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Combination of bacteriophage and sucrose monolaurate (SML) against Listeria monocytogenes growth on
fresh-cut produce and prediction of relationship among initial bacterial load, fresh-produce type, antimicrobial concentration and residual bacteria using Artiﬁcial Neural Networks (ANNs) was investigated.
Inoculated samples (tomato and carrot) containing 108 log cfu mL1 L. monocytogenes, treated with
bacteriophage (108 pfu mL1), SML (100, 250 and 400 ppm) and chlorine control (200 ppm) were stored
at 4, 10 and 25  C for 6 days. Mathematical models were developed using a linear regression and sigmoid
(hyperbolic and logistic) activation functions. Data sets (120) were trained using Back propagation ANN
containing one hidden layer with four hidden neurons. Phage treatment on tomato and carrot showed
(p < 0.05) < 1 and 2 fold bacterial reductions respectively. Addition of SML at 100 and 250 ppm was
(p > 0.05) ineffective, but showed signiﬁcantly (p < 0.05) higher log reductions on both fresh produce at
400 ppm. Control treatment resulted in 1e2 log reductions on both fresh produce. Prediction with logistic activation function showed the highest positive correlation relationship between predicted and
observed values with ~0.99 R2-value and MSE of 0.0831. ANN offered better prediction in phage
biocontrol of pathogens in fresh produce.
© 2016 Elsevier Ltd. All rights reserved.
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1. Introduction
The demand for fresh or minimally-processed produce has
notably increased in the last few decades (Abadias, Usall, Anguera,
~ as, 2008). Ready-to-eat (RTE) fruits and vegetables
Solsona, & Vin
contribute to a healthy lifestyle in a more convenient way, as they
contain nutritional and health-stabilising constituents (James,
Ngarmsak, & Rolle, 2011). As part of advocacy by relevant global
organisations, consumption of “ﬁve servings per day” of fresh
produce has been advised as part of measures to reduce possible
incidence of certain ailments such as cancer, diabetes, and some
cardiovascular disorder (Allende, McEvoy, Luo, Artes, & Wang,
2006; FSA 2006; WHO, 2003; Warriner, Huber, Namvar, Fan, &
Dunﬁeld, 2009).
Meanwhile, safety challenges caused by pathogenic contamination of fresh produce along the food chain, resulting in disease
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outbreaks have been well documented (Beuchat, 2002; Olaimat &
Holley, 2012). Listeria monocytogenes which causes listeriosis has
been identiﬁed as one of such prominent bacterial contaminants in
fresh produce such as tomato and carrot (Ajayeoba, Atanda,
Obadina, Bankole, & Adelowo, 2015). It has a high mortality rate
(20e30%) and possess the ability to survive wide-range of environmental and stress conditions (Farber & Peterkin, 1991; Gandhi &
Chikindas, 2007). Effort to control this pathogen in fresh produce
has led to the use of certain antimicrobial agent such as bacterio~ es, 2016; Olaimat & Holley, 2012).
phage (Meireles, Giaouris, & Simo
Bacteriophages or phages are viruses that invade and kill bacteria
~es, Simo
~es, & Vieira, 2010). They are regarded
via a lytic cycle (Simo
as natural anti-microbial with an approved “GRAS” (General
Recognized as Safe) status (Sulakvelidze, 2013). They co-exist with
bacteria in their natural habitat over time, they are host-speciﬁc,
possess effective mode of action, and they do not cause any deleterious impact on food microbiota (Bueno, García, Martínez, &
Rodríguez, 2012; Guenther & Loessner, 2011; Spricigo, Bardina,
s, & Llagostera, 2013). These inherent attributes make them
Corte
an excellent tool for the control of recalcitrant pathogen such as
