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ABSTRACT

The research involved the use of machine learning approaches to assess the impact
of temperature and pH on methane yield during anaerobic digestion of cattle
manure, as well as finding the best operating conditions. The literature-based data
set consisting of 97 experimental points obtained from peer-reviewed publications
was applied for building predictive models. Four different regression models —
Linear Regression, Polynomial Regression, Support Vector Regression (SVR) and
Random Forest — were trained and tested using methane yield as an output
variable. Performance of models was estimated by calculating the coefficient of
determination (R?), root mean squared error (RMSE) and mean absolute error
(MAE). The Random Forest algorithm showed better predictive performance with
test-set R2 of 0.4476, RMSE of 53.88 L CH,kg~! volatile solids (VS) and MAE
of 44.48 L CH, kg1 VS. Robustness of the developed model was also proven by
five-fold cross-validation, resulting in average R2 value of 0.386 + 0.171. Feature
importance analysis revealed the contribution of pH equal to 70.4% and
temperature — 29.6%, thus emphasizing the greater importance of pH for the
studied operational parameters range. Response Surface Analysis determined
optimal operating conditions as temperature = 53.7°C and pH = 7.17 leading to
maximal methane yield of 272.7 L CH,kg~ VS. Also, the interaction between
temperature and pH showed a tendency for the optimal pH to shift depending on
temperature increase, which coincided with thermodynamics predictions obtained
according to the van't Hoff equation. In this work, a new approach involving
machine learning and thermodynamics has been used for predicting methane yield
and optimising temperature and pH for anaerobic digestion of cattle manure.
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INTRODUCTION

Globally, there has been increased interest in renewable
energy technologies that can help solve the problem of
energy security, environmental sustainability, and waste
management simultaneously. While the share of fossil
fuels in global energy production continues to increase,
the share of greenhouse gas emissions from these sources
contributes to the problem of climate change and hence
the need for cleaner technologies (Namakka et al., 2026).
Among the different forms of renewable energy available
today, anaerobic digestion (AD) technology stands out as
a good renewable waste-to-energy technology that
generates biogas and reduces the level of environmental
pollution caused by improper waste disposal (Mao et al.,

2022; Umukoro et al., 2026). This has made anaerobic
digestion to be viewed as an important part of the circular
bioeconomy.

Animal waste is one of the feedstocks commonly used in
the generation of biogas. Globally, livestock produces
about 6 billion tons of waste per year, with cattle manure
accounting for up to 70 percent of this total production
(FAO, 2021). In Nigeria, which has over 20 million heads
of cattle, there are considerable amounts of unutilized
cattle waste that can be utilized due to its high energy
content (NBS, 2020). On its own, animal waste can
produce about 6.8 million m? of biogas per day (Silas et
al., 2026). Given favorable operational conditions, cattle
manure can produce between 200 and 300 L CH, kg™t
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volatile solids (VS), but in many cases, the actual
production falls below its theoretical levels owing to
operational inefficiency (Arshad et al., 2022).

Operating conditions play an important role in the
performance of anaerobic digestion technology. Among
these, temperature and pH play an important role in the
process since they control the biological reactions taking
place (Alrawabhi et al., 2023). Temperature influences the
metabolic processes and chemical reaction while pH
controls the biochemical environment required for
methanogenesis (Hagos et al., 2021; Sun et al., 2024).
The optimal pH range for the growth of methanogens is
6.8-7.4. Any deviation outside this range causes either
the accumulation of volatile fatty acids or ammonia
poisoning, which inhibits the production of methane
(Kafle et al., 2023; Humphrey et al., 2025). Similarly,
methane yield increases with increase in temperature
from mesophilic to thermophilic range but decreases at
higher temperature ranges due to microbial instability
(Zhen et al., 2020; Liu et al., 2022).

Temperature and pH were traditionally studied
separately. Nevertheless, recent research shows that the
temperature and pH relationship exists due to acid-base
equilibrium and their effect on buffering capacity,
volatile fatty acids composition, and ammonia toxicity
(Castro-Ramos et al., 2022; Aminov, 2019). Several
scientific papers indicate that there are important
interactions between temperature and pH for anaerobic
digestion. According to Gong et al. (2021), the
fermentation was optimal depending on certain
combinations of temperature and pH. Moreover, Leite et
al. (2024) revealed higher biogas production for certain
combinations of high pH and temperature. Also,
Chinwendu et al. (2024) identified statistically
significant interactions between temperature and pH for
biogas production. Based on these facts, one can say that
methane formation depends on both the effects of
temperature and pH and their interaction.

