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ABSTRACT

Yeast spoilage of fermented dairy products causes 
challenges for the dairy industry, including economic 
losses due to wasted product. Food cultures with bio-
protective effects are becoming more widely used to 
help ensure product quality throughout product shelf 
life. To assist the dairy industry when evaluating 
product quality throughout shelf life and the effect of 
bioprotective cultures, we aimed to build stochastic 
models that provide reliable predictions of yeast spoil-
age in yogurt with and without bioprotective culture. 
Growth characterizations of Debaryomyces hansenii, 
Yarrowia lipolytica, Saccharomyces cerevisiae, and 
Kluyveromyces marxianus at storage temperatures 
of 7, 12, and 16°C during a 30-d storage period were 
conducted in yogurt with and without a bioprotective 
culture containing Lacticaseibacillus rhamnosus strains. 
The kinetic growth parameters were calculated using 
the Buchanan growth model, and these parameters 
were used as baseline values in Monte Carlo models 
to translate the yeast growth into spoilage levels. The 
models were developed using 100,000 simulations and 
they predicted yeast spoilage levels in yogurt by the 4 
yeast types. Each modeled yogurt batch was set to be 
contaminated with yeast at a concentration drawn from 
a normal distribution with a mean of 1 log10 cfu/mL 
and standard deviation of 1 log10 cfu/mL and stored for 
30 d at a temperature drawn from a normal distribu-
tion with a mean of 6.1°C and a standard deviation 
of 2.8°C. Considering a spoilage level of 5 log10 cfu/
mL, the predicted number of spoiled samples was 
reduced 3-fold during the first 10 d and by 2-fold at 
the end of shelf life when a bioprotective culture was 
added to the yogurt. The models were evaluated by 
sensitivity analyses, where the main effect factors were 

maximum yeast population, storage temperature, and 
yeast strain. The models were validated by compar-
ing the model output to actual observed spoilage data 
from a European dairy using the bioprotective culture. 
When the model prediction, based on a mixture of the 
4 specific yeast strains, was compared with spoilage 
data from the European dairy, the observed effect of 
bioprotective cultures was considerably higher than 
predicted, potentially influenced by the presence of 
contaminating strains more sensitive to a bioprotective 
culture than those characterized here. The developed 
Monte Carlo models can predict yeast spoilage levels 
in yogurt at specific production settings and how this 
may be affected by various parameters and addition of 
bioprotective cultures.
Key words: Monte Carlo simulation, yeast spoilage, 
yogurt, bioprotective culture

INTRODUCTION

Fermented dairy products are generally regarded as 
microbiologically stable because they are most often 
produced from heat-treated milk, traditionally stored 
refrigerated, and contain competitive microbiota, which 
acidify the product by production of organic acids 
(Garnier et al., 2017b). However, they are susceptible 
to fungal spoilage, as a large number of fungal species 
are able to grow under low pH and low temperature 
conditions (Fleet, 2011; Garnier et al., 2017b), causing 
visual defects, physical degradation, and undesirable 
sensory characteristics of the product (Fleet and Mian, 
1987; Ledenbach and Marshall, 2009; Snyder et al., 
2016). The most frequent yeast species isolated from 
fermented dairy products are Torulaspora delbrueckii, 
Candida spp., Debaryomyces hansenii, Kluyveromyces 
marxianus, Saccharomyces cerevisiae, Rhodotorula 
spp., and Yarrowia lipolytica (Suriyarachchi and Fleet, 
1981; Fleet and Mian, 1987; Viljoen, 2001; Viljoen et 
al., 2003; Deák, 2008; Delavenne et al., 2013; Buehler 
et al., 2017). Fungal contamination of fermented dairy 
products can derive from the processing environment, 
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by airborne transmission of the surfaces (Penney et al., 
2004; Mayoral et al., 2005; Temelli et al., 2006; Be-
letsiotis et al., 2011; Bokulich and Mills, 2013; Radha 
and Nath, 2014; Buehler et al., 2017), or from the raw 
materials added postfermentation such as a fruit prepa-
rations and other additions (Buehler et al., 2017).

Globally, an estimated 11 to 25% of dairy products 
go to waste, depending on the region (FAO, 2011), with 
a large part wasted due to fungal spoilage. A natural 
way to decrease fungal spoilage in dairy products is by 
using food cultures with bioprotective effects that have 
the ability to delay growth of unwanted microorgan-
isms throughout the product shelf life by competition 
for nutrients, production of weak organic acids, and 
potential production of other secondary metabolites 
(Siedler et al., 2019, 2020).

Fungal spoilage occurs throughout the product shelf 
life and can originate from very low initial contamina-
tion levels. It can be difficult for dairy producers to 
recognize quality defects of a specific batch before the 
end of product shelf life. Consequently, it is important 
to understand and predict how different parameters, 
such as storage temperature, storage time, and pres-
ence of food cultures with bioprotective effects influ-
ence product quality. Several studies have developed 
mathematical models to predict fungal growth in dairy 
products (Mataragas et al., 2011; Gougouli and Kout-
soumanis, 2017; Buehler et al., 2018a), but no studies 
have previously developed models that predict the ef-
fect of bioprotective cultures on growth of several single 
yeast species in yogurt during shelf life.

