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Evaluation of different
mathematical models on fitting the
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In vitro rumen gas production experiment was conducted with 57 kinds of feedstuff, which were
categorized into energy feed, protein feed, and roughage, collected within China. Eight mathematical
models were employed to describe the kinetics of in vitro rumen gas production. The results found
that for energy feeds, protein feeds, and roughages, respectively, Michaelis—-Menten (MM) or Logistic-
Exponential with lag (LEL), MM, and Mitscherlich (MIT) exhibited the highest or shown no significant
difference compared to the highest coefficient of determination (R?) (P <0.05) for all categories of
feed. Furthermore, regression estimation of intercept and slope for regression estimates of intercept
and slope for Observed versus Predicted of aforementioned models shown no significant difference
from 0 and 1, respectively (P <0.05), except LEL for energy feed. Mean absolute error (MAE), root
mean squared error of prediction (RMSEP), mean squared error of prediction (MSEP) of those models
were relatively lower, with minimal systematic bias and regression bias. Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC) rankings were higher compared with other models.
Given these results, in studies where feedstuff categories are not distinguished or multiple feedstuffs
categories are included, the MM model proves to be a good choice. MM or LEL was considered to better
fit energy feedstuffs. The MM model was the optimal choice for fitting protein feedstuffs. MIT provided
the best accuracy and moderate precision when fitting roughages.
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In vitro gas production method is commonly used for evaluating ruminant feed and additives"?, microbial
fermentation process®* and the effect of anti-nutrient factors on microbial activity>°. For better understanding
of the rumen fermentation, the kinetic parameters of degradation are crucial, as they not only describe digestion
but also characterize the intrinsic properties of substrates.

Mathematical models can effectively parameterize the degradation or fermentation profiles of each category
of feedstuff’”. Exponential models were among the earliest mathematical models applied to the processes
of digestion. In 1979, @rskov and McDonald® used exponential model to describe the temporal changes of
substrates in the nylon bags during the in situ digestion experiment. Similarly, Krishnamoorthy® employed a
modified version of the model most commonly used to describe fiber digestion!, which is now the most widely
used exponential model. The exponential model assumed that the digestion rate is proportional to the substrate
concentration and independent of microbial biomass. Depending on whether the lag time is considered,
exponential models include either 2 (EXPO) or 3 (EXPL) parameters. However, the exponential model suffered
from inflexibility issues and failed to adequately describe the gas production process. Schofield!! first applied the
Gompertz (GOM) and Logistic (LOG) models, which originated from microbial growth kinetics, to calculate in
vitro rumen gas production parameters. Both models assumed that the rate of digestion is directly proportional
to the current microbial population and substrate level, but they differ in the mathematical effect of substrate
limitation on microbial growth rate. The LOG model assumes a linear relationship, while the GOM model assumes
a logarithmic relationship!!. However, due to the presence of a positive intercept and a fixed inflection point
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occurring at half of the asymptotic gas production, the LOG model may not be suitable in certain situations'2.

Wang et al.'® introduced a shape parameter into the model, constructing the Logistic-Exponential (LE) model.
This model is more flexible and variable, with a non-fixed inflection point, and eliminates the positive intercept
on the y-axis. France et al.'*decomposed the fractional rate of degradation p into a function related to the square
root of time, establishing the Mitscherlich (MIT) model. According to France'?, the relationship between p
and the square root of time may be associated with the diffusion of microbial enzymes. Groot et al.” proposed
a modified Michaelis—Menten (MM) model based on the Michaelis—Menten equation in enzyme kinetics. The
MM model makes more flexible assumptions about fractional degradation rate, which can be continuously
decreased over time or increase initially before decreasing!®. Similar to the MIT model, the increase in the
degradation rate reflects the increased accessibility of substrates due to particle hydration, microbial attachment,
and an increase in microbial population, while the decrease in degradation rate may reflect the imposition of
chemical and structural constraints'2.

Additionally, the gas production process is closely associated with the chemical composition and the physical
structure of the substrate. Getachew et al.!® investigated the relationship between in vitro rumen gas production
and chemical nutrients in 12 kinds of feedstuff comprising 38 samples. They found a negative correlation
between crude protein (CP) and gas production (P<0.001), while non-fiber carbohydrate (NFC) levels were
positively correlated with gas production (P<0.01). It is generally believed that this is because the fermentative
capacity of protein is approximately 0.3 times of carbohydrates'®. Moreover, gas production may decrease due to
the reaction between ammonia and carbon dioxide!”. Different types of carbohydrates produce varying volumes
of gas depending on their chemical properties and interactions with other feed components®. Compared to the
slowly degradable fraction, rapidly degradable carbohydrates produce more propionate, which is a process with
lower gas potential compared to acetate'®. In ruminant nutrition, feedstuff can be simply categorized into energy
feed, protein feed, and roughage. Therefore, distinct models should be used based on the nutrient characteristics
of each feedstuft.

Though previous studies have investigated the comparison of the goodness of fit of different models, they
may suffer from issues such as small sample sizes and undivided feed categories™""!>19-24 To address these
issues, this study aims to compare the performance of various mathematical models in predicting in vitro gas
production from different feedstuff categories and to evaluate the impact of sample size and categorization
on model reliability. By enhancing the understanding of the relationship between feedstuff characteristics
and gas production kinetics, this study will provide researchers with improved modeling tools that facilitate
more accurate evaluations of ruminant feed efficiency and fermentation processes. The insights gained from
this research could inform more effective feed formulations, ultimately leading to better animal health and
productivity in ruminant livestock.

Results

Feedstuffs and in vitro rumen gas production profile

The 57 feedstuff materials were classified as energy feeds, protein feeds, and roughages based on their common
use in ruminant production. Descriptive statistics of the nutritional components for these three categories of
feedstuff were presented in Table 1, and gas production profiles were depicted in Fig. 1. Energy feeds, which
primarily consisted of grains and brans, were characterized by a high starch content (42.31+5.03%) and low
levels of structural carbohydrates. Protein feeds exhibited high crude protein (CP) content (33.87+2.4%)
and lower carbohydrate proportions. Additionally, due to the inclusion of various by-product from the oil
industry, protein feeds had higher levels of crude fat (EE) (6.61+0.77%). Roughages mainly comprised hays
and straws, containing significant amounts of structural carbohydrates (67.86 +2.59% NDF, 44.78 +2.51% ADE,
10.21+1.89% ADL).

Fitting of the gas production profiles

Figure 2 illustrated the fitting of different models for the three categories of feedstuff. Significant differences
were observed in the shapes of the fitting curves for the three categories. Gas production from energy feeds was
notably higher than that from the other two categories, with both energy and protein feeds exhibited higher gas
production rates than roughages during the same period, reaching the plateau phase earlier. The gas production
curves for roughages were the most gradual, reaching the plateau phase later and exhibiting relatively lower gas
production overall. Among the different models, GOM and LOG models shown sigmoidal curves with similar
shapes that almost completely overlap in energy feeds. The LOG model reached the plateau phase earlier than
the other models within the same category of feedstuff, while the GOM model exhibited similar characteristics
only in energy and protein feed, showing lower gas production after reaching the plateau phase compared to
other models. The other models fitted non-sigmoidal curves for all three categories of feedstuff, with the MM
model showing the highest final gas production compared to the other models within the same category.