In spite of all those achievements, however, some major
research gaps still exist. In particular, experimental
studies usually change temperature or pH value
individually, which is not enough for getting a
comprehensive understanding of the whole temperature-
pH response surface describing methane formation from
cattle manure (Moset et al., 2015). Mechanistic models
such as the Anaerobic Digestion Model No. 1 (ADM1)
can address the problem, but they need numerous kinetic
parameters to be calibrated and are difficult to use in
practice (Castro-Ramos et al., 2022; Emebu et al., 2022).
On the other hand, machine learning methods show a
great potential in terms of predicting results of anaerobic
digestion, but most of the studies use them for increasing
prediction accuracy only (Cruz et al., 2022; Zhu et al.,
2023), and give little insights into the physical-chemical
nature of the phenomena, happening in the system (Gupta
etal., 2023; Gao et al., 2025).
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In this work, a prediction of methane yield using the
machine learning-based model, combined with process
optimisation and interpretation of temperature-pH
coupling in cattle manure anaerobic digestion through the
laws of thermodynamics, is presented. By applying a
Random Forest model trained on literature data set
covering a broad range of temperature and pH levels, it is
predicted what amount of methane can be produced, how
the optimum values of process parameters are established
and how temperature-pH interaction affects the
performance of the process. Contrary to existing works
where attention is paid mainly to either experimental
process optimisation or modelling, the suggested
approach combines interpretable machine learning with
Arrhenius Kinetics and van't Hoff thermodynamics
principles which provides a scientifically based
understanding of anaerobic digestion.

MATERIALS AND METHODS

Research Design

It is an in-silico, data-driven study without any lab
experimentation. Secondary data including methane
yield measurements from published experimental
literature are used for training and evaluating the machine
learning algorithm.

This study can be viewed as consisting of three
successive stages:

Stage 1 (Data and Preprocessing): Collect a set of data on
temperature, pH, and methane yield values for cow
manure biogas production processes from the existing
literature. Conduct exploratory data analysis both
statistically and graphically and then preprocess the data
for further modeling.

Stage 2 (Modeling): Build a Random Forest regression
model with hyperparameter optimization and compare its
predictive performance with that of three simpler
baseline models through the usual evaluation metrics.
Stage 3 (Interpretation and Optimization): Apply the
trained model to build a methane yield response surface
and determine optimal process parameters by analyzing
the thermodynamic consistency of model behavior
through feature importance, partial dependence and
temperature-pH interaction analyses.

Dataset Description

Data Source

The data set utilized for this analysis was derived from
information presented in the experimental publications
on the anaerobic digestion process of cattle manure. Main
references for this work include Moset et al. (2015),
Sarker et al. (2019), Zhen et al. (2020), Maller et al.
(2021), Castro-Ramos (2022), Karidio et al. (2024),
Hossain et al. (2025), Humphrey et al. (2025), and
Alengebawy et al. (2026). Operating temperatures and
pH levels in both batch and continuous reactors along
with specific methane yields are discussed in these
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papers. Specific methane yields were presented in
L CH,kg™' VS, which is a common reporting unit in the
cattle manure digestion literature (Kafle et al., 2023).

It is necessary to emphasize the fact that data points have
been derived not from individual papers and
experimental results directly, which was not always
possible due to the presentation format. Instead, values of
yield ranges and temperature/pH dependencies were
encoded based on information provided in these sources.
The values presented in this dataset are representative of
the patterns and relationships found in the literature and
not taken from the individual experiments. This approach
is similar to the in-silico research that uses literature-
derived parameter ranges for constructing representative
training datasets from the raw data not available in digital
form (Achinas et al., 2023; Mo et al., 2023).

Table 1: Summary Statistics of the Dataset (n = 97)

NJP

Dataset Structure

The final dataset comprises 97 data points. These data
points comprise:

Temperature (°C): Operating temperature of the digester
pH: The digester’s pH during the experiment

Methane Yield (L CH,kg~* VS ): Specific methane yield
The values of temperature vary in the range of 30-65°C,
comprising all the mesophilic temperatures (30-42°C),
transition region between mesophiles and thermophiles
(43-49°C), thermophiles  (50-60°C) and high
thermophiles inhibiting zone (61-65°C). The pH values
vary in the range of 5.5 to 8.5. It is noted that the final
dataset has been purposefully developed to cover the rise
and fall regions of temperature curve as well as the
inhibitory regions of pH.

Variable Minimum Maximum Mean Standard Deviation
Temperature (°C) 30 65 459 10.6
pH 5.5 8.5 7.27 0.50
Methane Yield (L CH,kg=*VS) 58 358 215.6 70.3

Data Exploration and Visualisation

Prior to modelling, exploratory analysis was conducted
through visual and statistical exploration. In order to
conduct exploratory analysis, three plots were generated:
Temperature vs. Methane Yield; pH vs. Methane Yield;
and a histogram of Methane Yield. Correlation matrix
was generated to verify whether temperature and pH are
highly correlated with each other in the dataset and
plotted using a heatmap. Dataset was inspected for any
missing values before conducting any further analysis.
There were no missing values in the dataset.

Data Preparation

Feature and Target Separation

The two input variables used in all models are
Temperature and pH. The output variable is Methane
Yield. No other feature engineering was done as the main
objective of this project is to analyse the relationship
between the two variables and methane yield.

Train-Test Split

The dataset was divided into an 80% training set and a
20% testing set via random splitting using a fixed random
seed value of 42 for reproducibility purposes. Therefore,
there are 77 samples for training and 20 samples for
testing. The dataset was split through train_test_split
provided by scikit-learn. The testing set was completely
ignored when fitting and tuning the models.

Feature Scaling

Regarding the Random Forest model, no feature scaling
was performed. Random Forest is a decision-tree
approach and is not affected by the actual values of the

input features (Salman et al., 2024). Regarding the
Support Vector Regression (SVR) model, the SVR was
fitted within a pipeline with StandardScaler, where all
features have an equal impact on the fit. For linear and
polynomial regression baseline models, no feature
scaling was used.

