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Abstract

The mineral composition of table salt can be indicative of its origin. This work evaluated
the possibility of identifying the origin of salt from four countries: Brazil, Spain, France,
and Portugal. Eight metals were quantified through flame atomic absorption/emission
spectroscopy (FAAS). The possibility of using portable near-infrared spectroscopy (NIR) as
a faster and lower-cost alternative for identifying salt provenance was also evaluated. The
content of Ca, Mg, Fe, Mn, and Cu was identified as possible markers to differentiate the
salt origin. One-class classifiers using FAAS data and DD-SIMCA could discriminate the
salt origin with few misclassifications. For NIR spectroscopy, it was possible to highlight
the importance of controlling the humidity and granulometry before the spectra acquisition.
After drying and milling the samples, it was possible to discriminate between samples
based on the interaction between the water of hydration and the presence of the cations
in the sample. The Mg, Mn, and Cu are important in identifying the origin of salt using
NIR spectra. The DD-SIMCA model using NIR spectra could classify the origin with the
same performance as observed in FAAS. However, it is important to emphasize that NIR
spectroscopy requires less sample preparation, is faster, and has low-cost instrumentation.

Keywords: mineral profile; atomic spectroscopy; vibrational spectroscopy; one-class modeling;
data-driven soft independent modeling by class analogy

1. Introduction

Table salt, mainly composed of sodium chloride (NaCl), is widely used as a seasoning
and preservative worldwide. Different table salt types are available: refined salt, sea salt,
pink or Himalayan salt, flower salt, and light salt [1-3]. Iodine is sometimes added to salt as
potassium iodide (KI) or potassium iodate (KIO3) to decrease the deficiency in the human
diet [4]. Depending on the manufacturing process, other compounds were also found, like
magnesium and calcium sulfates, carbonates, and chlorides [2,3]. The geographic origin
of the salt also influences its mineral profile; for example, Atlantic and Mediterranean
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salt have different compositions regarding calcium, magnesium, and potassium [3]. The
mineral profile can give different properties to table salt, adding value to the product, so
it is important to guarantee traceability. Recent fraud scandals and food safety incidents
have increased interest in food traceability. Food fraud leads to economic losses and the
deterioration of the consumer’s trust, and it can also threaten human health. Therefore,
more consumers want more detailed information about their foods, such as geographical
origin, species, and transport and storage conditions [5]. Considering these facts, the
elemental composition of the table salt could be used as a fingerprint to identify the
salt’s origin.

Atomic spectroscopy is a consolidated methodology for elemental analysis [6]. Al-
though this method requires time-consuming sample preparation, it demands expert ana-
lysts and high-cost instrumentation. Therefore, alternatives such as X-ray fluorescence [2]
and near-infrared spectroscopy (NIR) [3,7] were already applied for salt analysis. NIR
spectroscopy, which requires few sample preparation steps, is commonly applied in food
authenticity and origin identification [8-10]. Furthermore, low-cost portable spectrome-
ters are available for NIR spectroscopy, allowing this analysis to be applied to different
foods [11,12]. NIR is a vibrational spectroscopy, but some authors demonstrate that metals
could be indirectly identified and quantified due to the changes in the shape and peak
position of the water peaks in the NIR spectrum. The extent of these changes depends
on properties such as size and ionic strength, and this effect is also known as aquapho-
tomics [7,13,14]. The aquaphotomic effect allows the NIR spectra to quantify analytes in
very low concentrations [14]. Despite the advantages already mentioned, NIR spectroscopy
generates complex signals that require the application of chemometric methods to interpret
the results [15]. Models based on discriminant analysis are the typical approach for deal-
ing with authentication problems [16]. However, some authors argued that discriminant
analysis is inappropriate and that the best approach is one-class classifiers (OCC) [17,18].
These methods distinguish objects of one particular class from all other classes [19]. The
data-driven soft independent modeling by class analogy (DD-SIMCA) consists of a PCA
model and an estimation of the orthogonal and score distances and their cut-off levels [20].

