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RESUMO

Os peptideos representam alternativas ambientalmente mais seguras e especificas em relagdo
aos inseticidas convencionais, oferecendo vantagens como biodegradabilidade e reducao de
efeitos fora do alvo. No entanto, sua aplicacdo pratica ainda ¢ limitada pela complexidade e
pelo custo associados a sintese quimica e a triagem em larga escala. Neste estudo,
desenvolvemos uma estrutura de aprendizado de maquina (ML) para prever peptideos
inibidores de canais de sddio voltagem-dependentes (VGSCs) de insetos, alvos fundamentais
na sinalizacdo neuronal e no controle de pragas. Seis algoritmos de aprendizado de maquina
amplamente utilizados foram avaliados sistematicamente, sendo o Support Vector Classifier
(SVC) aquele que apresentou o melhor desempenho preditivo. A andlise de interpretabilidade
do modelo por meio do método SHAP revelou que descritores fisico-quimicos, especialmente
aqueles que descrevem padrdes estruturais e a relagdes entre aminoacidos, foram os mais
influentes nas previsdoes do modelo, em concordancia com os determinantes estruturais
conhecidos das interagdes entre toxinas € os VGSCs. Os peptideos derivados de plantas com
melhor classificagdo previstos pelo modelo foram posteriormente validados por meio do
docking e simulagdes de dindmica molecular com o VGSC de Drosophila suzukii, uma das
principais pragas de frutos de casca fina, confirmando interacdes estaveis nas regides do poro
e do dominio sensor de voltagem. Esses peptideos, classificados como defensinas ricas em
cisteina, apresentaram padrdes estruturais compativeis com moduladores conhecidos de
canais i0nicos. Embora a disponibilidade limitada de peptideos inibidores de VGSCs de
insetos validados experimentalmente restringe a generalizagdo do modelo, a abordagem
proposta demonstra o potencial da andlise de sequéncias orientadas por aprendizado de
maquina para acelerar a descoberta de peptideos bioativos. Ao integrar modelagem preditiva e
simulacdes moleculares, este trabalho oferece uma estratégia computacionalmente eficiente e
biologicamente relevante para a identificagdo de novos peptideos bioativos voltados ao
manejo sustentavel de pragas.

Palavras-chave: Inseticidas baseados em peptideos; Manejo de pragas; Drosophila suzukii;
Canais de sédio dependentes de voltagem; Aprendizado de maquina.



ABSTRACT

Peptides represent environmentally safer and target-specific alternatives to conventional
insecticides, offering advantages such as biodegradability and reduced off-target effects.
However, their practical application remains limited by the complexity and cost of chemical
synthesis and large-scale screening. In this study, we developed a machine learning (ML)
framework to predict peptide inhibitors of insect voltage-gated sodium channels (VGSCs),
which are key targets in neuronal signaling and pest control. Six well-established ML
algorithms were systematically evaluated, with the Support Vector Classifier (SVC) achieving
the best predictive performance. Model interpretability analysis using SHAP revealed that
physicochemical descriptors, particularly those describing structural relationships and amino
acid interactions, were the most influential for model predictions, consistent with the
structural determinants of VGSC-toxin interactions. The top-ranked plant-derived peptides
predicted by the model were further validated through molecular docking and molecular
dynamics simulations with the Drosophila suzukii VGSC, a major pest of soft-skinned fruits,
confirming stable interactions at the pore and voltage-sensing domains. These peptides,
classified as cysteine-rich defensins, exhibited structural patterns compatible with known ion
channel modulators. Although the limited availability of experimentally validated insect
VGSC inhibitors constrains model generalization, the proposed approach demonstrates the
potential of ML-driven sequence analysis to accelerate the discovery of insecticidal peptide
candidates. By integrating predictive modeling with molecular simulations, this work
provides a computationally efficient and biologically meaningful strategy for identifying
novel bioactive peptides for sustainable pest management.

Keywords: Peptide-based insecticides; Pest management; Drosophila suzukii; Voltage-gated
sodium channels; Machine learning.
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1 INTRODUCAO
1.1 DROSOPHILA SUZUKII
1.1.1 Origem e distribui¢ao

A Drosophila suzukii (Matsumura, 1931) é uma praga quarentenaria de natureza
polifaga, nativa do leste da Asia (Hauser, 2011), que tem causado grandes perdas econdmicas
em diversas partes do mundo. Detectada pela primeira vez na Europa ¢ na América do Norte
em 2008 (Walsh et al., 2011, Rota-Stabelli et al., 2020), na América do Sul em 2013
(Andreazza et al., 2017; Depré et al., 2014) e no norte da Africa em 2017 (Hassani et al.,
2020) com potencial expansio para a o resto da Africa e para a Australia devido as condi¢des
climatica favoraveis (Boughdad et al., 2021; Kwadha et al., 2021). Descrita por Matsumura
em 1931 no Japao, a D. suzukii tornou-se invasora na segunda metade do século XX, sendo
registrada nos Estados Unidos a partir de 1980 no Havai e, em 2008 na Califérnia,
espalhando-se pelas costas oeste e leste do pais at¢ o Canad4a (Hauser, 2011). A espécie
também foi reportada na Espanha em 2008 e na Franca em 2009, espalhando-se entdo para a
Europa Central e outros paises da costa mediterranea, como Eslovénia e Croacia (Cini et al.,

2014).

1.1.2 Adaptacao

O sucesso da invasdo da D. suzukii pode ser parcialmente explicado pela tolerancia a
uma ampla gama de condigdes climaticas, ao hibernar por muitos meses e sobreviver ao
transporte entre continentes nas fases de ovo, larva e adulto, dentro de frutas ou contéineres de
transporte (Hoffmann et al., 2003; Rossi-Stacconi et al., 2016; Stockton; Brown; Loeb, 2019;
Toxopeus et al., 2016). Além disso, esta espécie apresenta alta fecundidade (Emiljanowicz et
al. 2014), ampla gama de hospedeiros (Lee et al. 2015, Kenis et al. 2016, Stockton et al. 2019,
Thistlewood et al. 2019) e alto potencial de dispersdao passiva e ativa. A D. suzukii ¢é
sazonalmente ativa da primavera no outono, mas persiste durante invernos frios, sobrevivendo
principalmente as fémeas adultas (Shearer et al., 2016). As flutuagcdes populacionais sdao
impulsionadas por uma combinagdo de fatores bidticos e abioticos, incluindo temperatura,
umidade e disponibilidade de nutrientes (Evans; Toews; Sial, 2017; Little; Chapman; Hillier,

2020; Rendon et al., 2019). Ao contrario de outros drosofilideos, que atacam frutas em


https://www.zotero.org/google-docs/?TgWGJ3
https://www.zotero.org/google-docs/?ooMjJA
https://www.zotero.org/google-docs/?onVdyB
https://www.zotero.org/google-docs/?dfEgha
https://www.zotero.org/google-docs/?3mq1Ig
https://www.zotero.org/google-docs/?3mq1Ig
https://www.zotero.org/google-docs/?q4sxTo
https://www.zotero.org/google-docs/?mCXWrT
https://www.zotero.org/google-docs/?t6gjKK
https://www.zotero.org/google-docs/?t6gjKK
https://www.zotero.org/google-docs/?D93Hq1
https://www.zotero.org/google-docs/?JvddwT
https://www.zotero.org/google-docs/?JvddwT
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decomposi¢do ou apodrecimento, as fémeas de D. suzukii utilizam um ovipositor serrilhado
para depositar ovos em frutas intactas ¢ maduras (Goodhue et al., 2011; Walsh et al., 2011).
Os danos decorrem diretamente de feridas na oviposi¢do e da alimentagdo interna das larvas, e
indiretamente de patégenos secunddrios, tornando as frutas infestadas improprias para

comercializacao.

1.1.3 Dispersao e prejuizos econdmicos no Brasil

No Brasil, D. suzukii foi relatada pela primeira vez nas florestas subtropicais da regido
Sul (Depra et al., 2014), onde danificou morangos no municipio de Vacaria, no estado do Rio
Grande do Sul (Andreazza et al., 2016). No estado de Sao Paulo, na regido sudeste, foi
encontrado em frutas comercializadas em um centro atacadista de frutas e hortaligas (Vilela;
Mori, 2014). Além disso, espécimes de D. suzukii foram coletados no Cerrado brasileiro
(vegetacao savanica), em Brasilia, DF (Paula et al., 2014) confirmando que a praga ¢ capaz de
se espalhar por longas distancias (1.400 km) por ano (Calabria et al., 2012). O potencial de
disseminag¢do da praga no Brasil ¢ muito significativo, pois mais de 80% das areas de
produ¢do da maioria de seus hospedeiros estdo localizadas em areas com clima altamente
favoravel (Benito; Lopes-da-Silva; Santos, 2016). A maior parte dessa area esta situada na
regido sudeste, incluindo os estados de Sdo Paulo e Minas Gerais, que t€ém mais de 50% de
sua area classificada como favoravel ou altamente favoravel com alta probabilidade de perdas
econdmicas. Dados dos relatorios mais recentes indicam uma perda média estimada de cerca
de 30% na produgdo de morangos (Andreazza et al., 2016), e entre 20% e 30% nas culturas de
figo e péssego, o que representa um impacto econdmico de aproximadamente US$ 40,7
milhdes. No entanto, devido ao elevado potencial de dispersao da mosca em regides do centro
do pais, onde as temperaturas sdo mais favoraveis (Viana et al., 2023), os prejuizos podem

alcangar bilhdes de ddlares (Benito; Lopes-da-Silva; Santos, 2016).

1.2 CONTROLE QUIMICO DE PRAGAS E TOXICIDADE PARA O HOME E O MEIO
AMBIENTE

A estratégia mais eficaz de manejo de praga baseia-se no uso de compostos inseticidas
pertencentes as classes dos piretroides, organofosforados, carbamatos e neonicotinoides
(Bavithra et al., 2024; Kirst, 2010; Zhu et al., 2020). Com base em seu mecanismo de a¢do, os
inseticidas mais amplamente utilizados agem em alvos nervosos e musculares como os

inibidores da colinesterase (organofosforados e carbamatos) ativadores dos canais de sédio


https://www.zotero.org/google-docs/?0LEUvp
https://www.zotero.org/google-docs/?RdY0pm
https://www.zotero.org/google-docs/?eHZMpn
https://www.zotero.org/google-docs/?eHZMpn
https://www.zotero.org/google-docs/?GO0bAs
https://www.zotero.org/google-docs/?oBKglo
https://www.zotero.org/google-docs/?Xyx9TM
https://www.zotero.org/google-docs/?8L0bMf
https://www.zotero.org/google-docs/?RbhvE5
https://www.zotero.org/google-docs/?XZWpgg
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(piretroides), mimetizadores da acetilcolina (neonicotindides), e ativadores dos canais de
calcio (diamidas) (Rezende-Teixeira et al., 2022). No entanto, além de contribuirem para a
poluicao e contaminagdo do solo e dos recursos hidricos, essas substancias também afetam
organismos ndo alvo, incluindo polinizadores, comprometendo a sobrevivéncia desses
animais e, consequentemente, a manuten¢do de espécies vegetais com as quais possuem
relagdes coevolutivas de dependéncia (Beaumelle et al., 2023), como ¢ o caso das abelhas,
que sao polinizadores com consideravel valor econdomico. Neste caso, a exposicdo a0 excesso
de pesticidas no ar ou na superficie das plantas durante a coleta de néctar e polen representa
um perigo considerdvel (Crenna et al., 2020). Os pesticidas usados no manejo de culturas
diminuem a biodiversidade do solo e reduzem a popula¢ao de minhocas, que sdo altamente
suscetiveis a pesticidas que causam imobilidade e rigidez e interrompem diversas atividades
fisioloégicas (Miglani; Bisht, 2019). A intoxicacdo de mamiferos por organofosforados,
carbamatos ou neonicotindides pode promove o acimulo de acetilcolina nas sinapses
colinérgicas e a superestimulacdo dos receptores muscarinicos e nicotinicos (Kovacic, 2003).
Isso leva a toxicidade aguda, com sintomas como nauseas, vOmitos, fraqueza muscular,
convulsoes e depressao respiratoria. A "sindrome colinérgica" resultante inclui efeitos como
broncoconstri¢do, tremores e disturbios do SNC. A exposi¢do cronica pode danificar o
sistema nervoso central e tem sido associada a doengas neurodegenerativas como Alzheimer,
Parkinson e ELA (Costa, 2008; Richardson et al., 2019). Além disso, representam riscos
ambientais que vao além da saide humana, afetando diversas espécies nao alvo como o
bicho-da-seda Philosamia ricini que, por sua vez, ¢ inseto economicamente valioso e até
mesmo aves que quando expostas a doses subletais sofreram danos ao DNA e degeneragao
celular (Costa, 2008; Kalita; Haloi; Devi, 2016; Paracampo et al., 2015; Suliman et al., 2020;
Tam; Berg; Van Cong, 2018).

