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Abstract

The respiratory exchange ratio (RER), which is the ratio of total carbon dioxide produced over total oxygen consumed, serves as
a qualitative measure to determine the substrate usage of a particular organism on the whole body level. Quantification of RER
by its direct conversion into %glucose- (%G,,) and %lipid oxidation (%L, at a given timepoint can be done by utilizing nonpro-
tein respiratory quotient tables. These tables, however, are limited to specific increments, and intermediate RER values are not
covered by these tables. RER data are mostly continuous, which requires faithful interpolation, which we aimed for here. We first
determined, statistically and schematically, that linear interpolation would lead to incorrect values. Therefore, we constructed a
new mathematical model as an interpolating strategy to translate continuous RER values into correct values of %Gyx and %L oy.
We validated our new mathematical model against the original table by Péronnet and Massicotte (Can J Sport Sci 16: 23-29,
1991), against a linear interpolation of these data, as well as against a model based on an exponential approach using a dataset
of a nutritional intervention study in mice. This showed that our model outperforms the other methods, providing more accurate
data. We conclude that applying our mathematical model will lead to an increase in data quality and offer a very simple, straight-
forward approach to obtain the best %G,y and %L,y levels from continuous RER values.

NEW & NOTEWORTHY With the here proposed mathematical model, we provide a new tool to convert continuous RER data
into more accurate estimations of %Gey and %L.y. It circumvents the use of nonprotein respiratory quotient tables and thereby
aids and simplifies by automating the conversions. The model can further be implemented into software commonly used for indi-

rect calorimetry measurements and thereby provides %G, and %L, data in real-time during a running experiment.

carbohydrate metabolism; energy metabolism; indirect calorimetry; lipid metabolism; oxygen consumption

INTRODUCTION

In physiology and metabolism, indirect calorimetry (InCa)
is the gold standard method to measure oxygen consump-
tion and carbon dioxide production, from which energy ex-
penditure (EE) and substrate usage at the whole body level,
represented by the respiratory exchange ratio (RER), are cal-
culated (1-3). At the cellular level, RER is referred to as the
respiratory quotient (RQ), which lacks for instance the acid-
base bicarbonate balance of blood, and it is also defined by
the ratio of carbon dioxide production over oxygen con-
sumption. Although in the past, the term RQ was commonly
used, we will hereafter refer to RER since it reflects the whole
body level measured by InCa. In preclinical mouse studies,
InCa measurements provide valuable insights into metabo-
lism under different situations [e.g., fed vs. fasted (4), differ-
ent diets (5) or pharmacological interventions (6), different
physical activity (7), life stages (8), the strain of mice (9) or
differences in environmental factors, including low-oxygen
challenges (8) or cold challenges (10), etc.]. Standard InCa
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measurements are part of the Mouse Phenotyping Consortium
project to characterize the animals in detail (11).

To obtain detailed insights, RER values can be utilized
to estimate the percentage of EE (%EE) derived both from
carbohydrates, that is, glucose oxidation (%G.yx), and from
lipids, that is, lipid oxidation (%L,x). Since the accurate
measurement of protein oxidation on the whole body level is
very challenging, protein oxidation is commonly neglected
and the RER is referred to as nonprotein (NP)-RER, which
thus reflects the sum of %G.x and %L.x being always 100%.
Relative G,y and Ly can further be used to quantify total (en-
dogenous and exogenous) substrate oxidation (either fat or
carbohydrate) taking the energy equivalent of the specific
substrate into account (12). RER values above 1 are either in-
dicative of lipogenesis originating from glucose conversions
by intermediary metabolism, on top of full %Gy (13, 14), or of
increased circulating lactate levels, for example, following
high-intensity exercise, and consequential blood acid-base
balance increased carbon dioxide release (15, 16), and will
both further not be considered.
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The table by Péronnet and Massicotte is based on and
extends the pivotal work of Lusk (17, 18). It is currently and
ubiquitously being used for the conversion of RER into %Gy
and %Ly for the range of 0.7036 (100% L.y) until 0.996
(100% Gox) (12). However, the table uses 0.005 incremental
data points of RER ranging from 0.705 to 0.995, which pro-
hibits usage for the continuous variable RER in these
conversions. These continuous RER values are nowadays
commonly generated by modern and state-of-the-art InCa
systems thanks to improvements in sensor resolution and
accuracy, and a continuous conversion model or formula
is therefore needed. One way to interpolate the data between
the 0.005 incremental points is to apply a linear approach
assuming a linear relationship between RER and %G,y or
%Lox. Such an approach would provide a simple, easy,
and quick mathematical step and could lead to immedi-
ately available %G,y and %L,y values per measured RER.