The aim of this study was to develop baseline sto-
chastic models to estimate yogurt spoilage from yeasts, 
taking into consideration the effect of initial contami-
nation level, different yeast species, storage conditions, 
and use of food cultures with bioprotective effect. Such 
models can help yogurt producers understand how 
different parameters influence product quality and 
use this to support decision making in yogurt quality 
management.

MATERIALS AND METHODS

Preparation of Yogurt

Yogurt was produced by fermentation at 43°C of 
heat-treated (20 min at 90°C) semiskim milk (1.5% 
fat; Arla Foods Slagelse dairy center) by a commercial 
yogurt starter culture (F-DVS YoFlex YF-L901, Chr. 
Hansen A/S) inoculated at 0.02% (wt/vol) to final pH 
of 4.55 and then stored at 5°C. Two different yogurt 
batches were produced; a reference yogurt (Yref) only 
with yogurt starter culture and a yogurt with biopro-

tective culture (Y+biop) inoculated with both yogurt 
starter culture and a commercially available culture 
with bioprotective effect (100U/T, F-DVS FreshQ, 
Chr. Hansen A/S).

Preparation of Yeast Inoculum and Inoculation  
of Yogurt Samples

Yeast growth curves were developed for 4 yeast species 
previously isolated from spoiled dairy products: (1) D. 
hansenii (Chr. Hansen culture collection, CHCC16374), 
(2) Y. lipolytica (CHCC16375), (3) S. cerevisiae 
(CHCC16590), and (4) K. marxianus (CHCC16601). 
All yeasts were obtained from Chr. Hansen Culture col-
lection (Chr. Hansen A/S) and selected based on their 
high frequency as spoilage organisms in fermented dairy 
products (Viljoen et al., 2003; Deák, 2008; Delavenne et 
al., 2013). Yeasts were kept in a stock solution of Brain 
Heart Infusion broth (CM225, Oxoid, Thermo Scientic 
Inc.) and glycerol (20%, Scharlab) at −80°C.

Yeast isolates were thawed and diluted in peptone 
saline diluent (CM0733, Oxoid, Thermo Scientific Inc.) 
and inoculated into yogurt samples to reach initial con-
centrations of 10 and 500 cfu/mL. Inoculum levels were 
confirmed by enumeration on Yeast Glucose Chloram-
phenicol (YGC) agar (116000YGC, Merck KGaA) 
after 3 d of incubation at 20°C. To assess growth of 
the different yeasts, 1 mL was transferred from each 
inoculated yogurt sample to a microtiter plate (2 mL, 
DeepWell PP Plate Natural, Thermo Fisher Scientic 
Inc.), covered with a breathable lid (Breathe-Easy seal-
ing membrane, Sigma-Aldrich), and incubated at 7, 12, 
and 16°C for 31 d (Esco isotherm low temperature bod 
incubator, variation ± 0.3°C).

Development of Growth Curves

The challenge trial was set up to test all combina-
tions of yeast isolates (D. hansenii, Y. lipolytica, S. 
cerevisiae, and K. marxianus), yogurt types (Yref and 
Y+biop), yeast inoculation levels (10 and 500 cfu/mL), 
and incubation temperatures (7, 12, and 16°C). These 
experiments were performed as 3 biological replicates. 
The initial yeast level was confirmed by diluting 1 mL 
of inoculated yogurt 1:1 and plating 250 μL on 4 YGC 
agar plates, giving a detection limit of 10 cfu/mL. Enu-
meration of yeasts was subsequently performed for each 
sample every 1 to 3 d over a period of 31 d, 10 to 15 
times in total. Each enumeration was performed from 
a new well by making appropriate 10-fold dilutions in 
peptone saline diluent, spotting 20 μL on YGC agar in 
duplicates, and incubating at room temperature for 2 
to 3 d.

Nielsen et al.: SPOILAGE-DELAYING EFFECT OF BIOPROTECTIVE CULTURE ON YEAST IN YOGURT
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Development of Growth Models

Calculated yeast counts (cfu/mL) over time were fit-
ted to the Buchanan growth model (Buchanan et al., 
1997), the Baranyi and Roberts model (Baranyi and 
Roberts, 1994), and the Gompertz equation (Gibson 
et al., 1987), according to the method described by 
Buehler et al. (2018b). The best model fit was evalu-
ated by comparing the Bayesian Information Criterion 
calculated for the 3 primary models. Based on the 
Bayesian Information Criterion, the 3-phase linear 
model described by (Buchanan et al., 1997) was select-
ed as the primary model. The equations for the kinetic 
parameters are given in Figure 1.