Os piretréides, que sdo amplamente utilizados no controle de pragas domésticas,
levaram ao aumento de residuos ambientais e representam riscos a saide devido a capacidade
limitada dos humanos de metaboliza-los, devido a auséncia de carboxilesterases séricas
(Richardson et al., 2019). A exposicao dérmica pode causar parestesia, como sensagdes de
formigamento ou picadas (Costa et al., 2008), enquanto a exposi¢do ocupacional tem sido
associada a efeitos neurologicos, incluindo comprometimento cognitivo (Richardson et al.,
2019). Os piretroides sao classificados em dois tipos: Tipo I (sindrome T), que causa
tremores, espasmos, coma e morte; € Tipo II (sindrome CS), que induz tremores severos,
coreoatetose e convulsdes. Os compostos do Tipo I afetam os potenciais de agdo nervosa por

uma duragdo mais curta do que os do Tipo II (Costa et al., 2008; Richardson et al., 2019).
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Além disso, atinge e causa problemas para os organismos ndo alvo como abelhas (Decourtye
et al., 2004), crustaceos (Gottardi et al., 2017; Hoffmann et al., 2016), peixes (Tu et al., 2016)
e sapos (Radovanovi¢ et al., 2017). Em mamiferos causou danos cromossomicos e
interrup¢do do ciclo celular em camundongos (Bhunya; Pati, 1988), puberdade precoce em
camundongos fémeas (Ye et al., 2017) e efeitos genotoxicos e citotoxicos em coelhos machos
(Vardavas et al., 2016). Nas ultimas duas décadas, o Brasil experimentou um aumento
acentuado no uso de pesticidas, gerando preocupagdes globais devido ao papel significativo
do pais na producdo e exportagdo agricola (Braga et al., 2020). Somente em 2021, 499 novos
pesticidas foram aprovados — 84,5% quimicos e apenas 15,5% bioldgicos. Entre os
inseticidas, todos os 12 ingredientes ativos recém-aprovados eram quimicos, com piretrdides
(42%) e neonicotinoides (25%) sendo os mais comuns (Rezende-Teixeira et al., 2022). Apesar
do aumento nas aprovagodes de pesticidas, o Brasil continua a favorecer compostos quimicos
tradicionais em detrimento de alternativas ecologicamente mais seguras, divergindo das

tendéncias globais de sustentabilidade.

1.2.1. Resisténcia ao controle quimico

Além do risco ao homem e ao meio ambiente, tem sido crescente as populacdes de
pragas resistentes ao pesticidas comerciais comumente mais utilizados resultante do uso
repetido e generalizado (Foster; Devine; Devonshire, 2017; Liang et al., 2025; Pu; Wang;
Chung, 2020). Essa resisténcia pode surgir por meio de varios mecanismos, como aumento da
desintoxica¢ao, mutac¢des no local-alvo, alteracdes comportamentais ou redugdo da penetragao
do inseticida (Hubbard; Murillo, 2024; Naqqash et al., 2016; Zalucki; Furlong, 2017). O
desenvolvimento de resisténcia ndo apenas reduz a eficacia das estratégias de controle, mas
também leva ao aumento das taxas de aplicagdo e a dependéncia de alternativas mais toxicas
ou caras, 0 que, em ultima analise, representa desafios ambientais ¢ econdmicos (Barathi et
al., 2024). Adicionalmente, j& foi observada resisténcia em subpopulagdes de Drosophila
suzukii aos inseticidas comerciais mais utilizados (Deans; Hutchison, 2022; Disi; Sial, 2021;
Ganjisaffar et al., 2022; Gress; Zalom, 2019; Smirle et al., 2017), com registros de aumentos
significativos nas concentragdes necessarias dos produtos, isto €, nos valores de concentragao

letal média (CLso) e, consequentemente, a redu¢do nas taxas maximas de mortalidade.
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1.3 MECANISMO DE ACAO DOS INSETICIDAS EM CANAIS DE SODIO
DEPENDENTES DE VOLTAGEM

Um dos principais alvos moleculares para a a¢ao de inseticidas, sejam eles sintéticos
ou de origem natural, sdo os canais de soédio dependentes de voltagem (VGSCs)
(Ffrench-Constant et al., 2016). Os VGSCs sao proteinas transmembranares responsaveis pela
excitabilidade neuronal, mediando a alteragdo do potencial elétrico por meio da conducao de
ions de sodio através da membrana plasmatica (Kasuya et al., 2019). Esses receptores sao
altamente conservados ao longo da evolugcdo e desempenham um papel fundamental na
iniciagdo e propagacdo de sinais elétricos em células excitdveis (Kasimova; Granata;
Carnevale, 2016; Liebeskind; Hillis; Zakon, 2011). Sua estrutura e fun¢do centrais
permaneceram estaveis desde bactérias at¢ humanos, ressaltando seu papel essencial na
fisiologia celular (Catterall; Wisedchaisri; Zheng, 2020). Dentre as regides mais
estruturalmente conservadas destacam-se especificamente o filtro de seletividade e os
dominios sensores de voltagem (VSDs) que passaram por adaptacdes evolutivas para atender

as demandas funcionais de diferentes organismos e tipos celulares (Zakon, 2012).

1.3.1. Estrutura e conserva¢ao dos VGSCs

A estrutura dos VGSCs, no geral, ¢ composta por uma unica cadeia polipeptidica que
se dobra em quatro dominios repetidos (DI-DIV), cada um contendo seis hélices
transmembranares (S1-S6) (Catterall, 2010) (Figura 1). Em cada dominio, as hélices S1-S4
formam o chamado dominio sensor de voltagem, (VSD) sendo a hélice S4 o principal sensor
de voltagem. Ja as hélices S5 e S6 contribuem para a formagdo do poro condutor de ions,
consistindo em um laco P em forma de grampo que se projeta novamente para dentro da
membrana, formando o filtro de seletividade idnica (Catterall; Wisedchaisri; Zheng, 2017,
2020; Clairfeuille et al., 2019). Durante a despolarizagdo da membrana, o deslocamento das
hélices S4, carregadas positivamente, para fora da membrana, gera a corrente de ativacao que
desencadeia a abertura do canal de sodio (Catterall; Wisedchaisri; Zheng, 2020). Uma fungao
especifica estd associada ao movimento ascendente do segmento S4 no dominio IV (DIV),
uma vez que ele estd acoplado a comporta de inativagdo (IG), composta pelo motivo
Isoleucina-Fenilalanina-Metionina (IFM). Quando as hélices S4 sao deslocadas para fora, essa
comporta bloqueia rapidamente a entrada de ions sédio no neurdnio, em um processo
conhecido como inativagdo rapida, que se completa em cerca de 1-2 milisegundos

(Armstrong, 2006; Liu; Bezanilla, 2024). Esse mecanismo de bloqueio resulta em potenciais
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de a¢do neuronais extremamente curtos, permitindo uma alta frequéncia na transmissao de
sinais. A inibi¢do da inativagdo rapida ou outras alteragdes na fun¢do dos VGSCs geralmente
levam a despolarizagdo prolongada, provocando disfungdes cardiacas ou neurologicas graves
e, em alguns casos, morte (Agbo et al., 2023).
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Figura 1. Estrutura do canal de sodio dependente de voltagem. (A) Topologia do canal de sodio,
indicando as caracteristicas da sequéncia que sdo criticas para a fun¢do do canal. A proteina do canal
de sodio contém quatro repeticdes homoélogas (I-1V), cada uma com seis segmentos transmembrana
(1e6). A isoleucina no motivo IFM em canais de s6dio de mamiferos é substituida por uma metionina
em canais de sodio de insetos. (B e C) Representagdes esquematicas de vistas extracelulares (B) e
intracelulares (C) de canais de sodio. (D e G) Estrutura de raios X do canal de s6dio NavAb fechada.
Quatro subunidades de NavAb em amarelo, vermelho, verde e cinza, respectivamente, correspondem
aos dominios I, II, III e IV em canais de sodio eucaridticos de quatro dominios. (D) Vista extracelular.
(E) Vista intracelular indicando os quatro dominios sensores de voltagem (VSD) e o moédulo de poro
(PM). (F) Vista lateral. (G) Vista lateral expandida do modulo de poros, mostrando apenas duas
subunidades para maior clareza. Os poros interno e externo sdo separados pela regido do filtro de
seletividade (SF). Fonte: Adaptada de Dong et al., 2014

As subunidades a do canal de s6dio dependente de voltagem de insetos e mamiferos
compartilham alta homologia de sequéncia e fungdes fisiologicas semelhantes (Dong et al.,
2014). A principal diferenca reside na presenga de pelo menos cinco subunidades 3 distintas
em mamiferos, que regulam a funcdo do VGSC interagindo com a subunidade a de diversas
maneiras (Brackenbury; Isom, 2011). Embora subunidades B verdadeiras nao tenham sido
identificadas em insetos, as familias de proteinas TipE (7emperature-induced paralytic E) e
TEH (TipE Homologous proteins) demonstraram desempenhar papéis regulatorios
semelhantes (Bourdin et al., 2015; Wang et al., 2015). Ao contrario dos mamiferos, a maioria
dos insetos possui um unico gene de VGSC que codifica a subunidade o, que ¢ altamente
conservada entre as espécies (Silva; Scott, 2020). No entanto, o splicing alternativo extensivo
e a edi¢do de RNA contribuem significativamente para a modificacdo pds-transcricional,
aumentando a diversidade estrutural e funcional dos VGSCs de insetos (Dong et al., 2014;

Yuan et al., 2024).

1.4 POTENCIAL USO DE PEPTIDEOS PARA O DESENVOLVIMENTO DE
INSETICIDAS

Como alternativa aos inseticidas sintéticos, os biopesticidas e bioinseticidas, em
especial os peptideos, tém sido propostos como opgdes mais seguras para o meio ambiente,
devido a sua biodegradabilidade, especificidade e potencial farmacoldgico (Ho et al., 2023;
Jin et al., 2021; Sparks et al., 2020). Diversos peptideos de origem natural apresentam
propriedades neurotdxicas direcionadas aos VGSCs, entre os quais se destacam as toxinas
alfa, beta/delta ¢ as conotoxinas (Clairfeuille et al., 2019; Klint et al., 2012; Shen et al., 2018).
Esses compostos atuam ligando-se, respectivamente, aos sitios 3 no VSD-IV, 4 no VSD-II e

ao sitio E no poro dos VGSCs, inibindo sua atividade. As toxinas que se ligam ao sitio E


https://www.zotero.org/google-docs/?rt7htZ
https://www.zotero.org/google-docs/?hAK1n7
https://www.zotero.org/google-docs/?hAK1n7
https://www.zotero.org/google-docs/?qVoKTd
https://www.zotero.org/google-docs/?htyuip
https://www.zotero.org/google-docs/?jszD5U
https://www.zotero.org/google-docs/?raY9MQ
https://www.zotero.org/google-docs/?raY9MQ
https://www.zotero.org/google-docs/?cb32FM
https://www.zotero.org/google-docs/?cb32FM
https://www.zotero.org/google-docs/?XffUUv

20

atuam como bloqueadoras dos canais de sodio, enquanto aquelas que interagem com os sitios
3 e 4 funcionam como moduladores da ativacdo dos VGSCs, inibindo o processo de
inativacao rapida (Li; Wu; Yan, 2024; Liu; Bezanilla, 2024). A maioria das toxinas alfa e
beta/delta ¢ encontrada nas pegonhas de artrépodes, como aranhas e escorpides (Daly; Wilson,
2018), enquanto as conotoxinas sdo produzidas por gastrépodes do género Conus (Jin et al.,
2019). Essas toxinas, geralmente ricas em residuos de cisteina, constituem uma fonte valiosa
para o estudo e descoberta de novos compostos com potencial aplicacdo como inseticidas. No
entanto, a aplicagdo pratica desses peptideos no manejo de pragas enfrenta desafios,
especialmente devido a sua baixa disponibilidade na natureza e aos processos complexos e
custosos envolvidos em sua sintese quimica em laboratério (Clement et al., 2015; Wu et al.,
2021). Nesse contexto, a identificagdo de novos peptideos inseticidas representa uma
estratégia promissora, capaz de impulsionar a descoberta e a futura comercializacdo de

moléculas bioativas com aplicagdo no controle de pragas.

