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Abstract: The potent inhibitors of human factor Xa of 54 thiophene derivatives were modeled by quantitative structure-activity 

relationship (QSAR) using density functional theory (DFT) to generate quantum descriptors. From the pool of descriptors chosen to 

generate the QSAR model, four descriptors are selected by multiple linear regression MLR method with a correlation coefficient RRLM= 

0, 95. The predictive ability of the proposed model was assessed using neural network RNN = 0, 98 and validated by internal leave one out 

cross validation RCV=0,90. 
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1. Introduction 
 

Anticoagulant therapy is the primary strategy for treatment 

and prevention of thromboembolic disease. Warfarin 

(Coumadin). A vitamine K antagonist, is the only oral 

anticoagulant in clinical use. Coumadin is highly 

efficacious, but suffers from a delayed onset of action, and 

the need for careful clinical monitoring. Alternate 

anticoagulants such as the low molecular weight heparins 

and the direct thrombin inhibitor hirudin must be 

administered parenterally. The unmet clinical need for a safe 

and orally active anticoagulant has resulted in a widespread 

drug discovery effort [1]. 

 

Factor Xa (fXa) is a trypsin like serine protease that forms a 

prothrombinase complex with ion Ca2+, and phospholipids 

to produce thrombin. The key enzyme functions at the 

convergence of the intrinsic and extrinsic coagulation 

pathways in a process that involves signal amplification. 

One molecule of fXa activates many molecules of 

prothrombin to thrombin. As inhibition of fXa prevent 

thrombin formation without affecting pre-existing thrombin, 

fXa inhibitors are predicted to cause less impairment of 

hemostasis than direct thrombin inhibitors, leading to wider 

therapeutic window [2]. 

 

The discovery of orally active, small molecule competitive 

fXa inhibitors in preclinical animal thrombosis models in 

recent years has spurred the process for discovery of such 

molecules as antthrombotic drugs. Thiophene substituted 

anthranilamides have been reported as novel and potent 

inhibitors of human fXa. In this work, we used QSAR 

methods to study a series of thiophene derivatives tested for 

their inhibitory activity of human factors Xa. QSAR 

methods are among the most practical tools in computational 

physical chemistry. These methods are based on the axiom 

that the variance in the physicochemical properties and 

activities of chemical compounds is determined by the 

variance in their molecular structures [3]. Therefore, the aim 

of the present study is to develop QSAR model identifying 

the relevant molecular descriptors reliable with the activities 

of thiophene derivatives. 

 

2. Materials and Methods 
 

2.1 Data Set 

 

A total of 54 compounds of thiophene-anthranilamides are 

sketched in the below figure with their experimental 

activities. All original activities fXa values are converted 

into logarithm scale in QSAR study. 
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Figure 1: Structures Of Compounds with their observed fXa values 

 

2.2 Descriptors generation 

 

In order to obtain QSAR model, compounds are represented 

by the molecular descriptors [4]. The calculation process of 

the molecular descriptors is described as following: all 

molecules were drawn and pre-optimized in ACDLAB.12.0 

program using MM2 force field. The resulting geometries 

formed the inputs for chemoffice 2012 software to calculate 

steric, thermodynamic and topological descriptors. 

 

For electronic descriptors, G09 software [5] was used for 

quantum chemistry calculations. According to 

DFT/B3LYP/6-31G(d) basis set, the lowest unoccupied 

molecular orbital’s energy (ELUMO), the highest occupied 

orbital’s energy (EHOMO) and total energy ET are defined 

(table 1). 

