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IDENTIFICATION OF NOVEL CODING SEQUENCES ASSOCIATED WITH 

SEASONALITY AND WATER RESTRICTION IMPOSITION IN Eucalyptus grandis 

BY MASS SPECTROMETRY 

ABSTRACT - Understanding how plants cope with current climate change and 
escalating frequency of drought events is crucial for agriculture. Among the plant 
species of economic importance, Eucalyptus species are widely cultivated for their 
several industrial applications. However, the current negative effects of changing 
climate may impose additional challenges on Eucalyptus plant adaptability and 
development. In this scenario, the study of proteins can provide essential insights into 
how plants regulate many biological processes under such conditions. Here, we use 
proteomics, a cutting-edge technology that uses mass spectrometry to identify proteins 
by correlating known virtual spectra against experimental spectra acquired from large-
scale analyses of protein mixtures. We also use a proteogenomics approach that can 
identify novel peptides not initially predicted by conventional proteomics workflows in 
the Eucalyptus grandis proteome. First, our goal was to identify and validate novel 
peptide forms from E. grandis stem samples using a dedicated proteogenomics 
workflow, which consisted of spectral correlations against modified RNA databases 
and a de novo peptide sequencing approach. Later, this strategy was applied on a 
broader scale to identify novel peptide forms in E. grandis leaf samples subjected to 
the effect of seasonality and water restriction imposition. Known protein and novel 
peptide identifications provided important insights on how the leaf proteome profile of 
E. grandis trees changed over different seasons of the year, as well as under water 
restriction imposition. Those novel peptide identifications, mainly related to the 
photosynthesis process, decreased the protein stability by altering the quantitative 
change upon ΔΔG values and non-covalent interactions. Validation of novel 
identifications was carried out using either Multiple Reaction Monitoring (MRM) or 
Parallel Reaction Monitoring (PRM) targeted assays that provided further mass 
spectrometry support for the existence of the novel peptide identifications. 
 

Keywords: Proteomics, Proteogenomics, drought stress, PRM, SRM. 
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IDENTIFICAÇÃO DE NOVAS SEQUÊNCIAS CODIFICADORAS ASSOCIADAS À 
SAZONALIDADE E RESTRIÇÃO HÍDRICA EM Eucalyptus grandis POR 

ESPECTROMETRIA DE MASSAS 

RESUMO - Compreender como as plantas lidam com as atuais mudanças climáticas 
e a crescente frequência de eventos de seca é crucial para a agricultura. Dentre as 
espécies vegetais de importância econômica, espécies de Eucalyptus são 
amplamente cultivadas por suas diversas aplicações industriais. No entanto, os atuais 
efeitos negativos das mudanças climáticas podem impor desafios adicionais à 
adaptabilidade e desenvolvimento de plantas de eucalipto. Nesse cenário, o estudo 
de proteínas pode fornecer insights essenciais sobre como as plantas regulam muitos 
processos biológicos sob tais condições. Aqui, usamos a proteômica, uma tecnologia 
de ponta que usa espectrometria de massa para identificar proteínas por meio da 
correlação entre espectros virtuais conhecidos e espectros experimentais adquiridos 
a partir de análises em larga escala de amostras proteicas. Também usamos uma 
abordagem de proteogenômica que pode identificar novos peptídeos não previstos 
inicialmente por fluxos de trabalho de proteômica convencionais no proteoma de 
Eucalyptus grandis. Inicialmente, nosso objetivo foi identificar e validar novas 
sequências de peptídeos em amostras caulinares de E. grandis usando um fluxo de 
trabalho de proteogenômica dedicado que consiste em correlações espectrais contra 
bancos de dados modificados de RNA e uma abordagem de sequenciamento de novo. 
Posteriormente, essa estratégia foi aplicada em larga escala para a identificação de 
novas formas peptídicas em amostras de folhas de E. grandis submetidas ao efeito 
da sazonalidade e da imposição de restrição hídrica. Proteínas conhecidas e novas 
identificações de peptídeos forneceram importantes insights sobre a alteração do 
proteoma foliar de árvores de E. grandis ao longo de diferentes estações do ano, bem 
como sob a imposição de restrição hídrica. Essas identificações de peptídeos novos, 
principalmente relacionadas ao processo de fotossíntese, diminuíram a estabilidade 
da proteína por alterar valores quantitativos de ΔΔG e interações não-covalentes. A 
validação de novas identificações peptídicas foi realizada por ensaios direcionados de 
Monitoramento de Reação Múltipla (MRM) ou Monitoramento de Reação Paralela 
(PRM) que forneceram suporte adicional de espectrometria de massa para a 
existência das novas sequências peptídicas identificadas. 
 

Palavras-chave: Proteômica, Proteogenômica, estresse hídrico, PRM, SRM. 
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CHAPTER 1 – General considerations 

 

1. INTRODUCTION 

Climate change and alterations in rainfall patterns may impose additional 

challenges for plant adaptation and development (Easterling et al., 2000). Global 

warming is projected to increase the frequency and intensity of drought events, which 

may lead to negative impacts on agriculture and crops of economic importance (Li et 

al., 2020b). Among them, Eucalyptus species stand out for their wide application in the 

industry as raw material for paper and cellulose production, charcoal, essential oil, and 

woodwork products. Therefore, changing climate and drought events are more likely 

to negatively impact Eucalyptus species plantations.  

In this scenario, proteomics is an essential tool for understanding biological 

processes from the analysis of the protein profile of a given organism under a given 

condition since it provides direct information on the end products of gene expression: 

the proteins (Feist and Hummon, 2015). Furthermore, beyond identifying known 

proteins, the identification of novel peptide forms is indeed crucial since conventional 

proteomics workflows may lack the capacity to identify many peptides of interest due 

to database restrictions (Nesvizhskii, 2014). Proteogenomics, is an alternative 

approach that provides an extra level of identification (Nesvizhskii, 2014), which could 

assist in understanding the molecular mechanisms of plant adaptation to 

environmental changes as novel peptide forms are discovered.  

Novel peptide forms can be identified following several pipelines depending on 

the goal of the research. Here, we used two different approaches, which were based 

on spectral correlations of experimental data against modified RNA databases 

(translated into alternative reading frames) and a dedicated de novo peptide 

sequencing workflow. Novel peptide forms with single amino acid substitution (SAS) 

peptides can often provide novel insights towards better understanding plants' 

molecular events and, for instance, have a significant impact on protein stability (Teng 

et al., 2010).  

Beyond identifying novel peptide forms, targeted proteomics experiments can 

provide an extra level of confidence for novel identifications (Gibbons et al., 2019). 

SRM (Selected Reaction Monitoring) or MRM (Multiple Reaction Monitoring) targeted 
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experiments are commonly used as they offer more reproducible, selective, and 

specific results (Percy et al., 2013; Gao et al., 2018). Those mass spectrometric based 

approaches can work as fundamental methods for data validation, and depending on 

the goal of the research, increasing the quantification sensitivity of mass spectrometry 

experiments (Shi et al., 2016).  

Here a conventional proteomics workflow and a dedicated proteogenomics 

approach were used to contribute to the characterization of the proteome of Eucalyptus 

grandis through a post-genomic approach. We also aimed to: 1) confidently identify 

known proteins and novel peptides forms in the stem and leaf tissues from E. grandis 

plants; 2) provide mapping and genomic characterization of novel peptide forms; 3) 

investigate how known proteins and novel peptides behave under the effect of 

seasonality and water restriction imposition over field conditions; 4) deliver insights into 

protein stability associated with novel peptide identifications under seasonality and 

water restriction imposition; and 5) validate novel peptide identifications by targeted 

proteomics assays. 
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2. LITERATURE REVIEW 

 

2.1. Brief history of Eucalyptus genus in Brazil 

 

The Eucalyptus genus is important by its wide range of uses and high adaptation 

to different types of climates and regions. The history behind its first introduction in 

Brazil is difficult to be precisely defined due to the lack of documents of possible entry 

dates of seeds and seedlings in the country (Castro et al., 2016). It is believed that the 

first Eucalyptus seedlings were planted around 1824 at the Rio de Janeiro Botanical 

Garden in Brazil (Marchiori, 2014). Actual studies with the Eucalyptus genus began in 

1904 by Edmundo Navarro de Andrade (in the Sao Paulo Railroad Company), who 

introduced a variety of species of different origins within the genus in Jundiaí Garden, 

Sao Paulo (Castro et al., 2016). The first Eucalyptus usages were destined to attend 

the wood demand for railways’ construction (SAMPAIO, 1961). The main interest 

emerged as for the easy adaptation of Eucalyptus species to different environmental 

conditions in Brazil, which were similar to the Australian latitude, and around 1941, the 

first breeding attempts were started by Edmundo Navarro de Andrade and Carlos 

Arnaldo Krug (from the Agronomic Institute of Campinas (IAC) (Castro et al., 2016). 

Currently, this tree genus is considered one of the most important for the country and 

other tropical and subtropical regions of the world (IBÁ - Indústria Brasileira de Árvores, 

2020). 

 

2.2. Eucalyptus economic importance  

 

According to IBÁ - Indústria Brasileira de Árvores (2020), the states of Minas 

Gerais, Sao Paulo, Mato Grosso do Sul, Paraná, Rio Grande do Sul, and Santa 

Catarina are the ones with the largest planted forests in Brazil, respectively. Also, 

during 2019, the total area of planted trees totalized 9.0 million hectares, a 2.4% 

increase over 2018 (8.79 million hectares). Out of this total, the majority (77%) is 

represented by Eucalyptus trees, with 6.97 million hectares, whereas 18% is 

represented by pine forests, with 1.64 million hectares. Furthermore, there are an 

additional 0.39 million hectares planted with other species, such as rubber, acacia, 

teak, and parica trees. The average yield for Eucalyptus plantations in Brazil was 35.3 
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m3 ha-1 per year in 2019. Interestingly, there are more than 1000 cities where the forest 

industry works in Brazil, and its gross revenue in 2019 reached R$ 97.4 billion. Lastly, 

and still according to IBÁ - Indústria Brasileira de Árvores (2020), the ranking for the 

share of three activities in comprising the gross domestic product of 2019 was: 1) pulp, 

paper, and paper product manufacturing (46.5%); 2) forest production (wood charcoal, 

wood (logs and by-products), firewood) (36.2%); and 3) wood product manufacturing 

(e.g., wood laminates, plywood, pressboard, and particleboard) (17.3%). 

 

2.3. Climate change and drought impact on plants 

 

Climate change is one of the utmost challenges that agriculture faces. Main 

climate-change-related impacts on biological systems are predicted to occur, and it 

may outpace intrinsic adaptive capacities by increasing the relative vulnerabilities of 

many organisms (Staudinger et al., 2013). Global warming and climate change may 

increase the effects of abiotic stresses on crop production since the climate continues 

to change (Li et al., 2020). Global climate change is projected to increase the frequency 

of drought occurring under warming temperatures (Easterling et al., 2000). 

Water deficit is an inevitable consequence of climate change and has a 

substantial impact on terrestrial plant development. The sensitivity of the plant growth 

stage to water deficit can be affected by many factors, including climatic conditions, 

crop species, cultivars, agronomic management practices, among others (Chai et al., 

2016). As a result, water restriction can cause diverse modifications at the molecular, 

cellular, and physiological levels, delaying plant growth (Jiménez et al., 2013; Ngara 

et al., 2018). 

Environmental stresses trigger an extensive variety of plant responses, which 

include altered gene expression and cellular metabolism to changes in growth rate and 

plant yield (Shao et al., 2009). Those plant reactions exist to avoid the harmful effects 

triggered by a wide range of both abiotic and biotic stresses, such as drought, light, 

salinity, and high temperatures (Shao et al., 2009). Among the environmental stresses, 

drought is one of the most hostile factors for plant growth and productivity, and plant 

drought stress tolerance may be attributed to molecular responses (e.g., expression of 

stress-responsive genes), biochemical responses (e.g., decreased efficiency of 
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Rubisco and transient decrease in photochemical efficiency), and physiological 

responses (e.g., reduced photosynthesis rate) (Shao et al., 2009). 

Short-term water stress experiments applied on Eucalyptus species (in 

Australia) and Quercus species (in Spain) revealed adaptive interspecific differences 

in drought responses between both experiments indicating that drought imposes 

limitations on Rubisco activity and RuBP regeneration capacity alongside declines in 

stomatal and mesophyll conductance (Zhou et al., 2014). Also, gene expression in two 

contrasting hybrid clones of Eucalyptus camaldulensis x Eucalyptus urophylla grown 

under water deficit conditions pointed out significant impacts on photosynthesis, 

respiration, carbohydrate metabolism, and ion absorption (Martins et al., 2018). 

 

2.4. Conventional Proteomics workflows  

 

Proteins regulate many cellular functions and are essential cellular machinery 

that enables different tasks within a given biological condition (Feist and Hummon, 

2015). Proteomics is an essential approach as it provides direct information on the end 

products of gene expression: proteins. Thus, proteomics is a technique that seeks to 

understand biological processes from the analysis of the protein profile of a given 

organism under a given condition. The field of proteomics is the large-scale study of 

proteins and relies on different methodologies for protein identification, such as mass 

spectrometry-based approaches. Two main approaches for mass spectrometry-based 

proteomics can be cited as top-down and bottom-up analyses. The top-down analysis 

aims to study whole proteins, whereas bottom-up seeks to investigate peptides from 

digested proteins. In the bottom-up workflows, proteins are extracted from biological 

tissue, quantified, in-gel, or in-solution digested, and are finally ready for liquid 

chromatography-mass spectrometry (LC-MS/MS). One of the acquisition methods that 

can be used is data-dependent acquisition (DDA) in which the most abundant peptides 

are selected for fragmentation, followed by the analysis of these fragments that will 

contribute to the identification of the analyzed peptides. Although a unique method of 

analysis has been developed for each technique, they both rely on the acquisition of 

mass-to-charge ratios (m/z). By the collection of this type of data, different compounds 
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present in a given sample can be measured on different mass spectrometry platforms 

that have different configurations for data ionization, separation, and detection.  

The identification of proteins by mass spectrometry generally relies on genetic 

sequences of interest, which are translated into peptide sequences, generating a 

virtual spectral library. Mass spectra data (experimental spectra) are acquired, and a 

positive correlation between the theoretical and experimental spectra suggests the 

presence of peptides in a biological sample (Eng et al., 1994). Due to advances in the 

development of new sequencing techniques, the vast amount of genetic information 

currently available has become attractive for species with a fully sequenced genome, 

as well as those where only part of this information is available. For instance, 

Eucalyptus grandis was sequenced and made publicly available, which opened 

numerous biotechnological perspectives (Myburg et al., 2014). 

Spectral correlation approaches, despite being very precise, are techniques that 

allow the identification of peptides only by gene sequences presented in the reference 

genome. As a result, it limits the identification of novel peptides and isoforms that are 

encoded by regions considered "non-coding" and the identification of new structures 

present in different open reading frames of the genome. However, it is known that the 

genome of eukaryotic organisms can be much more complex as it can be modified and 

influenced by several cellular molecular events (Barrett et al., 2012). 

 

2.5. Proteogenomics 

 

The term proteogenomics was introduced in 2004 (Jaffe et al., 2004) and 

usually refers to a search strategy for peptide identities derived from spectrometric 

data that uses customized database sequences and their construction depends on the 

goal of each research (Nesvizhskii, 2014). This area of study is at the interface of 

proteomics and genomics, and the term may include any type of application where a 

proteogenomics-like approach is used to interpret MS/MS spectra, which not only 

provide protein-level validation of gene expression and gene model refinement but also 

allows the enhancement of protein sequence databases (Nesvizhskii, 2014). Those 

novel peptides may also contain substitutions and can represent novel protein-coding 

loci (Nesvizhskii, 2014). 
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In addition, the various large-scale transcript sequencing projects are also a rich 

source of information about nucleotides that can be used in proteogenomic studies for 

different species. In plants, Baerenfaller et al. (2008), using a proteogenomic strategy, 

identified almost 50% of all proteins predicted by the Arabidopsis thaliana genome and 

identified 57 new genetic models from the identification of 261 new peptides. 

Novel coding sequences may include intronic sequences, intergenic regions, 

pseudogenes, and alternate 5' and 3' end sequences. Castellana et al. (2008) 

observed that of the 144,079 peptides identified in an extensive analysis of 

spectrometric data against proteogenomic libraries, 126,055 were identified as 

originating from gene coding regions. Furthermore, these authors identified 18,024 

new peptides, corresponding to 778 new coding regions, suggesting that the 

information on genetic models available for the species at the time corresponded to 

only 82% of the A. thaliana proteome. 

Following a spectral correlation approach against modified RNA databases, 

some novel peptide genomic classifications may be identified in regions previously 

considered as non-coding or mapped to a protein-coding gene (Figure 1). Genomic 

mapping of novel peptides to protein-doing gene regions can be classified as 5’UTR, 

5’UTR-EXON, Exon region in an alternative reading frame, EXON-3’UTR, 3’UTR, and 

dubious mappings (Figure 1). 
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Figure 1 – Genomic classification of novel peptides identified by spectral correlations 
against modified RNA databases (Figure adapted from Nesvizhskii (2014)). 

Some novel peptide sequences can also be identified through de novo peptide 

sequencing. De novo peptide sequencing is a method for peptide sequencing 

performed without prior knowledge of the amino acid sequence. This method can 

identify peptide sequences with no protein database comparison, which can overcome 

the limitations of database-dependent methods and deduce the sequence of peptides 

directly from the experimental MS/MS spectra (Standing, 2003). 

Out of those de novo identifications, single amino acid substitutions (SAS) can 

also be identified through a dedicated pipeline. Automated de novo sequencing from 

MS/MS spectra in PEAKS Studio software (Bioinformatics Solutions, Waterloo, 

Ontario, Canada) can be used to provide de novo peptides and protein sequences. 

