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Breast cancer accounts for 9 % of global cases of cancer and represents the second most common of 
all types of cancer. It is only found in women and represents about 22.9 % of global cases of cancer 
in women.  Pharmacologically inhibiting HSP 90 and a resultant inhibition of its client protein have 
been shown to be a great therapeutic target in the treatment of breast carcinoma because these 
inhibitors have the potential of suppressing multiple oncogenic signaling pathways.  
Sixty (60) compounds from literature work; 42 train and 18 test dataset compounds were selected 
for this study respectively. Best selected 3D physiochemical descriptors with significant positive 
contributions towards the development of the model includes; RDFM5, MoRSEN28, MoRSEC20, 
RDFM9, MoRSEV11, RDFC16, RDFE15, ASPAN, E3u, RDFC25, RDFU8, and MoRSEV13 
which all contribute significantly to the bioactivity. MLR statistical regression analysis expressed 
potential predictive power compared to PLS method. The 3D QSAR model developed by the trained 
dataset with R2 = 0.97463, Q2=0.900, Rm

2 =0.8654, and r2= 0.6415 for external validation depicts the 
predictive potential of the 3D QSAR model. The 3D-QSAR model may lead to a better 
understanding of structural requirements of 8-arylsulfanyl, 8-arylsulfoxyl, and 8-arylsulfonyl 
adenines derivatives which could also aid in designing novel anti-carcinogenic molecules. 
 

  

  
 
 

 
 

 
 

 

 
 

 
 

 

 
 

 
 

 
 
 

 
 

 
 

 

 
 
 
 

 
 

  
 
 

 

INTRODUCTION 
 

Molecular chaperones play vital roles in proteostasis and 
cellular homeostasis, most importantly during heat shock. They 
are a class of protein that helps other functionally inactive 
protein (otherwise referred to as clients or substrates) achieve 
functionality by interacting with them. The wholistic effect of 
these interaction-activation-dissociation processes is a response 

to stress that brings about homeostasis1. HSP90, a molecular 
chaperone, is particularly overexpressed during heat shock 
response and has been shown to be essential in other cellular 
processes including steroid hormone receptor signaling in 
association with its cofactors2. 
 

Breast cancer accounts for 9 % of global cases of cancer and 
represents the second most common of all types of cancer3. It is 
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only found in women and represents about 22.9 % of global 
cases of cancer in women. In fact, statistical data has shown 
that of all women given birth to between 2007 and 2009, it is 
likely that about 12.38 % of them show symptoms of breast 
cancer at a point in their lifetime3. A number of different 
malignancies are involved in breast cancer. Each of which is 
having its diverse behavior and distinct genetic profile with 
varying response to therapy4. Current treatment depends on 
molecular tumor subtypes which have been defined clinically 
by the expression of estrogen receptor (ER), progesterone 
receptor (PR), and human epidermal growth factor receptor 
type 2 (HER2)5. These molecules form part of the HSP90 
chaperone complex which has been shown to represent a 
promising target for pharmacological modulation in the 
treatment of breast cancer5. In about 20-25 % of ERα positive 
breast cancer, HER2 gene is overexpressed6 and several 
evidences have been given to support its role in breast cancer 
pathogenesis7 

 

HSP 90 is a dimeric protein with an N-terminal ATP-binding 
domain (N), a C-terminal dimerization domain (C) and a 
middle domain (M) that is essential for client binding as its 
three functional units. The N- and C-terminals have been 
shown to be drugable and crucial in providing sites of 
interaction for proteins, co-chaperone and in assisting the 
function of chaperone8,9,10. HSP90 action is a mechanism that 
involves the ATP-binding of the N-terminal domain, hydrolysis 
of the ATP, causing a change in the conformation of chaperone 
and a subsequent interaction with co-chaperone and client 
proteins5. Pharmacologically inhibiting HSP 90 and a resultant 
inhibition of its client protein have been shown to be a great 
therapeutic target in the treatment of breast carcinoma because 
these inhibitors have the potential of suppressing multiple 
oncogenic signaling pathways at the same time thereby 
decreasing the chance of molecular feedback loops and 
mutations causing resistance to tumor11. 
 

