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Abstract: Quinazoline compounds have significant scientific implications and can be 

employed as tyrosine kinase inhibitors to treat cancer. A reasonable three-dimensional 

quantitative conformational relationship (3D-QSAR) model for quinazoline 

compounds was constructed using comparative molecular analysis (CoMFA) and 

comparative molecular similarity index analysis (CoMSIA) methods in order to obtain 

quinazoline compounds with good anti-tumor activity. The outcomes demonstrate the 

strong predictability and stability of the CoMFA and CoMSIA models(CoMFA: 

q2=0.752,r2=0.990,SEE=0.098, F=322.061; CoMSIA: q2=0.748, r2=0.991, SEE=0.095, 

F=286.959). The anti-tumor activity of the compound is benefited by the presence of 

large and hydrophilic negatively charged groups at the R, R3-position substitution site, 

according to the 3D-QSAR model analysis. The anti-tumor activity of the compound 

can also be enhanced by the presence of small volume hydrogen bonding receptor 

groups at the substitution sites of positions R1 and R2. Furthermore, hydrophobicity at 

position R1 is more beneficial, while hydrophobicity at position R2 is the opposite. 

The 3D-QSAR research results offer some theoretical groundwork for future 

structural modifications of Quinazoline molecules. 

Keywords: Quinazoline; Anti tumor; CoMFA; CoMSIA; 3D-QSAR. 

  



 

 

1 introduction 

Quinazoline, as a typical fused heterocyclic framework, finds extensive use in 

pharmaceutical and agricultural products (Fig. 1). Quinazoline compounds exhibit a 

wide range of biological and pharmacological properties, including 

anti-inflammatory[1,2], anti-allergenic[3], and anti-tumor[4-6] properties. Quinazoline 

compounds have demonstrated exceptional performance, particularly in the field of 

anti-tumor, which has prompted substantial research and development. Following 

extensive investigation, Quinazoline compounds have been shown to have a variety of 

anti-tumor actions. Of them, the inhibition of receptor tyrosine kinases (for example，

epidermal growth factor receptor-EGFR) is the most extensively investigated 

method[7,8]. Quinazoline drugs, including erlotinib[9,10], afatinib[11,12], and gefitinib[13,14] 

(see Fig. 1), have been developed as tyrosine kinase inhibitors for the therapeutic 

treatment of non-small cell lung cancer, based on this mechanism. 

 

Fig.1 Quinazoline and Quinazoline compounds 

Skin cancer patients with squamous cell carcinoma are extremely common 

among cancer patients, and their percentage is continually rising [15]. 

Consequently, the ability to develop effective medications that block skin 

squamous cell carcinoma is crucial to its treatment. Skin squamous cell 

carcinoma frequently exhibits overexpression of the tyrosine kinase family 



 

 

member epidermal growth factor receptor (EGFR) [16,17]. It has been 

demonstrated that quinazoline chemicals function as tyrosine kinase inhibitors in 

the treatment of cancer. Therefore, quinazoline compounds may be employed to 

treat skin squamous cell carcinoma due to their way of blocking tyrosine kinase.  

In order to quantitatively characterize the relationship between chemical 

structure and biological activity, the quantitative structure-activity relationship, 

or QSAR, is a mathematical approach that uses models, functions, and other 

mathematical techniques to determine the relationship between the 

physicochemical properties, structural parameters, and biological properties of 

compounds[18]. Comparative molecular similarity index analysis (CoMSIA) and 

comparative molecular force field analysis (CoMFA) are two of the most widely 

utilized three-dimensional quantitative structure-activity relationship (3D-QSAR) 

models. By using Partial least squares (PLS), the CoMFA model creates a 

3D-QSAR model that connects the three-dimensional field, electrostatic field, 

and biological activity[19]. With its three molecular fields—hydrophobic, 

hydrogen bond donor, and hydrogen bond acceptor—CoMSIA replaced the 

improved CoMFA model. This allowed for a clearer explanation of the 

relationship between biological activity and compound structure in the 

three-dimensional equipotential diagram of CoMSIA [20]. 

Through initial experimental research and the creation of a 3D-QSAR 

model, this article seeks to theoretically underpin the structural modification of 

quinazoline compounds. This will enable the design and synthesis of quinazoline 

compounds with improved therapeutic effects on skin squamous cell carcinoma 

in subsequent studies. 

2 Methods 

2.1 3D-QSAR 

In previous studies, some researchers have optimized and modified the structure 

of quinazoline to obtain a series of quinazoline compounds, MTT was then used to 

test the compounds' antitumor efficacy. Based on these previous studies, some of 



 

 

these compounds were selected for 3D-QSAR study and analysis[21,22](Table 1 and 

Table 2, Figure 2). Through comparative molecular force field analysis and 

comparative molecular similarity index analysis, the conformational relationships of 

quinazoline compounds were initially investigated, which provided a theoretical basis 

for the next structural optimisation as well as modification of quinazolines. 

