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ABSTRACT

are considered reliable for rapid discovery of drugs.

relationship.

Drugs discovering is essential for assessing the potential impact on human health. Using 2D autocorrelation
descriptors as predictor variables, a binary logistic regression model was developed to identify active antibacterial
among quinolone compounds. The classifications made by the model on the training set compounds resulted in an
overall accuracy, sensitivity and specificity of 91.80%, 90.62%, 93.10% dataset. The areas under the ROC curves,
constructed with the training set data, was found to be 0.933 for the model. Predictions made by the model on the
dataset to the test sets correctly classified 93% of test set compounds selected from datasets. The developed models

KEYWORDS: Autocorrelation descriptor, Binary logistic regression, antibacterial, Quantitative structure-activity

INTRODUCTION

Antibacterial drugs lie in the need for new and effective
antibiotics to combat bacterial infections. Quinolones are
a class of antibiotics that have been widely used to treat
various bacterial infections for many years. However, the
emergence of drug-resistant bacteria poses a significant
challenge in the field of antibiotic discovery. Traditional
methods of drug discovery are time-consuming, costly,
and often yield limited success. Therefore, there is a
growing interest in utilizing computational techniques
such as virtual screening to accelerate the drug discovery
process. QSAR (quantitative structure activities
relationships), is a computational method that correlates
the chemical structure of a molecule with its biological
activity. By developing a QSAR model specific to
quinolone-based antibacterial drugs, researchers can gain
insights into what structural features are important for
their activity against bacteria. This information can then
be used to screen large databases of chemical compounds
and identify potential drug candidates with similar
structural characteristics.™

The exploration of QSAR-based virtual screening for the
discovery of quinolone-based antibacterial drugs is quite
extensive. Researchers have conducted studies to
develop QSAR models that can predict the activity of
quinolone compounds against bacteria. One example of a
study in this field is "QSAR models for predicting the
antibacterial activity of quinolone derivatives" by Khan
et al. (2019). The researchers utilized various
computational methods to develop QSAR models that
could predict the antibacterial activity of quinolone
derivatives. They used molecular descriptors to represent
the structural features of the compounds and employed
machine learning algorithms to build the models.
Another study, "QSAR models for predicting the activity
of novel quinolone derivatives against Methicillin-
resistant Staphylococcus aureus"

Virtual screening is a computational method used in drug
discovery to identify molecules that have the potential to
interact with a target protein or enzyme. QSAR, on the
other hand, is a technique that correlates the chemical
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structure of a molecule with its biological activity or
property. By combining these two approaches,
researchers can predict and prioritize potential
quinolone-based compounds that could be effective in
fighting bacterial infections. To develop a QSAR model
specific to quinolone-based antibacterial drugs, which
can accurately predict their activity against bacteria. This
model could then be used to virtually screen large
databases of chemical compounds and identify potential
drug candidates for further exploration and development.

Despite the availability of various quinolone-based
antibiotics, the emergence of drug-resistant bacteria
poses a significant challenge in the field of antibacterial
drug discovery. Traditional experimental methods for
screening potential drug candidates are often time-
consuming and costly. Therefore, there is a need to
explore QSAR-based virtual screening techniques to
efficiently identify new quinolone derivatives with
improved antibacterial properties. This research aims to
develop a reliable QSAR model that can accurately
predict the antibacterial activity of quinolone
compounds.

The main aim of this study was to discover quinolone-

based antibacterial drugs using QSAR-based virtual

screening. Specifically, the study set out to achieve the

following objectives:

= To develop a classification-based QSAR model that
can discriminate between compounds that are active
against Escherichia coli and those that are inactive
against Escherichia coli.

= To determine the predictive ability of the developed
QSAR model on test set compounds.

= To use the developed QSAR model to screen
ChemBL database for possible identification of
drug-like compounds that are active against
Escherichia coli.

The development of a binary logistic regression model
for categorizing chemical compounds into antibacterial
and  non-antibacterial  has  several significant
implications.

Efficient drug discovery: The ability to accurately predict
the antibacterial properties of chemical compounds can
greatly accelerate the drug discovery process. It allows
researchers to prioritize and focus on compounds with
higher potential for antibacterial activity, saving time,
and resources.

