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Here, we introduce Calopy, an innovative software suite for the intuitive and comprehensive analysis 

of indirect calorimetry (IC) data. Calopy is an open-source, web-based Shiny for Python application, 

accessible online or locally, platform-independent, and available via any web browser at 

https://www.calopy.app.  

IC is a widely used technique for measuring energy metabolism in both humans and animals1. At its 

core, IC tracks oxygen consumption (𝑉̇O₂) and carbon dioxide production (𝑉̇CO₂) to analyze energy 



metabolism through parameters like energy expenditure and resting metabolic rate (RMR)2 or 

respiratory exchange ratio (RER), a key indicator of substrate utilization3. In comprehensive animal 

systems IC systems, additional relevant metabolic parameters such as locomotor activity, food and 

water intake, and body temperature can additionally be measured at high temporal resolution, along 

with environmental factors like cage temperature, lighting and humidity. Continuous or categorical 

phenotypic variables, such as body weight, genotype, and treatments, are also recorded. Noteworthy 

IC data may further be affected through factors that entail mutual dependencies like circadian 

rhythms, food intake, environmental conditions, and data noise which adds further complexity4. 

Together, these data form a complex set of time-resolved, continuous, and categorical variables, 

demanding sophisticated statistics and methods for their analysis. 

Over the years, the research community has developed several tools to analyze and interpret IC 

data with CalR being the most prominent5. However, despite the widespread use of IC and 

standardized software, flexible and accessible open-source tools for easy use and integration of 

advanced statistical methods to help harness the full potential of IC data remain lacking 6-9.  

Calopy addresses this gap by providing an open-source, transparent, and reliable platform for IC 

data analysis with an intuitive reactive and easy-to-use interface (Fig1a). In contrast to other 

software, Calopy offers advanced preprocessing tools, including outlier detection and removal, 

removal of individual subjects/animals ensuring robust and reproducible results. In addition, Calopy 

provides a unique optional filtering for time-resolved variables (Fig1b) allowing users to extract 

meaningful data features that are robust against noise, such as global and daily maxima and minima, 

amplitude, area under the curve (AUC), and more. Additionally, Calopy is unique in offering a global 

and time-resolved estimation method for RMR and basic metabolic rate (BMR) based on a linear 

model incorporating activity and food intake, as introduced by Klinken et al.10  (Fig1c-e). All settings 

in Calopy are non-destructive and can be reset or changed at any time, and all data created and 

analyzed can be downloaded for further use. 

Building on these data processing methods, Calopy includes a comprehensive suite of exploratory 

data analysis tools, enabling statistics on both raw data and estimated features while incorporating 

all types of metadata. This allows for an in-depth exploration of IC data through Between-Group 

Comparison (Fig1f-h), Temporal-Condition Analysis (Fig1i), and Time-Window Comparison (Fig1j). 

A comprehensive user guide can be found in the Supplementary Information, with the most up-to-

date version available through Calopy Help section. 

In summary, Calopy assists the scientific community in easily performing state-of-the-art and 

extended IC data analysis. Calopy provides a flexible and robust framework to handle and analyze 

IC data which can be easily extended with novel features and methods as they are implemented by 

us or the community.  

Code availability 



All source code is available from the Gitlab repository: https://gitlab.com/computational-discovery-

research/calopy 
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Figure 1.  Indirect calorimetry data analysis with Calopy. a) Overview of Calopy’s data analysis 

framework, from data handling to processing and exploratory analysis. b) Filter based feature 

extraction. Various filter can be applied and fitted to the metabolic variables for extraction of 

additional data features such as maxima, minima, amplitude and more. c-e) Data analysis examples. 

Estimation of resting metabolic rate (RMR) in an individual mouse, by removing locomotor activity 

related energy expenditure (EE) from total EE (c). Locomotor activity counts (d) are used to train a 

regression model to predict EE (e). The intercept (β0) can be used as a basic measure of individual 

RMR whereas  the regression coefficient is used to create a time resolved estimation of the RMR 

(c). For details see Calopy documentation. f-h) Between group comparison of the respiratory 

exchange ratio (RER) as a metabolic variable. Shown are group wise mean and standard error of 

the mean for two inbred mouse strains C57Bl6n and C57Bl6j (n = 6 mice per group). Global median 

is compared for day, night and total (g). Comparing 24h mean EE between two genotypes using an 

ANCOVA model (h). i-j) Temporal-Condition comparison of oxygen consumption (VO2) for three 

temperature conditions between a wildtype (WT) and a knockout (KO) mouse model (n = 16 mice 

per genotype).  A mixed effect model is applied to test for differences in VO2 (j). 
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