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RESUMO

Este trabalho teve como objetivo desenvolver e validar modelos baseados em
espectroscopia no infravermelho médio (MIR), associados a métodos quimiométricos e de
aprendizado de maquina, para o monitoramento de dois indicadores criticos: a Contagem de
Células Somaéticas (CCS) e a presenca de residuos do antibidtico ciprofloxacina. A metodologia
envolveu a analise de 624 amostras de leite para CCS e amostras enriquecidas com
ciprofloxacina (0 a 250 pg/L), utilizando a técnica de MIR. Foram avaliados métodos de selegao
de variaveis, como a Analise de Componentes Principais (PCA)e o algoritmo Boruta, além de
modelos de regressdao (PLS e Random Forest - RF) e classificacdo (LDA e RF). Os resultados
para a quantificacdo de CCS mostraram um desempenho limitado dos modelos de regressao,
com coeficientes de determinagdo (R?) de 0,293 para o PLS e 0,255 para o RF, indicando
dificuldades na predicdo quantitativa direta devido a sobreposicdo de bandas espectrais dos
constituintes majoritarios do leite. No entanto, na analise qualitativa (classificacdo com limite
de 500.000 células/mL), o modelo LDA apresentou sensibilidade superior (79,5%) em
comparagdo ao RF (45,5%), sendo mais adequado para triagem inicial de mastite. Para a
ciprofloxacina, a regressdo também apresentou baixo desempenho (R? de 0,325 para RF), mas
o modelo de classificagdo RF destacou-se com uma acuracia de 76% e F1-Score de 0,784 na
distingdo de amostras acima e abaixo do Limite Méximo de Residuo de 100 pg/L. Conclui-se
que, embora a predigdo quantitativa precisa de CCS e ciprofloxacina em leite liquido via FTIR
ainda apresente desafios técnicos devido a complexidade da matriz, a abordagem qualitativa
baseada em aprendizado de maquina demonstra viabilidade como ferramenta de triagem rapida,
ndo destrutiva e de baixo custo. Tais modelos podem ser integrados a rotina laboratorial para a
identificagcdo preliminar de desconformidades, otimizando o controle de qualidade e reforgando

a seguranca alimentar no setor lacteo.

Palavras-chave: Leite; Mastite; Ciprofloxacina; FTIR; Quimiometria; Aprendizado de

Maquina.
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ABSTRACT

This study aimed to develop and validate models based on mid-infrared spectroscopy
(MIR), associated with chemometric and machine learning methods, for monitoring two critical
indicators: somatic cell count (SCC) and the presence of ciprofloxacin antibiotic residues. The
methodology involved the analysis of 624 milk samples for SCC and samples enriched with
ciprofloxacin (0 to 250 ug/L) using the MIR technique. Variable selection methods such as
Principal Component Analysis (PCA) and the Boruta algorithm were evaluated, as well as
regression (PLS and Random Forest - RF) and classification (LDA and RF) models. The results
for SCC quantification showed limited performance of the regression models, with coefficients
of determination (R?) of 0.293 for PLS and 0.255 for RF, indicating difficulties in direct
quantitative prediction due to the overlap of spectral bands of the major constituents of milk.
However, in the qualitative analysis (classification with a limit of 500,000 cells/mL), the LDA
model showed superior sensitivity (79.5%) compared to RF (45.5%), being more suitable for
initial mastitis screening. For ciprofloxacin, regression also showed poor performance (R? of
0.325 for RF), but the RF classification model stood out with an accuracy of 76% and an F1-
Score of 0.784 in distinguishing samples above and below the Maximum Residue Limit of 100
png/L. Tt is concluded that, although the accurate quantitative prediction of CCS and
ciprofloxacin in liquid milk via FTIR still presents technical challenges due to the complexity
of the matrix, the qualitative approach based on machine learning demonstrates feasibility as a
rapid, non-destructive, and low-cost screening tool. Such models can be integrated into
laboratory routines for the preliminary identification of non-conformities, optimizing quality

control and reinforcing food safety in the dairy sector.

Keywords: Milk; Mastitis; Ciprofloxacin; FTIR; Chemometrics; Machine Learning.



I - REFERENCIAL TEORICO
1 INTRODUCAO

O leite ¢ um alimento de grande importancia nutricional e econdmica em todo o mundo,
com uma composicdo bioquimica complexa e papel essencial na alimentagdo humana.
Assegurar a qualidade e a seguranca do leite ¢ fundamental tanto para a prote¢do da satude
publica quanto para a sustentabilidade do setor lacteo. No Brasil, essa garantia ¢ regulamentada
pelas Instrugdes Normativas n® 76 e 77, de 2018, do Ministério da Agricultura, Pecuaria e
Abastecimento (MAPA). Essas normas estabelecem limites obrigatorios para indicadores de
qualidade, como a Contagem de Células Somaticas (CCS) que reflete a saide mamaria dos
animais, e proibem a presenca de residuos de medicamentos veterinarios, especialmente
antibioticos, no produto final (MAPA, 2018b, 2018a).

A presenca de residuos de antibidticos no leite, mesmo em concentragdes reduzidas,
constitui um risco significativo a satide publica. Esses residuos podem causar reagdes alérgicas
em pessoas sensiveis e, de forma mais preocupante, favorecer o desenvolvimento de resisténcia
antimicrobiana, um dos principais desafios sanitdrios globais na atualidade (COSTA et al.,
2024). Além disso, uma contagem elevada de células somadticas no leite ¢ um indicador
importante de mastite subclinica no rebanho, uma inflamacdo da glandula mamaria que nao
apresenta sinais clinicos evidentes. Essa condicdo ndo apenas prejudica a saide dos animais,
mas também reduz a qualidade do leite, diminui o rendimento nos processos industriais de
fabricagdao de derivados lacteos e encurta o tempo de conservagao do produto final (STANEK;
ZOELKIEWSKI; JANUS, 2024).

Nesse contexto, a detec¢do rapida e confiavel de contaminantes e indicadores de
qualidade representa um desafio fundamental para a industria lactea. Técnicas analiticas
tradicionais, como a cromatografia liquida de alta eficiéncia (HPLC) para identificar
antibidticos e a citometria de fluxo para contagem de células somaticas, que, apesar de precisas,
apresentam limitagdes praticas, sdao processos trabalhosos, demandam tempo, alteram
irreversivelmente a amostra ¢ dependem do uso de reagentes quimicos, o que eleva os custos
operacionais e gera residuos com impacto ambiental (DENOBILE; DE SOUZA
NASCIMENTO, 2004). Essa limitacio dos métodos tradicionais evidencia a necessidade de
abordagens analiticas alternativas que sejam rdpidas, ndo destrutivas e ambientalmente
sustentaveis. A espectroscopia no infravermelho médio (MIR) destaca-se como uma alternativa
promissora, pois permite caracterizar de forma abrangente a composi¢do quimica do leite em

poucos segundos, com preparagdo minima ou nula da amostra e sem gerar residuos quimicos



(MENDES; DUARTE, 2021). Contudo, os espectros MIR sdo complexos, com alta
dimensionalidade e sobreposi¢do de bandas, o que torna a extragdao de informagdes especificas
um desafio, que pode ser superado pela utilizacdio de a quimiometria e o aprendizado de
maquina, que fornecem métodos estatisticos e algoritmos capazes de processar os dados
espectrais, reconhecer padrdes sutis ¢ desenvolver modelos preditivos robustos para quantificar
ou classificar compostos de interesse no leite (KAROUI; DOWNEY; BLECKER, 2010).
Considerando a necessidade de métodos analiticos avancados para o monitoramento da
qualidade do leite, esta tese tem como objetivo desenvolver e validar modelos baseados em
espectroscopia no infravermelho médio (MIR), associados a métodos quimiométricos e de
aprendizado de maquina, para monitorar dois indicadores criticos de qualidade do leite: a
presenca de residuos de antibidticos e a contagem de células somaticas. O estudo compara
diferentes abordagens de modelagem, desde técnicas classicas de regressdo multivariada, como
0os Minimos Quadrados Parciais (PLS), até algoritmos mais recentes de aprendizado de
maquina, como o Random Forest (RF), visando identificar as estratégias mais eficientes para a
detecgdo e quantificagdo desses parametros de forma rapida, ndo destrutiva e sustentavel. Além
disso, serdo avaliados métodos de selecdo de varidveis, como o algoritmo Boruta, com o
objetivo de aprimorar o desempenho dos modelos e identificar as regides do espectro MIR mais
informativas para a predicdo dos analitos de interesse. Espera-se que os resultados desta
pesquisa contribuam para o desenvolvimento de ferramentas analiticas mais eficientes, rapidas
e sustentaveis, com potencial para aplicagdo em larga escala no controle de qualidade do leite,

refor¢ando assim a seguranca alimentar e a prote¢do da satide publica.



2 REVISAO DE LITERATURA

2.1 Producao e consumo de leite

A produgdo de leite ¢ uma das atividades mais importantes do setor agropecuario
mundial, sendo essencial para garantir o acesso a alimentos nutritivos, além de contribuir para
o desenvolvimento econdmico e social de muitos paises. Toda a cadeia do leite, que vai da
ordenha nas fazendas até o consumidor final, forma um sistema complexo e interligado que
envolve milhdes de pessoas, produtores rurais, técnicos, trabalhadores da industria,
comerciantes, e representa uma parcela relevante da economia global. Em 2024, a produgao
mundial de leite chegou a 906 milhdes de toneladas, o que representa um crescimento de 1,8%
em comparacdo com 2023. Esse aumento foi impulsionado, principalmente, pelo maior
consumo de leite e derivados em paises da Asia e da Africa (FAO, 2024).

A India, os Estados Unidos, a China, o Paquistdo e o Brasil sdo os cinco maiores
produtores de leite do mundo (FAO, 2024). O Brasil se destaca nesse cenario global, sendo o
quarto maior produtor de leite do mundo e o principal produtor da América Latina. A producao
nacional foi estimada em 35,8 bilhdes de litros em 2024, com expectativa de chegar a 36,5
bilhdes de litros em 2025, um crescimento de cerca de 2%. Essa atividade ¢ fundamental para
a economia do campo brasileiro, gerando renda e emprego, principalmente em Minas Gerais,
Parana e Rio Grande do Sul, os trés estados que respondem pela maior parte da producao
nacional (IBGE, 2025).

Quanto ao consumo, o consumo de leite no Brasil varia dependendo daidade, da regidao
do pais e da situacdo socioecondmica das pessoas. Entre adultos e idosos, cerca de 74 em cada
100 consomem leite, mas s6 44 em cada 100 o fazem com frequéncia ou seja, pelo menos cinco
vezes por semana. Esse hdbito ¢ mais comum entre mulheres, pessoas mais velhas e aquelas
que t€tm uma alimentagdo de melhor qualidade (LUZ et al., 2021). Entre adolescentes, o
consumo inadequado de leite ¢ alto, onde quase 59 em cada 100 adolescentes ndo bebem leite
todos os dias. Esse padrao ¢ mais comum no Nordeste do Brasil e entre jovens cujas maes t€ém
menor nivel de escolaridade e que praticam menos atividade fisica (SILVA et al., 2020). Dados
nacionais coletados entre 2008 e 2009 mostram que apenas 43% da populacdo brasileira
consumia produtos lacteos de forma regular. Entre esses produtos, o leite foi o mais consumido,
presente na dieta de 21,1% das pessoas. A quantidade média didria de laticinios ingerida por
pessoa foide 142 gramas. Esse consumo foi mais frequente em areas urbanas e entre dois grupos

etarios, jovens e idosos (MURPHY et al., 2016; POSSA et al., 2017).
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Diante desta produ¢do e consumo de leite e seus derivados no Brasil, a seguranga
alimentar e qualidade do leite tornaram-se aspectos cruciais que envolvem toda a cadeia
produtiva, desde a ordenha até o consumidor final. Organizag¢des internacionais, como a Codex
Alimentarius e Comité regulatorio da UE, definem parametros que servem de referéncia para
muitos paises, incluindo limites para bactérias, contagem de células somaticas, residuos
quimicos e praticas de higiene na produgdo e processamento do leite (FAO, 2004, 2023; UE,
2017). No Brasil, a legislacao ¢ regida principalmente pelas Instrugdes Normativas 76 ¢ 77 do
Ministério da Agricultura, Pecudria e Abastecimento (MAPA), que determinam padrdes para
contagem bacteriana total, SCC, teor de gordura, solidos totais, lactose e proteina, além de
critérios para rotulagem e rastreabilidade (MAPA,2018a, 2018b). No contexto da exigéncia por
qualidade e seguranga, destaca-se a preocupacdao com a presenca de residuos de substincias

quimicas, especialmente os antibidticos, amplamente empregados no setor leiteiro.