Here, we first tested the linear relationship between RER
and %Gox. The observed nonlinearity stressed the need for
an improved interpolation method. Therefore, we here con-
structed a new mathematical model to estimate %G,y and
%Lox at the highest accuracy level, enabling the utiliza-
tion of continuous NP-RER data points for continuous %Gy
and %Ly values and tested this against other methods.

METHODS AND RESULTS

The Relationship between RER and Oxygen
Consumption by Carbohydrate Oxidation Is Nonlinear

The relationship between RER and relative energy produc-
tion from glucose oxidation (%Goy) looks linear based on
data from Table 2 in the publication by Péronnet and
Massicotte (12). To test this, we constructed a linear equation
with the full range of these data (0.7036-0.996):

y = 341.63x — 239.26, 0]

where x and y stand for RER and %Gy, respectively.

As the sum of %G,y and %L,y equals 100% at each RER
value, we selected the %Gy to be variable for the model, but
%Lox can easily be calculated from it. The parameters were
optimized using the Isqcurvefit function from the optimization
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Figure 1. The differences in %G,y derived from RER between c 1
Péronnet’s data and values generated by a linear equation. .g 1.4+
A: the distribution of %G, differences (delta) between 8 12_'
Péronnet and Massicotte’s data and values generated by 'g -
Eq. 2. The x-axis presents RER and the y-axis presents the o 1.0
delta percentage of energy from glucose oxidation (%G,) 3 J
between the two approaches (bars) and its arc-like distribu- S 0.8
tion (dashed line). B: a schematic presentation of the %G,y _9; 1
(ordinate) from Péronnet and Massicotte’s data (arc, dashed S 0.6
line) vs. %Gox values generated by linear Eq. 2 (straight line) % 1
and their differences (area between the lines, indicated by QA 0.4+
the arrow-headed line) for RER values 0.705 till 0.995 (ab- 0 2_'
scissa). RER, respiratory exchange ratio. ]
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toolbox of MATLAB (MATLAB v. R2022a, MathWorks Inc.,
Natick, MA). Although the coefficient of determination
(R?) of this fitting is as high as 99.9%, we noticed that the
RER-%G,y relationship is not strictly linear (Supplemental
Fig. S1). Therefore, a linear model might not be the best fit
to interpolate the RER and %G,y data of Péronnet and
Massicotte’s table.

To prove the nonlinearity of the relationship between RER
and %Gy, We established a linear equation using the second
(RER = 0.705) and the second to last (RER = 0.995) data
points from Péronnet and Massicotte’s Table 2, as the first
(RER = 0.7036) and last (RER = 0.996) data points do not fol-
low the increment steps (0.005) of the remaining RER data
points (see Supplemental Fig. S1 for comparison). The linear
equation (Eq. 2) thus obtained is:

y = 341.72x — 240.42, 2)

where x and y stand for RER (range 0.705-0.995) and %Gy,
respectively.

If there was a strict linear relationship between RER and
%G,x in Péronnet and Massicotte’s data using our Eq. 2, the
%Gox values of both approaches would ideally be the same
for each individual RER. In other words, the delta values
(%G,yx) between both approaches would be zero (strictly lin-
ear) or at least very small. However, Fig. 1A clearly indicates
that for each individual RER value, %G,y from the original
table is larger than the value generated by the simple linear
equation (Eq. 2). This is especially striking for the RER val-
ues in the middle area, representing the range where most
RER values are measured during a standard 24-h timespan.
The differences are distributed as an arc-like shape (Fig. 14,
dashed line), showing the nonlinear relationship between
RER and %G,y in Péronnet and Massicotte’s table. Figure 1B
schematically emphasizes such an arc-like nonlinear curve.
The curvature of the RER-%G,y curve is rather quite small
relative to 100% Goy, representing at most 1.7%G,x at RER =
0.825 (Fig. 1A; see Supplemental Table S1 for raw data).