Targeted antimicrobial therapy: The model can help in
the development of targeted antimicrobial therapies by
identifying compounds that specifically target
antibacterial mechanisms. This can lead to more
effective and tailored treatments for bacterial infections.

Reduced resistance development: Antibiotic resistance is
a growing concern globally. By accurately categorizing
compounds, the model can aid in the discovery of new

chemical entities that have a lower likelihood of
developing resistance. This can help researchers stay
ahead of evolving bacterial resistance mechanisms.

Cost-effective  screening:  Traditional —experimental
screening of chemical compounds can be expensive and
time consuming. The logistic regression model provides
a cost-effective alternative.

RESEARCH METHODOLOGY

Dataset and its Sources

The dataset used for developing and validating the binary
logistic regression model reported in this research project
was obtained from literature.””) A total of 82 molecules
belonging to the quinolone family of antibacterial
compounds were selected and split into two groups, 43
compounds with proven antibacterial activity and 39
compounds described as inactive against E. coli.l”)
Calculation and Molecular
Descriptors

Two-dimensional structures of the 82 quinolone-family
of antibacterial molecules were drawn using the 2D
sketch palette in Spartan '14 software.’! These 2D
structures were converted into 3D structures and then
optimized using semi-empirical AM1 model as
implemented in Spartan '14 software.®! These optimized
structures were then imported into PaDEL-Descriptor
software and a total of 1444 2D molecular descriptors
were calculated for each quinolone molecule in the
dataset.””!  Highly-correlated  descriptors  (redundant
descriptors) and descriptors with constant or nearly
constant values (irrelevant descriptors) were eliminated
from the pool of molecular descriptors calculated by
PaDEL-Descriptor software.” In this project research,
highly-correlated descriptors with correlation coefficient
exceeding 0.90 and constant-value descriptors with
variance lower than 0.0001 were removed using V-WSP
algorithm® as implemented in V-WSP tool (version 1.2)
developed by Ambure et al. (2015). Correlation matrix
was constructed to verify the absence of multicollinearity
in the final 2D autocorrelation descriptors selected for
model building.

Preprocessing  of

Dataset Division

The 43 quinolone molecules listed as active compounds
in Table 3.1 were split into training and test sets, with the
training set being 75% of the total active compounds and
the test set being 25% of the total active compounds. The
39 inactive compounds listed in Table 3.2 were also
divided into training and test sets, with the training set
being 75% of the entire inactive compounds and the test
set being 25% of the entire inactive compounds. The
dataset division procedure described above was
implemented in Dataset split GUI 1.2 developed by
Ambure et al. (2015) using Kennard-Stone.! The 32
active compounds and the 29 inactive compounds
assigned to the training set were then combined to form
61 training set compounds. These 61 training set
compounds was used to develop the binary logistic

www.ejpmr.com | Vel 12, Issue 4,2025. |

ISO 9001:2015 Certified Journal | 518




Abdulwaheed et al.

European Journal of Pharmaceutical and Medical Research

regression model reported in this project research.
Similarly, the 11 active compounds and the 10 inactive
compounds assigned to the test set were also combined
to form 21 test set compounds. These 21 tests set
compounds were reserved for external validation of the
developed model. The 61 quinolone molecules assigned
to the training set, along with the values of 2D
autocorrelation descriptors selected for model building,
are shown in the Appendix I. Similarly, the 21 quinolone
molecules assigned to the test set, along with the values
of 2D autocorrelation descriptors used for model
validation are shown in Appendix II.

