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A B S T R A C T   

Proteolysis is a complex biochemical event during cheese storage that affects both functionality and quality, yet 
there are few tools that can accurately predict proteolysis for Mozzarella and Cheddar cheese across a range of 
parameters and storage conditions. Machine learning models were developed with input features from the 
literature. A gradient boosting method outperformed random forest and support vector regression methods in 
predicting proteolysis for both Mozzarella (R2 = 92%) and Cheddar (R2 = 97%) cheese. Storage time was the 
most important input feature for both cheese types, followed by coagulating enzyme concentration and calcium 
content for Mozzarella cheese and fat or moisture content for Cheddar cheese. The ability to predict proteolysis 
could be useful for manufacturers, assisting in inventory management to ensure optimum Mozzarella func
tionality and Cheddar with a desired taste, flavor and texture; this approach may also be extended to other types 
of cheese.   

1. Introduction 

Proteolysis is a major biochemical event occurring in cheese during 
storage, where the protein network gradually breaks down, resulting in 
the release of proteins ranging from large peptides to free amino acids 
(Fox, 1989). The extent of proteolysis depends on the type of cheese, 
conditions of manufacture, type of ripening and the duration of storage. 
Mozzarella and Cheddar cheese share some similar manufacturing steps, 
with cooking and stretching steps involved in Mozzarella and not in 
Cheddar. They differ in composition and storage, however, resulting in 
different proteolytic profiles (Guinee, Harrington, et al., 2000). Low 
moisture Mozzarella cheese is usually consumed fresh, with a shelf life of 
up to 6 months (Mastromatteo et al., 2014), while Cheddar is commonly 
consumed after a period of storage, known as maturation or ripening, 
which lasts for up to 18 months or longer for extra mature Cheddar 
cheese (Muir, 1996). Additionally, Mozzarella cheese is typically stored 
at low temperatures (0–4 ◦C) or frozen (Golzarijalal et al., 2024) while 
Cheddar cheese is stored at relatively higher temperatures of about 
7–13 ◦C (Walsh et al., 2020). Other factors that contribute to proteolysis 
include indigenous milk enzymes, coagulating enzymes, enzymes from 
starter bacteria, nonstarter bacteria, as well as secondary starters or 
adjunct cultures (for Cheddar cheese) (Fox and McSweeney, 1996). 

The extent of proteolysis can be quantified by assessing the amount 
of soluble or extractable nitrogen (N) using various solvents, such as 
water, sodium acetate buffer or trichloroacetic acid (McSweeney and 
Fox, 1997). Two common indices of proteolysis are the level of 
water-soluble nitrogen (WSN), or the level of nitrogen extracted and 
quantified in buffers at pH 4.6 (pH 4.6-SN) (Kuchroo and Fox, 1982), 
which can account for the small and medium-sized peptides, free amino 
acids and degradation products resulting from proteolysis (McSweeney 
and Fox, 1997; Rank et al., 1985). Similar levels of soluble nitrogen have 
been reported for studies of internal bacterially ripened cheese types, 
such as Cheddar and Mozzarella, using either water or a buffer at pH 4.6 
(Fox, 1989; Kuchroo and Fox, 1982; McSweeney and Fox, 1997), giving 
confidence in the similarity of these techniques. In some cases, however, 
higher levels of WSN have been reported during ripening (McSweeney 
and Fox, 1997). 

Predicting the level of proteolysis is of importance to manufacturers, 
as it allows Mozzarella products to be distributed during a window of 
optimal functionality and Cheddar products to be marketed with 
favorable flavor and texture, as these traits are strongly influenced by 
proteolysis. In Mozzarella, functionality is commonly defined by 
stretchability and meltability (Fife et al., 1996), which decrease over 
time. Proteolysis is known to affect stretchability (Guinee et al., 2002; 
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Guinee, Harrington, et al., 2000; To et al., 2022), melt time and tem
perature (Guinee et al., 2001; To et al., 2022), flowability (Guinee et al., 
2001, 2002; Henneberry et al., 2015), apparent viscosity (Guinee et al., 
2001) and firmness (Guinee et al., 2001, 2002; Henneberry et al., 2015; 
To et al., 2022) in low moisture Mozzarella cheese. Proteolysis also 
impacts on the sensory characteristics of Cheddar (Fox and Wallace, 
1997; Hannon et al., 2003a; Wilkinson et al., 1992), as well as the 
firmness and flowability (Fenelon and Guinee, 2000; Guinee, Auty, and 
Fenelon, 2000; Hou et al., 2014; McCarthy et al., 2016, 2017a). 

One approach for predicting cheese proteolysis is to use multilinear 
regression. Linear regression successfully predicted proteolysis indices 
in Gamnonedo blue cheese as a function of storage over three months 
(R2 > 87%, for two batches, each containing 5 cheeses), although a 
second-order polynomial could more accurately predict water-soluble 
nitrogen (R2 = 0.98) (de Llano González et al., 1993). The overall 
desirability of processed Gouda cheese could also be predicted as a 
function of storage time, storage temperature and several properties (e. 
g., texture, rheology, pH, sensory, etc.) using multilinear regression 
(with minimum R2 = 87%), however, in this case an artificial neural 
network was more accurate (with minimum R2 = 96%) (Stangierski 
et al., 2019). These examples highlighted above illustrate how multi
linear regression can be less accurate. The existence of multicollinearity 
between variables (Coker et al., 2005) and nonlinear trends (Povak 
et al., 2014) could be the reasons for lower accuracy of linear regression 
technique, suggesting other methods should also be considered. 

Non-linear models can offer more accurate predictions for proteol
ysis than linear regression, considering the effect of several interacting 
factors on proteolysis. These include cheese composition (McCarthy 
et al., 2016; Rudan et al., 1999), manufacturing conditions (Dave, 
McMahon, et al., 2003; Dave, Sharma, et al., 2003) and storage condi
tions (Feeney et al., 2001; Guinee et al., 1991), which can interact 
significantly (Dave, McMahon, et al., 2003; McCarthy et al., 2016) and 
also have collinearity and non-linear relationships with the level of 
proteolysis (Feeney et al., 2001; Ong and Shah, 2009). Previously, a 
model employing square root, logarithmic transformations and power 
polynomial procedures could predict the amount of total free amino 
acids (i.e., proteolysis products) in granular Cheddar cheese based on 
storage time, temperature and enzyme concentration (R2 > 0.96) (J. C. 
C. Lin et al., 1987). 