Table1 Structure of quinazoline derivatives and their IC50 of A431 

Stucture of compounds Name R1 IC50（μM） 

 

10a N(CH3)2 0.047 

10b N(CH2CH3)2 0.111 

10c N(CH2CH2CH3)2 0.042 

10d N(CH3)CH(CH3)2 0.077 

10e N[CH(CH3)2]2 0.094 

10f N(CH3)CH2CH=CH2 0.033 

10g 
 

0.032 

10h 
 

0.150 

10i 
 

0.083 

10j 
 

0.081 

10k 
 

0.598 

10l OCH3 0.268 

10m O(CH2)2OCH3 0.077 

10n OCH2OCH3 0.306 

10o OH 0.315 

 

16a N(CH3)2 0.094 

16b N(CH2CH3)2 0.194 

16c N(CH2CH2CH3)2 0.145 

16g 
 

0.182 

 



 

 

Table 1(continued) 

Stucture of compounds Name R1 IC50（μM） 

 

16i 
 

0.589 

16j 
 

0.222 

16p 

 

0.616 

16q N(CH3)(CH2)2OCH3 0.564 

16r N(CH3)(CH2)2OH 0.329 

16s 
 

0.756 

 

Fig. 2 Structures of the compounds in Table 2 

Table2 Structure of quinazoline derivatives and their IC50 of A431 

Stucture of 

compounds 

Name Conformation R1 R2 R3 

IC50

（μM） 

Ⅰ TKI-1 S 

 

CH3 — 1.70 

TKI-2 S 

 

CH2CH3 — 10.18 



 

 

Table 2(continued) 

Stucture of 

compounds 

Name Conformation R1 R2 R3 

IC50

（μM） 

 

TKI-4 S 

 

CH2CH3 — 7.36 

TKI-5 S 

 

CH2CH3 — 13.20 

TKI-7 R 

 

CH3 — 0.35 

TKI-8 R 

 

CH2CH3 — 18.20 

TKI-11 R 

 

CH2CH3 — 5.26 

TKI-14 R 

 

CH2CH3 — 4.07 

Ⅱ TKI-19 S 

 

CH3 CH3 1.68 

TKI-20 S 

 

CH3 CH=CH2 1.50 

TKI-22 S 

 
 

CH2CH3 2.48 

TKI-23 S 

 

CH2CH2OCH3 CH2CH3 10.07 

TKI-28 S 

 

CH2CH3 CH=CH2 4.53 

TKI-30 S 

 

CH2CH3 CH=CH2 5.50 

TKI-33 S 

 

CH3 CH2CH3 2.92 



 

 

Table 2(continued) 

Stucture of 

compounds 

Name Conformation R1 R2 R3 

IC50

（μM） 

 

TKI-34 R 

 

CH3 CH3 1.41 

TKI-35 R 

 

CH3 CH=CH2 1.31 

TKI-36 R 

 

CH3 CH2CH3 1.51 

TKI-38 R 

 

CH2CH3 CH=CH2 4.53 

TKI-40 R 

 

CH2CH3 CH=CH2 1.94 

TKI-44 R 

 
 

CH2CH3 2.48 

TKI-45 R 

 

CH2CH2OCH3 CH2CH3 5.07 

TKI-46 S 

 

CH3 CH3 30.45 

TKI-47 R 

 

CH3 CH3 29.21 

TKI-49 R 

 

CH2CH3 CH3 4.12 

TKI-50 S 

 

CH2CH3 CH3 7.48 

Ⅲ TKI-52 S 

 

CH3 — 8.27 

TKI-56 R 

 

CH2CH3 — 4.36 



 

 

Table 2(continued) 

Stucture of 

compounds 

Name Conformation R1 R2 R3 

IC50

（μM） 

 

TKI-57 S 

 

CH2CH3 — 5.485 

TKI-59 R 

 

CH3 — 6.27 

Ⅳ TKI-61 S 

 

CH3 CH2CH3 8.11 

TKI-62 S 

 

CH3 C6H5 22.61 

TKI-64 S 

 

CH3 C(CH3)3 6.67 

TKI-65 R 

 

CH3 CH2CH3 4.50 

TKI-66 R 

 

CH2CH3 CH2CH3 17.15 

2.1.1 Databases 

In this work, 60 6-substituted-4-arylamino quinazoline derivatives were chosen 

as the research objects based on quinazoline derivatives reported in the literature for 

the study of conformational relationships. Of these, 45 compounds were extracted as 

the training set to establish Comparative molecular force field analysis and 

Comparative molecular similarity index analysis models, and the remaining 15 

compounds were used as the test set to measure the established models. pIC50 data 

were obtained from the IC50 of human skin squamous carcinoma cell A431 IC50 (IC50 

is the semi-inhibitory concentration of human skin squamous carcinoma cell A431), 

and its conversion formula is as follows: 

 pIC50 = −lgIC50 (1) 

2.1.2 Molecular force field optimization 



 

 

SYBYL-X 2.0 software was used to create the three-dimensional structures of 

each molecule, and molecular force field optimization came next. Gasteriger-Huckel 

charge was used as the molecular loading, Tripos standard molecular force field was 

chosen, and the Powell energy gradient method was used to optimize the energy with 

a maximum iteration step of 1×104 steps and an energy convergence value of 5×10-3 

kcal·mol-1. The remaining parameters were set in accordance with the system default 

settings. The aforementioned method of optimization was used to determine the best 

conformation (least energy) for sixty compounds in preparation for the following 

molecular stacking. 

