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Abstract 
Typically, packaging films used for modified atmosphere packaging are multi-layered structures with 
high barrier properties, but these are difficult to recycle and therefore unsustainable.  Lower barrier 
properties would allow a reduction in barrier layer thickness and therefore a reduction of raw 
materials or enable the use of alternative materials like bioplastics.  The aim of this paper is to 
propose a model that determines the minimum permeability requirements to maintain shelf-life of red 
meat in high oxygen modified atmosphere packaging, therefore, providing the basis for the 
development of a new film.  A mathematical model was developed to predict Pseudomonas 
spp. (spoilage bacteria particularly sensitive to changes in carbon dioxide) growth and headspace gas 
dynamics; predictions were validated against 15 published datasets that varied meat product, 
temperature, permeability of the packaging and initial headspace composition.  The bias and accuracy 
factors comparing the model to the experimental maximum specific growth rate were 0.8426 and 
1.2063 respectively, indicating a fail-safe model.  Using response surface methodology, an empirical 
equation was developed for use as a decision support tool. To maintain shelf life, carbon dioxide 
permeability of at least 1.7× 10  m m h atm  was required, higher than currently 
recommended permeabilities (approximately 1× 10  m m h atm ); this implies a clear 
potential for alternative films or a reduction in barrier layer thickness. 

Keywords  
Modified Atmosphere Packaging, Permeability, Pseudomonas, Shelf Life, Response Surface 
Methodology, Mathematical Model 

Symbols, Acronyms 
[𝑗] Concentration of species j [mol m-3] 
𝐴 Area [cm2] 
a Parameter for decision support tool 
b Parameter for decision support tool 
c Parameter for decision support tool 
𝑐  Number of moles of species j [mol]  

𝐶𝑂 ,  Maximum carbon dioxide concentration at which growth can occur [mol m-3] 
𝐶𝑂 ,  Initial carbon dioxide concentration in package headspace [%] 

𝐷 Diffusion coefficient [cm2 h-1] 
d Parameter for decision support tool 
e Parameter for decision support tool 

𝐸  Activation energy [J mol-1] 
𝐹  Rate of consumption/production of species j from processes in the meat [mol 

h-1] 
f Parameter for decision support tool 

𝐺  Consumption/production of species j from bacteria respiration [mol h-1] 
g Parameter for decision support tool 

𝐻  Rate of mass transfer of species j through the package through permeation 
[mol h-1] 

j Parameter for decision support tool 
𝑘  Rate constant [m3 h-1] 

𝑘  Rate constant governing chemical consumption in the meat [h-1] 
𝐾  Michaelis-Menten constant for bacteria respiration [%] 
𝐾  Oxygen percentage at which the growth rate is halved [%] 
𝐿 Height [cm] 
l Thickness of film [m] 

𝑚 Mass of meat [g] 
MAP Modified atmosphere packaging 

𝑁 Colony Forming Units [CFU g-1] 
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𝑛 Number of values [-] 
  

𝑃  Permeability of package film to species 𝑗 [m3 m-2 h-1] 
𝑝  Partial pressure of species j [Pa] 
𝑅 Universal gas constant [J mol-1 K-1] 

𝑟  Maximum respiration rate [mol CFU-1 h-1] 
𝑆  Solubility of species j in meat [mol m-3 Pa-1] 
𝑡 Time [h] 
𝑇 Temperature [K] 
𝑉 Volume [m3] 
𝑥 Spatial coordinate [cm] 

Greek Symbols 
𝛼 Exponent accounting for the relationship between growth rate and oxygen 

consumption [-] 
𝛾 Dimensionless weighting parameter [-] 
𝜇 Growth rate [h-1] 

Subscripts, superscripts 
0 At time zero 

𝑎𝑞 In the aqueous phase 
𝑓 Film 
ℎ Headspace 
i Film layer 
𝑗 Gas species, O2 or CO2 

𝑚 Meat 
𝑚𝑎𝑥 Maximum 
𝑚𝑖𝑛 Minimum 

n Number of films in multilayer 
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 Obtained through experiments 

𝑜𝑝𝑡 Optimum 
𝑜𝑢𝑡 Outside the package 

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 Predicted by the model 
t Tray 

tot Total 
𝑤 T, aw, pH, O2 or CO2 

1. Introduction 
Food packaging has attracted considerable criticism by contributing to the plastic pollution problem as 
a single-use plastic (Andrady, 2015; Syakti et al., 2017).  Packaging does however serve many 
important functions by acting as a physical barrier to bacteria, mechanical stressors, dirt and, in the 
case of red meat modified atmosphere packaging (MAP), it delays spoilage through inhibition of 
bacteria and chemical and biological hazards (Brewer et al., 1992; Insausti et al., 1999; Skandamis 
and Nychas, 2002).  MAP alters the gases in the headspace of the package to increase the amount of 
carbon dioxide and oxygen, thereby extending the shelf life and maintaining the attractive bright red 
colour of red meat.  This type of packaging requires high barrier properties (low permeability to 
gases) to maintain the required atmosphere.  Often companies use a multilayer film to obtain all the 
desired properties (McMillin, 2008), however these films are difficult to recycle due to the pre-
processing and separation steps required (Horodytska et al., 2018; Tartakowski, 2010). 

Work by Tsigarida and Nychas (2006) and Marcinkowska-Lesiak et al. (2017) has shown 
experimentally that the permeability of the packaging can have a substantial effect on the growth rate 
of certain bacteria.  A change in the permeability alters the gaseous composition in the headspace, 
which affects the bacterial inhibition; therefore, by changing the permeability the shelf life may also 
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change as consequence.  There is, however, a point at which increasing the barrier thickness ceases to 
make a significant difference to shelf life (Marcinkowska-Lesiak et al., 2017).  

Extensive experimentation would be required to find the exact permeability at which barrier 
properties exceed requirements, mathematical modelling, however, can offer a predictive tool and the 
capacity to adjust variables without experiments.  For meat packaging there are many processes to 
take into account, including: diffusion of oxygen, carbon dioxide, nitrogen and water into and out of 
the food, the chemical processes of oxidation of lipids and proteins (Lillard, 1987; Tang et al., 2005) 
and mitochondrial respiration (Tang et al., 2006) and, finally, growth of spoilage and pathogenic 
bacteria (Singh et al., 2019; Yim et al., 2019).  There have been numerous papers modelling the 
growth of bacteria in meat packaging, however, often they lack detail, with growth rate being 
predicted based on just a couple of parameters (Dominguez and Schaffner, 2007; Geysen et al., 2005; 
Gonçalves et al., 2017; Yimenu et al., 2019). In these studies, permeability and package design is not 
the objective and therefore, although useful, they are not adequate to make predictions for 
permeability requirements due to the small number of variables they are based upon.  For a more 
accurate assessment of permeability requirements, mass balances using fundamental equations based 
on package design and microbiology are needed since microbial growth depends on extrinsic (such as 
oxygen and carbon dioxide concentration and relative humidity) and intrinsic (such as water activity, 
pH and nutrient availability) factors, some of which can be influenced by the package and its 
permeability to gases (Guillard et al., 2016; Tofteskov et al., 2019). 