Subsequently, PEAKS DB, which is a database search module in PEAKS Studio, is 

the second step to identify Peptide-spectrum matches (PSMs) from existing protein 

databases (Zhang et al., 2012). Lastly, aiming to detect single amino acid substitutions, 

datasets are searched using the SPIDER algorithm (Han et al., 2005), which is 

integrated within the PEAKS software. 
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2.6. Single amino acid substitution impact on protein stability 

 

Single amino acid substitutions can have a high impact on protein 

thermodynamic stability, which can also result in protein structural changes. Those 

changes may be associated with mutation-induced protein biophysics, genomic variant 

interpretation, as well as disease-related conditions. In plants and other organisms, 

single amino acid substitutions may alter hydrogen bonds, salt bridges, ion-pairs, 

disulfide bonds, and van der Walls interactions, which may lead to changes in stability 

(Gromiha and Selvaraj, 2004; Kucukkal et al., 2015). If stability is affected, functional 

changes are more likely to be predicted; however, some function-changing mutations 

do not affect stability (Bromberg and Rost, 2009). 

Protein thermodynamic changes from single amino acid substitutions are 

associated with the biophysical process of protein folding between two states: before 

and after single amino acid substitution on a given protein. Such processes can be 

quantified based on the Gibbs free energy of a protein between the folding and 

unfolding status upon a single amino acid substitution, usually represented as ΔΔG (Li 

et al., 2020a) As biological experiments to assess the effect of single amino acid on 

protein stability are usually expensive and labor extensive, computational methods are 

useful as they can speed up initially screening processes and provide important 

insights into assessing the impact of single amino acid substitutions on protein stability.  

Machine learning approaches have been designed for assessing 

thermodynamic stability changes upon substitutions and the resulting phenomenal 

thermodynamic effect on proteins. For instance, some available tools have been 

categorized into structure-based approaches (Pires et al., 2014; Savojardo et al., 2016; 

Chen et al., 2020b), sequence-based approaches (Cheng et al., 2006; Folkman et al., 

2016; Quan et al., 2016), as well as integrated approaches (Chen et al., 2013; Chen 

et al., 2020a). 

Structure-based methods such as PremPS and mCSM can provide good 

performance for assessing the impact of single amino acid substitutions on protein 

stability.  PremPS calculations are based on using of random forest (RT) regression 

scoring function and training on experimental data of unfolding Gibbs free energy 

changes for experimentally tested substitutions in proteins (Chen et al., 2020b); 
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whereas, mCSM calculations are constructed upon predictive machine learning 

methods, which implement graph-based atom distance patterns to represent protein 

residue environments (Pires et al., 2014). 

Since not all proteins have an adequate protein structure template to be 

compared, sequence-based approaches can provide a good alternative for 

investigating the impact of single amino acid substitutions on protein stability. As a 

result, many high-performance methods use sequence features and information to 

predict protein stability changes, and a great example is MUpro (Cheng et al., 2006). 

MUpro can predict very accurately both value and sign of energy change using support 

vector machine (SVM) and sequence information. This tool can be applied to many 

cases in which the tertiary structure of the protein is unknown, which helps overcome 

a major limitation for methods that require tertiary information as an input. 

Modifications in the protein non-covalent interactions such as hydrophobic 

interactions, hydrogen bonds, Ionic interactions, and Van der Waals interactions may 

also affect protein stability. Such interactions can be located in the interior of a 

structured protein, which is generally a densely packed core of hydrophobic amino acid 

side chains (creating hydrophobic interactions) (Nelson and Cox, 2017). Ionic 

interactions also limit structural flexibility and give uniqueness to a specific protein 

structure that nonspecific hydrophobic interactions cannot provide (Nelson and Cox, 

2017). Moreover, hydrogen bonds often have a central role in leading the protein-

folding process (Nelson and Cox, 2017). Lastly, Van der Waals interactions are dipole-

dipole interactions that involve the permanent electric dipoles in certain groups and are 

generally weak and individually contribute little to overall protein stability (Nelson and 

Cox, 2017). 

 

2.7. Targeted proteomics experiments 

 

Targeted proteomic analysis is a technique that has high reproducibility, 

selectivity, sensitivity, and wide dynamic range, and has been used for more accurate 

identification and quantification of proteins of interest, especially those present in low 

abundance (Gibbons et al., 2019). This setup also provides high analytical 

reproducibility, a better signal-to-noise ratio, and increased dynamic range (Lange et 
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al., 2008). For the development of targeted proteomics methods, the first step is the 

determination of the group of peptides or proteins of interest for the research. The 

choice of the target group can be based on shotgun experiments performed or 

information that can be data from literature and databases (Lange et al., 2008). 

After determining the targets to be monitored, several targeted proteomics 

approaches can be applied. According to Elschenbroich and Kislinger (2011), SRM 

(Selected Reaction Monitoring) or MRM (Multiple Reaction Monitoring) methods use a 

triple quadrupole mass spectrometer. In this approach, the first quadrupole (Q1) works 

as a mass filter, selecting the precursor ion, which is the peptide to be monitored. The 

second quadrupole (Q2) is a collision cell, in which the selected peptide will undergo 

fragmentation by the CID (Collision-induced dissociation) method. Lastly, the third 

quadrupole (Q3), performs the same function as Q1, however, it selects the fragment 

ion that will be directed to the detector. 

For the SRM method, it is necessary to define both the peptide and the fragment 

ions to be analyzed. The m/z pair of the precursor ion and the fragment ion is called a 

transition. The choice of transitions should be based mainly on the higher signal 

generated by the fragment ion with the least possible interference since the complexity 

of biological samples at the protein level may hinder the detection of specific transitions 

(Janecki et al., 2007). These transitions must be validated to confirm the peak identity. 

Another possibility is the use of synthetic peptides for the optimization and validation 

of transitions (Picotti and Aebersold, 2012). Multiplexed MRM-based applications were 

used for biomarker discoveries, validation, and accurate quantification of human 

disease studies (Freue and Borchers, 2012; Percy et al., 2013), as well as to 

investigate protein biomarkers in Loquat fruits for polyphenol oxidase (Martínez-

Márquez et al., 2013).  

The PRM (Parallel Reaction Monitoring) is another method that can be applied 

using high-resolution mass spectrometers as hybrid quadrupole-Orbitrap and 

quadrupole-time-of-flight instruments. In these instruments, the peptide to be analyzed 

is selected by the quadrupole, which works as the mass filter, and this ion is directed 

to a collision cell where it will undergo fragmentation, and lastly, all fragments will be 

analyzed in Orbitrap. In this approach, it is then possible to obtain the MS2 spectrum 

of the target peptide, without previously defining the transitions to be analyzed, as in 
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the case of SRM (Ronsein et al., 2015). In general, PRM and SRM exhibited 

comparable linearity, dynamic range, precision, and repeatability for protein 

quantification (Ronsein et al., 2015). 
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CHAPTER 2 - Identification of novel protein-coding sequences in Eucalyptus 
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ABSTRACT  

 

Eucalyptus species are widely used in the forestry industry, and a significant increase 

in the number of sequences available in database repositories has been observed for 

these species. In proteomics, a protein is identified by correlating the theoretical 

fragmentation spectrum derived from genomic/transcriptomic data against the 

experimental fragmentation mass spectrum acquired from large-scale analysis of 

protein mixtures. Proteogenomics is an alternative approach that can identify novel 

proteins encoded by regions previously considered as non-coding. This study aimed 

to confidently identify and confirm the existence of previously unknown protein-coding 

sequences in the Eucalyptus grandis genome. To this end, we used a modified spectral 

correlation strategy and a dedicated de novo peptide sequencing pipeline. Upon the 

strategy used here, we confidently identified 41 novel peptide forms and six peptides 

containing at least one single amino acid substitution. The most representative 

genomic class of novel peptides was identified as originating from alternative reading 

frames. In contrast, no clear single amino acid substitution pattern was identified. 

Validation of the identifications was carried out using a parallel reaction monitoring 

approach that provided further mass spectrometry support for the existence of the 

novel peptide sequences. Data are available via ProteomeXchange with identifier 

PXD022110. 

 

Keywords: bottom-up proteomics, parallel reaction monitoring, proteogenomics, 

proteomics. 

 

 

 

 

 

 

 



20 
 

 
 

1. INTRODUCTION 

 

 Eucalyptus species are widely used in the forestry industry because of their 

rapid growth and wood properties for cellulose and paper production. Due to advances 

in the development of new sequencing techniques, the vast amount of gene 

information currently available has become attractive for species with a fully 

sequenced genome and for those in which only a part of this information is available. 

The genome of Eucalyptus grandis has been sequenced and made publicly available 

(Myburg et al. 2014), which opened numerous biotechnological perspectives and 

accelerated proteomics studies involving this species.  

 In contrast to sequencing technologies, protein identification is primarily 

performed as a result of correlating mass spectra acquired by processing a biological 

sample (experimental spectra) with those virtually generated by processing sequences 

encoded in a reference genome (virtual spectra). The positive correlation observed 

between the theoretical and the experimentally obtained spectra is strong evidence of 

the presence of a particular peptide in biological samples (Eng et al. 1994). 

Additionally, another strategy for protein identification is to perform de novo peptide 

sequencing, which directly infers the peptide sequence from an acquired tandem mass 

spectrum with no comparison with a reference database (Zhang et al. 2011). 

 Currently, it is known that the genomic expression in eukaryotic organisms is 

much more dynamic than previously reported. In the conventional spectral correlation 

approach, the protein-coding sequences are known, correctly inferred, and present in 

this reference genomic library. However, such restriction limits the identification of new 

proteins and isoforms encoded by regions considered as "non-coding", and the 

identification of novel peptide forms of that genome are consequently compromised. 

As a result, a powerful method known as proteogenomics has emerged, and it may 

assist with identifying novel coding regions and peptide forms.  

 The term proteogenomics was first introduced in the literature in 2004 (Jaffe et 

al. 2004). It usually refers to the strategy of searching for peptide identities derived 

from spectrometric data using custom databases, where their construction depends on 

the objective of the ongoing research project. For that to occur, the genomic 

information must be processed in its different possibilities and integrated with other 
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gene product information such as transcripts. In addition, the various large-scale 

transcript sequencing projects are also rich sources of nucleotide information that can 

be used in proteogenomics studies as virtual spectra for spectral correlations. Another 

approach that could enhance the identification of novel peptide forms is de novo 

peptide sequencing, since peptides may contain single amino acid substitutions 

originated from single nucleotide polymorphisms (SNPs) (Nesvizhskii 2014). In recent 

years, de novo peptide sequencing has gained popularity and proved to be a valuable 

strategy for deep-proteome profiling experiments and functional analysis from non-

model organisms (Blank-Landeshammer et al. 2017). 

 The combination of proteogenomics and de novo peptide sequencing analysis 

can provide a more comprehensive view of the proteome in eukaryotic organisms, as 

well as improve genome annotation quality (Blank-Landeshammer et al. 2019). 

Proteogenomics has many applications, such as in clinical and cancer-related studies 

(Ang et al. 2019), genome annotation improvement (Potgieter et al. 2016) and in 

enhancing the understanding of phenotypic variation (Heunis et al. 2017). In plants, 

proteogenomics has contributed to identifying novel peptides and coding regions in the 

Arabidopsis thaliana genome (Castellana et al. 2008; Baerenfaller et al. 2008), as well 

as to improving genome annotation in grapevine (Chapman and Bellgard 2017). 

 Confidently identifying novel coding events in an organism is important, but 

validating such findings is also greatly useful. As an alternative strategy to validate the 

identification of novel peptides and single amino acid substitutions, the parallel reaction 

monitoring (PRM) approach is commonly used. PRM-based targeted methods provide 

high specificity, as the tandem mass spectrometry (MS/MS) data are acquired in high-

resolution mode and high mass accuracy that can distinguish background ions from 

target peptide ions (Peterson et al. 2012; Rauniyar, 2015). With its high resolution, the 

PRM method can identify compounds with greater sensitivity and selectivity (Gao et al. 

2018). This method has also been used in other studies to validate protein biomarkers 

(Sandow et al. 2018) and identify novel peptides in prokaryotic organisms (Omasits et 

al. 2017). 

 This presented strategy can identify novel peptide forms that cannot be 

identified using conventional protein identification workflows, which usually are based 

on spectral correlations against a reference protein database. Therefore, this study 
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aimed to identify previously unknown protein-coding sequences in the E. grandis 

genome by identifying and validating novel peptide sequences using a dedicated 

proteogenomics approach. 

 

2. MATERIAL AND METHODS 

 

2.1. Plant growth and sample preparation 

 

 Eucalyptus grandis seeds were acquired from the Institute of Research and 

Forestry Studies (Instituto de Pesquisa e Estudos Florestais - IPEF) (Cultivar: 

LCFA001; Seed lot: BO0027N01). Plant germination was carried out in 1 L pots 

containing a commercial substrate (Bioplant®). After four weeks of growth, the 

seedlings were transplanted to 6 L pots and the young E. grandis plants were cultivated 

in greenhouse at the Department of Technology at the São Paulo State University 

(Jaboticabal - SP, Brazil). During cultivation, cultural practices such as fertilization, 

phytosanitary control, and irrigation were carried out according to the plants’ need. 

When plants were 90 days old, middle stem portions of nine plants were collected, 

immediately frozen in liquid nitrogen, and stored at -80 °C prior to protein extraction. 

 

2.2. Protein Extraction and Quantification 

 

 Two grams of each plant stem material were individually processed, macerated 

with liquid nitrogen using a pestle until a fine powder, and transferred to 15 mL clean 

tubes. Each sample was extracted through addition of 12 mL Tris-HCl buffer solution 

(125 mM Tris pH 6.8, 20% glycerol, 1% SDS, 1% DTT). After centrifugation at 3200 xg 

for 20 min (4 °C), the supernatant was recovered and protein isolation was performed 

through overnight precipitation (-30 °C) upon addition of an organic solvent. The 

protein pellet was then resuspended in 150 μL buffer solution and the soluble protein 

concentration was determined using the Bio-Rad Protein Assay kit according to the 

manufacturer's instructions. 
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2.3. Polyacrylamide gel electrophoresis and protein digestion 

 

 Prior to mass spectrometry analysis, a 50 µg aliquot of stem proteins was 

loaded into sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) 

gel and shortly separated for 1 h. The resulting 2 cm-wide band was then sliced into 

small gel pieces and transferred to clean tubes to be reduced, alkylated and, finally, 

in-gel digested (Shevchenko et al. 2007). Protein digestion was performed by adding 

a volume of trypsin aiming at an enzyme/protein ratio of 1:10 at 37 °C for 16 h. After 

digestion, the tryptic peptides were eluted from the gel matrix and dried under vacuum 

centrifugation. Subsequently, the digested peptides were submitted to two filtering 

steps: the first filtering was carried out using Costar® Spin-X® centrifuge tube filters 

(Salt Lake City, Utah, USA) and the second sample clean-up was performed using a 

Millipore C18 Ziptip® (Billerica, MA, USA), according to the manufacturers’ instructions. 

 

2.4. Acquisition of mass spectrometric data  

 

 After tryptic digestion, all nine samples were combined into one pool sample. 

The peptide mixture was resuspended in 180 μL (0.1% formic acid) and 10 μL was 

introduced in a single injection into an Easy nLC 1000, Thermo Scientific® system. The 

peptides were separated by reverse-phase liquid chromatography using a nanoLC 

column (AcclaimPepMap100, C18, 3 μm, 100 Å, 75 μm id × 15 cm) and a linear 

gradient under a constant flow of 400 nL min-1. The gradient and time of 

chromatographic separation (95 min) were defined according to trial tests. Acquisition 

of high-resolution mass spectra was carried out concomitantly to the chromatographic 

separation. The spectra were acquired in a Q-Exactive™ (Thermo Scientific) system 

operated in the data-dependent acquisition (DDA) mode for the 20 most abundant 

peptide ions. Full (400-1600 m/z) and data-dependent scans were acquired with 

resolution equal to 70,000 and 17,500 FWHM (full width at half maximum), 

respectively.  Fragment spectra were acquired upon HCD (high-energy collision 

dissociation) fragmentation of the isolated peptide ions under normalized collision 

energy of 30 eV. The duty cycle time was optimized through changes in the automatic 
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gain control parameters of the instrument. The peptide ions selected for fragmentation 

were excluded in a new isolation event for 5 s. 

 

2.5. Identification of novel peptides by spectral correlations  

 

• Modified database creation 

 

 Sequences from the following E. grandis National Center for Biotechnology 

Information (NCBI) RefSeq databases (GCF_000612305.1) were downloaded and 

virtually translated into the three possible reading frames using the publicly available 

Virtual Ribosome v.2.0 (Wernersson R. 2006) software: mRNA (53,109 entries), 

ncRNA (8,388 entries), and transcribed RNA (4,172 entries). In order to minimize the 

false identifications resulting from the different database sizes used here, the E. 

grandis protein database from NCBI: txid71139 (99,946 entries) was combined with 

each modified database, generating nine chimeric databases that were used for 

identification purposes. 

 

• Novel peptide identification 

 

 Novel peptide identification was performed using the spectral correlation 

approach. The candidate sequences were identified using a dedicated pipeline with 

stringent controls of false-discovery rates. Peptide identification was carried out using 

the Comet searching tool embedded in the PatternLab for Proteomics platform 

(Carvalho et al. 2008). Aiming to define a confidence threshold for peptide spectrum 

matches (PSMs), a target-decoy approach was used to estimate the false discovery 

rate (FDR). Cysteine carbamidomethylation (Cys) and methionine oxidation (Met) were 

set as static and dynamic amino acid mass modifications, respectively. Additionally, 

precursor and fragment mass tolerance values of 20 ppm and 0.02 Da, respectively, 

and two missed cleavages per peptide were allowed for confident peptide 

identification. All spectral peptide alignments were filtered using the SePro software 

(CARVALHO et al. 2012, 2016) and adjusted for positive FDR with a limit of 1% for 

peptide identification. An additional proteome mining was performed by manually 
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checking whether novel peptides were previously present in the E. grandis v.2.0 

protein database (46,280 entries) before inclusion in the final list.  

