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We present a consolidated view of the complexity
and challenges of designing studies for
measurement of energy metabolism in mouse
models, including a practical guide to the
assessment of energy expenditure, energy intake and
body composition and statistical analysis thereof.
We hope this guide will facilitate comparisons across
studies and minimize spurious interpretations
of data. We recommend that division of energy
expenditure data by either body weight or lean body
weight and that presentation of group effects as
histograms should be replaced by plotting individual
data and analyzing both group and body-composition
effects using analysis of covariance (ANCOVA).

The epidemic of obesity has generated a large interest
in understanding the physiological mechanisms
regulating energy metabolism1. This understanding has
been facilitated by the knockout (KO), knockdown or
overexpression of specific genes, many of which result
in altered body weight (BW) and/or body composition
(BC) owing to a perturbation of energy balance. These
advances, however, have led to some controversy
over how best to assess these phenotypes and how

to interpret the data2–4 (Supplementary Table 1).
In this Perspective we provide information on the best
available and standardized measures for both energy
intake and energy expenditure. Such an approach will
allow progress in understanding complex biological
questions about the consequences of genetic or
pharmacological manipulations for energy balance
and BW. This standardization is particularly important
considering ambitious large-scale operations ongoing in
the United States and Europe with the goal of assessing
the consequences of all mouse and rat gene deletions.
Study design and general considerations
Genetically modified, pharmacologically treated and
nutritionally challenged laboratory mice, as well as
spontaneous mutants, often exhibit alterations of BW
and/or BC. It is often unclear whether food intake or
energy expenditure (or both) is the major determinant
of the phenotype because a small imbalance between
intake and expenditure, if maintained over the course
of weeks or months, can result in dramatic changes in
body weight and fat mass. Furthermore, once obesity
or leanness has developed, behavioral and metabolic
alterations triggered by the BW change may obscure
or confound the processes that caused the changes in
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BW and/or BC in the first place. Thus, assessing BW and BC
phenotypes requires a careful analysis of the various factors that
might affect these phenotypes.
Type of study
Recommending a single approach to metabolic phenotyping for
all different types of studies, models and scientific questions is
almost impossible. Nevertheless, several general considerations
can help minimize artifacts and achieve comparability of data
across studies and laboratories and therefore help understand the
overall biology underlying the perturbation in BW and BC.
Studies defining the causal factors leading to altered BW and
BC should ideally be initiated early in the life of the mouse, when
BW and BC are still identical or minimally different. If changes
in caloric intake or energy expenditure are observed before the
change in BW or fat mass, it is more likely that one can attribute
the difference to these changes. To dissect these mechanisms, it is
sometimes helpful to conduct pair-feeding studies, in which mice
from a ‘pair-fed’ group are given an amount of food that matches
that eaten by the comparison group, which is given ad libitum
access to the same food. If the pair-fed group consumes all the food
and maintains a normal physiological status (for example, does not
enter torpor) and if the body-fat differences persist under conditions of equalized caloric intake, one has prima facie evidence that
the alteration in BW is due to altered energy expenditure.
A second approach, which does not require normalization, is
careful quantification and subtraction of the cumulative calories
burned over a given period of time from the cumulative number
of ingested and assimilated calories in the experimental and control groups. Also, mathematical modeling of cumulative intake
and BW over several weeks can provide considerable insight into
differences in energy balance5. If a mutant mouse differs in weight
from wild-type littermates at birth or weaning, the above methodo
logical approach is more difficult. In either case, measurements of
energy intake and energy expenditure should be performed over
several days and nights, and, if possible, at more than one time
point during growth. Additional data on BC, body temperature,
physical activity, body length, organ and tissue weights and
ex vivo tissue-specific oxygen consumption data are all of value.
In such cases, one should then analyze these parameters together
with energy intake and energy expenditure data considering
relevant covariates in an ANCOVA or generalized linear model
as described below.
