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Predicting tuberculosis drug
properties using extended energy
based topological indices via a
python driven QSPR approach
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Mustafa Ahmed Ali3**

In the present work, the physicochemical characteristics of important anti-tuberculosis (TB) drugs
such as isoniazid, pyrazinamide, ethambutol, ethionamide, linezolid, and levofloxacin are explored
using extended energy-based topological indexes. Based on the molecules of the drugs, we calculate
the extended energies of many widely recognized indexes such as Zagreb Second Index, Harmonic
Index, Randic Index, Sombor Index, Reduced Sombor Index, and Average Sombor Index. All the
calculations are done using Python, and the rigorous algorithmic implementation in the form of matrix
formulation and computation of the eigenvalue is also given for reproducibility. We use the linear,
quadratic, and logarithmic regression models to predict nine important physicochemical parameters:
the boiling point, the melting point, the flash point, the molar refractivity, the polarizability, the
molar volume, the molecular weight, the logarithm of the partition coefficient, and the surface area.
Among the three models, the quadratic regression always yields the best predictability, as reflected in
the largest coefficient of determination (R?) as well as the minimum root mean square error (RMSE)
values. Visual analyses such as heatmaps, scatter plot matrices, bar charts, and regression plots are
employed to complement the numerical findings. Also, a rigorous discourse about model validity,
model significance, and limitations is discussed. The entire source code and dataset are made available
through GitHub to allow verification and transparency. The Python-based QSPR methodology, in
addition to elucidating the high correlation of the topological descriptors with the properties of drugs,
offers a drug design and optimization process in pharmaceutical research in an efficient way.

Keywords Zagreb Index, Harmonic Index, Randic Index, Sombor Indices, Extended energy, Adjacency
matrix

The compounds are portrayed in terms of molecular graphs, with atoms represented in terms of vertices and
bonds in terms of edges. Several descriptors of structure, represented in terms of topological indices, serve a
mechanism for predicting behavior, reactivity, and stability. All these factors contribute to enhancing therapeutic
effectiveness!.

TB is an infectious disease produced by Mycobacterium tuberculosis and continues to be a worldwide medical
problem?. It is most often a pulmonary disease but can extend to include other organs. Successful treatment
for TB consists of a combination of antibiotics such as isoniazid®, pyrazinamide?, ethambutol, ethionamide,
linezolid, and levofloxacin. All these drugs target a range of phases in infection and depend almost wholly on
physicochemical factors for activity. Isoniazid stops reproduction of TB bacilli, and bacterial development is
suppressed by pyrazinamide?. Ethambutol inhibits the growth of the bacterial cell wall, and ethionamide is used
for multidrug-resistant therapy for TB. Linezolid and levofloxacin play a key role in overcoming resistant strains,
with levofloxacin being preferred for its enhanced in-vitro activity in overcoming Mycobacterium tuberculosis.

The physicochemical characteristics of drugs play an important role in characterizing behavior, stability, and
compatibility in the organism. Boiling point (BP), melting point (MP), flash point (FP), molecular refractivity
(MR), polarity (P), molecular volume (MV), molecular weight (MW), log partition coefficient (log P), and
surface area (SA) are important in characterizing their pharmacokinetics and pharmacodynamics™°. BP and MP
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have an impact on drugs’ solubility and stability, and hence, in formulating and routes of administration. FP is
important in terms of safety, characterizing flammability of a compound. MR and polarity convey information
about molecule-molecule interactions, having an impact on absorption and receptor binding. MV and MW
convey information about a drug’s size and transport behavior’. Log P conveys information about lipophilicity,
predicting membrane crossing behavior of a drug, and SA in drug-receptor interaction. All these together
convey information about optimized drug design and delivery for therapeutic efficacy®.

In this study, the physicochemical properties of these TB drugs were analyzed through the extended energies
of several topological indices, including the Zagreb second index, Harmonic index, Randic index, Sombor index,
reduced Sombor index, and average Sombor index. Linear, quadratic, and logarithmic regression models were
applied to investigate the relationship between these indices and the drugs’ physicochemical properties. The
quadratic regression model emerged as the best fit, showing the highest R, values and the lowest RMSE values,
outperforming the other models. The correlation analysis revealed significant relationships between extended
energies of indices and physicochemical descriptors of drugs. Various forms of visualization, such as heatmaps,
scatter plot matrices, bar plots, and plots of a regression line, have been adopted in an effort to visualize such
relationships in a better form. These findings illustrate that a quadratic model is the most reliable model for
predicting physicochemical property of drugs for TB, and it can provide significant information about molecular
descriptors of drugs. It can contribute positively in terms of enhancing drug design and optimization and in
formulating effective drugs for treating TB.

Topological descriptors mean numerical descriptors representing molecular structure descriptors in terms
of its graphical form, derived through its graphical form. In graphical form, atoms have been considered as
vertices and bonds have been considered as edges®. These indices act as a bridge between molecular property and
chemical structure, and useful information regarding reactivity, stability, and bioactivity of a compound can be
derived through them. Some of the most prevalent types of topological indices include degree-based, distance-
based, and connectivity indices, describing a specific molecular structure feature each one of them. With the
use of these indices, one can make an estimation regarding boiling point, melting point, solubility, and toxicity,
etc., and these values become an imperative for drug and chemical compound design and optimization. Mostly,
degree based topological descriptors'® are symbolized as:

TI(S) = > ¢ (A(s),3(s))

SiSj €dir0odGamma ()

Where, ¢ (y, z) is defined as mapping of z, y with the property ¢ (z,y) = ¢ (v, z) and I () is the degree of the
vertex p. Some well-known topological indices of these groups are as follows:

« Zagreb second descriptor ¢ (1(s;),3(s;)) = () x I(s5),

 Harmonic descriptor ¢ (3 (s;),3(s;)) = m
i J

« Randic descriptor ¢ (I (s;) ,3(s;)) = \/%)
3

« Sombor descriptor ¢ (3 (i), 3(s5)) = VA(si)” +3(s5)",
« Reduced Sombor descriptor ¢ (1(<;),(s;)) = \/(J () —1)*+(J(g) - 13

o Average Sombor descriptor ¢ (1(s;),3(s;)) = \/(] (si) — 2—"‘)2 + (:l (s5) — QTm)Z, where n, m are the to-

tal number of nodes and arcs.

