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ABSTRACT
This report aims to introduce the fundamental features of the JAMOVI software to academics in the

chemistry field for use in undergraduate and graduate-level research. It is freeware with a graphical
10  user interface (GUI) and it is written in the R language. The discussion began on descriptive statistics (
mean, median, range, skewness how to check data normality using hypothesis tests (Shapiro-Wilk,
Kolmogorov-Smirnov and Anderson-Darling tests). Then, some visual tools for checking data normality
were presented (histograms, Q-Q plots, and boxplots). When the data normality was checked, two and
more dependent means were compared using parametric tests (t test and ANOVA; Fisher’s). When the
15  data was not normally distributed, nonparametric tests were used (Mann-Whitney and Kruskal-Wallis
tests). When the data was paired and normally distributed, two and more than two group means were
compared using the paired t-test and RMANOVA, respectively. Their nonparametric versions were also
used (Wilcoxon and Friedman tests). Means comparisons were also carried out using boxplots and
discriminant plots, which provide a visual interpretation beyond the p-values interpretation. In addition,
20  principal component analysis (PCA) was carried out using JAMOVI's plugin MEDA, which builds scores

and loading plots. All tests and plots were done easily using JAMOVTI's click-and-go interface.

25
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INTRODUCTION

40 Statistics are present in all undergraduate chemistry curricula. Normally, it was restricted to basic
statistics (mean, median, standard deviation) and some parametric hypothesis tests (t-test for paired
and unpaired groups).!:2

Even the most used textbooks are restricted to basic statistics and parametric hypothesis tests (t
test for paired and unpaired means),34 where nonparametric tests are necessary in many areas.5

45 In the past, statistical calculations were carried out using tedious and time-consuming calculations,
where the interpretation of the results was based just on the p-value.

In the 90’s, during the beginning of the computer era, spreadsheets were widely used.®15 However,
spreadsheets were not adequate for statistical calculations and chemometrics and programming
software without a graphical user interface (GUI) such as MATLAB,16 Python,172! R project,?2 had been

50 used.

Since most of the students were not familiar with these programs, freeware GUI software was
introduced in chemical education. The R Commander is a GUI that runs into R.23 It was used to teach
statistics and chemometrics.2425 There were two freeware GUI software, JASP26 and JAMOVI, which were
written in R language and run outside R environment. The JASP was presented in some recent

55  publications in this Journal. 2729

Here, the JAMOVI software but it is not yet widely used. At the submission of this paper, there were
few papers published in the American Chemical Society publications.30-34

Since students were unfamiliar with programming software, graphical user interface (GUI) software.

while software did not have a graphical user interface (GUI).2* Nowadays, there were several software

60  with GUI, but most of them were paid. In this paper, there are some examples of how to do basic

statistics, hypothesis tests, plots, and Principal Component Analysis using JAMOVI.

OVERVIEW
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In this article some of the most common examples related to groups comparison (dependent and
65 independent) were presented. These examples were easily resolved using JAMOVI, which is a solution
for those that were looking for a free, open source and GUI software.

In the time of artificial intelligence (Al), some key questions were provided to the students (Box 1),
and they were asked to answer these questions using ChatGPT.35-41 The responses provided by ChatGPT
were shown in the supporting information (ChatGPT.docx). These questions and ChatGPT may be used

70  as guidelines for those who are new to statistics and chemometrics.
There is also a complete guide for JAMOVI in Inglish language.4?2 Some questions and its answers

were shown in the supporting information (Questions.docx).

Box 1: Question for ChatGPT
What was JAMOVI?
How can I check for data normality using JAMOVI?

Gave me an example of boxplots.

How can I make boxpots using JAMOVI?

What were the dependent groups?

How can I compare dependent groups?

What were the independent groups?

RN O G bR =

How can I compare independent groups?