Genetic background
As genetic backgrounds can lead to dramatic differences in response
to experimental procedures or genetic manipulations, studying
mice with a homogeneous genetic background simplifies the
interpretation of the energy balance data. In contrast, differences
between mouse strains can be of great interest. The C57Bl/6 (B6)
mouse is the most commonly used strain in obesity and metabol
ism research because it is prone to diet-induced obesity with
high-fat diets and develops severe insulin resistance. By contrast,
A/J, FVB, C3HeB/FJ and 129v strains are relatively resistant to
diet-induced obesity and exhibit lower weight gain on a high-fat
diet6,7. As 129/Sv and FVB mice are often used to create knockout
and transgenic lines, many investigators perform extensive backcrossing onto the B6 background to eliminate these background
gene effects. In such cases, one needs to backcross for at least 8–10
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generations to establish a sufficiently homogeneous background.
For some studies, it is important to determine the effect of these
background genes, and in these cases, comparative studies on different genetic backgrounds, mixed genetic background or outbred
backgrounds can provide additional information.
Housing, calorimeter and environmental conditions
Institutional and governmental guidelines define housing conditions for laboratory mice, and these conditions can affect energy
balance. The general recommendations of the EUMORPHIA
Consortium for animal housing are useful as a starting point7. Mice
are most frequently housed with a constant light and dark phase
of 12 hours at 20–23 °C. Because the lower critical temperature
of the mouse is around 30 °C this means in most circumstances
mice are housed under mild thermoregulatory stress, which may
not be the ideal ambient temperature for energy-metabolism
studies aiming to mimic the situation in humans, who normally
exist much closer to thermoneutral conditions (details and additional considerations for indirect calorimetry measurements of
energy expenditure are available in Supplementary Note 1).
The temperature in a cage may be substantially higher than the
ambient temperature outside of a cage, and this temperature gradient increases from singly housed to multiply housed mice.
It is important to realize that mouse facilities, including commercial breeders, may use different ‘normal’ chow diets. One example
source for diet inconsistencies would be the soy-isoflavone content,
which is often only partially removed when proteins are extracted.
Seasonal differences in diet soy-isoflavone content can affect study
outcomes based on their effects on estrogen receptor activation
and AMPK. Such influences can make a considerable difference in
baseline measurements and affect the interpretation of the effect
of changing to high-fat or other experimental diets. It is therefore critical for the investigator to know what constitutes normal
chow, especially if mice are housed in more than one facility or are
being compared to those in the previous literature. Unfortunately,
there also is no clear ‘gold standard’ for high-fat diets. Protein and
carbohydrate content should ideally be kept constant within and
between studies. High-energy diets should be modeled to principally match diets relevant for human metabolic disease, but it can
be advantageous to also match diets used in published studies to
allow for relevant comparisons of mouse phenotypes.
Most experimental procedures can induce stress responses in
animals, and proper acclimation and recovery intervals should
be given before food intake or energy expenditure are recorded.
Mice with impaired health often decrease their food consumption,
and mice with fever have elevated energy expenditure. Although
mice in energy-metabolism studies are normally housed singly,
measurements can also be derived from group-housed mice if
housing space is a limiting factor, but this is far from ideal. There
is little evidence that single housing induces stress because fecal
corticosterone levels of singly housed mice do not differ from
those of group-housed individuals8–10. However, singly housed
mice may have altered activity patterns relative to group-housed
individuals11. In contrast, if mice are group-housed, factors such
as spilling of food, aggression behavior or social dominance can
introduce considerable bias and variability in a range of traits,
including those linked to energy balance12–17. Moreover, grouphoused individuals can huddle, reducing their thermoregul
atory requirements, and this may have a major effect on energy
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expenditure and intake. Cage position (top of rack versus lower)
and group size have been shown to affect development of diabetes
in mice18. Ideally, when group-housed, mice should be littermates
and together from early age14, and social groups should not be
disrupted. Removing individual mice from a group to measure
energy intake and/or energy expenditure can cause problems
when that mouse is reintroduced to the group, especially in
groups of males. Moving boxes of mice around different rooms
or rack positions seems not to be related to significant effects on
stress or BW19 (P > 0.05).

water method, an isotope-elimination technique developed in the
1950s (refs. 24–26). This method has been traditionally used to
measure the metabolic rate of small free-living animals, which are
released in the field between two time points: it is often referred to
as field metabolic rate27. In the laboratory, the main advantage of
the method is that it allows the measurement of energy demands
of an animal embedded in a social environment28. However,
the time intervals between blood sampling are often too long to
permit measurements of short-term or diurnal changes of the
metabolic rate.

