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Abstract 
 

In the present work, we carry out the antimicrobial evaluation against E. coli (MTTC1652), with a study between 

the activity and 2D-QSAR structure. The study made by a set consisting of 21 chemical structures of the 1,3-

disubstituted triazole derivatives, each chemical structure is characterized by topological and electronic 

descriptors. The software ChemOffice and ChemSketch use for the computations of a topological descriptor, and 

for the computation of electronic descriptors with the functional theory of density whose hybrid base and the basic 

set are, successively: 3-Lee-Yang-Paar, 6-31G(d,p), we use the software Gaussian09. The data of 21 chemical 

compounds and divides into two sets at random, one is the learning set made up of 17 chemical compounds and 

there is the test set made up of 4 chemical compounds. The analysis performed in this work done by principal 

component analysis (PCA) and multilinear regression (RLM). The set of tests to be performed by changing the 

compounds of the two sets and the following were calculated the predicted pMIC values for the test set. The 

training and testing set validated separately with internal and external tests, such as y-randomization and 

Golbraikh and Tropsha validation model criteria. The model is validated with the high values of R2, R2
test and 

Q2cv values (R2= 0.80, R2
adj =0.75 and Q2cv=0.68, R2

test =0.93, MSE=0.024). 
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1. Introduction  

Escherichia coli was first isolated by Dr. Theodor Escherichia [1]. E. coli classes in the bacterial family 

of enterobacteria and living in the gastrointestinal tract of animals and humans [2]. Usually, it lives with 

hosts in association and rarely causes disease. However, it has caused uncomplicated urinary tract 

infections in humans and animals [3]. And frequently in women due to the proximity of the urethra and 

anus [4]. The appearance of multi-resistance between bacterial and microbial infection has seen the 

discovery of new powerful drugs of the treatment of infection resulting from infections by medical 

researchers. For that, the theoretical study between the target and the chemical structure and a means of 

discovering a new drug having biological activity, antibacterial against E. coli, certain works were used 

the QSAR study [5-6]. 

The evolution of the computer tool makes it possible to obtain a physical-chemical description of the 

chemical compounds in the theoretical study in a very precise manner. This descriptor uses variables to 

find molecules linking biological activity to the multidimensional chemical structure which does not 

allow high predictability of the biological of new organic molecules [5-7]. In this present study, we have 

sought to develop a model that links biological activity with the chemical structure of a series of 21 

compounds derived from 1,3-disubstituted triazole by using 15 descriptors to build a 2D-QSAR model. 

Also, the statistical consistency of the advanced model was estimated on the base of their liaison 

capability for the traineeship set, as their predictive force for an exterior test est. Different groups of 

molecular descriptors were calculated to forecast the studied property of the 21 triazole derivatives using 

multiple linear regression (MLR). We, therefore, suggest quantitative models, and we try to explain the 

property of the studied compounds from the 2D-QSAR study [7]. The triazole derivatives the subject of 

this study was synthesized by a click reaction between the terminal alkynes and the N-substituted 2-

azido-acetamide, all of the newly synthesized triazole (Table 1), were found to exhibit inhibitory activity 

against E. coli (MTCC 1652) [8]. 

 

2. Material and methods 

2.1. Data sources  

The data of the QSAR study of this work is collected from the literature [8], however of study consists 

of a 21 compounds drive of 1,4-disubstituted triazole which has present by their minimum inhibitory 

concentration (pMIC), Table 1 shows the 21 compounds with their pMIC (mol/m3). For correct 

validation of the QSAR model, we have separated all 21 chemical compounds into two groups. The 

training group made up of 17 molecules to validate the QSAR model and 4 molecules the model test 

obtained there, the last group is called the test set, and the isolation of the two groups is done randomly. 



Y. Koubi et al. / Arab. J. Chem. Environ. Res. 06 (2019) 57-69                                               59 

 

AJCER 

Table 1. In vitro antimicrobial evaluation against E. coli of 1,4-disubstituted-1,2,3-triazole. 

