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ARTICLE INFO ABSTRACT
Keywords: This study aimed to investigate the modeling of antimicrobial activity (AA) of nisin and sorbate
Cheese on Clostridium sporogenes in jar cream cheese (JCC) using the linear regression (LR), multilayer

Clostridium sporogenes

perceptron (MLP) neural network, and reduced error pruning tree (REPTree) methods, in order to
Late blowing defect

Nisin prevent the late blowing defect (LBD) in the cheese. Both preservatives used in JCC samples

Sorbate showed AA against C. sporogenes; so that sorbate at all the concentrations used in JCC samples

Modeling inhibited cracking spoilage during storage period at 35 °C. However, nisin could not inhibit
cracking spoilage at concentration of 30 ppm in the samples, and a higher concentration of it was
needed. The three models used in this study, followed the similar pattern in both training and
validation datasets for nisin and sorbat in JCC. The R? and root mean square error (RMSE) values
of training and validation datasets showed the superiority of the REPTree model compared to the
MLP and LR models (conventional methods) in the modeling of AA of nisin and sorbate against
C. sporogenes in JCC.

1. Introduction

Dairy industrial factories are looking to increase daily milk reception due to financial aspects. In addition to farming and purchase
aspects, the production of dairy products with high shelf-life and variety is important. Among different dairy products, cheese plays a
critical role in the dairy field, from an industrial aspect, because of its extended shelf-life and great variety, which leads to high daily
milk reception [1]. In general, cheeses can be divided into two categories industrially: processed and unprocessed cheeses. The process
is completed by producing the cheese with a different flavor and texture properties and sometimes with a long shelf-life [2]. Cream
cheese (CC) is one type of processed cheeses that is very popular, particularly among children. Due to the high-fat content, it can
provide a significant amount of energy needed for children. CC is a soft and unripen cheese with a creamy texture and acidic or diacetyl
flavor. Generally, CC is produced by the coagulation of cream through acidification with a mesophilic starter culture [3].

Jar cream cheese (JCC) is one type of CCs, which has different production conditions and spreadable texture. JCC is very popular
among consumers, especially in the Middle East countries such as Iran, Iraq, and surrounding countries. This popularity may be due to
its especial texture, flavor, shelf-life and packaging. All the mentioned properties are depended on the type of production process. For
example, the JCC is produced by direct steam contact (steam at 120 °C for 3-5 s) and its special desirable taste is attributed to Millard
reaction. The shelf-life is also increased up to 6 months. The shelf-life may be extended by some preservatives [3]. The shelf-life of
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cheese is important for consumers due to maintaining food safety and security. On the other hand, this subject is also very important for
producers to increase the shelf-life of foods on shop shelves and market scope development. The shelf-life of cheese is limited by
various factors, including mechanical, chemical, and microbial agents [4]. Unwanted microbial growth in cheeses may lead to spoilage
or poising because cheese ingredients and environment may provide a rather suitable medium for spoiling and pathogenic microor-
ganisms, leading to risks to consumer’s health. Therefore, microbial growth inhibition in cheeses after production is critical in the dairy
industry [5].

Generally, processed cheeses are more susceptible to spoilage that may develop during storage. Late blowing defect (LBD) is a
common cause of spoilage in high-pH hard and semi-hard cheeses, which leads to defects in appearance, texture, and flavor. Anaerobic,
endospore-forming Gram-positive, gas-producing bacteria are the main microorganisms responsible for the LBD. Spores of these
bacteria germinate into vegetative types when suitable growth conditions are provided in the cheese; in this condition, different
metabolites are produced through the lactate fermentation, including butyric acid, hydrogen, and carbon dioxide. This produced gas
leads to formation of holes and cracks in the cheese, in addition to undesirable odor and flavor [5,6]. Butyric acid fermentation is
recognized as the main reason for LBD in high-pH cheeses. The fermentation can be done by Clostridium tyrobutyricum and other
Clostridium species, particularly C. butyricum, C. sporogenes, and C. Beijerinckii [7]. The microbial population in the milk used to made
processed cheese plays an important role in this spoilage. Hence, bactofugation is recommended to remove bacteria and bacterial
spores from contaminated milk before cheese manufacturing in the dairy industry. However, the performance of this process is not
perfect; actually, it is relative, and as a result, some spores in the contaminated milk pass through the device [8]. Therefore, the cheese
industry has to use some preservatives to inhibit LBD in cheese, such as nitrate [9], sorbate [10], hexamethylenetetramine [5], pol-
yphosphate [4] as the common chemical additives, and nisin [7,11] and lysozyme [12] as biopreservatives. Among these pre-
servatives, nisin and sorbate are the most used types in the cheese industry.

