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Abstract: Appropriate data collection and using reliable and accurate procedures are the first steps in
conducting an experiment that will provide trustworthy outcomes. It is key to perform an assertive
statistical analysis and data visualization for a correct interpretation and communication of results. A
clear statistical summary and presentation of the data is critical for the reader to easily process and
comprehend experimental results. Nowadays, there are a series of different tools to perform proper
statistical analysis and create elaborate graphs that will help readers to understand the data, identify
trends, detect outliers, evaluate statistical outputs, etc. However, researchers that are beginning to
navigate experiments do not frequently encounter a guide that can provide basic principal concepts
to begin their statistical analysis and data presentation. Therefore, the objective of this article is to
provide a guide or manual to analyze and presents results focused on different types of common
food safety experiments, including method comparisons, intervention studies, pathogen presence
experiments, bio-mapping, statistical process control, and shelf life experiments. This review will
provide information about data visualization options and statistical analysis approaches for different
food safety experiments. In addition, basic concepts about descriptive statistics and possible solutions
for issues related to microbiological measurements will be discussed.

Keywords: method comparison; intervention experiments; shelf life; bio-mapping studies; pathogen
presence; limit of quantification; limit of detection; statistical analysis; data visualization

1. Introduction

Constant research in food safety is crucial for reducing foodborne illnesses because
they impact society, health, and the economy of the food industry. Some of the benefits of
performing research in this field are improving economic productivity and public safety,
reducing healthcare costs for individuals affected by foodborne pathogens, increasing the
shelf life of food products, and providing a safer food supply to consumers [1]. In the
United States, it is estimated that foodborne diseases caused by pathogens affect 9 million
people (about half the population of New York) and cause about 56,000 hospitalizations and
1300 deaths each year [2]. The four main pathogens of importance in terms of foodborne
illnesses are Salmonella, Escherichia coli O157:H7, Listeria monocytogenes, and Campylobacter [3].
About 80% of foodborne illnesses are linked to Salmonella and Escherichia coli O157:H7 [3].
Also, around 75% of Salmonella illnesses are mainly derived from chicken, fruits, pork,
seeded vegetables, beef, or turkey [3], while Escherichia coli O157:H7 is linked to vegetable
row crops and beef [3]. Listeria monocytogenes illnesses are associated with dairy products,
fruits, and vegetable row crops [3]. Although Campylobacter is one of the major pathogens
that causes foodborne illnesses in United States, estimates linked to this pathogen are
ambiguous because they contrast considerably with non-outbreak-associated illnesses [3].
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This valuable information demonstrates the importance of microbial foodborne pathogens
in our society, showing that data are a powerful dissemination tool [4,5].

Collection of data in a proper manner that follows procedure and uses accurate
methods is crucial to obtaining reliable data when conducting an experiment. However,
it is key to perform an assertive statistical analysis and data visualization for a correct
assessment of microorganisms [6–8]. A clear statistical summary and presentation of the
data is important for the reader to easily process and comprehend results. The summary
of data in an absorbable manner can be achieved through statistics, which is a science
composed of two main branches, descriptive and inferential statistics. Descriptive statistics
summarize a data set and disseminate it in an accessible manner, while inferential statistics
lead to conclusions from a small sample size that is exposed to random variation and make
predictions and generalizations about a population [9–11].

In microbiology, correct estimations of microbial concentrations and their presence
in food products are necessary for public health regulations and decisions because they
comprise the interpretation and description of models that can subsequently affect public
health [12,13]. Microorganisms are discrete objects that cannot be measured precisely;
therefore, microbial concentrations are measured by enumeration or detection of the objects
in a fixed sample size prior to performing an experimental trial [14–16]. These approaches
are broadly used in the food and health industry, and these estimates are mostly compared
to determined concentrations or targets, which can decrease the accuracy of the data,
detection, and enumeration of microorganisms [17,18]. Microbial data are analyzed and
presented in a lognormal distribution to describe the variability of bacterial concentrations,
which allows the data to be interpreted following a normal distribution [19–22]. Some
of the challenges of log transforming microbial data are obtaining non-detectable values
and back-calculating concentrations from microbial counts [12]. Therefore, a correct data
analysis should be performed to avoid biased results.

Some of the misconceptions that can be dismissed regarding inaccurate data analysis
are due to crucial differences between discrete and continuous data. These are obtained
using analytical chemistry methodologies, and they expose bias obtained by statistical
analysis within chemistry data and its dissipation into discrete microbial data [12]. These
approaches impede the accurate presentation of low microbial concentrations and microbial
methodologies with low or variable analytical power; therefore, non-detectable results can
be expected. Also, it is not rare for many researchers to apply improper statistical tests
without considering appropriate approaches before performing experiments [23,24].

A correct statistical analysis is essential when presenting results; however, data visual-
ization provides more value to such results by facilitating the interpretation and display of
information. Understanding of the data is simplified through graphs, plots, histograms,
maps, etc. [25,26]. Currently, just displaying results in an old-fashioned manner is not
enough; rather, there is more value in providing graphics that can be interpreted in a
clean and concise style. Data visualization is an excellent tool for data cleaning and struc-
ture, detecting outliers, identifying trends, evaluating statistical outputs, and presenting
results [27]. Some programs that have allowed for the evolution of theory graphics are
Wilkinson’s Grammar of Graphics (2005), followed by Hadley Wickham’s implementation
of it in the R package ggplot2 [28,29]. In the past, graphics were rarely used and difficult to
construct; however, technology nowadays facilitates data visualization.

As discussed, statistical approaches and data visualization are necessary and powerful
tools to spread assertive information efficiently. However, researchers who are beginning to
navigate these sciences do not frequently encounter a guide that can provide the principal
concepts to begin statistical analysis and presentation of their data. Therefore, the objective
of this review paper is to provide a “manual” for researchers in the food safety sector on
statistical analysis and proper data visualization before performing experimental trials
involving microbial counts, validations, and detection of foodborne pathogens.
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2. Types of Data

Every research experiment should follow the scientific method, which starts with a
question followed by a hypothesis. Then, in order to answer the question, an experiment is
constructed including an experimental design and statistical analysis. In addition, before
beginning a research trial, the variables of interest are predefined and data are collected to
obtain scientific evidence that the conclusion of your experiment is valid. When collecting
data, it is important to understand the type of data generated in the experiment because the
statistical methods used are highly dependent on this characteristic [30]. Data are classified
in two main categories: quantitative or continuous data, and qualitative or categorical data.

2.1. Quantitative Data

A quantitative variable represents a numerical value designating how much, how
often, or how many of an item is assigned to a specific sample, thus providing information
about quantities of a specific object [31,32]. In food safety experiments, enumeration of
bacteria is the most common example of quantitative data, as it provides the number of
a specific bacterium in a sample; however, quantitative data can be further classified into
two different types: discrete and continuous data. Continuous data represent a numerical
value that can be calculated, and they have an infinite number of probable values expected
withing a range such as height, weight, and pH values. Discrete data contain a finite
number of probable values; thus, they can only be counted as whole integers, such as the
number of bacteria in a specific sample.

In statistics, distribution functions and their properties are usually discussed; however,
it is important to understand what a distribution represents. When a large number of
measurements are collected during an experiment, those observations can be organized
into groups or classes that have the same interval size, resulting in groups with a certain
number of observations or frequencies [32]. If plotted, those groups and frequencies will
result in a histogram, in which the height of the bars will represent the frequency of
each class. Frequency distributions can be used as models for experimental data where
appropriate [33]. The most common models used for microbiological analysis include the
normal, lognormal, and binomial distributions.