Development of Quantitative
Relationship Model

The classification-based QSAR models reported for
datasets in this research was developed using binary
logistic regression as implemented in IBM® SPSS®
Statistics (version 26). In this multivariate statistical
method, the 2D autocorrelation descriptors for the
training set compounds (61 quinolone molecules) was
used as input independent variables while the coded
values of discrete class labels of compounds in the
training set (1 for active quinolone compounds and O for
inactive quinolone compounds) were used as dependent
variable. Feature selection was carried out using forward
conditional procedures as implemented in IBM® SPSS®
Statistics (version 26). The goodness-of-fit and reliability
of the developed binary logistic regression model were
evaluated using Wald test, Omnibus test, Hosmer and
Lemeshow test, and Nagelkerke R square. The binary
logistic regression models generated for datasets was

Structure-Activity

TP+TN
ACC= ——
TP+TN+FP+FN
TP
TPR = -
TP+FN
™™
TNR = —
TN+FP

External Validation of QSAR Model

The values of the 2D autocorrelation descriptors
calculated for the test set compounds (Appendix Il) were
used to calculate the logit values and the posterior
probabilities of group memberships for the test set
compounds in datasets. The predicted posterior
probability calculated for each test compound was then
used to classify the compound into either active or
inactive antibacterial. As stated earlier in this project
research, compounds with predicted probability greater
than 0.5 were classified as active while compounds with
predicted probability lower than 0.5 were classified as
inactive. The predictive abilities of the classification
model developed in this research project was then
externally evaluated by calculating the proportion of
active and inactive compounds in the test set that was
correctly classified by the model.

Virtual Screening of ChemBL Database
A total of 46 quinolone compounds, obtained from

then used to compute the logit values and posterior
probabilities of group memberships for all the training
set compounds. These predicted posterior probabilities
were used to classify the training set compounds into
antibacterial and  non-antibacterial  compounds.
Compounds with predicted probability greater than 0.5
were classified as active (antibacterial compounds) while
compounds with predicted probability lower than 0.5
were  classified as inactive  (non-antibacterial
compounds).

Evaluation of Model Performance

The classification obtained for the training set
compounds in the datasets was organized in a specific
table layout known as confusion matrix that allows easy
calculation of true positive (TP), true negative (TN),
false positive (FP) and false negative (FN). In this
project, TP and TN refer to the number of active and
inactive antibacterial compounds that was correctly
classified by the models as active and inactive
antibacterial compounds, while FP and FN refer to the
number of inactive and active antibacterial compounds
that was misclassified by the models as active and
inactive antibacterial compounds respectively. From the
values of TP, TN, FP and FN obtained, performance
evaluation metrics such as accuracy (ACC), sensitivity or
true positive rate (TPR), and specificity or true negative
rate (TNR) were calculated using the formulae shown in
Equations 3.1-3.3. The performance of the developed
models vis-a-vis the classifications made on the training
set compounds in datasets was also evaluated graphically
using receiver operating characteristic (ROC) curves.

3.1)
3.2)

3.3)

classification-based QSAR model developed and
validated in the preceding sections. Two-dimensional
structure of each of the 46 quinolone molecules was
drawn using the 2D sketch palette in Spartan '14
software. These 2D structures were converted into 3D
structures and then optimized using semi-empirical AM1
model as implemented in Spartan '14 software.”! The
optimized structures were then imported into PaDEL-
Descriptor software and relevant autocorrelation
descriptors were calculated.” Values of molecular
descriptors and predicted group memberships of
compounds screened are shown in Appendix V.
Thereafter, the classification-based QSAR model
described above was applied to screen and identify
quinolone molecules that could potentially acts as
antibacterial drugs against E. coli among the 46-
quinolone obtained from ChemBL database.

ChemBL database, were screened using the
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RESULTS AND DISCUSSION

Reliability of the Developed QSAR Model

Two 2D autocorrelation descriptors was selected for
building the binary logistic regression model reported in
this research project. The symbols and definitions of
these two 2D autocorrelation descriptors are shown in
Table 1.0 The two autocorrelation descriptors listed in
Table 1.0 are ATSC4p and AATSCOi, belonging to
centered Broto-Moreau autocorrelation and average
centered Broto-Moreau autocorrelation respectively. The
values of ATSC4p and AATSCOi computed for
compounds assigned to the training set and test set in
dataset are shown in Appendix | and Appendix Il
respectively. Using the values of ATSC4p and AATSCOi
shown in Appendix | as predictor variables and the coded
values of the discrete class labels of the training set
compounds as outcome variable (1 for active quinolone
compounds and O for inactive quinolone compounds),
application of binary logistic regression method
produced the logistic regression coefficients (B), their
standard errors (S.E.), the p-values, the odds ratios
(Exp(B)) and the 95% confidence intervals of the odds
ratios listed in Table 2.0. From the values of the logistic
regression coefficients listed in Table 2.0, the binary
logistic regression model displayed in Eg. 1 was
constructed. The p-value displayed in Tables 2.0 for the
predictor variables indicates that the strength of the
relationship between the outcome variable and the
predictor variables was statistically significant at p <
0.05. In Tables 2.0 the odds ratios of ATSC4p and
AATSCOi were found to be greater than one. This