The development of more generalizable models would be of aca
demic and industrial interest as these could potentially address the 
limited design space and lack of generalizability common to many non- 
linear models that predict proteolysis to date. For example, only 20–30 
observations for two types of enzymes, each at 2–3 concentrations, at 
two storage temperatures and five storage times (up to 112 days) were 
used to predict granular Cheddar proteolysis in a non-linear model (J. C. 
C. Lin et al., 1987). Similarly, other non-linear models have successfully 
predicted proteolysis but their applicability is often limited to specific 
cases, e.g., a polynomial used for probiotic goat’s milk cheese made in 
16 batches (R2 not reported) (Gomes et al., 1998) and a quadratic 
response surface model (R2 = 0.77) for white brine cheese made in a 
single batch (Alizadeh et al., 2006), making their predictions difficult to 
generalize. Proteolysis has successfully been predicted using partial 
least-square regression for Emmental cheeses of several origins for a 
relatively large design space involving 91 samples with reasonable ac
curacy (R2 = 0.77), but this model relies on near infrared spectroscopy 
data (Karoui et al., 2006), which are not always readily available. 

Machine learning techniques offer an alternative approach which 
could offer greater generalizability for prediction of cheese proteolysis. 
Machine learning techniques have been developed for other areas of 
dairy manufacturing to predict quality parameters, optimize processing 
conditions and to classify food products based on physical and chemical 
properties (Slob et al., 2021). Machine learning can also be used to 
extract patterns from datasets and develop flexible models that capture 
relationships between process variables, enabling collinear input vari
ables or non-linear relationships to be considered (Chan et al., 2022; Y. 

Lin et al., 2022). 
Successful examples of machine learning in the dairy industry 

include a support vector regression used to determine the somatic cell 
count of raw milk using dielectric spectroscopy (Zhu et al., 2022) or to 
quantify common adulterants in powdered milk, such as starch, whey 
and sucrose, using near infrared spectroscopy (Borin et al., 2006). 
Random forest methods have also been used to predict cheese sensory 
profiles (Granitto et al., 2007), assess cheese maturity using microbial 
composition and metabolome profiles (Afshari et al., 2020) and predict 
consumer acceptance based on sensory evaluations (Rocha et al., 2020). 
A gradient boosting machine method has also predicted milk adultera
tion, using differential scanning calorimetry (Farah et al., 2021) and 
milk composition, using near-infrared spectral (Sheng et al., 2022) and 
infrared spectroscopic data (Sheng et al., 2022), illustrating the broad 
potential of these approaches. Despite the advantages offered by ma
chine learning, it has not yet been used for predicting cheese proteolysis. 

The aim of this study was to investigate the ability of different ma
chine learning techniques to predict the level of proteolysis in Mozza
rella and Cheddar cheeses using data collected from the literature. 
Readily available input features including chemical composition, stor
age time and well-known manufacturing or storage factors, such as pH at 
milling stage, type of acidification, coagulating enzyme and storage 
temperature were selected, as this information is typically recorded 
during manufacture. A second aim was to explain the impact of each 
input feature on model predictions, to identify the features with the 
greatest impact. Predictions of proteolysis can potentially be useful for 
process optimization and inventory management. 

2. Materials and methods 

2.1. Data collection and pre-processing 

A detailed literature review was conducted to collect data in peer- 
reviewed papers on soluble nitrogen content in Mozzarella and 
Cheddar cheeses and to determine how proteolysis can be affected by 
composition, manufacturing and storage factors. To increase the size of 
the dataset and potentially improve the model performance, data were 
selected from both cheese protein (or nitrogen) solubilized in water 
(Kuchroo and Fox, 1982) or buffers at pH 4.6 (Kuchroo and Fox, 1982), 
since both these methods can effectively measure the overall extent of 
proteolysis (McSweeney and Fox, 1997). Mean values reported for sol
uble nitrogen data were obtained either directly from tables or from 
plots via the open-source software PlotDigitizer v.3.0 (https://plotdigiti 
zer.com). PlotDigitizer has been widely used in the literature as an ac
curate tool for data extraction from plots (Aydin and Yassikaya, 2022; 
Jelicic Kadic et al., 2016). The data were restricted to Mozzarella and 
Cheddar made using pasteurized milk and coagulated by rennet, 
excluding camel rennet, and Mozzarella samples stored (ripened) at 
4 ◦C, as these processes are the most common (Barbano et al., 1994; 
Guinee et al., 2002; O’Keeffe et al., 1975). Generally, only data obtained 
from standard, or control experiments, were collected and innovations 
in cheese production, such as experiments using six times the coagu
lating enzyme concentration (Dave, Sharma, et al., 2003) or a mutant 
starter organism (Guinee et al., 1991) were not considered. Large vari
ations in cheese composition, however, such as low fat or salt content or 
cheese made with the addition of secondary or probiotic cultures were 
considered, to provide a broad dataset on which to train the model. A 
total of 327 and 832 datapoints were extracted from 26 papers on 
Mozzarella and 52 papers on Cheddar cheese. The extracted datasets for 
Mozzarella and Cheddar cheese, along with the papers from which the 
data was extracted, are listed in Table A1 and A2, respectively. 

Input features and response variables were determined for both 
cheese types. Potential input features selected for both Mozzarella and 
Cheddar cheese were four compositional properties, including protein 
(%w/w), fat (%w/w), moisture (%w/w) and salt content (%w/w), as 
well as three key manufacturing variables, including milling pH, 
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coagulating enzyme concentration (measured in international milk- 
clotting units (IMCU)/kg of milk) and the storage time after produc
tion (measured in days). The response variable was soluble nitrogen, 
expressed as percentage of total cheese nitrogen (%TN). Two additional 
input features were selected for Mozzarella cheese, these were calcium 
content (%w/w) and the type of acidification process (i.e., enzymatic 
using a starter culture or chemical). These additional features were not 
considered for Cheddar cheese, as the calcium content was missing for 
the majority (75%) of data and most Cheddar samples (94%) were 
produced using a starter culture acidification, so the inclusion of other 
methods of acidification could bias predictions (Jeong et al., 2021). 
Instead, two other features of storage temperature (◦C) and the addition 
or absence of adjunct culture were selected as relevant and important 
factors for Cheddar manufacture. Coagulating enzyme concentration 
was calculated by multiplying the enzyme activity with the dosage of 
enzyme used for cheesemaking (McCarthy et al., 2017b; Wang and 
Moraru, 2021). Enzyme activity for each experiment was either 
collected from the corresponding paper or found in the relevant manu
facturers’ catalog. The activity was calculated using the IDF Standard 
157:2007 for calf rennet (IDF 157, 2007), details of which can be found 
elsewhere (Tabayehnejad et al., 2012). The final set of input features 
was refined to minimize high correlations between features and multi
collinearity (Fig. 1). 