2.1.1. Normal Distribution

Normal distribution is the most common type of distribution, assumed in nearly all
types of statistical analyses and continuous populations. It is symmetric about the mean,
suggesting that data closer to the mean are more frequent in occurrence than data far from
the mean [34]. Normal distribution appears as a bell curve, and it is represented by two
parameters: the mean and the standard deviation. Also, in normal distribution, 68% of
observations lie within one standard deviation of the mean, 95% lie within two standard
deviations of the mean, and 99.9% lie within three standard deviations from the mean. A
very strong theorem based on normal distribution is the “central limit theorem”, which
states that under appropriate conditions, the distribution of a sample variable approximates
a normal distribution as the sample size becomes larger [32]. However, how it can be known
if a data set comes from a normal population? If the sample is reasonably large (n > 30
is a good rule of thumb), a histogram may give a good indication, peaking in the center
and decreasing less or more along the sides; this is a good sign of normality [35]. For
small samples, it is more difficult to tell whether the observations are normally distributed;
however, statistical tests such as the Kolmogorov–Smirnov test and Shapiro–Wilk tests exist
to test normality. The null hypothesis of the tests states that collected data are normally
distributed, meaning that if the p-value of the test is not significant, the null hypothesis is
accepted; thus the data are considered normally distributed. Some authors suggest that the
Shapiro–Wilk test is more appropriate for small sample sizes, whereas the Kolmogorov–
Smirnov test is used for large data sets [7].
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2.1.2. Lognormal Distribution

The most common types of statistical test (tests for the difference between two or
more means) are based on parametric methods, in which data should come from a normal
distribution with verified normality and assumed homoscedasticity [36]. Microbiological
counting is usually heteroscedastic and non-normally distributed, meaning that the vari-
ation across a set of independent variables is not constant. Therefore, the variance is not
homogeneous, suggesting that the use of parametric methods for statistical analysis may
introduce considerable error [32]. To overcome this issue, microbial growth data should
be log10 transformed, followed by an appropriate model to check if the transformation
improved the distribution of microbial counts, rendering it similar to a normal distribution.
The transformation is relatively easy to perform, but one special condition to consider is
that no zeros should exist in the data set, as the log10 of zero will result in undetermined
results. Options to overcome this issue are available, and all can apply to different data
sets; nevertheless, it is important to mention them during the description of the statistical
analysis in an article or presentation so the public can understand the significance of the
results. Transformation of data is essential in microbial counts in order to use parametric
statistical analysis, such as analysis of variance (ANOVA) or t-testing.

2.1.3. Binomial Distribution

The most typical example to explain the binomial distribution used in statistics liter-
ature is tossing a certain number of coins, such that the average probability of an equal
number of heads and tails equals p = q = (1 − p) = 0.5. In its general form, each of
the n trials results either in “success”, with probability p, or “failure”, with probability
q = (1 − p) [37]. In microbiology, the detection of pathogens is the best example of when
this distribution is applied. The results can be a positive or negative presence. Data ob-
tained in these situations should be analyzed using some of the various statistical methods
based on the binomial distribution. It is important that the estimation of p expresses the
percentage of successes in a certain number of trials, but its calculation is just an estimation.
Therefore, the calculation of the uncertainty should also be estimated when reporting
results about binomial distribution, as is done with the mean and standard deviation for
normal distributions [38].

2.2. Qualitative Data

A qualitative variable (also known as categorical or factors) represents variables
that are not numerical and can be placed into categories; thus, its values belong to a
specific group under a certain criterion when they are classified. These variables can be
classified into nominal (no natural ordering) or ordinal (ordered groups). Nominal variables
categorize a group based on a specific characteristic that cannot be ranked or ordered, such
as sex, treatment groups (antimicrobials), symptoms of disease, etc. [39]. Ordinal variables
allow for classification into categories that can be ranked or ordered; however, the distance
between categories is not known [39]. For example, with temperature (high, medium, and
low), it is clear that high is greater than medium, and medium greater than low; still, the
difference between the categories cannot be described. Qualitative variables are usually
summarized in terms of frequencies or proportions [32].

3. Descriptive Statistics

While conducting an experiment, data analysis and statistical methods are key compo-
nents of research project management. They allow the researcher to make inferences about
a certain population by relying on a sample. This sample needs to be randomly taken and
have a predetermined size n, in which each observation is equally likely to be chosen from
a certain population [40]. A good real-life example is lottery, in which each collected ticket
has an equally likely possibility of being the winning ticket. Moreover, the observations
of a sample need to be independent from each other, meaning that observations chosen
for one sample do not provide any information about observations chosen for the next
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sample. For example, when testing the effect of an intervention in beef trimmings, swabs
from both sides of the trim are collected to reduce the number of beef trimmings needed
for that project. In this scenario, the measurement of the microbial load in the trimmings
are related to each other, because the same beef trimming was swabbed twice.

After randomly selecting observations and making sure that they are independent,
the next step is to provide summary statistics. Normally, summary statistics provide a
measurement of central tendency, such as the mean, median, or mode, and a measurement
of variation such as range, variance, and standard error. The combination of these two
types of statistics allows the researcher to understand their data. An example of these
measurements is provided below:

Assume that summary statistics of aerobic counts on fresh ground beef were calculated
with actual values of 10,000, 1000, 2000, 5000, and 3000 colony-forming units (CFUs)
per gram.

3.1. Range

The range provides a measurement of deviation between the largest and smallest
observation in a data set, and it is calculated by subtracting the lowest value from the
highest value. For the example data, the correct way to calculate the range is
10, 000 − 1000 = 9000 CFU/g, which, converted to log10, equals 3.95 Log CFU/g. Others
will suggest first applying log10 to the values and then applying the same principle, result-
ing in 4.00 − 3.00 = 1.00 Log10CFU/g or 10 CFU/g, which yields misleading results, as the
difference between logarithms should not be back-transformed. Instead, the interpretation
should be that the difference between logarithms will provide the proportional difference
between both values, resulting, in this case, in a 90% change.

Range =
(

104 − 103

104

)
× 100Range = 90% = 1log di f f erence

Range is often used in statistical process control, but since it is affected by extreme
values, its use is limited.

3.2. Median

The median represents the value that separates a population or a data sample into
groups of 50%. The calculation of the median depends on the number of observations or
values in a data set. If the number of observations is odd, the median is the middle value of
an ordered data set. If the number of observations is even, the median is the average of
the two middle values in an ordered data set. For the example data, the median value of
1000, 2000, 3000, 5000, and 10,000 = 3000 CFU/g or 3.48 Log10 CFU/g. The same principle
can be applied with log10 values, as the order of the observations will not change. For this
sequence, the median value for 3.00, 3.30, 3.48, 3.70, and 4.00 = 3.48 Log10 CFU/g.

3.3. Interquartile Range

The interquartile range (IQR) shows the spread of the central 50% of a distribution,
whereas the range gives the spread of the whole data set. A distribution can be segmented
into quartiles (Q1 to Q3) that are basically four equal parts of an ordered set of values.
The second quartile (Q2) is the median, as it represents the middle value of an ordered
data set. The first quartile (Q1) is the median value below Q2, and the third quartile is the
median value above Q2. The IQR is calculated by subtracting Q3–Q1. For this sequence
of observations, the first step is to order the values in ascendent order and then identify
the quartiles. In this case, Q1 = 2000 CFU/g or 3.30 Log10 CFU/g, Q2 = 3000 CFU/g or
3.48 Log10 CFU/g, and Q3 = 5000 CFU/g or 3.70 Log10 CFU/g, thus the IQR is
5000 − 2000 = 3000 CFU/g. Remember that back-transforming the subtraction between
logarithms can lead to misleading results, as explained in Section 3.1.
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3.4. Arithmetic Mean and Geometric Mean

The arithmetic mean is one of the most famous measures of central tendency of a
distribution, and it is calculated by adding a sequence of values and then dividing them by
the number of values. Nevertheless, the mean has a small flaw, as it is easily affected by the
presence of extreme values or outliers in a distribution. For example, one of the values in
the current data set will be changed from 10,000 to 100,000 as shown below. The formula
for the arithmetic mean is represented in Equation (1).

x =
(∑n

i=1 xi)

n
. (1)

where x is the arithmetic mean value and n is the number of observations.

x = 1000+2000+3000+5000+100,000
5

x = 22, 200 CFU/g

Is this value a good measure of the central tendency for this distribution of values?
It is not, and the problem is that the extreme value highly affects the arithmetic mean;
therefore, the arithmetic mean is not the most accurate measure of central tendency in data
where its distribution changes multiplicatively and not additively as it is bacterial growth
in microbiology.

The geometric mean is the nth root of the product of all the values in a data set. The
formula of the geometric mean is represented in Equation (2).

xgeom = n
√

∏n
i=1 xi (2)

where xgeom is the geometric mean value and n is the number of observations.

xgeom = (1000 × 2000 × 3000 × 5000 × 100, 000)1/5

xgeom = 4959 CFU/g

Alternatively, another way to calculate the geometric mean, which applies perfectly to
microbiology, is to log10 the values of the data set and then follow the steps to calculate
the arithmetic mean. The formula of the second way to calculate the geometric mean is
represented in Equation (3).

xgeom = antilog

[(
∑n

i=1 log10xi
)

n

]
(3)

where xgeom is the geometric mean value, n is the number of observations.

xgeom = 10[log10(1000)+log10(2000)+log10(3000)+log10(5000)+log10(100,000)]/5

xgeom = 4959 CFU/g

Note that the geometric mean value can be presented in Log10 CFU/g, which in both
cases equals 3.6954 Log10 CFU/g.

