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RESUMO

O sal de mesa, composto principalmente de cloreto de sdédio (NaCl), é utilizado
mundialmente como tempero e conservante. Entre os tipos mais comuns estao o sal
refinado, o sal marinho, o sal rosa do Himalaia, o flor de sal e o sal light. Como sua
composi¢cao mineral varia conforme a origem geografica, torna-se possivel identificar
a sua procedéncia. Neste estudo, objetivou-se autenticar a origem de sal de mesa de
quatro paises por meio de espectroscopias de absorgdo atdbmica em chama e
infravermelho préximo com instrumento portatil. Para tratar os dados obtidos, utilizou-
se quimiometria, visando reduzir a dimensionalidade e facilitar a interpretagdo. A
Analise de Componentes Principais (PCA) foi empregada para decompor a matriz
original, enquanto o método DD-SIMCA (Modelagem Independente por Analogia de
Classe) definiu limites de aceitagdo no novo espacgo a partir das distancias entre as
amostras. Os resultados da espectrometria de absor¢ao atdmica em chama (FAAS)
revelaram alta variabilidade nos teores de metais entre os paises. Observou-se que o
sal brasileiro apresentou maior teor de Na, ao passo que o sal francés destacou-se
pelos teores elevados de K, Zn, Fe, Mg e Ca. Ao aplicar os modelos DD-SIMCA, o sal
do Brasil foi completamente separado dos demais, com apenas cinco erros de
classificagao, o que comprova que o perfil metalico pode servir como impressao digital
para identificar a origem do sal. Ja na analise dos espectros NIR, o efeito da origem
manifestou-se sobretudo nas regides de 1 300—1 600 nm (segundo harménico da
agua) e abaixo de 1 000 nm (terceiro harménico). Os modelos DD-SIMCA usando a
primeira derivada dos espectros NIR apresentaram 19 erros de classificagao para o
sal bruto, 23 para o sal seco e apenas 3 para o sal seco e moido. Esses resultados
indicam que granulometria e umidade influenciam os espectros, destacando bandas
atribuidas a agua livre e a agua de hidratagdo; apds secagem, as correlagoes
melhoraram para os teores de Mg, Mn e Cu. Por fim, o desempenho dos modelos DD-
SIMCA com espectros de amostras secas e moidas foi similar ao obtido com dados
de FAAS. Assim, ambas as técnicas FAAS e NIR mostraram-se eficazes na
identificacéo da origem do sal, sendo a NIR uma alternativa mais rapida e de baixo
custo, com desempenho comparavel ao da FAAS.

Palavras-chave: perfil mineral; espectroscopia atdbmica; espectroscopia vibracional,
modelos de classe unica.



ABSTRACT

Table salt, composed primarily of sodium chloride (NaCl), is widely used as a seasoning
and preservative around the world. The most common types include refined salt, sea
salt, Himalayan pink salt, fleur de sel, and light salt. Since its mineral composition varies
according to geographic origin, it becomes possible to identify its provenance. This study
aimed to authenticate the origin of table salt from four countries using flame atomic
absorption spectroscopy (FAAS) and portable near-infrared (NIR) spectroscopy.
Chemometric tools were applied to process the data, aiming to reduce dimensionality
and facilitate interpretation. Principal Component Analysis (PCA) was used to
decompose the original matrix, while the DD-SIMCA method (Data-Driven Soft
Independent Modeling by Class Analogy) defined acceptance limits in the new space
based on sample distances. The FAAS results revealed high variability in metal content
among the countries. Brazilian salt showed higher Na content, while French salt stood
out for its elevated levels of K, Zn, Fe, Mg, and Ca. When applying the DD-SIMCA
models, Brazilian salt was completely separated from the others, with only five
classification errors, confirming that the metal profile can serve as a fingerprint to identify
salt origin. In the NIR spectral analysis, origin-related effects were primarily observed in
the regions of 1300-1600 nm (second overtone of water) and below 1000 nm (third
overtone). DD-SIMCA models using the first derivative of the NIR spectra resulted in 19
classification errors for raw salt, 23 for dried salt, and only 3 for dried and milled salt.
These results indicate that particle size and moisture influence the spectra, highlighting
bands attributed to free water and hydration water; after drying, correlations improved
for Mg, Mn, and Cu contents. Finally, the performance of DD-SIMCA models based on
spectra from dried and milled samples was similar to that obtained with FAAS data.
Therefore, both FAAS and NIR techniques proved effective in identifying salt origin, with
NIR representing a faster and lower-cost alternative, yielding results comparable to
those of FAAS.

Keywords: mineral profile; atomic spectroscopy; vibrational spectroscopy; one-class

models.
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1 INTRODUCAO

O sal de mesa, composto principalmente de cloreto de sodio (NaCl), é
amplamente utilizado como tempero e conservante em todo o mundo. Diferentes tipos
de sal de mesa incluem sal refinado, sal marinho, rosa ou sal do Himalaia, flor de sal
e sal light (DA-COL et al., 2015; GALVIS-SANCHEZ et al., 2011; KUHN et al., 2020).
A principal fonte de extragédo de sal inclui o ambiente marinho, lagos com alto teor de
salinidade, depdsitos de rochas salinas e pogos de sal (ZHANG et al., 2020). A
producao de sal € um processo que envolve a evaporagao natural da agua do marem
salinas, onde a agua salgada € periodicamente introduzida, a qual evapora pelo calor
e o sal cristaliza ao longo do tempo (SIDDIQUE et al., 2023).

Entre os tipos mais consumidos, o sal refinado constitui a principal fonte de
sodio na alimentagao. Este tipo de sal passa por um processo de refinamento no qual
a maioria dos nutrientes originais € perdida, restando apenas sodio e cloro (BRASIL,
2016; DUGGAL et.al.,2015). Em contraste, o sal marinho, obtido diretamente do mar,
nao € submetido a processos de refinamento tdo extensos, mantendo uma
quantidade superior de minerais, mas com valores de sddio semelhantes ao refinado
(BRASIL, 2016; BASTOS et al., 2017). O sal light, por sua vez, € composto por cerca
de 50% de cloreto de sédio e 50% de cloreto de potassio, resultando em um teor de
sédio significativamente menor (BRASIL, 2016). O sal do Himalaia, conhecido como
sal rosa, € extraido de minas localizadas na regidao do Himalaia, e tem se tornado
popular ndo apenas pelo uso na gastronomia, mas também pelas supostas
propriedades minerais, incluindo oligoelementos como Cr, Fe e Zn (KUHN et al.,
2020), o que permite essa cor € a presenga em sua composi¢cao de éxido de ferro
(BASTOS et al., 2017).

Segundo a Organizagdo Mundial da Saude (OMS), a ingestdao média global
de sédio por adultos € de 4.310 mg/dia (equivalente a 10,78 g/dia de sal), cerca do
dobro do valor recomendado de < 5 g/dia (2.000 mg/dia de sodio) (WHO 2025). O sal
de cozinha é composto, em média, por 39,4% de sddio (Na) e 60,6% de cloreto (Cl)
(WONG, 2018). O consumo excessivo de sodio é considerado o principal fator de risco
dietético para as doengas cronicas nao transmissiveis (MENTE et al., 2018).