A single node is a node with degree 1, it is associated to only one other node. Suppose this single node is
symbolized as I (s;) and its neighboring as 3 (s;). Let 1 (s;) = ¢, then

V16 +3(6) = /()2 + (0,

These mathematical expressions not only provide computational efficiency but also encapsulate fundamental
structural features that influence key physicochemical properties'!. Extended energies derived from indices
such as the Zagreb second index, Harmonic index, Randic index, Sombor index, reduced Sombor index, and
average Sombor index encode critical information about molecular symmetry, bond connectivity, and atomic
distribution. These structural attributes exhibit strong correlations with physicochemical characteristics such as
boiling point, melting point, molecular refractivity, polarity, and molecular weight!2. By analyzing these indices,
valuable insights into molecular behavior can be obtained, aiding in the prediction and optimization of drug
properties for improved therapeutic applications.

The study emphasizes a set of chosen anti-tuberculosis drugs, the use of which is mandatory in the control
and treatment of Mycobacterium tuberculosis. These drugs, including such widely used substances as isoniazid,
rifampicin, ethambutol, and pyrazinamide, are of essential importance in first-line anti-TB chemotherapy. Their
molecular structures possess diverse chemical characteristics, affecting their physicochemical properties such as
the boiling point, entropy, molar refractivity, and lipophilicity. In the work, a Quantitative Structure-Property
Relationship (QSPR) model, that makes mathematical relations between the molecular structure of the drugs
and their experimentally established properties based on extended energy-based topological indices, is used.
QSPR modeling is a widely recognized method in the field of cheminformatics that may render predictions
without the requirements of expensive experimental protocols. Utilizing graph-theoretical descriptors such as
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extended energy, the objective of the work is to study the effect of the structural characteristics of the TB drugs
and to assist the rational design and optimization of anti-tuberculosis drugs.

Motivation

The advent of global drug-resistant tuberculosis is a major public health concern, prompting researchers to seek
low-cost, yet efficient ways of comprehending and maximizing the physicochemical properties of anti-TB drugs.
Conventional experimental methods of drug physicochemical property determination may be costly, time-
consuming, and labor-intensive. Such a hurdle necessitates accurate and interpretable computational methods.
Graph-theoretical modeling, particularly the utilization of extended energy-based topological indices, offers a
potential alternative. Based on Quantitative Structure-Property Relationship (QSPR) models, the analysis of the
structural features of molecules in this study proposes a low-cost yet efficient tool of assessing drug properties, a
potential catalyst for the discovery of better TB drugs.

Methodology

In this part, we introduce the mathematical expressions of various graph-based descriptors, including
the extended energies of indices such as the Zagreb second index, Harmonic index, Randic index, Sombor
index, reduced Sombor index, and average Sombor index!?. These descriptors establish relationships between
atomic structure and molecular properties, which are essential for predicting physicochemical characteristics.
Several types of matrices have been defined in the literature to represent molecular structures. Among these,
the adjacency matrix'4, denoted as Z, plays a fundamental role. For a molecular graph  with # vertices, the
adjacency matrix Z is an & n X m matrix, where its entries are defined as follows:

wo L1 forag eT(S), 1)
w0, for gg; ¢ T(S).

Sarkar et al."®explained extended energy matrices for graph structures, by finding correlations with molecular
characteristics. The n" order general extended matrix Zr; is symbolized as:

Qi — { 85’(3 (s),3(s3)) g ZZ ;gg;, 2

The extended energy of graph is stated as:
Srr ()= il,
i=1

where, x1, X2, - - -, Xn are eigenvalues of matrix Z. The extended adjacency matrices'® of the second Zagreb,
Harmonic and Randic descriptors are explained as:

~f 3(s) x3(s5), for g € T(S),
Mz‘{ ’ TET(S

0, for ;5 ¢ ).
2 . x
H={ 3+(s)’ for si; € T(9),
0, for ¢is; ¢ T'(S).
———, for g; € (),
R= 1) x3(s;) s 1)
0, for ¢i; ¢ T'().
Assume that ’7'1<1), 7—2(1>, . ,TTS”, Tl<2), 7—2(2), e 77(12> and 7—1<3), 7—2(3>, .. ,TS’) are the eigenvalues of second

Zagreb, Harmonic and Randic descriptors. The second Zagreb, Harmonic and Randic energies are listed as:

n

BBy, =Y |7V,
i=1
n

EEg =) _ |7,
1=1

EER =Y |77
i=1

The Sombor, reduced Sombor and average Sombor descriptors are:
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soz{¢xwwzwﬁ for w5; € I(),
for ¢ig; ¢ I'(S).

_ Als) =12+ A(g) —1)2, for Gig; € (),

50rea = { ) : for Z; ¢ ().

_{ VO - ZEEAG) - FER, for s € T(9)
SOavg - { s ! for §i§j’ ¢ F(g)

S« °

=]

Now, assume 79),751), e 7%(11), %2)77;2)’ e ,’y,(f) and ’yf),fyf), e ,77(13) are eigenvalues of Sombor

descriptors. Then, the Sombor energies!'® are explained as:

n

EEso :Z ’Ygl) )

=1

n

EESOred :Z 72(2) ?

=1

EFEso,.,, :Z 71(3) .
i=1

The mathematical descriptors and definitions in this section present a consistent scheme for molecular property
quantitation via graph-based indices!”. With widespread application of energy matrices and eigenvalue
calculation, such indices expose molecular connectivity and structure variation in a deeper level. By combining
such descriptors, a complete analysis of molecular characteristics can be conducted, with an improvement in
physicochemical property analysis of them!®. Chemical graph theory practice, such an activity, is a significant
contribution in predictive modeling in a variety of industries, including in chemistry, pharmacy, and materials
science?.

