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Abstract: Comprehensive preponderance of breast cancer and its high recurrence attracts the attention of many research 
programs in drug discovery. Several statistics are used to evaluate its occurrence. The discovery of new and more efficient anti-
cancer agents is a key area in chemotherapy. A Quantitative-Structure-Activity Relationship (QSAR) study was performed on 4, 
6-diaryl-2-pyrimidinamine derivatives; several highly descriptive and predictive QSAR models for these compounds were obtained. 
In the present study, QSAR studies have been performed on 31 compounds of 4, 6-diaryl-2-pyrimidinamine derivatives as anti-
breast cancer agents using CHEM sketch and NCSS Software. The software includes; ChemDraw version 12.0.2, Spartan'14 
(version 1.1.2), Material Studio (V8) software, Pyrex software, PADEL V2.20, DTC data lab software version, and Auto Dock 
Visualizer version 4.2. QSAR models have been developed by using multiple linear regressions to identify descriptors, which focus 
on biological activity, Leave One out Method was employed in cross-validation analysis to validate the developed model and has 
indicated that activity can be best modeled in multi-parametric regression). Upon applying the Leave One out (LOO) method, one 
compound which exists as an outlier leads to qualitative findings with a high degree of statistical significance and good predictive 
ability. 
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1. INTRODUCTION 
 
One of the crucial public health concerns having captured 
global attention is cancer. Until recently, many corresponding 
incidences and mortality statistics have indicated an uptick in 
cancer in economically developing and developed nations 1,2. 
Breast cancer is amongst a few of the many types which have 
witnessed an unprecedented rise. Although a progression in 
the treatment regime is upscaled, a ray of hope exists in 
identifying novel anticancer agents to ward off breast cancer 3. 
Currently, anti-cancer agents obtained from natural sources 
have found immense usage 4. Breast cancer originates from 
breast tissues 5 clinically manifested as a lump in the breast, 
change in breast shape, dimpling of the skin, red or scaly patch 

of skin, or inverted nipple6. These attributes can be 
accompanied by shortness of breath, bone pain, swollen lymph 
nodes, or yellowing of skin 7. Reportedly, in 80% of the cases, 
it is a lump that leads to a preliminary diagnosis of breast 
cancer 8. Other pathophysiological indicators include inflamed 
armpits and collarbone 9, which might not be accompanied by 
pain. Pain in the breast could be associated with other health 
issues, not necessarily malignancy 10. Early detection of breast 
cancers was made possible through mammography 11. Based 
on recent molecular techniques like immune- histology and 
gene expression profiling, breast cancer can be categorized 
into four major types 12 (Figure 1). Treatment of breast cancer 
is undertaken by different therapies 13-18 (Figure 2). 

 

 
 

Fig. 1: Techniques for Breast-cancer detection 
 

 
 

Fig. 2: Treatment regime of Breast cancer 
 
India had an estimated 11.6 lakh new cancer cases in 2018, 
according to a report by the World Health Organization 
(WHO), which speculated one in 10 Indians will develop 
cancer during their lifetime and one in 15 will die of the 

disease.  Breast cancer is the most frequently diagnosed cancer 
and the leading cause of cancer death among females 
worldwide, according to Global Cancer (GLOBOCAN) 2018 
19. Primary sources which trigger breast cancer include 
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environmental factors and dietary aberrations; secondary ones 
include virus-mediated genetic disturbances 20. The 
deregulation mainly recognized in breast cancer is the 
inactivation of tumor suppressor genes and hyper-activation of 
proto-oncogenes 21. It is described as a heterogeneous group 

of neoplasm having posed an immense challenge in modern 
medicine 22. This fact has necessitated an urge to screen plant-
derived novel bio-therapeutics as promiscuous anti-cancer 
tools (Figure 3) elucidates a generalized mechanism of breast 
cancer path physiology, risk factors, and sources. 