Most HSP 90 inhibitors that act on the N-terminal domain via 
targeting ATPhave made their way to clinical trials. ATP 
binding by these inhibitors prevents hydrolysis and 
conformational changes of chaperone, thus stopping the 
orchestrated chaperone cycle. This obstruction causes 
ubiquitination, proteosomal degradation of client proteins and 
induction of HSP 70 co-chaperone12. This degradation of 
clients such as the human epidermal growth factor receptor 
type 2 (HER2), epidermal growth factor receptor (EGFR), 
antiapoptotic kinase (Akt), MET receptor tyrosine kinase, 
vascular epithelial growth factor receptor (VEGFR), androgen 
receptor (AR), estrogen receptor (ER), and mutant p53 may 
block several key carcinoma promoting cellular pathways 
including the phosphatidylinositol-3-kinase (PI3-kinase)-Akt 
and RAS-RAF-MEK-ERK pathways5 

 

Of particular interest among the client proteins is HER2 which 
has shown great sensitivity along with perturbation of other 
interesting components of the HER2 pathway including Akt13, 

14, 15, 16. In HER2-positive breast cancer, antitumor activity of 
HSP90 inhibitors has been confirmed by preclinical data 
making way for clinical development17, 18. These inhibitors 
have been used independently in several studies or as a 
combination therapy with anti-HER2 antibody including 
trastuzumab, lepatinib5 and pertuzumab19 

 

Several HSP90 inhibitors have been identified including 
geldanamycin (GM) and its derivative tanespimycin (17-AAG), 
carbonmonooxide via heme oxygenase-1, alvespimycin (17-
DMAG), retaspimycin (IPI-504), novobicin and DCZ3112 
which targets HSP90-CDC37 interaction as against C-terminal 
ATP target by traditional inhibitors19 

 

While most of these inhibitors have shown great promises in 
the treatment of breast cancer, majority of them including GM 
has been limited by their low selectivity, high toxicity and the 
induction of heat shock response 19. This has necessitated the 
need to look for a novel inhibitor that would overcome these 
limitations without itself having other limitations which would 
be more of a disadvantage.  
 

The critical role of HSP90 in malignant breast cancer can only 
be ascertained when developed potent and potential inhibitors 
are evaluated by clinicians. On this ground, QSAR studies of 8-
arylsulfanyl, 8-arylsulfoxyl, and 8-arylsulfonyl adenines 
derivatives as antagonists of HSP90 were carried out.  
 

The present study aims at rationalizing inhibitory derivatives of 
8-arylsulfanyl, 8-arylsulfoxyl, and 8-arylsulfonyl adenine 
scaffold to provide insight for future studies. Structural 
Activity Relationship (SAR) in QSAR is elucidated via 
measurement of physicochemical (descriptors) properties 
which are correlation of biological activity; this leads to the 
generation of mathematical models. In this study, an attempt 
has been made to develop QSAR models adopting the multiple 
linear regression (MLR) and partial least squares (PLS) 
methodologies. The concept of the training and test sets has 
been introduced for the prediction of HSP90 inhibitory activity 
of structurally varied sets of compounds. 
 

MATERIALS AND METHODS 
 

Experimental data 
 

In this present molecular modelling study, a set of 60 
compounds 8-arylsulfanyl, 8-arylsulfoxyl, and 8-arylsulfonyl 
adenines were retrieved from the CHEMBL database 
(www.ebl.ac.uk/chembl) with the accession ID 
ofCHEMBL1143602. This dataset depicts an in vitro 
antagonistic activity of the derivate in term of IC50 (µM) 
against HSP90. The IC50 values were converted into pIC50 = 
(-Log (IC50X)). The molecular structure of 8-arylsulfanyl, 8-
arylsulfoxyl, and 8-arylsulfonyl adenines are indicated in the 
(Table 1) below with observed activities.  
 