TB drug molecular descriptors were computed with RDKit, a widely used open-source cheminformatics
package. PubChem-derived molecule structures were used for computation of the descriptors. Linear, quadratic,
and logarithmic regressions for statistical modeling were conducted with Python and Scikit-Learn®. Standard
R-squared (R?) and Root Mean Squared Error (RMSE) measures were used for training and model evaluation
for finding the best-fit model. Preprocessing, visualization, and correlation analysis were achieved with Pandas,
NumPy, Matplotlib, and Seaborn. For reproducibility, all code and data have been released publicly on GitHub
and archived with a DOI on Zenodo. Instructions for data access and repository links are provided in the ‘Code
Availability’ Energy-based topological indices have been meticulously investigated because of their interest
in the analysis of molecular structure, as well as in predicting their properties. Graph energy based on the
eigenvalues of the adjacency matrix was first conceptualized by Gutman, and that has been the cornerstone of
energy-based indices?!. A number of the extended versions of energy, such as Laplacian energy, Seidel energy,
and Randi? energy, have subsequently been investigated for their predictability. Researchers in the form of Ili?
and Stevanovi???, Das and Gutman?®, and Cavers et al.** particularly contributed toward the establishment
and generalization of the indices. More recently, contributions by Chellali et al.? and Dehmer et al.?® illustrate
further the aptitude of spectral descriptors in the task of QSPR and QSAR model-building. These studies form
the base of the research that is conducted in the current work using the Python-based approach by applying
extended energy-based descriptors to the molecules of Tuberculosis drugs.

Dataset selection and justification

This data set consists of six FDA-approved tuberculosis (TB) medicines selected from PubChem based on their
well-documented pharmacological relevance and previous experience with quantitative structure-property
relationship (QSPR) studies. The data set has previously been employed in?’, where it performed well for
predictive modeling. The drugs selected here represent structural and physicochemical variability relevant to TB
drug design, allowing for meaningful inference regarding their behavior at a molecular level.

While a larger data set would make for greater generalizability, one should bear in mind that what is most
important for this research is correlation with drug properties via extended energy-based topological indices.
Expanding the data set would mean additional experimental validation, which is beyond what this theoretical
research can accommodate. Similar numbers of samples have been used for previous QSPR studies, which is a
testament that a small data set can provide valid data if paired with rigorous statistical validation.

To establish our models’ reliability, internal validation tools, including adjusted R-squared values and root
mean square error (RMSE), were employed. These are effective measures for model predictability and accuracy.
Although external validation on a second data set would further substantiate our data, currently, they are
restricted due to a lack of TB drugs with experimentally validated physicochemical properties. However, trends
from our research are consistent with published data, further confirming our methodology.

Main results and analysis for tuberculosis treatment drugs

In this section, we present a detail Table 1 representing extended energies of a variety of topological indices,
including Zagreb second index, Harmonic index, Randic index, Sombor index, reduced Sombor index, and
average Sombor index. All these indices serve as primitive descriptors, and a quantitative relation between
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Drugs EErm, | EEso | EEso,.q | EEsOavy | EER | EEn
Isoniazid 135.8332 | 67.5330 | 46.1748 19.4896 7.8364 | 7.5660
Pyrazinamide | 122.6104 | 58.9596 | 40.6268 14.1648 39.6860 | 4.7826
Ethambutol 94.5792 | 66.0588 | 37.6668 21.6980 13.3054 | 12.7012
Ethionamide | 13826 |67.6754 |46.4028 22.4764 6.4488 | 6.0940
Linezolid 234.6297 | 124.8180 | 82.2286 77.7041 14.7616 | 12.3885
Levofloxacin | 307.879 147.8148 | 109.7384 49.0022 13.9188 | 13.2632

Table 1. Computed extended energies of topological indices for tuberculosis treatment drugs.

(A) (B)

Fig. 1. (A) Chemical structure of isoniazid (B) Chemical graph of isoniazid.

molecular structure and physicochemical property is derived through them. By comparing these values, one
can understand in a deeper manner the structural feature of TB drugs and its role in altering thermodynamic
property. In the below-presented table, a detail depiction of these calculated indices is represented, and a deeper
analysis of molecular behavior prediction can be performed through them. The molecular structures of the
selected anti-tuberculosis drugs isoniazid, pyrazinamide, ethambutol, ethionamide, linezolid, and levofloxacin
are illustrated in Figs. 1, 2, 3, 4, 5, and in Fig. 6. These structures were sketched using ChemSketch and served as
the basis for calculating the extended energy-based topological indices used in this study.

To further explore relations between extended energies of extended topological indices, a scatter plot matrix
is represented. In a pairwise analysis, extended energies for drugs for treating tuberculosis can be represented
in a visualization, and through it, one can reveal concealed trends and relations between them. Examining such
a scatter plot, such as in Fig. 7, one can reveal trends in molecular structure variation and its effect, possibly, on
physicochemical property values. With such a graphical visualization, one can gain a deeper understanding of
how extended topological indices act together and contribute towards characterizing drugs for treating TB. For
example, in the case of Isoniazid, the eigenvalues are calculated using the extended matrix in MATLAB. The
values are 26.7296, 16.0189, 10.4357, 9.0000, 4.6809, 1.0515, 0.0000, 1.0515, 4.6809, 9.0000, 10.4357, 16.0189,
and 26.7296, with the sum of these eigenvalues being 135.8332. The extended energies for the remaining cases
can be calculated on the same pattern.

Table 2 presents six drugs for treating TB, i.e., isoniazid, pyrazinamide, ethambutol, ethionamide, linezolid,
and levofloxacin, and its physicochemical characters including boiling point (BP), melting point (MP), flash
point (FP), molecular refractivity (MR), polarity (P), molecular volume (MV), molecular weight (MW), log
partition coefficient (log P), and surface area (SA). All such mentioned characteristics have a significant role
in describing molecular behavior and character of drugs. All such factors impact solubility, bio-availability,
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(A)

Fig. 2. (A) Chemical structure of pyrazinamide (B) Chemical graph of pyrazinamide.