A composigdo mineral dos sais varia conforme a origem geogréafica e o
processo de producdo. Por exemplo, a adicdo de iodo ao sal como iodeto de potassio
(KI) ou iodato de potassio (KIOs) para combater a deficiéncia nutricional desse

elemento na dieta humana (GALIGA, SEVILLA, 2021). Outros compostos como



sulfatos, carbonatos e cloretos de magnésio e calcio também podem estar presentes,
dependendo do modo de processamento (DA-COL et al., 2015; GALVIS-SANCHEZ
et al., 2011). O sal do Atlantico e do Mediterraneo tém composigdes diferentes em
relagdo ao calcio, magnésio e potassio. Assim, a composi¢ao elementar do sal pode
ser usada como uma impressao digital para identificar a sua origem (GALVIS-
SANCHEZ et al., 2011).

A espectroscopia atdbmica é uma metodologia consolidada para analise
elementar (SOYLAK, MURAT, 2012), mas exige preparo demorado das amostras,
profissionais especializados e instrumentacdo de alto custo. Como alternativas,
métodos de fluorescéncia de raios X (DA-COL et al.,, 2015) e espectroscopia no
infravermelho préximo (NIR) (GALVIS- SANCHEZ et al., 2011; GOWEN et al., 2015)
ja foram aplicadas para analise de sal.

A espectroscopia NIR se apresenta como uma alternativa de natureza rapida
e ndo destrutiva, e tem ganhado ampla aceitacdo e aplicacdo. E uma técnica
molecular, que observa os padrdes de reflexdo e absor¢do de luz (radiagéo
eletromagnética) na faixa do infravermelho proximo, que abrange comprimentos de
onda de 780 a 2500 nanbébmetros (MALEGORI et al., 2017, MABOOD et al., 2017,
CAPUANO et al., 2014). Mediante o uso desta tecnologia, a amostra de interesse é
exposta a luz e, em seguida, a luz refletida, conhecida como retroespalhamento, é
quantificada por meio de um espectrdmetro. Em comparacdo com outros métodos,
este apresenta notavel capacidade de penetracdo mais profunda, além de exigir
menor rigor na preparagao das amostras (PASQUINI, 2018, ESCARATE et al., 2022).

Apesar das vantagens, a espectroscopia NIR gera sinais complexos que
exigem a aplicacédo de métodos quimiométricos para interpretacédo (BONA et al.,
2018). Modelos baseados em analise discriminante sdo comumente utilizados para
autenticacdo (GALVAN et al., 2022), embora alguns autores argumentam que a
analise discriminante é inadequada e que a melhor abordagem séo os classificadores
de classe unica (OCC) (GRANATO et al., 2018; RODIONOVA et al., 2016). Esses
meétodos distinguem objetos de uma determinada classe de todas as outras
classes (ZONTOV et al., 2017). O modelo DD-SIMCA é baseado em PCA e na
estimativa de métricas de distancia e seus niveis de corte (POMERANTSEYV,
RODIONOVA, 2014), sendo uma das uma das ferramentas mais simples e eficazes
para essa finalidade (ZONTOV et al., 2017).

A impressao digital quimica com analise multivariada de dados se tornou uma

das abordagens sistematicas mais poderosas para determinar a autenticidade. Ela



fornece um perfil caracteristico da amostra baseado em sua qualidade ou origem
(ESTEKI et al., 2017).

Diante da variedade de sais nho mercado, conhecer sua composi¢ao quimica
auxilia o consumidor na tomada de decis&o. Diante do exposto, este trabalho visa
autenticar a origem de sal de mesa de quatro paises utilizando espectroscopia de
absorcao atdbmica em chama e infravermelho préximo com equipamento portatil. A
integragdo dessas técnicas com ferramentas quimiométricas permite uma analise
mais robusta da composigéo e variablidade geografica dos sais.

Os resultados obtidos nesse trabalho foram publicados no periddico
Chemosensors 2025, 13, 231, (Zanela Lima, L.R. et al., 2025).
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2 OBJETIVOS

2.1 Objetivo geral

Autenticar a origem de sal de mesa de quatro paises utilizando espectroscopia

de absorg¢ao atbmica em chama e infravermelho préoximo com equipamento portatil.

2.20bjetivos especificos

e Coletar amostras de diferentes tipos de sal, incluindo sal refinado, sal marinho
e flor de sal, oriundas do Brasil, Franca, Espanha e Portugal.

e Preparar as amostras por meio de secagem e moagem padronizadas, com
o intuito de reduzir variabilidades analiticas.

e Obter espectros das amostras por espectroscopia no infravermelho
proximo (NIR).

e Obter os dados elementares das amostras utilizando espectrometria de
absorcdo atbmica em chama, para determinagao de potassio, sédio, calcio,
magnesio, ferro, manganés, zinco e cobre.

e Aplicar técnicas de quimiometria aos dados obtidos, com foco em analise
exploratéria e modelagem estatistica multivariada.

e Desenvolver modelos estatisticos capazes de autenticar a origem geografica
das amostras de sal com base nas caracteristicas quimicas e espectrais.

e Comparar os resultados obtidos pelas diferentes técnicas, considerando o

desempenho dos modelos estatisticos e a reprodutibilidade dos dados.



3 REVISAO BIBLIOGRAFICA

3.1 Sal de cozinha

A industria do sal € uma das mais antigas e amplamente distribuidas
globalmente sendo uma parte essencial na dieta para humanos e animais. O sal comum
raramente & encontrado puro na natureza, pois frequentemente contém impurezas de
componentes principais, como K*, Mg?*, Ca?*, COs%, SO4?, agua, matéria organica e
minerais de argila e metais pesados, como Cd, Co, Cu, Fe, Mn, Ni, Pb e Zn. Suas
concentragbes variam de acordo com a composicdo da solugdo e com as
caracteristicas fisico-quimicas do sistema de evaporagdo (GAD, ABD EL BAKEY e
SAKR, 2020).

O sal desempenha fungao fundamental na dieta e na industria alimenticia por
sua composigao de cloreto de sédio, atuando como aditivo e conservante, melhorando
textura, cor, sabor e vida util dos produtos (CHOI et al., 2014; YOTSUYANAGI et al.,
2018). Contudo, o consumo excessivo de sodio esta associado a fatores de risco de
doengas, causando danos a saude humana (HU et al., 2022). Sendo a principal causa
do aumento da pressao arterial elevada, incidéncia de doengas cardiovasculares,
entre outras (CHIU, VENKATAKRISHNAN, WANG, 2020). Ja o cloro (cloreto) auxilia
no transporte do diéxido de carbono das células e na absorcédo de potassio, sendo

regulado pelos rins e pela transpiragao (SILVA et al., 2019).

3.1.1 Composigcao

A composicao mineral do sal varia segundo a técnica de colheita, refinamento
e o0 ambiente marinho (DUGGAL et al.,, 2015). O sal refinado &€ composto
principalmente de cloreto de sddio (39,4% de Na e 60,6% de Cl), perdendo a maioria
dos nutrientes durante o refino (WONG, 2018). Ja o sal nao refinado, como o sal
marinho ou sal-gema, mantém impurezas naturais, incluindo K, Mg e Ca, cujas
concentragdes variam com a salinidade da agua e o método de extragao (GALVIS-
SANCHEZ et al., 2011; LEE et al., 2016).