Methodological recommendations and pitfalls
Practical issues: body composition. Gold-standard methods for
determining BC of animals were established over 50 years ago
and involve killing the mouse20 (Supplementary Note 2). For
longitudinal measures, there are various options such as isotope
dilution, dual-energy X-ray absoptiometry, total body electrical
conductivity, magnetic resonance spectroscopy, magnetic resonance
imaging and computed tomography (Supplementary Note 2).
Generally it is good practice to use both destructive and nondestructive methods as they provide complementary information, including individual organ and fat depot weights as well
as measures of fat cell size and number. When high accuracy is
required, destructive methods of BC analysis are the methods
of choice. Magnetic resonance spectroscopy and dual-energy
X-ray absoptiometry systems provide the next best alternatives, in
that order. Total body electrical conductivity and isotope-dilution
methods are relatively poor. All indirect methods should be
calibrated against destructive methods to yield the best results.

Statistical aspects. In most circumstances, the analysis of energy
balance should be made on the raw data expressed per mouse.
In many circumstances, however, researchers are interested in
whether a particular difference between mice occurs simply
because the mice differ in BW, or because treatment or genetic
differences affect energy intake or energy expenditure. Often corrections for BW differences are made only on energy expenditure
measurements, and this can lead to confusion, especially when
combined with analyses of energy intake that have been made
without normalization. There is no reason to limit normalization
to energy expenditure because energy intake also varies with BW.
However, it is important that methods of normalization not be
mixed on the two sides of the energy-balance equation2.
One of the most debated issues is how to normalize energy
intake and energy expenditure for differences in not only BW
but also BC. This is far from a new issue as it has been debated
for over a century29–31. The most extensively used method for
normalization of metabolic rate data is dividing oxygen consumption (or energy expenditure) by BW or body surface area
(Supplementary Table 1). These approaches, however, are problematic because metabolic rate is not linearly proportional to
BW, and the regression line between metabolic rate and body
size does not go through the zero intercept. In 1883, Rubner
found empirically that metabolic rate between different strains of
dog was proportional to BW raised to the power 0.66, as anticipated if heat was lost via the skin surface31. However, data collected during the first half of the twentieth century led to the
conclusion, again empirical, that mammalian basal metabolic
rate was proportional to BW raised to the power of 0.75 (ref. 29).
Subsequently, many studies have addressed the issue of the best
fit to the interspecies data, generating values between 0.66 and
0.75 (refs. 32,33). In fact, the relationship between metabolic rate
and BW seems different between small and large mammals 34.
Many studies in mice have used the three-quarter power derived
from interspecies comparisons to normalize energy metabolism
data within species (Supplementary Table 1) and BW raised
to the 0.75 power is often called the ‘metabolic BW’. Applying
an interspecific coefficient to normalize intraspecific data is
questionable because the same scaling exponent seldom applies
within species.
As different tissues have different metabolic rates, BC also has a
role when the metabolic rate is compared between lean and obese
animals. In obese animals, higher BW is mostly due to an expansion of white adipose tissue, a tissue known to have a much lower
metabolic activity than tissues composing the fat-free mass 35,36.
Dividing metabolic rate by BW (or by ‘metabolic BW’) does not
accurately take into account differences in BC. To account for
such differences in BC, the ratio of the metabolic rate to the 

Practical issues: energy (food) intake. Exact measurement of
food intake is a key component in analysis of energy metabolism.
Techniques are based on weighing of food and vary greatly in
accuracy, reproducibility, practicality and cost. Not all ingested
calories are introduced into metabolism, making assimilation
efficiency studies (for example, using bomb calorimetry) a
recommended addition. Investigators need to be aware of
other factors that can complicate estimates of energy intake,
including the exact form in which diets are delivered to mice
(Supplementary Note 3).
Practical issues: energy expenditure. With the development of
several different commercial systems, measures of energy expenditure in mice are now much more common than 10–15 years ago,
but results are sometimes misinterpreted2–4. Using direct calorimetry, energy expenditure is assessed by the direct measurement
of the body’s heat production in a calorimeter21–23. Despite high
reproducibility and measurement errors of only 1–3%, these calorimeters are expensive, have slow response time22 and do not
provide information about the nature of the oxidized substrates.