Vi5

Fig. 3. (A) Chemical structure of ethambutol (B) Chemical graph of ethambutol.

and compatibility with biological processes of drugs. Comparison with other drugs is significant in providing
information regarding drugs’ character and efficacy in treating tuberculosis.

The box plot of physicochemical characteristics of drugs for treating TB in Fig. 8 is a graphical representation
of distribution and variation in significant molecular descriptors, including boiling point (BP), melting point
(MP), flash point (FP), molecular refractivity (MR), polarity (P), molecular volume (MV), molecular weight
(MW), log partition coefficient (log P), and surface area (SA). In each plot, a range of interquartile range is
represented in a form of a central box, depicting 50% of the data, and a dash in form of a horizontal line in a box
representing value of a median. Horizontal lines extending outwards denote minimum and maximum values in
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Fig. 4. (A) Chemical structure of ethionamide (B) Chemical graph of ethionamide.
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Fig. 5. (A) Chemical structure of linezolid (B) Chemical graph of linezolid.

an acceptable range, and any out of range values and regarded outliers have been represented in a different form.
By offering a graphical view, such a plot aids in comparative analysis of physicochemical property of drugs for
treating tuberculosis and brings out variation, trends, and possibly relations between such traits. The presence
of outliers in certain properties indicates significant deviations in specific drugs, which may influence their
pharmacokinetic behavior and therapeutic effectiveness.
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Ge
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Fig. 6. (A) Chemical structure of levofloxacin (B) Chemical graph of levofloxacin.

Significance of physicochemical properties in tuberculosis drug analysis

In the following part, we examined a dataset consisting of various tuberculosis (TB) treatment drugs to investigate
the relationships between their physicochemical properties. These properties include BP, MP, FP, MR, P, MV,
MW, log P, and SA. The boiling point and melting point are measured in degrees Celsius, while the flash point
is expressed in degrees Fahrenheit. Molecular refractivity and polarity are dimensionless, molecular volume is in
cubic angstroms, molecular weight is in atomic mass units, and the log partition coeflicient is also dimensionless.
To analyze these properties, we applied three statistical models: linear, quadratic, and logarithmic regression.
Linear regression predicts the value of a dependent variable based on an independent variable using a straight-
line relationship. Quadratic regression builds on this by adding a squared term, which captures nonlinear trends
in the data. Logarithmic regression models relationships where the rate of change of the dependent variable
decreases as the independent variable increases, making it particularly useful for datasets with diminishing
returns. These models were used to identify trends, correlations, and predictive relationships among the
physicochemical properties of TB drugs, offering valuable insights into their pharmacokinetic behavior and
potential therapeutic effectiveness. These models?” are defined as:

Y =a + bz,
Y =a + bX + bX?
Y =a+ bln(X)

In this study, X represents the independent variable, while Y denotes the dependent variable. We analyzed
the physicochemical properties of TB treatment drugs, including BP, MP, FP, MR, P, MV, MW, log P, and
SA, to develop predictive models. Using the least squares fitting procedure, we constructed regression models
incorporating linear, quadratic, and logarithmic approaches to examine correlations and trends among these
properties.

In our analysis, we employed 2, to measure the strength and direction of relationships between variables,
while (. was used as the standard error of estimation to assess the accuracy of predictions. The F-value determined
the overall significance of the regression model, and V represented the significance of F, indicating the reliability
of the model in explaining variations in the data. For the physicochemical property values of drugs for TB,
having a single predictive model with a basis in statistical regression analysis will make computation efficient and
consistent and will capture inter-dependencies between such property values. In case performance discrepancies
are high, or in case a property value shows high dependencies for a specific model, several such models can then
be considered. For such scenarios, a statistical validation will have to be performed for increased predictive
accuracy and confidence.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EEn,
In this section, we identified the models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated with EE,.

BP =47.113 + 1.831 x EEyy,,
R, =0.849, (. =104.091, F=10.292, V =0.033,

MP =163.397 + 0.148 x EEyy,,
R, =0.536, (. =21.260, F=1612, V =0.273,
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Scatter Plot Matrix of Extended Energies
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Fig. 7. Scatter plot matrix of extended energies of tuberculosis treatment drugs.

Isoniazid 251.97 | 171.4 | 250 |26.9 |14.5 |97.96 |137.142 | —0.64 |68.01
Pyrazinamide | 173.3 | 192 169.9 |25.87 | 11.13 | 71.9 123.12 | —1.884 | 68.87
Ethambutol 3453 | 201 113.7 | 58.03 | 24.47 | 204.7 |204.31 | —0.14 |64.52

Ethionamide |247.9 | 162 110 | 49.06 | 17.99 | 124.1 |166.25 | 1.28 3891
Linezolid 5855 | 182 307.9 | 91.7 | 34.06 | 259 337.35 | 0.55 71.11
Levofloxacin | 571.5 | 225 |299.4 |88.74 |36.69 | 258.12 | 361.37 | 1.27 73.32

Table 2. Physicochemical characteristics of TB treatment drugs.
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Box Plot of Physicochemical Properties of Tuberculosis Treatment Drugs
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Fig. 8. Graphical analysis of tuberculosis treatment drugs.