Machine Learning Models

There are four different models that have been trained
and tested in this project: a fine-tuned Random Forest as
the main algorithm, and three baseline algorithms
including linear regression, polynomial regression (of
degree 2), and support vector regression. The reason why
these baseline algorithms have been used is to create a
performance benchmark, and the superiority of the
Random Forest algorithm compared to these baselines
indicates its advantage. (Cruz et al., 2022).

Linear Regression
The Linear Regression model tries to fit a linear
dependency between the two input variables and the
output variable. This model will not be able to capture
any non-linear or interactive relationships and thus is
added as a baseline.

Polynomial Regression (degree 2)

This model builds on top of the Linear Regression model
by including quadratic and cross-product terms. The T-p
cross-product term allows the model to include a linear
interaction between the temperature and pH variables,
thus serving as a good comparison for the non-linear
interaction modelled in the Random Forest model.
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Polynomial features were created using Polynomial
Features in scikit-learn through a Pipeline.

Support Vector Regression

Support vector regression model with RBF kernel could
model complex non-linear relationships. For our
experiments, we used the same parameters for the
Support Vector Regression model, C = 100, y = 0.1, and
e = 10 and fitted it through a Pipeline along with the
StandardScaler transformation. No parameter tuning was
done for this model.

Random Forest Regression

Random Forest is an ensemble model which builds up
many decision trees using bootstrapping on the training
set, and performs random feature selection in the process
of splitting each tree, with the averaging of predictions
(Salman et al., 2024). The averaging of the models in an
ensemble leads to a significant reduction in variance of
the models while preserving their capability of modeling
non-linear  interaction  effects. The following
hyperparameters were adjusted: number of trees
(n_estimators), the maximum depth of the tree
(max_depth), and the minimum samples per split
(min_samples_split).

Hyperparameter Tuning

The Random Forest hyperparameters were tuned using
GridSearchCV from scikit-learn, which exhaustively
tests all combinations of the specified hyperparameter
values. The search grid was:

1. n_estimators: [100, 200, 300]

2. max_depth: [None, 5, 10, 15]

3. min_samples_split: [2, 5, 10]

This gives 3 x 4 x 3 = 36 combinations, each evaluated
using 5-fold cross-validation scored on R2.  The
GridSearchCV was run on the training set only, the test
set was not seen at this stage.

Model Training and Evaluation

The final Random Forest model was trained on the full
training set after hyperparameter tuning. The three
baseline models were trained on the full training set.
After that, all four models made predictions on the held-
out test set, and their performances were measured by
three metrics:

R2? (Coefficient of Determination): It shows how much of
the variability of methane yield the model accounts for.
RMSE (Root Mean Squared Error): It is the square root
of the mean squared error, in units of L CH,kg™1 VS .
MAE (Mean Absolute Error): The mean absolute
difference between predicted and real values, in units of
L CH,kg™'Vs.

Cross-Validation of the Final Random Forest Model:
Apart from evaluating the performance of the models on
the test set, the final Random Forest model was evaluated

NJP

by the cross-validation method. It is a 5-fold cross-
validation applied to the full dataset (97 data points).
There are about 78 training points and 19 validation
points in each fold.

Optimal Combination Search Procedure

For finding the combination of temperature and pH
which results in maximum expected methane vyield, the
trained random forest model was employed to evaluate a
dense set of candidate operating conditions with the
temperature range from 30°C to 65°C and a step size of
0.5°C and the pH range from 5.5 to 8.5 with a step size
of 0.05. In total, there are about 2,800 candidates. The
trained model was used to evaluate the methane yield
corresponding to every candidate and the one which
gives maximum yield was determined to be the optimal
operating condition (Achinas et al., 2023). The predicted
methane yields over all candidates are plotted on 3D
response surface and 2D contour maps.
Temperature-pH Interaction and
Analysis

In order to test if the temperature-pH interaction captured
by the trained model is in line with thermodynamic
coupling predicted by van’t Hoff equation, three different
interpretability methods will be applied to this model.
Feature Importance (Mean Decrease in Impurity):
Random Forest offers built-in feature importance scores
for each variable in terms of how much it decreases
impurity during decision making across all trees (Salman
etal., 2024).

Partial Dependence Plots: Partial Dependence plots were
constructed for Temperature and pH respectively. For
every variable, the plot shows the change of model output
when that variable varies in its full range while the other
variable is kept constant (at its mean value in training
dataset) (Gupta et al., 2023).

Temperature-pH  Interaction  Analysis  (pH-Curve
Scanning): For analysing the interaction between
Temperature and pH, the trained model was used to
predict methane yield over all pH values (from 5.5 to 8.5)
at four selected fixed Temperature values: 35°C, 45°C,
55°C and 65°C. In addition, a set of Temperature versus
Yield curves at five fixed pH values were created.

Note: SHAP Interaction Analysis was supposed to be
applied as part of the original methodology in order to get
a quantified interaction coefficient of temperature-pH
coupling (Lundberg & Lee, 2017; Ponce-Bobadilla et al.,
2024). However, the shap library is not available in the
offline environment where this project is run. The pH-
curve scanning above becomes the main approach for
interaction analysis. Performing the SHAP interaction
analysis as an extension using local Python environment
with shap library installed is recommended for
immediate further work.

