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Introduction ) ) ,
(DM) intake, metabolizable energy, organic matter (OM)

Over the past decades, the researcher has increasingly  digestibility (Menke and Steingass, 1988) and short-chain
turned its attention to gas production (GP) techniques as  fatty acid production (Getachew et al., 1998).

a promising alternative to conventional in situ and in vitro A substantial body of research has established strong
methods for assessing the nutritional quality of feedstuffs. associations between total gas production and key metrics
This innovative approach offers several distinct benefits such as feed intake (Hetta et al., 2007), digestible DM, and
compared to traditional methodologies (Getachew et al., animal growth (Blummel and @rskov, 2003). Furthermore,

1998). Moreover, GP data can be leveraged to derive significant relationships have been identified between GP
estimates for critical parameters, including dry matter kinetics (parameters b and k) and feed intake or DM
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digestibility (Rodrigues et al., 2002; Kamalak et al.,
2005).

Investigations have also revealed notable
correlations between GP kinetics and chemical fractions
in specific feed types, including oats and pasture
grasses (Kafilzadeh and Heidary 2013; Kulivand and
Kafilzadeh, 2015; Marcos et al., 2019). Efforts have been
directed toward developing GP prediction equations
using forage chemical fractions (Marcos et al., 2019),
where linear models were constructed to estimate GP
rate and fermented OM based on these fractions.

Artificial neural networks (ANNs) are sophisticated
computational frameworks designed to emulate the
functionality of biological neural systems. Unlike
traditional regression methods, ANNs are highly
effective in processing both linear and nonlinear data
(Haykin, 1998).

In recent years, the application of ANNs in ruminant
research has gained significant interest, particularly in
cases where the relationships between input and output
variables are complex or not well-defined (Ganesan,
2014; Adebayo et al., 2020). For example, ANNs have
been successfully utilized to predict the molar fraction of
rumen volatile fatty acids (VFA) using milk fatty acid
profiles (Craninx et al., 2008) and rumen passage rates
(Moyo et al., 2017). Notably, ANNs have demonstrated
greater precision than multiple linear regression in
predicting VFA production during GP tests, using
carbohydrate fractions as independent variables (Dong
and Zhao, 2013). Despite these advancements,
research on ANN modeling of feed GP remains limited.
Therefore, this study seeks to explore the potential of
ANN and MLR in predicting GP kinetics based on the
chemical composition of agricultural by-products.

Material and methods
Datasets

Two datasets were utilized in the study. In the context of
the first dataset (comprising literature-derived data from
previous studies), a systematic literature search was
conducted to identify relevant publications on the
application of artificial neural networks and regression
models for predicting in vitro gas production and
digestibility parameters in ruminant nutrition. The search
was performed in three major databases: Scopus, Web
of Science, and PubMed, using the following key search
terms and Boolean operators: (“gas production” OR “in
vitro gas” OR “rumen fermentation” OR “feed
digestibility” OR “asymptotic gas production”) AND
(“ruminant®” OR “cattle” OR “sheep” OR “goat” OR “by-
product™). No date restrictions were applied, and only
peer-reviewed articles published in English were
included. The initial search yielded approximately 150
records. After removing duplicates and screening titles
and abstracts for relevance (i.e., (including organic
matter: OM, crude protein: CP, neutral detergent fiber:
NDF, acid detergent fiber: ADF, and hemicellulose:
HemCel) and asymptotic gas production (b) of the
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feedstuffs/by-products), 64 papers were selected for
detailed review and inclusion in the first dataset.
Subsequently, experiments that conducted gas
production tests using bovine rumen fluid instead of
sheep rumen fluid were excluded from the database, as
were those that did not utilize the Menk and Steingass
(1988) method for gas production testing. This rigorous
selection  process ensured consistency and
comparability of the data used for model development.
After excluding 48 of the 64 papers, a baseline dataset
was constructed, comprising 16 articles with 42
observations (Table 1). The dataset utilized the mean
values reported in the original studies for chemical
composition and gas production. All chemical
composition parameters were converted to percentages
and expressed on a dry matter (DM) basis (% of DM).
Similarly, asymptotic gas production was measured and
reported in mL/200 mg dry matter to ensure consistency
and harmonization of the data across the literature-
derived and experimental datasets.

The second dataset (dataset 2) consisted of original
in vitro gas production data generated in the laboratory
using the Menke and Steingass (1988) method with
sheep rumen fluid. This dataset comprised 34 distinct
batches representing five main types of agricultural by-
products, such as by-products included soybean hulls
(SBH), soybean mill run (SBMR), cottonseed hulls
(CSH), sunflower hulls (SFH), and sugar beet pulp
(SBP), with multiple batches per type to account for
natural variation in chemical composition and
fermentation characteristics. The chemical composition
parameters determined for each batch was analyzed in
duplicate for CP, OM, and ether extract (EE) following
the AOAC guidelines (AOAC, 1990). The determination
of NDF and ADF was conducted in accordance with the
methodology outlined by Van Soest et al. (1991).
Hemicellulose content was calculated by subtracting
ADF from NDF.