O sal marinho, menos processado, apresenta teores minerais superiores,
ainda que com quantidades de sodio semelhantes ao refinado. O sal light, mistura de
50% de cloreto de sédio com 50% de cloreto de potassio, possui teor reduzido de
sédio (BRASIL, 2016). O sal rosa do Himalaia, extraido no Paquistédo, destaca-se pela
coloracéo (transparente, branca, rosa ou avermelhada) e presenga de elementos

como Fe, Ca e Mg. Essa coloracao se deve a presenca de 6xido de ferro (BASTOS et
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al., 2017; NAKASATO, 2004).

A composigao quimica dos sais reflete sua origem e processo de extragao. No
sal marinho, os teores de K, Mg e Ca variam conforme a densidade da agua salgada
utilizada. Salinas abertas ao ambiente podem conter particulas do solo, elevando os
niveis de Al, Ti, Si e Fe. Ja os sais de rocha podem apresentar variacdes decorrentes
de interagdes com agua doce subterranea ou reagcdes quimicas no subsolo (LEE et
al., 2016). Esses perfis minerais servem como “impressodes digitais” que revelam a
origem geografica e os métodos de produgao (DI SALVO et al., 2023; DANEZIS;
GEORGIOU, 2022).

3.1.2 Sal iodado

A iodacdo do sal é uma estratégia global para prevenir disturbios causados
pela deficiéncia de iodo. Entre 1942 e 2020, 123 paises adotaram legislagao
obrigatéria de iodacdo; em 2021, esse numero subiu para 126, com outros 21
permitindo a fortificacdo voluntaria (INTERCAMBIO GLOBAL DE DADOS SOBRE
FORTIFICACAO, 2021). A obrigatoriedade é vista como mais eficaz, embora a

fortificagcao voluntaria também possa garantir ingestao adequada de iodo.

No Brasil, a iodacdo do sal é obrigatéria conforme a Resolugdo RDC
604/2022, aplicando-se ao sal refinado, moido e granulado (BRASIL, 2022). Em
contrapartida, Portugal, Franca e Espanha permitem a iodagédo voluntaria, com
regulamentagdes orientativas, mas sem exigéncia legal INTERCAMBIO GLOBAL DE
DADOS SOBRE FORTIFICACAOQ, 2021).

3.1.3 Métodos de extragao e tipos de sal

Na producéo tradicional, o sal passa pelas etapas de preparo das salinas,
evaporacgao e colheita (MENDES et al., 2012). Inicialmente, a 4gua do mar é limpa e
concentrada por evaporagao solar. Em cristalizadores, a salmoura atinge o ponto de
saturagao e precipita sal a uma taxa de 2,5 a 3 cm por més. Ao atingir 15 a 18 cm de
cristais, inicia-se a colheita, precedida por tratamento com produtos como &acido
sulfarico ou cloro. Apés colhido, o sal é lavado, centrifugado e moido (VALENTIM,
2019).

O tipo de processamento influencia o produto final. O sal refinado € submetido
a intensa purificacdo, no qual a maior parte dos nutrientes presentes se perde,
restando basicamente sodio e cloro (BRASIL, 2016; DUGGAL et al., 2015). O sal

13



grosso tem cristalizagdo mais lenta e controle granulométrico menos rigoroso
(RAMOS, 2018). O sal marinho e o sal rosa ndo passam por processos de refinamento
tao extensos (BRASIL, 2016; BASTOS et al., 2017).

A flor de sal, tipo especial valorizado em paises como Franga e Portugal, é
colhida manualmente nos primeiros cristais formados na superficie da salina, durante
poucos meses do ano, sob condigdes especificas de sol e vento. Essa extragao
preserva o contato com microrganismos da salmoura, conferindo caracteristicas
unicas ao produto (DONADIO et al., 2011).

3.2 Espectrometria de Absorgao Atomica em Chama (FAAS)

A Espectrometria de Absorgdo Atdmica em Chama (FAAS) € um método que
apresenta elevada seletividade e sensibilidade, atingindo concentra¢gées na ordem de
ppm (partes por milhdo) dos analitos em questao (GALIOTTO et al., 2020). Além disso,
essa técnica € amplamente reconhecida por sua precisdéo em medigdes de
oligoelementos em diversas amostras. Segundo a Comissao Codex Alimentarius, as
técnicas mais utilizadas, como a espectrofotometria de absorcéo atdmica de chama
(FAAS), a espectroscopia de emissado 6ptica com plasma indutivamente acoplado
(ICP-OES) e a espectrometria de massa com plasma indutivamente acoplado (ICP-
MS), sdo fundamentais para a determinacdo de oligoelementos (GONZALVEZ,
ARMENTA, DE LA GUARDIA, 2015).

A composicdo elementar obtida por fornece informagdes que nao sao
acessiveis por técnicas voltadas a fracdo organica (BAQUETA et al., 2023). Estudos
demonstram sua aplicabilidade, Gad, Abd El Bakey e Sakr (2020) determinaram as
concentragbes de chumbo, cadmio, cobalto e manganés em sais de quatro
comunidades produtoras de sal (Ada, Nyanyano, Saltpond e EImina) e de duas marcas
de sais refinados em Gana. Essas concentragdes foram medidas utilizando
espectrometria de absorcao atomica.

De forma semelhante, outro estudo encontrou metais trago, como cobre, niquel,
cobalto, manganés, chumbo e cadmio, em 28 amostras de sal de cozinha refinado e
nao refinado provenientes da Turquia, Egito e Grécia. Esses metais foram
determinados por espectrometria de absorgéo atdmica de chama (SOYLAK, PEKER,
TURKOGLU, 2008).

Adicionalmente, metodologias para analise do teor de Fe, Mn, Mg e Ca em
xaropes de cana usando FAAS combinado com outras técnicas foram desenvolvidas

e validadas. Os resultados da analise multivariada mostraram que os ions metalicos
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podem ser usados como indicadores de origem geografica ou contaminagao durante

a fabricagc&o ou processamento, ajudando, assim, a garantir a qualidade alimentar e
a segurancga desse adogante (ALVES, ANDRADE, FELSNER, 2023).

No entanto, € importante considerar que, durante a analise de tracos de ions
de metais pesados com FAAS, os efeitos de interferéncia de matrizes complexas
podem impedir a analise direta. Os baixos niveis de detec¢ado nas amostras analisadas
podem ser superiores ao limite de detecgao do instrumento FAAS usado. Por isso,
torna-se necessario desenvolver técnicas de separacdo e enriquecimento com
elevada precisdo e sensibilidade antes da analise com FAAS (SOYLAK, ALASAAD,
OZALP, 2022).

3.3 Espectroscopia de Infravermelho Préximo (NIR)

A espectroscopia de infravermelho proximo (NIR) € uma técnica vibracional
que se baseia na absorgcao de radiacao eletromagnética na faixa de 780 a 2500 nm.
Esta técnica oferece informacgdes relacionadas as vibragdes moleculares de ligagbes
quimicas dos componentes estruturais primarios das moléculas, como as ligagdes
simples C-H, N-H, S-H e O-H (MEDEIROS et al., 2022).