 

 
 

Fig. 3: Pathophysiology of Breast Cancer 
 
4, 6-diaryl-2-Pyrimidine derivatives and their related 
compounds are known to be associated with biodynamic 
properties23. They possess potential pharmacological 
properties exhibiting anti-HIV, anticancer, analgesic, and anti-
inflammatory effects. The 2-pyrimidine amine scaffold is the 
key skeleton of pazopanib, the Vascular Endothelial Growth 
Factor Receptor-2 (VEGFR-2) inhibitor 24. It is known that 
VEGFR-2 plays a key role in the angiogenesis pathway, which 
participates in the proliferation, metastasis, and invasion of 
breast cancer cells. The Quantitative Structure-Activity 
Relationship (QSAR) method provides a promising approach 

for estimating the activity based on the descriptors derived 
from the molecular structures25,26. QSAR also revealed the 
positive and negative electrostatics regions of the active 
compounds. Structure prediction through QSAR plays a key 
tool in medicinal chemistry 27,28. QSARs and Quantitative 
Structure-Property Relationships (QSPRs) are twin 
"computational chemistry" disciplines, which consist of 
searching for similarities between molecules in large databases 
of existing molecules with known properties 29. Developing 
such a relationship helps us identify compounds' physical, 
chemical, and biological properties based on understanding the 
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phenomena observed or developing new theories. The 
current scope of the study was based on developing a novel 
model for studying the relationship between structure and 
anti-breast cancer activity of 4, 6-diaryl-2-pyrimidinamine and 
their derivatives. Mathematical methods can be used to 
establish the relationship between the structural 
characteristics of the molecule and its properties. Multiple 
Linear Regression (MLR), cross-validation analyses, Partial 
Least Squares (PLS), and Leave One out (LOO) were applied 
to a series of 4, 6-diaryl-2-pyrimidinamine to develop a QSAR 
model to predict anti-breast cancer activity 30, 31 reliably. The 
best model was validated by the regression coefficient (R2). 
 
1.1 Molecular optimization 
 

The physico-chemical properties of the molecules can be 
analyzed using various electronic and molecular parameters 
through geometrical optimization 32. (ChemDraw (V12.0.2) 
software was employed to sketch the compounds in 2D 
format. These structures were then converted into a 3D 

format, and additional optimization was included using Spartan 
14 (V1.1.4) software. The complete optimization based on 
these parameters, Density functional theory (DFT), includes 
applying the B3LYP version and 6-311G∗ basis set 33, 34. 
 
2. EXPERIMENTAL 
 
All computational studies were performed using Chem. Sketch 
software and NCSS-11 35. It provides sequential and stepwise 
multiple regression analysis with linear and parabolic 
relationships to generate the QSAR model. Table 1 
corroborates the recommended values of QSAR equation 36. 
Chemical structures of 31 (Table 2) analogs were drawn with 
the help of ACD labs software which helps in the calculation 
of physicochemical descriptors, and the log P has been drawn 
from the literature. NCSS-11 Software does multiple 
regressions. The regression coefficient (R2) & the cross-
regression coefficient (Q2) validated the best model.

  

Table 1:  Recommended values for evaluating the QSAR equation 
Character Name Value 

R2 Regression coefficient >0.88 
N Number of compounds 31 
Q2 Cross-regression coefficient 0.7 
R2

A Regression value >0.86 
F-ratio Fishers ratio >50.9 

Se Standard error <0.10 
 

Table 2:- Structural details along with their LogP values. 
Comp.No. Parent Structure R R1

 LogP 
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3. RESULTS AND DISCUSSION 
 
The principle underlying QSAR computational methods are based on implementing and deriving a mathematical relationship that 
quantitatively links molecular descriptors with a macroscopic observable (physicochemical property or biological activity) for a 
series of matching chemical compounds using statistical analytics. A generalized mathematical form of QSAR is represented below. 
 
