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Development and validation of one-step modelling approach
for prediction of mushroom spoilage

FATIH TARLAK

Summary

The primary aims of this work were to improve the prediction capability of the traditionally used two-step modelling
approach with the most popular primary growth models in the predictive food microbiology field, and to validate the
prediction capability of the one-step modelling approach, a proposed alternative way to traditional modelling approach.
For this purpose, the growth behaviour of Pseudomonas spp. existing in the natural microflora of button mushrooms
(Agaricus bisporus) was simulated with two-step and one-step modelling approaches. The Baranyi model yielded the
best fitting performance when it was employed in the two-step modelling approach. The fitting capability of all the
primary models was also compared using the one-step modelling approach. No matter which primary model was used,
the one-step modelling approach significantly improved the prediction capability of the models, and all the primary
models gave root mean squared error lower than 0.299 and adjusted coefficient of determination higher than 0.948.
Successfully validated Baranyi model in one-step modelling approach provided the highest prediction capability and
exhibited considerable potential to be used as a prediction tool. This indicated that the one-step modelling approach
could be reliably employed to assess and predict mushroom spoilage as a function of time and storage temperature.
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The button mushroom (Agaricus bisporus)
is the most widely known and consumed mush-
room species in the world because of high levels
of nutrients [1, 2] and plays an important role in
mushroom industry [3]. After being harvested, the
button mushrooms can be easily perishable within
a short time due to lack of cuticle that could de-
fend them against physical deterioration or micro-
bial contamination. Hence, the button mushrooms
are very vulnerable to contamination by microor-
ganisms during being grown and processed. In this
regard, Pseudomonas spp. are known as the most
ubiquitous microorganisms causing the mushroom
spoilage [4, 5].

Predictive microbiology is the integration of
traditional microbiology knowledge with the dis-
ciplines of mathematics and statistics to describe
microbial behaviour under various environmental
conditions. This mathematical knowledge enables
us to estimate the behaviour of pathogens and
spoilage microorganisms on or in foods subjected
to the conditions at which microbiological data are
unavailable [6]. In this regards, the main purpose
of predictive microbiology is to predict microbial

behaviour that can prevent food spoilage, as well
as food-borne illnesses, by employing mathemati-
cal models. Primary and secondary models are
commonly used in predictive food microbiology
[7, 8]. For the first class, the modified Gompertz,
logistic, Baranyi and Huang models are the most
popular ones describing microbial growth data as
a function of time at constant environmental con-
ditions. Secondary models provide information
on how the obtained parameters from primary
models change with respect to one or more envi-
ronmental or cultural factors (e.g. composition of
atmosphere, pH, temperature or salt level). Tem-
perature is one of the most important environmen-
tal factors directly affecting the growth behaviour
of microorganisms in foods, and its effect is widely
simulated using the Ratkowsky model [9].

The two-step modelling approach, in which
the primary and secondary models are separately
fitted to the growth data and kinetic parameters
respectively, is the most popular modelling proce-
dure followed in the predictive food microbiology.
However, there are some drawbacks concerning
the use of the two-step modelling approach. A ma-
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jor drawback is accumulation and propagation of
errors due to the two sequentially performed non-
linear regression procedures [10]. In other words,
the sequentially performed primary and secondary
model fittings generally result in a decrease in
the overall prediction capability of the model and
an increase in uncertainty of the estimated para-
meter. This occurs in particular when the number
of data referring to various environmental condi-
tions is not big enough, which causes low degree
of freedom. Furthermore, this approach often
fails to estimate the lag time duration although
it yields relatively reliable information on the
value of maximum specific growth rate [11, 12].
To avoid these disadvantages of two-step model-
ling approach, alternatively, a one-step modelling
can be applied to simulate microbiological data
and kinetic parameters. In this approach, primary
and secondary modelling of the growth and tem-
perature (as a changing environmental factor)
data is performed simultaneously. The use of this
approach frequently provides better prediction,
lower uncertainty, more precise coefficients and
robust confidence interval than the traditionally
used two-step modelling approach [13, 14]. These
advantages are more pronounced at high biologi-
cal variation in microbiological data and when not
enough microbiological data for the secondary
model are available [15, 16].