FP =54.933 4 0.891 x EE,,
R, =0812, (. =58363, F=7756, V =0.050,
MR =8.542 + 0.280 x EEa,,
R, =0.792, (. =19.683, F=6.712, V =0.06l,
P =5.004 + 0.105 x EFar,,
R, =0819, (. =6.735, F=28125 V =0.046,
MYV =45.702 + 0.717 x EE,,
R, =0.712, (. =64.596, F=4.102, V =0.113,
MW =28.050 4+ 1.123 x EEa,,
R, =0.889, (. =52.809, F=15050, V =0.018,
log P = — 1.433 4 0.009 x EEp,,
R, =0582, (.=1.114, F=2049, V =0.226,
SA =53.079 — 0.064 x EEp,,
R, =0.412, (. =12.944, F=0816, V =0.418.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EFEy

In this section, we identified the models of AHy, S, BP, log In this section, we identified the models for BP, MP,
FP, MR, P, MV, MW, logP, and SA associated with EEf.
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BP = — 23.943 + 40.833 x EEq,

R, =0.870,  (.=096.916, F =12.486, V =0.024,
MP =153.171 + 3.774 x EEpy,

R, =0.629, (. =19.587, F=2612, V =0.181,

FP =105.800 + 10.848 x EEy,

R, =0.455, (. =89.117, F=1042, ¥V =0.365,
MR = —4.517 + 6.469 x EEy,

R, =0.842, (. =17.369, F =09.757, V =0.035,

P =—0.773 + 2.526 x EEy,

R, =0.903, (. =5.028, F=17757, ¥V =0.014,
MV = —26.918 4+ 20.729 x EEy,

R, =0.946, (. =29.933, F =33.733, V =0.004,
MW =3.394 + 23.051 x EEy,

R, =0.839, (. =62.756, F =09.490, V =0.037,
log P = — 1.502 + 0.166 x EEx,

R, =0.509,  (.=1.178, F=1402, V =0.302,

SA =49.048 + 1.593 x EEg,

R, =0.470,  (.=12.535, F=1.136, V =0.347.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EEg
In this section, we identified the models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated with EEr.

BP =431.382 — 4.302 x EER,
R, =0.296, (. =187.952, F =0.384, V =0.569,
MP =180.728 + 0.511 x EEg,
R, =0.274,  (.=124.216, F=0326, V =0.599,
FP =216.547 — 0.504 x EERg,
R, =0.068,  (.=99.823, F=0019, V =0.898,
MR =68.243 — 0.721 x EER,
R, =0.303,  (.=30.700, F=0403, V =0.560,
P =27.729 — 0.287 x EEng,
R, =0.331,  (.=11.065, F=0492, V =0.522,
MV =206.093 — 2.301 x EEg,
R, =0.339,  (.=86.505, F =058,  V=0.512,
MW =254.407 — 2.052 x EFER,
R, =0.241, (. =111.854, F =0.246, V = 0.646,
log P =1.265 — 0.075 x EER,
R, =0.736, (. =0.926, F=4.740, ¥V =0.095,
SA =57.730 + 0.400 x EER,
R, =0.381,  (.=13.133, F=0678, V =0.456.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EEso
In this section, we identified the models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated with £ Eso.

BP = —28.127 + 4.399 x EEso,

R, =00941, (. =66.530, F =30.985  V =0.005,
MP =158.136 + 0.346 x EEso,

R, =0.579,  (.=20.533, F=2017, V =0.229,
FP =39.910 + 1.898 x EEso,

R, =0.798,  (.=60.237, F=7036,  V =0.057,
MR = — 3.896 + 0.683 x EEso,

R, =0.802,  (.=14.572, F=15544, V =0.017,

P =0.410 + 0.256 x EEso,

R, =0.919, (. =4.633, F=21.629, V =0.010,
MV =5.794 + 1.841 x EEso,

R, =0.843,  (.=49.471, F=09814, V =0.035,
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MW = —12.960 + 2.641 x EEso,
R, =0.965, (. =30.418, F=53.418, V =0.002,
log P = — 1.691 + 0.020 x EEso,
R, =0.610, (. =1.085, F=2376, V =0.198,
SA =50.416 + 0.154 x EEso,
R, =0.457, (. =12.630, F=1058  V =0.362.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EEso
In this section, we identified the models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated with
EEs0,.q-

BP =40.078 + 5.333 X EEso,.,,

R, =0.880, (. =93.441, F=13.735  V =0.021,
MP =161.371 + 0.455 x EEso,.,,

R, =0.587, (. =120.389, F=2102, V =0.221,
FP =59.891 + 2.457 x EEso._,,

R, =0.797, (. =60.384, F=6.982,  V =0.057,
MR =7.168 + 0.819 x EEso,.,,

R, =0.826, (. =18.162, F =8583,  V =0.043,

P =4.366 + 0.310 X EEso,

R, =0.860,  (.=5.992, F=11.321, V =0.028,
MYV =38.666 + 2.160 x EEso,,,,
R, =0.763, (. =59.436, F=5570, V =0.078,

MW =24.556 + 3.258 X EEso, .,
R, =0918, (. =45.723, F=21.412, V =0.010,
log P = — 1.451 4+ 0.025 X EEso, .,
R, =0.597,  (.=1098,  F=2220, V =0.210,
SA =52.636 +0.190 x EEso, .,
R, =0.434, (. =12.794, F=0.930, V =0.390.

Linear regression models for physicochemical characteristics of TB treatment drugs using
EEso,,
In this secst]ion, we determined the models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated with
EEso,,,-
BP =139.650 + 6.540 x EEs0,,,,
R, =0.914, Ce = 79.943, F = 20.230, Vv =0.011,
MP =182.207 + 0.196 x EEso,,,,
R, =0.214, Ce = 24.598, F =0.193, V = 0.683,
FP =116.329 + 2.703 x EEso0,,,,
R, =0.743, Ce = 66.991, F=4.991, V =0.091,

MR =21.469 + 1.034 x EEso0,,,,

R, =0882, (. =15.150, F =14.082, V = 0.020,

P =10.882 + 0.360 X EEs0,,,,

R, =0.843, (.=6.307, F=09827, V =0.035,
MV =75.647 4+ 2.747 x EEso,,,,

R, =0.822,  (.=52.420, F =8303, V =0.045,
MW =95.469 + 3.700 x EEso,,,,

R, =0.883,  (.=54.189, F=14.092, V = 0.020,
log P = — 0.792 + 0.025 x EEs0,,,,

R, =0.509, (. =1.179, F=1400, V =0.302,

SA =57.601 + 0.191 x EEso,,,,

R, =0.370, (. =13.193, F=0636, V =0.470.