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L. monocytogenes (Sillankorva, Oliveira, & Azeredo, 2012). The
application of Listex P100 phage at 108 pfu mL1 to signiﬁcantly
reduce L. monocytogenes on fresh-cut produce such as melon, pear
and apple stored at 10  C has been reported (Oliveira et al. 2014).
However, due to development of resistance mechanism reported by this pathogen, combination of phage with other antimicrobial agents have been suggested as a veritable approach to
improve its efﬁcacy (Oliveira et al. 2014; Strydom & Witthuhn,
2015; Zhao, Zhang, Hao, & Li, 2015). Phage combination with sucrose monolaurate; a surface-active antimicrobial compound could
be seen as a new approach to address potential resistance by this
pathogen. Previously, sucrose monolaurate (SML) at 400 ppm has
been reported to be lethal to L. monocytogenes and Staphylococcus
aureus broth when combined with some natural antimicrobials
(Monk, Beuchat, & Hathcox, 1996). Also, SML at 100 and 250 ppm,
signiﬁcantly reduced Escherichia coli O157: H7 when combined
with chlorine at 200 ppm (Xiao et al. 2011). However, results of
laboratory investigation of phage combination with SML to inhibit
L. monocytogenes on both fresh produce showed some signiﬁcant
reductions, but not total eradication. Hence there is need to predict
its actual residual level after antimicrobial treatment.
Predictive microbiology describes the inﬂuence of environmental factors on the growth and survival of microorganism, using
rez-Rodríguez & Valero,
mathematical model (Huang, 2014; Pe
2013). Artiﬁcial Neural Networks (ANNs) have been found to offer
better modelling and predictive approach in addressing uncertainties and variations often associated with microbial growth
(Jeyamkondan, Jayas, & Holley, 2001). Furthermore, application of
ANN prediction on some fresh produce when treated with certain
sanitizers has been reported (Keeratipibul, Phewpan, & Lursinsap,
2011; Ozturk, Tornuk, Sagdic, & Kisi, 2012).
Due to increased attention of phage biocontrol against pathogens of health importance in the fresh produce industry, the need
for prediction as a risk assessment tool becomes more imminent.
Therefore, the aim of this study is to predict L. monocytogenes
population on fresh-cut tomato and carrot when treated with
phage and sucrose monolaurate using artiﬁcial neural networks.
2. Materials and methods
2.1. Fresh produce preparation
Randomly picked, matured, ripe and organically grown tomato
(Lycopersicon esculentum) and carrot (Daucus carota subsp. sativus)
of approximately 1 kg was obtained from local grocery supermarket
(Woolworth supermarket, Durban. South Africa). Each of the fresh
produce surfaces were cleaned under running tap water disinfected
with 70% ethanol and allowed to dry at room temperature before
transferred into a clean plastic bowl.
2.2. Bacteria and preparation of inoculum
L. monocytogenes ATCC 7644 serovar 1/2c (Human isolate) was
used in this study (Merck, South Africa). Following a modiﬁed
method of Singh, Mnyandu, and Ijabadeniyi (2014), working culture
was obtained from frozen stock culture kept in glycerol (80  C) by
thawing in water bath (WB 1024, Foss tecator technology, Hoganas.
Sweden) at 25  C for 3 min and streaked on Listeria oxford media
[LOM 75805, Sigma-Aldrich Inc. St Louis, MO 63103 USA] containing Oxford Listeria selective supplement (Fluka 75806 SigmaAldrich Inc. Buch, Switzerland) for 24 h at 37 ± 1  C. Bacteria colonies were transferred into 50 mL fraser broth base (F6672 FB,
Sigma-Aldrich Buch, Switzerland) using Fluka Fraser selective
supplement (F18038 FSS, Sigma-Aldrich Buch, Switzerland). A ﬁnal
bacterial concentration of approximately 8 log10 cfu mL1 was