Table 1 Derivatives of 8-arylsulfanyl, 8-arylsulfoxyl, and 8-
arylsulfonyl adenines and pIC50 values 

 

S/N Compound ID Structure pIC50 

1 CHEMBL112953 
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2 CHEMBL273986 
5.82 

 
 

3 CHEMBL189537 

 

5.49 
 
 

4 CHEMBL191268 

 

4.50 
 
 

5 CHEMBL191641 

 

 
4.64 

6 CHEMBL192013 

 

 
4.05 

 

7 CHEMBL192937 

 

 
3.84 

 

8 CHEMBL193056 

 

4.44 

9 CHEMBL193672 
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10 CHEMBL195096 

 

4.15 

11 CHEMBL364730 

 

4.46 

12 CHEMBL370247 3.92 

13 CHEMBL189537 
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14 CHEMBL190439 

 

4.60 

15 CHEMBL195869 3.71 

16 CHEMBL112953 4.42 

17 CHEMBL364450 5.74 
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4.58 

19 CHEMBL365118 

 

4.67 

S

N
N O

O

N

N
N 2H

SR
&1

O

N
N

O

N

N
N 2H

Cl

O

S

O

O

N

N

N
N

N 2H

S
N

N

O

O

N

O

N

N 2H

Cl

Cl

S

N
N

N

N
N 2H

Cl
O

S

O

O O

O

N

N

N

N
N2H

I
O

S

O

O

N
N

N

N
N 2H

SR
&1

O

N
N

O

N

N
N 2H

O

S

N
N

N

N
N 2H

S

N
N

N

N

N
N 2H

Cl

S

O

Cl

O

NN
O

N

N
N 2H

O

racemate

SR
&1

O

N
N

O

N

N
N 2H

Cl

S

N
N

N

N
N 2H

S
N

N

O

N
N

N 2H

Cl
O

O

O

N
N

N

N
N 2H

F

Cl

S

N
N

Cl

N

N
N 2H

Cl

S

N
N

F

F

F

N

N
N 2H

Cl

S

Cl

N
N

N

N
N 2H



Abiodun Julius Arannilewa et al., PPI of Hsp90 and 3d-qsar Evaluation Study of Purine Derivatives As Anti-Carcinogenic substrates of hsp90-
Overexpressed Malignant Female Breast Cancer 

 

30532 | P a g e  

20 CHEMBL370092 

 

3.45 

21 CHEMBL191635 4.18 

22 CHEMBL191786 

 

6.24 

23 CHEMBL192649 

 

5.48 

24 CHEMBL192761 
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25 CHEMBL190518 4.36 

26 CHEMBL193313 

 

4.65 

27 CHEMBL193672 
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28 CHEMBL372013 
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30 CHEMBL190654 
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4.07 

32 CHEMBL192062 
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36 CHEMBL364272 

 

3.80 

37 CHEMBL370092 

 

3.91 

38 CHEMBL370247 

 

4.36 

39 CHEMBL191635 
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49 CHEMBL424824 4.68 

50 CHEMBL362972 

 

4.50 

51 CHEMBL364239 
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52 CHEMBL364239 
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54 CHEMBL349231 

 

4.12 

55 CHEMBL352683 

 

4.77 

56 CHEMBL191641 

 

4.54 

57 CHEMBL192145 

 

4.18 

58 CHEMBL193282 

 

5.09 

59 CHEMBL415775 

 

5.74 

60 
CHEMBL193310  

(1) 

 

3.89 

 

Accession of chemical structures 
 

The canonical smiles retrieved from accession ID of 
CHEMBL1143602 were converted into SDF using data 
Warrior software version 4.7.2. The generated 3D-QSAR 
model was derived from the training dataset of 42 molecules 
while the predictive potential of the model was validated by the 
test set of 18 molecules with uniformly distributed biological 
activities. (Table 2) shows the observed and predicted 
biological activities of the training and test datasets.  
 

