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1. Introduction

All branches of science have the same com‑
mon denominator, namely the generation of data and 
the need to analyze these data in order to draw val‑
id conclusions (Green et al., 2007). This is accentu‑
ated by the accelerated development of instrumental 
analysis in modern wet chemistry, which is capa‑
ble of generating large datasets from routine ana‑
lyzes (Varmuza & Filzmoser, 2009). For instance, it 

is now quite common for analytical methods, such 
as gas chromatography, to yield datasets contain‑
ing information on hundreds of compounds in meat 
products (Sohail et al., 2022), which can be difficult 
to understand unless the research team has experi‑
enced data analysts.

However, due to necessity and need, the major‑
ity of time, statistical methods for data analysis are 
superficially learned as some side skills by research‑
ers who are originally experts in different fields of 
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research. Unfortunately, that outcomes with number 
of shortcomings in research and questionable use‑
fulness of the data obtained (Ali & Bhaskar, 2016). 
Egregiously, the conclusions drawn then do not best 
serve their intended purposes. We have reached the 
point in food science that quite often not even basic 
notations are done correctly.

Here, the first error that comes to mind is the 
way of denoting the probability in majority of sta‑
tistical tests, the well‑know and used p‑value (i.e., 
the probability calculated by a statistical test) that 
is commonly and wrongly reported in food science 
papers as ‘p<0.05’ rather than ‘p≤0.05’, which is the 
correct way to refer to this statistical metric. The for‑
mer notation (use of the character ‘less‑than’) sym‑
bolizes that 0.05 is not the limit of significance (any‑
thing below this value is significant, but not the sole 
0.05 value), whereas the later notation (‘less than or 
equal to’) includes 0.05 as a value that properly out‑
lines the significance of the statistical test.

Numerous studies do not even contain a cor‑
rectly written hypothesis, and seriously lack exper‑
imental design or examination of the suitability 
of different statistical tests for different datasets, 
which will be discussed later in the text. The pur‑
pose of this paper is to draw attention to the most 
common errors in the reporting of food science 
data, with particular emphasis on meat science, 
while providing the correct approaches that are a 
common part of research methodology and have 
been established for decades, well back into the 
last century.

2. Materials and methods

The data in this manuscript were obtained from 
common sources such as Web of Science, PubMed, 
Scopus, and other platforms that provide scientif‑
ic references. In addition, various search engines 
such as Google.com, Ask.com, Bing.com, and other, 
were used to search for relevant terms. The concept 
of the paper was designed to include selected exam‑
ples of research methodology, from common basic 
(mis)understandings to complex ones with a focus 
on meat science. It is important to note that this short 
manuscript is far from sufficient to list all methodo‑
logical issues encountered in meat science. Rather, it 
should be seen as the ‘tip of the iceberg,’ encourag‑
ing readers to investigate further and fill in the gaps 
in their own knowledge of research methodology, so 
the entire food science field provides information of 
the highest possible quality.

3. Hypothesis testing and why it is used

Most researchers in food science are familiar 
with the concepts of stating hypothesis and that all 
research should include some form of hypotheses. 
What is less known is that the purpose of hypotheses 
is to test them with some statistical test with purpose 
of rejecting or accepting either the null hypothesis or 
hypothesized alternative. A null hypothesis general‑
ly conveys absence of difference, while an alterna‑
tive hypothesis states the presence of difference in 
the research (usually among studied groups).

However, it is frequently observed that in doctor‑
al dissertations, research papers and various research 
proposals, the research hypotheses are listed in an 
erroneous way. Usually, this is done in a descriptive 
manner in which the authors explain what they hope 
to achieve from their research. For example, a com‑
monly stated hypothesis may sound like this:

‘Selected meat products with a high protein 
content that are commonly present in them will 
increase the levels of amino acids in the diet’

In the above example, there are the following 
issues: first it is not known what kind of hypothesis 
is being talked about. Second, the hypotheses should 
be stated at least in pairs (with at least the null 
hypothesis H0 paired with an alternative hypothesis 
or H1), and third, they should be stated for a par‑
ticular data analytic test. Another problem with the 
above hypothesis is the specification of direction. 
Saying ‘…content will increase…’ assuming that 
the data are normally distributed, means that only 
half of the normally distributed data will be ana‑
lyzed. The correct formulation of the hypothesis in 
meat science for the above example and for normal‑
ly distributed data to be analyzed with the independ‑
ent t‑test should be something like this:

‘H0: μ1= μ2 or in plain English: meat products 
with a high protein content from group 1 will yield 
equal average levels (means) of amino acids (g/100 
g product) in the diet as meat products with a high 
protein content from group 2’

and

‘H1: μ1 ≠ μ2 or in plain English: meat prod‑
ucts with a high protein content from group 1 will 
yield different average levels (means) of amino 
acids (g/100 g product) in the diet from meat prod‑
ucts with a high protein content from group 2’

In stating hypotheses as the above example, all 
methodological requirements were met and readers 
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knows what the authors hypothetically compared 
(i.e. quantities of amino acids among two different 
groups of meat products expressed as grams of ami‑
no acids per 100 grams of meat product).