Predictive models developed with one-step
modelling approach are a relatively new way of
simulating the growth behaviour of microor-
ganisms. The one-step modelling approach has
been employed up to now for a limited number of
food products, including liquid eggs, potato salad
and oyster mushroom [16-18]. In this point, the
availability and predictive ability of the model,
which was developed by MANTHOU et al. [16],
could be further improved by considering the
wider temperature range to which mushrooms
are usually subjected during storage, delivery and
retail marketing. Therefore, it is important to in-
vestigate and evaluate the prediction capability
of one-step modelling approach considering the
microbial growth data of Pseudomonas spp. on
button mushroom, which is the most extensively
consumed edible mushroom all over the world,
at possible temperatures that mushrooms are
generally subjected to. Additionally, there is no
published study that compared one-step and two-
step modelling approaches using the microbial
counts, which directly indicate the microbiological
quality of food products.

The main objective of this work was to develop
and validate one-step modelling approach, a pro-
posed alternative way to traditional modelling
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approach to assess and predict mushroom spoilage
considering the Pseudomonas spp. counts existing
in the natural microflora of button mushrooms
(Agaricus bisporus) stored at various temperatures
ranging from 4 °C to 28 °C. For this purpose, the
experimental growth data of Pseudomonas spp.,
collected from the previously published curves
for button mushrooms, were simulated with two-
step and one-step modelling approaches. Four
different primary models (the modified Gom-
pertz, logistic Baranyi and Huang models) and the
most-known secondary model (Ratkowsky) were
employed to predict the Pseudomonas spp. counts
on button mushrooms as a combined function
of time and storage temperature. Two-step and
one-step modelling approaches and the primary
models used in these modelling approaches were
compared considering their goodness-of-fit indi-
ces. The modelling approach with the best good-
ness-of-fit index was determined. Validation was
performed with the externally collected growth
data previously published Pseudomonas spp. on
button mushrooms.

MATERIALS AND METHODS

Data collection

Growth data of Pseudomonas spp. were
collected from the previously published curves for
button mushrooms under various isothermal tem-
peratures (4, 12, 20 and 28 °C) [19]. The followed
experimental procedure of obtaining these micro-
biological data was explained in detail previously
[19]. In brief, button mushrooms were collected
at the closed cap stage (cap diameter 3.5-4.5 cm)
and directly transported to the research labora-
tory at 4 °C, without any treatments. The mush-
rooms were put in polystyrene trays, which were
not overwrapped with any packaging material. The
microbiological analyses were done for each tem-
perature with an appropriate sampling frequency.
The Pseudomonas spp. counts during the storage
were determined in three different trays at each
storage temperature for each sampling point for
a maximum duration of 240 h (10 days). Twenty-
one growth data were used for each temperature
of 4 °C and 12 °C, while twenty-four data points
were employed for each temperature of 20 °C and
28 °C. This means that ninety growth data in total
were used for one-step modelling approach.

Modelling

For the two-step and one-step modelling
approaches, the modified Gompertz, logistic
Baranyi and Huang models were used due to being
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Tab. 1. Primary models.

Model Equation Number
Modified Gompertz Tiax * € 1
x(t) = xg + (Xmax — Xo) * €XP {— exp [— -+ 1]}
(xmax - xO)
Logistic X —x 2
x(t) = xo + 4(; .n;ax )
L+ o[ G 2]
{ P (xmax - xO) ( )
Baranyi eHmaxF(t) _ 1 3
y(&) = Yo + UmaxF () —In{ 1+ P Ce——
Huang y(t) = Yo + Umax — ]n(eJ’O + [eJ’max — e)’o] . e—#maxB(f)) 4

t — time (in hours); x(t) — count of microorganisms at time ¢ (expressed as logarithm of colony forming units per gram); xo — initial
count of microorganisms (expressed as logarithm of colony forming units per gram); xmax — maximum count of microorganisms
(expressed as logarithm of colony forming units per gram); rmax — growth rate (expressed as logarithm of colony forming units
per hour); A — lag phase duration (in hours); y(f) — count of microorganisms (expressed as natural logarithm of colony forming
units per gram) at time t; yo — initial count of microorganisms (expressed as natural logarithm of colony forming units per gram);
Ymax — maximum count of microorganisms (expressed as natural logarithm of colony forming units per gram); tmax — maximum
specific growth rate of microorganisms (expressed as natural logarithm of colony forming units per hour); F(t) — adjustment
function described by Baranyi and RoBerTs [21]; B(f) — adjustment functionsdescribed by Huana [10].