2.1.3 Molecular alignment 

The molecular stacking serves as a starting point, and all the operations used next 

need to be performed on the basis of molecular stacking.  The quinazoline structure 

is present in all of the compounds, and the most effective active compounds are 

typically chosen as template molecules. As a result, this model superimposes the 

common components of the compounds in the training and test sets with the basic 

skeleton of the template molecule (compound 10g) using quinazoline as the basic 

skeleton(Fig. S1). 

2.1.4 Construction of CoMFA, CoMSIA models  

This work built a 3D-QSAR model using two techniques: CoMFA and CoMSIA. 

Both of these techniques are capable of accurately describing the connection between 

a drug's three-dimensional structure and its biological activity. This information can 

then be used to identify and screen compounds with higher levels of activity, which is 

a valuable resource for drug creation.  

The CoMFA model demonstrates and predicts the relationship between the 

structure and activity of compounds mainly through steric and electrostatic fields.The 

acquiescent CoMFA fields, steric and electrostatic fields, are calculated by 

Lennard-Jones potential (2) and Columbic potential (3), respectively.CoMFA 

descriptors were calculated using an sp3 carbon probe atom carrying+1 charge to 

generate Steric feld and Electrostatic feld with a distance dependent dielectric at each 

lattice points. Values of Steric and Electrostatic energy were truncated at 30 kcal/mol. 



 

 

And other parameters are default values of SYBYL-X 2.0. 

 EvdW = ∑ (Ajrij−12 − Cjrij−6)ni=1  (2) 

௖ܧ  = ∑ ௤೔௤ೕ஽௥೔ೕ௡௜=1   (3) 

where EvdWis the total potential energy of the van der Waals force, rijis distance 

between atom i of the molecule and the grid point j where the probe atom is located, 

Aj and Cj are constants depending on the van der Waals, radii of the corresponding 

atoms. Ec is coulomb interaction energy, qi is partial charge of atom i of the molecule, 

qj is charge of the probe atom, D is dielectric constant[23].  

The CoMFA method is more popular in 3D-QSAR, although it only takes into 

account the stereo field and electrostatic field, two force fields, and the analysis is not 

thorough enough. In contrast to CoMFA, CoMSIA incorporates three more force 

fields: the hydrophobic field, the hydrogen bond donor field, and the hydrogen bond 

acceptor field. Each of these fields plays a distinct role in the model's creation.By 

analyzing the force field effects of the two models, it is possible to make the predicted 

results more accurate. CoMSIA similarity index descriptors were derived in the same 

manner as CoMFA calculations. A grid spacing of 1 Å was used throughout the study. 

2.1.5 The principle and analysis of partial least squares method(PLS) 

Partial least squares (PLS) is a mathematical optimization technique that finds 

the best function match for a set of data by minimizing the sum of squares of errors. 

Some absolutely unknowable true values are obtained by the simplest method, and the 

sum of the square of the error is minimized. Able to perform regression modeling 

under conditions of severe multicollinearity among independent variables. 

As a result, PLS analysis was used to verify the CoMFA and CoMSIA models' 

predictive capacity. In order to get the optimal principal component score (ONC) for 

the training set and the correlation coefficient q2 for cross validation, the leave one out 

approach is first utilized to perform cross validation analysis on the training set. When 

its correlation coefficient is greater than 0.5, it can prove the reliability of the model's 

prediction performance. To find the non-cross validation correlation coefficient r2, 

standard error SEE, and Fisher test value F, perform non-cross validation using the 



 

 

obtained optimal principal component value. The value of the correlation coefficient 

is between -1 and 1, 1 indicates full positive correlation, -1 indicates complete 

negative correlation, and 0 indicates no correlation. However, because the 

non-cross-validation correlation coefficient is trained and tested on the same data set. 

Therefore, there may be overfitting and deviation in the results. To prevent the 

negative impact of single non cross validation on the predictive ability of the model, 

non check validation based on cross validation can effectively avoid this situation. q2 

is calculated using the following equation: 
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where q2 is the verification coefficient, which measures the goodness of fit of the 

regression model. The closer to 1 means that the model fits better, Ypred is the 

predicted value of the pIC50 values in the model, Yexp is the pIC50 value of the variable 

obtained from the actual experiment, Ymean is the average value of the pIC50 

values,∑(Ypred − Yexp) 2 is the predictive residual sum of squares (PRESS)[24]. 