obtained using McFarland standard solutions before inoculation.
2.3. Antimicrobials
Antimicrobial compounds used in the present study includes;
bacteriophage (Listex P100, Micreos food safety. Wageningen,
Netherlands) stored at 4  C in a buffered saline containing ~1011
plaque forming units (pfu mL1), sucrose monolaurate (SML 84110,
Sigma Aldrich Pty Ltd, Aston Manor. 1630 South Africa) and
chlorine-sodium hypochlorite (105614 EMPLURA, Merck Pty Ltd,
Gauteng. South Africa).
2.4. Preparation of fresh-cut produce and sample inoculation
This was done by modifying the method of Xiao et al. (2011).
Samples were cut thinly into average of 10 mm thickness and a
6 mm diameter wedge made into centre of each produce using a
manual fruit corer (FCS 0020 Prestige Pty Ltd, Somerset West 7130,
South Africa) to contain the inoculum. 100 mL of bacterial inoculum
containing 108 cfu mL1 were spot-inoculated (Chen & Zhu, 2011)
into the wedges for a contact time of 30 min to attach under
aeration at ambient temperature in a bio-safety cabinet (BSC1500IIB2-X, Labotech, Midrand 1685. South Africa). The inoculated
fresh-cut samples (25 g) were all placed into sterile bags (Tufﬂock
170  150 mm. Tuffy Brands Pty. Cape Town, South Africa) with
perforations to avoid modiﬁed atmosphere creation prior to
inoculation.
2.5. Antimicrobial treatment procedure
This was carried out by following a modiﬁed method reported
by Oliveira et al. (2014). Bacteriophage concentration was diluted
from ~1011 pfu mL1 to ~108 pfu mL1 using laboratory sterile water
(pH 6.5e7.0), from which 10 ppm were inoculated into the wedges.
Simultaneously, 20 mL each of SML at 100, 250 and 400 ppm prepared using sterile water (pH 6.5e7.0) at room temperature was
later applied and allowed for 10 min (Ono, Miyake, & Yamashita,
2005). Chlorine dip (sodium hypochlorite at 200 ppm at 25  C)
for 3 min contact time was carried out as control. Each of the
treated samples was allowed to stand for 30 min in the sterile bags
under bio-safety cabinet condition before storage at 4, 10 and 25  C
for 6 days in a controlled chamber (LTIM 10 Lab design Engr Pty,
Maraisburg. South Africa).
2.6. Microbiological analysis
Bacterial colony count was performed every 48 h for 6 days in all
the storage temperatures (Oliveira et al. 2014). Samples from the
sterile bags were mixed with 10 mL of sterile peptone water buffer
(PWB HG00C134.500. Biolab Merck, Modderfontein. South Africa)
and the mixture was homogenised in a Stomacher laboratory
blender (Model No BA 6021; Seward Lab. London SE 19UG UK) for
120 s. Aliquots from the mixtures were serially diluted in saline
peptone water (SP 1405, Conda Lab., Madrid, Spain), and 1 mL was
spread-plated on a sterile petri plates containing Oxford Listeria
agar. Inoculated plates were incubated at 37  C for 48 h in order to
obtain bacterial population as log cfu mL1.
2.7. Phage titration and pH
Phage titration was carried out by the method described by
Leverentz et al. (2003). Brieﬂy, aliquots from phage treated samples
were homogenised and ﬁltered through 0.45-mm-pore size membrane (Acrodisk; Pall Gelman, Ann Arbor, Mich). Phage titer was
then determined using the soft agar overlay method using Brain
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heart infusion agar (BHI Biolab). Resulting plaques were counted as
expressed as log pfu mL1. The pH was determined using pH meter
(Jenway 3510 pH meter. UK).
2.8. Statistical analysis
All experiments were replicated three times in each of the
treatments. Data obtained were subjected to analysis of variance
(SPSS Version 24) and means separated using Duncan multiple
range test (p  0.05).
2.9. Artiﬁcial Neural Networks (ANNs) modelling
ANN was applied to provide a non-linear relationship between
the input (temperature, pH, initial bacterial load, antimicrobial
concentration, storage period, type of fresh produce, and antimicrobial) and the output variables (residual level of L. monocytogenes
after control). Over time, statistical regression models have been
applied as a well-established method for data analysis and prediction such as (such as ANOVA) and ranking the importance of
independent variables. The outcome of residual bacterial level in
the present study was modelled using ANNs, trained and simulated
using a commercial software package (Matlab R2012a. The Mathworks, Inc., Natick, Massachusetts) and non-linear multiple polynomial regression (MPR) model in WEKA (Hall et al. 2009).
Supervised back propagation (BP-ANN) that is widely used to
learn and approximate complex non-linear function was used
(Govindaraju & Rao, 2000). Also, its ease of learning makes it
suitable for numerous applications in food safety (Funes, Allouche,
n, & Jime
nez, 2015; Keeratipibul et al., 2011; Meng, Zhang, &
Beltra
Adhikari, 2012). Artiﬁcial neural network (ANN) is a mathematical
model that simulates the structure and function of the biological
nervous system. One of the most commonly used artiﬁcial neural
networks is the multilayer perceptron (MLP) composed of orderly
interconnected neurons arranged in layers (Fig. 1). This comprises
the input layer, one or more hidden layers, and an output layer
which represents the building block of all ANN-MLP systems
(Delashmit and Manry 2005).
It consists of n synapses associated with the inputs (x1,x2……..xn)
and each input has an associated weight (w). A signal at input i is
multiplied by the weight wi, the weighted inputs are added
together, and a linear combination of the weighted inputs is obtained. A bias (w0), which is not associated with any input, is added
to the linear combination and a weighted sum X is obtained as
X¼w0 þ w1x1 þ w2 x2…….. þ wn xn. Subsequently, a nonlinear
activation function f is applied to the weighted sum and this produces an output y shown in y ¼ f(X).
At the input layer, the values of the input variables were used to
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determine the residual level of the bacterial population, and
approximate errors encountered during the supervised learning
process. The hidden layer helps to transform the inputs into what
the output layer can use, as one hidden layer has been found to
approximate any continuous and multivariate function, within any
degree of accuracy on compact subsets of real number (Rn) in a
close interval of [-∞, ∞] (Cybenko, 1989; Guliyev & Ismailov, 2016).
Furthermore, the ﬂexibility and ability of an artiﬁcial neuron to
approximate functions to be learned depend on its activation
function. At the input layer, a linear activation function was used.
This function was deemed ﬁt for this layer since the input neurons
only need to transmit the input dataset directly to the next layer
with no transformation (Funahashi, 1989). The hidden layer
transforms these inputs dataset into non-linear form using activation function. Sigmoid function was employed at the hidden layer,
because this function is continuous and differentiable, which
makes learning the weights of a neural faster than others (Guliyev
& Ismailov, 2016; Rahman et al. 2012). The sigmoid activation
functions are S-shaped functions, and the ones that are mostly used
are the logistic and hyperbolic tangent as represented in (1) and (2),
respectively.