This work aimed to identify the origin of table salt from four countries by applying
flame atomic absorption and near-infrared spectroscopies. The data collected by these two
spectroscopies generated DD-SIMCA models to distinguish the table salt from different
countries. The objective is to verify whether NIR spectra are sufficient to produce models
to identify table salt’s origin. Therefore, this is the first work that applies NIR spectra in
tandem with DD-SIMCA to classify the origin of table salt.

2. Materials and Methods
2.1. Samples

Fifty-nine salt samples bought in local markets were analyzed: 11 from Brazil
(Figure S1—Supplementary Materials), 16 from Spain (Figure S2), 16 from France
(Figure S3), and 16 from Portugal (Figure S4). The samples had different colors, humidity
levels, and granulometry. Different types of salt were analyzed (label information), includ-
ing flower salt, refined salt with or without iodine, sea salt, and light salt (sodium chloride
was partially substituted by potassium chloride; SB1, SB2, SB3, and SF11). Therefore, the
sample set has many different characteristics, and it was chosen to assess whether it is
possible to identify the country of origin, even with these variations.

2.2. Humidity Analysis

The humidity was determined by weighing 10 g of the sample into a previously tared
porcelain capsule. Heated for 3 h in an oven at 105 °C, cooled in a desiccator to room
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temperature, and weighed again. This procedure was repeated until a constant weight
was achieved [21].

2.3. Flame Atomic Absorption/Emission Spectrometry Analysis

Potassium, sodium, calcium, magnesium, iron, manganese, zinc, and copper con-
tent in the salt samples was carried out in a flame atomic absorption spectrophotometer
equipped with hollow cathode lamps (Perkin Elmer, model PinA Acle 900T, Waltham, MA,
USA). For each element, the parameters and experimental conditions employed (wave-
length, bandwidth, electric current, and gas flow rates) were set as recommended by
the manufacturer.

About 0.05 g of salt was dissolved in 50 mL of HNOj3 (2%) to determine K, Na, and
Ca. Nearby, 0.50 g of salt was dissolved in 25 mL of HNO3 (2%) to determine Fe, Mn, Cu,
Mg, and Zn. CsCl was added to the sample to determine K and Na, guaranteeing a final
concentration of 1.0 g L~1. LaCl; (1.0 g L~1) was added to the sample before determining
Caand Mg.

All standard solutions for the calibration curves were prepared from commercial
solutions (1000 ppm) of different metals (Panreac, Darmstadt, Germany) diluted with
HNO; (5%). The concentration range of the calibration curves was 0.25 to 5.00 ppm for
K, Ca, and Fe; 0.13 to 2.50 ppm for Na; 0.12 to 1.25 ppm for Mg; 0.12 to 4.00 ppm for Mn;
0.13 to 2.00 ppm for Cu; and 0.05 to 1.00 ppm for Zn. When necessary, samples were diluted
to bring the concentration closer to the center of the calibration curve.

2.4. Near-Infrared Spectrometry Analysis

All spectra were obtained in the DLP NIRscan Nano evaluation module (Texas In-
struments, Dallas, TX, USA). The DLP NIRscan Nano GUI was used to control the spec-
trometer and collect the spectra in reflectance mode. The scan configuration used was the
Hadamard method, with a range of 900-1600 nm, a width of 4.68 nm, a digital resolution of
530 points, and an exposure time of 0.635 ms, resulting in a total scan time of ~17 s. The salt
samples were put in polyethylene bags and analyzed in three different forms to evaluate
the influence of granulometry and humidity in the spectra: (i) raw salt; (ii) dried salt (the
samples were kept in an oven at 105 °C for 24 h); and (iii) dried-milled salt (after dried,
the salt was milled in tube-mill (IKA, Staufen, Germany) at 10000 rpm for 1 min and then
sieved using a 100 mesh nylon cloth). The spectra acquisition was repeated three times
for each sample; the plastic bags containing the sample were shaken between acquisitions.
After the acquisition, the spectra were transferred to MATLAB R2024b (MathWorks, Natick,
MA, USA), smoothed with a cubic smoothing spline (smoothing parameter 0.005). The
first derivative was determined using the central finite-difference method (CFDM). The
objective of the first derivative is to eliminate the shift in the baseline, which is common in
reflectance spectra obtained from powdered samples. For the data analysis step, the mean
spectra were used.