The calculation formula for r2 is as follows: 
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The formula for the standard error of estimate (SEE) is: 
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The formula for the Fisher test value F is: 
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A value of 2r  closer to 1 indicates a higher degree of fitting of the model to the 

training set samples, meaning a stronger correlation between the calculated and 

experimental values. Conventionally, a model is considered statistically meaningful 



 

 

only if 8.02 r , and a value of 9.02 r  is regarded as indicative of an excellent 

fitting model. A smaller SEE value signifies lower prediction errors and higher 

prediction accuracy of the model. A larger F-value implies a more significant 

regression effect and thus higher statistical reliability of the model. The constructed 

models exhibit the characteristics of high 2r , low SEE, and large F-values, 

demonstrating that the models are accurate and reliable in terms of statistical fitting. 

2.2 Molecular docking 

The target protein EGFR (PDB ID: 3POZ) was downloaded from the RCSB 

PDB library, and the Surflex-Dock mode of SYBYL-X 2.0 software was employed to 

dock the target compound (Table 1 and Table2) with the protein 3POZ. Initially, the 

target compound was optimized using a molecular force field to minimize its 

molecular energy. A maximum of 10000 iterations was performed during the 

conformational optimization, with energy convergence set to 5 x 10-3 kcal/mol. In this 

process, the Tripos standard molecular force field was utilized, and the 

Gasteiger-Hückel charge was selected as the molecular charge; all other parameters 

were set to their default values. Subsequently, the target protein was optimized to 

extract the original ligand, expose the docking pocket, and remove any 

crystallographic water. The docking pocket was then generated based on the extracted 

original ligand, and the target compound molecules were introduced for docking. 

2.3 ADMET Prediction 

The pharmacokinetics and toxicity parameters of the target compounds were 

analyzed using the SWISSadme and PkCSM server. This tool predicts the absorption, 

distribution, metabolism, and excretion (ADMET) properties of the ligands. The 

evaluation of drug-like characteristics and toxicology was based on the criteria 

established by Lipinski, Ghose, Veber, Egan, and Muegge. Key parameters assessed 

included the number of hydrogen-bonded receptors and donors, the partition 

coefficient between octanol and water, the hydrophilicity of the compound, water 

solubility, and various other descriptors.  

3 Results  



 

 

3.1 Analysis results of CoMFA and CoMSIA models 

The key to evaluating the models' dependability is how accurate the predicted 

outcomes are. The series of data in Table 3 can prove that both the constructed 

CoMFA and CoMSIA models are very reliable and can accurately predict the activity 

of compounds.Relying only on the results in Table 2 is not a rigorous method of 

validating the models' reliability.The experimental and predicted values of pIC50 

values for the training and test sets were linearly fitted in order to further confirm the 

reliability of the CoMFA and CoMSIA models. The data in Fig. S2 indicates that 

although the correlation between experimental and predicted pIC50 values for a small 

number of compounds is poor, the correlation for the vast majority of compounds is 

good.Therefore, the prediction of the antitumour activity of the compounds by either 

the CoMFA model or the CoMSIA model is accurate and reliable. 

Table 3 Analysis results of CoMFA and CoMSIA models 

 N q2 ONC r2 SEE F 

COMFA 45 0.752 10 0.990 0.098 322.061 

COMSIA 45 0.748 12 0.991 0.095 286.959 

N total number of compounds in the training set; rational basis for CoMFA and CoMSIA 

models construction (q2>0.5; r2 ≈ 1; SEE ≈ 0; F>100) 

3.2 Three‑dimensional contour maps analysis of CoMFA model and activity  

prediction results 

Through analysis of the steric and electrostatic fields, the CoMFA model is 

utilized to predict the compounds' activity. In the CoMFA model, the weights of the 

electrostatic and steric fields are 47.4% and 52.6%, respectively. It is evident that the 

compound activity is influenced by both the steric and electrostatic fields, with the 

steric field having a marginally greater effect than the electrostatic field. 

As can be seen through Figure 3, the yellow-green region indicates the effect of 

the steric field on the activity of the compound, while the electrostatic field is 

represented by the red and blue regions. Firstly, analysing the effect of the steric field 

on the activity of the compounds, the yellow region indicates that the introduction of a 

smaller or reduced volume of the original substituent in the region can effectively 



 

 

increase the activity of the compounds.In contrast, a high volume of the substituent or 

an increase in the volume of the substituent can raise the activity in the green region. 

