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Abstract

:

Plant proteins that are secreted without a classical signal peptide leader sequence are termed leaderless secretory proteins (LSPs) and are implicated in both plant development and (a)biotic stress responses. In plant proteomics experimental workflows, identification of LSPs is hindered by the possibility of contamination from other subcellar compartments upon purification of the secretome. Applying machine learning algorithms to predict LSPs in plants is also challenging due to the rarity of experimentally validated examples for training purposes. This work attempts to address this issue by establishing criteria for identifying potential plant LSPs based on experimental observations and training random forest classifiers on the putative datasets. The resultant plant protein database LSPDB and bioinformatic prediction tools LSPpred and SPLpred are available at lsppred.lspdb.org. The LSPpred and SPLpred modules are internally validated on the training dataset, with false positives controlled at 5%, and are also able to classify the limited number of established plant LSPs (SPLpred (3/4, LSPpred 4/4). Until such time as a larger set of bona fide (independently experimentally validated) LSPs is established using imaging technologies (light/fluorescence/electron microscopy) to confirm sub-cellular location, these tools represent a bridging method for predicting and identifying plant putative LSPs for subsequent experimental validation.
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1. Introduction


Secretory proteins typically contain an N-terminal signal peptide (SP), a short region of amino acids with a defined hydrophobic motif [1]. This ‘leader’ sequence is recognised and facilitates the co-translation of the protein into the endoplasmic reticulum (ER) by bound ribosomes (rough ER). This marks the start of the classical/conventional secretory protein (CSP) pathway through the ER, Golgi apparatus (GA), to the cell surface (either the plasma membrane (PM) and/or the extracellular space (apoplast/cell wall)), with specific motifs (generally within the protein sequence) acting as “post codes” for retention in a particular sub-cellular compartment; in the absence of a “post code”, secretion of the (glyco)protein defaults to the PM/cell surface. However, an understanding of alternative methods for protein secretion that deviate from the conventional secretory pathway is emerging.



Any deviation from the CSP is defined as unconventional, a term that encompasses several possible mechanisms for secretory trafficking. Primarily, it is deviation from the conventional protein secretion pathway that has given rise to the names of these alternate routes—non-classical, non-conventional, unconventional, and leaderless. Leaderless, in this case, refers to proteins without an SP, called leaderless secretory proteins (LSPs), and the broader process they undergo is unconventional protein secretion (UPS). This broad definition allows for other forms of UPS that have been shown to still involve either an SP or TMD sequence, for example, when proteins enter the ER via the classical mechanism but bypass the Golgi or trans Golgi network (TGN) in their journey to the apoplast [2].



Eukaryotic UPS is best understood in mammals and yeast [3,4], and although examples of UPS are known from Drosophila melanogaster and Leishmania major [5] they are, in general, poorly understood in plants. The proposed UPS pathways derived from these studies have been reviewed [6,7,8], although, in most cases, the molecular mechanisms are still poorly understood [9]. Currently, the defined categories are: Type I, pore-mediated secretion across the PM; Type II, ABC transporter-based secretion; Type III, autophagy or organelle related; and Type IV, Golgi bypass (not necessarily LSPs). Recent work on extracellular vesicles (EVs) has labelled this avenue of protein secretion as a UPS pathway for LSPs [9], and though similar to Type III, suggested it should be defined as a distinct pathway. In plants, the UPS contents of EVs have been suggested to be due to these autophagy- or organelle-related pathways but define the creation of EVs as a distinct step [7]. Another UPS review, focussed on mechanisms of human diseases [10], reduced the Type I-IV classification system to three pathways: leaderless non-vesicular UPS (combining Type I and Type II from [6], leaderless vesicular UPS, and the Golgi bypass route (Type IV). These broad categories match pathways proposed in plant-specific reviews [7,11], except for unconventional vacuole delivery, which could be considered another form of UPS.



Exemplar proteins exist, mostly in mammals and yeast, for each of the four pathways. While there are constitutively expressed LSPs (e.g., human fibroblast growth factor 2 (FGF2) [5], stress conditions (disease and/or environmental) are thought to largely contribute to UPS. For example, in mammalian systems, stress such as inflammation leads to leaderless secretion of interleukin 1(IL-1  β ), transglutaminase 2 (TG2), and thioredoxin (THX) [6] through pores (Type I). In the human immuno-deficiency virus (HIV), the transactivator of transcription (TAT) protein is also proposed to constitutively make pores for UPS [5] in order to avoid modifications that would occur in the GA, such as glycosylation.



UPS is a well-established phenomenon in bacteria, although often different classification systems are used, and the various non-SP-mediated secretion pathways are not always referred to as unconventional [12]. Early work defined bacterial UPS as secretion that did not follow either conventional Sec or Tat (twin-arginine translocation) secretion [13]. However, there are now at least 12 categories of secretion defined in bacteria [14]. Since these do not involve membrane-bound organelles, they are most similar to Type I UPS mechanisms in eukaryotes. A recent study re-evaluated non-classical secretion systems and led to the development of a new prediction tool for UPS in Gram-positive bacteria, PeNGaRoo [15].



Despite the focus on mammalian and yeast UPS, there is growing evidence and interest in plant LSPs and UPS [16]. UPS in plants is thought to be maintained as both an alternative pathway for constitutive secretion as well as for responding to stress and microbial symbiosis [2,3,7,16,17,18]. Distinguishing between CSP and contamination is difficult in plant apoplast/secretome studies. Up to 50% of proteins found in the plant cell wall/apoplast secretomes through sub-cellular fractionation studies lack an SP [19,20]. All these proteins are unlikely to be LSPs as the levels of intracellular contamination are generally quite high using these experimental approaches. Bioinformatic prediction tools can potentially assist by identifying putative LSPs.



Prediction of putative LSPs is most commonly performed using SecretomeP [21] but as it has not been trained on plant data, we and others have shown that its predictive capacity of plant protein secretion is extremely poor [12,22]. The hypothesis underlying SecretomeP is indirect; it uses purported common features between CSPs and LSPs by training on CSPs with their SP removed. A more direct computational approach would be to train the program on the features of LSPs directly, but this is problematic for plants as there are very few experimentally verified LSPs. Mannitol dehydrogenase (MDH) in celery (Apium graveolens) is amongst the few plant proteins generally accepted to undergo UPS [16,23], as it was found to be secreted after the application of salicylic acid, which simulated a response to pathogens, and its secretion is not inhibited by brefeldin A, a chemical that disrupts conventional, Golgi-dependent trafficking.



The multivesicular body (MVB) pathway (Type III) is implicated in the secretion of the best characterized plant LSP, Helja [24,25] from sunflower (Helianthus annuus). Another Type III or vesicular UPS-mediated protein is S-adenosylmethionine synthetase (SAMS2, AT4G01850), an LSP shown to co-locate with the exocyst-positive organelle (EXPO) using an SAMS2-GFP construct in Arabidopsis thaliana [26]. The extracellular functions of the EXPO-mediated secretory proteins are not yet clear. Adding to these three plant candidates is the bacterial hygromycin B phosphotransferase (HYGR), which inactivates hygromycin B. Despite it being an antibiotic resistance protein from Escherichia coli, it has been included in plant UPS reviews [3,16]. UPS has been demonstrated for heterologously expressed HYGR in transgenic Arabidopsis and Nicotiana benthamiana plants, whereby the extracellular localisation of an HYG-GFP fusion construct (lacking an SP) was used to infer leaderless secretion [27,28]. The inclusion of HYGR from E. coli in the plant LSP literature is questionable, and similarly, whether to consider it as an example of plant leaderless secretion for this work needs consideration. Creating a new prediction tool to replace SecretomeP would typically require many more ‘true positive’ proteins to train a classifier than these few examples, including ones with convincing experimental evidence.



To break this impasse, the work presented here seeks to build a classifier by curating sets of putative plant LSPs, based on the features of proteins observed in proteomic studies of the plant cell surface (PM/cell wall). Probable plant LSPs are identified using defined criteria based on a combination of secretory features and observations in selected proteome experiments (Figure 1). Proteins from Arabidopsis were used as the source for these observations due to the large number of proteomic resources and rich genomic/proteomic annotation of this model plant. The entire Arabidopsis proteome was then categorised into an LSP database (LSPDB) based on each protein isoform’s secretory features and whether the proteins have been experimentally observed in secretomes. Features of these observations were used to create a rule-based approach to identify likely LSPs in LSPDB. The LSPDB data were then used to build a random forest classifier, called LSPpred, of likely LSPs against expected non-secreted proteins. Additionally, the observed CSPs in LSPDB were used to replicate the SecretomeP common feature hypothesis in a plant-specific setting, using the same random forest model, to create a sub-module of LSPpred called SPLpred. Internal validation of the tools estimated a false-positive rate of less than 0.05, and application to the limited set of generally accepted plant LSPs yielded promising results. The results of either LSPpred or SPLpred modules can be used to filter and prioritise potential LSPs. Ultimately, this tool should be superseded by computational approaches based on the features of bona fide LSPs that have been experimentally validated using imaging (light/fluorescence/electron microscopy) approaches to verify their sub-cellular location with protein-specific antibodies and/or heterologously expressed tagged proteins.