In indirect calorimetry, energy expenditure is calculated based on
the amount of oxygen consumed and carbon dioxide produced
(Supplementary Note 1). The most common indirect calorimeter
types are ventilated, open-circuit systems, in which the animals
are placed in gas-tight metabolic cages through which a flow of
fresh air is passed. The system collects and mixes the expired
air, measures the flow rate and analyzes the gas concentration
of the incoming and outgoing air for both O2 and CO2 (ref. 22).
Another indirect method of calorimetry is the doubly labeled
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Figure 1 | Problems of analysis and interpretation of energy expenditure demonstrated on hypothetical data. (a) Experimental genotype (W, white) is
compared to the wild-type genotype (B, black). Study A and study B are different experimental manipulations of genotype. Energy expenditure per whole
animal (kJ day−1) is plotted against lean body mass (top). In all panels, lines show fitted regressions. Average of raw data across the individuals for each
genotype plotted in a histogram (bottom). (b) Energy expenditure divided by lean body mass versus lean body mass is plotted for each data point (top)
and shown as histogram (bottom). Values represent means ± s.e.m.

fat-free mass or lean body mass has often been calculated in both
human37–39 and mouse studies (Supplementary Table 1).
There are several problems with this approach. Although it is
true that adipose tissue is metabolically much less active than
the brain or liver when measured in vitro35,36, adipose tissue is a
much larger proportion of body mass in obese animals, and thus
can still make a contribution to the total metabolic rate. This
is complicated by the fact that some of the fat mass is brown
fat, and when fully activated, brown fat can be the most metabolically active tissue in the body. Third, white adipose tissue
is an endocrine tissue, and secreted adipokines, such as leptin
and adiponectin, may drive metabolism of the lean tissues4. This
can lead to an overestimate of the metabolic activity of fat40 but
nevertheless needs to be accounted in the analysis. This cannot
be achieved by a simple division by BW or lean mass. This has led
to yet another empirical approach using a divisor that combines
different tissue effects.
In humans, skeletal muscle, liver and brown fat represent about
50%, 2% and <0.3% of the total fat-free mass, respectively41,42.
The simple division of metabolism by BW or lean body mass
(or an ‘adjusted’ combination of fat and lean) generally generates as many problems as it solves because this approach only
results in normalization of the mass effect when the intercept of
the relation between mass (total or lean) and expenditure is zero.
In any other situation, which includes virtually all measurements
of energy expenditure in small rodents, this simple division actually generates a spurious difference between groups. In fact, this
problem was already well known in studies of humans, leading to
the suggestion in the 1990s that dividing by lean mass should be
abandoned in favor of using analysis of covariance37–39.
The problem of dividing by lean body mass can be illustrated
using theoretical data of two studies comparing two different genotypes with their wild-type equivalents (Fig. 1). In both studies
there is a lean body mass difference between the two genotypes.
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In study A, however, the data for energy expenditure lie on a common line in relation to lean body mass. There is no difference in
the energy expenditure of the two genotypes apart from an effect
owing to lean body mass. In study B, the data for expenditure
lie on two separate lines relative to lean body mass (Fig. 1a). In
this situation, there is an effect of the genotype on expenditure
independent of any mass effect. The challenge is to find an anal
ysis that separates these two situations. If we use the raw data
and average across the individuals for each genotype, the results
shown below the plots in histograms reveal that there is a significant difference in study A, with energy expenditure of the wild
type being lower than that of the experimental genotype, whereas
in study B, there is no significant difference in energy expenditure
between the wild type and experimental genotypes. This result
is the complete opposite of what is actually apparent in the plots
of the individual data, that in study A there is no genotype effect
while in study B there is a genotype effect. To see whether there
is a genotype effect on expenditure independent of any effect of
lean body mass, we may divide the energy expenditure by lean
body mass (kJ g lean–1 day–1) (Fig. 1b). The result in study B now
reveals that expenditure in the wild-type genotype is higher than
that of the experimental genotype. However, this division also
reveals a significant effect in study A, where none actually exists.
The problem is that the division by lean mass overcompensates
for the mass effect. A solution to this issue is to analyze the data
using ANCOVA (Supplementary Note 4).
There are two take-home messages from the data in Figure 1
and Supplementary Note 4. First, plotting the data as histograms
obscures rather than clarifies the effect of the genotypes on energy
expenditure, and it is better to plot the actual data in relation to lean
body mass. Second, ANCOVA (Supplementary Note 4) or generalized linear modeling37–39,43 is the most appropriate statistical
approach to accommodate discrete (genotype) and continuous (body
mass) traits, rather than using a simple division by BW or lean BW.
