawa S. Nonindependence and
sensitivity analyses in ecological and evolutionary meta-analyses. Mol Ecol.
2017;26(9):2410–25. https://doi.org/10.1111/mec.14031.

39. Schafer J, Opgen-Rhein R, Zuber V, Ahdesmaki M, Silva APD, Strimmer K.
corpcor: Efficient Estimation of Covariance and (Partial) Correlation. In: R
package version 1.6.9 edn. https://CRAN.R-project.org/package=corpcor;;
2017.

40. Nakagawa S. Missing data: mechanisms, methods and messages. In:
Ecological Statistics: Contemporary Theory and Application. Edited by Fox
GA, Negrete-Yankelevich S, Sosa VJ. Oxford: Oxford University Press; 2015. p.
81-105.

41. Rubin DB. Multiple imputation for nonresponse in surveys. New York: John
Wiley & Sons; 1987. https://doi.org/10.1002/9780470316696.

42. van Buuren S, Groothuis-Oudshoorn K. Mice: multivariate imputation by
chained equations in R. J Stat Softw. 2011;45(3):1–67. https://doi.org/10.1863
7/jss.v045.i03.

43. Higgins JPT, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency
in meta-analyses. BMJ. 2003;327(7414):557–60. https://doi.org/10.1136/
bmj.327.7414.557.

44. Nakagawa S, Santos ESA. Methodological issues and advances in biological
meta-analysis. Evol Ecol. 2012;26(5):1253–74. https://doi.org/10.1007/s10682-
012-9555-5.

45. Akaike H. Information theory as an extension of the maximum likelihood
principle. In: Second International Symposium on Information Theory.
Budapest: Akademiai Kiado; 1973.

46. Nakagawa S, Lagisz M, O'Dea RE, Rutkowska J, Yang Y, Noble DWA, et al.
The orchard plot: cultivating a forest plot for use in ecology, evolution, and
beyond. Res Syn Meth. 2020;12(1):4–12. https://doi.org/10.1002/jrsm.1424.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Solon-Biet et al. BMC Biology           (2022) 20:19 Page 13 of 13

https://doi.org/10.1186/1471-2288-5-13
http://www.r-project.org
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1890/11-0423.1
https://doi.org/10.1890/11-0423.1
https://doi.org/10.1111/mec.14031
https://cran.r-project.org/package=corpcor;
https://doi.org/10.1002/9780470316696
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1136/bmj.327.7414.557
https://doi.org/10.1136/bmj.327.7414.557
https://doi.org/10.1007/s10682-012-9555-5
https://doi.org/10.1007/s10682-012-9555-5
https://doi.org/10.1002/jrsm.1424

	Abstract
	Background
	Results
	Conclusion

	Background
	Results
	Circulating BCAAs reflects dietary levels
	Dietary BCAAs, glucose homeostasis and insulin sensitivity
	BCAAs, food intake and body composition

	Discussion
	Conclusion
	Methods
	Search strategy and inclusion criteria
	Study characteristics and data extraction
	Effect sizes
	Meta-analyses and meta-regression

	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