Rumen fluid was obtained from three cannulated
sheep and filtered through four layers of cheesecloth.
Gas production (GP) was measured at intervals of 2, 4,
6, 8, 12, 24, 48, 72, and 96 hours. A series of blank
samples were included to ensure accuracy, and the gas
produced from each treatment was calculated by
subtracting the gas output of the control blank from the
gas produced in each treatment (Menke and Steingass,
1988).

Statistical analysis and models

The volume of gas production (GP, mL/200 mg DM) was
fitted to the model using the NLIN procedure of SAS
(2011): G=bx(1-e™), where G, b, and k represent the
volume of GP at time t, the asymptotic GP (mL per 200
mg DM), and the rate of GP (h™!) from the slowly
fermentable feed fraction b, respectively.

Multivariate hierarchical cluster analysis was
performed on the pooled datasets (datasets 1 and 2)
using the Ward's method with SAS statistical software
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(Garcia-Rodriguez et al., 2019) to group the feedstuff
based on chemical composition and asymptotic GP (b).
The resulting graph illustrates the distances between
clusters.

The PROC CORR statementin SAS (2011) was used
to display Pearson linear correlation coefficients

Table 1. Summary of the training datasets

between the variables examined in the pooled dataset.
The PROC REG statement in SAS (2011) was used to
predict the asymptotic GP (b). Stepwise multiple
regression was conducted by including the most
significant datasets in the model, with the significance
level set at P<0.01.

Feedstuffs/by-products 1D OM CP NDF ADF HemCel AGP References

Linseed straw OB1 74.05 3.61 8458 71.14 13.44 14.98 Sallam et al., 2007

Date stone OoB2 88.23 7.27 6135 4421 17.14 46.69 Sallam et al., 2007
Sugarcane bagasse OB3 97.9 129 77.00 47.60 29.40 39.46 Sallam et al., 2007
Dussa OB4 9361 217 6859 46.92 21.67 41.33 Sallam et al., 2007
Cowpea pod OB5 9236 1225 71.44 52.35 19.09 34.33 Akinfemi et al., 2012
Maize offal OB6 9247 254 69.68 51.74 17.94 37.00 Akinfemi et al., 2012
Vigna sinensis hay OB7 88.2 1440 60.80 45.10 15.70 42.10 Aderao et al., 2018
Acacia nilotica (leaves) OB8 87.6 1450 69.50 46.80 22.70 40.90 Aderao et al., 2018
Ziziphus nummularia Aderao et al.. 2018
(leaves) OB9 874 14.00 65.70 47.30 18.40 37.90 '

Wheat straw OB10 87.56 5.07 73.48 45.93 27.55 41.30 He et al., 2015
Juniperus communis OB11 94.33 5.62 56.98 34.22 22.76 51.92 Kamalak et al., 2004
Dillenia spp. OB12 90.14 9.59 53.33 41.70 11.63 42.03 Giridhar, 2018

Corn straw OB13 92.97 4.59 79.26 46.54 32.72 45.16 He et al., 2015
Pomegranate seed OB14 88.80 11.20 64.00 46.00 18.00 48.59 Delavar et al., 2014