 

• Novel peptide mapping and genomic classification 

 

 Aiming to identify orthologous peptide sequences, a protein–protein basic local 

alignment search tool (blastp) was used in each of the high-scoring novel peptides 

against all sequences in the GenBank non-redundant protein database. Additionally, 

tblastn searches against the E. grandis EST database were carried out to further 

categorize and investigate the existence of the identified novel peptides in previous 

cDNA libraries. For genomic classification of the novel peptides, tblastn searches were 

conducted against the E. grandis v.1.0 database - reference assembly in Annotation 

Release 101. Subsequently, genomic mapping and visualization were performed using 

a Web-based tool provided by NCBI, Genome Data Viewer (GDV), which is embedded 

in the tblastn result page. Searches were also performed using the default parameters 

of the tblastn search algorithm. The expected (E) values for all tblastn results were 

individually examined to identify significant blast hits (100% identity and 100% query 

coverage). Alignment between the novel identified peptide and the genomic location 

of the aligned peptide was only considered successful if both protein loci were the 

same (matching accession codes). Whenever the novel peptide was mapped to an 

exon region, this genomic mapping classification was only considered if the novel 

peptide reading frame identification was different from the longest reading frame for 

the respective NCBI protein sequence.   

 Taxonomic assignment and functional annotation of novel peptides were 

performed following the eggNOG (Evolutionary genealogy of genes: Non-supervised 

Orthologous Groups) databases (v5) pipeline (Huerta-Cepas et al. 2019). The 

predicted protein-coding sequence used in the search was derived from each NCBI 

RefSeq RNA accession code. For novel peptides identified in RefSeq ncRNA and 

transcribed RNA databases (no NCBI predicted protein), the protein sequence from 

the in-silico translation frame was used instead. Searches were performed with no 

orthologous group restrictions. The highest-scoring annotated hit was selected for 

each novel peptide functional annotation. 
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2.6. Identification of single amino acid substitution by de novo sequencing 

 

 The PEAKS Studio 10.5 (Bioinformatics Solutions, Waterloo, Ontario, Canada) 

software was used to provide automated de novo sequencing from MS/MS spectra. 

Data refinement of the E. grandis stem raw file was carried out prior to de novo 

sequencing by correcting precursor scans according to mass and charge states 

(minimum and maximum charge states = 2 and 4, respectively). PEAKS de novo 

sequencing was performed with precursor and fragment error tolerance values of 

15 ppm and 0.01 Da, respectively. Trypsin was used as protease with zero maximum 

missed cleavage allowed. Cys and Met were set as fixed and variable modifications, 

respectively. A maximum of four variable modifications per peptide was allowed. 

Subsequently, PEAKS DB, which is a database search module in PEAKS Studio 10.5, 

was used in the second step to identify PSMs from existing protein databases (Zhang 

et al. 2011). The E. grandis v.2.0 protein database (46,280 entries) retrieved from the 

Phytozome website was used as reference database. To determine a confidence 

threshold for PSMs, the PEAKS-embedded target-decoy approach, “decoy fusion”, 

was used to estimate the FDR of the PEAKS DB result. Other search parameters were 

kept the same as previously described in the section: Identification of single amino acid 

substitution by de novo sequencing.  

 Aiming to detect single amino acid variants, the datasets were searched using 

the SPIDER software (Han et al. 2005), integrated with the PEAKS software, against 

the E. grandis reference database. The PSMs reported by SPIDER were filtered to 1%. 

The de novo only score was set to 80%, and post-translational modifications (PTMs) 

scores were set to ≥20. In addition, scores for all identified proteins using the 

PEAKS/SPIDER algorithm were given as a −10log p-value, with a minimum score of 30 

and at least a single and significant peptide per protein group. A single amino acid 

substitution (SAS) was only considered significant if the following criteria were met: a) 

minimum of two spectra containing a SAS and one valid spectrum from the PEAKS DB 

search for the same peptide sequence; b) spectra with well-defined “b” or “y” series at 

the position of the substituted amino acid; c) substitutions from asparagine to aspartic 

acid and from glutamine to glutamic acid were not considered, since they can result 

from deamination; d) mutation ion intensity of at least 10%. Therefore, all peptide 
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matches from both PEAKS DB and SPIDER search modules were manually verified 

to ensure quality before being included as valid SASs in the final peptide list. 

 

2.7. Validation of novel peptides and single amino acid substitutions 

 

 The validation step was based on a PRM assay, which was performed by 

nanoflow liquid chromatography-tandem mass spectrometry (LC-MS/MS) on an Easy 

nLC 1000 system (Thermo Fisher Scientific) coupled to a Q-Exactive mass 

spectrometer (Thermo Fisher Scientific) using a Nanospray Flex™ Ion Source (Thermo 

Fisher Scientific). 

 High-energy collision dissociation (HCD) fragmentation of the target peptides 

was adjusted to 30 eV, after being experimentally confirmed by successive mass 

analyses using different collision energies. It is worth mentioning that chromatographic 

separation was optimized for the targeted proteomics experiment. Therefore, the 

discovery proteomics separation profile was initially used as a reference to optimize 

the chromatographic separation for all selected peptides in a single run. To this end, 

different gradients were evaluated, and the m/z signals of both precursor and fragment 

ions were monitored throughout the analysis. Upon optimization, acquisition of at least 

three m/z signals of fragment ions throughout the peptide chromatographic peak was 

expected.  

 Peptide mixtures were separated by reverse-phase chromatography on a 

gradient at a 400 nL min−1 constant flow rate for 95 min. The PRM method combined 

two scan events, starting with a full scan event followed by targeted MS/MS scans (2+ 

and 3+ charges) at a resolution of 17,500. All novel peptides and SASs selected for 

validation were targeted in a 4 m/z isolation window around the m/z signal of each 

peptide of interest. An automatic gain control (AGC) target value of 1e5, and a 

maximum injection fill time (IT) of 100 ms were set. Additionally, the retention time (RT) 

of each novel peptide identification was established based on the previous DDA 

experiment according to equation RT = x ±1.5 min, where “x” corresponds to the elution 

time of the target analyte.  
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3. RESULTS 

 
 Our proteogenomics workflow allowed identification of 41 novel peptides and 

six known peptides containing at least one SAS (Fig. 1). Genomic mapping of the 41 

novel peptides indicated the existence of previously unknown coding sequences within 

the E. grandis genes, which allowed 44 unique and one dubious mapping assignment. 

Novel peptides could be identified at different rates among all modified RefSeq 

databases created. There were 36 novel peptides identified in the mRNA database 

(53,109 entries; at a 0.07 % rate), 3 novel peptides identified in the ncRNAdatabase 

(8,388 entries; at a 0.04 % rate), and 6 novel peptides identified in the transcribed RNA 

database (4,172 entries; at a 0.14 % rate).  

 

 

Fig. 1 – Identification of new protein-coding sequences from stems of young 
Eucalyptus grandis plants. Identification of single amino acid substitutions was carried 
out through a de novo peptide sequencing approach, whereas novel peptide 
identifications were performed by spectral correlations against modified RNA 
databases translated into three different reading frames. 
 

Depending on the genomic location of the new coding sequences, the novel 

peptides were classified into the following categories (Fig. 2): 5’ UTR, 5’ UTR-EXON, 

EXON-ARF, INTRON-EXON, EXON-3’ UTR, 3’ UTR, NCL, and DUBIOUS.  
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Fig. 2 – Genomic classification of novel peptides identified by spectral correlations 
against the modified RNA databases (mapping details can be found in Table S1). 
Uppercase letters indicate peptides with more than one classification assignment. 
 

 The most representative category of novel peptides was the EXON-ARF class 

(alternative reading frame located in an exon region) (Fig. 3), followed by the class of 

peptides translated from novel coding locus (NCL). The tblastn searches against the 

E. grandis EST database suggested additional evidence on the existence of seven 

RNA sequences that resulted in novel peptide identifications, from which two were 

translated from ncRNA sequences and five from mRNA sequences (Table S2). The 

functional characterization and orthologous group identification of novel peptides 

carried out through EggNOG pipeline revealed no clear pattern of potential functions 

associated with the novel peptide identifications (Table S3). However, most 

orthologous proteins were identified in Prunus mume, which is an Asian tree species. 
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Fig. 3 – Snapshot of the genomic localization of a novel peptide translated from an 
alternative reading frame sequence within an exon region (EXON-ARF). Other 
examples of genomic localization can be found in Fig. S1. 
 

 Regarding the SASs identified through the peptide de novo approach, it can be 

inferred that no clear substitution patterns could be pinpointed from the identified single 

amino acid modifications (Table 1). As mentioned in the Material and Methods section, 

a PRM approach was used to validate the existence of the de novo SAS peptides. 

Pairwise comparisons between the peptide fragmentation patterns from the data-

dependent mass spectrum and the PRM spectrum support the existence of the amino 

acid substituted sequences (Fig. 4). 

 

Table 1 – Single amino acid substitutions (SAS) identified from stems of young 

Eucalyptus grandis plants through a de novo peptide sequencing approach. 

a Peptide sequence obtained from PEAKS database search; b Peptide sequence obtained from 

PEAKS Spider Homology Search; c Score in -10logP scale; d number of MS/MS scans of each 

identified peptide; e red letters indicate the location of single amino acid substitution. 

 

Peptide 
number 

Phytozome 
 Accession Code 

Sequence Scorec Number of scansd 

Nativea Substitutedb Native  Substituted Native Substituted 

1 Eucgr.J03033.1 AGLQFPVGR e AGLQYPVGR 62.67 28.59 19 2 

2 Eucgr.J01562.1 EAPPGEKPEPVR EAPAGEKPEPVR 79.56 45.43 6 2 

3 Eucgr.B02878.1 FTQANSEVSALLGR FVQAGSEVSALLGR 60.23 33.11 9 9 

4 Eucgr.K01508.1 YGAGIGPGVYDIHSPR YGSGIGPGVYDIHSPR 78.56 48.37 26 6 

5 Eucgr.J00025.1 TTPSYVAFTDTER TTPSYVSFTDTER 83.57 38.42 11 2 

6 Eucgr.K01666.1 YIGTSELQLER YTGTSDLQLER 29.3 21.79 2 4 
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Fig. 4 – Tandem mass spectrometry (MS/MS) validation of a single amino acid 
substitution (SAS) feature. A: MS/MS data from native peptide acquired from the data-
dependent acquisition (DDA) experiment; B: MS/MS data of a SAS peptide from DDA 
experiment; C: MS/MS data of a SAS peptide from the parallel reaction monitoring 
(PRM) experiment. a Phytozome Accession Code in which the single amino acid 
substituted peptide was identified according to the E. grandis v.2.0 reference protein 
database. 
 

 Parallel reaction monitoring experiments were also used to validate the 

existence of the 41 novel peptides (Table 2). The peptide retention times presented a 

minor shift between both experiments, and the mass-to-charge ratios of the precursor 

ion were closely the same, showing a very robust analytical performance. Additionally, 

mass-to-charge ratios of the three most intense product ions in both the DDA and PRM 

experiments were compared to confirm the existence of such peptides. This approach 

offered more accurate and reproducible evidence of the peptide identities, and 

provided an additional level of identification specificity.
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Table 2 - Data-depend acquisition and parallel reaction monitoring results’ comparison for the validation of 41 novel peptides identified by spectral correlations against modified RNA databases. 

Number Peptide Sequence Charge a 

Discovery-driven approach   Targeted approach 
    

Precursor m/z (RT) b Product ion m/z c 
PSM 
count d 

Precursor m/z 
(RT) e Product ion m/z f 

PSM 
count g 

1 ADKNLLR 2 416.2518 (35.45) 175.1291 (y7); 288.2285 (y6); 401.3250 (y5) 6 416.2518 (34.62) 175.1294 (y7); 288.2243 (y6); 401.3250 (y5) 135 

2 AGESLCYGVPAR 2 641.8113 (49.98) 129.1052 (b2); 174.0603 (b4(2+)); 442.3118 (b5) 1 641.8113 (49.79) 129.1063 (b2); 174.0606 (b4(2+)); 442.3128 (b5) 48 

3 KLGLTLR 2 400.7731 (27.66) 175.1293 (y7); 288.1964 (y6); 541.4106 (y3) 3 400.7731 (27.36) 175.1280 (y7); 288.1974 (y6); 541.3600 (y3) 20 

4 LSTMAAPTSGSGR 2 627.8097 (27.23) 177.1109 (y13); 376.2275 (y10); 463.2589 (y9) 7 627.8097 (27) 177.1109 (y13); 376.2276 (y10); 463.2588 (y9) 28 

5 NHGIHFR 2 440.7321 (19.84) 175.1289 (y7); 322.2135 (y6); 459.2945 (y5) 1 440.7321 (19.79) 175.1290 (y7); 322.2136 (y6); 459.2945 (y5) 21 

6 NLGSTANLR 2 473.2604 (23.21) 175.1287 (y9); 288.2238 (y8); 402.2803 (y7) 1 473.2604 (23.03) 175.1288 (y9); 288.2239 (y8); 402.2804 (y7) 41 

7 NLGVGFAR 2 417.2362 (39.06) 175.1292 (y8); 450.2981 (y5); 606.4139 (y3) 9 417.2362 (38.66) 175.1293 (y8); 450.2989 (y5); 606.4137 (y3) 401 

8 REVCMGWHHFHAIGQR 3 675.3237 (52.65) 175.1197 (y16); 965.5828 (y9); 868.3984 (y3(2+)) 1 675.3237 (51.99) 175.1211 (y16); 965.6069 (y9); 868.4161 (y3(2+)) 238 

9 SAENIMMPR 2 526.2554 (38.58) 143.1236 (b2); 136.0815 (b3(2+)); 646.4163 (b6) 2 526.2554 (38.95) 143.1237 (b2); 136.0815 (b3(2+)); 646.4316 (b6) 207 

10 VALSDPIR 2 435.7576 (32.82) 100.1150 (b1); 86.09855 (b2(2+)); 143.1245 (b3(2+)) 6 435.7576 (32.11) 100.1160 (b1); 86.09896 (b2(2+)); 143.1258 (b3(2+)) 102 

11 VSLSIVPR 2 435.7755 (33.16) 175.1273 (y8); 272.1907 (y7); 571.4238 (y4) 4 435.7755 (34.12) 175.1291 (y8); 272.1909 (y7); 571.4239 (y4) 354 

12 RSGGEMTTAAPR 2 617.3055 (27.88) 175.1270 (y12); 129.1057 (y11(2+)); 616.4299 (y7) 8 617.3055 (27.64) 175.1273 (y12); 129.1065 (y11(2+)); 616.4297 (y7) 60 

13 EGLVSPLIK 2 478.2966 (24.8) 129.1072 (y9); 260.2153 (y8); 557.3976 (y5) 2 478.2966 (24.56) 129.1081 (y9); 260.2159 (y8); 557.4097 (y5) 45 

14 SSTVKVTRK 2 503.3099 (22.47) 129.1068 (y9); 303.2274 (y8); 831.6248 (y3) 8 503.3099 (22.35) 129.1078 (y9); 303.2276 (y8); 831.6257 (y3) 84 

15 VAVEVSPR 2 428.7495 (30.42) 86.09855 (b2(2+)); 136.0803 (b3(2+)); 201.1350 (b4(2+)) 13 428.7495 (30) 86.09909 (b2(2+)); 136.0815 (b3(2+)); 201.1378 (b4(2+)) 182 

16 ARPFGAPR 2 437.7548 (31.21) 272.1909 (y7); 173.1391 (y6(2+)); 201.1330 (y5(2+)) 6 437.7548 (31.33) 272.1910 (y7); 173.1392 (y6(2+)); 201.1353 (y5(2+)) 86 

17 RRNGVCLFYR 2 670.8513 (48.05) 175.1265 (y10); 598.3667 (y7); 457.7845 (y4(2+)) 5 670.8513 (47.29) 175.1269 (y10); 598.3943 (y7); 457.7851 (y4(2+)) 244 

18 AASGNASLPR 2 473.2542 (30.57) 157.1393 (y10); 129.1071 (y9(2+)); 185.1475 (y8(2+)) 15 473.2542 (31.83) 157.1413 (y10); 129.1081 (y9(2+)); 185.139 (y8(2+)) 201 

19 GSGQTNCCSSRNPRNGR 2 955.924 (51.83) 175.1246 (y17); 348.1258 (y15); 594.2767 (y8(2+)) 3 955.924 (51.52) 175.1204 (y17); 348.1243 (y15); 594.2761 (y8(2+)) 155 

20 HIQIGLR 2 418.7603 (23.52) 175.1292 (y7); 586.4418 (y3); 699.5452 (y2) 6 418.7603 (22.33) 175.1293 (y7); 586.4432 (y3); 699.5482 (y2) 52 

21 KPEDANR 2 416.215 (24.58) 175.1292 (y7); 145.0684 (y6(2+)); 475.2710 (y4) 1 416.215 (24.05) 175.1294 (y7); 145.0763 (y6(2+)); 475.2712 (y4) 5 

22 LGTILSPR 2 428.7673 (31.61) 86.09864 (b2(2+)); 255.1652 (b3); 385.2910 (b4) 9 428.7673 (31.18) 86.09669 (b2(2+)); 255.1658 (b3); 385.2978 (b4) 673 

23 MNLPVKR 2 437.2526 (49.42) 175.1290 (y7); 499.3595 (y4); 612.4504 (y3) 2 437.2526 (48.92) 175.1293 (y7); 499.3596 (y4); 612.4505 (y3) 94 

24 RAIMRPR 2 450.2709 (32.13) 175.1289 (y7); 272.1906 (y6); 743.5468 (y2) 10 450.2709 (31.32) 175.1287 (y7); 272.1909 (y6); 743.5281 (y2) 211 

25 KTAIEMSSMHEERK 2 846.903 (44.09) 129.1012 (y14); 304.1740 (y13); 847.5419 (y9) 2 846.903 (43.69) 129.1028 (y14); 304.178 (y13); 847.5137 (y9) 57 

26 NLGLGFGR 2 417.2365 (40.09) 175.1292 (y8); 436.2794 (y5); 550.3508 (y4) 6 417.2362 (39.48) 175.1293 (y8); 436.2797 (y5); 550.3496 (y4) 361 

27 APTTAPPAVR 2 491.7835 (24.65) 175.1284 (y10); 129.1071 (y9(2+)); 327.2245 (y8) 1 491.7835 (24.88) 175.1285 (y10); 129.1071 (y9(2+)); 327.2303 (y8) 43 

28 KIGLTLR 2 400.7731 (27.66) 147.1197 (y8); 218.1640 (y7); 331.2585 (y6) 2 400.7731 (27.29) 147.1199 (y8); 218.1668 (y7); 331.2587 (y6) 27 