 
 
 
3.1 Physicochemical and structural properties 37 
 
Of vital significance is an analysis of structural data to detect the determining factors for the property or activity measured. In the 
concluding step, the developed models undergo various internal and external validation procedures to test their statistical 
significance, robustness, and predictive power 38. The current challenge in the QSAR model development process is undeniably in 
developing a model that can accurately predict the therapeutic activities of new chemicals 39. Pyrimidine, being indigenous to 
synthetic chemistry, acts as an enabler of structurally diverse derivatives, such as analogs originating from the substitution of the 
aryl ring, derivatization of the nitrogen in pyrimidine, and substitutions at the carbon at positions 2, 4, 5, and 6 40. Some novel 
pyrimidine derivatives have been studied previously for their anti-cancerous activity, including 2, 4-disubstituted 41-43 2, 5-
Disubstituted 44 and 4, 6-Disubstituted 45.4, 6-diaryl-2-pyrimidinamine derivatives exhibit appropriate activities in pharmacological 
studies 46-48. Recently, QSAR modeling has been used to quantitatively validate the structure relationship of 2-anilinopyrimidine 49. 
In the present study, the data set from Table 2 were subjected to regression analysis which subsequently gave a correlation matrix 
showing inter-correlation among the selected descriptors and the anti-breast cancer agent (log P) activity. The variable selection 
for multiple regression analysis has indicated the possibility of using only eight physicochemical parameters for modeling the anti-
breast cancer activity (log P) (Table 3).  Regression analysis is reported in Table 4, generated as a result of successive use of one 
to eight descriptors. The statistically significant models obtained from MLR analysis are reported below. 
 
3.2 MLR 
 
Multiple linear regressions is a statistical method used to investigate the relationship between one dependent variable and several 
independent variables, where the dependent variable is sometimes referred to as the response and the independent variables are 
referred to as the predictors. It is a mathematical method for reducing the difference between experimental and predicted values 
of biological activities 50, 51. A regression diagnostics study was conducted on known chemical moieties to detect potential outliers 
by computing leverage values (hii) and studentized deleted residuals (r*i). In addition, the hat matrix's diagonal elements, known 
as leverage values, were used as identification tools for outlying X observations. The study output revealed leverage values, which 
were greater than 2(p1/n), were projected as outliers in terms of their X values 52. In a similar study conducted, the magnitude of 
the studentized residuals, on the other hand, was used to identify outlying Y observations. The reliability and predictability of any 
model are indicated by a high correlation coefficient (R 14 0,768) and a low standard deviation error in prediction 53. An in silico 
design study on pyridinyl imidazoles as c-jun N-terminal kinase-3 inhibitors were carried out, creating two-dimensional QSAR 
models. Briefly, the observed squared correlation coefficient (R2 > 0.6), a relative indicator of the fit quality, was one of the 
statistical criteria used to select the best model. Internal and external validations were utilized to assess the significance of created 
models and their precise prediction capacity 54. 

 
3.3 One-Variable Model 
 

Subsequent regression analysis indicated that IR as a   correlating descriptor in the One-Variable Model is the best model for 
modeling the log P. This model is as follows: 
 

logP=-29.4590(±5.3727) IR +52.7663.      (1) 

N=19, Se=0.1985, R2=0.5090, R2
A=0.4921, F-ratio=30.066. 

 
Here and hereafter, N is the number of compounds, Se is the standard error, R2 is the squared correlation coefficient, R2A is 
adjusted R2, and F-ratio is the Fishers ratio. The negative coefficient of IR indicates that the decrease in its magnitude will enhance 
the activity log P. 
 
3.3.1 Two-Variable Model 
 
When MW and PC were taken together, the model significantly improved all the parameters. For example, the R2 value changes 
from 0.5090 to 0.7130. Similarly, improvement in adjusted R2 also shows that the bi-parametric model has been obtained with 
improved statistics as follows: 

 
logP =-0.1428(±0.0179) MW +0.0601(±0.0072) PC +9.2142   (2) 

 
N =31, Se=0.1544, R2 =0.7130, R2

A=0.6925, F-ratio =34.778 
 

Activity ¼ f (X) X  
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3.3.2 Three-Variable Model 
 
A Tri-parametric model was obtained when MW, MR, and PC were taken together. In this model, the R2 shows good improvement.  
 