Corn cob OoB15 87.70 3.00 66.50 48.80 17.70 64.60 Chanthakhoun and Wanapat, 2013
Fresh pangola OB16 89.30 8.14 62.60 36.00 26.60 54.00 Tikam et al., 2015
Pangola hay OB17 9150 8.05 63.50 36.90 26.60 50.80 Tikam et al., 2015
Pangola silage OB18 86.70 824 61.30 34.60 26.70 57.30 Tikam et al., 2015
ﬁg;\f*e‘j)’ umofficinarum  5p19 9480 230 69.80 48.20  21.60  27.80 Elghandour et al., 2013
ﬁg;‘\;g;’)"g"“ gayanus OB20 88.10 4.40 57.90 41.00  16.90 46.60 Elghandour et al., 2013
Napier grass OB21 89.60 7.60 59.60 33.10 26.50 47.30 Tikam et al., 2015
Sorghum straw OB22 93.00 4.30 61.40 38.60 22.80 49.00 Elghandour et al., 2013
Gundelia tournefortii OB23 68.30 5.24 62.54 48.07 14.47 51.57 Kulivand and Kafilzadeh, 2008
Finger millet straw 0OB24 92.68 3.04 65.05 38.54 26.51 53.06 Kiran and Krishnamoorthy, 2007
Barley straw OB25 92.56 4.22 72.73 53.23 19.50 43.79 Rodrigues et al., 2002
Rice straw OB26 87.34 456 71.45 44.65 26.80 46.74 He et al., 2015
Berseem hay OB27 88.80 15.32 5490 38.31 16.59 50.92 Sallam et al., 2007
Descurania Sophia OB28 81.80 11.95 49,52 39.06 10.46 44 .58 Kulivand and Kafilzadeh, 2008
Chick pea OB29 91.6 11.70 52.00 34.80 17.20 60.90 Karabulut et al., 2007
Tifton hay OB30 93.34 481 77.79 41.76 36.03 45.10 Baffa et al., 2003
Pineapple silage OB31 93.74 8.90 59.51 38.10 21.41 24.59 Baffa et al., 2003
Lemon pulp OB32 9454 9.54 16.69 15.13 1.56 43.60 Lashkari and Taghizadeh, 2015
Grapefruit pulp OB33 94.13 9.14 16.66 13.09 3.57 44.39 Lashkari and Taghizadeh, 2015
Lime pulp OB34 91.88 8.16 17.49 14.53 2.96 44.04 Lashkari and Taghizadeh, 2015
Orange pulp OB35 94.49 8.5 14.74 11.95 2.79 40.96 Lashkari and Taghizadeh, 2015
Taraxacum officinale OB36 92.71 24.64 40.84 26.17 14.67 28.20 Kiran and Krishnamoorthy, 2007
Cottonseed meal OB37 93.11 43.15 27.34 16.20 11.14 48.20 Kiran and Krishnamoorthy, 2007
Groundnut meal OB38 94.10 39.09 29.87 10.92 18.95 51.20 Kiran and Krishnamoorthy, 2007
Rapeseed meal OB39 9180 37.72 27.46 15.05 12.41 48.20 Kiran and Krishnamoorthy, 2007
Sesame cake OB40 87.96 2955 3261 17.84 14.77 45.60 Kiran and Krishnamoorthy, 2007
Soybean meal OB41 9242 4752 22.67 11.05 11.62 59.20 Kiran and Krishnamoorthy, 2007
Sunflower meal OB42 94.77 2793 4891 29.78 19.13 35.90 Kiran and Krishnamoorthy, 2007

OM: organic matter, CP: crude protein, EE: ether extract, NDF: neutral detergent fiber, ADF: acid detergent fiber, HemCell: Hemi-

cellulose. AGP: Asymptotic gas production.

All chemical composition data are presented as percentages of dry matter (% DM). AGP values are expressed as mL/200 mg DM.

The artificial neural network (ANN) modeling process
was executed using RapidMiner software (version
9.3.001) with the Deep Learning operator. Deep learning
was based on a multi-layer feed-forward ANN trained
with stochastic gradient descent using back-
propagation. The deep network used in the current study
consisted of three layers of nodes: the input layer (with
nodes corresponding to the selected chemical
composition parameters), a single hidden layer
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containing 13 neurons, and an output layer with one
node representing the predicted asymptotic gas
production (b, mL/200 mg DM). The Maxout activation
function was applied to each neuron within the hidden
layer. Training parameters included a maximum of 600
epochs, with adaptive learning rate enabled and a rho
value of 0.99. Early stopping was activated to prevent
overfitting (training halted if no improvement was
observed in validation performance over consecutive
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epochs). The dataset was divided into 75% for training
and 25% for testing/validation. The Performance
operator was used to statistically evaluate the model's
performance, providing RMSE and R? values.

Results and discussions
Chemical composition of agricultural by-products

The chemical composition of selected feedstuffs is
presented in Table 2. The crude protein (CP) content
varied among the by-products, with soybean mill run

(SBMR) exhibiting the highest values (20.49% of DM),
likely due to its relatively high proportion of seed kernel.
The chemical composition of soybean hulls (SH) and
SBMR was within the range reported by Ipharraguerre
and Clark (2003). Higher levels of neutral detergent fiber
(NDF) were noted for ground peanut hulls (GPH),
sunflower hulls (SFH), and cottonseed hulls (CSH), while
lower levels were recorded for SBMR and sugar beet
pulp (SBP). A similar pattern was observed for acid
detergent fiber (ADF).