 

 Compound Ar R pMIC 

4a C6H5 H 7.0467 

4b 4-CH3OC6H4 H 7.0909 

4c 4-NO2C6H4 H 7.4122 

4d 4-FC6H4 H 6.6757 

4e 4-ClC6H4 H 7.0974 

4f 4-BrC6H4 H 7.4190 

4g α-Naphthyl 4-CH3 7.1101 

4h C6H5 4-CH3 7.4306 

4i 4-CH3OC6H4 4-CH3 7.0936 

4l 4-ClC6H4 4-CH3 6.8356 

4m 4-BrC6H4 4-CH3 7.3767 

4n α-Naphthyl 4-CH3 7.4168 

4r C6H5 3-F 7.4225 

4p 4-CH3OC6H4 3-F 7.4775 

4q 4-NO2C6H4 3-F 7.7569 

4r 4-FC6H4 3-F 7.0680 

4u α-Naphthyl 3-F 7.4424 

 4j 4-NO2C6H4 4-CH3 6.8153 

4k 4-FC6H4 4-CH3 7.4723 

4s 4-ClC6H4 3-F 7.7375 

4t 4-BrC6H4 3-F 7.7011 

 

 

2.2. Molecular descriptors 

In the QSAR study, there are numerous molecular descriptors to use as a variable in the QSAR model, 

and these obtained variables allow us to predict the biological activity of the compounds not yet formed. 

In this study we use to predict of the descriptor, on the one hand, the electronic descriptor that was 

obtained by theoretical calculates, with the theory of functional density (DFT) [9], with hybrid function 

B3LYP [10], and the 6-31G(d,p) [11], using Gaussian 09W software [12] are as follows: the total energy 

(Et), highest occupied molecular orbital energy (EHOMO), lowest unoccupied molecular orbital energy 

(ELUMO), the absolute electronegativity (χ), the dipole moment (DM), the softness index (S), the 

nucleophilic index (N), reactivity index (ω) and the absolute hardness (n) [13]. 

The n, χ, and ω were determined using the following equations: 

𝑆 =
1

2𝜇
     ;     𝜔 =  

𝜇2

2𝜂
   ;   𝜒 =

−𝜀𝐻𝑂𝑀𝑂+𝜀𝐿𝑈𝑀𝑂

2
 ;  𝜂 = (𝜀𝐿𝑈𝑀𝑂 − 𝜀𝐻𝑂𝑀𝑂) 

 

 

 

 

Training 

set 

 

 

 

 

 

 

Test 

 set 
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Else by using ChemOffice.16 and ChemSketch.2020 Software [14], we chose the following topological 

descriptor:  

partition coefficient (LogP), molar volume (VM), polarizability (αe), parachor (Pr), molar weight (MW), 

and molar reactivity (MR), all topological ana electronic descriptors presented in Table 2. 

 

2.3. Statistical analysis 

2.3.1. Principal component analysis 

The statistical method used to apply the quantitative relationship between the chemical descriptor and 

the biological activity using a mathematical model, are the principal component analysis ACP [15], using 

XLSTAT 16 [16]. The objective of the use ACP is for analyzing the relationship between the quantitative 

descriptor of substituted 1,3-triazole and also used to understand the distribution of the compounds [17], 

the result of ACP present in Table 3. 

 

2.3.1. Principal component analysis 

Multiple Linear regression (MLR) analysis is the conventional and standard approach for multivariate 

data analysis [18]. It is based on the ordinary least square regression (OLS) method. MLR is a method 

used for modeling the linear relationship between a dependent variable y (pMIC) and independent 

variable x (descriptors) [19]. MLR estimates the values of regression coefficients (R2) by stratifying the 

least-squares adequate method. The model makes a relationship in the form of a straight line (linear) tat 

better present in the form: 

𝑦 = 𝑎1 ∗ 𝑥1 + 𝑎2 ∗ 𝑥2 + 𝑎3 ∗ 𝑥3 … … … … … . +𝑏 

𝑎𝑖 : regression coefficients; 

b: regression coefficients of the intersection; 

 

2.4. Internal validation  

Internal validation is the set of tests applied to the group of learning molecules. The solidity if this set is 

characterized by the values of the parameters R2, R2
adj, MSE, and F, which are successive: the coefficient 

of determination and the coefficient of the determination adjusts, the average of the square errors of the 

model, and Fisher test [20]. There are other internal validation procedures to reinforce the reliability of 

the model obtained, on the one hand, cross-validation LOO (leave-one-out), which consists in extracting 

a number k (k=1) molecule from the set initial of N molecule and build a model with (N-1) molecules, 

remaining using the chosen descriptor, this process and then repeated to remove and predict the values 

of all the molecules in the learning series [21]. On the other hand, y-randomization consists of randomly 
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mixing the properties by contribution to the experimental activity for the learning series which we use 

the same descriptor. The parameters of the randomization must be to have poor quality. 