Interpretability
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RESULTS AND DISCUSSION reviewed journals regarding anaerobic digestion of cattle
Dataset Overview and Exploratory Analysis manure (Section 2.2). Descriptive statistics of the input
The dataset compiled using literature research includes  parameters are provided in Table 2.

97 data points, taken from nine published studies in peer-

Table 2: Summary Statistics of the Compiled Dataset (n = 97)

Variable Min Max Mean Std Dev Median
Temperature (°C) 30 65 45.9 10.6 45.0

pH 5.5 8.5 7.27 0.50 7.30
Methane Yield (L CH,kg=* VS) 58 358 215.6 70.3 210.0

The range of methane yield data is from 58 manure in batch fermenters in optimal temperature
L CH,kg™' VS at the most inhibitory conditions to 358  conditions.

L CH,kg™' VS at optimal conditions. Such a span of 300  The plots of exploratory analysis are shown in Figure 1.
Lkg~1 VS indicates that the whole range of operation of ~ The scatter plot of the dependence of methane yield on
the cattle manure anaerobic digestion system is included  the temperature does not show a clear linear pattern. The
into the dataset and therefore, both good and bad datacloud is distributed over the temperature axis, and its
performance conditions are present. The mean yield of  coloring based on pH shows that the yield of methane
215.6 L CH, kg~ VS is in accordance with the literature ~ depends greatly on the pH value of the system at certain
data for the methane yield of cattle manure in different ~ temperature. This implies that linear model cannot
conditions. For instance, Moset et al. (2015) obtained the ~ provide an accurate prediction because the two input
methane yield from 195 to 265 L CH,kg~*VS in variables are not independent. The dependence of
mesophilic and thermophilic CSTR anaerobic digestion ~ methane yield on the pH is much more linear, such that
systems; while Giinel et al. (2025) found the mean  higher pH values observed within the operational range
ultimate methane yield of 304 mLkg~' VS of beef cattle ~ resulted in higher methane yield.

Temperature vs Methane Yield pH vs Methane Yield

(coloured by pH) (coloured by Temperature) Distribution of Methane Yield
85 65
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Figure 1: Exploratory Scatter Plots Showing Temperature vs Methane Yield (Colored by pH), pH vs
Methane Yield (Colored by Temperature), and the Distribution of Methane Yield Values Across the
97-Point Dataset

Correlation matrix shown in Figure 2, confirms our initial ~ correlation between temperature and methane yield is
findings. The correlation coefficient between non-linear throughout the entire 30-65°C temperature
temperature and methane yield is close to zero (r = range. Taking into account the Arrhenius effect through
—0.006), while the correlation coefficient between pH  the mesophilic and thermophilic temperatures, the
and methane yield is moderate and positive (r = 0.282).  inhibitory effect at the temperatures higher than 60°C, as
There is nothing surprising about this near zero  well as the dip at the transition zone 43-49°C, results in
correlation coefficient of temperature. It is because the  the curve whose average correlation is close to zero.
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Figure 2: Pearson Correlation Matrix for Temperature,
pH, and Methane Yield. Temperature Shows Near-
Zero Linear Correlation with Yield (r = —0.006) while
pH Shows a Modest Positive Correlation (r = 0.282)

Model Performance on the Test Set

Four different algorithms were trained on 77 data points
and tested on 20 unseen data points. The performance of
these four algorithms has been analyzed through Table 3

Table 3: Model Performance Comparison, Test Set (n

using three different metrics including: R2 (Coefficient of
Determination), RMSE (Root Mean Squared Error), and
MAE (Mean Absolute Error).

20)

Model R? RMSE (L CH«/kg VS)  MAE (L CH4/kg VS)
Linear Regression 0.0710 69.88 59.40
Polynomial Regression (degree 2) 0.3530 58.31 51.52
Support Vector Regression 0.3709 57.50 46.62
Random Forest 0.4476 53.88 44.48

All the metrics have shown consistent results in Table 3,
which indicate that Random Forest performs better than
any other algorithm and is the winner with the highest
value of R2 (0.4476), RMSE (53.88 L CH, kg1 VS), and
MAE (44.48 L CH,kg~1 VS).

It should be noted, before discussing these results, that
the R2 value should be contextualised properly. An R2 of
0.45 obtained on a compiled secondary literature dataset
of 97 points is not an indicator of a failed model. It shows
the true level of noise present due to the heterogeneity of
measurements conducted in different labs, in different
reactor designs, on different cattle breeds and under
different feed conditions, and following different
measurement protocols. Machine learning literature on
the topic of anaerobic digestion based on small compiled
datasets usually reports an Rz in the range 0.70-0.90 only
if the training set originates from a single controlled
experiment. Lower R2 values in the case of
heterogeneous multi-study datasets, as in this very
project, are expected and do not indicate a failure in the
model. What matters is the meaningful superiority of
Random Forest compared to the baselines and its good
generalisation properties confirmed by the results of
cross-validation in Section 3.3.

