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Abstract. Antimicrobial peptides are antimicrobial agents with high bioactivity and low 

bacterial resistance, which inspire scientists to recognize AMPs as appealing candidates for 

microbial infection treatments. QSAR modeling is one of the most important techniques in 

computer-aided drug design that is typically beneficial to promoting the design of AMPs. This 

paper presents an overview about breakthroughs and achievements in AMPs designed by QSAR 

modeling in recent 10 years, and primarily talks about 6 successful AMPs discoveries covering 

different QSAR models and solving various antimicrobial problems such as biological activity, 

cytotoxicity and bacterial resistance, which is responsible for future developments in new 

generation of AMPs and optimization in QSAR modeling. 
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1.  Introduction 

Nowadays, it is alarming that the effectiveness of antibiotics is compromising by the rapid emergence 

of drug resistance, which asks for new alternatives in antibacterial treatments [1]. Antimicrobial peptides 

(AMPs) derived from natural organisms have been found to demonstrate robust antimicrobial activity 

[2]. Moreover, high selectivity and affinity make AMPs tough to resistance, which gift AMPs promise 

as potential drugs for microbial infections, especially bacterial infections [3]. Unfortunately, not all 

natural AMPs can be developed into drugs successfully, many of them have failed in clinical trials due 

to their disadvantages in structure and activity such as stability issues [4] and considerable toxicity 

towards the human body [5]. To address these issues, optimization and new generation of AMPs is 

imperative. 

While traditional experimental methods usually consume too much time and money, computer-aided 

drug design (CADD) is becoming a trend in medicinal chemistry and drug design [6]. With economic 

and effective outcome, multiple CADD methods are also employed to peptide design, including machine 

learning, de novo computational design, linguistic model and genetic algorithms [7]. Above these 

methods, quantitative structure-activity relationships (QSAR) modeling is prominent in AMPs design, 

which can not only identify different functions of potential peptide sequences, but also can predict 

peptide antimicrobial activity and toxicity for comprehensive drug research [8]. 

Through machine learning, QSAR models are capable of analysing a wide range of AMPs database 

to establish correlations between structure and activity, so that scientists can utilize these QSAR models 
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to forecast and select new AMP sequences with heightened antimicrobial activity and improved 

functions [9]. 2D-QSAR models elucidate the structure-activity relationships based on attributes like 

hydrophobicity and electronic effects [10]. In contrast, 3D-QSAR models hinge on force fields 

concerning steric effects, electrostatic effects, hydrogen bond effects and so on [11]. Noteworthy, this 

work collects and analyses successful QSAR-guided AMPs designs, which exemplifies the tangible 

outcomes of peptide optimization that encompasses enhanced antimicrobial activity, expanded 

antimicrobial spectrum, reduced toxicity, and strengthen enzymatic resilience –– collectively enriching 

the landscape of antimicrobial drug design. 

2.  2D-QSAR 

Descriptors, which are explored by scientists to represent different levels of chemical structure ranging 

from 1D to 4D and higher, are the core factors in QSAR modelling [12]. Among these descriptors, 2D 

descriptors for QSAR modeling are well developed and they are frequently used in the prediction of 

compounds bioactivity, while 3D and higher QSAR models are still evolving [8]. 

In 2D-QSAR modeling, molecular topological and physicochemical properties are initially reflected 

by descriptors. Through statistic methods, such descriptors are related to regression equation like linear 

regression or partial least squares (PLS) regression. For example, Hansch analysis (Equation Ⅰ), the 

most classic model in 2D-QSAR, is designed by Crown Hansch based on a series of compound features 

and biological activity database [13]. Furthermore, multiple researches have confirmed the notable 

capacity of Hansch analysis in predicting quantitative structure-activity relationships of small molecules 

for drug design and toxicity prediction [14]. 