2.2 Composic¢ao fisico-quimica

O leite de vaca ¢ um fluido bioquimico complexo e altamente nutritivo, composto por
centenas de substincias, como proteinas, gorduras, carboidratos, minerais e vitaminas. Suas
proteinas representam entre 2,6% e 5,3% da composi¢do total e incluem fragcdes importantes
como a [-caseina, a k-caseina e as proteinas do soro, entre elas, imunoglobulinas, a-
lactoalbumina, B-lactoglobulina, lactoferrina e transferrina. Essas proteinas tém alto valor
bioldgico porque contém todos os aminoécidos essenciais A gordura do leite corresponde a
aproximadamente 4,5% de sua composicdo e ¢ formada principalmente por acidos graxos
saturados, que podem representar até 65% desse total. Além desses acidos, também estdo
presentes glicerideos e lipidios complexos (RODRIGUEZ-BERMUDEZ et al., 2023; ZOU et
al., 2024). O principal carboidrato ¢ a lactose, fonte importante de energia e unica fonte de
galactose para o organismo humano. O leite contém minerais como calcio, potassio, fosforo e
magnésio em formas biologicamente disponiveis, ou seja, facilmente absorvidas pelo
organismo, sendo essenciais para o crescimento e o desenvolvimento corporal. Além disso,
fornece vitaminas lipossoluveis (A, D, E e K) e hidrossoltiveis (do complexo B e vitamina C),
0 que contribui para seu alto valor nutricional (FOROUTAN et al., 2019; KUDRINA;
KOGEVNIKOVA; KHUDYAKOVA, 2025).

A composicao do leite pode variar conforme a raca bovina, por exemplo Holstein e
Jersey, a regido geografica e o tipo de alimenta¢do utilizada, como pastagem ou ragao
concentrada. Essas variagdes influenciam componentes especificos, como a concentragdo de

proteinas bioativas, entre elas, a lactoferrina, e o perfil lipidico (ZOU et al., 2024). Fatores



genéticos também influenciam a composicao do leite em termos de gordura, proteina e sélidos
totais com herdabilidades moderadas a altas para esses tragos. Além disso, variagdes diurnas na
composicao do leite foram observadas, com diferengas em metabolitos menores e componentes
imunologicos entre o leite coletado durante o dia e a noite (TENG et al., 2021; WODAJO
TIRFIE, 2023).

O leite bovino possui diversas propriedades fisico-quimicas que determinam sua
qualidade e desempenho na industria de alimentos. Entre elas estdo a composi¢do, bem como
caracteristicas como pH, densidade, viscosidade, tensdo superficial e estabilidade térmica.
Esses fatores influenciam diretamente o comportamento do leite durante os processos
tecnoldgicos, como pasteurizagdo, homogeneizagdo e fermentacdo (CHEN et al, 2024;
MCCARTHY, 2022). A estrutura das micelas de caseina ¢ essencial para a coagulagao do leite,
etapa fundamental na producdo de queijos. Por sua vez, as propriedades térmicas do leite
definem sua resisténcia a tratamentos térmicos, como a pasteurizagdo e a ultrafiltracdo (GAlet
al., 2021; NUNES; TAVARES, 2019). Variantes genéticas das proteinas do leite afetam
diretamente propriedades tecnologicas importantes, como a coagulacdo enzimatica, a
estabilidade ao calor e a capacidade de formagdo de gel. Essas caracteristicas influenciam o
rendimento e a qualidade dos produtos lacteos derivados, como queijos e iogurtes (GAI et al.,
2021). Tecnologias emergentes, como a alta pressdo hidrostatica e o ultrassom, vém sendo
investigadas por sua capacidade de preservar os componentes bioativos do leite, a0 mesmo
tempo em que alteram suas propriedades funcionais, como solubilidade, capacidade
emulsificante e formacao de espuma (CHEN et al., 2024; NUNES; TAVARES, 2019). Além
disso, fatores ambientais e praticas de manejo animal podem modificar as caracteristicas fisico -
quimicas do leite, afetando sua adequagdo para a producdo de diferentes derivados lacteos

(BERRUGA etal., 2021).

2.3 Parametros de qualidade e seguranca

A qualidade e a seguranga do leite dependem de uma combinagdo de parametros
quimicos, microbiologicos e fisicos, que afetam tanto a satide do consumidor quanto o valor
comercial do produto. Entre os pardmetros quimicos essenciais estdo o teor de gordura,
proteina, lactose e a auséncia de substancias inibitorias. A qualidade microbiologica ¢ avaliada
com base na contagem de bactérias deteriorantes, como Pseudomonas spp., patdgenosm como
Salmonella e Staphylococcus e c€lulas somaticas, que servem como indicadores da saude da
glandula mamaria do animal (BACIGALE et al., 2023; FUSCO et al., 2020). Preocupagdes

emergentes incluem a presenca de contaminantes quimicos no leite, como micotoxinas,



residuos de antibidticos, metais pesados e toxinas de origem vegetal, que podem representar
riscos a satide humana com o consumo prolongado (FUSCO et al., 2020; PUGA-TORRES et
al., 2022). Como visto, sdo vastos os pardmetros associados a qualidade do leite, todavia, a
presente tese focara apenas em realizar a fundamentagdo tedrica de dois parametros, células

somaticas e residuos de antibioticos, mais especificamente a ciprofloxacina.

2.3.1 Células somaticas

As células somaticas presentes no leite constituem uma mistura de células epiteliais e
células do sistema imune, como neutrofilos, macrofagos e linfécitos, liberadas naturalmente
durante a ordenha. Essas células desempenham um papel essencial na defesa da glandula
mamaria contra infec¢des e na preservagdo da integridade do tecido mamario (ALHUSSIEN;
DANG,2018). A contagem de células somaticas (CCS) no leite ¢ amplamente empregada como
indicador da satde da glandula mamaria e da qualidade do leite, pois valores elevados
geralmente sinalizam inflamacao ou infec¢do, como a mastite (KASKOUS; FARSCHTSCHI,
PFAFFL, 2022). A mastite pode se apresentar nas formas clinica ou subclinica. A forma
subclinica ¢ caracterizada por uma contagem elevada de CCS na auséncia de sinais visiveis da
doenga, mas ainda assim resulta em reduc¢do da produgdo de leite e alteracdes em sua
composicao.

A alta CCS afeta negativamente a composi¢ao do leite ao reduz os teores de caseina,
lactose e solidos totais, a0 mesmo tempo que aumenta as proteinas do soro, os acidos graxos
livres e altera o equilibrio mineral. Essas mudancgas resultam em menor teor proteico e reduzem
o rendimento industrial do leite (CINAR et al., 2015; ERMETIN; KUL; OKUYUCU, 2024). O
leite com alto teor de SCC também apresenta aumento da atividade enzimatica, causando
lipolise e protedlise mais rapidas, o que deteriora a qualidade do leite durante o armazenamento,
resultando em sabores desagradaveis como rango € amargor que reduzem a vida util (MA et al.,
2000). Industrialmente, leite com alto SCC causa tempos de coagulagdo mais longos, reducao
na producao de queijo, tempos de batimento mais longos da manteiga, alteracdo da estabilidade
térmica dos pos e, no geral, pior qualidade do produto (AULDIST, 2011). Portanto, manter um
baixo SCC ¢ fundamental para preservar a qualidade composicional do leite, a eficiéncia do
processamento industrial e a vida 1til do leite.

Os padroes brasileiros atuais para a CCS no leite sdo estabelecidos pelas Instrugdes
Normativas n® 76 e n° 77 de 2018 (MAPA, 2018a, 2018b), que definem requisitos rigorosos e
uniformes em todo o territério nacional, com o objetivo de assegurar a saude do rebanho e a

qualidade do produto final. Para o leite cru refrigerado, o limite maximo permitido ¢ de 500.000



células/mL, calculado como média geométrica trimestral. Esse valor deve ser respeitado por
todos os produtores que entregam leite a industria, independentemente da regido do pais. No
caso do leite Tipo A, a legislagio impde um critério ainda mais restritivo, fixando o limite
maximo de CCS em 400.000 células/mL. O descumprimento desses parametros por trés meses
consecutivos obriga o estabelecimento processador a suspender a coleta de leite na propriedade.
Para retomar o fornecimento, o produtor deve implementar medidas de controle sanitario e

ajustes no manejo da ordenha e do rebanho, conforme exigido pela legislagao.

2.3.2 Residuos de antibioticos

A presenca de residuos de antibioticos no leite representa um dos principais desafios
para a seguranca alimentar e a saude publica em escala global, sendo consequéncia direta do
uso frequente de medicamentos veterinarios na producao leiteira. Esses residuos sdo definidos
como compostos farmacologicamente ativos, incluindo seus metaboélitos e produtos de
degradagdo, que permanecem no leite apds a administragdo do farmaco ao animal. Estima-se
que, anualmente, mais de 60 mil toneladas de antibidticos sejam utilizadas na pecuaria global,
com finalidades terapéuticas e profilaticas e, em alguns casos, como promotores de crescimento
(SACHI et al., 2019). O uso indiscriminado desses farmacos, combinado ao ndo respeito do
periodo de caréncia, leva a contaminag@o do leite que chega as industrias e ao consumidor final
(COSTA etal., 2024).

A ingestdo de leite contaminado com residuos de antibidticos representa um risco
significativo a saide humana. O principal impacto ¢ a selecdo de bactérias resistentes a esses
medicamentos, um processo que contribui diretamente para a resisténcia antimicrobiana, um
problema global que torna infec¢des comuns cada vez mais dificeis de tratar. Além disso, a
exposicdo prolongada a baixas concentragdes de antibidticos pode causar reagdes de
hipersensibilidade e alergias agudas e também alterar o equilibrio da microbiota intestinal
humana (PIRES et al., 2024). Do ponto de vista industrial, a presenga dessas substincias afeta
negativamente a produgdo de derivados lacteos fermentados, como queijos e iogurtes, pois 0s
residuos de antibioticos inibem o crescimento das culturas starters, levando a falhas no processo
de acidificacdo e causando prejuizos econdmicos ao setor de laticinios (ALENEZI et al., 2024).
A Tabela 1 apresenta as principais classes de antibidticos detectadas em leite e seus respectivos

impactos e contextos de uso.



Tabela 1. Classes de antimicrobianos utilizadas na pecudria, seus usos principais e impactos

predominantes
Classe Principal uso na pecuaria Impacto Predominante
Beta-lactaimicos Tratamento de mastite e terapia de Reacdes alérgicas e inibicao de
vaca seca fermentacao
Tetraciclinas Amplo espectro (terapéutico e Selecdo de resisténcia bacteriana
profilatico)
Sulfonamidas Controle de infecgdes sistémicas Riscos toxicolégicos e
persisténcia
Quinolonas Tratamento de infec¢des graves Desenvolvimento de
multirresisténcia

Informagdes extraidas de SACHI et al. (2019) e COSTA et al. (2024)

No Brasil, o controle de residuos de antibidticos no leite ¢ regulamentado pelo
Ministério da Agricultura e Pecuéaria (MAPA) e pela Agéncia Nacional de Vigilancia Sanitaria
(ANVISA). A Instru¢do Normativa n° 77, de 2018, determina que as industrias de laticinios
devem adotar programas de autocontrole, incluindo testes de triagem para detectar residuos de
antibidticos em cada tanque de recepgao de leite, com énfase nos grupos dos beta-lactamicos e
das tetraciclinas (MAPA, 2018a). Complementarmente, a ANVISA estabelece, por meio da
Instrucdo Normativa n° 162, de 2022, os Limites Méaximos de Residuos (LMR) permitidos para
cada principio ativo. Esses limites servem como referéncia técnica para o Plano Nacional de
Controle de Residuos e Contaminantes (PNCRC) (BRASIL, 2017).