4. Use of experimental design and why it is 
needed

Experimental design is the most important 
step to obtain valid data and conclusions (Croarkin, 
2013). It consists of defining important experimen‑
tal factors that are under the control of the exper‑
imenter (also referred to as independent variables) 

and linking them to response variables, correspond‑
ingly referred to as dependent variables, so that they 
can be modeled for the purpose of extrapolation 
(prediction). The experimental design is usually giv‑
en in a table (e.g., Table 1) and is used by analyti‑
cal chemists as a navigational map when conduct‑
ing series of experimentations (e.g., runs). In other 
words, it specifies the order of experimentations and 
the combination of independent variables expected 
to alter the dependent variables (Figure 1). Experi‑
ments should be in randomized order to prevent any 
potential biases, i.e., to provide homogeneity of var‑
iance in the examined groups.

Table 1. Example of experimental design table

Experimental 
run Replications Pressure Temperature Time Microbial 

load
Amino acid 

content
Vit. B12 

content

(MPa) (°C) (min) CFU g/100 g 
meat μg/100 g

1 1 10 30.0 15.0

2 1 100 15.0 5.0

3 2 10 15.0 15.0

4 2 100 30.0 5.0

5 3 100 15.0 15.0

6 3 10 30.0 5.0

7 4 10 15.0 5.0

8 4 100 30.0 15.0

9 5 10 30.0 15.0

10 5 100 15.0 5.0

11 6 10 15.0 15.0

12 6 100 30.0 5.0

13 7 100 15.0 15.0

14 7 10 30.0 5.0

15 8 10 15.0 5.0

16 8 100 30.0 15.0

Figure 1. Summary of mathematical modeling.
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Dependent and independent variables can be 
grouped as qualitative or quantitative (Szymańska 
et al., 2015), with the former including nomi‑
nal variables (e.g., meat types, meat seasonings), 
dichotomous variables (authentic/adulterated meat 
products, male/female animals etc.), and ordinal 
variables (the data have some rankings, as levels of 
the hedonic scale for sensory evaluation of cured 
sausage). In contrast, quantitative variables include 
scales, intervals, and ratios (Larson‑Hall, 2010). In 
meat science, examples of scales include the dura‑
tion of processing in minutes, the temperature of 
bratwurst, the amount of salt added to the brine, etc. 
Intervals and ratios are usually similar to terms used 
in everyday life.

5. Use of mathematical modelling and 
principal component analysis

In the field of food science, engineers often try 
to predict or optimize certain aspects of food pro‑
duction (Croarkin, 2013). Usually, this means that 
for a particular process, a particular dependent var‑
iable is as high/low as possible. In the meat indus‑
try, for example, market pressures dictate that prod‑
ucts must have the highest possible microbial safety, 
while minimizing the use of (unpopular) additives 
such as nitrates and nitrites (Šojić et al., 2022). 
Therefore, in order to optimize (in this case, min‑
imize) the use of additives for a preservation pro‑
cess (e.g., high‑pressure processing), we construct 
mathematical equations that are capable of describ‑
ing, to a meaningful (significant) extent, the chang‑
es in microbial load upon addition of that particu‑
lar additive while simultaneously accounting for the 
changes in high‑pressure parameters. If constructed 
according to valid methodological principles, creat‑
ed mathematical equation should be able to follow 
(predict) changes across the entire spectrum of vari‑
ations in high‑pressure parameters while simultane‑
ously allowing for altering amounts of the unpopu‑
lar additive, and perhaps finding the point at which 
high‑pressure processing is sufficient to provide full 
microbial safety without the use of nitrates/nitrites, 
even if this is in settings that were not original‑
ly included by experimental design. This process is 
called extrapolation, and the predictions can later be 
tested in the laboratory to observe the full accuracy 
of a model.

Here it is important to note that mathemati‑
cal models are usually built by some type of regres‑
sion analysis, using potentially relevant factors for 

testing that were initially chosen by experts in the 
field of meat science (production technologists, 
engineers etc.). Clearly, the relevance of each fac‑
tor should be tested for significance, and all insig‑
nificant components of a model must be omitted 
from the equation as they serve no purpose. This 
is typically achieved by some multivariate analy‑
sis of variance (MANOVA). In practice, optimiza‑
tion/prediction for industrial purposes can provide 
various benefits, such as an edge over competitors 
(e.g., efficient production of food, optimal exploita‑
tion of the market, identification of customers from 
the existing customer pool, prediction of custom‑
er acceptance, various aspects of business intelli‑
gence). Another possibility is to embed models in 
computer software for commercialization or public 
access (Putnik et al., 2017).