 

2.5. External validation 

Internal validation is a standard compulsory part of QSAR modeling according to some researchers [22]. 

This model consists of predicting the activity of a series of molecules commonly called test series which 

do not appear in the model development series. This validation is characterized by the parameters Rtest, 

Q2
cv (test). Recently, several studies [23-24], have demonstrated insufficient parameter Rtest, Q

2
cv (test) 

to control the predictive capacity of the QSAR model. Therefore, other parameters must be checked for 

this. These parameters are called “external validation criteria” or are often called “Tropsha criteria’’[25-

22]. 

The domain applicability is a mandatory condition for measuring the use of the QSAR model according 

to the OECD validation principal [26]. We cannot say a model valid if and only the model and capable 

of creating to the prediction of new compounds can say exists as credible and not an extrapolation of the 

model [27]. 

The domain applicability is presented by the Williams graph (residual = f(leverage values)), the leverage 

value for each compound is calculated by the following method: 

ℎ𝑖 =  𝑋𝑖
𝑡(𝑋𝑡𝑋)−1 

And Xi is the descriptor vector of compound examined X, and is the descriptive matrix derived from the 

values of the descriptors of the learning set [28]. According to the Williams graph, the domain of 

applicability exists inside a square bounded by the value ±x which is the value of the standard deviation 

[27]. The levier value (hi) of each compound must be lower than the threshold value h* for a model to 

be meaningful and a strong significant and strong predictability. 

 

3. Results and discussion 

3.1. Molecular descriptors 

To determine a quantitative relationship between the structure and activity 2D-QSAR study was 

performed 21 amides linked 1,4-disubstituted 1,2,3-triazoles to antimicrobial E. coli (MTCC 1652) [8]. 

The values of the 15 descriptors are shown in Table 2. 

The matrix result of the analysis in the principal component has regrouped the sum of data 15 descriptors 

associated with the 21 components of triazole (Table 3). The variance of the three main axes F1, F2, F3, 

is 38.057%, 33.268%, and 15.304% and adequate to describe the maximum information of the matrix 

that is estimated to be equal (86.99%). 
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Table 2. values of the obtain descriptors of the studied 1,4-disubstituted triazoles. 

Comp

ounds 

pMIC Et DM EHO

MO 

ELU 

MO 

χ ƞ S(I) ω N MW MR MV Pc αe Log

P 

4a 7.05 -912.37 3.77 -0.22 -0.03 -0.09 0.19 2.68 0.023 0.21 280.32 82.60 226.80 606.70 32.74 2.97 

4b 7.09 -1026.89 5.46 -0.21 -0.02 -0.10 0.19 2.61 0.024 0.22 308.33 88.42 248.50 657.00 35.05 2.81 

4c 7.41 -1116.87 2.31 -0.23 -0.10 -0.06 0.13 3.99 0.016 0.21 323.31 88.26 232.10 652.20 34.99 2.91 

4d  6.68 -1011.60 3.25 -0.22 -0.04 -0.09 0.18 2.73 0.023 0.21 296.30 82.47 229.70 606.90 32.69 3.11 

4e 7.10 -1371.96 4.23 -0.23 -0.03 -0.10 0.19 2.62 0.024 0.21 312.75 87.20 236.10 635.60 34.57 3.57 

4f 7.42 -3483.48 4.16 -0.22 -0.03 -0.09 0.19 2.65 0.024 0.21 404.46 123.59 330.40 883.30 48.99 3.96 

4g 7.11 -1066.01 4.23 -0.22 -0.06 -0.08 0.16 3.12 0.020 0.21 322.36 92.84 263.70 688.10 36.80 3.32 

4h 7.43 -951.70 2.58 -0.22 -0.03 -0.10 0.19 2.59 0.024 0.21 337.33 92.69 247.30 683.30 36.74 3.42 

4i 7.09 -1066.22 2.16 -0.20 -0.03 -0.09 0.17 2.87 0.022 0.23 310.33 86.90 244.90 638.00 34.45 3.62 

