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Abstract 

Listeria monocytogenes is a foodborne gram-positive pathogenic bacterium 

responsible for human listeriosis. Although food equipment and contact surfaces are 

disinfected routinely, L. monocytogenes can grow and persist in harbourage sites. 

Besides, the use of biocides such as benzalkonium chloride (BAC), may induce 

resistance or cross-resistance to other antimicrobials such as antibiotics. Therefore it is 

of the highest interest, to define disinfection protocols that may reduce, if not 

eliminate, its presence in the industrial plants and minimize the emergence of 

antibiotic resistance. This work addresses the model-based design of such disinfection 

protocols. 

A novel mechanistic model is proposed, which accounts for inoculum and BAC decay 

kinetics and membrane mechanisms. The Microbiology Laboratory members at the 

IIM-CSIC collected times series data for modelling, and the unknown model 

parameters were estimated by multi-experiment data fitting using the AMIGO2 

toolbox. The proposed model successfully explains all data sets (R2>0.97) while 

outperforming previous models found in the literature. 

Finally, the model was used to design dosage conditions to reduce sub-lethal effects 

while minimising the use of BAC and contact time. This model-based approach can be 

directly applied to the systematic design of the disinfection of other gram-positive and 

gram-negative pathogenic bacteria. 

Keywords 
Listeria monocytogenes; benzalkonium chloride, BAC; mathematical modelling; 

disinfection; parameter estimation; optimisation. 
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1. Introduction 

Microorganisms such as virus, bacteria, fungi and other parasites cause infections, i.e. 

they invade the organism and spread to other organisms through pathways such as air 

droplets, faecal-oral contact, fluid exchange, vectors, and contaminated food and 

water (Microbes and the human body – Routes of transmission, s.f.). Humans react to 

the infection activating the immune response, starting from the innate, which usually 

includes inflammation, followed by an adaptive response mediated by lymphocytes 

(The innate and adaptive immune systems, 2016). 

Infectious diseases haunt humans since the beginning of times. Some of the most 

critical outbreaks still recent in our memory caused devastating pandemics, taking 

millions of lives. In the 14th century, the Great Plague resulted in the death of almost 

2/3 of the population in Europe (History of the Plague | Plague | CDC, s.f.). Smallpox 

caused hundreds of thousands of deaths every year, having killed many millions since 

the first outbreaks (WHO | Bugs, drugs and smoke: stories from public health, 2016). 

These are only some examples of how much impact infectious diseases had not so long 

ago before vaccines and antibiotics existed. 

In addition to vaccines, which are used for prevention, antibiotics are used in the 

treatment against some infectious diseases. Among them, we can find bactericidal and 

bacteriostatic agents; the latter ones only stop growth and reproduction. The most 

known antibiotic discovery was that of penicillin by Alexander Fleming in 1928; it 

pertains to the β-lactam group, which is the most widely used nowadays and works 

inhibiting cell wall synthesis. Fleming had a fungi infection in one of his Staphylococcus 

aureus’ plates and realised that no colonies grew near the fungi because they secreted 

a substance that killed the bacteria (Tan & Tatsumura, 2015) 

The appearance of both vaccines and antibiotics allowed a significant advance in the 

fight against infectious diseases resulting in a decrease of incidence, prevalence and 

mortality of most of these illnesses and even the eradication of smallpox. 

However, shortly after the development of the first antibiotics, some bacterial strains 

started to survive treatment with antibiotics (Davies & Davies, 2010), developing 

antibiotic defence mechanisms (resistance). Figure 1 shows a timeline of antibiotic 

release and resistance identification. 
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Figure 1 Timeline of antibiotics 
release and appearance of 
antibiotic resistance 
 (About Antimicrobial 

Resistance | 

Antibiotic/Antimicrobial 

Resistance | CDC, s.f.) 

Bacterial adaptation to the antimicrobials that we use is faster than our ability to 

develop new ones, since not enough money is destined to progress in this field and 

create more potent drugs that could kill the multidrug-resistant (MDR) bacteria that 

are emerging  (Ventola, 2015). MDR bacteria usually accumulate many resistance 

genes to different drugs.  These genes can be naturally present in the cell or may be 

obtained through horizontal gene transfer and incorporated to R plasmids (resistance 

plasmids)  (Nikaido, 2009).  
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Bacteria are social organisms. In some cases, they organise in biofilms, i.e. 

communities that might contain one or many species (homogeneous or 

heterogeneous, respectively) attached to surfaces (Biofilms - Latest research and news 

| Nature, s.f.). When grouped in biofilms, it is easier for bacteria to carry out horizontal 

gene transfer (Madsen et al., 2012). 

According to O'Neill (2014), antimicrobial resistance (AMR) threatens both our health 

and our global economy. If not addressed soon, effectively and jointly, by 2050, AMR 

will create a health crisis all over the world due to outbreaks nearly impossible to treat, 

with a number of deaths exceeding those due to, for example, cancer. Fortunately, 

there is an international consensus that the problem is still solvable, provided we act 

globally and promptly. 

 

 

 

 

 

Figure 2. Comparison of 

AMR deaths and other 

major causes of death in 

2014 and prediction of AMR 

deaths in 2050 (O'Neill, 

J.,2014). 

The widespread use of antibiotics applies an extreme selective pressure, allowing 

resistant and multi-resistant bacteria to survive and live long enough to transmit their 

R plasmids. Also, incorrect use of antibiotics, including shortening of treatments and 

use of sub-lethal doses can contribute to the appearance of de novo resistance.  

Recent studies have further pointed out that the overuse or improper use of some 

biocides also stimulates the appearance of crossed resistances. Kampf (2018) reviewed 

the role of crossed resistance to antibiotics after the exposure of bacteria to sub-lethal 

doses of benzalkonium chloride (BAC), a biocide widely used as a disinfectant in the 

food and clinical sectors. Many species, both gram-positive and gram-negative, 

evolved resistant strains. These strains show increased minimum inhibitory 
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concentration (MIC) after exposure to the biocide and increased expression of biocide 

efflux pumps. Table 1 presents a list. Many of these species are non-pathogenic or 

have low virulence, but it has been already shown that pathogenic bacteria may 

develop cross-resistance (Romanova et al., 2006). 

