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Abstract: 

The variability effect of kinetic data was investigated by simulating orange juice 
pectinmethylesterase (PME) inactivation with combined processes of high hydrostatic 
pressure-temperature (100-500 MPa; 20-40°C), applying the Monte Carlo method. 
Parameters from an Eyring-Arrheniius model that predicts the kinetic inactivation constant 
(k) as a function of both pressure and temperature were found reported in literature and 
considered for the analysis. The kinetic analysis was carried out with both Monte Carlo 
simulations and the traditional deterministic approach, which only considers mean values 
and does not take into account data variability. Simulations with the Monte Carlo method 
demonstrated that residual PME activity predicted with deterministic calculations greatly 
differed from those obtained through confidence intervals of simulated probabilistic 
distributions. Mean values overrated residual enzyme activity from 4% to ≈2,800% when 
compared to the 95% confidence intervals generated with the Monte Carlo method. This 
divergence augmented as both applied pressure and temperature levels increased. Similar 
risk analysis projects can be further developed to establish the foundations for future food 
processing regulations of enzymatic control. 

Keywords: process simulation, Monte Carlo, orange juice, high hydrostatic pressure (HHP), 
pectinmethylesterase (PME). 

 

Resumen: 

Se estudió el efecto de la variabilidad de datos cinéticos simulando la inactivación de 
pectinmetilesterasa (PME) en jugo de naranja a diferentes combinaciones de altas presiones 
hidrostáticas (100-500 MPa) y temperatura (20-40°C), aplicando el método de Monte 
Carlo. Se consideraron los parámetros reportados en la literatura  para el modelo de Eyring-



Arrhenius, el cual predice la constante cinética de inactivación (k) de PME en función de la 
presión y temperatura.  A través del uso del método de Monte Carlo se confirmó que para 
los efectos del presente trabajo, utilizar valores promedio de las variables involucradas 
puede conducir a resultados erróneos. Los valores de actividad enzimática residual  
calculados con el procedimiento determinístico sobrestimaron la reducción de la actividad 
residual desde 4% hasta ≈2,800% en comparación con los intervalos de confianza 
generados con el método de Monte Carlo. Esta divergencia se acrecentó conforme se 
incrementaron los niveles de presión y temperatura aplicados. Este tipo de análisis 
ayudarían a establecer las bases para las nuevas regulaciones de procesamiento en el área 
de alimentos.  

Palabras clave: simulación de procesos, Monte Carlo, jugo de naranja, altas presiones 
hidrostáticas (APH), pectinmetilesterasa (PME). 
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1. Introduction 
1.1. The Monte Carlo simulation method 

Industrial food process designs are based on deterministic calculations that do not take into 
account the system variability. Thus, processing parameters are arbitrarily readjusted in 
order to compensate prediction errors originated by process variations. As a result of these 
new processing conditions, the final product may be severely damaged due to over- or sub-
processing (Torres et al., 2010; Chotyakul et al., 2011; Salgado et al., 2011). New food 
regulations strictly demand confidence intervals for pathogen inactivation levels (Salgado 
et al., 2011), thus  there is an urgent need to reconsider the way industrial food processes 
are being designed. 

 

An extensive set of experimental conditions may be necessary in order to give accurate 
estimations of confidence intervals and to analyze process variability. Nonetheless, the 
amount of invested time and economic resources limit the number of experiments that can 
be carried out. The Monte Carlo method allows to simulate multiple scenarios by 
generating probabilistic distributions of processing parameters, such as kinetic or raw 
material data, which can be obtained experimentally or from data reported in literature 
(Aranda and Salgado, 2008; Torres et al., 2010; Chotyakul et al., 2011; Salgado et al., 
2011).  

 

The microbial risk analysis (MRA) is used for foodborne illness prevention and stands as 
the most important application of the Monte Carlo method in the food industry. MRA 
involves a multidisciplinary analysis which involves selection and quantification of 
pathogens throughout the industrial food chain, food processing preservation technologies 
that are available to reduce the microorganism levels, and finally determine an acceptable 
risk level for consumers (Foegeding, 1997; Cassin et al., 1998a; Cassin et al., 1998b; 
Voysey and Brown, 2000; FDA and CFSAN, 2005; WHO, 2005; Delignette-Muller and 
Cornu, 2008; Teunis et al., 2008). Nevertheless there are no similar studies reported to 
control enzyme activity that can be detrimental for nutritional and/or sensorial aspects of 
food products, even though enzymes can be far more resistant to pasteurization treatments 
than microorganisms. 