4j 6.82 -1156.20 8.17 -0.23 -0.08 -0.07 0.15 3.43 0.018 0.20 326.78 91.63 251.30 666.70 36.32 4.08 

4k 7.47 -1050.93 3.84 -0.22 -0.03 -0.10 0.19 2.62 0.024 0.21 371.23 94.58 254.60 681.40 37.49 4.25 

4l 6.84 -1411.29 2.46 -0.21 -0.04 -0.09 0.17 2.91 0.021 0.22 418.49 128.02 345.60 914.40 50.75 6.12 

4m 7.38 -3522.80 4.51 -0.22 -0.03 -0.10 0.19 2.63 0.024 0.21 296.30 82.47 229.70 606.90 32.69 3.11 

4n 7.42 -11105.3 3.75 -0.21 -0.06 -0.08 0.15 3.23 0.019 0.22 326.33 88.29 251.40 657.20 35.00 2.95 

4o 7.42 -1011.61 1.04 -0.22 -0.04 -0.09 0.19 2.70 0.023 0.21 330.74 87.07 239.00 635.80 34.52 3.71 

4p 7.48 -1126.13 1.88 -0.20 -0.03 -0.09 0.17 2.91 0.021 0.23 375.20 90.03 242.30 650.50 35.69 3.88 

4q 7.76 -1216.10 6.50 -0.23 -0.10 -0.07 0.14 3.67 0.017 0.20 357.20 90.16 239.40 650.30 35.74 3.73 

4r 7.07 -1110.83 5.01 -0.23 -0.03 -0.10 0.19 2.62 0.024 0.21 292.34 87.03 242.00 637.80 34.50 3.48 

4s 7.74 -1471.13 5.00 -0.23 -0.04 -0.09 0.18 2.70 0.023 0.20 341.30 88.13 235.00 652.40 34.94 3.05 

4t 7.70 -3582.70 4.96 -0.23 -0.04 -0.09 0.18 2.71 0.023 0.20 314.29 82.34 232.60 607.00 32.64 3.25 

4u 7.44 -1165.25 5.69 -0.22 -0.06 -0.08 0.16 3.04 0.021 0.21 422.45 123.46 333.30 883.40 48.94 5.74 
 

Table. 3. Values of correlation matrix obtained through ACP 
Variables ET DM EHOMO ELUMO χ ƞ S(I) ω N MW MR MV Pc αe LogP 

ET 1 -0.02 -0.17 0.04 -0.12 0.12 -0.09 0.12 -0.17 0.02 0.02 -0.03 0.007 0.02 0.20 

DM -0.02 1 -0.56 -0.38 0.19 -0.19 0.18 -0.19 -0.56 -0.03 0.02 0.03 0.017 0.02 0.02 

EHOMO -0.17 -0.56 1 0.49 -0.15 0.15 -0.20 0.15 1.00 0.03 0.03 0.10 0.048 0.03 0.04 

ELUMO 0.04 -0.38 0.49 1 -0.93 0.93 -0.94 0.93 0.49 -0.12 -0.04 0.08 -0.039 -0.04 -0.05 

χ -0.12 0.19 -0.15 -0.93 1 -1.00 0.99 -1.00 -0.15 0.16 0.06 0.03 0.064 0.06 0.08 

ƞ 0.12 -0.19 0.15 0.93 -1.00 1 -0.99 1.00 0.15 -0.16 -0.06 -0.03 -0.064 -0.06 -0.08 

S(I) -0.09 0.18 -0.20 -0.94 0.99 -0.99 1 -0.99 -0.20 0.12 0.02 -0.01 0.029 0.02 0.03 

ω 0.12 -0.19 0.15 0.93 -1.00 1.00 -0.99 1 0.15 -0.16 -0.06 -0.03 -0.064 -0.0 -0.08 