Highly correlated features or features causing multicollinearity were 
identified, to ensure that features included in the model provide unique 
information. Multicollinearity occurs when there are two or more highly 
correlated input features (i.e., there is an approximately linear rela
tionship between input features) and can lead to a misleading expla
nation of the effect of an input feature on the response variable (Chan 
et al., 2022). One way to assess the strength and direction of linear re
lationships between any pair of features, is to calculate the Pearson 
correlation as Eq. (1) (Rodgers and Nicewander, 1988): 

rxz =

∑m
i=1(xi − x)(zi − z)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1(xi − x)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑m
i=1(zi − z)2

√ (1)  

where rxz is the Pearson correlation between features x and z. x and z are 
mean of features in the entire dataset with size m (i.e., 327 and 832 for 
Mozzarella and Cheddar, respectively). Pearson correlation (r) varies 
between − 1 and + 1 and values in the range of |r| ≤0.35, 
0.35< |r| ≤0.67 and |r| >0.67 were considered low, moderate and high 
correlations, respectively using established criteria (Taylor, 1990). 

Variance inflation factor (VIF) was calculated as an indicator of 
multicollinearity, calculated as follows for an input feature j (Chan et al., 
2022): 

VIFj =
1

(1 − R2
j )

(2)  

where R2
j is the coefficient of determination calculated from regression 

of the input feature j on other features. No formal value has been re

ported for VIF to determine multicollinearity but a value greater than 10 
often indicates multicollinearity (Chan et al., 2022; Stine, 1995). To find 
the Pearson correlation and VIF for the two datasets, categorical input 
features were assigned numerical values of 0 and 1 for chemical and 
enzymatic (i.e., starter culture) acidification of Mozzarella or for in
clusion or exclusion of an adjunct culture for Cheddar, respectively. 

Next, data pre-processing steps were taken to increase model 
robustness. Firstly, 80% of datapoints were randomly assigned into a 
training set and the remaining 20% allocated into a test set. These same 
training and test sets were applied for all machine learning techniques. 
Pre-processing was then performed separately for the training and test 
sets, rather than on the entire dataset (training + test set), to prevent 
information leakage, which can lead to over-estimation of predictions 
(Kapoor and Narayanan, 2022). Missing values in the datasets (17% in 
milling pH and 20% in calcium content of Mozzarella and 3% in milling 
pH, 3% in salt content and 6% in enzyme concentration of Cheddar 
dataset) were treated by median imputation, to avoid bias or poor model 
performance (Emmanuel et al., 2021). Due to the skewed distribution of 
data, which contained several outliers, median imputation was used to 
replace missing data in both training and test sets. This is a common 
method for treating missing data in skewed distributions (Hasan et al., 
2021), which involves replacing the missing values with the median of 
the available data in the training set. 

Finally, data for all input features and response variables were 
normalized using the following equation (J. Li et al., 2020): 

x∗i =
xi − μ

s
(3)  

where xi is the original value of the feature i, μ and s are the mean and 
the standard deviation of data of feature i in the training set, respectively 
and x∗

i is the normalized value of xi. 

2.2. Modeling methods 

The set of potential input features were refined using the Pearson 
correlations (Eq. (1)) and VIF values (Eq. (2)) to identify highly corre
lated features and as an index of multicollinearity, respectively. A 
multilinear regression model and three different supervised machine 
learning algorithms, i.e., random forest, gradient boosting and support 
vector regression, were developed to find the best method for deter
mining predictive relationships among the input features and response 
variable (i.e., level of proteolysis). MATLAB 2022R2 was used to build 
all four models. The general workflow of the study is shown in Fig. 1. 

A 5-fold cross-validation method (Hosseinzadeh, Zhou, Altaee, et al., 
2022) was performed using the training dataset to select the best 
hyperparameters for machine learning algorithms to improve robustness 
and predictability and to avoid overfitting (Sun et al., 2022). Training 
data were randomly split into 5 subsets of which 4 were used for training 
the model and 1 for this additional validation step. The 
training-validation process was repeated 5 times for different combi
nations (i.e., each time a different subset was chosen as the validation 

Fig. 1. General workflow of the study.  
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set) and the average root mean square error (RMSE) for the 5 assess
ments was considered for the model (Fig. A1). A Bayesian optimization 
method was next used to tune the hyperparameters for each machine 
learning algorithm, improving predictive performance. The hyper
parameters are further described below in the relevant sections for each 
algorithm. 

Performance of the multilinear regression and machine learning 
models was estimated on the external test set using measures of mean 
absolute percentage error (MAPE), root mean square error (RMSE) and 
the coefficient of determination (R2), which are defined as follows 
(Hasan et al., 2021): 

MAPE =
100%

n

∑n

i=1
|
yi − ŷi

yi
| (4)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − ŷi)
2

n

√

(5)  

R2 = 1 −
∑n

i=1(yi − ŷi)
2

∑n
i=1(yi − y)2 (6)  

where yi and ŷi are the actual and predicted response variable of soluble 
nitrogen, respectively, y is the average value of actual soluble nitrogen 
and n is the number of datapoints in the test set. 

Next, the potential for overfitting and underfitting was assessed, 
where a model performs very well on training data but fails to generalize 
on external, or unseen data such as the test set in this study, or when the 
dataset is too small, so the model performs poorly on both training and 
test sets, respectively (You et al., 2022). A learning curve was used as a 
diagnostic tool to assess machine learning model performance (i.e., 
mean squared error) on both the training and test sets, while holding the 
test set fixed and gradually increasing the size of the training data (Giola 
et al., 2021; Hosseinzadeh, Zhou, Zyaie, et al., 2022). This approach 
should not be confused with the same term used in artificial neural 
network literature (Viering and Loog, 2021). To generate learning 
curves for all machine learning algorithms, the original data was par
titioned into training and test sets using an 80:20 ratio, as explained in 
Section 2.1, with the same test set used throughout the analysis. 

2.2.1. Multilinear regression 
A multilinear regression method was first used to fit the data; this 

statistical method can analyze the relationship between several input 
features, or independent variables, and a response, or dependent vari
able. In this method, the goal is to find a linear relationship between the 
input features and the response variable, using the following linear 
model (Uyanık and Güler, 2013): 

Y = b0 + b1X1 + b2X2 +… (7)  

where Y is the response variable and X1, X2,. are input features. b0, b1, … 
are model coefficients, which can be estimated by applying a least 
square method, where the sum of the squared differences between the 
predicted and actual values of the response variable are minimized 
(Sergent et al., 1995). 