2. Methods


2.1. Generation of a Leaderless Secretory Protein Database (LSPDB)


Curated training data for LSP classifiers was drawn from a custom Leaderless Secretory Protein Database (Figure 1). Briefly, relevant secretory features were predicted for the entire Arabidopsis proteome and protein isoforms labelled if they contained (or lacked) classical secretory features, such as a signal peptide (SP), for entry into the conventional secretory pathway [29], transmembrane domains (TMDs), and GPI anchors (GPI) for embedding or attachment, respectively, to the PM. These predictions were used to capture all relevant features typical of secretion in a high-throughput manner, irrespective of existing annotations. These labels were then combined with observations from relevant proteomic literature and four categories specified. This included observed classically secreted proteins (SECs), classically secreted proteins not observed (SPT/SP_THEORY), proteins observed that lack secretory features (UNCLASSIFIED), and the majority of proteins that are unobserved and lack secretory features (NONSEC). Proteins with the UNCLASSIFIED label are candidates for LSPs, and the similarity of these proteins to the other categories was used to create a set of tiers and scoring criteria for training data for a classifier (Figure 2). This stratified the UNCLASSIFIED proteins into high-, medium-, and low-confidence LSPs under each of three criteria: network interactions, GO terms, and PFAM domains. The combination of these individual confidence scores was then used to assign an overall high, medium, or low LSP score for the UNCLASSIFIED data (Table 1). See Supplementary Methods for further details.




2.2. Input Data for Classifiers


The LSPDB classifications were used to build random forest classifier modules for LSP prediction. Each module uses different LSPDB data and a different approach to tackle the problem of LSP prediction in plants (Figure 3). These approaches led to different combinations of the LSPDB data being selected as positive and/or negative data (Figure 3A). The choice of input data can also guide the mode of operation of the predictors, so multiple versions of each module were generated. The LSPpred module uses putative LSPs in the UNCLASSIFIED high and medium category as positive training data, against both the classically (SEC) and non-secreted (NONSEC) data to use features unique to the putative LSPs as the basis for prediction. Low-confidence and the remaining UNCLASSIFIED proteins are reserved as evaluation data and were not included in the training. Two versions of the classifier were compared (version 1, with only NONSEC data as the negative, and version 2, with SEC and SPT proteins as additional negative training data (LSPpred1 and LSPpred2, respectively; Supplementary Figure S3)). The second module, SPLpred, mimics the SecretomeP hypothesis with a signal peptide removed from CSPs, and these positive modified data are trained against NONSEC proteins as negative data (Figure 3). It should be emphasised that these data are from Arabidopsis, as opposed to the human data in the eukaryotic version of SecretomeP. Four versions of this classifier were constructed (Supplementary Figure S1): version 1 with SP removed from the positive data (SPLpred1); version 2 removed either the SP or amino acids of average SP length from the positive and negative data as appropriate (SPLpred2); version 3 removed SP from positive data with the translation-initiating methionine residue restored (SPLpred3); and version 4 used duplicated SP removed and intact versions of these data (SPLpred4). The modifications were performed using text operation on protein sequences, removing either the annotated SP regions or an equivalent length equal to the average of observed SP in cases where negative data were modified. In cases where a leading methionine residue was restored, this was added back to the protein after the removal of the SP. The schematic of these modifications is shown in Supplementary Figure S1, with dotted lines representing the modification areas of the sequences.



For each prediction module, the relevant proteins from the LSPDB gene classes were extracted in FASTA format. Given the possible “one to many” relationships between genes and proteins, initially, all proteins from a classified gene were selected. Several ribosomal LSPs in the medium confidence lists were excluded, as, on inspection, a single protein–protein interaction (PPI) led to a ribosomal complex being included. To avoid a bias and over-reliance on similar sequences (either from the same gene or gene family), CD-hit (version 4.6.8) [30] was used to select protein sequences with up to 40% maximum identity in each class. This is similar to the SecretomeP division into non-similar sets with approx. 26% identity between them for cross-validation. A threshold of 40% was selected to balance basing the predictions on independent data with the limited original data size. The sequence similarity measure ensures the datasets are dissimilar and prevents accuracy from one motif overly influencing the data. After similarity selection, the inputs of each class were reduced to 322 SEC, 1178 UNCLASSIFIED, 1439 SPT, and 10,523 NONSEC proteins. These selected proteins were, henceforth, used as representative for their class. Creating numerical representations of features of the training sequences was performed using the ProFET [31] suite of tools. An initial set of 203 categories, with a total of 1170 scaled features, was derived for the inputs. These categories include properties of sequence length, weight, isoelectric point, grand average of hydropathy (GRAVY, calculated as sum of amino acid hydropathy values divided by length), amino acid compositions, composition based on compressed amino acid alphabets that replace related amino acids with a single value, possible sites of PTMs, autocorrelation, as well as scaled and transformed features.




2.3. Training Random Forest Models on Unbalanced Data


Though the positive and negative data were defined separately for the LSPpred and SPLpred approaches, they share the common goal to classify LSPs. Both also use the same large number of initial protein feature representations (ProFET), without prior knowledge of which features are biologically relevant. Both also include the NONSEC data as a negative dataset, which includes the majority of proteins in the LSPDB and ensures that the data are unbalanced; there are many more negative examples than positive. There are many machine learning models for classification that have been applied to bioinformatics, including support vector machines, neural networks, and random forests [32]. Decision trees consist of cascading nodes of tests that lead to classifications, with each node based on the input features. A useful property of random forests for LSPs is that the features can be measured by their Gini importance (or simply importance) to the trees and could be used to infer biological meaning and suggestions for future experimental work. Another key consideration is the source of input data. For LSPpred, the LSP data are selected from the LSPDB, which is based on experimental observation and protein features, rather than from a large set of experimentally validated LSPs. Therefore, a general-purpose machine learning model, such as random forests, is appropriate to explore predicting in this space over more complicated methods.



The random forests were created using the Python scikit learn implementation (v0.19 [33]). However, random forests generalise poorly when trained on unbalanced data. To overcome this limitation, the imbalanced learning extension Balanced Random Forest Classifier (BRF) [34] was used. The input data for each version of SPLpred/LSPpred were split into training and test sets (75% train, 25% test), with stratification to ensure that the relative proportion of positives and negatives was maintained between the training and test data. The BRF set was then trained using 5-fold cross-validation to estimate the accuracy.




2.4. Metrics for Preferred Classifier Model Selection


Aiming for the convention of a false-positive rate (FPR) of 0.05, from the cross-validated receiver operator curve (ROC), we estimate a prediction threshold by taking the mean of the 5 thresholds that do not exceed 0.05 FPR across the folds. We can also estimate the true-positive rate (TPR) at this threshold by taking the mean TPR at the same thresholds. Cross-validation also identified the most important features, and for each predictor, these were ranked and the upper quartile selected. The entire dataset was then trained using the BRF model on the reduced set of features. The cross-validated threshold is then used to calculate the accuracy of the complete model on the excluded test data by making a positive prediction for any value exceeding it. A lower confidence classification, untethered to a desired FPR, can also be taken by using a cut-off of 0.5 as the threshold.



Given the class imbalance with fewer positive data points in each version of the predictors, the balanced accuracy, defined as the average of the accuracy of positive and negative data, was used on the test data. Using this metric to compare the versions ensures that performance on scarce positive data is equally weighted with being able to correctly identify true negatives. To estimate bias in the modified predictors of SPLpred, each trained model was then applied to two versions of the SPT dataset, with and without the SP removed. The kernel density estimation (KDE) plot of both prediction distributions was used, and the mean difference in prediction scores for each protein, with and without SP, was calculated. A similar test was performed using any modified or unmodified versions of the training data; for example, if SP-removed data were used as training input, then scores on full-length versions of the sequences were used as a comparison. Since these data have been seen by the model, any deviation would be an indication of bias due to input modifications. These bias and accuracy metrics were used to compare between the alternative designs of the prediction tools and select a preferred candidate for both LSPpred and SPLpred.