29 KLVEDLAK 2 458.2809 (20.26) 130.0907 (y7(2+)); 361.2708 (y6); 508.3597 (y5) 3 458.2809 (20.15) 130.0908 (y7(2+)); 361.2769 (y6); 508.3702 (y5) 7 

30 LFPLFSVR 2 490.796 (66.93) 175.1279 (y8); 273.1384 (y7); 707.4218 (y4) 2 490.796 (65.74) 175.1281 (y8); 273.1385 (y7); 707.4045 (y4) 60 

31 LLCCQFPR 2 547.27 (20.28) 175.1246 (y15); 272.1837 (y14); 887.4899 (y9) 4 547.27 (20.4) 175.1254 (y15); 272.1902 (y14); 887.4888 (y9) 29 

32 QGKPTCPDHESTCPR 2 886.8912 (27.07) 175.1280 (y10); 290.2057 (y9); 501.3660 (y7) 1 886.8912 (26.7) 175.1281 (y10); 290.2099 (y9); 501.3654 (y7) 63 

33 SVAIGERGLR 2 530.813 (56.98) 175.1281 (y9); 432.2953 (y7); 618.4004 (y6) 9 530.813 (56.4) 175.128 (y9); 432.2955 (y7); 618.3859 (y6) 432 

34 TVVGLWPCR 2 544.2927 (37.37) 86.9864 (b2(2+)); 255.1652 (b3); 472.3413 (b5) 6 544.2927 (36.5) 86.9869 (b2(2+)); 255.1665 (b3); 472.3364 (b5) 244 

35 IGTVTIPR 2 428.7673 (31.61) 175.1289 (y8); 385.2910 (y6); 486.3239 (y5) 16 428.7673 (30.78) 175.1291 (y8); 385.2913 (y6); 486.3283 (y5) 539 

36 PASSSRRPSR 2 551.8009 (26.48) 175.1278 (y10); 758.4974 (y5); 845.5580 (y4) 4 551.8009 (26.85) 175.1279 (y10); 758.5169 (y5); 845.559 (y4) 47 

37 TVERLSMVEDVR 2 726.8776 (54.64) 185.1663 (b2); 470.3186 (b4); 932.6211 (b8) 2 726.8776 (54.32) 185.1681 (b2); 470.3177 (b4); 932.6211 (b8) 211 

38 VTAAAADASPSR 2 558.7863 (23.1) 129.1046 (b3(2+)); 414.2797 (b5); 485.3318 (b6) 10 558.7863 (22.81) 129.1071 (b3(2+)); 414.2793 (b5); 485.3319 (b6) 52 

39 APLALSPR 2 412.7536 (31.05) 175.1312 (y8); 128.0879 (y7(2+)); 472.3461 (y5) 9 412.7536 (31.3) 175.1293 (y8); 128.0880 (y7(2+)); 472.3456 (y5) 277 

40 EGDVLTLLESER 2 681.3566 (66.84) 175.1204 (y12); 391.2113 (y10); 633.3661 (y8) 7 681.3566 (66.2) 175.1267 (y12); 391.2101 (y10); 633.3522 (y8) 356 

41 IPTGATLKGPMMTSPVLVEMAR 3 784.0708 (58.26) 175.1159 (y22); 197.1268 (y20(2+)); 522.2659 (y19) 3 784.0708 (57.97) 175.1156 (y22); 197.1268 (y20(2+)); 522.3196 (y19) 112 
acharge state of the precursor ion;b, e mass-to-charge ratios and best spectrum retention times of the precursor ion from data-depend acquisition (DDA) experiment and parallel reaction monitoring (PRM) experiment, respectively; 

c, f mass-to-charge ratios of three most intense product ions from DDA and PRM experiments, respectively; d, g Number of peptide spectrum matches (PSM) in the ".sqt" file from DDA and PRM experiments, respectively. 
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4. DISCUSSION 

  

 Identification of new peptide forms (not present in a reference protein sequence 

database) through proteogenomics is a powerful approach, as it provides new protein-

level evidence of gene expression. In the present study, novel peptide forms, as well 

as SASs, were confidently identified in E. grandis through a dedicated proteogenomics 

workflow. By using the pipeline proposed herein, it was possible to conducte a more 

comprehensive genomic characterization of novel peptide forms derived from both 

known and novel coding loci. In the present manuscript, we specifically aimed at 

showing the potential of the proteogenomics approach in stem cells. Proteome 

analysis of stem tissues consistently result in the identification of low-abundant 

proteins/peptides since it has fewer interfering compounds and lower proteome 

dynamic range than leaf tissues. 

 The genomic mapping strategy is relevant as it provides extra information on 

the specific type of identified peptides in proteogenomic studies. Most novel peptides 

were mapped to exon regions as out of frame peptides (EXON-ARF). It is worth 

mentioning that this class of novel peptides was only considered if the identified 

reading frame was different from the longest reading frame predicted for the same 

locus. The second most abundant genomic classification consisted of peptides 

mapped to novel coding loci, which had previous RefSeq annotations as non-protein 

coding regions. Furthermore, peptides mapped to untranslated regions (3′ or 5′ UTR 

peptides) and those spanning the boundary between the coding sequence region and 

the neighboring 3’ UTR, 5’ UTR or intron regions were also identified. Nevertheless, 

alternative splicing events could not be identified because of limitations to the modified 

databases used in this study since the order of exon-exon junctions was maintained in 

the new theoretical protein sequences created in the chimeric databases. 

 The same novel peptide sequence may be originated from multiple genomic 

locations (e.g., gene paralogues, or a protein-coding gene and a pseudogene) 

(Nesvizhskii 2014). In this study, four novel peptides were mapped to two different 

genomic locations, which demonstrate that these events might have resulted from 

gene duplication events. Moreover, a novel peptide mapped to a single genomic 

location may also have multiple interpretations. For instance, the same peptide can 
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show two genomic classifications regarding two different transcripts of the same gene 

(Nesvizhskii 2014). Subsequently, approximately 70% of the novel peptides identified 

could be classified as orthologous, since they presented significant hits (mostly to the 

bacterium, fungus, plant and animal kingdoms, respectively (data not shown)) through 

blastp search against the NCBI non-redundant protein database. 

 Among some of the novel peptides, translational stop codon readthrough events 

were also detected. This mechanism was first identified in viruses, and it is used to 

increase the expression of viral proteins while preserving a compact genome size 

(Dreher and Miller 2006; Firth and Brierly 2012). This strategy has also been 

recognized in some eukaryotic organisms, such as Drosophila and other metazoa 

(Jungrei et al. 2011), as well as in plants (Liu 2004). Some readthrough events may be 

attributed to nonstop mutations, also named stop-loss mutations, which can change a 

stop codon into a sense codon, leading to translation into the 3′ untranslated region (3′ 

UTR) (Dhamija et al. 2020).  

 A tblastn search against E. grandis expressed sequence tag (EST) sequences 

provided insights into the existence of seven cDNA molecules. Two out of seven 

peptides, according to previous RefSeq database annotations, are derived from 

predicted ncRNA transcripts, which highlight that only RNA molecules were expected 

for these loci, and not necessarily, the existence of a protein originated from those 

RNA sequences. Therefore, this approach provides additional evidence to support the 

existence of such RNA sequences effectively expressed by the plant, and can improve 

gene annotation models. Proteogenomics has similarly contributed to improving 

genome annotation in other plants such as grapevine (Chapman and Bellgard 2017). 

  Single amino acid substitution, which usually cannot be identified in reference 

protein database searches, is an important source of variability that could enhance 

plant adaptability. Analysis of shotgun proteomics data generally relies on search in 

databases that usually do not include information on protein variants, and thus 

prevents SASs from being identified (Li et al. 2011). Through a homology search based 

on de novo sequencing, the identity of six peptides containing at least one SAS could 

be directly inferred. The amino acid composition of each protein can be largely 

influenced by indirect selection pressures (evolutionary forces acting upon random 

genetic mutations) (Abraham et al. 2015). A slight change in the amino acid 
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composition may alter the activity, shape, and/or function of a protein, which can a) 

have no impact on its functionality; b) effectively improve its functionality; c) change its 

function; d) be deleterious, changing the protein structure or function (Abraham et al. 

2015). However, defining the functional impact of each variant is beyond the scope of 

this research. 

 The PRM experiment was used as a validation method. PRM is an ion 

monitoring technique based on high-resolution and high-precision mass spectrometry 

that can target specific ions of interest. In this study, the validation success was 100% 

over the novel identifications, showing that PRM was a highly sensitive method. Thus, 

the results accomplished by the DDA experiment agreed with those of the PRM method 

for both novel peptides and SASs. Confirmation of novel peptides by independent 

targeted proteomics has also been carried out in previous studies using PRM assays 

(Omasits et al. 2017).  

 In brief, the present study demonstrates that novel peptide forms and SASs can 

be confidently identified in the Eucalyptus grandis proteome through a dedicated 

proteogenomics workflow, which is composed of both spectral correlations against in 

silico modified RefSeq databases and a de novo sequencing technique. This approach 

can assist with expanding the growing field of proteogenomics in plant science, and 

has the potential to provide novel insights into biological regulation mechanisms as 

new peptide forms are discovered, as well as to refine gene annotation models. 
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Fig. S1 – Mapping illustrations of the genomic classifications of the novel peptides. (A) 
Peptide mapped to a 5′ untranslated region (5’ UTR); (B) peptide mapped to regions 
between the coding sequence and the neighboring 5’ UTR region (Exon boundary)  (5’ 
UTR–EXON); (C) peptide mapped to regions between the coding sequence and the 
neighboring intron region (Exon boundary) (INTRON–EXON); (D) peptide mapped to 
regions between the coding sequence and the neighboring 3’ UTR region (Exon 
boundary)   (EXON–3’ UTR); (E) peptide mapped to a 3′ untranslated region (3’ UTR); 
(F) peptide mapped to a novel coding locus. 
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Table S1 – Genomic assignment data used for the novel peptide mapping against the E. grandis genome (Egrandis1_0 reference Annotation Release 101). 
Peptide 
number 

Pepetide sequence  RNA accession numbera 
Longest protein 

RFb 

Novel peptide 

RFc 

Genomic 
classification 

Expect 
threshold 

Max 
score 

Query 
coverage 

Identity 

1 ADKNLLR  XM_010055119.2 2 1 EXON - ARF 10000 17.3 100 100 
2 A*GESLCYGVPAR  XM_010026899.2 3 1 EXON - 3'UTR 100 26.9 100 100 
3 KLG*LT*LR  XM_010037706.2 3 1 EXON - ARF 10000 16.9 100 100 
4 LSTMAAPTSGSGR  XM_010045996.2 1 1 5' UTR - EXON 100 27.7 100 100 
5 NHGIHFR  XM_010034878.2 1 1 3'UTR 1000 19.2 100 100 
6 NLGSTANLR  XM_018860691.1 2 1 5' UTR 1000 20.4 100 100 
7 NLGVGFAR  XM_010053962.2 1 1 5' UTR 100 21.2 100 100 
8 REVCMGWHHFHAIGQR  XM_018864396.1 1 1 INTRON -EXON 100 38.5 100 100 
9 SAENIMMPR  XM_010037390.2 3 1 EXON - ARF 100 22.3 100 100 
10 VALSDPIR  XM_018865801.1 1 1 5' UTR 1000 18.9 100 100 
11 VSLSIVPR  XM_010027007.2 3 1 EXON - ARF 1000 18.5 100 100 
12 RSGGEMTTAAPR  XM_010068985.2 / XR_727223.2 1 / 1 1 / 1 5' UTR - EXON / NCL 100 26.9 100 100 
13 EGLVSPLIK  XM_018869853.1 3 1 EXON - ARF 1000 20.8 100 100 
14 SSTVKVTRK  XM_010062006.2 2 1 INTRON -EXON 10000 16.2 100 86 
15 VAVEVSPR  XM_018862919.1 3 1 5' UTR 1000 18.5 100 100 
16 ARPFGAPR  XM_018859771.1 / XR_001979892.1 2 / 2 1 / 1 EXON - ARF / NCL 1000 19.2 100 100 
17 RRNGVCLFYR  XM_018861651.1 / XR_001980976.1 2 / 3 1 / 2 EXON - ARF / NCL 1000 25 100 100 
18 AASGNASLPR  XM_018861733.1 2 2 5' UTR 100 21.6 100 100 
19 GSGQTNCCSSRNPRNGR  XM_010046998.2 3 2 EXON - ARF 100 37 100 100 
20 HIQIGLR  XM_010039327.2 1 2 EXON - ARF 10000 18.1 100 100 
21 KPEDANR  XM_010045581.2 1 2 EXON - ARF 1000 18.1 100 100 
22 LGTI**LSPR  XM_010065691.2 1 2 5‘ UTR 1000 20 100 100 
23 MNLPVKR  XM_018873041.1 1 2 EXON - ARF 10000 17.7 100 100 
24 RAIMRPR  XM_010029799.2 1 2 EXON - ARF 10000 16.9 100 100 
25 KTAIEMSSMHEERK  XM_010054572.2 3 2 EXON - ARF 100 30.8 100 100 
26 NLGLGFGR  XM_018876096.1 3 2 5' UTR 1000 19.6 100 100 
27 APTTAPPAVR  XM_010062344.2 2 3 5' UTR 100 21.6 100 100 
28 KIGLTLR  XM_010069929.1 1 3 EXON - ARF 1000 18.1 100 100 
29 KLV*ED*LAK  XM_010046007.2 / XM_018872208.1 2 / 3 3 / 3 EXON - ARF / 3‘ UTR 1000 18.9 100 100 
30 LFPLFSVR  XM_018870367.1 1 3 EXON - ARF 1000 19.6 100 100 
31 LL*CC**QFPR  XM_018870037.1 1 3 EXON - ARF 100 21.6 100 100 
32 QGKPTCPDHESTCPR  XM_010070621.1 1 3 EXON - ARF 100 35 100 100 
33 SVAIGERGLR  XM_010044558.2 1 3 EXON - ARF 100 22.7 100 100 
34 TVVGLW*PCR  XM_018875477.1 1 3 EXON -ARF 100 23.5 100 100 
35 IGTVTIPR  XM_018871868.1 1 3 DUBIOUS - -  - - 
36 PASSSRRPSR  XR_720815.2 2 1 NCL 1000 20 100 100 
37 TVERLSMVEDVR  XR_001984062.1 2 2 NCL 100 26.2 100 100 
38 VTAAAADASPSR  XR_001979828.1 1 2 NCL 100 24.3 100 100 
39 APLALSPR  XR_721165.2 3 1 NCL 10000 17.7 100 100 
40 EGDVLTLLESER  XR_001983327.1 2 2 NCL 100 26.6 100 100 
41 IPTGATLKGPMMTSPVLVEMAR  XR_001981593.1 1 2 NCL 100 45.8 100 100 

*Indicates the presence of a stop codon within the novel peptide sequence; a only the most representative NCBI accession number is listed for each genomic classification; b,c the longest protein 

reading frame and novel peptide reading frame identification, at each NCBI protein locus, respectively; NCL: novel coding locus.  
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Table S2 – Characterization of novel peptides for their presence in previous cDNA libraries accomplished by a tblastn search against E. grandis EST db. 

a only the most representative NCBI accession code is listed for each novel peptide; *Indicates the presence of a stop codon within the novel peptide sequence. Expect threshold was set to 1000 

for all tblastn searches. Underlined peptide sequences represent tblastn hits with 100% identity and coverage.    

 

 