2.2.2. Random forest 
A random forest, a type of ensemble learning method that combines 

multiple decision trees, was applied next, where each tree acts in parallel 
as a single regressor and predictions are aggregated to derive the final 
model prediction. Each decision tree is trained individually using a 
bootstrap-aggregation method and feature-randomness technique (Pra
sad et al., 2006). The former reduces the prediction variance (J. Li et al., 
2020) by selecting a random subset of training data with replacement (i. 
e., individual datapoints can be selected multiple times) and the latter 
ensures low correlation among decision trees by sending a random 
subset of input features into each decision tree (Prasad et al., 2006) (as 

shown schematically in Fig. A2). 
Several hyperparameters were tuned using Bayesian optimization to 

enhance the random forest prediction, including the number of decision 
trees, the minimum leaf size (determining the minimum number of 
datapoints required to be at a leaf node), the maximum number of splits 
and the number of input features to select randomly for each split. 
Table A3 lists the hyperparameter ranges used to build the random forest 
model, selected using MATLAB, for Mozzarella and Cheddar cheese. A 
narrower range (i.e., [1,10]) was selected for the maximum number of 
splits, which determines how each decision tree can grow during the 
training, to avoid the formation of deep trees and risk of overfitting 
(Patange et al., 2022). 

2.2.3. Gradient boosting 
Gradient boosting, another type of ensemble learning method, that 

builds decision trees in series was also applied. In this method, each tree 
acts as a weak learner to create an arbitrarily strong learner (Friedman, 
2001). The ensemble starts with a single weak learner, defined as the 
tree that can perform at least slightly better than a random guess on a 
given training set (Zhou et al., 2021) and new weak learners are added 
sequentially, with the aim of minimizing the overall error or loss of the 
model during training (as shown schematically in Fig. A3). Here, a 
least-squares regression algorithm (Friedman, 2001) was used to 
implement the mean squared error loss function (Elavarasan and Vin
cent, 2020) on the training dataset. The supplementary material also 
provides more details on the gradient boosting theory. 

The performance of the gradient boosting model was enhanced by 
tuning a set of hyperparameters, using the method applied above for the 
random forest (see Table A3 for tuning ranges), where the hyper
parameters were the number of decision trees, the learn rate, the min
imum leaf size, the maximum number of splits and the number of input 
features to select randomly for each split. 

2.2.4. Support vector regression 
The third machine learning method applied, support vector regres

sion, is based on statistical learning theory (İskenderoğlu et al., 2020) 
and is suitable for linear and non-linear regression problems. In this 
method, a margin of error, ε, is defined by creating an ε-insensitive re
gion, where the goal is to find a function that has at most ε deviation. A 
kernel function is normally useful to transform training datapoints from 
a low-dimensional to a higher-dimensional vector space, where a linear 
hyperplane can be found (Smola et al., 2004). Here, a Gaussian radial 
basis function was employed as the kernel function, since it has 
reportedly generated promising predictions in previous studies (Hos
seinzadeh, Zhou, Altaee, et al., 2022; J. Li et al., 2020; Nguyen et al., 
2021). Support vector regression attempts to formulate the kernel 
function as an optimization problem, aiming at finding the narrowest 
ε-insensitive region possible, i.e., reducing the prediction error. A soft 
margin loss function (Cortes and Vapnik, 1995) was also used here to 
introduce slack variables for predictions that are outside of the region 
(farther than ε from actual values). A regularization parameter (C) was 
also defined, which controls the penalty imposed on slack variables and 
helps to prevent overfitting (as shown schematically in Fig. A4). The 
supplementary material provides further details on the support vector 
regression theory. 

Epsilon (ε) and the regularization parameter (C) were tuned to find 
the best support vector regression model. The kernel scale, or kernel 
coefficient parameter (Nguyen et al., 2021), was also tuned, as this is 
another important hyperparameter for a gaussian kernel that controls 
the width of the Gaussian and the flexibility of the model, which can 
affect the predictability of support vector regression (Ben-Hur et al., 
2008). Ranges determined in MATLAB were used for hyperparameter 
tuning, as listed in Table A3. 
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2.3. Model explainability and the impact of input features 

After developing the four models and evaluating their predictive 
performances, the model with the best performance (with respect to the 
metrics introduced in Eqs. (4)-(6)) was assessed to determine the 
importance of specific input features. The method of SHapley Additive 
exPlanations (SHAP), an extension of Shapley values from cooperative 
game theory (Shapley, 1953), was adopted as an accurate and consistent 
method (Lundberg et al., 2018) to help explain the importance of each 
input feature in the predictions of the selected model (Lundberg and Lee, 
2017). Local SHAP values were calculated by determining the marginal 
contribution of each input feature to the prediction of every single 
observation in the training set (i.e., 262 and 666 datapoints for 
Mozzarella and Cheddar, respectively) considering all possible combi
nations of input features (Jeong et al., 2021; Lundberg and Lee, 2017). 
Local SHAP values can be positive or negative, indicating whether a 
feature has a positive or negative impact on the deviation of the pre
diction from the average (calculated from all possible combinations of 
input features), i.e., positive and negative values show a positive and 
negative contribution of the feature, respectively (Kruse et al., 2021; 
Lundberg and Lee, 2017). A score was assigned to each feature across all 
observations in the training set, reflecting its relative importance in each 
prediction and local interpretability. To make numerical representation 
of categorical features possible in SHAP summary plots, these features 
were encoded by assigning integers 0 and 1 to chemical and starter 
culture acidification for Mozzarella or for exclusion or inclusion of an 
adjunct culture for Cheddar, respectively. A global SHAP value was also 
calculated for each feature by adding absolute local SHAP values, which 
can be used to identify the most and least significant features contrib
uting to the response variable across the set of input features. 

3. Results and discussion 

Data on Mozzarella and Cheddar cheese proteolysis from the litera
ture were collected to identify potential input features into the multi
linear regression and three machine learning models (random forest, 
gradient boosting and support vector regression), together with the 
corresponding level of soluble nitrogen. Input features included cheese 
composition, manufacturing variables and storage variables. Multi
collinearity assessment was performed to exclude highly correlated 
features. The predictive performance of the four models was then 
compared and the best model was used to determine the local and global 
significance of each feature in predicting soluble nitrogen. Each of these 
steps and the results obtained from the four models are examined here in 
turn. 