A eficacia do monitoramento desses contaminantes depende da aplicagdo de métodos
analiticos precisos e sensiveis. Embora testes rapidos de triagem sejam amplamente utilizados
nas plataformas de recepcao de leite por sua baixa custo e rapidez, métodos confirmatérios e
quantitativos, como a cromatografia liquida de alta eficiéncia (HPLC), sdo essenciais para
assegurar a conformidade com os LMR estabelecidos, sendo estes métodos demorados e
custosos (COSTA et al., 2024). Nesse contexto, a integragdo de técnicas espectroscopicas, como
a espectroscopia no infravermelho médio combinada a métodos quimiométricas, surge como
uma alternativa promissora para a deteccdo simultinea e rapida de multiplos residuos de
antibioticos. Essa abordagem permite otimizar o controle de qualidade e assegurar a integridade

do leite liquido destinado ao consumo humano.

2.3.3 Ciprofloxacina



A ciprofloxacina ¢ uma fluoroquinolona amplamente utilizada devido ao seu amplo
espectro de acdo contra bactérias Gram-negativas e Gram-positivas. Seu mecanismo de agdo
consiste na inibicdo das enzimas DNA girase e topoisomerase IV, fundamentais para a
replicacdo do material genético bacteriano (DOS SANTOS et al., 2026). Embora seu uso direto
em medicina veterindria seja restrito em diversos paises, a ciprofloxacina desempenha um papel
relevante na seguranga do leite, pois ¢ o principal metabolito ativo da enrofloxacina, um
antimicrobiano de uso exclusivamente veterinario (MAHMOOD et al., 2016). Em bovinos
tratados com enrofloxacina, a biotransformacdo hepatica leva a excrecdo de ciprofloxacina no
leite, podendo essa substancia corresponder a at¢ 90% do residuo total detectado. Essa
caracteristica torna a monitoracdo da ciprofloxacina essencial para avaliar a exposi¢do do
consumidor a residuos antimicrobianos (COSTA et al., 2024). O Quadro 1 apresenta, de forma
resumida, as principais propriedades fisico-quimicas e os pardmetros regulatorios da

ciprofloxacina no contexto da producao leiteira e na Figura 1 ¢ mostrado sua estrutura quimica.

Quadro 1. Caracteristicas e parametros legislativos da ciprofloxacina

Parametro Descricao

Classe Quimica Fluoroquinolona

Origem no Leite Metabolismo da Enrofloxacina (até 90% do residuo)
Mecanismo de Ag¢do Inibigdo da DNA girase e Topoisomerase [V

LMR (Brasil) 100 pg/L (Soma de Enrofloxacina + Ciprofloxacina)
Impacto Principal Resisténcia Antimicrobiana e Toxicidade Organica

Informagdes extraidas de ANVISA (2022), MAHMOOD et al. (2016) e COSTA et al. (2024)
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Figura 1. Estrutura quimica da ciprofloxacina Fonte: Autor

No ambito regulatério brasileiro, a Agéncia Nacional de Vigilancia Sanitaria
(ANVISA), por meio da Instrugdo Normativa n® 162, de 2022, determina que o LMR para

fluoroquinolonas em leite deve ser expresso como a soma das concentragcdes de enrofloxacina
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e sua principal metabolito ativa, a ciprofloxacina. O LMR estabelecido para leite bovino ¢ de
100 pg/L, valor referente a soma das concentragdes de enrofloxacina e ciprofloxacina
(ANVISA, 2022).

A detecgao eficaz de ciprofloxacina em matrizes complexas, como o leite, requer
métodos analiticos que combinem sensibilidade e rapidez. A cromatografia, embora seja um
método de referéncia para a deteccdo de ciprofloxacina, apresenta limitagdes relevantes. Entre
elas destacam-se o alto custo operacional, associado ao consumo de solventes e colunas, o
tempo prolongado de andlise e a complexidade na preparacdo da amostra, que frequentemente
requer etapas de extracdo em fase solida (SPE). Essas etapas ndo apenas geram residuos
quimicos, mas também podem introduzir erros analiticos. Adicionalmente, o método permanece
suscetivel a interferéncias da matriz do leite, que podem comprometer a precisao dos resultados
(APARNATHI et al., 2023; DI ROCCO et al., 2020; WILKIE et al., 2025). Além disso, o
método permanece suscetivel a interferéncias matriciais que comprometem a precisdo. Como
alternativa promissora, a espectroscopia no infravermelho por transformada de Fourier (FTIR),
combinada com ferramentas quimiométricas, tem se destacado por permitir uma analise rapida,
de baixo custo e com preparagdo minima da amostra. Essa abordagem emprega modelos
estatisticos para identificar a assinatura espectral da ciprofloxacina mesmo em matrizes
complexas, dispensando etapas de separa¢do fisica do analito. Embora a sensibilidade do FTIR-
quimiometria possa ser inferior a da LC-MS/MS na anélise de tragcos, como demonstra alguns
estudos (BIANCOLILLO et al.,, 2020; CEBI et al., 2023; NAZRI, 2025), sua eficiéncia,
sustentabilidade e custo-beneficio a qualificam como uma alternativa superior para
monitoramento de rotina e triagem em larga escala, superando as principais limitagdes praticas

dos métodos cromatograficos.

2.4 Espectroscopia no infravermelho médio

A espectroscopia no infravermelho médio (MIR) baseia-se na interagdo da radiagdo
eletromagnética com a matéria na regido espectral entre 4000 e 400 cm™!, o que corresponde a
comprimentos de onda de 2,5 a 25 um (MENDES; DUARTE, 2021). O principio fisico dessa
técnica reside na absor¢do de fotons cuja energia corresponde as transicdes entre niveis
vibracionais de moléculas poliatdmicas. Para que uma molécula absorva radiacdo no
infravermelho médio, sua vibracdo deve provocar uma variagao liquida no momento de dipolo
elétrico. Essa condicdo torna a técnica particularmente sensivel a grupos funcionais polares,

comuns em matrizes bioldgicas complexas como o leite. Os modos vibracionais fundamentais
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sdo classificados em estiramentos, que envolvem mudangas no comprimento das ligacdes, e
deformagdes angulares, que alteram os angulos entre as ligacdes quimicas (LARKIN, 2018).

O espectro MIR ¢ dividido em duas regides principais: a regido dos grupos funcionais
(4000-1500 cm!) e a regido da impressdo digital (1500—400 cm!). Na primeira, as bandas de
absor¢do correspondem a vibragdes caracteristicas de grupos quimicos especificos, como as
ligagdes O—H da agua, C—H dos lipidios e as bandas Amida I e Amida II das proteinas (DE
FREITAS et al., 2021; RACHAH et al., 2021). Ja a regido da impressdo digital apresenta
padrdes espectrais complexos e unicos, originados de vibragdes combinadas do esqueleto
molecular, conferindo a técnica a capacidade de identificar e diferenciar compostos (MENDES;
DUARTE, 2021). A quantificacdo de analitos baseia-se na Lei de Beer-Lambert, que estabelece
uma relagdo linear entre a absorbancia e a concentracdo da substincia, fundamentando o
emprego da espectroscopia para andlises quantitativas em sistemas contendo
multicomponentes, como o leite (LARKIN, 2018; LOIANNO, 2023).

Os equipamentos atuais para andlise MIR utilizam predominantemente a espectroscopia
FTIR. Diferentemente dos espectrometros dispersivos tradicionais, que avaliam as frequéncias
da radiacdo de forma sequencial, o FTIR emprega um interferdmetro para registrar
simultaneamente todas as frequéncias presentes na amostra. O sinal obtido contém a informacao
espectral completa e ¢ convertido, por meio da transformada de Fourier, em um espectro de
absorc¢do interpretavel, permitindo maior eficiéncia na coleta de dados e melhor relagao sinal-
ruido em comparagdo com métodos convencionais (LARKIN, 2018). Essa abordagem
apresenta vantagens fundamentais, como a coleta simultanea de todas as frequéncias espectrais,
que resulta em uma relacdo sinal-ruido superior, e a calibragdo altamente estavel do sistema
optico, que garante precisdo nas medigdes de frequéncia. Essas caracteristicas possibilitam
analises rapidas e com elevada reprodutibilidade (NANDIYANTO;RAGADHITA; FIANDINI,
2022). Na analise de liquidos como o leite, ¢ comum utilizar o modo de reflexao total atenuada
(ATR). Nesse método, a amostra entra em contato direto com um cristal de alto indice de
refracdo. Esse procedimento dispensa etapas complexas de preparacdo da amostra, como
diluicdes ou secagem, preservando a integridade da matriz original (MENDES; DUARTE,
2021).

Na anélise de leite fluido, o MIR permite quantificar simultaneamente os constituintes
fundamentais. O perfil espectral caracteristico do leite ¢ definido por trés regides de absor¢ao
principais, sendo elas a banda atribuida aos triacilglicerois (vibragao de estiramento do grupo
carbonila C=0, proximo a 1745 cm™!), a banda da Amida I das proteinas (aproximadamente
1650 cm™) e as vibragdes dos grupos C-O da lactose (na faixa de 1200 a 900 cm!). Essas

assinaturas espectrais constituem a base para a caracterizacdo quimica rapida e ndo destrutiva
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da matriz lactea (DULINSKI etal., 2025; KARAMAN ectal., 2021; TSENKOVA et al., 2001).
A Tabela 2 resume as principais regides espectrais e as vibragdes moleculares associadas aos

constituintes do leite.

Tabela 2. Regides espectrais do infravermelho e atribuigdes quimicas no leite

Regido Espectral Tipo de Vibracao Atribuicio Quimica

4000 — 3000 cm™!  Estiramento O-H e N-H Agua e Proteinas (Amida A)
3000 — 2800 cm!  Estiramento C-H (CH2 e CH3) Cadeias aciclicas de Lipidios
1750 — 1700 cm’!  Estiramento C=0 (Ester) Triacilglicerois (Gordura)

1700 — 1600 cm™'  Estiramento C=0 (Amida I)  Estrutura secundaria de Proteinas
1550 — 1500 cm™!  Deformagdo N-H (Amida II)  Proteinas Totais

1200 — 900 cm’! Estiramento C-O e C-C Lactose e Carboidratos
Informagdes extraidas de DULINSKI et al. (2025), KARAMAN et al. (2021) e TSENKOVA et al. (2001)

Me¢étodos para melhorar a efetividade do MIR para aplicagdes mais precisas tem sido
estudados, sendo uma delas sua combinagdo com métodos quimiométricas de calibracao
multivariada. Essa abordagem permite distinguir bandas espectrais sobrepostas e quantificar
compostos presentes em concentragoes reduzidas, como residuos de antibidticos € marcadores
associados a CCS. Como resultado, a espectroscopia MIR converte-se em uma ferramenta
analitica robusta, ndo destrutiva e de alto desempenho, capaz de fornecer resultados rapidos e

confiaveis.

2.5 Quimiometria

2.5.1 Conceitos fundamentais

A quimiometria consolidou-se como uma disciplina fundamental na quimica analitica
moderna, sendo definida como a aplicacdo de métodos matematicos e estatisticos para extrair
o maximo de informagao relevante de sistemas quimicos complexos (YAN,2025). Em matrizes
biologicas como o leite, os sinais analiticos de interesse costumam estar sobrepostos aos sinais
provenientes dos constituintes majoritarios, como agua, gordura e proteinas. Nesses casos, a
quimiometria possibilita a extragdo e resolugdo dessas informacdes por meio de modelos
multivariados (MENDES; DUARTE, 2021). Ao contrario da analise univariada tradicional, que
examina uma Unica variavel de cada vez, os métodos quimiométricos avaliam conjuntamente

todas as variaveis obtidas por técnicas espectroscOpicas. Essa abordagem permite identificar
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relacdes complexas entre as varidveis, sustentando tanto a andlise exploratoria quanto a
calibracdo multivariada (DOS SANTOS et al., 2026; SAJI et al., 2024).

A etapa de pré-processamento dos dados espectrais constitui uma fase essencial para o
desempenho adequado de modelos quimiométricos. Os espectros originais obtidos na regido do
infravermelho médio frequentemente apresentam distirbios fisicos e instrumentais que ndo
refletem a composicdo quimica real da amostra. Entre esses distirbios incluem-se o ruido
eletronico, alteragdes na trajetoria da radiagdo no equipamento, deslocamentos na linha de base
e fenomenos de espalhamento da luz. A correcdo dessas interferéncias por meio de pré-
processamento adequado € necessaria para realgar as informagdes quimicas relevantes e
garantir a robustez das andlises subsequentes (DAYANANDA et al.,, 2024; Yl et al., 2016). O
objetivo principal do pré-processamento ¢ eliminar ou reduzir essas variagdes indesejadas,
isolando a variagdo quimica de interesse e aumentando a robustez e a capacidade preditiva dos
modelos utilizados posteriormente (YAN, 2025).