1.5 APRENDIZADO DE MAQUINA

O aprendizado de maquina ou machine learning (ML) é um subcampo da inteligéncia
artificial que busca o desenvolvimento de algoritmos que aprendem com dados para melhorar
o desempenho em tarefas especificas sem serem explicitamente programados (Jiang; Gradus;
Rosellini, 2020). Os métodos de ML sao capazes de revelar padrdoes complexos em grandes
conjuntos de dados e/ou de grandes dimensdes como relacdo ndo lineares, estruturas latentes
e/ou interacdes por meio de abordagens automatizadas, flexiveis e computacionalmente

intensivas (Wani, 2025).

1.5.1 Aprendizado supervisionado

Entre as varias técnicas de aprendizado de maquina, o aprendizado supervisionado €
um dos mais amplamente adotados e eficazes (Sarker et al., 2020). Ele envolve o treinamento
de modelos em conjuntos de dados rotulados, onde cada entrada ¢ pareada com uma saida
correspondente, permitindo que o algoritmo aprenda a prever resultados para dados novos e
nao vistos (Awad; Khanna, 2015; Fabris; Magalhaes; Freitas, 2017). O principal objetivo do
aprendizado supervisionado ¢ construir modelos que ndo apenas se ajustem aos dados de
treinamento, mas também generalizem bem para observacdes futuras, fazendo previsdes

precisas sobre dados com caracteristicas semelhantes (Barbiero; Squillero; Tonda, 2020).
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1.5.2 Classificacao binaria

Tarefas de aprendizagem supervisionada s3o normalmente categorizadas em
problemas de regressado e classificagdo para prever resultados continuos (nimeros com valores
reais) e , principalmente, a atribuicdo de rétulos de classe, respectivamente (Sarker, 2021;
Zhang et al., 2022). Dentro da classificacdo, uma distingdo comum ¢ feita entre classificagao
binaria, onde a tarefa ¢ diferenciar entre duas classes possiveis, e classificacdo multi-classe,
que estende isso a mais de duas categorias (Grandini; Bagli; Visani, 2020). Na classificacao
binaria, uma classe ¢ frequentemente designada como a classe "positiva", representando o
foco principal do estudo, como detectar e-mails de spam ou identificar a presenca de doengas
(Bekker; Davis, 2020; Janiesch; Zschech; Heinrich, 2021). Uma consideragao importante no
aprendizado supervisionado ¢ a complexidade do modelo. Embora modelos mais complexos
possam se ajustar melhor aos dados de treinamento, eles correm o risco de ajuste excessivo
que, por sua vez, € o processo em que o modelo aprende ruido nos dados em vez de padrdes
subjacentes reduzindo, assim, sua capacidade de generalizagdo para novos dados (Aftab et al.,
2025; Yu et al., 2024). O nivel apropriado de complexidade do modelo depende, em parte, da
diversidade e do tamanho do conjunto de dados de treinamento com um conjuntos de dados
mais ricos permitindo modelos mais sofisticados sem sacrificar a generalizacao (Althnian et
al., 2021). Em tarefas de classificacdo, modelos de aprendizado de maquina visam aprender os
limites de decisdo que separam diferentes classes com base em dados de treinamento
rotulados (Miiller; Guido, 2016). Entre as abordagens mais amplamente utilizadas estdo os
algoritmos de Arvore de decisdo (Decision Tree), Floresta Aleatoria (Random Forest),
Maquina de Vetor de Suporte ou Support vector machine (SVMs) e Gradient boosting
machines (GBMs).

Um modelo de Arvore de Decisdo classifica os dados dividindo recursivamente o
conjunto de dados em subconjuntos com base em limite de valores das varidveis que
compdem os dados para otimizar um critério de divisao, como impureza de Gini ou ganho de
informagdo (Fiirnkranz, 2011; Suthaharan, 2016). Em cada no, o algoritmo seleciona a
caracteristica e o limite correspondente que melhor separam os dados em grupos mais
homogéneos, resultando em uma estrutura de arvore onde cada n6 (folha) representa um
rotulo de classe. Essa estrutura ¢ facil de interpretar e pode capturar limites de decisdo nao
lineares, mas ¢ propensa a overfitting. Uma Floresta Aleatdria ¢ um método de aprendizado

de conjunto que constréi uma colecdo de arvores de decisdo, cada uma treinada em uma
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amostra (bootstrap) diferente do conjunto de dados original (amostragem com substitui¢do)
(Shaik; Srinivasan, 2019). Durante o treinamento de cada arvore, um subconjunto aleatorio de
variaveis ¢ selecionado em cada divisao, o que introduz variabilidade adicional e ajuda a
reduzir a correlagdo entre as arvores (Resende; Drummond, 2019). Esse processo melhora a
generalizacdo e reduz o sobreajuste em comparacdo com uma Unica arvore de decisdo. A
classificagdo final ¢ feita agregando as previsoes de todas as arvores individuais por meio de
votacao majoritaria.

Os SVMs abordam a classificacdo encontrando o hiperplano 6timo que melhor separa
pontos de dados de diferentes classes, maximizando a margem entre eles (Lorena; De
Carvalho, 2007). Nos casos em que os dados nao s3o linearmente separaveis, fungdes kernel
sdo usadas para mapear os dados em espacos de dimensdes superiores (hiperplanos) onde uma
separacao linear ¢ possivel. Modelos de GMB, incluidos os mais famosos como XGBoost
(eXtreme Gradient Boosting) e LightGBM (Light Gradient Boosting Machines), também
dependem de arvores de decisdo mas diferem das Florestas Aleatdrias em sua estratégia de
aprendizado sequencial (Bentéjac; Csorgd; Martinez-Muioz, 2021; Natekin; Knoll, 2013). As
arvores sdo adicionadas uma de cada vez, e cada nova arvore ¢ treinada para minimizar os
erros (residuos) cometidos pelo conjunto anterior usando gradiente descendente em uma
funcdo de perda definida. Isso leva a modelos altamente precisos que podem capturar padrdes

complexos, embora possam exigir ajustes cuidadosos para evitar sobreajuste.

1.5.3. Aplicagdes em descoberta e planejamento de drogas

Modelos de aprendizado de maquina sdo aplicados em uma ampla gama de dominios e
usados em varios campos, como bioinformatica (Shastry; Sanjay, 2020), medicina (Naik et al.,
2024), financas (Kanaparthi, 2024) e processamento imagens (Sungheetha, 2021) e sons (Jang
et al., 2024). Na descoberta de medicamentos, acelerando a identifica¢do e o desenvolvimento
de novos compostos terapéuticos por meio da analise de vastos conjuntos de dados, incluindo
estruturas quimicas, perfis de atividade biologica, eficacia, toxicidade e farmacocinética de
potenciais candidatos a medicamentos (Carracedo-Reboredo et al., 2021; Ugurlu, 2024). O
uso de modelos de aprendizado de maquina aplicados a dados disponiveis em bases publicas
tem se mostrado uma ferramenta valiosa para a triagem em larga escala na descoberta de
novos peptideos com atividade inseticida (Lee et al., 2021; Nambiar; Mitra; Dutta, 2023),
antimicrobiana (Wang; Vaisman; Van Hoek, 2022), antibiofilme (Sharma et al., 2016),

hemolitica (Plisson; Ramirez-Sanchez; Martinez-Hernandez, 2020) ¢ antiviral (Lin et al.,
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2022; Xu et al., 2023). Nesse contexto, a identificacdo de peptideos inseticidas auxiliada por
técnicas de aprendizado de maquina configura-se como uma abordagem promissora para
impulsionar a descoberta e eventual comercializagdo desses compostos bioativos. Tais
modelos computacionais podem ser treinados para reconhecer padroes em bancos de dados
existentes de peptideos, permitindo, posteriormente, a predicdo da presenca ou auséncia de

determinada atividade bioldgica em novas sequéncias (Nambiar; Mitra; Dutta, 2023).

1.6 BIOINFORMATICA ESTRUTURAL

Bioinformatica ¢ uma area de pesquisa que visa extrair conhecimento de dados
biologicos, mais especificamente biomoléculas, por meio de modelos e algoritmos derivados
da Ciéncia da Computagdo (Can, 2014). Envolve a coleta, o armazenamento, a recuperacao, a
manipulacdo e a modelagem de dados para fins de andlise, visualizagdo ou predigdo,
utilizando algoritmos e estratégias computacionais. Além disso, incorpora conhecimentos de
Fisica, Quimica, Estatistica ¢ Matematica para resolver problemas biologicos, contribuindo
assim para o avango de todas as disciplinas envolvidas (Bilotta; Cong, 2019; Luscombe;
Greenbaum; Gerstein, 2001). Varios tipos de dados bioldgicos como sequéncias de
nucleotideos, expressdo génica, sequéncias de proteinas e estruturas de proteinas estdo sendo
gerados rapidamente, dando origem a dados Omicos. Esses conjuntos de dados exigem
integragdo, organizacdo e o desenvolvimento de estratégias computacionais confidveis e
precisas para aprimorar nossa compreensao da rela¢do entre estrutura e funcdo biomoleculares
(Medema, 2021). Nesse contexto, surge a bioinformatica estrutural que compreende
organizacdo de dados, algoritmos e ferramentas destinados a investigar, analisar, prever e
interpretar estruturas biomacromoleculares (Cazals; Dreyfus, 2017). Um importante ponto de
virada neste campo foi o rapido aumento na resolugdo de estruturas proteicas, principalmente
por meio de cristalografia de raios X (Smyth, 2000) e, mais recentemente, por meio de
espectroscopia de ressonancia magnética nuclear (RMN) (Wiithrich, 1990), e microscopia
crioeletronica (Cryo-EM) (Yip et al., 2020). Esses dados estruturais tornaram-se publicamente
disponiveis em bancos de dados, sendo o mais conhecido o Protein Data Bank, que
atualmente possui 238.346 estruturas publicadas (data de acesso: 30/06/2025) (Burley et al.,
2025). A bioinformatica estrutural tem dois objetivos principais: o desenvolvimento de
métodos de uso geral para manipular informagdes sobre macromoléculas bioldgicas e a
aplicacdo desses métodos para resolver problemas bioldgicos e gerar novos conhecimentos

(Bourne; Weissig, 2003).
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1.6.1. Predi¢ao de Estruturas