3.5. Variance and Standard Deviation

Variance is a measurement of the spread between observations in a data set, and it
allows us to measure how far the values in the data set are from the mean. The adjusted
sample variance is calculated by the sum of the deviances between the values and the
mean value and divided by the degrees of freedom of the data set (n − 1). Since the
geometric mean is the measurement used for positively skewed data such as microbial
counts, variance of log10-transformed values should be estimated. Moreover, variance does
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not have the same unit as the original data, as the deviance is squared for its calculation.
The formula of the variance is represented in Equation (4).

s2 = ∑n
i=1

(
log10xi − log10x

)2

n − 1
(4)

where s2 is the variance of the transformed values and n is the number of observations.

s2 =

[
(3−3.6954)2+(3.3010−3.6954)2+(3.3.4771−3.6954)2+(3.6990−3.6954)2+(5−3.6954)2

5−1

]
s2 =

[
0.4836+0.1555+0.0477+0.00001+1.7019

4

]
s2 = 0.5971 (Log CFU/g)2

The standard deviation represents the average amount of variability in the data set,
and it is calculated by the square root of the variance, resulting in a measurement with the
same units as the original data. A simple interpretation for the standard deviation is that
a high standard deviation suggests that the observations in the data set are generally far
from the mean, while low values indicate that the observations are clustered close to the
mean. The wider the distribution, the further the sample mean is from the population mean,
suggesting that the parameter is not very good at explaining the data set. The formula for
the standard deviation is represented in Equation (5).

s =
√

s2 (5)

where s is the standard deviation.

s =
√

0.5971
s = 0.7727 Log CFU/g

Note that the variance and the standard deviation of the geometric mean (mean log
count) should not be directly back-transformed, since the resulting value can be misleading.

3.6. Standard Error of the Mean and Confidence Intervals

The standard error of the mean is a measurement that shows how different the sample
mean is from the population mean. Basically, it describes how much of the sample mean
would vary if the same study were repeated using different sets of samples within the same
population (precision). It is calculated using the standard deviation and dividing it by the
square root of the number of samples. The formula for the standard error of the mean is
presented in Equation (6).

SEM =
s√
n

(6)

where SEM is the standard error of the mean, s is the standard deviation, and n is the
number of observations.

SEM = 0.7727√
5

SEM = 0.3456 Log CFU/g

Furthermore, another parameter used to describe the results from a study where
several replicates were collected is confidence intervals (CIs), which describe a range of
values that is likely, with certain percentage of confidence, to include the population mean.
Two-sided 95% CI is the most common range used in microbiological research, as it provides
an estimate that the mean will fall inside the range with a 95% confidence level (CL). When
data are normally distributed, a 95% CI is approximately determined as ±2 × SEM. If
more certainty is needed, a 99% CI can be approximately estimated as ±3 × SEM. It is
important to understand that with a bigger percentage of confidence, larger ranges between
the confidence limits will be estimated. Moreover, a wider CI suggests that the estimated
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population mean have more uncertainty, and possibly more data need to be collected before
reaching conclusions. The formula for the estimation of confidence intervals is represented
in Equation (7).

CI = Xgeom ± tn−1, α/2 × SEM (7)

where CI is the confidence interval, Xgeom is the geometric mean, tn−1, α/2 is a factor
estimated depending on the number of observations minus 1 and the confidence level
( α = 1 − CL/100) using Student’s t distribution, and SEM is the standard error of the mean.
In our example, n − 1 equals 4 and α/2 equals 0.025, producing a factor value of 2.776.

95% CI = 3.6954 ± 2.776 × 0.3456
95% CI = (2.7360; 4.6548)Log CFU/g

Note that the approximate upper (UCL) and lower (LCL) 95% confidence intervals
around the geometric mean can be converted to CFU/g with the antilog of the confidence
limits estimated before.

LCL = 102.7360 = 545 CFU/g
UCL = 104.6548 = 45, 164.79 CFU/g

Also, the estimated confidence limits are asymmetrical around the mean value, and
the large confidence interval is due to the outlier used in this example. These results can
also express that on 20 occasions out of 100, the sample mean for a repeated test would be
expected to fall outside the reported confidence interval.

3.7. Issues in Microbiological Counts
3.7.1. Negative Counts

During an estimation of microbial counts, one of the issues that microbiologists en-
counter when conducting research is how to deal with observations that are not quantifiable
by the method or by observations, due to reporting units which will result in negative
counts. At first, negative counts are not intuitive for people because one thinks, “How is it
possible to be able to count something and at the same time get a negative value?” These
types of issues are very common in microbiology, especially when changing reporting units
for the counts, which dramatically affects the final result. For example, an experiment was
conducted in which beef carcasses were swabbed with a 25 mL pre-hydrated swab on a
100 cm2 area, and aerobic counts on a plate were analyzed. It was decided to plate directly
from the swab, as it is known that counts will be very low, and the average results obtained
from the plate were 2 CFU/mL. Then, after some literature review, it was observed that
swabbed areas are normally reported as Log CFU/cm2. The conversion is calculated below.

2 CFU
mL

∗ 25 mL
swab

∗ 1swab
100 cm2 =

0.5 CFU
cm2 = −0.30

LogCFU
cm2

As mentioned before, the final units to express results will have an impact on positive
or negative value of the result. To overcome this issue, changing reporting units will solve
the problem. If the final reporting units for the last example were Log CFU/mL, the final
result would be 0.30 Log CFU/mL. Furthermore, the use of negative values will directly
affect the calculation of the mean; however, another problem arises when dealing with
negative values. Usually, researchers will report zeros in their data sets in samples that
were not quantifiable, meaning that these samples had lower counts than the ones that
researchers were actually able to count. For those cases, another set of solutions can be
used to express the data in the best possible way, as explained below.

3.7.2. Zeros, Limits of Detection, and Limits of Quantification

When describing microbial populations on a certain product or surface, concentrations
are estimated by counting the number of colony-forming units in a finite sample portion
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that later will be evaluated against a concentration-based criterion to make a decision.
While enumerating, zero counts or non-results will come up frequently and usually will
be reported as “zero” or “below the limit of quantification” (LOQ). LOQ in microbiol-
ogy stands for the lowest concentration that can be determined in a specific analytical
procedure [12,17]. The use of zeros or “below the LOQ” has been widely implemented
and usually provides results with a biased mean concentration estimate (depending on the
number of observations reported). Approaches for handling this type of problem can be
implemented in a data set in the following way:

(1) The simplest way to deal with values < LOQ is by ignoring non-quantifiable obser-
vations or setting log10 to zero (0 Log). Both alternatives will bias the mean because
setting observations below LOQ will decrease the mean, and if ignored, the mean
will increase.

(2) As mentioned before, if the microbial counts are log10-transformed, the presence
of zero counts in a data set can cause an issue, as the log10 of zero will give a non-
determined number. One of the options to deal with this issue is by transforming
microbial counts with a log10 of the observation plus one [log10(x + 1)] [32]. This
transformation will change all zero counts to 1, and the log10 transformation can be
applied without any problem. Moreover, this correction is usually insignificant in
terms of microbial counts; however, it should be considered when back-transforming
the data and interpreting a biased mean.

(3) Another simplistic approach consists of setting all values < LOQ to one half the limit
of quantification [41]. Then the log10 transformation is applied, and estimates will
be obtained. An implicit assumption for this method is that a distribution below the
limit of quantification follows a uniform distribution. If the data collected follow a
lognormal distribution, then this method would give acceptable estimates; however, if
the lognormal assumption is nearly correct some limitations may be encountered [42].

(4) To overcome the limitation previously mentioned, it is suggested to set all
values < LOQ to LOQ/

√
2 and then log10 the observations to obtain the estimates [42].

When the data are not highly skewed, the replacement of values below the LOQ using
this method would produce good estimates [42].

(5) The last and most accurate method to deal with values below the LOQ takes ad-
vantage of the normal distribution to extrapolate it back from the LOQ to estimate
maximum likelihood estimates of the mean and standard deviation [12,17,42]. While
this method is very accurate, it is laborious and understanding of it is somewhat
limited among researchers.

Despite the existence of these solutions to overcome values below the LOQ, when
more than half of the data are not quantifiable, it is impossible to obtain an accurate
estimate without biasing the results [42]. Moreover, in this type of case, reporting mean
and standard deviation is questionable, so other estimates should be presented, such as the
percentage of samples below the limit of detection and the range of the samples that were
quantifiable [42].