In (ﬁ) = -12.297 + 0.915 ATSC4p + 7.049 AATSCO

indicates that quinolones compounds with higher value
of ATSC4p and AATSCOi have higher likelihood of
being classified as active antibacterial compounds.

The result of the Omnibus test of model coefficients to
assess the goodness-of-fit is presented in Tables 3.0. The
result of the Omnibus test of model coefficients shown in
Table 3.0 indicate that there was significant
improvement in fit (p < 0.05) for the QSAR model
displayed in Eq. 1 when compared to the null model
constructed without any predictor variable. The result of
the Hosmer and Lemeshow test to also assess the
goodness-of-fit of the QSAR model displayed in Eq 1 is
presented in Tables 4.0 As shown in Table 4.0, there was
no significant difference between the observed outcome

and the outcome predicted by the QSAR model ( f 8) =

5.461, p = 0.707), indicating that the QSAR model
displayed in Eq. 4.1 adequately fit the data in the training
set. In Table 5.0, pseudo-R-squared values (Nagelkerke

R? and Cox and Snell R?) were presented for the QSAR
model displayed in Eq. 1. The Nagelkerke R? is an

adjusted version of the Cox and Snell B2. It adjusts the
scale of the statistic to cover the full range from 0 to 1.
As shown in Table 5.0, the Nagelkerke R? value of

0.819 reported for the QSAR model indicates that 81.9%
of variation in the outcome variable in the QSAR model
can be accounted for by the predictor variables in the
model.

1)

Table 1.0: Symbols and definitions of molecular descriptors utilized in building models | and 11.

Symbol Definition Type | Class

ATSCAp Cente_red _B_rpto—Moreau autocorrelation—lag 4 / weighted by oD | Autocorrelation
polarizabilities

AATSCO Aver_age_ ceptered Bro_to-Moreau autocorrelation—lag 0 / weighted by oD | Autocorrelation
first ionization potential

Table 2.0: Logistic regression coefficients and odds ratios of 2D autocorrelation descriptors utilized in building

binary logistic regression model.

95% C.1. for Exp(B)
B S.E. Wald | df | p-value Exp(B) Lower Upper
ATSC4p 0.915 0.256 | 12.775 | 1 0.000 2.496 1.511 4,121
AATSCOi 7.049 2.410 | 8.555 1 0.003 1151.964 | 10.232 129693.503
Constant -12.297 | 4.860 | 6.402 1 0.011 0.000
Table 3.0: Omnibus test of model coefficients. Table 4.0: Hosmer and Lemeshow test.
Chi-square | Df | p-value Parameter Value
Step 58.079 2 0.000 Chi square 5.461
Block 58.079 2 0.000 Df 8
Model 58.079 2 0.000 p-value 0.707
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Table 5.0: Model summary.

Parameter Value
-2Log likelihood 26.337
Cox & Snell R square 0.614
Nagelkerke R square 0.819

Internal Validation of the Developed QSAR Model
Having established the fitness of the developed QSAR
model in the preceding section (Section 4.1.2), the model
was then used to calculate the probabilities of allotting
the training set compounds to the active or inactive class.
Appendix 1l shows the predicted probabilities of
allotting the training set compounds to the active or
inactive class. As shown in Appendix Ill, a compound
was classified as active if P(active) > 0.5 but classified as
inactive if P(active) < 0.5. The classifications of the
training set compounds in Appendix Il by the QSAR
model displayed in Eq. 4.1 are summarized in the
confusion matrix shown in Table 6.0 As shown Table
6.0, exactly 29 out of the 32 active compounds and 27
out of the 29 inactive compounds in the training set were
correctly classified by the QSAR model.