To find a better-fitting and more accurate model, we next
concentrated on assessing the curvature. Since the incre-
mental steps of the RER values remain constant (0.005,
except for the first and last data point), examining the mag-
nitude of changes in delta %G,y would provide us greater
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Figure 2. The step differences in %G,y between two neigh-
boring RER datapoints in Péronnet and Massicotte’s Table 2.
The x-axis presents RER values and the y-axis presents the
delta percentage of energy from glucose oxidation (%G,,) of
two neighboring RER values. The step length is according to
incremental steps in Table 2 by Péronnet and Massicotte (1).
Dashed line: a schematic presentation of the tendency of
step differences. RER, respiratory exchange ratio.

insights into the properties of the curvature. Therefore, we
calculated the step differences, which are the differences
between two neighboring data points to estimate its curva-
ture (Fig. 2; see Supplemental Table S1 for raw data). The
step differences are in the range of 1.6%G,x—1.9%Gx,
except for the first (RER = 0.7036) and last (RER = 0.996)
RER value and show a very mild decline represented by
the dashed line (Fig. 2). Further considering that the val-
ues of step differences were only 1%—-5% of corresponding
Péronnet and Massicotte’s data (data not shown), this
decline is as mild as a near-steady state but not neglect-
able. Therefore, we aimed to find an alternative and bet-
ter-fitting model.

The Modified Michaelis—-Menten Model Is the Best Fit to
Interpret Péronnet and Massicotte’s Data Quantitatively

There are distinct types of models to simulate a near-steady
state with a small curvature. An exponential equation with a
negative exponent is the most common model to simulate a
near-steady state. By fitting Péronnet and Massicotte’s data to
such an exponential equation, we got Eq. 3:

y = 67417 — 991.69 x ¢ 05482 @)

where x and y stand for RER and %Gy, respectively.

To evaluate the goodness of fit of each alternative model,
we calculated the total residual and normalized squared
standard derivation (SSD). The total residual is calculated by
ST Wwi— x,~)2, where y; is the value generated by the model, x;
is the data from Péronnet and Massicotte’s table, and 7 is the
total number of RER data points in their table. SSD is calcu-

m 2
lated by \/@ which is better to compare fitting

results with different numbers of input data. The exponen-
tial model (Eg. 3) indicates a significant improvement com-
pared with the linear model (Eq. 1), shown by the much
smaller total residual at 0.695 versus 17.875 and SSD at 0.107
versus 0.541 (Table 1).

A Michaelis—-Menten equation, which is widely used in the
field of quantitative physiology, can also simulate a near-steady
state. Based on the feature of Péronnet and Massicotte’s data,
we modified the general Michaelis—-Menten (MM) equation as

y= ‘%, where A, B, and C are parameters that needed to be
determined. We define A as the capacity, B as the origin, and C
as the Csp value of the modified MM (mMM) equation. Using
the optimization toolbox function Isqcurvefit of MATLAB, we
determined these parameters and established the following
equation for %Gy (Eq. 4):

~1530.7 x (x — 0.7036) 4

- 3.4825 + x (4)

with x representing the RER value and y the corresponding
%Gox-

As the sum of %Gy and %L.x are defined as 100%, the cor-
responding formula for %L is thus Eq. 5:

1530.7 x (x — 0.7036)  1430.7 x (0.9962 — x)

—100 —
Y 3.4825 + x 3.4825 + x

(5)

with x representing the RER value and y the corresponding
%Lox.

The mMM equation simulates Péronnet and Massicotte’s
data exceptionally well with a total residual as small as 0.048
for 61 data points, which are found in the %G,y range of 0%—
100% (Table 1). The mMM model outperforms the other
models by means of total residual and SDD and therefore
presents Péronnet and Massicotte’s data best (Table 1,
Supplemental Table S1). When we express the differences
between the original table and our new mMM model graphi-
cally (similarly to Fig. 1 for the linear approach), we see that

Table 1. A comparison of models for conversion of RER
data into %Gy

Total
Model Type Equation Residual SSD
Linear Eq. 1.y = 341.63x — 239.26 17.875 0.541
Exponential Eq. 3:y = 674.17 — 991.69 x e 0542x  0.695 0.107
mMM 1530.7x (x—0.7036) 0.048 0.028

