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A consensus guide to preclinical indirect 
calorimetry experiments

 

Understanding the complex factors influencing mammalian metabolism and 
body weight homeostasis is a long-standing challenge requiring knowledge 
of energy intake, absorption and expenditure. Using measurements of 
respiratory gas exchange, indirect calorimetry can provide non-invasive 
estimates of whole-body energy expenditure. However, inconsistent 
measurement units and flawed data normalization methods have slowed 
progress in this field. This guide aims to establish consensus standards 
to unify indirect calorimetry experiments and their analysis for more 
consistent, meaningful and reproducible results. By establishing 
community-driven standards, we hope to facilitate data comparison across 
research datasets. This advance will allow the creation of an in-depth, 
machine-readable data repository built on shared standards. This overdue 
initiative stands to markedly improve the accuracy and depth of efforts to 
interrogate mammalian metabolism. Data sharing according to established 
best practices will also accelerate the translation of basic findings into 
clinical applications for metabolic diseases afflicting global populations.

First reported in 1783, indirect calorimetry is a non-invasive technique 
for quantifying whole-body energy expenditure by measuring the rate 
of oxygen consumption (VO2) and carbon dioxide production (VCO2) 
during respiration. Since the 1980s, these gas exchange measurements 
have been refined using computer-assisted devices1–4. Scientists have 
gained important insights into mammalian physiology using indirect 
calorimetry to make repeated measures under various interventions, 
including studies of basal metabolic rate, cold-induced thermogenesis 
and obesity5–7. Furthermore, clinical indirect calorimetry informs nutri-
tional demands in people who are critically ill and is used to optimize 
exercise-performance studies8.

Modern preclinical indirect calorimetry systems enable the 
detailed phenotyping of laboratory animals by supplementing gas 
exchange recordings with additional measurements. These systems 
can provide minute-by-minute monitoring of food and water intake 
and physical activity, together with oxygen consumption and carbon 
dioxide production, to track behaviour and metabolic processes with 
high resolution. These measurements have become indispensable 
in elucidating genetic, environmental and pharmacological influ-
ences on metabolism and other physiological states. Common uses 
for indirect calorimetry include the study of ageing-related changes in 

metabolism9–12, substance abuse13–20, bone disorders21,22, brain circuits 
to study feeding and dietary patterns23–26, cancer cachexia27–32, cardio-
pulmonary disorders33–40, control of thermogenesis through activation 
of the sympathetic nervous system and brown adipose tissue41–44, drug 
development45–47, energy storage and release48–50, exercise and physical 
activity51–54, inflammation and states of altered immunity55–61, muscular 
dystrophies62–65, neurological disorders66–68, nutrition, digestion and 
the microbiome69–73, sleep patterns74–77, surgical interventions78–81, 
torpor82,83 and toxicology84,85.

Indirect calorimetry—a field in disarray
Unlike the fields of genomics86 or metabolomics87, the indirect calorim-
etry field currently has no international organization that is responsible 
for establishing guidelines or standards for experiments on energy 
expenditure or energy balance. As the number of indirect calorimetry 
studies has increased, so too have the arbitrary choices in units and data 
analysis methods, hindering researchers’ ability to compare experi-
mental results and share data. Here, we propose establishing a series 
of data standards for preclinical indirect calorimetry studies. These 
standards will enable comparisons within the same species, which 
should reduce barriers to data sharing and experimental comparisons.
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Our proposed standards are designed for mouse studies; how-
ever, these guidelines are also applicable to rats, hamsters and other 
rodent species, if they are tested using comparable multiplexed indi-
rect calorimetry equipment88. Because all mammals use O2 and CO2 
for respiration, many of these guidelines are also appropriate for the 
study of larger mammalian species. Of note, however, comparisons 
between species using allometric scaling (a principle that describes 
how the characteristics of organisms change with size) do not account 
for differences in body composition. Moreover, within a species, body 
composition typically changes with body weight and requires a differ-
ent set of standards89,90. Importantly, the body surface area-to-volume 
ratio affects energy metabolism, thereby resulting in a non-linear 
relationship between basal metabolism and body mass91. The smaller 
the animal, the larger the surface area-to-volume ratio, meaning more 
relative surface area to lose heat than in larger animals. This phenom-
enon generates a larger metabolic and thermogenic demand on smaller 
animals, such as mice. This difference is amplified when small mammals 
are studied at temperatures below thermoneutrality.

The goal of this guide is to outline best practices for analysing, 
visualizing and interpreting indirect calorimetry experiments involv-
ing laboratory mice, when body weights differ among comparison 
groups. Data standards and data-sharing frameworks have been suc-
cessfully established for more recently developed technologies than 
indirect calorimetry. For example, the National Center for Biotech-
nology Information (NCBI) Sequence Read Archive (SRA) was cre-
ated for RNA-sequencing data, enabling users to search for a gene 
of interest and query the experimental conditions that resulted in 
altered expression. The design of the NCBI SRA allows for easy data 
deposition, browsing, sharing and reuse. Integrating experimental 
findings that contain live, real-time mouse behaviour into a repository 

demands a rigorous set of standards beyond what might be required 
by a sequencing database, owing to the varied nature of these experi-
ments. The fractured landscape of metabolic studies using indirect 
calorimetry has not yet advanced to this stage. Consequently, the pace 
of scientific advancement has slowed owing to unnecessary repetition 
and difficulty interpreting experiments. These limitations contribute to 
confusion and poor rigour in experimental design. Community-driven 
solutions are needed to collect existing preclinical findings through 
open-access repositories that adopt best practices in data manage-
ment. Such an initiative could serve as a template for future sharing 
of clinical metabolic data and build on lessons learnt from successful 
large-scale human datasets, including the International Atomic Energy 
Agency Doubly Labeled Water Database92,93.