Evaluating the performance of the prediction made on
the training set compounds by the QSAR model
displayed in Eq. 1 using the performance metric defined
in Equations 3.1, 3.2 and 3.3 (Chapter Three) resulted in
the values of the performance metrics listed in Table 7.0,
As shown in Table 7.0, the overall accuracy (ACC),
sensitivity or true positive rate (TPR) and specificity or
true negative rate (TNR) obtained for the prediction
made on the training set compounds are 91.80%, 90.62%
and 93.10% respectively. The values of the performance
metrics reported in Table 7.0, indicate satisfactory
classifications of the training set compounds by the
QSAR model displayed in Eq. 1. The performance of the
classifications predicted by the QSAR model on the
training set compounds was also evaluated graphically
using the receiver operating characteristic (ROC) curves
shown in Figure 1. The area under this ROC curve
(AUC) was 0.972. The high value of the AUC reported
in Figure 1 suggests excellent discriminating ability of
the QSAR model displayed in Eq. 1.

Table 6.0: Confusion matrix for the prediction made on training set compounds*

Predicted group membership
Class Active (1) Inactive (0) Total Correct prediction
Active (1) 29 3 32 90.6%
Inactive (0) 2 27 29 93.1%

*TP=29, TN=27,FP=2,FN=3

Table 7.0: Values of performance metrics for the prediction made on the training set compounds.

Performance metric

Metric Symbol Value (%)
Accuracy ACC 91.80
Sensitivity (or true positive rate) TPR 90.62
Specificity (or true negative rate) TNR 93.10

08

06

Sensitivity

04

0z

1. Specificity

AUC =0.972; std. error = 0.020; p-valuz = 0.000; 95% confidencs interval = 0,933 10 1.000

Figure 1: Receiver operating characteristic (ROC) curve for evaluating the performance of the developed model

on training set compounds.
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Predictive Ability of Classification-Based QSAR
Model

The predictive abilities of the QSAR model displayed in
Eq. 4.1 was externally evaluated using quinolone
compounds that were not part of the compounds used for
model building. To accomplished this task, the binary
logistic regression model displayed in Eq. 1 was used to
calculate the probabilities of allotting the test set
compounds to active or inactive class using the values of
the 2D autocorrelation descriptors shown in Appendix Il
for the test set compounds. The results of the
classifications made by the QSAR model on the test set
were shown in Appendix IV. The results presented in
Appendix 1V are depicted graphically in Figure 2. In
Figure 2, compounds above the horizontal cut-off line

Active compound
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19 29
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31

0.500 - 24

Probabil

=

=

=

(=]
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0.300 -

0.200 -

0.100 -

0.000 T T T

Inactive compound

were classified as active while compounds below the
horizontal cut-off lines were classified as inactive. As
shown in Fig. 2, of the 21 quinolone compounds
assigned to the test, only compounds A34 and A38 were
misclassified by the QSAR model. The proportions of
active and inactive compounds that were correctly
classified in Figure 2 by the QSAR model are 82% and
100% respectively. The result of external validation of
the QSAR model presented in Figure 2 suggests that the
binary logistic regression model developed in this
research project has good predictive ability when applied
to new quinolone compound that was not part of the
compounds used for building the QSAR model displayed
in Eq. 1.

Reference line

36

34 38

74

44 56

64 -

70

16
5557

21 31

41 51 61 71
Compound 1D

Figure 2: Graphical representation of the prediction made on test set compounds.

Virtual Screening of ChEMBL Database

Finally, the 46 quinolone compounds with unknown
antibacterial activities in the ChEMBL database were
screened using the QSAR model displayed in Eq. 4.1. To
accomplish this task, the values of ATSC4p and
AATSCOi were computed for each of the 46 quinolone
compounds in the ChEMBL database (see Appendix V)
and the values of these descriptors were substituted in

Eq. 4.1. The probabilities of allotting the screened
quinolone compounds in the ChEMBL database to the
active or inactive class were then predicted (see
Appendix V). The 2D structures of the 15 novel
quinolone compounds from ChEMBL database predicted
to be active against Escherichia coli are shown in Figure
3.0
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Figure 3: New quinolone compounds from ChEMBL database predicted to be active against Escherichia coli.