 

Table 1: Molecular descriptors classified according to their 

categories 
Name of descriptors Category 

Molecular weight 

Ovality 

Molecular volume 

Density 

logP 

molar refraction 

St 

 

 

 

Steric 

EHOMO 

ELUMO 

Es 

Eb 

α 

TVC 

 

 

Electronic 

EVDW 

Bp 

Egibbs 

 

Thermodynamic 

Shap coef 

Iw 

Topological 

 

 

2.3 Descriptors Selection 

 

The MLR method is very useful tool in searching the best 

set of descriptors for multi-linear correlations. The model 

obtained is expected to yield maximum predictive ability. A 

step wise addition of further descriptor scales was performed 

to find the best multi-parameter regression models with the 

optimum values of statistical criteria, in this study, four 

descriptors are selected: St, d, logP and ELUMO. 

 

2.4 Neural Network 

 

Artificial neural network has been successfully applied to 

pattern classification and many other fields. In general, NNs 

are suitable to represent the non linear relation between 

variables due to the complex connections among the neurons 

and the flexibility in using processing functions. It processes 

information in a similar way the human brain does. The 

network is composed of few layers of neurons which are 

interconnected between processing elements that operate in 

parallel. Neurons in adjusting layers are connected with 

relative quantitative weights [7]. In this work we use a 

neural network with three layers; the first (input) layer 

contains four neurons, representing the relevant descriptors 

obtained in MLR method. Although, there are neither 

theoretical nor empirical rules to determinate the number of 

hidden layers, one hidden layer seems to be sufficient in the 

most chemical application of NN [8], some authors have 

proposed a parameter ρ leading to determine the number of 

hidden neurons, which play a major role to determine the 

best NN architecture. It’s defined as follows: 

ρ= nb of data points in the training set/ sum of the 

number of connections in the NN    
 

The three hidden neurons were chosen to maintain ρ 

between 1 and 3 (1<ρ<3). So, the NN architecture is as 

shown in figure 2 (4-3-1): 
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Figure 2: NN architecture used in this work 

 

2.5 Cross Validation 

 

CV used to measure a model’s predictive ability and draw 

attention whether model is over-fitted. Over-fitting refers to 

the phenomenon in which a predictive model may well 

describe the relationship between predictors and response, 

but may subsequently fail to provide valid predictions for 

new compounds. The process of CV begins with the removal 

of one (leave one-out LOO) or a group (leave many-out 

LMO) of compounds, which becomes a temporary test set, 

from the training set. A CV model is created from the 

remaining data points using the descriptors from the original 

model, and tested on the removed molecules for its ability to 

correctly predict the activity. In this paper we used LOO 

method to test the QSAR model. 

 

3. Results and Discussions 
 

MLR model: 

 

Four –variables linear model obtained by applying step-wise 

multiple linear regression MLR is given in form regression 

equation and discussed below: 

 

Log(fXa)= -6,26 – 0,027(St) + 3,37(d) + 0,339(logP) + 

1,157(ELUMO) 

 

N= 54,  R= 0,95     ;     R
2
= 0,9               ; ES= 0,24 

 

Where N is the number of compounds in the training dataset, 

R is the correlation coefficient; SE is the standard error of 

estimate. The selected parameters in equation, as well as, the 

experimental activities and those predicted by multiple 

linear regressions, neural network and cross validation are 

listed in table 2. 

 

Table 2: selected descriptors, observed log(fXa) and predicted log(fXa), by MLR, NN and CV methods 
molecules St D logP ELUMO log(fXa)exp Log(fXa)NN Log(fXa)MLR Log(fXa)CV 