Generally, two measurements are analyzed in food microbiology: (1) the occurrence
of a microorganism, characterized in terms of presence or absence (proportion of food
contaminated) and (2) the concentration of the microorganism in a food unit. Presence
or absence is determined by detection methods, while concentrations can be determined
by quantitative enumeration methods. Although they are determined separately, they
are closely related, as higher concentrations are more likely at higher presence levels [17].
This relationship brings up the concept of limit of detection (LOD), which is the minimum
concentration detected by a detection method, different from LOQ, which is defined as the
minimum concentration enumerable by a quantitative enumeration method [17]. Typically,
the LOD is smaller than the LOQ; therefore, when conducting an experiment in which
presence and concentrations are estimated, it is recommended to first quantify and then
only detect the samples with results below LOQ.
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Nowadays, due to the improvement of methodologies, there are methods that will
provide presence and quantification results that combine binomial and continuous dis-
tributions [43–45]. However, this improvement has its downside for analysis, because
normal parametric methods are designed to deal with only one type of distribution at a
time. The most common solution is to use separate analysis (one for presence and one for
quantification); however, the use of non-parametric tests creating different grouping ranks
for presence and quantification results based on LOD, LOQ, and quantifiable values creates
an opportunity for their simultaneous analysis [46,47].

4. Type of Food Safety Experiments

This review will cover some of the most common types of food safety experiments,
describing objectives, outcomes, and options for presenting the results graphically. A brief
explanation of the statistical approaches that can be used to assess the objectives established
within the experimental design will also be included.

4.1. Methodology Comparison

For the scope of this paper, methodology comparison studies will cover experiments
in which different methods were used to analyze the same sample to find statistical dif-
ferences in enumeration or detection of microorganisms. Typically, comparison between
methodologies is performed due to a lack of information about the method tested in certain
matrices or limited information in the literature regarding discrepancies between methods
to enumerate or detect a certain microorganism [45,48–56]. Moreover, when new method-
ologies are developed by companies, it is common to compare methodology studies to
validate their newly developed method [57–61].

For instance, Line et al. 2011 compared an automated most probable number technique
with traditional plating methods for estimating populations of total aerobes, coliforms,
and Escherichia coli associated with freshly processed broiler carcasses [52]. Owen et al.
2010 evaluated the same automated most probable number technique (TEMPO®), but
for the enumeration of Enterobacteriaceae in food and dairy products [55]. Vargas et al.
2021 compared TEMPO® with 3MTM PetrifilmTM for aerobic counts in order to support
the study’s validity, as the experimental design tested different lengths of time and used
different microbial enumeration methods [56]. Meighan et al. 2016 validated Hygiena’s
MicroSnapTM method for enumeration of total viable count in a variety of foods to provide
supporting data for AOAC certification consideration [54]. Vargas et al. 2023 developed
a novel methodology for quantification of Salmonella in pork and beef lymph nodes and
also validated the methodology with a comparison study of commonly used methods [45].
These are just a few examples of method comparison studies with different objectives,
following the same basic principle of validating a certain methodology while conducting
an experiment.

4.1.1. Data Visualization and Data Analysis

The objective for this type of experiment is to show how different methodologies
compare and contrast for detecting or enumerating a certain microorganism at a specific
matrix. Therefore, the outcome should be any measurement that shows how comparable
the methods are, such as p-values, confidence intervals, or correlation coefficients. There are
several approaches to prove with a certain level of confidence that the methods are similar
or different. However, the selection process requires an understanding of the statistical
analysis and interpretation of the results.

(1) Means Comparison: when comparing two methods for enumeration of microorgan-
isms, it is intuitive to determine whether the microbial means of both methods are
equal [50,52,55]. The basic idea is quite simple: if the difference between the sample
means is far enough from zero, there will be enough evidence that both methods
are different. As a result, a Student’s t-test for paired samples or the non-parametric
alternative Wilcoxon’s test for paired samples are the best alternatives (Figure 1A,B,D).
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A significant p-value will show enough evidence that both methods are different
when enumerating a certain microorganism on a specific matrix. When more than
two methods are to be compared, an ANOVA test followed by a pairwise comparison
t-test or the non-parametric alternative Kruskal–Wallis test followed by a pairwise
Wilcoxon’s test can be used for these purposes (Figure 1C). The multiple comparison
test will be only performed if the null hypothesis is originally rejected.
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Figure 1. Different graphical representation and statistical analysis approaches to evaluate method
comparison studies based on means comparison. (A) Microbial counts (Log CFU/mL) of two different
methods (Method 1 and Method 2), (n = 30 observations per method). The bar chart represents the
mean counts for each method, and the error bars represent ± 3SE. Different letters are significantly
different according to Wilcoxon’s test for paired samples at p < 0.05. (B) Microbial counts (Log
CFU/mL) of two different methods (Method 1 and Method 2), (n = 30 observations per method). In
each boxplot, the horizontal line crossing the box represents the median, the bottom and top box
are the lower and upper quartiles, the vertical top line represents 1.5 times the interquartile range,
and the vertical bottom line represents 1.5 times the lower interquartile range. Boxes with different
letters are significantly different according to t-test at p < 0.05. The points represent the actual data
points. (C) Microbial counts (Log CFU/mL) of three different methods (Method 1, Method 2, and
Method 3), (n = 30 observations per method). In each boxplot, the horizontal line crossing the box
represents the median, the bottom and top box are the lower and upper quartiles, the vertical top line
represents 1.5 times the interquartile range, and the vertical bottom line represents 1.5 times the lower
interquartile range. Boxes with different letters or are significantly different according to ANOVA
followed by pairwise comparison test adjusted Tukey at p < 0.05. The points represent the actual data
points. (D) Difference in microbial counts (Log) between two methods (Method 1 and Method 2),
(n = 30 observations per method). In each boxplot, the horizontal line crossing the box represents the
median, the bottom and top box are the lower and upper quartiles, the vertical top line represents
1.5 times the interquartile range, and the vertical bottom line represents 1.5 times the lower interquar-
tile range. Boxes with different letters or are significantly different according to t-test at p < 0.05. The
points represent the actual data points.
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Figure 1A shows a bar chart plot with error bars (±3SE) as a representation of the
mean and variability of the two methods. A non-parametric statistical test was used for
descriptive purposes. A more informative plot is shown in Figure 1B, where boxplots and
actual data points are used to represent the observations collected during the experiment
with a Student’s t-test for statistical analysis. In each boxplot, the horizontal line crossing the
box represents the median, the bottom and top of the box are the lower and upper quartiles,
the vertical top line represents 1.5 times the interquartile range, and the vertical bottom
line represents 1.5 times the lower quartile range. Furthermore, in Figure 1D, the difference
in microbial counts of both methods was calculated and is displayed using a boxplot
and the actual data points with a Student’s t-test. In these three figures (Figure 1A,B,D),
the plots and statistical analysis are different approaches to the comparison between two
methods. Figure 1C presents a three-method comparison; thus a boxplot and the actual
data points were used for graphical representation, and an ANOVA was performed to
check differences between the means of the three methods. For all these cases, all methods
were not statistically significant below an α value of 0.05, meaning that all methods are
comparable to each other.

(2) Linear Regression: When conducting a simple linear regression for method compari-
son, it is essential to establish the standard method (Method 1) and the methods to be
compared (Method 2 and 3). Then, the analysis will estimate two parameters that eval-
uate the relationship between two variables and can be used to estimate the average
rate of change (Figure 2). The slope represents the estimated increase in the dependent
variable (Method 2 and 3) per unit increase in the independent variable (Method 1);
the greater the value of the slope, the greater the rate of change between the variables.
The intercept represents the value associated with the dependent variable (Method 2
and 3) when the independent variable (Method 1) is equal to zero [45,49,51,53,54,56].
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For example, Figure 2 shows the graphical representation of linear regression analysis
between Method 2 and 3 when compared with Method 1. Ideally, the slope should take a
value of 1, suggesting that for any 1 Log increase using any of the alternative methodologies,
there will be an increase in 1 Log, using the standard methodology. In addition, confidence
intervals for the slope are estimated for statistical analysis purposes to verify with a certain
level of confidence that the estimated slope is different from 1 (Table 1).

Table 1. Summary table of linear model using least square regression method predicting bacterial
counts using Method 2 and Method 3 when compared with Method 1.