𝑙𝑜𝑔
1

𝐶
= −𝑘1𝜋2 + 𝑘2𝜋 + 𝑘3𝜎 + 𝑘4𝐸𝑠 + 𝑘𝑠          (Ι) 

2.1.  Case study-Dadapin-1 to -8  

Owing to the cytotoxicity to human cells, though natural AMPs are considered to have low tendency to 

elicit resistance, they are interfered to be used as drugs [15]. As AMPs can kill the microbes, they 

inevitably have toxicity to human cells, so it is a challenge to balance antimicrobial potency and 

cytotoxicity effect, and one solution is to make progress in the selectivity of AMPs. 

Mutator is a free software (http://split4.pmfst.hr/mutator/) that uses QSAR methods to provide 

contents of limited residue variation to improve the selectivity of peptides. Therefore, a study [15] firstly 

modified the algorithm of Mutator allowing it to screen multiple sequences simultaneously, then 

researchers screened the peptide sequence library and mutated peptides. According to Table 1, the 

satisfying selectivity results of optimized Dadapin peptides were chosen for later research and synthesis.  

Focused on designing AMPs targeting Gram-negative bacteria, this study tested the antibacterial 

activity of Dadapin-1 to -8, and the results were moderate, whereas Dadapin-1 showed the best potency 

with an MIC value of 8 μM for most bacteria. It should be pointed that Dadapin-1 to -8 were discovered 

to behave really low toxicity for red blood cells, while Dadapin-1 and -8 were estimated almost non-

toxic in HC50 values of ~700 μM and >1000 μM. Furthermore, according to the results of flow 

cytometry and atomic force microscopy (AFM), Dadapin-1 to -8 demonstrated great improvement in 

selectivity for specially killing bacteria by destroying their membranes without attacking the host cells. 

Table 1. Mutation of Dadapin peptides sequences and their physico-chemical results [15]. 

Peptide Mutationa Sequence Charge H μH SI 

Dadapin-

1 

SM (V8→K) GLLRASSKWGRKYYVDLAGCAKA +5 -1.42 (-

0.04) 

0.42 88.7 

Dadapin-

2 

DM (V8→K, 

A21→L) 

GLLRASSKWGRKYYVDLAGCLKA +5 -0.95 (-

0.03) 

0.46 94.8 
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Table 1. (continued) 

Dadapin-

3 

SM (V8→K) GLFGKSSKWGRKYYVDLAGCAKA +5 -1.46 

(0) 

0.39 86.8 

Dadapin-

4 

DHM 

(F3→S, 

R11→V) 

GLSGKSSVWGVKYYVDLAGCAKA +3 -0.86 

(0.21) 

0.18 89.9 

Dadapin-

5 

DM (G4→K, 

W9→Q) 

GLFKKSSVQGRKYYVDLAGCAKA +5 -1.86 (-

0.05) 

0.32 94.6 

Dadapin-

6 

DHM 

(A7→K, 

R18→L) 

FLPKLFKKITKKNMAHIL +6 0.31 

(0.05) 

0.38 94.9 

Dadapin-

7 

DM (A7→Q, 

R18→L) 

FLPKLFQKITKKNMAHIL +5 0.53 

(0.09) 

0.37 94.9 

Dadapin-

8 

DM (L3→K, 

K9→V) 

AAKKGCWTVSIPPKPCF-NH2 +4 -0.89 

(0.14) 

0.04 93.7 

(a) SM means a single mutator of amino acids on the peptide sequence, DM means the double mutator, 

and DHM means double harsh mutator. 

2.2.  Case study-P4C2: an initiator of AgNP 

Antimicrobial silver nanoparticles (AgNP) are prevalence in antimicrobial agents because of the potent 

antimicrobial activity [16], and scientists have found that some peptides with a specific sequence can 

induce the formation of AgNP by reducing silver ions [17]. In order to identify the potential sequence 

for peptide optimization, computer software was aided to calculate the peptide descriptors from 

sequence (PEDES), and an PLS model was applied to analyze the reduction ability of peptides [16]. 