Eq 4y = 7

In the equations, x stands for RER and y stands for %Gx. All
equations are based on Péronnet and Massicotte’s data (Table 2).
Gox, glucose oxidation; mMM, modified Michaelis-Menten; RER,
respiratory exchange ratio; SSD, normalized squared standard
derivation.
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Figure 3. The differences in %G, derived from RER between Péronnet and Massicotte’s data and values generated by the new mMM model. The distri-
bution of %G, differences (delta) between Péronnet and Massicotte’s data and values generated by Eqg. 4 (MMM model). The x-axis presents RER and
the y-axis presents the delta of energy from glucose oxidation (%G,x) between the two approaches. The step length is according to incremental steps in
Table 2 by Péronnet and Massicotte (1). Note the difference in delta %Gy in Fig. 1 (0%—1.7%) and here (—0.04% to 0.06%). mMM, modified Michaelis—

Menten; RER, respiratory exchange ratio.

the delta values are impressively small indicating an almost
perfect fit (Fig. 3). Compared with a linear approach in which
the largest delta value was 1.7%G.x (Fig. 1), with our new
mMM model, all delta values are substantially smaller, with
the largest delta value being just 0.06%G,y (Supplemental
Fig. S2 for a direct graphical comparison). This represents an
almost 30-fold increase in data quality compared with a lin-
ear approach. The comparison between the different models
of Péronnet and Massicotte’s data and the modeling fitting
results are presented in Table 1, whereas Fig. 4 highlights
Péronnet and Massicotte’s data and the new mMM model.

The Modified Michaelis—Menten Model Is Stable and
Tolerant to Variances in Input Data

A key feature of the mMM model is that this model goes
exactly through the start point of Péronnet and Massicotte’s

100 &

table, where RER = 0.7036 and %G,y = 0% (so 100% Lqy).
The start and last points of Péronnet and Massicotte’s table
are visibly out of the linear range and hence can be utilized
to define the model parameters even more precisely. To vali-
date the goodness of fit of Egs. 4 and 5 including the first
and last RER point of Péronnet’s Table 2, we estimated the
model parameters using first the dataset excluding the first
and last data points. The results indicate that the model is
quite tolerant (Table 2). For example, if the first point was
excluded from the parameter estimation, RER = 0.7036 still
represents %Gox = 0.00%. To further evaluate the model tol-
erance, a model fitting was applied using different numbers
of data from Péronnet and Massicotte’s table. The results
indicate that the mMM model is highly tolerant to variance
in input data, and only with the loss of key data (the first 10
and last 10 data points) do the parameters slightly vary
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Table 2. Tolerance estimation for equation fit

Input Data RER A B C SSD
All 61 data points 0.7036-0.996 1,530.7 0.7036 3.4825 0.0281
Data points 2—60 0.705-0.995 1,530.7 0.7036 3.4825 0.0277
1 of every 3 data points 0.7036-0.995 1,531.3 0.7036 3.4850 0.0277
Data points 1-20 and 42-61 0.7036-0.795, 0.905-0.996 1,517.0 0.7036 3.4421 0.0271
Data points 11-51 0.750-0.950 1,573.7 0.7035 3.6083 0.0284
The parameters for the mMM equation y = % were estimated by including different subsets of numbers of the full range of 61 RER

data points taken from Péronnet and Massicotte’s Table 2. First data point is RER = 0.7036, last RER = 0.996. mMM, modified

Michaelis—-Menten; RER, respiratory exchange ratio; SSD, normalized

(Table 2). Taking both the excellent quality of the model’s fit-
ting and the high tolerance to input data variance, we con-
sider the mMM model as the best fit to quantitatively describe
the pattern of %G, from nonprotein RER values.

The determined mMM formulae (Egs. 4 and 5) optimize
the RER step length (increments) from 0.005 to 0.001 and
therefore allow a much more precise estimation of %Gy
from the nonprotein respiratory quotient. Furthermore, the
mMM formula can be applied to any continual RER data
point, even smaller than 0.001 increments. Therefore, it is
only limited by the data output generated by the InCa sys-
tem in place. As such, it can also be applied to directly, and
correctly, convert RER values within the InCa software into
%Gox and %L,y values.