The mean values of Vf, t, ., and y. predicted by the 8 models for different categories of feedstuff were
presented in Fig. 3. The final asymptotic gas production was represented by Vf. The time t, ; was calculated
when V =V{/2. The value y,, ; was obtained by substituting t, . into the formula dV/dt/V. Significant differences
in gas production parameters were noted among the different categories of feedstuff. The Vf for energy feed
(61.98-71.68 ml/200 mg) was much higher than that for protein feed (37.63-45.77 ml/200 mg) and roughage
(35.67-46.86 ml/200 mg). Across all categories, the MM model yielded the highest predicted Vf values, while
LOG produced the lowest. Predicted t,  values did not show significant differences among different models for
any category. However, both the GOM and LOG models consistently predicted significantly higher 1, . values
compared to other models across all categories.
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Items Average | Median | Minimum | Maximum | SD
Energy feeds

(N=24)

DM 92.88 94.67 82.53 98.79 1.107
CP 14.19 13.95 6.44 21.99 0.794
Starch 42.31 53.77 2.65 81.88 5.026
EE 4.90 3.34 0.25 18.43 1.079
Ash 4.64 3.03 0.17 21.64 1.045
NDF 26.83 22.07 2.09 70.48 3.688
ADF 11.35 11.32 1.47 49.06 2.029
ADL 2.77 2.50 0.13 8.47 0.435
Protein feeds

(N=22)

DM 91.80 92.10 79.79 98.35 0.885
CpP 33.87 35.26 16.02 55.56 2.400
Starch 4.58 3.83 0.97 13.10 0.710
EE 6.61 5.56 0.70 12.75 0.773
Ash 9.39 6.98 4.32 24.60 1.196
NDF 40.52 38.64 22.11 68.38 2.818
ADF 23.72 20.72 10.46 50.17 2.347
ADL 9.00 7.96 1.72 26.29 1.356
Roughages

(N=22)

DM 92.62 92.61 84.02 98.10 0.685
CP 8.76 7.59 3.49 23.61 1.067
Starch 3.86 3.00 0.41 13.05 0.746
EE 2.20 1.49 0.36 8.00 0.406
Ash 10.59 10.24 2.86 17.24 0.865
NDF 67.86 71.39 35.99 83.30 2.588
ADF 44.78 44.45 15.21 68.49 2.507
ADL 10.21 7.44 1.17 32.04 1.893

Table 1. Descriptive statistics of the chemical composition of three categories feedstuff (dry matter basis, %).
DM: dry matter; CP: crude protein; EE: ether extract; NDF: neutral detergent fiber; ADF: acid detergent fiber;
ADL: acid detergent lignin; SD: standard deviation.

Model comparison

The average R? values for each category of feedstuff fitted by different models were depicted in Fig. 4, with all
models achieving R? values above 0.94. Across different groups, a similar ranking of model performance was
observed. Within each group, MM consistently exhibited the highest R? values, followed by MIT, while LOG
consistently showed significantly lower R? compared to other models. In the energy feeds and roughages groups,
MIT, LEL, and LEO did not exhibit significant differences compared to MM, whereas in the protein feed group,
MM significantly outperformed all other models. Among all feedstuffs, regardless of categorization, the MM
model exhibits significantly higher R? values compared to the other models.

The results of regressing observed versus predicted gas production were illustrated in Fig. 5 and summarized
in Table 2. Among all 8 models, EXPL, MIT and MM exhibited non-significant slopes and intercepts across
the three categories of feedstuff. In the energy feeds group, significant differences were observed in the slopes
compared to 1 for EXP0, GOM, LOG, LEO, and LEL, with all models except LEL showing significant non-zero
intercepts. In the protein feeds and roughages groups, LEO and LEL also demonstrated good fitting performance.
However, EXP0, GOM, and LOG exhibited significantly non-unity slopes, while EXP0 and LOG had intercepts
significantly different from 0. In the uncategorized feedstuffs group, only EXPL and MM exhibited non-
significant slopes and intercepts.

Error analysis of the 8 models fitting different categories of feedstuff was presented in Table 3. Across the
four groups, the MAE, RMSEP, and MSEP of different models were consistently similar, with MM or MIT
demonstrating the smallest values, followed by LEO and LEL. Focusing on the MSEP decomposition parts of
these models, it was observed that MIT exhibits no systematic bias across the four groups, showing only a
regression bias of 0.01% when fitting roughages. Apart from MIT, LEL and LEO also demonstrated low system
bias in energy feed, with LEL exhibiting lower regression bias as well. In the protein feed, MM showed minimal
systematic bias and regression bias other than MIT. However, all models exhibited system bias and regression
bias in roughage. In the group comprising all feedstuffs, LEO also displayed no bias.

The AIC and BIC values were calculated for each model fit, and the models were ranked based on these
criteria for each sample, as shown in Table 4. A higher rank indicated better model performance. The MM
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Fig. 1. The in vitro gas production profiles. Fermentation of energy and protein feeds for 60 h, and roughages
for 72 h. (a) 24 energy feed samples; (b) 22 protein feed samples; (c) 22 roughage samples.

model consistently ranked highest in terms of AIC (BIC) across all four groups. Among energy feeds, MM
(MM) exhibited the highest performance, followed by LEO, LEL, and EXPL (LEO, LEL and EXPL) according
to AIC (BIC) criteria. In the case of protein feed, MM (MM) outperformed other models, with EXP0, EXPL,
and LEO (EXPO, EXPL and LEO) following in AIC (BIC) ranking. Regarding roughage, MM (MM) ranked
highest, followed by EXPL, MIT, and LEO (LEO, EXPL and EXPO0) in AIC (BIC) ranking. For the entire group of
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Fig. 2. Fitting profiles of 8 models for 3 categories of feedstuff. The curves of energy and protein feeds for 60 h,
and roughages for 72 h. (a)8 curves for energy feeds; (b) 8 curves for protein feeds; (c) 8 curves for roughages.
EXPO: exponential without lag phase; EXPL: exponential with lag phase; GOM: Gompertz; LOG: logistic;

LEO: logistic-exponential without lag phase; LEL: logistic-exponential with lag phase MIT: Mitscherlich; MM:
Michaelis-Menten.

feedstuffs, MM (MM) was superior, with LEO, EXPL, and LEL trailing behind (EXPL, EXP0 and LEO) according
to AIC (BIC) criteria.

Discussion

The 68 samples selected for this experiment comprised 57 kinds of feedstuff, categorized into three groups
commonly used for ruminants: energy feeds, protein feeds, and roughages. The categorization of feedstuffs
in this study was carefully based on chemical nutrients, physical properties, and practical applications rather
than their kinetics of in vitro rumen gas production. This deliberate approach was intended to align with the
primary objective of the research, ensuring that the nutritional value of the ingredients remained the focal
point of analysis. By prioritizing nutritional attributes, we aimed to offer a clearer understanding of feed
contributions to overall dietary formulations, thereby promoting more informed decisions in the field of animal
nutrition. The nutritional and gas production data exhibit a wide range and substantial quantity, indicating their
representativeness.

The chemical composition and the physical structure of feedstuff are closely related to gas production
curves. It is generally believed that the main sources of gas in in vitro rumen gas production experiments are
carbohydrate degradation and the reaction of volatile fatty acids (VFAs) with substrate buffer solution?>2.
CP fermentation generated less gas, while EE hardly produces any gas?. Structural carbohydrates, being more
resistant to degradation, often have a significant impact on both gas volume and gas production rate?’. This
also explains why the final gas production and Vf of most protein and roughage feeds were lower than those of
energy feeds. Additionally, roughages typically exhibited flatter gas production curves, longer t, ., and smaller
M, 5 values.