Here, we propose that standards should be established for indi-
rect calorimetry experiments, enabling worldwide data comparison 
and pooling. Larger, harmonized datasets will enable the detection of 
phenotypes shared between multiple genes in a signalling pathway, 
with patterns emerging that are not evident from individual studies. 
Ensuring data availability and reuse in line with community standards 
has the potential to accelerate basic discovery and clinical applications 
across biomedical research.

Establishing standardized data units
Lack of standards and consistency in data reporting
Despite the extensive use of indirect calorimetry, the field lacks stand-
ardized practices for data reporting and visualization. For example, 
within a single representative biological pathway (a subset of the trans-
forming growth factor-β (TGFβ) superfamily), 8 units have been used 
to report oxygen consumption rates in 16 studies (Table 1). Modulation 
of ligands, receptors or transcription factors in this pathway can alter 

Table 1 | Studies, effects and units in analysis of activin receptor signalling in mice

Correctness of 
unit used

Metabolic rate units Metabolic rate 
phenotype

Body weight Food intake Genetic modificationa GoF or LoF Factor Reference

Incorrect ml kg−1 min−1 ↑VO2 ↓ = g day−1 Alb-Inhbe OE GoF Ligand 152

Incorrect ml kg−1 min−1 ↓VO2 ↑ = g day−1 Fc-ACVR2B LoF Receptor 153

Incorrect ml kg(lean)−1 h−1 ↑VO2 ↓ = g g−1 h−1 aP2-Mstn OE GoF Ligand 154

Incorrect ml kg(lean)−1 h−1 ↑VO2 ↓ = kJ g−1 day−1 Smad3−/− LoF TF 154

Incorrect ml kg−1 h−1 ↓VO2
b ↑ = g g−1 Mstn−/− LoF Ligand 94

Incorrect ml kg−1 h−1 ↑VO2 = ↓g 12 h−1 Mstn−/− LoF Ligand 155

Incorrect ml kg−1 h−1 ↑VO2 ↓ ND Gdf3−/− LoF Ligand 156

Incorrect ml kg−1 h−1 ↑VO2 ↓ ND Acvr1c−/−c LoF Receptor 157

Incorrect ml kg−1 h−1 ↑VO2 ↓ ND Acvr1cI195T LoF Receptor 158

Incorrect ml kg−1 h−1 =VO2 ↓ ND Acvr1cI482V LoF Receptor 158

Incorrect ml kg−1 h−1 ↑VO2 ↓ ND Smad2/3fl/fl::AdipoqCre LoF TF 159,160

Incorrect ml kg−1 12 h−1 ↑VO2 ↓ = g day−1 ACVR1C mAb LoF Receptor 161

Incorrect l kg−1 h−1 ↑VO2 = = g day−1 Acvr1cfl/fl::AdipoqCreERT2 LoF Receptor 162

Incorrect l kg−1 day−1 ↑VO2 ↓ = g day−1 Acvr1c−/− LoF Receptor 163

Incorrect l kg−1 day−1 ↑VO2 ↓ = g day−1 Acvr1cfl/fl::aP2Cre LoF Receptor 163

Acceptable ml h−1 ↑VO2
b ↑ ↑g day−1 Mstn−/− LoF Ligand 94

Acceptable ml h−1 ↑VO2 = = g day−1 Mstn−/− LoF Ligand 164

Acceptable ml h−1 ↓VO2 ↑ ND MstnΔUCP1 LoF Ligand 165

Acceptable ml h−1 =VO2 ↑ ↑kcal day−1 Fc-ACVR2B LoF Receptor 166

Acceptable ml 2 h−1 ↑VO2 ↓ = g day−1 Alb-Inhbe OE GoF Ligand 152
aActivin receptor signalling regulation of metabolic rate and body weight. Signalling components affecting body weight include the ligands myostatin (MSTN), growth differentiation factor 
3 (GDF3) and activin E (ActE/Inhbe); type 1 receptors ALK5 (Tgfbr1) and ALK7 (Acvr1c); type 2 receptors ACVR2A and ACVR2B; and transcription factors SMAD2 and SMAD3. Metabolic rate 
reporting should not be divided by body weight. The units reported for VO2 are compared against the methods described in this article and in ref. 129. bSee text for further details. cTSOD 
versus T.B-Nidd5/3 is a model of Acvr1c deficiency. Kg, total body mass in kilograms; kglean, lean body mass in kilograms; OE, overexpression; GoF, gain of function; LoF, loss of function; TF, 
transcription factor; ND, not determined or not reported. Body weight gain (↑), loss (↓) or no change (=).
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metabolic rates, thereby contributing to variations in body weight. The 
inconsistent use of units across studies complicates direct comparisons 
between experiments.

In our representative example pathway, selected studies include 
effects on ligands: myostatin (Mstn), activin E (Inhbe) and growth dif-
ferentiation factor 3 (Gdf3); the type 1 activin receptor ALK7 (Acvr1c), 
a type 2 activin receptor ligand trap Fc-ACVR2B; and tissue-specific 
knockouts of the transcriptional mediators of this pathway, SMAD2 and 
SMAD3 (Table 1). In this selection, we find a variety of units reported for 
oxygen consumption (VO2), including: ml kg(lean mass)−1 h−1; ml kg−1 h−1; 
l kg−1 h−1; l kg−1 day−1; ml kg−1 min−1; ml kg−1 12 h−1; ml 2 h−1; and ml h−1. Of 
these, only the latter two units are free from the artefacts introduced 
by dividing metabolic rates by body weight. Maintaining multiple 
separate unit systems for a single measurement is counterproductive. 
Furthermore, these examples raise the practical issue of whether the 
results can be compared. Unfortunately, directly comparing the effects 
of models reported with different units becomes impossible without 
access to individual animal body-weight data.