the most popular sigmoid functions that describe
the growth behaviour of microorganisms as a func-
tion of time. The modified Gompertz and logistic
models at constant environmental conditions are
defined by Eq. 1 and Eq. 2, respectively [20].

The Baranyi and Huang models are other ex-
tensively used primary models that are described
by Eq. 3 and Eq. 4, respectively [10, 21].

Model equations are given in Tab. 1.

Ratkowsky model was used to determine the
relationship between storage temperature and the
maximum specific growth rate (umax) using Eq. 5:

VHmax = by (T —Tp) (5)

where T is the storage temperature (in degrees
Celsius), Tp is the theoretical lowest tempera-
ture at which microbial growth is observable (in
degrees Celsius), wmax is the maximum specific
growth rate of microorganisms (expressed as natu-
ral logarithm of colony forming units per hour), b1
is the regression coefficient.

The modified Gompertz and logistic models
use decadic logarithmic scale, but the Baranyi
and Huang models use natural logarithmic scale.
Therefore, the growth rate values (rmax) obtained
from the modified Gompertz and logistic models
were multiplied by In(10) to get the maximum spe-
cific growth rate values (tmax)-

The lag phase duration (1) was correlated with
the wmax using Eq. (6):

b,

A ™) (©)

where b2 is the regression coefficient, umax(7) is
the a function of temperature (7) that defines A as
a function of storage temperature.

For the traditionally used two-step modelling
approach, the primary and secondary models were
separately fitted to the growth data and kinetic
parameters, respectively. For one-step modelling
approach, the primary and secondary models were
simultaneously fitted to Pseudomonas spp. growth
data and mushroom storage temperature. All pa-
rameters were calculated using NonLinearModel
command, which uses Levenberg-Marquardt al-
gorithm in the Matlab 8.3.0.532 (R2014a) soft-
ware (MathWorks, Natick, Massachusetts, USA).
Determination of starting values in the non-linear
regression procedure is a critical step to estimate
the accurate parameters. Starting values for the
parameters, xo/yo and Xmax/ymax were selected as
the minimum and maximum counts of microor-
ganisms at the entire temperature range, respec-
tively. The starting values of b1 and 7o for the
maximum growth rate and b for the lag phase
duration were estimated by using ga command,
which uses genetic algorithm in Global Optimiza-
tion Toolbox of the Matlab software so that the es-
timated parameters could not get stuck in possible
local optimal points.

Comparison of the primary models’
estimation capacity

Comparison of models regarding how well they
can describe the observed growth data was done
with statistical indices such as root mean square
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error (RMSE) and adjusted coefficient of deter-
mination (R2.qj) values given by Eq. 7 and Eq. 8,
respectively:

n

RMSE = Z (Xobs — Xgit)?
- n—s
i=

2 n—1y /SSE v
Riaj=1- (n Z s) (SS_T) 8)

where xobs is the value obtained in experiments, xfit
is the fitted value, n is the number of observations,
s is the number of parameters of the model, SSE is
the sum of squared residuals and SST is the total
sum of squares.

Because the primary models use different scale
for the counts of microorganisms, RMSE values of
the modified Gompertz and logistic models cannot
be directly compared with RMSE value of the
Baranyi and Huang models. Therefore, the con-
version from the natural logarithm scale to dec-
adic logarithm scale was done to compare RMSE
values of all the primary models.

Statistical analysis

RMSE and R2,4; values obtained from two-step
and one-step modelling approaches were sub-
jected to one-way analysis of variance (ANOVA)
using the Matlab 8.3.0.532 (R2014a) software.
Statistical differences between the modelling ap-
proaches were determined by post hoc analysis
using Tukey’s test. The differences between the
means were regarded as statistically significant if
p <0.05.