Method Coefficient Estimate Standard Error p-Value
95% Confidence Intervals

Lower (2.5%) Upper (97.5%)

Method 2
Intercept −0.028 0.035 0.426 −0.099 0.042

Slope 1.018 0.007 <0.001 1.004 1.032

Method 3
Intercept −0.037 0.081 0.653 0.085 0.837

Slope 1.023 0.016 <0.001 0.991 1.056

Moreover, the intercept measures the similarity of the total magnitude between the
methods. Ideally, the intercept should be equal to 0, and the p-value for the intercept can
be used for statistical significance, as it is calculated evaluating a null hypothesis that the
intercept is equal to zero; thus, if significant, discrepancies between methodologies can be
determined (Table 1). For this example, the 95% confidence interval of the slope for Method
3 did contain a value of 1, and the p-value for the intercept was not significant (p = 0.653);
therefore, the methodologies are not different.

(3) Proportion Comparison: the last two examples covered the comparison between two
enumeration methodologies, but sometimes methods will give results that follow
binomial distributions. A clear example in microbiology is the presence or non-
detection of a certain microorganism. The basic idea behind this type of experiment
is to compare if the proportion of samples found in each category are statistically
different [57,58,61]. McNemar’s chi-square test is often the best approach when two
categories are created (Table 2). A significant p-value suggests that methods are not
the same at classifying a certain variable in both categories. In this case, there is
enough evidence to conclude that Method 1 and 2 are the same, while Method 3 is
statistically different from Method 1 and 2 (Table 2). An alternative test is the test for
the difference between two proportions. This can be implemented when comparing
the proportion of positive (or negative) results between methods. A significant p-value
serves as evidence to conclude that the methods are different when detecting positive
(or negative) results. Note that this test is based on the central limit theorem, and
in order to be valid, samples from each group must be reasonably large (at least
10 positive and 10 negative results in each sample) [34]. Finally, other measures such
as sensitivity, specificity, positive predictive value, negative predictive value, and
accuracy can also be estimated to evaluate the performance of the new method when
compared with the gold standard.

Table 2. McNemar’s chi-square p-values of the different methods to detect a certain microorganism.

Detection Methods
Detection Methods

Method 1 Method 2 Method 3

Method 1 - 0.305 0.005
Method 2 0.305 - 0.002
Method 3 0.005 0.002 -

p-values < 0.05 show statistically significant difference.
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4.2. Pathogen Prevalence Studies

As technology has advanced, the quantification of pathogens has become easier.
However, there are various situations in which it is desired that the pathogen presence
within a set of samples be compared. The most common set of studies that use pathogen
prevalence make inferences about a population are epidemiological studies. In this context,
we must define the difference between incidence and prevalence. Incidence measures
the frequency of new cases of a particular disease in a population over a period of time.
In general, they are reported as x number of cases in a set of population, for example,
23 cases in 100,000. Comparatively, prevalence refers to the proportion of a population
which presents the evaluated characteristic, for example, a percentage of Salmonellosis
cases in Mexico. For the scope of this review, the proportion of pathogen presence in a set
of samples will be compared; however, the prevalence of pathogens in a set population will
not be reported.

For instance, pathogen presence variation due to seasonality has been compared using
a chi-square test of independence, to determine if the presence of a pathogen is significantly
greater in the rainy season when compared to the dry season [62,63]. Similarly, differences
in pathogen presence at different stages and times of a processing environment have
been evaluated [64–68]. Studies that evaluate epidemiological data and are large in size
need more complex analysis that can be carried out by running logistic regression models,
which associate different factors with the prevalence of the pathogen of interest. Therefore,
understanding which factors may have a bigger impact in the prevalence of the pathogen
can more effectively predict the risk of detecting a pathogen in a given environment [69,70].
Multinomial logistical regression analysis will not be included in the scope of this review.

Data Visualization and Data Analysis

When comparing sets of samples with different foodborne pathogen presences, the
distribution of the data compared will follow a binomial distribution (presence or non-
detection in a sample). In this kind of study, the objective is to identify if a set of samples
contains significant differences in pathogen presence. The most common comparison
used involves the use of contingency tables, in which the statistical comparison used is
a chi-square test of independence; however, other ways of presenting results, such as
odds ratios with 95% confidence intervals, are alternatives widely used in food safety. For
discussion purposes, a 2 × 2 contingency table will be presented. In this contingency table,
the presence and non-detection of the foodborne pathogen of interest throughout different
samples was evaluated (Table 3). The table analyzes the counts of the pathogen presence
and non-detection and compares the different samples. Percentages or proportions were
not used to perform this comparison.

Table 3. Example of 2 × 2 contingency table for Salmonella presence in dry and rainy seasons on a
beef harvest floor.

Season
Salmonella Presence

Row Total
Presence Non-Detected

Rainy a 112 458 570
Dry b 55 530 585

Column Total 167 988 1155
a,b Different letters suggest statistical difference between seasons using chi-squared under p < 0.05.

Table 3 shows an example of a 2 × 2 contingency table in the context of pathogen
presence comparison between 2 seasons (rainy vs. dry). In this case, the chi-squared
comparison will compare the distribution of the rows (rainy season against dry season).
The chi-squared comparison is best for comparing a large number of observations within
each category. An alternative method (rarely used) is Fisher’s exact test, which calculates
p-values for small sample sizes; however, it is only suitable when the marginal row and
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column totals are fixed, which is rarely the case in pathogen presence studies. The chi-
squared test uses the observed values of the contingency table and compares them against
their expected values. If results are significant, the conclusion would lead to establishing
that the binomial distributions of Salmonella presence in the rainy and dry season, which
are independent; hence, the name chi-square test of independence. For this example, the
p-value is less than 0.05, which indicates that the sample distribution of Salmonella presence
in rainy season is different when compared to the dry season. Therefore, it was concluded
that the presence of Salmonella on the beef harvest floor is significantly greater in the rainy
season when compared to the dry season. For multiple comparisons of 3 or more sample
sets, the chi-squared statistic is set up to test if at least one of the sample sets has a different
distribution than the rest. If significant, a post hoc chi-squared test can be carried out to
compare distributions of each sample set and identify differences [37].

Data in this kind of scenario within food microbiology are generally presented as a
proportion of presence in a given sample, with the respective standard error of proportions
as a table. Additionally, the most suitable graph representation of a contingency table would
be a side-by-side bar chart indicating the frequencies at which each outcome occurs within
each group. Pathogen presence studies are limited to positive or negative outcomes, and
authors generally present their data as side-by-side bar charts comparing the proportion of
presence among sample sets.

4.3. Intervention Studies

Different interventions can be applied in the food industry as control measures to
avoid pathogenic contamination. Interventions can be classified as physical, chemical,
or biological. Physical interventions include temperature treatments such as hot water,
steam, chilling, and thermal treatments, among others [71]. Scheinburg et al. [72] con-
ducted a study on high-pressure processing and boiling water treatments to reduce Listeria
monocytogenes, E. coli O157:H7, Salmonella, and Staphylococcus aureus in beef jerky. Dixon
et al. [73] observed that steam vacuum and high-pressure water have the potential to reduce
microbial loads during beef processing. Biological interventions are an approach for those
consumers that look for more natural interventions such as the use of prebiotics, probiotics,
antioxidants, or natural processes such as fermentation, etc. [74]. A study that described
pre-and post-harvest interventions to reduce microbial loads in the beef industry estab-
lished that the use of probiotics nowadays is more common and effective as an alternative
to avoid foodborne pathogens [75]. Balta et al. [76] conducted a project to analyze the
effects of different probiotics added to poultry diet related to campylobacter colonization,
successfully showing reductions in bacteria populations on cecum, feces, and other organs.

Chemical interventions are widely used in the food industry, especially in the meat
industry. Antimicrobial interventions such as lactic acid, Citrilow, BoviBrom, etc., are
implemented to reduce any potential pathogens present on the carcass surface [77]. Inter-
vention studies are an efficient methodology that can be applied in a processing plant to
assess the effectiveness of microbial load reduction “before” and “after” treatments. These
interventions can be implemented from the beginning of the process at the lairage area to
the final part of the process [78]. Different antimicrobial interventions can be applied in the
food industry, but it is necessary to analyze and define the expected results and evaluate
which intervention will fit better.