In previous literature, some models have combined mass balances with predictive microbiology to 
estimate the evolution of headspace gases with the growth of bacteria.  One such paper is by Guillard 
et al. (2016) who investigated the growth of Listeria monocytogenes and Pseudomonas fluorescens 
using mass balances and cardinal models for the prediction of bacteria growth.  However, the 
predictions were validated against low oxygen MAP and for challenge tests, meaning the meat was 
inoculated with only the bacteria under evaluation.  Low permeability of oxygen was required to 
maintain the low oxygen concentration and limit the respiration of Pseudomonas fluorescens.  From 
the three tested permeabilities, a permeability of P = 1 x 10-16 mol-1 m-1 s-1 Pa-1 (=1.5 x 10-5 m3 m-2 h-1 

atm-1) and P = 4 x 10-16 mol-1 m-1 s-1 Pa-1 (=6.1 x 10-5 m3 m-2 h-1 atm-1) was sufficient to keep shelf 
life above 15 days (Guillard et al., 2016).  The absence of similar research on a high-oxygen 
environment is a gap in the knowledge that needs to be addressed, as many large markets, such as in 
the UK and USA, use high-oxygen MAP. Although Tofteskov et al. (2019) developed mass balances 
to predict the growth of all psychrotrophic bacteria (aerobes and anaerobes) at once in high oxygen 
MAP.  This may make the response to a change in permeability difficult to predict as different subsets 
of bacteria will react differently to changes in headspace gases (Ercolini et al., 2006; Marcinkowska-
Lesiak et al., 2017).  Pseudomonas spp. are the most sensitive spoilage bacteria to changes in 
permeability (Marcinkowska-Lesiak et al., 2017) due to its sensitivity to carbon dioxide (Gill and Tan, 
1979); they are also the most dominant spoilage bacteria in high oxygen MAP (Ercolini et al., 2006; 
Gill and Newton, 1977).  By the time the bacteria count has reached 107 CFU (colony forming unit)/g-

1, there is a faint odour of ‘dairy’ and the meat is considered to be spoiled (Ellis and Goodacre, 2001).    
Therefore, changes in Pseudomonas spp. growth should indicate when a change in permeability is 
likely to affect shelf life. Expanding existing models, such as that by Tofteskov et al (2019), to 
incorporate predictions for Pseudomonas spp. growth could therefore provide valuable information on 
the permeability requirements of barrier films. 

The overall goal of this paper is to propose a model that determines the minimum oxygen and carbon 
dioxide permeabilities required to maintain shelf life, therefore providing the basis for the 
development of a new film for MAP in meat.  Lower requirements for barrier properties could 
potentially open up a market for plastic films that are made from bioplastics, as these materials tend to 
have a higher permeability than conventional films (Peelman et al., 2013).  Another possible outcome 
is a reduction in the number or thickness of layers, therefore increasing the potential for recycling and 
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reducing the costs and resources needed for production.  There have been no comprehensive models 
that predict the growth of Pseudomonas spp. with natural microflora present for high oxygen MAP of 
red meat. The accuracy of predicting Pseudomonas spp. growth whilst experiencing interactions with 
other bacteria that thrive under different atmospheres (Ercolini et al., 2006), is therefore questionable.  
In this paper a combined model is proposed that encompasses both Tofteskov et al.'s (2019) mass 
balances and a cardinal model for the growth of Pseudomonas spp., enabling the prediction of 
Pseudomonas spp. growth in red meat under a real-life scenario with other bacteria present.  The 
model was used to obtain parameters to relate the concentration of Pseudomonas spp. to the change in 
oxygen and carbon dioxide in the headspace, through a parameter fitting to published experimental 
datasets. The predictions from the model were validated against eight further experimental data sets 
with natural microflora and varying product, temperature, permeability and initial concentrations. 
Using response surface methodology, a simplified equation was determined from the model 
predictions to allow the model to be easily used as a decision support tool to allow predictions of shelf 
life based on package design aspects.  This tool is intended for use by industry to curb the use of 
excessive barrier properties and hence reduce material requirements. 

2. Materials and Methods 
A mathematical model was built to describe the growth of Pseudomonas spp. in high oxygen MAP of 
red meat.  The model comprised of four differential equations which were solved in MATLAB 
R2020a (MathWorks Inc.) using the ode15s solver.  This model was then validated against data 
extracted from literature, if the data was in the form of graphs, the software programme GetData 
Graph Digitizer 2.26 was used to digitize the data.  The model’s accuracy was determined using 
various statistical methods including accuracy and bias factors.    

3. Mathematical Model 
The schematic diagram in Figure 1 shows the geometry of the packaging modelled along with the 
mass transfer of the gases being considered at the interfaces, including: permeation into and out of the 
package, solubility of oxygen and carbon dioxide in meat, and respiration, consuming oxygen and 
producing carbon dioxide.  The equations describing the change in oxygen and carbon dioxide in the 
headspace are in the form of Eq. 1.  The only two dimensions being considered are spatial (in the x 
direction) and time and the gases predicted are carbon dioxide and oxygen, nitrogen is ignored due to 
its inert nature. The gases are assumed to follow ideal gas laws and the gas in the headspace is well 
mixed, therefore there are no gradients in the headspace, this is justified since the concentration 
gradient and diffusion length are very low for the relative size of the package. Temperature within the 
package and meat is assumed to be in thermal equilibrium with the surrounding atmosphere.   The 
film lid is flexible and permeable (to a varying degree); therefore, it can be assumed there is no 
pressure change in the package.     

𝑑𝑐

𝑑𝑡
= 𝐹 + 𝐺 + 𝐻  

Eq. 1 

where 𝑐  is number of moles (mol) of species 𝑗 (O2  and CO2), 𝐹  is the rate of the drain (mol h-1) of 
species 𝑗 into the meat through processes such as solubilization, 𝐺  is the rate of 
production/consumption (mol h-1) of species 𝑗 through respiration of bacteria and 𝐻 is the rate of mass 

transfer through the package from permeation (mol h-1) of species 𝑗.  
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Figure 1. Diagram of package to be modelled, showing lid, tray and meat product.  𝐿  is the length of 
the headspace, 𝐿  is the height of the meat, 𝑉  is the volume of the headspace, 𝑉  is the volume of 
the meat, the film area, 𝐴  is calculated using 𝐴 =(𝑉 + 𝑉 )/(𝐿 + 𝐿 ) and the meat area is 𝐴 =

𝑉 /𝐿 . 

3.1. Model of Pseudomonas Growth 
For fitting growth curves and predicting the growth of the Pseudomonas spp. on the meat, the logistic 
model was used in the differential form (Eq. 2) (Baranyi et al., 1993; Chaix et al., 2015).  This 
comprises the primary model, which predicts bacteria at static conditions.  