To characterize the growth as a function of tempera-
ture, a minimum notational growth temperature (Tmin) 

was calculated using the square-root model described by 
(Ratkowsky et al., 1982). This calculation was based on 
the maximum growth rate by strain (μmax) values ob-
tained from the Buchanan growth model for growth at 
7, 12, and 16°C and initial inoculum of 10 cfu/mL of D. 
hansenii, Y. lipolytica, S. cerevisiae, and K. marxinanus. 
Using the approach reported in Pradhan et al. (2009), 
μmax and lag phase by strain (tlag) were transformed to 
the growth temperatures selected in the model. Growth 
temperature was modeled as a normal distribution with 
a mean of 6.1°C and a standard deviation of 2.8°C; 
this represented the temperature parameters for north-
ern European refrigerators reported by Roccato et al. 
(2017). Using a normal distribution means that 5% of 
the temperatures will be outside the limits set by the 
standard deviation; for this specific model, 0.15% of the 

Nielsen et al.: SPOILAGE-DELAYING EFFECT OF BIOPROTECTIVE CULTURE ON YEAST IN YOGURT

Figure 1. Variables used in Monte Carlo simulations of yeast growth in yogurt produced with and without bioprotective culture together 
with a schematic overview of the set-up of the Monte Carlo simulations. Conc. = concentration; Nt = log (cfu/mL) at time t; N0 = log of initial 
population.
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simulations used storage temperatures between 16 and 
18°C, with no simulations above 18°C.

Development of Predictive Models

Model Parameters. A Monte Carlo simulation 
model predicting yeast growth in yogurt in 1-L cartons 
was programmed in R 3.4.1 (https: / / www .r -project 
.org/ ). Six model parameters were included in the 
simulation model: (1) initial contamination level by 
strain (N0), (2) yeast strain frequency (F), (3) storage 
temperature (T), (4) μmax, (5) tlag, and (6) maximum 
yeast population by strain (Nmax), all based on the ex-
perimental data collected at 7°C at an initial inoculum 
of 10 cfu/mL (Figure 1).

Model Simulations. The model was set up to simu-
late 1,000 batches of yogurt, from each of which 100 1-L 
cartons were taken, giving a total of 100,000 iterations. 
These 1-L cartons were followed for 30 d at a storage 
temperature drawn from a normal distribution with a 
mean of 6.1°C and a standard deviation of 2.8°C. One 
simulation model was set up using growth data from 
the Yref and another model was set up using growth 
data from the Y+biop. Both models predicted the yeast 
concentration in the respective yogurt for each day dur-
ing the shelf-life period. The minimum level of detect-
able spoilage was set at 5 log10 cfu/mL (Fleet, 1992), 
and the percentage of spoiled cartons was predicted 
for each day (Figure 1A). This limit was based on the 
lowest level that yeast spoilage becomes evident to the 
consumer (Fleet, 1992; Garnier et al., 2017a).

Model Assumptions. In the development of the 
predictive models, it was assumed that all yeast growth 
derived from the initial yeast contamination of D. 
hansenii, Y. lipolytica, S. cerevisiae, and K. marxianus. 
Each simulated carton of yogurt was contaminated 
with 1 yeast strain, a common assumption used in pre-
dictive microbiology (Malakar et al., 2003; Buehler et 
al., 2018a). To give an equal distribution of yeast in the 
model, the frequency of yogurt cartons contaminated 
with each yeast strain was set to 25% (Figure 1A). The 
initial contamination level in the bulk tank was assumed 
to be a normal distribution with a mean of 1 log10 cfu/
mL and a standard deviation of 1 log10 cfu/mL. This 
contamination of each simulated bulk tank was used 
to model the initial contamination of a given yogurt 
carton filled from the corresponding bulk tank, using 
a Poisson distribution. Use of a Poisson distribution is 
appropriate for the lowest contamination levels mod-
eled here (Guevara et al., 2011; Pouillot and Lubran, 
2011; Dagnas and Membré, 2013). Simulated storage 
temperature was obtained using a normal distribution 

with a mean of 6.1°C and a standard deviation of 2.8°C; 
yogurt was assumed to be stored at a constant tem-
perature over the complete shelf-life period (Roccato 
et al., 2017).

Sensitivity Analysis

Worst- and best-case sensitivity analyses were used to 
quantitatively determine the most important factors af-
fecting the predicted number of spoiled cartons (Zwiet-
ering and Van Gerwen, 2000). Best-case scenarios were 
generally defined by changes that reduced the risk of 
product spoilage, and worst-case scenarios were defined 
as the changes increasing the risk of spoiled product by 
the end of shelf life. Effects of the 6 model parameters 
were evaluated. For Nmax, the worst- and best-case sce-
narios were calculated by an increase and a decrease of 
Nmax by 20 and 40%, respectively. For the N0, the worst- 
and best-case scenarios were calculated as a 1 log and 
2 log decrease and increase of N0, respectively. For the 
tlag, the worst- and best-case scenarios were calculated 
by respectively decreasing and increasing the tlag by 20 
and 40%. For μmax, the worst- and best-case scenarios 
were calculated by an increase and a decrease of μmax 
by 20 and 40%, respectively. The worst- and best-case 
scenarios for the storage temperature were represented 
by an increase and decrease, respectively, of the mean 
storage temperature by 3 and 4°C. For the frequencies 
of D. hansenii and S. cerevisiae, the worst-case scenario 
was calculated by decreasing the frequency to 20 and 
10%, and the best-case scenario was calculated by 
increasing the frequency to 30 and 40%. For Y. lipo-
lytica and K. marxianus, the worst-case scenario was 
represented by an increase in the frequency to 30 and 
40%, and the best-case scenario was represented by a 
decrease in the frequency to 20 and 10%. Worst- and 
best-case scenarios were calculated as the differences 
between original output at d 30 and the output when 1 
model parameter was changed.