In addition to using extreme thermal conditions, there are several methods to extend the shelf-life of dairy products; for example,
natural antimicrobials including essential oils, lactoferrin, lysozyme, lactoperoxidase system, fatty acids and related compounds.
Biopreservation means to extend the shelf life of foods by microorganisms and/or their metabolites [13]. Besides, there are
non-thermal approaches including high hydrostatic pressure processing [14], high homogenization pressure, pulsed electric fields,
high power ultrasound, and irradiation [15].

Nowadays, the importance of applying mathematical modeling and computing in food microbiology has been acknowledged. There
are several types of studies on modeling the kinetic of microbial inactivation during thermal and non-thermal food processing.
Empirical models (Baranyi and Gompertz) and polynomial models (artificial neural networks, genetic algorithm-artificial neural
network, and adaptive neuro-fuzzy inference system) are the major types used to model microbial inactivation [16-18]. However, the
use of new models to study the kinetic of non-thermal microbial inactivation and comparing their performance with conventional
models are important. To our knowledge, there is no study in the literature concerning the use of computing technology to predict the
LBD and the activity of nisin and sorbate in JCC. Hence, the aim of this study was to investigate the effect of nisin and sorbate con-
centrations on the LBD of JCC using the linear regression (LR), multilayer perceptron neural network (MLP), and reduced error pruning
tree (REPTree) methods. The research hypothesis of this study was to investigate the antimicrobial effects of nisin and sorbate on
C. sporogenes in JCC, and to determine the optimal concentrations and combinations of these preservatives to prevent cracking
spoilage.

2. Material and methods

Culture media and solvents used in this study were all analytical grade and purchased from Merck, Germany. C. sporogenes (PTCC
1651, ATCC 19404) was prepared from Persian Type Culture Collection (PTCC), Iranian Research Organization for Science and
Technology (IROST), Tehran, Iran.

2.1. Preparation of microbial suspension

C. sporogenes was inoculated on Reinforced Clostridial Agar (RCA, Scharlau Chemie, Barcelona, Spain) and incubated at 37 °C for
24 h in anaerobic conditions (anaerobic jar 2.5 L-volume, Anaerocult® A Merck Millipore, Germany) to prepare a single colony before
storage at 4 °C. The obtained colony was inoculated into Reinforced Clostridial Broth (TSB, Scharlau Chemie, Barcelona, Spain) and
incubated according to the above conditions. The working microbial suspension was obtained from this subculture and adjusted at a
concentration of 1 x 108 CFU/mL in ringer solution using 0.5 McFarland standard.