3.1. Exploration of input features for Mozzarella and Cheddar cheese 
models 

To find linear correlations between the potential input features and 
assess multicollinearity, Pearson correlations (r) (Eq. (1)), as well as the 
variance inflation factor (VIF; Eq. (2)), were evaluated. Values greater 
than 0.67 for the Pearson correlation (Taylor, 1990) and 10 for VIF 
(Chan et al., 2022; Stine, 1995) were considered a measure of high 
correlation and a sign of multicollinearity, respectively. 

A high negative Pearson correlation was observed between protein 
and fat for both Mozzarella and Cheddar (− 0.75 and − 0.88, respec
tively; Fig. A5 and A6). High negative correlations were also observed 
between fat and moisture for both cheeses (− 0.69 and − 0.81, respec
tively) and between protein and moisture for Cheddar (0.65). These high 
correlations were expected, as the proportions of different components 
are related, with a change in one component affecting another. A high 
negative correlation was also observed between the milling pH and the 
type of acidification employed to make Mozzarella (r = − 0.7), since a 
higher milling pH of ~5.6 is often used for chemical acidification 
(Feeney et al., 2002; Henneberry et al., 2015; Sheehan and Guinee, 

2004), compared to a typical pH of ~5.2 used for starter culture acidi
fication. Multicollinearity was observed among the Mozzarella input 
features of protein, fat and moisture, with VIF of ~10, 21 and 10.9, 
respectively (Table A4) but was not observed in the dataset collected for 
Cheddar cheese, probably due to higher number of observations in the 
Cheddar dataset (i.e., 832) compared to that of Mozzarella (i.e., 327) 
(Guan and Fu, 2022). 

Fat was selected as a feature to retain in the model and protein 
excluded, to reduce correlation between input features, as the fat con
tent varies across a wider range for both Mozzarella (~4–28%w/w) and 
Cheddar cheese (~1–40%w/w), compared to the variation in protein 
(~23–36%w/w for Mozzarella and ~21–40%w/w for Cheddar). It 
should be noted that variations in protein could also be considered as 
substantial, however, this variation is less than the variations observed 
in the fat content. Fat variation is also reflected in different cheese 
categories, including low-fat (Fife et al., 1996), reduced fat (Rudan et al., 
1998) and full fat cheese (Rudan et al., 1999). This selection reduced the 
high Pearson correlations and VIF, which could otherwise make the 
model unreliable (Chan et al., 2022) and led to a significant decrease in 
VIF with a maximum of ~6 and ~3 (Table A4) for the Mozzarella and 
Cheddar datasets, respectively (Fig. A5 and A6). Some linearly corre
lated features were still present in the dataset after feature selection, 
which can potentially reduce the accuracy of the models developed, 
specifically for multilinear regression, as this method is less effective 
than machine learning in handling correlated datasets (Chan et al., 
2022). 

A non-linear relationship was observed between the selected input 
features and soluble nitrogen for both cheese types, as shown by scat
terplots of the data (Fig. A7 and Fig. A8). Only the storage time showed a 
slight linear trend with an R2 of 0.44 and 0.46 (based on linear regres
sion for a single parameter) for Mozzarella (Fig. A7g) and Cheddar 
(Fig. A8g), respectively. This observation aligns with the low Pearson 
correlations calculated for soluble nitrogen with most input features (<
0.27) and the relatively high correlation between soluble nitrogen and 
storage time (> 0.66) (Fig. A5 and A6). 

Most input feature data collected fell in a similar range for both the 
Mozzarella and Cheddar cheeses, with a similar median occurring for 
both datasets as shown in Fig. 2. The median was similar for salt content 
(median of 1.6%w/w for Mozzarella and 1.7%w/w for Cheddar), 
enzyme concentration (median of 38.5 IMCU/kg of milk for Mozzarella 
and 44 IMCU/kg of milk for Cheddar) and milling pH (median of 5.2 for 
Mozzarella and 5.4 for Cheddar), with a few outliers as exceptions. 
Mozzarella typically contains a higher moisture content than Cheddar 
(median of 48.4%w/w and 39.3%w/w for Cheddar), which gives a 
higher meltability (Lefevere et al., 2000), although this also leads to a 
shorter shelf life (25 days median and 91 days maximum for Mozzarella 
compared to 60 days median and 270 days maximum for Cheddar; 
Fig. 2). Cheddar has a higher fat content than Mozzarella (31%w/w 
median and 21%w/w median) (Fig. 2) and most Mozzarella cheeses had 
calcium concentration ranging between 551 mg/100 g of cheese and 
976 mg/100 g of cheese, with a few outliers slightly above or below this 
range (Fig. 2a). Within the categorical input features, use of starter 
culture acidification (or a starter culture) was more common than 
chemical acidification for manufacture of Mozzarella manufacture 
(Fig. 2a) and the absence of adjunct culture was more common for 
Cheddar manufacture (Fig. 2b). 

3.2. Evaluation of model performance 

The predictive performance of the models was compared, showing 
that the three machine learning algorithms outperformed multilinear 
regression in the prediction of soluble nitrogen, resulting in lower errors 
and higher R2 values, as shown in Table 1. Figs. 3 and  4 also illustrate 
the high correlation between predicted and experimental data for 
Mozzarella and Cheddar using machine learning techniques, 
respectively. 
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As it can be seen from Fig. 2, the response variable of soluble ni
trogen was higher in Cheddar (13.48%TN median and 38%TN 
maximum) than in Mozzarella (4.83%TN and 13.1%TN, respectively). 
This is a direct result of the shorter shelf life of Mozzarella, where less 
proteolysis occurs, whereas the longer shelf life and greater proteolysis 
applied to Cheddar cheese assists in the development of desirable 
qualities, such as flavor (Hannon et al., 2003b). Processing and storage 
factors, such as the use of an adjunct culture (Lane and Fox, 1996) (20% 
of datapoints in Fig. 2b) or a higher storage temperature (Fenelon et al., 
1999) (i.e., > than the 8 ◦C median in Fig. 2b), can also accelerate 
proteolysis in Cheddar. Additionally, comparing the soluble nitrogen 
data of Mozzarella (Fig. 3) and Cheddar (Fig. 4), the latter dataset has a 

different scale, with most data tightly clustered near the origin between 
0–30% total nitrogen (TN) and some data spread at higher TN (Fig. 2). 