Pep. Sequence 
Max 
Score Coverage Identity Accessiona Description 

1 ADKNLLR 15.8 100% 100% HS051946.1 GR-SE-001-GO-071-D12 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-001-GO-071-D12 5', mRNAsequence 
2 A*GESLCYGVPAR 20.4 100% 67% HS071885.1 GR-XY-006-RS-044-A03 Xylem (EUGR-XY) EucalyptusgrandiscDNA clone GR-XY-006-RS-044-A03 5', mRNAsequence 
3 KLG*LT*LR 16.5 100% 86% HS057449.1 GR-SE-001-RS-008-E09 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-001-RS-008-E09 5', mRNAsequence 
4 LSTMAAPTSGSGR 28.1 100% 100% HS041823.1 GR-PU-000-MG-018-A06.R  EucalyptusgrandiscDNA clone GR-PU-000-MG-018-A06.R 5', mRNAsequence 
5 NHGIHFR 19.2 92% 50% HS048098.1 GR-SE-001-AF-017-C10 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-0 
6 NLGSTANLR 18.1 100% 78% HS044832.1 GR-PU-003-MG-014-B11 Young leaves infected by Pucciniapsidii (EUGR-PU) Eucalyptus 
7 NLGVGFAR 18.5 100% 88% HS067380.1 GR-TS-002-CN-071-B04 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone G 
8 REVCMGWHHFHAIGQR 25.8 100% 50% HS057129.1 GR-SE-001-RS-003-B02 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-0 
9 SAENIMMPR 16.5 88% 75% HS066183.1 GR-TS-002-CN-050-D04 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone G 
10 VALSDPIR 17.7 87% 86% HS054839.1 GR-SE-001-GO-111-G01 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE 
11 VSLSIVPR 17.3 100% 63% HO765256.1 GR-ML-001-BA-011-A12 Mature leaves (EUGR-ML) EucalyptusgrandiscDNA clone GR 
12 RSGGEMTTAAPR 18.5 100% 50% HS045175.1 GR-PU-003-MG-019-A03 EucalyptusgrandiscDNA clone GR-PU-003-MG-019-A03 5', mRNAsequence 
13 EGLVSPLIK 17.7 88% 75% HS070419.1 GR-XY-006-RS-017-A03 Xylem (EUGR-XY) EucalyptusgrandiscDNA clone GR-XY-006-RS-017-A03 5', mRNAsequence 
14 SSTVKVTRK 15.8 100% 56% HS043297.1 GR-PU-003-GO-071-A01.F  EucalyptusgrandiscDNA clone GR-PU-003-GO-071-A01.F 5', mRNAsequence 
15 VAVEVSPR 16.5 87% 86% HS055838.1 GR-SE-001-GO-134-H03 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-001-GO-134-H03 5', mRNAsequence 
16 ARPFGAPR 19.2 100% 88% HS065919.1 GR-TS-002-CN-045-F08 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone 
17 RRNGVCLFYR 25.4 90% 100% HS069205.1 GR-TS-003-GO-014-D10 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone 
18 AASGNASLPR 20.0 100% 90% HS072251.1 GR-XY-006-RS-054-C11 Xylem (EUGR-XY) Eucalyptus grandiscDNA clone GR-XY-006 
19 GSGQTNCCSSRNPRNGR 37.0 100% 100% HS067133.1 GR-TS-002-CN-067-A10 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone 
20 HIQIGLR 16.2 100% 86% HS055552.1 GR-SE-001-GO-127-H08 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE 
21 KPEDANR 16.5 85% 83% HO769082.1 GR-ML-001-BA-072-B09 Mature leaves (EUGR-ML) EucalyptusgrandiscDNA clone GR-ML-001-BA-072-B09 5', mRNAsequence 
22 LGTI**LSPR 17.3 100% 75% HS045861.1 GR-PU-003-MG-029-G12EucalyptusgrandiscDNA clone GR-PU-003-MG-029-G12 5', mRNAsequence 
23 MNLPVKR 17.3 100% 86% HS070418.1 GR-XY-006-RS-017-A04 Xylem (EUGR-XY) EucalyptusgrandiscDNA clone GR-XY-006-RS-017-A04 5', mRNAsequence 
24 RAIMRPR 15.8 85% 67% HS062551.1 GR-TS-001-GO-055-B04 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone G 
25 KTAIEMSSMHEERK 19.2 100% 50% HS073332.1 GR-XY-006-RS-075-A07.R Xylem (EUGR-XY) EucalyptusgrandiscDNA clone GR-XY-006-RS-075-A07.R 5', mRNAsequence 
26 NLGLGFGR 19.2 100% 100% HS069330.1 GR-TS-003-GO-018-D11 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone 
27 APTTAPPAVR 17.7 90% 78% HS057812.1 GR-SE-002-CN-002-A05 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE 
28 KIGLTLR 15.4 100% 71% HS057449. GR-SE-001-RS-008-E09 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE 
29 KLV*ED*LAK 16.2 100% 75% HS066341.1 GR-TS-002-CN-053-E10 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone GR-TS-002-CN-053-E10 5', mRNA sequence 
30 LFPLFSVR 17.7 87% 71% HS059208.1 GR-TS-001-AF-012-C08 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone GR-TS-001-AF-012-C08 5', mRNA sequence 
31 LL*CC**QFPR 19.2 87% 86% HS071109.1 GR-XY-006-RS-029-D10 Xylem (EUGR-XY) EucalyptusgrandiscDNA clone GR-XY-006-RS-029-D10 5', mRNAsequence 
32 QGKPTCPDHESTCPR 20.4 80% 58% HS067872.1 GR-TS-002-RS-003-B01 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone GR-TS-002-RS-003-B01 5', mRNA sequence 
33 SVAIGERGLR 22.7 100% 100% HS066203.1 GR-TS-002-CN-051-D11 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone G 
34 TVVGLW*PCR 18.9 100% 67% HS061782.1 GR-TS-001-GO-044-B06 Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone GR-TS-001-GO-044-B06 5', mRNA sequence 
35 IGTVTIPR 16.9 87% 86% HS061104.1 GR-TS-001-AF-037-H08.R Treatedseedlings (EUGR-TS) EucalyptusgrandiscDNA clone GR-TS-001-AF-037-H08.R 5', mRNAsequence 
36 PASSSRRPSR 20.0 100% 100% HS060478.1 GR-TS-001-AF-029-G03.R Treated seedlings (EUGR-TS) Eucalyptus grandiscDNA clone GR-TS-001-AF-029-G03.R 5', mRNA sequence 
37 TVERLSMVEDVR 17.3 75% 78% HS052698.1 GR-SE-001-GO-081-H07 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-001-GO-081-H07 5', mRNAsequence 
38 VTAAAADASPSR 17.3 100% 58% HS040940.1 GR-PU-000-MG-004-D07.R Young leaves infected by Pucciniapsidii (EUGR-PU) Eucalyp 
39 APLALSPR 18.5 87% 86% HS056745.1 GR-SE-001-GO-160-C12 Seedlings (EUGR-SE) EucalyptusgrandiscDNA clone GR-SE-001-GO-160-C12 5', mRNAsequence 
40 EGDVLTLLESER 26.6 100% 100% HO765756.1 GR-ML-001-BA-018-E06 Mature leaves (EUGR-ML) EucalyptusgrandiscDNA clone GR-ML-001-BA-018-E06 5', mRNAsequence 
41 IPTGATLKGPMMTSPVLVEMAR 37.0 95% 81% HO768082.1 GR-ML-001-BA-057-A11 Mature leaves (EUGR-ML) EucalyptusgrandiscDNA clone GR-ML-001-BA-057-A11 5', mRNAsequence 

https://www.ncbi.nlm.nih.gov/nucleotide/HS051946.1?report=genbank&log$=nucltop&blast_rank=2&RID=JFZ26D70016
https://www.ncbi.nlm.nih.gov/nucleotide/HS071885.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG403VKN014
https://www.ncbi.nlm.nih.gov/nucleotide/HS057449.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG424HPB016
https://www.ncbi.nlm.nih.gov/nucleotide/HS048098.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG48NNZK014
https://www.ncbi.nlm.nih.gov/nucleotide/HS044832.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG4JZ6KX014
https://www.ncbi.nlm.nih.gov/nucleotide/HS067380.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG4MMM10016
https://www.ncbi.nlm.nih.gov/nucleotide/HS057129.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG4P73MF016
https://www.ncbi.nlm.nih.gov/nucleotide/HS066183.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG4RJFN6014
https://www.ncbi.nlm.nih.gov/nucleotide/HS054839.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZJT3F7014
https://www.ncbi.nlm.nih.gov/nucleotide/HO765256.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZN6441014
https://www.ncbi.nlm.nih.gov/nucleotide/HS045175.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZS9CAW016
https://www.ncbi.nlm.nih.gov/nucleotide/HS070419.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZUPUBW016
https://www.ncbi.nlm.nih.gov/nucleotide/HS043297.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZXGD74016
https://www.ncbi.nlm.nih.gov/nucleotide/HS055838.1?report=genbank&log$=nucltop&blast_rank=1&RID=JFZZA81V016
https://www.ncbi.nlm.nih.gov/nucleotide/HS065919.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG01RA60016
https://www.ncbi.nlm.nih.gov/nucleotide/HS069205.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG03V016016
https://www.ncbi.nlm.nih.gov/nucleotide/HS072251.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0704CX016
https://www.ncbi.nlm.nih.gov/nucleotide/HS067133.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG09CN05016
https://www.ncbi.nlm.nih.gov/nucleotide/HS055552.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0CRR8P016
https://www.ncbi.nlm.nih.gov/nucleotide/HO769082.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0FDVF1016
https://www.ncbi.nlm.nih.gov/nucleotide/HS045861.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0KVT8C016
https://www.ncbi.nlm.nih.gov/nucleotide/HS070418.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0RK7PE014
https://www.ncbi.nlm.nih.gov/nucleotide/HS062551.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0TYXY8014
https://www.ncbi.nlm.nih.gov/nucleotide/HS073332.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0VJ8CV016
https://www.ncbi.nlm.nih.gov/nucleotide/HS069330.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG0XG8BX016
https://www.ncbi.nlm.nih.gov/nucleotide/HS057812.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG2RF3VG014
https://www.ncbi.nlm.nih.gov/nucleotide/HS057449.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG2TP5V6014
https://www.ncbi.nlm.nih.gov/nucleotide/HS066341.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG2YTEE6014
https://www.ncbi.nlm.nih.gov/nucleotide/HS059208.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG30NYKE014
https://www.ncbi.nlm.nih.gov/nucleotide/HS071109.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3524BM016
https://www.ncbi.nlm.nih.gov/nucleotide/HS067872.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG36P2F8016
https://www.ncbi.nlm.nih.gov/nucleotide/HS066203.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG38ZNS7014
https://www.ncbi.nlm.nih.gov/nucleotide/HS061104.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3D5UF0014
https://www.ncbi.nlm.nih.gov/nucleotide/HS060478.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3F3JS0014
https://www.ncbi.nlm.nih.gov/nucleotide/HS052698.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3GVTF1016
https://www.ncbi.nlm.nih.gov/nucleotide/HS040940.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3KE1GF014
https://www.ncbi.nlm.nih.gov/nucleotide/HS056745.1?report=genbank&log$=nucltop&blast_rank=1&RID=JG3N8EPZ014
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Table S3 - Functional characterization and orthologous group identification of novel peptides identified by spectral correlations in EggNOG databases. 

Novel peptide sequence 
RNA accession 
number a 

Predicted protein b Function 
Evalue Score 

Orthologous 
protein 

ADKNLLR XM_010055119.2 XP_010053421.1_1 Function unknown  4.49E-124 418.4 ENOG502QPRG 

A*GESLCYGVPAR XM_010026899.2 XP_010025201.1_1 Chromatin structure and dynamics  1.04E-75 259.1 KOG1756 

KLG*LT*LR XM_010037706.2 XP_010036008.1_1  Inorganic ion transport and metabolism  0 1,450.70 KOG0206 

LSTMAAPTSGSGR XM_010045996.2 XP_010044298.1_1 Function unknown  9.94E-181 604.3 ENOG502QR3U 

NHGIHFR XM_010034878.2 XP_010033180.1_1 Replication, recombination and repair  0 1,327.70 ENOG5037P6N 

NLGSTANLR XM_018860691.1 XP_018716236.1_1 Function unknown 0 1,345.40 ENOG502R4BG 

NLGVGFAR XM_010053962.2 XP_010052264.1_1 Transcription  4.05E-120 405.1 ENOG502QR2Y 

REVCMGWHHFHAIGQR XM_018864396.1 XP_018719941.1_1 Carbohydrate transport and metabolism  7.60E-187 626 ENOG501NSTY 

SAENIMMPR XM_010037390.2 XP_010035692.1_1 Function unknown  2.48E-116 391.3 NOG502QUIK 

VALSDPIR XM_018865801.1 XP_018721346.1_1 Function unknown 1.50E-135 455.4 ENOG502QSPM 

VSLSIVPR XM_010027007.2 XP_010025309.1_1 Function unknown  3.88E-242 807.7 ENOG502QQ35 

RSGGEMTTAAPR 1 XM_010068985.2  XP_010067287.1_1 RNA processing and modification  6.74E-196 654.7 ENOG5037I3W 

RSGGEMTTAAPR 1 XR_727223.2 - RNA processing and modification 1.32E-155 521.9 ENOG5037I3W 

EGLVSPLIK XM_018869853.1 XP_018725398.1_1 Cytoskeleton 3.41E-116 381.1 ENOG5037SV9 

SSTVKVTRK XM_010062006.2 XP_010060308.1_1 RNA processing and modification  7.57E-86 269 KOG1847 

VAVEVSPR XM_018862919.1 XP_018718464.1_1 Cytoskeleton  4.32E-262 868 ENOG5037SSX 

ARPFGAPR 2 XM_018859771.1  XP_018715316.1_1  Secondary metabolites biosynthesis, transport, and catabolism 1.70E-123 415.9 ENOG5037NI4 

ARPFGAPR 2 XR_001979892.1 - Secondary metabolites biosynthesis, transport, and catabolism 8.03E-13 52 ENOG5037NI4 

RRNGVCLFYR 3 XM_018861651.1  XP_018717196.1_1  Post-translational modification, protein turnover, and chaperones 6.82E-30 108.8 KOG3368 

RRNGVCLFYR 3 XR_001980976.1 - Signal transduction mechanisms 1.26E-26 97.4 ENOG5037QKR 

AASGNASLPR XM_018861733.1 XP_018717278.1_1 Energy production and conversion  0 1,345.10 ENOG5037M9Y 

GSGQTNCCSSRNPRNGR XM_010046998.2 XP_010045300.1_1 Translation, ribosomal structure and biogenesis  7.29E-35 124.5 COG0359 

HIQIGLR XM_010039327.2 XP_010037629.1_1 Function unknown  0 1,487.60 ENOG5037HG6 

KPEDANR XM_010045581.2 XP_010043883.1_1 Function unknown  2.30E-271 906.2 ENOG5037IWW 

LGTI**LSPR XM_010065691.2 XP_010063993.1_1 Function unknown 5.20E-251 838.1 ENOG5037R5K 

MNLPVKR XM_018873041.1 XP_018728586.1_1 Function unknown 5.31E-77 263.5 ENOG502QQJE 

RAIMRPR XM_010029799.2 XP_010028101.1_1 Signal transduction mechanisms, Cytoskeleton 4.33E-277 925.8 ENOG5037IIP 

KTAIEMSSMHEERK XM_010054572.2 XP_010052874.1_1 Transcription 0 1,071.00 ENOG5037MN3 

NLGLGFGR XM_018876096.1 XP_018731641.1_1 Function unknown 3.89E-175 585.8 ENOG502QQ9S 

APTTAPPAVR XM_010062344.2 XP_010060646.1_1 Secondary metabolites biosynthesis, transport, and catabolism 1.04E-242 811 KOG1417 

KIGLTLR XM_010069929.1 XP_010068231.1_1 Function unknown 6.02E-47 164.1 ENOG501N7KN 

KLV*ED*LAK 4 XM_010046007.2  XP_010044309.1_1  Function unknown 2.70E-74 253.6 ENOG502RZV3 

KLV*ED*LAK 4 XM_018872208.1 XP_018727753.1_1 Carbohydrate transport and metabolism 1.04E-235 788.4 ENOG5037RH1 

LFPLFSVR XM_018870367.1 XP_018725912.1_1 Secondary metabolites biosynthesis, transport, and catabolism 9.52E-162 537.8 ENOG5037JSZ 

LL*CC**QFPR XM_018870037.1 
XP_018725582.1_1 

Translation, ribosomal structure and biogenesis, Transcription, 
Replication, recombination and repair 

1.12E-195 647.6 KOG0335 

QGKPTCPDHESTCPR XM_010070621.1 XP_010068923.1_1 Inorganic ion transport and metabolism 9.15E-132 444.3 ENOG5037RFT 

SVAIGERGLR XM_010044558.2 XP_010042860.1_1 Function unknown 6.12E-157 526.4 ENOG502QTXK 
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TVVGLW*PCR XM_018875477.1 
XP_018731022.1_1 

Transcription, Replication, recombination and repair, Signal 
transduction mechanisms 

1.70E-66 229 ENOG502SHKV 

IGTVTIPR XM_018871868.1 XP_018727413.1_1 Function unknown 2.00E-130 438.5 ENOG502QRXU 

PASSSRRPSR XR_720815.2 - No orthologs found - - - 

TVERLSMVEDVR XR_001984062.1 - Function unknown 2.01E-08 29.7 ENOG502SFCS 

VTAAAADASPSR XR_001979828.1 - No orthologs found - - - 

APLALSPR XR_721165.2 - No orthologs found - - - 

EGDVLTLLESER XR_001983327.1 - Translation, ribosomal structure and biogenesis 2.58E-48 169.1 KOG3502 

IPTGATLKGPMMTSPVLVEMAR XR_001981593.1 - Transcription 2.50E-07 34.4 KOG0627 
a RefSeq database accession number in which the novel peptide was identified; b Predicted coding sequence for the NCBI mRNA sequences;  
*Indicates the presence of a stop codon within the novel peptide sequence; No coding sequence was predicted for ncRNA and transcribed RNA databases as they were annotated as  
non-coding RNA sequences. Uppercase numbers indicate peptides with more than one mapping assignment. 
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CHAPTER 3 - Identification of novel peptides associated with seasonality and 

water restriction imposition in Eucalyptus grandis leaf proteome 

ABSTRACT - Climate change is escalating the frequency and intensity of warming and 

drought periods around the globe, currently representing a threat to many plant 

species. Understanding how plants cope with such abiotic factors is crucial.We 

investigate how Eucalyptus grandis, a plant species with several industry applications, 

copes with seasonal variation and water restriction imposition at the proteomic level 

under field conditions. Therefore, we attempted to identify known proteins and novel 

peptides associated with the effect of seasonality and water restriction impositions, as 

well as to provide insights into how novel peptides behave under such conditions. Leaf 

proteome of E. grandis plants was studied under both a conventional proteomic 

workflow and a dedicated proteogenomics approach. The highest proteomic variability 

was identified in the summer season and the most abundant known proteins 

associated with seasonal variation were related to photosynthesis. Post-translational 

modifications, protein turnovers, and chaperones were the main functional 

classifications identified among biological treatments. Furthermore, 144 novel peptides 

were identified by both spectral correlations against modified databases (43) and a de 

novo peptide sequencing approach (101) not predicted by current proteomics 

pipelines. It is expected that most single amino acid substituted (SAS) peptides, mainly 

associated with the photosynthesis process, should decrease protein stability by 

altering the quantitative change upon ΔΔG values and non-covalent interactions. 

Multiple reaction monitoring validation assays were performed for selected novel 

peptide identifications demonstrating that it is a very robust mass spectrometry-based 

method of validation. Data are available via ProteomeXchange with identifier 

PXD031100. 

 

Keywords: Proteomics, Proteogenomics, drought stress, MRM.  
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1.   INTRODUCTION 
 

Eucalyptus species are widely cultivated in many regions of the globe for their 

high adaptability to different climatic conditions and industry applications. Also, species 

from this genus show valuable adaptability to a wide range of habitats, which makes 

them one of the most planted trees in the world (Freeman et al., 2013). Among them, 

Eucalyptus grandis species stands out for its versatility on paper and cellulose 

production, as well as in the oil industry and as charcoal. However, current 

environmental changes have negatively impacted yields and plant adaptability of this 

genus and many species of agricultural importance. 

Global warming and climate change may exacerbate the effects of abiotic 

stresses on crop production as climate keeps changing (Li et al., 2020). As the world 

is running against time to propose and implement alternatives to cope with those 

effects, planted tree sector is a major partner in the fight to reduce the impacts of 

climate change through its forests and bio-based products (IBÁ - Indústria Brasileira 

de Árvores, 2020). 