Of particular interest is a study of Mstn−/− mice94. Mstn-deficient 
mice have lower fat mass, greater lean mass and greater total mass than 
do wild-type mice. The authors presented two analyses of metabolic 
rate with opposite conclusions. When VO2 is not normalized to body 
weight (ml h−1), the highly muscular Mstn-deficient mice display greater 
VO2 than that of control mice. However, when VO2 is divided by body 
weight (ml kg−1 h−1), the VO2 value is now decreased in Mstn-deficient 
mice, and this finding is the result described in the abstract94. Exam-
ples similar to this one are pervasive, as seen with loss-of-function 
models of growth hormone (Gh), growth hormone receptor (Ghr)95–97, 
leptin (Lepob/ob)4,98, melanocortin 4 receptor (Mc4r)99 and interleukin 
10 (Il10)100,101. These discrepancies highlight the need for uniform 
standards to report and analyse data from indirect calorimetry experi-
ments. We propose a set of standardized units, in which the practice 
of dividing metabolic rates by body weight is discontinued (Table 2).

Data formats and processing
Preparing data for analysis is often more challenging than the analysis 
itself, owing to the different data formats and the non-linear nature of 

physiological recordings. Currently, three main commercial entities 
manufacture preclinical indirect calorimetry systems (that is, Sable 
Systems, TSE Systems and Columbus Instruments). Each system pro-
vides distinct data file formats and units for the same fundamental 
measurement. For example, these systems report VO2 results in ml 
min−1, ml kg(−0.75) h−1 and ml kg−1 h−1, respectively. The many different 
units reflected in the literature probably stem from the different output 
formats of these systems. A free web-based tool, CalR, can read and 
analyse data in formats native to these manufacturers and produce 
a standardized output file. CalR enables investigators with no pro-
gramming experience or in-depth statistical training to reproducibly 
perform visualization and statistical analyses of indirect calorimetry 
experiments102. The CalR program uses our proposed set of standard-
ized units (Table 2). Hundreds of publications have used CalR, helping 
to establish standards in the literature. This program can serve as a 
template for standardized data visualization and analysis.

Indirect calorimetry studies can be designed to explore every-
thing from basal, steady-state metabolism to pharmacologic interven-
tions, dietary choices, physical activity measured on running wheels, 
stable-isotope studies, fasting and refeeding, changes to ambient 
temperature and many other possibilities. As such, the design of these 
experiments can vary widely. We propose analysis standards based 
on a straightforward example of two groups of animals measured 
under steady-state conditions with no additional intervention during 
the study. More complicated studies can utilize the same proposed 
standards, but also necessitate detailed, time-stamped records of 
interventions and variables. Moreover, new data analysis tools can be 
created that can help investigators to reanalyse previous experiments. 
It is therefore crucial that metadata describing any experimental inter-
ventions are included with the raw data (Table 3).

Standardized data visualizations
Data visualization should help the reader to understand the underlying 
biological system and promote clear interpretation. We present a series 
of visualizations from a common model of diet-induced obesity103, 
which can serve as standards for experiments involving altered 
body-weight regulation (Fig. 1). Our analysis includes data from a group 
of genetically identical littermate male C57BL/6J mice maintained on 
either a control low-fat diet (LFD) or an obesity-inducing high-fat diet 
(HFD). These data are collected as part of the Mouse Metabolic Phe-
notyping Working Group, as described previously104. Comprehensive 
metadata for this experiment are also presented (Table 3).

Visualizing indirect calorimetry experiments: body 
composition
Body weights of mice on a HFD increased more rapidly than did those of 
mice on a LFD (Fig. 1a). In the final 4 weeks of the study period, the rate 
of weight change is linear at a rate of 0.4 and 1.4 g week−1 for LFD or HFD, 
respectively. Determining body composition helps us to understand 
whether these changes are attributable to differences in fat mass or 
lean mass. Here, whole-body quantitative NMR (qNMR, for example, 
EchoMRI or Bruker) measures grams of lean and fat mass without the 
need for anaesthesia. However, this technique does not detect the 
approximately 5–25% body mass that corresponds to bone or skin105. A 
DEXA scan returns similar results for fat mass and fat-free mass inclusive 
of bone, but generally requires anaesthesia.

Body composition data are represented either as absolute tissue 
masses in grams (Fig. 1b) or as a percentage of total mass (Fig. 1c). The 
first plot demonstrates that the greater body weight of HFD-fed mice 
is due to increased amounts of fat mass, with similar quantities of lean 
mass. Plotting these data as a percentage of body composition can be 
misleading (Fig. 1c). This plot shows that HFD mice have an increased 
percentage of body fat, but also that HFD mice have a lower percentage 
of lean mass. However, this representation does not accurately reflect 

Table 2 | Standardized units

Metabolic parameter Standard 
unitsa

Non-standard units

VO2 or VCO2 ml h−1 ml kg−1 h−1b

ml kg(−0.75) h−1

ml−1 kg(2/3)–1 h−1

ml kg(lean)−1 h−1

ml−1 min−1

ml day−1

Energy expenditure kcal h−1 Watts (J s−1)c

kcal h−1 kg−1

kJ/h

Energy intaked kcal h−1 kcal day−1

kcal kg−1 h−1

Water intake ml h−1 g h−1

RER No units No units

Physical activity Metrese Beam breaks
aThe choice of standardized units is contentious. Many of the early mouse experiments 
reported units in ml kg(body weight)−1 h−1—a practice now abandoned owing to the 
artefacts introduced when dividing by body weight. Any correction for body weight is done 
in the statistical analysis (with ANCOVA) and not by dividing by body weight. Despite a 
well-reasoned proposal to report results in the International System of Units (SI) units of kJ 
and Watts, this practice has not been widely adopted88. We therefore propose kcal h−1 as the 
de facto standard. bThe kg term refers to the body weight of the animal in kilograms, or the 
lean body mass in kg as indicated. cThe SI unit of energy is the Joule (J) and J per second is 
Watts (W). dCalculated using the metabolizable calorie content (for example, food in grams 
h−1 × diet in kcal gram−1). eNot all systems report distance in metres.

http://www.nature.com/natmetab
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the fact that HFD mice and LFD mice actually have similar amounts of 
lean mass. In most cases, representations of percentage body com-
position should be shown only when the absolute masses are also 
provided97,106. In this example, the greater weight of genetically identi-
cal mice on a HFD corresponds primarily to additional fat mass. Body 
composition analysis should be performed when there are weight 
differences between groups. This analysis is critical as laboratories 

move towards the use of outbred mouse models, such as diversity 
outbred mice. Here, the goal is to study the heterogeneous response to 
an intervention on a background in which there are large intrapopula-
tion genetic contributions to phenotypic variation, similar to humans.