In some cases, an intervention can be successfully implemented by obtaining relying
results on its efficacy; however, that same intervention does not deliver same results when
applied to different matrices. Vargas et al. [56] evaluated the antimicrobial efficacy in
an in-plant ozone intervention in variety meats (head, heart, and liver) compared to a
lactic acid intervention. In both interventions, before and after samples were significantly
reduced in aerobic counts and Escherichia coli counts, except in heart samples of Escherichia
coli counts. In another study, Casas et al. [62] compared Bio-Safe aqueous ozone treatment
to lactic acid treatment on beef carcasses and beef trimmings inoculated with Salmonella
and E. coli surrogates. Muriana et al. [79] evaluated fourteen antimicrobials on inoculated
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lean beef wafers and beef subprimals with a cocktail containing four E. coli O157:H7
strains; seven antimicrobials were effective in terms of microbial reduction after treatment
during blade tenderization. In pork, Fernandez et al. [65] fed alginate hydrogel beads
to pigs during transportation to reduce microbial loads in the animals’ feces, evaluating
loads at three stages of the process: “before fast”, “before transportation”, and “after
transportation showing a significant difference at the “before fast” and “after transportation”
sampling points. Furthermore, Vargas et al. [80] evaluated the effectiveness of five different
antimicrobials on pork loins for up to 42 days in storage, assessing microbial loads and
shelf life for both “before” and “after” treatment on each designated storage day. In poultry,
Wideman et al. [81] evaluated different practices performed in six different processing
plants to assess before and after interventions by establishing a baseline to assess which
quantity of peroxyacetic acid, an antimicrobial that is widely used, was the most effective
in reducing Campylobacter and Salmonella on carcass samples. Benli et al. [82] evaluated
the antimicrobial efficacy of a sequential spray application of ε-polylysine (EPL) + acidic
calcium sulfate (ACS) or lauramide arginine ethyl ester (LAE) + ACS on chicken carcasses
inoculated with Salmonella, showing that both treatments effectively reduced Salmonella
when comparing before and after treatment.

Data Visualization and Data Analysis

The objective for this type of experiment is to show how an intervention or a treatment
applied to a certain product or surface impacts its microbial loads. Typically, enumeration
or detection of microorganisms is performed before and after the application of the inter-
vention; therefore, the outcome should be any measurement that demonstrates that the
counts or presence of a certain microorganism before and after treatment are similar or
different with a certain level of confidence. Similar methods as described in Section 4.1.1
can be used to analyze this type of study.

(1) Means comparison: As described in Section 4.1.1, the same principle of means compar-
ison is used to evaluate differences before and after the application of an intervention.
If the study was designed with random samples taken before and after intervention, a
Student’s t-test or non-parametric alternative Wilcoxon’s test are the best alternatives
for statistical analysis (Figure 3B). However, if results are desired to be presented
as reductions (difference between before and after intervention), it is important to
design the study properly, with paired samples, in order to use a Student’s t-test for
paired samples or a non-parametric alternative Wilcoxon’s test for paired samples,
which will give more robust results for analysis. Moreover, if two interventions are
compared before and after, an ANOVA test followed by a pairwise comparison t-test
or non-parametric alternative Kruskal–Wallis test followed by a pairwise Wilcoxon’s
test can be used for these purposes (Figure 3A).

Figure 3A presents a boxplot with an ANOVA followed by a pairwise comparison-
adjusted Tukey’s test for two antimicrobials tested before and after its use. Boxes with
different letters are significantly different at p < 0.05. This analysis shows differences
before and after each intervention. In addition, it compares the interventions at each
sampling point (before and after). In this case, the initial loads before intervention for
both antimicrobials were similar, and both antimicrobials had a significant reduction
after application. Moreover, no difference in microbial loads after interventions for either
antimicrobial was observed. On the other hand, Figure 3B presents a bar chart plot with
error bars (±3SE) of the two antimicrobials tested before and after their use. This analysis
only allows for differences before and after the use of each specific antimicrobial. For
instance, there were significant differences before and after the use of the intervention
for each specific antimicrobial. Furthermore, if it is desired that reduction be presented,
Figure 1D presents the graphical representation for this type of analysis.

(2) Proportion comparison: When presence or non-detection should be evaluated before
and after the use of a certain intervention, the methods and graphical representation
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described in Section 4.1.1 can be applied on this case. Briefly, McNemar’s chi-square
test or a test for the difference between two proportions can be implemented. In
both cases, a significant p-value serves as evidence to conclude that both methods are
different at detecting positive (or negative) results.
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4.4. Bio-Mapping of Processing Facilities and Process Monitoring

Bio-mapping or process mapping refers to the practice of sampling at specific points in
processing, which allows for an assessment of contamination levels. For instance, in poultry
processing this is conducted by measuring the microbiological status of birds using a specific
target organism or a class or organisms [83]. Similarly, bio-mapping can also be applied
in the beef and pork industries. Bio-mapping can also be seen as a process of monitoring
antimicrobial interventions, which can help processors meet performance standards while
simultaneously improving the overall microbial quality of products through better process
control [83,84]. Bio-mapping consists of collecting samples for one or more indicator
bacteria and pathogens of interest at one or several points in the process. One of the major
advantages of bio-mapping is that it allows facilities to use the collected data to compare
pathogen levels on incoming and final product, which serves to determine if the process
achieved the desired or intended levels of reduction of microbial loads.
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Typically, when the process is performing adequately, bio-mapping results of indicator
organisms provide a baseline level of the specific operation, which can be used to make
adjustments in situations in which monitoring information indicates deviations from the
“usual” performance. Furthermore, in cases when indicator data are used as a measure of
pathogen control, then indicator results from bio-mapping are beneficial for food safety
management decisions. Although a few process mapping studies have been conducted in
the past [85,86], there has been a recent increased interest in bio-mapping due to regulatory
changes, new Salmonella quantification methodologies, intervention assessment, and risk-
based decision making, resulting in poultry [47,87], beef [56,62,88,89], pork [46], and leafy
green [50] bio-mapping studies.

As evaluated in the study by De Villena et al. [47], poultry bio-mapping baselines
paired with pathogen quantification serve as a basis for the development of statistical
process control parameters for food safety management. Bio-mapping data can enhance
statistics-based process control from farm to fork [84]. One of the major takeaways of
bio-mapping studies is identifying where food safety risk is the greatest on the processing
line. Microbial “hot spots” in the process can more easily be identified with bio-maps. In
addition, bio-mapping helps optimize the process for improved microbial control, enables
better resource utilization, and facilitates the implementation of newer technologies into
the process. The experimental design of a bio-map is dependent on obtaining a microbial
baseline of the overall process over time. A robust bio-mapping is one that assesses process
control based on relevant microbial indicators and/or pathogen tests to the facility that
ultimately facilitates food safety management. For example, 1000 samples can be collected
over the course of 10 weeks (5 samples per sampling location, 2 shifts, 10 sampling locations)
to construct a poultry facility’s bio map. The proposed experimental design can result in
a microbial baseline before and after the implementation of higher line speeds under the
New Poultry Inspection System (NPIS). This baseline can also serve as an assessment of the
impact of antimicrobial intervention modifications and process optimization based on the
facility’s performance before and after interventions. In this example, 5 samples per shift
are used to account for both origin and microbial accumulation at each processing location
by ensuring coverage and shift changes over 10 weeks (may provide data on seasonality)
within the facility. Sampling for 10 weeks can provide information on week-to-week
variability and insight regarding any facility operational or logistical issues.

Data Visualization and Data Analysis

(1) Boxplots and Kernel Density Estimations: one way to display bio-mapping data is
through the use of boxplots as they constitute a powerful graphing tool to visualize
sample data and for comparisons across samples [90]. Box plots can be used with
a sample size greater than 5 and deliver more information regarding the tails of
the distribution. A full description of the components of a boxplot is presented in
Section 4.1.1. In practice, the statistical analysis of bio-mapping data for microbial
indicators in a processing facility consists of an analysis of variance, when paramet-
ric assumptions are satisfied, as displayed in Figure 4B with a bio-mapping of a
beef processing facility encompassing 5 sampling locations. ANOVA is a statistical
method applied to uncover the main effects of independent variables on a dependent
variable [32]. The estimate of variance is calculated from the sum of squares of the
differences between each mean data value and the overall mean value. A Kruskal–
Wallis test is used as a non-parametric alternative to ANOVA for data analysis in
the case when parametric assumptions are not met. In situations when the ANOVA
or Kruskal–Wallis are found to be significant, a pairwise comparison assessment is
applied, typically using a pairwise t-test for significant ANOVA or a Wilcoxon’s test
for significant Kruskal–Wallis tests [37].
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Figure 4. Different graphical representation and statistical analysis approaches while conducting bio-
mapping of processing facilities. (A) Kernel density estimation of microbial counts (Log CFU/cm2)
on each sampling location with distinct treatments (Treatment A and Treatment B) applied at different
locations in a processing facility (n = 50 observations per location and treatment). (B) Microbial counts
(Log CFU/cm2) from each sampling location throughout a processing facility (n = 50 observations per
location). In each boxplot, the horizontal line crossing the box represents the median, the bottom and
top box are the lower and upper quartiles, the vertical top line represents 1.5 times the interquartile
range, and the vertical bottom line represents 1.5 times the lower interquartile range. Boxes with
different letters are significantly different according to ANOVA followed by pairwise comparison test
adjusted Tukey’s test at p < 0.05. The points represent the actual data points.