1 64,900 1,460 4,700 0,610 -0,086 -0,084 -0,850 -0,090 

2 65,500 1,510 4,180 0,790 -0,022 -0,019 -0,021 -0,010 

3 62,400 1,420 5,050 0,610 0,954 1,020 0,950 0,700 

4 62,900 1,460 6,350 0,640 1,146 1,120 1,120 1,120 

5 68,400 1,440 6,840 0,580 1,301 1,270 1,304 1,340 

6 69,000 1,440 6,840 0,650 1,322 1,300 1,310 0,390 

7 68,100 1,490 5,550 0,710 0,978 0,900 0,940 1,030 

8 56,000 1,550 4,060 0,620 -0,222 -0,220 -0,222 -0,211 

9 64,900 1,460 4,570 0,490 -0,086 -0,086 -0,087 -0,100 

10 71,300 1,520 8,940 0,620 3,699 3,600 3,690 4,000 

11 71,000 1,510 8,770 0,620 1,732 1,700 1,720 1,740 

12 65,500 1,520 4,190 0,670 -0,022 -0,019 0,020 0,030 

13 63,400 1,520 6,840 0,550 1,255 1,220 1,230 1,280 

14 70,000 1,520 6,970 0,550 1,380 1,360 1,360 1,400 

15 66,000 1,450 4,770 0,480 0,000 0,000 0,010 1,000 

16 66,000 1,450 5,110 0,490 0,748 0,720 0,740 1,300 

17 68,900 1,490 5,190 0,510 0,792 0,670 0,780 0,700 

18 68,900 1,490 8,070 0,510 1,531 1,510 1,520 1,630 

19 58,700 1,510 4,920 0,830 0,279 0,270 0,300 0,290 

20 58,700 1,510 4,930 0,630 0,857 0,830 0,840 1,010 

21 64,100 1,420 6,280 0,480 1,079 1,000 1,030 1,100 

22 64,100 1,420 5,990 0,640 1,000 0,960 0,980 1,500 

23 56,500 1,380 5,780 0,530 0,875 0,770 0,800 1,040 

24 66,000 1,450 4,560 0,480 0,000 0,010 0,100 0,001 

25 68,900 1,490 5,630 0,510 0,792 0,729 0,770 0,870 

26 63,600 1,420 5,130 0,490 0,204 0,200 0,190 0,500 

27 69,200 1,480 5,540 0,730 0,778 0,670 0,760 1,020 

28 65,500 1,510 5,240 0,520 0,681 0,630 0,590 0,780 

29 60,000 1,450 5,330 0,540 0,716 0,700 0,720 0,700 

30 65,400 1,490 4,990 0,800 -0,097 0,060 -0,080 0,030 

31 68,800 1,510 5,350 0,730 0,146 0,140 0,140 0,200 

32 63,500 1,470 5,450 0,750 0,531 0,520 0,580 0,600 

33 62,400 1,450 5,435 0,810 0,176 0,110 0,171 0,200 
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34 55,600 1,390 4,360 0,730 -0,347 -0,334 -0,337 2,010 

35 57,900 1,350 4,840 0,810 -0,284 -0,264 -0,270 -0,340 

36 56,700 1,370 4,850 0,800 -0,222 -0,222 -0,221 -0,234 

37 55,400 1,410 4,030 0,630 -0,523 -0,512 -0,580 -0,630 

38 56,400 1,450 5,939 0,880 0,663 0,650 0,667 0,730 

39 55,600 1,420 3,260 0,520 -0,420 -0,421 -0,420 -0,500 

40 58,700 1,510 5,150 0,840 0,279 0,210 0,260 0,220 

41 58,700 1,510 5,800 0,790 0,322 0,200 0,310 0,220 

42 62,100 1,560 4,620 0,760 0,204 0,180 0,300 1,020 

43 62,100 1,560 4,720 0,920 0,146 0,100 0,130 0,150 

44 62,100 1,560 4,740 0,700 0,544 0,520 0,540 0,650 

45 65,900 1,620 4,890 0,910 0,230 0,200 0,250 0,324 

46 65,900 1,620 5,370 0,740 0,301 0,290 0,300 0,410 

47 64,400 1,520 4,970 0,620 -0,097 0,100 -0,100 -0,089 

48 64,800 1,540 4,290 0,610 -0,398 -0,392 -0,380 -0,400 

49 65,300 1,550 5,560 0,930 0,322 0,321 0,330 0,560 

50 60,600 1,440 5,630 0,590 0,431 0,380 0,410 0,440 

51 58,900 1,460 5,910 0,560 1,079 1,080 0,990 1,060 

52 56,800 1,420 5,810 0,560 1,000 0,990 1,070 0,960 

53 58,600 1,430 6,290 0,540 1,301 1,300 1,320 0,990 

54 66,000 1,550 5,340 0,510 0,756 0,730 0,760 0,850 

 