Geometry optimization and Descriptors generation 
 

The geometries of the derived SDF from data Warrior software 
version 4.7.2 were optimized using the online web server 

(http://www.scbdd.com/mopac-optimization) so make 
conformation have the least potential energy. MOPAC software 
packages were used. To develop a QSAR model, activity 
compounds are to be quantitatively represented by molecular 
descriptors. The ChemDec web server 
(http://www.scbdd.com/chemopy_desc) was used to generate 
3D descriptors under the following categories: Geometric 
descriptors, CPSA descriptors, RDF descriptors, WHIM 
descriptors, and MoRSE descriptors. The pretreatment of the 
independent variables (i.e descriptors) was carried out using 
DataPreTreatmentGUI 1.2 software. This works on the 
principles of eliminating invariable (constant columns) and 
other descriptors based correlation coefficient cut-off of 0.99 
and variance cut-off of 0.0001.  
 

Data normalization 
 

Variability in distribution and range of each variable, 
calculated value of the descriptors and corresponding 
biological activity justifies subjection to statistical min-max 
normalization techniques using Normalize The Data software 
version 1.0. The software works based on the principles of 
adjusting the minimum and maximum value of each variable to 
a uniform range between 0 and 1 according to the equation 
below. 
 

X normalized = 
�������

���������
 

 

 
Where represents the min-max normalized value, xi represents 
the value of interest, Xmin represents the minimum value, and 
Xmax represents the maximum value. 
 

Selection of training and test set 
 

The dataset of 60 molecules was divided into 18 and 42 test 
and train dataset respectively using Dataset Division GUI v1.2 
based on Kennard-Stone method (Paul and Mukhopadhyay, 
2004). The method was used to for both MLR and PLS model 
with pIC50 values as dependent variable, while the calculated 
3D descriptor represent the independent variables. 
 

Model Validation  
 

Outstanding achievements recorded in the field of drug 
discovery and design has been showed to enormously rest on 
the fulcrum of physiochemical and structural features in cohort 
with bioactivity. Constrained conclusions and justification in 
the use of a developed QSAR model rest on its ability to 
predict unknown chemicals with some degree of certainty. 
Want of validation of a model as lead to the development of 
models that falsely predict the biological activity which good 
more harm than good, hence validation of a QSAR model is 
most critical part in QSAR model studies and development20, 21 

 

Internal validation 
 

Methodologies used in internal validation in this study include; 
cross validation (Q2), least squares fit (R2), and adjusted R2 
(R2

adj).  Least square fit (R2), is the most common methodology 
used in internal validation of a QSAR model. This method is 
similar to linear regression in that it is used in the 
determination of correlation between the experiment and 
predicted activities. The discrepancy between R2 and R2

adj is 
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(<3), this validate the fact that the number of descriptors used 
in the development of a QSAR model is acceptable.  
 

R2 = �
� ∑���(∑�)(∑�)

�([� ∑���(∑�)�][� ∑���(∑�)�])
�2 

 

Another method used in internal validation of a QSAR model is 
the cross-validation (CV, Q2, q2, or Jack-knifing) methodology. 
This repeats the regression process many times on subsets of 
data. During this process, each molecule is left out once, the 
predicted values of the missing molecule is used to compute the 
R value. The overall R2 for giving QSAR model is usually 
larger in comparison to cross validation R2.  This used in the 
evaluation of the predictive potency of an equation. In addition 
to this, over-fitting is brought into consideration; this refers to 
the phenomenon in which the QSAR predictive model may 
well delineate relationship between predictors and response but 
fail subsequently in the provision of valid predictions for new 
compounds. This becomes fishy when R2is 25% significantly 
larger than Q2 or when the difference is (>0.3). A good 
predictability potential of a QSAR model is obtained when R2 -
Q2 ≤ 0.322, 23 
 

Q2 = 1 – PRESS 
∑ (�� − ��)�

���		
2 

 

PRESS = ∑ (Y����, � − ��)�
���		

2 

 

The data value not used to construct the CV model is 
represented by Yi 
 

External Validation 
 

Coefficients of determination (R2) (predicted against observed 
r0

2, and observed against predicted activities r0’), correlation 
coefficient R between predicted and observed activities, and 
slope k and k’ regression lines via the origin are statistical 
techniques used in the determination of the predictive power of 
a QSAR model.  
 