Species Cross-resistance 

Burkholderia cepacia complex Imipenem; Meropenem; Ciprofloxacin; Ceftazidime 

Chryseobacterium spp. Ampicillin 

Enterobacter spp. Ampicillin; Cefotaxime; Ceftazidime; Sulfamethoxazole;  

Pantoea spp. & Salmonella spp. Ampicillin; Cefotaxime; Sulfamethoxazole 

Bacillus spp. Ampicillin; Cefotaxime; Sulfamethoxazole 

Enterococcus spp. Ampicillin; Cefotaxime; Ceftazidime; Sulfamethoxazole 

Staphylococcus saprophyticus Ampicillin; Tetracycline; Ceftazidime; Sulfamethoxazole 

Table 1. The emergence of cross-resistance in gram-negative (shaded in grey) and 

gram-positive bacteria exposed to sub-lethal doses of BAC 

 

In this work, we are interested in the cross-resistance that Listeria monocytogenes 

might be able to develop, due to its high pathogenicity. L. monocytogenes is a gram-

positive bacillus, motile because of its peritrichous flagella and without a capsule. It is 

an intracellular parasite, growing and reproducing inside cells. At body temperature, 

its flagella are inactivated, and therefore, it needs another mechanism to be able to 

move. Intracellularly, it uses an actin recruitment mechanism that allows L. 

monocytogenes to move and colonise neighbouring cells. Although it does not form 

spores, it has a great ability to adapt to hostile environments such as high humidity 

and cold temperatures, possibly through the formation of biofilms. There are thirteen 

serotypes, being 1/2a, 1/2b, 1/2c and 4b the most virulent and mostly responsible for 

human listeriosis (Mosquera-Fernández, 2016). 

Vulnerable individuals to Listeria are newborns, elders and immunocompromised 

patients. They usually develop invasive listeriosis; this means that besides the usual 
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mild fever and gastroenteritis, they experience muscle aches, headache, neck stiffness, 

confusion, convulsions, sepsis and meningitis. When these symptoms are present, it 

means that the infection has reached the bloodstream and passed the blood-brain 

barrier. Also, in pregnant women, the infection might cause stillbirth, miscarriage, 

new-born infection or premature birth. Average listeriosis in no-risk patients does not 

require any treatment. Severe listeriosis patients or pregnant women are treated with 

antibiotics, in the latter case, the treatment might prevent the infection from affecting 

the baby; if the patient is a new-born, sometimes combinations are used. Nowadays, 

ampicillin is the preferred antimicrobial to treat this disease. 

Listeriosis is a foodborne disease, which means that it is acquired through 

contaminated food. Because of the high adaptability of Listeria, it can grow in food 

industry equipment and premises, often cold and humid due to refrigeration, 

inhospitable to other microorganisms (Carpentier & Cerf, 2011). Besides L. 

monocytogenes can grow and reproduce in biofilms attached to the surfaces 

(Blackman I., FranK J., 1996) which may be a source of food cross-contamination. 

Despite the disinfection protocols, L. monocytogenes biofilms may survive throughout 

time in industrial plants (Carpentier & Cerf, 2011). This is because L. monocytogenes 

sometimes find niches in holes and breaches where disinfectants arrive at sub-lethal 

doses, this leading to emerging resistance to biocides and antibiotics.  

The incidence of listeriosis is on the rise (Cairns and Payne, 2009; Goulet et al., 2008; 

Kvistholm Jensen et al., 2010; ECDC, 2018). Therefore, it is of the highest interest, to 

define disinfection protocols that may reduce, if not eliminate, its presence in the 

industrial plants, while minimizing the emergence of resistance.  

The definition of the optimal protocol requires 1) to select an appropriate biocide and 

2) to optimize its dosage. In what regards to the selection of the biocide, benzalkonium 

chloride (BAC) is widely used in the food industry and hospitals. It is typically used at 

low concentrations, and there are already evidences that the use of BAC at sub-lethal 

doses can trigger the appearance of cross-resistance to antibiotics through the 

increased expression of non-specific efflux pumps called Mdrl in Listeria (Romanova et 

al., 2006). The optimisation of the dosage calls for a better understanding of the 

mechanisms underlying the action of the biocide plus the definition of lethal dosing.  
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In this work, a computer-aided approach is suggested to gain such knowledge on the 

mechanisms and to design optimal biocide dosage profiles automatically.  Such a 

computer-aided approach is based on a predictive mathematical model of the system 

and the use of numerical simulation and optimisation techniques. 

A mathematical model is a representation of a part of reality, created for a particular 

objective. Empirical models, such as surface response models, are purely based on 

data and have limited predictive capabilities. Mechanistic models, instead, incorporate 

possible biological, physical or chemical mechanisms, thus allowing 1) integrating data 

in such a way that new knowledge can be extracted, 2) designing new experiments, 3) 

making well-founded and testable predictions.  

Mechanistic mathematical modelling is an iterative procedure which goes from the 

data to the model and backwards several times (see Figure 3).  

Modelling starts with a question to be addressed. Attending to the objective of the 

model and previous knowledge a (set of) candidate mathematical formulation(s) are 

proposed. 

Each candidate model is confronted with 

the experimental data through a fitting 

approach, and the best mechanistic model 

is selected based on the goodness-of-fit 

and the number of parameters in the 

model (Vilas et al., 2018; Balsa-Canto et al., 

2010). 

Once the best model has been selected, it 

can be used to answer what-if questions 

and to design optimal dosage conditions.  

  

Figure 3. Model building loop 

Disinfection models are abundant in literature, especially those designed for water 

treatment. Table 2 includes a list of the most widely used. 

  



 8  

 

Reference 

 

Demand/demand-free 

conditions 
Mathematical formulation 

Generalized Differential 

Rate Law (Gyürék & 

Finch, 1998) (Hunt & 

Mariñas, 1999) 

Demand-free 𝑑𝑁
𝑑𝑡 = −𝑘𝑁'𝐶) 

Chick-Watson model 

(REF) 

(Gyürék & Finch, 1998) 

Demand-free 
𝑑𝑁
𝑑𝑡 = −𝑘𝑁𝐶) 

Lambert model 

(Gyürék & Finch, 1998) 
Demand 

𝑑𝑁
𝑑𝑡 = −𝑘*𝑁'𝐶) 

𝑑𝐶
𝑑𝑡 = −𝑘′𝐶 

Hunt-Mariñas model 

(Hunt & Mariñas, 1999) 
Demand 

𝑑𝑁
𝑑𝑡 = −𝑘*𝑁'𝐶) 

𝑑𝐶
𝑑𝑡 = −𝑘,𝐶(𝐶 − 𝐶. + 𝛼.𝑁.) 