Soluble nitrogen levels fell in a generally similar range when ob
tained by pH 4.6 and WSN analyses for Mozzarella and Cheddar cheese, 
as depicted in Fig. A9a and Fig. A9b, where, excluding the outliers, the 
data for pH 4.6 soluble nitrogen were from 1.03%TN to 12.06%TN and 
for WSN from 1.89%TN to 16.33%TN for Mozzarella and from 1.84%TN 
to 32.84%TN and from 1.31%TN to 39.91%TN for Cheddar respectively. 
This observation reflects trends reported elsewhere for internal bacte
rially ripened cheese types (Fox, 1989; Kuchroo and Fox, 1982; 
McSweeney and Fox, 1997). For Mozzarella, the range of the WSN was 
slightly larger than the pH 4.6 soluble nitrogen and for Cheddar the 

Fig. 2. The distribution of data for input features and the response variable (soluble N (nitrogen)) for (a) Mozzarella (n = 327) and (b) Cheddar cheese (n = 832) 
used to build the predictive models. Box plots and pi charts are used to represent the distribution of numerical and categorical data, respectively. (c) The box in each 
plot represents the interquartile range containing the middle 50% of the data, where the four lines from bottom to the top in each box plot are the minimum, the first 
quartile, the third quartile and the maximum of the statistical data, respectively. In addition, circles (⊙) and asterisks (*) on each boxplot show the position of the 
median and any outliers, respectively. 
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range of WSN was also greater; higher WSN values have been reported 
previously (McSweeney and Fox, 1997) and in the case of Cheddar an 
increase in cheese pH during ripening could contribute to these changes. 
The two measures were assumed similar and effectively combined in the 
analysis and modeling performed here but could potentially be sepa
rated for aged cheese with extensive proteolysis in future modeling. 

Multilinear regression gave an RMSE of 1.7%TN and 5%TN and 
failed to predict a fraction of the unseen data in the test set for Mozza
rella (36%) and Cheddar (37%) (Table 1) (as measured by MAPE). The 
inferior performance of multilinear regression could be attributed to the 

presence of linearly correlated features (e.g., fat and moisture content; 
Fig. A5 and A6), as well as the existence of a non-linear relationship 
between all input features, except for the storage time, and soluble ni
trogen, as identified by Pearson correlations smaller than 0.27 (Fig. A5 
and A6), as well as in the corresponding scatter plots (Fig. A7 and A8). 
This finding is consistent with previous reports of the superior perfor
mance of machine learning methods applied to other foods, including in 
studies of the mechanical parameters of cranberries (Gorzelany et al., 
2022), as well as predictions of total soluble solids and the pH of 
strawberries (Adedeji et al., 2022) or variation in the yield of maize (M. 
Li et al., 2021). 

The gradient boosting and support vector regression algorithms were 
better able to predict soluble nitrogen compared to the random forest 
algorithm. While the training and test errors converged to a low value in 
learning curves plotted for the three algorithms (Fig. A10 and A11 for 
Mozzarella and Cheddar, respectively), signaling generalizable and 
well-fitted models that did not over- or underfit the data (You et al., 
2022), a larger gap remained between the curves for the random forest 
algorithm (Fig. A10a and A11a for Mozzarella and Cheddar, respec
tively). This gap indicates that adding more than 100 datapoints into the 
training set did not further improve performance for the random forest 
algorithm. The increased training error observed in the learning curves 
of support vector regression for Mozzarella with the addition of more 
training samples could be due to a small epsilon-insensitive region (Fig 
A4). This could result in more training samples falling outside this re
gion, leading to the observed greater error. The model for Mozzarella 
had a significantly smaller epsilon value (~0.001) than Cheddar 
(~0.37) (Table A3), consistent with this hypothesis. 

Gradient boosting provided the most accurate prediction of soluble 
nitrogen, using the metrics defined as Eqs. (4–6), with an RMSE of 0.77% 

Table 1 
Predictive performance of the four different models using the metrics of root 
mean squared error (RMSE), mean absolute percentage error (MAPE) and the 
coefficient of determination (R2) for Mozzarella and Cheddar cheese. The same 
set of features, test set and data split ratio of 80:20 (training:test data) were used 
for all four models.  

Mozzarella 
cheese 

Multilinear 
regression 

Random 
forest 

Gradient 
boosting 

Support 
vector 
regression 

RMSEa (%TN) 0.6 0.43 0.08 1 
RMSE (%TN) 1.7 1.34 0.77 1.12 
MAPE (%) 36 26 13 17 
R2 (%) 60 75 92 82 
Cheddar 

cheese 
Multilinear 
regression 

Random 
forest 

Gradient 
boosting 

Support 
vector 
regression 

RMSE1 (%TN) 0.57 0.35 0.05 1.49 
RMSE (%TN) 5 3.36 1.44 2.13 
MAPE (%) 37 26 9 13 
R2 (%) 67 85 97 94  

a The metric was measured on the training set. 

Fig. 3. Correlation between predicted and actual experimental data for soluble nitrogen determined using (a) multilinear regression, (b) random forest, (c) gradient 
boosting and (d) support vector regression models for Mozzarella cheese. The same set of features, test set were used for all four models and data were split with a 
ratio of 80:20 between training and test sets. RMSE is the root mean squared error (Eq. (5)) and R2 the coefficient of determination calculated for the test set (Eq. (6)). 
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TN, MAPE of 13%TN and R2 of 92% for Mozzarella and an RMSE of 
1.44%TN, MAPE of 9% TN and R2 of 97% for Cheddar cheese. This 
superior performance was also evident in the denser scatter plots, where 
data clustered closer to the x = y line for Mozzarella (Fig. 3) and 
Cheddar (Fig. 4). The use of median imputation to replace missing data 
was also effective, as gradient boosting performed on the dataset with 
missing data resulted in a higher MAPE, i.e., 19% for Mozzarella and 
12% for Cheddar. Gradient boosting has previously been reported to 
outperform support vector regression in the prediction of genomic 
breeding values (Ogutu et al., 2011) and to perform better than a 
random forest algorithm in determining milk adulteration using differ
ential scanning calorimetry profiles (Farah et al., 2021). 

The support vector regression algorithm performed better than the 
random forest algorithm, resulting in lower RMSE and MAPE, as well as 
higher R2 for both Mozzarella and Cheddar cheese; the scatter was also 
lower in the plots of predicted and actual data (Figs. 3 and 4). Previously 
a support vector regression algorithm predicting fuel characteristics of 
hydrochar and pyrochar also performed better than a random forest 
alternative (J. Li et al., 2020). It should be noted, however, that the 
performance of machine learning algorithms can vary depending on the 
specific problem or data being analyzed (Awan et al., 2020). For 
instance, a random forest algorithm outperformed a support vector 
machine in predicting potential mining locations (Rodriguez-Galiano 
et al., 2015) and also outperformed a gradient boosting algorithm in the 
prediction of total soil nitrogen and carbon (Nawar and Mouazen, 
2017), making it necessary to assess the best method for each 
application. 