O NIR é um método instrumental que fornece uma grande quantidade de
dados que devem ser processados adequadamente para fornecer informacdes
praticas. Assim, o uso da quimiometria é essencial para o tratamento das informacdes
contidas nos espectros NIR (AHMAD et al., 2016; BONA et al., 2018). Essas técnicas
fornecem uma breve descricao de conjuntos de dados multivariados, de modo que a
analise de espectro total pode ser considerada (RANZAN et al, 2014). A
espectroscopia de infravermelho associada a quimiometria € uma técnica nao
destrutiva e rapida em pesquisas ambientais e alimentares (BONA et al., 2017;
PEREIRA et al., 2018; SHI E YU, 2017; VIEIRA et al., 2019).

Devido a necessidade de preparagao minima ou nenhuma da amostra, a
espectroscopia NIR apresenta vantagens como sendo simples, rapida, ndo invasiva,
econdmica e ecologicamente correta pois ndo envolve uso de produtos quimicos
(MILLATINA et al., 2024).

3.4Quimiometria
A quimiometria envolve a aplicacdo de métodos estatisticos e matematicos

para interpretar e organizar grandes volumes de dados obtidos em analises
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quimicas, auxiliando na sua compreensao e aplicagéo pratica (GALVAN et al., 2023).
Essa abordagem permite a extracdo de informacdes relevantes, a identificacdo de
padroes e caracteristicas de interesse, além da reducdo da dimensionalidade de
dados e assim facilitando a interpretacdo dos resultados (ANDRADE, COELHO,
UARROTA, 2020; FARRES et al., 2019).

Dentre os ramos que compdem essa area, destacam-se o planejamento
experimental, a identificacdo de padrées e os modelos de calibragdo multivariada.
Essa ultima abordagem visa desenvolver modelos que relacionem medigbes, como
espectros ou concentragdes quimicas, com caracteristicas especificas das amostras
analisadas (SOUZA; POPPI, 2012).

Nesse contexto, destaca-se a importancia da quimiometria na analise de dados
produzidos por espectrofotdmetro, especialmente na regido do infravermelho, cujos
espectros tendem a ser complexos e de dificil interpretagcdo (FARRES et al., 2019).
Devido a presenca de ruido de fundo e bandas sobrepostas, € necessario aplicar o
uso de analises multivariadas ou meétodos quimiométricos que possibilitem o
desenvolvimento de modelos apropriados para elucidar as relagdes entre os espectros
e 0s parametros de qualidade ou composigao selecionados (ACHATA, 2018).

Dessa forma, a quimiometria € amplamente utilizada em trés etapas principais:
o pré-processamento de dados, a construgdo de modelos de classificagdo ou

regressao e, por fim, a validagao desses modelos (MOGHADDAM et al., 2022).

3.4.1 Pré Processamento

O pré-processamento, € uma etapa essencial e frequentemente a primeira a
ser realizada na analise quimiométrica de dados espectrais. Essa etapa tem como
principal objetivo reconhecer, corrigir ou eliminar interferéncias que podem
comprometer a interpretagéo correta dos espectros (MOUSA et al., 2021; GALVAN et
al., 2023).

Os espectros obtidos, especialmente em técnicas como a espectroscopia no
infravermelho proximo (NIR), podem conter ruidos indesejaveis resultantes de
variagdes instrumentais, condicbes ambientais nao controladas, espalhamento de luz,
flutuacdes na linha de base e interferéncias aleatorias. O pré-processamento atua

justamente para diminuir esses efeitos e permitir que os modelos
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quimiométricos construidos sejam mais robustos e confiaveis (MOUSA et al., 2021,
RODRIGUEZ-SAONA et al., 2016).

3.4.2 Analise de Componentes Principais (PCA)

A Anadlise de Componentes Principais (PCA) é utilizada como ferramenta
exploratéria multivariada para identificar padrdes, tendéncias e possiveis
agrupamentos nos dados espectrais. Adicionalmente, métodos de selegdo de
variaveis sdo aplicados para remover informacdes redundantes e destacar as regides
espectrais mais relevantes para a modelagem. (MEDEIROS et al., 2022). E uma
técnica nao supervisionada de analise multivariada que reduz as dimensdes
espectrais em componentes principais (PC), as quais capturam a maxima
variabilidade dos dados e preservam as informagdes espectrais significativas (XU et
al., 2018).

A partir desses PC’s, a primeira componente principal (PC1) explica a maxima
variancia presente no conjunto de dados, enquanto a segunda (PC2) explica 0 maximo
variancia restante, sendo ortogonal a ela e ndo tem nenhuma correlagédo com a PC1
(GRANATO et al.,, 2018). Assim, as seguintes PC’s sao ortogonais as anteriores,
representando a maxima variancia (KUMAR, SHARMA, 2018).

3.4.3 Modelagem Independente por Analogia de Classe (SIMCA)

O SIMCA é um método de reconhecimento de padrdes baseados na
similaridade, com isso, cada categoria de interesse é modelada individualmente e
entao os objetos sao aceitos ou rejeitados por cada modelo de classe. Como os limites
das regides sao definidos independentemente uns dos outros, pode acontecer que
uma amostra seja aceita por mais de uma classe ou rejeitada por qualquer uma delas
(FIRMANI, 2019). Para todas as versdes do SIMCA, s&o considerados dois
parametros estatisticos: as distancias de escores (SD) e as distancias ortogonais
(OD). A definigao das areas de decisado para objetos regulares, extremos e outliers é
baseada nessas distancias estatisticas (KARIMVAND et al., 2024).

O DD-SIMCA ¢é uma modificacdo do método SIMCA, que apenas diferencia
no calculo do limite de aceitacdo que limitam a classe auténtica. Este método é
utilizado para problemas de autenticagao de classe unica (one class) utilizado como

uma ferramenta de reconhecimento padrao, sendo apenas a classe alvo modelada.
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A classe alvo é construida de acordo com as propriedades da amostra, e essas
propriedades podem ser sinais analiticos gerados por equipamentos, como
espectroscopia (RODIONOVA et al., 2016).

Na primeira etapa, O DD-SIMCA aplica a analise por componentes principais
(PCA) nos dados de treinamento da classe alvo, este de PC’s determina a
complexidade do modelo e tem um impacto significativo na qualidade da classificagéo.
Quanto maior for o numero de PC’s, maior sera a parte da variagdo dos dados de
treinamento explicada pela decomposi¢do de PCA. Ao mesmo tempo, a inclusdo de
componentes desnecessarios pode resultar em um modelo que n&o considera apenas
as caracteristicas principais da classe, mas também o ruido indispensavel. Sendo
assim, para selecionar a complexidade do modelo, o principio da parcimbénia é
regularmente aplicado (RODIONOVA et al., 2016; CIZA et al., 2019).
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4 MATERIAL E METODOS, RESULTADOS E DISCUSSAO

Estas sessbes estdo apresentadas em formato de artigo cientifico, segundo

resolucao interna do Ppgta CM/MD.
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5 ORIGIN IDENTIFICATION OF TABLE SALT USING FLAME ATOMIC
ABSORPTION AND PORTABLE NEAR-INFRARED SPECTROMETRIES

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.