N -0.17 -0.56 1.00 0.49 -0.15 0.15 -0.20 0.15 1 0.03 0.03 0.10 0.048 0.03 0.04 

MW 0.02 -0.03 0.03 -0.12 0.16 -0.16 0.12 -0.16 0.03 1 0.88 0.84 0.87 0.88 0.81 

MR 0.02 0.02 0.03 -0.04 0.06 -0.06 0.02 -0.06 0.03 0.88 1 0.98 0.99 1.00 0.83 

MV -0.03 0.03 0.10 0.01 0.03 -0.03 -0.01 -0.03 0.10 0.84 0.98 1 0.99 0.98 0.82 

Pc 0.01 0.01 0.04 -0.03 0.06 -0.06 0.03 -0.06 0.04 0.87 0.99 0.99 1 0.99 0.81 

αe 0.02 0.02 0.03 -0.04 0.06 -0.06 0.02 -0.06 0.03 0.88 1.00 0.98 0.99 1 0.83 

LogP 0.20 0.02 0.05 -0.05 0.08 -0.08 0.03 -0.08 0.04 0.81 0.83 0.82 0.81 0.83 1 

 

The purpose of this analysis is to reduce the number of variables (descriptor) according to PCA [17]. 

The correlation condition between the variables is defined by the value of r: if r greater than 0.5 we have 
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collinearity between the variables if r less than 0.5 we have a non-collinear relationship between the 

variables [29]. 

In this study the correlation is perfectly correlated between, (MR, αe), (ω, ƞ), (ω, ELUMO) and (N, EHOMO) 

with a correlation value equal to 1, in these variables are redundant. ω and χ relate to a perfectly negative 

correlation r = - 1, and a large observed value of collinearity between the variables (S, ω) with r = 0.99 

and (Pc, αe) r = 0.98 at the end by eliminating the following variable, ELUMO, αe, χ, MR, S and Pc. 

 

3.2. Multiple linear regression  

After several tests, we have developed a model that links the descriptor of chemical structure with the 

biological activity pMIC, but the best combination obtained by RLM admits a linear relation with only 

three descriptors MW, LogP, and EHOMO by contribution to the other descriptor manipulated in the study.  

The linearity equation of this model and presented in the form: 

pMIC = 2.56+1.10-2MW-0.53LogP-13.92*EHOMO 

the model chosen is valid with the following parameters: 

N=21    R2 = 0.80   ,   R2
adj =0.75   ,   F=17.281   ,   MSE= 0.024   ,   P< 0.0001 

Based on these values, the pMIC equation obtained is statistically significant. 

Manipulation of the model obtained by the statistical study of the RLM is cross-validation and shows 

their solidity according to the values of the cross-validation LOO Q2
cv= 0.68, and this value is greater 

than 0.5. The model and also valid by the best metric value of 𝑟𝑚
2̅̅ ̅̅ ̅(𝑐𝑣𝐿𝑜𝑜)=0.578 𝛥𝑟𝑚

2̅̅ ̅̅ ̅̅ (𝑐𝑣𝐿𝑜𝑜) =0.001 

 

 

Fig 1. Correlation between the values of predicted and observed activities calculated. 

3.3. y-randomization 

The randomization test for the learning set constitutes the QSAR model and consists in randomly mixing 
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100 times the variables of the equation obtained by the statistical analysis RLM with the experimental 

values of the biological activity pMIC, and the favorable result of this test and that if of the bad values 

of Rrand, R
2

rand and Q2
cv(LOO)RAND. The computer tool used in this study https: //dtclab.webs.com/software-

tools [27]. Tables 4 and 5 show that the values of all the 100 tests i and also the average value of the 

model validation parameters by randomization. These results and show that the model was chosen is not 

developed by chance. 

 

Table 4. values of y-randomization test results 

rand R R2 Q2 rand R R2 Q2 rand R R2 Q2 rand R R2 Q2 

1 0.222 0.049 -0.345 26 0.409 0.167 -0.177 51 0.373 0.139 -0.363 76 0.077 0.006 -0.407 

2 0.301 0.091 -0.303 27 0.361 0.130 -0.294 52 0.137 0.019 -0.439 77 0.247 0.061 -0.257 

3 0.323 0.104 -0.336 28 0.485 0.235 -0.258 53 0.351 0.123 -0.399 78 0.282 0.079 -0.344 

4 0.199 0.040 -0.412 29 0.474 0.224 -0.041 54 0.271 0.073 -0.483 79 0.358 0.128 -0.283 

5 0.368 0.136 -0.355 30 0.307 0.094 -0.344 55 0.068 0.005 -0.480 80 0.181 0.033 -0.680 

6 0.356 0.126 -0.208 31 0.183 0.034 -0.340 56 0.347 0.120 -0.401 81 0.425 0.181 -0.198 