Apesar do grande niimero de estruturas proteicas disponiveis em bancos de dados
publicos, ainda existe uma lacuna significativa entre o numero de sequéncias proteicas
conhecidas e as estruturas resolvidas experimentalmente, destacando a necessidade de
métodos precisos de predicao de estruturas (Paiva et al.,, 2022). No entanto, predizer a
estrutura tridimensional de uma proteina a partir de sua sequéncia de aminoacidos continua
sendo um grande desafio ndo resolvido em Bioinformatica. Para lidar com isso, varios
métodos foram desenvolvidos, sendo a modelagem baseada em semelhanga (modelagem
comparativa) a abordagem mais amplamente utilizada antes do surgimento de técnicas
baseadas em aprendizado de maquina, como o AlphaFold2 (Mufassirin; Newton; Sattar,
2023), considerado um método independente ou livre de templates que se baseia
exclusivamente em informagdes de sequéncia de aminoacidos.O AlphaFold2, sendo o método
mais utilizado, utiliza informacdes evolutivas, derivadas de relagdes coevolutivas, presentes
nas sequéncias de aminoacidos das proteinas, capturadas por meio do multi-alinhamento de
sequéncias, para definir restrigdes espaciais e construir modelos tridimensionais de proteinas
(Jumper et al., 2021). J4 a modelagem baseada em templates prevé a estrutura tridimensional
de uma proteina utilizando estruturas ja resolvidas experimentalmente que compartilham pelo
menos 30% de identidade de sequéncia com a proteina-alvo (Arnold et al., 2006; Webb; Sali,
2017), ou empregando a predicdo de estrutura secundaria de fragmentos das sequéncias
seguida por uma busca por templates quando a identidade de sequéncia for inferior a 30%
(Zhang, 2008). Normalmente, o processo envolve a sele¢do de um template estrutural
apropriado, o alinhamento da sequéncia-alvo com um molde (template) e a construgao do
modelo tridimensional com base nesse alinhamento. Outra abordagem também conhecida
como livre de template sdo os métodos ab initio, que visam prever a estrutura da proteina
utilizando apenas principios fisico-quimicos empiricos ou tedricos, simulando o dobramento
em nivel atdmico por meio da aplicagao de forgas fisicas (Leman et al., 2020; Xu; Zhang,
2012). Entretanto, esses métodos sdo geralmente limitados pelo comprimento da proteina e

pelos requisitos de recursos computacionais.

1.6.2. Acoplamento (Docking) molecular
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A elucidacdo das interagdes entre proteinas e ligantes, ou entre as proprias proteinas, é
altamente relevante em diversos campos cientificos, incluindo a descoberta de farmacos e a
compreensdo dos processos de reconhecimento molecular (Sousa et al., 2013; Weng et al.,
2020). O docking envolve o calculo da orientacdo mais favoravel que uma molécula pode
adotar para formar um complexo estdvel com seu receptor. Esse processo se baseia em dois
componentes fundamentais: o algoritmo de amostragem e a fungdo de pontuagdo (Wang et al.,
2016). O algoritmo de amostragem ¢ responsavel por gerar multiplas posigdes de ligantes em
todos os possiveis espacos de ligacdo do receptor. Esses algoritmos sdo tipicamente
classificados em abordagens sistematicas e estocasticas que, por sua vez, sdo estratégias
heuristicas projetadas para reduzir o vasto e quase intratavel espago conformacional de busca
(Agu et al., 2023). Algoritmos sistematicos visam reconstruir o ligante passo a passo no sitio
de ligacdo do receptor, estreitando progressivamente as possibilidades conformacionais
(Ferreira et al., 2015). Em contraste, métodos estocasticos, como algoritmos genéticos ou
simulagdes de Monte Carlo, realizam buscas de refinamento gerando um grande nimero de
conformagdes, selecionando as de maior pontuagdao e iterando esse processo até que uma
posicdo adequada seja identificada (Leonhart et al., 2019). Esses métodos podem ndo cobrir
todo o espago conformacional e sio comumente empregados em docking local, quando o sitio
de ligacao ¢ bem definido ou ap6s uma fase de docking cego (Wang et al., 2016; Weng et al.,
2020). Em simulag¢des de Monte Carlo, conformagdes de ligantes sdo geradas aleatoriamente
e aceitas com base no critério de Metropolis, permitindo a exploragdo eficiente de extensos
espagos conformacionais (Zhou et al., 2023). A geragdo de posi¢des de acoplamento (poses) é
significativamente influenciada pelo espago de simulagdo e pela flexibilidade molecular.

Avancos na tecnologia de GPU (Graphics Processing Unit) permitiram procedimentos
de docking mais rapidos e flexiveis, melhorando a eficiéncia da previsdo de poses de
interagdo, especialmente com moléculas altamente flexiveis (Sousa et al., 2013).

A funcdo de pontuacdo ¢ o segundo componente fundamental do docking, ela visa
classificar as conformagdes geradas pelo algoritmo de amostragem e estimar a afinidade de
ligacdo entre o ligante e o receptor (Das et al., 2020). Essas fungdes sdo equagdes
matematicas projetadas para aproximar a estabilidade termodinamica do complexo molecular
e classificar as poses adequadamente. A pontuagdo continua sendo um grande gargalo no
docking, visto que prever com precisao a afinidade de ligacao de diversos grupos moleculares
ainda ¢ um desafio (Wang et al., 2016). Funcdes de pontuagao sdo tipicamente categorizadas
como empiricas, baseadas em campo de forca ou baseadas em conhecimento (tedricas).

Fung¢des empiricas estimam a afinidade de ligacdo somando termos de interagdo especificos
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(por exemplo, ligagdes de hidrogénio) cujos pesos sdo derivados de dados experimentais
(Murray; Auton; Eldridge, 1998). Fungdes baseadas em campo de forga calcula a afinidade
usando parametros fisicos, incorporando contribui¢des de angulos de ligagdo, tor¢des, forgas
de van der Waals, ligacdes de hidrogénio e interacdes eletrostaticas (Englebienne; Moitessier,
2009). Fungdes baseadas em conhecimento derivam potenciais estatisticos de complexos
proteina-ligante conhecidos, atribuindo energias de interagdo com base na frequéncia de
contatos de 4atomos ou grupos em bancos de dados estruturais (Huang; Zou, 2006). As
distingdes entre ferramentas de docking estdo frequentemente relacionadas a complexidade
estrutural dos sistemas envolvidos. A flexibilidade dos componentes do sistema ¢ um
fator-chave com os ligantes sendo moléculas pequenas, tipicamente apresentam maiores graus
de liberdade translacional, rotacional e torcional do que proteinas, que sdo limitadas por sua
estrutura terciaria (Paiva et al., 2022). Consequentemente, fungdes de pontuagao e protocolos
de docking sdo adaptados para acomodar essas diferencas estruturais e otimizar a precisao da

predigdo para cada cendrio especifico de docking.

1.6.3. Dinamica Molecular

As simulagdes de dindmica molecular (DM) visam prever os movimentos de cada
atomo em uma proteina ou outro sistema molecular ao longo do tempo, com base em modelos
fisicos que descrevem interagdes interatomicas (Karplus; McCammon, 2002). Essas
simulagdes capturam uma ampla gama de processos biomoleculares importantes, como
mudangas conformacionais, interagdo de ligantes e enovelamento de proteinas, fornecendo
dados com resolu¢do atdmica em escalas de tempo de femtossegundos (Hollingsworth; Dror,
2018). E importante ressaltar que as simulagdes de DM também podem prever como as
biomoléculas respondem a perturbacdes incluindo mutacdes, fosforilagdo, protonagdo ou
ligagdo/remocdo de ligantes em nivel atomico. As forcas nas simulagdes de DM sdo
calculadas usando campos de forca da classicos baseados na mecanica molecular ou derivados
de calculos da mecanica quantica e frequentemente refinados usando dados experimentais
(Patodia, 2014). Um campo de forca tipico inclui termos para interacdes ndo ligadas como
interagdes eletrostaticas (Coulomb) e de van der Waals, enquanto representam as ligagdes
covalentes a partir de um potencial elastico semelhante a molas. Ainda, um campo de forga
contém informagdes detalhadas sobre o sistema em simulacdo, incluindo tipos de atomos,
angulos, ligacdes e diedros proprios e improprios. Os campos de forca mais utilizados em

pesquisas académicas incluem CHARMM (Guvench; MacKerell, 2008), AMBER (Tian et al.,
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2020), GROMOS (Van Gunsteren; Daura; Mark, 1998) e OPLS-AA (Jorgensen; Maxwell,
Tirado-Rives, 1996). Estes sdo implementados nos principais softwares de MD, com excegao
do GROMOS, que foi desenvolvido especificamente para 0 GROMACS (Abraham et al.,
2015). Embora esses campos de forca tenham sido inicialmente projetados para proteinas, eles
foram posteriormente estendidos para descrever acidos nucleicos, lipidios, carboidratos e
pequenas moléculas. As principais diferencas entre eles envolvem como eles tratam
interacoes ndo ligadas, definem tipos de atomos e estimam diedros (particularmente
importante para proteinas). Portanto, esses aspectos devem orientar a selegdo de um campo de
forca para uma dada simulagdo (Paiva et al., 2022). Além disso, um limite de distancia ¢
frequentemente aplicado para limitar o intervalo de interagdes entre atomos, reduzindo o custo
computacional (Goel et al., 2015).

Existem trés tipos principais de simulagdes de MD: MD convencional (Case et al.,
2005), amplamente utilizada para estudos como enovelamento de proteinas, estabilidade de
complexo receptor-ligante e refinamento de estruturas; simulagdes QM/MM (mecanica
quantica/mecanica molecular) (Kulkarni; Shah; Vyas, 2022), que permitem a modelagem de
reacoes quimicas; e metadinamica (Barducci; Bonomi; Parrinello, 2011), que permite a
estimativa de valores de energia livre. Em todos os casos, algoritmos sdo empregados para
integrar as equagdes de movimento e energia, produzindo vetores para velocidade, posi¢do e
forgas atdmicas (Vlachakis et al., 2014). Esses vetores sao atualizados em pequenos intervalos
de tempo ao longo da simulagdo, permitindo o céalculo de propriedades fisicas em cada etapa.
Antes de executar qualquer simulacdo de MD, € necessaria uma fase de preparagdo, incluindo
minimiza¢do de energia e equilibracdo, para garantir a qualidade estrutural e a estabilidade do
sistema (Lemkul, 2024). Um fator critico para a precisdo da simulagdo ¢ a definicdo adequada
das equagdes de movimento e energia, que depende diretamente do campo de forca escolhido.
Diversos campos de for¢a foram desenvolvidos com diferentes niveis de resolugdo, desde
representacdes de todos os atomos até modelos de atomo unico que tratam grupos de 4&tomos
como uma unica unidade (Dauber-Osguthorpe; Hagler, 2019; Riniker, 2018). A escolha do
campo de forca deve ser guiada pelas propriedades especificas a serem analisadas (por
exemplo, interagdes atdmicas e intercadeias), o nivel de detalhe da interacdo necessario e a
classe biomolecular em estudo. A selecdo inadequada do campo de for¢a pode comprometer a
precisdo e levar a erros que sdo percebidos, no geral, ap6s o término da simulacao resultando

em gasto de tempo e recursos computacionais (Paiva et al., 2022).
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2. JUSTIFICATIVA

A Drosophila suzukii, conhecida como mosca da asa manchada, tem se destacado
como uma praga agricola de grande relevancia devido a sua capacidade de infestar frutas
sadias ainda no campo, provocando consideraveis perdas econdmicas em diversas culturas ao
redor do mundo. No contexto brasileiro, sua presenga representa uma ameaga potencial a
fruticultura, setor de grande importancia econdmica e social. O controle dessa praga tem se
baseado, majoritariamente, no uso de inseticidas convencionais, que, além de apresentarem
alta toxicidade para o meio ambiente, também tém contribuido para o desenvolvimento de
resisténcia por parte das populagdes de insetos, tornando o manejo menos eficaz ao longo do
tempo.