9. What was Principal component analysis (PCA)?

10. Give me examples of Principal component analysis (PCA).

11. In Principal component analysis (PCA), what was the score plot?

12. In Principal component analysis (PCA), what was the loading plot?

MATERIAL AND METHODS

75
All statistical tests were carried out using JAMOVI (2.3.28). It is freeware written in R language, and
it was obtained from its webpage.43
The ChatGPT version used was 3.5 (free).4*
The spreadsheets used in this activity were provided in the supporting information.
80 Spreadsheet Kale contains the mineral concentration from two Kale genotypes.45
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Spreadsheet Rice contains the mineral concentrations (As, B, Ba, Ca, Cd, Ce, Co, Cr, Cu, Fe, K, La,
Mg, Mn, Mo, P, Pb, Rb, Se and Zn) of organic (n = 18) and ordinary (n = 32) rice samples obtained from
the Brazilian retail market.46

Spreadsheet FishFeed contains the iron concentration (mg/Kg) in fish feed reference material
determined by several laboratories.4”

Spreadsheet coffee contains concentrations of chemical compounds of green coffee and global score
for the coffee brew for three different years.48

Spreadsheet Jatropha contains the oil content (%) in Jatropha curcas L. (Euphorbiaceae) grown in
14 different locations.*°

Spreadsheet Folin-Ciocalteau contains the antioxidant capacity of several beverages determined
using the Folin-Ciocalteau test,%0 the test was carried out using a spectrophotometer and digital images
obtained using smartphones.5!

Spreadsheet App, contains the equivalence points determined using a pH meter and smartphone
app.52

Yadav et al.53 determined that the fluoride concentrations in real samples using a standard method
(smartphone) and a proposed method (UV-Vis Spectroscopy), the data was provided in spreadsheet
Fluoride.

Spreadsheet AAI contains the antioxidant activity index (AAI) for several antioxidant compounds
determined using different DPPH concentrations.>* This data was also provided doing the DPPH
concentrations was unpaired variables (AAI U).

Ji et al.55 reports the development of a simple, effective, and high-throughput method combining gas
chromatography-tandem mass spectrometry (GC-MS/MS) with either QUEChERS or solid phase
extraction (SPE) to determine 147 pesticide residues in traditional Chinese medicines simultaneously.
Spreadsheet Recovery contains the recovery of 147 pesticides in three spiking levels.

Crawford & Wang>¢ determined acrylamide in olives using commonly used routine methods: liquid
chromatography with ultraviolet detection (LC-UV) and liquid chromatography-tandem mass

spectrometry (LC-MS/MS) without bromination and LC-UV and gas chromatography-mass
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spectrometry (GC-MS) following bromination. The results of Table 4 of the original manuscript were
presented in spreadsheet methods.

110 Spreadsheet Iris contains 150 observations of three iris flower types: Setosa, Versicolor, and
Virginica. Four features were measured from each flower in the data: the length and the width of the
sepals and petals, in centimeters.57

Spreadsheet Smartphone have the phenolic contents in several specific Vietnamese dried tea
products and their liquors, it was determined using UV-vis and smartphones.58

115 Spreadsheet Peanut contains the fatty acid profiles of commercially grown Runner-type peanut
cultivars (i.e., 10 cultivars, n = 151) collected over two production years (2005 and 2006). Eight major
fatty acids were identified in the sample set including palmitic (C16:0), stearic (C18:0), oleic (C18:1, 09),
linoleic (C18:2, w6), arachidic (C20:0), gondoic (C20:1, ®9), behenic (C22:0), and lignoceric (C24:0) acids.
Based on the oleic to linoleic acid (O/L) ratio, these cultivars were denoted as normal, mid-, and high-

120  oleic peanut types.5°

The spreadsheet Beer has the metal concentration of 35 types of bottled and canned Polish

beers.60

FIRST STEPS HANDING THE DATASET.

Checking data normality.

125
The first step analyzing a data set was to check its normality. The data normality may be checked using
hypothesis tests and plots such as histograms, boxplots, and Q-Q plots. As an example, the iron
concentration in kale samples were used. (spreadsheet Kale.xlsx; supporting information).
Hypothesis test for data normality checking.