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Figure 2 | A practical example of the use of different approaches to the analysis of energy metabolism in the mouse. (a) Twenty control mice were fed
ad libitum (ad lib) and 58 mice were fed a calorie-restricted diet (60% of ad libitum) for three months44. Raw data with the average metabolic rate were
calculated without any correction for body mass. Note that the mice fed a calorie-restricted diet had a significantly (one-way ANOVA: P = 0.01) lower
metabolic rate than the ones fed ad lib. (b) Metabolic rate expressed per gram of BW. Note that the opposite result was found: the mice on calorierestricted diet had significantly (one-way ANOVA: P < 0.001) higher metabolic rates. (c) Resting metabolic rate (RMR) data as a function of body mass.
Note that there is some overlap between the groups and a general positive trend of greater RMR at higher body masses (BM). (d) RMR versus fat-free
mass (FFM) (measured by dual energy X-ray absorptiometry) shows a much greater overlap between the groups. (e) Dividing RMR by FFM revealed no
significant effect of the treatment group on RMR (one-way ANOVA: P = 0.275). Values represent means ± s.e.m.

An empirical example of the consequences of using different because sample sizes are often small3. However, the necessary
sample size to evaluate any statistical difference is evaluated by
approaches to the statistical analysis of energy-expenditure data
concerns 20 control mice fed ad libitum and 58 mice fed a calorie power analysis (Supplementary Note 5) and generally if the
restricted diet (60% of ad libitum) for three months44 (Fig. 2). sample is insufficiently powered for analysis by ANCOVA, it will
also be too small for analysis by any other statistical approach,
These data show that different approaches lead to different
so this is not a valid reason to avoid using ANCOVA for the
interpretations of the treatment effect on energy metabolism.
Analyzing these data by ANCOVA reveals that there is, in fact, analysis. Notably, consistent with our Perspective, Schwartz and
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colleagues recently compared different methods of energy expenditure normalization in a large mouse cohort and recommended a
regression-based approach45.
Separating the body into lean and fat compartments for statistical analysis acknowledges the fact that these compartments
have different metabolic rates. This concept could be extended to
encompass all the different tissues that have separate metabolic
rates44,46–54. If the mice are killed after the energy measurement
is made, one can use all the individual organ weights as separate
predictor variables (covariates) in the analysis. In its generalized
form, ANCOVA can accommodate this type of analysis by including the masses of each individual organ as a separate covariate. In
effect this creates a predictive model from the control group for
what the metabolic rate should be for an animal with a certain size
of liver, brain, skeletal muscle etc. This model can then be used to
predict what the metabolism of a target group should be according
to their organ sizes and conclude whether the prediction is higher
or lower compared to the actual metabolism. This approach has
been used, for example, to investigate whether the metabolic
rates of animals under caloric restriction are different from the
expectation based on their altered BC55 or whether the scaling
exponent across animal species can be explained by changes in
BC54,56. There is, however, a limitation with this approach because
it assumes that the predictors are not correlated with each other.
This is not typically true of organ sizes, which are generally correlated with each other across animals of different body sizes.
Moreover the more organs that are included the larger the sample
needs to be to include them as predictors.
Flowchart for typical mouse energy metabolism studies
We propose algorithms for guidance on how to optimally organize and sequentially align experiments and analyses with the aim
to reach a clear conclusion regarding the physiological processes responsible for BW difference in mice (Fig. 3). Additional
refinement such as replacement of food intake measurements by
quantifying assimilated calories (subtracting fecal caloric content
measured by bomb calorimetry from ingested number of calories)
should be integrated if possible. First, a study following this algorithm using sufficiently backcrossed, age- and gender-matched
mice should be performed on a standard chow diet. If such a study
does not lead to a clear metabolic phenotype that explains the
abnormal BW, then a second study following the same principal
steps, this time with a high-fat diet, is recommended. Although
this flowchart provides an overall context for energy-metabolism
studies, each mouse model will require a specifically adjusted
experimental design including in-depth analysis in which unique
phenotypic differences are detected.
Note: Supplementary information is available on the Nature Methods website.
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