2.5. Data Analysis

A one-way ANOVA was applied to assess whether there were significant differences
between the mean results of the metal profile. In cases with p-value < 0.05, Tukey’s test
checked the equality of means of two independent samples. When comparing medians,
Wilcoxon’s rank sum test, a nonparametric test, was used. Samples with significant differ-
ences (p-value < 0.05) were represented with different letters.

The metals’ data were determined using FAAS, and the first derivative of the NIR spec-
tra was used for unsupervised exploration using principal component analysis (PCA).
For the PCA, all wavelengths of the first derivative of NIR spectra were considered
(900-1600 nm, resolution ~2 nm), and the matrix was mean-centered before analysis. The
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salt classification was performed using DD-SIMCA with a rigorous approach to defining
the number of PCS, chi-square acceptance area, classic method, and « = 0.05. The FAAS
data were mean-centered and scaled, and the first derivative of the NIR spectra was mean-
centered before DD-SIMCA modeling. We recommend reading the specialized literature
for more information about the DD-SIMCA parameters [22]. All data analysis was made in
MATLAB R2024b, and for DD-SIMCA, a graphical user interface (GUI) was used [19].

3. Results and Discussion
3.1. Humidity

The humidity for each sample is presented in the Supplementary Material (Table S1).
Figure 1 shows the box plot to resume humidity variation in the samples for each country.
Brazilian salt (SB) and Spain salt (SE) had less variation in humidity than France’s salt (SF)
and Portugal’s salt (SP). The median is 0.1444% for SB, 0.1790% for SE, 0.3938% for SF, and
0.3343% for SP. SE had one sample with abnormally high humidity, and SP had three with
higher humidity. These three SP samples were flower salt.
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Figure 1. Box plot for humidity variation according to each country.

3.2. Flame Atomic Absorption/Emission Spectrometry

The table with eight metals quantified for each sample with FAAS is shown in the
Supplementary Material (Table S2). Table 1 presents some descriptive statistics for each
metal and country. The high variability for metal content for all countries stands out, as
seen in the standard deviation values, variation range, and the difference between the mean
and median. Only for potassium and sodium, statistically significant differences (p > 0.05)
were not observed between the means of the countries. The sample SF11 (light salt) had
an exceptionally high potassium content (about 81 times higher than the SB2, the second
sample with the highest potassium content). The potassium concentration determined by
FAAS to SF11 followed the potassium content declared in the salt package. The values
obtained for the metal profile followed other consulted works [1-3].
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Table 1. Descriptive statistics for metals quantified using FAAS.

Country Minimum Maximum Median * Mean ** Star.ld?rd
Deviation
K(ugg™)
SB 169 422 x 108 2512 1.21 x 1032 1.66 x 103
SE 126 1.23 x 103 3562 3792 242
SF 36.9 342 x 10° 7702 2.20 x 10%*2 8.54 x 10%
SP 65.0 4.03 x 103 2962 7112 1.04 x 103
Na (mg g~')
SB 341 648 421 ab 4514 94.7
SE 382 557 418b 4412 51.3
SF 134 601 4002 3982 89.9
SP 177 606 415ab 404 2 121
Ca(ugg™)
SB 347 1.05 x 103 540 P 593 b 203
SE 97.2 1.08 x 10° 610° 569 P 274
SF 113 1.81 x 10° 355P 692 596
SpP 0.622 1.23 x 103 77.74 1542 299
Mg (ug g 1)
SB 77.9 635 1322 2362 174
SE 35.2 1.45 x 10° 867 P 7192 530
SF 21.8 7.28 x 103 1.61 x 1033 220 x 103P 2.37 x 103
SP 417 6.06 x 103 580 P 1.16 x 1032 1.56 x 10°
Fe (ugg™?)
SB 0.286 53.3 1.80° 7.09 ab 15.4
SE 0.027 234 0.1273 0.579 2 0.854
SF 0.0187 105 0.869 abc 19.5P 31.6
SP 1.70 8.79 5.09 ¢ 5.17 ab 2.01
Mn (ugg!)
SB 0.111 1.11 0.545 2 0.6162 0.327
SE 0.0126 2.69 1.86P 1.422 1.00
SF 0.0111 6.55 1.162b 1.892 1.95
SP 1.52 7.08 3.81¢ 408Pb 1.58
Zn (ugg )
SB 0.103 0.270 0.1922 0.1932 0.0480
SE 0.00893 0.601 0.2292 0.2672 0.152
SF 0.208 1.20 0.562 b 0.602 b 0.227
SP 0.0790 0.853 0.506 b 0.471b 0.242
Cu(ugg™)
SB 0.357 1.93 0.445 be 0.737 be 0.564
SE 0.0663 0.425 0.1962 0.1862 0.0941
SF 0.125 0.775 0.444 b 0.445 ab 0.136
Sp 0.266 1.54 0.942°¢ 0.948 0.383