130

Shapiro-Wilk, Kolmogorov-Smirnov and Anderson-Darling tests were hypothesis tests to check the
null hypothesis.6! For the three tests, the null hypothesis is the sample was taken from a population
with normal distribution. If the given p-value is less than 0.05, normal distribution can be rejected. The

Shapiro-Wilk and Anderson-Darling are more exact than the Kolmogorov-Smirnov test.62
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Checking if the iron concentration in Kale samples were normally distributed. Shapiro-Wilk and

135
Anderson-Darling tests showed that the data was not normally distributed. The Kolmogorov-Smirnov
showed that the data was normally distributed confirming that the Kolmogorov-Smirnov was less
sensitive than the other two tests (Table 1).

Table 1: Tests of Normality for the iron concentration in kale cultivars
statistic p-value
Fre Shapiro-Wilk 0.923 0.022
(mg/100g)
Kolmogorov-Smirnov 0.158 0.379
Anderson-Darling 1.04 0.008
Histograms
140 Data normality can be checked using visual interpretation of plots. For example, histograms are one of the
simplest and most useful ways of visualizing data. It divides up the possible values into bins and then
counts the number of observations that fall within each bin.42 The histogram (Figure 1) clearly shown that
the data was not normally distributed.
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145 Figure 1: Histogram of iron concentration (mg/g) in Kale genotypes (spreadsheet Kale.xlIsx; supporting information)
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Quantile-quantile plot
Q-Q plots take the sample data, sort them in ascending order, and then plot them against quantiles

calculated from a theoretical distribution. If the data are normally distributed, the points will fall on or
close to the 45° reference line.27 Figure 2 showed that the data was not normally distributed since the

150  points were out of the reference line.

Standardized Residuals

T T T T

-2 -1 0 1 2

Theoretical Quantiles

Figure 2: Q—Q plot of iron concentration (mg/100 g) of kale genotypes.

Boxplots
Boxplots are a powerful tool to visualize the data set, it divides the data in quartiles (Q1; first

155 quartile, Q2; second quartile or median, Q3; third quartile). When the median (Q2) moves far from the
mean, it was evident that the data was not normally distributed.27 In this case (Figure 1), the data has
right tailed, and the mode moves to the left side. In the boxplot, Q2 moves to the bottom below the mean

(Figure 3).
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Figure 3: Boxplot of iron concentration in kale genotypes.

COMPARING TWO INDEPENDENT GROUPS
Two independent groups are compared using the t-test for independent samples. Independent

groups were groups with no relation, such as comparing the mineral concentrations in kale samples

165  from different genotypes.

The t-test for parametric data
The t-test is parametric test, and it needs normally distributed data, and homogeneity of variances.

When the data is normally distributed and the variances are homogeneous, it is known as the Student’s
test. When the variances are not homogeneous, it is known as the Welch test. When the data is not
170  normally distributed, it is known as the Mann-Whitney test.

When comparing two independent groups, a common mistake was using the Student’s test for
nonnormally distributed data and nonhomogeneous variances. JAMOVI have the option assumptions
check, where data normality is checked using the hypothesis tests and Q-Q plots. Data humanity was
also checked hypothesis tests.

175 As an example of comparing two independent groups, it is presented the comparison of Zn

concentrations in organic and ordinary rice samples (Spreadsheet rice.xlsx; supporting information).+6
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The first step was checking data normality. the hypothesis tests showed that the data was normally
distributed ((Shapiro-Wilk (p-value 0.293), Kolmogorov-Smirnov (p-value 0.821), and Anderson-Darling
(p-value 0.331)). It may also be observed using histograms (Figure 4).

180 Once that the data was normally distributed, variances were checked, where Levene’s test and
variance ratio tests showed that the data was normally distributed (p-values 0.675 and

0.540, respectively).

In JAMOVI there are the options group 1 # group 2, group 1 > group 2, and group 1 < group 2.
Selecting group 1 # group 2, the hypothesis of equivalence between the two groups were tested.

185 Once the data was normally distributed and variances were equivalent, the two groups can be
compared using the student test, where it shows that the two groups were not equivalent (p-value 0.009).
The Welch and the Mann-Whitney tests also showed that the Zn concentrations in the two groups were
not equivalent (p-values 0.007 and 0.013, respectively).