Model Validation

Fungal spoilage data were received from a medium-
sized northern European dairy plant that produced yo-
gurt with and without addition of bioprotective culture. 
Data were collected by sampling 1 sample from every 
batch of yogurt produced over a period of 16 mo. The 
products were stored at 8°C until the end of shelf life 
(35 d). On d 35, the products were opened and exam-
ined for visual fungal growth, and data were recorded 
as growth or no growth by d 35. The developed predic-
tive models were validated by comparing the predicted 
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effect of the bioprotective culture to the observed effect 
at the dairy plant. The models were adjusted to predict 
spoilage at 8°C.

RESULTS AND DISCUSSION

This study characterized yeast growth in yogurt and 
developed predictive models to estimate the spoilage of 
yogurt over shelf life. These predictive models allowed 
for prediction of yogurt spoilage caused by different 
yeast species, as well as the effect of including bio-
protective culture in a yogurt product to reduce yeast 
spoilage.

Fitting of Primary Model

Three primary models were tested for fitting the 
growth data: the Buchanan growth model (Buchanan 
et al., 1997), the Baranyi and Roberts model (Baranyi 
and Roberts, 1994), and the Gompertz equation (Gib-
son et al., 1987). The Buchanan model was found to 
give the best overall fit and gave normally distributed 
parameters (Figure 2). The Buchanan growth model 
is also recommended for data sets with few replicates 
(Buchanan et al., 1997). It is a linear and simpler 

model compared with the other 2 models, but has been 
evaluated to describe microbial growth just as accu-
rately as the other models (Buchanan et al., 1997). The 
fitting performance of the Buchanan growth model to 
the experimental data was described by the root mean 
square error (Table 1). A decrease in root mean square 
error was observed at higher levels of yeast inoculum, 
when fitting the Yref data (data not shown). However, 
no systematic deviation of fitting performance was de-
tected between the models for the different yeasts.

The effect of the bioprotective culture varied for the 
different yeast strains tested (Figure 3), and the re-
sulting growth curves did not follow the growth phases 
modeled by the primary models for 2 of the yeasts. For 
D. hansenii, the cell counts never exceeded 4 log10 cfu/
mL, and cell counts decreased below the detection limit 
after d 15 (Figure 3A). For S. cerevisiae, the cell count 
was generally very close to the limit of detection (2.4 
log10 cfu/mL), with most counts below the detection 
limit (Figure 3C), indicating no growth in the presence 
of bioprotective culture. We consequently concluded 
that the best way of modeling growth for S. cerevisiae 
and D. hansenii was to fit the data with the Buchanan 
growth model as a stagnation of growth and use the 
Nmax throughout the shelf life. As a consequence, the 
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Figure 2. Buchanan-fitted growth curves for Debaryomyces hansenii (A), Yarrowia lipolytica (B), Saccharomyces cerevisiae (C), and 
Kluyveromyces marxianus (D) inoculated at 10 cfu/mL into yogurt produced without (bold lines) and with (thin lines) bioprotective culture and 
stored at 7°C (full lines) or 16°C (dotted lines). The X indicates that due to missing raw data, no model could be fitted for D. hansenii grown 
in the presence of bioprotective culture at 16°C.
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decline in cell count was neglected, providing a more 
conservative prediction in regard to the effect of the 
bioprotective culture.

The above challenge encountered when fitting a 
primary model to inhibition data of yeast in Y+biop 
proved the need for models that are able to accurately 
fit a stagnation of growth followed by a decline in cell 
count. Kang et al. (2014) has resolved this challenge by 
incorporating a nonlinear bacterial inactivation model 
into the Buchanan growth model for Listeria monocy-
togenes on cold-smoked salmon. However, to use this 
approach, the decrease in yeast count is required to be 
caused by an actual inactivation.

For Y+biop, insufficient number of data points were 
obtained in the initial growth phase of D. hansenii, Y. 
lipolytica, and S. cerevisiae, and thus tlag could not be 
calculated for these strains (Table 1). As a consequence, 
the μmax might have been underestimated. This is not 
a limitation of the Buchanan model, but an artifact of 
the high limit of detection in the challenge trial. In con-
trast, other studies have observed lag phases up to 10 
to 15 d (Viljoen et al., 2003; Mataragas et al., 2011). In 
accordance with the current study, Salvadó et al. (2011) 
did not obtain a kinetic parameter for lag phase for 27 
different yeast strains growing at 4 to 14°C, stating that 
the lag phases were less than 15 h. Interpreting the 
model from our study, it can be derived that the final 
Nmax was more important for predicting the effect of the 
bioprotective culture than the time to reach Nmax, con-
sidering that Nmax was reached at a lower log10 cfu/mL 
in Y+biop compared with Yref (Figure 2). Fitting the 
data for S. cerevisiae in Yref to the Buchanan growth 
curve resulted in a difference in Nmax for 7°C and 16°C 
at an inoculation level of 10 cfu/mL (Figure 2C). This 
might be a result of S. cerevisiae not having reached 
the stationary phase within the trial period (31 d) at 

7°C. However, this will only affect a prediction if data 
beyond 31 d of shelf life is extrapolated.