Huhtanen et al.28, through a comparison of residuals over time, observed that EXP0 and MM tended to
overestimate asymptotic gas volume. This trend appeared to be present in both energy feeds and roughages in
this experiment. Huhtanen explained the overestimation of asymptotic gas volume by the EXP0 model as its
inability to describe lag phenomena®®. However, this did not explain why EXPO does not exhibit higher Vf in
protein feed, and why there was no significant difference between EXP0 and EXPL in all feedstuff categories.
Considering that Huhtanen’s samples were roughages, the overestimation of Vf by EXP0 might be due to its
exponential mathematical structure being unsuitable for energy and roughage feedstuffs. Additionally, the
decreasing fractional degradation rate of MM in the later stages of fermentation might not be reasonable, which
led to the overestimation of asymptotic gas volume?"?8, Schofield et al.!! found in their model derivation that
the maximum rate (i.e., the curve inflection point) of LOG and GOM models occurs at V=V{/2 and V = Vf/e.
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Fig. 3. Comparison of gas production parameters for different models. V1, t ., i, ; are the average of each
category of feedstuff. Means with different letters differ (P <0.05). EXPO0: exponential without lag phase; EXPL:
exponential with lag phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase;

LEL: logistic-exponential with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten; Vf: final asymptotic gas
production; t, .: the time at V{/2; y, .: fractional rate of gas production at V{/2.

This might explain why y ;was significantly higher than GOM, while GOM was significantly higher than other
models in all feedstuff categories. This was consistent with previous research results'**®. Considering that there
was no significant difference in t; , between models within each feedstuff category, different models may not
exhibit differently in the fractional rate of gas production when fitting the same category of feedstuff.

The models extended to multi-pool analysis, with the fundamental assumption that the incubated feedstuff
was not homogeneous”?. Cone et al.* classified gas production into three stages: the initial stage involves the
neutral detergent soluble fraction (NDS), the subsequent stage entails NDF fermentation, and the final stage
relates to microbial population limitation. Some researchers believe that compared to single-pool analysis, this
nonlinear multi-pool analysis increased the number of parameters in the model, potentially compromising
its robustness and posing numerous challenges to fitting"1>*!. Therefore, this study only selected single-pool
models for analysis and comparison.

When comparing mathematical models, no single indicator was enough to fully evaluate their performance.
Each indicator highlighted a specific aspect of the comparison®*¥. Therefore, a combination of various statistical
analyses must be employed to assess the adequacy of mathematical models properly, along with a rational
analysis of the original conceptualization and development purposes of the mathematical models.

In addition to comparing among the three categories of feedstufTs, this study also included a group containing
all feedstuffs to investigate whether it is necessary to differentiate from feedstuff categories when comparing

Scientific Reports |

(2025) 15:6547 | https://doi.org/10.1038/s41598-025-90189-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1.00+

(2)

0.98
N
14
0.96
0.94-

1.004

(c)

0.98-
N
14
0.96-
0.94-

b 1.004
L)
ab  ab  gogg3 0.9901
) be 0.9873 0.9875 .
C 0.9849 .
< b 0.9824
¢ 09799 0.9800
0.9774 0.98+ 09769 09779
N
d (14
0.9657
09631
0.964
09495
T - . 0.94- i :
NI N e R > SN B 9 R v &
Q/’\g Q/‘\g 00 \,o \f(/ & é é Q;\g Q;\. 00 \g’ @ é
(d)"
b a
ab a a 0.0852 09863
be 0osn0 09825 09835 0! 00832 0.9835
be  0.9798 09794 0.9810
0.9778 0.98-
c
0.9711 « 00507
(14
d
0.9596 0.96- . 9585
T T T 0.94- - .
S & N 0 O o & © o NP
Q',\g (5\8 N Y NZEEN 2GR\ » Q',\g .\3 00 K2R KN

Fig. 4. The R? of fitted curves of 8 models for 3 categories of feedstuff. R? are the average of each category
of feedstuff. (a) energy feeds; (b) protein feeds; (c) roughages; (d) all feedstuffs. Means with different letters
differ (P <0.05). EXPO0: exponential without lag phase; EXPL: exponential with lag phase; GOM: Gompertz;
LOG: logistic; LEO: logistic-exponential without lag phase; LEL: logistic-exponential with lag phase; MIT:
Mitscherlich; MM: Michaelis-Menten.

models fitting performance. The results revealed that it exhibited performance distinct from the three groups
in terms of Observed versus Predicted (OvP) and error analysis, particularly in relation to changes in the
distribution and mean of predicted values. Therefore, using different models for different categories of feedstuff
may be necessary, as it would lead to more accurate and realistic results.

The coefficient of determination (R?) serves as a reliable measure of precision, with higher R? values
indicating greater precision®2. The MM model exhibited the highest R? across all four groups which surpassed
all other models significantly in the protein feeds and the uncategorized group. This finding aligned with the
conclusions drawn by most previous studies?*?*3!, After deriving the formulas, France et al.!? noted that the
MM model’s assumption regarding gas production rate was the most flexible. Compared to carbohydrates,
the energy obtained by rumen microbes from protein fermentation was lower, leading to slower microbial
growth'®*, Moreover, protein itself yields less gas, and the NH, produced during fermentation consumes CO,>2.
These variations resulted in irregular and challenging-to-fit gas production curves, which the highly flexible MM
model can effectively accommodate. A study found that the GOM model outperforms MM when roughages
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Fig. 5. Scatter plots of observed versus predicted regression. (a) energy feeds; (b) protein feeds; (c) roughages;
(d) all feedstuffs. The line-colored black in the figure has y: x=1:1. EXP0: exponential without lag phase; EXPL:
exponential with lag phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase; LEL:
logistic-exponential with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten.

were used as a substrate!®. Considering MM’s characteristic of decreasing residuals over time, this could be
attributed to differences in fermentation time between the study (72 h) and the experiments referenced (48 h).
Additionally, the MIT, LEO, and LEL models also exhibited high R? values when fitting energy and roughage
feedstuffs, consistent with a few prior studies'®*%?>3536, These findings further underscore the advantage of
employing flexible and adaptable curve shapes to enhance model accuracy.

Generally, accuracy is considered the most important criterion as it measures the model’s ability to predict true
values®2. The regression estimates of intercept and slope for OvP values serve as reliable indicators of accuracy,
with intercepts and slopes closer to 0 and 1 indicating higher levels of precision®. Apart from the flexible and
adaptable MIT and MM models, the introduction of lag time in EXPL relative to EXPO0 also contributed to
higher accuracy. Lag time can be attributed to hydration, removal of digestive inhibitors, or microbial substrate
attachment”!%. Although lag time may not fully describe the phenomenon of hysteresis, it provides a simple
quantitative measure of delayed effects. Allen and Mertens®” proposed a two-step model describing the digestion
process: the first step involves the transformation of substrate from an unavailable to an available form (i.e.,
the lag pool concept), and the second step represents substrate digestion. While theoretically more accurate
than discrete lag models, lag pool models did not fit the data better?!, and were not widely used due to their
complexity. The GOM and LOG models inevitably introduce an initial gas volume (V0) during the assumption
stage!!, whereas VO is clearly zero at the start of the experiment. According to Schofield et al.'!, the error in VO
(i.e., intercept on the y-axis) is most severe for GOM and LOG when the digestion rate is low and lag time is
short, which evidently leads to poorer accuracy when fitting energy feed. However, the intercept decreased when
fitting protein and roughage feedstuffs, which validated the findings of Schofield et al.''. The slopes of LEO and
LEL were significantly different from 1 when fitting energy feed. The LEO and LEL models might underestimate
the gas production in the later stages of energy feed fermentation. This was consistent with the significantly
lower Vf for LEO and LEL when fitting energy feeds compared to half of the models.
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Items EXP0 |EXPL |GOM |[LOG |LE0O |LEL |MIT |MM
Energy feeds