R2pred = 1- ∑ (���� − �����)����			
���

2 
   

																										∑ (���� − ��)����
���

2 
 

Where (Yu)is the average value of dependent viable for the 
train set.  
 

In 2008 Roy and Paul proposed the use of r2
m for determination 

of external predictive potential of a QSAR model.  
 

R2
m = r2 (�r� − r′�) 

 

Where r2 is the correlation coefficient between observed and 
predicted values and r’2 is correlation coefficient between 
observed and predicted set at the intercept of zero.  A model is 
considered acceptable and good when the overall r2

m > 0.521, 24 

 

3D-QSAR model development 
  

In this study, 3D-QSAR models were developed using PLS and 
MLR methods to screen potential leads against HSP90 within 
the training set (42 compounds). The total number of 3D 
descriptors (497) was calculated for each of the 60 compounds 
using Chemopy algorithm imbedded within ChemDec web 
server (http://www.scbdd.com/chemopy_desc). Subsequently, a 
robust QSAR model equation was derived by MLR; descriptors 
without relevance were rid of via forward stepwise method 

leading to selection of (20) 3D descriptors in the final QSAR 
regression equation (Figure 5a-6b). The regression equation 
portrays a relationship in the form of a linear equation that best 
depicts individual data points.  
 

 Y = C + b1x1 + b2x2 b3x3----- 
 

Where Y is the dependent variable, “b’s” are regression 
coefficients for corresponding ‘x’s’ (independent variable), ‘c’ 
is a regression constant.  
 

Latent variables which are combinations of the original 
variables are easily find by PLS model. In circumstances where 
dataset are imbedded with high inter-correlated descriptors and 
descriptors exceeding number of observations, PLS have been 
proved to be useful. The optimum and maximum latent 
variables were determined based on leave one out cross 
validation methodology. Same descriptors (497) were 
calculated using ChemDec web server (http://www.scbdd.com/ 
chemopy_desc) and subsequently selected as in MLR analysis. 
Irrelevant descriptors without relevance were rid of via forward 
stepwise forward algorithm using S-MLR v1.2 software at a 
variance cut-off (0.001) and inter-correlation cut-off of 0.99. 
 

Protein-Protein-Interaction of HSP90 
 

The FASTA amino acid sequence of HSP90 (UniProtKB-
P07900 (HSP90A_HUMAN)) protein was retrieved from 
UniProt Database (https://www.uniprot.org/). The FASTA 
sequence was then subsequently uploaded on STRING 
database (string-db.org). Interaction search was carried out at 
the highest confidence of 0.90 interactions, maximum of 50 
nodes interactions at the first shell and the second shell 
respectively.  
 

RESULTS AND DISCUSSION 
 

3D-QSAR study 
 

Stepwise MLR methodology was used to remove descriptors of 
high correlation based on inter-correlation coefficients of the 
descriptors at a correlation regression cut-off of 0.99. The 
below equation (Table 2) depicts that the model obtained via 
Multiple Linear Regression Model (MLR)showed a good R2, 
R2

adjusted, and cross-validation (CV, Q2, q2, or Jack-knifing) 
values within the required thresholds which are parameters 
needed for internal validation (Table 3) of the developed 3D-
QSAR model. The discrepancy between R2 and R2

adj is (<0.3), 
has been used to validate the fact that the number of descriptors 
used in the development of a  QSAR model is acceptable. And 
based on this studies and required threshold (<3), the difference 
between R2 and R2

adjusted was acceptable (0.0242). In addition to 
Q2 use in ascertaining predictive potential, it also plays critical 
roles in determination of over-fitness of a QSAR model 
equation. Based on the values obtained for R2 and Q2, 0.0746 
was the generated difference (R2 -Q2) which is still within the 
required threshold for the determination of over-fitness (R2 -
Q2≤ 0.3) of a QSAR model. The scatter plot which was plotted 
for observed and predicted pIC50 value for train and test set 
was indicated in the (Figure 1a and 1b) respectively.   
 