Visualizing indirect calorimetry experiments: energy intake, 
expenditure and balance
Indirect calorimetry can help investigators to understand the source of 
the differences in body weight or body composition between groups 
of animals. Body weight differences can arise from changes in energy 

Table 3 | Metadata essential for data sharing

Information Example of metadata Comments

Animal

Species Mouse To maximize the 
potential for data 
sharing and reuse, a 
robust set of metadata 
is included for each 
animal and experiment. 
Animal information 
should include body 
weights at the start 
and conclusion of the 
experiment. These 
data can be used as a 
quality-control check 
for malfunctioning 
equipment110. When 
available, information 
on body composition, as 
measured by DEXA scan 
or whole-body qNMR 
can help to analyse 
experiments with 
significant differences in 
body weight.

Genetic background C57BL/6J

Strain and genotype Wild type

Tissue specificity N/A

Age at measurement (or 
date of birth)

18 weeks

Sex Male

Body weight at start Yes

Body weight at end Yes

Body composition at starta No

Body composition at enda Yes

Litter size N/A

Experimental

Intervention or treatment HFD for 10 weeks Experimental 
information will 
describe the 
experimental design 
or link to a publication. 
Ambient temperature 
is essential metadata 
because it has a 
strong effect on 
rodent physiology167. 
A quality score, based 
on completeness of 
data and metadata 
for each experiment, 
experimental sample 
size and duration, 
is awarded. These 
metadata are 
consistent with the 
ARRIVE guidelines 2.0 
for reporting animal 
research168.

Diet manufacturer Research Diets

Diet catalogue number LFD: D12450B, 10% 
kcal fat
HFD: D12452 60% 
kcal fat

Caloric value LFD: 3.82 kcal g−1

HFD 5.21 kcal g−1

Cage or ambient 
temperature

Cage temperature 
24.3 ± 0.2 °C

Photoperiod Light 0600/1800

Calorimetry date (YYYY/
MM/DD)

2015/02/20– 
2015/02/23

Batches or combined runs 2 batches

Number of animals 16 per group, 32 total

Unique identifier CalR0000182

Ethics statement Yes

Investigator Lantier, McGuinness

If available, institution or 
location

Vanderbilt

Calorimetry equipment Sable, Promethion

Bedding Alpha-dri

EE calculation method Weir116

Acclimation time 18 h

Enrichment (such as 
wheels, igloo)

Body mass hopper 
enclosure

Publication Corrigan et al.104

aWhere available. N/A, not available; EE, energy expenditure; ARRIVE, Animal Research: 
Reporting of In Vivo Experiments.
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Fig. 1 | Standard visualizations of body composition in diet-induced obesity. 
Littermate male C57BL/6J mice were divided into two equal groups at week 2 to 
receive either a HFD (green) or LFD (yellow). a, Weekly group averages for body 
weight (g) of mice on the LFD or HFD. The dashed box represents stable weight 
change in both groups. The slopes of weight change per week are indicated. 
Body composition was determined at the conclusion of the study. b, Plot of 
body composition showing the absolute amount of fat, lean and total mass (g). 
Other body mass (for example, bone and skin) that was not detected by qNMR 
is not shown. c, A plot showing percentage body composition, which might be 
misinterpreted to indicate a lower absolute amount of lean mass in HFD-fed mice. 
The tick and warning icons in b and c indicate appropriate and inappropriate 
analyses, respectively. Statistical comparisons by unpaired t-test. ***P < 0.001, 
n.s., not significant, n = 16 mice per group. Data are shown as mean ± s.e.m.
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intake, energy expenditure, energy absorption and energy excretion. 
The calculation of energy balance is the energy intake (for example, 
in kcal) minus energy expended minus any non-absorbed calories. 
Integrating changes in both energy intake and expenditure provides 
a more sensitive measure of energy balance and how it affects body 
weight than can either measurement alone. To obtain energy intake 
values, we multiply the amount of food consumed in grams by the 
metabolizable energy content of the food in kcal g−1, as provided by 
the manufacturer. To obtain energy expended, we use indirect calorim-
etry, as discussed. To obtain the caloric content of any non-absorbed 
calories, we use bomb calorimetry to determine the energy content 
of the excreted faeces107.

Here, we demonstrate a simplified example of energy balance 
solely using food intake and energy expenditure, in mice fed a LFD 
or HFD (Fig. 2). In general, mice with greater masses have a higher 
metabolic rate than do mice with lower masses. This observation on 
the effect of body size also holds in people with obesity (who tend to 
have more total mass), who have an increase in oxygen consumption 
compared with lean control individuals (who tend to have less total 
mass)6,108. In our mouse model, we represent energy intake and expendi-
ture versus time: at each measurement instance; as a daily average; 
and as the cumulative value over 48 h. We find HFD-fed mice exhibit a 

consistently higher rate of energy expenditure than do LFD-fed mice 
(Fig. 2a–c). The HFD chosen for this study increases energy intake in 
C57BL/6 mice109. These differences in energy intake are not as apparent 
in instantaneous plots (Fig. 2d). However, the cumulative energy intake 
over 48 h shows the divergence in total food consumed (Fig. 2e,f). 
Both the average and cumulative energy balance plots show the diver-
gence between groups occurs primarily during the dark photoperiods 
(Fig. 2g,h). Visualizing energy balance is helpful when groups of animals 
have significant differences in both energy intake and expenditure 
(Fig. 2i–j). These differences in energy balance are predicted to drive 
changes in body weight. The key points to take into account in analyses 
such as these are: first, to understand the energy content of the diet 
and plot the energy intake in kcal rather than in grams; and second, to 
avoid ‘normalizing’ by body weight. These visualizations demonstrate 
HFD-fed mice have both increased energy intake and energy expendi-
ture. The slightly greater energy intake versus expenditure leads to 
positive energy balance and weight gain.