7 0.323 0.104 -0.425 32 0.404 0.163 -0.340 57 0.309 0.095 -0.269 82 0.293 0.086 -0.328 

8 0.496 0.246 -0.194 33 0.111 0.012 -0.399 58 0.370 0.137 -0.381 83 0.382 0.146 -0.397 

9 0.382 0.146 -0.236 34 0.156 0.024 -0.420 59 0.347 0.120 -0.270 84 0.501 0.251 -0.032 

10 0.380 0.145 -0.260 35 0.290 0.084 -0.321 60 0.163 0.027 -0.474 85 0.663 0.440 0.084 

11 0.265 0.070 -0.424 36 0.090 0.008 -0.330 61 0.411 0.169 -0.269 86 0.092 0.009 -0.303 

12 0.185 0.034 -0.495 37 0.643 0.414 0.099 62 0.312 0.097 -0.419 87 0.488 0.238 -0.155 

13 0.270 0.073 -0.396 38 0.278 0.077 -0.371 63 0.480 0.230 -0.203 88 0.306 0.094 -0.306 

14 0.422 0.178 -0.246 39 0.478 0.229 -0.128 64 0.643 0.413 0.086 89 0.360 0.129 -0.254 

15 0.337 0.114 -0.494 40 0.448 0.200 -0.368 65 0.459 0.211 -0.126 90 0.257 0.066 -0.452 

16 0.365 0.133 -0.382 41 0.151 0.023 -0.294 66 0.344 0.118 -0.314 91 0.258 0.066 -0.328 

17 0.240 0.058 -0.497 42 0.502 0.252 -0.025 67 0.274 0.075 -0.354 92 0.344 0.119 -0.238 

18 0.336 0.113 -0.241 43 0.114 0.013 -0.452 68 0.184 0.034 -0.462 93 0.369 0.136 -0.479 

19 0.424 0.180 -0.332 44 0.311 0.096 -0.326 69 0.407 0.165 -0.201 94 0.207 0.043 -0.448 

20 0.186 0.035 -0.441 45 0.421 0.178 -0.234 70 0.192 0.037 -0.401 95 0.482 0.233 -0.155 

21 0.484 0.234 -0.197 46 0.304 0.092 -0.300 71 0.415 0.172 -0.293 96 0.477 0.228 -0.137 

22 0.553 0.306 0.063 47 0.605 0.366 0.007 72 0.313 0.098 -0.508 97 0.337 0.113 -0.436 

23 0.254 0.065 -0.296 48 0.247 0.061 -0.483 73 0.623 0.388 -0.033 98 0.287 0.083 -0.339 

24 0.445 0.198 -0.131 49 0.341 0.117 -0.411 74 0.385 0.148 -0.214 99 0.528 0.279 -0.008 

25 0.307 0.094 -0.393 50 0.475 0.225 -0.113 75 0.327 0.107 -0.319 100 0.386 0.149 -0.416 

 

Table 5. Random Models Parameters 

Average R: 0.34102 

Average R2: 0.13306 

Average Q2
cv: -0.3243 

cRp
2: 0.72034 
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3.4. External validation  

For external validation, we calculated the correlation and determination coefficient, Rtest= 0.96, 

R2
test=0.93, and also the validation parameters of Golbarikh and Tropsha [25], the values obtained in 

Table 6 show the reliability of model chosen. 

 

Table 6. Comparison of the statistical parameter and Golbraikh and Tropsha criteria 

 

 

 

 

 

Fitting 

criteria 

Parameter Equation Model 

score 

Threshold 

R2 R2=1 −
∑(𝑌𝑜𝑏𝑠−𝑌𝑐𝑎𝑙𝑐)2

∑(𝑌𝑜𝑏𝑠−𝑌𝑜𝑏𝑠̅̅ ̅̅ ̅̅ ̅)2  0,800 >0,60 

R2
adj R2

adj=
(𝑁−1)𝑅2−𝑝

𝑁−𝑃−1
 0,753 >0,60 

MSE MSE=
∑(𝑌𝑜𝑏𝑠−𝑌𝑐𝑎𝑙𝑐)2

𝑁
 0,024 A low value 

F F=
∑(𝑌𝑐𝑎𝑙𝑐−𝑌𝑐𝑎𝑙𝑐̅̅ ̅̅ ̅̅ ̅̅ )2−𝑁−𝑃−1

∑(𝑌𝑜𝑏𝑠−𝑌𝑐𝑎𝑙𝑐)2 𝑃
 17,281 A high value 

 