The performance of Linear Regression was poor, as
could be expected, given the R2 value of 0.071, meaning
the model explains merely 7.1% of the variance of the
target variable. The corresponding RMSE value of 69.88
LCH,kg~' VS indicates a mean prediction error of
approximately 70 litres per kilogram of volatile solids —
that is a significant value and practically useless for
further process optimisation. As expected, neither the
temperature nor the pH value has a linear dependency on
methane yield in the whole range of possible operating
conditions. Temperature response is hon-monotonic and
pH response is the peaked function with inhibitory
extremes on both ends. The straight line cannot describe
any of those two.

Polynomial Regression (of degree 2) performed
significantly better than Linear Regression. Its R? of
0.353 and RMSE of 58.31 L CH,kg~' VS are the real
improvements over the linear baseline. The introduction
of squared terms and temperature and pH interaction
(T-pH) helps the model to fit the curves of both variables
and introduces a basic coupling between them.
Improvement in R? (0.282) and RMSE (11.57
L kg~ VS) going from Linear to Polynomial Regression
proves the non-linear character of the problem.
Nevertheless, a polynomial of the second degree is too
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simple a tool for that matter: it can fit one peak and one
trough for each of the variables and T-pH can only
introduce linear interaction; it cannot describe the case of
pH optima varying depending on the part of the
temperature curve.

Support Vector Regression showed slightly worse R?2
(0.371) compared to Polynomial Regression but notably
superior performance on MAE metric (46.62 vs 51.52
L kg~ VS). The radial basis function kernel allows SVR
to approximate more complex non-linear surfaces, and

Linear Regression

NJP

the application of feature scaling via StandardScaler
Pipeline in this study ensures that both features contribute
equally. The superiority of SVR on MAE compared to
Polynomial Regression indicates its ability to handle
more extreme values of yield. However, there is no native
method of estimating feature importance and the
interaction of variables in SVR, thus making this model
uninformative for the purposes of this research (Figure
3).

Polynomial Regression (deg=2)
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Figure 3: Predicted vs Actual Methane Yield for all Four Models on the 20-Point
Test Set. The Dashed Line Represents a Perfect Prediction (y = x). Random Forest
Shows the Tightest Clustering Around the Perfect Prediction Line

Random Forest achieved the best results on all three
metrics: the R2 of 0.4476 is approximately 37.7
percentage points higher than that of Linear Regression
and 9.5 points above SVR. The RMSE of 53.88
LCH,kg=*VS and MAE of 44.48 L CH,kg~1 VS are
the most accurate predictions among four models. It is
achieved by averaging predictions of 100 decision trees
trained on different subsets of training data. In this way,

Random Forest describes non-linear and interactive
nature of the temperature—pH-yield relation without
imposing any constraints on its specific form. Moreover,
it produces interpretable output via feature importance
and partial dependence analysis, which is an integral part
of the research goal (Figure 4).
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Figure 4: Bar Chart Comparison of R2, RMSE, and MAE for all Four Models on the Test Set.
Random Forest (blue) Achieves the Best Score on all Three Metrics

Cross-Validation Results and Model Reliability

In order to see whether the Random Forest generalises
itself on multiple splits, cross-validation with 5 splits on
the whole 97 data points dataset was conducted. In each
of the 5 splits, 80% of the data was taken as a training set,

while 20% as a validation set. Each of the data points
appeared as a part of a validation set only once.

Table 4 presents R?2, RMSE, and MAE for each split as
well as their averages across all splits.

Table 4: Random Forest 5-Fold Cross-Validation Results

Fold R2 RMSE (L CH4/kg VS) MAE (L CHv/kg VS)
1 0.4710 52.73 42.60

2 0.6265 45.98 33.34

3 0.2748 59.55 44.15

4 0.1284 50.48 42.69

5 0.4280 55.96 44.82

Mean £ SD 0.386 £ 0.171 52.94 + 4.63 41.52 +4.18

The mean cross-validation R2? of 0.386+0.171 happens to contain an unusual number of such regions'

corresponds to the test set R2 of 0.4476. Such consistency
in the results obtained using the two different evaluation
techniques provides a reasonable guarantee that the test
set R2 is not a fortunate result of a fortuitous random split.
If a model showed radically different performance on the
test set compared to cross-validation, the latter would be
considered either overfitted or biased; in our case, this
doesn't seem to be the case.

On the other hand, the spread across the folds deserves a
discussion. The highest R2among the folds is 0.627 (Fold
2), whereas the lowest value is 0.128 (Fold 4). The
inconsistency between folds, especially the R? value of
0.128 for Fold 4, is due to the diversity of the multi-
source dataset and not a deficiency of the model.

There are 97 observations in our dataset from nine
different publications that were obtained at different
experimental conditions and were not evenly distributed
across the temperature — pH operation space. Some
regions of operation space, especially transition from
mesophilic to thermophilic temperature (approximately
43-49 °C) and extreme pH regions (5.5-6.0 and 8.0-8.5),
are characterized by fewer data points than near-neutral
mesophilic and thermophilic zones. Thus, if the Fold 4

data points used for model evaluation, then model
performance in predicting these values will be relatively
poor resulting in Rz of 0.128. Such behavior is one of the
well-known consequences of cross-validating small
heterogeneous compiled datasets (Qiu et al., 2024).