The final fit of the growth curves showed that D. 
hansenii was the yeast most affected by the bioprotec-
tive culture in this study (Figure 2). The S. cerevisiae 
was highly affected by the variance in temperature, but 
the presence of the bioprotective culture also had an 
effect on the final population, illustrated by a lower 
yeast count. For Y. lipolytica and K. marxianus, only 
the growth rate was affected by the bioprotective cul-
ture and not the final population.

Monte Carlo Model Structure and Limitations

To evaluate the benefits of using a bioprotective cul-
ture, Monte Carlo models were developed to estimate 
yeast spoilage levels over time. Although Monte Carlo 
models and simulations are often used for predictive 
models, challenges with these approaches include (1) 
the need for reliable input data sets, which can be diffi-
cult to acquire, particularly if models need to be adjust-
ed to specific situations (e.g., different supply chains), 
and (2) validation is less strict due to the difficulty 
to generate experimental data of comparable sample 
size to the number of simulations. By comparison, sta-
tistical models (e.g., global mixed effect model) offer 
more rigorous validation with well-defined performance 
metrics, but usually require a large amount of data 
to be expressive (Baker et al., 2018). To be useful in 
the industry setting, statistical models also need real-
time data generation and regular calibration (Baker 
et al., 2018). Based on these considerations, Monte 
Carlo models were considered the most appropriate and 
practical to assess the effect of bioprotective cultures 
on yogurt shelf life and spoilage. We thus developed 
Monte Carlo models for yeast spoilage of yogurt, which 
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Table 1. Buchanan-fitted kinetic growth parameters (± SD)1 of yeast growth in yogurt initially inoculated with 10 cfu/mL and produced with 
and without a bioprotective culture stored at 7°C

Strain
N0 

(log10 cfu/mL)
Tlag 
(d)

μmax 
(log10 cfu/mL per day)

Nmax 
(log10 cfu/mL) RMSE

Reference yogurt 
 Debaryomyces hansenii 1.0 ± 0.2 3.7 ± 0.7 2.1 ± 0.4 6.5 ± 0.1 0.5
 Yarrowia lipolytica 0.6 ± 0.4 1.9 ± 0.6 2.2 ± 0.3 6.4 ± 0.2 0.7
 Saccharomyces cerevisiae 0.9 ± 0.6 0.2 ± 2.9 0.6 ± 0.1 5.5 ± 0.3 1.0
 Kluyveromyces marxianus 1.1 ± 0.3 1.4 ± 0.9 1.0 ± 0.1 7.4 ± 0.2 0.5
Yogurt with bioprotective culture 
 D. hansenii 0.5 ± 0.4  —2 1.2 ± 0.3 3.0 ± 0.2 0.6
 Y. lipolytica 1.0 ± 0.5 — 1.0 ± 0.3 5.8 ± 0.2 0.7
 S. cerevisiae 0.4 ± 0.2 — 0.5 ± 0.1 2.7 ± 0.2 0.3
 K. marxianus 1.4 ± 0.3 2.2 ± 1.4 0.7 ± 0.1 7.2 ± 0.2 0.7
1N0 = initial contamination level by strain; tlag = lag phase by strain; μmax = maximum growth rate by strain; Nmax = maximum yeast population 
by strain; RMSE = root mean square error. 
2(—) Estimation of tlag was not possible when fitted to the Buchanan growth model for some conditions.
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were run with 2 different kinetic growth parameters; 1 
for Yref and 1 for Y+biop (Table 1). The models were 
set to run 1,000 simulations of contaminated yogurt 
batches, as other studies have reported this to be suf-
ficient (Whiting and Buchanan, 1997; Poschet et al., 
2003; Sampedro et al., 2011). It was assumed that 1 
carton was only contaminated by 1 yeast strain, as this 
is a simplified assumption that is common in predictive 
microbiology (Malakar et al., 2003).

At a dairy plant, the source of contamination, the 
type of contaminant, as well as level of contaminant can 
vary throughout the year. Inadequate estimates of real-
istic contamination levels led to a set-up where all 1,000 
yogurt batches were simulated to be contaminated to 
avoid creating a model that might underestimate the 
level of contamination and, as a consequence, under-
estimate the spoilage. All batches were set to have a 
starting contamination level within a normal distribu-
tion with a mean of 1 log10 cfu/mL and a standard 
deviation of 1 log10 cfu/mL (Figure 1). Therefore, the 
kinetic growth data used in the models were derived 
from the challenge trial with the low initial level (10 cfu/
mL; Table 1). As a consequence, the models only rep-
resented contaminated batches. From each batch, 100 
yogurt cartons were sampled, giving a total of 100,000 

simulated yogurt cartons (Figure 1). A Poisson distri-
bution was used to model the initial yeast population 
in the cartons, similar to previous studies (Guevara et 
al., 2011; Pouillot and Lubran, 2011; Dagnas and Mem-
bré, 2013). The lack of data on actual contamination 
levels, and working with low inoculum levels in general, 
introduce a source of error to the model development. 
These considerations were also stated by (Gougouli et 
al., 2011) when developing a model predicting mold 
spoilage.