* Median values with different letters are statistically different (p-value < 0.05) in Wilcoxon’s rank sum test.
** Mean values with different letters are statistically different (p-value < 0.05) in Tukey’s test.

In Figure 2, the radar plot highlights each country’s metal profile differences. The radar
plot indicates that SP generally has a higher content of Cu and Mn and a lower content of
Ca than other countries. SF has a higher content of Mg, Fe, and K. However, it is important
to highlight the abnormal content of K in sample SF11 (Table S2, Supplementary Material),
which raises the mean for France’s salt. Therefore, these differences must be carefully
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evaluated due to the high variation in the content of metals within samples from the
same country.
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Figure 2. Radar plot for each mean metal content (mean values) based on the country of the salt. For
sodium concentration, the unit is mg g~!. For the other metals, the concentration unit is pg g~

The autoscaled matrix of the metal content in salt samples was submitted to the PCA.
The scree and Pareto plots show that the first four principal components (PC) contributed
most to representing the mineral content data (Supplementary Material—Figure S5). Fur-
thermore, according to Figure S5¢, PC5 has some information about Mg and PC6 about Zn.
Nevertheless, looking at the scores plot for these PCs, there is no relevant separation for
the samples, so they were not considered in the analysis. The first four PCs accumulated
79.3% of the total variance, with 34.9% in PC1, 18.6% in PC2, 16.8% in PC3, and 9.0% in
PC4. Figure 3 resumes the PCA results obtained for metal content. All samples SE (except
SE9) and SB (except SB2) had negative scores for PC1 (Figure 3a). The loadings (Figure 3b)
indicate the highest positive weights for Zn, Fe, Mg, and Mn. So, the SE and SB samples
have the lowest average contents for these salts, except for iron in the SB samples (see
radar plot—Figure 2). In PC2, almost all SP samples had positive scores, while SB, SE,



Chemosensors 2025, 13, 231

and SF had negative scores. The positive loading (Figure 3c) for the Cu content (highest
mean value for SP) and K content (highest mean value for SF) was the main factor for this
separation. In PC3, the SP samples had negative scores due to the lowest calcium content
compared to other countries. The PC4 represents the difference in potassium content, and
the light salt samples had positive scores. In Figure 3, it is possible to observe that some
samples separated from the other salts. SF11, as mentioned before, had the highest level
of potassium. SF12 had the highest level of magnesium. The light salt from Brazil was
separated from other samples from this country due to its potassium content.
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The DD-SIMCA [19] was employed to build OCC models for the metal content matrix,
and the acceptance plots for each country are presented in Figure 4. In the acceptance
plot, each sample is plotted using the score distance (h) and the orthogonal distance (v).
The values hy and vy are scaling factors found during the model calibration step [22]. The
autoscaled matrix was used for all OCC models due to the difference in the scale observed
for the metal content matrix. In each model, the smallest number of PCs was used to
allow adequate separation of the samples. For SB salt (Figure 4a,b), two samples of SE
were misclassified (100% sensitive and 95.8% specific). For SE, one false negative was
observed, and two samples of SB were misclassified (93.8% sensitive and 95.3% specific);
for SF, two samples of SB were misclassified (100% sensitive and 95.3% specific); and for SP,
one sample of SE was misclassified (100% sensitive and 97.8% specific). Considering the
samples’ variability, the OCC models achieved good performance (seven false positives
and one false negative). Therefore, the metal content could be used as a fingerprint to
identify the country of origin for salt samples.
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Figure 4. Acceptance plots for DD-SIMCA using the metal content table: (a) target class SB; (b) test
class SE, SE, and SP; (c) target class SE; (d) test class SB, SF, and SP; (e) target class SF; (f) test class