By Selecting group 1 > group 2, the hypothesis of group 1 (ordinary rice samples) has larger Zn

190  concentrations than group 2 (organic rice samples) was tested. The Welch and the Mann-Whitney tests
provided p-values 0.005, 0.004 and, 0.006, respectively. It showed that ordinary rice samples have larger
Zn concentrations than organic rice samples.

Comparisons between the two groups may also be carried out visually using boxplots (Figure 5). It

shows that the Zn concentration in ordinary samples were larger than in organic samples, the proximity
195  of the median from the middle of the box showed that the data is normally distributed, the close size of
the boxes shows that variances were equivalent, and the position of the boxes shows that the ordinary

rice samples have larger Zn concentrations than organic rice samples.
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Figure 5: Boxplots of Zn concentrations in ordinary and organic rice samples.

The Mann-Whitney test for nonparametric data
In the case of comparing iron concentration in different kale genotypes, Student, Welch, and Mann-Whitney

showed that the iron concentrations in kale genotypes were not equivalent (p-values 0.002, 0.003, and 0.002).
205 Selecting group 1 > group 2, all tests showed that iron concentration in cultivars > germplasm. In this case, the
right choice is the nonparametric Mann-Whitney test, but the parametric tests also worked. It can also be observed

using boxplots.
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Figure 6: Boxplots of iron concentration in kale samples of different cultivars.

210 COMPARING MORE THAN TWO INDEPENDENT GROUPS.
More than two independent groups were compared using ANOVA. It is a parametric test that

requires normally distributed data and homogeneity of the variances. A common mistake found in

literature was considering independent groups as dependent and vice versa. For example, comparing

the weight loss of different volunteer groups which did three different diets, comparing the potassium

215  concentration determined by different laboratories in a reference material were examples of multiple

independent groups comparison. In those cases, there is one quantitative variable (weight loss and

potassium concentration) and one group variable (diets and laboratories), and it is known as one-way
ANOVA.

When there are two groups, it is known as two-way ANOVA, for example, comparing the acetyl

220  salicylic acid concentrations determined by five student groups using two methods in aspirin tablets

from the same batch. In this case, there are two groups (student groups and methods). ANOVA may

have more than two independent groups, but its visualization was difficult, and just one-way and two-

way ANOVA were commonly used.

One-way ANOVA
225 JAMOVI has the option ANOVA, it provides as standard option assumptions check, where data

normality is checked using the Shapiro-Wilk test, Q-Q plots, and the variance may be checked using
Levene's and Bartlett's test. The ANOVA normally needs distributed data and homogeneity of variances,

it is known as Fisher's ANOVA. When homogeneity of variances was not observed, it is used the Welch
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correction (Welch’s ANOVA). When the data was not parametric, there was also the nonparametric
230  version of ANOVA (Kruskal-Wallis test).

An ANOVA reports whether one or more significant differences among group levels exist, but it does
not provide any information about specific group means compared to each other.%3 Post hoc tests are
subsequently used to determine where the group differences are.%4

JAMOVI provides parametric post hoc tests such as Tukey Scheffé, Bonferroni and Holm, where the

235  Tukey correction was the most used. However, all these post-hoc tests were parametric and needed
homogeneity of variances. When homogeneity of variances was not observed, there is the Games-Howell
post hoc test. JAMOVI also provided a nonparametric post hoc test the Dwass-Steel-Critchlow-Fligner

test.

The Kruskal-Wallis test
240 In this section, it was presented the nonparametric version of ANOVA (the Kruskal-Wallis test). As

an example, the Kawamoto et al. data set was analyzed,*” but this time the, the concentration of
magnesium in the reference material which was determined by several laboratories in the reference
material was analyzed.

The Shapiro-Wilk (p-value 0.039) and Anderson-Darling (p-value-0.012) tests showed that the data

245  was not normally distributed, while the Kolmogorov-Smirnov test (p-value 0.162) showed that the data
was normally distributed. However, the Kolmogorov-Smirnov test is less rigorous than the Shapiro-Wilk
and the Anderson-Darling tests.