The heatmap for the linear regression model as shown in Fig. 9 represents the correlation between the extended
energy matrix and the physicochemical properties of TB treatment drugs. In this heatmap, the R, values
are shown in color, where darker shades indicate stronger correlations, suggesting a direct or inverse linear
relationship between the energy matrix and the property. Lighter shades reflect weaker correlations, indicating
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Fig. 9. Heatmap for linear models.

minimal linear dependence. This heatmap is useful for identifying properties that can be effectively predicted
using a simple linear regression model, with higher R, values suggesting a good fit. Properties with weak
correlations in this heatmap indicate that a linear approach may not be the best model for those attributes.

Quadratic models related to EE ),
In this portion, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EFr,.

BP =83.326 4 1.396 x EE, + 0.001 x (EEnM,)?,

R, =0.849, (. =120.055, F=3872, V =0.148,
MP =306.295 — 1.521 x EEn, + 0.004 x (EEa,)?,

R, =0.932, (. =10.536, F=09926, V =0.048,

FP = —144.091 4 3.216 X EEn, — 0.006 x (EEu,)?,

R, =0.855, (. =59.900, F=4.080, V=0.139,
MR =21.847 + 0.124 x EEn, + 0.000 x (EEa,)?,

R, =0.794, (. =22.634, F=2551, V =0.225,

P =19.405 — 0.063 x EE, + 0.000 x (EEn,)?,

R, =0.835, (. =7.449, F=3456, V =0.167,
MV =178.557 — 0.835 x EEn, + 0.004 x (EE,)?,

R, =0.738, (. =71.684, F=1790, V =0.308,
MW =102.740 + 0.251 x EEp, + 0.002 x (EE,)>,

R, =0.893, (. =59.868, F=5911, V=0.091,
log P = — 1.336 + 0.008 x EE, + 2.802E — 6 x (EEwm,)°,

R, =0.582, (. =1286, F=0.769, V =0.538,

SA =74.808 — 0.190 x EEn, + 0.001 x (EEa,)?,

R, =0.460, (. =14.562, F =0403, V =0.700.

Quadratic models related to EE g
In this part, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EEg.
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BP =96.359 + 10.546 x EEy + 1.642 x (EEx)?,
R, =0.872, (. =111.215, F =4.760, V =0.117,

MP =330.285 — 40.815 x EEy + 2.418 x (EE)?,
R, =0.890, (. =13.252, F=5722, V =0.095,

FP =—11.326 + 40.335 x EEy — 1.599 x (EEy)?,
R, =0.467, (. =102.187, F=0417, V =0.692,

MR =48.668 — 6.921 x EEx +0.726 x (EEn)?,
R, =0.855, (. =19.286, F=4.079, V =0.139,

P =14.589 — 1.341 x EEx 4 0.210 x (EEx)?,
R, =0911, (. =5584, F=7320, V =0.070,
MV =67.264 — 2.983 x EEy +1.286 x (EEy)?,
R, =0.950, (. =33.161, F=13872, V =0.030,

MW =224.793 — 32.688 x EEy + 3.022 x (EEx)?,
R, =0.856, (. =68.747, F=4121, V =0.138,

log P = — 4.448 + 0.908 x EEx — 0.040 x (EExm)?,
R, =0.545, Ce = 1.326, F =0.633, V = 0.590,

SA =84.142 — 7.243 x EEy + 0.479 x (EEn)?,
R, =0.520, (. =14.011, F=0.555  V =0.624.

Quadratic modelsrelatedto FERr
In this portion, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EER.

BP = —176.047 4+ 70.204 x EER — 1.546 x (EER)?,

R, =0.898, (. =100.137, F=6.221, V =0.086,
MP =115.695 + 8.488 x EER — 0.166 x (EER)?,

R, =0.760, (. =18.892,  F=2054, V =0.274,

FP =30.498 4 22.316 x EER — 0.474 x (EER)?,

R, =0.515, (. =99.036, F=0541, V =0.630,
MR = —26.761 4+ 10.932 x EER — 0.242 x (EER)?,

R, =0.864, (. =18701, F=4433, V=0.127,

P =—8.572+4.166 x EER — 0.092 x (EER)?,

R, =0.912, (. =5554, F=7417, ¥V =0.069,
MV = —93.529 + 34.450 x EER — 0.763 x (EER)?,

R, =0.957, (. =30937, F=16.161, V =0.025,
MW = — 31.418 + 40.366 x EEr — 0.880 x (EER),

R, =0.858, (. =68.301, F=4194, V =0.135,
log P = — 0.019 4+ 0.078 x EER — 0.003 x (EER)?,

R, =0.778, (. =0.994, F=2295 V¥V =0.249,

SA =23.433 + 4.607 x EER — 0.087 x (EER)?,

R, =0.764, (. =10.572, F =2109, V =0.268.

Quadratic models related to EEso
In this part, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EEso.
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BP = — 728.906 + 20.114 x EEso — 0.077 x (EEso0)?,

R, =0.972, (. =53.523, F=25528  V =0.013,
MP =384.402 — 4.727 x EEso — 0.025 x (EEs0)?,

R, =0.842, (. =15.670, F =3.666, V =0.156,
FP =—152.875 4 6.221 x EEso — 0.021 x (EEso0)?,

R, =0.809, (. =67.883, F=2845  V =0.203,
MR = —120.218 4+ 3.291 x EEso — 0.013 x (EEs0),

R, =0.925, (. =14.123, F=8904, V =0.055,

P =—-2737740.879 x EEso — 0.003 x (EEs0)?,
R, =0.933, Ce = 4.883, F =10.036, V = 0.047.

MV = —311.194 + 8.949 x EEso — 0.035 x (EEso0)?,
, =0.875, (. =51.398, F =4899, V=0.114,
MW = —231.152 4+ 7.534 x EEso — 0.024 x (EEso)?,
R, =0.973, (. =30.648, F=26.781, V =0.012,
log P = —5.908 + 0.114 x EEso — 0.000 x (EEso0)?,
R, =0.446, (. =1208, F=1.071, V =0.249,

SA =85.568 — 0.634 X EEso + 0.004 x (EEso0)?,
R, =0.487,  (.=14.320, F =0467, V =0.666.