logP =-0.0971(±0.0193)MW -0.4951(±0.1339)MR +0.0994(±0.0122) PC+15.0878  (3) 
  
N=31, Se=0.1281, R2 =0.8095, R2A =0.7883, F=38.224 
 
3.3.3 Four-Variable Model 
 
A tetra–parametric model was obtained when MW, PC, IR, and ST were taken together. In this model, the shows significant 
improvement. 
  
logP =-0.1536(±0.0227 MW+0.0593(±0.0100) PC-74.3551(±13.6973)IR+0.3177 (±0.0504)ST+119.8908             (4)                

      
N=31, Se =0.1006, R2 =0.8869, R2 A=0.8695, F= 50.991 
  
To investigate the predictive ability of the proposed model, we have estimated various cross-validated parameters using the cross-
validation method. These parameters demonstrated in Table 5 indicate that multi-parametric models are best for modeling. 
 
3.4 MLR Results after deletion 
 
One of the compounds is found to be an outlier; upon deletion of this compound no 6, a tetra metric model with the best modeling 
activity is noted mentioned as follows: 
 
logP = -0.1591368 (±0.01792478) MW+0.06291306 (±0.007978716) PC-67.71675(±10.87715) IR+0.2986334 (±0.0398771) 
ST+108.8756                                                                                                                                                                   (5) 
      
N=30, Se =0.0781, R2 =0.9290, R2 A=0.9176, F= 81.763 
 
This model is excellent for modeling the activity of the compounds of the present study, as reported in Table 5. To obtain further 
support in favor of our result, we have also estimated the activity of compounds and found that the estimated values are very 
close to the observed activity, as demonstrated in Table 6. The residue, i.e., the difference between the observed and estimated 
values, confirms these feelings. The final support in our favor is obtained by plotting the estimated activity against the observed 
activity, and such a plot shown is the best suitable model for modeling of 4, 6-diaryl-2-pyrimidinamine derivative used in the present 
study demonstrated in (Figures 4 and 5). 
 

Table 3: -Values of the calculated physicochemical parameters along the objective used in the present study 
Comp.No. MW MR MV PC IR ST D POL 

1 483.56 141.60 393.80 1057.90 1.64 52.00 1.23 56.13 

2 469.53 136.81 386.20 1016.30 1.67 57.90 1.27 54.23 

3 455.51 132.01 342.70 974.60 1.70 65.40 1.33 52.33 

4 497.59 146.07 401.20 1095.80 1.65 55.60 1.24 57.91 

5 483.56 141.28 375.70 1054.20 1.68 61.90 1.29 56.00 

6 509.60 148.64 409.30 1127.00 1.65 57.40 1.24 58.92 

7 495.57 143.85 383.80 1083.60 1.67 63.50 1.29 57.02 

8 481.54 139.05 358.20 1040.20 1.70 71.10 1.34 55.12 

9 509.60 148.46 401.50 1123.70 1.66 61.30 1.27 58.85 

10 495.57 143.66 375.90 1080.30 1.69 68.10 1.32 56.95 

11 511.57 145.45 392.50 1103.90 1.66 62.50 1.30 57.66 

12 497.54 140.65 367.00 1060.50 1.69 69.70 1.35 55.76 

13 538.64 156.92 438.10 1193.40 1.64 55.00 1.23 62.20 

14 524.61 152.12 412.60 1150.00 1.66 60.30 1.27 60.30 

15 510.59 147.32 387.00 1106.60 1.69 66.80 1.32 58.40 

16 470.56 138.64 401.20 1050.60 1.61 47.00 1.17 54.96 

17 456.53 133.85 375.60 1009.00 1.63 52.00 1.21 53.06 

18 442.51 129.05 350.10 967.30 1.66 58.20 1.26 51.16 

19 498.51 147.91 434.20 1130.20 1.60 45.80 1.15 58.63 

20 484.59 143.11 408.80 1088.50 1.62 50.30 1.18 56.73 

21 470.56 138.32 383.10 1046.90 1.64 55.70 1.23 54.83 

22 496.60 145.68 416.80 1113.90 1.62 51.00 1.19 57.75 

23 482.57 140.89 391.20 1070.50 1.64 56.00 1.23 55.85 

24 468.55 136.09 365.60 1027.10 1.67 62.20 1.28 53.95 
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25 510.63 150.29 434.50 1154.00 1.61 49.70 1.17 59.58 