 

Fernando model 

(Fernando, 2009) 

Demand 

𝑑𝑁
𝑑𝑡 = −𝑘*𝑁𝐶 

𝑑𝐶
𝑑𝑡 = −𝛼𝑘*𝑁𝐶 

García-Cabo model 

(García & Cabo, 2018) 
Demand 

𝑑𝑁
𝑑𝑡 = −1045𝑁'𝐶) 

𝑑𝐶
𝑑𝑡 = −𝛼	1045𝑁'𝐶)

= −1047(
𝐶.
𝑁.
)81045𝑁'𝐶) 

Table 2. Disinfection models in literature. In these models N and N0 refer to the 

concentration of viable bacteria over time and at initial time (t=0), respectively;  

equivalently, C and C0 correspond to the concentration of disinfectant over time and 

initial time; kN, k, k’, kC represent kinetic reaction rate constants while x and n represent 

reaction rate orders; a regards specific disinfectant uptake.  
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The simplest models assume demand-free conditions, i.e. the concentration of viable 

cells decays following a first or higher order on the cells and the concentration of 

disinfectant is assumed as an unaffected input.  Hunt & Mariñas (1999) and Fernando 

(2009) included the role of the initial inoculum. More recently García & Cabo (2018) 

accounted for previous results by Udekwu et al. (2009) who observed a clear 

relationship between inoculum and pharmacodynamics in some experiments with 

different antibiotics and Staphylococcus aureus and proposed a new model which 

outperformed previous models in the description of the disinfection of E. coli with 

BAC. 

Despite their broad application, these models are empirical or pseudo-empirical. In 

this work we develop a mechanistic model to account for inoculum and BAC decay 

kinetics, by taking into consideration the effect of inoculum size and both adsorption 

and penetration of BAC within the cells. 

2 Hypothesis and objectives 
2.1 Hypothesis 

 

- It is possible to use mathematical modelling to design novel and optimal 

disinfection processes/conditions that aim at reducing the emergence of cross-

resistance to antibiotics while minimising the use of disinfectants. 

- It is possible to define a mechanistic dynamic model that describes and 

predicts through cross-validation the disinfection in a such a way that can be 

used for the systematic design of optimal disinfection conditions. 

2.2 Objectives 

- To build a mechanistic model capable of predicting the amount of BAC 

necessary for the disinfection of any inoculum of pathogenic bacteria. 

- To compare the performance of the proposed mechanistic model against other 

available models in the scientific literature for the particular case of the 

disinfection of L. monocytogenes with BAC. 

- To explore the effect that the inoculum and the initial concentration of 

disinfectant have on the dynamics of the model. 

- To use the model to predict the optimal BAC profile to avoid BAC residues and  

sub-lethal dose exposure. 
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3 Materials and methods 

3.1 Experimental Materials and Methods  

The Microbiology group at the IIM-CSIC has developed an approach to obtain L. 

monocytogenes cells adapted to BAC (Saá et al. 2012). The data used in this work were 

obtained from experiments performed by the Microbiology group at the IIM-CSIC 

premises. The group performed a factorial design plan including different inocula and 

BAC concentrations, a total of six experiments, and measured BAC in the medium and 

L. monocytogenes survival at various sampling times per experiment. García & Cabo 

(2018) described the experimental protocol in detail.  

The culture was activated and centrifuged , then cells were resuspended in NaCl. After 

being adjusted to 109 CFU/ml by spectrophotometry, this concentration was used as 

inoculum in some experiments and diluted in NaCl  for others. BAC stock was prepared 

on deionized water, diluted to concentrations between 45 and 65 ppm after which, 

1mL was added to vials with 1mL of inoculum and allowed to act during 1, 2, 5 and 10 

minutes. At those times, the culture was neutralized (García & Cabo, 2018). 

3.2 Modelling and computational methods 

3.2.1 General model formulation 
This work addresses the dynamic modelling of the disinfection of L. monocytogenes 

using BAC. For that purpose, a deterministic model consisting of a set of ordinary 

differential equations is used. Figure 4 presents the general modelling framework. 

 

 

Figure 4. General modelling framework. 

In the Figure, 𝒙, refers to the vector of state variables in the system, i.e. BAC 

concentration in the medium or inside the cells, the concentration of bacteria, 

etc.;	𝑑𝒙/𝑑𝑡 represents the rate of change of the state variables over time; u 
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corresponds to the vector of stimuli (e.g., BAC dosage). The function ψ represents the 

mathematical relationship between the different states and stimuli.  

Besides, 𝒚< and 𝒚 refer to the vector of measured states – data and model predictions, 

respectively. In this particular case, the measured states correspond to the BAC in the 

medium and the concentration of viable cells in log scale. The dynamics of the system 

will depend on the initial conditions 𝒙(𝑡 = 0) and the value of the parameters (e.g. 

kinetic parameters) p. 

3.2.2 Parameter estimation 

Given a set of differential equations as in Figure 4, the values assigned to the 

parameters p will result in different dynamic behavior for the system. A parameter 

estimation problem is solved to ensure the model can appropriately describe the 

experimental data. The idea is to find unknown model parameters (for example, 

kinetic rate constants or orders) to minimise a measure of the distance among the 

model predictions and the experimental data. 

The definition of the scalar measure of the distance among the experimental data and 

the model predictions will depend on the available information for a particular 

example. The most well-known cost function is the generalised least squares (Walter & 

Pronzato, 1997)  given by: 

𝐽>?@(p) =BB B (𝑦DE5F (p) − 𝑦GDE5F )

)H,JKH
L

EMN

)JKH
L

EMN

)L

DMN

	𝑄DE5(𝑦DE5F (p) − 𝑦GDE5F ) (1) 

 where 𝑛F	is the number of experiments, 𝑛Q8?F  is the number of observables in the 

experiment 𝜀, 𝑛?,Q8?F  is the number of sampling times for each observable in each 

experiment,  are the vectors of data for each observable (BAC and CFU/ml in this 

case) in each experiment,  the model predictions. The matrix Q is a nonnegative 

definite symmetric weighting matrix. The weighting coefficients located in the diagonal 

are positive or zero and fixed a priori. The choice of the weights will express the 

relative confidence in the various experimental data or normalising constants when 

states differs in orders of magnitude. 

  

y!

ey
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3.2.3 Numerical solution of the parameter estimation problem 

The parameter estimation problem is cast as a non-linear optimisation problem 

subject to the model (set of ordinary differential equations) and possibly bounds on 

the parameter values. Figure 5 shows the iterative procedure for its resolution. In an 

outer iteration, the optimiser or non-linear programming solver (NLP solver) will 

generate candidate solutions –iterates- and in an inner iteration, the initial value 

problem solver (IVP solver) will compute model predictions and parametric 

sensitivities for the given candidate solution. The least squares function is then 

evaluated using model predictions and data. The convergence of the procedure is 

tested using the solver specific criteria: the norm of the gradient of the least squares, 

the distance among iterates, number of function evaluations, computational cost, etc.  