DISCUSSION

Classification of quinolone derivatives into active and
inactive antibacterial compounds was accomplished
using the classification-based QSAR model developed in
this research project. The performance of the
classification made on the training and test set
compounds by the developed QSAR model was found to
be reasonably good. The QSAR model developed in this

research project was able to identify 15 novel quinolone-
based antibacterial compounds from the ChEMBL
database. Classification-based QSAR models, using
theoretically-derived molecular descriptors as predictor
variables, have been used by several researchers to
identify antibacterial compounds from Pubchem,
ChemSpinder, and Chematical.’®! The findings reported
in this research project is consistent with what were
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reported in the literature cited above. Some of the main
attractions of using binary logistic regression algorithm
for building classification-based QSAR models include
easy implementation of the algorithm, easy interpretation
of the resulting models, no assumption about distribution
of classes in feature space is required, the algorithm is
less inclined to over-fitting, and it is one of the most
efficient algorithms when the different outcomes
represented by the dataset are linearly separable.® The
classification-based QSAR model developed in this
research project is therefore considered suitable for rapid
identification ~ of  quinolone-based  antibacterial
compounds in chemical databases of.

CONCLUSION

The binary classification models, utilizing 2D descriptors
as predictor variables, was developed using binary
logistic regression. The performance of the classification
model, their abilities to correctly classify into active and
inactive antibacterial, was found to be satisfactory. Some
of the main attractions of using binary logistic regression
algorithm for building classification-based QSAR
models include easy implementation of the algorithm,
easy interpretation of the resulting models, no
assumption about distribution of classes in feature space
is required, the algorithm is less inclined to over-fitting,
and it is one of the most efficient algorithms when the
different outcomes represented by the dataset are linearly
separable, The binary logistic regression model
developed in this project are therefore considered
suitable for rapid identification of quinolone family of
antibacterial.

RECOMMENDATION

Further studies on synthesis and experimental validation
of the new quinolone compounds identified as potential
antibacterial agents in this research project are suggested.
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APPENDIX |

Values of molecular descriptors for training set compounds utilized in building the binary logistic regression model
developed in the research project

Molecular descriptor
Compound ID | Actual class ATSCap AATSCO]
A2 Active -1.741659 2.298635
A3 Active -1.712508 2.335964
A4 Active -0.599320 2.335964
A5 Active -0.853962 2.052579
A6 Active -0.020991 2.292271
A7 Active -1.655569 2.408287
A8 Active -0.926884 2.335964
A9 Active -1.308759 2.353237
Al0 Active 3.004714 2.326603
All Active 3.746369 2.262945
Al2 Active 3.620820 2.281289
Al3 Active -0.172052 2.368356
Ald Active 0.937394 2.368356
Al15 Active 1.574973 2.301940
Al6 Active 1.733726 2.331794
Al7 Active -0.302501 2.443411
Al8 Active 0.386172 2.368356
A20 Active -5.355444 2.718713
A21 Active -7.303096 2.424958
A23 Active 2.939857 1.892872
A25 Active 4.873740 1.989665
A26 Active 4.006051 3.054220
A27 Active -0.181951 2.032496
A30 Active -4.437629 2.734069
A32 Active 1.036849 1.958772
A33 Active -0.935387 1.905417
A35 Active -1.291181 2.395300
A37 Active -2.282827 1.992832
A40 Active 1.113959 2.297586
A4l Active 4523334 2.992993
A42 Active -2.483469 2.159541
A43 Active -2.854034 2.076074
A45 Inactive -1.997974 1.943574
A46 Inactive -7.763079 2.110541
A4T Inactive -8.809261 2.100579
A48 Inactive -8.452686 2.055480
A49 Inactive -6.033951 1.795398
A50 Inactive -8.126481 2.384928
Ab1 Inactive -5.472503 2.263200
A52 Inactive -6.639824 2.048005
A53 Inactive -4.466652 2.038389
A54 Inactive -6.383564 2.090817
A58 Inactive -6.998472 2.003510
A59 Inactive -4.485569 2.038389
AB0 Inactive -3.761884 1.951891
A61 Inactive -5.758592 2.337165
Ab4 Inactive -5.960265 1.906918
AB5 Inactive -4.335950 1.949659
A66 Inactive -6.232556 2.338406
A6 Inactive -4.309184 1.878927
AB9 Inactive -5.657789 1.907038
A7l Inactive -4.665113 1.874844
AT2 Inactive -1.813098 2.152911
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AT3 Inactive -1.910323 2.493591
AT75 Inactive -1.960988 1.828694
AT7 Inactive -5.018936 1.712757
AT78 Inactive -7.452917 1.872520
AT79 Inactive -1.131784 1.480856
A80 Inactive -6.493638 1.423101
A81 Inactive -1.508969 1.457516
A82 Inactive -5.340324 1.951615