3. Results


3.1. Performance and Relevant Features of the Preferred LSPpred Model


The performance metrics for each of the models are shown in Table 2. Superficially, the area under the ROC (AUROC) and the balanced accuracy results on test data can be used to select the best LSPpred and SPLpred model, respectively. SPLpred, however, is designed for SP protein-specific features using modified SP data, and the conclusions from our previous work [22] support using bias estimates when comparing the predictors. Usefully, neither version of LSPpred used modified proteins for input data, and the bias estimates are expected to be minor. Calculating the difference in prediction scores of modified and unmodified datasets results in a mean difference of 0.03 to 0.05 for all sets (Supplementary Figure S3), which will affect the prediction outcome only in edge cases where the prediction score is within ±0.05 of the thresholds and could cross the boundary from positive to negative prediction or vice versa. Given the lack of modification in training data, these results serve as a baseline guide for differences in predictors; that is, without any modification, there are still some observed differences that could arise from some protein features occurring in the N-terminal region of the protein, and these differences can be compared to predictors that do specifically include modified data. Notably, for LSPpred2, each of the SP, SPT, and NONSEC proteins were included in the training data. The two LSPpred versions have similar AUROC and are highly correlated (Pearson’s r = 0.878); however, LSPpred2 in training has observed a variety of data (i.e., inclusive of SP and SPT proteins) and is, therefore, trained to differentiate between LSPs and both NONSEC- and SP-containing proteins. Given this added complexity without loss of accuracy, it is the favoured version, since the unknown inbuilt features of the model were trained in the context of proteins, with SP as negative data. The aim is that the tool does not recognise common aspects of CSPs as a signal for LSPs, which is a more appropriate assumption for the SPLpred models. Therefore, LSPpred2 was selected as the preferred version of the model.



Using the AUROC and test results alone, a superficial conclusion would be that SPLpred1 is the most accurate. Reminiscent of our earlier study [22], the accuracy of SPT proteins has a noticeable shift to lower scores for some proteins (Supplementary Figure S2). Furthermore, the accuracy in the negative training data (which was unmodified) shifts to higher scores when modified. Since this modification will resemble the cleaved SP training data, the suspiciously high accuracy of SPLpred1 seems to be driven by the modifications and the absence of the SP (and, therefore, the translation-initiating methionine residue) is recognised as a feature of secretory proteins. The mean score difference for all sets is also between 3- and 10-times greater than the LSPpred baselines, and so the modifications in SPLpred1 systematically bias the results. SPLpred2 was designed to overcome bias by modifying both the positive and negative data, removing the SP from the positive data and a sequence of average SP length from the start of negative data sequences. Importantly, the bias shift reduced with the mean difference between scores 0.1 (SP), 0.05 (SPT), and 0.06 (NONSEC) (Supplementary Figure S1), which is lower compared to SPLpred1. Tempering the modifications by changing both positive and negative data does reduce the bias, at the cost of modifying more data. LSPpred3, which restores the translation-initiating methionine residue to the positive data, only has an AUROC of 0.90 ± 0.05 (Table 1, Figure 3), which is comparable with LSPpred2. The test data results have a balanced accuracy of 0.82 (35/43) and 0.76 (24/43) when using the threshold (Table 1, Figure 3), which are also broadly similar. The bias distribution is also similar, and, on average, the difference in score is lower than for SPLpred2, with 0.07 (SP), 0.04 (SPT), and 0.04 (NONSEC) (Figure 3). SPLpred4 utilised another approach, doubling the training data with modified and unmodified versions of positive and negative data. Though the accuracy is reasonably high, the bias estimates are the second highest after version 1, with average differences between modified and unmodified scores of 0.15 (SP), 0.06 (SPT), and 0.1 (NONSEC) (Supplementary Figure S1). Although there is similar accuracy between SPLpred2 and SPLpred3, the bias differences are the lowest of the set and comparable with those of LSPpred2, a tool not reliant on modifications. SPLpred3 was, therefore, selected as the preferred version of the model.



These two preferred models, SPLpred2 and SPLpred3, will now be referred to as LSPpred* and SPLpred*, respectively. For each model, we set two modes of operation: high confidence and low confidence. In the high-confidence mode, the threshold (LSPpred*: 0.68, SPLpred*: 0.70) estimated to control the FPR to around 0.05 is used for a positive prediction. Any prediction score either equal to or exceeding the threshold is taken as a positive prediction for secretion. In low-confidence mode, a majority prediction of 0.5 or more indicates that the model preferentially identifies them as LSPs, yet the FPR is expected to be higher in such cases.




3.2. Testing on Plant LSPs


The lack of well-characterised plant LSPs has motivated approaches to use either proxy data (such as CSPs) or putative data (such as the LSPDB confidence lists). The cross-validated accuracy scores control for FPR at 5% and test estimates provide some measure of the performance of LSPpred and SPLpred but are not a substitute for independent data. With the caveats that there are too few examples to be statistically confident, we can apply these tools to the best LSP candidates in plants. Importantly, these limited data are independent of the training data in these tools. Two of the candidates (MDH (celery); Helja (sunflower)) are not from Arabidopsis, and HYGR is from E. coli. SAMS2 in Arabidopsis is in the low-confidence list and, therefore, is unseen by both LSPpred and SPLpred and somewhat independent.



We can apply LSPpred* and SPLpred* to these four protein sequences, along with other relevant tools for comparison (Table 3). Amongst the LSP prediction programs published, SRTpred [35] is one of the few still available online and functioning, along with SecretomeP. The tools compared are predictors for LSPs (LSPpred*, SPLpred*, SRTpred and SecretomeP), general sub-cellular localisation (DeepLoc [36]), and apoplastic proteins from either a plant or pathogen source (ApoplastP [37] and EffectorP [38]). Recent UPS-specific programs, such as OutCyte [39] and ExoPred [40], were also included. LSPpred* predicts all four proteins to be LSPs (Table 3). SPLpred*, in high-confidence mode, predicts 50%, noting that with the addition of the low-confidence mode, this increases to 75%. Notably, SecretomeP does not perform well on these proteins. Interestingly, Helja is predicted to be an LSP by both ApoplastP and SRTpred, noting that for ApoplastP, in particular, a plant effector model was used to train the program, independent of SP. It is, therefore, more likely to identify pathogen-related LSPs. DeepLoc is a general tool and gives scores for multiple locations. None of the four proteins were predicted to be apoplastic, and the individual extracellular prediction scores were all low.



Predicting all four plant LSPs by LSPpred* is a promising outcome, yet it is based on too few samples for rigorous assessment of the value of this tool. Since the underlying model is based on putative LSPs, CSPs are not an appropriate proxy for testing its accuracy. Ultimately, increasing the numbers of verified plant LSPs from species other than Arabidopsis will be required to evaluate the accuracy and false-positive rate. However, the ability to predict these independent test data combined with the internal cross-validated TPR of 35% with an FPR at 5% indicates that LSPpred* can identify some plant LSPs with acceptable estimates of error. Furthermore, since HYGR is not a plant LSP, this protein highlights that the use of LSPs from other systems could shape future experimental designs, testing which LSPs maintain unconventional secretion between organisms, and possibly revealing common secretion mechanisms. It is also another independent test, with evidence for protein secretion in Arabidopsis yet independent of the Arabidopsis proteome and, therefore, separate from the data used to create LSPpred*.




3.3. An Independent Test of LSPpred and SPLpred Using Experimental Data


Due to the small number of verified plant LSPs, we also sought an independent experimental dataset to demonstrate the use of SPLpred and LSPpred modules. As described in previous work, the proteome of the xylem sap of tomatoes exposed to excess manganese (Mn) was used to investigate the effects of Mn toxicity [41]. Proteins both with and without an N-terminal SP were observed in the xylem sap and assigning them as being secreted either conventionally or unconventionally, or because of contamination from adjacent tissue, was essential. The abundance of 668 candidate proteins across six replicate studies was used to identify 322 proteins with statistically significant differences (≥50% decrease or ≥2-fold increase in abundance, p < 0.05). In the study, 81 decreasing and 55 increasing CSPs were observed [41]. The remaining significant differentially abundant proteins were analysed using both SecretomeP and an in-progress version of the LSPpred/SPLpred suite of tools to form a union of candidate UPS proteins. Proteins predicted by either LSPpred or SPLpred were labelled UPS and proteins predicted by only SecretomeP as LSPs were labelled as suggested unconventional secretory proteins (sUPSs). Proteins not predicted by any tool were termed likely not-secretory (Lns). Notably, the low-confidence modes of LSPpred/SPLpred were not included in this work and so we revisit this analysis with the final versions of these tools in order to observe their use in an independent test and consider the consequences of using LSPpred and SPLpred in place of SecretomeP, rather than in addition.