𝑑𝑁

𝑑𝑡
= 𝜇 ⋅ 𝑁 1 −

𝑁

𝑁
 

Eq. 2 

where 𝑁 (CFU g-1) is the bacterial concentration at time, 𝑡 (h), 𝑁  is the maximal bacterial load 
(CFU g-1)  and 𝜇  is the maximum specific growth rate (h-1), with boundary condition (Eq. 3): 

𝑁( ) = 𝑁  Eq. 3 

where 𝑁  is the concentration of bacteria at time zero (CFU g-1). 

The effect of environmental conditions is often incorporated into Eq. 2 via the use of the gamma-
concept; this is the secondary model.  The value of gamma is the ratio of the specific growth rate in a 
given scenario (𝜇 ) to the growth rate in optimal conditions (𝜇  (h-1)) (Eq. 4) (Chaix et al., 2015; 
Guillard et al., 2016; Zwietering et al., 1992).  A gamma value is determined for each control variable 
that may deviate from optimum; in this model the following will be considered: temperature, oxygen 
concentration, carbon dioxide concentration and pH.  The gamma value for water activity (the ratio of 
vapour pressure of water in food to the vapour pressure of pure water (Sancho-Madriz, 2003)) was not 
included since the water activity of fresh meat is at the optimum for growth of Pseudomonas spp. at 
0.997 (Guillard et al., 2016; Lewicki, 2009).  

𝛾 =
𝜇

𝜇
= 𝛾  

Eq. 4 

where 𝑤 represents the environmental factor and 𝛾 is a non-dimensional weighting parameter (gamma 
value, varying between 0 and 1). 

Considering the factors being taken into account in this model, the value of 𝜇  can be expressed in 
terms of gamma values as follows (Eq. 5): 

𝜇 = 𝜇 𝛾 𝛾 𝛾 𝛾  Eq. 5 

where 𝛾 , 𝛾 , 𝛾 , 𝛾  are the gamma values for temperature, pH, oxygen headspace concentration 

and carbon dioxide concentration in the meat respectively.  𝛾  and 𝛾  are calculated using cardinal 
models (Eq. 6 and Eq. 7) (Rosso et al. 1993; Rosso et al. 1995).  It’s assumed there is no chemical 
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reaction of CO2 with meat (a similar approach was taken by Tofteskov et al. ( 2019) and therefore the 
pH stays constant  in this model (Marcinkowska-Lesiak et al., 2017). 

𝛾 =
(𝑇 − 𝑇 ) (𝑇 − 𝑇 )

𝑇 − 𝑇 [ 𝑇 − 𝑇 𝑇 − 𝑇 − 𝑇 − 𝑇 𝑇 + 𝑇 − 2𝑇 ]
 

Eq. 6 

𝛾 =
(𝑝𝐻 − 𝑝𝐻 )(𝑝𝐻 − 𝑝𝐻 )

(𝑝𝐻 − 𝑝𝐻 )(𝑝𝐻 − 𝑝𝐻 ) − 𝑝𝐻 − 𝑝𝐻
 

Eq. 7 

where subscripts 𝑜𝑝𝑡, 𝑚𝑖𝑛 and 𝑚𝑎𝑥 are the optimum, minimum and maximum values of the 
environmental factor for bacterial growth.  

The equation for the inhibition of Pseudomonas spp. from carbon dioxide was proposed by Couvert et 
al. (2017) (Eq. 8).  Carbon dioxide in the headspace partly dissolves in the meat and the extent to 
which it dissolves is dependent on temperature (Devlieghere et al., 1998).  The two inhibitors of 
bacterial growth from carbon dioxide have been reported to be CO2,aq itself and H2CO3 in its 
undissociated form; by raising the ratio of aqueous to maximum carbon dioxide by the power 0.35, 
the effect of H2CO3  is accounted for (Couvert et al., 2017). 

𝛾 = 1 −
[𝐶𝑂 ]

𝐶𝑂 ,
 

Eq. 8 

where [𝐶𝑂 ]  is the aqueous carbon dioxide dissolved in the meat (mol m-3) and 𝐶𝑂 ,  is the 
maximum carbon dioxide concentration that permits growth of bacteria (mol m-3).  The carbon 
dioxide dissolved in the meat is calculated using Henry’s law and the effect of temperature accounted 
for using an Arrhenius type equation.   

The Monod equation (Eq. 9) is used to describe the effect of oxygen on the growth rate of 
Pseudomonas spp. (Couvert et al., 2019).  Pseudomonas is an aerobic bacterium and it is only 
affected by oxygen when the concentration becomes very low. 

𝛾 =
%𝑂

𝐾 + %𝑂
 

Eq. 9 

where 𝐾  is the concentration of oxygen at which the growth rate of the Pseudomonas spp. is halved, 
which was found to be 0.118% (Couvert et al., 2019). 

3.2. Modelling Bacteria Respiration 
Since respiration is an enzymatic process, the Michaelis-Menten equation (Eq. 10) was used to 
describe the consumption of oxygen by the bacteria on the meat (Guillard et al., 2016; Thiele et al., 
2006).   

𝐺 =
𝑟 ⋅ 𝑐

𝐾 + 𝑐
⋅ 𝑁 . 𝑚 

Eq. 10 

where 𝑟  is the maximum respiration rate (mol CFU-1 h-1) , 𝐾  is the Michaelis constant (%) and 

𝑚 is the mass of meat.   

The Michaelis-Menten equation was used to relate the concentration of Pseudomonas spp. to the 
oxygen consumption by all bacteria in the meat.  Although Pseudomonas are the predominant 
spoilage bacteria, there are other bacteria growing on the meat, therefore to use this model on meat 
with natural microflora, it is necessary to do a parameter fitting to find the values of 𝑟  and 𝐾 .  
It is assumed that there is a one to one ratio of oxygen being consumed by respiration to carbon 
dioxide being produced by respiration, therefore 𝐺 = −𝐺 . 
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3.2. Mass Transfer of Oxygen in the Meat 
Mass transfer of oxygen into the meat has been modelled by Tofteskov et al. (2019).  Fick’s second 
law of diffusion is used to describe the accumulation of oxygen in the meat over time.  This is 
combined with a term to account for the mitochondrial respiration in meat, which is based on the 
simplifying assumption that oxygen consumption is linearly dependent on headspace oxygen 
concentration (Eq. 11). 

𝛿[𝑂 ]

𝛿𝑡
= −𝑘 [𝑂 ] + 𝐷

𝛿 [𝑂 ]

𝛿𝑥
   

Eq. 11 

where D is the diffusion constant in meat (cm2 h-1), 𝑘  is the rate constant governing chemical 
consumption in the meat (h-1) and [𝑂 ] is the concentration of oxygen (mol m-3). 