 

1.2.Orange juice pectinmethylesterase (PME) 

 

Juice cloud can be defined as a complex mixture of several compounds that provide 
turbidity, color and aroma (Espachs-Barroso et al., 2005). Orange juice is highly 
susceptible to undesired enzymatic reactions and microbial growth, where cloud loss is the 
first notorious detrimental change of an unpasteurized orange juice (Pao and Fellers, 2003). 



Pectinmethylesterase (PME; EC 3.1.1.11) destabilizes orange juice by hydrolyzing pectin 
compounds present on the juice cloud. Pectic acids that result from hydrolysis can further 
interact with free Ca2+ and precipitate, which leads to  juice clarification (de Assis et al., 
2001; Casas-Forero and Cáez-Ramírez, 2011). Orange PME can be found in the cell wall of 
peel, pulp and vesicles through electrostatic interactions, so the enzyme cannot be separated 
from the juice matrix (Espachs-Barroso et al., 2005; Simsek and Yemenicioglu, 2010). 

 

Heat pasteurization is usually employed to inactivate orange juice PME, which presents a 
high heat resistance. (Versteeg et al., 1980; Cameron et al., 1998; Zhou et al., 2009). 
However, the application of  high temperatures (≈80-90°C) needed to inactivate PME can 
severely affect nutritional compounds and sensorial characteristics (Polydera et al., 2005). 
High pressure processing (HPP) is an alternative non thermal pasteurization treatment that 
is able to achieve satisfactory PME inactivation levels. Industrial applications of HPP 
usually range from 100-700 MPa and 5-10 min. Moderate temperatures (45-65°C) can be 
applied in combination with high pressure to achieve higher microbial and/or enzymatic 
inactivation levels (Ludikhuyze et al., 2002; Balasubramaniam et al., 2008; Yaldagard et 
al., 2008; Bermúdez-Aguirre and Barbosa-Cánovas, 2011; Mújica-Paz et al., 2011; 
Domínguez-Fernández et al., 2012). PME is also highly resistant to HPP, and pressure 
levels above 500 MPa and temperatures in the range of  40-60°C are required, but 
nutritional and sensorial characteristics are best preserved when compared to orange juice 
pasteurized with a severe heat treatments (Goodner et al., 1998; Van den Broeck et al., 
2000; Nienaber and Shellhammer, 2001; Ludikhuyze et al., 2002; Polydera et al., 2004; 
Polydera et al., 2005). In the present study, the dispersion of the Eyring-Arrhenius model 
parameters was simulated with the Monte Carlo method to evaluate the effect of variability 
on the prediction of orange juice PME inactivation with combined HPP-temperature 
processes. 

 

 

2. Methodology 
The Monte Carlo simulations were carried out with Microsoft Excel. Normal distributions 
of the enzymatic inactivation constant (k) were randomly generated and residual PME 
activity was estimated for each of the simulated k values. 

 

2.1. Prediction of kinetic parameters of PME inactivation 

2.1.1 Kinetic parameters for pectinmethylesterase (PME) inactivation predictions 



Kinetic data describing simultaneous pressure and temperature effects on PME inactivation 
were taken from Katsarsos et al. (2010). Orange juice was subjected to pressure between 
100-500 MPa, and temperatures ranging from 20-40°C. Residual PME activity was 
assumed to follow a first order kinetic and the rate inactivation constants (k) were adjusted 
according to the Eyring-Arrhenius model shown in Eq. (1) 
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The mean and standard values for each parameter of the Eyring-Arrhenius model (Table 1) 
were assumed to follow a normal distribution. Random vectors that contained 1,000 
randomly distributed values were generated for each parameter, which consequently 
allowed to calculate one thousand different values of k(P,T). 