Introduction

Table salt, mainly composed of sodium chloride (NaCl), is widely used as a
season-ing and preservative worldwide. Different table salt types are available: refined
salt, sea salt, pink or Himalayan salt, flower salt, and light salt [1-3]. lodine is sometimes
added to the salt as potassium iodide (KIl) or potassium iodate (KIO3) to decrease the

deficiency in the human diet [4]. Depending on the manufacturing process, other
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compounds were also found, like magnesium and calcium sulfates, carbonates, and
chlorides [2,3]. The geo-graphic origin of the salt also influences itsthe salt mineral
profile; for example, Atlantic and Mediterranean 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 the 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].
Alt-hough 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 spectrometers 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 upon proper-ties such as size and ionic strength, and this effect
is also known as aquaphotomics [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 gener-ates complex signals that require the
application of chemometric methods to interpret the results [15]. Models based on
discriminant analysis are the typical approach for dealing 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
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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 tan-dem 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), including 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 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
content in the salt samples was carried out in a flame atomic absorption
spectrophotometer equipped with hollow cathode lamps (Perkin EImer, model PinAAcle
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 HNOS3 (2%) to determine K, Na,
and Ca. Nearby, 0.50 g of salt was dissolved in 25 mL of HNO3 (2%) to determine Fe,
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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 . LaCI3 (1.0 g L-1 ) was added to the
sample before determining Ca and Mg.

All standard solutions for the calibration curves were prepared from commercial
solutions (1000 ppm) of different metals (Panreac, Darmstadt, Germany) diluted with
HNQO3 (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
Instruments, Dallas, TX, USA). The DLP NIRscan Nano GUI was used to control the
spectrometer 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;
(i) 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
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comparing medians, Wilcoxon’s rank sum test, a nonparametric test, was used.
Samples with significant differences (p-value < 0.05) were represented with different
letters.

The metals’ data were determined using FAAS, and the first derivative of the
NIR spectra 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 salt classification was performed using DD-SIMCA with a rigorous
approach to defining the number of PCS, chi-square acceptance area, classic method,
and a = 0.05. The FAAS data were mean-centered and scaled, and the first derivative
of the NIR spectra was meancentered 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].

Table 1. Descriptive statistics for metals quantified using FAAS.

Country  Minimum Maximum Median * Mean ** Star]de.zrd
Deviation
K(ug g™)
SB 169 422 x 1038 2512 1.21 x 1032 1.66 x 108
SE 126 1.23 x 103 356 @ 3792 242

SF 36.9 3.42 x 105 7702 220 x 1042 8.54 x 104




SP 65.0 4.03 x 103 296 @ 7112 1.04 x 103
Na (mg g™")
SB 341 648 421 @b 4512 947
SE 382 557 418" 441 51.3
SF 134 601 400 @ 398 2 89.9
SP 177 606 415 @b 404 @ 121
Ca(ugg™)
SB 347 1.05 x 103 540 b 593 b 203
SE 97.2 1.08 x 103 610 ° 569 b 274
SF 113 1.81 x 103 3550 692 b 596
SP 0.622 1.23 x 103 77.7°2 154 2 299
Mg (g g7")
SB 77.9 635 1322 2362 174
SE 35.2 1.45 x 103 867 P 7192 530
SF 21.8 7.28x10% 1.61x 1032 220 x 103b 2.37 x 10°
SP 4.17 6.06 x 103 580 b 1.16 x 1032b 1.56 x 103
Fe (ugg™)
SB 0.286 53.3 1.80 P 7.09 @b 15.4
SE 0.027 2.34 0.127 @ 0.579 0.854
SF 0.0187 105 0.869 abe 19.5b 31.6
SP 1.70 8.79 5.09 ° 5.17 @ 2.01
Mn (ug g7")
SB 0.111 1.11 0.5452 0.6162 0.327
SE 0.0126 2.69 1.86° 1422 1.00
SF 0.0111 6.55 1.16 2b 1.892 1.95
SP 1.52 7.08 3.81°¢ 4.08" 1.58
Zn (g g™)
SB 0.103 0.270 0.192 2 0.193 2 0.0480
SE 0.00893 0.601 0.229 2 0.267 @ 0.152
SF 0.208 1.20 0.562 b 0.602° 0.227
SP 0.0790 0.853 0.506 P 0.471° 0.242
Cu (ugg™)
SB 0.357 1.93 0.445 be 0.737 be 0.564
SE 0.0663 0.425 0.196 2 0.186 2 0.0941
SF 0.125 0.775 0.444 0.445 @b 0.136
SP 0.266 1.54 0.942 ¢ 0.948 © 0.383
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* 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 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 ug 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). Furthermore, according to Figure S5c, 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
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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 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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Figure 3. Principal component analysis of the autoscaled mineral content matrix: score plot for the first four PCs (a),
loadings for PC1 (b), PC2 (c), PC3 (d), and PC4 (e).

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 h0 and v0 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%
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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, 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; 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]. 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.
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The spectra profile is similar to other works [2,7].

8 %10
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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
summarized 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
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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 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 crystallization 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 granulometry 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



34

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 S6¢ shows the NIR spectra for calcium chloride dihydrate and iron (lIl) 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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(e) Score plot for SF (f) Loading plot for SF
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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 10-6 ). 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 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 (rMg = 0.09, pMg = 0.48, rFe = 0.32,
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pFe =0.01, rMn =-0.22, pMn = 0.10, rCu = 0.38, pCu = 3.00 x 10-3 ). 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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score plot and (f) loading plot for dried-milled salt.

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 S10
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 *
Zn 0.3896 * 0.2155
Cu 0.0582 0.4787 *

* Statistically significant correlations (p < 0.05).
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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
driedmilled salt NIR spectra are presented in Figure 8. Only three misclassifications,
false positives, were observed; two SE (SE7 and SES8, 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.

It is important to highlight that possible correlations between the elements
quantified 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



41

using other machine learning algorithms to interpret and model the data obtained.

References

1. Kuhn, T.; Chytry, P.; Souza, G.M.S.; Bauer, D.V.; Amaral, L.; Dias, J.F. Signature of
the Himalayan Salt. Nucl. Instrum. Methods. Phys. Res. B 2020, 477, 150-153.
[CrossRef]

2. Galvis-Sanchez, A.C.; Lopes, J.A.; Delgadillo, I.; Rangel, A.O.S.S. Fourier Transform
Near-Infrared Spectroscopy Application for Sea Salt Quality Evaluation. J. Agric. Food
Chem 2011, 59, 11109-11116. [CrossRef] [PubMed]

3. Da-Col, J.A.; Bueno, M.LLM.S.; Melquiades, F.L. Fast and Direct Na and K
Determination in Table, Marine, and Low-Sodium Salts by X-Ray Fluorescence and
Chemometrics. J. Agric. Food Chem. 2015, 63, 2406—-2412. [CrossRef] [PubMed]

4. Galiga, H.F.; Sevilla, F.B. Smartphone-Based Optical Transduction for the Rapid
Microscale Assessment of lodate in Table Salt. Talanta 2021, 232, 122450. [CrossRef]
[PubMed]

5. Hassoun, A.; Siddiqui, S.A.; Smaoui, S.; Ucak, ’l.; Arshad, R.N.; Bhat, Z.F.; Bhat,
H.F.; Carpena, M.; Prieto, M.A.; Ait-Kaddour, A.; et al. Emerging Technological
Advances in Improving the Safety of Muscle Foods: Framing in the Context of the Food
Revolution 4.0. Food Rev. Int. 2024, 40, 37-78. [CrossRef]