Dentre as técnicas de pré-processamento mais disseminadas, destacam-se os métodos
de corregdo de espalhamento, como a Varidvel Normal Padrao (SNV) e a Correcao
Multiplicativa de Espalhamento (MSC). O SNV atua normalizando cada espectro
individualmente subtraindo sua média e dividindo pelo seu desvio padrao (MOKARI; GUO;
BOCKLITZ, 2023). Complementarmente, o uso de derivadas espectrais, frequentemente
Savitzky-Golay, desempenha um papel fundamental na corre¢do de desvios de linha de base e
na resolucdo de bandas espectrais sobrepostas. Ao realgar variagdes sutis na inclinagdo do
espectro, as derivadas aumentam a resolucao efetiva dos sinais, facilitando a distingdo entre
componentes quimicos com absor¢des proximas. Associada a esse procedimento, a suavizacao
¢ aplicada para atenuar o ruido de alta frequéncia, preservando as caracteristicas espectrais
auténticas e evitando que flutuagdes aleatdrias interfiram no desempenho dos modelos
quimiométricos (BUTLER et al., 2018; LEE; LIONG; JEMAIN, 2018), como analise dos

componentes principais (PCA) e minimos quadrados parciais (PLS)

2.5.2 Anadlise componentes principais

A PCA ¢ um método estatistico multivariado frequentemente utilizado para reduzir a
dimensionalidade de conjuntos de dados complexos, mantendo a maior parte da variabilidade
presente nos dados originais. O método transforma um conjunto de varidveis que podem
apresentar relacdes entre si em um novo conjunto de variaveis ndo correlacionadas,
denominadas componentes principais. A PCA ¢ amplamente aplicada na analise exploratoria de

dados, na identificacdo de padrdes, na deteccdo de observagdes atipicas e na visualizacdo de
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estruturas subjacentes aos dados (SANTOS et al., 2019; WOLD; ESBENSEN; GELADI,
1987).

Do ponto de vista matematico, a PCA ¢ realizada mediante a decomposicdo em valores
singulares ou pelo célculo dos valores e vetores proprios da matriz de covariancia dos dados
originais. Os valores proprios obtidos indicam a quantidade de variabilidade dos dados
explicada por cada componente principal, enquanto os vetores proprios, também denominados
loadings, estabelecem as diregdes no espago das varidveis originais associadas a essas
variabilidades maximas (MEGLEN, 1992). O primeiro componente principal retém a maior
fracdo da variabilidade total dos dados; o segundo componente principal captura a segunda
maior fra¢do, e assim sucessivamente para os demais componentes (SANTOS et al., 2019).

Quando combinada a espectroscopia no infravermelho médio (MIR), o pré-
processamento dos dados espectrais constitui uma etapa essencial antes da aplicacdo da PCA.
Desvios na linha de base dos espectros, alteracdes decorrentes do espalhamento da radiagdo e
variagdes introduzidas pelo equipamento de medi¢do podem mascarar as informagdes quimicas
associadas a amostra de interesse (BUTLER et al., 2018; LEE; LIONG; JEMAIN, 2018).
Técnicas como a corre¢do de espalhamento multivariado e a variancia normal padrdo sdo
frequentemente utilizadas para mitigar os efeitos de espalhamento. A normalizacdo dos
espectros ¢ uma etapa fundamental que garante a contribui¢do equilibrada de todas as varidveis
na analise. Sem esse procedimento, variaveis que apresentam valores mais altos poderiam
influenciar desproporcionalmente os resultados da PCA, comprometendo a representatividade
das demais informacdes espectrais. A normalizacdo ajusta a escala das variaveis, permitindo
que cada regido do espectro exerca influéncia proporcional na identificagdo das estruturas
latentes nos dados. (RINNAN; BERG; ENGELSEN, 2009).

A interpretacdo dos resultados da PCA fundamenta-se na analise dos graficos de escores
e de loadings. Os gréficos de escores apresentam a posi¢do de cada amostra no espago formado
pelos componentes principais, possibilitando a identificagdo de padrdes de agrupamento entre
as amostras, a observacdo de tendéncias sistematicas e a detec¢do de outliers. Amostras que
apresentam posigoes proximas no grafico de escores possuem perfis espectrais semelhantes
(JOLLIFFE; CADIMA, 2016). Por outro lado, os graficos de loadings expressam a contribui¢ao
de cada variavel para a formag¢ao de cada componente principal. Regides com valores elevados
nos loadings correspondem as porcdes do espectro que exercem maior influéncia na
diferenciacdo entre as amostras ou na explicagdo da varidncia dos dados, fornecendo

informagdes sobre as alteragdes quimicas (MEGLEN, 1992).
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2.5.3 Minimos quadrados parciais

O PLS ¢ um método estatistico multivariado robusto, frequentemente empregado para
modelar relagdes entre um conjunto de variaveis explicativas (matriz X) ¢ um conjunto de
varidveis resposta (matriz Y). Essa abordagem ¢ especialmente util quando as variaveis
preditoras apresentam colinearidade ou quando o numero de varidveis excede o numero de
observacgdes, situacdes comuns em dados espectroscOpicos e outras estruturas multivariadas
complexas (WOLD; SJOSTROM; ERIKSSON, 2001). Diferentemente da PCA, cujo objetivo
¢ capturar a maior parte da variabilidade presente nas variaveis preditoras, o método PLS busca
identificar componentes que maximizem a covaridncia entre as varidveis preditoras e as
variaveis resposta. Essa caracteristica torna o PLS especialmente adequado para situagcdes em
que se pretende desenvolver modelos preditivos ou investigar relacdes entre conjuntos de
variaveis (DE JONG, 1993).

A fundamentacdo matematica do método PLS baseia-se na extragdo de componentes
latentes tanto para o conjunto de varidveis preditoras (matriz X) quanto para o conjunto de
variaveis resposta (matriz Y). Esses componentes sao obtidos de modo a capturar a parcela da
variabilidade presente em X que apresenta maior relagdo com Y (MATEOS-APARICIO, 2011).

A elaboragdao de modelos robustos e confidveis pelo método de PLS requer pré-
processamento dos dados espectrais. Nesse processo, aplicam-se técnicas como a corre¢do do
espalhamento da radiacdo e a suavizacao dos espectros, geralmente com o filtro de Savitzky-
Golay. Esses procedimentos visam atenuar ruidos instrumentais, corrigir desvios na linha de
base dos espectros e acentuar as regides espectrais efetivamente associadas as propriedades
quimicas ou fisicas de interesse, aumentando assim a qualidade preditiva do modelo
(SIVAKESAVA; IRUDAYARAJ, 2002). A definicdo do ntmero apropriado de varidveis
latentes ¢ fundamental para prevenir o ajuste excessivo do modelo, o denominado overfitting,
situacdo em que este se adapta demasiadamente aos dados de treinamento e comprometendo
sua capacidade de generalizacdo. Para selecionar o numero 6timo de variaveis latentes,
utilizam-se métodos de validacdo cruzada como o leave-one-out ou a k-fold. Esses métodos
permitem estimar o erro de predicdo do modelo em dados ndo utilizados no treinamento,
possibilitando a escolha do niimero de varidveis latentes que minimiza o erro de validagdo e
assegura um equilibrio entre complexidade do modelo e capacidade preditiva (MEHMOOD et
al., 2012).

A validagdo de modelos construidos pelo método PLS baseia-se em métricas estatisticas
que avaliam sua capacidade preditiva e sua estabilidade. O erro médio quadratico de calibragdo

(RMSEC) quantifica o ajuste do modelo aos dados utilizados em seu treinamento, enquanto o
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erro médio quadratico de predicdo (RMSEP) mede o desempenho do modelo ao prever
amostras independentes ndo incluidas na etapa de calibracdo. O coeficiente de determinacao
(R?) expressa a propor¢do da variabilidade da resposta que é explicada pelo modelo. Para
aplicagdes de quantificacdo, destaca-se o parametro RPD (Residual Prediction Deviation),
definido como a razdo entre o desvio padrdo das amostras de referéncia e o RMSEP. Modelos
com valores de RPD superiores a 3 sdo geralmente considerados adequados para estimativas
quantitativas precisas, pois indicam que a variabilidade natural dos dados ¢ suficientemente
maior que o erro de predicio do modelo (MATEOS-APARICIO, 2011; MEHMOOD et al.,
2012).

2.6 Aprendizado de maquina

O aprendizado de maquina ¢ uma subdarea da inteligéncia artificial dedicada ao
desenvolvimento de algoritmos que permitem aos sistemas computacionais aprimorar seu
desempenho em determinadas tarefas com base na andlise de dados, sem a necessidade de
programacao explicita para cada situagdo. Em vez de seguir instru¢des rigidas previamente
definidas, esses algoritmos identificam padrdes e regularidades nos dados de treinamento,
utilizando essas informagdes para realizar inferéncias ou tomar decisdes em novos conjuntos
de dados (SHINDE; SHAH, 2018). No campo da quimiometria, o aprendizado de maquina tem
se consolidado como uma ferramenta essencial para a extragdo de informagdes relevantes de
conjuntos de dados complexos, como os obtidos por meio da espectroscopia MIR, que
frequentemente apresentam alta dimensionalidade e colinearidade entre as varidveis
(HOUHOU; BOCKLITZ, 2021).

O aprendizado de maquina pode ser classificado como aprendizado supervisionado e o
aprendizado ndo supervisionado. No aprendizado supervisionado, o algoritmo ¢ treinado com
um conjunto de dados previamente rotulado, no qual cada observagdo de entrada esta associada
a um valor de referéncia conhecido, no caso a variavel resposta. O objetivo ¢ que o modelo
aprenda a mapear as entradas para as saidas corretas, generalizando para novos dados nao
vistos. Dentro do aprendizado supervisionado, destacam-se duas categorias principais: a
regressdo, utilizada para prever valores continuos, por exemplo, a concentragdo de um analito
ou o teor de gordura no leite), e a classificacdo, empregada para atribuir amostras a categorias,
por exemplo, classificar amostras de leite como "conforme" ou "ndo conforme" para a presenca
de um contaminante (AGIOMAVRITI et al., 2024).

Em contraste com o aprendizado supervisionado, o aprendizado ndo supervisionado

opera com conjuntos de dados ndo rotulados, isto €, sem informagdes prévias sobre as categorias
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;.

ou valores de referéncia associados as observagdes. Seu objetivo ¢ identificar padroes
estruturais, agrupamentos naturais ou relacdes entre as variaveis com base exclusivamente nas
caracteristicas intrinsecas dos dados. As principais aplicagdes desse paradigma incluem o
agrupamento ou clustering, que organiza as observacdes em grupos homogéneos segundo
critérios de similaridade e a redugdo de dimensionalidade, que busca representar os dados em
um espaco de menor dimensao preservando a informacao mais relevante (AGIOMAVRITI et
al., 2024; SHINDE; SHAH, 2018). A PCA, anteriormente discutida, constitui um exemplo
classico de técnica de reducdo de dimensionalidade nado supervisionada.

A relevancia do aprendizado de maquina na analise de alimentos, com énfase no leite,
tem aumentado significativamente. Sua capacidade de processar grandes volumes de dados
espectrais e identificar relagdes complexas, inclusive nao lineares, torna essa abordagem
especialmente adequada para a detec¢do de fraudes, a identificagdo de contaminantes e a
avaliagdo de parametros de qualidade (FREITAS et al., 2021). A combinacao de modelos de
aprendizado de maquina com o MIR possibilita o desenvolvimento de sistemas de controle de
qualidade que sdo rapidos, ndo destrutivos e eficientes, podendo ser implementados em tempo

real nas linhas de produgdo da indéstria lactea (DULINSKI et al., 2025).