Table 2. Chemical composition (mean+SD, % of DM) of the agricultural by-
product batches used in the second dataset

oM CP NDF ADF HemCel
SBH 99.50+0.05 9.36+0.10 69.45+0.35  51.35+0.35  18.30+0.00
SBMR 93.80+0.20 20.49+0.54  49.65+0.15  39.05+0.25  10.06+0.40
CSH 79.05£1.75 5.50+0.53 84.10+0.50  69.02+0.50  11.90+0.00
SFH 79.95+5.75 3.51+0.01 88.15+0.05 68.50+0.90  19.65+0.85
SBP 98.50+0.20 9.96+0.08 48.65+0.05  25.95+0.75  22.70+0.99
GPH 95.90+0.28 4.79+0.08 89.15+0.50  76.75+0.50  12.40+0.99

SD: standard deviation, OM: organic matter, CP: crude protein, EE: ether extract, NDF:
neutral detergent fiber, ADF: acid detergent fiber, HemCell: hemi-cellulose. SBH:
soybean hull, SBMR: soybean mill run, CSH: cottonseed hull, SFH: sunflower hull,
SBP: sugar beet pulp, GPH: ground peanut hull.

Gas production assay

The gas production (GP) trend of the agricultural by-
products (dataset 2) is illustrated in Figure 1. The
agricultural by-products exhibited different behaviors
regarding the rate at which they produced gas. Table 3
presents the total gas produced by the incubation of
selected agricultural by-products at various time points
and the corresponding GP kinetics (b and k). In the
present study, selected agricultural by-products
demonstrated a wide range of gas production, from
26.10 to 107.29 mL after incubation for 96 hours.
Soybean hulls and SBMR recorded the highest values of
gas production at 96 hours, while GPH, SFH, and CSH
showed lower gas production. Similar trends were
observed for incubation at 24 and 72 hours.

140

@ SBH @ SBMR @ SBP @ SFH @ CSH @ GPH

120

100

80

Produced gas (ml)

Incubation time (h)

Figure 1. Evolution of gas production from several agricultural
by-products

SBH: soybean hulls, SBMR: soybean meal residue, CSH: cottonseed
hulls, SFH: sunflower hulls, SBP: sugar beet pulp, GPH: ground peanut
hulls

Table 3. Gas volume and gas production kinetics (mean+SD) for selected agricultural by-products

Agricultural by-products

SBH SBMR CSH SFH SBP GPH

Gas volume (mL/200 mg DM)

24 h 85.21+12.63 79.75+7.86 22.50+2.65 22.06+2.16 86.93+10.27 17.75+5.74

72h 105.29+15.45  100.85+6.06 52.10+3.63 32.50+3.78 105.63+11.03 24.58+6.86

96 h 107.29+15.42  102.90+5.66 57.5+6.15 33.6+3.59 108.25+11.00 26.1+6.89
Gas production kinetics (96 h)

AGP (mL) 107.01+£18.80 102.38+5.85 76.30+15.20 33.40+4.41 104.41+£11.22 25.01+6.07

k (% h?) 0.069+0.020 0.063+0.010  0.017+0.005  0.047+0.005 0.092+0.010 0.060+0.020

SBH: soybean hull, SBMR: soybean mill run, CSH: cottonseed hull, SFH: sunflower hull, BP: pistachio by-product,

SBP: sugar beet pulp, GPH: ground peanut hull.

Cluster analysis

The results of the cluster analysis on the pooled datasets
(1 & 2) are presented in Figure 2. The samples were
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grouped into two clusters (A & B); the degree of similarity
among the by-products within each group being greater
than 80% and 90% for clusters A and B, respectively.
Group A included samples OB1-31; and SBH, SBMR,
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CSH, SFH, SBP, and GPH (dataset 2). Cluster B
grouped samples OB32-44. Cluster A was distinguished
from Group B with a similarity of 55%. Group B included

lemon pulp, grapefruit pulp, lime pulp, orange pulp,
dandelion (Taraxacum officinale), cottonseed meal,
peanut meal, rapeseed meal, sesame cake, soybean

meal, sunflower meal, and chickpea.

@

Cluster A Cluster B

_______________________________________________________________________
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Figure 2. Plot of multivariate cluster analysis demonstrating groupings of various feedstuffs
and by-Products according to similarities in their chemical composition and asymptotic gas

production (b)

In this study, cluster analysis was employed to group
similar agricultural by-products into distinct clusters. It
has been demonstrated that cluster analysis can
effectively classify agricultural by-products based on
their ~chemical composition and fermentation
characteristics (Haddi et al., 2003). Cluster B consisted
of feeds with low cell wall content or, in the case of
meals, high protein content. Group A included dataset 2
and the remaining by-products from dataset 1. Bizzuti et
al. (2023) classified agricultural by-products into a clear
cluster with three distinct groups based on chemical
composition, in vitro gas production, organic matter
degradability, and ruminal fermentation kinetics.