As depicted in Figure 3, position I exhibits a distinctly large-scale green region, 

whereas positions II and III have yellow patches. As a result, at position I, a big 

substituent will boost the compound's activity; for instance, the compound's IC50 will 

be 10G<10C<10A, which is in line with the CoMFA model's prediction.The sole 

distinction between TKI-44 and TKI-36 is the substituent at the II position, according 

to the model's projected conclusion. At position II, on the other hand, a decrease in the 

substituent's volume has a favorable effect on the compound's activity. The substituent 

group at position II is the only distinction between TKI-44 and TKI-36. The model's 

conclusion states that the activity of TKI-44 with a bigger substituent group should be 

lower, which is consistent with the actual findings.The circumstances at position III 

are essentially the same as those at position II. By contrasting the TKI-8 and TKI-11 

activities, it is possible to determine that the TKI-8 activity at position III with a larger 

substituent group is even worse, which is consistent with the findings from the model 

analysis. 

 

Fig.3 Steric field equipotential diagrams of compounds 10G (A), TKI-36 (B), TKI-11 (C), and 

TKI-8 (D) in the CoMFA model 



 

 

Next, examine the CoMFA model's electrostatic field equation, as shown in 

Figure 4. The blue area indicates that introducing positively charged groups in this 

area can effectively increase the activity of the compound, while the red area is the 

opposite. A significant blue area in region I suggests that the compound's activity 

benefits from the presence of positively charged groups in this area. For instance, The 

electron-donating effect of the methyl and allyl groups attached to the nitrogen atom 

in the R1 group of compound 10F is weaker than that of the two isopropyl groups 

attached to the nitrogen in the R1 group of compound 10E. Therefore, the positive 

charge of 10F is stronger than that of 10E, and the activity of 10f is higher than that of 

10e, which is consistent with the experimental results. Negatively charged groups are 

more conducive to the compound's activity in Region II, which is opposite to Region I. 

Due to geometric factors, the oxygen atom of R1 in 16P is farther from the center of 

the red region compared to the oxygen atom of R1 in 16Q. Therefore, the negative 

charge in the red region of 16P is smaller than that of 16Q, and its activity is also 

weaker than that of 16Q, which is consistent with the experimental results. 

 

Fig.4 Electrostatic field equipotential diagrams of compounds 10F (A), 10E (B), 16P (C), and 16Q 

(D) in the CoMFA model 

3.3 Three‑dimensional contour maps analysis of CoMSIA model and activity  

prediction results 

The CoMSIA model's three-dimensional equipotential diagram is primarily 



 

 

composed of five fields: the hydrophobic field, the donor and acceptor hydrogen 

bonds, the electrostatic field, and the steric field. 15.2%, 24.3%, 25.6%, 12.8%, and 

22.1% are their respective effect weights. The percentage of weights indicates that 

each of the five components approximately equally influences the outcome of the 

prediction.It will not be necessary to go into further detail because the effects of the 

stereo field and electrostatic field on the activity of compounds in the CoMSIA model 

are essentially the same as the effects of the neutral body field and electrostatic field 

on the activity of compounds in the CoMFA model (Fig. S3). Subsequently, we will 

primarily examine how the hydrophobic field and hydrogen bond acceptor (donor) 

field affect a compound's ability to fight cancer. 

The effect of hydrophobic fields on compound activity is shown in Figure 5 and 

Figure S4. The yellow areas indicate that introducing hydrophobic groups in these 

regions can increase compound activity, while the large white areas in region I 

suggest that introducing hydrophilic groups is favorable for enhancing compound 

activity. Compared to compounds 10G and 16G, due to the different rigidity of the 

triple and double bonds on their carbon chains, the hydrophilic group of 16G is not 

located in region I, resulting in lower activity compared to 10G, which is consistent 

with the experimental results (Figure 5).Similar to Region I, Region II is a white area, 

suggesting that hydrophilic groups are more suited to enhancing activity in this region. 

It is clear from comparing Figures S4A and S4B that TKI-45, but not TKI-47, has 

hydrophilic methoxy groups in Region II. As a result, TKI-45 ought to have stronger 

anti-tumor action than TKI-47, according to experimental findings.Region IV is the 

opposite of Region III, which shows the necessity for hydrophilic groups. Since 

halogen atoms are hydrophobic groups, they belong more in area IV, which is better 

for the compound's activity.Compound TKI-52's halogen group is situated in area III, 

as seen in Figures S4C and S4D, which lowers the compound's activity. TKI-59, on 

the other hand, benefits from having halogen groups in region IV, which is where 

hydrophobic groups are more required for optimal activity.Compounds TKI-52 and 

TKI-59 have identical structures save for their various configurations, yet they have 

diverse experimental activity. This issue can have a specific explanation given the 



 

 

above examination of areas III and IV. Furthermore, this point of view can be further 

supported by Figures S4A and S4B. 