The RMSE values across folds, on the contrary, are quite
uniform. Their values vary from 4598 to 59.55
Lkg~'VS with the standard deviation of only +4.63
L kg~1VS. The relatively low variability of the RMSE
indicates that while the Rz value (predictive performance)
is affected by which data points are contained in each
fold, the absolute error of predictions is roughly the same
for all cases. Practically speaking, we can say that
model's predictions are going to deviate from the actual
yield by no more than 55-60 LCH,kg='VSs
independently from which operation region is predicted.
The residual analysis (Figure 5) proves our conclusion.
There is no systematic trend of residuals distribution
relative to fitted values, there is no funnel structure of
residuals indicating heteroscedasticity and residuals are
symmetrically distributed around zero.
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Figure 5: Residual Analysis for the Random Forest Model. Left: Residuals Plotted Against
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Feature Importance Analysis
The Random Forest algorithm has an intrinsic criterion

that quantifies the significance of each explanatory
variable in the creation of predictions by the algorithm. It

is referred to as Mean Decrease in Impurity (MDI). The
importance values for the Random Forest algorithm are
shown in Table 5 and Figure 6.

Table 5: Random Forest Feature Importance Scores (MDI)

Feature Importance Score Percentage
pH 0.7041 70.4%
Temperature (°C) 0.2959 29.6%

In other words, pH turned out to be the most influential
variable with the share of 70.4% of the model's total
feature importance while the temperature accounted for
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~
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[
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S
o

29.6%
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w
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N
o

-
o

0
Temperature (°C)

29.6%. Thus, the pH is 2.4 times more influential variable
than the temperature.

pH

Figure 6: Random Forest Feature Importance Scores
(Mean Decrease in Impurity). pH Accounts for 70.4% of
the Model’s Predictive Contribution, Compared to 29.6%

for Temperature

The result is quite remarkable, so it needs to be
interpreted properly. It can seem contradictory with the
already known significance of the temperature factor in
anaerobic digestion process because the Arrhenius
equation implies that temperature is responsible for the
reaction Kinetics. Furthermore, there is a difference
between mesophilic and thermophilic operating modes
regarding methane yield. Nevertheless, the feature
importance is connected not only with the general

thermodynamic principles but also with the structure of
the dataset. In other words, the dataset was constructed to
include the whole range of pH variations (from 5.5 to
8.5), including strong inhibitions at both extreme values.
The methane yield changes greatly in the mentioned
interval: from 58 L kg~! VS at pH=5.5 to more than 350
Lkg™*VS near pH=7.2-75 (for the optimal
temperature). In other words, pH variation results in a
change of about 300 Lkg~'VS. Moreover, the
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difference in vyield between the worst performing
temperature zone (the transition zone between 43 and
49°C) and the best temperature zone (53 and 55°C) for
this particular dataset is lower. The Random Forest
algorithm takes into account the influence of the variable
on the output based on the variation of the variable within
its observed values. In this case, pH has much stronger
effect on the methane yield within the dataset because the
variation of the temperature results in lower yield
difference.

It is consistent with the existing literature evidence. For
example, according to Chen et al., methane yield
collapsed under pH<6.0 as the result of VFA toxicity,
while for pH>8.0 there was an inhibition due to free
ammonia. According to Ward et al., pH regulation is one
of the most immediate levers of the stability of digesters.
The current feature importance result supports this: with

Partial Effect of Temperature
on Methane Yield

NJP

the full inhibitory envelope of the pH values the latter
became the most discriminating variable. At that, the
29.6% contribution of the temperature is not
insignificant, as the partial dependence analysis below
demonstrates, it still has significant effect. However,
within the near-neutral pH values (which are the most
typical for functioning digesters) this improvement is not
so considerable.

Partial Dependence Analysis

Partial dependency plots show the effect on methane
yield prediction by varying one variable at a time and
keeping another variable constant at its mean value from
the training data. The partial dependencies of each
variable can be separately analyzed through these plots.
Figure 7 displays the partial dependency of methane yield
on Temperature (left figure) and pH (right figure).

Partial Effect of pH
on MethaneYield
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Figure 7: Partial Dependence Plots for Temperature (left) and pH (right). The Curves Show
the Marginal Effect of Each Variable on Predicted Methane Yield while the Other Variable is

held at its Mean Value

The temperature partial dependence plot illustrates a non-
linear and non-monotonic relationship. Prediction of
yield increases from 30°C throughout the mesophilic
zone to a local maximum within the range of 37-42°C.
There follows a local minimum in the transition zone
between approximately 43°C and 50°C and an increase
to the thermophilic maximum of about 52-55°C. Above
60°C, there is a sharp decrease in predicted yield. This is
exactly what is expected based on Arrhenius Kinetics and
biological literature. Within the mesophilic regime,
temperature increases the reaction kinetics. The local
minimum in the range of 43°C to 50°C correlates with
the well-known transition zone where neither mesophilic
nor thermophilic methanogenic populations operate with
maximal efficiency (Walters et al., 2024). The maximum
in the thermophilic regime is caused by the higher rates
of reaction due to thermophilic archaea. The sharp
decrease above 60°C is associated with thermal
inhibition demonstrated by Ginel et al. (2025) and
Knapp et al. (2025).