Applying the low-confidence modules largely reclassifies sUPS proteins into other categories. Using the low-confidence modes of SPLpred/LSPpred instead of SecretomeP retains 29 of the 37 sUPS proteins previously predicted via only SecretomeP. These 29 are obtained from low-confidence modes of LSPpred (9), SPLpred (3), or both (17) (Figure 4A). The number of proteins without any prediction under the previous strategy is reduced from 44 to 9 due to 35 new low-confidence predictions, 16 from LSPpred, 9 from SPLpred, and 10 from both. Manual adjustments in previous work were made to six predicted sUPS proteins, reclassifying them as Lns [41]. Using the low-confidence cut-off, five are retained as putative UPS proteins. The classification of nine Lns proteins was unchanged. A strategy of replacing SecretomeP with the low-confidence SPLpred and LSPpred modules, therefore, resulted in a net increase from 127 UPS/sUPS to 159 differentially abundant proteins predicted to be UPS proteins. The functional categories of these proteins using the updated classifications are shown in Supplementary Table S2. Proteins no longer considered UPS include one increased abundance protein, Alanine aminotransferase 2, and seven decreasing in abundance consisting of two ribosomal proteins, a photosynthesis protein initially reclassified as Lns, a ferredoxin-thioredoxin reductase, a hop-interacting protein, an ATPase subunit, and a remorin annotated as a protein of unknown function. The additional 35 UPS proteins consist of 9 with increased abundance and 26 with decreased abundance. Notably, four of the nine additional proteins with increased abundance are related to glutathione metabolism, indicating that the expanded LSPpred/SPLpred tools can recognise these proteins related to antioxidant processes. The overlap between proteomes of the xylem and root of tomato under excess Mn was also included, and Major allergen d 1 (Solyc09g091000.3.1) identified as greatly increased in abundance in both studies and a candidate for further work, though it was categorised as Lns in the previous analysis. As one of the more significant proteomic results (Figure 4B, circled), its reclassification as UPS using SPLpred/LSPpred suggests these new tools may be valuable in identifying additional plant LSPs.



Other independent datasets that can be used to explore the effect of LSPpred are experiments involving known LSPs. For example, in a recent publication, a recombinant form of celery MDH was used to capture interacting proteins when its unconventional secretion was induced by salicylic acid treatment [42]. The authors identified 55 Tier 1 proteins that were present in a high number of replicates post-induction. Using both modules, 46 and 28 of 55 Tier 1 proteins were predicted by either SPLpred or LSPpred in low- and high-confidence modes, respectively. For the 78 Tier 2 proteins that appeared in fewer replicates, 59 and 24 were found in low- and high-confidence sets from either tool. Whilst these proteins are MDH-related, it is unclear if all of them are also unconventionally secreted or are part of the mechanism by which MDH is secreted. In either case, application of SPLpred/LSPpred may detect additional UPS-related proteins that can be prioritised in future protein localisation studies for verification purposes and to learn more about the mechanisms of UPS.





4. Discussion


4.1. Evaluation and Limitations


Evaluating LSP prediction methods, like developing the methods themselves, is challenging without experimentally verified plant LSPs. The prediction tools described in this study are the outcome of research exploring the methodology of protein secretion prediction. Despite the limitation of only a few plant LSPs currently being known, several points can be made by considering the qualities and design of these predictors. Firstly, the LSPDB and both prediction tools did not rely on the limited specific examples of plant LSPs. Instead, the work was built on methods to identify LSPs by their relationship to secretory proteins, either sharing protein features or through protein–protein interactions. Despite the small number of bona fide LSPs, the results in Table 3 reassuringly indicate that these independent methods were able to predict all three known plant LSPs.



In practise, the SPLpred and LSPpred modules are accurate according to the bounds of the training approaches used to build them and each attempt to control for false positives to identify putative LSPs. Each tool also offers distinct hypotheses that emulate the biological context of candidate proteins. SPLpred is based on finding proteins with similarity to known extracellular proteins, under the theory that these similarities imply similar ‘suitability’ to the extracellular environment. In contrast, LSPpred does not directly assume this, allowing LSPs to differ from CSPs, whereby they typically inhabit a different subcellular environment, which may be relevant for moonlighting or stress-related secretion that occurs under specific conditions.



The criteria for selecting the LSPDB outputs are also limited. The confidence criteria for the GO terms and PFAM domains were determined on either exclusivity or majority rather than statistical enrichment in those classes. The possibility that the NONSEC group may contain unobserved LSPs, as well as the uneven PFAM distributions and hierarchy GO terms in those classes, led to these simplified criteria. Evaluating the PPI network by establishing the cut-off for SEC interactions amongst SEC proteins determined the network criteria. The absence of PPI in many proteins, however, may mean that since the threshold is not sufficient to identify all SEC proteins, it is expected to also be limited when applied to the other classes. Applying a similar statistical framework to GO terms, using PPI and PFAM domains to compare ‘baselines’ of CSPs to LSP candidates is an avenue for future iterations of database criteria establishment.



Lack of ‘gold standard’ plant LSP data is the biggest issue for predicting LSPs, as exemplified by this study. Modifying training data to compensate for missing data is a double-edged sword. We have shown its danger when applied without testing for bias. SPLpred tempers bias through training data selection; however, data imbalance is also an issue for machine learning tools. In this case, training data were mostly NONSEC proteins. LSPpred and SPLpred compensate for this imbalance, but there are trade-offs. The lack of positive examples led to the use of aggregated data—data pooled from cell wall proteomes of different tissues, such as cell suspension cultures, roots, apoplastic fluid, etc.—at the cost of tissue specificity.



Despite their limitations, the application of the high- and low-confidence versions of the LSPpred/SPLpred modules to the tomato differential protein abundance dataset [41] does provide insight into the use of the tools in practice. The large degree of concordance between the tools’ predictions and proteins with observed biological change, as well as similar overlap with the results of the still widely used SecretomeP, shows that these plant-trained tools can be used in place of SecretomeP in bioinformatics workflows of plant secretome experiments. The use of computational predictions alone in the discovery of new LSPs will produce many false positives, especially in low-confidence mode. However, coupled with empirical evidence of biological change in response to stimulus or genetic difference, predictions can be a useful guide to prioritise candidate proteins for experimental follow-up.



Notably, though, there is an underlying assumption that LSPs are able to be predicted. Since UPS has several suggested pathways in plants, there may be sequence motifs or other features that are specific to each pathway and, ultimately, a single prediction model may not be appropriate. Pathways may also differ in terms of either active or passive selection of proteins. For example, the uptake of proteins (and small RNAs [17]) into MVBs could contribute to the ‘contaminants’ observed. The approach in this work, however, has been to utilise observed data and to ignore whether the LSP mechanisms are passive or active. With the verification of more candidate LSPs in the future, motifs or mechanisms may be identified, which could allow LSP candidates to be differentiated as passive or active. This would also permit the true positive data associated with a pathway to be collated and used individually for LSP classification rather than in a combined manner that the lack of ’gold standard’ data necessitated in this work.




4.2. Insights into Feature Importance


Random forests were chosen as the machine learning model to ensure that some insight into how the models perform was available. Despite the caveats on evaluating the tools, the common and unique features they use to infer their predictions are of interest. The features of importance can be viewed for each prediction tool, and the top 20 features for both LSPpred and SPLpred are shown in Supplementary Figure S4. In total, LSPpred2 and SPLpred3 have 301 and 289 features, respectively, of which 99 are common to both. The Gini importance sums to 1, and the top ranked in each contributes the most to prediction. For each predictor, the features with the highest Gini importance scores are still quite low. “Secondary Structure Transitions 23” contributed 3.3% in SPLpred and “G entropy” 1.5% to LSPpred, respectively. For each predictor, the remaining Gini importance (96.7%, 98.5%) comes from a long tail of other features, suggesting that the models are based on the combination of many protein elements.



Two observations from the highest-ranking features can be made. Firstly, a notable difference between SPLpred and LSPpred is the presence of particular amino acid features in LSPpred, including glycine (G) entropy as the most important and the frequency of G, is also amongst the most important (Supplementary Figure S4). In the ProFET implementation, entropy is calculated in the information theory sense, related to the frequency and probability of observing an amino acid in a sequence. Amino acid features using compressed alphabets are also present in the top 20 features of LSPpred versions, including both asparagine and glycine entropy. Secondly, whilst both predictors contain features of windowed scores based on scaled amino acid properties, SPLpred alone contains in its top features those related to the summarised composition, transitions, and distribution (CTD) syntax [43] of reduced alphabets. The most highly ranked CTD-encoded alphabets represent protein properties, such as polarity, polarizability, charge, solvent accessibility, and secondary structure. The most relevant features for SPLpred are all related to the physical properties of amino acids and relate to secondary structure, which could suggest those structures preferred by secreted proteins are being recognised.



For LSPpred, the inclusion of simple amino acid frequency and entropy-based features of asparagine and glycine residues offers a direction for further work in how the LSP candidates may find their way into the secretory pathway. Both these amino acids are considered targets for the cleavage site of GPI anchors [44]. Another secretory pathway aspect could be N-linked glycosylation, which begins in the ER and continues in the Golgi, with glycosylation occurring on asparagine residues in the appropriate context (Asn-X-Ser/Thr, where X is any amino acid except Pro) of the protein. Given that one proposed function of UPS is as a secretory route that avoids PTMs, this and other PTMs related to asparagine and glycine (e.g., acetylation, myristylation (glycine)) could be an area for further investigation with respect to their relationship to LSPs.