Moisture-in-nonfat substance (MNFS) could also potentially be 
another important feature, as it can significantly impact the level of 
proteolysis in Mozzarella (Rudan et al., 1999) and Cheddar (Fenelon 

et al., 2000) cheese. Including MNFS as an additional feature, however, 
did not improve the performance of the gradient boosting algorithm, 
giving an MAPE of 16% and 9% for Mozzarella and Cheddar, respec
tively. Similarly, replacing the moisture content with MNFS did not 
enhance the gradient boosting algorithm, with an MAPE of 13% and 
11% for Mozzarella and Cheddar, respectively. Therefore, for the cur
rent dataset, the model is trained better when considering fat and 
moisture as features than when MNFS is included as a feature. 

The gradient boosting algorithm, which performed best here, was 
further examined to ensure optimal performance by examining 40 
different cases using 10 different seedings for random splitting of the 
data (numbered 0, 1, …, 9) and 4 different split ratios of the data (i.e., 
ratios of 75:25, 80:20, 85:15 and 90:10 for training: test set data). This 
approach, following a published method (Jeong et al., 2021), was 
applied to both Mozzarella and Cheddar and the same metrics used to 
assess the performance. 

Good performance was observed for the gradient boosting algorithm 
for the expanded set of data cases, which resulted in only small changes 
in RMSE, MAPE and R2 for both cheese types (Table A5 and A6). The 
RMSE ranged from 0.59%TN to 0.95%TN for Mozzarella and 1.17%TN 
to 1.89%TN for Cheddar, while the MAPE ranged from 7% to 16% and 
from 6% to 12% respectively, with the R2 ranging from 85% to 97% and 
from 95% to 99% (Table A5 and A6). This data indicates that the tool 
developed is potentially generalizable and can predict the level of pro
teolysis in Mozzarella and Cheddar cheeses. 

3.3. Model interpretation using SHAP analysis 

The successful gradient boosting algorithm was selected for further 
analysis to assess the impact of input features on the level of soluble 

Fig. 4. Correlation between predicted and actual experimental data of soluble nitrogen determined using (a) multilinear regression, (b) random forest, (c) gradient 
boosting and (d) support vector regression models for Cheddar cheese. The same set of features and test set were used for all four models and data were split with a 
ratio of 80:20 between training and test sets. RMSE is the root mean squared error (Eq. (5)) and R2 the coefficient of determination calculated for the test set (Eq. (6)). 
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nitrogen predicted for Mozzarella and Cheddar cheese. To this end, local 
SHAP values were calculated for the observations in the training sets of 
Mozzarella (262 datapoints) and Cheddar (666 datapoints) to assess the 
impact of input features. 

Storage time was found to be the most influential factor on both the 
Mozzarella and Cheddar cheese models using SHAP analysis, as shown 
in Fig. 5a and b, respectively. These SHAP summary plots present both 
the global patterns of each of the eight input features and individual 
variability in the level of soluble nitrogen predicted using each of the 
datapoints used in the training set for each model. Positive or negative 
values in Fig. 5a or b show a positive or negative contribution to the 
deviation from the average prediction (Kruse et al., 2021). The color 
scale also indicates a value within a normalized range for each input 
feature. For example, in Fig. 5a, a storage time feature with a blue − 1 
SHAP value indicates that the storage time was at its minimum value (i. 
e., 1 day) and that the datapoint represented contributed negatively to 
the prediction of soluble nitrogen level. 

While storage time was of high importance for both models, the 
relative importance of other input features varied for the Mozzarella and 
Cheddar cheese models, as illustrated in Fig. 5c and d, where the impact 
of the input features is ranked in order of relative importance. After 
storage time, enzyme and calcium concentrations were next most 
important for Mozzarella, whilst fat and moisture content were of next 
highest importance for Cheddar, reflecting the different composition 
and manufacturing processes for the two cheeses. 

The dominant positive effect of cheese storage time on the proteo
lytic predictions for both Mozzarella and Cheddar (Fig. 5) was expected, 
as proteolysis increases over time. It has been well documented in the 
literature that aging cheese results in greater bacterial and enzymatic 

activity, breaking down the protein network into smaller proteins and 
peptides, giving rise to an increase in the concentration of soluble ni
trogen in both Mozzarella and Cheddar cheese (Costabel et al., 2007; 
Wilkinson et al., 1992), consistent with the importance assessed here. 
Without the inclusion of storage time as an input feature, the gradient 
boosting model performs poorly, with an MAPE of 64% for Mozzarella 
and 73% for Cheddar. Similarly, building a model solely based on 
storage time would result in inadequate MAPE values of 30% for 
Mozzarella and 34% for Cheddar, illustrating the importance of a 
complete set of input features that includes storage time and other 
features. 

Importantly, the effect of the other next important features on the 
models can also be explained by observations in the literature. 
Increasing the concentration of coagulating enzyme had a positive 
impact on the level of soluble nitrogen (Fig. 5a), which can be due to an 
increase in the concentration of residual rennet (Dave, McMahon, et al., 
2003). This is consistent with previous reports that the level of coagu
lating enzyme in Mozzarella made with 0.25X, 1X and 4X rennet (where 
X = 50 IMCU/kg of milk) reached a stage of 50% intact β-casein 56, 21 
and 6 days after production and storage at 4 ◦C, respectively (Dave, 
McMahon, et al., 2003). Reducing Calcium, impacted positively on 
proteolysis in Mozzarella (Fig. 5a), likely as a lower calcium concen
tration can enhance the susceptibility of casein micelles to proteolysis, 
leading to a greater degree of primary and secondary proteolysis (Fee
ney et al., 2002; Guinee et al., 2002). Additionally, the manufacturing 
process of reduced calcium Mozzarella involves lower pH levels at the 
setting and whey drainage stages, which leads to increased moisture 
content and rennet retention, leading to enhanced proteolysis (Feeney 
et al., 2002; Guinee et al., 2002). 

Fig. 5. Assessment of input feature importance on the predictions of soluble nitrogen (%TN) made by the gradient boosting model, as assessed by SHAP analysis. 
Each of the plots in a and b represent the impact of each datapoint for each input feature on the soluble nitrogen predicted for (a) Mozzarella and (b) Cheddar cheese, 
where each dot represents an observation in the corresponding training set. Data were all normalized to a similar scale. Positive and negative values correspond to 
high and low variable values in the plots in a and b, respectively. The mean absolute SHAP values for each feature are also presented in ranked order of importance 
for (c) Mozzarella and (d) Cheddar. SHAP values were calculated using the gradient boosting model, where the data were split with a ratio of 80:20 between training 
and test sets. 