Eq. 13 is derived from Eq. 11 using the following procedure: first, the assumption the meat reaches a 
quasi-steady state is made, so the temporal term can be ignored.  Then the equation is integrated using 
boundary conditions at:  𝑥 = 0, [𝑂 ] = 𝑆 𝑅𝑇[𝑂 ] , where 𝑆  is the solubility of oxygen in the meat 
(mol m-3 Pa-1); and 𝑥 = 𝐿 , [𝑂 ](𝐿 ) = 0.  The second condition is only met, however, if the meat 

depth is sufficiently large such that 𝑒
⋅

≈ 0 (Tofteskov et al., 2019).  Using a meat depth of 2 
cm and the oxygen diffusivity for beef muscle at 5°C of 0.025 cm2 h-1 (Chaix et al., 2014), the value 

of 𝑒
⋅

= 0.45.  The rate of oxygen consumption is then calculated in Eq. 12: 

𝐹 = 𝑘 𝐴 [𝑂 ](𝑥) 𝑑𝑥 
Eq. 12 

where 𝑟  is the rate of change of oxygen due to processes in the meat (mol h-1) and 𝐴  is the area of 
the meat (cm2). 

After a second integration the final expression for the rate of oxygen consumption is: 

𝐹 =
𝑆 𝑅𝑇 𝑘 𝐷

𝐿
𝑐  

Eq. 13 

3.3. Mass Transfer of Carbon Dioxide in the Meat 
Again, the approach taken from Tofteskov et al. (2019) was used here.  The assumptions made were: 

1. There was no chemical reaction with carbon dioxide in the meat.  
2. Mitochondrial respiration produces small amounts of carbon dioxide compared to the amount 

entering the meat through diffusion, therefore diffusion is the governing process and 
mitochondrial respiration can be ignored (Tofteskov et al., 2019).  

3. The concentration of carbon dioxide does not vary within the meat. 

Assumption 3 is based on the calculation of the characteristic penetration depth, 𝑙 = 2𝐷 𝑡, using a 

median value for the diffusion coefficient, which was found to be independent of the type of product 
(Chaix et al., 2014).  The depth is around 10 cm after 24 hours.  Since this value is five times larger 
than the average depth of the meat used in these simulations (𝐿 = 2 𝑐𝑚), it can be assumed that a 
steady-state is obtained on a relatively small time scale (Tofteskov et al., 2019).  However, since the 
concentration of carbon dioxide in the meat changes with time, the rate of the drain of carbon dioxide 
into the meat comprises its own differential equation (Eq. 14).   The gases in the headspace were 
assumed to be in equilibrium with those in the meat at the start of the experiment, calculated using 
Henry’s Law.  The carbon dioxide drain from the headspace due to solubility in the meat (Eq. 15) is 
therefore: 

𝐺 =
𝑑𝑐

𝑑𝑡
 

Eq. 14 
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𝐺 = 𝑘 𝑆 ⋅ 𝑝 −
𝑐

𝑉
 

Eq. 15 

where 𝑘  is the rate constant (accounts for rate of diffusion) (L h-1), 𝑝  is the partial pressure of 

carbon dioxide in the headspace and 𝑐  (mol) is the amount of carbon dioxide in the meat volume, 

𝑉  (m3).   

3.4. Overall Mass Balances 
There were four differential equations (Eq. 16 - Eq. 19) which were solved on MATLAB (R2020a) 
using ode15s solver with set input parameters (Table 1).  

For oxygen: 

𝑑𝑐

𝑑𝑡
=

𝑟 ⋅ 𝑐

𝐾 + 𝑐
⋅ 𝑁 . 𝑚 −

𝑆 𝑅𝑇 𝑘 𝐷

𝐿
𝑛 + (𝑃 , ⋅ 𝐴 + 𝑃 , ⋅ 𝐴 ) ⋅ ([𝑂 ]

− 𝑐 /𝑉 ) 

Eq. 16 

where 𝑃 ,  is the permeability of the film to oxygen (m3 m-2 h-1), 𝑃 ,  is the permeability of the tray 

to oxygen (m3 m-2 h-1), 𝐴  is the area of the tray (cm2), [𝑂 ]  is the concentration of oxygen in the 
atmosphere (mol m-3). 

For carbon dioxide: 

𝑑𝑐

𝑑𝑡
= −

𝑟 ⋅ 𝑐

𝐾 + 𝑐
⋅ 𝑁 . 𝑚 −

𝑑𝑐

𝑑𝑡
+ (𝑃 , ⋅ 𝐴 + 𝑃 , ⋅ 𝐴 ) ⋅ ([𝐶𝑂 ]

− 𝑐 /𝑉 ) 

Eq. 17 

where 𝑃 ,  is the permeability of the film to carbon dioxide (m3 m-2 h-1), 𝑃 ,  is the permeability of 

the tray to carbon dioxide (m3 m-2 h-1), [𝐶𝑂 ]  is the concentration of carbon dioxide in the 
atmosphere (mol m-3). 

For Pseudomonas spp. growth: 

𝑑𝑁

𝑑𝑡
= 𝜇 𝑁 1 −

𝑁

𝑁
 

Eq. 18 

For carbon dioxide in the meat: 

𝑑𝑐

𝑑𝑡
= 𝑘 𝑆 ⋅ 𝑝 −

𝑐

𝑉
 

Eq. 19 

Table 1. Input parameters from literature for model predictions. 

Symbol Units Value References 

𝑘 ⋅ 𝐷 [cm h-1] 0.01 (Tofteskov et al., 2019) 

[𝐶𝑂 ]  [mol m-3] Calculated from ideal gas 
equation at each temperature 

- 

[𝑂 ]    [mol m-3] Calculated from ideal gas 
equation at each temperature 

- 

𝛼 - 0.35 ±0.019 (Couvert et al., 
2017)(Tofteskov et al., 
2019)(Tofteskov et al., 
2019)(Tofteskov et al., 
2019)(Tofteskov et al., 

2019) 
𝜇  [h-1] 1.31 ± 0.21 (Couvert et al., 2017) 

𝐶𝑂 ,  [mol m-3] 51.7 ± 19 (Couvert et al., 2017) 
𝑘  [m3 h-1] 5e-4 * (Tofteskov et al., 2019) 

Commented [C1]: please check this equation! 
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𝐾  [%] 0.118 (Couvert et al., 2019) 
𝑁  [CFU g-1] 1e10 (Geysen et al., 2006) 
𝑇  [K] 265.74 (Couvert et al., 2017) 
𝑇  [K] 303.15 (Couvert et al., 2017) 
𝑇  [K] 303.05 (Couvert et al., 2017) 

𝑝𝐻  - 4.47 (Couvert et al., 2017) 
𝑝𝐻  - 8 ** - 
𝑝𝐻  - 6.21 (Couvert et al., 2017) 

𝑅 [J K-1 mol-1] 8.314  
𝑆  [mol m-3 Pa-1] 3.4e-4 *** (Gill, 1988) 
𝑆  [mol m-3 Pa-1] 1.38e-6 (Tofteskov et al., 2019) 

*Valid at 278.15 K, Arrhenius type equation used to extrapolate based on data from Tofteskov et al. 
(2019) 
**Calculated using 𝑝𝐻 = 2 × 𝑝𝐻 − 𝑝𝐻  (Pinon et al., 2004) 
***Valid at 283.15 K, Arrhenius type equation used to extrapolate based on data from Gill (1988) 

 

3.5. Statistical Analysis 
Statistical analysis of specific growth rates was carried out using accuracy and bias factors, which 
were calculated using an average of the specific maximum growth rate during the logarithmic phase.  
The bias factor (Eq. 20) calculates the average relative deviation.  The closer the factor is to 1, the 
better the model.  If the value is between 0.5 and 1, the model is considered to be ‘fail-safe’, meaning 
that the model overpredicts, however if it is less than 0.5 it is over-cautious as it is predicting a growth 
rate two times higher than the observed rates.  It is considered to be ‘fail-dangerous’ if it is above 1.1 
since the predicted growth rates are 10% lower than those observed (Ross, 1996; te Giffel and 
Zwietering, 1999).     