Quality control, limitations and technical bias
Quality control. Indirect calorimetry systems are complex machines 
that are prone to failure. During the study, we recommend that real-time 
monitoring is performed to identify and correct any malfunctions with 
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Fig. 2 | Visualizing indirect calorimetry results. In an ideal experimental 
scenario, indirect calorimetry would be performed before body weights had 
diverged. In this example, body weights of littermate male C57BL/6J mice are 
significantly different between groups (HFD, green; LFD, yellow). a–j, Plots of 
energy expenditure (kcal h−1), energy intake (kcal h−1), energy balance (kcal) 
and statistical analysis over 48 h (grey bars indicate dark photoperiods). Ten 
weeks after randomization to HFD or LFD, the mice were placed in an indirect 
calorimeter. Data versus time are plotted as the group mean ± s.e.m. for each 
diet, as represented by the line and ribbon, respectively. Data are plotted every 
5 min with a 6-point rolling-window (30-min) smoothing function applied to the 
visualizations, but not to values for statistical analysis. a, Energy expenditure 

versus time. b, Boxplots representing the 25th percentile, median and 75th 
percentile of the daily energy expenditure per mouse. Points represent each 
mouse. c, Cumulative energy expenditure. d, Energy intake (that is, food mass 
× energy content of food) versus time. e, Boxplots representing the daily 
mean energy intake per mouse. f, Cumulative energy intake. g, Energy balance 
(metabolizable energy intake minus energy expenditure); average values for 
dark, light and combined photoperiods are shown. For statistical analysis, 
ANCOVA was used. h, Cumulative energy balance versus time. i,j, Statistical 
analysis by ANCOVA for energy expenditure and energy intake, with body mass 
as a covariate. In both cases, the groups are statistically different. A mass × group 
interaction effect was not significant. **P< 0.01; ***P < 0.001.
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the equipment. At the conclusion of recording, data should be exam-
ined for common problems. An exploratory data analysis should be 
performed on each of the parameters measured by the indirect calo-
rimeter110. An effective approach to quality control includes recording 
the body mass change of each animal before and after the study, using 
a laboratory balance, against the calculated energy balance derived 
from the indirect calorimetry system (Fig. 3a). Mice with a positive 
energy balance (energy balance > 0) should gain weight (Δ mass > 0). 
Conversely, mice with a negative energy balance (energy balance < 0) 
should lose weight (Δ mass < 0). The strength of this approach is that 
gross outliers that might have been missed during the experiment, or 
in the original examination of the raw data, can be identified for further 
scrutiny. We present an example in which malfunctions in three food 
hoppers caused food to become inaccessible during an experiment 
(Fig. 3b). In these three cages, we saw data consistent with a jammed 
feeder, which led to causing fasting-like behaviour for more than 12 h: 
little or no food intake and lower respiratory exchange ratio (RER), cor-
responding to increased fatty acid oxidation111. We concluded that these 
data differ significantly from those from the other cages, and although 
they are included in the dataset, they are excluded from the analysis.

Limitations. The limitations to indirect calorimetry experiments 
include the inability to detect altered energy absorption or excre-
tion. Differences in energy absorption between diets or groups of 
mice can affect energy balance. In addition, the calorie content of 
diets that is accessible to digestion (the ‘metabolizable energy’) is an 
approximation provided by manufacturers and could exhibit con-
siderable variation between batches. Experiments with multiple syn-
thetic diets are likely to compound these errors107,112. Furthermore, the 
energy-balance calculation might need modification if other param-
eters are involved, such as additional intake calories from other sources 
(for example, sucrose-sweetened water) or additional calories lost 
owing to glycosuria113,114.

In this simplified example, we find LFD-fed mice gaining weight 
despite a prediction for a negative energy balance. In the HFD-fed 
group, we find mice with a positive energy balance that have essen-
tially no mass change. Possible explanations for the deviation from 
the expected theoretical values include an underestimation of the 
metabolizable energy in the LFD, an overestimation of metabolizable 
energy in the HFD or increased food spillage owing to the crumbly 
texture of the HFD. In cases in which the groups are expected to have 
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Fig. 3 | Quality control and visualization guide. a,b, Quality control in indirect 
calorimetry experiments of littermate male C57BL/J mice on a HFD (green) or LFD 
(yellow) (grey bars indicate dark photoperiods). a, The mass change (Δ mass) is 
determined from measurements taken before and after the indirect calorimetry 
experiment. Calculated daily energy balance (kcal day−1) versus Δ mass for each 
animal over 48 h. The three cages with malfunctioning feeders are excluded 
from the analysis (open circles). Linear regression is predicted to cross the origin 
(dashed line) with slope of 4 kcal g−1, corresponding to weight change from lean 
mass (pink), or slope of 9 kcal g−1, corresponding to weight change from fat 
mass (purple). b, Cumulative food intake (kcal) for each mouse, overlayed with 
group means. The values for the three excluded mice are shown in black. c–l, 
Visualization guide. Plots of the RER, the ratio of VCO2 to VO2 and an indicator 

of substrate oxidation (1.0 corresponds to more carbohydrate oxidation, 0.7 
corresponds to more fatty acid oxidation). Mice on a HFD have more fatty acid 
oxidation and a lower RER than do mice on a LFD. c,d, The RER for one mouse 
on a LFD (c) or one mouse on a HFD (d). Group mean values of RER versus time 
for 48 h (e, g, i, k) or 12 h (f, h, j, l) (corresponding to the dashed box). Plotting 
choices include the visualization of ribbons or error bars to represent the s.e.m. 
and raw group mean values or a 6-point rolling average (30 min smoothing). e,f, 
Lines represent group means ± s.e.m. with ribbons and smoothing. This is our 
recommended visualization (indicated with the tick icons). g,h, Lines represent 
group means ± s.e.m. with error bars and no smoothing. i,j, Lines represent 
group means ± s.e.m. with error bars and 30-min smoothing. k,l, Points and lines 
represent group means ± s.e.m. with ribbons and smoothing.
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altered energy absorption or excretion, faecal bomb calorimetry can 
help to more precisely define differences in energy balance107,115. Pre-
clinical energy expenditure is often estimated using the simplified 
Weir equation, which assumes stable body weight. A more precise but 
onerous estimate of energy expenditure involves measuring urinary 
protein excretion to quantify nitrogen balance116. When the mass and 
energy changes of the system do not add up, it is worth revisiting the 
experiment’s assumptions and limitations.