SB, SE, and SP; (g) target class SP; and (h) test class SB, SE, and SF. The green line is the acceptance
border, and the red line is the outlier border.

3.3. Near-Infrared Spectrometry

Figure 5a shows the effect of the sample preparation on the NIR spectra. Water content
and particle-size distribution are two factors that directly influence the NIR spectrum [14].
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Therefore, the effect of these two factors on the table salt classification is first discussed. The
major differences occur in the 1300-1600 nm region, which contains the second overtone
for water. It is possible to observe minor changes in the third overtone water region
below 1000 nm. The effect of the salt origin on the spectra could be observed for raw,
dried, and dried-milled salt, as presented in Figure 3b—d. The spectra profile is similar to
other works [2,7].

%1073
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Figure 5. The first derivative of the NIR spectra: effect of the salt preparation in the spectra (a); effect
of the country of origin in the spectra of raw salt (b), dried salt (c), and dried-milled salt (d).

A PCA (mean center matrix) of the sample’s spectra obtained for each country was
performed to better understand the effect of sample treatment, and the results are summa-
rized in Figure 6. For Brazilian salt (Figure 6a), the raw salt samples had positive scores in
PC1 (except SB9 and SB11); the dried and dried-milled samples had negative scores in PC1
(except SB10 and SB8 for dried salt). Sample SB11 presented the lowest humidity (0.0246%);
however, sample SB5 had the highest humidity (0.3771%) considering the Brazilian salt.
Samples SB8 and SB10 were coarse salt; only after milling were these samples grouped with
other Brazilian samples. The loading plot (Figure 6b) shows that regions 1300-1600 nm and
below 1000 nm had a major influence on the separation observed in PC1. As mentioned
before, these regions are related to the second and third water overtone, respectively. The
distribution of the samples in the PC2 is maintained with the treatments applied to the
salt samples. For example, SB9 always had negative scores in PC2, independent of the
treatment used before NIR spectrum acquisition. On the other hand, SB10 or SP10 always
had positive scores. For SF and SE, it is possible to see that samples were divided into
two groups, which were the same regardless of the treatment used before NIR spectrum
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acquisition. Therefore, PC2 contains spectral information about the samples’ composition
independent of granulometry or humidity.

For Spain, the circled and boxed groups are the same samples listed but for different
treatments of the table salt (Figure 6¢). The dried-milled salt samples form a separate group,
and raw and dried salt samples form another group. Furthermore, SE samples were split
into two groups. This separation is maintained regardless of the treatment applied to the
samples. Comparing these two groups” humidity and metal profiles (Table S3), it is possible
to see a great difference between Mg and Mn. The separation between these two groups
is mainly represented in PC1. The loading plots show that the 1350-1550 nm region has
a higher weight for the distribution of the samples in PC1. Water can be associated with
salts even after drying in an oven as saline hydrates. The water of hydration or crystal-
lization refers to water found in the crystalline framework of a salt. The determination
of salt by NIR is based on the behavior of the water component in the spectrum due to
changes in hydrogen bonding, resulting in band shifts (aquaphotomic) [14]. When the
salt-induced changes in the water spectrum can be isolated from other spectral variations,
salt detection could be improved [23]. Thus, after eliminating humidity and granulom-
etry standardization, the NIR spectra highlighted the absorption bands associated with
water in saline hydrates. We acquired some spectra of magnesium chloride hexahydrate,
manganese chloride tetrahydrate, sodium chloride, and mixtures to test this hypothesis
(Figure S6). Before the spectra acquisition, the same procedure was used for salt preparation
(drying and milling steps). These spectra confirmed that hydrate salts had bands in the
1300-1600 nm region. The spectra for SE12 (highest manganese content in SE samples)
and SE13 (highest magnesium content in SE samples) were also plotted for comparison.
Previous work also related these effects in near-infrared spectra [2].