Global climate change is expected to increase the frequency and intensity of 

droughts occurring due to warming temperatures (Easterling et al., 2000). Drought, in 

particular, severely impairs plant growth and development and restricts crop 

productivity more than any other environmental factor (Shao et al., 2009). Water stress 

alters cell structures and impairs various biological functions, thus leading to 

photosynthesis inhibition, metabolic dysfunction, membrane and protein damages 

(Krasensky and Jonak, 2012). In this context, proteins play a very important role within 

the plant adaptation to water stress since they regulate many cellular functions and are 

essential to the cellular machinery that enables different tasks within a given biological 

condition (Feist and Hummon, 2015). Thus, proteomics studies are crucial for 

understanding how plants behave under water stress conditions as they provide direct 

information on gene expression end products: proteins. 

Protein identification in most proteomics workflows is a result of correlating 

experimental mass spectra data against known sequences in a reference protein 

database (virtual spectra). Such correlations provide solid evidence of the protein 

present in a particular biological sample (Eng et al., 1994). Yet, proteogenomics, a field 
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of biological research that uses a combination of proteomics, genomics, and 

transcriptomics to aid in the discovery and identification of peptides, has emerged as 

an important strategy to search for novel peptide identities usually restricted by the 

conventional spectral correlation approach (Jaffe et al., 2004). Additionally, novel 

peptide forms can be identified through the de novo peptide sequencing technique, 

whereas single amino acid substitutions (SAS) resulting from single nucleotide 

polymorphisms (SNPs) may also be detected (Nesvizhskii, 2014). 

Analysis of shotgun proteomics data generally relies on the search against 

databases that do not include information on protein variants, usually preventing SASs 

from being identified (Li et al., 2011). Consequently, single amino acid substitutions, 

which usually cannot be identified in reference protein database searches, are an 

important source of variability that may enhance plant adaptability and provide vital 

phenotype alterations. For instance, a single amino acid substitution (G41S) in a 

temperature-sensitive Fenoria allele has inhibited root hair growth in Arabidopsis 

thaliana plants (Kim et al., 2021). Those SAS events can also have a high impact on 

protein thermodynamic stability, which can lead to protein structural changes 

(Kucukkal et al., 2015). 

Besides identifying novel peptides, targeted proteomics assays can provide an 

extra level of confidence for the existence of such peptides, and this technique has 

emerged as a powerful protein quantification tool in many biological systems (Shi et 

al., 2016). Furthermore, it has been used for several applications such as investigating 

protein biomarkers in Loquat fruits for catalytic enzymes (Martínez-Márquez et al., 

2013), multiplexed MRM-based applications for biomarker discoveries, validation and 

accurate quantification in human disease studies (Percy et al., 2013), and absolute 

quantitation of plant seed allergens (Houston et al., 2011; Stevenson et al., 2012). 

As climate change has escalated seasonal changes and the occurrence of 

drought events, proteogenomics can play an important role in identifying novel targets 

that cannot be observed using conventional protein identification workflows and help 

to enhance our understanding on how plants cope with such climate changing. 

Therefore, the goal of this work is to confidently identify known proteins and novel 

peptides associated with the effect of seasonality and water restriction impositions, as 

well as to provide insights into how novel peptides behave under such conditions. 
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2.   MATERIAL AND METHODS 

2.1. Plant growth and experimental design 
 

 A commercial eucalyptus clone (clone number: O6) from the Eucalyptus grandis 

species was selected from an experimental site that belongs to TECHS Project 

(Tolerance of Eucalyptus Clones to Hydric, Thermal and Biotic Stresses) (Binkley et 

al., 2017). The experiment was implemented on January 5th, 2017, at the Teaching, 

Research and Extension Farm (FEPE), Faculty of Agricultural and Veterinary 

Sciences, in Jaboticabal-SP, which is located at 21°14'11.2" south latitude and 

48°16'53.7" west longitude with an average altitude of 604m. This clone has a plastic 

adaptation characteristic and an Af climate origin according to Köppen classification 

(Alvares et al., 2013). 

 The experimental plot was formed by 5 plants in a linear distribution spaced 2m 

from each other and 3m between each row. Experimental plots were distributed under 

a complete randomized block design with two replications. Plants were grown under 

two contrasting water conditions: without water restriction (100% of rainfall) and with 

water restriction (approximately 30% of rainfall excluded). For the rainfall exclusion, a 

wooden platform was installed with inclined plastic channels between each row to carry 

part of the rainfall out of the experiment (Figure 1). 

 

Figure 1 - Field experiment as part of TECHS Project located in Jaboticabal, Sao 
Paulo, Brazil. The image on the left illustrates Eucalyptus clones grown under 30% 
rainfall water restriction, while the image on the right shows the trees cultivated under 
normal rainfall conditions.   

The experimental field is situated on a typical eutropheric Red Latosol, with a 

clay texture. After soil analysis, each plant was fertilized with 100g of ‘MG YORIN SI’ 
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(YOORIN®). Cultural practices such as weeding, covering fertilization, and application 

of insecticides were carried out according to the plant’s needs. Accumulated rainfall 

and temperature oscillation data was obtained by a meteorological station, located 

about 600m from the experimental site, and was recorded throughout the evaluation 

period (Figure 3). 

 

2.2. Sample collection 

 

  Samplings were carried out over three seasons (winter: July 10th, 2019; spring: 

October 8th, 2019; and summer: January 08th, 2020). At the first sampling date, 31 

months old trees were randomly selected, being the same plants studied in all sampling 

seasons. Young leaves from the upper-tree canopy were individually collected from 

each tree under both experimental conditions: with and without water restriction. They 

were immediately frozen in liquid nitrogen and stored at -80◦C before protein 

extraction. 

 

2.3. Protein extraction and digestion 

 

  Two grams of leaf material from each treatment were individually processed, 

macerated in liquid nitrogen until a fine powder was achieved. Each sample was 

extracted during 15 min (at 4°C) through addition of 12 mL Tris-HCl buffer solution (125 

mM Tris pH 6.8-HCl, 20% (v/v) glycerol, 1% (w/v) SDS, 1% (w/v) DTT) and stayed 

overnight precipitating in acetone (-30°C) (sample/acetone ratio of 1:5). The protein 

pellet was then resuspended in a 150 μL buffer solution, and protein concentration was 

measured using Bio-Rad Protein Assay kit according to manufacturer's instructions. 

Before mass spectrometry analysis, a 50-µg aliquot of leaf proteins was loaded into 

sodium dodecyl sulfate-polyacrylamide electrophoresis (SDS-PAGE) gel and shortly 

separated for 1 hour. Then, the resulting 2 cm-wide bands were sliced into smaller gel 

pieces and transferred to clean tubes to be reduced, alkylated, and in-gel digested 

(Shevchenko et al. 2007). Subsequently, the digested peptides were submitted to two 



53 
 

 
 

filtering steps using a Costar® Spin-X® centrifuge tube filter (Salt Lake City, Utah, USA) 

and a Millipore C18 Ziptip® (Billerica, MA, USA). 

 

2.4. Acquisition of mass spectrometric data 
 

  After filtration step, three replicates of each sampling season under both 

experimental conditions (with and without water restriction) were individually 

resuspended in 20 μL (0.1% (v/v) formic acid), totalizing 18 samples. An aliquot of 10 

uL of each replicate was randomly injected under a chromatographic separation of 65 

min in an Easy nLC 1000, Thermo Scientific® coupled to an Exactive™ (Thermo 

Scientific) system operated in data-dependent acquisition (DDA) mode for the 20 most 

abundant peptide ions. Peptide separation was achieved with a binary buffer system 

consisting of 0.1% formic acid (buffer A) and 99% acetonitrile in 0.1% formic acid 

(buffer B), using a linear gradient of buffer B (from 7% to 30% in 50 min, and at 70% 

for other 15 min). Each sample injection was followed by two washouts (constant at 

95% of B for 20 min, ramping down to 5% of B for 5 min) at a flow rate of 400nl/min. 

Acquisition of high-resolution mass spectra was carried out concomitantly to the 

chromatographic separation. Full (400-1600 m/z) and data-dependent scans were 

acquired with resolutions equal to 70,000 and 17,500 FWHM (full width at half 

maximum), respectively.  Fragment spectra were acquired upon HCD (high-energy 

collision dissociation) fragmentation of the isolated peptide ions under normalized 

collision energy of 30 eV. Peptide ions selected for fragmentation were excluded in a 

new isolation event for 5 s. 
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2.5. Known proteins and novel peptides’ identification by spectral correlation 
 

 Generated spectra of all raw files were analyzed using MaxQuant software (v 

1.6.14.0) (Cox and Mann, 2008; Tyanova et al., 2016a) by means of Andromeda 

search engine (Cox et al., 2011). For known protein identifications, peak lists were 

searched against the E. grandis v. 2.0 protein database (46,280 entries), available for 

download at Phytozome database (Goodstein et al., 2012). However, the database 

used for novel peptide identifications by spectral correlations was created from mRNA, 

ncRNA, and transcribed RNA RefSeq databases as described by Jorge and Balbuena 

(2021). The searches were performed with most of the default settings with some 

adjustments as follows: specific digestion mode was set to trypsin (P) and a maximum 

of two missed cleavage sites was allowed; carbamidomethylation (C) as fixed and 

oxidation (M) as variable modifications; minimal peptide length was defined as 7 amino 

acids; label-free relative quantitation algorithm (MaxLFQ) (Cox et al., 2014) was used 

for comparative analysis between different treatments, and LFQ minimum ration count 

was set to 1. Using a target-decoy approach, false discovery rate (FDR) at protein and 

PSM levels was set to 1%. Normalized LFQ intensities were used for further data 

analysis. Mass spectrometry proteomics data have been deposited to the 

ProteomeXchange Consortium via PRIDE partner repository (Perez-Riverol et al., 

2022) with dataset identifier PXD031100. 

 

2.6. Novel peptide identifications by de novo sequencing 
 

 PEAKS Studio 10.5 (Bioinformatics Solutions, Waterloo, Ontario, Canada) 

software was used to provide automated de novo sequencing from MS/MS spectra. 

This approach involved three major steps such as PEAKS de novo sequencing, 

followed by a PEAKS DB search (Zhang et al., 2012) against the E. grandis v.2.0 

protein database, and finally, was used SPIDER (Han et al., 2005) algorithm integrated 

within the PEAKS software. Detailed de novo sequencing workflow and criteria used 

for the identification of novel peptides with single amino acid substitution (SAS) were 

performed according to Jorge and Balbuena (2021). The area under the curve 

quantitative value of each significant SAS peptide was selected for further analyses. 
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2.7. Statistical analysis 
 

 Perseus (v 1.6.14.0) was used for data organization and statistical analyses of 

all identifications (Tyanova et al., 2016b), including results from both spectral 

correlation and de novo identifications. Protein identifications that matched the reverse 

database, contaminants, and proteins identified only by modified amino acids were 

eliminated. Each known protein or novel peptide identification was firstly classified 

according to its biological replicates and experimental conditions, and data were log2 

transformed. Before each specific comparison, only known proteins or novel peptides 

quantified in three biological replicates for at least one experimental condition were 

taken into account for statistical analyses. Missing values were imputed from a normal 

distribution of each biological sample with the default settings (width: 0.3; downshift: 

1.8). 

 Pairwise comparison analyses were carried out separately for each specific 

season to compare plants under both conditions: with and without water restriction. 

Student’s t-test was performed to identify significant changes in abundance between 

both conditions. Identifications with a p-value <0.05 and, at the same time, an absolute 

fold-change value greater than 2 were defined as significantly down or up-regulated 

peptides/proteins. However, regarding comparisons across different seasons (winter, 

spring, and summer), an ANOVA test was performed with a permutation-based FDR 

of 0.05 for the identification of significant abundance changes. 

 

2.8. Data reasoning and visualization 

 

 A principal component analysis (PCA) was performed comparing the ANOVA 

significant known proteins among all six conditions. Also, hierarchical clustering 

(Euclidean distance and average linkage) was performed for ANOVA significant 

identifications using Euclidean distance and Perseus default program parameters.  

 To enable an enrichment analysis of the most abundant known proteins across 

different seasons, BLASTP tool of Blast2GO software was used against revised 

sequences data from A. thaliana, obtaining the accessions of the corresponding 

proteins in A. thaliana for the identifications of the current work. Thus, functional 
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annotation information available for A. thaliana were inferred for the proteins identified 

here. Gene Ontology analysis (GO annotation) and KEGG Pathway identified for each 

high abundant known protein of interest were subjected to enrichment analysis by 

Fisher's exact test in Perseus software. Thus, it was possible to identify which GO 

categories (Ashburner et al. 2000) and KEGG Pathway (Kanehisa and Goto, 2000) 

were enriched among such proteins. All eligible known protein identifications (after 

passing through the minimum number of valid values filter) were used as a background 

cluster. A Benjamini-Hochberg FDR was used for false discovery correction rate and 

a threshold value was set to 0.02.  

The overall taxonomic assignment and functional annotation of known proteins 

and novel peptides were performed following eggNOG-mapper v2 (Cantalapiedra et 

al. 2021). The highest-scoring annotated Cluster of Orthologous Group (COG) 

(Tatusov et al. 2003) category hit was selected for each functional annotation. For 

novel peptide identifications achieved by spectral correlations, the predicted protein-

coding sequence for each NCBI RefSeq RNA accession number was considered for 

the reference annotation.  

 Genomic mapping of novel peptides identified by spectral correlations against 

modified RNA databases was carried out by TBLASTN searches against the 

Annotation Release 101 from E. grandis v.1.0 database and the usage of the NCBI 

Genome Data Viewer (GDV), which is a tool embedded in the TBLASTN result page. 

Also, the visualization of known and novel identification positions at the chromosome 

level was accomplished by the ChrDiagram tool, publicly available at 

https://eucgenie.org/. As the tool requires accession numbers from the E. grandis v.2.0 

protein annotation, a protein-protein basic local alignment search tool (BLASTP) was 

carried out for all novel peptides found by spectral correlations as they were initially 

identified in the E. grandis v.1.0 database (Supplementary Table 1). 

 

 

 

 

 

 

https://eucgenie.org/


57 
 

 
 

2.9. Single amino acid substitution structural analysis  
 

First of all, for each t-test or ANOVA-significant novel peptides identified by de 

novo sequencing approach, a protein template structure was searched in a non-

redundant PDB library by the sequence search using MMseqs2 method (Steinegger 

and Söding, 2017) to identify similar protein chains in PDB Archive (Berman et al., 

2000). Protein model selection was based on the following criteria: a) presence of the 

same native amino acid between both protein sequences; b) higher similarity between 

the whole peptide sequence within both proteins; and c) minimum of 50% sequence 

identity to the selected protein template and the native protein sequence. The complete 

description of evaluated parameters for protein structural analyses, as well as protein 

template selection details, can be found in Supplementary Table 9.  

After selecting the appropriate templates, computational tools (structure-based) 

PremPS (Chen et al., 2020) and mCSM (Pires et al., 2014) were used to calculate the 

influence of single amino acid substitutions on the ΔΔG value of each protein. 3D virtual 

native and substituted protein structures were displayed by PremPS to illustrate non-

covalent relationships between the substituted site and its neighboring residues. As 

PDB structure templates were not identified for all single amino acid substituted 

candidates, predictions of Gibbs free energy were carried out by a sequence-based 

approach, Mupro  (Cheng et al., 2006). These tools are available as web services and 

allow submission and fast calculation of large sets of single amino acid substitutions. 

 

2.10. Validation of novel peptides and single amino acid substitutions   

2.10.1.   Synthetic peptide library 
 

Out of 144 novel peptides identified through proteogenomics approach, 24 were 

selected for the validation experiment based on the following criteria: novel peptides 

identified by spectral correlations were selected according to their different classes of 

genomic classifications and higher abundance level. Furthermore, the selection of 

candidate peptides identified by de novo peptide sequencing approach was performed 

based on peptide uniqueness, presence of only one peptide per accession code 

(protein), internal peptides. Similar peptide sequences were excluded from the 
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analysis, novel peptides were identified only in the substituted form, and both forms 

(native and substituted) and higher intensity and fold change between substituted and 

native peptides were prioritized (Supplementary Table 10). 24 PEPscreen® peptides 

(Custom Peptide Libraries, Sigma-Aldrich, St. Louis, USA) were synthesized with a 

yield of ∼ 1–6 mg for the validation experiments. Before biological testing, PEPscreen® 

peptides were diluted in 50% ACN (5 mM stock), and stored at − 80 °C. 

 

2.10.2.   MRM method optimization 

 

Preliminary transitions were firstly optimized according to Skyline (64bit 

V21.1.0.278) MRM method (MacLean et al., 2010; Bereman et al., 2012). Precursor 

charges +2 and +3, fragment charges +1 and +2, as well as y and b ion types, were 

considered for all synthetic peptides according to each amino acid sequence. Before 

mass spectrometry injections, all 24 synthetic peptides were combined into one pool 

at an equimolar concentration of 100 femtomoles µL-1. Mass spectra were individually 

acquired for each peptide over a gradient of 30 min of acquisition. Subsequently, a 

minimum of 4 and a maximum of 6 most intense peaks in the MS/MS spectrum were 

manually selected as final MRM transitions. Additional runs were carried out for three 

peptides at a concentration of 200 femtomoles µL-1 due to weak fragment ion 

intensities. After selecting the best candidate transitions for each synthetic peptide, the 

optimized collision energy for each transition was tested. For each peptide, collision 

energy optimization parameters were set to use five steps on either side of the value 

predicted by the default equation, with the step size set to 1 V. Therefore, there were 

11 collision energy voltage values for each transition. Another round of mass spectra 

was acquired for each peptide and the best collision energy. The one that generated 

the highest ion peak area intensity response was selected for each transition. 