Technical bias. A major limitation of indirect calorimetry experiments 
are the technical issues that can contribute to reduced replicability of 
experimental results104. Whether differing results between investiga-
tors and institutions are caused by technical errors or environmental 
considerations (such as ambient temperature, humidity or noise) is not 
clear. Assuming the system is accurately calibrated, common techni-
cal errors include mechanical issues, such as loose connections of gas 
tubing to cages, wires obstructing activity beams and scales falling out 
of range; cages being opened during measurements, causing spikes 
in the gas data; and unplanned disruptions to the light–dark cycle or 
ambient temperature. Alternative, intrinsic explanations can include 
differences in the microbiome, effects of different indirect calorim-
etry equipment, diet composition and bedding differences affecting 
behaviour117. Last, systemic noise can affect the ability to detect feeding 
behaviours owing to mice establishing food caches, thereby limiting 
the sensitivity of indirect calorimetry experiments to detect small 
differences between groups.

Other styles: smoothing, error bars, shading, groups  
and individuals
Plots of indirect calorimetry data represent attempts to clearly visualize 
hundreds of data points. As an example, we present the RER (that is, 
VCO2/VO2), a measure of substrate oxidation in vivo. The physiological 
state of individual animals exhibits large daily fluctuations. Although 
plots of representative animals can be informative (Fig. 3c,d), overall 

trends between animals on different diets can become more evident 
when taking group averages15,88. In our example, we see mice consuming 
a high-carbohydrate LFD have greater RER values in the dark photo-
period, corresponding to increased carbohydrate oxidation concurrent 
with periods of increased food intake. By contrast, HFD-fed mice have 
more fatty acid oxidation and a lower RER (Fig. 3e).

Plot smoothing. We recommend visualizing a time course as a rolling 
average to reduce the visible scatter caused by the activities of individ-
ual animals. Of note, smoothed data are for illustration purposes only, 
and the unsmoothed data are used exclusively in statistical analysis. In 
this example, the raw data are presented every 5 min. We demonstrate 
a 30-min (6-point) rolling average window for 48-h and 12-h plots. In 
addition, to simplify the visualization, we recommend plotting the 
s.e.m. as a ribbon (Fig. 3e,f).

Error bars versus ribbons. Plotting ribbons to show the s.e.m. is an 
improvement over the common time-course visualization, in which 
positive and negative error bars demonstrate the s.e.m. (Fig. 3g–j). 
A drawback to this visualization is that error bars can overlap, mask-
ing mean values. Overplotting, or overlap of plotting elements, is 
more notable for a 48-h visualization than for a 12-h plot. Plotting 
ribbons allows us to avoid plotting error bars every 5 min for 48 h, or 
576 positive and negative error bars for each diet. The ribbons present 
a less-crowded plot, especially for high-resolution measurements. 
This combination of rolling group average and s.e.m. ribbons is the 
preferred visualization used throughout this example. The value of 
each average point per group can also be valuable (Fig. 3k,l).

Which plots to include?
We recommend presenting the values for energy expenditure, energy 
intake, RER, activity and body composition. The VO2 and VCO2 values 
are closely related and qualitatively appear nearly identical. In addi-
tion, because VO2 and VCO2 are used to calculate energy expenditure, 
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Fig. 4 | Correct and incorrect visualization of metabolic rates. In a second 
cohort of littermate male C57BL/6J mice on a LFD (yellow) or HFD (green), plots of 
the average VO2 versus time; boxplots with the median, 25th percentile and 75th 
percentile over 48 h; and regression plots of the VO2 versus total body mass. a–c, 
The standard visualization of metabolic rate (VO2 in ml h−1), with no normalization 
applied (tick icons indicate that this is our recommended visualization). d–f, An 

incorrect and misleading visualization achieved by dividing VO2 by total body 
weight (VO2 in ml kg−1 h−1). With this erroneous manipulation (indicated with 
cross icons), mice with the largest mass now appear to have the lowest metabolic 
rate. Dividing by total body weight assumes that the groups of mice have 
homogeneous body compositions; this assumption is violated in this example, 
because mice on a HFD have greater fat mass than do mice on a LFD.
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presenting all three plots is somewhat redundant, and additional plots 
can be shown in the supplementary materials. With the implementation 
of a data repository, authors might feel less urgency to present plots 
from each measurement in an indirect calorimetry experiment, given 
that the full dataset will be available to the community.

Standardized data analysis
Analysis standards: common mistakes
Attempts to normalize metabolic rates can obscure important bio-
logical trends (Table 1). To illustrate this issue, we present VO2 data 
with two different treatments (HFD versus LFD) in a second cohort of 
mice. Non-normalized VO2 data in units of ml h−1 allow for an accurate 
representation of the results (Fig. 4a). Using ml h−1, the VO2 versus time 
plot clearly indicates that HFD-fed mice have a higher metabolic rate 
than do LFD-fed control mice. Boxplots of the average hourly VO2 lev-
els over 48 h also reveal increased values in HFD-fed versus LFD-fed 
mice (Fig. 4b). However, these values in the boxplots are unsuitable 
for statistical analysis of mass-dependent variables because they do 
not account for body mass. A regression plot of mean VO2 versus total 
body mass highlights that the metabolic rate of HFD-fed mice in relation 
to total body mass is greater than that of LFD-fed mice, and statistical 
analysis with analysis of covariance (ANCOVA, discussed in the next 
section) shows a significant difference between the groups (Fig. 4c).