Quadratic Models related to EEso, .,

In this portion, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EEso

red”
BP = — 265.885 + 15.347 x EEso,,, — 0.069 x (EEso,,,),
R, =0.898, (. =99.795, F =6.275, V =0.085,
M P =308.808 — 4.370 x EEso,., +0.033 x (EEso,.,)>,
R, =0.898, (. =12.788, F =6.256, V =0.085,
FP =—208.799 4+ 11.251 x EEso,,, — 0.060 x (EEso,.,)?,
R, =0.856, (. =59.699, F=4.118, V =0.138,
MR = — 36.158 + 2.237 x EEso,,, — 0.010 x (EEso,,,)°,
R, =0.841, (. =20.151, F =3611, V =0.159,
P = —0.657 + 0.475 x EEso,,, — 0.001 x (EEso,.,)?,
R, =0.861, (. =6.886, F=4300, V =0.132,
MV =—17.709 4+ 3.678 x EEso.., — 0.010 x (EEso,.,)°,
R, =0.765, (. =68.349, F=2118, V =0.267,
MW = —68.594 + 6.307 x EEso,,, — 0.021 x (EEso,,,),

r

R, =0.923,  (.=51.299, F =859, V =0.057,

log P = — 2.654 + 0.065 x EEso,,, + 0.000 x (EEso,,,)?,
R, =0.606, (. =1.258, F =087, V =0.503,

SA =67.879 — 0.309 x EEso,., +0.003 x (EEso..,)?,
R, =0.452, (. =14.631, F=0385  V =0.710.

Quadratic models related to EE g0,
In this portion, we determined the quadratic models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated

with EEsowg.
BP = — 108.629 + 22.089 x EEso,,, — 0.169 x (EESOW)Z,
R, =0.981, (. =44.621, F=37.387, V =0.008,
MP =131.907 + 3.347 x EEso,,, +0.034 x (EEso,.,,)’,
R, =0.602, (. =23.210, F=0854, V =0.509,
FP =—175.496 + 5.261 x EEso,,, — 0.028 x (EEsom,g)z,
R, =0.752, (. =76.205, F=1.948  V =0.287,

Scientific Reports|  (2025) 15:15642 | https://doi.org/10.1038/s41598-025-00579-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Properties

MR = —21.397 + 3.719 x EEso,,, —0.029 x (EEs0,,,)’,

avg

R, =0.959, (. =10.553, F=17.132, V =0.023,
P = 8690+ 1.585 x EEs0,,, — 0.013 x (EEso,., )",

R, =0.965, (. =3.530, F=20573, V =0.018,
MV = —55.909 + 10.987 x EEso,,, — 0.090 x (EEso,,,)’,

R, =0.915, (. =42.783, F=7.735  V =0.065,
MW = —79.232 + 14.647 x EEso,,, — 0.119 x (EESOMQ)Q,

R, =0.981, (. =26.053, F=37.637, V =0.008,
log P = — 3.890 + 0.219 x EEso,,, — 0.002 x (EEsoaUg)Q,

R, =0.816, (. =0.914, F=2991, V =0.193,

SA =59.686 + 0.061 x EEso,,, + 0.001 x (EEsoavg)2,

R, =0.373, (. =15.219, F=0242, V =0.799.

The quadratic regression model heatmap as shown in Fig. 10 shows how the relationships between the
physicochemical properties and extended energies change when a squared term is introduced. A higher R,, value
in the quadratic model heatmap, compared to the linear model, indicates that the property follows a nonlinear
trend and benefits from the inclusion of the squared term. This heatmap helps in identifying properties with a
parabolic relationship, where the impact of extended energies on the property either increases or decreases at an
accelerating rate, highlighting properties that require a more complex regression model for accurate prediction

Logarithm models related to EEy,,
In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EE,.

Heatmap of R, Values for Quadratic Models
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Fig. 10. Heatmap for quadratic models.
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BP = —1289.992 + 326.308 x In(EFE,),

R, =0817, (. =113.584, F =8.003,
MP =81.337 + 21.239 x In(EEy,),
R, =0.415, (. =22.909, F =0.833,
FP =654.611 + 170.422 x In(EEny, ),
R, =0.839, (. =54.502, F =9.481,
MR = —193.321 4+ 49.371 X In(EExs, ),
R, =0.755, (. =21.134, F =5.292,
P = —69.377 + 18.268 X In(EEw, ),
R, =0.767, (. =7.524, F =5.716,
MV = — 447.376 4 121.765 x In(EEn,),
R, =0.652, (. =69.697, F = 2.960,
MW = — 786.483 + 199.049 x In(EEas),
R, =0.850, (. =60.641,  F =10.448,
log P = — 7.967 + 1.588 X In(EE,),
R, =0.571, (. =1124, F =1.933,
SA =10.495 + 10.589 X In(EEx, ),
R, =0.367, (. =13211, F =0.623,

Logarithm models related to EE g

In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated

with EEg.

BP = — 392.395 + 347.396 x In(EEx),

R,

=0.860,

e = 100.318,

MP =125.898 + 28.990 x

R,

FP =2.593 + 94.739 X In(EEx),

R,

=0.561,

=0.461,

Ce = 20.849,

Ce = 88.772,

F = 11.387,
F = 1.836,
F = 1.082,

MR = — 61.634 + 54.458 x In(EExy),

R,

=0.824,

Ce = 18.263,

F = 8.443,

P =—23.326 4+ 21.381 x In(EEy),

R,
MV
R,

=0.888,

Ce = 5.384,

F =14.976,

= — 212.645 + 175.748 x In(EEp),

=0.931,

Ce = 33.458,

F = 26.200,

MW = —198.909 + 193.490 x In(EEy),

R,

=0.818,

Ce = 66.290,

F = 8.090,

log P = —3.208 4+ 1.510 X In(EEH),

R, =0.537,

Ce = 1.155,

F =1.622,

SA =36.451 + 12.733 x In(EEy),

R, =0.437,

Ce = 12.776,

Logarithm models related to EER

In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated

with EER.