Salt samples from France showed similar behavior to that observed for salt from Spain,
separating into two groups regardless of the treatment applied. The circled and boxed
groups are the same samples listed, but for different treatments of the table salt (Figure 6e).
Comparing the other evaluated properties (Table S3) for these two groups, we observed
variability in humidity, which is eliminated after drying. The metal profile showed major
differences for potassium, calcium, magnesium, iron, and manganese. Figure S6c shows
the NIR spectra for calcium chloride dihydrate and iron (III) chloride hexahydrate with
absorption bands in the 1300-1600 nm region. Potassium chloride does not have water
of hydration, so its spectrum is similar to sodium chloride. The spectra for SF2 (highest
calcium content in SF samples) and SF13 (highest iron content in SF samples) were also
plotted to compare with the hydrate salts.
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Figure 6. PCA for the mean-centered first derivative of the spectra for the raw, dried, and dried-milled
samples of each country: (a) score plot and (b) loading plot for SB; (c) score plot and (d) loading plot
for SE; (e) score plot and (f) loading plot for SF; and (g) score plot and (h) loading plot for SP.

Samples SP9, SP10, SP11, and SP16 were separated from the others for Portugal.
These four samples were flower salt, which had more humidity, potassium, calcium, and
magnesium (Table S3). Once again, NIR spectra separated salt according to minerals that
form hydrates, resulting in a shift in the water band at ~1400 nm.

Considering that the sample’s treatment interferes with the analysis, a PCA for each
salt treatment was performed to evaluate the effect of the countries in the salt spectra. For
raw salt, it is possible to see in the loading plot (Figure 7b) that the samples’ distribution
in PC1 is due to the 1350-1550 nm region, which contains the second overtone for water.
The samples SP9, SF12, and SP16, highlighted in Figure 7a, had a higher positive score
in PC1 and humidity (Table S1). There is a correlation between PC1 scores and sample
humidity (r = 0.58, p-value = 1.43 x 1079). Figure S7 confirms that higher correlations
between the spectra’ first derivative and humidity occur in the 1350-1550 nm region. This
correlation is not observed in PC2 (r = 0.19, p-value = 0.15). Otherwise, PC2 separates
SB (positive scores) and SE (negative scores). The loading plot (Figure 7b) indicates the
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region below 1000 nm and between the range 1350 and 1500 nm, with a major contribution
to this separation. Comparing the mean and median values for metal profile (Table 1)
for SB and SE suggests that Fe, Cu, Mg, and Mn were the most important differences.
However, PC2 scores (Figure 7a) did not present a higher correlation with the values for
these metals (rvg = 0.09, pmg = 0.48, e = 0.32, pre = 0.01, rvn = —0.22, pyn = 0.10, ey = 0.38,
Pcu = 3.00 x 1073). In the correlation plots between the raw salt spectra’ first derivative
and metal content (Figure S8), Mn content correlated with the regions below 1000 nm and
1350-1500 nm, Mg and Fe contents correlated only with the last region, and Cu did not
have important correlations. The DD-SIMCA was applied to the first derivative of NIR
spectra for raw salt (Figure S9 and Table S5). Four PCs were necessary for better results,
but nineteen samples were misclassified. Only SB was successfully classified; for SE, two
samples of SP were misclassified; for SF, four samples of SE, two samples of SP, and one
sample of SB were misclassified; for SP, ten samples of SE were misclassified.
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Figure 7. PCA of the mean-centered first derivative of the spectra of the four countries for each salt
treatment: (a) score plot and (b) loading plot for raw salt; (c) score plot and (d) loading plot for dried
salt; and (e) score plot and (f) loading plot for dried-milled salt.
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For dried salt (Figure 7c), the distribution of the samples in PC1 and PC2 was related
to the mineral content, as previously discussed. The granulometry differences may interfere
with the distribution, but it is not easy to establish a relation between the grain size and
PCA distribution. The DD-SIMCA using the dried salt spectra (Figure 510 and Table S5)
performs the worst compared to other salt treatments and FAAS data, with twenty-three
misclassifications. For SB, one sample of SE and one sample of SP were misclassified; for
SE, one sample of SP and one sample of SB were misclassified; for SF, five samples of SE,
one sample of SP, and one sample of SB were misclassified; for SP, six samples of SE and six
samples of SB were misclassified.