The practice of normalizing metabolic rates (energy expendi-
ture, VCO2, or VO2) by dividing by body weight is incorrect (Fig. 4d–f). 
There is no acceptable justification for this analysis if the average 
body masses and/or body composition are different between test 
groups, because this can produce misleading findings. The metabolic 
rates could be divided by total body weight only when the groups of 
mice being compared have similar body compositions, that is if both 
groups have the same percentage of lean and fat mass. Furthermore, 
if body composition is similar between groups, then there is no need 
to divide VO2 by body weight. In our example, this practice leads to 
the misleading representation that HFD-fed mice have lower rates of 
VO2 than LFD-fed mice (Fig. 4d,e). Moreover, a regression plot of VO2 
in units of ml kg−1 h−1 versus body mass is confusing (Fig. 4f). This plot 
suggests that the largest mice should have the lowest metabolic rates. 
The dramatic reversal of experimental interpretation illustrates how 
the choice of analysis method can change the conclusions.

ANCOVA over and over again
The greatest strength of indirect calorimetry in preclinical models 
is the de facto consensus method for statistical data interpretation, 
ANCOVA108,118–130. This technique’s advantages include its ability to 
handle the comparison of animals with different body compositions 
(for example, increased fat mass in obesity or decreased muscle mass 
in ageing). ANCOVA has well-documented statistical foundations and 
is readily accessible through software tools, allowing for ease of imple-
mentation. This analysis is used to determine statistical differences 
between groups for body mass-dependent parameters, including 
VO2, VCO2, energy expenditure, energy intake and water intake. These 
mass-dependent variables are defined as having an effect proportional 
to body mass, that is larger mice have a greater energy expenditure than 
do smaller mice. This effect is important to consider when analysing 
mass-dependent variables. Detailed descriptions of the mathematical 
basis for ANCOVA are available129,131.

When conducting an ANCOVA, it is important to test whether 
the slopes (for example, energy expenditure versus mass) are parallel 
between groups. This assessment requires a statistical test for an inter-
action between groups and the covariate. In many cases, the interaction 
effect will not be significant, the slopes will be nearly parallel and an 
ANCOVA can be performed. However, if there is a significant interaction 
effect between groups and the covariate, it implies that the associa-
tion of the group with the dependent variable (for example, energy 
expenditure) is not constant across levels of the covariate (for example, 

mass)132; therefore, there is no single answer to the question of which 
group is higher and by how much (Fig. 5a). In the event that a significant 
interaction effect is observed, additional statistical approaches are 
possible, including the general linear model102,124,132,133. If the slopes are 
parallel, ANCOVA can be used for the analysis and the interpretation 
is straightforward (Fig. 5b). Additional details, examples, benefits and 
limitations of ANCOVA have been described in detail102,108,123,124,129,131,134.

ANCOVA has been an effective analysis standard for more than a 
decade. Although many studies use this method, a variety of units and 
analysis methods reporting metabolic rates are still used (Table 1). The 
underlying reasons for the lack of consistency could derive from the 
default output units used by different phenotyping systems or from 
historical inertia. However, the blame for the fragmented state of the 
field rests on our failure as investigators to self-organize and determine 
acceptable and unacceptable standards. No rational argument has been 
made for ‘normalizing’ by body weight (Fig. 4d), and we propose that 
this practice is ended in preclinical indirect calorimetry experiments.

Statistical significance is assessed with the ANCOVA using a mass 
variable as the covariate. One important question is which covariate 
should be used. The total body mass incorporates lean mass, fat mass 
and other components. By default, we use the total mass as the covari-
ate. In our example, a plot of energy expenditure versus total mass 
shows that the HFD and LFD groups have similar slopes and different 
y intercepts, a reflection of the complexity of the model (Fig. 5c). The 
argument to use lean mass as the covariate stems from lean tissue con-
stituting much of the body mass and being more metabolically active 
than fat tissue126,135; however, the main drawback is that this ignores 
the contribution of fat mass to metabolic rate. In this example, some 
HFD-fed mice have more than 30% body fat. Similarly, using fat mass as 
the covariate ignores the contribution of lean mass to energy expendi-
ture, an assumption that is rarely acceptable. Here, the plot of energy 
expenditure versus lean mass results in nearly parallel slopes, with an 
offset in the y intercept (Fig. 5d). One interpretation of this plot is that 
lean mass is driving the effect on whole-body energy expenditure. 
The different y intercepts account for non-lean mass components. 
When fat mass is used as the covariate, in this example, we see that 
most LFD-fed mice have a small amount of fat mass, less than 10% of 
body composition. The increasing amounts of fat mass only make a 
minor contribution to energy expenditure in these mice, housed at 
23 °C. In this experiment, fat mass is a poor independent predictor of 
energy expenditure (Fig. 5e). Finally, to assess the contributions of both 
lean mass and fat mass to metabolic rates, we could use multiple linear 
regression, with energy expenditure as the dependent variable and both 
lean mass and fat mass as independent variables. However, lean mass 
and fat mass are often correlated and are not independent126 (Fig. 5f).

Addressing the issue of collinearity of lean and fat mass in the 
analysis of metabolic rates is an open area of investigation. As we per-
form linear regression for energy expenditure versus lean mass, we find 
a significant contribution, but we do not find a significant contribution 
of fat mass to energy expenditure. This difference is not surprising, 
with the lower metabolic rate of fat compared with lean mass and a 
relatively small contribution to body composition. In this example, 
we use either lean mass or total mass (Figs. 5c,d) as acceptable covari-
ates. Both produce a statistically significant effect of diet on energy 
expenditure. This finding suggests that the effect of ignoring fat mass 
when using lean mass as the covariate does not negatively influence 
the model in this example.