 

Figure 5. Iterative procedure for the solution of the parameter estimation problem 

In this work, the AMIGO2 toolbox (Advanced Model Identification using Global 

optimisation) (Balsa-Canto et al., 2016b) was used to do the model simulation,  

parameter estimation and cross-validation. 

3.2.4 Model cross-validation 

To test the model predictions under untested conditions, we applied the out-of-

sample cross-validation approach (Tashman, 2000). The model parameters are 

estimated using five out of six the experiments and the capability of the model to 

predict the sixth experiment is tested. This operation is repeated for all six 

experiments, leaving-one-out at a time.  
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3.2.5 Goodness-of-fit analysis 

Candidate models were compared attending to their balance between goodness-of-fit 

and model complexity, i.e. the number of free parameters. For this purpose, the  

Akaike's (AIC) and the Bayesian (BIC) information criteria were used.The AIC is 

intended to explicitly balance parsimony and relative information loss across candidate 

models, penalizing the number of parameters to avoid over-fitting. The corrected AIC 

value for each candidate model M reads: 

cAICM = Jlsq(µ) + 2np +
2np(np + 1)
(nd − np − 1)

 (2) 

being µ the optimum value of model parameters; np  the number of unknown 

parameters in the model and nd the number of data. The candidate model with the 

lowest AIC value is ranked as the most likely (Burham et al. 2004).  

Alternatively, the Bayesian information criterium reads as follows: 

𝐵𝐼𝐶b = 𝐽>?@(𝝁) + np	log	(nd) (3) 

Again candidate models can be ordered according to the BIC; the minimum BIC would 

correspond to the best model. 

Models were also compared in terms of the coefficient of determination R2 and the 

normalised mean squared error. The R2 test compares the model to the simple mean 

of the data. If R2 is close to 1, the model is better than using the simple mean of the 

data, if R2<<1 the simple mean of the data explains the observation better than the 

model. 

𝑅bg = 1 −
∑ (𝑦GD − 𝑦D)g)i
DMN
∑ (𝑦GD − 𝑦j)g)i
DMN

 (4) 

Where yj corresponds to the mean of the measured data. 

The normalised mean squared error, NRMSD, reads: 

𝑁𝑅𝑀𝑆𝐷 = o∑ ∑ ∑ p𝑦DE5F (p) − 𝑦GDE5F qg
)H,JKH
L

EMN
)JKH
L

EMN
)L
DMN /(maxp𝑦DEF q − minp𝑦DEF q)

g

𝑛𝑑
 

(5) 

It is typically expressed in percentage. 
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3.2.6 Basics on AMIGO2 toolbox 

AMIGO2 (sites.google.com/site/amigo2toolbox/) is a multi-platform MATLAB based 

tool designed to solve mathematical optimisation problems which are at the core of 

systems biology: in the context of model parametric identification, as the underlying 

hypothesis for model development and in the optimal control of biological systems to 

synthetically achieve the desired behaviour. In this work, we exploit some tools related 

to model identification, namely, simulation, parametric sensitivity analysis, parameter 

estimation and post-analysis. 

The tool supports general non-linear deterministic dynamic models like the ones in 

Table 2 and the mechanistic model proposed in this work (formulated in section 

Results).  

As for the numerical methods, AMIGO2 incorporates the MATLAB-based initial value 

problem solvers (ode15s, oe113, ode45) as well as CVODES (Hindmarsh et al., 2005) to 

cover stiff, non-stiff and sparse dynamic systems. Parametric sensitivities can be 

computed by either direct methods or various finite differences schemes. Regarding 

the optimisers, AMIGO2 interfaces to a suite of state-of-the-art solvers to cover 

constrained convex and non-convex, non-linear optimisation problems.  

In this work, CVODEs (Hindmarsh et al., 2005) was selected as the IVP solver. As for the 

NLP solver, a metaheuristic based on the combination of a global scatter search 

approach, and a local optimiser was selected: eSS (Egea et al., 2009). This solver starts 

by generating several initial possible solutions, the distance to the experimental data, 

i.e.  (Eqn. 1) is computed, and if successful, the method will stop. Otherwise, the 

best solutions (those closer to the data) will be used to generate new iterates. From 

time to time, and following specific rules, the global search will select a candidate 

solution and will call a local solver. This combination of global and local search 

facilitates the process of finding the best optimum.  

As for the local solver, fminsearch was selected. fminsearch implements the Nelder-

Mead simplex method. A simplex is an n-dimensions analogous of a triangle, i.e. an n-

dimensional polytope of n+1 vertices. The solver uses this concept to approximate a 

local optimum of a problem with n variables. In each step, the algorithm discards the 

worst vertex and adds another point to the simplex, by reflecting, expanding, 

lsqJ
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contracting or shrinking with respect to the best simplex side (Lagarias et al., 1998). 

This method was used for the local search at intermediate iterations and to do the 

final refinement. Remark that this method is suited to some of the candidate models in 

this work as it does not require the models to be differentiable. 

AMIGO2 requires the definition of an input structure with the following basic 

elements: 

• inputs.model: to include all information about the model, i.e. the number of 

states, parameters and stimuli; their names; model equations and a nominal 

value of the parameters. 

• inputs.exps: to specify the experiments, i.e. the number of experiments and 

for each experiment, its initial and stimulation conditions, sampling times, 

experiment duration, and available experimental data. 

• inputs.PEsol: to specify the parameter estimation problem, i.e. the 

unknown parameters to be estimated, bounds on the parameter values, type 

of cost function to be used (the type of normalisation for the generalised least 

squares function) and constraints.  

• inputs.ivpsol: to specify the IVP solver, the sensitivity solver and the 

integration tolerances. 

• inputs.nlpsol: to define the NLP solver, and the corresponding parameters, 

e.g. the maximum number of function evaluations or maximum computational 

time for optimisation, to name a few. 

• inputs.plotd: to specify the characteristics of the display of results. 

AMIGO2 is organised in tools. This work made use of the  following: 

§ AMIGO_Prep: interprets the ‘inputs’ structure and creates the necessary files for 

other tasks. 

§ AMIGO_SModel and AMIGO_SData are devoted to model simulation. Models 

or observables are evaluated, and results are plotted against experimental data.  