Optimized transition and collision energy values were imported into a final, optimized 

MRM method (Supplementary Table 11). Lastly, the linear range response for each 

peptide was defined by 7 concentrations at 1:4 dilution ratios (0.064 femtomolaes µL-

1 to 1 picomoles µL-1) (Figure S4). Three technical replicates were acquired at each 

concentration for each peptide (a total of 136 transitions were monitored for all 24 

synthetic peptides at each injection).  
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2.10.3.   Mass spectrometry data acquisition (LC-MRM) 
 

Peptides (5 µL) were loaded onto a C8 trap column (Thermo Scientific 161194, 

u-Precolumn, C8 PepMap100, 5 mm x 300 µm, 5 µm particles) through a 3 min 

gradient at 5µL min-1, and separated on a 20 cm x 75 µm self-packed fused silica 

column containing HxSIL C18 (5um particles, The Hamilton Co.) An Eksigent nanoLC 

Ultra 1D Plus was used for the reverse-phase liquid chromatography over a 30 min 

gradient at 600 nL min-1 as follows: initial conditions were 2% B (A: 0.1% formic acid 

in water; B: 0.1% formic acid in acetonitrile); a 15-min linear gradient from 2 to 90% 

solution B, followed by a linear gradient from 90 to 40% solution B (3 min); oscillating 

column wash: 80% B (2 min), 40% B (2 min), 80% B (2 min), 2% B (1 min); and held 

at initial conditions for 5 min. Acquisition of mass spectra was carried out concomitantly 

to the chromatographic separation. Peptides were analyzed through a Multiple 

Reaction Monitoring (MRM) method using a Quantiva QQQ mass spectrometer 

(Thermo Scientific). The instrument was operated in nano Electrospray positive-ion in 

un-scheduled MRM mode with the following parameters: spray voltage of 1800 V; 1 

min cycle time; Q1 filter=1.2 Da; Q3 filter=0.7 Da; and CID gas = 3 mTorr. 

 

2.10.4.   Validation criteria for novel peptides 

 

Protein extraction and digestion were carried out following the same protocol as 

described in section 2.3. After the filtration step, three biological replicates of each 

condition were combined into a pooled sample of 20 μL volume (0.1% formic acid; 5% 

ACN), totalizing 6 pool samples. An aliquot of 5 µL of each pooled sample was 

randomly injected following the same acquisition method described in the section 

2.10.3. For the retention time calibration, all conditions were combined into one pool 

sample and all synthetic peptides were spiked in the biological sample to a final 

concentration of 40 femtomolar μL-1 to account for any biological matrix effects and 

retention time shift that could occur during mass spectrometry analysis. Aligned 

transitions were manually checked for each peptide on Skyline and the following 

criteria for novel peptides validation was considered: a) minimum of 3 aligned 

transitions for each peptide (retention time shift < 0.2 minutes between transitions); b) 
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intensity of each identified transition for the biological samples higher than the intensity 

of the synthetic peptide injection at a minimum valid concentration. Such valid 

concentration was visually determined based on the lowest concentration at which 

each synthetic peptide showed a well-defined alignment of all transitions; c) retention 

time match between the biological sample injection and the spiked-in sample 

(maximum shift of 0.2 minutes); d) similar intensity proportions between synthetic 

peptide and biological sample injections for the selected transitions, and e) biological 

samples analyzed within each synthetic peptide’s calibration curve previously 

determined (Figure S4). 

 

3.   RESULTS  

3.1.  Identification and characterization of genome-predicted proteins 

and novel peptides  

 

  Global proteome analysis revealed the identification of genome-predicted 

proteins and novel peptides mapped to different chromosome locations according to 

the Eucalyptus grandis BRASUZ1 genome annotation v2.0 (Figure 2). Mass 

spectrometric data acquisition and spectral correlation searches against E. grandis v. 

2.0 protein database allowed the identification of 1031 known proteins (Supplementary 

Table 2); while proteogenomics approach used in this study revealed the identification 

of 144 novel peptides that had not been predicted by current gene annotation methods. 

They were identified following a dedicated proteogenomics workflow based on both 

spectral correlations against modified Refseq RNA databases (43) and de novo 

peptide sequencing (101) (Supplementary Table 3). 
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Figure 2 – Genome-predicted protein and novel peptide chromosome mappings 
according to the Eucalyptus grandis BRASUZ1 genome annotation v2.0. 

 

Novel peptides identified by spectral correlations against modified RNA 

databases were further categorized regarding their genomic location (Supplementary 

Table 4). Genomic mapping of the 43 novel peptides indicated the existence of 

previously unknown coding sequences within E. grandis proteome, which allowed 43 

unique mapping assignments. Depending on the genomic location of the new coding 

sequences, novel peptides were classified into the following categories: 5’ UTR, 5’ 

UTR-EXON, EXON-ARF, 3’ UTR, and Novel Coding Locus (Figure S1).  
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3.2.  Seasonal-based changes and their impact on protein variability 
 

 Weather parameters, including precipitation and temperature levels, 

consistently varied across different sampling periods (Figure 3, panel A). Precipitation 

levels were close to zero millimeters in the winter season, and reached the highest 

values in the summer. Furthermore, a Principal Component Analysis (PCA) generated 

six distinctive groups corresponding to each biological condition (Figure 3, panel B). 

Only known proteins with significantly different LFQ intensities (ANOVA, p-value ≤ 

0.05) between all six experimental conditions were considered in this analysis. 

 

Figure 3 – Climatic parameters and Principal Component Analysis (PCA) of Eucalyptus 
grandis leaf protein samples. (A) Accumulated precipitation (blue line) and temperature 
oscillations (colored bars) at the TECHS site located in Jaboticabal, Sao Paulo, Brazil. 
Season abbreviations indicate the months in which samples were collected. (B) PCA 
analysis based on LFQ intensities obtained from ANOVA-significant known proteins 
among all treatments. The following symbols represent w/o: without water restriction; 
w: with water restriction. 
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Differences in proteome profiles were predominant between all biological 

conditions although samples collected during the winter were more closely grouped 

than samples collected in spring and summer. Data variability of Eucalyptus grandis 

leaf proteome was more pronounced towards different growing seasons rather than 

towards water restriction. Also, when comparing samples collected during the same 

season, water restriction seemed to have a higher impact on proteome variability in 

the summer.  

 

3.3.  Most responsive proteins to seasonal variation and their 

functional classification 
 

 Hierarchical clustering based on LFQ intensities of ANOVA significant known 

proteins across different seasons is shown in Figure 4. The accession numbers of the 

most abundant E. grandis protein groups and common identifications between different 

seasons of the year with and without water restriction are also presented. 280 proteins 

significantly varied under water-restricted condition and were visually grouped into 

eight different clusters; while 360 proteins significantly varied under no water-restricted 

condition and those proteins (visually grouped into seven clusters). A similar pattern of 

protein abundance could have been identified when analyzing both winter and spring 

seasons under each water regime.  

 



64 
 

 
 

 

Figure 4 - Hierarchical clustering visualization analysis based on ANOVA-significant 
known proteins and functional classification according to COG categories. MaxLFQ 
intensity of each protein identification is displayed as log2 transformed data under 
different color codes (red: most abundant; green: least abundant). For the hierarchical 
clustering, the following symbols represent w/o: without water restriction; w: with water 
restriction; * indicates common proteins identified across both comparisons. In the bar 
graphs, capital letters on the x-axis indicate the cluster of orthologous groups (COG) 
and the y-axis indicates the number of known proteins identified in each class. Different 
color codes for the visually grouped clades from the horizontal hierarchical clustering 
are matched to the corresponding functional classification in bar graphs. 

 
Proteins with the highest abundance levels were highlighted in two clades for 

water restricted and non-restricted conditions (blue and pink colors, and orange and 

green colors, respectively). The most abundant proteins among those clades were 

present in functional classes such as energy production and conversion, amino acid 

transport and metabolism, carbohydrate transport and metabolism, post translational 

modification, protein turnover, chaperones, and function unknown. Also, this functional 

classification pattern was observed among other known protein groups under both 
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water regimes at lower abundance levels. Furthermore, functional classification: 

translation, ribosomal structure and biogenesis had also a high number of protein 

identifications at intermediate levels of abundance. Yet, the unknown functional 

classification revealed the highest number of protein identifications throughout the 

evaluated conditions.  

The most abundant known proteins identified in E. grandis leaf samples over 

different seasons (across both water restricted and non-restricted conditions) was also 

compared based on an enrichment analysis. Such proteins were distributed under 

several categories of enriched functional classifications under either cellular 

component, biological process, molecular function, or KEGG pathway, and were 

mainly associated to the photosynthesis process (Supplementary Table 5). Enriched 

categories had enrichment factor values greater than 1, showing that these GO 

categories are enriched among the most abundant proteins across different seasons 

regardless of water restriction imposition. Enrichment profile in a highly abundant 

cluster of known proteins in E. grandis leaves reinforces the crucial role of 

photosynthesis for plants. Nevertheless, under no water restriction imposition, only 

biological processes and KEGG pathway were identified as enriched terms, and 

showed a lower enrichment factor when compared to the water restricted condition 

treatment.  

 

3.4.  Effect of water restriction on known proteome variability 
 

 Higher proteomic variability was observed for E. grandis trees under water 

restriction during the summer season, in which water restriction imposition down-

regulated the abundance of 50 protein groups (Figure 5).  
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Figure 5 - Number of differentially abundant proteins based on pairwise comparisons 
of water-restricted against non-water-restricted E. grandis leaf samples for each 
season, and functional classification of down-regulated proteins identified in the 
summer. Numbers in parentheses represent quantified proteins eligible for pairwise 
comparisons after the minimum number of valid values filtration step. Only 
identifications with a significant Student’s t-test (p-value < 0.05) and fold-change ≤ or 
≥ 2 values were considered as a significant down or up-regulated protein, respectively. 
Pie chart indicates functional classification according to COG categories. Detailed 
functional analysis of all significant identifications can be found in Supplementary Table 
6. 

 
A significant part of the down-regulated proteins in the summer was classified 

into molecular functions such as post-translational modification, protein turnover, and 

chaperones, as well as amino acid transport and metabolism. On the other hand, nine 

protein groups were up-regulated under water restriction in the same season. A more 

proportional distribution between up and down-regulated protein groups was observed 

in winter and spring. Winter revealed the lowest number of differentially abundant 

proteins, which were nine up and nine down-regulated proteins. 

 

3.5.  Novel peptides associated with seasonal variation 
 

 Out of the 101 novel peptides identified by a de novo peptide sequencing 

approach, eight novel peptides showed a significant abundance variation across 

different seasons without water restriction (Figure 6, panel A). On the other hand, 10 

out of 44 novel identifications achieved by spectral correlations against modified RNA 
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Refseq databases demonstrated a significant abundance variation among the different 

seasons under no water restriction (panel B). 

 

 

Figure 6 – Novel peptides’ variability according to seasonal changes in non-water-
restricted E. grandis leaf samples. The hierarchical clustering visualization analysis 
was based on ANOVA-significant novel peptides identified by (A) de novo peptide 
sequencing and (B) spectral correlation approaches. Quantitative values of novel 
peptide identifications are displayed as log2 transformed data. For the hierarchical 
clustering, the following symbols represent w/o: without water restriction; w: with water 
restriction. (C) Significant novel peptide identifications by de novo peptide sequencing 
were compared based on their native vs. substituted quantitative abundance levels 
according to Student’s t-test (p-value < 0.05). Values are means ± SE of 3 replicates. 
* Indicates a significant protein abundance change. Missing values are displayed as 
gaps in the bar graphs. The detailed description of significant novel peptide 
identifications can be found in Supplementary Table 7.  

 
Across different seasons under water restriction, novel identifications showed 

inferior variability levels. Three novel peptides identified by spectral correlations 

revealed a significant abundance variation, while only one novel peptide identified by 

the de novo peptide sequencing approach presented a significant variation among 
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seasons (data not shown). Additionally, regarding novel peptides identified by de novo 

sequencing, most native peptides revealed higher abundance levels when compared 

to substituted peptides (panel C). In contrast, a small number of novel peptides 

indicated non-significant abundant changes or were not present in the compared 

conditions. Only peptide 8 - ELEA(sub V)LALSAGFDKPR (O-methyltransferase 1) 

showed a higher abundance level for the substituted form when compared to its native 

form.  

 

3.6.  Novel peptides associated with water restriction imposition 
 

 Novel peptides identified through de novo peptide sequencing approach were 

predominant among peptides significantly associated with water restriction imposition 

in each specific season (Figure 7, panel A). In one case the same peptide was present 

in winter and summer (YDGPNSTDFIW(sub E)DWVK). In both cases, their abundance 

levels were higher under water restriction imposition. Alternatively, novel peptides 

identified by spectral correlations pointed out a less predominant association with 

water restriction imposition as only two peptides were significantly different (one in the 

spring and another in the summer).  
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Figure 7 – Novel peptides’ variability of E. grandis leaf samples according to water 
restriction imposition during each season. (A) Differentially abundant peptides 
(identified by both spectral correlation and de novo sequencing) based on pairwise 
comparisons of water-restricted against non-water-restricted E. grandis leaf samples 
in each season. Quantitative values of novel peptide identifications are displayed as 
log2 transformed data. Only identifications with a significant Student’s t-test (p-value < 
0.05) and fold-change ≤ or ≥ 2 values were considered as a significant down or up-
regulated protein, respectively. (B) Significant novel peptide identifications by de novo 
peptide sequencing were compared based on their native vs. substituted quantitative 
abundance levels according to Student’s t-test (p-value < 0.05). Values are 
means ± SE of 3 replicates. * Indicates a significant protein abundance change. 
Missing values are displayed as gaps in bar graphs. The detailed description of 
significant novel peptide identifications can be found in Supplementary Table 8.  

 
Out of the 12 novel peptide identifications in both de novo and spectral 

correlation approaches, 10 significantly demonstrated superior abundance levels when 

E. grandis trees were under water restriction. Pairwise comparisons of the novel 

peptides identified by de novo sequencing also indicated a superior abundance 
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accumulation of native peptides when compared to substituted peptides (panel B). In 

some cases, native and substituted peptides did not significantly vary when contrasting 

their abundance levels at each specific biological condition, except for peptide 

ELEA(sub V)LALSAGFDKPR (O-methyltransferase 1) that showed a higher 

abundance of its substituted form in the summer without water restriction.   

 

3.7.  De novo peptide structural analysis  
 

The structural analyses of significant novel SAS peptides that showed different 

abundance levels across different seasons under no water restriction imposition 

(Figure 7, panel A) are presented in Table 1. Significant identifications in each season 

with water restriction imposition (Figure 8, panel A) are shown in Table 2. 

Computational approaches PremPS, mCSM (structure-based), and MUpro (sequence-

based) were used to calculate the influence of single amino acid substitutions on the 

ΔΔG value. PremPS and mCSM stability analyses were based on the most similar 

protein sequence structure available in the PDB repository, while for MUpro tool, the 

full native protein sequence was used for each SAS peptide.   

TABLE 1 - Protein complex stability upon single amino acid substitutions on ANOVA-
significant peptides. 
Peptide sequence Position PremPSa  mCSMb Position MUprob 

1.KFETLSYLPPLE(sub T)PTQLAK T22E 0.97 0.21 T80E -0.42 

2. KPDFEAF(sub Y)IDPQK Y185F 0.09 -0.89 Y209F -0.61 

3. AFNPTQAEETYSMVTA(sub I)NR  -  -  - I193A -1.79 

4. ATPQQVQ(sub A)EYTLK A244Q 1.65 -1.81 A197Q -0.45 

5. TGALLLDGNTLNYFN(sub G)K G114N 0.66 -0.88 G166N -1.62 

6. QVD(sub S)SGSPWYGPDR S11D 0.25 -0.28 S44D -0.44 

7. LPMY(sub F)GCTDSAQVLK F75Y 0.36 -0.44 F131Y -1.44 

8. ELEA(sub V)LALSAGFDKPR  -  -  - V329A -1.03 
a Values of ΔΔG (kcal/mol)>0 mean destabilization; b Values of ΔΔG (kcal/mol) < 0 mean destabilization. 

The vast majority of single amino acid substitutions indicated a loss in protein 

stability except for only one SAS peptide for the mCSM method. Negative values of 

ΔΔG for mCSM and Mupro indicate a loss in protein stability, while positive values of 

ΔΔG for PremPS suggest protein stability loss. Significant identifications of both t-test 

and ANOVA comparisons showed a similar pattern of protein stability decrease on 
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SAS novel peptides. Detailed parameters for protein structural analyses and protein 

template selection on both t-test and ANOVA-significant novel peptides are shown in 

Supplementary Table 9. 

TABLE 2 - Protein complex stability upon single amino acid substitutions on t-test-
significant peptides. 
Peptide sequence Position PremPSa mCSMb Position MUprob 

1. IGIINVPAWYDQ(sub A)GK A129Q 0.47 -0.54 A171Q -0.68 

2. GPPPPSGGLPGTLNSDEA(sub P)R - - - P109A -1.81 

3. GLGLS(sub D)YTVISVGK - - - D163S -1.85 

4. YDGPNSTDFIW(sub E)DWVK E244W 0.47 -0.32 E294W -1.11 

5. ATPQQVQ(sub A)EYTLK A244Q 1.65 -1.81 A197Q -0.45 

6.VPIIVTGNDFSTLYQ(sub A)PLIR A234Q 1.57 -1.16 A293Q -0.98 

7.KFETLSYLPPLE(sub T)PTQLAK T22E 0.97 0.21 T80E -0.42 

8.ELEA(sub V)LALSAGFDKPR - - - V329A -1.03 

9. KPDFEAF(sub Y)IDPQK Y185F 0.09 -0.89 Y209F -0.61 

10. YDGPNSTDFIW(sub E)DWVK E244W 0.47 -0.32 E294W -1.11 
a Values of ΔΔG (kcal/mol)>0 mean destabilization; b Values of ΔΔG (kcal/mol) < 0 mean destabilization. 

For a selected protein example (Figure 8), a 3D virtual display from PremPS 

shows the non-covalent relationships between the substituted site and its neighboring 

residues, as well as the native site and its neighboring residues. A threonine (native 

form) to glutamic acid (substituted form) substitution at position 22 of 5IU0 PDB 

template resulted in a loss in some hydrogen bonds, as well as a shift from 

Hydrophobic to Van der Waals interaction. Thus, those modifications within the protein 

non-covalent bonds suggest a loss in protein stability. The non-covalent interactions 

and illustration details for the other significant SAS peptides are shown in Figure S2. 



72 
 

 
 

 

Figure 8 – Comparison of non-covalent interactions formed by a single amino acid 
substitution residue for the native and substituted protein forms in a selected example. 
Novel peptide sequence is shown above each reference PDB protein structure.  