2.6.1 Random Forest

O Random Forest (RF) é um algoritmo de aprendizado de maquina versatil e
amplamente utilizado. O RF utiliza a técnica de bagging, na qual multiplas arvores de decisao
sdo construidas de forma independente, cada uma a partir de uma amostra aleatdria com
reposi¢ao extraida do conjunto de dados de treinamento. A previsdo final do modelo ¢ obtida
pela combinacao dos resultados individuais de cada arvore por meio da maioria dos votos em
classificacdo ou da média das previsdes em regressdo. Esse procedimento reduz a variabilidade
das estimativas e aumenta a estabilidade do modelo, conferindo ao RF elevada robustez e
capacidade de generalizacdo para novos dados (BREIMAN, 2001; TOUW et al., 2013).

O funcionamento do RF fundamenta-se em dois mecanismos de aleatoriedade que
contribuem para sua robustez, a amostragem bootstrap e a selecdo aleatdria de varidveis
preditoras. No primeiro, cada arvore de decisao ¢ construida a partir de uma amostra aleatoria
extraida com reposicdo do conjunto de dados original. Consequentemente, algumas
observacdes podem aparecer repetidas vezes nessa amostra, enquanto outras nao sao incluidas,
formando o conjunto out-of-bag (OOB). Esse conjunto OOB, composto pelas observagdes ndo
utilizadas no treinamento de uma determinada arvore, pode ser empregado para estimar

internamente o desempenho do modelo, sem a necessidade de uma particdo separada de
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validacao (BREIMAN, 2001). Além disso, em cada n6 de cada arvore, apenas um subconjunto
aleatorio das variaveis preditoras € considerado para a divisdo, e ndo todas as variaveis. Esse
parametro, conhecido como mtry, garante a diversidade das arvores e evita a correlacdo entre
elas, garantindo que o erro de predicdo do RF seja menor do que o de uma tnica arvore
(PARMAR; KATARIYA; PATEL, 2019).

As caracteristicas do RF o tornam adequado para a anélise de dados espectrais obtidos
por MIR, onde ¢ capaz de lidar de forma eficiente com conjuntos de dados de alta
dimensionalidade, onde o nimero de variaveis ¢ muito maior que o numero de amostras, uma
caracteristica comum em espectroscopia (DE SANTANA; BORGES NETO; POPPI, 2019).
Além disso, o RF ¢ capaz de modelar relagdes ndo-lineares complexas entre os espectros e as
propriedades quimicas de interesse, e ¢ bastante robusto a outliers e ruidos nos dados (DA
SILVA; OLIVEIRA; VILLA, 2025). A arquitetura do Random Forest, baseada na agregacao de
multiplos modelos, confere-lhe menor suscetibilidade ao overfitting quando comparado a
arvores de decisao individuais. Essa caracteristica resulta em modelos mais estdveis e com

maior capacidade de generalizacdo para novas observagoes.

2.6.2 Algoritmo Boruta

O Algoritmo Boruta ¢ um método estatistico para selecdo de varidveis com propriedades
robustas, que se distingue por identificar todas as varidveis que apresentam associagdo com o
composto estudado, em contraste com abordagens que retém apenas um conjunto reduzido de
variaveis suficientes para a modelagem preditiva. Ao contrario de métodos que ordenam as
variaveis segundo critérios de relevancia, como a importancia de Gini empregada na técnica de
RF, o Boruta emprega uma estratégia estatistica rigorosa para separar variaveis importantes de
ruido, tornando-o particularmente valioso em dados com alta dimensionalidade, como os
encontrados em dados espectrais (KURSA; RUDNICKI, 2010; ZHOU; XIN; LI, 2023).

O Boruta ¢ um método que utiliza diretamente o RF como base para seu funcionamento,
atuando como uma camada adicional que organiza e interpreta os resultados do RF. Sua
estratégia consiste em comparar a importancia de cada variavel original do conjunto de dados
com a importancia de varidveis artificiais geradas aleatoriamente, chamadas de variaveis
sombras, para identificar quais variaveis carregam informacao real e quais se comportam como
ruido IRANZAD; LIU, 2025). Para cada variavel original do conjunto de dados, o Boruta gera
uma versdo modificada na qual os valores s3o reorganizados aleatoriamente, processo

conhecido como embaralhamento. Essas versoes modificadas sdo denominadas variaveis
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sombra e servem como referéncia para distinguir variaveis informativas de ruido
(MANIKANDAN et al., 2024).

O Boruta opera por meio de um processo repetitivo. Em cada ciclo, um modelo RF ¢
treinado com todas as varidveis, tanto as originais quanto as sombra. ApoOs o treinamento,
calcula-se a importincia de cada variavel. Em seguida, uma varidvel original ¢ classificada
como relevante quando sua importancia supera, de forma significativa, a maior importancia
observada entre as variaveis sombra naquela iteragdo. Esse procedimento se repete até que todas
as variaveis sejam classificadas como relevantes ou irrelevantes, ou até um limite maximo de
iteracOes ser atingido (KURSA;JANKOWSKI; RUDNICKI, 2010). Varidveis cuja importancia
permanece abaixo da média observada nas varidveis sombra sdo classificadas como irrelevantes
e excluidas das iteragdes seguintes. Ja as variaveis que nao apresentam evidéncia estatistica
clara sdo mantidas em estado provisorio, como ‘“tentativa”, e reavaliadas nas iteracdes
posteriores até que uma decisdo definitiva possa ser tomada. O processo continua até que todas
as varidveis sejam classificadas como relevantes ou irrelevantes, ou até que um niimero maximo
de iteragdes seja atingido (KURSA; RUDNICKI, 2010).

As vantagens do algoritmo Boruta destacam-se especialmente em aplicagdes
quimiométricas, areas em que a selecao de varidveis ¢ complexa devido ao grande numero de
preditores e a forte colinearidade, caracteristicas comuns em dados espectrais. Diferentemente
de métodos que selecionam apenas um subconjunto minimo de varidveis para otimizar o
desempenho preditivo, o Boruta identifica todas as variaveis informativas relevante para a
previsdo. Essa abordagem ¢ fundamental para a interpretabilidade do modelo e facilitar a
deteccdo de biomarcadores espectrais com significado quimico ou biologico (KURSA, 2014).
Sua natureza baseada em Random Forest o torna robusto a ruidos e outliers, € o uso de variaveis
sombra fornece um critério estatistico rigoroso para a sele¢ao, evitando a inclusdo de variaveis

irrelevantes que poderiam ser erroneamente consideradas importantes por outros métodos

(KURSA; JANKOWSKI; RUDNICKI, 2010; KURSA; RUDNICKI, 2010).
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II- OBJETIVOS GERAIS

3 Objetivo geral

Desenvolver e validar modelos baseados em MIR, associados a métodos
quimiométricos e de aprendizado de maquina, para monitorar dois indicadores criticos de
qualidade do leite, a presenga de residuos de ciprofloxacina e a contagem de células somaticas

(CCS), visando uma analise rapida, ndo destrutiva e sustentavel.

4 Objetivos especificos

e Comparar diferentes abordagens de modelagem, abrangendo desde técnicas classicas de
regressdo multivariada, como os Minimos Quadrados Parciais (PLS), até¢ algoritmos
avangados de aprendizado de maquina, como o Random Forest (RF).

e Desenvolver modelos de classificagdo para identificar amostras de leite que estejam em
desconformidade com os limites regulatdrios, como o Limite Méximo de Residuos para
antibidticos e os limites de CCS estabelecidos pela legislagao.

e Avaliar e aplicar métodos de selecao de variaveis, como a Andlise de Componentes
Principais (PCA) e o algoritmo Boruta, para identificar as regides do espectro MIR mais
informativas e otimizar o desempenho preditivo dos modelos.

e Identificar as assinaturas espectrais e os grupos funcionais associados as variagdes de
CCS e a presencga de ciprofloxacina na matriz complexa do leite liquido.

e Validar a eficiéncia das ferramentas desenvolvidas como métodos de triagem para

aplicacdo em larga escala no controle de qualidade industrial € na seguran¢a alimentar.
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III - CAPITULO1

ARTIGO 1 - Detection and classification of ciprofloxacin residues in bovine milk by FTIR
spectroscopy and multivariate analysis
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ABSTRACT

This study evaluated the potential of mid-infrared spectroscopy combined with chemometric
and machine learning methods to detect ciprofloxacin residues in liquid cow's milk, aiming to
propose a fast and low-cost alternative to conventional methods. A total of 605 milk samples
fortified with concentrations ranging from 0 to 250 pg/L of the antibiotic were analyzed, and
the spectrum variables were selected by PCA and Boruta, followed by modeling with PLS and
random forest for regression, and linear discriminant analysis and random forest for
classification into two categories, below and above the maximum residue limit (100 pg/L).
Regression models showed limited performance in accurately quantifying the antibiotic.
However, classification models, particularly Random Forest, demonstrated the ability to
consistently distinguish between samples with concentrations above and below the established
regulatory limit. The analysis showed that the natural variability in milk composition influences
the performance of the models. The FTIR approach with machine learning showed promise as
arapid screening method for detecting ciprofloxacin residues in milk, although its application
for accurate quantification still needs refinement. The technique has potential for routine

monitoring in the dairy industry.

KEYWORDS

Chemometrics, food safety, antibiotics, quality control.
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INTRODUCTION

The use of ciprofloxacin in dairy cows is mainly related to the treatment and prevention
of mastitis, the most prevalent disease in dairy cows, causing economic losses to the agro-
industrial milk system !-2. Despite being widely used, the inappropriate use of ciprofloxacin
can result in residues of the antibiotic in milk, which poses risks to public health and contributes
to an increase in antimicrobial resistance. Several studies have identified the presence of
ciprofloxacin in milk samples, with some of them exceeding the maximum limits established >
4. Prolonged exposure to ciprofloxacin residues can promote the emergence of resistant bacteria
such as Escherichia coli and Staphylococcus aureus >. In addition, resistance genes can be
passed on between milk bacteria and the human microbiota, increasing the risk of antimicrobial
resistance spreading 6. Given the potential problems generated by ciprofloxacin residues in
milk, various methods have been developed to identify and quantify its residues.

The methods commonly used to detect and quantify ciprofloxacin in milk are high-
performance liquid chromatography (HPLC) and immunological tests. HPLC is considered the
standard for its sensitivity and precision, but it requires expensive equipment, difficult sample
preparation and trained personnel, so it is slow and expensive for everyday use .
Immunochromatographic tests are easy, quick and useful for screening, but they have lower
sensitivity and can react with other similar antibiotics 8. Therefore, given the problems
presented, there is a need for fast, cheap and reliable methods to check for antibiotics in milk.

Fourier transform infrared spectroscopy (FTIR) has several advantages for antibiotic
detection: it is a fast, non-destructive technique that requires little sample preparation and is
capable of identifying and quantifying residues directly in complex matrices such as milk °1°,
The combination of FTIR with chemometrics, i.e. statistical and machine learning methods
applied to spectral data, makes it possible to extract relevant information from complex and

overlapping spectra, increasing the sensitivity, specificity and accuracy of analysis !!- 12,
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Although there is research applying advanced spectroscopic techniques such as Raman
coupled with machine learning to identify quinolone antibiotics such as ciprofloxacin in dairy
products, these studies do not use FTIR as the main method !3. Another study used integrated
FTIR and chemometrics methods to quantify tylosin residues in freeze-dried milk, but did not
analyze its application to quinolone class antibiotics or implement the method in liquid milk '4,
Most research focuses on techniques such as fluorescence, electrochemistry or chromatography
15 Thus, there is no research investigating the potential of FTIR combined with machine
learning algorithms for the direct, rapid and automated analysis of ciprofloxacin in liquid milk.
Based on the above, this study aims to analyze the potential of the FTIR technique, in
combination with chemometric and machine learning methods, to identify and classify

ciprofloxacin residues in cow's milk.

MATERIALS AND METHODS

Material collection

Milk samples were collected at Embrapa Clima Temperado's Terras Baixas
Experimental Station (ETB), in the municipality of Capao do Ledo, Rio Grande do Sul, Brazil
(31°49' 27* S and 52° 26' 35” W). For the experiments, lactating Jersey cows were selected.
The cows were healthy, with no history of mastitis or other diseases and had not been receiving
antibiotics in the 30 days prior to collection. First, the teats were cleaned with iodine solution.
They were then dried with disposable paper towels. The first three jets of milk from each teat
were discarded. The milk samples were placed in vials. After collection, the samples were
placed in boxes with recyclable ice. The temperature was kept between 0°C and 10°C. The
samples were transported to the Milk Analysis Laboratory (LabLeite) within 24 hours. During
transportation, the cold chain was maintained. On arrival at the laboratory, the samples were

stored at temperatures between 0°C and 10°C. Before analysis, the composition ofthe milk was
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analyzed using Fourier Transform Mid-Infrared Spectroscopy (FTIR-MIR), following the
official analysis protocol of the Brazilian Milk Quality Network (RBQL), as adopted by

Embrapa.