INSERT TABLE 1 

 

Furthermore, the residual PME activity was predicted by substituting k(P,T) on the 
fractional first order kinetic model (Eq. 2). 
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Residual PME distributions generated for each pressure and temperature combination was 
analyzed and the following data of the simulation distributions was reported: (a) mean 
value; (b) standard deviation; (c) upper confidence interval (95CI); (d) lower confidence 
interval (05CI); (e) maximum generated value; (f) minimum generated value. Confidence 
intervals were defined with 95% certainty; e. g. for 95CI, 950 out of 1,000 values of the 
residual enzymatic activity are equal to, or lower than the 95CI value. 

 

2.1.2 Random number generation 

The vectors for each parameter of the Eyring-Arrhenius model were generated in Microsoft 
Excel as follows: (1) A vector with one thousand random numbers from 0-1 was generated 
with the function RAND(), where the probability of withdrawal is the same for each 
element of the random array ; (2) The previously generated random array of 0-1 also 
resembles the cumulative probability p(x) of a normal distribution. Thus, any element of the 
normal distribution (x) can be inferred by knowing its corresponding simulated cumulative 
probability p(x), and the statistical parameters (μ, σ) that describe the normal distribution 
function (Ec. 3). 
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3. Results and Discussion 

3.1.Evaluation of the Eyring-Arrhenius  model 

Predictions of k(P,T) with the parameters of the Eyring-Arrhenius model (Table 1) were 
verified to be in accordance with the experimental data reported by Katsaros et al. (2010). 
Experimental/predicted ratios (kexp/kpred) ranged between 0.5-2.0 for the whole experimental 
range (100-500 MPa; 20-40°C) except for both 100 and 300 MPa at 40°C. The analysis of 
residuals (kexp - kpred) showed no large deviations or nonlinear trends, and all values 
remained within -1 and 1. Even though both experimental/predicted ratios and residuals 
analysis indicate an accurate fit, the predictions of the Eyring-Arrhenius model were not 
uniform throughout the whole experimental conditions. The best model fit remained near 
the specified reference conditions (Table 1) at 200-300 MPa, whereas k(P,T) was 
overestimated 20-80% for the lowest pressure (100 MPa) and underestimated 20-50% at 
500 MPa.  

 

3.2.Simulation of the orange juice PME inactivation constant with the 
Monte Carlo method 

Probabilistic distributions of k(P,T) were obtained by generating arrays of each parameter 
of the Eyring-Arrhenius model (Table 1), with the Monte Carlo method. Experimental 
k(P,T) values were compared with the Monte Carlo generated mean, 05CI, 95CI and 
variation coefficient (VC) as shown in Fig. 1. Data dispersion increased as both pressure 
and temperature moved from the specified reference conditions (300 MPa, 30°C) 
established by Katsaros et al. (2010). As stated in the previous section, the Eyring-
Arrhenius model predictions were not uniform through the whole pressure range and 
greater VC were seen for 100 MPa (Fig. 1a) and 500 MPa (Fig. 1d). 

INSERT FIG. 1 

 

HPP variability could have been the main source of data dispersion, but the mathematical 
model used to describe the effect of pressure and temperature on k may not be the most 
adequate. The Eyring-Arrhenius model (Eq. 1) was originally developed for pure 
substances, whereas the constant R (8.30865 ml MPa mol-1 K-1or 8.314 J mol-1 K-1) stands 
as an ideal gas thermodynamic property. The selection of the reference conditions may be 
another reason for the model behavior deviations at low and high pressures. Antagonistic 
effects on HPP enzyme inactivation have been commonly found, where PME activity has 
been reported to increase for high pressure treatments in the range of 100-300 MPa and 



temperatures higher than 50°C (Van den Broeck et al., 1999; Van den Broeck et al., 2000; 
Polydera et al., 2004; Eisenmenger and Reyes-De-Corcuera, 2009). Katsaros et al. (2010) 
did not observe  antagonistic effects of increased PME activity from 100-500 MPa and 20-
40°C. Additionally, Katsaros et al. (2010) obtained just three experimental data points for 
pressure levels above 300 and below 500 MPa. This scarce amount of data for the high 
pressure region may have been insufficient and could have influenced negatively on the 
parameter estimates of the Eyring-Arrhenius model (Eq. 1). Polydera et al. (2004) applied 
the same Eyring-Arrhenius model to describe PME inactivation for another orange variety, 
but the authors chose another set of reference conditions (600 MPa, 50°C) where the most 
significant PME inactivation took place and no antagonistic effects were present. 
Nonetheless, most of the experimental k(P,T)  values remained within the confidence 
intervals (CI05, CI95) generated with the Monte Carlo method. 