Diante desse cendrio, a busca por alternativas sustentdveis tem ganhado destaque,
sendo os peptideos bioativos uma promissora estratégia biotecnologica. Esses compostos
apresentam potencial para atuar como inseticidas mais especificos e menos agressivos ao
ambiente, oferecendo uma abordagem mais segura para o controle de pragas. Aliado a isso, o
uso de técnicas de Inteligéncia Artificial tem se mostrado uma ferramenta poderosa na
identificacao rapida e precisa de novos peptideos com atividade inseticida, acelerando o
desenvolvimento e descobertas de drogas voltadas a terapias antivirais, antimicrobiana,

anti-hemolitica, antibiofilm e ao manejo racional de pragas.
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3. OBJETIVOS

3.1 Geral

Treinar um modelo supervisionado de aprendizado de maquina para predigdo de

peptideos bioativos contra o canal de s6dio dependente de voltagem da Drosophila suzukii,

tendo como ponto de partida peptideos com atividade descrita na literatura.

3.2 Especificos

Estruturar uma base de dados de peptideos naturais que apresentem atividade em
bancada para canais de sddio dependentes de voltagem de insetos;

Treinar um modelo de aprendizado de méquina supervisionado a partir da base de
dados dos peptideos ativos em canais de sddio de insetos.

Selecionar novos peptideos a partir do modelo de aprendizado de méaquina treinado.
Modelar a estrutura 3D dos peptideos selecionado e do canal de sddio dependente de
voltagem da de D. suzukii

Realizar a validacdo dos peptideos selecionados a partir do docking e dinamica

molecular contra o canal de sddio dependente de voltagem da D. suzukii;
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ABSTRACT

Peptides represent environmentally safer and target-specific alternatives to conventional
insecticides, offering advantages such as biodegradability and reduced off-target effects.
However, their practical application remains limited by the complexity and cost of chemical
synthesis and large-scale screening. In this study, we developed a machine learning (ML)
framework to predict peptide inhibitors of insect voltage-gated sodium channels (VGSCs),
which are key targets in neuronal signaling and pest control. Six well-established ML
algorithms were systematically evaluated, with the Support Vector Classifier (SVC) achieving
the best predictive performance. Model interpretability analysis using SHAP revealed that
physicochemical descriptors, particularly those describing structural relationships and amino
acid interactions, were the most influential for model predictions, consistent with the
structural determinants of VGSC-toxin interactions. The top-ranked plant-derived peptides
predicted by the model were further validated through molecular docking and molecular
dynamics simulations with the Drosophila suzukii VGSC, a major pest of soft-skinned fruits,
confirming stable interactions at the pore and voltage-sensing domains. These peptides,
classified as cysteine-rich defensins, exhibited structural patterns compatible with known ion
channel modulators. Although the limited availability of experimentally validated insect
VGSC inhibitors constrains model generalization, the proposed approach demonstrates the
potential of ML-driven sequence analysis to accelerate peptide discovery. By integrating
predictive modeling with molecular simulations, this work provides a computationally
efficient and biologically meaningful strategy for identifying novel bioactive peptides for
sustainable pest management.
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INTRODUCTION

Voltage-gated sodium channels (VGSCs) are among the principal molecular targets of
both synthetic and naturally derived insecticides[1]. These membrane proteins play essential
physiological roles, including the initiation and propagation of action potentials in excitable
tissues such as neurons and cardiac muscle[2]. Structurally, a VGSC consists of a single
polypeptide chain organized into four homologous domains (DI-DIV), each containing six
transmembrane helices (S1-S6) [3]. Within each domain, helices S1-S4 form the
voltage-sensing domain (VSD), in which S4 acts as the primary voltage sensor, while helices
S5 and S6 contribute to the pore-forming region. The latter includes a re-entrant P-loop that
folds back into the membrane to create the ion selectivity filter [4-6].

Several naturally occurring peptides are known to act on VGSCs by blocking or
modulating their activity. These include a-, B-, and d-toxins, which are typically rich in
cysteine residues and predominantly found in the venoms of arthropods such as spiders and
scorpions [7]. These toxins bind to specific receptor sites on VGSCs site 3 in VSD-1V, site 4
in VSD-II, and site E in the pore (P) domain, thereby inhibiting channel activity [8]. Toxins
that bind to site E function as sodium channel blockers, whereas those interacting with sites 3
and 4 act as modulators of channel activation by interfering with the rapid inactivation
process [8,9].

In pest management, peptides have been proposed as effective and environmentally
safer alternatives to conventional chemical insecticides due to their biodegradability, target
specificity, and favorable pharmacological properties [10-12]. However, despite these
advantages, their practical application remains limited by the complexity and high cost of
chemical synthesis and large-scale production [13,14]. Therefore, the discovery of novel
insecticidal peptides represents a promising strategy to accelerate the identification and future
commercialization of bioactive molecules for sustainable pest control.

While numerous machine-learning approaches have been developed to predict broad
functional classes of bioactive peptides, including those with insecticidal [15,16],
antimicrobial [17], antibiofilm [18], hemolytic [19], and antiviral [20,21] activities, most
recent studies have shifted toward target-specific peptide prediction for ion channels and other
protein targets. Notable examples include PEP-PREDNa+, a web server designed to predict
Na' channel-blocking peptides [22]; PrIMP, which identifies ion channel modulating peptides
across sodium, potassium, calcium, and nicotinic acetylcholine receptors [23]; and
MetaNaBP, which identify mammalian voltage-gated sodium channel blocking peptides [24].
These developments demonstrate the feasibility and utility of target-level peptide prediction.
However, existing tools vary in scope, organism focus, modeling framework, and
interpretability, leaving room for complementary strategies.

Here, we present a Support Vector Machine (SVM) classifier trained on a curated
dataset of insect VGSC inhibitor sequences using sequence-derived descriptors to provide an
interpretable, target-specific predictor of potential VGSC inhibition. To assess its predictive
capabilities, we applied the model to a set of plant-derived peptide sequences, selecting
candidates with the highest probability of belonging to the active class. The affinity of these
candidates for the VGSC from Drosophila suzukii, a major pest of soft-skinned fruits, was
further evaluated using molecular docking and molecular dynamics simulations. This
machine-learning guided approach streamlines virtual screening, reducing the complexity and
time required for the discovery of novel bioactive peptides targeting insect VGSCs.

METHODOLOGY

Data collection
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The dataset used in this study was composed of 248 peptide sequences, equally
divided into a positive set (n = 124) and a negative set (n = 124).

Positive dataset

Peptides with experimentally validated insecticidal activity targeting voltage-gated
sodium channels (VGSCs) were retrieved from the UniProt database [25] using the following
keywords: “insecticidal peptides,” “neurotoxic peptides,” “ion channel inhibitor OR blocker
peptides,” and “voltage-gated channel inhibitor OR blocker peptides.” Only reviewed entries
were considered. Manual curation was performed to ensure that each selected peptide had
experimentally confirmed inhibitory activity against insect VGSCs.

Negative dataset

The negative set consisted of peptides unrelated to insecticidal activity, including
insect neuropeptides, neurohormones, hormones, and antimicrobial peptides. These sequences
were retrieved from UniProt using the keywords “insect brain peptides,” “insect hormones,”
“insect neurohormones,” “insect neuropeptides,” “antimicrobial peptides,” and
“non-insecticidal peptides,” also restricted to reviewed entries. Because no specific database
of peptides with confirmed lack of VGSC inhibitory activity exists, insect neuropeptides were
prioritized as negative samples, given that they coexist with VGSCs in both the central and
peripheral nervous systems of insects [26,27] but do not act on these channels. To minimize
potential biases, sequences containing well-defined motifs (FMRFamides, LRLRFamides,
tachykinins [26]) were excluded. Additionally, peptides longer than 20 amino acids and
cysteine-rich sequences (> 7 cysteine residues) were prioritized to reduce bias arising from
differences in sequence length and cysteine content relative to the positive set.

Sequence representation methods

Feature extraction was performed using the iFeature 1.0 [28], modlAMP 4.3.2 [29],
and Biopython 1.85 [30] Python packages. A comprehensive set of descriptors (Table S1) was
calculated for all peptide sequences in both the positive and negative datasets. For the Pseudo
K-tuple Reduced Amino Acid Composition (PseKRAAC) descriptors implemented in
iFeature, the parameters were set to ktuple = 2 and A = 3. All available amino acid grouping
schemes were employed. This configuration encodes the frequencies of reduced dipeptides
(based on amino acid groupings) separated by three residues along the peptide chain, thereby
capturing both reduced compositional and sequence-order information. The combination of
these features resulted in a high-dimensional dataset comprising 38194 variables.

Machine Learning Algorithms

Given the limited size of our dataset, machine learning algorithms were selected based
on their reported robustness and performance under data scarcity conditions [31,32]. Six
different algorithms were evaluated: Decision Tree, Random Forest, Support Vector Classifier
(SVC), Gradient Boosting, eXtreme Gradient Boosting (XGBoost), and Light Gradient
Boosting Machine (LightGBM). These algorithms were implemented using the scikit-learn
package (version 1.5.1) in Python, except for XGBoost and LightGBM, which were utilized
through their respective Python libraries. Detailed information about the algorithms is
provided in the Supplementary Data.

Preprocessing and model selection
After removing redundant features and features with zero variance, the dataset
comprised 8252 features, it was randomly split into 80% for training and 20% for testing
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using stratified sampling to preserve class proportions. Features submitted to the SVC were
standardized to have a mean of 0 and a variance of 1. Hyperparameter optimization for each
algorithm was performed using a Bayesian-inspired search in the Optuna framework 4.2.0
[33]. Each trial was evaluated via 5-fold cross-validation to identify the hyperparameter
combination that maximized accuracy on the training set (Table S2). The best-performing
algorithm, according to evaluation metrics, was selected for further refinement.

Model performance optimization and explainability

Feature selection was performed using Recursive Feature Elimination with
Cross-Validation (RFECV) [34], implemented in scikit-learn 1.5.1, to identify the most
relevant features for model predictions. To improve the reliability of predicted probabilities,
the selected model was calibrated using isotonic regression method [35] via the
CalibratedClassifierCV module in scikit-learn, to align predicted probabilities with the true
likelihood that a peptide is an insect VGSC inhibitor. Finally, model interpretability was
assessed using the SHapley Additive exPlanations (SHAP) method [36] . SHAP assigns an
importance value to each feature for a given prediction, allowing identification of the most
influential features driving the model’s predictions.

Performance measures

The models were evaluated using the following metrics: recall, precision, average
precision, accuracy [37], area under the ROC curve (AUC) [38], and Matthews correlation
coefficient (MCC) [39]. These were calculated as follows:

recall = A
~ VP+FN
recision = o
p T VP+FP
average precision = (R — R 1)P
n n— n
n
VP +VN
accuracy =

VP +VN+FP+FN
VP XVN —FP X FN

J(VN+FN)(FP+VP)(VN+FP)(FN+VP)
where TP represents the number of true positive predictions, TN is the number of true
negative predictions, FP is the number of false positive predictions and FN is the number of
false negative predictions, Rn and Pn are the precision and recall at the nth threshold.

MCC =

Statistical significance tests for amino acid composition and model performance

To evaluate differences in amino acid composition between active (positive) and
inactive (negative) peptide sequences in the training set, a two-tailed Student’s t-test was
applied. The significance threshold was set at a = 0.05. Prior to testing, the data were assessed
for normality using the Shapiro-Wilk test and for homogeneity of variance using Levene’s
test.

To compare the predictive performance of the six evaluated machine learning models
across the performance metrics, a Friedman test was conducted, with a = 0.05. When the
Friedman test indicated significant differences among models, a post hoc Conover test with
Holm correction was performed to adjust for multiple comparisons and identify specific pairs
of models with statistically significant differences. All statistical analyses were performed
using Python 3.12 with the SciPy and scikit-posthocs packages, and results were visualized
using Matplotlib and Seaborn.