Intercept 1.209° |0.104 |0.774" |2.028" |0.417° |0.185 |0.132 |-0.202
SE 0260 |0.238 [0292 [0379 |0.150 |0.131 |0.188 |0.184
P-value <0.001 | 0.664 |0.009 |<0.001 |0.027 |[0.317 |0.381 |0.125
Slope 0.977* | 0.996 |0.978" |0.952° |0.988% |0.993* | 0.996 | 1.004
SE 0.005 |0.005 |0.006 |[0.008 |0.003 |0.003 |0.004 |0.004
P-value <0.001 | 0.405 | <0.001 | <0.001 | 0.002 |0.046 |0.159 |0.179
Protein feeds

Intercept 0.411° |0.028 |0.422 |[1.135° |0.106 |0.014 |0.115 |0.018
SE 0.163 |0.151 |0.222 |0275 |0.125 |0.124 |0.101 |0.071
P-value 0.012 | 0.856 |0.058 |[<0.001 |0.398 |0.908 |0.256 |0.795
Slope 0.985* | 0.996 |0.977° |0.954* |0.992 |0.995 |0.995 |0.999
SE 0.005 |0.005 |0.007 [0.009 |0.004 |0.004 |0.003 |0.002
P-value 0.005 |0.368 |0.002 |[<0.001 |0.052 |0.180 |0.098 |0.660
Roughages

Intercept 0.438" | -0.025 | 0.268 |0.818" |0.063 |-0.090 | 0.018 | -0.093
SE 0.136 | 0.123 |0.161 |0.197 |0.089 |0.087 |0.090 |0.085
P-value 0.001 |0.839 |0.096 |[<0.001 |0.484 |0.300 |0.838 |0.277
Slope 0.985* | 0.998 |0.981F [0.961% |0.995 |0.999 |0.999 |1.004
SE 0.005 |0.005 |0.006 |[0.007 |0.003 |0.003 |0.003 |0.003
P-value 0.002 |0.662 |0.001 |[<0.001 |0.118 |0.850 |0.682 |0.214
All feedstuffs

Intercept 0.563" |0.014 |0.377° |1.080° |0.159" |0.017 |0.075 |-0.076
SE 0.103 |0.093 |0.121 |[0.155 |0.073 |0.072 |0.062 |0.053
P-value <0.001 | 0.884 |0.002 |<0.001 |0.030 |0.815 |0.226 |0.152
Slope 0.985° | 0.997 |0.982F |0.963" |0.992* |0.996" | 0.997* | 1.002
SE 0.003 |0.002 |0.003 |[0.004 |0.002 |0.002 |0.002 |0.001
P-value <0.001 | 0.245 | <0.001 | <0.001 | <0.001 |0.017 |0.037 |0.211

Table 2. Observed versus predicted regression of fitting models. EXP0: exponential without lag phase; EXPL:
exponential with lag phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase; LEL:
logistic-exponential with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten; SE, Standard Error. * Intercept
significantly (P<0.05) different from 0. # Slope significantly (P <0.05) different from 1.

RMSEP and MAE are two standard indicators for evaluating the accuracy of models. Under different error
distributions, each has its own advantages and disadvantages*. This study presented both indicators to provide
a comprehensive assessment. MSEP is perhaps the most common and reliable estimate for evaluating the
accuracy of model predictions, and further decomposition of MSEP allows for the analysis of model adequacy
by identifying the sources of variation®2. If there is a significant system bias, the model’s predicted mean may
be larger or smaller than the observed mean, and if there is significant regression bias, it indicates potential
inadequacies in the structural equation of the model in describing the analyzed data®. In this study, the results
of linear fitting for Observed versus Predicted (OvP) and error analysis were inconsistent in some aspects. This
inconsistency might stem from the different principles underlying their analyses, with the former focusing on
the distribution of predicted values and the latter on the mean of predicted values. This experiment found that
fitting different fermentation substrates does not affect the level of errors but may result in different sources
of errors. It is generally believed that the fractional rate of gas production p of substrates during fermentation
is not constant. An initial increase in p reflects particle hydration, microbial attachment, and an increase in
microbial numbers, while a decrease in g may indicate limitations in chemical nutrients and structure within
the substrate!2. Models like LEO, LEL, MIT, and MM have the ability to allow p to vary freely over time, leading
to smaller errors when fitting the three types of feedstuff”!*!%. Camila et al.! found that the MM model had the
lowest RMSEP when fitting corn silage using various models. Dhanoa et al.'’, in comparing the performance
of different models after fitting roughages and silage feedstuffs, found that the residual mean squares of MM
and MIT were lower than those of other models. Wang et al.!® further validated the models and found that the
RMSEP of LEO and LEL was lower than that of most models. The MIT model exhibited near-zero SB and RB in
all three categories of feedstuff, while the performance of LE0, LEL, and MM varied depending on the categories
of feedstuff being fitted. This may be attributed to the different assumptions underlying LEO and LEL (microbial
growth!?), MIT (degradation by surface erosion and complete invasion'*), and MM (formation of microbial
film’). For energy and roughage feedstuffs, despite its advantages, the MM model exhibited systematic bias
and regression bias. Considering the previous discussion, it seems that the MM model may have overestimated
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Items EXPO | EXPL | GOM |LOG |LE0O |LEL |MIT |MM
Energy feeds

MAE 2.28 222 2.61 327 196 |198 |1.81 1.68
RMSEP 3.26 3.05 3.34 410 279 |276 |252 2.42
MSEP 10.63 | 9.32 11.16 |16.84 |7.78 |7.60 |6.34 5.86
SB (%) 0.50 0.02 0.02 0.42 |0.01 |0.01 |0.00 0.08
RB (%) 1.63 0.07 0.05 140 |0.22 |0.00 |0.00 0.25
RE (%) 97.87 199.90 |99.93 |98.18 | 99.77 | 99.99 | 100.00 | 99.66
Protein feeds

MAE 1.48 1.46 1.94 235 | 129 |1.30 |1.23 1.10
RMSEP 2.04 1.96 245 294 | 175 1.74 1.64 1.51
MSEP 4.18 3.85 6.02 8.63 |3.05 |3.03 |270 2.29
SB (%) 0.04 0.11 0.02 0.13 |0.07 |0.14 |0.00 0.02
RB (%) 0.11 0.27 0.06 0.34 |0.18 |[0.35 |0.00 0.04
RE (%) 99.85 199.62 |1 99.91 |99.53 | 99.74 | 99.50 | 100.00 | 99.94
Roughages

MAE 1.38 1.34 1.79 2.12 1.18 1.18 1.11 1.13
RMSEP 2.05 1.95 236 275 | 1.70 |1.69 |1.66 1.67
MSEP 4.21 3.79 5.55 7.55 290 |286 |2.74 2.77
SB (%) 0.10 0.26 0.23 0.07 |0.23 |0.55 |0.00 0.14
RB (%) 0.18 0.42 0.37 0.11 |0.38 |0.89 |0.01 0.24
RE (%) 99.72 199.32 199.40 |99.82 | 99.38 | 98.57 | 99.99 | 99.62
All feedstuffs