f ðxÞ ¼

1
;
1 þ ex

(1)

f ðxÞ ¼

1  ex
;
1 þ ex

(2)

Likewise, at the output layer choice of activation function depends on the problem being solved. Considering the size of dataset
used in the present study and the rate at which the size of datasets
continues to increase exponentially in food safety domain, the
speed of processing is of utmost signiﬁcance. Hence, scaled conjugate gradient back propagation (SCG-BP) with a reportedly high
speed of convergence was used to train the designed MLP-ANN
model at the output layer (Dogra, Hasan, & Dogra, 2013;
Gopalakrishnan, 2010). The appropriate number of neurons in the
hidden layer of MLP-ANN varies based on the nature of the problem
being solved and most of the time determined via experimentations (Delashmit and Manry, 2005). In summary, the present study
used a BP-ANN topology which consists of seven inputs (Storage
temperature, pH, initial load, concentration of antimicrobial, storage period, types of fresh produce, and type of antimicrobial), one
hidden layer with four neurons and one output layer which
represent residual level of the bacteria. The experimental procedure used in the present study followed similarly work reported by
Keeratipibul et al. (2011).

Fig. 1. The structure of artiﬁcial neurons with the functional elements.
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2.10. Normalisation and encoding of dataset

Table 1
Encoding parameters for ANNs.

This was carried out on an Intel Core i5-3210MCPU@2.50GHz
speed with 6.00 GB RAM and 64-bit Windows 7 operating system. A total number of 120 input datasets were obtained from
laboratory for model prediction of two different fresh producetomato and carrot. Data sets for training and testing were
compared at ratio 70% training, 15% validation and 15% testing subdataset in the model design as previously reported by some authors
(Powers, 2012; Powers & Atyabi, 2012; Prechelt, 1994). Trained data
sets were used to ﬁx the learning rate (LR) to 0.001; and the
maximum amount of epoch iterations was ﬁxed at 1000 (Fig. 2).
However, due to variability in the data set, normalisation (scaling)
of data within a uniform range was essential to prevent larger
numbers from overriding smaller ones, and to prevent premature
saturation of hidden nodes, which impedes the learning process.
Depending on the task objectives, for example; in neural networks,
min-max normalisation was recommended for activation functions. In this study, normalisation of the input values was done
using a min-max normalisation equation by Saranya and
Manikandan (2013).