Another data analysis tool commonly used in 
meat science comes from the group of factor anal‑
yses known as principal component analysis (PCA) 
(Granato et al., 2018). This type of analytical 
approach is also known as ‘dimension reduction’ 
because the main idea is to reduce a large number of 
correlated variables from the dataset by using as few 
uncorrelated factors as possible. The main purpos‑
es of PCA are to find underlying correlation patterns 
within a dataset or to identify structural patterns, i.e., 
to create indices, otherwise known as principal com‑
ponents or factors (hence the name, PCA).

Often, PCA is erroneously used to group data 
according to certain criteria, which is not the pur‑
pose of this tool; this data grouping should be 
avoided due to its questionable usefulness. For the 
purposes of grouping (clustering), there is an entire 
range of cluster analyses that differ from PCA 
(Aldenderfer and Blashfield, 1984). Moreover, a 
large number of PCA studies in scientific papers do 
not even check whether the given data are suita‑
ble for this analysis. For example, it is very rare to 
find statistical metrics for the Kaiser‑Meyer‑Olkin 
(KMO) test and the Bartlett’s test for sphericity in 
meat science reports; these two tests are needed to 
check that the basic requirements are fulfilled for 
performing PCA. The KMO test measures the pro‑
portion of variance in a dataset that might be caused 
by the underlying factors, while Bartlett’s test ver‑
ifies whether the initial variables in a dataset are 
correlated (Tabachnick and Fidell, 2007). Both of 
these tests should be reported together with com‑
plete factor loadings for all factor analyses, includ‑
ing for PCA.
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6. Chemometrics and meat production

Because meat is an important source of pro‑
tein for human diets, it is globally produced and pro‑
cessed, while it is projected that this segment of the 
food industry will expand in the future (Gómez et 
al., 2019). This will likely result in widening ana‑
lytical methods for determining organoleptic, phys‑
iochemical and food safety parameters required by 
the market (or by lawmakers that regulate food mar‑
kets) to ensure consumer acceptance of such meat 
products. Accordingly, as mentioned earlier, major 
improvements in laboratory equipment will result in 
adding additional information to already large data‑
sets from wet chemistry laboratories. These large 
datasets need to be analyzed in a practical and mean‑
ingful way (Varmuza and Filzmoser, 2009).

To address this challenge, data analysts employ 
statistical concepts and tests known as multivari‑
ate statistics (Hidalgo and Goodman, 2013). The 
most important aspect of multivariate statistics is the 
simultaneous testing of multiple independent varia‑
bles against one (or more) dependent variable(s) to 
avoid inflating Type I errors. This decreases the cor‑
responding inclination to misleadingly show effects 
and significances in the dataset that do not actually 
exist (Dumancas et al., 2015). 

In chemometrics, multivariate statistics and 
data mining are used to draw valid conclusions from 
large datasets (Granato et al., 2018). Multivariate 
tests include the aforementioned multivariate anal‑
ysis of variance (MANOVA), numerous factor anal‑
yses (e.g., PCA), mathematical modelling, discrimi‑
nant analysis, etc. (Dziurkowska and Wesolowski, 
2015). Recently, chemometrics has been used by 
government agencies and industry to address the 
challenges of increasingly prevalent food fraud and 
public concerns about food safety and quality (Dan‑
ezis et al., 2016). This is in addition to multivari‑

ate methods being suitable for determining optimal 
processing parameters for different production con‑
ditions and raw materials (Granato et al., 2018). 
Accordingly, the application of chemometrics in 
meat science is only expected to increase as more 
applications are added to those already mentioned 
for food safety (Jurica et al., 2021).

7. Conclusion

In conclusion, there are many misconcep‑
tions about data analysis in food and meat science, 
very few of which have been reported in this manu‑
script. Improper experimental design and data anal‑
ysis yield data and conclusions of less than opti‑
mal quality and diminish the prosperity of the entire 
field. Most of the methodological principles dis‑
cussed in this report have existed for a very long 
time and are well used and known in different scien‑
tific disciplines (medicine, epidemiology, etc.). For 
valid conclusions, it is important to define research 
hypotheses for a particular test, while data should be 
collected in the right way and using an experimen‑
tal design that not only provides useful data, but also 
saves time and other resources that are very scarce 
for most researchers around the world. The most fre‑
quent types of chemometric tests include MANO‑
VAs, different kinds of factor analysis (e.g., PCA), 
and mathematical modeling, along with numerous 
others. When meat scientists and engineers decide 
to use PCA or mathematical modeling, it should be 
kept in mind that modeling is used to predict or opti‑
mize by some mathematical equation, while PCA is 
used to find the structure in the data, making it eas‑
ier for the analyst to deal with large datasets while 
drawing meaningful conclusions. Both statistical 
methods have wide applications in the food indus‑
try and elsewhere.
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