 

Fig.5 Hydrophobic field equipotential diagrams of compounds 10G (A) and 16G (B) in the 

CoMSIA model 

The effects of hydrogen bond donor and acceptor fields on chemical activity are 

mainly discussed in Figures S5 and S6. Figure S5 shows that the purple regions 

represent hydrogen bond donor fields, where introducing hydrogen bond donors is 

beneficial for enhancing the compound's activity. The cyan regions represent 

hydrogen bond acceptor fields, where introducing hydrogen bond acceptors can 

improve the compound's activity. For example, the activity of compound TKI-19 is 

lower than that of TKI-20 because the hydrogen bond acceptor carbonyl oxygen in 

TKI-19 points away from the hydrogen bond acceptor field. Although the nitrogen 

atom in the tricyclic ring is within the hydrogen bond acceptor field, steric hindrance 

hinders hydrogen bond formation, negatively affecting its activity. In TKI-20, a 

hydrogen bond acceptor carbonyl oxygen points into the hydrogen bond acceptor field, 

which facilitates hydrogen bond formation and enhances the compound's activity. As 

seen in Figure S6, the existence of hydrogen bonding acceptors to increase the 

compound's activity is indicated by the purple red area. Each of the compounds 

chosen using this training set has a large number of hydrogen bond acceptor groups, 

and the hydrogen bond acceptor field has a generally positive impact on each 

chemical. The hydrogen bond acceptor field cannot, however, have a major impact or 

be the deciding factor. Consequently, the activities of various compounds still differ 

significantly from one another. 

3.4 Application value of 3D-QSAR model 

This article successfully constructed a 3D-QSAR model based on quinazoline 



 

 

compounds, which not only confirmed the core role of quinazoline mother nucleus in 

anti-tumor activity, but also revealed the important contributions of - NH - and 

carbonyl groups in the left side chain structure to anti-tumor activity. Through 

systematic molecular field analysis, we have obtained CoMFA and CoMSIA models 

with good predictive ability. To demonstrate the application value of the model, 8 

quinazoline compounds with quinazoline as the parent nucleus were selected for 

anti-tumor activity testing[25-29](Fig.S7). As shown in Table 5, the established 

3D-QSAR model successfully predicted the antitumor activity of the target 

compounds. The results indicate that the CoMFA and CoMSIA models produced 

similar predictions for the same compounds. Compared with the pIC50 values of eight 

compounds reported in the literature against EGFR or different cell lines, the pIC50 

differences for the same target protein, EGFR, or the same cell lines are minimal, 

which confirms the reliability of the 3D-QSAR model established in this study. 

 

 

 

Table 5 Predicted pIC50 results and experimental pIC50 value of target compounds 

Name 
CoMFA CoMSIA experimental value 

pIC50 pIC50 pIC50 

1a 6.619 6.251 6.495* 

1b 6.128 6.568 6.420* 

2a 5.773 6.086 5.013* 

3a 6.149 6.214 4.955** 

4a 5.893 6.167 5.494# 

4b 6.168 6.239 5.893# 

5a 6.333 5.998 5.910# 

5b 6.417 6.304 5.896# 

*indicates that the number represents the pIC50 value of the compound against EGFR. **indicates that the number 

is the pIC50 value of the compound against MGC803. #indicates that the number represents the pIC50 value of the 



 

 

compound against A431. 

 

3.5 Results of the molecular docking 

The Surflex-Dock scoring function, including the total score and Cscore, serves 

as indicators for assessing the interaction between ligands and target proteins. A 

higher total score suggests a more favorable outcome, with a standard threshold 

established at 5. A Cscore of 5 indicates a full score, while a Cscore of 4 denotes 

reliable docking results. The data presented in Table S3 demonstrate that the majority 

of the target compounds met the established scoring criteria, thereby confirming the 

reliability of the docking results between the target compounds and the target protein 

3POZ. 

Due to the large number of target compounds, 10F, 16P, TKI-2, TKI-23, TKI-57, 

and TKI-66 were selected as examples to analyze the molecular docking results. 

According to Fig. S8, the NH and O atoms in the left clade of the compound 10F 

structure, along with the N atoms in R1, form hydrogen bonds with the amino acid 

residues A/ASN842, A/LYS745, and A/ASP837, respectively. The docking results 

depicted in Fig. S9 indicate that the carbonyl oxygen compound 16P forms hydrogen 

bonds with the amino acid residue A/THR854. In Fig. S10, the N atom of the parent 

nucleus forms a bond with A/MET793, and the NH atom of the right fragment of the 

compound forms a hydrogen bond with A/ARG841, respectively. As shown in Fig. 

S11, the docking results for compound TKI-23, reveal that the amino acid residue 

A/MET793 simultaneously forms hydrogen bonds with the N atom in the parent 

nucleus and the NH of the left clade; additionally, the O atom in the ternary ring also 

forms hydrogen bonds with the amino acid residue A/LYS745. Based on the docking 

results illustrated in Fig. S12, the N atom of compound TKI-57 continues to form 

hydrogen bonds with the amino acid residue A/MET793, while both the O atoms in 

the left clade and the O atoms in the ternary ring establish hydrogen bonds with the 

amino acid residue A/LYS745. Fig. S13 shows that the N atom in the parent nucleus 

of compound TKI-66 and the N atom in the pyridine ring on the right form hydrogen 

bonds with the amino acid residues A/LYS745 and A/ASP855, respectively. These 



 

 

findings indicate that the target compounds can form multiple active sites with the 

target protein 3POZ, thereby enhancing the binding affinity of the target compounds 

to the target protein.As illustrated in Fig. S8 (B) to S13 (B), the target compounds 

create active docking pockets with the target protein and are effectively integrated 

within these pockets. This interaction minimizes the likelihood of off-target effects 

and further reinforces the ability of the compounds to inhibit the proliferation and 

growth of tumor cells. 