4.3. Availability and Recommendations for Use


LSPpred is available from http://lsppred.lspdb.org/ (accessed on 7 March 2023). It can either be downloaded and run locally via Docker container for technical users or via a convenient Web interface where it is available for academic use with registration. For the local install, the following data are available. The selected models in this work are written to files using the joblib library. Python scripts for LSPpred and SPLpred take FASTA input, convert it to numerical features using ProFET, and then apply the prediction model. For each protein input, the scripts return each individual model probability. Where that probability exceeds the determined threshold, a true prediction is also returned. The consensus between LSPpred and SPLpred is also included. Optionally, low-confidence results between 0.5 and the FPR threshold can also be returned, as well as the consensus result using these values. The tool can be invoked using the Python script lsppred.py. These scripts and the binary joblib file to each sequence are available at: https://github.com/LSPtools/LSPpred (accessed on 7 March 2023). The LSPDB database contents are also available at http://lspdb.org/ (accessed on 7 March 2023). A BLAST interface can be accessed at http://blast.lspdb.org/ (accessed on 7 March 2023) to compare input queries against the database categories (i.e., SEC, UNCLASSIFIED, etc.).



These LSPpred tools are based on the model organism Arabidopsis thaliana. The applicability to other plant species is expected to be sufficient, especially relative to the mammalian trained SecretomeP and given the promising results present here. As noted in Table 3, LSPpred (and to a lesser extent SPLpred) predicted the plant LSPs of which only one is from Arabidopsis. Interestingly, the Gram-positive bacterial tool PeNGaRoo also predicted three of the four LSPs. For species outside the scope of the LSPpred/SPLpred targets, the BLAST interface can be used to give an informative link between the LSPDB training data and queries of interest. There is no intention for either LSPpred or SPLpred to be applied to other organisms outside the scope of the training data. Using Arabidopsis proteins as input assumes the properties observed are representative of land plants; however, the possibility of capturing broader conserved mechanisms is worthy of further research. An initial analysis can invert the comparison; that is, rather than observe the Gram+ tool’s predictions on plant LSP data, we apply the plant LSP tools developed here to the training data of other UPS tools (Supplementary Figure S5). Notably, the AUROC and ROC curve for the application of LSPpred to the PeNGaRoo training data is surprisingly high at 0.808. This may be a technical artefact of the two programs, such as the possibility that the training data between the tools are similar, rather than a demonstration of conserved unconventional secretion mechanisms being captured in their models. To determine whether this is the case, CD-Hit-2d (Li and Godzik 2006) was used to establish which proteins in the LSPDB output (high, medium, and low confidence) correspond to the training data. Only 6/141 PeNGaRoo proteins were found with sequence similarity above 0.4 compared to the LSPDB outputs. No similarity at this threshold was found between the LSPDB candidate proteins and the SecretomeP training data. Removing these six proteins from PeNGaRoo improves the result slightly (AUROC to 0.825). Though 63 proteins in the negative set match the LSPDB NONSEC class, and so similarity to negative data could also be an explanation, this result is still unexpected. These similarities in training data offer plausible explanations for the accuracy of LSPpred on bacterial data, though the possibility remains that a conserved mechanism between plant and bacterial LSPs is being recognised. This similarity could be due to the shared property of cell walls amongst these organisms. Further work is required to provide insight into this intriguing observation.



The tools presented here are a less-than-perfect attempt at predicting LSPs in plants. Crucially, the observation of possible LSPs in plant apoplastic proteomic studies is key to the underlying input data. Organism-wide applications of the tool without experimental observation are not recommended. The inherent uncertainty in these tools due to the speculative nature of the input and hypothesis behind their design, as well as the estimated false-positive rates, means all results should be matched with an experimental observation. Genome-wide analysis without experimental evidence is not recommended. Prioritisation of empirical output for further analysis or experimental validation is critical. Functional validation of the mechanism for UPS is the end goal rather than mere observation. With each plant protein found to undergo UPS, the possibility of using verified positive data to train a model increases, moving from ‘shallow’ to ‘deep’ learning. Larger datasets would allow for more powerful deep learning techniques to be employed, such as gradient boosting (e.g., XGBoost), in place of the simple Random Forest tool on small data used here.



Plant LSPs are difficult to identify using either experimental or bioinformatics approaches. The true number of LSPs observed in proteomes has been obscured by the likelihood of intracellular protein contamination, and distinguishing LSPs from contaminants remains a difficulty in analysing experimental results. As prediction tools improve, they can identify more LSPs for validation and start a virtuous cycle that leads to an increase in knowledge regarding the mechanisms and biology behind leaderless protein secretion in plants. With each additional LSP confirmed, this knowledge shall move towards defining protein features leading to secretion, rather than those they lack. At present, the tools presented here can predict likely LSPs and accelerate the discovery of more plant LSPs.









Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/plants12071428/s1, Table S1: Summary of literature included in LSPDB, Table S2: Updated Sol LSP results, Supplementary Methods—LSPDB, Figure S1: SPLpred design, Figure S2: SPLpred comparisons, Figure S3: LSPpred comparisons, Figure S4: Model feature importance, Figure S5: Other tools and data. References [45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69] are cited in the Supplementary Materials.





Author Contributions


Conceptualization, A.L., M.J.D., A.B. and M.S.D.; methodology, A.L.; software, A.L.; validation, L.C.-L., D.T., M.U. and J.A.; formal analysis, A.L.; investigation, A.L.; resources, A.L., L.C.-L., D.T., M.U. and J.A.; data curation, A.L., L.C.-L., D.T. and M.U.; writing—original draft preparation, A.L., M.J.D., A.B. and M.S.D.; writing—review and editing, A.L., L.C.-L., J.A., D.T., M.U., M.J.D., A.B. and M.S.D.; visualization, A.L.; supervision, M.J.D., A.B. and M.S.D.; project administration, A.L., M.J.D., A.B. and M.S.D.; funding acquisition, J.A., M.J.D., A.B. and M.S.D. All authors have read and agreed to the published version of the manuscript.




Funding


AL acknowledges the support of the ARC Centre of Excellence in Plant Walls Studentship. MSD and AB acknowledge the support of the Australian Research Council for funding to the ARC Centre of Excellence in Plant Walls (Grant No. CE110100410). We thank the NeCTaR and Melbourne Research Clouds for hosting support. LCL and JA acknowledge support of the Spanish Ministry of Science and Innovation (Grant PID2020-115856RB-100 funded by MCIN/AEI/10.13039/501100011033).




Data Availability Statement


All data is available from the LSPDB database and prediction tool websites: http://lspdb.org/ (accessed on 7 March 2023) and http://lsppred.lspdb.org/ (accessed on 7 March 2023) respectively. Source code and models for the machine learning tools are available from GitHub: https://github.com/LSPtools/LSPpred (accessed on 7 March 2023).




Acknowledgments


This manuscript is dedicated to the memory of Javier Abadía, whose open and generous academic philosophy precipitated this collaboration.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Armenteros, J.J.A.; Sønderby, C.K.; Sønderby, S.K.; Nielsen, H.; Winther, O. DeepLoc: Prediction of protein subcellular localization using deep learning. Bioinformatics 2017, 33, 3387–3395. [Google Scholar] [CrossRef] [PubMed]

	



Bellucci, M.; de Marchis, F.; Pompa, A. The endoplasmic reticulum is a hub to sort proteins toward unconventional traffic pathways and endosymbiotic organelles. J. Exp. Bot. 2017, 69, 7–20. [Google Scholar] [CrossRef] [PubMed]

	



Ding, Y.; Robinson, D.G.; Jiang, L. Unconventional protein secretion (UPS) pathways in plants. Curr. Opin. Cell Biol. 2014, 29, 107–115. [Google Scholar] [CrossRef] [PubMed]

	



Miura, N.; Ueda, M. Evaluation of Unconventional Protein Secretion by Saccharomyces cerevisiae and other Fungi. Cells 2018, 7, 128. [Google Scholar] [CrossRef]

	



Dimou, E.; Nickel, W. Unconventional mechanisms of eukaryotic protein secretion. Curr. Biol. 2018, 28, R406–R410. [Google Scholar] [CrossRef]

	



Rabouille, C. Pathways of Unconventional Protein Secretion. Trends Cell Biol. 2016, 27, 230–240. [Google Scholar] [CrossRef]

	



Cui, Y.; Gao, J.; He, Y.; Jiang, L. Plant extracellular vesicles. Protoplasma 2019, 257, 3–12. [Google Scholar] [CrossRef]

	



Filaquier, A.; Marin, P.; Parmentier, M.-L.; Villeneuve, J. Roads and hubs of unconventional protein secretion. Curr. Opin. Cell Biol. 2022, 75, 102072. [Google Scholar] [CrossRef]

	



Nickel, W.; Rabouille, C. Unconventional protein secretion: Diversity and consensus. Semin. Cell Dev. Biol. 2018, 83, 1–2. [Google Scholar] [CrossRef]

	