Proof of Principle and Applicability

We here show that the mMM model gives mathemati-
cally and statistically the best fit for the estimation of %
Gox and %Ly from the nonprotein respiratory quotient
(RER < 1). As a proof of principle and to test its applicabil-
ity, we applied the different models (linear, exponential,
and mMM) to a previously published dataset (19) derived
from mice that were fed either a low- or a high-fat diet
(LFD and HFD, respectively). Focusing here on RER specif-
ically, both the 24 h and its subdivision in light and dark
phase periods were analyzed (Table 3).

On an LFD, calculated %G,y is highly comparable between
the different approaches as represented by the delta values
for mean 24 h (0.01, 0.01, and 0.01 for linear, exponential,
and mMM model, respectively), mean during the light phase
(LP; 0.08, 0.03, and 0.04), and mean during the dark phase
(DP; 0.07, 0.01, and 0.02), respectively. On an HFD, however,
only %Gex calculated by the mMM model is very similar
to the original approach and outperforms the linear and

Table 3. Comparison of performance of mMM model

squared standard derivation.

exponential models, as is indicated by the delta values for 24
h (0.36, 0.09, and 0.01), LP (0.39, 0.09, and 0.00), and DP
(0.32, 0.09, and 0.01), respectively (Table 3).

DISCUSSION

During indirect calorimetry measurements, the ratio of
CO, production over O, consumption (RER) gives insights
into the substrate usage (carbohydrates and lipids) of an or-
ganism at a particular timepoint. The ubiquitously used ta-
ble of nonprotein respiratory quotient by Péronnet and
Massicotte describes the percentages of energy retrieved
from glucose and lipid oxidation (RER < 1) with 0.005 incre-
mental steps (12). In the current work, we follow up on their
pivotal work and introduce a modified Michaelis-Menten
model (mMM, Egq. 4) to calculate %G,y and %L, more accu-
rately. The primary advantage of our mMM model lies in its
accurate representation of the values reported by Péronnet
and Massicotte, enabling precise interpolation of %Gy and
%Lox Values that are not explicitly included in their original
table, simultaneously allowing for easy applicability.

The mMM model outperformed the two other models (lin-
ear and exponential models) tested and showed the best fit
to interpolate the RER and %G,k and %L,y values underpin-
ning its strength. To test this in practice, we applied the
model to real physiological data and showed that the mMM
model is very accurate. As mice on HFD versus LFD usually
show quite distinct RER profiles, with middle-range RER val-
ues (HFD) versus clear higher (LFD) RER values. Results
showed for mice on an LFD, that is, under conditions of rela-
tively higher glucose over lipid oxidation levels, that a linear
interpolation would lead to very comparable %G,y results
compared with the mMM model. This confirms that the
extreme values (either high or low RER) are less prone to

% Glucose Delta

Group Period RER Péronnet and Massicotte Linear (Eq. 1) Expo (Eq. 3) mMM (Eq. 4) Linear Expo mMM
LFD 24 h 0.979 85.90 85.90 85.90 85.89 0.01 0.01 0.01
LP 0.963 82.00 81.92 81.97 81.96 0.08 0.03 0.04