The need for a shared indirect calorimetry data 
repository
There are ongoing reproducibility and replicability concerns in obe-
sity, nutrition and metabolic research136–138. We propose creating a 
data repository that enables investigators to deposit their indirect 
calorimetry results, thereby facilitating comparisons between dif-
ferent datasets. With the cooperation of funding bodies, journals 
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and reviewers, we aim to standardize and unify the field, accelerating 
physiology research globally. The prevailing assumption that data 
are ‘available upon reasonable request’ is often unfounded139. This 
resource would also help researchers comply with data management 
and sharing plans mandated by funding bodies.

A data repository
The data repository will adhere to ‘findability, accessibility, interoper-
ability, and reuse of digital assets’ (FAIR) data principles140. Every dataset 

uploaded by the community will comply with metadata standards 
(Table 3). These standards will include a persistent data identifier to 
permanently reference a dataset on the web for indexing by search 
engines and tracking data reuse. For accessibility, the data will be 
available to anyone locating that record. Interoperability will permit 
all data in the calorimetry database to work in the same framework. 
Most importantly, reusing experimental data will allow for datasets 
to be shared and unnecessary duplication of efforts to be reduced, in 
addition to minimizing the use of additional animals. This initiative will 
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Fig. 5 | Statistical approach for indirect calorimetry and choosing the 
appropriate covariate. a,b, Statistical tests. For analysis of mass-dependent 
variables (for example, energy expenditure or VO2), we first perform a statistical 
test to determine whether the slopes are parallel, by testing for an interaction 
effect between the covariate (total mass) and the group variable. In example 1 
(a), the non-parallel lines produce a statistically significant interaction effect and 
dictate that ANCOVA cannot be used in this analysis. The diverging lines make 
the interpretation of the experiment more complex; the statistical differences 
between the groups will depend on the specific mass range at which the 
comparison is made. For statistical analysis, we will use the general linear model 

(GLM) when an interaction effect is significant. In example 2 (b), we first run a test 
for the interaction effect and find that it does not reach statistical significance. 
This result allows us to proceed with ANCOVA. c–f, Comparison of energy 
expenditure (kcal h−1) as the dependent variable versus different mass covariates 
as the independent variable. c, Energy expenditure versus total mass (g).  
d, Energy expenditure versus lean mass. e, Energy expenditure versus fat mass. 
f, There is a positive correlation (dashed line) between the two independent 
variables, fat mass versus lean mass. This correlation complicates the use of lean 
and fat mass as multiple independent variables for regression.
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help to establish reproducible data standards. Independent reanalysis 
of deposited data will also help identify and correct errors, prevent 
future experimental errors, verify data quality and in the long term, 
improve the replicability of experiments. Although several preclinical 
databases already host indirect calorimetry results for browsing and 
download, they often restrict data contributions from non-affiliated 
users141–145. In summary, creating a focused data repository for body 
weight regulation is essential for managing the rapidly growing volume 
of studies and promoting a deeper understanding that could lead to 
important biological insights and discovery.

Future-proofing
Our methods of phenotypic analysis are continuously evolving with 
new technological advances and understanding. For instance, mouse 
behaviour varies considerably between 12-hour dark and light photo-
periods146. Traditionally, we use these cycles as our standard time blocks 
for analysis between groups (Fig. 3g). Our understanding of sleep, rest 
and activity bouts during these photoperiods, particularly concerning 
ultradian rhythms, is still developing74,147. As we gain deeper insights 
into these shorter time intervals and with the advent of high-resolution 
metabolic phenotyping, future methods could move beyond simply 
categorizing behaviours by dark, light and full day periods, allowing for 
more precise classifications. For example, body temperature changes 
drive a large fraction of the variation in an individual mouse’s energy 
expenditure74. A repository should be compatible with additional physi-
ological data recordings (for example, body temperature, blood levels 
of glucose, heart rate or other parameters). A repository should also 
be adaptable to encompass more complicated study designs beyond 
basal metabolic phenotyping between two groups. By storing and 
sharing our collective data, we envision a future in which additional 
insights will come from old experiments.

Conclusions
We conclude that the field is currently in an unsatisfactory state, with 
the many units used for one representative pathway (Table 1). Without 
standardized data analysis or visualization, comparing studies from 
multiple labs becomes problematic, if not impossible. As an example, 
we present the case of the human genes, ACVR1C and INHBE, which are 
associated with altered body composition. Human genetic variation 
in ACVR1C and INHBE is associated with differences in waist-to-hip 
ratio and the development of type 2 diabetes148. Germline whole-body 
knockouts of any one of the Acvr1c, Inhbe and Gdf3 genes alter mouse 
body weight. Yet, the cause of the weight loss, and whether this is shared 
between models, is unclear owing to the different methods of analysis.

Before the printing press, standardized spelling did not exist in 
the English language149. In fact, Shakespeare’s plays contain words with 
multiple spellings. By setting consensus standards, we aim to eliminate 
the use of varied units for representing metabolic rates in preclinical 
indirect calorimetry experiments. Although past studies might need to 
be repeated or reinterpreted, these earlier studies reflect the standards 
of their time. We would not say that Shakespeare misspelled his words, 
but that he practiced by the standards of his time. Dividing by body 
weight was the accepted standard in 2008, but our understanding has 
since evolved. We now know better. Similarly, post-publication peer 
review platforms, such as Pubpeer, should not critique the historical 
use of non-standard units in indirect calorimetry. Instead, we wish to 
move forward with new standards. Researchers choosing to not adopt 
these standards going forward should justify this choice and are subject 
to post-publication peer review by the community. Beginning in 2025, 
the proposed standards will apply to indirect calorimetry experiments 
in which there are differences in body weight or composition among 
animal groups of the same species. We hope this consensus guide lays 
the necessary groundwork for this field to grow, evolve and discover. 
During revision of this manuscript, two new tools have emerged that 
have the potential to offer new features to indirect calorimetry analysis. 

As they develop, it will be helpful if they can contribute in the goals to 
standardize analysis within the field150,151.
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