Table 4 presents the correlation coefficients between
chemical composition and produced gas potential (b) in
cluster A. Negative correlations (P<0.01) were observed
between asymptotic gas production (b) and NDF and
ADF. The negative correlation between AGP and cell
wall components (NDF and ADF; -0.47 and -0.41,
respectively) in this study is consistent with previous
research (Blummel and @rskov, 1993; Haddi et al,
2003). Kafilzadeh and Heidary (2013) examined 18
different oat cultivars and found a significant negative
correlation between NDF (r=0.48) and ADF (r=0.83) with
AGP or gas production rate. Although lignin was not
examined in this study, much of the adverse effect of cell
wall components on gas production may be attributed to
the presence of lignin in NDF and ADF. Lignin forms a
physical barrier that reduces the access of rumen
microbes to fermentable cell wall components. Studies
have shown a strong and negative correlation between
GP kinetics and ADL content of agricultural co-products
(Chen et al., 2008, Moyo et al., 2017).
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Table 4. Correlation of chemical composition with AGP

AGP
Organic matter 0.32*
Crude protein 0.37*
Neutral detergent fiber -0.47**
Acid detergent fiber -0.41**
Hemicellulose -0.04

* P<0.05, *P<0.01

It has been reported that cumulative in vitro gas
production after 12-48 hours of fall-oat diets was
negatively correlated with NDF, hemicellulose, lignin,
and ash (Nherera et al., 1999). These findings are further
supported by the data from the present study, which
indicated that by-products with the highest levels of cell
wall content exhibited the lowest gas production (see
Tables 2 and 3).

There were positive correlations (P<0.05) between
organic matter (OM) and crude protein (CP) of
agricultural by-products and asymptotic gas production
(b). Similarly, the results of Kulivand and Kafilzadeh
(2015) reported a positive correlation between the CP
content of pasture grasses with asymptotic GP and the
rate of GP after 96 hours of incubation. Additionally,
Nherera et al. (1999) observed a positive and significant
correlation between the nitrogen content of some diets
and GP kinetics (b and k) after 96 hours of incubation. It
has been reported that the minimum CP concentration to
support microbial activity is 7% of DM (Hariadi and
Santoso, 2010). Interestingly, in the present study, co-
products with CP content below this level (i.e., CSH,
SFH, and GPH) had the lowest cumulative GP.

Model development
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The multiple linear regression (MLR) and artificial neural summarized in Table 5. Asymptotic gas production
network (ANN) models utilized data from Cluster A only, (AGP) was explained by multiple regression equations
with four input variables-OM, CP, NDF, and ADF- using organic matter (OM), crude protein (CP), and
selected based on their significant correlations with neutral detergent fiber (NDF) as independent variables
asymptotic gas production. This ensured that the models (r>=0.24). The r? and root mean square error (RMSE) for
focused on the most influential chemical components. predicting b, using ANN, were 0.78 and 5.39,

The multiple linear regression (MLR) model for respectively. In comparison the results of the ANN w!th
asymptotic gas production (AGP) and the statistical those of the MLR model, the ANN performed better with
parameters for the ANN and MLR models are lower RMSE and higher r2.

Table 5. Statistical analysis and details of ANN and MLR models for asymptotic gas

production
MLR ANN
Model b=26.06+(0.62xOM)+(0.78xCP)—(0.57xNDF) -
Root mean squared error 18.36 5.39
R2 0.24 0.78
When the number of nodes in the hidden layer was hidden layers was set to one, as a single hidden layer
set to 13 and b was treated as a single output variable in ANN can approximate any function given a sufficient
the model, a lower root mean square error (RMSE) and number of neurons.
higher r2 for predicting b were observed. The regression relationship between the observed
Dong and Zhao (2013) concluded that the number of and predicted outputs is shown in Figure 3. The ANN
neurons in the hidden layer significantly influenced the model exhibited markedly superior performance, with an
performance of artificial neural network (ANN) models R2 of 0.783 compared to 0.235 for the MLR model, as
for predicting ruminal volatile fatty acid (VFA) production. illustrated by the tighter clustering of data points around
In the current study, the number of neurons was the line of equality. Similarly, Fadare and Babayemi
determined through trial and error, and the model with (2007) used the chemical composition of browse forage
the lowest RMSE and highest r2 was selected as the as inputs in an ANN trained with the Levenberg-
optimal model. Fadare and Babayemi (2007) reported a Marquardt algorithm (one hidden layer and eight inputs)
higher R value with a lower standard deviation in neural to predict in vitro gas production (GP) at 24 hours. They
network models with one hidden layer compared to reported a high r2 value between the observed and
those with two. In the present study, the number of predicted data.
70 - 80 1 = x+37.
1A rromene o] B TR .
%ﬂ N . '.. %D 60 - e 20T i
; a0 ::}:3 g 501 O.::i*:‘ .........
% | o &% a0 . qD’.
2 30 4 ﬁ 10 4 *
B i . hd
% 20 1 o § 20
& 10 = 10 -
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Observed b, ml/200 mgDM Observed b, ml/200 mgDM