3.6 Results of the ADMET analysis 

Good pharmacokinetic (PK) properties are essential for the effective use of drugs 

in clinical practice. PK predictions were made for the target compound series 10, 

series 16, and the TKI series. Key PK parameters that influence effective drug activity 

in the body include systemic exposure (which is affected by absorption, distribution, 

metabolism, and excretion), bioavailability (influenced by absorption and 

metabolism), and elimination processes (determined by metabolism, distribution, and 

excretion). Among these parameters, Lipinski's Rule of Five serves as the classical 

criterion for assessing whether a compound possesses favorable pharmacokinetic 

properties. Additionally, Gose, Veber, Egan, and Muegge provide alternative methods 

for evaluation. 

According to Lipinski's five rules, the logarithm of the lipophilicity coefficient 

(LogP) should be less than 5, the number of hydrogen bond acceptor atoms (HBA) in 

the molecule should not exceed 10, the number of hydrogen bond donor atoms (HBD) 

in the molecule should not exceed 5. The predicted results presented in Table S4 show 

that the 10th series does not violate any of Lipinski's rules. Series 16 is comparable to 

series 10, with the majority of compounds in both series adhering to the rules; 

however, compound 16s violated one rule, which significantly impacted its 

pharmacokinetic properties. Consequently, the prediction results for series 10 and 

series 16 suggest that they possess favorable pharmacokinetic profiles. With the 

exception of TKI-66, which violates two of Lipinski's rules, the other compounds in 

this study generally violate at most one rule, indicating potential issues with 

pharmacokinetics and oral absorption for TKI-66. In conclusion, based on Lipinski's 



 

 

five rules, all predicted compounds exhibit good pharmacokinetic properties, with the 

exception of TKI-66. Other well-known drug similarity rules include the Verber, 

Ghose, Egan, and Muegge rules, as detailed in the footnote of Table S4. According to 

the prediction results presented in Table S4, the vast majority of the series 10,16 and 

TKI series comply with the Lipinski, Ghose, Veber, Egan, and Muegge rules, 

indicating a strong potential for favorable oral bioavailability and pharmacokinetic 

properties.  

There are certain limitations to evaluating the pharmacokinetic and toxicity 

properties of compounds solely through the SWISSadme server. Therefore, this study 

further analyzed the ADMET characteristics of the compound using a Deep PK server. 

As shown in Table S5, the CaCo-2 permeability (Log Papp) of the 10 series 

compounds ranges from -5 to -4.5, indicating poor membrane permeability. However, 

the human intestinal absorption rate (HIA) of this series of compounds showed 

excellent performance (all>0.88), suggesting that they may have good oral 

bioavailability. In terms of distribution and metabolism, except for compound 10b, the 

other 10 series of compounds exhibit good blood-brain barrier penetration ability 

(BBB penetration). In addition, the plasma protein binding rates of these compounds 

are generally high (>90%), which may lead to a decrease in the concentration of free 

drugs, thereby affecting their efficacy. It is worth noting that this series of compounds 

interact with cytochrome P450 (CYP) enzymes to varying degrees, with most 

compounds acting as inhibitors of CYP2D6 and CYP3A4, which may enhance their 

metabolic stability but also increase the potential risk of drug drug interactions. The 

pharmacokinetic characteristics of the 10 series compounds show that their half-life is 

short (<3 h) and their clearance rate is high (5.41-8.14 mL/min/kg), indicating that 

their metabolic rate is fast in the liver or kidney, which may affect clinical efficacy. 

The toxicity assessment results indicate that the AMES toxicity and carcinogenicity of 

this series of compounds are low, but the HERG (hERG) potassium channel blocking 

activity is high, which may induce cardiac toxicity. Among them, compound 10o 

showed superior toxicity, carcinogenicity, and HERG blocking activity in AMES, and 

has the potential for further research. 



 

 

The ADMET characteristics of the 16 series compounds are similar to those of 

the 10 series compounds (Table S6), so they will not be repeated here. The analysis 

results of TKI series compounds (Tables S7-S9) show that their membrane 

permeability is poor, but their human intestinal absorption rate is high, and their 

plasma protein binding rate is high, similar to the 10 series compounds. Differently, 

the blood-brain barrier penetration rate (BBB Penetration) of TKI series compounds is 

generally low (<0.32), indicating their difficulty in entering the central nervous 

system. This characteristic may be more advantageous in the development of 

peripheral acting drugs, such as anti-inflammatory or anti-tumor drugs, as it can 

reduce potential neurotoxicity and central side effects. In addition, TKI series 

compounds exhibit strong CYP3A4 substrate activity, suggesting that they may be 

rapidly metabolized through CYP3A4 mediated pathways. In terms of clearance rate, 

TKI series compounds exhibit high clearance efficiency similar to the 10 series 

compounds. Toxicity assessment shows that the AMES toxicity and carcinogenicity of 

TKI series compounds are slightly higher than those of 10 series compounds, but their 

HERG blocking activity is significantly reduced, indicating a lower risk of cardiac 

toxicity. 