MAE 1.75 1.71 2.14 2.62 1.51 1.51 1.42 1.32
RMSEP 2.57 2.42 2.79 337 218 |216 |2.03 1.94
MSEP 6.60 5.87 7.79 11.35 | 4.77 | 4.68 |4.10 3.78
SB (%) 0.22 0.08 0.01 021 |0.02 |0.11 |0.00 0.07
RB (%) 0.45 0.16 0.03 0.44 |0.00 |0.11 |0.00 0.14
RE (%) 99.33 | 99.76 |99.96 |99.35 | 99.98 | 99.78 | 100.00 | 99.79

Table 3. Error analysis of fitting models. EXP0: exponential without lag phase; EXPL: exponential with lag
phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase; LEL: logistic-exponential
with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten; MAE: mean absolute error; RMSEP: root mean
square error; MSEP: mean square error; SB: system bias; RB: regression bias; RE: random error.

the gas production values. This is an important factor to consider when using the MM model for energy and
roughage feedstufls, as it could impact the accuracy of the results.

In addition to accuracy and precision, complexity directly impacts the performance of the model on both
training and unseen data, affecting its interpretability and fitting cost. AIC and BIC serve as indicators that
balance complexity and precision. For small datasets, the performance of AIC is similar to or even better than
BIC, while BIC becomes the preferred criterion for selecting the correct model, for datasets of moderate size0,
In this study, both AIC and BIC were chosen to evaluate the complexity and precision of the models, because
each sample comprised approximately 40 to 100 data points, falling the range between small and moderate
sample sizes*!. Among the models selected in this study, EXPO has 2 parameters, while LEL and MIT have
4 parameters, with the rest having 3 parameters. Table 4 revealed that the model with 2 parameters, EXPO,
did not exhibit significant advantages, ranking 3.51 (3.10) in AIC (BIC) only for the protein feed where other
models struggled to fit. On the other hand, the 3-parameter MM model ensured model precision with a slight
increase in complexity. This finding aligned with previous research results'**. The MIT model outperformed
other models in roughages, indicating that its theoretical assumptions regarding microbial enzyme diffusion and
surface erosion are better suited for difficult-to-degrade roughage!“.

The MM model appears to demonstrate high precision, moderate to high accuracy, and low complexity across
all three categories of feed. Therefore, the MM model is a good choice for studies that do not differentiate between
feed categories or include multiple categories of feed. However, considering the MM model’s overestimation of
asymptotic gas production, it is advisable to choose a model based on its specific performance for different feeds.
If only accuracy is considered, models such as LEL, MIT and MM for energy feed, MIT and MM for protein
and roughage feedstuff have performed well. However, it is unrealistic to rely solely on an accurate but imprecise
model for predictions. Therefore, after considering the theoretical assumptions of the models and their accuracy,
precision, and complexity in fitting various feedstuffs: (1) For energy feed, MM showed relatively highest R
among the 8 models (P <0.05). The slope and intercept in OvP did not significantly differ from 1 and 0 (P<0.05).
MAE, RMSEP, and MSE were lowest (1/8), but there was a presence of systematic bias and regression bias. The
AIC (BIC) ranking was 2.29 (2.29), exceeding all other models. The LEL model performs worse on certain
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Items EXPO | EXPL | GOM | LOG | LEO | LEL | MIT | MM
Energy feeds

Mean rank of AIC 4.88 3.96 5.92 7.54 |3.08 | 3.75 | 4.58 |2.29
Number of curves with smallest AIC | 1 0 0 0 7 0 1 15
Number of curves with largest AIC | 3 0 0 21 0 0 0 0
Mean rank of BIC 4.29 4.00 5.88 7.54 292|421 | 488 |2.29
Number of curves with smallest BIC | 1 0 0 0 7 0 1 15
Number of curves with largest BIC | 2 0 0 21 0 0 1 0
Protein feeds

Mean rank of AIC 377 |3.77 |645 |7.68 |3.82|477 |4.14 |159
Number of curves with smallest AIC | 1 0 0 0 3 0 0 18
Number of curves with largest AIC | 3 0 0 19 0 0 0 0
Mean rank of BIC 3.32 3.77 6.45 7.68 |3.68 | 5.00 | 450 | 1.59
Number of curves with smallest BIC | 1 0 0 0 3 0 0 18
Number of curves with largest BIC | 3 0 0 19 0 0 0 0
Roughages

Mean rank of AIC 4.64 3.55 6.09 7.36 |4.27 | 445 | 4.14 |2.09
Number of curves with smallest AIC | 2 0 1 1 0 0 4 14
Number of curves with largest AIC | 3 0 0 18 0 0 1 0
Mean rank of BIC 3.95 3.68 6.09 7.36 | 3.64 | 4.64 | 468 | 1.95
Number of curves with smallest BIC | 2 0 1 1 0 0 3 15
Number of curves with largest BIC | 3 0 0 18 0 0 1 0
All feedstuffs

Mean rank of AIC 444 |3.78 6.12 7.50 |3.62 | 424 | 4.31 |2.00
Number of curves with smallest AIC | 4 0 1 1 10 |0 5 47
Number of curves with largest AIC | 9 0 0 58 0 0 1 0
Mean rank of BIC 3.87 3.84 6.10 750 |3.41 462|471 |1.96
Number of curves with smallest BIC | 4 0 1 1 10 |0 4 48
Number of curves with largest BIC | 8 0 0 58 0 0 2 0

Table 4. AIC and BIC of fitting models. EXP0: exponential without lag phase; EXPL: exponential with lag
phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase; LEL: logistic-exponential
with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten; AIC: Akaike information criterion; BIC: Bayesian
information criterion. Ranking according to AIC (BIC) of models fitted each feedstuff, the smaller the
AIC(BIC), the higher the ranking.

indicators compared with MM, but exhibits no bias, which should be taken into consideration. (2) For protein
feed, MM’s R? was significantly higher than other models (P<0.05). The regression estimates of intercept and
slope in OvP had no significant difference from 0 to 1, respectively (P <0.05). MAE, RMSEP, and MSE were the
lowest (1/8) with almost no systematic bias and regression bias. The AIC (BIC) ranking was 1.62 (1.62). (3) For
roughage, MIT showed relatively higher R? (2/8) with no significant difference from the highest value (P<0.05).
The intercept and slope in OvP had no significant difference from 0 to 1, respectively (P<0.05). MAE, RMSEP,
and MSE were low (1/8) with no systematic bias and regression bias. The AIC ranks third only to MM and EXPL.

Conclusions

In summary, due to the involvement of different fermentation processes, the chemical composition and the
physical structure of feed, could influence the gas production process, resulting in gas production curves with
different characteristics. EXPO and MM tend to overestimate Vf for energy and roughage feeds. In studies where
feedstuft categories are not distinguished or multiple feedstuffs categories are included, the MM model proves
to be a good choice. Considering the theoretical assumptions of the models and their accuracy, precision, and
complexity in fitting various types of feed, MM or LEL is considered to better fit energy feeds; MM model is the
optimal choice for fitting protein feeds; and MIT can provide the best accuracy and moderate precision when
fitting roughage feeds. Due to limitations in sample quantity and diversity, the categorization of feeds in this
study may not be sufficiently specified or comprehensive. In the future, collecting more extensive and diverse gas
production data will enable a better exploration of the suitability of models for different feed categories.