Table 2 3D-QSAR model using Multiple Linear Regression 
Model (MLR) 

 

MLR model 
PIC50 = -3.45494(+/-0.86422) + 0.05688(+/-0.00835)RDFM5 + 1.37228(+/-
0.65614) MoRSEN28 + 4.04899 (+/-0.81756) MoRSEC20 + 0.08909 (+/-
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0.0089) RDFM9 + 0.89385(+/-0.23368) MoRSEV11 + 4.06859(+/-0.48409) 
RDFC16 - 0.28706(+/-0.13583) MoRSEM12 -0.49782(+/-0.1141) MoRSEU14 
+ 0.05637(+/-0.00743) RDFE15 + 13.62806(+/-1.69935) ASPAN + 
3.76225(+/-0.56353) E3u + 1.5645(+/-0.26527) MoRSEM30 - 0.19928(+/-
0.0937) MoRSEM9 + 8.12644(+/-2.36935) RDFC25 +0.03013(+/-0.00839) 
RDFU8 - 0.14481(+/-0.02683) RDFP5 - 2.6622(+/-0.53341) P2m + 
0.56675(+/-0.2028) MoRSEV13 - 0.75569(+/-0.33411) Petitj3D - 0.32532(+/-
0.50184) RDFC20 
 

Table 3 Multiple Linear Regression Model (MLR) internal and 
external validation parameters 

 

Internal Validation Parameters Threshold value 
 
R2 = 0.97463, R2

adjusted = 0.95047,  
PRESS = 0.44449, F= 40.33859 

Q2 =  0.90004 Passed   (Threshold value 
Q2>0.5) 
 

r2 = 0.64154Passed (Threshold value r2>0.6) 
 
|r02-r'02|  = 0.22638  Passed   (Threshold 
value |r02-r'02|<0.3) 
 
k 1= 00342  [(r2-r02)/r2]   = 0.00059 
 
   OR* 
 
k' = 0.99289 [(r2-r'02)/r2]  = 0.35346 Passed    
(Threshold value: [0.85<k<1.15 and  ((r2-
r0

2)/r2) <0.1 ] 

Leave-One-Out (LOO) Result 

 
Q2=0.900, Average Rm

2 =0.8654 

External Validation 
Parameters 
 
r2= 0.6415, r0

2= 0.6412, reverse  
r’0

2 = 0.41478,  R2
Pred  = 0.8436 

 

 
Figure 1 MLR analysis showing the correlation between 
observed and predicted pIC50 values for the Training set 

 
 

Figure 2 MLR analysis showing the correlation between 
observed and predicted pIC50 values for the Test set 

 

The PLS regression was commenced with 497 descriptors. 
Descriptors with insignificant regression coefficients were 
removed until the optimum Q2 was reached. The number of 
descriptors used for PLS model was found to be the same as 
that of the MLR regression analysis. The PLS model equation 
was obtained by PLS regression analysis. Figure 1-4 depicts the 
scatter plot between observed and predicted values for training 
and test set for MLR and PLS regression (Table 4 and 5) 
analysis respectively.   
The 3D-QSAR equation fitted with MLR present a significant 
relationship between dependent variable (pIC50) and 
independent variables (selected 3D descriptors).  The R2 
regression coefficient (0.9746) depicts an excellent and strong 
~ 97% correlation between the bioactivity and selected 
calculated descriptors in the training dataset, while the value of 
Jack-knifing (Q2) depicts an approximate 90% (0.900) 
prediction power and accuracy of this 3D QSAR model in 
contrast to PLS regression analysis whose R2 regression 
coefficient is ~ 96% and Jack-knifing (Q2) value is ~82%. 
 