Validation of the global model

Validation is a necessary step in predictive
food microbiology needed for reliable use of the
models considering the independent experimen-
tal data. Therefore, literature search was done for
validation of the global model, which is developed
in order to predict Pseudomonas spp. counts on
the button mushrooms, and independent exter-
nal growth data were collected from a previously
published work on button mushrooms [22]. In
this study, data collection for validation was per-
formed using image processing toolbox by which
the growth data points could be extracted accu-
rately to Matlab 8.3.0.532 (R2014a). Twventy-three
growth data were used to perform model valida-
tion. Comparison of experimental growth data
with the predicted data was done with the bias (Bf)
and accuracy (Ay) factors [23-25] given in Eq. 9
and Eq. 10, respectively:
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Z?=1 l°g(xpred/xobs)

By =10 n 9)
Ap =10 n (10)

where xpred refers to Pseudomonas spp. counts (ex-
pressed as logarithm of colony forming units per
gram), xobs refers to experimental Pseudomonas
spp. counts (expressed as logarithm of colony
forming units per gram), n refers to the number of
experimental growth data.

By and Ay show how close are simulated data
to experimental data, value of 1 for both Brand Ay
meaning that there is a perfect agreement between
experimental and predicted Pseudomonas spp.
count data. Additionally, two validation criteria
known as mean deviation (MD) and mean abso-
lute deviation (MAD) were calculated to assess
the prediction capability of the models, as stated
by LE MARC et al. [26]. A value of MD and MAD
close to 0 shows that the prediction capability of
the model is perfect.

RESULTS AND DISCUSSION

The experimental Pseudomonas spp. counts
collected from the previously published curves
for button mushrooms at the storage tempera-
tures of 4, 12, 20 and 28 °C were modelled using
two-step and one-step modelling approaches
(Tab. 2 and Tab. 3). The initial bacterial
counts of Pseudomonas spp. were on average
7.05+0.14 log CFU-g! for all temperatures.
Storage duration was directly related to storage
temperature and ranged from 240 h to 84 h
(10 days to 3.5 days) with an increase in storage
temperature from 4 °C to 28 °C. The Pseudomonas
spp. counts could reach the level ranging from
8.64 +0.13 log CFU-g"! to 10.76 = 0.05 log CFU-g-1
at the end of storage depending on the storage
temperature (Tab. 1 and Tab. 2). This demonstrat-
ed that the growth potential of Pseudomonas spp.
on button mushrooms was enhanced with the in-
creasing storage temperature.

The goodness-of-fit of all primary models in-
volved in the traditionally used two-step model-
ling approach was evaluated by calculating their
RMSE and R2,gj values (Tab. 4). The RMSE values
obtained from the primary models based on the
two-step modelling approach were between 0.549
and 0.490, and RZqj values were between 0.826
and 0.861. Among four different primary models,
the Baranyi model yielded the lowest RMSE and
the highest R2qj values. This means that the fit-
ting capability of the Baranyi model was superior
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over other primary models when two-step
modelling was used to describe the growth
behaviour of Pseudomonas spp. on button
mushrooms.

The RMSE and RZ2q; values of all the
primary models based on one-step model-
ling approach ranged from 0.294 to 0.299
and from 0.948 to 0.950, respectively. The
Baranyi model had the best goodness-of-
fit parameters, similar as in the two-step
modelling approach, but there was no sig-
nificant differences (p > 0.05) between
primary models when they were employed
in one-step modelling approach. The statis-
tical evaluation regarding the fitting capa-
bility of the primary models based on one
one-step modelling approach showed that
the fitting capability of the primary mod-
els was better than that of the traditionally
used two-step modelling approach. These
results showed that one-step modelling ap-
proach could be reliably used for estima-
tion of Pseudomonas spp. counts on button
mushrooms.