The Levene's test (p-value 0.002) and the Bartlett's test (p-value < 0.001) showed that variances
were not homogeneous. Thus, the best option was the nonparametric test (the Kruskal-Wallis test).

250 However, the parametric tests (Fisher and Welch) and the nonparametric test showed that the
magnesium concentration determined by the laboratories were not equivalent (p-value < 0.001).

The differences between laboratories may be observed using the Dwass-Steel-Critchlow-Fligner
multiple comparison test. However, it may be difficult to observe differences using a table due to the
large number of laboratories which participated the study and differences can be easily observed using

255  discriminant plots (Figure 7). Where it showed that laboratories 4 and 42 presented different results

from the others.
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Figure 7: Descriptive plots of magnesium concentrations found in a candidate fish food reference material by different laboratories. Error bards
were the confidence intervals at 95% confidence intervals.

260 Comparing the caffeine content in coffee grown in different seasons.

Comparing the caffeine concentration in coffee samples in three different years (spreadsheet
coffee.xlsx; supporting information). The Levene's and Bartlett's (p-values 0.179 and 0.100,
respectively) confirmed the homogeneity of variances. The Shapiro-Wilk, Kolmogorov-Smirnov,

265 Anderson-Darling test showed that the data was normally distributed (p-values 0.291, 0.836, and 0.365,
respectively).

The Fisher ANOVA showed that the means were not equivalent (p-value = 0.001). The Tukey post
hoc test showed that the caffeine concentration in 2012 samples were larger than in 2013 and 2015
samples, but coffee samples from 2013 and 2015 had equivalent caffeine concentrations (Table 2).

270 The observations obtained using Fisher’s ANOVA and the Tukey test based on p-values may also be

obtained using the discriminant plots (Figure 8) and boxplots (Figure 9).
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Table 2: Tukey post hoc test for caffeine concentration in coffee samples from different years.

2012 2013 2015
2012 Mean difference — 0.109 i 0.0965 o
p-value — 0.006 0.002
2013 Mean difference — -0.0128
p-value — 0.902

Note. * p < .05, ** p < .01, *** p < .001

Mean (95% Cl)
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275

Figure 8: Discriminant plots for caffeine concentration in coffee samples from different ears.
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Figure 9: Boxplots for caffeine concentration in coffee samples from different years.

Comparing several independent groups.
280 In Spreadsheet Jatropha (supporting information) there is the total oil content of 145 Jatropha

seeds grown in 14 different locations.4® The Shapiro-Wilk and Anderson-Darling tests showed that the
data was not normally distributed (p-values 0.008 and 0.023). The Levene’s and Bartlett's showed that
the variances were not homogeneous (p-values < 0.001). Thus, the Kruskal-Wallis test showed that the
oil content in plants grown in different regions were not equivalent (p-value < 0.001).The parametric
285  ANOVA (Fisher’s and Welch) also provided the same conclusion (p-value < 0.001). The specific difference
between locations may be done using the Dwass-Steel-Critchlow-Fligner pairwise comparisons or
another post hoc test. However, these tables are huge, and it was hard to observe where the differences

Were.
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Plots such as boxplots and discriminant plots provide a fast comparison between several groups.
290  Looking at the discriminant plot (Figure 10), it was clear that location L1 and L14 provided the maximum

and minimum oil content, locations L4, L5, L7, L8, L9 and L10 provide equivalent oil content.
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Figure 10: discriminant plot of the oil content in seed grown in different locations.

295 COMPARING DEPENDENT GROUPS
Paired variables were dependent variables. For example, the antioxidant capacity of different beverages

obtained using a proposed and a standard method. Comparing the antioxidant activity index determined
for different reducing compounds using different DPPH concentrations. Compare the fluoride

concentrations determined in some samples using a standard and a proposed method.