The comprehensive evaluation results based on SWISSadme and Deep PK 

servers indicate that all compounds exhibit certain limitations in terms of 

pharmacokinetics and toxicity. To address these deficiencies, the following 

optimization strategies can be adopted: (1) improving membrane permeability through 

structural modification; (2) Introducing specific functional groups to reduce plasma 

protein binding rate; (3) Optimize molecular structure to regulate CYP enzyme 

metabolic characteristics; (4) Develop sustained-release formulations for compounds 

with short half lives. These optimization directions will provide important theoretical 

guidance for the subsequent development of compounds. Despite the aforementioned 

challenges, the established design model for quinazoline compounds still 

demonstrates promising development prospects. 

4 Discussions 



 

 

This section provides a brief overview of the structure-activity connection of 

Quinazoline compounds through a study of the 3D-QSAR model's prediction results. 

As demonstrated in Fig. S14, the compound's anti-tumor efficacy is enhanced when 

the R substituent is a large, hydrophilic negatively charged group. Fig. S15 displays 

the structure-activity connection of quinazoline compounds in the TKI class. To 

improve the compound's anti-tumor activity, the R1 substituent should ideally be a 

small volume, hydrophobic hydrogen bond acceptor group; the compound's activity 

will be improved if the R2 substituent is a hydrophilic group and other conditions are 

similar to those of the R1 substituent; We won't repeat the benefit structure of R3 

substituent because it is identical to that of R substituent in Fig. S14. 

Molecular docking studies have shown that the N atom of the quinazoline parent 

nucleus forms stable hydrogen bonds with the amino acid residues of the target 

protein in the docking conformation, which fully confirms the structural necessity of 

the parent nucleus in maintaining the binding conformation. Taking compound 10F 

from the 10 series as an example, the secondary amine group (-NH-) and O atom 

amino acid residue on the left side of the chain form a double hydrogen bond network, 

confirming that this chain is the key chain for the 10 series compounds to function. It 

is worth noting that the R substituent of 10F, as a hydrophilic group, can form 

hydrogen bonds with the corresponding amino acid residues, which is consistent with 

the predicted results of the QSAR model that “hydrophilic R groups can enhance 

anti-tumor activity”. Both the 16 series and TKI series compounds exhibit similar 

hydrogen bonding patterns in the left side chain region, indicating that the left side 

chain plays the same role in different series of compounds. However, TKI-66 exhibits 

unique binding characteristics: its R1 substituent acts as a hydrogen bond acceptor 

group to form hydrogen bonds with amino acid residues, which is highly consistent 

with the conclusion of the QSAR model that “introducing hydrogen bond acceptor 

groups at the R1 site can enhance anti-tumor activity”, providing a clear direction for 

subsequent structural optimization. 

5 Conclusions 



 

 

This article successfully established a 3D-QSAR model using CoMFA and 

CoMSIA methods. This model looked into the connection between Quinazoline 

chemicals' anti-tumor efficacy and structure. The model's analytical results indicate 

that the expected outcomes are reasonable and dependable(CoMFA: q2=0.752, 

r2=0.990, SEE=0.098, F=322.061; CoMSIA: q2=0.748, r2=0.991, SEE=0.095, 

F=286.959), in line with the findings of the experiment. The equipotential diagram's 

findings show that the compound's activity is enhanced by the presence of bigger, 

hydrophilic negatively charged groups at the R, R3-position substitution site. While 

the R2-site substitution is identical to the R1-site substitution with the exception of the 

hydrophobic stereofield analysis, the tiny volume and hydrophobic hydrogen bond 

acceptor group at the R1-site substitution can increase its anti-tumor effectiveness. 

Consequently, the compound's anti-tumor action benefits from the hydrophilicity of 

the R2-substituted group. The molecular docking study between the compound and the 

target protein EGFR showed that the results were consistent with the predicted results 

of the 3D-QSAR model. Through ADMET analysis, it was found that although the 

target compound has certain defects, it still exhibits good pharmacokinetic properties 

and low toxicity. To verify the universality of the model, 10 quinazoline compounds 

were selected for anti-tumor activity prediction, and the prediction results were good. 

The prediction results of CoMFA and CoMSIA models were highly consistent, further 

proving the reliability of the model. The 3D-QSAR model's analysis of the data offers 

a theoretical foundation for Quinazoline compounds' future structural alteration. 
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