The degrees of freedom of the one-step
modelling approach proposed in this study
was 85 (the number of observations — the
number of parameters in the global mod-
el), but the degrees of freedom of the tra-
ditional two-step modelling approach used
by TARLAK et al. [19] was only 2 for the
Ratkowsky model and was maximum 20 for
the Baranyi model at various temperatures
ranging from 4 °C to 28 °C. It is important
to underline that especially Ratkowsky
model with a low degree of freedom might
be regarded as giving the results which are
suspicious and uncertain. From this point
of view, the one-step modelling approach
has higher degree of freedom, which de-
creases confidence intervals and uncertain-
ty of the parameters compared to the tradi-
tionally used two-step modelling approach
[13, 14]. Therefore, no matter which prima-
ry model was used, the one-step modelling
approach significantly (p < 0.05) improved
the prediction capability of the models for
quantitative description of Pseudomonas
spp. counts on button mushrooms.

When the one-step modelling approach
was used, the minimum counts of Pseu-
domonas spp. were found to be 7.02 =0.11
log CFU-gl, 6.70+0.19 log CFU-g1,
7.06 +0.07 log CFU-g! and 7.10%0.07
log CFU-g'! for the modified Gompertz,
logistic, Baranyi and Huang models,

Tab. 2. Observed and fitted growth data of Pseudomonas spp. populations on button mushrooms stored at 4 °C and 12 °C.

Storage
temperature
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Observed data in the table are given as average values + standard deviations.
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respectively (Tab. 4). The experimental mini-
mum counts were between 6.91 log CFU-g-1 and
7.19 log CFU-g'! corresponding to an average of
7.05+0.14 log CFU-g'L, which showed that all pri-
mary models except for the logistic model success-
fully estimated the minimum Pseudomonas spp.
populations on button mushrooms.

The one-step modelling approach
showed that maximum counts of Pseu-
domonas spp. were 11.03+0.21 log CFU-gl,
10.82 £ 0.16 log CFU-g’1, 10.63 = 0.10 log CFU-g"1
and 10.67%0.11 log CFU-gl for the modi-
fied Gompertz, logistic, Baranyi and Huang
models, respectively (Tab. 4). The maximum
counts were experimentally found to be chang-
ing within the range of 8.64+0.13 log CFU-g'!
to 10.76 £ 0.05 log CFU-g-l. This indicated that
the Baranyi and Huang models provided better
prediction performance for maximum counts in
comparison with modified Gompertz and logistic
models.

The umax and A values play a critical role in the
description of microbial growth behaviour, and
temperature is one of the most important envi-
ronmental factors directly affecting both of these
growth kinetic parameters [23]. In this work, pmax
and A values were not directly given in Tab. 4 when
the one-step modelling approach was employed.
Instead, b1, b2 and Ty, the other parameters de-
riving from the secondary Ratkowsky model
and being directly related to wmax and A, were
presented in Tab. 4. Concerning the secondary
model’s parameter 7y, its estimated valued were
-13.59+£0.83 °C, -13.54 £ 0.81 °C, -13.70 = 0.80 °C
and —13.73 £ 0.83 for the modified Gompertz, lo-
gistic, Baranyi and Huang models, respectively
(Tab. 4). At this point, it needs to be highlighted
that the estimated Ty, which is the temperature-

0.20
= Modified Gompertz model
= — = = = Logistic model
Q
® 015 4 s Baranyi model
< — - — Huang Model
3
o
o 0.10 A
L
2‘5
@
&
£ 0.05 +
3
£E
3
= 0.00 : : : : :
0 5 10 15 20 25 30

Temperature [[C]

Fig. 1. The effect of storage temperature
on maximum specific growth rate.

intercept of the Ratkowsky model, refers only to
the theoretical lowest temperature, which can
be much lower than that actually observed [25].
Although this value is not quite logical, neverthe-
less it gives the idea that Pseudomonas spp. can
proliferate extensively on button mushrooms as
they are a nutrient-rich substrate for their growth.
Taking into account the secondary model’s pa-
rameters (b1, b2 and Tp) given in Tab. 4, wmax in-
creased from 0.029 h-1to 0.164 h-1, from 0.029 h-!
to 0.164 h-1, from 0.029 h-! to 0.160 h-! and from
0.027 h-1 to 0.149 h-l with the increasing storage
temperature for the modified Gompertz, logistic,
Baranyi and Haung models, respectively (Fig. 1).
An exact opposite tendency was observed for A de-
creasing from 55.0 h to 9.8 h, from 33.9 h to 6.1 h,
from 58.1 h to 10.5 h and 52.1 h to 9.4 h for the
modified Gompertz, logistic, Baranyi and Haung
models, respectively, as the temperature was in-
creased from 4 °C to 28 °C (Fig. 2). These results
reflect the facts that wmax and A values are inverse-
ly correlated and mushrooms should be kept at
low temperatures in order to reduce their micro-
bial contamination.