M. Golzarijalal et al.                                                                                                                                                                                                                           



Food and Bioproducts Processing 144 (2024) 132–144

141

For the Cheddar model, an increase in fat content impacted posi
tively on the level of soluble nitrogen (Fig. 5b), due to an increase in the 
level of moisture-in-nonfat substance (Fenelon et al., 2000; Guinee, 
Auty, Mullins, et al., 2000), a lower degree of casein aggregation or a 
higher enzyme activity-to-protein ratio (McCarthy et al., 2016). Simi
larly, an increase in moisture content had a positive impact on the level 
of soluble nitrogen (Fig. 5b), as previously reported (Phelan et al., 
1973), which can arise due to the environment being more favorable for 
enzymatic and bacterial proteolytic activity, due to the reduced con
centration of dissolved salt (i.e., salt-in-moisture concentration) (Upreti 
et al., 2006). 

While intuitive, the local SHAP values should be treated carefully, as 
they can generate misleading results when features interact (Lundberg 
et al., 2020) or are correlated (Hiabu et al., 2023), which is true for some 
features of both Mozzarella and Cheddar datasets examined here. 
Moisture and fat are highly correlated for both cheeses, while acidifi
cation type is also highly correlated with moisture content and milling 
pH for Mozzarella (Fig. A5 and A6). Several input features also have 
significant two- or sometimes three-level interaction effects on soluble 
nitrogen level for each cheese type, e.g., a three-level interaction of 
storage time, coagulating enzyme concentration and fat content (Dave, 
McMahon, et al., 2003) or a two-level interaction of storage time and 
calcium or fat (Henneberry et al., 2015) for Mozzarella and a two-level 
interaction of storage time and salt-in-moisture (Upreti et al., 2006) or 
fat content (McCarthy et al., 2016) for Cheddar. Therefore, local SHAP 
values for less significant features can be distorted by the impact of other 
feature values (Hiabu et al., 2023), which can explain differences or 
unexpected patterns observed for the impact of moisture or fat content 
for Mozzarella (Fig. 5a), as well as enzyme concentration or salt content 
for Cheddar (Fig. 5b). Hence, confidence is higher in the top three input 
features identified by SHAP in Fig. 5c and d, as their trends align with 
previous experimental observations. 

3.4. Industrial implications 

This study described two useful outputs for industry: 1) a set of 
machine learning models demonstrating a proof-of-concept approach 
and 2) an associated SHAP analysis. The machine learning approach 
demonstrated can be used to assist cheese manufacturers by accurately 
predicting the level of proteolysis in cheese using readily available input 
features, potentially aiding process optimization and quality assurance. 
Insights from SHAP analysis can be used to help optimize formulation, 
processing techniques and storage conditions by highlighting the rela
tive importance of each of these factors. 

The models could be applied in several ways. The time course of 
proteolysis can be predicted for a new test set of desired process con
ditions at a given storage timepoint. All the input features considered in 
this study (explained in Section 2.1) will be required by the proposed 
models to predict proteolysis with an R2 of 92% and 97% for Mozzarella 
(Fig. 3) and Cheddar (Fig. 4), respectively. Alternatively, any of the 
input features can be adjusted to achieve a desired level of proteolysis. 
This information could then be used to optimize cheese production and 
to enhance inventory management planning, ensuring a particular 
Mozzarella functionality or Cheddar flavor and texture profile. 

While the developed models hold significant promise, they may not 
capture the full range of conditions observed in industrial cheese pro
duction and could be extended with industrial data. Predictions made by 
machine learning models are known to be restricted to the design range 
of the training dataset and the models developed here rely on data 
available in the literature, which is mostly sourced from laboratory or 
pilot scale testing. Data obtained from the industry could also consider 
the buildup of microflora in commercial cheese plants (Possas et al., 
2021), which could significantly affect cheese proteolysis over the 
course of a manufacturing day. Incorporating additional industry data 
could enhance model robustness and applicability, although 
manufacturing data may inherently be less variable, due to the restricted 

specifications used within manufacturing, so the combination of litera
ture and industry data may be more productive than data replacement. 

The current models may be extended to predict the quality and 
functionality of Mozzarella and Cheddar cheeses, by incorporating 
additional input features related to sensory attributes, chemical 
composition and physical properties (i.e., stretchability and melt
ability). In this way a more comprehensive model could be developed to 
assess overall cheese desirability, assisting manufacturers to tailor their 
products for specific markets, consumer preferences and regulatory 
requirements. 

The methods and findings obtained from this study have broader 
potential for application beyond Mozzarella and Cheddar cheeses. For 
instance, similar modeling approaches could be employed to predict 
proteolysis in different types of cheeses or dairy products. The knowl
edge gained from this study can also serve as a foundation for predicting 
proteolysis in other protein-based foods (e.g., meat (Lana and Zolla, 
2016), fish (Singh and Benjakul, 2018) and fermented beverages (Liu 
et al., 2022)) or even non-food systems (e.g., protein-based pharma
ceuticals (Benchabane et al., 2008; Nejadnik et al., 2018)), where pro
tein degradation plays a significant role. By adapting and extending 
these methods, researchers may be able to better understand and control 
proteolysis in a wider range of materials and systems. 

4. Conclusion 

The developed gradient boosting algorithm can accurately predict 
the level of soluble nitrogen (as an index for proteolysis) in Mozzarella 
and Cheddar cheese, outperforming random forest and support vector 
regression methods and achieving an R2 of 92% for a Mozzarella dataset 
and 97% for a Cheddar dataset, with a low MAPE of 13% and 9%, 
respectively. All three machine learning algorithms developed out
performed multilinear regression due to the presence of linearly corre
lated features and the existence of a non-linear relationship between 
most input features and soluble nitrogen. Storage time was found to be 
the most significant feature impacting the level of proteolysis of both 
cheese types, followed by other factors, such as the coagulating enzyme 
concentration and calcium content for Mozzarella and the fat and 
moisture content for Cheddar. The models developed use readily 
available input feature data (composition, storage time and 
manufacturing conditions) and this approach could be used by manu
facturers to both predict and optimize production and storage processes, 
assisting in inventory management, particularly when supplemented 
with industry data. This could be useful in ensuring consistent quality 
and functionality in Mozzarella cheese, where proteolysis plays a crucial 
role in determining functional shelf life and in determining the quality 
characteristics of Cheddar, such as flavor and texture, which are key 
factors in determining overall desirability and consumer acceptance. 
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