Materials and methods

Animals and diets

All animal procedures used in this study were approved by the Animal Care and Use Committee of China
Agricultural University (Approval No.AW81404202-1-9), and the experimental procedures used in this study
were in accordance with the university’s guidelines for animal research. The rumen fluid used in this experiment
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was collected from three Angus steers of similar weight (400 + 50 kg of BW, mean + SD) with permanent rumen
fistulas. The experimental animals had ad libitum access to water and were fed twice daily at 8:00 and 17:00. The
diets were formulated based on the body weight and nutritional requirements to meet 1.3 times maintenance
needs of beef cattle according to NASEM 20162 (Table 5). Prior to the start of the formal experiment, the
animals underwent an adaptation period of 7 days. During this time, they were gradually introduced to the
experimental diet to ensure they were fully accustomed to it by the time the formal experiment commenced,
minimizing the potential for environmental changes to influence the results.

Feed samples preparation and nutrient analysis

A total of 57 types of feedstuffs, commonly used for ruminants, were randomly collected from farms, feed mills,
food processing plants, and agricultural fields across China. These feedstuffs were categorized into three groups,
with some consisting of two varieties, resulting in a total of 68 samples. Detailed information of the feedstuffs
has been provided in the supplementary table. Energy feeds primarily include grains, as well as certain bran and
residues with relatively high palatability and digestibility, all characterized by high energy density. Protein feeds
mainly consist of oilseeds, oilseed meals, and processing by-products with high protein content. Roughages,
with lower energy value, are mainly characterized by a high proportion of structural carbohydrates and include
hay, straw, and less digestible residues. According to the above classification criteria, there were 20 types of
energy feed, totaling 24 samples, including: barley (2), beet pulp, buckwheat, corn, corn husk, dried foxnut,
flaked corn, highland barley, millet, millet bran, oat, oat bran, rice, rice bran (2), rice bran meal, rye grain,
sorghum (2), soybean hulls, wheat, and wheat bran (2). For protein feed, there were 18 types totaling 22 samples
including: bean curd residue (2), brewer’s grains, cottonseed meal, DDGS (2), distiller’s grain, flax seed meal (2),
linseed cake, mulberry leaf, palm meal, paper mulberry leaf, peanut meal, rapeseed cake, rapeseed meal, sesame
cake, soy sauce residue, soybean meal, sunflower meal (2), and vinegar residue. For roughage feedstuffs, there
were 19 kinds totaling 22 samples including: alfalfa, apple pomace, Chinese wildrye, corncob, dried corn stalk
(2), highland barley stalk, oat grass (2), oat wheat straw, peanut seedling, peanut shell, pear pomace, ryegrass,
sorghum bran, sorghum stalk, soybean straw, straw, sugarcane bagasse, sweet potato seedling, and wheat straw
(2). The samples were dried in a 65 °C air oven for 48 h, followed by grinding through a 0.5-millimeter sieve,
for chemical analysis and in vitro rumen gas production. Dry matter (DM), ash, and starch were determined
following the AOAC*®. Nitrogen content was determined using the Dumas combustion method with nitrogen
analyzer (Rapid III, Elementar, Germany), and crude protein (CP) content was calculated as nitrogen content
times 6.25. Ether extract (EE) was determined by an automatic fat analyzer (XT15, ANKOM Technology, USA).
Neutral detergent fiber (NDF), acid detergent fiber (ADF), and acid detergent lignin (ADL) were determined
following the method of Van Soest et al.** with automatic fiber analyzer (A2000i, ANKOM Technology, USA).

Item Diet
Ingredient

Corn silage 29.10
Corn stalks 10.90
Corn 30.00
Jujube powder 8.60
Soybean meal 7.50
Palm kernel meal 7.50
Premix! 4.30
Sodium bicarbonate 1.10
Salt 1.10

Chemical composition of diet

TDN 64.31
CpP 11.90
EE 2.80
NDF 45.40
ADF 29.60
Calcium (Ca) 0.40
Total phosphorus (P) 0.30

Table 5. Composition of experimental diet offered to steers (dry matter basis, %). TDN: total digestible
nutrition; CP: crude protein; EE: ether extract; NDF: neutral detergent fiber; ADF: acid detergent fiber.
TDN(%) =0.98 x (100-NDF-CP-Ash + IADICP-EE) +0.93xCP +2.25x(EE-1) + 0.75x(NDF-ADL)x[1-(ADL/
NDF,)*%67]-7. Premix: Provides per kg: Vitamin A acetate 150,000 to 450,000 IU, Vitamin D3 40,000 to
120,000 IU, DL-a-tocopheryl acetate 400 mg, Copper 250 to 750 mg, Iron 1000 to 5000 mg, Manganese 1000
to 3000 mg, Zinc 1500 to 3700 mg, 10 to 25% Calcium, 0.D3% Total phosphorus, 15 to 30% Sodium chloride.
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Model | Equation t,.5 (h) o5 (/h)
EXPO |V = V(1 — exp(—k t)) n(2) K
EXPL |V =V f(1 — exp(—k * (t — lag))) lag + % k
GOM |V =V fexp(—exzp(l — ek(t — lag))) lag + % In(2)ek
_ v
LOG |V = 5 Grant=—Tag) lag + 55 2k
_ _Vi(d—exzp(=kt)) n(2+1 k(d4+0.5
LEO V= Tteap(in(L)—ke)) M %
vV = Vf(A—ezp(—k(t—lag))) in(2+1 k(d+0.5)
LEL Tteap(in(E)—k(t—lag)) lag + M a1
2
. d
MIT |V =V f(1—exp(—k(t — lag) — d(vi—+/lag))) (\/dz2+ (kiagtayiagsine) ) _2) kt s
4k k d
MM |V = K 3%

Table 6. Description of models considered in this study. EXPO: exponential without lag phase; EXPL:
exponential with lag phase; GOM: Gompertz; LOG: logistic; LEO: logistic-exponential without lag phase;
LEL: logistic-exponential with lag phase; MIT: Mitscherlich; MM: Michaelis-Menten. Vf: final asymptotic gas
production; k: fractional rate of gas production; ¢ and d: shape parameters; K: the time at Vf/2; lag: lag time;
t, s the time at Vf/2; y, .: fractional rate of gas production at Vf/2.

In vitro rumen gas production

In vitro rumen gas production was conducted following the method outlined by Menke et al.**. Accurately
weighing 0.200 g (DM) air-dried feedstuff sample, and placing at the bottom of a glass syringe. Evenly apply an
appropriate amount of Vaseline to the front one-third of the piston of the culture tube, then place the assembled
culture tube in a 39 °C incubator for preheating. All preparation work should be completed the day before the
formal experiment. In the morning of the experiment day, prior to feeding, the rumen contents and fluid were
uniformly collected from the steer. The samples were obtained from the ventral sac, dorsal sac, and atrium
of the rumen to ensure a representative mix. The collected samples were then thoroughly mixed to obtain a
homogenous solution for subsequent analyses. After filtering through four layers of cheesecloth, the mixed
rumen fluid was placed in a preheated thermos bottle at 39 °C. The rumen fluid was mixed with CO,-saturated
rumen buffer solution at a ratio of 1:2 to prepare rumen inoculum. Then, 30 mL of the inoculum was added to
the glass syringe using an automatic pipette and placed in a 39 °C water baths shaker with 60 revolutions per
minute. Each sample is prepared in triplicate, and three blank tubes without feed are set as controls. At 0, 2, 4,
6, 8, 12, 16, 20, 24, 30, 36, 48, 60 (and 72) hours of incubation, remove the culture tubes and quickly record the
piston scale reading (mL). Fermentation of energy and protein feeds for 60 h, and roughages for 72 h. If the
reading exceeds 75 mL at any time point, release the gas immediately after recording and note the scale value
after venting.