26 496.60 145.50 408.90 1110.60 1.63 54.30 1.21 57.68 

27 482.57 140.70 383.30 1067.20 1.66 60.00 1.24 55.78 

28 498.57 142.49 400.00 1090.90 1.63 53.30 1.25 56.48 

29 525.64 153.96 445.50 1180.30 1.61 49.20 1.78 61.03 

30 511.61 149.16 420.00 1136.90 1.63 53.60 1.22 59.13 

31 497.59 144.36 394.40 1093.50 1.65 59.00 1.26 57.23 

 

Table 4: -Regression parameters and quality of correlation when physicochemical parameters are used 
Model No. Parameters Used Ai=(1-6) B Se R2 R2A F 

1 IR -29.4590±5.3727 52.7663 0.1985 0.5090 0.4921 30.064 

2 ST -0.1052±0.0257 10.2144 0.2258 0.3648 0.3429 16.657 

3 MV 0.2014±0.0076 -3.8033 0.2544 0.1933 0.1654 6.947 

4 D -3.4341±0.0076 8.5052 0.2683 0.1030 0.0721 3.332 

5 PC 0.0053±0.0038 -1.6675 0.2742 0.0630 0.0307 1.951 

6 POL 0.0028±0.0854 0.5773 0.2807 0.0183 0.0079 0.541 

7 MR 0.0248±0.0338 0.5843 0.2807 0.0183 0.0079 0.593 

8 
MW 
PC 

-0.1428±0.0179 
0.0601±0.0072 

9.2142 0.1544 
 

0.7130 
 

0.6925 34.778 

9 
MR 
PC 

-0.9248±0.1407 
0.1115±0.0163 

15.8026 0.1750 0.6315 
0.6052 

 
23.990 

10 
PC 

POL 
0.1116±0.0163 
-2.3356±0.3559 

15.8467 0.1752 
0.6308 

 
0.6044 23.915 

11 
IR 
ST 

-77.6576±18.4564 
0.2109±0.7779 

120.1582 0.1798 0.6109 0.5831 21.977 

12 
MW 
MR 
PC 

-0.0971±0.0193 
-0.4951±0.1339 
0.0994±0.0122 

15.0878 0.1281 
0.8095 

 

0.7883 
 
 

38.224 

13 
MW 
PC 

POL 

-0.0972±0.0193 
0.0994±0.0122 
-1.2476±0.3393 

15.0955 0.1284 0.8007 
0.7875 

 
38.055 

14 
MW 
MV 
PC 

-0.1923±0.0261 
-0.0369±0.0151 
0.0946±0.0155 

10.8684 0.1423 0.7650 
0.7389 

 
29.300 

15 
MW 
PC 
ST 

-0.1998±0.0302 
0.0848±0.0128 
0.0710±0.0313 

6.4631 0.1442 0.7588 
0.7320 

 
28.313 

16 

MW 
PC 
IR 
ST 

-0.1536±0.0227 
0.0593±0.0100 

-74.3551±13.6973 
0.3177±0.0504 

119.8908 0.1006 0.8869 0.8695 50.991 

17 

MW 
MR 
PC 
ST 

-0.1563±0.0254 
-0.5163±0.1166 
0.1268±0.0138 
0.0754±0.0242 

12.3444 0.1145 0.8610 
0.8397 

 
40.277 

18 

MW 
PC 
ST 

POL 

-0.1565±0.0254 
0.1269±0.0138 
0.0757±0.0243 
-1.2879±0.2955 

12.3548 0.1117 0.8606 
0.8392 

 
40.157 

 

Table 5: -Regression and Modeling parameters and correlation quality after deleting one compound 6. 
Model No. Parameters Used Ai=(1-6) B Se R2 R2A F 