Kim, J.; Gee, H.Y.; Lee, M.G. Unconventional protein secretion—New insights into the pathogenesis and therapeutic targets of human diseases. J. Cell Sci. 2018, 131, jcs213686. [Google Scholar] [CrossRef]

	



Goring, D.R.; Di Sansebastiano, G.P. Protein and membrane trafficking routes in plants: Conventional or unconventional? J. Exp. Bot. 2017, 69, 1–5. [Google Scholar] [CrossRef]

	



Nielsen, H.; Petsalaki, E.I.; Zhao, L.; Stühler, K. Predicting eukaryotic protein secretion without signals. Biochim. Biophys. Acta BBA Proteins Proteom. 2018, 1867, 140174. [Google Scholar] [CrossRef]

	



Bendtsen, J.D.; Kiemer, L.; Fausbøll, A.; Brunak, S. Non-classical protein secretion in bacteria. BMC Microbiol. 2005, 5, 58. [Google Scholar] [CrossRef]

	



Green, E.R.; Mecsas, J. Bacterial Secretion Systems: An Overview. Microbiol. Spectr. 2016, 4, 1. [Google Scholar] [CrossRef]

	



Zhang, Y.; Yu, S.; Xie, R.; Li, J.; Leier, A.; Marquez-Lago, T.T.; Akutsu, T.; Smith, A.I.; Ge, Z.; Wang, J.; et al. PeNGaRoo, a combined gradient boosting and ensemble learning framework for predicting non-classical secreted proteins. Bioinformatics 2019, 36, 704–712. [Google Scholar] [CrossRef]

	



Davis, D.J.; Kang, B.-H.; Heringer, A.S.; Wilkop, T.E.; Drakakaki, G. Unconventional Protein Secretion in Plants. In Unconventional Protein Secretion: Methods and Protocols; Pompa, A., de Marchis, F., Eds.; Springer: New York, NY, USA, 2016; pp. 47–63. [Google Scholar] [CrossRef]

	



Robinson, D.G.; Ding, Y.; Jiang, L. Unconventional protein secretion in plants: A critical assessment. Protoplasma 2015, 253, 31–43. [Google Scholar] [CrossRef]

	



Ding, Y.; Wang, J.; Wang, J.; Stierhof, Y.-D.; Robinson, D.G.; Jiang, L. Unconventional protein secretion. Trends Plant Sci. 2012, 17, 606–615. [Google Scholar] [CrossRef]

	



Agrawal, G.K.; Jwa, N.-S.; Lebrun, M.-H.; Job, D.; Rakwal, R. Plant secretome: Unlocking secrets of the secreted proteins. Proteomics 2009, 10, 799–827. [Google Scholar] [CrossRef]

	



Krause, C.; Richter, S.; Knöll, C.; Jürgens, G. Plant secretome—From cellular process to biological activity. Biochim. Biophys. Acta BBA Proteins Proteom. 2013, 1834, 2429–2441. [Google Scholar] [CrossRef]

	



Bendtsen, J.D.; Jensen, L.J.; Blom, N.; von Heijne, G.; Brunak, S. Feature-based prediction of non-classical and leaderless protein secretion. Protein Eng. Des. Sel. PEDS 2004, 17, 349–356. [Google Scholar] [CrossRef]

	



Lonsdale, A.; Davis, M.J.; Doblin, M.S.; Bacic, A. Better Than Nothing? Limitations of the Prediction Tool SecretomeP in the Search for Leaderless Secretory Proteins (LSPs) in Plants. Front. Plant Sci. 2016, 7, 1451. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, F.-Y.; Blackburn, K.; Lin, Y.-M.; Goshe, M.B.; Williamson, J.D. Absolute Protein Quantification by LC/MSE for Global Analysis of Salicylic Acid-Induced Plant Protein Secretion Responses. J. Proteome Res. 2008, 8, 82–93. [Google Scholar] [CrossRef] [PubMed]

	



Pinedo, M.; Regente, M.; Elizalde, M.; Quiroga, I.Y.; Pagnussat, L.A.; Jorrin-Novo, J.; Maldonado, A.; de la Canal, L. Extracellular sunflower proteins: Evidence on non-classical secretion of a jacalin-related lectin. Protein Pept. Lett. 2012, 19, 270–276. [Google Scholar] [CrossRef] [PubMed]

	



Del Rio, M.; de la Canal, L.; Pinedo, M.; Regente, M. Internalization of a sunflower mannose-binding lectin into phytopathogenic fungal cells induces cytotoxicity. J. Plant Physiol. 2018, 221, 22–31. [Google Scholar] [CrossRef]

	



Wang, J.; Ding, Y.; Wang, J.; Hillmer, S.; Miao, Y.; Lo, S.W.; Wang, X.; Robinson, D.G.; Jiang, L. EXPO, an Exocyst-Positive Organelle Distinct from Multivesicular Endosomes and Autophagosomes, Mediates Cytosol to Cell Wall Exocytosis in Arabidopsis and Tobacco Cells. Plant Cell 2010, 22, 4009–4030. [Google Scholar] [CrossRef]

	



Zhang, H.; Li, J. From Cytosol to the Apoplast: The Hygromycin Phosphotransferase (HYGR) Model in Arabidopsis. In Unconventional Protein Secretion: Methods and Protocols; Pompa, A., de Marchis, F., Eds.; Springer: New York, NY, USA, 2016; pp. 81–90. [Google Scholar] [CrossRef]

	



Zhang, Y.; Giboulot, A.; Zivy, M.; Valot, B.; Jamet, E.; Albenne, C. Combining various strategies to increase the coverage of the plant cell wall glycoproteome. Phytochemistry 2011, 72, 1109–1123. [Google Scholar] [CrossRef]

	



Viotti, C. ER to Golgi-Dependent Protein Secretion: The Conventional Pathway. In Unconventional Protein Secretion: Methods and Protocols; Pompa, A., de Marchis, F., Eds.; Springer: New York, NY, USA, 2016; pp. 3–29. [Google Scholar] [CrossRef]

	



Li, W.; Godzik, A. Cd-hit: A fast program for clustering and comparing large sets of protein or nucleotide sequences. Bioinformatics 2006, 22, 1658–1659. [Google Scholar] [CrossRef]

	



Ofer, D.; Linial, M. ProFET: Feature Engineering Captures High-Level Protein Functions. Bioinformatics 2015, 31, 3429–3436. [Google Scholar] [CrossRef]

	



Larrañaga, P.; Calvo, B.; Santana, R.; Bielza, C.; Galdiano, J.; Inza, I.; Lozano, J.A.; Armañanzas, R.; Santafé, G.; Pérez, A.; et al. Machine learning in bioinformatics. Briefings Bioinform. 2006, 7, 86–112. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res. JMLR 2011, 12, 2825–2830. [Google Scholar]

	



Lemaître, G.; Nogueira, F.; Aridas, C.K. Imbalanced-Learn: A Python Toolbox to Tackle the Curse of Imbalanced Datasets in Machine Learning. J. Mach. Learn. Res. JMLR 2017, 18, 1–5. [Google Scholar]

	



Garg, A.; Raghava, G.P.S. A machine learning based method for the prediction of secretory proteins using amino acid composition, their order and similarity-search. Silico Biol. 2008, 8, 129–140. [Google Scholar]

	



Almagro Armenteros, J.J.; Tsirigos, K.D.; Sønderby, C.K.; Petersen, T.N.; Winther, O.; Brunak, S.; Von Heijne, G.; Nielsen, H. SignalP 5.0 improves signal peptide predictions using deep neural networks. Nat. Biotechnol. 2019, 37, 420–423. [Google Scholar] [CrossRef] [PubMed]

	



Sperschneider, J.; Dodds, P.N.; Singh, K.B.; Taylor, J.M. ApoplastP: Prediction of Effectors and Plant Proteins in the Apoplast Using Machine Learning. New Phytol. 2018, 217, 1764–1778. [Google Scholar] [CrossRef]

	



Sperschneider, J.; Dodds, P.N. EffectorP 3.0: Prediction of Apoplastic and Cytoplasmic Effectors in Fungi and Oomycetes. Mol. Plant-Microbe Interact. 2022, 35, 146–156. [Google Scholar] [CrossRef] [PubMed]

	



Zhao, L.; Poschmann, G.; Waldera-Lupa, D.; Rafiee, N.; Kollmann, M.; Stühler, K. OutCyte: A novel tool for predicting unconventional protein secretion. Sci. Rep. 2019, 9, 19448. [Google Scholar] [CrossRef]

	



Ras-Carmona, A.; Gomez-Perosanz, M.; Reche, P.A. Prediction of unconventional protein secretion by exosomes. BMC Bioinform. 2021, 22, 333. [Google Scholar] [CrossRef]

	