 

Figure 1. AgNP formation propensity predicted by QSAR model versus experiment results. R2 = 0.69 

[16].` 

According to this QSAR model, glutamic acid and glutamine were discovered to have a critical 

function in reducing the silver ions into AgNP. Positively charged silver ions are prone to coordinate 

with nucleophilic carboxylic group on the glutamic acid, so the concentration of silver ions was 

increased. Also, some studies suggested that this complexation decreased the activation barrier for silver 
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reduction. After all, these conditions were favored for AgNP formation, which inspired researchers to 

finally design the P4C2 with improved antimicrobial activity against Escherichia coli (see Figure 1). 

Actually, the way P4C2 inducing AgNP formation was tested to be effectively and environmentally 

friendly, and it was also evaluated to have limited toxicity for mammalian cells, which promoted the 

further research. 

2.3.  Case study-Peptoid-1: a mimic of AMP 

Derivated from AMPs, AMP mimics are even harder to be degraded by enzymes [18]. In this regard, 

scientists eagerly build QSAR models for peptoid to explore potential treatments [19]. A study [20] 

applied 27 variable peptoid sequences to develop a new QSAR model, and this model was validated to 

accurately relate peptoid structure with antimicrobial activity. Quite similar approaches of AMPs design, 

they took advantages of this model to design peptoid-1 (see Figure 2), which was proved to have 

significant antimicrobial ability against Staphylococcus aureus certifying the promising future of 

applying peptoids as effective antimicrobial agents.  

 

Figure 2. Chemical structure of peptoid-1. 

Obviously, 2D-QSAR models have advantages in screening a large number of compounds with high 

computational speed and identifying potential structures with biological activity easily [10]. However, 

distinguished in screening and optimizing large-scale molecules, 2D-QSAR models still have deficiency 

in the concept of molecular spatial features, which limits their prediction and requires the supplement 

of 3D-QSAR models [21]. 

3.  3D-QSAR 

3D-QSAR models have been replenished with the three-dimensional structures of molecules compared 

with traditional QSAR models, which give support for more complex biological activity prediction and 

accelerate the design of new AMPs [22]. Comparative molecular field analysis (CoMFA) and 

comparative molecular similarity index analysis (CoMSIA) are two prevailing 3D-QSAR models [23]. 

In CoMFA model, molecules will be analysed in two aspects of steric field (S) and electrostatic filed 

(E), and it draws a contour map to display, on the molecular structure, where bulky groups are favorable 

and where negative or positive charge is favorable [24]. Taking account into these messages, scientists 

are able to optimize peptide structure by substituting groups or amino acids on the sequence. Dissimilarly, 

CoMSIA not only considers the relationships of molecular structure connected with bioactivity, but also 

analyses similarities among molecules, so this model views more force fields than CoMFA, including 

steric field (S), electrostatic field (E), hydrophobic field (H), hydrogen bond acceptor field (A) and 

hydrogen bond donor field (D) [25]. 

3.1.  Case study-oligopeptides 

At present, Scientists are studying interpretability of QSAR models and facilitating multitask modeling 

to enhance the stability and predictability of models [8]. A study [26] had combined CoMFA and 

CoMSIA models in the design of new antimicrobial oligopeptides against S. aureus and E. coli. Both of 

the two models provided them with different structure details and activity variation that extensively 

enriched their perspectives on the peptide optimization.  
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Figure 3. Contour maps of CoMFA. (A) In the steric field, bulky groups are favored in green contours, 

and yellow contours mean the bulky groups are not favored. (B) In electrostatic field, negative charge 

is favored in red contours but not favored in blue contours [26]. 

 

Figure 4. Contour maps of CoMSIA. (A) Electrostatic field. (B) In donor field, hydrogen bond donors 

are favored in light blue contours, and purple contours mean the opposite. (C) In acceptor field, hydrogen 

bond donors are not favored in the light purple contours [26]. 