For dried-milled salt (Figure 7e), it is possible to see (PC1) the same distribution in
two groups for SE, SF, and SP, as previously in Figure 6. The SB samples remain grouped
considering the PC1 and PC2 axes. Table 2 presents the correlations between the scores
(PCA for dried-milled salt) and the metal content determined via FAAS.

Table 2. Correlations between PC1 and PC2 scores (dried-milled salt) and the metal content of
the samples.

Metal PC1 PC2
K —0.1230 0.0572
Na —0.1350 —0.0019
Ca —0.3409 * —0.0396
Mg 0.7503 * 0.2969 *
Fe 0.2214 0.0444
Mn 0.6573 * 0.2701 *
n 0.3896 * 0.2155
Cu 0.0582 0.4787 *

* Statistically significant correlations (p < 0.05).

The PC1 had significant correlations with Mg, Mn, and Cu; a negative correlation with
Ca was observed. The samples with higher scores for PC1 (SP9, SF12, SF16, and others)
also have higher values for Mg (Table S2). Otherwise, samples with lower scores for PC1
(for example, SF1 and SF15) have lower levels of Mg. The same behavior is presented for
the other metals, with significant correlations with PC1, but it is less evident than the trend
for Mg. The loadings for PC1 (Figure 6f) indicate that the 1300-1600 nm region had more
weight for the observed distribution of the samples. As previously discussed, this region is
related to the OH bond from the salts’ water of hydration, the aquaphotomic effect [14]. The
correlation plot between the dried-milled salt spectra’ first derivative and metal contents
(Figure S11) confirms that this region had higher correlations with Mg and Mn.

The PC2 mainly separates the SP9 and SP16 samples from the others. The correlations
with PC2 scores indicate a relationship with Cu, Mg, and Mn. The loadings for PC2 have
higher values for the region between 1350-1550 nm, near 1200 nm, and below 1000 nm. The
first region correlates more with Mg and Mn, and the second and third regions correlate
more with Cu (Figure S11).

The acceptance plots for the DD-SIMCA model using the first derivative of the dried-
milled salt NIR spectra are presented in Figure 8. Only three misclassifications, false
positives, were observed; two SE (SE7 and SES, labeled as sea salt) and one SB (SB10,
labeled refined salt) samples were classified as SF. Therefore, DD-SIMCA models reached
100% sensitivity and were 100% specific for SB, SE, and SP. For SF, the DD-SIMCA model
was 100% sensitive and 93.0% specific. A comparison between all DD-SIMCA models was
provided in Table S5 in the Supplementary Material. The classification performance for
NIR spectra of the dried-milled salt was superior to that for FAAS data. Furthermore, the
NIR has less sample preparation, cost, and time consumption than FAAS.
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using FAAS and the NIR spectra were analyzed. However, other elements different from
those quantified may also interfere with the water of hydration and, consequently, with the
NIR spectrum of the sample. Thus, better classification performance was obtained with the
NIR spectra because other unidentified elements may be contributing to differentiating the

origin of the different table salts analyzed.
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Figure 8. Acceptance plots for DD-SIMCA using the first derivative of NIR spectra from dried-milled
salt of each country: (a) target class SB; (b) test class SE, SF, and SP; (c) target class SE; (d) test class SB,
SF, and SP; (e) target class SF; (f) test class SB, SE, and SP; (g) target class SP; (h) test class SB, SE, and
SF. The green line is the acceptance border, and the red line is the outlier border.

