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Abstract 

Antioxidant peptides (AP) are promising functional foods that have the potential to provide multitude 

health benefits. They are found in a wide variety of sources, but current methods of discovery and 

extraction dramatically increases the cost of production which hampers the commercial competitiveness 

of APs. Focusing on the search and development of short AP sequences that can be easily synthesized 

through synthetic chemical methods may be able to decrease the cost of production and accelerate lead 

discovery. However, the traditional method of peptide synthesis that relies on solid-phase chemistry 

adversely impacts the environment. Thus, minimizing trial-and-error will not only shorten AP discovery 

but can also make the entire process greener and more cost-effective. In this study, the formulation of a 

machine learning model that can predict the trolox equivalent antioxidant capacity (TEAC) of tripeptides 

is presented. It was found that the combination of support vector regression with a polynomial kernel and 

Blosum indices can accurately predict AP TEAC. The optimized regression model was trained, tested, and 

externally validated on 121 sequences curated from three different publications. The optimized model 

demonstrates a 7% average percent error based on external validation.  
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1.0 Introduction 

Antioxidant peptides (AP) are promising bioactive components of food that can provide both 

health and nutritional benefits. Apart from being sources of amino acids that constitute an important part 

of the human diet, APs can also quench reactive oxygen species (ROS) that are implicated in numerous 



diseases (Yang et al. 2020). The realization of the full potential of APs is hampered by the difficulty in 

discovering and extracting antioxidant peptides. APs are found in a broad range of sources, such as plants 

(Wen et al. 2020), fungi (Nascimento et al. 2021), and animal tissues (Aubry et al. 2020). However, APs 

require varying and innovative techniques for their efficient extraction and characterization, such as the 

use of metal-organic frameworks (Chen et al. 2021),  omics-tools (López-Pedrouso et al. 2021), ultrasound-

microwave-assisted enzymatic methods (Habinshuti et al. 2020), among others. This can increase the cost 

of production making it a barrier to the wider utilization of APs (Tadesse and Emire 2020). A possible way 

to simultaneously decrease the cost of production and accelerate lead discovery is to focus on the search 

and development of short peptide sequences that can be quickly and easily synthesized at a large scale 

through synthetic chemical methods. 

Peptides are usually produced through solid phase peptide synthesis (SPPS), which is also used 

for the industrial production of bioactive peptides (Verlander 2007). This method involves anchoring a 

protected amino acid on to a solid support which will be then elongated through a series of deprotection 

and coupling reactions (Merrifield 1963). Once the desired sequence has been achieved, the elongated 

peptide chain will be cleaved from the solid matrix for purification and characterization. SPPS can be 

automated which makes the synthesis of short to medium-length peptides convenient, quick, and 

straightforward. However, SPPS can have negative environmental consequences. This mode of peptide 

production requires greater molar equivalence of the reactants to the drive the reaction, as well as its 

dependence on toxic solvents and reagents (Coin et al. 2007). For example, deprotection of an anchored 

Fmoc-protected amino acid requires treatment with piperidine in DMF. After the deprotection reaction, 

the resin needs to be washed thoroughly with DMF several times to ensure that all piperidine has been 

removed. Thus, SPPS presents an effective yet environmentally impactful process of producing peptides. 

Efforts have been therefore made to make SPPS more sustainable and environment friendly. These efforts 

include using greener solvents (Lawrenson 2018), developing a more sustainable deprotection protocol 



(Přibylka et al. 2020), among others. One approach in decreasing the environmental impact of chemical 

processes such as in antioxidant peptide production is minimizing the trial-and-error of the process 

through computational models (Zhang et al. 2020). Leveraging machine learning (ML) and artificial 

intelligence (AI) tools for chemical product design can quickly identify promising leads to be developed, 

thereby reducing the compounds to be synthesized and tested, which can make the entire process more 

resource-efficient and environment-friendly. In this paper, the creation, training, testing, and external 

validation of support vector regression models that can predict the antioxidant activity of tripeptides from 

sequence-based descriptors is presented.  