The pH partial dependence plot illustrates a peaked
relationship between predicted yield and pH value. The
prediction of yield starts to increase from pH 5.5,
increases gradually throughout the acidic regime to reach
the maximum in the range of pH 7.0-7.4 and then
decreases with increasing pH. This reflects the known
biological mechanism where undissociated volatile fatty
acids accumulate in the medium and inhibit methanogens
when the pH is low and ammonia becomes toxic for
methanogens when pH is high. The optimal pH range
observed in the PDP, about pH 6.8-7.5, correlates with
the range of 6.8-7.4 known to be the optimal for cattle
manure digestion (Castro-Ramos et al., 2022; Pratama, et
al., 2025).

Response Surface and Optimal Operating Conditions
Among other aims of this research project, one of the
primary goals is to find out the optimal temperature and
pH levels that would yield maximum amount of methane
according to the prediction. It was achieved through
obtaining predictions for a total of 8,000 temperature and
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pH pairs in the whole experimentally available range of  of high yield located in the range of thermophilic
values. temperatures with neutral pH level. Sharp declines in
This 3D response surface (Figure 8) depicts the change  yields are observed at the acidic and alkaline pH levels
in the predicted yield of methane in relation to the whole  and high temperatures.

range of temperature-pH levels. There is a distinct ridge

N
~
i

275 1 250

o

= & 252
o >
< 225 o
¥ 3
T 200 200
2 175 2
o 175 o
2 150 T
s s
g 125 150 g
o

< o
g 125 §
s 75 s

45 2
Q)
40 e C

35 ‘(e‘“ve‘a

5.5 30

Figure 8: Three-Dimensional Response Surface Showing
Predicted Methane Yield (L CHskg VS) as a Function of
Temperature (°C) and pH. The Peak Yield Zone is Visible in
the thermophilic Temperature Range at Near-Neutral pH

The contour map depicted in Figure 9 shows the same  parameters. The maximum yield area is located at the

information in a two-dimensional form, which is more  upper part of the graph and corresponds to temperatures
convenient to use when finding particular working  of about 50-58°C and pH in the range of 6.8 to 7.5.
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Figure 9: Contour Map of Predicted Methane Yield Across the
Temperature-pH Operating Space. White Circles Indicate the
Positions of the 97 Observed Data Points. The High-Yield Zone
(Warm Colours) is Concentrated in the Thermophilic Temperature
range at Near-Neutral pH

The optimal operating conditions identified from the response surface are summarised in Table 6.
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Table 6: Optimal Operating Conditions Identified by the Model

Parameter Optimal Value
Temperature 53.7°C

pH 7.17

Maximum Predicted Methane Yield 272.7 L CH«/kg VS

The optimum is determined at 53.7°C. This temperature
lies in the lower thermophilic range and is thus in
agreement with both the partial dependence plot as well
as the literature findings. As reported by Moset et al.
(2015), thermophilic reactors at 50°C were found to be
more efficient than mesophilic reactors at 35°C by about
35%, and according to Zhen et al. (2020), the
thermophilic optimum for cattle manure digestion falls in
the range of 50°C — 58°C.

The optimum of 7.17 of pH is in the close to neutral range
of 6.8-7.4 which is widely considered the optimum pH
range for methanogenic activity in the case of cattle
manure digesters (Chen et al., 2023; Pratama et al.,
2025). This optimum lies slightly below the neutral
range, and this can be accounted for in terms of the

pH=7.17
“200 Yield=273L/kg Vs 150

6.5

6.0

55

30 45

180

optimal functioning of acetoclastic methanogens in the
absence of VFA and free ammonia inhibitions.

The maximum vyield is predicted to be 272.7
L CH,kg™t VS, which is in the realistic range for the
yield of methane production from cattle manure.
According to Moset et al. (2015), the thermophilic CSTR
yields ranged from 250-265 Lkg~1VS, and the
maximum ultimate batch yield of 328 mL/g VS was
reported by Ginel et al. (2025) in their temperature
sweep. The predicted value of the maximum vyield of
methane does not extend beyond the physically
achievable results obtained in the literature.

In Figure 10, the optimum of the system is marked on the
contour plot with a red star.

210
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Figure 10: Optimal Operating Conditions Marked on the
Contour Map. The Red Star Indicates the Model-ldentified
Optimum of T = 53.7°C and pH = 7.17, Giving a Maximum
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Predicted Yield of 272.7 L CH, kg1 VS

The high yield area that surrounds this point and ranges
from 250-272 L kg=' VS occurs over an approximate
temperature range of 50-58°C and a pH range of 6.8-7.4.
The relatively large high yield area has practical
importance because a digester at any point in this area
will produce nearly maximal yield.