Xi ¼

ðxi  xmin Þ
*ðb  aÞ þ a
ðxmax  xmin Þ

(3)

Where xi represents the data range of seven input values 1  i  7, a
and b represents the normalized range, xmin and xmax represents
minimum and maximum values of the activated sigmoid functions
in (1) respectively. Chosen values depend on the task objectives. In
the present study, dataset were normalized between 0.9 and 0.9
for hyperbolic tangent function (2), and 0.1 to 0.9 for the sigmoid
function in (1) as recommended by Basheer and Hajmeer (2000),
and to avoid saturation of the sigmoid function leading to slow or
no learning (Hassoun, 1995; Masters & Schwartz, 1994). The mean
square error and linear regression error (R2) which serves as validation indices for the ANN training in this work are:

MSE ¼

1X
ðxd  xt Þ2
n

(4)

Type of fresh produce

ANN Encoding

Tomato
Carrot

10
01

Type of antimicrobial

ANN Encoding

Chlorine
Phage
Phage þ SML100
Phage þ SML 250
Phage þ SML 400

00001
00010
00100
01000
10 000

Storage days

ANN Encoding

0
2
4
6

000
010
100
110

2

2 3
0
xd  xt
6
7
R2 ¼ 1  4 
2 5
P 0
;
xd  x
P

(5)

where xt is the observed value of the testing pattern t, and x is the
average of the observed values. Since the type of vegetable, storage
days and type of antimicrobial are considered as nominal data they
cannot be used as the inputs for the neural network. These parameters were encoded to facilitate easy recognition during
training (Table 1).

3. Results and discussion
3.1. Effect of antimicrobial treatment on L. monocytogenes growth
on the fresh-cut produce
Generally, the pathogen grew on both fresh-cut produce
regardless of the storage condition (Table 2). However, phage
treatment signiﬁcantly (p < 0.05) reduced L. monocytogenes bacteria population on both fresh produce. On fresh-cut tomato, phage
treatments alone reduced bacterial population by 0.48e0.53 log cfu
mL1 and by 2.02e2.88 log cfu mL1 on fresh-cut carrot. The use of

Fig. 2. Representation of neural network showing the training patterns and epoch iteration of logistic and hyperbolic tangent activation functions on MATLAB.
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Table 2
Log reduction and residual population of Listeria monocytogenes on fresh-cut tomato and carrot stored at 4, 10 and 25  C after using phage and in combination with sucrose
monolaurate (SML).
Microorganism (Initial load; log10
8 cfu/mL)

Tomato

Carrot

Antimicrobial

Concentration
(ppm)

Residual (log10 cfu/ Log reduction (log10 cfu/ Residual (log10 cfu/ Log reduction (log10 cfu/
mL)
mL)
mL)
mL)

Temperature
(4  C)

Control
Phage
Phage þ SML
Phage þ SML
Phage þ SML

200
10
100
250
400

6.78a±0.05
7.52c ±0.26
7.10b ± 0.25
7.06b ± 0.30
6.75a ±0.07

1.22c±0.06
0.48a±0.05
0.90b ± 0.06
0.94b ± 0.07
1.25c±0.05

5.58c±0.13
5.12b ± 0.03
5.11b ± 0.03
5.10b ± 0.03
4.35a ±0.03

2.42a±0.16
2.88b ± 0.24
2.89b ± 0.24
2.90b ± 0.24
3.65c±0.22

Temperature
(10  C)

Control
Phage
Phage þ SML
Phage þ SML
Phage þ SML

200
10
100
250
400

6.76b ± 0.11
7.47c ±0.34
7.45c±0.30
7.44c ±0.29
6.61a ±0.24

1.24c±0.04
0.53a±0.03
0.55b ± 0.03
0.56b ± 0.03
1.39c±0.05

5.56c±0.15
5.15b ± 0.04
5.14b ± 0.03
5.12b ± 0.03
4.00a ±0.03

2.44a±0.14
2.85b ± 0.22
2.86b ± 0.23
2.88b ± 0.23
4.00c±0.23

Temperature
(25  C)