2.0 Method 

The data on antioxidant peptides composed of 109 peptide sequences and their corresponding log of 

the trolox equivalent antioxidant capacity (TEAC) acting as the dependent variable were taken from (Yan 

et al. 2020) (Uno et al. 2020). The different sequence-based descriptors were then calculated for each 

antioxidant peptide using the Peptides R package version 2.4 (Osorio et al. 2015). The calculated peptide 

descriptors were the Blosum indices (Georgiev 2009), Cruciani properties (Cruciani et al. 2004), Factor 

analysis scale of generalized amino acid information (FASGAI) vectors (Liang and Li 2007), Kidera factors 

(Kidera et al. 1985), ProtFP (van Westen et al. 2013), ST-scales (Yang et al. 2010), T-scales (Tian et al. 2007), 

VHSE Scales (Mei et al. 2005), and Z-scales (Sjöström et al. 2002). These peptide descriptors can be 

generally classified according to what aspect of the peptide they represent. The Blosum indices are under 

the similarity measures category; the T-scales and ST-scales are topological descriptors; the FASGAI 

vectors, ProtFP, VHSE scales, and Z-scales describe the physicochemical properties of the peptide 

(Rifaioglu et al. 2019). These descriptors were then used as variables to predict the antioxidant activity of 

the peptides. The resulting dataset was used to create support vector regression (SVR) models using 

different kernels such as polynomial, linear and radial. For all created SVR algorithms, 70% of the dataset 

was used for training, followed by a 10-fold cross-validation mainly using the caret package (Kuhn et al. 



2018) and other dependencies such as the kernlab package (Karatzoglou et al. 2004). The default 

parameters that yielded the highest r2 were automatically selected. The selected model was further 

optimized by systematically removing descriptors in order to balance performance and parsimony of the 

model. The final and optimized model was then externally validated using data from (Saito et al. 2003). 

The top two antioxidant peptides for each peptide category reported in the paper that did not appear in 

the training and testing dataset were used for the external validation. All computations were conducted 

in R version 3.5.2 (R Core Team 2018) using a Dell Inspiron 15 gaming laptop running on a 64 bit Windows 

10 OS, with Intel Core 7th generation  2.80 GHz i7 processor , 16 GB of RAM. The full dataset and relevant 

R scripts used in this study are available in the supporting information and at 

www.github.com/jijanairo/AntioxidantPeptides. 

3.0 Results and Discussion 

The first step in predictive model building involves identification of the peptide descriptor and 

algorithm pair that can accurately predict AP TEAC. Apart from SVR, other common ML algorithms were 

also evaluated such as artificial neural networks, multiple linear regression, and random forest. However, 

the performance of these models was extremely poor which is why only the results for SVR are presented. 

Figure 1 shows the performance of each peptide descriptor – algorithm pair wherein it was observed that 

z-scales and SVR with a polynomial kernel exhibited the highest r2 in the training set. However, this model 

exhibited overfitting since its performance in the test set was r2<0.50. Overfitting should be avoided 

because this leads to the creation of a predictive model where the parameters are too tailored to the 

training data, which leads to poor performance in the testing data and is detrimental to the 

generalizability of the model. Thus, the SVR-polynomial-Blosum Indices (BI) pair was selected for model 

refinement. BI is a set of peptide descriptors based on the physicochemical properties of amino acids 

wherein the calculated ten BI exhibit correlation with a particular property (Georgiev 2009). SVR is a 

machine learning regression algorithm that builds on the concept of support vector networks formulated 



by Cortes and Vapnik (Cortes et al. 1995) that relies on the creation of hyperplanes through the kernel 

functions for data processing (Drucker· et al. 1997). 

 

Figure 1. Training performance denoted by r2 of the peptide descriptor and support vector regression 

kernel type for the AP TEAC prediction. 

 After identifying that SVR-polynomial and BI create the best pair for TEAC prediction, the resulting 

model was refined in order to improve predictive performance and parsimony. Thus, one BI is 

systematically removed from the model after which the predictive performance in the training and testing 

sets were monitored. Table 1 summarizes the undertaken model optimization steps which shows that the 

individual removal of B3, B4 and B10 had the slightest effect on testing performance. These observations 

provided the rationale to simultaneously remove these three BI, wherein the resulting model (model K) 

exhibited the best predictive performance. The optimized model, model K, exhibited a r2test = 0.66 based 
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on the regression values of the observed and predicted values (Figure 2), and a calculated r2test(1) = 0.64 

based on the equation: 

𝑟!"#!(%)' = 1 −	
∑(𝑦()# − 𝑦*+",)'

∑(𝑦()# − 𝑦-"./)'
 

Where yobs is the observed response variable, ypred is the predicted variable, and ymean is the mean of 

observed response variables. Since r2test(1) > 0.60, model K can be considered as a valid regression model 

that exhibits good fit (Alexander et al. 2015). 

 

Table 1. Summary of model optimization wherein a single Blosum Index is systematically removed 

followed by monitoring the predictive performance of the resulting model. 

 

 

 

Model Removed Descriptor Training r2 Testing r2 

A B1 0.70 0.49 

B B2 <0.40 n.d. 

C B3 0.66 0.57 

D B4 0.61 0.58 

E B5 <0.40 n.d. 

F B6 <0.40 n.d. 