Experimental design

The design of the fortification of the milk samples is shown in Figure 1. The fortification
process was carried out using an analytical standard of ciprofloxacin (Sigma-Aldrich, MO,
USA), with 11 different concentration levels being established: 0, 25, 50, 75, 100, 125, 150,
175,200, 225 and 250 pg/L. To ensure the robustness of the study, each concentration level was

represented by 55 individual samples, totaling 605 fortified milk samples for analysis.

[ Milk samples ]

Y

[ Ciprofloxacin analytical standard ]

\ 4

Definition of concentration levels
(11 different levels)

0 25 50 75 100 125 150 175 200 225 250
pgiL ugiL uglL gL uglL pgiL gL pglL Mgl HglL HglL

y

[ FTIR analysis ]

Figure 1. Experimental design for fortifying milk samples with ciprofloxacin

FTIR analysis

The spectra of the samples were obtained using Fourier Transform Infrared

Spectroscopy with Attenuated Total Reflectance (FTIR-ATR), using a Cary 630 FTIR
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spectrometer (Agilent Technologies Inc., Santa Clara, CA, USA). Analyses were conducted in
the mid-infrared region, with a wavenumber range from 4000 cm-! to 600 cm!, a resolution of
4 cm™!, and 64 scans per sample, using a diamond crystal. Spectra were acquired in absorbance
mode, and the maximum absorbance values associated with their respective wavenumber
ranges were used as variables for statistical analysis and subsequent comparison of the
spectroscopic profile. The graphs were generated using OriginPro 8.5 software for the

characterization of the spectra.

Selection of spectral bands

Before analysis, the spectra were pre-processed by baseline correction using the
asymmetric least squares method and Savitzky-Golay smoothing 6. Principal component
analysis (PCA) was carried out using R software (version 4.4.3), where the data was
standardized before analysis. The importance of each wave number was calculated by adding
up the absolute values of the loadings of the first principal components that explained 95% of
the total variation. For the random forest (RF) analysis, we used the Boruta method to choose
the wave numbers. This method was done with the Boruta package in R. Before using Boruta,
the data was normalized using mean and min-max scaling. The algorithm was run up to 100
times and the confidence level was set at 0.01. This classification compared importance with
random attributes called “shadow features”. After selection by Boruta, a correlation analysis
was carried out between the selected variables. This analysis eliminated redundant variables.

Variables with a correlation greater than 0.8 were removed.

Predictive analytics

Partial Least Squares (PLS) regression analysis was carried out using the pls package in

the R environment. To find the optimum number of components, 10-fold cross-validation was
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carried out. The model was created using the spectral variables that had already been selected
by PCA. For the RF regression, the randomForest package was used in the R environment. The
model was trained with 500 decision trees. The wavelength variables were those selected by
the Boruta method. In both cases, the data was randomly divided into training (70%) and test
(30%) sets. Performance was evaluated using the test set. The Root Mean Square Error (RMSE),

coefficient of determination (R?) and Mean Absolute Error (MAE) metrics were used.

Classification analysis

Classification analyses were carried out using two methods, Linear Discriminant
Analysis (LDA) and RF. For both, the data was divided into a training set (70%) and a test set
(30%). The samples were classified into two categories: “Below the MRL” (< 100) and “Above
the MRL” (> 100), according to the MRL established by Anvisa !7. The RF model was created
using 500 decision trees. For the LDA, the chances of each class were calculated using Bayes'
rule. The metrics for both models were calculated based on the confusion matrix. These
measurements were made following previous work by Varoquaux and Colliot '® and Hicco,

Totsch and Jurman !9,

TP
Recall = —— [1]
TP + FN
Specificity = N 2
pecificity = TN + FP [2]
TP
Precision = —— [3]
TP + FP
2TP
F1 — score = [4]

2x TP+ FP+ FN

Sensitivity + specificit
Balanced accuracy = v > P Y [5]
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Where TP are the true positives, TN the true negatives, FP the false positives and FN

the false negatives.

RESULTS AND DISCUSSION

Milk composition

The composition of the milk samples used in this study is shown in Table 1. The results
show that the composition values are consistent with the typical ranges for bovine milk,
although the fat content is slightly higher, which is in line with Jersey cows, known for
producing milk with a higher fat concentration. The protein, lactose and total solids values are
within the common ranges reported in commercial and regional studies, reflecting good
nutritional quality 2°-2!. The SCC value suggests moderate levels of somatic cells, however, it

is below the quality standards established by Brazilian legislation for refrigerated raw milk 22.

Table 1. Average composition of bovine milk used in the study

Component Mean = SD

Fat 5.061 £ 0.463
Protein 3.751 £0.028
Lactose 4,129 £ 0.027
Total solids 13.929 + 0.430
Cells (x1000)/mL 362.736 + 59.604

Spectra in the mid-infrared

Figure 2 shows the mid-infrared absorption spectrum of ciprofloxacin. The peak at
1018 cm! indicates stretching of the C-F group, common in fluoroquinolones, or C-O of a
carboxyl or ether 2324, The peak at 1639 cm™!' shows the stretching of the C=0 group of the
quinolone or the C=C group in the aromatic ring 23-23. Small peaks were observed in the region

near 1404 cm™!, which may be associated with the asymmetric deformation of the carboxylate
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group (COO-), but may also involve C-N or C-C bond vibrations of the quinolone ring or the
piperazine ring 23-23, The peaks observed at 2843 and 2955 ¢cm™! are both attributed to the C-H
stretching of aliphatic groups, such as those present in the piperazine ring or side chains 23-24,

The results are in line with the findings in the literature 2628,

0.04-] 0 0

0.03- | oH
0.02- K\N N
HN\)
0.01-
o.ooJ\jK /“\/vv\-«r\\)

3000 2700 2400 2100 1800 1500 1200 900
Wavenumber (cm™)

Absorbance

Figure 2. Mid-infrared absorption spectrum of ciprofloxacin

The bands in the FTIR spectrum of milk with different concentrations of ciprofloxacin
show subtle changes in some regions (Figure 3) . The bands between 1045-1076 cm! are typical
of carbohydrates, especially lactose, the main sugar in milk 2% 3% The 1551 and 1647 cm’
regions are associated with amide II and I, both markers of proteins, mainly caseins and whey
proteins. Amide III was also observed at 1273 ¢cm-! 31-32 The bands at 1458, 1747, 2854 and

2924 cm! are associated with lipids 3334, The band at 1246 cm™! suggests phosphoproteins 3.

0.31 Ciceontration (Hg/L)
- 25
8 50
= 0.21 75
Ke) = 100
8 125
o 150
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200
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Figure 3. Mid-infrared spectrum of raw milk with different concentrations of ciprofloxacin (0

- 250 pg/L)
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Variable selection

The PCA and Boruta methods were used to select variables. For PCA, the number of
components needed to explain 70% of the variance was 13 principal components, so the
variables were selected using the sum of the absolute loadings (Figure 4). For Boruta, the
samples selected were those classified by the algorithm as confirmed. For the classification,
118 variables were confirmed, while for the regression, 137 variables were confirmed. To
reduce the number of variables selected by Boruta and reduce the influence of collinearity,
variables with a correlation above 0.8 were eliminated. In total, 8 variables were selected for

further analysis.
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(4] Y]
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[e] 0]
o <
S o
‘ =1
S 3
Q20% 20% 3
Q ]
o
0% 0%
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Figure 4. Variance explained by principal component of milk samples impregnated with

ciprofloxacin at different concentrations.

The PCA and Boruta analysis identified wave numbers that correspond to the milk
components and some specific ciprofloxacin markers (Table 2). One difference between the
methods was the selection of carbonyl-related bands (C=0) at wave numbers 1639-1720 cm’!
23,25 PCA identified this group, but this region was not selected by Boruta. Both methods
detected changes in the aliphatic C-H stretching regions, (2781-2970 cm!) 23-24 however, each

method chose different wavenumbers, which may be related to small changes in shape caused
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by ciprofloxacin. Both approaches showed that the regions involving proteins (amides I, IT and

II) and carbohydrates.

Table 2. Set of wave numbers selected by PCA and Boruta for milk samples containing different

concentrations of ciprofloxacin

PCA Boruta Functional Group

1045,1076, 1095, 1126, 1192 C-O stretch (lactose) / C—F 23-24,29,30

1119, 1138, 1142

1246, 1273 1273 Amide III (phosphoproteins, caseins) / C—N
25,31,32

1404, 1447 1466 CH2/CH3 deformations (lipids) / COO-

asymmetric 33-34
1551, 1593, 1612 1616, 1620, 1628  Amide 1, II (proteins) / aromatic C=C 3132

1639, 1686, 1697  — C=0 (quinolone, esters, fatty acids)?3: 2>
2843, 2854, 2924, 2797,2970 Aliphatic C—H stretches 2333, 34
2955

The PCA and Boruta methods identify different numbers of waves in FTIR spectra
because they use different approaches to choose the most relevant variables. PCA is an
unsupervised method that seeks to maximize the variance of the data by identifying linear
combinations of variables that explain most of the variation in the spectrum, without
considering classes or concentrations 33 3¢, Boruta, on the other hand, is a supervised method
based on RF, which selects variables based on their importance in predicting a target variable
37, Studies using FTIR and variable selection methods, such as that by Freitas et al. 3%, shows
that supervised methods find specific spectral bands.

PCA, which does not use supervision, chooses regions with greater overall variation.
These regions are related to milk components. Boruta, on the other hand, focuses on bands that
help separate classes or indicate antibiotic concentration, even if they have less variation 3%40,
Therefore, in our study, PCA mainly highlighted the regions of 1095-1142 cm! and 1593-1697
cm!, regions associated with phosphate groups, sugars, and amides. Boruta selected bands in
other regions, including wave numbers below 1000 cm! and above 2700 cm™!. The variability

observed in milk composition, mainly in fat (5.061 + 0.463%), may have generated variations
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in the spectra in regions characteristic of aliphatic groups. In PCA, which identifies directions
of maximum variance in data in an unsupervised manner, these lipid variations likely
determined the structure of the first principal components 3% 4!, Consequently, some of the
spectral variables most strongly associated with fat, such as the bands at 1447, 2843, and 2955
cm’!. In contrast, the Boruta algorithm, being supervised, attempted to select variables
correlated with the concentration of ciprofloxacin, even in the presence of this matrix
variability. However, it is possible that spectral interference from lipids may have overlapped
the peaks associated with the antibiotic, such as the 1639-1697 cm™! range, a region attributed
to the C=0 bond of the quinolone structure. Therefore, it is possible that Boruta may have

interpreted these regions as uninformative or dominated by noise, leading to their exclusion 4%

42

Predictive models

The predictive performance of the RF and PLS regression models in quantifying
ciprofloxacin in liquid milk samples, with concentrations ranging from 0 to 250 pg/L, indicates
that the RF model employed the variables chosen by Boruta and the PLS model used the
variables chosen by PCA (Figure 5). RF showed less variation in points compared to the PLS
model. This result suggests that, in the quantification of ciprofloxacin in milk, the application
of nonlinear machine learning methods, such as RF, demonstrates superior predictive potential
compared to traditional linear methods such as PLS. However, the results achieved for the PLS
and RF regression models in the quantification of ciprofloxacin in liquid milk showed limited

performance (Table 3).
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Figure 5. Predictive performance of random forest regression and PLS for quantifying

ciprofloxacin at concentrations of 0-250 pg/L in liquid milk

The RF model performed better than PLS, as lower mean square errors and mean
absolute errors were observed. Even so, both models had low coefficients of determination (R?).
In the RF model, it was 0.325, and for PLS, it was 0.062. These figures show that the models
have little ability to explain variations in the data. Even so, RF seems to better predict the
results. However, both models have difficulties accurately measuring ciprofloxacin in milk. A
study conducted by Pandey et al. > shows that PLS can achieve high accuracy, with R? values
above 0.99, when measuring residues such as ciprofloxacin in aqueous solutions. RF also
performed well in predicting residues with concentrations up to 100 pg/L in freeze-dried milk
samples, with R?above 0.95 4. However, the same precision was not achieved when measuring
ciprofloxacin in liquid milk using these methods in the present study. The low precision may
have been caused by the complexity of milk, spectral interference, variation between samples,
and the need to carefully select the important spectral variables 44 43,

The variability in milk composition may have limited the performance of the prediction
models. In PLS, whose construction is based on maximizing the covariance between the spectra

and the analyte concentration 4, This variation related to the presence of other milk components
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may have impaired the relationship between the signal and the concentration of ciprofloxacin,
resulting in a much lower coefficient of determination. RF, although less sensitive to noise and
capable of capturing nonlinear relationships, was also affected. The variable selection step with
Boruta may have excluded potential ciprofloxacin bands due to signals caused by the variability
of the lipid fraction of milk. This exclusion may have limited the model's ability to capture

subtle patterns associated with the analyte, compromising its generalization ability.