 

 

 

 

Internal 

validation 

 

Q2
adj Q2

adj =1 −
∑(𝑌𝑜𝑏𝑠−𝑌𝑐𝑎𝑙𝑐)2

∑(𝑌𝑜𝑏𝑠−𝑌𝑜𝑏𝑠̅̅ ̅̅ ̅̅ ̅)2  0,682 >0,50 

Rrand Average of the 100 Rrand(i) 0,341019 <R 

R2
rand Average of the 100 R2

rand(i) 0,133061 < R2 

Q2
cvLoo(rand) Average of the 100 Q2

cvLoo(rand)(I) -0,3243 <Q2
c 

cRp
2
 cR2

p= √(𝑅2 − (𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑅𝑟𝑎𝑛𝑑)2) 0,720336 >0,50 

𝑟2
𝑚

̅̅ ̅̅ ̅(𝑐𝑣𝐿𝑜𝑜) |𝑟𝑚
2 − 𝑟𝑚

′2|

2
 

0,578 >0,50 

Δ𝑟2
𝑚

̅̅ ̅̅ ̅(𝑐𝑣𝐿𝑜𝑜 

(𝑐𝑣𝐿𝑜𝑜) 

|𝑟𝑚
2 − 𝑟𝑚

′2| 0,001 <0,20 

 

 

 

 

 

 

 
External 

validation 

R2
test 

1 −
∑(𝑌𝑜𝑏𝑠(𝑡𝑒𝑠𝑡) − 𝑌(𝑡𝑒𝑠𝑡))

2

∑(𝑌𝑜𝑏𝑠(𝑡𝑒𝑠𝑡) − 𝑌𝑜𝑏𝑠(𝑡𝑒𝑠𝑡)
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)

2 
0,936 >0,50 

𝑟𝑚 ̅̅̅̅  𝑡𝑒𝑠𝑡 |𝑟𝑚
2 − 𝑟𝑚

′2|

2
 

0,741 >0,50 

Δ r2
test |𝑟𝑚

2 − 𝑟𝑚
′2| -0,11 <0,20 

Δ r2
0 test |𝑟0

2 − 𝑟0
′2| 0,096 <0,30 

(r2- r2
0)/ r2 |𝑟2 − 𝑟0

2|

𝑟2
 

-0,002 <0,10 

(r2- r’2
0)/ r2 |𝑟2 − 𝑟0

′2|

𝑟2
 

0,07 <0,10 

K ∑𝑌𝑜𝑏𝑠𝑌𝑐𝑎𝑙𝑐

∑𝑌𝑐𝑎𝑙𝑐
2  

1,007 0,85≤K≤1,15 

K’ ∑𝑌𝑜𝑏𝑠𝑌𝑐𝑎𝑙𝑐

∑𝑌𝑜𝑏𝑠
2  

0,992 0,85≤ K’≤1,15 

 

The result of the calculate leverage parameters hi presents in the form of Williams diagram (Figure 2) 

the diagram and presents the residual standard value as a function of hi with h* = 0.71 and x = ±3 
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We observe from figure 2 that all the leverage values of each learning compound (blue), and test (red) 

are inside the domain of applicability, which means the solidity and reliability of model chosen by 

statistical analysis  

ℎ∗ =
3(𝑘 + 1 )

𝑛
 

And k=3 n = 17  

 

Figure 2. Williams plot of the normalized residual compared to the leverage for the MLR model  

 

Conclusion 

In this 2D-QSAR study of 21 triazole derivatives, we have studied the predictability of a mathematical 

model for biological activity pMIC. The model is shown here reliability and solidity values of R2 and 

R2
adj. So, the model is manipulated to be a set of tests. First, the LOO cross-validation test which does 

not give a value of Q2
cv = 0.68 sufficient and the Y-randomization test for also shows that the model was 

not chosen random according to the values of Rrand, R2rand, Q2
cv Loo(rand), rand, and cR2

p and secondly the 

parameter of Golbraikh and Trouphsa For still ensures the model obtained and finally the domain of 

applicability to verify that the model and capable of predicting antibacterial biological activity E. coli 

(MTCC 1652) for molecules not yet formed. 
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