19 MW 
PC 
IR 
ST 

-0.1591368±0.01792478 
0.06291306±0.007978716 

-67.71675±10.87715 
0.2986334±0.0398771 

108.8756 0.0781 0.9290 0.9176 81.763 

 

Table 6:-Observed and estimated values logP using models 16 and 19 with residual reports. 
Compd.No. Using model no.16 Using model no.19 

Obs.logP Est.logP Residual Est.logP Residual 

1. 3.110 2.916 0.194 2.953 0.157 
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2. 2.520 2.249 0.271 2.299 0.221 

3. 1.930 2.082 -0.152 2.114 -0.184 

4. 3.580 3.408 0.172 3.502 0.078 

5. 2.990 2.868 0.122 2.968 0.022 

6. 2.680 3.985 -1.305 - - 

7. 4.140 4.017 0.123 4.061 0.079 

8. 3.550 3.783 -0.233 3.801 -0.251 

9. 4.700 4.285 0.415 4.371 0.329 

10. 4.110 3.796 0.314 3.873 0.237 

11. 3.390 3.188 0.202 3.171 0.219 

12. 2.790 2.827 -0.037 2.791 -0.001 

13. 3.700 3.442 0.258 3.608 0.092 

14. 3.110 3.220 -0.110 3.339 -0.229 

15. 2.520 2.636 -0.116 2.749 -0.229 

16. 5.160 5.122 0.038 5.100 0.060 

17. 4.570 4.911 -0.341 4.855 -0.285 

18. 3.980 4.332 -0.352 4.282 -0.302 

19. 6.220 5.910 0.310 5.979 0.241 

20. 5.630 5.519 0.111 5.561 0.069 

21. 5.040 5.436 -0.396 5.434 -0.394 

22. 5.740 5.402 0.338 5.456 0.284 

23. 5.150 5.085 0.065 5.097 0.053 

24. 4.560 4.405 0.155 4.418 0.142 

25. 6.310 5.955 0.355 6.035 0.275 

26. 5.720 5.511 0.209 5.557 0.163 

27. 5.130 4.674 0.456 4.730 0.400 

28. 4.060 3.722 0.338 3.705 0.355 

29. 4.380 5.050 -0.670 5.152 -0.772 

30. 3.780 4.542 -0.762 4.614 -0.834 

31. 4.380 4.351 0.029 4.373 0.007 

 

 
 

Fig. 4: Correlation between Observed and Estimated logP using model 16 (Table 6) 
 

 
 

Fig. 5: Correlation between Observed and Estimated logP using model 19 (Table 5) 
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Table 6:-Cross – validated parameters for the best-obtained models of Tables 3 & 4. 
Model no. Parameters used PRESS/SSY R2

cv Spress PSE 

1 IR 0.9646 0.0354 0.1529 0.1430 

8 MWPC 0.4023 0.5977 0.1210 0.1093 

12 MWMRPC 0.2353 0.7647 0.1023 0.0891 

16 MWPCIRST 0.1272 0.8728 0.0817 0.0685 

19 MWPCIRST 0.1147 0.8853 0.1953 0.1692 

 
4. CONCLUSION 
 

A QSAR analysis using 31 compounds was successfully carried 
out to build statistically significant models with good 
correlative and predictive ability. The detailed structural 
investigation revealed that the anti-breast cancer activity is 
modeled best by using a multi-parametric model with 
physicochemical parameters (MW, PC, IR, and ST); upon 
applying the Leave One out (LOO) method, one compound 
which exists as an outlier leads to qualitative findings with a 
high degree of statistical significance and good predictive 
ability. It also provided important information about structural 
characteristics contributing to the inhibitory potency of 4, 6-
diaryl-2-pyrimidinamine derivatives. Analysis of model 
parameters provided details of the structure-activity 
relationship, thus providing information regarding structural 
modification to design derivatives with better activity before 
synthesis. These models are also used to predict the anti-
cancer activity of newly designed compounds. 
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