§ AMIGO_PE: solves the parameter estimation problem using the user selected 

numerical methods. 

§ AMIGO_PEPostAnalysis:performs goodness-of-fit analyses. 
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4 Results  

4.1 Pseudo- empirical model by García & Cabo 

As a basis for comparison with the proposed mechanistic model a pseudo-empirical 

model, the García-Cabo model (García & Cabo, 2018), was first used to explain the 

experimental data on the disinfection of L. monocytogenes with BAC. The model was 

initially proposed to describe the disinfection of Escherichia coli with BAC, and it had 

outperformed previous models in the literature. This model was the first to formulate 

the possibility that the inoculum could affect the disinfection dynamics.  

The best fit obtained corresponds to a normalised least squares value of 3.50. Figure 6, 

represents the corresponding model predictions against the experimental data:   

a) Viable L. monocytogenes (CFU/ml) in log scale 

 

 

 

 

 

 

 

 

 

b) BAC in the medium (ppm) 

 

 

 

 

 

 

 

 

 

 

Figure 6. Best multi-experiment fit obtained with the García & Calbo model. Data 

correspond to six experiments with inocula in the range of 6 to 9 logs and BAC dosing 
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between 45 and 65 ppm. Continuous lines represent model prediction while stars 

represent experimental data. 

The model is rather flexible, allowing for higher-order “reaction” terms. Still, it is 

unable to reproduce the data, being typically faster than the data. Remark that this is 

an undesirable property since this model would fail to predict the system dynamics 

leading to designs which would overestimate the level of disinfection.  

For the fit in Figure 6, we assumed that initial model conditions correspond to the 

mean experimental data at the initial time, as computed from experimental replicates. 

However, giving full credibility to the initial conditions may induce model bias, 

especially in microbiology, where data are usually very noisy. Alternatively, it is 

possible to estimate initial conditions within a range defined by the statistics of the 

measured data (García et al., 2015). 

The quality of the fit improves considerably with a cost function of  Jlsq=1.146 when 

allowing for the estimation of the initial conditions. However, Figure 7 still reveals 

model limitations. 

 

a) Viable L. monocytogenes (CFU/ml) in log scale 
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b) BAC in the medium (ppm) 

 

Figure 7. Best multi-experiment fit obtained with the García & Calbo model, estimating 

initial conditions.  

The dynamics of bacteria inactivation for some experiments are not distinguishable: 

red and black curves and magenta and blue overlap, while the data do not. In the case 

of experiment 3, data decay slowly while the model shows a steep descent, predicting 

an unrealistic total inactivation before one minute. Similarly, the dynamic of 

experiment 6 is faster than the observed; also, the model predicts a fast inactivation. 

4.2 Novel mechanistic model 

As shown in the previous section even quite sophisticated, empirical models are not 

able to explain the data. Besides these models do not provide information on the 

underlying disinfection mechanisms. As already mentioned in the introduction, 

mechanistic models are intended to formulate the knowledge (or our hypotheses) 

about the behaviour of a given system.   

Here we hypothesised that initially BAC is adsorbed, destabilising the cellular 

membrane; When membrane integrity is perturbed, BAC is able to penetrate inside 

the cell where it accumulates and kills the bacteria. Similar mechanisms were 

proposed by Maillard (Maillard, 2002). Figure 8 illustrates the process. 
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Figure 8. BAC mechanisms of action on Listeria monocytogenes.The process runs in 4 

steps: 1) the BAC is added to the medium and contacts cells’ surface, 2) the membranes 

adsorb the disinfectant, i.e. the membrane “holds” the liquid  as a thin film, 3) the 

membrane is disrupted and the BAC internalised and 4) BAC accumulates and cells die. 

Based on the proposed mechanisms, the model reads: 

𝑆7i?
𝑑𝐶7i?
𝑑𝑡

= 𝑟N − 𝑟g (6) 

𝑉D)x
𝑑𝐶D)x
𝑑𝑡

= 𝑟y − 𝑟z − 𝑟{ (7) 

𝑉
𝑑𝐶
𝑑𝑡

= 𝑟N + 𝑟g − 𝑟y + 𝑟z + 𝑟{ (8) 

𝑉
𝑑𝑁
𝑑𝑡

= −𝑟i  (9) 

𝑆7i? = 3.52	 ∙ 104� ∗ 𝑁. ∗ 𝑓𝑎𝑐𝑡𝑜𝑟_𝑆 (10) 

𝑉D)x = 3.927 ∙ 104Ny ∗ 𝑁. ∗ 𝑓𝑎𝑐𝑡𝑜𝑟_𝑉 (11) 

V=1 ml (12) 

where C is the concentration of BAC outside the cells and, Cint and Cads are the 

concentrations of BAC inside the cells and BAC adsorbed, respectively. N is the 

concentration of L. monocytogenes, N0 is the inoculum, V is the total volume, Sads is the 

effective cell surface, and Vint is the effective cell volume. Remark that we introduce 

the concepts of effective surface and volume since it is expected that only a part of the 

surface or the volume will be accessible to the BAC.  
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We assume the simplest case for the kinetics of adsorption/desorption. The rates are 

based on gradients between adsorbed and desorbed BAC. It is considered that the 

number of binding sites is not a limiting variable and it is incorporated in the rate 

constant 𝑘N	 

𝑟N = 𝑘N	C	V (13) 

𝑟g = 𝑘g	𝐶7i?𝑆7i? (14) 

For the dynamics of BAC interiorization, we impose that BAC should be first adsorbed 

based on the mechanisms of BAC disinfection found in the literature adding two Hill 

functions of  𝐶7i? 

𝑟y = 𝑘y𝐶	𝑉
𝐶7i?�y

𝑘�y + 𝐶7i?�y
 (15) 

𝑟z = 𝑘z𝐶D)x𝑉D)x
𝐶7i?�z

𝑘�z + 𝐶7i?�z
 (16) 

It is also assumed that an increase in BAC outflux for the cells that are death (𝑁. − 𝑁) 

is possible: 

𝑟{ = 𝑘{(𝑁. − 𝑁)𝐶D)x𝑉D)x (17) 

Finally, the kill curve is defined as a function of viable cells with two Hill functions of  

𝐶7i? to account for the influence of adsorption and interiorization on bacterial death: 

𝑟i = 𝑘i𝑁' 𝐶D)x)���

𝑘D)x + 𝐶D)x)���
∗

𝐶7i?)��H

𝑘7i? + 𝐶7i?)��H
 (18) 

In this model, the unknown constants to be estimated are the kinetic constants k1, k2, 

k3, k4, k5, kd, the order of the kinetics m3, m4,x, nint, nads, the Hill constants, km3, km4,  kint, 

kads and the parameters factor_S and factor_V. 