Table 3. Performance metrics of PLS and Random Forest regression models in the

quantification of ciprofloxacin in liquid milk

Metric PLS Random forest
RMSE 80.58 68.15
MAE 68.26 54.18
R2 0.062 0.325

Classification models

For classification analysis, milk samples were divided according to the maximum
residue limit (MRL) for ciprofloxacin defined by Anvisa '’. The groups were: “Below the
MRL” (<100 pg/L) and “Above the MRL” (> 100 pg/L). The classification results are shown
in Table 4. The RF method performed well and was correct in about 76% of the classifications,
in addition to high precision, specificity, and recall. These results indicate that the RF method
can accurately identify positive samples and also minimize errors when identifying negative
ones. The F1-Score of 0.784 shows that the method has a good overall balance. In comparison,
the LDA method had lower results in all metrics. The higher accuracy of RF is because this
method can better handle complex data that does not follow a straight line and has a lot of
different information, such as FTIR spectra. It is also more resistant to noise 3%. In contrast,
LDA assumes linear relationships between variables and can be affected by multicollinearity

and irregular data distribution. Therefore, this analysis performs less well on complex data sets
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and is less accurate °. When compared with regression results, classification models performed
better. This shows that the use of qualitative methods may be more suitable for detecting the

presence of ciprofloxacin in milk.

Table 4. Performance metrics of LDA and RF models in the classification of milk samples

containing ciprofloxacin

Metric LDA Random Forest

Balanced accuracy 0.239 0.761

Precision 0.212 0.780

Recall 0.263 0.788

Specificity 0.220 0.728

F1-Score 0.235 0.784
CONCLUSION

The application of FTIR spectroscopy associated with machine learning algorithms can
aid in the analysis of ciprofloxacin in cow's milk. The models developed to evaluate the amount
of ciprofloxacin did not perform satisfactorily. However, the models used to classify samples
performed better, especially the random forest model, which can accurately differentiate milk
samples with values above and below the MRL. This demonstrates that this approach can serve

as a screening method for detecting ciprofloxacin residues in milk.
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ARTIGO 2 - Evaluation of linear and nonlinear models for prediction and classification of
somatic cell count in bovine milk using FTIR spectroscopy
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ABSTRACT

The somatic cell count (SCC) is a key indicator of subclinical mastitis in dairy cows, a condition
that compromises milk quality and generates economic losses. Although flow cytometry is the
standard method for its quantification, FTIR spectroscopy emerges as a fast and low-cost
alternative. However, its effectiveness in heterogeneous populations without strict control of
interfering factors remains uncertain. Therefore, this study aimed to compare linear (PLS and
LDA) and nonlinear (Random Forest) models for the prediction and classification of SCC in
bovine milk samples using FTIR data. A total of 624 milk samples with a wide range of SCC
were analyzed. The FTIR spectra were preprocessed and subjected to variable selection by PCA
(unsupervised) and Boruta (supervised). PLS and Random Forest models were fitted for
regression, while LDA and Random Forest were used for binary classification (SCC > 500,000
cells/mL). Performance was evaluated using metrics such as R?, RMSE, sensitivity, specificity,
and F1-score, with 10 repeated train/test splits. Both regression models showed low R? (<0.30)
and high RMSE, indicating limitations in quantifying SCC. For classification, LDA achieved
higher sensitivity (0.795), while Random Forest showed higher specificity (0.908) and
precision (0.761). FTIR does not allow for precise quantification of SCC in heterogeneous
samples, but it may be useful as an initial screening tool when combined with discriminative

models, especially in routine laboratory settings where equipment is already available.

KEYWORDS

Boruta, Principal Component Analysis, Subclinical mastitis, Random Forest, Chemometrics
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INTRODUCTION

Mastitis in cows is an inflammation of the mammary gland that affects the health of the
udder, the quality and quantity of milk produced, causing significant economic losses in the
dairy industry. The most common form is subclinical mastitis, which has no visible clinical
signs but reduces milk production and increases somatic cell count (SCC), an important
indicator of infection !. SCC refers to the number of somatic cells, mainly leukocytes and some
epithelial cells, present in 1 mL of milk. Elevated values indicate inflammation of the udder,
usually associated with mastitis 2.

Several methods are used to quantify SCC, such as direct microscopy, biosensors and
flow cytometry, the most widely used method, which despite being fast and accurate, has high
cost of operation, in addition to requiring sophisticated equipment, specialized maintenance and
expensive reagents 3. In this context, middle infrared spectroscopy (MIR) appears as a
promising alternative to estimate SCC in an indirect, fast, non-destructive and low-cost way 4.
FTIR is an analytical technique widely used in milk quality control laboratories because it
allows the simultaneous quantification of several milk components, such as fat, protein, lactose
and urea, from a single spectrum. The technique is based on absorption of infrared radiation by
functional molecular groups, generating a chemical fingerprint of the sample. Inaddition, FTIR
spectra generate a large volume of multivariate data, which, when combined with advanced
variable selection and predictive modeling methods, allows to extract relevant information even
in the absence of specific spectral peaks for somatic cells 3.

Some studies 7 sought to predict SCC indirectly through changes in biochemical
composition, but showed limited performance in precise and robust quantification , especially
in heterogeneous samples and without strict control of interfering factors. The literature shows
that models based on partial least squares regression (PLS) are predominant ¢ and some more

recent studies have incorporated somatic cell scores or phenotypic variables to improve mastitis



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

63

detection °. However, none of the studies explored a systematic comparison between variable
selection approaches based on supervised criteria, such as the Boruta algorithm, a variable
selection method based on Random Forest (RF) that evaluates the direct predictive importance
of each wave number and the use of non-linear predictive methods, such as RF itself. RF is a
machine learning algorithm used for classification and regression tasks that consists in building
a forest of several trained decision trees on random subsets of the data. To make a forecast, the
RF aggregates the results of all trees, where in the case of classification, it ranks by majority
vote and in the case of regression, it determines the value by the average of the forecasts 1011,
The RF is robust to unbalanced data, missing values and can provide measures of importance
of variables, assisting in the interpretation of the model 2. Because of its efficiency, versatility
and accuracy, Random Forest is widely used in several areas, from financial forecasting to
biomedical analysis '3 14, Based on the above, this study aims to evaluate and compare the
performance of RF, a non-linear model, with linear models, in the prediction and classification
of bovine milk samples containing different levels of SCC, using spectroscopy data in mid -

infrared.

MATERIALS AND METHODS

Collection of samples

The milk samples used in this study were obtained at the Experimental Station Terras
Baixas (ETB) of Embrapa Clima Temperado, located in Capao do Ledo, Rio Grande do Sul
(31°49'27" S and 52°26'35" O). The collection was planned to compose a diverse set of samples,
with wide variation in SCC levels, an essential condition for the development and robust
validation of predictive models. For this, jersey cows with different levels of breast health were

included, from clinically healthy animals to animals with subclinical and clinical mastitis,



10

11

12

13

14

15

16

17

18

19

20

64
ensuring a comprehensive representation of the SCC interval observed in real milk production.
All animals had remained without antibiotic treatment in the 30 days prior to collection. Before
milking, the teats were sanitized with iodine solution and dried with disposable paper towel.
The first milk jets were discarded and samples collected manually by a trained milker, with
strict hand hygiene. Immediately after collection, the samples were packaged in thermal boxes
maintained at 5 °C (= 5 °C) and transported to the laboratory for analysis. A total of 624 milk

samples were collected.

Analysis of samples

The SCC analysis was done by flow cytometry method, using automated equipment
SomaScope (Delta Instruments, Drachten, Netherlands). The infrared spectra were obtained
using the Fourier transform infrared spectroscopy (FTIR) LactoScope FTIR (Perten
Instruments, Hagersten, Sweden). The composition data were obtained by the same equipment.

The spectra were obtained in the spectral range from 1000 to 3000 cm!

, with a spectral
resolution of 4 cm™!. The spectra, after obtaining, were pre-processed by baseline correction by

the method of asymmetric least squares and Savitzky-Golay smoothing. The process flowchart,

from sample collection to analysis, is described in a simplified manner in Figure 1.
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Figure 1. Flowchart of the experimental protocol for sample collection and laboratory analysis

of milk samples

Selection of variables

Two methods were used for selection of variables, the PCA and Boruta. For both
methods, we used the standardization of spectral data by centralization in the mean followed
by min-max scaling. For the PCA, the importance of each wave number was quantified by the
sum of the squares of the main component loadings that accumulate at least 70% of the
explained variance. From this metric, we selected a subset of wave numbers that represent 80%
of the importance. For Boruta, a configuration was performed with a significance level of 1%
and a maximum of 100 iterations, using the continuous response variable as target. Only the
variables classified as "Confirmed" were retained for the next step. For both methods, the
selected variables were submitted toa collinearity analysis. The Pearson correlation matrix was
calculated between all variables and then the elimination of highly correlated variables was
carried out, adopting a strict threshold of |rf| > 0.9. The collinearity was analyzed separately for

each method. All procedures were implemented in R language (version 4.4.1).
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Predictive analysis

The evaluation of predictive performance was performed comparing two algorithms:
regression by PLS and RF. Both models were developed in the R environment. Initially, the
data set was randomly divided, allocating 70% for training and 30% for testing. The division
was stratified based on SCC values to ensure proportional representation of the different
counting ranges in training and testing, and a seed (seed = 123) was fixed to ensure
reproducibility. For PLS modeling, the pls package was used. The selection of input spectral
variables was based on components previously identified by PCA. In order to avoid overfitting,
the optimal number of latent components was defined by means of a 10-part (10-fold) cross
validation. The RF model was implemented with the randomForest package, being configured
to generate 500 decision trees. Critical RF hyperparameters, such as m#ry and nodesize, were
optimized by grid search with stratified cross-validation (5-fold) in the training set. In this case,
the variables used were selected by the Boruta algorithm. The final predictive performance of
both models was quantified using only the test set. The metrics used for this comparison were
the root mean square error (RMSE) and the coefficient of determination (R?). For greater
robustness, the metrics were accompanied by standard deviations obtained from 10 independent

repetitions of the training/test division.

Analysis of classification

The discriminative analyses were performed by the methods Linear Discriminant
Analysis (LDA) and the RF algorithm. Initially, it was carried out based on a division of the
data into training set (70%) and test set (30%). Asin the regression, the division was stratified
by SCC class and fixed with seed = 123 to ensure reproducibility. The samples were categorized

into two classes based on the threshold of 500,000 cells/mL !>. The RF model was configured
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with 500 decision trees. Its hyperparameters were optimized by grid search with stratified cross
validation (5-fold) in the training set, considering mtry, maximum depth of trees and nodesize.
Already LDA model was implemented using the Bayes rule to estimate the probabilities of
belonging to each class. The performance of both models was quantified by means of metrics
derived from the confusion matrix, adopting the procedure described by Varoquaux and Colliot
(2023) and Hicco, Totsch and Jurman (2021). The metrics included sensitivity, specificity,

precision, Fl-score and accuracy, estimated from 10 repetitions of the training/test division.

RESULTS AND DISCUSSION

Composition of milk

Figure 2 shows graphs comparing SCC with fat, protein and lactose in the 624 milk
samples analyzed. The results indicate that none of these relationships was statistically
significant, since all p values were greater than 0.05. R? was very low for fat (0.002) and protein
(0.003). This means that less than 1% of changes in the contents of these components are related
to SCC. Most studies demonstrate only a weak or inconsistent relationship between SCC and
milk fat/protein percentages. Therefore, the change in fat and protein levels due to SCCis small
compared with other factors such as lactation stage, parity and season 3729, In the case of
lactose, although the correlation coefficient was higher (r = -0.399), R2 was still low (0.160)
and was not statistically significant (p = 0.158). This result is consistent with other studies 223
which show that high SCC can cause a more significant reduction in lactose concentration than

fat and protein.
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Figure 2. Relationship between the Somatic Cell Count (SCC) and milk components: fat,

protein and lactose.