4. Conclusions

The FAAS spectroscopy showed differences between the mineral content of the salts
from Brazil, Spain, France, and Portugal, with major differences for Ca, Mg, Fe, Mn, and
Cu. A large variation in the amount of minerals was also observed for samples from the
same country. The DD-SIMCA model, using the FAAS data, separated the salt according to
the country of origin with few misclassifications.

The granulometry and humidity were important parameters that interfered with the
NIR spectra. The NIR spectra presented absorption bands related to the humidity in the salt
and with water of hydration from some salts. After drying, the NIR spectra for salt samples
showed a higher correlation with Mg, Mn, and Cu contents. The DD-SIMCA model using
the spectra for dried-milled samples had a similar performance (three misclassifications)
compared to the FAAS data.

Both FAAS and NIR spectroscopy identified the origin of the salt samples, but NIR
is a simpler and faster analysis that produces results equivalent to FAAS. Our results
demonstrate a great variability in the composition of table salt from different countries.
These data reinforce the importance of using accurate analytical methods, such as FAAS
and alternative instruments, and portable NIR, to authenticate the origin or detect possible
fraud in table salt. In future work, it will be important to analyze more samples, including
more countries and products with fraud, and verify the possibility of using other machine
learning algorithms to interpret and model the data obtained.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /chemosensors13070231/s1, Table S1: Humidity for salt sam-
ples (SB—Brazilian salt; SE—Spain salt; SF—France salt; and SP—Portugal salt); Table S2: Metals
quantified (dry basis) using flame atomic absorption spectrometry (FAAS); Table S3: Comparison
between the mean humidity and content of metals between samples with positive scores in PC2 and
the negative scores in PC2; Table S4: Calibration curves for quantification of mineral composition;
Table S5: Comparison between all DD-SIMCA models; Figure S1: Raw salt from Brazil; Figure S2:
Raw salt from Spain; Figure S3: Raw salt from France; Figure S4: Raw salt from Portugal;
Figure S5: PCA of the autoscaled matrix of the mineral content: (a) Pareto plot with the variance
and accumulated variance; (b) Scree plot with eigenvalues; (c) Bar plot with variance extract for
each variable in each principal component. Figure S6: Comparison between NIR spectra of some
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salt samples, magnesium chloride hexahydrate, manganese chloride tetrahydrate, iron (III) chloride
hexahydrate, calcium chloride dihydrate, sodium chloride, potassium chloride, and mixtures. Figure
S7: Correlation between the raw salt spectra’ first derivative and humidity represented with colors in
the mean first derivative plot. Figure S8: Correlation between the raw salt spectra’ first derivative
and metal content represented with colors in the mean first derivative plot: (a) Mg, (b) Fe, (c) Mn,
and (d) Cu. Figure S9: Acceptance plots for DD-SIMCA using the first derivative of NIR spectra from
raw salt: (a) target class SB; (b) test class SE, SE, and SP; (c) target class SE; (d) test class SB, SE, and SP;
(e) target class SF; (f) test class SB, SE, and SP; (g) target class SP; (h) test class SB, SE, and SE.
Figure S510: Acceptance plots for DD-SIMCA using the first derivative of NIR spectra from dried
salt: (a) target class SB; (b) test class SE, SF, and SP; (c) target class SE; (d) test class SB, SF, and SP;
(e) target class SF; (f) test class SB, SE, and SP; (g) target class SP; (h) test class SB, SE, and SF.
Figure S11: Correlation between the dried-milled salt spectra’ first derivative and metal content
represented with colors in the mean first derivative plot: (a) K, (b) Na, (c) Ca, (d) Mg, (e) Fe, (f) Mn,
(g) Zn, and (h) Cu.
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