Models and curve-fitting
Table 6 presented 8 commonly used single-pool models describing in vitro rumen gas production kinetics. The
exponential model included two types: EXP0 (without lag phase) and EXPL (with lag phase), which were among
the most used models in in vitro rumen gas production. The Gompertz (GOM) and Logistic (LOG) models,
initially proposed in microbiology, were first applied to in vitro rumen gas production kinetics by Schofield et
al.ll. Wang et al.!® introduced the shape parameter d to the Logistic (LOG) model, developing a more flexible
Logistic-Exponential (LE) model. France et al.*incorporated the concept of degradation by surface erosion and
by complete invasion into mathematical formulas, resulting in the Mitscherlich (MIT) model. The Michaelis-
Menten (MM) model originated in enzymatic kinetics, and Groot et al.” were the first to apply it to describe in
vitro rumen gas production kinetics.

Table 6 provided the time (t, ) and fractional rate of gas production (i, ;) for each model at V =V{/2. Here,
the final asymptotic gas production was represented by Vf. The time t, . was calculated when V =Vf/2. The value
1,5 Was obtained by substituting t, . into the formula dV/dt/V.

Statistical analysis

In R version 4.3.2 (R Core Team, Vienna, Austria), each sample was fitted using the nonlinear least squares
method via the NLS function. The stats package was used to compute the Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) for the fits. Gas production attributes (Vf, t, , i, ;) for each category
feedstuff were compared across different models using repeated measures one-way ANOVA with Greenhouse-
Geisser correction. Bar charts were plotted using the ggplot2 package. The determination coefficient (R?) for
each feedstuff category was calculated separately, and comparisons were made using repeated measures one-way
ANOVA with Greenhouse-Geisser correction. R? was calculated as:

2 Z(yz - @)2
R=1-&=""-
S wi—)?
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Here, y; represents the actual value of the i -th observed data, ; represents the predicted value of the model for
the i-th observed data, i denotes the mean value of the observed data.

Using GraphPad Prism 9.5.0 (GraphPad Software, San Diego, CA, USA), linear regression was performed
on the observed gas production values (x-axis) versus the predicted values (y-axis) for each feedstuff category.
The intercepts and slopes of each model were evaluated, and fitted equations were plotted. Statistical analysis
was conducted to test the significance of the regression parameters, examining the hypotheses “slope=1" and
“intercept=0".

Error analysis refers to the systematic analysis and interpretation of the differences between model predictions
and actual observed values. The following methods were used to assess the errors of the model: Mean Absolute
Error (MAE), Root Mean Squared Error of Prediction (RMSEP), and Mean Squared Error of Prediction (MSEP).
MSEP is further decomposed into system bias (SB), regression bias (RB), and random error (RE)*>*6. The

calculation formulas were as follows:
~\ 2
SB = (Zyl - Zyz)
n n

1~m§;:(53—7~x5y)2
RE = (1-7")x 8,

3 (yi—z;fﬁx(y?—g;fi)
Sy XS~
Yy

r=

n

Where n represents the number of data points, S, denotes the variance of the observed data, and SZ represents
the variance of the model-predicted data.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author upon
reasonable request.

Received: 13 May 2024; Accepted: 11 February 2025
Published online: 24 February 2025

References

1. Da Silva Zornitta, C. et al. Kinetics of in Vitro Gas Production and Fitting Mathematical models of Corn Silage. Fermentation 7,
298 (2021).

2. Amanzougarene, Z. & Fondevila, M. Fitting of the in vitro gas production technique to the study of high concentrate diets. Animals
10, 1935 (2020).

3. Cone, J. W,, Rodrigues, M. A. M., Guedes, C. M. & Blok, M. C. Comparison of protein fermentation characteristics in rumen fluid
determined with the gas production technique and the nylon bag technique. Anim. Feed Sci. Tech. 153, 28 (2009).

4. Rose, D. J. et al. Pulse processing affects gas production by gut bacteria during in vitro fecal fermentation. Food Res. Int. 147,
110453 (2021).

5. Rubanza, C. D. K. et al. Content of phenolic, extractable and bound condensed tannins and their effect on in vitro gas production
from browse leaves. J. Anim. Feed SCI. 14, 193 (2005).

6. Wang, W. K. et al. Gossypol exhibited higher detrimental effect on ruminal fermentation characteristics of low-forage in
comparison with high-forage mixed feeds. Toxics 9 (2021).

7. Groot, J. C. ], Cone, . W,, Williams, B. A., Debersaques, F. M. A. & Lantinga, E. A. Multiphasic analysis of gas production kinetics
for in vitro fermentation of ruminant feeds. Anim. Feed Sci. TECH. 64, 77 (1996).

8. Orskov, E. R. & McDonald, I. The estimation of protein degradability in the rumen from incubation measurements weighted
according to rate of passage. J. Agricultural Sci. 92, 499 (1979).

9. Krishnamoorthy, U, Soller, H., Steingass, H. & Menke, K. H. A comparative study on rumen fermentation of energy supplements
in vitro. J. Anim. Physiol. 65, 28 (1991).

10. Mertens, D. R. & Loften, J. R. The effect of starch on forage Fiber digestion kinetics in Vitrol. J. Dairy. Sci. 63, 1437 (1980).

11. Schofield, P, Pitt, R. E. & Pell, A. N. Kinetics of fiber digestion from in vitro gas production. J. Anim. Sci. 72, 2980 (1994).

12. France, J., Dijkstra, J., Dhanoa, M. S., Lopez, S. & Bannink, A. Estimating the extent of degradation of ruminant feeds from a
description of their gas production profiles observed in vitro:derivation of models and other mathematical considerations. Brit J.
Nutr. 83, 143 (2000).

13. Wang, M., Tang, S. X. & Tan, Z. L. Modeling in vitro gas production kinetics: derivation of logistic—exponential (LE) equations and
comparison of models. Anim. Feed Sci. Tech. 165, 137 (2011).

14. France, J. et al. A model to interpret gas accumulation profiles associated with in vitro degradation of ruminant feeds. J. Theor. Biol.
163, 99 (1993).

15. Getachew, G., Robinson, P. H., DePeters, E. ]. & Taylor, S. J. Relationships between chemical composition, dry matter degradation
and in vitro gas production of several ruminant feeds. Anim. Feed Sci. TECH. 111, 57 (2004).

16. Cone, J. W. & van Gelder, A. H. Influence of protein fermentation on gas production profiles. Anim. Feed Sci. Tech. 76, 251 (1999).

17. Menke, K. H. & Steingass, H. Estimation of the energetic feed value obtained from chemical analysis and in vitro gas production
using rumen fluid. Anim. Res. Dev. (1988).

18. Beuvink, J. M. W. & Spoelstra, S. F Interactions between substrate, fermentation end-products, buffering systems and gas
production upon fermentation of different carbohydrates by mixed rumen microorganisms in vitro. Appl. Microbiol. Biot. 37, 505
(1992).