𝐵𝑖𝑎𝑠 𝑓𝑎𝑐𝑡𝑜𝑟 = 10
∑

 

Eq. 20 

where 𝑛 is the number of values used for the calculation. 

The accuracy factor (Eq. 21), calculates the percentage error (Ross, 1996; te Giffel and Zwietering, 
1999).  Again, the closer to 1 the more accurate the model. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑓𝑎𝑐𝑡𝑜𝑟 = 10
∑

 

Eq. 21 

The mean relative percentage deviation (E) (Eq. 22) was used to evaluate the mean divergence of the 
predicted data from the experimental data and was used to evaluate the error in the prediction of 
Pseudomonas spp. concentration.   

𝐸(%) =
𝑃 − 𝑃

𝑃
×

100

𝑛
 

Eq. 22 

where 𝑃  is the experimental value and 𝑃  is the predicted value. 

To measure error in headspace predictions the root mean square error (RMSE) (Eq. 23) was used as it 
gives meaningful results when the predicted or experimental value is zero, which was frequently the 
case with the oxygen concentration. 

𝑅𝑀𝑆𝐸 =
∑ 𝑃 − 𝑃

𝑛
 

Eq. 23 
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4. Results and Discussion 

4.1. Parameter Fitting 
To find values for 𝑟  and 𝐾 , two datasets were used that reported the Pseudomonas spp. growth 
and the corresponding oxygen and carbon dioxide headspace concentrations.  These two datasets 
varied the temperatures, atmospheric conditions and meat product (Table 2).  The product investigated 
by Koutsoumanis et al. (2008) was minced pork and Ercolini et al. (2006) used beef; these products 
are both red meat products with similar water activity and initial microflora (Koutsoumanis et al., 
2006; Lewicki, 2009).  Since there was no information on the tray permeability, these are assumed to 
be impermeable.  The density of meat is assumed to be 1 g/ml, based on a raw meat density range of 
0.93 – 0.97 g/ml (including raw beef and pork) (FAO/INFOODS, 2012). 

Table 2.  Parameters input into the model for a parameter fitting to data from Koutsoumanis et al. 
(2008) and Ercolini et al. (2006) 

Input Parameter Koutsoumanis et al. (2008) Ercolini et al. (2006) 
𝑇 273.15, 278.15, 283.15, 

288.15 K 
278.15 K 

𝑉  2.0e-4 m3 1.9e-4 m3 

𝑁  1e3.2 CFU g-1 10 CFU g-1 
𝑉  6.0e-4 m3 5.6e-4 m3 

𝑂 ,  18.67 % 21, 57.7, 22% 
𝐶𝑂 ,  3.01% 0.3, 36.3, 37.3% 

𝑝𝐻 5.7* 5.4 
𝐿  2 ± 1 cm** 2 ± 1cm** 
𝐿  3.5  ± 2 cm** 3.5 ± 2 cm** 

𝑃 ,  0 5.42e-8 m3 m-2 h-1 
𝑃 ,  0 𝑃 , × 4.5*** m3 m-2 h-1 

* The pH is assumed to be 5.7, a common value for fresh pork meat (Kim et al., 2016). 
** These dimensions are assumptions therefore a wide standard deviation is used to compute results, 
based on the average size of packaging trays (standard deviation based on measurements of packaging 
from Sainsbury’s, the range sold by SilverPlastics.de (2.5 cm - 8.3 cm) and QuinnPackaging.com the 
most common package height is 5.5 cm). 
*** Carbon dioxide permeability: oxygen permeability ranges from 3 to 6 for commercial polymers 
(Siracusa, 2012). 

The parameter fitting was performed using the lsqcurvefit function on MATLAB R2020a 
(MathWorks Inc.).  This function minimises the mean square error to fit the Michaelis-Menten 
equation (Eq. 10) to the experimental oxygen concentration using experimental values of 
Pseudomonas spp..  The curve fitting was run once whilst varying both  𝑟  and 𝐾 , to find an 

average value of 𝐾  of 14%.  The curve fitting was then run a second time varying only 𝑟  using 

the average value of 𝐾 .  This resulted in a value for 𝑟  of -1× 10 . ± .  mol (O2) CFU-1 h-1.  
There was no correlation between the value of 𝑟  and temperature in this instance; therefore, an 

Arrhenius relationship was not applied.  The value of 𝑟  was assumed to be -𝑟 . 

In Figure 2, the standard deviation of the predictions made from the model was shown.  This was 
calculated through running the simulation 60 times whilst varying the values of 𝑟 , 𝜇 , 

𝐶𝑂 , , 𝛼 between the standard deviation of the parameters.  If there was any uncertainty in the 
temperature control, this was included as well as any assumptions that were made were varied as 
described in Table 1.  After the parameter fitting, the resulting E from the average model prediction of 
the Pseudomonas spp. concentration and the experimental data points were 4.4, 4.1, 6.3 and 5.8% for 
273.15, 278.15, 283.15 and 288.15 K respectively.   The RMSE of the average experimental 
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predictions for oxygen and carbon dioxide concentration in the headspace versus the experimental 
data is 1.96, 2.73, 3.52, 3.10 %.  Therefore, the model is more accurate at lower temperatures, this is 
useful since meat packages will be at lower temperatures in industry. 

  

  

  

a) 
b) 

c) 
d) 

e) f) 
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Figure 2. Comparison and validation using data from Koutsoumanis et al. (2008) with graphs a), c), e) 
and g) showing the experimental data (*) and prediction of Pseudomonas spp. ( ) with standard 
deviation of the prediction ( ) (simulation run 60 times) at 273.15 (a), 278.15 K (c), 283.15 K (e) 
and 288.15 K (f).  Graphs b), d), f) and h) showing the change in headspace gas concentration, 
experimental data for O2 ( )and CO2 (*) and predictions for O2 ( ) with standard deviation ( 

)  and CO2 ( ) with standard deviation ( ) at 273.15 (b), 278.15 K (d), 283.15 K (f) 
and 288.15 K (h).  No standard deviation of experimental data was made available (n=4). 