DP 0.995 89.88 89.95 89.89 89.90 0.07 0.01 0.02

HFD 24 h 0.875 59.78 59.43 59.88 59.79 0.36 0.09 0.01
LP 0.871 58.28 57.88 58.37 58.28 0.39 0.09 0.00

DP 0.879 61.32 61.00 61.41 61.33 0.32 0.09 0.01

Mice were fed a low-fat (LFD, n = 9) or a high-fat (HFD, n = 9) diet for 12 wk (19). RER was continuously measured for 24 h, and pre-
sented as mean (24 h), or subdivided into mean 12-h light (LP, inactive) and mean 12-h dark (DP, active) phase, respectively. Calculated
%glucose oxidation (%Gy) values are derived from converting each individual RER-datapoint into %G,y and subsequent 24 h, LP, and
DP means by different approaches as indicated. Also, the corresponding %G,y delta values are compared with the usage of Péronnet and
Massicotte’s table. mMM, modified Michaelis-Menten; RER, respiratory exchange ratio.
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linear interpolation errors as shown in Fig. 1, despite such a
method being statistically less accurate. In such a condition,
linear interpolation would generate a comparable %G,y com-
pared with our new model. On the contrary, on an HFD,
where RER values are mostly in the midst of the RER range,
alinear model is prone to errors as shown in Fig. 1 and would
overestimate %G,y Especially in such situations, our new
mMM model increases the data quality by a more accurate
calculation of %Gx. Next to estimating %Gy and %L, levels
more accurately from RER readings, our new mMM model
has further additional advantages: first, our new model can
be used directly on all RER values without any precaution
for incremental step sizes as used by the tables published by
Péronnet and Massicotte (12). Since modern and state-of-the-
art InCa systems will measure RER data with 0.001 incre-
ments or with an even higher resolution, the new mMM
models give researchers a new tool to more accurately obtain
%Gox and %Ly, especially in the middle range of the RER,
where the majority of RER values are measured during a
standard 24-h timespan. Second, the mathematical model is
not only applicable to a single species but can be used for all
species under investigation by indirect calorimetry, including
but not limited to insects, birds, rodents, larger animals, such
as pigs, calves, or fish, but also humans using ventilated
hoods or respiration rooms. Third, with our work, we also fol-
lowed the suggestion by the authors Péronnet and Massicotte
and constructed a mathematical model that offers a conven-
ient formula to easily incorporate this into InCa software to
directly observe %Gox and %Ly values. This provides real-
time insights during ongoing measurements, whereas it can
also be used afterward in software commonly used for the
analysis of indirect calorimetry measurements, like Excel, R,
or the web-based program CalR (20).

The here presented mMM model is entirely based on the
work of Péronnet and Massicotte, including assumptions and
limitations in their original work, which represents a potential
limitation. Péronnet and Massicotte provide a table of non-
protein respiratory quotient, which neglects the contribution
of protein oxidation. Although the relative contribution of
protein oxidation toward overall fuel oxidation is lower com-
pared with carbohydrate and fat oxidation, its absolute contri-
bution is still substantial. Although the incorporation of total
protein oxidation would certainly be of added value, its
assessment in practice is challenging, since it relies on sophis-
ticated techniques and skills, includes several limitations (21—
23), and inappropriate values would introduce errors (24). For
example, advancements in amino acid tracer techniques have
enabled the investigation of whole body protein metabolism
by tracking the oxidation of isotope-labeled amino acids (25,
26), typically administered intravenously or orally. These
studies often require frequent blood and/or urine sampling to
monitor tracer enrichment and nitrogen excretion to be able
to provide detailed insights into protein oxidation kinetics.
However, the choice of tracer must be carefully considered, as
different tracers yield distinct metabolic insights and results
can vary significantly depending on the tracer used (27).
Moreover, application in mice requires profound microsur-
gery skills, and their availability and costs can limit their prac-
tical application. Tracer studies are also invasive, involving
precise tracer administration, rigorous study protocols, and
reliance on several assumptions (25, 28). Alternatively, 24-h
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urinary nitrogen excretion offers a less invasive and logisti-
cally simpler approach to estimate protein oxidation and can
be integrated with indirect calorimetry to yield complemen-
tary insights into the contribution of proteins, fatty acids, and
carbohydrates to whole body substrate utilization. However,
it sacrifices the temporal resolution required to capture
dynamic variations over shorter periods, which is particularly
critical for accurately assessing protein oxidation due to the
highly dynamic nature of protein turnover, and it can intro-
duce errors (24). Although tracer studies are valuable for
understanding the four aspects of protein metabolism, sub-
strate utilization, the role of protein oxidation in whole body
energy balance, and determining accurate protein and amino
acid requirements across populations, they are rarely per-
formed alongside indirect calorimetry due to their complex-
ity, invasiveness, and resource requirements. It is therefore
not surprising that the quantification of protein oxidation is
commonly neglected during (pre)clinical experiments. Until
the present obstacles (25) have been overcome by advances in
the field of measuring whole body protein oxidation, relying
on nonprotein RER values seems to be the maximum feasible
in the majority of (pre)clinical settings. Thus, our mMM mod-
els are most suitable in physiological conditions in which pro-
tein oxidation can be considered stable, as was already the
case as researchers have used the data table by Péronnet and
Massicotte to convert RER into %G,y and %L,y since 1991.
Caution is warranted for organisms in a state of growth, recov-
ery, or exercise, which might lead to incorrect values and
interpretations (12).