2.2. Preparation of cheese samples

JCC was produced through direct steam contact (steaming at 120 °C for 3-5 s) at the Golestan Sabah Dairy Co. in Gonbad Kavoos,
Iran. Preservative-free JCC mixture was prepared from the mentioned company and transferred to the microbial laboratory to add
sorbate and nisin in clean conditions and during mixing through Thermomixer Blender (TM6, Vorwerk, Germany) at 85 °C. The
bacterial suspension (concentration = 1 x 10® CFU/g) was inoculated to each sample. As mentioned in the introduction section, the
shelf-life of JCC in ambient temperatures conditions (outside the refrigerator) and even relatively warm environments is important and
targeted; hence, the produced samples were stored at 35 °C for 15 days.
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2.3. Evaluation of antimicrobial activity

Briefly, 10 g of JCC sample was dissolved in 90 mL peptone water and serial dilutions (10-fold) were prepared from the suspension.
Next, 1 mL aliquot from each dilution was pour plated in RCA. After incubation at 37 °C for 48 h under anaerobic conditions, the grown
colonies were counted and expressed as log CFU/g. Each JCC sample was plated in triplicate. The survival curve of C. sporogenes for
each treatment was plotted [19].

2.4. Moisture content

The moisture content of JCC samples was measured according to AOAC [20]. Briefly, dishes were dried in an oven for 30 min. Each
dish was weighed and 3 g JCC sample was put on the dish, and the total weight was measured. The dishes were placed in an oven at
105 °C for 6 h. Afterward, the dishes were cooled down in a desiccator. The cooled dishes were weighed, and the weight loss and finally
the moisture content was calculated [20].

2.5. pH variations

The pH of JCC samples was measured by a pH meter (Benchtop pH meters Seven Compact™ S220 Basic, Mettler Toledo). The
measurements were carried out in triplicate [19].

2.6. Experimental design

Thirty treatments under full factorial experimental design were employed to study the inhibitory effect of potassium sorbate (0,
250, 500, and 1000 ppm) and nisin (0, 30, 60, and 120 ppm) on C. sporogenes growth in JCC. The upper levels of the used preservative
were the highest legal allowed amount. Bacterial enumeration was completed 15 days after production. Duncan’s multiple range test
was used to determine the significant differences among means, and p-value <0.05 was considered statistically significant. All ex-
periments were performed in triplicate.

2.7. Machine learning modeling

To predict the antimicrobial activity (AA) of nisin and sorbate in JCC, we used three machine-learning methods: LR, MLP, and
REPTree. These techniques were chosen because they are suitable for modeling and predicting continuous outcomes, such as the
growth rate and lag phase of C. Sporogenes. Moreover, these techniques have been widely used and validated in previous studies on
different fields [21-24]. Brief descriptions of these methods are as follows:

LR is a statistical technique that estimates the prediction target using the linear relationship between one independent variable and
one dependent variable. LR is the most commonly used estimation method in many fields of science because it has a simple structure
that is easy to use and interpret. Artificial neural networks (ANNs) that are among the most powerful and flexible machine learning
methods that consist of several processing layers, including the input layer, one or several hidden layer(s), and the output layer. MLP is
one of the most common and conventional feed-forward ANNs with a straightforward structure. In a MLP, the input layer receives the
independent variables, whereas the values for the output layer are generated based on the dependent (i.e., target) values of the
problem being modeled. MLP is a robust classifier in pattern classification problems. MLP is a distributed approach that its output is
generated via linear combinations of the outputs of the hidden layer(s) [25]. REPTree is a decision tree classifier that utilizes the
principle of calculating information gain with entropy and error minimization of variance [26] for dealing with classification and
prediction problems. Using the regression tree approach, REPTree generates several trees in various iterations. Then, it selects the best
tree from all the ones generated. This decreases the complexity of the modeling process, particularly for large datasets. The REPTree’s
pruning mechanism utilizes the backward over-fitting problem based on the post-pruning method to obtain the minimal type of
most-accurate tree. The performance of REPTree greatly depends on decreased variance, reduced error pruning techniques, and in-
formation gained from entropy [26].