Figure 3. Predicted vs. observed asymptotic gas production (AGP) after 96 h for ANN (A) and MLR (B) models

The MLR modeling is a useful tool for identifying the a linear relationship between dependent and
linear relationships between different parameters. independent variables. However, in many cases, the
Nherera et al. (1999) found a stronger correlation data are complex and not linear (Dongand Zhao, 2013).
between dietary NDF and nitrogen with in vitro AGP at This is why the ANN models often outperform the MLR
24 h compared to 96 h. By employing simple and multiple models, as observed in this study.
linear equations to predict in vitro AGP based on dietary It has been reported that CNCPS carbohydrate
chemical composition, they reported a higher R for fractions can effectively be used as inputs to predict in
predicting gas at 24 h than at 96 h (0.90 and 0.80, vitro rumen gas production (GP) using MLR, as well as
respectively).  Similarly, Marcos et al. (2019) to estimate acetate, propionate, butyrate, and total VFA
demonstrated that carbohydrates (sugars and NDF) production through both MLR and ANN approaches
could be used to predict in vitro ruminal GP and OM (Dongand Zhao, 2013). In this study, the ANN models
fermentation of olive cake. The MLR modeling assumes demonstrated superior performance compared to the
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MLR models. The enhanced performance of ANN
models over MLR has also been documented in
estimating milk production (Sanzogni and Kerr, 2001),
goat body weight gain (Chen et al., 2008), and nutrient
content of dairy manure (Njubi et al., 2010).

Conclusion

The findings of this study demonstrated that the
chemical composition of agricultural by-products can be
effectively used to predict the in vitro asymptotic gas
production (AGP), particularly when employing non-
linear modeling approaches. The artificial neural network
(ANN) model substantially outperformed the multiple
linear regression (MLR) models. The poor performance
of the MLR model highlights the complex and
predominantly non-linear nature of the relationships
between selected chemical components (organic matter,
crude protein, neutral detergent fiber, and acid detergent
fiber) and asymptotic gas production. In contrast, the
ANN's ability to capture these non-linear interactions
resulted in significantly more accurate predictions.
These results underscore the superiority of deep
learning approaches over traditional linear methods for
modeling rumen fermentation parameters from
agricultural by-products. Further research is warranted
to enhance the prediction accuracy, validate the model
on a broader range of feedstuffs, and expand the dataset
by incorporating the species-specific inoculum sources
or developing multi-species models with species as an
additional input feature.

Conflict of interest

The author declares no conflicts of interest.
Acknowledgement

We thank those who helped us collect the data.
References

Adebayo, R.A., Moyo, M., Gueguim Kana, E.B., Nsahlai,
I.V., 2020. The use of artificial neural networks for
modelling rumen fill. Canadian Journal of Animal
Science 101, 427-437.

Aderao, G.N., Sahoo, A., Bhatt, R.S., Kumawat, P.K,
Soni, L., 2018. In vitro rumen fermentation kinetics,
metabolite production, methane and substrate
degradability of polyphenol rich plant leaves and their
component complete feed blocks. Animal Feed
Science and Technology 60, 26; 10.1186/s40781-018-
0184-6.

Akinfemi, A., Adua, M.M., Adu, O.A., 2012. Evaluation of
nutritive values of tropical feed sources and by-
products using in vitro gas production technique in

ruminant animals. Emirates Journal of Food and
Agriculture 24, 348-353.

21

AOAC, 1990. Official methods of analysis. 15" ed.
Association of Official Analytical Chemists, Arlington,
USA.

Baffa, D.F., Oliveira, T.S., Fernandes, A.M., Camilo,
M.G., Silva, I.N., Meirelles Janior, J.R., Aniceto, E.S.,
2023. Evaluation of associative effects of in vitro gas
production and fermentation profile caused by variation
in ruminant diet constituents. Methane 2, 344-360.

Beatriz E.B, Pérez-Méarquez, S., Scarpino van Cleef,

F.O., Silva Ovani, V., Costa, W.S., Lima, P.M.T.,
Louvandini, H., Abdalla, A.L., 2023. In vitro
degradability and methane production from by-
Products fed to ruminants. Agronomy 13, 1043;
10.3390/ agronomy13041043.

Blummel, M., @rskov, E.R., 1993. Comparison of in vitro
gas production and nylon bag degradability of
roughages in predicting feed intake in cattle. Animal
Feed Science and Technology 40, 109-119.

Chanthakhoun, V., Wanapat, M., 2012. The in vitro gas
production and ruminal fermentation of various feeds
using rumen liquor from swamp buffalo and
cattle. Asian Journal of Animal and Veterinary
Advances 7, 54-60.