Table 1 presents the descriptive statistics of the main milk components analyzed in this
study, including somatic cell count (SCC) and fat, protein and lactose levels. The mean and
median values indicate that the sample is representative of a heterogeneous population, with
wide variation in SCC levels, which reflects the intentional inclusion of healthy animals with
subclinical or clinical mastitis, as planned in the methodology. Among the main components
of milk, fat was the component with greater variation between samples (CV =25.1%), followed
by protein (CV = 12.8%) and lactose (CV = 6.3%). These differences reflect the diversity of
the group of cows analyzed, which included healthy animals with subclinical mastitis and
clinical mastitis. This large variation in fat and protein content is consistent with what is already
known in the literature that says that mastitis causes changes in milk metabolism, directly

changing its composition 24 2,
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Table 1. Descriptive statistics of milk components

Compound Mean (sd) Minimum—-Maximum  Median Cv
SCC 560529.9(31312.33) 6452 - 6718733 306933 139.430
Fat 4.319 (1.084) 2.140 - 8.074 4.034 25.098
Protein 3.439 (0.439) 2.511 -5.155 3.368 12.764
Lactose 4.347 (0.274) 2.167 —5.051 4.375 6.296

Analysis of the spectra

Figure 3 shows the absorption spectra in the FTIR for milk samples with different
concentrations of SCC, where characteristic spectra of the milk components present in 1038,
1078, 1113, 1160, 1242, 1455, 1554, 1661, 1743, 2857 and 2928 c¢cm™! are noted. The peaks
present in 2857 and 2928 ¢cm™! are associated with C-H bonds in fats, while wave numbers
between 1000 and 1250 cm! usually relate to sugars such as lactose and protein structures 2
27, Peaks around 1455 and 1554 cm! are linked to amide groups of milk proteins and values
close to 1661 and 1743 cm! indicate carbonyl bonds, typical of fats >7-28, No articles were found
that associate these peaks with SCC. However, studies show that SCC is associated with
changes in milk composition, such as proteins, lipids and metabolite 2°. Some studies 2!-3% have
shown that high SCC in milk is correlated with increased production of metabolites such as
lactate, butyrate, isoleucine, acetateand B-hydroxybutyrate and reduced production of hypurate
and fumarate, but the specific attributions of the spectral peaks were not detailed. In addition,
FTIR can be used to predict milk characteristics and health conditions such as ketosis, but

without direct attributions to somatic cell peaks 3'.
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Figure 3. Spectrum in the mean infrared spectrum of milk samples with SCC values greater

and less than 500,000 cells/mL

Selection of variables

The results of wave number selection by means of the Boruta and PCA algorithms is
shown in Table 2. The Boruta algorithm identified 10 significant wave numbers, while the PCA
selected a more comprehensive set with 52 wave numbers, mainly distributed in the regions
between 1007-1126 cm!, 1223-1273 ¢cm!, 1393-1435 ¢cm™! and 1508-1562 c¢cm!. The region
between 1000-1130 cm™!, strongly represented in the selections of both algorithms, is associated
with C-O and C-C vibrations characteristic of lactose and other carbohydrate structures 26 27,
This is because metabolic change caused by inflammation can lead to changes in the profile of
sugars and other metabolites, such as the reduction of glucose available for lactose production
32

The 1250-1270 cm! region, selected by both methods, is associated with secondary

protein structures, whose relevance for SCC prediction may be related to changes in protein
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conformation due to the presence of inflammation-specific proteins. Wave numbers selected
between 1400-1435 cm! by both methods, close to the region of 1455 ¢cm™!, is associated with
amide groups of milk proteins 3334, This is associated with inflammation of the mammary
gland, which is correlated to an increase in the concentration of immune-related proteins such
as immunoglobulins, haptoglobin, serum amyloid A and antibacterial proteins 3%-3¢ Inaddition,
serum proteins such as bovine serum albumin and globulins leak into the milk due to increased
permeability of the blood-milk barrier caused by inflammation 37.

The PCA selected multiple wave numbers in the region 1510-1560 cm! related to the
absorption of Amida I, variables not selected in Boruta. Similarly, the wave number 2881 cm-
I selected only by Boruta, is in the characteristic region of C-H bonds present in fats 2627, This
may have been caused by the different objectives of each method. The PCA, being
unsupervised, seeks to capture the parts of the spectrum that most vary between samples, even
if this variation is not directly linked to the SCC. Therefore, she identified several wave
numbers in the Amide IT region (1510-1560 cm '), which may reflect changes in milk proteins
that may have been influenced by SCC but also by other factors. In contrast, the Boruta is a
method of selection of supervised characteristics able to identify s most relevant variables for
the prediction of SCC, excluding variables that do not have great predictive power, as well as
excluding variables do not contribute to classification or prediction analyses 3339,

It should be noted that all selected wave numbers are associated with the functional
groups of milk components, and this difficulty in capturing predictive SCC patterns is related
to the limitations of the FTIR. Somatic cells, mainly leukocytes, do not present intense and
distinct spectral signatures in the mid-infrared. This is because their biomolecular constituents,
such as membrane proteins and nucleic acids, have spectral bands that overlap with those of
major milk components, such as caseins and lipids, making it difficult for FTIR to directly

differentiate these cells 4042,
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Table 2. Wave numbers selected by the Boruta and PCA approaches associated with somatic

cell count.

Selection method Functional attribution Reference
Boruta PCA
1022, 1061, 1080, 1007, 1018, 1022, 1034, 1038, C-O, C-C and C-O-H of 26?7
1088, 1122, 1126 1041, 1045, 1049, 1053, 1057, carbohydrates

1061, 1065, 1068, 1072, 1076,

1080, 1084, 1088, 1092

1257, 1269 1223, 1227, 1261, 1265, 1273 Amina III 33,34

1435 1400, 1404, 1412, 1416, 1420, Deformation of CH /CH , *-%
1423, 1427, 1431, 1435 COO (carboxylate)

— 1520, 1524, 1528, 1531, 1535, Amidall 27,28
1539, 1543, 1547, 1551, 1555,
1558, 1562

2881 — C-H elongation in fatty 2627

acids

Predictive methods

The comparative analysis between RF and LDA models for the prediction of SCC in
milk samples (Figure 4) showed unsatisfactory performance in both approaches. The values of
R2 were 0.255 for RF and 0.293 for PLS, accompanied by elevated RMSE, 7.24 105 and 7.03
105 cells/mL, respectively. These results demonstrate that both the non-linear (RF) and the
linear (PLS) model failed to establish a relationship between the characteristics of the infrared
spectra and the concentration of SCC, even after applying techniques of prior selection of
variables.

The limitation of the models in capturing prediction patterns may be directly related to
FTIR constraints for the quantification of SCC in a complex matrix such as milk. Somatic cells,
predominantly leukocytes, donot present distinct and intense spectral signatures in the medium
infrared, since their biomolecular constituents, such as membrane proteins and nucleic acids,

overlap the bands of major milk components, as caseins and lipids 4°-42, The literature ¢ '° shows
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that the prediction of SCC by the FTIR spectrum of milk is made indirectly from changes in
milk composition, such as reduction of lactose, changes in protein fractions and changes in ion
concentration, and not the proper bands of somatic cells. Another important aspect that may
have influenced the performance of the models was the choice of variables. In the PLS, the
selection based on PCA prioritized variables that most contribute to the variance of the spectra,
using an unsupervised criterion that does not directly consider the relationship with SCC, the
response variable 4°. Although the PCA is effective in reducing redundancies, its isolated
application may have kept variables irrelevant to the prediction, possibly eliminating spectral
bands of low intensity, but potentially specific for the SCC. For RF, the selection was conducted
by the Boruta algorithm, which evaluates the importance of the variables through comparison
with shadow features. Although Boruta is robust in identifying relevant variables in non-linear
data, its dependence on measures of individual importance may have eliminated features where
relevance only exists in complex interactions. It is possible that Boruta, by being overly strict,
may have discarded weak but potentially informative signals that would be crucial to the

nonlinear model 4648,
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Figure 4. Comparison of the predictive performance of RF and PLS in estimating the

concentration of SCC in milk.

Discriminatory methods
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The comparison between RF and PLS models for the classification of milk samples,
considering the SCC above and below 500,000 cells/mL is shown in Table 3. The results show
that although both models exhibit similar accuracy, their discrimination capabilities varied in
relation to sensitivity, specificity and precision. The sensitivity of LDA (0.795) was higher than
that of RF (0.455), indicating that the linear model can correctly identify almost 80% of samples
with SCC above 500,000 cells/mL, while RF cannot detect more than half of these cases. This
difference between sensitivity is critical. A model with low sensitivity, such as the RF, would
have the possibility of making mistakes in classifying pathological samples as healthy 33,
impairing the effectiveness of sanitary control. This finding is in line with the results of Rienesl
et al. °, which shows that models constructed from data from the mid-infrared spectra do not
present a balance between sensitivity and specificity in the diagnosis of mastitis. On the other
hand, RF, as a nonlinear model based on decision trees, is theoretically more robust to non-
linearities and complex interactions between variables. However, its lower performance in
sensitivity in this study suggests that the correlations between FTIR spectra and SCC
concentration may be mainly linear or that the modelis facing overfitting in areas with noise or
low biological importance 54 3.

The high specificity of RF (0.908) contrasts with that of LDA (0.725), indicating that
RF is more rigorous to classify samples with SCC > 500,000 cells/mL, generating few false
positives. The high specificity of RF can be partially attributed to its propensity to favor
variables of high importance, which, even being discriminatory in certain subsets of data, may
not be robust in all population distribution. Tsenkova et al. 3 observed that spectral models for
SCC are influenced by animal individuality, i.e., unique spectral patterns of each cow. This
behavior may lead to non-linear models learning individual characteristics rather than patterns
associated with udder health condition. This is common in spectroscopy when dealing with

heterogeneous samples with different breeds, lactation stages or diets, where SCC spectral
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patterns can be influenced by interfering factors. Franzoi and collaborators '° demonstrated that
extreme levels of SCC, both very high and very low, can affect the milk composition in a non-
uniform way between races, which may hinder the generalization of nonlinear models.

As for precision, RF achieved higher precision (0.761) compared to LDA (0.454). This
indicates that although RF detects fewer true cases (SCC > 500,000 cells/mL), when detection
occurs they are likely to be correct. In contrast, the LDA, although discriminating more true
cases, generates a high rate of false positives, which can generate some implications, such as a
confirmation by complementary methods in almost half of the positive cases, increasing costs
and processing time °%-37. The RF, although less sensitive, could be used with more confidence
to filter samples for confirmation of suspected cases. Inanimal health contexts, as demonstrated
by ?, the loss of a false negative case has more serious consequences than a false positive, which
can be corrected by retest. Therefore, the higher sensitivity values of LDA, even with lower

precision, makes it more suitable for udder health analysis than RF.

Table 3. Performance metrics of RFe PLS models for classification of milk samples based on

SCC
Metric RF PLS
Balanced Accuracy 0.731 0.741
Precision 0.761 0.454
Sensitivity 0.455 0.795
Specificity 0.908 0.725
F1-Score 0.569 0.579

CONCLUSION

Despite the theoretical potential of middle infrared spectroscopy combined with
chemometrics, the evaluated models presented limited performance for accurate quantification
of SCC in heterogeneous populations. However, in practical terms, FTIR spectroscopy

associated with random forest demonstrates viability as a quick and low-cost screening tool for
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preliminary identification of cows with subclinical or clinical mastitis in dairy herds, especially
for using existing equipment in most milk analysis laboratories, although it does not replace

specific diagnostic methods to confirm positive cases.
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ABBREVIATIONS

FTIR, Fourier transform infrared spectroscopy; MIR, mid-infrared; SCC, somatic cell count;
PLS, partial least squares; RF, random forest; LDA, linear discriminant analysis; PCA,
principal component analysis; RMSE, root mean square error; R?, coefficient of determination;

CV, coefficient of variation; SD, standard deviation.
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