The dataset used in this study consists of 90 samples of JCC, which were inoculated with C. Sporogenes and treated with different
levels of nisin and sorbate. The dataset was randomly split into 70 % training and 30 % validation subsets, ensuring that the distri-
bution of the variables was similar in both subsets. For model development, day (1, 2, 3, ..., and 15), nisin (0, 30, 60, and 120 ppm),
and sorbate (0, 250, 500, and 1000 ppm) concentrations were considered as independent variables. The models were developed using
the Weka software ver. 3.8 on a personal computer with a Pentium(R) Dual-Core CPU E5700 @ 3.00 GHz, 4 GB of RAM, a 64-bitop-
erating system, and the Microsoft Windows 7. For model validation, the coefficient of determination (Rz) and root mean squared error
(RMSE) were used [27]. These metrics are defined by Eqs (1) and (2) [28]:
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Cracking spoilage Syneresis phenomenon

Fig. 1. The cracking spoilage in jar cream cheese samples.
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Fig. 2. The antimicrobial activity of sorbate on C. sporogenes in jar cream cheese (A) and its effect on the fate of C. sporogenes during storage period
at 35 °C (B).
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Fig. 3. The antimicrobial activity of nisin on C. sporogenes in jar cream cheese (A) and its effect on the fate of C. sporogenes during storage period at
35 °C (B).

(2

where O; are P; the observed and predicted values, respectively. O; and T; are observed and predicted mean values.

3. Results and discussion

Moisture content and pH value were considered the same in all the JCC samples; these indices were measured at 64 % and 5.5,
respectively. Fig. 1 shows the cracking spoilage in JCC in different steps. This spoilage is one type of LBD, which started with the
changes in pH value (decreasing in initial steps) then syneresis, and followed by the production of gas and emerging crack, as shown in
Fig. 1.

3.1. Effect of sorbate on C. sporogenes

As shown in Fig. 2A, high sorbate concentration (1000 ppm) had significant AA against C. sporogenes (p-value <0.05) by showing a
decrease in bacterial count (from 8 to 5.59 CFU/g). The AA of sorbate has been reported in different cheeses [19,29,30], apple juice
[31], edible starch films [32], bakery products [33], and fruit juices and purees [34]. The AA mechanisms of sorbate are attributed to
the interfering activity on the fatty acid oxidation by feedback inhibition of dehydrogenase enzymes, the interfering activity on the
sulfhydryl-containing enzymes in microorganisms, the inhibiting activity on catalase that would cause an increase in toxic hydrogen
peroxide within the cell, and the detaching of oxidative phosphorylation by inhibition of enzymes, e.g., sulfhydryl-containing enzymes
[35]. Khanipour et al. [6] studied the effects of sodium chloride, potassium sorbate, nisin and lysozyme on the growth probability of
C. sporogenes and reported that salt and sorbate were the most effective factors in preventing the growth of C. sporogenes in
high-moisture (>95 %) and low-acid conditions. The results showed that salt acts synergistically with sorbate against clostridia, in
agreement with the results of Thomas [36] who studied AA of sorbate against C. botulinum in meat slurries.

As shown in Fig. 2B, in the control sample, C. sporogenes count was decreased in the initial days of the storage period; this
decreasing is probably due to thermal damage of bacteria. However, in the next days of the storage period, C. sporogenes count of the
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control sample was increased. The increasing microbial population after decreasing could be attributed to the compatibility of mi-
croorganisms to the conditions. Unlike the control sample, there was no increase of microbial population in the JCC containing sorbate,
so that the lowest C. sporogenes count (3.85 CFU/g) was observed in the JCC sample containing 1000 ppm sorbate after 15 days
(Fig. 2B).