Chen, L.J., Cui, L.Y., Xing, L., Han, L.J., 2008. Prediction
of the nutrient content in dairy manure using artificial
neural network modeling. Journal of Dairy Science 91,
4822-4829.

Coblentz, W.K., Nellis, S.E., Hoffman, P. C., Hall,
M.B., Weimer, P.J. Esser, N.M., Bertram, M.G., 2013.
Unique interrelationships between fiber composition,
water-soluble carbohydrates, and in vitro gas
production for fall-grown oat forages. Journal of Dairy
Science 96, 7195-7209.

Craninx, M., Fievez, Vlaeminck, V.B., De Baets, B.,
2008. Artificial neural network models of the rumen
fermentation pattern in dairy cattle. Computers and
Electronics in Agriculture 60, 226-238.

Delavar, M.H., Tahmasbi, A.M., Danesh-Mesgaran, M.,
Valizadeh, R., 2014. In vitro rumen fermentation and
gas production: influence of different by-product
feedstuffs. Annual Research & Review in Biology 4,
1121-1128.

Dong, R.L., Zhao, G.Y., 2013. Relationship between the
methane production and the CNCPS carbohydrate
fractions of rations with various concentrate/roughage
ratios evaluated using in vitro incubation technique.
Asian-Australasian Journal of Animal Sciences 26,
1708-1716.

Elghandour, M.M.Y., Salem, A.ZM., Gonzalez-
Ronquillo, M., Bérquez, J.L., Gado, H.M., Odongo,
N.E., Pefiuelas, C.G., 2013. Effects of exogenous
enzymes on in vitro gas production kinetics and
ruminal fermentation of four fibrous feeds. Animal Feed
Science and Technology 179, 46-53.


file:///H:/my%20paper/modelling/JAST/J.%20Dairy%20Sci

Ghasemi et al.

Fadare, D.A., Babayemi, O.J., 2007. Modelling the
association between in vitro gas production and
chemical composition of some lesser known tropical
browse forages using artificial neural network. African
Journal of Biotechnology 6, 2184-2192.

Ganesan, R., Dhanavanthan, P., Kiruthika, C.,
Kumarasamy, P., Balasubramanyam, D., 2014.
Comparative study of linear mixed-effects and artificial
neural network models for longitudinal unbalanced
growth data of madras red sheep. Veterinary World 7,
52-58.

Garcia-Rodriguez, J., Ranilla, M.J., France, J., Alaiz-
Moretoén, H., Carro, M.D., Lopez, S., 2019. Chemical
composition, In Vitro digestibilty and rumen
fermentation kinetics of agro-industrial by-products.
Animals 9, 861; 10.3390/ani9110861.

Getachew, G., Blummel, M., Makkar, H.P.S., Becker, K.,
1998. In vitro gas measuring techniques for
assessment of nutritional quality of feeds: a review.
Animal Feed Science Technology 72, 261-281.

Giridhar, K.S., 2018. Nutritional potentialities of some
tree leaves based on polyphenols and rumen in vitro
gas production. Veterinary World 23, 1479-1485.

Haddi, M.L., Filacorda, S., Meniai, K. Rollin, F., Susmel,
P., 2023. In vitro fermentation kinetics of some
halophyte shrubs sampled at three stages of maturity.
Animal Feed Science and Technology 104, 215-225.

Hariadi, B.T., Santoso, B., 2010. Evaluation of tropical
plants containing tannin on in vitro methanogenesis
and fermentation parameters using rumen fluid. The
Journal of the Science of Food and Agriculture 90, 456-
461.

Haykin, S., 1998. Neural Networks: A Comprehensive
Foundation. Macmillan.

He, LW., Meng, Q.X., Li, D.Y., Wang, F., Ren, L.P.,
2015. Effect of steam explosion onin vitro gas
production kinetics and rumen fermentation profiles of
three common straws. Italian Journal of Animal
Science 14, 4076; 10.4081/ijas.2015

He, Y., Mouthier, T.M.B., Kabel, M. A, Dijkstra, J.,
Hendriks, W.H., Struik, P. C. and Cone, J.W., 2018.
Lignin composition is more important than content for
maize stem cell wall degradation. Journal of the
Science of Food and Agriculture 98, 384-390.

Hetta, M., Cone, J.W., Bernes, G., Gustavsson, A-M.,
Martinsson, K., 2007. Voluntary intake of silages in
dairy cows depending on chemical composition and in
vitro gas production characteristics. Livestock Science
106, 47-56.

Ipharraguerre, I.R., Clark, J.H., 2003. Soyhulls as an
alternative feed for lactating dairy cows: A Review.
Journal of Dairy Science 86, 1052-1073.