 

3.3. Prediction of orange juice PME residual activity with the Monte Carlo 
method 

Residual PME activity was modeled at four pressure (100, 200, 300. 500 MPa) and three 
temperature (20, 30, 40°C) levels. Mean values predicted with the Monte Carlo simulation 
were compared with the traditional deterministic approach, which consisted in substituting 
each parameter of Table 1 in the Eyring-Arrhenius model (Eq. 1), and estimating the PME 
residual activity with the fractional first order equation (Eq. 2). All of the simulated mean 
values were in accordance with the deterministic method as shown in Fig. 2 to 4.  

 

The correlation between the Monte Carlo and deterministic values trends to improve as the 
amount of simulated data is increased. On the contrary an excessive quantity of simulated 
data will severely affect the simulation time, particularly if calculation steps are excessive 
or too complex. The minimum amount of data for a Monte Carlo simulation can be based 
on the variation coefficient (VC) of the generated data (Almonacid and Torres, 2010). 
Chotyakul et al. (2011) attained stable VC with 100 simulated data while predicting thermal 
sterilization times of canned mushrooms. On the other hand, Cassin et al. (1998a) 
developed 25,000 sized arrays for microbial risk assessment to estimate hemolytic uremic 
syndrome incidence after contaminated ground beef ingestion. The number of simulated 
data can widely vary, but most importantly the model validity should be addressed with 
several of the simulated scenarios (Nauta, 2002). 

 

Since the simulated VC for the predicted PME residual activities were high, the Monte 
Carlo analysis was also performed with 10,000 and 100,000 sized distributions. Parameters 



of the simulations (mean, standard deviation, confidence intervals) did not have significant 
differences in spite of the augmented amount of generated data (Pvalue < 0.05). As a result, it 
was concluded that 1,000 sized distributions were enough to give a satisfactory simulation 
and that large VC were due to variability of the data reported by Katsaros et al. (2010). 

 

INSERT FIG. 2-4 

An exponential decay tendency was observed for both the deterministic and the Monte 
Carlo predicted residual enzymatic activity. Mean values and the confidence intervals 
followed well defined lines with little or no deviations, whereas the maximum (Max) and 
minimum (Min) reflected the data variability but still showed an exponential decrease 
trend. The residual enzymatic activity was lowered as both pressure and temperature levels 
increased while data dispersion was more intense. As a result, there was a significant 
difference between the predicted enzymatic activities calculated with both the experimental 
and simulated mean values (50% confidence; deterministic method), and the simulated 
CI95 (95% confidence; Monte Carlo method). Residual PME overestimation was more 
evident as both process pressure and temperature increased (4-38%, 20°C; 20-30%, 30°C; 
>90%, 40°C). Since PME activity after HPP was calculated with the k(P,T) from the 
Eyring-Arrhenius model, the deviations of the CI95 from the predicted mean values could 
be due to the data variability and model considerations discussed in Section 3.2. 

 

4. Conclusions 
 
Simulations performed with the Monte Carlo method were able to reasonably predict the 
inactivation kinetic constant and the residual PME activity, particularly for treatments that 
are near the reference processing conditions (300 MPa, 30°C). Deterministic calculations 
design may lead to misinterpretation of the results, and therefore produce an inaccurate 
process design. Additionally, model validity must be the first and most important step 
before carrying on a Monte Carlo analysis. For the present work, predicted residual 
enzymatic activities differences between experimental mean values and simulated 
confidence intervals could have been originated by the natural data variability, the Eyring-
Arrhenius model, the selected reference conditions, and the lack of experimental data 
between the 300-500 MPa pressure region. Monte Carlo simulation is as a reliable tool for 
simulating variability effect on food pasteurization processing, which can be widely 
recommended for food process design and validation.  
 