In Figure 3, after the parameter fitting, the values for the error of the mean value from model 
predictions and the experimental data for Pseudomonas spp. concentration, the E values were 6.61, 
11.37, 6.09% for air, MAP 1 and MAP 2 respectively.  The RMSE values for the combined error from 
both oxygen concentration and carbon dioxide predictions are 3.35, 1.51 and 7.82%.  The carbon 
dioxide concentration in the package using air as the initial condition reaches 25% after the 
Pseudomonas spp. has reached the stationary phase and the oxygen is depleted.  This could be due to 
the growth of other anaerobic bacteria or facultative anaerobic bacteria such as lactic acid bacteria 
continuing to respire anaerobically and produce carbon dioxide.      

  

a) Air 
b) Air 

g) h) 



14 
 

  

  
Figure 3.  Comparison and validation using data from Ercolini et al. (2006) with graphs (a) (c) and (e) 
showing the prediction of Pseudomonas spp. ( ) with standard deviation of the prediction ( 

) (simulation run 60 times) and (b), (d) and (f) showing the change in headspace gas 
concentration, experimental data for O2 ( )and CO2 (*) with error bars ± standard deviation and 
predictions for O2 ( ) with standard deviation ( )  and CO2 ( ) with standard deviation ( 

).  Graphs (a) and (b) are for air, graphs (c) and (d) are for MAP 1 and graphs (e) and (f) are for 
MAP 2.   

4.2. Experimental Validation 
To further validate the model predictions, Pseudomonas spp. growth was predicted for a further eight 
datasets, from four sources (Marcinkowska-Lesiak et al., 2017; Skandamis and Nychas, 2002; Yang et 
al., 2016; Yang et al. ,2018).   Marcinkowska-Lesiak et al. (2017) varies only the permeability of the 
packaging of pork loins at high oxygen MAP.  Skandamis and Nychas (2002) vary the temperature 
and the initial headspace concentration of fresh beef; these experiments take place in pouches not 
trays.  Yang et al. (2016) uses highly marbled beef steaks and varied the initial headspace 
concentration, using 50 and 80% oxygen MAP.  Finally, Yang et al. (2018) also look at beef steaks in 
high oxygen MAP.  The input parameters extracted from the literature and input to the model are in 
Table 3. 

Table 3.  Parameters input to the model to predict Pseudomonas spp. from various data sources for 
experimental validation of the model (Marcinkowska-Lesiak et al., 2017; Skandamis and Nychas, 
2002; Yang et al., 2018). 

Input 
Parameter 

Marcinkowska-
Lesiak et al. (2017) 

Skandamis & 
Nychas (2002) 

Yang et al. 
(2016) 

Yang et al. 
(2018) 

𝑇 275.15±1 K 278.15, 278.15, 
288.15 K 

277.15 ±1 K 275.15±1 K 

𝑉  7.5e-4±2.5e-4* m3 2.5e-5 m3 1.0e-4 m3 2.54e-4 m3 

c) MAP 1 d) MAP 1 

e) MAP 2 
f) MAP 2 
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𝑁  10 CFU g-1 1e3.02, 1e3.46, 
1e3.31 CFU g- 

1e3.86 CFU g-1 1e3.22±1e0.22 
CFU g-1 

𝑉  2.26e-3-𝑉  m3 3e-3 m3 2.0e-4 m3 7.62e-4 m3 

𝑂 ,  80 % 30, 21, 21% 50, 80% 80% 
𝐶𝑂 ,  20% 40, 0.3, 0.3% 30, 20% 20% 

𝑝𝐻 5.5 5.5 5.65 5.6 
𝐿  1.5 cm 0.8 cm 2 cm 2.54 cm 
𝐿  6.8 cm 4.2 cm 3.5 ±2** cm 3.5±2** cm 

𝑃 ,  7.39e-6, 1.47e-8 m3 
m-2 h-1 

7.08e-8 m3 m-2 h-1 1.042 e-6 m3 m-2 
h-1 

1.04e-6 m3 m-2 h-1 

𝑃 ,  2.47e-5, 4.93e-8 m3 
m-2 h-1 

𝑃 , ×4.5*** m3 
m-2 h-1 

𝑃 , ×4.5*** 
m3 m-2 h-1 

𝑃 , ×4.5*** m3 
m-2 h-1 

𝑃 ,  6.42e-7, 2.5e-10 m3 
package-1 h-1 

- 4.17e-7 m3 m-2 
h-1  

1.47e-8 m3 
package-1 h-1 

𝑃 ,  2.15e-6, 8.75e-10 m3 
package-1 h-1 

- 𝑃 , ×4.5*** 
m3 m-2 h-1 

𝑃 , ×4.5*** m3 
package-1 h-1 

* The volume of the meat, 𝑉  was varied between common 𝑉 : 𝑉  ratios of 3:1 to 1:1 
(Marcinkowska-Lesiak et al., 2016). 
** Height of the package unknown therefore varied between 1.5 and 5.5 cm.  
*** Carbon dioxide permeability: oxygen permeability ranges from 3 to 6 for commercial polymers 
(Siracusa, 2012). 

These datasets greatly vary the conditions therefore validating the model at different conditions.  
From Figure 4, the model tends to over predict, therefore this would imply it is fail-safe.  
Marcinkowska-Lesiak et al. (2017) reported a significant difference between the experimental data of 
the Pseudomonas concentration with packaging type.  This is reflected in the model, also showing a 
significant difference in Pseudomonas concentration on day 14 using the two permeability values 
(p<0.05)(Figure 3 a) and b)) .  There is a poor fit in the case of Yang et al.’s (2016) experimental data 
and the model predictions (E of 34 and 37% for Figure 3 e) and f)) due to the lag time which is 
exhibited in the experimental data but not included in this model, however the rate of growth in the 
log phase seems to be similar.   

a) b) c) 

d) e) f) 
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Figure 4.  Predicted Pseudomonas spp. concentration ( ) with a predicted standard deviation 
based on 60 simulation runs ( ) and experimental datapoints (*) with error bars ± standard 
deviation where the standard deviation was available in the datasets. a) and b) were based on 
Marcinkowska-Lesiak (2017) at high and low permeability respectively, c),d) and e) were based on 
Skandamis & Nychas (2002) under MAP at 5°C, aerobic at 5°C and aerobic at 15°C respectively, f) 
and g) were based on MAP at 50% and 80% oxygen MAP respectively and h) were based on Yang et 
al. (2018) under MAP.    