All of the primary models involved in the one-
step modelling approach yielded high goodness-
of-fit values. Therefore, the prediction capabil-
ity of each primary model was evaluated. For this
purpose, the data predicted by all primary models
based on one-step modelling approach and the
previously published growth data by WANG et al.
[22] for Pseudomonas spp. on mushrooms were
compared, statistical values for validation of the
models are given in Tab. 5. Br and Ar were respec-
tively calculated as 0.99 and 1.03 by the Baranyi
model, both being the closest to 1 among all pri-
mary models. These results indicated that the
Baranyi model involved in one-step modelling

60
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50 W\, - - - - Logistic model
E \ ------------- Baranyi model
S 40 - N\, —*— Huang model
.g N
3 30 -
o
@
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Fig. 2. The effect of storage temperature
on lag phase duration.
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Tab. 5. Validation criteria of the primary models
involved in the one-step modelling approach.

Validation criteria
Primary Models
Br Ar MD MAD
Modified Gompertz 1.01 1.04 0.04 0.25
Logistic 0.93 1.08 0.41 0.44
Baranyi 0.99 1.03 -0.09 0.21
Huang 0.97 1.04 -0.21 0.25

Bt — bias factor; As — accuracy factor; MD — mean deviation;
MAD — mean absolute deviation.

approach had the best capability to predict Pseu-
domonas spp. counts on mushrooms stored at
temperatures ranging from 4 °C to 28 °C. MD and
MAD values obtained for Baranyi model based
on the one-step modelling approach were found
to be -0.09 log CFU-g! and 0.21 log CFU-g,
respectively. The MD value of -0.09 log CFU-g’!
indicated that on average the global model over-
estimated 0.09 log CFU-g1, while the MAD value
of 0.21 log CFU-g! showed that on average the
predicted values were 0.21 log CFU-g1 different
(either higher or lower) from the observed ones.
All these prediction performance indices revealed
that the Baranyi model developed in this work
considering the one-step modelling approach can
be reliably used to predict the Pseudomonas spp.
counts on the button mushrooms stored for any
time and at any temperature ranging from 4 °C to
28 °C (Fig. 3). The modelling approach described
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Fig. 3. Observed and predicted Pseudomonas spp.
populations on button mushrooms.

The observed data were collected from WANG et al. [22].
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in this work with accurate and robust predic-
tion performance provided valuable information
for performing quantitative prediction of Pseu-
domonas spp. counts on button mushrooms.

CONCLUSIONS

The fitting capability of the modified Gom-
pertz, logistic, Baranyi and Huang models, which
are the most popular primary models describ-
ing the microbial growth as a function of time at
constant environmental conditions, were firstly
compared employing the two-step modelling
approach. The Baranyi model yielded the best fit-
ting performance when it was employed in the tra-
ditionally used two-step modelling approach. The
fitting capability of all the primary models was also
compared using the one-step modelling approach
proposed in this study. No matter which primary
model was used, the one-step modelling approach
significantly (p < 0.05) improved the prediction
capability of the models for the quantitative de-
scription of Pseudomonas spp. counts on button
mushrooms. The successfully validated Baranyi
model involved in one-step modelling approach
exhibited considerable potential to be used for
prediction of Pseudomonas spp. counts as a func-
tion of time and storage temperature, if the initial
counts are known. Hence, this global model could
be employed as a more accurate and robust alter-
native to the traditionally used two-step modelling
approach to determine the microbial spoilage of
mushrooms, as Pseudomonas spp. counts are a re-
liable indicator of spoilage.
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