300 Comparing two dependent groups (t-paired test).
When the data was normally distributed, paired groups were compared using the t test for paired

samples. When the data was not normally distributed the Wilcoxon test is recommended.
As an example, the data in spreadsheet Folin-Ciocalteau, which contains the total antioxidant
capacity of different beverages, was compared using a paired t test. The Shapiro-Wilk test (p-value =
305 0.416) and Q-Q plots showed that the data was normally distributed. The t test for paired groups showed

that both methods were equivalent (p-value 0.821).
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Comparing the results obtained using a pH meter and an app (spreadsheet App; supporting
information).52 The Shapiro-Wilk test showed that the data was normally distributed (p-value = 0.587).
The test t for paired samples showed that the methods were not equivalent (p-value = 0.013). The

310  discriminant plot illustrates that the methods were nonequivalent (Figure 11).

o Mean (95% Cl)

0 Median
6.0 -

5.9 A

5.0 A

45 N 0

App pH meter

Figure 11; Comparing titration endpoints obtained using an app and a pH meter.

The Wilcoxon test.
As an example, the spreadsheet Fluoride (supporting information) was used. Eight real samples were

315  analyzed using the standard and the prosed method. The Shapiro-Wilk test showed that the data was
not normally distributed (p-value = 0.023). The Wilcoxon test showed that both methods were equivalent
(p-value = 0.195). The t test for paired samples also showed that both methods were equivalent (p-value
= 0.161). JAMOVI also has an add-on, TOSTER,%5.66 that also provides a visual comparison of two

dependent groups.
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Figure 12: Comparison of two paired groups using TOSTER.

Comparing more than two dependent groups (RMANOVA).

When more than two dependent groups were compared it was used the repeated measure ANOVA
325 (RMANOVA). Godoy & Scherer compared the antioxidant activity index (AAI) for several antioxidant
compounds using. The objective was to show that the assay provides equivalent results independent of
the amount of DPPH used.5*
In the study, they considered the AAI measurements of different antioxidant compounds using
different DPPH concentrations as independent variables and compared the AAI results using ANOVA.
330 The ANOVA was carried in spreadsheet AAI U. The three hypothesis tests showed that the data was
not normally distributed (p-value < 0.001). Kruskal-Wallis test showed that the AAI values obtained

using the three different DPPH concentrations were equivalent (p-value = 0.664).
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When the DPPH concentrations were considered as paired variables. Firstly, the variances of paired
variables were compared, it was named sphericity. Data sphericity was verified using the Mauchly's test.
335 It confirmed the sphericity of the data (0.962). Then, data normality was checked using Q-Q plots, but
it showed that the data was not normally distributed (Figure 13).
The RMANOVA showed that the AAI values were not equivalent (p-value < 0.001). Since the data
was not normally distributed, its nonparametric version (the Friedman test) was used.
The Friedman test showed that the AAI values obtained using different DPPH concentration were
340 not equivalent (p-value < 0.001).
The nonparametric post hoc test, Durbin-Conover pairwise comparisons, showed that AAI values

obtained using DPPH concentrations of 47.45 and 30.75 umol/mL were not equivalent (Table 3).

Standardized Residuals

2 A 0 1 2
Theoretical Quantiles

Figure 13: Q-Q plot of AAI values determined using different DPPH concentration.

Table 3: Pairwise Comparisons (Durbin-Conover) of AAI values obtained using different DPPH

concentrations
Statistic P
AAI 76.89 - AAI 47.75 1.35 0.182
AAI 76.89 - AAI 30.75 1.35 0.182
AAI 47.75 - AAI 30.75 2.70 0.009
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345  The Friedman test.
The Friedman test is a nonparametric version of RMANOVA. It is a valuable tool for method

comparison and method validation. For example, Ji et al.55 evaluated the accuracy and precision of the
method, by spiking honeysuckle with a standard pesticide mixture at three different levels (0.1, 0.2, and
1 mg/Kg (n = 6), spreadsheet recovery). The spiking levels effect on recovery was tested using RMANOVA.
350 Mauchly's test confirmed the data sphericity (p-value = 0.127) and the data normality was checked using
Q-Q plot (Figure 14). Since the Figure 14 showed that the data deviates from the normality. The effect
of spiking level on recovery was analyzed using the Friedman test. The Friedman test showed that there
was no effect of spiking on recovery (p-value = 0.173). The parametric RMANOVA also provides the same

conclusion that the Friedman test (p-value = 0.263).