Ceballos-Laita, L.; Gutierrez-Carbonell, E.; Takahashi, D.; Lonsdale, A.; Abadía, A.; Doblin, M.S.; Bacic, A.; Uemura, M.; Abadía, J.; López-Millán, A.F. Effects of Excess Manganese on the Xylem Sap Protein Profile of Tomato (Solanum lycopersicum) as Revealed by Shotgun Proteomic Analysis. Int. J. Mol. Sci. 2020, 21, 8863. [Google Scholar] [CrossRef]

	



Ho, T.C.; Blackburn, R.K.; Goshe, M.B.; Williamson, J.D. Identification of multiple proteins whose interaction with mannitol dehydrogenase is induced by salicylic acid: Implications for unconventional secretion. Proteomics 2021, 22, e2100091. [Google Scholar] [CrossRef]

	



Dubchak, I.; Muchnik, I.; Holbrook, S.R.; Kim, S.H. Prediction of Protein Folding Class Using Global Description of Amino Acid Sequence. Proc. Natl. Acad. Sci. USA 1995, 92, 8700–8704. [Google Scholar] [CrossRef]

	



Pierleoni, A.; Martelli, P.L.; Casadio, R. PredGPI: A GPI-anchor predictor. BMC Bioinform. 2008, 9, 392. [Google Scholar] [CrossRef]

	



Basu, U.; Francis, J.L.; Whittal, R.M.; Stephens, J.L.; Wang, Y.; Zaiane, O.R.; Goebel, R.; Muench, D.G.; Good, A.G.; Taylor, G.J. Extracellular Proteomes of Arabidopsis thaliana and Brassica napus Roots: Analysis and Comparison by MudPIT and LC-MS/MS. Plant Soil 2006, 286, 357–376. [Google Scholar] [CrossRef]

	



Nguyen-Kim, H.; Clemente, H.S.; Balliau, T.; Zivy, M.; Dunand, C.; Albenne, C.; Jamet, E. Arabidopsis thaliana root cell wall proteomics: Increasing the proteome coverage using a combinatorial peptide ligand library and description of unexpected Hyp in peroxidase amino acid sequences. Proteomics 2015, 16, 491–503. [Google Scholar] [CrossRef]

	



Hervé, V.; Duruflé, H.; Clemente, H.S.; Albenne, C.; Balliau, T.; Zivy, M.; Dunand, C.; Jamet, E. An enlarged cell wall proteome of Arabidopsis thaliana rosettes. Proteomics 2016, 16, 3183–3187. [Google Scholar] [CrossRef]

	



Chen, Y.; Ye, D.; Held, M.A.; Cannon, M.C.; Ray, T.; Saha, P.; Frye, A.N.; Mort, A.J.; Kieliszewski, M.J. Identification of the Abundant Hydroxyproline-Rich Glycoproteins in the Root Walls of Wild-Type Arabidopsis, an ext3 Mutant Line, and Its Phenotypic Revertant. Plants 2015, 4, 85–111. [Google Scholar] [CrossRef]

	



Boudart, G.; Jamet, E.; Rossignol, M.; Lafitte, C.; Borderies, G.; Jauneau, A.; Esquerré-Tugayé, M.-T.; Pont-Lezica, R. Cell wall proteins in apoplastic fluids of Arabidopsis thaliana rosettes: Identification by mass spectrometry and bioinformatics. Proteomics 2004, 5, 212–221. [Google Scholar] [CrossRef]

	



Haslam, R.P.; Downie, A.L.; Raveton, M.; Gallardo, K.; Job, D.; Pallett, K.E.; John, P.; Parry, M.A.J.; Coleman, J.O.D. The assessment of enriched apoplastic extracts using proteomic approaches. Ann. Appl. Biol. 2003, 143, 81–91. [Google Scholar] [CrossRef]

	



Trentin, A.R.; Pivato, M.; Mehdi, S.M.M.; Barnabas, L.E.; Giaretta, S.; Fabrega-Prats, M.; Prasad, D.; Arrigoni, G.; Masi, A. Proteome readjustments in the apoplastic space of Arabidopsis thaliana ggt1 mutant leaves exposed to UV-B radiation. Front. Plant Sci. 2015, 6, 128. [Google Scholar] [CrossRef]

	



Charmont, S.; Jamet, E.; Pont-Lezica, R.; Canut, H. Proteomic analysis of secreted proteins from Arabidopsis thaliana seedlings: Improved recovery following removal of phenolic compounds. Phytochemistry 2005, 66, 453–461. [Google Scholar] [CrossRef]

	



Minic, Z.; Boudart, G.; Albenne, C.; Canut, H.; Jamet, E.; Pont-Lezica, R.F. Cell Wall Proteome. In Plant Proteomics; Šamaj, J., Thelen, J.J., Eds.; Springer: Berlin/Heidelberg, Germany, 2007; pp. 169–185. [Google Scholar] [CrossRef]

	



Kwon, H.-K.; Yokoyama, R.; Nishitani, K. A Proteomic Approach to Apoplastic Proteins Involved in Cell Wall Regeneration in Protoplasts of Arabidopsis Suspension-Cultured Cells. Plant Cell Physiol. 2005, 46, 843–857. [Google Scholar] [CrossRef]

	



Robertson, D.; Mitchell, G.P.; Gilroy, J.S.; Gerrish, C.; Bolwell, G.P.; Slabas, A.R. Differential Extraction and Protein Sequencing Reveals Major Differences in Patterns of Primary Cell Wall Proteins from Plants. J. Biol. Chem. 1997, 272, 15841–15848. [Google Scholar] [CrossRef] [PubMed]

	



Tran, H.T.; Plaxton, W.C. Proteomic analysis of alterations in the secretome of Arabidopsis thaliana suspension cells subjected to nutritional phosphate deficiency. Proteomics 2008, 8, 4317–4326. [Google Scholar] [CrossRef] [PubMed]

	



Borderies, G.; Jamet, E.; Lafitte, C.; Rossignol, M.; Jauneau, A.; Boudart, G.; Monsarrat, B.; Esquerré-Tugayé, M.-T.; Boudet, A.; Pont-Lezica, R. Proteomics of loosely bound cell wall proteins of Arabidopsis thaliana cell suspension cultures: A critical analysis. Electrophoresis 2003, 24, 3421–3432. [Google Scholar] [CrossRef] [PubMed]

	



Irshad, M.; Canut, H.; Borderies, G.; Pont-Lezica, R.; Jamet, E. A new picture of cell wall protein dynamics in elongating cells of Arabidopsis thaliana: Confirmed actors and newcomers. BMC Plant Biol. 2008, 8, 94. [Google Scholar] [CrossRef] [PubMed]

	



Oh, I.S.; Park, A.R.; Bae, M.S.; Kwon, S.J.; Kim, Y.S.; Lee, J.E.; Kang, N.Y.; Lee, S.; Cheong, H.; Park, O.K. Secretome Analysis Reveals an Arabidopsis Lipase Involved in Defense against Alternaria brassicicola. Plant Cell Online 2005, 17, 2832–2847. [Google Scholar] [CrossRef]

	



Bayer, E.M.; Bottrill, A.R.; Walshaw, J.; Vigouroux, M.; Naldrett, M.J.; Thomas, C.L.; Maule, A.J. Arabidopsis cell wall proteome defined using multidimensional protein identification technology. Proteomics 2006, 6, 301–311. [Google Scholar] [CrossRef]

	



Feiz, L.; Irshad, M.; Pont-Lezica, R.F.; Canut, H.; Jamet, E. Evaluation of cell wall preparations for proteomics: A new procedure for purifying cell walls from Arabidopsis hypocotyls. Plant Methods 2006, 2, 10. [Google Scholar] [CrossRef]

	



Borner, G.H.H.; Lilley, K.S.; Stevens, T.; Dupree, P. Identification of Glycosylphosphatidylinositol-Anchored Proteins in Arabidopsis. A Proteomic and Genomic Analysis. Plant Physiol. 2003, 132, 568–577. [Google Scholar] [CrossRef]

	



Casasoli, M.; Spadoni, S.; Lilley, K.S.; Cervone, F.; de Lorenzo, G.; Mattei, B. Identification by 2-D DIGE of apoplastic proteins regulated by oligogalacturonides in Arabidopsis thaliana. Proteomics 2008, 8, 1042–1054. [Google Scholar] [CrossRef]

	



Chivasa, S.; Ndimba, B.K.; Simon, W.J.; Robertson, D.; Yu, X.-L.; Knox, P.; Bolwell, P.; Slabas, A.R. Proteomic analysis of the Arabidopsis thaliana cell wall. Electrophoresis 2002, 23, 1754–1765. [Google Scholar] [CrossRef]

	



Schultz, C.J.; Ferguson, K.L.; Lahnstein, J.; Bacic, A. Post-translational Modifications of Arabinogalactan-peptides of Arabidopsis thaliana: Endoplasmic Reticulum and Glycosylphosphatidylinositol-Anchor Signal Cleavage Sites and Hydroxylation of Proline. J. Biol. Chem. 2004, 279, 45503–45511. [Google Scholar] [CrossRef]