19. Dhanoa, M. S. et al. Estimating the extent of degradation of ruminant feeds from a description of their gas production profiles
observed in vitro: comparison of models. Brit J. Nutr. 83, 131 (2000).

Scientific Reports |

(2025) 15:6547 | https://doi.org/10.1038/s41598-025-90189-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.

30.

31.

32.

34.

35.

36.

37.

38.

39.
40.

41.
42.

43.
44.

45.

46.

Calabro, S. et al. Comparative analysis of gas production profiles obtained with buffalo and sheep ruminal fluid as the source of
inoculum. Anim. Feed Sci. Tech. 123-124, 51 (2005).

Wang, M., Sun, X. Z., Tang, S. X., Tan, Z. L. & Pacheco, D. Deriving fractional rate of degradation of logistic-exponential (LE)
model to evaluate early in vitro fermentation. Animal 7, 920 (2013).

Cabral, I. D. S. et al. Evaluation of models utilized in in vitro gas production from tropical feedstuffs. Semina: Ciéncias Agrdrias. 40,
443 (2019).

Esen, S. Optimizing ruminant nutrition: insights from a comprehensive analysis of silage composition and in vitro gas production
dynamics using nonlinear models. Biosystems 234, 105062 (2023).

Santos, A. L. P. D. et al. Proposals of non-linear models to adjust in vitro gas production at different incubation times in cassava
genotypes. Ciénc. Nat. 43, 22 (2021).

Mould, E. L. Predicting feed quality—chemical analysis and in vitro evaluation. Field Crop Res. 84, 31 (2003).

Getachew, G., Bliimmel, M., Makkar, H. P. S. & Becker, K. In vitro gas measuring techniques for assessment of nutritional quality
of feeds: a review. Anim. Feed Sci. Tech. 72, 261 (1998).

Kaitho, R. J. et al. Relationships between preference, rumen degradability, gas production and chemical composition of browses.
Agroforest Syst. 39, 129 (1997).

Huhtanen, P, Seppali, A., Ahvenjarvi, S. & Rinne, M. Prediction of in vivo neutral detergent fiber digestibility and digestion rate
of potentially digestible neutral detergent fiber: comparison of models. J. Anim. Sci. 86, 2657 (2008).

Farias, L. N., Vasconcelos, V. R., Carvalho, E E. R. & Sarmento, J. L. R. Avaliagdo dos modelos logistico bicompartimental e de
Gompertz na estimativa da dindmica de fermentagao ruminal in vitro do farelo e da torta de babagu (Orbignya martiana). Arg.
Bras. Med. Vet. Zootec. 63 (2011).

Cone, J. W, van Gelder, A. H. & Driehuis, F Description of gas production profiles with a three-phasic model. Anim. Feed Sci. Tech.
66, 31 (1997).

Gurgel, A. L. C. et al. Mathematical models to adjust the parameters of in vitro cumulative gas production of diets containing
preserved Gliricidia. Ciénc. Rural 51 (2021).

Tedeschi, L. O. Assessment of the adequacy of mathematical models. Agr Syst. 89, 225 (2006).

. Green, I. R. A. & Stephenson, D. Criteria for comparison of single event models. Hydrol. Sci. J. 31, 395 (1986).

Russell, J. B., Sniffen, C. J. & Van Soest, P. J. Effect of Carbohydrate limitation on degradation and utilization of casein by mixed
Rumen Bacteria. J. Dairy. Sci. 66, 763 (1983).

Mello, R., Magalhaes, A. L. R., Breda, F. C. & Regazzi, A. . Modelos para ajuste da produg¢do de gases em silagens de girassol e
milho. Pesquisa Agropecudria Bras. 43 (2008).

Azevedo, M. et al. Modelos matematicos para estimativa da cinética de fermentagdo ruminal do pseudofruto do cajueiro através
da técnica in vitro semi-automdtica de produgio de gases / mathematical models to estimate the cashew tree false fruit ruminal
fermentation kinetic through the semi-automatic in vitro gas production technique. Brazilian J. Dev. 6, 73534 (2020).

Allen, M. S. & Mertens, D. R. Evaluating constraints on Fiber digestion by Rumen Microbes. J. Nutr. 118, 261 (1988).

Hodson, T. O. Root-mean-square error (RMSE) or mean absolute error (MAE): when to use them or not. Geosci. Model. Dev. 15,
5481 (2022).

Traxler, M. J. et al. Predicting forage indigestible NDF from lignin concentration. J. Anim. Sci. 76, 1469 (1998).

Emiliano, P. C., Vivanco, M. J. E & de Menezes, E S. Information criteria: how do they behave in different models? Comput. Stat.
Data. 69, 141 (2014).

Kuha, J. AIC and BIC. Sociol. Method Res. 33, 188 (2004).

National Academies Of Sciences, E. A. M. Nutrient Requirements of Beef Cattle. 8th revised ed. (The National Academies Press,
2016).

AOAC, A. O. O. A. Official Methods of Analysis of AOAC International. 18th ed. (Association of Official Analytical Chemists, 2006).
Van Soest, P. V., Robertson, J. B. & Lewis, B. A. Methods for dietary fiber, neutral detergent fiber, and nonstarch polysaccharides in
relation to animal nutrition. J. Dairy. Sci. 3583 (1991).

Menke, K. The estimation of the digestibility and metabolizable energy content of ruminant feed stuffs from the gas production
when they are incubated with rumen liquor in vitro. J. Agricult. Sci. (Cambridge). 93, 217 (1979).

Kohn, R. A., Kalscheur, K. F. & Hanigan, M. Evaluation of models for balancing the protein requirements of dairy cows. J. Dairy.
Sci. 81, 3402 (1998).

Acknowledgements
We are grateful to the staff of Beef Cattle Research Center for their help with sampling and laboratory analyses.

Study Funding.
This work was supported by the National Key R&D Program of China (2022YFA1304204) and the Govern-

ment Purchase Service (16200158, 16190050).

Author contributions

JW designed the study, analyzed the data, and wrote the manuscript. ZZ and YC performed the experiments and
sample analyses.BY, SL, LR, NL, XZ and WL conducted the trial. XY, ZD and SY assisted with the manuscript
preparation. ZZ, HW and QM revised the manuscript and provided experimental guidance. All authors read
and approved the final manuscript.

Declarations

Competing interests
The authors declare no competing interests.

Ethical approval

All

animal procedures used in this study were approved by the Animal Care and Use Committee of China

Agricultural University (Approval No. AW81404202-1-9).

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-025-90189-8.

Correspondence and requests for materials should be addressed to Z.Z.

Scientific Reports |

(2025) 15:6547

| https://doi.org/10.1038/s41598-025-90189-8 nature portfolio


https://doi.org/10.1038/s41598-025-90189-8
https://doi.org/10.1038/s41598-025-90189-8
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Reprints and permissions information is available at www.nature.com/reprints.

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

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:6547 | https://doi.org/10.1038/541598-025-90189-8 nature portfolio


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿Evaluation of different mathematical models on fitting the in vitro gas production parameters in beef cattle
	﻿Results
	﻿Feedstuffs and in vitro rumen gas production profile
	﻿Fitting of the gas production profiles
	﻿Model comparison

	﻿Discussion
	﻿Conclusions
	﻿Materials and methods
	﻿Animals and diets
	﻿Feed samples preparation and nutrient analysis
	﻿In vitro rumen gas production
	﻿Models and curve-fitting
	﻿Statistical analysis

	﻿References