Figure 3 PLS analysis showing the correlation between 
observed and predicted pIC50 values for the Train set 

 
 

Figure 4 PLS analysis showing the correlation between observed and 
predicted pIC50 values for the Test set 

 

Table 4 3D-QSAR model using Partial Linear Regression 
Model (PLS) 

 

PLS model 
PIC50 = 0.00 + 0.52435 (RDFM5) + 0.16919 (MoRSEN28) + 0.17851 
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(MoRSEC20) + 0.8699 (RDFM9) + 0.25968 (MoRSEV11) + 0.4563 
(RDFC16) – 0.40636 (MoRSEM12) – 0.32786 (MoRSEU14) + 0.4919 
(RDFE15) + 0.74763 (ASPAN) + 0.39579 (E3u) + 0.44726 (MoRSEM30) 
0.11591 (MoRSEM9) + 0.20099 (RDFC25) + 0.16366 (RDFU8) 
(RDFP5) – 0.30715 (P2m) + 0.18549 (MoRSEV13) 
0.01257 (RDFC20) 
 

Table 5 Partial Linear Regression Model (PLS) internal and 
external validation parameters

 

Internal Validation Parameters Threshold value

 
R2 = 0.95874 
 

Q2 =  0.90004 
(Threshold value Q
 
r2 = 0.64154Passed   (Threshold value 
r2>0.6) 
 
|r02-r'02|  = 0.22638  Passed   
(Threshold value |r0
 
k 1= 00342  [(r
 
   OR* 
 
k' = 0.99289 [(r
 Passed   
(Threshold value: [0.85<k<1.15 and  
((r2-r0

2)/r2) <0.1 ]

Leave-One-Out (LOO) Result 

 
Q2=0.82479, Average Rm

2(Train; 
LOO)= 0.76737, MAETrain = 
0.20813, SDTrain = 0.17464 

External Validation Parameters 

 
Q2F1 = 0.78842, Q2F2: 0.51307, 
Rm

2(Test)= 0.36207, CCCTest = 
0.69454, MAETest = 0.25954, SDTest 
= 0.14848 
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Figure 5a 3D Descriptor contributions for MLR and PLS analysis for test 
dataset 

 

* Descriptors with negative contribution 
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Figure 5b 3D Descriptor contributions for MLR and PLS analysis for test 

dataset 
 

* Descriptors with negative contribution 
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(MoRSEC20) + 0.8699 (RDFM9) + 0.25968 (MoRSEV11) + 0.4563 

0.32786 (MoRSEU14) + 0.4919 
(RDFE15) + 0.74763 (ASPAN) + 0.39579 (E3u) + 0.44726 (MoRSEM30) – 

1591 (MoRSEM9) + 0.20099 (RDFC25) + 0.16366 (RDFU8) – 0.45952 
0.30715 (P2m) + 0.18549 (MoRSEV13) – 0.14935 (Petitj3D) – 

Partial Linear Regression Model (PLS) internal and 
external validation parameters 

Threshold value 
 Passed   

(Threshold value Q2>0.5) 

Passed   (Threshold value 

|  = 0.22638  Passed   
(Threshold value |r02-r'02|<0.3) 

k 1= 00342  [(r2-r02)/r2]   = 0.00059 

k' = 0.99289 [(r2-r'02)/r2]  = 0.35346
Passed    

(Threshold value: [0.85<k<1.15 and  
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Figure 6a 3D Descriptor contributions for MLR and PLS analysis for train 
dataset

 

* Descriptors with negative contribution
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Figure 6b 3D Descriptor contributions for MLR and PLS analysis for train 
dataset

* Descriptors with negative contribution

 