Abbreviations 
INSERT TABLE 2 
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1. Simulation of PME inactivation rate constants with the Monte Carlo method: (a) 
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3. PME inactivation kinetics at 30°C with the Monte Carlo method (Mean, 95CI, 
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300 MPa; (d) 500 MPa. 

4. PME inactivation kinetics at 40°C with the Monte Carlo method (Mean, 95CI, 
05CI, Max, Min) and the deterministic approach: (a) 100 MPa; (b) 200 MPa; (c) 
300 MPa; (d) 500 MPa. 
 

Tables List  
1. Parameters of the Eyring-Arrhenius model for orange juice PME inactivation 
2. Abbreviations 

 
Relevant aspects of investigation 

• Incorporation of data variability into process design. Pressure and/or temperature 
food pasteurization processes are traditionally designed with the mean values of 
critical parameters. However, data variability is often overlooked and processing 
conditions are arbitrarily adjusted, which results can result in over- or sub- 
processing. The Monte Carlo method permits to analyze the effect of data 
variability and therefore realize crucial decisions for food process design. 

• Application of the Monte Carlo in Microsoft Excel. There is a generalized 
impression that statistical software is required to perform risk analysis of foods. The 
current study was capable of performing a Monte Carlo simulation in Microsoft 
Excel with the pseudo-random number generator and literature reported kinetic 
data. 

• Proposal of Enzyme Risk Assessments. Food process calculations are frequently 
oriented towards microbial inactivation, but other intrinsic factors such as enzyme 
activity or sensorial characteristics can be more appropriate as critical design 
parameters, as in the case of orange juice PME.  

  



Table 1. Parameters of the Eyring-Arrhenius model for orange juice PME inactivation. 

 

Parameter Mean  Standard deviation  
Pref (MPa) 300 - 
Tref (K) 323 - 
k0 (min-1) 0.582 ± 0.0048 
Ea0 (KJ mol-1) 95 ± 11 
VT

≠ (ml mol-1) -30 ± 5 
a (ml mol-1 K-1) 0.64 ± 0.07 
b (MPa-1)  -0.002 ± 0.0003 

(Katsaros y col., 2010) 
 

  



Tabla 2. Abbreviations 

05CI 5% confidence interval 
95CI 95% confidence interval 
a Describes the linear relationship between the activation volumen and temperatura 

in the Eyring-Arrhenius model 
A Enzymatic activity 
A0 Enzyme activity at treatment time t = 0 
A∞ Enzyme activity after a prolongued treatment time 
b Describes the exponential relationship between the activation energy and pressure 

in the Eyring-Arrhenius model 
[=] MPa-1 

CV Coeficiente de variación 
EaP Activation energy at a reference pressure; [=] J mol-1 K-1 
HPP High pressure processing 
k Inactivation rate constant; [=] min-1 
k0P Inactivation rate constant at a reference pressure; [=] min-1 
k0T Inactivation rate constant at a reference temperature; [=] min-1 
Max Maximum generated value in a Monte Carlo simulation 
Min Minimum generated value in a Monte Carlo simulation 
p(x) Cummulate probability of a normal distribution 
P Pressure; [=] MPa 
PME Pectinmethylesterase 
Pref Reference pressure; [=] MPa 
R Ideal gas constant; [=] 8.30865 cm3 MPa mol-1 K-1; [=] 8.314 J mol-1 K-1 
t Time; [min] 
T Temperature; [=] K; [=] °C 
Tref Reference temperature; [=] K; [=] °C 
VC Variation coefficient 
VT

≠ Activation volume at a reference temperature; [=] cm3 mol-1 
x Any element contained within a normal probabilistic distribution 
 
Greek symbols 
µ Mean value of a normal probabilistic distribution 
σ Standard deviation of a normal probabilistic distribution 
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Figure 1. Simulation of PME inactivation  rate constants with the Monte Carlo method: (a) 100 MPa; (b) 200 MPa; (c) 300 MPa; (d) 500 2 
MPa. 3 
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Figure 2 5 
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Figure 3 7 
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Figure 4 9 
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