To illustrate, Figure 3 are the contour maps of the peptide against E. coli provided by CoMFA, which 

indicated that antibacterial activity could be enhanced if the 4- and 6-places of peptide could be bulkier 

and 6-place was preferred to be positively charged. Consequently, peptide 18 with negatively charged 

amino acid aspartic (D) on the 6-place was disadvantaged, on the contrary, at 6-place of peptide 24, 

amino acid tryptophan (W) which was positively charged and bulkier than D, was expected to influence 

the peptide with a higher bioactivity. Likewise, contour maps of CoMSIA (see Figure 4) indicated where 

hydrogen bond donors and acceptors were favorable. Guided by these instructions, researchers 

synthesized 7 novel small AMPs with increased antibacterial activity and reduced host toxicity. 

3.2.  Case study-IDR-3002 

Biofilm is a microbial polymer consisting of numerous bacteria and other kinds of microbes [27]. 

Secretion of these microbes makes biofilm viscous and easily to attach on the surface of solidity or 

liquid, hence, scientists have discovered that biofilm accounts for nearly 65% of all infections, which 

meanwhile have a close connection with chronic infections in human body [28]. Moreover, the 

surprising resistance of biofilm to traditional antibiotics is as 10 to 1000 times as normal bacteria [29]. 

So far, there has been no antibiofilm drug approved for clinical use, but there is an research [30] that 

has developed a 3D-QSAR model which achieves the prediction of relationships between antibiofilm 

activity and peptides. This QSAR model was validated to have as much as 85% precision, thus assisting 

to design the antibiofilm peptide IDR-3002, which was derived from IDR-1018 but owned 8-folds 

antibiofilm potency in vitro and was proved to be effective in vivo, offering a great opportunity for 

further antibiofilm drug design. 
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4.  Other QSAR modeling approachES ANTIMICROBIAL PEPTIDES design 

Although 2D- and 3D-QSAR models are regarded as prevalent and reliable tools in bioactivity 

prediction for drug design, challenges in selection of appropriate descriptors to build these QSAR 

models still remain perplexing [8]. For instance, the use of noninterpretable descriptors or use of 

excessive numbers of descriptors in a QSAR model can lead to model ineffectiveness and even errors. 

Notwithstanding, performing the three-dimensional structure by 3D-QSAR model sometimes is 

restricted in complex computer resources and operation. Concerned about these difficulties, instead of 

utilizing 2D and 3D QSAR modeling, some scientists prefer to take advantages of other methods to 

build new QSAR models in their researches. 

In the study of Mastoparan-analogs [31], to build a new model, researchers modified a typical QSAR 

paradigm, from Endpoint = Function (system of atoms) to Endpoint = Function (sequence of amino 

acids), which became more suitable for analysis of amino acids in peptide and protein. Along with the 

help of software CORAL (http://www.insilico.eu/coral), they selected the optimal descriptors for QSAR 

modeling. Afterwards, Monte Carlo method was applied for the calculation of antibacterial activity in 

the model [32]. Thoughtfully, the study also compared the results provided by different QSAR models, 

demonstrating the new QSAR model with calculation of Monte Carlo method made the more accurate 

prediction than 2D-QSAR model and 3D-QSAR model, which implies that though 2D- and 3D-QSAR 

models are widely used in peptides design, but commonly usefulness does not necessarily equal to the 

best answer, as authentic research demands to implement specific QSAR models that match the research. 

5.  Conclusion 

High affinity and selectivity properties of AMPs have attracted scientists to study the replacements for 

traditional antibiotics and overcome the bacterial resistance dilemma. Incorporation of mathematic 

techniques and computational calculation, QSAR modeling is evidently efficient and pivotal in AMPs 

design. This overview summarizes successful AMPs deign aided by QSAR models in recent 10 years. 

Except for bioactivity prediction, current trends in QSAR modeling aided drug design also involve 

chemical data curation, toxicity prediction, metabolism prediction and experimental validation. 

Additionally, there are still some challenges in QSAR modeling, such as ignorance of data heterogeneity, 

descriptors selection which need further research to perfect and explain. In summary, we have already 

witness the QSAR models contributing to different AMPs design, and we are expecting this method to 

thrive and continuously make contributions to human health. 
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