 

3.8.  Novel peptides validation assays 
 

 Multiple reaction monitoring (MRM) assays were performed to validate the 

existence of the 24 selected novel peptides. Validation classifications adopted in the 

current research (clear (panel A), unclear (panel B), and not detected (panel C)) for 

the 24 selected novel peptides (identified by both spectral correlations and de novo 

peptide sequencing approach) are illustrated in Figure 9. The selected transitions as 

well as the visual analysis for the validation of all novel peptides are shown in Figure 

S3. Out of 24 synthetic peptides, 16 peptides have shown very clear transition 

alignments. However, six peptides (peptides numbers 1, 13, 14, 15, 21 and 23) have 

presented less clear transition alignments, as well as a less similar pattern of peak 

area proportion between biological and standard injections. Yet, only two novel 

peptides (peptides numbers 17 and 19) could not be detected. With the retention time 

calibration (40 femtomolar µL-1 of standards spiked into a biological sample pool 

injection), non-existent or very small retention time shifts can be observed among the 
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majority of novel peptides (left and center chromatograms of each peptide’s illustration) 

(Figure S3).  

 

Figure 9 - Selected examples of MRM validation analysis of novel peptides identified 
through spectral correlations and de novo peptide sequences. Chromatograms are 
separated into: left: chromatographic traces of the monitored transitions for each 
peptide from a selected biological sample; center: chromatographic traces of the 
monitored transitions from the biological sample and a spiked-in standard 
concentration of 40 femtomoles µL-1; right: chromatographic traces of the monitored 
transitions only from standard peptide at a concentration of 40 femtomolaes µL-1. Bar 
graphs represent the raw peak area proportion between all selected transitions for 
each novel peptide and each color represents the signal from individual transitions. 
Different panels A (clear), B (unclear), and C (not detected) represent a novel peptide 
example of each classification. 
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      4.   DISCUSSION 
 

4.1.  Impact of seasonality and water restriction imposition on known protein 

abundance levels 
 

 In our study, the highest proteomic variability was identified in the summer 

according to the previous PCA analysis (section 3.2), which corroborates with 

the effect of water restriction imposition during the summer that led to a large number 

of proteins exhibiting significant abundance changes (mostly down-regulated). The 

greater proteomic variability achieved in the summer could be associated with the 

higher precipitation and temperature averages (especially at night) recorded 

throughout the summer. This variability may be attributed to Eucalyptus trees being 

more physiologically active under such conditions, which contributed to a higher 

proteome variability when compared to winter and spring seasons. Higher 

physiological performance in the summer has also been reported in other C3 tree 

species such as Citrus (Ribeiro et al., 2009).  

 Lower night temperature conditions were considered the main environmental 

element limiting photosynthesis under a normal watering regime leading to 

dysfunctions in plant water status, decreased hydraulic conductance, stomatal closure, 

and low shoot hydration (Ribeiro et al., 2009). Enrichment analysis of the most 

abundant known proteins over different seasons (in both watering conditions) showed 

that most proteins were associated with the photosynthesis process. Photosynthesis 

related proteins were also the main identified class among other studies involving leaf 

proteome and water restriction in different Eucalyptus species (Correia et al., 2016; 

Martins et al., 2020). 

 The distribution of functional classification according to COG categories of 

known protein groups across different seasons followed the same distribution pattern 

regardless of water restriction imposition. Functional classifications as post-

translational modification, protein turnover, and chaperones were the main groups 

(highest number of known proteins identified) influenced by both seasonality (section 

3.3) and water restriction imposition in the summer (section 3.4). In other studies, this 

functional classification group was attributed to being mainly associated with plant 

survival and plant abiotic stress tolerance in peanuts (Xu et al., 2020), and cucumber 
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(Du et al., 2019). Interestingly, chaperones, known to play an important role in protein 

folding, assembly, translocation, and membrane stabilization, can protect plants 

against abiotic stresses by establishing normal protein conformation and cellular 

homeostasis (Wang et al., 2004). Yet, the unknown functional classification revealed 

the highest number of protein identifications throughout t-test and ANOVA-significant 

known protein groups, which implies the existence of a high number of proteins with 

yet no clear functional annotation. 

 

4.2.  Single amino acid substitution impact on protein stability 
 

Among novel peptide identifications by both spectral correlations and de novo 

peptide sequencing approach, those identified through the latter approach pointed out 

a predominant response to the effect of both seasonality and water restriction 

imposition in E. grandis leaf proteome. Only two novel peptides identified by the 

spectral correlation approach with functional annotation described as Minichromosome 

maintenance and Exostosin family protein highlighted a significant effect on biological 

conditions in the study. Those proteins are mainly related to DNA-dependent ATPases 

required for initiating eukaryotic DNA replication (Coxon et al., 1992) and cell wall 

biosynthesis (Coutinho et al., 2003), respectively. In our study, single amino acid 

substitutions suggested a response from the plant host to reduce the protein stability 

under lower water availability conditions. Therefore, Eucalyptus trees could use SAS 

as a molecular response to reduce biochemical activity of photosynthesis-related 

proteins. 

When assessing the effect of seasonality (Figure 6), the seasons with a lower 

rainfall pattern (winter and spring) showed a higher peptide abundance for most of the 

peptides with single amino acid substitutions. The highest expression rates are usually 

seen during the winter, which is the season of the year that has the lowest amount of 

rain in the experimental site located in the Northwestern region of Sao Paulo state. Its 

climate is classified as tropical sub-humid with dry winters, covering approximately 

18.7% of the state’s area (de Souza Rolim and Lucas, 2016). Only a single protein did 

not follow this trend, which was O-methyltransferase 1. This protein showed an 

increased abundance level under both the summer condition (ANOVA) and under no 
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water restriction imposition in the summer (t-test). In plants, the maintenance of DNA 

methylation relies on cytosine sequence context and is catalyzed by DNA 

methyltransferases, which are regulated by different mechanisms (Zhang et al., 2018). 

DNA methylation at the 5ʹ position of cytosine can contribute to the epigenetic 

regulation of nuclear gene expression and genome stability (Robertson, 2005). 

However, O-methyltransferases (OMTs) are a broad family of enzymes found in plants 

that methylate the oxygen atom in a range of secondary metabolites such as 

phenylpropanoids, flavonoids, and alkaloids (Lam et al. 2007). Assuming that O-

methyltransferase 1 identified here is related to the DNA methylation process, its 

reduction of protein stability could lead to alterations in gene expression (Zhang et al., 

2018). Also, another novel peptide identified in higher abundance in the winter under 

water restriction imposition belonged to the ATPase, F1 complex, gamma subunit, 

which can be found in the mitochondria or chloroplast of plants. F1, a water-soluble 

portion of ATP synthase, is the site of ATP synthesis (from ADP and inorganic 

phosphate), while protons flow through the membrane-embedded F0 portion (Yasuda 

et al., 2001).  

The majority of significant SAS identified by de novo peptide sequence (from 

both ANOVA and t-test comparisons) has consisted mainly of photosynthetic related 

proteins. Some enzymes were located in the stroma of chloroplasts (Ribulose 1,5-

bisphosphate carboxylase/oxygenase (RuBisCO, Phosphoribulokinase, and RuBisCO 

activase) playing an important role in the Calvin cycle. RuBisCO and RuBisCO 

activase have been suggested to play an essential role in the biochemical limitations 

of photosynthesis rate in different C3 species (rice, wheat) as well as C4 species 

(maize) (Perdomo et al., 2017). Assessing the proteome of Eucalyptus species (E. 

saligna and E. tereticornis), which have contrasting water stress tolerance, RuBisCO 

and RuBisCO activase (RCA) enzyme showed higher abundance in response to water 

stress in a tolerant species (E. saligna) (Martins et al., 2020). Similarly, fructose-

bisphosphate aldolase (FBA) and ATP synthase CF1 alpha subunit were identified in 

higher amounts being considered to play very important roles in increasing carbon 

fixation and increasing water stress tolerance, respectively (Martins et al., 2020). 

Important structural proteins for photosynthesis photochemical phase were 

identified in the Thylakoid membrane in photosystems I and II as light-harvesting 
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chlorophyll-proteins or photosystem reaction proteins. Likewise, fructose-

bisphosphate aldolase, an essential enzyme for glycolysis and gluconeogenesis in the 

cytoplasm and the Calvin cycle, was identified in both ANOVA and t-test comparisons. 

Additionally, a SAS peptide was identified in a ubiquitous enzyme called carbonic 

anhydrase, which can be found in chloroplasts, mitochondria, cytosol, and plasma 

membrane. This enzyme plays a significant role in plants to facilitate the diffusion of 

CO2 to the site of inorganic carbon fixation, and can participate in many physiological, 

biochemical, and structural modifications in plant metabolism (Floryszak-Wieczorek 

and Arasimowicz-Jelonek, 2017). Lastly, for the majority of SAS peptides, their native 

peptide forms were also detected under the same biological condition (mainly detected 

in higher abundance levels than the substituted form). We assume that this event could 

be associated with the presence of duplicated gene regions or genes in heterozygosity 

within E. grandis genome. 

 Water stress can affect cell structures and impair various biological functions, 

thereby resulting in the inhibition of photosynthesis, metabolic dysfunction, and 

damage to membranes and proteins (Krasensky and Jonak, 2012). The main effects 

of lack of water led to changes in the abundance of proteins involved in signal 

perception, defense, metabolism, and photosynthesis, suggesting a connection among 

those processes to avoid and/or tolerate drought (Katam et al., 2016). However, plants 

have several mechanisms that have evolved to control water status, maintain turgor 

pressure, and regulate water loss (Chai et al., 2016). The leaf proteome of two E. 

globulus species, under contrasting water-stressed conditions, revealed lower 

photosynthesis, disrupted cell growth, and alterations in gene regulation (Correia et al., 

2016). Another tree species, date palm (Phoenix dactylifera), in a study of protein 

abundance changes in leaves, showed protein plasticity as an important mechanism 

of molecular adaptation to environmental fluctuations (Ghirardo et al., 2021). 

As a result of single amino acid substitutions, some authors have described 

those events as being attributed to important functions among different organisms. A 

minor change in the amino acid composition of a protein may alter activity, shape, 

and/or function of a protein. Those alterations may lead to no impact on its functionality, 

improve its functionality, alter its function, or be deleterious (Abraham et al., 2015). In 

bacteria, a single amino acid substitution in ribosomal protein (RpsU) led to a switch 

https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/carbonic-anhydrase
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/carbonic-anhydrase
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/carbon-fixation
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/plant-metabolism
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between multiple-stress resistant and high fitness states (Koomen et al., 2021). 

Besides, more than half of monogenic diseases in humans are caused by single amino 

acid substitutions, and a common mechanism by which amino acid substitutions cause 

disease is protein stability change (Teng et al., 2010). In plants, a single amino acid 

substitution in an abscisic acid-responsive kinase (AtMPK12) drives variation in water 

use efficiency (WUE) between two natural genotypes of Arabidopsis thaliana. They 

resulted in physiological changes within the whole-plant transpiration efficiency 

reducing fitness under water-limited compared with well-watered conditions (Marais et 

al., 2014). 

The non-covalent interaction changes within protein structures were noticed by 

comparing native and substituted forms. Those alterations revealed an impact on the 

protein stability as new combinations of different interactions (hydrogen bonds, 

hydrophobic, ionic, and Van der Waals interactions) were created for SAS peptides, 

which led to a significant decrease in protein stability for nearly all cases. Such 

interaction changes can result in substantial protein structural modifications by altering 

the accumulation of hydrophobic amino acid side chains in the protein interior, changes 

in the protein-folding process, and limitations in the structural flexibility by conferring a 

uniqueness to a particular protein structure (Nelson and Cox, 2017). 

In this study, no experimental analyses were carried out to assess the actual 

result of these single amino acid substitutions in Eucalyptus plant phenotype. However, 

the overall reduction of protein stability accomplished by estimating the quantitative 

change upon unfolding Gibbs free energy showed protein stability loss, which could 

reduce protein activity levels. Thus, those novel peptides were closely associated with 

tree response to water restriction adaptation by the accumulation of less stable protein 

forms in their leaves. 

 

4.3.  Multiple reaction monitoring validation assays 
 

 Using multiple reaction monitoring (MRM) assays with synthetic peptides 

provided an additional level of identification specificity for novel peptides selected for 

validation. Other studies have successfully shown this method as a powerful tool to 
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provide both identification and quantification of analytes of interest (Freue and 

Borchers, 2012; Percy et al., 2013). 

 In this paper, MRM assays provided a very robust analytical performance 

alongside a low retention time shift between endogenous and synthetic analytes. Most 

of the synthetic peptides could be detected using the proposed validation method. 

However, some synthetic peptides presented a lower detection response since a well-

defined transition alignment was only achieved under more concentrated injections 

(peptides 2, 6, 10, 17, 18, 19, and 22 (Figure S3)). Furthermore, novel peptides 17 and 

19 were not detected in the biological samples, and this may be associated with the 

low abundance of such peptides within the biological sample. Thus, such 

concentrations were below the lower limit of detection of the mass spectrometer. 

Additionally, a high peak area intensity difference between the most intense and the 

second most intense transitions may also have imposed additional difficulties on 

identifying at least three aligned transitions for peptides 13, 14, and 21.  

 Intrinsic characteristic of each synthetic peptide may affect its specific cleavage 

sites within the amino acid sequence. Therefore, under a low peptide abundance 

scenario in the biological sample, not all of the transitions can be detected. Those 

lower-intensity transitions can be visually difficult to be defined when their abundance 

levels are similar to the background noise of the run. Likewise, due to each peptide 

fragmentation pattern, six transitions could not have been selected and monitored for 

each synthetic peptide. Also, ionic suppression (Jessome and Volver, 2006), generally 

related to the different ionization efficiency by competing peptides in the ionization 

source, could have negatively affected the identification of similar intensity transitions 

in the spiked-in sample for peptide 1. 
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5.   CONCLUSIONS 
 

The highest protein variability was achieved in the summer, and most known 

proteins were down-regulated under such conditions when water restriction was 

present. Photosynthesis-related proteins were predominant across seasons 

regardless of water restriction imposition with the highest abundance levels. 

Furthermore, water restriction imposition and drier seasons (Winter and Spring) led to 

a higher expression of less stable SAS peptides mainly related to the photosynthesis 

process. Those single amino acid substitutions could work as a plant physiological 

mechanism to cope with abiotic stresses (water). Further experimental studies on 

protein function and activity may clarify the role of each amino acid substitution within 

the plant to withstand different environmental conditions and water restrictions. 
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Figure S1 – Genomic classification of novel peptides identified by spectral correlations 
against the modified RNA databases (mapping details can be found in Supplementary 
Table 4). Mapping classification of the novel peptides was categorized as peptide 
mapped to a 5′ untranslated region (5’ UTR); peptide mapped to regions between the 
coding sequence and the neighboring 5’ UTR region (Exon boundary) (5’ UTR–EXON); 
peptide mapped to an alternative reading frame sequence within an exon region 
(EXON-ARF); peptide mapped to a 3′ untranslated region (3’ UTR), and peptide 
mapped to a novel coding locus (NCL). 
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Figure S2 - Comparison of non-covalent interactions formed by a single amino acid 
substitution residue for the native and substituted protein forms. Novel peptide 
sequences are shown above each reference PDB protein structure. 
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Figure S3- MRM validation analysis of 24 novel peptides identified through spectral 
correlations and de novo peptide sequences. Chromatograms are divided into: left: 
chromatographic traces of the monitored transitions for each peptide from a selected 
biological sample; center: chromatographic traces of the monitored transitions from the 
biological sample and a spiked-in standard concentration of 40 femtomolar µL-1; right: 
chromatographic traces of the monitored transitions from the standard peptide at a 
concentration of 40 femtomolar µL-1. Bar graphs represent the peak area proportion 
between all selected transitions for each novel peptide. 1,2,3,4 represent the following 
standard concentrations 0.064, 0.32, 1.6, and 8 femtomoles µL-1, respectively. Such 
concentrations were considered as the lower limit of detection for each synthetic 
peptide. They were determined based on a visual analysis of each peptide’s transitions 
seeking for the identification of a clear alignment between all transitions for each 
standard peptide.  
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Figure S4 - Linear range response for each synthetic peptide defined by 7 
concentrations at 1:4 dilution ratios (0.064 femtomoles µL-1 to 1 picomoles µL-1). Three 
technical replicates were acquired at each concentration for each peptide. Linear 
regressions through zero were fit into each synthetic peptide.  X (analyte 
concentration) and Y (peak area) axes were log transformed. 
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APPENDIX - Supplementary Tables  
 

All supplementary tables can be downloaded upon email request to the following 

email: gabriellemes_13@hotmail.com or tiago.balbuena@unesp.br 

Supplementary Table 1 - Accession number correspondence of novel 

identifications achieved by spectral correlations according to the Eucalyptus grandis 

BRASUZ1 genome annotation v2.0. 

Supplementary Table 2 - List of all known proteins identified by LC-MS/MS in 

Eucalyptus grandis leaf samples, quantitative values, and summary of statistical 

analyses. 

Supplementary Table 3 - List of all novel peptides identified by both spectral 

correlations and de novo peptide sequence in Eucalyptus grandis leaf samples, 

quantitative values, and summary of statistical analyses. 

Supplementary Table 4 - Mapping assignment data used for novel peptides 

achieved by spectral correlations against E. grandis genome (Egrandis1_0 reference 

Annotation Release 101). 

Supplementary Table 5 - Terms enriched by Fisher's exact test of E. grandis 

most abundant proteins over different seasons with and without water restriction 

imposition. 

Supplementary Table 6 - List of differentially abundant known proteins in E. 

grandis leaf samples accomplished by pairwise comparisons (LFQ intensities of water-

restricted over non-water-restricted values) of each season. 

Supplementary Table 7 - Detailed description of differentially abundant novel 

peptides based on ANOVA analysis of E. grandis leaf samples under no water 

restriction treatment.   

Supplementary Table 8 - Detailed description of differentially abundant novel 

peptides based on quantitative pairwise comparisons of water-restricted against non-

water-restricted E. grandis leaf samples for each season. 
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Supplementary Table 9 - Evaluated parameters for protein structural analyses 

and protein template selection on t-test and ANOVA-significant peptides. 

Supplementary Table 10 - Selected novel peptides for MRM targeted assays 

and previous results of DDA injections. 

Supplementary Table 11 – Final acquisition method for MRM targeted assays.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 