Control
Phage
Phage þ SML
Phage þ SML
Phage þ SML

200
10
100
250
400

6.71a±0.14
7.51b ± 0.20
7.51b ± 0.21
7.51b ± 0.12
6.41a ±0.21

1.29c±0.15
0.49a±0.15
0.49b ± 0.17
0.49b ± 0.16
1.59d ± 0.14

6.48c±1.45
5.98b ± 1.17
5.95b ± 1.18
5.92b ± 1.20
5.83a ±1.28

1.52a±0.41
2.02b ± 0.02
2.05b ± 0.01
2.08b ± 0.05
2.17c±0.20

Control ¼ Chlorine at 200 ppm, SML ¼ sucrose monolaurate.
Values are means ± standard deviations of three replicates experiments.
Mean values in the same column with the same superscripts are not signiﬁcantly different (p  0.05).

this lytic phage at same concentration has been reported in raw
catﬁsh ﬁllets stored at 4, 10 and 22  C for 10 days, where the level of
bacterial inactivation were similar in all the storage temperatures
(Hald, 2012). This co-evolutionary attributes enhance the possibility of phages in response to emerging mutagenic changes
commonly associated with opportunistic bacteria such as
L. monocytogenes (Koskella & Brockhurst, 2014; Lenski, 1984).
Variation in the output of phage treatment on both fresh produce
could be attributed to differences in certain inherent factors such as
ionic and pH condition of the two fresh-cut samples. Phage efﬁcacy
has been reported to decline with increased acid condition of food
matrix (Leverentz et al. 2003). From preliminary ﬁndings, tomato
with a pH value of (4.3 ± 0.1) signiﬁcantly (p < 0.05) showed a
lower phage-tolerance compared to carrot with pH value of
(6.0 ± 0.1). This result is in agreement with previous ﬁndings where
pH values above 5 resulted in greater inactivation by phage treatment (Oliveira et al. 2014; Perera, Abuladze, Li, Woolston, &
Sulakvelidze, 2015). Application of bacteriophage to fresh produce
with low pH can be enhanced by increasing the phage concentration bearing in mind its economic feasibility. Also, combination
with other natural antimicrobials such as bacteriocin, antagonistic
bacteria and essential oils has been suggested (Oliveira et al. 2014).
Meanwhile, the additive effect of phage with SML at 100 and
250 ppm maintained <1 fold log reduction in fresh-cut tomato and
2 fold log reductions in fresh-cut carrot. This development could be
inﬂuenced among other factors by SML critical micelle concentration (CMC). This seems plausible since the SML concentration
(100 ppm) used in this study is below the reported CMC range

(184e210 ppm) for SML (Husband, Sarney, Barnard, & Wilde, 1998;
Makino, Ogimoto, & Koga, 1983). Similar ﬁndings where SML at
100 ppm could not signiﬁcantly (p > 0.05) reduce bacterial population has been reported (Xiao et al. 2011). However, unimproved
phage lysis with SML at 250 ppm could be linked to certain unexamined factors such as the time-kill assay and the overbearing
survival of the phages all through the storage temperature (as more
phages multiply to lyse the L. monocytogenes cells). Furthermore, it
has been reported that sugar fatty acid esters such as SML exhibits
signiﬁcant antimicrobial effect only at high concentration
(Marshall, 1994, chap. 8). This assertion was conﬁrmed in the
combination of phage with SML at 400 ppm, which provides better
access for lysis through the peptidoglycan cell wall, resulting in
signiﬁcant (p < 0.05) reduction to 1.25e1.59 log cfu mL1 folds in
fresh-cut tomato and 2.17e4.00 log cfu mL1 in fresh-cut carrot.
Similar ﬁndings of SML lethality at 400 ppm on the broth of
L. monocytogenes when combined with other antimicrobials have
been reported (Monk et al., 1996). Chlorine control was observed to
maintain 1e2 fold log reduction along the storage temperature on
both fresh produce. Although, report by Hoelzer, Pouillot, Van
Doren, and Dennis (2014) of chlorine wash on fresh produce
showed 1e3 fold reduction. However, its comparative effectiveness
has also been found to be partially determined by the nature
(intrinsic and extrinsic factors such as contamination of inaccessible part of the produce like the stem, changes in surface topology
that may enhance bacterial proliferation, increased protein loads
from cut produce cells and storage conditions) of the fresh produce
(Hirneisen et al. 2010; Parish et al. 2003; Pfunter, 2011).