A theoretical Tmin was calculated based on μmax at 
all 3 temperatures for inoculum 10 cfu/mL. The Tmin 
should be viewed as a conceptual temperature that 
does not have metabolic significance for psychrophiles 
and mesophiles (Ratkowsky et al., 1983). The calcu-
lated Tmin values were 0.2°C for S. cerevisiae and <0°C 
for D. hansenii (−20.6°C), Y. lipolytica (−35.1°C), 
and K. marxianus (−3.7°C). However, it is likely that 
growth of a yeast strain would cease when reaching just 
a few degrees Celsius below 0°C, as reported by (Deák, 
2008). The low Tmin values will affect the model predic-
tions because the estimations of μmax and tlag might 
be overestimated at the set storage temperature 6.1°C. 
As a consequence, the model could predict growth at 
temperatures where growth would not be observed, 
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Figure 3. Three biological replicates of growth curves for Debaryomyces hansenii (A), Yarrowia lipolytica (B), Saccharomyces cerevisiae (C), 
and Kluyveromyces marxianus (D) inoculated at 10 cfu/mL in yogurt with bioprotective culture stored at 7°C. Limit of detection is shown as 
a full horizontal line (with the exception of d 0, where the detection limit was 10 cfu/mL); except for d 0, datapoints below the detection limit 
mean no colonies were present and counts were below the detection limit.
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which could result in an overestimation of spoilage. 
Although we used the original Ratkowsky square-root 
model (Ratkowsky et al., 1982) to adjust growth rate 
parameters to different temperatures (in the range of 
suboptimal growth temperatures), future models may 
incorporate growth data across a wider range of tem-
peratures with the expanded Ratkowsky square-root 
model (Ratkowsky et al., 1983) and may also want to 
explore other approaches to adjust growth parameters 
to different temperatures, such as the cardinal tempera-
ture model with inflection (Rosso et al., 1993).

Sensitivity Analysis

Sensitivity analyses were performed for both models 
by varying the model parameters and making a new 
prediction on d 30 for the percentage of difference in 
spoiled cartons. The influence of the different input 
parameters is depicted as best-case and worst-case sce-
narios, shown as a dark and light gray bar, respectively 
(Figure 4). The best- and worst-case sensitivity analy-
ses showed that Nmax was the most important param-
eter for the output for d 30; the worst-case scenarios 
of Nmax did not influence the output of percentage of 
spoiled cartons on d 30, as all cartons were already 
spoiled on this day or would not spoil during the stor-
age period due to the effect of the bioprotective culture. 
The second-most influential parameter for both models 
was the storage temperature, which was also a factor 
expected to greatly influence yeast growth. This em-
phasized the need for collecting further growth data at 
different storage temperatures and exploring alterna-
tive models to adjust growth temperatures to improve 
the model to give more reliable predictions. Growth 
evaluations at lower temperatures would be especially 
relevant, as refrigeration temperatures can fluctuate 
down to 3°C (Roccato et al., 2017). In this study, lower-
ing the temperature to 7°C decreased the growth rate 
for all yeasts compared with those obtained at 16°C 
(Figure 1). Suriyarachchi and Fleet (1981) and Viljoen 
et al. (2003) found similar results when investigating 
the same yeast species at different temperatures.

The effect of the bioprotective culture was more 
pronounced at 7°C for all yeasts compared with 16°C. 
However, the factor having the largest effect on the 
efficacy of the bioprotective culture was the yeast strain 
(Figure 1). The fact that the yeast strains differed in 
their susceptibility to the bioprotective culture was 
reflected in the sensitivity analysis, as the yeast strain 
had a larger effect on the output of the Y+biop model 
(Figure 4B) compared with the output of the Yref 
model (Figure 4A). Knowledge about type or growth 
characteristics of contaminant being responsible for 
spoilage in a given product is important for the model 

output. Therefore, it would be an advantage to include 
growth data for more fungal species when developing 
predictive models and to have a better understanding 
of the potential effect of frequency and level of con-
taminants. This also illustrated the importance of us-
ing data from single strains instead of cocktails when 
building predictive models because the use of a blend of 
yeast species would only depict spoilage by the strains 
less sensitive to bioprotective cultures; a similar conclu-
sion was previously reported by Buehler et al. (2018a). 
The kinetic growth parameters lag, μmax, and N0, did 
not have a large effect on the model outputs, as these 
parameters did not substantially affect yeast levels at 
d 30. Sensitivity analysis on d 10 (data not shown) 
confirmed that these growth parameters had a larger 
effect than Nmax on the outputs earlier in the shelf life.

Monte Carlo Simulation Outcomes

The output of the Monte Carlo simulations is shown 
by frequency distributions of the specific yeast count in 
all simulated yogurt cartons (Figure 5). This provided 
a more comprehensive picture of the predictive yeast 
levels in the product at a specific time, as compared 
with classical predictive microbiology models. Gougouli 
and Koutsoumanis (2017), who developed Monte Carlo 
models for mold spoilage of yogurt, also saw a potential 
of these kinds of models as a tool for the dairy industry 
to assess spoilage issues.