G B7 0.60 0.53 

H B8 0.65 0.52 

I B9 0.69 0.54 

J B10 0.62 0.60 

K B3, B4, B10 0.60 0.66 



 

Figure 2. Predicted vs observed log TEAC derived from the optimized model. 

The hyperparameters of the optimized SVR model are degree = 3, scale = 0.1, C = 0.25. The algorithm run 

time for the optimized model for training and testing was determined to be 12.75 seconds, and used 

approximately 260 megabytes of memory. On the other hand, the optimized descriptors are related to 

specific properties such as buriability (B1), number of side chain atoms (B2), pKa of the N terminus (B5), 

extended structure (B6), hydropathy scale (B7), negative charge (B8), and amino acid distribution in the 

alpha helix (B9) (Georgiev 2009). The identified important descriptors for TEAC prediction are consistent 

with reports from mechanistic studies that sought to determine factors governing peptide antioxidant 

activity, such as the importance of electronic properties, structure, flexibility (Wu et al. 2021), and the N-

terminus (Yan et al. 2020; Yang et al. 2020). The optimized regression model was further tested through 

external validation based on 12 tripeptides reported from the study of (Saito et al. 2003). The optimized 

model performed well as demonstrated by an average error of 7%. A limitation of the presented model 

that needs to be considered is the non-sequence dependence of the Blosum indices. For instance, the 

tripeptide Lys-Ser-Val will have identical Blosum indices with any tripeptide that bears these residues in 

R² = 0.6616
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any order. Nonetheless, the optimized regression model still lends itself useful for AP screening and 

discovery since it can substantially narrow down potential leads to be synthesized and tested. 

Table 2. Performance of the optimized model on the external validation. 

Sequence Reported Predicted % Error 

LHW 2.3 2.0 13.0 

LHY 2.4 2.0 16.7 

LWN 1.9 1.9 0.0 

LWY 2.3 2.1 8.7 

PHW 2.2 2.4 9.1 

PHY 2.4 2.6 8.3 

PWW 2.2 2.2 0.0 

PWN 1.9 1.9 0.0 

RHW 2.3 2.1 8.7 

RHY 2.4 2.2 8.3 

RWW 2.3 2.2 4.3 

RWY 2.4 2.2 8.3 

Average % Error 7.1 ± 5.2 
 

The presented SVR model is a valuable addition to the growing ML and AI tools that are tailored 

for predicting AP activity. Available ML and AI tools for AP include a deep learning server that predicts the 

free radical scavenging and chelation scores (Olsen et al. 2020), a classification algorithm based on 

ensemble learning that uses hybrid peptide predictors (Zhang et al. 2016),  a 3D-QSAR model suggesting 

small and hydrophilic group at the N-terminal region and a bulky and hydrophobic group at the C terminus 



are important for antioxidant activity (Yan et al. 2020), and multiple linear regression model suggesting 

the importance of cysteine residues, aromatic residue at the C-terminus, narrow HOMO-LUMO bandgap 

at the middle residues are important for antioxidant activity (Uno et al. 2020). Thus, the present model 

has discovered new descriptors that are important in predicting AP activity, which are straightforward to 

calculate due their sequence-dependent nature. Some of the strengths of the presented model are its 

real-world applicability since the variable being predicted is a standard measure of antioxidant activity, 

generalizability since the model was trained, tested and validated on 121 sequences extracted from 

multiple publications, and robustness as exemplified by the performance in the external validation. The 

balance between accuracy and parsimony as evidenced by the need for only seven sequence-based 

descriptors to make a prediction is also one of the main advantages of the presented model not only in 

terms of simplicity but also in the associated environmental footprint of machine learning since more 

complex models tend to have higher environmental impacts (Strubell et al. 2019). Overall, the SVR model 

can potentially accelerate the discovery of three-residue APs which may lower down the costs associated 

with AP production thereby increasing its market competitiveness and lessen its environmental impact. 

4.0 Conclusion 

The systematic creation and optimization of a machine learning model that can predict the trolox 

equivalent antioxidant capacity of tripeptides was reported.  It was found that the combination of support 

vector regression with a polynomial kernel and Blosum indices can accurately predict AP TEAC. The 

optimized SVR model, which was trained, tested, and externally validated on 121 tripeptide sequences 

reported an average of 7% error in the external validation. Some of the strengths of the presented model 

are its real-world applicability, the balance between accuracy and parsimony, generalizability, and 

robustness. By and large, the presented model has promising potential to accelerate the marketability of 

antioxidant peptides without compromising the environment and sustainability. It is envisioned for future 

studies that the presented optimized model may be used for the screening and design of potent AP. 
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