Values of molecular descriptors for test set compounds utilized in validating the predictive ability of the binary logistic
regression model developed in the research project

APPENDIX 111

Molecular descriptor

Compound ID Actual class ATSCp AATSCOI
Al Active -1.851426 2.238068
Al9 Active 0.239609 2.396187
A22 Active -1.762280 2.214772
A24 Active -1.731223 2.004060
A28 Active 1.315396 1.991431
A29 Active -3.576805 2.835645
A31 Active -0.573852 1.879510
A34 Active -1.393283 1.922850
A36 Active -0.614316 1.851939
A38 Active -1.393283 1.922850
A39 Active 2.288192 1.970600
Ad4 Inactive -3.324084 1.934149
A55 Inactive -6.563876 2.003510
A56 Inactive -4.050972 2.038389
AL7 Inactive -6.675153 2.007327
AB2 Inactive -3.625497 1.973774
AB3 Inactive -3.743379 1.961462
AB7 Inactive -3.439449 1.892865
A70 Inactive -6.607311 2.214843
A74 Inactive -0.961638 1.767300
A76 Inactive -3.876221 1.926668

Probabilities and group memberships predicted by the binary logistic regression model developed in the research
project for training set compounds

Actual group membership Predicted group membership
Compound ID Class Class code Predicted probability Predicted class
A2 Active 1 0.910 1
A3 Active 1 0.931 1
A4 Active 1 0.974 1
A5 Active 1 0.801 1
A6 Active 1 0.979 1
A7 Active 1 0.959 1
A8 Active 1 0.965 1
A9 Active 1 0.957 1
Al0 Active 1 0.999 1
All Active 1 0.999 1
Al2 Active 1 0.999 1
Al3 Active 1 0.986 1
Al4 Active 1 0.995 1
Al5 Active 1 0.995 1
Al6 Active 1 0.997 1
Al7 Active 1 0.991 1
Al8 Active 1 0.991 1
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A20 Active 1 0.878 1
A21 Active 1 0.132 0
A23 Active 1 0.977 1
A25 Active 1 0.998 1
A26 Active 1 1.000 1
A27 Active 1 0.866 1
A30 Active 1 0.949 1
A32 Active 1 0.921 1
A33 Active 1 0.569 1
A35 Active 1 0.968 1
A37 Active 1 0.416 0
A40 Active 1 0.993 1
A4l Active 1 1.000 1
A42 Active 1 0.658 1
A43 Active 1 0.432 0
A45 Inactive 0 0.396 0
A46 Inactive 0 0.011 0
A47 Inactive 0 0.004 0
A48 Inactive 0 0.004 0
A49 Inactive 0 0.006 0
A50 Inactive 0 0.051 0
Ab1 Inactive 0 0.206 0
Ab2 Inactive 0 0.019 0
Ab3 Inactive 0 0.118 0
Ab4 Inactive 0 0.032 0
Ab8 Inactive 0 0.010 0
Ab9 Inactive 0 0.116 0
A60 Inactive 0 0.121 0
Ab61 Inactive 0 0.252 0
Ab4 Inactive 0 0.013 0
AB65 Inactive 0 0.075 0
A66 Inactive 0 0.180 0
A68 Inactive 0 0.048 0
A69 Inactive 0 0.017 0
A7l Inactive 0 0.034 0
AT72 Inactive 0 0.772 1
A73 Inactive 0 0.972 1
A75 Inactive 0 0.231 0
AT7 Inactive 0 0.008 0
A78 Inactive 0 0.003 0
A79 Inactive 0 0.052 0
A80 Inactive 0 0.000 0
A8l Inactive 0 0.032 0
A82 Inactive 0 0.032 0
APPENDIX IV