The frequency distributions reflect the differences 
between the yeast strains and their sensitivity to the 
bioprotective culture that were observed in the mod-
eled growth curves (Figure 1), as several distributions 
can be observed within each model (Figure 5). To 
verify what the different distributions represent, sepa-
rate models were made for the single yeast (data not 
shown), meaning that all modeled yogurt batches were 
contaminated by the same yeast strain. We chose not to 
show the single yeast models because these models give 
the same information as the model that incorporated 
all yeasts in the same output (Figure 5). However, the 
distributions in the single yeast models showed that the 
large number of cartons with Y+biop predicted to have 
a yeast count around 3 log10 cfu/mL on d 30 (Figure 
5) arose from D. hansenii and S. cerevisiae. The ad-
ditional peaks in the distribution that were observed 
at 5.8 log10 cfu/mL and 7 log10 cfu/mL (Figure 5, d 30) 
correlated to the single yeast models for Y. lipolytica 
and K. marxianus, respectively, in the presence of the 
bioprotective culture.

This strain-dependent sensitivity to a bioprotective 
culture is supported by other studies. Delavenne et al. 
(2013) detected a larger effect of a bioprotective culture 
against D. hansenii compared with Y. lipolytica and K. 
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marxianus in yogurt. Siedler et al. (2020) also found 
D. hansenii and S. cerevisiae to be sensitive to biopro-
tective cultures. Furthermore, a study by Magnusson 
et al. (2003) observed low sensitivity in an isolate of 
K. marxianus, as they did not find any inhibition of 
this yeast when investigating 42 isolates of antifungal 

cultures. Strain differences in sensitivity were addition-
ally observed when using chemical preservatives such as 
potassium sorbate (Ghadeer et al., 1997). Differences in 
the sensitivity to bioprotective cultures of the various 
yeast species evaluated might be explained by differ-
ences in mode of action or difference in sensitivity to-
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Figure 4. Sensitivity analysis assessing the effects of best-case (high level: white; low level: black) and worst-case (high level: light gray; low 
level: dark gray) scenarios on the output difference in percentage of spoiled cartons for Monte Carlo simulations for yeast growth of Debaryomyces 
hansenii, Yarrowia lipolytica, Saccharomyces cerevisiae, and Kluyveromyces marxianus in yogurt produced without (A; Yref) or with addition of 
bioprotective culture (B; Y+biop) on d 30. All bars are starting at point zero. The parameters were changed as follows. Frequencies of Y. lipo-
lytica and K. marxianus: 30% (worst low), 40% (worst high), 20% (best low), and 10% (best high). Frequencies of D. hansenii and S. cerevisiae: 
20% (worst low), 10% (worst high), 30% (best low), and 40% (best high). Storage temperature: +3°C (worst low) and +4°C (worst high), −3°C 
(best low), and −4°C (best high). μmax: +20% (worst low) and +40% (worst high), −20% (best low), and −40% (best high). Lag: −20% (worst 
low), −40% (worst high), +20% (best low), and +40% (best high). N0: −1 log (worst low), −2 log (worst high), +1 log (best low), and +2 log 
(best high). Nmax: +20% (worst low) and +40% (worst high), −20% (best low) and −40% (best high). N0 = initial contamination level by strain; 
μmax = maximum growth rate by strain; Nmax = maximum yeast population by strain.
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ward one mode of action. Siedler et al. (2020) recently 
showed that manganese depletion is an essential mode 
of action by some Lactobacillus for the growth-delaying 
effect on some yeast species in dairy products. Growth 
of different yeasts were shown to be affected to different 
degrees by decrease in manganese levels (Siedler et al., 
2020).

To predict the amount of spoiled product on specific 
days, a limit for visible yeast detection was set at 5 
log10 cfu/mL; this assumed that consumers recognize 
yogurt with yeast levels above 5 log10 cfu/mL as spoiled. 
The exact levels at which spoilage becomes detectable 
for the 4 specific yeast strains were not investigated. 
This may have affected the reliability of the output 
(Mataragas et al., 2011). Considering a spoilage level of 
5 log10 cfu/mL, the predicted spoilage level was reduced 
3-fold during the first 10 d and by 2-fold at the end of 
shelf life when bioprotective culture was added to the 
yogurt (Table 2). This indicates that adding a biopro-
tective culture during yogurt production is an effective 
way to reduce spoilage of contaminated products.

The models presented in this study can predict the 
amount of spoiled product when 4 common spoilage 
yeast are present in a production. The model can be 
adjusted to fit specific temperatures and yeast strain 
frequency. Because the data in the model were recorded 

for single strains, the percentage assumed spoiled by the 
single strains can be adjusted to fit a specific contami-
nation scenario (e.g., 10% of the contamination arising 
from K. marxianus and 90% from D. hansenii, or 100% 
of 1 yeast strain). If a dairy has a problem with a yeast 
strain known to have a similar growth-inhibition pat-
tern in the presence of a bioprotective culture as one 
of the yeast strains tested in this study, the data from 
this strain can be used and the model can be used 
to predict an expected spoilage level relevant for the 
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Figure 5. Histograms of the predicted levels of yeast in yogurt produced without (black bars) or with (gray bars) bioprotective culture when 
stored at 6.1 ± 2.8°C for 0, 5, 10, 15, 20, and 30 d. Monte Carlo simulations comprised 100,000 iterations and were based on 6 model parameters: 
(1) initial yeast contamination level, (2) yeast strain (Debaryomyces hansenii, Yarrowia lipolytica, Saccharomyces cerevisiae, and Kluyveromyces 
marxianus) frequency, (3) storage temperature, (4) maximum growth rate, (5) lag phase by yeast strain, and (6) maximum yeast population by 
yeast strain.