To obtain values of the experimental maximum specific growth rate, 𝜇 , according to the Baranyi 
and Roberts model, the online DMFit tool created by the Institute of Food Research (accessed on 
http://www.combase.com on 01/06/2020) (Baranyi and Roberts, 1994).  To obtain the predicted value 
of the maximum specific growth rate, the gradient of the lag phase was deduced and multiplied by 
~2.3 to account for the unit conversion from log10 to natural log (Baranyi and Roberts, 1994).  
Experimental versus predicted maximum specific growth rate were plot alongside the line of 
equivalence (Figure 5).  15 datasets from five sources were used, including datasets from the 
experimental validation and parameter fitting (Table 2 and Table 3).  Three plots were used: log scale, 
square root and untransformed, the log scale allows the viewer to see the points evenly spread over a 
large range, however it may mask some large deviations in the data, therefore it is useful to observe 
the other two graphs (te Giffel and Zwietering, 1999).  The datapoints for Skandamis et al. (2002) in 
aerobic conditions lie below the line of equivalence despite the good fit between the predicted and 
experimental Pseudomonas spp. concentration (E of 6% for Figure 3 d) and 17% for e)).  The 
standard deviation for the experimental specific maximum growth rate for these datapoint is large 
(standard deviation is 63 and 44% of the actual values respectively) suggesting that the curve fitting to 
the experimental data was unreliable, therefore these values of experimental maximum specific 
growth rate can be considered as outliers.   

   
Figure 5. Scatter graph of predicted maximum specific maximum growth rate versus experimental 
specific growth rate with line of equivalence ( ) and error bars ± standard deviation a) 
untransformed, b) square root, c) log scale. 

From visually observing Figure 5, other than the two outliers, most of the datapoints fall above the 
line of equivalence, therefore the model is fail-safe, the bias factor can confirm this hypothesis.  Using 
Eq. 20 to obtain the bias factor of the model using 13 datasets (excluding the outliers), the bias factor 
is 0.8426 and using Eq. 21, the accuracy factor is 1.2731.  Since the bias factor is between 0.5 and 1, 
it is considered to be fail-safe, but not over-cautious.  Comparing the bias factor calculated for the five 

a) b) c) 

g) h) 
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aerobic datasets and the eight MAP datasets there is no significant difference therefore there is no 
trend in under or over predicting growth rate in MAP compared to in aerobic conditions.   

4.3.  Application of Model and Decision Support Tool 
Predictions of the shelf life were made using the model whilst varying the carbon dioxide 
permeability of the film, using the scenarios described above.  A prediction of the shelf life was made 
when the carbon dioxide permeability was zero, and then the permeability was increased 
incrementally and the model run using a ‘for’ loop, until a change in shelf life was observed (shelf life 
decreased by 1 hour).  For the MAP scenarios, the predictions for carbon dioxide permeability 
requirements ranged from 1.7 × 10  to 9.4 × 10  m3 m-2 h-1.  These values are similar but lower 
than the value obtained using Guillard et al.'s (2016) model, requiring a carbon dioxide permeability 
of 6.0 × 10  m3 m-2 h-1 atm-1 to maintain the shelf life of poultry at 15 days.  However, it is three 
orders of magnitude larger than  the oxygen permeability of the control film used by Ercolini et al. 
(2006) of 5.4× 10  m3 m-2 h-1 (carbon dioxide permeability: oxygen permeability usually ranges 
from 3 to 6 for commercial polymers (Siracusa, 2012)) using a barrier polyethylene film.   

Altering the oxygen permeability had no significant effect on the growth of Pseudomonas spp. due to 
the high initial headspace oxygen concentration and the very low concentration that oxygen must 
reach before it affects the growth.  Therefore, despite this value having a significant effect on how 
long the meat will maintain its bright red colour and lipid oxidation stability (Esmer et al., 2011), it 
will be excluded from the rest of the discussion, which will focus on the carbon dioxide permeability. 

Using response surface methodology principles on Design Expert version 8.0.7.1 (Stat-Ease Inc.), an 
equation was built to simplify the model enabling identification of the most influential parameters and 
their interactions to aid with the design of sustainable packaging.   This also allows predictions in a 
less computationally and time intensive manner.  To do this the permeability was varied from 5×

10  to 5× 10  m3 m-2 h-1, the initial concentration was varied from 20 to 40%, the ratio of 
headspace to meat volume from 1:1 to 3:1, the total volume of the package from 5× 10  to 1.25×

10  m3, the height of the meat from 1 to 3 cm and film area from 100 to 250 cm2.  The temperature 
during the simulations was set to emulate a typical timeline for meat products stored in a commercial 
fridge at 4°C for 5 days, followed by 8°C for the rest of the shelf life (Guillard et al., 2016; James and 
Evans, 1992; Kennedy et al., 2005).  The pH was taken as 5.6, an average between the mean for beef 
and pork (Kim et al., 2016; Page et al., 2001).  The initial Pseudomonas spp. concentration was taken 
as 103 CFU g-1, although it can vary, after four days of chilling in a commercial slaughter plant, the 
initial Pseudomonas spp. on beef can range from 101.03 to 103.12 CFU g-1 ( Reid et al., 2017) and this 
seems to be similar for pork (Bruckner et al., 2012; Koutsoumanis et al., 2008).   

Five values of each variable were used for the development of the equation, the number and spread of 
these values was determined based on an alpha value of 0.5.  The equation suggested by the software, 
was two factor interaction, this equation was deemed sufficient to provide adequate detail of 
interactions between variables.  The model F-value was 19.01, which is large enough to infer that the 
model as a whole is significant (p<0.0001).  From this equation the number of variables was 
simplified to include only the significant variables and interactions between variables (p<0.05).  From 
the ANOVA table (supplementary material Table 1), the height of the meat and the headspace to 
volume ratio was not significant. The model F-value increased to 51.49 after excluding the 
insignificant variables and interactions.  The adjusted and predicted R2 values were adequately similar 
both at 0.8264 and 0.8074, therefore the model is suitable for use as a decision support tool for 
packaging design.  This allows a prediction of the shelf-life based on the knowledge of 4 parameters: 
the initial carbon dioxide concentration in the headspace, the carbon dioxide permeability, the area of 
the film, and total volume of the package, so long as 𝐿  is between 1 and 3 cm and 𝑉 :𝑉  is between 
1:1 and 3:1.  The empirical equation established is shown in Eq. 24, with coefficients in Table 4 
represented by letters a – h and j. 
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𝑆. 𝐿. = 𝑎 + 𝑏 ⋅ log(𝑃 ) + 𝑐 ⋅ 𝐶𝑂 , + 𝑑 ⋅ 𝐴 + 𝑒 ⋅ 𝑉 + 𝑓 ⋅ log (𝑃 ) ⋅ 𝐶𝑂 ,

+ 𝑔 ⋅ log (𝑃 ) ⋅ 𝐴 + ℎ ⋅ log (𝑃 ) ⋅ 𝑉 + 𝑗 ⋅ 𝐶𝑂 , ⋅ 𝐴  

Eq. 24 

where letters S.L. is the shelf-life (h), 𝑉  is the total volume (m3),  a-h and j represent multiplication 
factors defined in Table 4. 

Table 4. Input parameters for Eq. 24, coefficients for coded value equation (represents importance of 
variables when they take on values from 0 to1) and coefficients for when the variables in the equation 
take on the actual values. 