Prediction novel insect VGSC inhibitor peptides
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A total of 365 plant-derived peptides were retrieved from the UniProt database using
the search term “plant peptide OR peptides”, restricted to reviewed entries that were
submitted to classification by the selected model. Plant-derived peptides were chosen for
classification because many of them are plant defensins, which have potential insecticidal
activity. Peptides were selected for further consideration if their predicted probability of
belonging to the positive class, corresponding to potential insect VGSC inhibitors, was equal
to 1. The three-dimensional structures of the peptides selected by the trained machine learning
model were retrieved from the Protein Data Bank (PDB) [40] and AlphaFoldDB [41].
Structures obtained from AlphaFoldDB were refined using ModRefiner (version 2018)[42]
and subsequently assessed for structural quality using MolProbity 4.5[43] and Qualitative
Model Energy ANalysis (QMEAN) via the SWISS-MODEL web server [44].

Modeling and refinement of Drosophila suzukii VGSC

The three-dimensional structure of the voltage-gated sodium channel of Drosophila
suzukii (DsNav) [45] was predicted using AlphaFold2 [46] and subjected to a 500-nanosecond
molecular dynamics simulation in explicit solvent with GROMACS 2023.1 [47]. The
protein-membrane system was prepared using the CHARMM-GUI web server [48] with the
CHARMM36 force field (July 2022 version) [49]. Simulations were performed under
conditions approximating standard in vitro experimental setups, including a temperature of
298.15 K, pH 7.0, and pressure of 1 atm (detailed simulation parameters are provided in the
Supplementary Data). Trajectory analyses, including root mean square deviation (RMSD),
root mean square fluctuation (RMSF), and radius of gyration (Rg) of the protein backbone,
were performed using GROMACS routines. All simulation plots were generated with the
Python packages Matplotlib 3.10.1 and Seaborn 0.13.2.

Docking molecular and dynamic simulation of predicted peptides to DsNav

Peptides identified by the trained machine learning model were subjected to molecular
docking against the voltage-gated sodium channel (VGSC) of Drosophila suzukii (DsNav) at
each of the three experimentally characterized binding sites for naturally occurring toxins.
The binding sites were identified by the crystal structures 6J8E [50], 6NT4 [6] , and 6A91
[64], corresponding to site E (pore domain), site 3 (voltage-sensing domain IV, VDSIV), and
site 4 (voltage-sensing domain II, VDSII), respectively. Docking was performed using
HADDOCK 2.4 [53], following the standard protocol for protein—peptide docking. Binding
sites were defined based on a comprehensive literature review and structural data of
voltage-gated sodium channels available in the PDB, focusing on complexes with
well-characterized inhibitory toxins corresponding to each site. Three-dimensional
representations of protein—peptide complexes and docking analyses were generated using
PyMOL 2.5.0 (The PyMOL Molecular Graphics System, version 1.2r3pre, Schrodinger,
LLC).

Molecular dynamics (MD) simulations of the DsNav—peptide complexes selected
from molecular docking were performed for 100 nanoseconds, focusing on the peptides with
the most favorable (most negative) docking scores at each of the three tested binding sites.
The system preparation and simulation conditions were identical to those used for the APO
DsNav simulations. Interactions between the receptor and peptides were analyzed across 800
frames of the MD trajectories, with the first 200 frames (corresponding to 20 ns) discarded as
equilibration. Contacts were calculated at every 20th frame and ranked according to the
accumulated contact score using PyContact 1.0.5 [54]. Binding free energy calculations were
performed using gmx MMPBSA 1.6.4 [55], with detailed parameters provided in the
Supplementary Data.
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RESULTS
Comparative analysis of amino acid composition in the training dataset

The Student’s t-test revealed subtle but noteworthy differences in amino acid
composition between the active (positive) and inactive (negative) peptide sets (Figure 1).
Active peptides exhibited slightly higher frequencies of hydrophobic residues (Trp, Tyr),
polar uncharged residues (Cys, Asn), and negatively charged residues (Asp, Glu). In contrast,
the negative set contained relatively higher proportions of positively charged residues (Arg,
His), as well as Phe, Leu, and GIn. The sequence length in the positive dataset ranged from 13
to 121 amino acid residues, with most sequences between 40 and 80 residues (Supplementary
Figure S1A). In the negative dataset, sequence lengths varied from 14 to 109 residues, with
the majority centered around 60 residues. Both datasets exhibited similar median lengths,
indicating no major bias in sequence size between classes.
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Figure 2. Comparison of amino acid frequency between positive and negative data sets. Box plots
display the distribution of amino acid frequencies for each residue across both sets. Statistical
significance between groups was determined using a t-test. Significance levels are indicated as p <
0.05 (*), p<0.01 (**), p<0.001 (***), and non-significant (ns).

Performance evaluation of ML algorithms

Among the tested algorithms, the SVC achieved the highest validation performance,
stabilizing above 0.90 with low variance, which indicates strong generalization capacity
(Figure 2). The SVC also exhibited the most stable learning process, with consistent
validation accuracy and minimal signs of overfitting, as reflected by the small gap between
training and validation curves. Ensemble-based models such as Random Forest, XGBoost,
and Gradient Boosting showed similar patterns, with steady improvement and gradual
convergence between training and validation curves as the training set size increased. In
contrast, the Decision Tree model demonstrated persistent overfitting, maintaining
near-perfect training accuracy but considerably lower validation accuracy. LightGBM and
XGBoost displayed higher variance at smaller training sizes but improved performance with
larger datasets. Overall, the SVC outperformed the other models, benefiting most from the
increase in training data and achieving a superior bias-variance balance.
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Figure 3. Learning curves of six supervised machine learning models used for peptide classification.
Each plot shows training (dashed line) and validation (solid line) accuracy as a function of the training
set size.

The SVC model achieved the best overall performance across all evaluated metrics in
the 5-fold cross-validation (Table 1), slightly outperforming the other algorithms. The low
variance across folds indicates consistent predictive behavior among the models, with the
SVC showing notable better results in precision, average precision, and AUC. These metrics
highlight the model’s ability to effectively prioritize active sequences over negatives, an
essential property in drug discovery tasks. Additionally, the higher MCC value for the SVC
indicates stronger overall agreement between true and predicted classifications, reinforcing its
superior generalization performance.

Table 1. Results of model evaluation in the 5-fold cross-validation

Models Accuracy Recall Precision Avr.Pre. AUC MCC

SvC* 0.91 +0.03 0.93 +0.03 0.9 +0.05 0.97 £ 0.02 0.97 = 0.02 0.82 £ 0.06
RandomForest 0.88 +0.03 0.91+0.04 0.87+0.05 0.93+£0.03 0.93+£0.02 0.77 £ 0.05
XGBoost 0.88 £ 0.05 0.93 +0.02 0.85+0.07 0.93+0.04 0.93+0.04 0.76 £ 0.09

LightGBM 0.88 £ 0.04 0.9 +£0.04 0.87 £0.06 0.94 £0.02 0.94 £0.02 0.76 £0.07
DecisionTree  0.75 + 0.04 0.83 +0.07 0.72 +£0.05 0.7+0.02 0.76 = 0.03 0.52 +0.08
GB* 0.9+ 0.04 0.93 +0.05 0.88 £0.04 0.93 £0.03 0.93 £0.03 0.8+0.08
*SVC = Support Vector Machine; *GB = Gradient Boosting; Avr.Pre.= Average Precision

The Friedman test revealed significant differences among models for all metrics
except recall. The Post hoc analysis using the Conover-Friedman test confirmed that the SVC
achieved the best overall ranking, performing significantly better only for AUC, indicating a
superior ability to correctly prioritize active sequences (Figure 3). Despite similar results for
precision and average precision compared with ensemble methods in the test set
(Supplementary Figure S2), the SVC showed the most stable and reliable performance,
supporting its selection for subsequent optimization and explainability analyses.
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Figure 4. Critical difference diagrams showing model rankings across performance metrics based on
the Conover—Friedman test with Holm correction (o = 0.05). The SVC achieved the highest overall
rank, performing significantly better only for AUC, indicating its superior ability to distinguish active
from inactive sequences.

Feature selection and calibration

From an initial set of 8252 features, a subset of 4130 features was identified as most
relevant for classification by the SVC model. When the selected features were projected into a
two-dimensional UMAP space, a clear separation between the active and negative datasets
was observed (Supplementary Figure S3). To evaluate the reliability of the SVC’s
probabilistic predictions, we performed a calibration analysis using isotonic and sigmoid
calibration methods (Supplementary Figure S4). The isotonic calibration yielded probabilities
that closely followed the perfect calibration line, indicating that the predicted probabilities
accurately represent the true fraction of positives. In contrast, both the uncalibrated and
sigmoid-calibrated models deviated substantially, particularly in the mid-probability range,
reflecting over- and under-confidence in predictions. Following optimization, the SVC model
exhibited consistent performance gains across all evaluation metrics (Table 2).

Table 2. SVC performance metrics after feature selection and calibration.

Model Accuracy Recall Precision Av.precision AUC MCC
SvC 098+0.03 098+0.02 097+0.04 099+0.01 099+0.01 0.95+0.05

Model interpretation

SHAP analysis of feature importance revealed that the molar extinction coefficients
for cystine (epsilon prot disu), reduced cysteine (epsilon prot cys), and gGranthamlag3
were the most influential features in the model prediction (Figure 4). The molar extinction
coefficient features capture the overall absorbance properties of the sequences, which are
influenced by the presence of cysteine, cystine, tyrosine, and tryptophan residues[56]. The
SHAP summary plot shows that active sequences (positive class) display higher values for
these features compared with the negative ones, indicating that increased extinction
coefficients are associated with the likelihood of being an active peptide. This trend aligns
with a slightly higher proportion of cysteine and tryptophs, which directly contribute to
absorbance, in the active peptides compared with the inactive ones. The gGranthamlag3
feature also exhibits higher values in the active peptides, reflecting its contribution to the
model's prediction. This feature represents the sequence-order-coupling (SOCNumber)
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numbers, which describe the relationships between amino acids at various positions along the
protein sequence[57]. Consequently, the gGranthamlag3[58] feature captures how the pattern
of amino acid distribution and spatial relationships within the sequence contributes to the
distinction between active and inactive peptides.

Low High A

epsilon prot disu X RN 'p s §s §

epsilon prot cys ' 1l " s |
gGranthamlag3 - 4{»
-20 0 20 40 60 80
SHAP Value (impact on model output) B
gGranthamlag3 - +4.42
Sum of 4126 other features - +3.47
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Figure 5. Most impactful features for the SVC model predictions on the test dataset, as measured by
SHAP values. (A) The summary plot ranks the top 3 features from most to least impactful based on
their SHAP values, illustrating the relationship between feature values (represented by color). (B) Bar
plot displays the mean absolute SHAP value for each feature, highlighting their overall contribution to
the model's predictive performance.

Structural validation and stability assessment of the DsNav model and selected peptides
The voltage-gated sodium channel of Drosophila suzukii (DsNav), exhibited three
regions with pLDDT scores below 50, suggesting local disorder (Supplementary Figure S5
A). The 500-nanosecond molecular dynamics simulation in explicit solvent revealed that
DsNav structure maintained its overall functional conformation, and showing no loss or
inversion of secondary structural elements as well (Supplementary Figure S5 E and F). The
elevated RMSD (~15 A) observed (Supplementary Figure S5 C) resulted from residues within
intrinsically disordered regions exhibiting RMSF values >10 A (Supplementary Figure S5 D),
consistent with the previously identified disordered segments. Structural validation indicated
that 89% of the residues were located in the most favorable regions and 98% in allowed
regions of the Ramachandran plot (Supplementary Figure S5 B). Notably, these disordered
segments were located on the intracellular side of the membrane and did not overlap with any
of the binding sites analyzed in this study. Because proper folding of these flexible loops
would likely occur on the microsecond-to-minute timescale, extending beyond the simulated
period, further sampling was deemed computationally prohibitive in our case. Collectively,
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these findings confirmed that the DsNav structure met the quality criteria for downstream in
silico interaction analyses.