Standardized Residuals

-2 0 2
Theoretical Quantiles

355

Figure 14: Q-Q plot of the recoveries of 147 pesticides at three spiking levels.

When different samples were analyzed using different methods (n >3), methods are compared using
Friedman test, as an example the data provided by Crawford & Wang5 (spreadsheet methods;
supporting information) was analyzed. The Q-Q plots showed that the data deviates from the normality

360 and the Mauchly's test confirmed the data sphericity (p-value = 0.564).
The Friedman test and RMANOVA showed that the methods were not equivalent, p-values 0.019 and
0.017, respectively. Differences between methods were observed using the Durbin-Conover post hoc test

(Table 4), it showed that LC-UV method was different from LC-MS/MS and GC-MS with bromination.
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Table 4: Pairwise Comparisons (Durbin-Conover)

Statistic p

LC-UV -  LC-MS/MS 3.69 0.001
LC-UV - LC-UV with bromination 1.43 0.168
LC-UV - GC-MS with bromination 2.50 0.021
LC-MS/MS - LC-UV with bromination 2.26 0.035
LC-MS/MS - GC-MS with bromination 1.19 0.247
LC-UV with bromination - GC-MS with bromination 1.07 0.296

365 PRINCIPAL COMPONENT ANALYSIS (PCA)

Principal component analysis (PCA) is one of the most important and powerful methods in chemometrics

as well as in a wealth of other areas. 24.67-71

JAMOVI has the plugin MEDA that can generate high-resolution PCA plots, it has the FactoMineR
370  package.”? The use of this plugin for PCA was described using the spreadsheets Iris and coffee

(supporting information).

Comparing lIris flowers using PCA.
The original four variables were combined in two new variables, which were principal components

(PC), in the loading plot (Figure 15). Where the first PC1 (Dim 1) holds 72.96 of the variances and PC2
375 (22.85%). It also showed that sepal length, petal width, and petal length were correlated variables. The
iris flowers were projected in this new space (PC1 vs PC2) and it is named the score plot (Figure 16).

In the loading plot (Figure 16) the setosa flowers were well separated from versicolor and virginica
flowers, while the last two were not well separated. Looking to the loading plot (Figure 15), it was
observed that setosa flowers had larger than versicolor and virginica flowers sepal length, petal width,

380 and petal length.
In this example, there were just four original variables, measured in cm, which were
standardized, before the PCA was run. This approach is necessary when variables have different

numerical values.
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In spreadsheet coffee (supporting information), some variables such as TTA (Total Titratable acidity)
385  were measured in numbers that were much larger than e.g. Kahweol. For example, for TTA, the mean
was 303 (mL NaOH 0,1 molL-! 100g! green coffee bean) whereas Kahweol was 0.85 (g 100 g-! green
coffee bean). If this difference in scale and possibly offset is not handled, then the PCA model will only
focus on variables measured in large numbers. It is desired to model all variables, and there is a
preprocessing tool called standardization of variables, which will make each column have the same ‘size’

390  so that all variables have an equal opportunity of being modelled.

Representation of the Active Variables
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Figure 15: Loading plot of iris flowers.
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Figure 16: Score plot of iris flowers data set.

395 Comparing coffee beans from different harvests using PCA.
PCA was run MEDA using spreadsheet coffee (supporting information). The Loading plot (Figure 17)

showed that caffeine, protein, and chlorogenic acid were related and inversely related to cafestol and GS
(Global Score). The score plot (Figure 18) showed that samples from 2012 were different from those

harvest in 2013 and 2015. Samples from 2012 have larger than caffeine, protein, and chlorogenic acid

I

5 100-,7104

@%%; -Dygfafco
"y

S,
.
110
L ]
1497%7251?
51 *d Ao
111116
53 W Vet oz

%m’%wﬁggé - 018 31 2

Species
92 5§@8 ‘119 ® setosa
__________________________ ®  versicolor
Y e
1'2393 ® virginica
a2
: %09
17‘3‘) 47
*114
%o
2 4

Dim 1 (72.96%)

400 and lower cafestol and GS than samples harvested in 2013 and 2015.