6. Soylak, M.; Murat, |. Determination of Copper, Cobalt, Lead, and Iron in Table Salt by
FAAS After Separation Using Violuric Acid and Multiwalled Carbon Nanotubes. Food
Anal. Methods 2012, 5, 1003—1009. [CrossRef]

7. Gowen, A.A.; Marini, F.; Tsuchisaka, Y.; De Luca, S.; Bevilacqua, M.; O’Donnell, C;
Downey, G.; Tsenkova, R. On the Feasibility of near Infrared Spectroscopy to Detect
Contaminants in Water Using Single Salt Solutions as Model Systems. Talanta 2015,
131, 609-618. [CrossRef] [PubMed]

8. Fodor, M.; Matkovits, A.; Benes, E.L.; Jokai, Z. The Role of Near-Infrared
Spectroscopy in Food Quality Assurance: A Review of the Past Two Decades. Foods
2024, 13, 3501. [CrossRef]

9. Spoladore, S.F.; Brigida dos Santos Scholz, M.; Bona, E. Genotypic Classification of
Wheat Using Near-Infrared Spectroscopy and PLS-DA. Appl. Food Res. 2021, 1,
100019. [CrossRef]

10. Francielli Vieira, T.; Makimori, G.Y.; Scholz, M.B.; Zielinski, A.; Bona, E.



42

Chemometric Approach Using ComDim and PLS-DA for Discrimination and
Classification of Commercial Yerba Mate (llex paraguariensis St. Hil.). Food Anal.
Methods 2020, 13, 97-107. [CrossRef]

11. de Andrade, J.C.; Galvan, D.; Effting, L.; Lelis, C.; Melquiades, F.L.; Bona, E.; Conte-
Junior, C.A. An Easy-to-Use and Cheap Analytical Approach Based on NIR and
Chemometrics for Tomato and Sweet Pepper Authentication by Non-Volatile Profile.
Food Anal. Methods 2023, 16, 567-580. [CrossRef]

12. Galvan, D.; Lelis, C.A.; Effting, L.; Melquiades, F.L.; Bona, E.; Conte-Junior, C.A.
Low-Cost Spectroscopic Devices with Multivariate Analysis Applied to Milk Authenticity.
Microchem. J. 2022, 181, 107746. [CrossRef]

13. Frost, V.J.; Molt, K. Analysis of Aqueous Solutions by Near-Infrared Spectrometry
(NIRS) Ill. Binary Mixtures of Inorganic Salts in Water. J. Mol. Struct. 1997, 410—411,
573-579. [CrossRef]

14. Pasquini, C. Near Infrared Spectroscopy: A Mature Analytical Technique with New
Perspectives—A Review. Anal. Chim. Acta 2018, 1026, 8—36. [CrossRef] [PubMed]
15. Margo, P.; Bona, E.; Valderrama, P. Chapter 4—Chemometrics Applied to Food
Control. In Food Control and Biosecurity; Academic Press: Cambridge, MA, USA, 2018.
16. Galvan, D.; Aquino, A.; Effting, L.; Mantovani, A.C.G.; Bona, E.; Conte-Junior, C.A.
E-Sensing and Nanoscale-Sensing Devices Associated with Data Processing
Algorithms Applied to Food Quality Control: A Systematic Review. Crit. Rev. Food Sci.
Nutr. 2022, 62, 6605-6645. [CrossRef] [PubMed]

17. Granato, D.; Putnik, P.; Kova“cevi'c, D.B.; Santos, J.S.; Calado, V.; Rocha, R.S.; Da
Cruz, A.G.; Jarvis, B.; Rodionova, O.Y.; Pomerantsev, A. Trends in Chemometrics:
Food Authentication, Microbiology, and Effects of Processing. Compr. Rev. Food Sci.
Food Saf. 2018, 17, 663—677. [CrossRef] [PubMed]

18. Rodionova, O.Y.; Titova, A.V.; Pomerantsev, A.L. Discriminant Analysis Is an
Inappropriate Method of Authentication. TrAC Trends Anal. Chem. 2016, 78, 17-22.
[CrossRef]

19. Zontov, Y.V.; Rodionova, O.Y.; Kucheryavskiy, S.V.; Pomerantsev, A.L. DD-
SIMCA—A MATLAB GUI Tool for Data Driven SIMCA Approach. Chemom. Intell. Lab.
Syst. 2017, 167, 23—-28. [CrossRef]

20. Pomerantsev, A.L.; Rodionova, O.Y. Concept and Role of Extreme Objects in
PCA/SIMCA. J. Chemom 2014, 28, 429-438. [CrossRef]



43

21. Instituto Adolfo Lutz. Métodos Fisico-Quimicos Para Analise de Alimentos;
Zenebon, O., Pascuet, N.S., Tiglea, P., Eds.; Instituto Adolfo Lutz: Sao Paulo, Brazil,
2008.

22. Kucheryavskiy, S.; Rodionova, O.; Pomerantsev, A. A Comprehensive Tutorial on
Data-Driven SIMCA: Theory and Implementation in Web. J. Chemom. 2024, 38, e3556.
[CrossRef]

23. Burns, D.A.; Ciurczak, E.W. Handbook of Near-Infrared Analysis, 3rd ed.; CRC
Press: Boca Raton, FL, USA, 2007; ISBN 9780429123016.



44

6 CONCLUSAO

A espectrometria FAAS evidenciou diferengas no conteudo mineral dos sais
provenientes do Brasil, Espanha, Franga e Portugal, com destaque para as vari¢gbes
nos teores de Ca, Mg, Fe, Mn e Cu. Observou-se também grande variabilidade na
concentracdo desses minerais entre amostras de um mesmo pais. O modelo DD-
SIMCA, aplicado aos dados de FAAS, conseguiu separar as amostras de sal conforme

0 pais de origem, com poucos erros de classificagao.

A granulometria e a umidade foram parametros relevantes que influenciaram
os espectros NIR, os quais apresentaram bandas de absorcéo associadas a umidade
presente no sal e a agua de hidratagao de alguns sais. ApOs a secagem, os espectros
NIR mostraram maior correlagdo com os teores de Mg, Mn e Cu. O modelo DD-
SIMCA, baseado nos espectros das amostras secas e moidas, apresentou
desempenho semelhante ao modelo com dados de FAAS, com apenas trés erros de

classificagao.

Tanto a espectrometria FAAS quanto NIR foram eficazes na identificacéo da
origem das amostras de sal, no entanto, a NIR destaca-se por ser uma técnica mais

simples, rapida e com resultados equivalentes aos da FAAS.
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Table S1. Humidity for salt samples (SB = Brazilian salt, SE = Spain salt, SF =

France salt, and SP = Portugal salt).