From the 365 plant-derived peptides retrieved from the UniProt database and
classified by the SVC model, 38 peptides with a predicted probability of 1.0 were selected,
indicating high confidence in their classification as active candidates. Based on QMEAN
scores, the structural quality of the models was comparable to that of experimentally
determined structures resolved by X-ray ecrystallography (Supplementary Figure S6).
Additionally, over 90% of the residues were located in the most favorable regions and 100%
in allowed regions of the Ramachandran plot.

Molecular docking or dynamics analysis

For binding sites 3 and 4, the peptides with UniProt accession codes P56552 and
P81930, respectively, were selected based on their most favorable (most negative) docking
scores obtained with HADDOCK, corresponding to —126.7 for site 3 and —113.5 for site 4.
For site E, the peptide PODKH7 (second-best candidate, —123.5) was chosen, since the
top-ranked peptide for this site (P81930) had already been selected as the best binder for site
4. This approach allowed the selection of a unique representative peptide for each of the three
known binding sites targeted by natural toxins in voltage-gated sodium channels (VGSCs).

Molecular dynamics (MD) simulations of the DsNav—peptide complexes demonstrated
that all screened peptides remained bound to the channel throughout the entire simulation
period (Figure 5). The RMSD values for PODKH?7 at site E (Figure 5A-I) and P56552 at site 3
(Figure 5B-I) remained below 3 A, consistent with conformational stability of the complexes.
In contrast, P81930 at site 4 exhibited an RMSD of approximately 7 A (Figure 5C-I), which
can be attributed to the higher flexibility of its loop regions. For all complexes, the number of
hydrogen bonds during the trajectories, indicating persistent intermolecular interactions
(Figure 5 A-II, B-II, C-1I).

All three complexes displayed binding free energy values compatible with stable
interactions under physiological conditions. For the DsNav—PODKH?7 complex, the calculated
enthalpy (AH) was —44.23 + 14.75 kcal mol!, with —TAS = 31.34 + 1.92 kcal mol!, resulting
in AG = 12.89 + 14.87 kcal mol™ (Figure 5 A-III). The DsNav—P56552 complex showed AH
=—68.07 + 17.28 kcal mol'!, —TAS = 35.40 + 0.05 kcal mol!, and AG = —32.67 + 17.28 kcal
mol ™ (Figure 5 B-III). For DsNav-P81930, AH = —50.29 + 9.47 kcal mol™!, —TAS =28.48 +
0.05 kcal mol™?, and AG = —21.81 + 9.47 kcal mol '(Figure 5 C-III).
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Figure 6. In silico affinity evaluation of three peptide candidates as DsNav inhibitor. (A) Interaction
analysis of the DsNav—PODKH?7 complex, PODKH?7 a candidate predicted to block the E-site (pore
region) showing: (I) Root Mean Square Deviation (RMSD) of PODKH?7 after least-squares fitting to its
backbone amino acids residues; (II) Number of hydrogen bonds formed between DsNav and PODKH7
during the molecular dynamics simulation; (III) Variation in binding enthalpy, entropy, and free energy
throughout the simulation (IV) receptor-ligand interaction highlighting key residues involved in
interaction. (B) and (C) same analyses as in (A), applied to the DsNav—P56552 and DsNav—P81930
complexes, where P56552 is a candidate for site-3 modulation and P81930 for site-4 modulation.

Peptide-receptor interactions

Analysis of the molecular interactions revealed that complex stabilization was
primarily mediated by electrostatic contacts between positively charged residues (e.g., lysine
and arginine) and negatively charged residues (e.g., aspartate and glutamate) (Supplementary
Figure S7). The dominant interaction types across all complexes were salt bridges and
hydrogen bonds.

For the PODKH?7 ligand (site E), key stabilizing residues included Lys29, Alal, Prol3,
and Pro28, which formed interactions mainly with residues belonging to the EEQD and
DEKA motifs in the pore domain of DsNav (Figure 5 A-IV; Supplementary Figure S7 A). At
site 3, the P56552 ligand established strong hydrogen bonds and salt bridges through Lys3,
Lys5, Lys6, Lys42, and Arg43, primarily interacting with residues located in the loops
connecting segments S1-S2 and S3-S4 of VSD IV (Figure 5 B-IV; Supplementary Figure S7
B). For the site 4 ligand P81930, the main contributing residues Lys1, Lys11, Arg36, Arg40,
and Prol3, engaged residues from segments S1-S2, S3—S4, S5-P1, and S5-P2 of VSD II
(Figure 5 C-1V; Supplementary Figure S7 C).

In the complexes formed at sites 3 and 4 (Supplementary Figure S7), negatively
charged residues, mainly aspartate and glutamate, exhibited unfavorable energetic
contributions to complex stabilization, likely due to electrostatic repulsion with negatively
charged residues in the DsNav receptor. Nevertheless, these repulsive effects were effectively
compensated by strong favorable interactions, primarily involving those residues that most
contributed to complex stabilization.

DISCUSSION

Peptides offer environmentally safer and target-specific alternatives to conventional
insecticides, but their practical application is often constrained by the complexity and cost of
chemical synthesis. To address this challenge, we developed a machine-learning framework
for predicting insect VGSC inhibitory peptides, enabling the identification of promising
candidates. By systematically evaluating six widely used algorithms, we selected the Support
Vector Classifier (SVC) as the most effective model, combining high predictive performance
with interpretable insights via SHAP analysis. The practical utility of this approach was
demonstrated through molecular docking and molecular dynamics simulations of top
plant-derived candidates against the Drosophila suzukii VGSC. Collectively, these results
illustrate that our integrated strategy provides a streamlined approach for accelerating the
discovery of novel bioactive peptides for pest management.

Our strategy to minimize bias caused by extreme differences in sequence length and
composition between the positive and negative datasets ensures that the model distinguishes
active from inactive peptides based on structural partners that reflect physico-chemistry
features. By preventing sequence length from becoming a dominant discriminative
characteristic, we avoid a classification task that could be statistically straightforward but
biologically uninformative, which might otherwise lead to misleading results [59]. A
target-specific machine learning approach should instead capitalize on structural and
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physicochemical attributes, as these are fundamental determinants of receptor-ligand
interactions.

In a related study, Shoombuatong et al. (2024) applied a machine-learning approach to
identify VGSC blockers for therapeutic purposes and reported that the sequence profiles of
the positive and negative sets were comparable to those observed in our work. Similarly,
mammalian VGSC inhibitors targeting domain IV of the voltage sensor exhibit patterns of
hydrophobic and negatively charged residues [60], suggesting that side-chain hydrophobicity
plays a central role in peptide-voltage sensor interactions. Voltage-gated sodium channels are
generally highly conserved, particularly in the extracellular loop regions that form the pore
domain, the selectivity filter, the voltage-sensing segments, and the inactivation loop [61]
[62]. Among these, the pore domain and voltage sensor regions are especially significant, as
they serve as binding sites for naturally occurring toxins that allosterically modulate VGSC
function [8]. The S4 segments of all four domains act as voltage sensors and typically contain
four to eight positively charged amino acids (Arg and Lys) interspersed with two hydrophobic
residues [63,64]. This arrangement imparts basic characteristics to the region, facilitating
interactions with peptides containing acidic side chains (Asp and Glu), which may be critical
for binding to the S4 segment of VGSCs [24].

The peptide PODKH7, identified in this study as a potential blocker of the DsNav pore
(site E), may act similarly to other toxins known to obstruct VGSC pores, such as
p-conotoxins [51], by interacting with critical residues within the selectivity filter.
Specifically, PODKH7 forms interactions with Glu971 of the DEKA motif and with Glu391,
GIn1474, and Asp1766 of the EEQD motif [45], thereby blocking the pore entrance.

The peptide P56552, predicted as a site 3 inhibitor targeting the VSD-IV domain,
established strong hydrogen bonds and salt bridges, particularly with Glul665 one of the
residues contributing most to the stability of the DsNav-P56552 complex. This residue is
located in the loop connecting the S3-S4 segments, a region that also contains Argl675 and
Argl678, both positively charged residues in the S4 segment. These interactions are
consistent with previous studies reporting the binding of scorpion a-toxins at this same site
[6,65,66].

In the case of peptide P81930, which was identified as a site 4 inhibitor candidate with
primary interactions with residues located in the loops connecting the S1-S2 segments of
VSD-II, particularly His811, Asp812, and Met813—as well as GIn872 and Val873 in the
S3-S4 loop, Argl436 in the S5-P1 loop, and Glul1484, Val1485, and Lys1487 in the S6-P2
region, these regions have been reported as critical for maintaining sodium channel opening
[51,52]. Throughout the simulations, these residues maintained strong interactions with
P81930, with Asp812 and Glul484 contributing most to the formation and stability of the
DsNav—P81930 complex.

The three candidate DsNav inhibitors identified in this study are cysteine-rich
plant-derived peptides classified as defensins [67]. The peptide PODKH7 (Fa-AMP1),
consisting of 40 amino acid residues, was isolated from Fagopyrum esculentum and exhibits
antimicrobial activity against both Gram-positive and Gram-negative bacteria[68]. The
peptide P56552 (brazzein), composed of 54 residues, was purified from Pentadiplandra
brazzeana and is known for its sweet taste as well as its antimicrobial activity against bacteria
and fungi [69,70]. The third peptide, P81930 (antifungal protein Psd2), isolated from Pisum
sativum, has 47 residues and displays antifungal activity [71].

All three peptides predicted to act against DsNav possess four disulfide bridges, a
feature directly associated with structural stability and biological activity. Fa-AMP1 and
brazzein have been reported to disrupt the plasma membranes of target microorganisms,
whereas Psd2 has been shown to interact with calcium channels in fungal membranes.
However, no previous reports describe their insecticidal activity or their effects on insect
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VGSCs. Interestingly, these peptides share structural motifs with animal-derived antimicrobial
peptides, particularly cysteine patterns in which the residues are preceded or followed by
polar amino acids every three positions [72]. This structural arrangement was among the most
influential patterns identified by the SVC model, indicating that the algorithm successfully
learned sequence features associated with bioactive peptides known to modulate insect
voltage-gated sodium channels.

Despite the promising results, this study presents several limitations that should be
considered. The dataset of known insect VGSC inhibitors remains limited in both size and
diversity, which may restrict the generalization capacity of the machine learning model.
Moreover, information regarding the potency of active peptides and their experimentally
confirmed binding sites is largely unavailable, limiting the precision of predictions within a
binding site—specific framework. In addition, the absence of a well-characterized negative
dataset experimentally validated against insect VGSCs constrains the identification of features
that most effectively distinguish active from inactive peptides.

CONCLUSIONS

This study demonstrates the potential of a target-specific machine learning approach to
identify peptide inhibitors of the D. suzukii voltage-gated sodium channel (DsNav). By
minimizing bias associated with sequence length and composition, our model effectively
learned physicochemical and structural patterns that distinguish active from inactive peptides.
The identified candidate peptides Fa-AMP1, brazzein, and Psd2 exhibited strong and stable
interactions with distinct functional domains of DsNav, suggesting mechanisms of inhibition
consistent with known toxin—channel interactions. These findings provide a valuable starting
point for the discovery of novel bioinsecticidal peptides and highlight the importance of
integrating target-specific machine learning predictions with molecular modeling for
mechanistic interpretation. Future experimental validation will be essential to confirm the
predicted activities and to refine computational strategies for peptide-based insecticidal
design.

Selected peptides presented promising potential in silico, highlighting them as strong
candidates for future in vivo experimental investigations as insecticidal agents against
Drosophila suzukii. Furthermore, integrating machine learning into virtual screening pipelines
offers significant advantages, including a substantial reduction in computational cost and
time. Unlike conventional structure-based methods that rely on the availability of high-quality
3D models of ligands and receptors, sequence-based machine learning models can perform
accurate predictions directly from amino acid sequences. This capability enables large-scale
and rapid screening of potential ligands and targets, accelerating early-stage bioinsecticide
discovery and making the overall process more efficient and scalable. Together, these results
underscore the power of combining machine learning and structural modeling to uncover
novel peptide inhibitors and pave the way for rational design of next-generation
bioinsecticidal agents targeting insect sodium channels.