In this case, TTA and GS have numerical values larger than the other variables. If the data was not
standardized, the loading plot will account just for these two variables and the position of samples in

the score plot dramatically changes (Figure 19). The samples were divided according to TTA and GS

values, the PC1 (Dim 1) accounts for 98.52 of the total variances (Figure 19).
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Representation of the Active Variables
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Figure 17: Loading plot of coffee beans from different harvests.
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410 Figure 19: Scores of coffee beans from different harvests without data standardization

Fatty acid profiles in peanut cultivars

Spreadsheet Peanut has 151 samples and four qualitative variables (cultivars, oil content (O/L),

year). PCA can be plotted attributing different colors for each qualitative variable. For example,
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415  different colors were attributed to each cultivar in the score plot (Figure 20), or different colors may be
attributed to the oil content (O/L) (Figure 21).
Comparing the score plot (Figure 20) with the loading plot (Figure 22), it was shown that cultivars
Tamrun were placed in the left side, according with the loading plot (Figure 22), the cultivars had
larger C18:1 and C20:1 concentrations, and smaller C24:0, C22:0, C18:0, C20:0, C18:2, C16:0 than
420  cultivars Georgia which were placed in right side of the score plot.
The score plot (Figure 20) showed that the cultivars C99-R were close to the cultivar Georgia, while
the cultivar Flavorunner were close to the cultivars Tamrun. Comparing Figure 20 with Figure 21, it

was shown that Tamrun cultivars had larger O/L than the Georgia.

Representation of the Individuals and the Categories

s |
h 1
< I
bt : Georgia-01R
E | 77
a i .
I
)
139 |
ne L] 1
25 136, !
140 ! 63
. 1 .
. 1
127 | Cultivarb
) 126 :
13iggs, 180728 ; e
Ggotgia-02C g : * i
730 " 144, APV . A
) [} i avorunner 458
Flavorunner 45&% : 29 ®  Georgia Green
o 15}%‘%&1 1 38. : * ® Georgia-01R
127 rl:?]r j kg : : LT * Georgia-02C
1\11 e : 4 o Georgia-03L
147 11 137 ar : Tamrun 96
: Tamrun OLO1
: Tamrun OLO2
]
! %0
I
25 | éq Py ®5
I
:
L)
142
ach!
1
I
I
|
:
-3 0 3 6
Dim 1 (60.44%)
425 Figure 20: Score plot for peanuts of different cultivars
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Representation of the Individuals and the Categories
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Figure 21: Score plot for peanuts of different oils content (High, Mid, and Normal)
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Representation of the Active Variables
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Figure 22: Loading plot for peanuts of different cultivars.
430 CONCLUSION

Some of the most used statistical tests and chemometric (PCA) tests were described using JAMOVI.

In the first place, the data normality was checked using Hypothesis tests (Shapiro-Wilk) and plots

(histograms, boxplots and Q-Q plots).
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435 When the data was normally distributed, groups were independent. Group means were compared
using t test and ANOVA (Fisher’s). When groups were dependent and the data was not normally
distributed, it was used for the Mann-Whitney (n = 2) and Kruskal-Wallis test (n > 3).

Once that the data was normally distributed and the groups were dependent, group means were
compared using the paired t-test (n = 2) and RMANOVA (n > 2). When the data was not normally

440  distributed and groups were dependent, it was used the Wilcoxon (n = 2) and Friedman tests (n > 2).

The JAMOVI also provided visual interpretation of these tests using boxplots and discriminant plots.
PCA was also easily carried out using JAMOVT’s plugin MEDA. Hypothesis tests, plots and PCA can

be easily done using the JAMOVT’s click and go interface.
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