The parameter estimation problem was solved using precisely the same conditions as 

for the pseudo-empirical model. The final fit corresponds to the least squares value 

Jlsq=0.363523 (R2>0.97). Best initial conditions and parameter values are reported in 

Tables 3 and 4, respectively. The best fit is shown in Figure 9.  
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 N0 (CFU/ml) C0 (ppm) 

Experiment 1 8.9229 ∙ 10{ 52.625 

Experiment 2 2.8649∙ 10� 45.246 

Experiment 3 1.0265 ∙ 10� 46.203 

Experiment 4 4.8358 ∙ 10� 45.539 

Experiment 5 1.5064 ∙ 10� 52.143 

Experiment 6 2.2087∙ 10� 54.220 

Table 3. Best estimated initial conditions. 

 

Parameters k1 3.6461 ∙ 104N m3 2.9721 ∙ 104N 

k2 4.3457 ∙ 10N m4 2.7158 

k3 2.0670 ∙ 10� km3 1.0818 ∙ 10� 

k4 6.6040 ∙ 10g km4 8.9643 ∙ 10y 

k5 2.6357 ∙ 104� nads 1.7295e∙ 10N 

kd 3.1924 kads 1.9389e∙ 10� 

x 1.3589 factor_S 4.2197 ∙ 104y 

nint 1.5555 factor_V 9.9969 ∙ 104N 

kint 9.9843· 109   

Table 4. Best parameter values. 

a) Viable L. monocytogenes (CFU/ml) in log scale 

 Time (min) 

Exp 1 
Exp 2 
Exp 3 
Exp 4 
Exp 5 
Exp 6 
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b) BAC in the medium (ppm) 

 

Figure 9. Best multi-experiment fit as obtained for the mechanistic model.  

Figures show how the mechanistic model is able to explain the data satisfactorily. To 

further analyse the quality of the proposed model its performance is compared to that 

of the empirical model using several goodness-of-fit criteria. Results are presented in 

Table 5.  

Models R2 NRMSE-N 

% 

NRMSE-

BAC % 

BIC AIC cAIC 

Empirical 0.943594 87.25 11.69 103.862 94.9539 96.0650 

Mechanistic 0.975116 35.54 5.87 93.3541 69.8517 84.4231 

Table 5. Statistical analysis performed on both models. 

Figure 10 shows the mean relative residuals per experiment for both models.  

Time (min) 

Exp 1 
Exp 2 
Exp 3 
Exp 4 
Exp 5 
Exp 6 



 23 

 

Figure 10. Mean relative residuals for the mechanistic (colors) and empirical models 

(grey), for Listeria (N) and BAC. 

The mechanistic model is superior to the empirical model in practically all 

experiments. The maximum normalised residual for the mechanistic model correspond 

to a value of around 22% for the prediction of the BAC concentration in the 

experiment 6; while the maximum normalised residual for the empirical is around the 

30% for the prediction of bacteria in the experiment 3.  

In order to assess the predictive quality of the mechanistic model, a cross-validation 

test was performed. Recall that this means that 5 experiments are simultaneously 

fitted to the data. The optimal parameters are then used to predict the 6th experiment. 

Figures 11 to 16 illustrate the individual predictions for the out-of-sample experiments.   

 

 

Figure 11. Experiment 1 (dark blue) used for validation. Cost function of 0.35909. 

Viable L. monocytogenes (CFU/ml) in log scale      BAC(ppm) in the medium 
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Figure 12. Experiment 2 (green) used for validation. Cost function of 0.32051. 

 

 

 

Figure 13. Experiment 3 used for validation. Cost function of 0.23968. 

 

 

Figure 14. Experiment 4(light blue) used for validation. Cost function of  0.32072. 
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Figure 15. Experiment 5 (pink) used for validation. Cost function of 0.23759. 

 

 

 

Figure 16. Experiment 6 (black) used for validation. Cost function of 0.26007. 

Remark the cross-validation results confirm that the model can predict data which has 

not been introduced in the fitting exercise. This reveals the robustness of the model. 

Once validated the model can be used to gain novel knowledge about the system. The 

simulation the model reveals that the dynamics of adsorption and internalisation are 

fast and change considerably among experiments. Figure 17 shows the model 

predictions over the first 20 seconds of BAC contact. In all experiments, the results 

show how at the beginning adsorption increases rapidly until a threshold, required for 

BAC interiorization, is achieved. Therefore internalisation starts, which supports the 

idea of a minimum adsorbed BAC is required to disrupt the membrane. For 

experiments 1, 3 and 5, BAC is continuously being adsorbed reaching high 

concentrations, whereas, for the other experiments, a certain degree of desorption is 

Viable L. monocytogenes (CFU/ml) in log scale  BAC(ppm) in the medium 
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observed after a few seconds due to the interiorisation of BAC. In addition, the outflux 

of BAC inside the cells is greater than the influx for experiment 3 after a few seconds. 

 

 

Figure 17. First 20 seconds of adsorption and interiorization dynamics of BAC (ppm) of 

the 6 experiments. 

The behaviour is different in each experiment. In experiments 1 and 5, BAC is first 

absorbed and later on enters the cells. In experiment 3, the same happens but later on 

some BAC goes out into the medium. In experiments 2, 4 and 6 after the initial 

adsorption, starts interiorization and adsorbed BAC diminishes. It would be desirable 

to test these predictions. Still the measurement at such short times is rather complex 

and would possibly require single cell experimental setups.   

Finally, the model can now be used to desing novel disinfection processes which may 

guarantee minimum survival (100 CFU/ml, is the maximum admissible in food 

products, and it a reasonable constraint since it is also the experimental detection 

limit). The initial concentration of L. monocytogenes was assumed to be  5∙ 10� 

CFU/ml. The model was then solved for 150 values of BAC concentration in the range 

[50, 75] ppm and 150 different values of contact time in the range [10, 40] min.  Once 
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the results were obtained, the dosification and contact times that would correspond to 

final survival under 1000 CFU/ml and 100 CFU/ml were obtained.  

 

 

Figure 18. Optimisation of the disinfection process. The surface represents the survival 

of L. monocytogenes after a given dosification for given contact time. The red line 

represents the locus of the survival of 1000 CFU/ml while the green line represents the 

locus of the survival of 100 CFU/ml. The green area would represent the disinfection 

conditions for which the survival remains below 100 CFU/ml.    