3.2. Effect of nisin on C. sporogenes

Fig. 3A shows the AA of nisin against C. sporogenes. As shown, C. sporogenes population decreased (from 8 to 5.98 CFU/g)
significantly (p-value <0.05) at higher nisin concentrations (120 ppm). Sharaf et al. [37] evaluated some protective culture metab-
olites in free and nano-chitosan-loaded forms against common contaminants of Egyptian cheese. They reported that Lactobacillus
helveticus cell-free supernatant; however, displayed lower AA compared with nisin and natamycin, it had both antibacterial and
antifungal promising activities. Avila et al. [38] studied the inhibitory activity of reuterin, nisin, lysozyme and nitrite against vege-
tative cells and spores of dairy-related Clostridium species. Their results suggested that reuterin and nisin, with a broad inhibitory
activity spectrum against Clostridium spp. spores and vegetative cells, might be the best options to control Clostridium growth in dairy
products and to prevent associated spoilage, such as LBD of cheese. The AA of nisin has been studied in different types of cheeses [39,
40]. The AA mechanisms of nisin are attributed to generating pores in the cell membrane that through leakage of ions and hydrolysis of
ATP, results in cell death and interfering cell-wall biosynthesis by specific lipid II interaction [41].

According to Fig. 3B, C. sporogenes population increased in the JCC containing 30 ppm nisin after an initial decrease in the pop-
ulation, similar to the control sample. However, this was not observed in other samples, which is probably due to the incompatibility of
C. sporogenes to these conditions. Indeed, 60 and 120 ppm of nisin showed the bactericidal effect on C. sporogenes in JCC at the final
stages of the storage period, revealing that the adaptation of C. sporogenes is dependent on the nisin concentration. This effect was
observed for sorbate in all the concentrations used in JCC, as mentioned in the previous section. Antimicrobial resistance of bacteria
caused by adaptation is reported by several researchers which observed this issue for Pseudomonas aeruginosa, against siderophore-
conjugated antibacterial agents [42], Staphylococcus aureus, against antibacterial agents [43], and S. aureus, against non-antibiotic
antibacterial agents (physical stressors, nano-particles, and bacteriophages) [44].

3.3. Modeling results

The outcomes of the three models used for the prediction of the LBD preventing activity of nisin and sorbate in JCC are shown in
Figs. 4 and 5. The results suggested that the REPTree model is more estimative than the MLP and LR models for both training and
validation datasets of nisin. REPTree predicted nisin activity with R? = 0.98 and RMSE = 0.13 for the training dataset (Fig. 4A) and
with R% = 0.98 and RMSE = 0.15 for the validation dataset (Fig. 4B), which successfully outperformed the other two models. The MLP
and LR models with R? values much lower and RMSE greater than the REPTree were identified as the low-performing models in both
training and validation datasets. Similarly, for the sorbate datasets, the R? values of both training and validation datasets (R = 0.97)
based on the REPTree model were higher than that of the MLP and LR, indicating that the REPTree model could explain 97 % of the
total variability of sorbate (Fig. 5A-B). The results of RMSE for the training dataset (0.192) and validation dataset (0.171) further
demonstrated the superiority of the REPTree model over the MLP and LR models.

Overall, the modeling results showed that the three models followed the same pattern in both training and validation datasets for
nisin and sorbate. The models achieved higher R? and lower RMSE in the training datasets compared to the validation datasets. We
were expecting this pattern given the previous works reported for various machine-learning modeling projects [45,46]. Since the
models are fed by a greater number of samples during the training phase of the modeling, they can better explore the pattern hidden in
data and achieve higher values of R? with lower error rates [47-49]. The advanced REPTree model is resistant to overfitting and
insensitive to noise and unbiased error compared to conventional methods, such as MLP and LR [26].

4. Conclusion

Both the preservatives (nisin and sorbate) used in JCC samples showed AA against C. sporogenes. Sorbate at all the concentrations
used in JCC samples inhibited cracking spoilage during the 15-day storage period at 35 °C. However, nisin could not inhibit cracking
spoilage at concentration of 30 ppm in the samples, so higher levels of nisin were needed (60 and 120 ppm). The three models used in
this study, followed a similar pattern in both training and validation datasets for nisin and sorbate. The R? and RMSE values of training
and validation datasets showed the superiority of the REPTree model compared to the MLP and LR models in predicting the AA of nisin
and sorbate against C. sporogenes in JCC.
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