SAMPLE HUMIDITY (%) SAMPLE HUMIDITY (%)
SB1 0.0823 £ 0.0042 SF1 0.0050 + 0.0070
SB2 0.2185+ 0.0103 SF2 4.1835 = 0.7399
SB3 0.1607 + 0.0313 SF3 0.0497 + 0.0282
SB4 0.0505 + 0.0223 SF4 2.5300 £ 0.7975
SB5 0.3771 £ 0.0373 SF5 0.0530 + 0.0447
SB6 0.2498 + 0.0178 SF6 0.0265 + 0.0250
SB7 0.1444 + 0.0023 SF7 0.0365 + 0.0208
SB8 0.2166 + 0.0120 SF8 0.0547 + 0.0071
SB9 0.0590 + 0.0138 SF9 0.7329 + 0.2397
SB10 0.0586 + 0.0141 SF10 1.4967 + 0.0355
SB11 0.0246 + 0.0141 SF11 0.0298 + 0.0001
SE1 0.2021 £ 0.0418 SF12 4.5315 = 0.0644
SE2 0.2088 + 0.0261 SF13 1.1787 £ 0.0570
SE3 1.5869 + 0.4317 SF14 2.1581 + 0.0583
SE4 0.1543 + 0.0068 SF15 0.0265 + 0.0208
SE5 0.0961 + 0.0251 SF16 2.8611 £ 0.0177
SE6 0.1529 + 0.0403 SP1 0.1596 + 0.0532
SE7 0.0348 + 0.0071 SP2 0.3827 + 0.2424
SE8 0.0398 + 0.0001 SP3 0.2365 + 0.0513
SE9 0.2183 + 0.0343 SP4 0.2996 + 0.0350
SE10 0.2037 + 0.0072 SP5 0.2327 + 0.0720
SE11 0.1925 + 0.0205 SP6 0.3657 + 0.0363
SE12 0.1891 + 0.0005 SP7 0.0766 + 0.0353
SE13 0.2882 + 0.0126 SP8 0.0466 + 0.0306
SE14 0.0599 + 0.0001 SP9 8.3035 + 0.2897
SE15 0.1493 + 0.0146 SP10 2.5242 + 0.0343
SE16 0.1688 + 0.0004 SP11 5.4154 + 0.1707

SP12 0.9728 + 1.5990
SP13 0.3028 + 0.1144
SP14 1.5884 + 0.9461
SP15 0.1598 + 0.1776

SP16

6.5564 + 0.0674




Table S2. Metals quantified (dry basis) using flame atomic absorption spectrometry (FAAS).

Sample K(ng g') Na (mg g”) Ca(ug g™) Mg (ug g7') Fe (ug g™) Mn (ug g™') Zn (ug g™) Cu (ug g7)
SB1 4195.75 550.28 422.65 111.26 2.21 0.11 0.14 1.44
SB2 4220.20 541.73 418.00 132.16 53.32 0.46 0.18 1.93
SB3 2730.83 448.37 347.11 280.70 0.29 0.36 0.26 1.39
SB4 205.65 648.47 665.09 77.91 5.81 0.54 0.19 0.36
SB5 434.51 420.99 1045.15 634.77 1.74 0.30 0.19 0.48
SB6 439.10 411.72 709.68 394.14 1.80 0.49 0.10 0.45
SB7 251.34 404.59 808.64 283.25 4.87 0.56 0.16 0.44
SB8 216.96 357.35 567.84 360.37 0.34 0.88 0.21 0.41
SB9 169.22 340.99 464.20 90.02 1.43 0.97 0.20 0.40
SB10 217.78 367.65 540.17 126.22 4.51 1.01 0.27 0.36
SB11 204.73 465.70 530.04 110.71 1.70 1.11 0.21 0.44
SE1 226.69 415.82 640.16 1108.41 0.06 1.79 0.07 0.26
SE2 232.59 477.89 486.86 1157.95 0.09 2.44 0.21 0.15
SE3 403.70 523.42 660.69 419.55 0.07 0.23 0.31 0.09
SE4 262.50 410.34 448.00 1096.72 0.22 2.25 0.23 0.07
SE5 391.28 414.17 788.57 90.57 0.13 0.01 0.22 0.12
SE6 377.17 420.33 1083.44 111.94 0.14 0.06 0.21 0.09
SE7 331.44 480.81 212.08 234.75 0.07 0.02 0.14 0.21
SES 354.50 499.44 159.49 173.20 0.12 0.52 0.36 0.11
SE9 408.48 407.37 698.41 1314.75 0.03 2.09 0.60 0.09
SE10 390.97 419.65 582.62 1127.39 0.09 1.92 0.23 0.24
SE11 321.35 410.60 638.49 871.45 1.49 2.44 0.28 0.28
SE12 403.25 446.55 468.57 1343.39 0.25 2.69 0.40 0.18
SE13 1233.91 557.14 906.35 1452.85 0.05 1.99 0.44 0.23
SE14 126.35 406.07 97.20 35.25 2.13 0.76 0.01 0.22
SE15 245.99 381.97 849.19 107.83 2.34 1.07 0.12 0.43
SE16 357.90 387.93 383.76 863.41 1.96 2.41 0.42 0.22
SF1 36.90 433.36 263.16 31.63 0.29 0.41 0.39 0.36
SF2 854.90 390.95 1806.97 3596.18 46.49 4.35 0.66 0.41

SAMPLE K (ug g7) Na (mg g”) Ca (ug g7) Mg (ug g™) Fe (Mg g™) Mn (ug g™) Zn (ug g”) Cu (vg g™)

SF3 155.11 466.82 125.64 139.76 0.08 1.25 0.53 0.45
SF4 751.40 417.25 816.74 2161.76 0.02 1.08 0.53 0.56

SF5 96.76 419.06 276.91 29.58 0.05 0.38 0.47 0.49



SFeé
SF7
SF8
SF9
SF10
SF11
SF12
SF13
SF14
SF15
SF16
SP1
SpP2
SP3
SpP4
SP5
SPé6
SP7
SP8
SP9
SP10
SP11
SP12
SP13
SP14
SP15
SP16

66.38
97.38
96.32
1027.32
789.19
342432.85
2194.39
1061.40
1139.28
103.90
1567.40
344.29
151.78
280.37
453.04
206.45
311.84
66.04
65.02
4030.98
1000.29
1612.41
159.13
367.05
253.32
200.77
1876.93

601.08
399.55
412.15
384.20
391.98
134.00
358.04
369.77
400.52
375.35
406.16
256.43
177.08
376.43
574.07
344.02
433.50
316.52
543.47
379.39
606.08
441.39
461.24
455.70
477.42
231.65
397.05

380.69
216.54
241.43
817.56
1122.14
113.14
329.77
1593.55
1588.85
145.85
1227.42
23.14
223.62
132.60
35.96
132.35
86.89
3.95
0.62
1232.90
88.42
272.16
1.03
38.14
112.80
4.36
68.47

47.10
39.35
29.59
4094.32
3168.05
1066.53
7283.19
3521.97
4431.16
21.83
5554.34
518.63
275.07
700.41
805.40
546.40
949.03
417
5.75
2976.78
1848.54
2280.77
5.65
613.47
499.11
401.22
6063.21

0.09
0.64
1.09
61.22
43.38
0.02
2.71
104.69
47.97
0.14
2.47
1.70
3.36
3.74
2.66
3.78
4.55
4.1
3.80
5.63
6.17
7.95
7.16
6.03
6.21
7.12
8.79

0.37
0.34
0.01
3.06
3.43
0.13
3.12
6.55
3.90
0.07
1.82
3.29
3.08
4.69
3.07
4.73
4.33
1.52
2.56
7.08
2.63
4.86
3.21
5.20
2.70
6.79
5.52