Table 2. Percentage of cartons estimated to contain ≥5 log10 cfu/mL 
yeast and expected to be visibly spoiled at different days based on 
the Monte Carlo predictions for spoilage by Debaryomyces hansenii, 
Yarrowia lipolytica, Saccharomyces cerevisiae, and Kluyveromyces 
marxianus (assuming that 25% of product is contaminated with each 
of these 4 strains) in yogurt produced with or without addition of 
bioprotective culture

Day
Spoiled cartons 

of reference yogurt (%)

Spoiled cartons  
of yogurt with  

bioprotective culture (%)

0 0.4 0.0
5 9.3 1.8
10 56.3 17.0
15 74.4 30.0
20 82.0 37.1
30 89.0 43.6
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specific dairy. Therefore, predictive models can be used 
as a tool that allows the industry to better evaluate 
the potential of improving control of fungal spoilage 
by using bioprotective cultures at specific production 
setting.

Validation of Monte Carlo Models

In the assessment of the model’s ability to predict 
how the bioprotective culture affects the yeast strains, 
and thereby the spoilage, actual quality data from an 
industrial production of yogurt were included. Valida-
tion of models has previously been performed based on 
literature data or a data set not included when build-
ing the model (Gougouli et al., 2011; Mataragas et al., 
2011; Mertens et al., 2012). These methods might not 
resemble a real-life situation. In this study, actual data 
were obtained from a European dairy, which were used 
to compare the percentage of spoiled products at the 
end of shelf life from the dairy, to the model-predicted 
percentage of spoiled products, similar to Buehler et al. 
(2018a).

The shelf life at the European dairy was 35 d, whereas 
the developed models only predicted within a shelf life 
of 30 d. This was considered to be of less importance 
due to the fact that the predictions made by the model 
did not change substantially after d 20 (Figure 4). 
Table 3 shows the spoilage data recorded at 8°C by 
the European dairy, which indicated that 3.1% of the 
production without bioprotective cultures were spoiled 
by the end of shelf life. This spoilage was reduced 10-
fold by using a bioprotective culture (only 0.3% spoiled 
product at d 35). The Monte Carlo models only repre-
sented the part of a production that was contaminated, 
and thus predicts that 98.4% Yref would be spoiled by 
the end of shelf life (Table 3). The predictions showed 
a 2-fold reduction of spoilage caused by addition of 
bioprotective culture when the yogurt was stored at 
8°C. Hence, the dairy experienced a larger effect of the 
added bioprotective culture than what was predicted 
by the model. This might be explained to some extent 
by the type of contaminant strain, as we have dem-
onstrated that the bioprotective culture inhibited the 

growth of certain yeast contaminants more than others. 
The fungal spoilage data collected at the dairy recorded 
spoilage of both yeast and molds in the same category. 
This had a large effect on the result of the validation, 
as molds are generally assumed to be more effectively 
inhibited by bioprotective cultures, which is supported 
by results from Buehler et al. (2018a). This could 
also be caused by higher availability of oxygen at the 
laboratory scale (1 mL) compared with industrial scale 
production, which has a positive effect on yeast growth. 
Furthermore, the model predictions are based only on 
contaminated samples, whereas it is not likely that all 
product packs will be contaminated during production 
at a dairy.

Our findings indicated that to obtain an exact pre-
diction, detailed knowledge about the contaminants 
and their frequency is necessary. Therefore, it would 
be preferred to use a data set for the validation where 
the relevant contaminants have been identified. How-
ever, contaminants can vary in the dairy environment 
in practice, creating the need for a diverse model that 
includes several yeast species most often detected as a 
spoilage organism in yogurt. Here, the validation per-
formed by including actual spoilage data from a dairy 
supports that our model predictions are conservative, 
as the models predict more spoilage than observed at 
the dairy.

CONCLUSIONS

This study was the first to develop Monte Carlo mod-
els to predict the spoilage of yogurt with low initial level 
of yeast during a shelf-life period of 30 d at conditions 
applicable for northern European countries. The sensi-
tivity analysis of the Monte Carlo models showed that 
the presence of a food culture with bioprotective effect 
had a larger effect on predicted yeast growth than the 
initial contamination level and storage temperature. 
The models can be used by the industry to assess spoil-
age and the effect of adding a bioprotective culture in a 
yogurt production with contamination issues. This can 
be a valuable tool for assisting management decisions 
regarding reduction of yogurt spoilage, thereby reduc-
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Table 3. Fungal spoilage data collected at a European medium-size dairy plant over a period of 16 mo for yogurt products stored at 8°C at end 
of shelf life on d 35, along with the result of the Monte Carlo model simulating yeast levels in yogurt also stored at 8°C

Data source  Yogurt type Total number of samples
% of spoiled samples at d 35 
(fold reduction in spoilage)

European dairy  Normal yogurt 10,904 3.1
 Yogurt with bioprotective culture 861 0.3 (10-fold reduction)

Model1  Reference yogurt 100,000 98.4
 Yogurt with bioprotective culture 100,000 49.8 (2-fold reduction)

1Model estimations assumed that 100% of yogurt containers were contaminated at d 0.
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ing economic losses due to food waste. Furthermore, 
the method for the model development can be used for 
building new and improved models.
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