Parameter 
Coefficients for 

Coded Value 
Equation 

Coefficients for 
Actual Value 

Equation  
a 141.62 86.19394 
b -21.69 7.2632 
c 19.25 -1.82685 
d -8.37 -0.084216 
e 6.78 77568.43346 
f -10.71 -1.07141 
g  -5.95 -0.029727 
h 5.19 13837.5 
j -5.7 -2.85E-03 

 

From inspection of Eq. 24 and looking at the coded values in Table 4, the most prominent design 
variable is the permeability since it has the highest absolute coefficient for the coded value equation.  
Any interaction between variables is shown by the product of the variables appearing in the equation.  
From Eq. 24 and Table 4 , when the initial concentration of carbon dioxide increases the permeability 
requirement is lower due to the longer shelf life, which allows a longer period of time for gases to 
permeate into the headspace.  Similarly, an increase in 𝑉  allows higher permeability due to the 
larger volume of gases in the headspace, therefore it is unaffected by small changes in permeability.  
Lastly, an increase in 𝐴  required a lower permeability due to the larger area for gases to permeate 
through. The equation (Eq. 24) can be rearranged to make permeability the subject.  Combining the 
results with Eq. 25 (Abdel-Bary, 2003; Mangaraj et al., 2011), a reduction in the thickness of a barrier 
layer can be calculated.   

𝑃 =
𝑙

∑
𝑙
𝑃  

 
Eq. 25 

where l is the thickness, subscript tot represents the total structure, i the individual layer and n the 
total number of layers in the film. 

Comparison of the predicted carbon dioxide permeability requirement of 1.7× 10  m3 m2 h-1 atm-1 
with a typical value of 5e-8 m3 m2 h-1 (Marcinkowska-Lesiak et al., 2017) reveals a potential reduction 
of thickness of an EVOH barrier layer from 21 μm to 1.7 μm (when using a barrier layer of EVOH32 
at 65% RH and 23°C (Maes et al., 2018) and Eq. 25).  An EVOH layer may not be able to reduce to 
this thickness due to operational capabilities of manufacturing processes, however a small reduction 
in layer thickness could lead to large savings in raw materials and operating costs for the 
manufacturer.  The lower barrier properties also indicate that the spectrum of plastics used could be 
broadened to include,  for example, butenediol vinyl alcohol, a promising biodegradable barrier 
material, plasticized and blended with thermoplastic starch (at a ratio of 3:7), has an oxygen 
permeability of 1.7× 10  m3 m-2 hr-1 atm-1 (Jung et al., 2019).  Another implication of this work is 
the emphasis on carbon dioxide permeability compared to oxygen permeability, therefore the use of 
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materials with a low ratio of carbon dioxide to oxygen permeability such as LDPE (Siracusa, 2012) 
may be preferential. 

This model could be built upon by including predictions for how long the meat stays bright red and 
how the oxygen permeability affects this as this does greatly affect the likelihood of people 
purchasing the product (Carpenter et al., 2001; Esmer et al., 2011; Holman et al., 2017).   

5. Conclusion 
In this paper the growth of Pseudomonas spp. was predicted alongside the headspace evolution of 
gases.  The model combined the logistic equation, cardinal model, Michaelis-Menten equation and 
mass balances with recent developments to create a comprehensive system of equations that describes 
mass transfer of oxygen and carbon dioxide and its implications on the growth of Pseudomonas spp..  
Respiration parameters were obtained by fitting the Michaelis-Menten equation to experimental data 
of headspace gas dynamics.  The calculations obtained from the model were then tested against 
experimental data from other works and the feasibility of predicting the gas balance behaviour and the 
growth of the Pseudomonas spp. inside the package were evaluated.  These experiments included 
variations in temperature (0-15°C), red meat product (minced pork, pork loin and beef), permeability 
(𝑃 ,  2.47× 10  - 4.93× 10  m3 m-2 h-1 ) and initial headspace concentration (0-40% CO2, 21-
80% O2) and had naturally occurring microflora growing on the meat.  The bias and accuracy factors 
comparing the model to the experimental maximum specific growth rate were 0.8426 and 1.2731 
respectively, indicating a fail-safe model.  Predictions of shelf life were made whilst varying the 
carbon dioxide permeability of the film to find the point at which the shelf life was impacted by 
carbon dioxide permeability, for use with MAP a carbon dioxide permeability of below 1.7× 10  m3 
m-2 h-1 was found to maintain the shelf life (to within one hour) based on the model predictions.  
Varying the oxygen permeability had no impact on the growth of Pseudomonas spp. and therefore the 
predicted shelf life.  To achieve this carbon dioxide permeability a layer of EVOH32 less than 1 𝜇m is 
required.  This results also diversifies the selection of plastics that could be used as alternatives to 
conventional plastics and highlights the importance of using materials with a low carbon dioxide to 
oxygen permeability ratio.  To observe the influence of the permeability of carbon dioxide and other 
input variables on shelf life in a less computationally and time intensive manner, a simplified equation 
was established from the model using response surface methodology.  This equation can be used as a 
decision support tool to determine required permeability according to product design, intended use 
and constraints for shelf life.  Taking this method over a one-size-fits-all approach could lead to 
reduced material requirements and open up the market for new food packaging materials. 
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Supplementary Material  
Table 1.  ANOVA table for the decision support tool. 

Source 
Sum of 
Squares df 

Mean 
Square F Value 

p-value 
Prob > F 

Model 7.69E+04 21 3.66E+03 19.01 < 0.0001 
A-log10 Permeability 3.03E+04 1 3.03E+04 157.57 < 0.0001 

B-Initial Carbon 
Dioxide 2.39E+04 1 2.39E+04 124.18 < 0.0001 
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C-Headspace:Meat 2.89E+01 1 2.89E+01 0.15 0.6996 
D-Film area 4.52E+03 1 4.52E+03 23.49 < 0.0001 

E-Vt 2.96E+03 1 2.96E+03 15.38 0.0002 
F-Lm 4.85E+02 1 4.85E+02 2.52 0.1174 
AB 7.35E+03 1 7.35E+03 38.15 < 0.0001 
AC 1.06E+01 1 1.06E+01 0.055 0.8149 
AD 2.26E+03 1 2.26E+03 11.75 0.0011 
AE 1.72E+03 1 1.72E+03 8.95 0.0039 

AF 8.30E-01 1 8.30E-01 
4.32E-

03 0.9478 
BC 3.49E+02 1 3.49E+02 1.81 0.1828 
BD 2.08E+03 1 2.08E+03 10.79 0.0017 
BE 4.66E+02 1 4.66E+02 2.42 0.1247 
BF 1.61E+02 1 1.61E+02 0.84 0.364 
CD 2.17E+01 1 2.17E+01 0.11 0.738 
CE 1.06E+01 1 1.06E+01 0.055 0.8149 
CF 3.26E+01 1 3.26E+01 0.17 0.682 
DE 5.61E+01 1 5.61E+01 0.29 0.5914 
DF 5.42E+01 1 5.42E+01 0.28 0.5976 
EF 4.47E+01 1 44.72 0.23 0.6315 