(2) Kernel Density Estimation: A kernel density estimation is an alternative technique
used for visualization of bio-mapping data, based on the estimation of probability
density function (pdf). The kernel estimation yields a smooth empirical pdf using
the individual locations of all sample data [91]. Consequently, using this probability
density function estimate is a better option for representation of a “true” pdf of a
continuous variable. This approach is presented in Figure 4A with a bio-map of a beef
processing facility, including 5 sampling locations and the assessment of 2 treatments.

(3) Shewart’s Statistical Process Control: statistical process control (SPC) is an approach
for continuous control of quality and safety which provides tools to monitor, analyze,
and evaluate the control of a process with the goal of process efficiency optimiza-
tion [32]. In terms of process optimization, SPC utilizes monitoring, analysis, and
evaluation to achieve a stable process. SPC represents another way to present and
visualize microbiological data as that obtained from bio-mapping. Control charts
serve to indicate whether a process is in a state of control and can help determine
when changes or deviations occur. Two control charts used to display bio-mapping
data are the R-chart (based on the range of the results), as seen in Figure 5B, and
the S-chart (based on the sample standard deviation), presented in Figure 5A. The
applicability of these two types is based on their ability to monitor variations within a
process [32]. As its name implies, the R-chart uses the range of a sample set to monitor
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both process variations. Control limits are established for range data sets by setting
upper and lower control limits symmetrically about the target center line. Figure 5B
applies the R-chart to a pork bio-map to compare the gambrel table location with the
post-intervention location. With a sample size greater than n = 12, standard deviation
or an S-chart is a better option to monitor variation [32]. When using an S-chart, s is
calculated by averaging the sample standard deviations of the sample sets. Figure 5A
presents the SPC of a 10-week poultry bio-map using an S-chart to establish the upper
and lower control limits. This plot is very useful to compare initial and final sampling
locations which provide information on the effect of interventions and to identify
weeks in which process deviations occurred.
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Figure 5. Graphical representation of statistical microbial process control for process monitoring.
(A) Statistical microbial process control (Log CFU/mL) using an S-chart (standard deviation chart) at
harvest stage, comparing the initial (live receiving) and final (post-chilling) locations of a processing
facility over ten weeks (n = 5 observations per location at each sampling week). The horizontal
solid line represents the mean of each location, and the dashed lines represent the upper and lower
control limits using ±3σ. The solid line represents the change on the average of each location during
10 different sampling weeks. The solid square represents the mean of each location at each sampling
week. (B) Statistical microbial process control (Log CFU/mL) using an R-chart (range chart) at the
harvest stage, comparing the initial (gambrel table) and final (post-intervention) sampling locations
of a processing facility over ten weeks (n = 5 observations per location at each sampling week). The
horizontal solid line represents the mean of each location, and the dashed lines represent the upper
and lower control limits using ±3σ. The solid line represents the change in the average of each
location over 10 different sampling weeks. The solid square represents the mean of each location at
each sampling week.

(4) Statistical Process Control (XmR Chart): This type of statistical process control is
commonly used to monitor industrial processes with a subgroup of size one. X is
the data being measured, and mR is the mean moving range, which is calculated
by the difference between consecutive data point measurements [34]. In an XmR
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chart, as shown in Figure 6, the center line represents the mean of the data, while
the dashed lines represent the upper and lower control limits. As mentioned before,
these control limits can be established using standard deviation or range; however,
for this type of chart, the sequential deviation is calculated, as it better explains the
random process variation, while the standard deviation is strongly influenced by
systematic variation [50]. Then, after the plot is created, violation analysis can be
performed under a set of four rules established by Shewart to establish if the process
is under control or if it is out of control. As an example, one of the rules states that
any point outside the control limits is evidence that a process is out of control [32,34].
In microbiology, observations below the lower control limit (LCL) are not considered
out of control, as lower counts represent better microbial performance. However,
observations above the upper control limit (UCL) are considered for violation analysis.
In our case, one observation in live receiving is above the UCL, suggesting that our
process is out of control.
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Figure 6. Shewart’s statistical microbial process control (Log CFU/mL) using an XmR chart at
two different locations in a processing facility. The solid black line represents the mean of each
location, and the black dashed lines represent the upper (UCL) and lower (LCL) control limits using
±3 sequential deviations for each location. The colored interactive line represents the change in the
actual value of sequential observations in each location. The points represent the actual value of
sequential observations in each location. (n = 50 observations per location).

4.5. Shelf Life Studies

Food preservation has been practiced for years. A lot has changed over the years,
with the main objective being for the food to be safe for consumption and to make it
last longer, maintaining high-quality traits. Different methods have been implemented
for food preservation, such as fermentation, salting, drying, irradiation, freezing, and
antimicrobial agents, and the type of packaging plays an important role depending on the
type of food [92]. Methods do not have to be used alone; a combination of strategies has
resulted favorably in food preservation, resulting in longer food shelf life. One of the main
challenges when it comes to shelf life is the consumer’s perception of the product, which is
related to when the food is produced or processed and it is acceptable for consumption
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to when the food is no longer acceptable from a quality and safety point of view [93]. For
consumers, important factors that are considered before purchase, for example in meat
products, are appearance, such as visible fat, and quality traits, such as flavor, tenderness,
and juiciness [94]. This is one of the reasons research projects are conducted on meat color
and shelf life to maintain food at a high level of quality for the longest time possible.

Different methods can be used to extend shelf life which are very effective in inhibiting
both microbial and spoilage microorganisms. Lately, the food industry has continued
research on how to extend food shelf life by introducing novel strategies. Approximately
30–40 percent of the food supply is wasted in the United States per year [95]. This could be
because food is no longer safe to consume if it is not stored properly or food is not at its
highest quality, to the point is no longer acceptable to the consumer.

Shelf life can be evaluated in different ways depending on which method or combined
of methods has been used. Vargas et al. [96] conducted a study on pork loins treated
with different antimicrobials to evaluate instrumental and visual color of both fat and
muscle from a quality perspective and further analysis on indicator microorganisms. Casas
et al. [88] determined the effect on microbial loads after spray- or dry-chilling combined
with hot water treatment for up to 135 days. Steele et al. [97] evaluated internal meat tem-
perature, case temperature, and the visual and instrumental color of pork chops, beef steaks,
ground beef, and ground turkey displayed under LED and FLS separately to determine
the effect of lightning in color. Allen et al. [98] evaluated the physical and microbiological
properties of broiler breasts of different colors to determine meat quality and shelf life. Xu
et al. [99] carried out a food-grade microbial culture on fresh meat to extend shelf life and ad-
ditionally surveyed Australians for their perception of this novel approach. Guo et al. [100]
conducted a study to determine the effects of normal and modified atmosphere packaging
by evaluating the physicochemical and microbiological properties of roast chicken meat.
Bolton et al. [101] evaluated the effect of chemical treatments such as lactic acid, citric acid,
trisodium phosphate, and acidified sodium chlorite on microbial loads and shelf life.

Data Visualization and Data Analysis

When conducting shelf life studies, the main objective, or the main question to be
answered is, “what is the shelf life of a certain product?”, meaning what is the maximum al-
lowable time in which a food will remain safe and will retain all its sensorial and functional
characteristics when stored under specific conditions (temperature and oxygen) [96,102].
Many are the factors to be considered when conducting shelf life studies, as the shelf life of
a product can be lost not only by reaching certain microbial concentration but also by color
changes, odor, overall appearance of the product, sensorial properties, etc. For the scope
of this paper, only microbial measurements are presented; however, statistical analysis
and visualization plots can be further used for other types of measurement conducted in
shelf life studies such as color, odor, overall liking, volatile compound analysis, oxidation
byproducts, pH, etc. Since the objective of this type of study is to determine the shelf life of
a product, the analysis should provide enough evidence that a product will last a certain
amount of time under specific conditions with a certain level of confidence. Different
approaches and examples are described below:

(1) The most common statistical approach to shelf life studies consists of the evaluation
of the effect of a certain treatment over a certain amount of time. Since two factors are
evaluated (treatment and time), a two-way ANOVA will provide information about
the effect of treatment and time by themselves (main effects) in microbial counts or the
interaction between both factors (treatment × time). If the interaction is significant, the
statistical analysis suggests that there are significant differences between your groups
(treatment) and over time, in other words, the change in the dependent variable
(microbial counts) over time is different depending on group membership (treatment).
Then, a pairwise comparison between the combination of treatment × time needs to
be performed to find differences between treatments at specific time points (Figure 7B).
However, if the interaction is not significant, the main effects should be evaluated,
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understanding that the change in the dependent variable over time is not different
depending on group membership, and the results should be presented as they are
when one-way ANOVA is performed for each of the main effects.
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Figure 7. Different graphical representation and statistical analysis approaches to evaluate shelf
life studies. (A) Microbial counts (Log CFU/mL) of samples with (Treatment A) and without
(control) an intervention retail displayed for 96 h at refrigerated conditions (n = 50 samples per
treatment/retail display time). In each boxplot, the horizontal line crossing the box represents the
median, the bottom and top box are the lower and upper quartiles, the vertical top line represents
1.5 times the interquartile range, and the vertical bottom line represents 1.5 times the lower interquar-
tile range. Boxes with different letters or symbols are significantly different according to t-test at
p < 0.05. The points represent the actual data points. (B) Microbial counts (Log CFU/mL) of samples
with (Treatment A) and without (control) an intervention retail displayed for 96 h at refrigerated
conditions (n = 50 samples per treatment/retail display time). Solid symbols represent mean counts
per treatment and retail display time. Different letters are significantly different according to a 2-Way
ANOVA followed by pairwise comparison test adjusted Tukey at p < 0.05.

Furthermore, some experiments may have more than two factors evaluated and each
factor can have several levels. When multiple factors are analyzed, mean comparisons can
be very difficult to interpret, especially when interactions are found to be significant. A
possible solution is to analyze if the effect of time is statistically significant (which normally
in microbiological experiments throughout time it is, as bacteria grow), and if it is, exclude
it from the initial model, and then analyze differences between other factors for each specific
time point (Figure 7A).

Figure 7A shows a boxplot comparing microbial counts between a control group and
a treatment group. Differences between the groups were assessed with a t-test for each
specific time point and boxes with different letters are significantly different at p < 0.05.
In this case, the effect of time was pre-assessed and found to be significant (p < 0.001),
and then time was removed from the model, and the effect of treatment was evaluated at
each time point. No difference was found at 0 h between the control and treated group;
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however, at 48 h and 96 h, differences between the groups were found to be significant.
On the other hand, Figure 7B shows a line plot of the same information presented in
Figure 7A. Nevertheless, a two-way ANOVA was performed with significant interactions,
followed by pairwise comparison between the treatment × time groups. Different letters
are significantly different at p < 0.05. In this case, unlike Figure 7A, the analysis allows us
to compare means between control and treated groups at 0 h, 48 h, and 96 h. Choosing
between this type of analysis is dependent on the type of outcome you want to achieve.

(2) Multivariate analysis: more complex analysis can be performed in shelf life studies,
especially when multiple dependent variables should be analyzed, which is the case
while conducting shelf life studies. As mentioned before, many are the factors to be
measured in order to establish the shelf life of a product, which is why multivariate
analysis such as principal component analysis (PCA) or linear discriminant analysis
(LDA) are great tools to simplify the complexity of high-dimensional data while
enabling us to observe trends and patterns. When multiple factors are evaluated,
an increased error exists due to multiple test correction when evaluating each of the
factors and their association with one or several outcomes. The main objective of PCA
is to reduce data by projecting them onto dimensions called principal components
(PCs) that will summarize the data by maximizing the correlation between data and
their projection onto the PCs while trying to maximize the explained variance of the
model (Figure 8A). Scale matters with PCA, as a set of variables with larger magnitude
than others will overweight the PCA, resulting in variables ignored and results highly
affected by these high-magnitude variables, reason why standardization is a key step
before conducting PCA.

Figure 8A shows a PCA of microbial counts of three different microorganisms for
samples with and without an intervention (Control and Treatment A) and displayed for
96 h. Microbial enumeration was performed at 0 h, 48 h, and 96 h of display under refriger-
ated conditions. For the raw-data PCA, PC1 explained 96.76% and PC2 explained 2.47% of
the variation associated with microbial counts of the treatment × time combinations. PC1
clearly separated all group combinations by time, while PC2 separated all group combi-
nations by treatment. Bacteria C are more associated with the control group, suggesting
that more growth of bacteria C was promoted when no treatment was applied. Moreover,
bacteria A and bacteria B are more associated with the treatment group, suggesting that
more growth of bacteria A and B was promoted when the treatment was applied. Of
course, this is a simple example with only three dependent variables, but several variables
can be analyzed, and association can be estimated between groups combinations and the
dependent variables [96,103].

(3) Multiple linear regression: when conducting shelf life studies, typically a threshold
value is established as a measurement to assess if certain attribute will fail. Predicting
when this threshold value will be reached will allow to determine the shelf life of
a certain product by a certain factor. Multiple linear regression analysis is a more
complex type of statistical analysis that uses several explanatory variables to predict
the outcome of a response variable, unlike simple linear regression, in which only
one independent variable is used to model the response of a dependent variable. In
shelf life studies, it is normal that several factors with multiple levels are evaluated to
describe their effect on the shelf life of a certain product, reason why multiple linear
regression is an interesting alternative for this type of experiment. When conducting
analysis of variance (ANOVA), a comparison between the means of each of the groups
is evaluated with results highly linked with the levels of the factors established at
the beginning of the trial. As an example, imagine that you evaluated the growth
of a specific microorganism at different temperatures. The results of the analysis
of variance will conclude in differences between the mean groups for each specific
temperature evaluated. A more efficient conclusion would be to understand how
much the growth is affected when a unit of temperature is changed. This brings up
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the concept of marginal effect which measures the impact that a unit of change in
a variable has on the outcome variable while other variables are held constant. In
simple linear regression, the slope of the model measures the marginal effect of the
independent variable on the dependent variable, as only one variable is modeled.
However, if multiple variables are used in the regression, the marginal effect needs to
be calculated with more advanced mathematical methods.
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Figure 8. Alternative graphical representation and statistical analysis approaches to evaluate shelf
life studies. (A) Principal component (PC) analysis for indicator microorganisms for all treatments
(Treatment A and Control) × display time (0 h, 48 h, and 96 h) combinations (n = 50 observa-
tions per intervention and display time). (B) Average (± 95% confidence intervals) growth rates
(Log CFU/mL × Day) for each microorganism (Bacteria A and Bacteria B) and treatment (control,
Treatment A, and Treatment B) combination. The dot represents the average growth rate and the
horizontal lines represent the 95% confidence interval (n = 50 observations per intervention and retail
display time).

Figure 8B shows the use of multiple linear regression analysis to evaluate shelf life
studies. Microbial counts were established as the dependent variable, treatment as a
qualitative variable with three levels (Control, Treatment A [TrtA], and Treatment B [TrtB]),
and display time as a continuous variable. The control group was used as the base level for
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the qualitative variable, and 95% confidence intervals were created for each slope. As an
example, the model for Bacteria A is described in Equation (8).

Counts = β0 + β1TrtA + β2TrtB + β3Time + β4TrtA × Time + β5TrtB × Time + ε) (8)

in which, βi are parameters, and ε is the error term.
As an example, the slope of the control group for Bacteria A is 0.70 Log CFU/mL

× Day, suggesting that for every one-day increase in display time, there is an increase of
0.70 Log CFU/mL of Bacteria A. The same interpretation can be translated to each of the
different treatments (control, Treatment A, and Treatment B) and type of bacteria (Bacteria
A and Bacteria B). Then, a 95% confidence interval can be used for statistical comparison.
For instance, Treatment A is different from Treatment B and the control group for both
microorganisms. Additionally, the intercept of the regression models denotes the value of
the dependent variable when the independent variables are equal to zero. For our example,
the intercept represents the initial microbial load of the sample before even starting the
display time.

5. Conclusions

The main objective of food safety is to protect consumers from health risks related to
foodborne pathogens associated with the consumption of food. Data collection, appropriate
and reliable methods, suitable statistical analysis and assertive data visualization and
communication are crucial steps when conducting any type of experiment, as one without
the other will not result in reliable conclusions. A simple guide that presents alternatives for
statistical analysis and visualization for the most common type of food safety experiments
can be a tool for actual and future researchers to help answer questions established in
their studies while presenting their results in an assertive and elaborated way. This article
covered some of the most basic food safety experiments with a few options about statistical
analysis approaches as well as visualization techniques that can be implemented; however,
there are a lot of more complex and interesting alternatives to be used in order to analyze
and present outcomes of food safety experiments.
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