0.50
0.46
0.59
0.85
0.77
0.21
0.63
1.20
0.78
0.62
0.43
0.08
0.13
0.11
0.36
0.38
0.34
0.46
0.33
0.59
0.55
0.85
0.71
0.56
0.55
0.84
0.70

0.44
0.53
0.39
0.52
0.48
0.12
0.43
0.78
0.46
0.37
0.31
0.55
0.49
0.71
0.27
0.75
0.67
0.68
0.99
1.03
1.54
1.40
1.38
1.08
0.89
1.32
1.40
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Table S3. Comparison between the mean humidity and content of metals between samples with
positive scores in PC2 and negative scores in PC2.
SPAIN* FRANCE** PORTUGAL***
Group 1 Group 2 Group 1 Group 2 Group 1 Group 2
Humidity 0.3028% 0.2029% 2.1047%  0.3895% 4.3040% 0.8673%

K (ug g7) 318.63 426.40 990.22  43068.64  1700.70 381.41
Na(mgg?')  446.60 437.03 386.01 409.02 472.02 381.94
Ca(ugg’)  550.09 583.69 1027.68  355.62 398.63 71.91
Mg (ug g')  167.58 114848  3534.81 867.23 1777.93 948.49
Fe (g g) 0.72 0.47 38.33 0.59 6.73 4.65
Mn (ug g) 0.38 2.22 3.19 0.59 4.45 3.96
Zn (pg g) 0.20 0.32 0.76 0.45 0.67 0.40
Cu (ug g™ 0.18 0.19 0.50 0.39 1.34 0.82

* Group 1: SE3, SE5, SE6, SE7, SE8, SE14, SE15; Group2: SE1, SE2, SE4, SE9, SE10, SE11, SE12,
SE13, SE16.
** Group 1: SF2, SF4, SF9, SF10, SF12, SF13, SF14, SF16; Group 2: SF1, SF3, SF5, SF6, SF7, SF8,
SF11, SF15.
*** Group 1: SP9, SP10, SP11, SP16; Group 2: SP1, SP2, SP3, SP4, SP5, SP6, SP7, SP8, SP12, SP13,
SP14, SP15.



Table S4. Calibration curves for quantification of mineral composition.
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COEFFICIENTS*

ELEMENT R2
a b c

K -4596.4 15053 40.677 0.9998
Na -5252.0 13016 10.174 0.9999
Ca 0 0.0867 0.0036 0.9996
Mg 0 0.3877 0.0022 0.9998
Fe -0.0050 0.1119 0.0023 0.9999
Mn -0.0054 0.1271 0.0014 0.9999
Zn -0.0463 0.4713 0.0021 0.9999
Cu -0.0097 0.1908 0.0001 0.9999

*y = ax? + bx + ¢ with y = absorbance (a.u.) and x = concentration (ppm).



Table S§5. Comparison between all DD-SIMCA models.
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Data Sample Target Pre-treatment PCs Sensitivity Specificity
Mineral content Prepared for FAAS SB Autoscaling 2 100% 95.8%
Mineral content Prepared for FAAS SE Autoscaling 3 93.8% 95.3%
Mineral content Prepared for FAAS SF Autoscaling 4 100% 95.3%
Mineral content Prepared for FAAS SP Autoscaling 4 100% 97.8%
NIR Dried-milled salt SB Mean-centering 4 100% 100%
NIR Dried-milled salt SE Mean-centering 4 100% 93.0%
NIR Dried-milled salt SF Mean-centering 4 100% 100%
NIR Dried-milled salt SP Mean-centering 3 100% 100%
NIR Raw salt SB Mean-centering 4 100% 100%
NIR Raw salt SE Mean-centering 4 100% 95.3%
NIR Raw salt SF Mean-centering 4 100% 83.7%
NIR Raw salt SP Mean-centering 4 100% 76.7%
NIR Dried salt SB Mean-centering 3 100% 95.8%
NIR Dried salt SE Mean-centering 4 100% 95.3%
NIR Dried salt SF Mean-centering 4 87.5% 83.7%
NIR Dried salt SP Mean-centering 3 100% 72.1%




SB9
Figure S1. Raw salt from Brazil.
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Figure S2. Raw salt from Spain.



~ SF1

SF13
Figure S3. Raw salt from France.
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SP13
Figure S4. Raw salt from Portugal.
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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 extracted for each variable in each principal component.
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Figure S7. The correlation between the raw salt spectra’ first derivative and humidity is
represented by colors in the mean first derivative plot.
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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, 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.



16— Target SB
B Preprocessing: centering
—
14r a=005
chi-square acceptance area
12F classic method
~ 1r ol
> ® @2
> ©
+ 08
g 08 1%
. o - \
@ ® \
\
02t 10 \
0 . . . .
0 0.5 1 1.5 2 25
log(1 + h/h)
(a)
2r Target SE
T _ Preprocessing: centering
er T MY
e =005
16 chi-square acceptance area
classic method
14
212 o2
> a3
+ 1
= L]
>
o 08
= o 10
o
06 o1 \
: . o13 \
o4 \
0.4 S, \
) @15 \
0.2 \
\
0 L . . n L . ,
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
log(1 + h/h)
(©)
20— Target SF
— Preprocessing: centering
181 | @ regular - 4PCs
extremes a=0.05
16 chi-square acceptance area
- classic method
14+
11
12+
2
S
: 4 1014 2
< ©
>
o 08
= 2 \
06 ot . \
) \
0.4 & “w \\
02 L3 \
0 !
0 0.5 1 1.5 2 25
log(1 + h/ho)
(e)
18 Target SP
L Preprocessing: centering
161 T 3PCs
T =005
14+ chi-square acceptance area
classic method
12F o
< #
3 1 16
+
5 08r
g @ 10
as -
06 & flz ©
04t 6 &
o4
\
0.2 \
o . . L
0 0.5 1 1.5 2 25 3

log(1 +h/h )

(8)

68

70
«P
sl
®P
5L
. ©F i
>
24 <5 E
: a5
- ©P
B a3 sF #E
g ©F
%GF ©p
2l F
P E
Esdé
1 [=3
o . \ . .
0 1 2 3 4 5 6
log(1 + hih)
r ©P
6 ®P
©F
sl “©pP
- ©F gpEF
2alt &
>
+
=
@ 37
8 &
aF " <&
2l SRer B B
- B ©B
;| ©®B %8
0 . . )
0 1 2 3 4 5 6
log(1 + hih;)
45
“©p
4
35 ®P
snSPREL
3 “p
= P SESE.
g P
s 2 €Bgp P
- S5 68
F s
S gl g
©E
1
05
o . . .
0 05 1 15 2 25
log(1 + hih )
35 “©F
-
©F
er e S
25 ©F
- F
° «®
% 2 «F ©F  ®E
+ e
¥
B 15 ©E &8 gan
o
! SE
£
<BE
B
SE 5B
05 <E SB
o . . . .
0 05 1 15 2 25

log(1 + h/h )

(h)

Figure S10. 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.
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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, (¢) Ca, (d)

Mg, (e) Fe, (f) Mn, (g) Zn, and (h) Cu.