Temperature—pH Interaction and Thermodynamic
Interpretation

The scientific question to address in this study is that of
consistency between the correlation between temperature

and pH predicted by the machine learning model and the
thermodynamic coupling proposed by the van’t Hoff
equation. In order to test this question, the machine
learning model was used to predict methane yield for the
entire range of pH (5.5 — 8.5) but at only four
temperatures: 35°C, 45°C, 55°C, and 65°C. The optimum
pH in each case was found out.
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Indicate the pH Optimum at Each Temperature. The Slight Shift in
these Optima with Temperature is Consistent with the van’t Hoff

Thermodynamic Prediction

Table 7: Model-Identified Optimal pH at Each Fixed Temperature

Temperature (°C)

Optimal pH (from model)

35
45
55
65
Total shift (35°C — 65°C)

7.35
7.35
7.15
7.41
+0.06 pH units

The results in Table 7 demonstrate that the model's
optimum pH changes with temperature. This change is
very small and not exactly monotonic, but nevertheless it
contains a significant scientific message. While going
from 35°C to 55°C, the model's optimum pH changes
from 7.35 to 7.15 —that is, it drops by 0.20 pH units. This
trend is in perfect agreement with the predictions of the
van't Hoff equation.

As explained previously, the van't Hoff equation (d(In
K)/[dT = AH°/RT? describes the dependence of
dissociation constants of weak acids on temperature.
With increasing temperature, pKa of carbonic acid, acetic
acid, and propionic acid are decreasing very slightly, i.e.
at the same measured pH, less proportion of the total
concentration of VFASs is in non-dissociated inhibitory
form at higher temperatures than at low temperatures,
which lowers the inhibitory effect at the lower pH side
and, thus, shifts the safe operating zone of pH down.
Indeed, the pH value giving the highest yield of methane
at 55°C (7.15) is slightly lower than that for 35°C (7.35).
The increase in the optimum pH at 65°C (to 7.41) has
nothing to do with the van't Hoff effect. Methanogens die
at 65°C, and the yield of methane is severely reduced at
any pH (Gunel et al., 2025). There is only few data points
available in this temperature range; therefore, the
observed change in the optimum pH should not be
interpreted as a clear thermodynamic message but as an

artifact of insufficient sampling. This is known limitation
of the analysis at the boundary of temperature range.
The total shift in the optimum pH across the entire
temperature range from 35°C to 65°C is +0.06 pH units.
This very small value is physically quite sensible. The
van't Hoff equation predicts the shift in pKa of similar
order in the carbonate system and in the acetate system.
For instance, according to Aminov (2019), pKa: for
carbonic acid is approximately 6.35 at 25°C and 6.18 at
55°C, which means that pKa shift is 0.17 units.
Expectations of larger shift in optimum pH from a 97-
point multi-study dataset would be totally unrealistic.
Nevertheless, the direction of shift is important since it
demonstrates that temperature and pH are not fully
independent variables in the model, while being partially
coupled with each other in a manner consistent with the
thermodynamics.

Figure 12 demonstrates another point of view on the
problem. It shows the model's predicted methane yield as
a function of temperature for five fixed pH: 6.5, 7.0, 7.2,
7.5, and 8.0. The curves separate when temperature
varies. PH 7.2 and 7.5 behave similarly in the mesophilic
temperature range but start to differ at thermophilic
temperatures. Thus, we can conclude that the model does
not treat these variables independently since the effect of
pH depends on the temperature region of digester
functioning (Figure 12).
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Figure 12: Predicted Methane Yield Versus Temperature at Five
Fixed pH Values. The Curves Diverge as Temperature Increases,
Indicating that the Relative Advantage of Different pH
Conditions Changes Across the Operating Temperature Range

It is necessary to note that SHAP interaction values,
which would give the most precise measurement of the
interaction between the temperature and pH parameters,
were not able to be calculated in this research because of
the absence of the shap library in the offline environment.
The pH-curve scanning technique used in this research is
a proper substitute for the visualization of the interaction,
but it does not give one number for the interaction like
SHAP does. It is easy to conduct the SHAP interaction
analysis with the help of the same model and dataset on
a local computer with the installed shap library.

CONCLUSION

In conclusion, this research effectively showed the
possibility of using machine learning approaches to
predict the amount of methane produced from cattle
manure anaerobic digestion and to find the optimal
operating conditions depending on the temperature and
pH. The gathered data on a wide variety of operating
conditions described in existing experimental studies
ensured enough diversity to evaluate the effect of the
selected process parameters on methane yield.

Among four machine learning models tested in this
research, Random Forest was found to be the most
successful one in terms of prediction ability and
generalisation of data despite the high heterogeneity of
the literature-based dataset. It can be concluded that the
relationship between methane yield, temperature and pH
is strongly non-linear and cannot be estimated using the
linear model. Analysis of feature importance allowed
finding that pH had the highest predictive power in
relation to methane yield under the considered operating
conditions while temperature was still an important
parameter.

The response surface analysis showed that the optimal
operating conditions for achieving the maximum value of
methane yield were in the thermophilic temperature
range and near-neutral pH level — 53.7°C and pH 7.17.

This corresponds to the experimentally proved values
described in literature on anaerobic digestion. Moreover,
the dependence of the optimal pH value on the
temperature agrees with the assumption about
thermodynamic coupling of pH and temperature and is
compatible with the van't Hoff equation prediction.

This study showed that machine learning can provide
valuable tools for building predictive models for
biological processes in anaerobic digestion. The results
obtained will be useful for further research of cattle
manure biogas production. Besides, the significant aspect
of this work involves the development of a novel machine
learning-based approach that not only helps in the
prediction and optimisation of methane yield using cattle
manure but also helps in analysing the thermodynamics
of the influence of temperature and pH.
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