The mean fatty acid composition in human adipose tissue
samples served as a foundation for the calculation of mean
fatty acid oxidation, which might be outdated given the fact
that dietary patterns and dietary behavior have changed
over the last decades, shifting, for example, to plant-based
foods (29, 30), which can affect the dietary intake of fatty
acids to some extent (31). Diets varying in fatty acid composi-
tion have been shown to affect lipid composition in adipose
tissue in several species (32). Furthermore, it has long been
known that various species differ in their lipid composition
of adipose tissue, with the influence of age and collection
site/depths of adipose tissue as has been shown for humans
(32). Therefore, it seems worth establishing whether the
fatty acid profile used for the calculations by Péronnet and
Massicotte still represents the average fatty acid profiles in
adipose tissues today. Until experiments are conducted to
update the values of Péronnet and Massicotte for carbohy-
drate and fat oxidation, our current model remains valid,
whereas adaptation will be quite straightforward.

Limitations of the mMM Model

Péronnet and Massicotte did not consider RER values
above 1, which are frequently observed in rodent studies
feeding a low-fat and high-carbohydrate chow as a standard
diet. In this situation, RER values above 1 indicate lipogene-
sis originating from glucose on top of the 100% G,y used for
metabolic rate. Therefore, our mMM model is limited to RER
values below 1 (0.996) and does not deal with the conversion
of glucose into fat. Moreover, the table by Péronnet and
Massicotte associates an RER of 0.996 with 100%G,x, which
is inconsistent with stoichiometry. Oxidation of one mole of
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glucose requires the consumption of six moles of oxygen,
resulting in the production of six moles of carbon dioxide,
yielding a CO,/O, ratio of 1.000 for complete oxidation.
Consequently, the mMM model presents a slight deviation
from this stoichiometric relationship. It is worth highlighting
that also other scientists provided tables for the conversion
of nonprotein RER into %G,y and %L,y values, namely, Elia
and Livesey (14), which also offer an equation to accu-
rately calculate %Gox and %Ly suited to their published
RER conversion factors. The small differences between
these tables versus the one by Péronnet and Massicotte
are, for instance, due to differences in selected fatty acid
composition in human adipose tissue, which serves as a
foundation for the underlying mathematical calculations
of conversion factors. To better understand the impact of
the different values between the two tables, especially
associating an RER of 1.000 with 100%G,x and thus con-
sistent with a stoichiometric view, we estimated the pa-
rameters for our mMM model using data from Table 4 of
Elia and Livesey (14) in the ranges for RER from 0.7097 till
1.00. This resulted in the following mMM equations for %
Gox and %L,y With x presenting the RER values:

1304.1 x (x — 0.7097)

HGox = x + 2.7861 ' (6)

1304.1 x (x — 0.7097) 12041 x (1—x) )
x + 2.7861 T x +27861

By simplifying the equation in that study (Eq. 38 in Ref.
14) to our mMM formulae, we got:

1305.3 x (x — 0.7097)
iGox = x + 2.7893 (8)

This equation (Egq. 8) is almost the same as Eg. 6 with
slight differences in parameters caused by the limited data
precision of Table 4 in Elia and Livesey’s study. In fact, the
similarity between Eq. 6 and Eq. 8 confirms the effectiveness
of our approach.

The aim of this study was to develop a model for improved
quantitative interpretation of the conversion table of
Péronnet and Massicotte (12). Our mMM model is developed
to best fit the data by Péronnet and Massicotte, whereas the
equation and table by Elia and Livesey simultaneously offer
avalid alternative way to interpret RER values in terms of %
Gox and %Ly.

Acknowledging the differences between the two tables
(Eq. 4 vs. Eq. 6), we find that our mMM model (Eq. 4) outper-
forms a linear and exponential interpolation when analyzed
with the same data set. Consequently, we believe that the
mMM model presented here along with its parameter opti-
mization can be widely applied to similar datasets, and
hence allows to generate high-precision data more easily.
Ultimately, the scientific community will determine which
dataset and equation will be preferred.

Early in the previous century, Lusk published in 1924 the
first revision of his table of nonprotein respiratory quotient,
which inspired others to follow by continuously updating
and improving his work, and it is still being used by many in
the field of energy metabolism. Today, a full century after
Lusk’s pivotal work, with the mathematical model proposed
here, we like to follow in his and other’s footsteps. Although

%L,y =100 —

the improvements in data quality with our model might be
very small in some situations, we like to remind of the origi-
nal remark by Lusk in 1924: “Although the error is not great,
yet it is worthy to note and of record” (17).
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