Table 3
Experimental results of the MLP-ANN-based logistic model with varying Number of Neurons in the hidden layer.
Neurons in the hidden layer

MLP-ANN performance
(Logistic)

Average

2

3

4

5

R-Value

MSE

R-Value

MSE

R-Value

MSE

R-Value

MSE

0.9721
0.9723
0.9732
0.9653
0.9720
0.9709

0.2166
0.2152
0.2089
0.2723
0.2169
0.2260

0.9752
0.9811
0.9671
0.9850
0.9806
0.9778

0.1927
0.1490
0.2554
0.1180
0.1518
0.1734

0.9863
0.9834
0.9894
0.9834
0.9767
0.9838

0.1073
0.1332
0.0831
0.1270
0.1831
0.1267

0.9857
0.9865
0.9647
0.9811
0.9829
0.9802

0.1154
0.1059
0.2740
0.1539
0.1340
0.1566
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Table 4
Experimental results of the MLP-ANN-based hyperbolic tangent model with varying number of neurons in the hidden layer.
Neurons in the hidden layer

MLP-ANN performance
(Hyperbolic)

Average

2

3

4

5

R-Value

MSE

R-Value

MSE

R-Value

MSE

R-Value

MSE

0.9693
0.9661
0.9712
0.9702
0.9345
0.9623

0.2396
0.2625
0.2251
0.2315
0.5017
0.2921

0.9724
0.9819
0.9798
0.9803
0.9732
0.9763

0.2170
0.1870
0.1576
0.1534
0.2141
0.1858

0.9777
0.9798
0.9823
0.9843
0.9846
0.9817

0.1750
0.1591
0.1463
0.1231
0.1216
0.1450

0.9851
0.9830
0.9583
0.9703
0.9854
0.9764

0.1173
0.1330
0.3238
0.2307
0.1145
0.1839

Fig. 3. Representation of regression curves and validation performance of A: Linear, B: Hyperbolic, and C: Logistic activation models.

3.2. Neural predictions
The training set obtained from the two vegetable was used to
train the network while the validation set was used to measure
the error. The network training stops when the error starts to
increase for the validation dataset. The mean square error (MSE)
and accuracy for each trial was observed and the best was
recorded. Tables 3 and 4 showed the computed values of R2, and
MSE for the developed ANN models considering different network
structures, while their predicted validation curves are as shown in
Fig. 3.
Regression analyses function in WEKA tool was used to build a
model by combining attributes and generated weight values from
the pH, type of antimicrobial, temperature, type of vegetable, and
the storage day. The linear regression model generated is given
as:

Target ¼ 3:3768  Temperature þ 1:5852  InitialLoad
þ 0:5235  EncodingforDay
¼ 010; 100; 110 þ 0:6232  EncodingforDay
¼ 100; 110 þ 0:3749  EncodingforDay
¼ 110 þ 1:2682  EncodingforVeg
¼ 10 þ 0:7043  EncodingforAntiMic
¼ 00001; 01000; 00100; 00010 þ 1:1982
After full training set with 10-fold cross-validation, the above
model consistently yielded a correlation coefﬁcient of 0.9 and MSE
of 0.671.
Unlike the regression model, the ANN approach could not give a
prediction equation as stated above. However, following the 7-4-1
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ANN-MLP architecture used in this work (Fig. 4), predicted accuracy
model was derived during the forward propagation operations of
MLP-ANN. The inputs to a node, are simply the products of the
output of preceding nodes with their associated weights, this then
summed and passed through an activation function before being
sent out from the node. Thus, we have the following:

Kj ¼

X

wi;j $xi and aj ¼ f ðKi Þ

(6)

i

For instance:

K1 ¼ð2:4688*TemperatureÞ þ ð0:0741*pHÞ
þ ð  0:7710 *initial LoadÞ
þ ð2:8078 * AntimicrobialConcentrationÞ
þ ð1:3324 * Storage day valueÞ
þ ð0:3237 * Code for Veg TypeÞ
þ ð  2:5281 * Code for Antimicrobial TypeÞ:
where Kj is the sum of all relevant products of weights and outputs
from the previous layer i, wi,j represents the relevant weights
connecting layer i with layer j, aj represents the activations of the
nodes in the previous layer i, aj is the activation of the node at hand,
and f is the activation function. (wi,j) i represent node in the current
layer and j represent node in the next layer.
Choice of activation function and the number of neurons in the
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different layers of MLP is very crucial to the performance of the
network. Results shown in Figs. 3 and 4 guided our choice of the
ANN network topology used in this present study, while Tables 3
and 4 shows the R2-Value and MSE for both Logistic and hyperbolic tangent ANN models respectively.
When 2 neurons were activated at the hidden layer (Table 3), an
average R2-Value of 0.9709 was realised with MSE range of 0.2e0.3.
Similarly, with 5 neurons an average R2-Value of 0.9802 was realised with MSE range of 0.1e0.3. Generally, the highest R2-Value of
0.9894 was realised with 4 neurons at the hidden layer with the
lowest MSE of 0.0831.
Similar performance trend was repeated with 4 neurons at the
hidden layer with hyperbolic tangent function. Table 4 show both
the R2-Value and the MSE results for varying hidden neurons from
2 to 5 using hyperbolic tangent.
Notably, the average R2-Value increased progressively with 2, 3
and 4 neurons but declined when the number of hidden neurons
was increased to 5. These outputs guided our choice of the 7-4-1
network topology (i.e. input, hidden and output layers contain 7, 4
and 1 neuron, respectively) adopted in this paper as the basis of
comparison for the two ANN activation function.
3.3. Validation of ANNs models
In the linear regression model 10-fold cross validation was used.
These results showed that predicted values of the regression

Fig. 4. Schematic ANN model diagram for prediction of residual Listeria monocytogenes bacteria levels on fresh-cut tomato and carrot after antimicrobial control.

16

A.O. Oladunjoye et al. / LWT - Food Science and Technology 76 (2017) 9e17

models were positive correlated to the observed values (Fig. 3).
However, there was low positive correlation at the beginning and
towards the end of the prediction model. This could be seen from
the high MSE value of 0.671 and moderate R-value of 0.90172.
Validation on the neural network was performed by using additional 25 (30%) data sets from both fresh produce (Fig. 3). The
predicted values of ANN models were positively correlated to the
observed values compared to that of linear regression. This could be
seen from the lower MSE value of 0.1216 along with an improved
R2-value of 0.9846 using the same ANN framework and validation,
but with logistic activation function at the hidden layer, a different
result was obtained. From Fig. 3, the regression pattern obtained
also show a highly positive correlation relationship between the
predicted and observed values with approximately 0.99 R2-value
with MSE of 0.0831. The average values of the predicted against the
observed values for the sigmoid functions were 3.84 ± 0.08 versus
3.82 ± 0.08 log10 cfu mL1
In summary, the best model was obtained with four hidden
neurons using logistic sigmoid followed by hyperbolic tangent
activation functions. The mean square errors obtained from these
two functions were 0.0831 and 0.1216 respectively with R2-Value of
0.9894 and 0.9846.
4. Conclusion
Phage application remains a good approach in reducing
L. monocytogenes contamination in fresh produce. This safety
measure can be further improved when combined with antimicrobial compound such as sucrose monolaurate above its critical
micelle concentration. However, development of acid-tolerant
phages which can cope on fresh produce with low pH will be a
welcome development. More importantly, application of ANNbased approach with logistic activation function offered more accurate prediction than hyperbolic tangent activation function and
linear regression's models, wherein a better relationship between
the predicted and the actual data was enhanced. However, the
relationship offered by multiple linear regressions' model was quite
unsatisfactory. The results obtained are valid in the present
experimental conditions of fresh produce type, antimicrobial concentration, and inoculum size of bacterial pathogen. Further
application of this model as a risk assessment tool to other pathogens of health concern in fresh produce safety should be
encouraged.
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