We notice that steric, electronic and lipophilic properties that 

are considered as the principal factors engendering an 

interaction between a ligand and a binding site, constitute 

the relevant descriptors selected to establish the QSAR 

model of potent inhibitors of human factor Xa. The 

contribution of each descriptor was illustrated in figure 3. 

 

 

 
Figure 3: Contributions of descriptors to the QSAR model. 

 

We notice that descriptors related to the density and LUMO 

energies are the most important factors in the establishment 

of the QSAR model of thiophene derivatives. This confirms 

that the activity is related to steric and electronic effects in 

the same time the log P seems to have a non negligible 

impact on the QSAR model. The graphical correlation of 

observed and predicted log(fXa) by MLR is recorded in 

figure 4. 
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Figure 4: Correlation of observed and predicted activities by MLR 

 

Neural Network 

 

The neural network model is generated using the four 

descriptors, appearing in the MLR model. One neuron, 

which encoded the activities, constituted the output layer, 

and we chose the hidden layer from the calculation of ρ. So, 

The best architecture is: 4-3-1 and the NN results are: RNN = 

0,98      ES= 0,27             N=54  

 

The correlation coefficient obtained by neural network 

implies that the selected descriptors by MLR are apposite 

and the model QSAR proposed to predict activities is 

relevant. The predicted power of 4-3-1 NN can be judged 

from the plot of observed activities versus predicted by NN 

shown in figure 5. 

 

 

Figure 5: observed activities versus predicted ones by NN 

 

Cross-validation 

 

In order to check the reliability and the stability of the best 

elaborated QSAR model, we have used the leave-one –out 

validation, this step is very important because the high value 

of the square of the correlation coefficient indicates the best 

fit of the data but does not contain information about the 

ability to predict the dependent variable of no include data in 

the training set. 

 

The LOO cross-validation procedure yielding high 

predictive R values “RCV= 0, 90 and SE = 0, 32” testifies 

on the high predictability of the proposed QSAR model. 

 

Figure 6 represents observed activities versus LOO 

predicted log(fXa). 
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Figure 6: Observed activities versus predicted ones by LOO method 

 

To estimate the predictive power of a QSAR model, Tropsha 

and Golbraikh [9] recommended use of the following 

statistical characteristic of the test set, (i) correlation 

coefficient R between the predicted and observed activities, 

(ii) coefficients determination (R
2
), (predicted vs observed 

activities R0
2
, (iii) slopes K and K’ of the regression lines 

through the origin. They consider that a QSAR model is 

predictive, if the following conditions are satisfied:  

 
Tropsha and Golbraikh 

criteria’s 

Results 

R2
CV > 0,6 R2

CV = 0,81 

R2
pred > 0,5 R2

pred= 0,90 
2 2

2
0,1

predR R

R


  

2 2

2

0,90 0,81
0,1

0,90

predR R

R

 
 

 

In addition, another criteria is proposed by Roy [10] to 

investigate the predictability of QSAR models, R
2

m = R
2
 (1- 

(R
2
 –Rpred

2
)

1/2
) 

 

If R
2

m >0.5, it indicates a good predictability of the 

developed model, in this study we have: 

R
2
m = 0.90 [1-(0.90-0.81)

1/2
] = 0,85 

 

4. Conclusion 
 

In this study, we have developed a QSAR model introducing 

quantum descriptors, regression quality indicates that these 

descriptors provide important information and have 

significant role in the rating of the activities. Neural network 

considering the relevant descriptors obtained by MLR, 

showed a good agreement between observed and predicted 

values; finally, we have validated our results by LOO-CV 

procedure. 
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