Figure 18 presents the space of solutions; most of them result in sub-lethal 

treatments. The red line represents the Pareto front solutions to achieve a survival 

<=1000 CFU/ml while the green curve respresents the Pareto front solutions to 

achieve a survival of =100 CFU/ml. Remark that all combinations BAC dosage-contact 

time in the green curve are fully equivalent from the point of view of optimisation; to 

select a particular combination one may need to value the cost of BAC and the cost of 

contact time. For example, using the minimum concentration of BAC (50 ppms), we 

need approximately 38 minutes of contact time while using 75 ppms, disinfection will 

take approximately 26 minutes. 
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5 Discussion 
 
This project aimed to find a mechanistic mathematical model for L. monocytogenes 

disinfection so that dosage used in industrial disinfection could be optimised, to 

reduce outbreaks of listeriosis, residual BAC at industrial plants and the emergence of 

cross-resistance to antibiotics.  

The proposed mechanistic model takes into consideration: BAC adsorption, 

internalisation and cellular death. The model successfully describes the system 

dynamics outperforming the best of the pseudo-empirical models found in the 

literature and providing novel insights into the mechanisms underlying the disinfection 

process.  

Remarkably, several alternative models were tested during the modelling iterative 

loop. Particular emphasis was paid to the adsorption and internalisation mechanisms. 

In order to quantify adsorption, a mean cell surface was computed using available data 

for the diameter and length (Listeria monocytogenes » Gram-Positive Bacteria » 

Pathogen Profile Dictionary, s.f.) and assuming the surface of a cylinder: S = 2pr2+2prh, 

where r is the radius and h is the length of the bacteria. The effective adsorption 

surface was computed by estimating factor_S through parameter estimation.  

One of the alternative models considered that the binding sites for BAC were not in 

excess. The alternative model had an additional state to simulate the number of free 

binding sites in the membrane. However, results consistently show that binding sites 

were in excess and therefore the free sites can be approximated by a constant. This 

constant cannot be identifiable, and it is encoded in the kinetic parameter k1 in the 

model finally selected (Eqn. 13).  

Also, to account for internalisation the mean cellular volume (assuming the volume of 

a cylinder: V = pr2h) was considered. Firstly, this mechanism was assumed as 

independent from adsorption, but the fit and the cost function values were not very 

promising. Although BAC mechanisms of action are far from known, the scientific 

literature agrees that the membrane destabilizes because of the adsorption of BAC 

and afterwards, there is intracellular leakage and internalization of BAC through the 

disrupted membrane (Maillard, 2002). 
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The final model also confirms the role of the inoculum in the BAC dynamics; something 

that had been experimentally observed and somehow accounted for in the model by 

García and Cabo. On the one hand, the adsorption depends on the amount of cell 

membrane (surface), that is proportional to the initial number of cells or inoculum. On 

the other hand, and analogously to adsoption, interiorisation depends on the volume 

inside the cells, also proportional to the incoculum. Here we assumed that lysis is not 

sufficiently strong to destroy the cell. Thus the inoculum affects the initial dose of 

disinfectant needed in order to perform a correct inactivation.  

If we compare experiment 1 (maximum BAC and minimum inoculum) with experiment 

4 (minimum BAC and maximum inoculum), we observe that, as expected, the dynamic 

of experiment 1 is much faster. Interestingly if we compare the same BAC 

concentration but different inoculum (experiment 1 and 3) and same inoculum but 

different BAC concentrations (experiments 2 and 3), we can observe that the 

difference between 1 and 3 is much more relevant, which seems to imply that the 

inoculum has a much more significant impact on the dynamics than the initial BAC 

concentration. 

The model considers that both adsorption and internalisation contribute to cellular 

death. However, results show that death is mostly caused by internalisation. Even 

though internalisation is not significant without adsorption, it is thought that 

adsorption has mostly a bacteriostatic effect due to the membrane disruption while 

internalisation and accumulation of BAC is the cause of death, possibly due to the 

coagulation of the cytoplasm (Maillard, 2002). Both mechanisms are represented by a 

Hill function on the differential equation corresponding to bacterial death. These are 

very steep dynamics introduced in the model to avoid using an if condition, that would 

cause model discontinuities. The bigger the Hill coefficient (n) is, the faster are the 

dynamics. Therefore internalisation is a much faster process than adsorption since the 

n is two orders of magnitude bigger. 

The shape of the inactivation curve is modulated by the value of x. If x is less than 1, 

the dynamics would present a shoulder. However, the best fit results in x > 1 and that 

is why a tailing-off kill curve is observed (Gyürék & Finch, 1998). 

 



 30  

6  Outlook 

 
In recent years antibiotic resistance has become the object of much research efforts. 

Despite the progress done -some mechanisms of the emergence of antibiotic 

resistance have been discovered- the appearance of cross-resistance, the extensive 

use of antibiotics in the food production and disinfectants in the processing industry 

pose a considerable challenge for the future. 

It has been shown that sub-lethal treatments of pathogenic bacteria with biocides may 

result in cross-resistance to other antibiotics. This may have severe impacts on human 

health.  

This project aimed at the systematic design of disinfection processes using a model-

based approach. A mechanistic model was proposed that allows the prediction of the 

disinfection dynamics and therefore facilitates the configuration of disinfection 

processes to achieve a desired lethal level. The model also brought novel insights into 

how BAC may act at the level of the cellular membrane. 

Now that we know the conditions for optimal L. monocytogenes disinfection with BAC, 

an interesting experimental path would be the exposure of Listeria to suboptimal 

concentrations of BAC to study the emergence of resistance mechanisms through gene 

expression analysis.  

Besides, it would be wise to study the Listeria cell membrane composition in both 

sensitive and resistant strains and the degree of peptidoglycan cross-linkage in the cell 

wall. Previous works observed that a loose peptidoglycan and a specific lipidic profile 

allows entrance to BAC and that an increase on the amount of fatty acids in the 

membrane might be involved in adaptation (To et al., 2002). This fact requires further 

investigation to assess whether a change in the lipidic membrane profile may have a 

role in resistance or cross-resistance to devise novel biocides.  