Figure 7a Protein-Protein Interaction of HSP90 indicating 101 nodes, 750 
edges, with 0.745 as the average local clustering coefficient. Colored nodes; 

query protein and first shell of interactors, while white nodes are second shell 
of interactors.
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Protein Interaction of HSP90 indicating 101 nodes, 750 
edges, with 0.745 as the average local clustering coefficient. Colored nodes; 

query protein and first shell of interactors, while white nodes are second shell 
interactors. 
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Figure 7b Protein-Protein Interaction of HSP90. Blue nodes indicate proteins 
(MTOR, ESR1, PGR, AKT 1-3, EGFR, ERBB2, EGF, GSK3B) that play 
critical roles along breast cancer pathophysiology; Yellow nodes indicate 

proteins (AKT 1-2, PDPK1, BCL2L1, MAPK1, and TP53) with apoptotic role, 
deep green nodes indicate necroptotic roles of HSP90AA1, PTGES3, PPID, 

and STAT3 
 

Varied proteins associated with cell growth and survival has
been linked with the maturation and stabilization roles of Heat 
shock protein (HSP90).In addition to this, a recent study 
affirmed that the growth and aversion of apoptosis by 
carcinogenic cells has also been linked with Hsp90 and its 
inhibition has been strongly associated with induction of 
apoptosis. Programmed cell death can also be triggered by 
varied extrinsic and intrinsic signaling pathways. Specifically, 
necroptosis, ferroptosis, and pyroptosis are examples of 
regulated cell death associated with inflammation which could 
be either beneficial or harmful25. Most Hsp90 
either the N-terminal or C-terminal to inhibit ATPase activity
and some also bind the middle domain region where client 
protein binds to elicit wide range of physiological 
arylsulfanyl, 8-arylsulfoxyl, and 8-arylsulfonyl adenin
an antagonist of Hsp90 may disrupt the complex association of 
Hsp90 and CDC37, hence triggers apoptosis and disruption of 
necroptotic signaling pathways26 in carcinogenic cells. Further 
Clinical studies are highly recommended. 
 

CONCLUSION 

 

In this study, we evaluated the structure-activity relationship 
using 3D descriptors of a series of 
arylsulfoxyl, and 8-arylsulfonyl adenines in order to evaluate 
HSP90 inhibitors. Both MLR and PLS regression analysis was 
used to develop statistically significant models which was 
further validated via cross validation using LOO methodology.  
The models show good predictive potentials for HSP90 
inhibitors which can be used to predict new HSP90 inhibitors.
These 3D QSAR models and protein-
stipulated in these studies could provide reliable tools for the 

PPI of Hsp90 and 3d-qsar Evaluation Study of Purine Derivatives As Anti
Overexpressed Malignant Female Breast Cancer 
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critical roles along breast cancer pathophysiology; Yellow nodes indicate 

L2L1, MAPK1, and TP53) with apoptotic role, 
deep green nodes indicate necroptotic roles of HSP90AA1, PTGES3, PPID, 

Varied proteins associated with cell growth and survival has 
been linked with the maturation and stabilization roles of Heat 

protein (HSP90).In addition to this, a recent study 
affirmed that the growth and aversion of apoptosis by 
carcinogenic cells has also been linked with Hsp90 and its 
inhibition has been strongly associated with induction of 

can also be triggered by 
varied extrinsic and intrinsic signaling pathways. Specifically, 
necroptosis, ferroptosis, and pyroptosis are examples of 
regulated cell death associated with inflammation which could 

Most Hsp90 inhibitors bind 
terminal to inhibit ATPase activity26 

and some also bind the middle domain region where client 
protein binds to elicit wide range of physiological actions. 8-

arylsulfonyl adenines been 
an antagonist of Hsp90 may disrupt the complex association of 
Hsp90 and CDC37, hence triggers apoptosis and disruption of 

in carcinogenic cells. Further 

activity relationship 
using 3D descriptors of a series of 8-arylsulfanyl, 8-

in order to evaluate 
HSP90 inhibitors. Both MLR and PLS regression analysis was 

cally significant models which was 
further validated via cross validation using LOO methodology.  
The models show good predictive potentials for HSP90 
inhibitors which can be used to predict new HSP90 inhibitors. 

-protein-interaction 
stipulated in these studies could provide reliable tools for the 

design of HSP90 inhibitors with varied pharmacodynamics and 
pharmacokinetic properties. 
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