Probabilities and group memberships predicted by the binary logistic regression model developed in the research
project for test set compounds

Actual group membership

Predicted group membership

Compound ID Class Class code Predicted probability Predicted class
Al Active 1 0.856 1
Al9 Active 1 0.992 1
A22 Active 1 0.846 1
A24 Active 1 0.561 1
A28 Active 1 0.950 1
A29 Active 1 0.988 1
A3l Active 1 0.605 1
A34 Active 1 0.496 0
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A36 Active 1 0.549 1
A38 Active 1 0.496 0
A39 Active 1 0.976 1
Ad4 Inactive 0 0.154 0
A55 Inactive 0 0.015 0
A56 Inactive 0 0.163 0
A57 Inactive 0 0.014 0
A62 Inactive 0 0.154 0
AB3 Inactive 0 0.131 0
A67 Inactive 0 0.109 0
AT70 Inactive 0 0.061 0
A74 Inactive 0 0.328 0
AT76 Inactive 0 0.094 0
APPENDIX V
Values of molecular descriptors and predicted group memberships of compounds screened from ChemBL database
Compound 1D Molecular descriptor Predicted group membership
ATSC4p AATSCOI Predicted probability Predicted class
Tl 4.864649 2.998620 1.000 1
T2 1.188616 2.093948 0.972 1
T3 -4.299364 2.322997 0.536 1
T4 -3.576805 2.835645 0.988 1
T5 -2.329256 1.440312 0.014 0
T6 3.160794 1.551774 0.823 1
T7 -0.918454 2.158122 0.888 1
T8 2.288192 1.970600 0.976 1
T9 -2.841175 1.436609 0.008 0
T10 -4.519961 1.905417 0.047 0
T11 -5.120566 1.627260 0.004 0
T12 0.751619 2.944007 1.000 1
T13 2.625753 2.032496 0.988 1
T14 0.227822 2.255044 0.978 1
T15 -0.612542 2.458745 0.989 1
T16 -3.193319 1.842347 0.097 0
T17 -2.726240 1.444160 0.010 0
T18 -2.606785 1.951451 0.284 0
T19 -1.563665 1.841171 0.321 0
T20 -1.478435 2.149064 0.817 1
T21 1.575399 2.739969 1.000 1
T22 -0.505296 2.409687 0.986 1
T23 -0.729288 2.692404 0.998 1
T24 0.176318 2.489299 0.996 1
T25 -1.291181 2.395300 0.968 1
T26 -1.962787 1.807013 0.205 0
T27 -0.729288 2.692404 0.998 1
T28 -2.646889 2.076074 0.479 0
T29 4.873740 1.989665 0.998 1
T30 1.006401 1.910459 0.890 1
T31 0.176318 2.489299 0.996 1
T32 -3.673842 1.976016 0.151 0
T33 -1.436795 1.960223 0.551 1
T34 -1.906332 1.421120 0.018 0
T35 -2.614264 1.850353 0.162 0
T36 -4.299364 2.322997 0.536 1
T37 -1.611742 1.905417 0.416 0
T38 -2.119647 1.959206 0.395 0
T39 -2.987418 2.093948 0.433 0
T40 3.093427 1.953924 0.987 1
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T41 -1.436795 1.960223 0.551 1
T42 -0.505296 2.409687 0.986 1
T43 2.651891 1.443439 0.575 1
T44 -1.815838 1.433995 0.021 0
T45 3.678308 1.939692 0.991 1
T46 -3.673842 1.976016 0.151 0
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