	



Krogh, A.; Larsson, B.; von Heijne, G.; Sonnhammer, E.L. Predicting transmembrane protein topology with a hidden markov model: Application to complete genomes. J. Mol. Biol. 2001, 305, 567–580. [Google Scholar] [CrossRef]

	



Eisenhaber, B.; Bork, P.; Eisenhaber, F. Prediction of Potential GPI-modification Sites in Proprotein Sequences. J. Mol. Biol. 1999, 292, 741–758. [Google Scholar] [CrossRef]

	



Uhlén, M.; Fagerberg, L.; Hallström, B.M.; Lindskog, C.; Oksvold, P.; Mardinoglu, A.; Sivertsson, Å.; Kampf, C.; Sjöstedt, E.; Asplund, A.; et al. Proteomics. Tissue-Based Map of the Human Proteome. Science 2015, 347, 1260419. [Google Scholar] [CrossRef]

	



Brandão, M.M.; Dantas, L.L.; Silva-Filho, M.C. AtPIN: Arabidopsis thaliana Protein Interaction Network. BMC Bioinform. 2009, 10, 454. [Google Scholar] [CrossRef]








[image: Plants 12 01428 g001 550] 





Figure 1. LSP database (LSPDB) workflow. Schematic overview of the LSPD workflow, using an entire plant proteome (A. thaliana) as input and annotating each protein isoform with known secretory features, including a signal peptide (SP), transmembrane domains (TMDs) and GPI anchor. Protein isoforms derived from the same gene are compared for differing secretory features to identify genes that have both secretory and non-secretory protein products, as these are not guaranteed to be able to be confidently assigned to either category. These are labelled as ‘secretory isoforms’ and not categorised further. Genes with only TMDs are also excluded from classification and are labelled ‘TM only’. The remainder are then classified based on whether they have or lack any secretory features and if they are observed or unobserved in plant cell wall/secretome papers (see Supplementary Table S1) included in the LSPDB. The combinations of classification lead to four final category labels (totals shown for Arabidopsis): observed classically secreted proteins or SEC (647), classically secreted proteins not observed or SPT/SP_THEORY (2786), proteins observed that lack secretory features or UNCLASSIFIED (1696), and the majority of proteins that are unobserved and lack secretory proteins NONSEC (16850). 
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Figure 2. LSPDB Scoring. Overview of the individual evidence categories. (A) Venn diagram of common PFAM domains from the combined SEC/SPT, NONSEC, and UNCLASSIFIED LSPDB classes. (B) Venn diagram of common GO terms from the combined SEC/SPT, NONSEC, and UNCLASSIFIED LSPDB classes, and (C) profile of SEC and NONSEC interactions of each LSPDB class according the LSPDB PPI network. (D) UpSet plot of the overlapping proteins that meet the individual confidence criteria as outlined in Table 1 to form the high-confidence set (green—8 proteins), medium (orange—149), and low (red—227). A further 207 (black) are noted as homodimers without any other evidence. 
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Figure 3. LSPpred and SPLpred. (A) Training data used for LSPpred and SPLpred, with subsets of the LSPDB classifications indicated as members of observed or unobserved, and secretory features or no secretory features. The application for SPLpred and LSPpred is also shown, with each subset labelled according to its use as positive data (+ symbol), negative data (− symbol) or evaluation data (? symbol). Modifications to the SP region are shown with dotted lines. (B,C) The results of LSPpred and SPLpred on held-out test data, with five-fold cross validated ROC scores and mean ROC annotated for the final random forest models, are shown in (B) SPLpred3 (AUC 0.90) and (C) LSPpred2 (0.84), respectively. 
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Figure 4. Tomato results. (A) UpSet plot of excess manganese secretome results indicating the concordance between predictions of LSPpred and SPLpred (including low-confidence modes), as well as SecretomeP. Agreement between the high- and low-confidence modes is implicit when assigned UPS by the high mode. (B) Partial recreation of Figure 2A from Ceballos-Laita [41], with a volcano plot of statistically significant (ANOVA, p < 0.05) proteins with changes to abundance are shown. Size is proportional to the log fold change and colour-coded by the new assignment of UPS category through use of all modules of SPLpred and LSPpred (light red = classical secretion, gold = unconventional secretion, grey = no secretion predicted). The Major allergen d 1 (Solyc09g091000.3.1) is marked by a black circle. 
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Table 1. LSPDB scoring criteria. Individual confidence criteria for each of protein–protein interaction network, PFAM domain, and GO term score for all LSPDB annotations. Overall confidence classification for proteins based on scoring ≥ 5 (High), 3 to 4 (Medium) or less than 3 (Low). An additional criterion of homodimers in the PPI network is classified as 0.5 points to note this category of interest, though this does not affect the scoring. Numbers in brackets correspond to the number of Arabidopsis proteins falling into each of the categories.
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	Confidence (Overall Score)
	Network
	PFAM Domain
	GO Term





	Tier 1 (1 point)
	All UNCLASSIFIED proteins with SPT interactions matching the profile of SPT with >1 SEC and 0 NONSEC (16 proteins)
	PFAMs predominantly in SEC, possibly in SPT, must be in UNCLASSIFIED (15 proteins)
	GO predominantly in SEC, possibly in SPT, must be in UNCLASSIFIED (186 proteins)



	Tier 2 (2 points)
	All UNCLASSIFIED proteins with SEC interactions matching the profile, >1 SEC > 33 NONSEC (89 proteins)
	PFAMs exclusive to SEC, SPT and UNCLASSIFIED (1 protein)
	GO exclusive to SEC, SPT and UNCLASSIFIED (12 proteins)



	Tier 3 (3 points)
	All UNCLASSIFIED proteins with SEC interactions matching the profile, >1 SEC ≤ 33 NONSEC (124 proteins)
	PFAMs exclusive to SEC and UNCLASSIFIED (5 proteins)
	GO exclusive to SEC and UNCLASSIFIED (8 proteins)
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Table 2. Tool results. Accuracy statistics for each version of LSPpred and SPLpred considered. Preferred models in bold.
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	Tool
	Version
	AUROC
	Mean Threshold for 0.05 FPR
	TPR for Threshold
	Balanced Accuracy (Controlled Threshold)
	Balance Accuracy (0.5)





	LSPpred
	1
	0.82 ± 0.05
	0.65
	0.3675
	0.6
	0.71



	LSPpred
	2
	0.84 ± 0.05
	0.68
	0.355
	0.63
	0.65



	SPLpred
	1
	0.99 ± 0.01
	0.61
	0.946
	0.95
	0.94



	SPLpred
	2
	0.88 ± 0.06
	0.70
	0.62
	0.72
	0.81



	SPLpred
	3
	0.90 ± 0.05
	0.70
	0.62
	0.76
	0.82



	SPLpred
	4
	0.89 ± 0.04
	0.67
	0.58
	0.83
	0.84
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Table 3. LSPDB results. Results of prediction tools applied to the three best plant LSP candidates and bacterial HYGR, with the predicted category score shown. Correct predictions of extracellular location for the LSPs are in bold.
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	Tool
	HYGR
	SAMS2
	MDH
	Helja





	SecretomeP (Mammalian)
	No

0.513
	No

0.421
	No

0.450
	No

0.447



	SecretomeP (Gram-)
	No

0.078
	No

0.173
	No

0.108
	Yes

0.55



	SecretomeP (Gram+)
	No

0.087
	No

0.153
	No

0.086
	No

0.402



	DeepLoc
	Peroxisome, Soluble

0.386

Extracellular 0.007
	Cytoplasm, Soluble

0.730

Extracellular

0.0018
	Cytoplasm, Soluble

0.554

Extracellular

0.0042
	Cytoplasm, Soluble

0.742

Extracellular

0.0878



	SRTpred
	Non-Secretory Protein

−0.362
	Non-Secretory Protein

−1.5007
	Non-Secretory Protein

−0.9236
	Secretory Protein

0.05923



	ApoplastP
	Non-apoplastic

0.93
	Non-apoplastic

0.8
	Non-apoplastic

0.82
	Apoplastic

0.81



	PeNGaRoo

(Gram+)
	No

0.417
	Yes

0.575
	Yes

0.626
	Yes

0.582



	OutCyte
	Intracellular

0.9343
	Intracellular

0.5631
	UPS

0.5345
	Intracellular

0.551



	ExoPred
	NA
	NA
	NA
	Y



	EffectorP 3.0
	N

0.885
	N

0.501
	N

0.632
	Y

0.912



	SPLpred (high)

SPLpred (low)
	No

No

0.474
	Yes

Yes

0.716
	No

Yes

0.666
	Yes

Yes

0.941



	LSPpred (high)

LSPpred (low)
	Yes

Yes

0.714
	Yes

Yes

0.839
	Yes

Yes

0.789
	Yes

Yes

0.690
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