Kafilzadeh, F., Heidary N., 2013. Chemical composition,
in vitro digestibility and kinetics of fermentation of
whole-crop forage from 18 different varieties of oat

22

(Avena sativa L.). Journal of Applied Animal Research
41,1, 61-68.

Kamalak, A., Canbolat, O., Gurbuz, Y., Ozay, O., Ozkan,
C.0O., Sakarya, M., 2004. Chemical composition and in
vitro gas production characteristics of several tannin
containing tree leaves. Livestock Research for Rural
Development 16 (6).

Kamalak, A., Canbolat, O., Gurbuz, Y., Ozay, O., 2005.
Comparison of in vitro gas production technique with in
situ nylon bag technique to estimate dry matter
degradation. Czech Journal of Animal Science 50, 60-
67.

Karabulut, A., Canbolat, O. Kalkan, H. Gurbuzoll, F.
Sucu E., Filya, I., 2007. Comparison of in vitro gas
production, metabolizable energy, organic matter
digestibility and microbial protein production of some
legume hays. Asian-Australian Journal of Animal
Sciences 20, 517-522.

Kiran, D., Krishnamoorthy, U., 2007. Rumen
fermentation and microbial biomass synthesis indices
of tropical feedstuffs determined by the in vitro gas
production technique. Animal Feed Science and
Technology 134, 170-179.

Kulivand, M., Kafilzadeh F., 2015. Correlation between
chemical composition, kinetics of fermentation and
methane production of eight pasture grasses. Acta
Scientiarum: Animal Sciences 37, 9-14.

Lashkari, S., Taghizadeh, A., 2015. Digestion kinetics of
carbohydrate fractions of citrus by-products. Veterinary
Research Forum 6, 41-48.

Marcos, C.N., Garcia-Rebollar, P, de Blas, C., Carro,
M.D., 2019. Variability in the chemical composition and
in vitro ruminal fermentation of olive cake by-products.
Animal. 9, 109; 10.3390/ani9030109.

Menke, K.H., and Steingass, H., 1988. Estimation of the
energetic feed value from chemical analysis and in
vitro gas production using rumen fluid. Animal
Research and Development 28, 7-55.

Moyo, M. Gueguim Kana E.B. Nsahlai I.V., 2017.
Modelling of digesta passage rates in grazing and
browsing domestic and wild ruminant herbivores.
South African Journal of Animal Science 47, 362-377.

Nherera, F.V., Ndlovu, L.R., Dzowela, B.H., 1999.
Relationships between in vitro gas production
characteristics, chemical composition and in vivo
quality measures in goats fed tree fodder supplements.
Small Ruminant Research 31, 117-126.

Njubi. D., Wakhungu, J., Badamana, M., 2010. Use of
test-day records to predict first lactation 305-day milk
yield using artificial neural network in Kenyan Holstein—
Friesian dairy cows. Tropical Animal Health and
Production 42, 639-644.

Rodrigues, M.A.M., Fonseca, A.J.M., Sequeira, C.A,,
Dias-da-Silva, A.A., 2002. Digestion kinetic parameters
from an in vitro gas production method as predictors of


https://doi.org/10.3390/ani9110861
https://www.sciencedirect.com/journal/animal-feed-science-and-technology/vol/104/issue/1
file:///H:/my%20paper/modelling/JAST/J.%20Dairy%20Sci

Application of artificial neural networks and multiple

voluntary intake of forage by mature ewes. Animal
Feed Science and Technology 95, 133-142.

Sallam, S.M.A., Nasser, M.E.A., El-Waziry, A.M., Bueno,
I.C.S., Abdalla, A.L., 2007. Use of an in vitro rumen gas
production technique to evaluate some ruminant
feedstuffs. The Journal of Applied Sciences Research
3, 34-41.

Sanzogni, L., Kerr, D., 2001. Milk production estimates
using feed forward artificial neural networks.
Computers and Electronics in Agriculture 32, 21-30.

23

SAS, 2011. SAS User’s Guide: Statistics. SAS Institute
Inc., Cary, North Carolina. USA.

Tikam, K., Phatsara, C., Sorachakula, C., Vearasilp, T.,
Samiprem, S., Cherdthong, A., Gerlach, K., Sidekum,
K.H., 2015. In vitro gas production, in vivo nutrient
digestibilities, and metabolisable energy
concentrations for sheep of fresh and conserved
pangola grass. Small Ruminant Research 128, 34-40.

Van Soest, P.J., Robertson, J.B., Lewis, B.A., 1991.
Methods for dietary fiber, neutral detergent fiber and
non-starch polysaccharides in ration to animal
nutrition. Journal of Dairy Science 74, 3583-3597.


file:///C:/Users/ALI/Downloads/J.%20Dairy%20Sci