Data Availability
All the data and code wused for developing this study is available on
https://github.com/lIbgc-uesb/Insect-VGSC-inhibitor-ML-predictor-framework.

Supplementary Data.

Additional methodology and results details, including tables and figures of the machine
learning models' performance, and for in silico experiments.
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5. CONCLUSAO

Este estudo treinou um modelo de Support Vector Machine Classifier para prever
peptideos inibidores de VGSCs de insetos, demonstrando desempenho superior em
comparagao com os de Arvore de Deciséo, Floresta Aleatoria, XGBoost, LightGBM e GMB.
Os candidatos a peptideos selecionados pelo modelo de SVC e validados in silico sdo
peptideos ricos em cisteina, derivados de plantas, com atividade antimicrobiana. Este ¢ o
primeiro estudo a considerar essas moléculas como candidatas a moduladores de VGSCs de
insetos. O cuidadoso processo de curadoria da construcao de conjuntos de dados positivos e
negativos, combinado com andlises estruturais usando docking e simulacdes de dindmica
molecular, juntamente com avaliagdes de energia livre de liga¢do, forneceu evidéncias
promissoras do potencial bioativo dos candidatos a peptideos. Os peptideos selecionados
apresentaram potencial promissor, o que os sugere para futuras investigacdes experimentais in
vivo como agentes inseticidas contra Drosophila suzukii. Além disso, uma das principais
vantagens de incorporar aprendizado de maquina em fluxos de trabalho de triagem virtual ¢ a
reducdo significativa de tempo e recursos computacionais necessarios. Os proprios métodos
tradicionais exigem a preparacdo de estruturas 3D de alta qualidade para ligantes e
receptores-alvo, que requer muito tempo dedicado e recursos computacionais. Essa etapa pode
ser demorada e tecnicamente exigente, especialmente quando estruturas experimentais nao
estdo disponiveis e o niumero de ligantes a serem avaliados for grande. Por outro lado,
modelos de aprendizado de maquina, particularmente aqueles treinados com descritores
baseados em sequéncia, podem fazer previsdes precisas usando apenas as sequéncias de
aminodcidos das proteinas-alvo. Isso elimina a necessidade de modelagem estrutural,
permitindo a triagem répida e em larga escala de potenciais ligantes e alvos. Como resultado,
a descoberta de farmacos em estagio inicial pode ser bastante acelerada, tornando o processo
geral mais eficiente e escaldvel em comparagdo com abordagens convencionais baseadas
apenas em estrutura. Por fim, nossos modelos, assim como os dados, estdo disponiveis
publicamente para a comunidade académica que pode ser usado para avaliar novos peptideos

inseticidas para outras pragas além da D.suzukii.
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Methodology

Sequence representation methods
Table S1. Calculated descriptors for feature extraction from amino acid sequences in the training dataset.

IFeature
Amino Acid Composition AAC, DPC, DDE, TP(C[1,2]
Grouped Amino Acid Composition GAAC, GDPC, GTPC[3]
Sequence Order SOCNumber, QSOrder[4—6]
Pseudo-Amino Acid Composition PAAC, APAAC[7,8]
Composition/Transition/Distribution CTDC, CTDT, CTDDJ[9,10]
Autocorrelation Moran, Geary[11]
Pseudo .K'-tuple reduced amino acids PseKRAAC[12]
composition

modlAMP[13,14]

charge, charge density, aliphatic index, boman index, and hydrophobic ratio.

Amino acid descriptor scales
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"ABHPRK", "AASI", "bulkiness", "charge phys", "charge acid",
"cougar", "eisenberg", "Ez", "flexibility", "hopp-woods", "ISAECI",
"janin", "kytedoolittle", "levitt alpha", "MSS", "MSW", "pepArc",
"pepcats",  "polarity", "PPCALI", ‘refractivity", "t scale",
"TM_tend", "z3", "z5"

Mean hydrophobic moment;
hydrophobic profile

"AASI", "bulkiness", "charge phys", "charge acid", "eisenberg",
Maximum hydrophobic moment "flexibility", "hopp-woods", "janin", "kytedoolittle", "levitt alpha",
"MSS", "polarity", "refractivity", "TM_tend"

"AASI", "bulkiness", "charge phys", "charge acid", "eisenberg",
Hydrophobic moment profile "flexibility", "hopp-woods", "janin", "kytedoolittle", "levitt alpha",
"MSS", "polarity","refractivity", "TM_tend"

Maximum property arcs "ABHPRK", "charge phys", "charge acid", "pepArc", "pepcats"

Biopython

molecular weight, aromaticity, instability index, isoelectric point, secondary structure fraction, molar extinction
coefficient, gravy[15]

Total combined dimensions 38194

Machine learning algorithms

Decision Tree algorithms classify data by recursively partitioning the dataset into
subsets based on threshold values of predictor variables to optimize a splitting criterion, such
as Gini impurity or information gain [16,17]. At each node, the algorithm selects the feature
and corresponding threshold that most effectively separate the data into more homogeneous
groups, producing a hierarchical tree structure in which each terminal node (leaf) represents a
class label. Although this structure is easily interpretable and capable of modeling non-linear
decision boundaries, it is susceptible to overfitting.

A Random Forest is an ensemble learning method that constructs a collection of
decision trees, each trained on a different bootstrap sample (sampling with replacement) of
the original dataset [18]. During the training of each tree, a random subset of features is
selected at each split, introducing additional variability and reducing correlation among trees
[19]. This procedure enhances model generalization and mitigates overfitting relative to a
single decision tree. The final classification is obtained by aggregating the predictions of all
individual trees through majority voting.

Support Vector Machines (SVMs) perform classification by identifying the optimal
hyperplane that maximizes the margin separating data points from distinct classes [20]. When
the data are not linearly separable, kernel functions are employed to map the data into
higher-dimensional feature spaces where a linear separation becomes feasible.

Gradient Boosting Models (GBMs), including widely used implementations such as
XGBoost (eXtreme Gradient Boosting) and LightGBM (Light Gradient Boosting Machine),
also rely on decision trees but differ from Random Forests in their sequential learning strategy
[21,22]. Trees are added iteratively, with each new tree trained to minimize the residual errors
of the ensemble using gradient descent on a predefined loss function. This approach yields
highly accurate models capable of capturing complex data patterns, although careful
hyperparameter tuning is often required to prevent overfitting.

Hyperparameter search
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Table S2. Hyperparameter optimization focused on parameters that control the model’s fit to the

training data.

models default search space final parameter
Decision Tree

max_depth None 2-4 3
min_samples_split 2 2-4 2
min_samples_leaf 1 2-4 2
ccp_alpha 0.0 0-1 0.0388
Random Forest

n_estimators 100 100-300 300
max_depth None 2-4 4
min_samples_split 2 2-4 2
min_samples_leaf 1 1-4 1
ccp alpha 0 0-1 0.0194
Gradient Boosting

learning_rate 0.1 0.001-0.005 0.0042
n_estimators 100 100-300 150
max_depth 3 2-4 4
min_samples_split 2 2-4 4
min_samples_leaf 1 1-4 4
subsample 1 0-1 0.3311
LightGBM

learning_rate 0.1 0.001-0.005 0.0046
n_estimators 100 100-300 300
max_depth -1 2-4 4
num_leaves 31 10-31 30
min_data in_leaf 20 5-20 6
subsample 1 0-1 0.6086
colsample bytree 1 0-1 0.0167
reg_alpha 0 0-1 0.0362
reg lambda 0 0-1 0.2310
XGBoost

n_estimators 100 100-300 300
max_depth 6 2-4 3
learning_rate 0.3 0.001-0.005 0.0027
subsample 1 0.5-1.0 0.5960
colsample bytree 1 0.5-1.0 0.7516
gamma 0 0.5-1.0 0.9397
SvC*

C 1.0 0.0001-0.0005 0.0001794
degree 3 1-5 5
kernel rbf linear; rbf linear
probability False True True

SVC*: Support Vector Classifier.
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Parameters used in the simulation of the voltage-gated sodium channel (VGSC) from

Drosophila suzukii
The time step adopted was 2 fs, with the leap-frog integrator. Short-range unbound

interactions were treated with the Verlet cutoff scheme, with a cutoff radius of 1.2 nm.
Lennard-Jones interactions were smoothly switched to zero between 1.0 nm and 1.2 nm, using
a force-switch modifier. Long-range electrostatic interactions were treated using the Particle
Mesh Ewald (PME) method, with a real-space cutoff of 1.2 nm. The temperature was kept
constant at 298.15 K using the velocity-rescale thermostat, with a coupling constant of 1.0 ps.
The system was partitioned into three thermal coupling groups: protein, membrane, and
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solvent. Pressure was controlled semi-isotropically at 1.0 bar using the C-rescale barostat,
with a coupling constant of 5.0 ps and compressibility of 4.5 x 107 bar! in the xy planes and
z axis. All bonds involving hydrogen atoms were constrained with the LINCS algorithm,
allowing the use of a 2 fs integration step. Periodic boundary conditions were applied in all
directions. The center of mass motion was removed every 100 steps using a linear scheme,
with independent groups for removing the center of mass motion of the solute-membrane
complex and the solvent.

Binding free energy calculation

Binding free energy calculations were performed with the gmx MMPBSA tool
1.6.4[23], considering protein—peptide complexes incorporated into an implicit membrane
bilayer, under physiological salt concentration (0.15 M). The PB radii set specific for the
CHARMM force field were used (PBRadii = 7). An implicit membrane model was applied,
with a heterogeneous dielectric plate along the bilayer normal. The free energy components
included the Van der Waals and electrostatic energies (E_MM), the polar solvation
contribution (G_PB), and the nonpolar solvation contribution (G_SA), calculated from 800
sampled frames. The final binding free energy results (AG_bind) and their conclusion were
calculated as means, with the respective standard deviations calculated over the set, and
analyzed with the gmx MMPBSA ana program. For these calculations, only the interaction
regions between the peptides and DsNav were considered, disregarding the first 20 ns of the
simulation, to make computational processing viable, since the inclusion of the lipid bilayer in
the estimates contributes significantly to RAM consumption[24].

Results
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Figure S1. Sequence length distribution and amino acid composition of the positive and negative
peptide datasets. (A) Violin plots showing the distribution of peptide sequence lengths in the training
dataset. (B) Mean amino acid composition (%) for each residue type in positive and negative datasets.
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Figure S2. Performance comparison of machine learning models for peptide classification on
the test set. (A) Receiver Operating Characteristic (ROC) curves showing the True Positive
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Rate versus False Positive Rate and the area under the curve (AUC) for each model. (B)
Precision—Recall (PR) curves displaying model precision as a function of recall, with the
average precision (AP).
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Figure S3. Visualization of model predictions on the test set. (A) UMAP projection of the feature
space obtained from RFECV-selected features, showing clustering of true positives (TP), true
negatives (TN), and false positives (FP). (B) Confusion matrix illustrating the classification
performance of the SVC model on the test set, showing four false positives and no false negatives.
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Figure S4. Calibration curves comparing uncalibrated, isotonic, and sigmoid-calibrated SVC models.
The isotonic calibration shows the closest alignment with the perfect calibration line, indicating more
reliable probability estimates.
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residues in favorable and allowed regions after a 500-nanosecond molecular dynamics simulation in
explicit solvent. (C) RMSD plot of the protein backbone following least-squares fitting. (D) RMSF
plot of the protein backbone residues. (E) The radius of gyration of the protein throughout the
simulation. (F) Final Frame of DsNav-membrane complex after 500 nanoseconds simulation.
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Figure S7. Per-residue interaction profiles of DsNav—plant peptide complexes over 100-nanosecond
molecular dynamics simulations. (A) Key interactions in the DsNav—PODKH7 complex. (B) Key
interactions in the DsNav—P56552 complex. (C) Key interactions in the DsNav—P81930 complex.
Color intensity indicates the frequency and strength of residue interactions throughout the simulation.
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