The model proposed in this work can, in principle, be applied to explain the 

disinfection of pathogenic Gram-positive and Gram-negative bacteria with BAC. This 

would need to be confirmed through adequate experimental designs and for different 

species and disinfectants. The comparison of the parameter values for different 

species and biocides would bring new knowledge for the design of novel disinfection 

processes at the food industry but also at health-care facilities. 
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8 Supplementary materials 
 
8.1 Example of inputs structure for AMIGO2 

 
%MODEL RELATED DATA 
inputs.model.input_model_type='charmodelC'; %Type of model- to generate C code 
inputs.model.n_st=4;                        %Number of state variables 
inputs.model.n_par=5;                       %Number of parameters 
inputs.model.n_stimulus=0;                  %Number of stimuli 
inputs.model.names_type='custom';           %Customised names for vars/pars 
inputs.model.st_names= char('N0','B0','NN','BB');  % Names for states and parameters 
inputs.model.par_names= char('k','x','n','a','b');  
inputs.model.stimulus_names=char('');              
inputs.model.eqns=char('dN0=0',...        % Model – Ordinary differential equations  
    'dB0=0',... 
    'alpha=(B0/N0)^b/10^a',... 
    'dNN=-10^(-k)*NN^x*BB^n',... 
    'dBB=+alpha*dNN'); 
inputs.model.par=[3.75787  1.25036  10  1.17631  0.833426]; % Nominal value for           
                                                                  parameters 
  
%EXPERIMENTAL DATA  
inputs.exps.data_type= 'real';           % Type of experimental data - real 
inputs.exps.noise_type = 'homo_var';     % Type of experimental noise   
pick_experiments=[1:6]; 
inputs.exps.n_exp=length(pick_experiments); % Number of experiments 
 
[r_t,r_N,r_B,r_NLog,infor]=My_experimental_data(inputs.exps.n_exp);  % Read data 
  
iexp=1; 
for cont=pick_experiments                                                           
    inputs.exps.t_f{iexp}=r_t{cont}(end);     % Experiment duration                                        
    inputs.exps.n_s{iexp}=size(r_t{cont},2);  % Number of sampling times                                       
    inputs.exps.t_s{iexp}=r_t{cont};          % Sampling times                                       
    inputs.exps.exp_y0{iexp}=[r_N{cont}(1) r_B{cont}(1),...  
                              r_N{cont}(1) r_B{cont}(1)]; % Initial conditions   
    inputs.exps.exp_data{iexp}=[r_NLog{cont}' r_B{cont}'];% Data & noise 
    inputs.exps.error_data{iexp}=NaN*ones(size([r_NLog{cont}' r_B{cont}'])); 
    inputs.exps.n_obs{iexp}=2;                % Number of observables             
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    inputs.exps.obs_names{iexp}=char('logN','BAC'); % Observables 
    inputs.exps.obs{iexp}=char('logN=(log10(NN)); 
    ind=find(log10(NN)<2);logN(ind)=2*ones(size(ind));','BAC=BB'); 
    iexp=iexp+1;  
end 
  
%PLOT DATA 
inputs.plotd.plotlevel='min';                % Plot level and saving options 
inputs.plotd.figsave=1;  
  
% PARAMETER ESTIMATION  
inputs.PEsol.id_global_theta=char('k','x','n','a','b'); % Unknown parameters 
inputs.PEsol.global_theta_max=   [ 50  5 50 5 5 ];      % Maximum allowed 
inputs.PEsol.global_theta_min=  [0 0 0 0 0];            % Minimum allowed 
inputs.PEsol.global_theta_guess=[44.4959 1.34269 35.913 0.332631 0.974966]; % Guess                                     
inputs.PEsol.PEcost_type='lsq';                         % PE cost function 
inputs.PEsol.lsq_type='Q_expmean';                      % Type of LSQ normalisation 
 
% NUMERICAL DATA  
inputs.ivpsol.rtol=1.0D-10;                             %Integration tolerances 
inputs.ivpsol.atol=1.0D-10; 
 
inputs.nlpsol.nlpsolver = 'ess';                        % NLP solver 
inputs.nlpsol.eSS.maxeval = 1e10; 
inputs.nlpsol.eSS.maxtime =5*60; 
inputs.nlpsol.eSS.local.solver='fminsearch';  
inputs.nlpsol.eSS.local.iterprint =1; 
inputs.nlpsol.eSS.log_var=[1:5];    
 

8.2 Code for optimisation via simulation 

 
disp('OPTIMISATION VIA SIMULATION') 
  
nruns=150;                % Number of different BAC and Contact times,  
                          % total nruns x nruns combinations 
  
BAC=linspace(50,75,nruns);         % Range of BAC values 
contact_t=linspace(10,40,nruns);   % Range of contact times  
  
N0=5e8;                            % Initial inoculum CFU/mil 
  
  
for i=1:nruns   
  inputs.exps.u{1}= BAC(i);        % Test for BAC 
  for j=1:nruns 
  inputs.exps.t_f{1}=contact_t(j); % Test for contat_time 
    modelo_4opt                     % Read model inputs. structure 
    est=AMIGO_SModel(inputs);       % Call AMIGO_SModel for simulation 
  
    NNtf(i,j)=est.sim.states{1}(end,1)*N0;%Keep final survival CFU/ml      
   end 
end 
  

8.3 Code for optimisation plot 

 
% 
% PLOT RESULTS - OPTIMAL DOSING BAC vs contac_t to achieve the  
% constraint of 100 CFU/ml survival at the end of the disinfection 
%  
  
bg=surf(BAC,contact_t,100*ones(nruns,nruns),'FaceColor', [0 1 0.0],... 



 36  

'EdgeColor', 'none');                % Plot constraint surface 
     
alpha(bg,0.55)                       % Plot specifications 
xlabel('BAC (ppm)') 
ylabel('Contact time (min)'); 
zlabel('Survival (CFU/ml)') 
hold on 
a=surf(BAC,contact_t,NNtf,'EdgeColor', 'none'); % Final survival  
view(3);  
zdiff0=NNtf-100*ones(nruns,nruns);              % Intersection with  
                                                  constraint 
C0 = contours(BAC, contact_t, zdiff0, [0 0]); 
xL0 = C0(1, 2:end); 
yL0 = C0(2, 2:end); 
zL0 = interp2(BAC, contact_t, NNtf, xL0, yL0); 
line(xL0, yL0, zL0, 'Color', 'g', 'LineWidth',5); % OPTIMAL CONDITIONS 
  
zdiff1=NNtf-1000*ones(nruns,nruns); 
C1 = contours(BAC, contact_t, zdiff1, [0 0]); 
xL1 = C1(1, 2:end); 
yL1 = C1(2, 2:end); 
zL1 = interp2(BAC, contact_t, NNtf, xL1, yL1); 
line(xL1, yL1, zL1, 'Color', 'r', 'LineWidth', 3); % Survival curve  
 