F = 0.943,

V = 0.047,
V = 0.413,
V = 0.037,
V = 0.083,

V = 0.075,
V = 0.160,
V =0.032,
V =0.237,
V =0.474.

V = 0.028,

V = 0.247,
V = 0.357,
V = 0.044,
V = 0.018,

V = 0.007,
V = 0.047,
vV =0.272,

V = 0.386.
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BP =404.569 — 16.237 x In(EER),

R, =0.059, (. =196.419, F=0.014, V =0.912,
MP =146.422 + 16.425 x In(EER),
R, =0.463, (. =22.327, F=1089, V =0.356,
FP =180.707 + 10.740 x In(EER),
R, =0.076, (. =99.765,  F =0.023, V = 0.886,
MR =66.105 — 3.630 x In(EER),
R, =0.080, (. =232.108, F=0.026  V =0.880,
P =27.094 — 1.529 x In(EER),
R, =0.092, (. =11.676, F=0.034, V =0.862,
MV =198.371 — 11.242 x In(EER),
R, =0.087, (. =91.588,  F=0.030, V =0.870,
MW =227.376 — 2.237 x In(EER),
R, =0.014, (. =115.236, F=0.001, V =0.979,
log P =3.327 — 1.258 x In(EER),
R, =0.652, (. =1039, F=2954, V=0.161,
SA =35.161+ 11.199 x In(EER),
R, =0.559, (. =11.775, F=1820, V =0.249.

Logarithm models related to EEso
In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated

with EEso.
BP = — 1553.783 + 433.606 x In(EEs0),
R, =0.956, Ce = 57.693, F = 42.523, V =0.003,
MP =30.945 + 52.134 x In(EEso),
R, =0.533, Ce = 21.306, F=1.588, V =0.276,
FP =-609.952 4 185.183 x In(EE5s0),
R, =0.803, Ce = 59.642, F =17.257, V =0.054,
MR = —241.029 + 67.369 x In(FEso),
R, =0.907, (. =13542, F=18632, V =0.012,
P = — 87.800 + 25.122 x In(EEso),
R, =0.929, Ce = 4.328, F = 25.367, V =0.007,
MV = —635.151 + 182.019 x In(EEso),
R, =0.859, (. =47.081, F=11.252, V =0.028,
MW = — 918.717 + 258.012 x In(EEs0),
R, =0.971, Ce = 27.447, F = 66.525, V =0.001,
log P = — 8.757 + 1.998 x In(EEso),
R, =0.633, Ce = 1.060, F=2.673, VvV =0.177,
SA =0.781+ 14.332 x In(EEso),
R, =0.438, Ce = 12.770, F =0.948, V =0.385.

Logarithm models related to EE 50, _,
In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EEso

red*®
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BP = — 1087.979 + 360.976 x In(EEso,.,),
R, =0.886, (. =91.268, F=1459, V =0.019,
MP =84.312 + 26.027 x In(EEso0,.,),
R, =0.499, (. =21.823, F=1327, V=03I4,
FP = —480.133 + 171.364 x In(EEso,_,),
R, =0.827, (. =56.248, F =8657, V =0.042,
MR = — 165.394 + 55.273 x In(EEso,.,),
R, =0.829, (. =18033, F=8762,  V =0.042,
P = — 59.894 + 20.663 x In(EEso,.,),
R, =0.851, (.=6.160, F=10.494, V =0.032,
MV = — 406.699 + 143.338 x In(EEso,.,),
R, =0.753, (. =60.507, F=5234, V =0.084,
MW = — 655.840 + 218.351 x In(EEso,,,),
R, =0915, (. =46.528, F=20541, V =0.011,
log P = — 6.871 + 1.728 x In(EEso,.,),
R, =0.609, (. =1086, F=2362, V=0.199,
SA =15.953 4+ 11.987 x In(EEso,.,),
R, =0.408, (. =12970, F=0797, V =0.423.

Logarithm models related to EEso,,,,
In this portion, we determined the logarithm models for BP, MP, FP, MR, P, MV, MW, log P, and SA associated
with EESO(“,Q-
BP = — 517.250 + 263.223 x In(EEso,.,),
R, =0.961, Ce = 54.519, F = 48.099, Vv =0.002,
MP =156.153 4 9.797 x In(EEso,,, ),
R, =0.279, (. =24.180, F=0.339, V =0.592,
FP =-130.757 + 101.493 x In(EEso,,, ),
R, =0.729, (. =68539, F=4524, V =0.101,

MR = — 83.895 + 42.068 x In(EEso,.,,),
R, =0938, (. =11.166, F =29.288, V = 0.006,
P = —26.813 + 14.945 x In(EEso0,,, ),
R, =0915, (. =4.722,  F=20.670, V =0.010,
MV = — 210.405 + 113.597 x In(EEs0,,, ),
R, =0.887, (. =42.370, F=14832, V =0.018,
MW = — 281.645 4 150.556 x In(EEso,,, ),
R, =0938, (. =39.866, F =29.428  V =0.006,
log P = — 4.038 + 1.230 x In(EEso,,, ),
R, =0.645, (. =1.046, F=2851, V =0.167,
SA =42.943 + 6.337 x In(EEso0,,,),
R, =0.320, (. =13454, F=0458, V =0.536.

The logarithmic regression model heatmap as shown in Fig. 11 examines the relationships where the rate of
change of the dependent variable decreases as the independent variable increases. This heatmap reveals whether
the logarithmic transformation improves the fit compared to the linear and quadratic models. Strong correlations
in the logarithmic model suggest that the relationship between extended engeries and certain properties follows
a diminishing return pattern, where the effect of extended engeries on the property diminishes as its value
increases. By comparing the heatmaps of the three models, it is possible to determine which transformation best
captures the behavior of each physicochemical property.

Statistical validation of predictive model consistency

In statistical analysis, correlation is a fundamental measure used to assess the strength and direction of the
relationship between two variables. It provides insights into how variations in one variable correspond to changes
in another, making it a crucial tool in predictive modeling. The correlation coeflicient (r) between 1 and 1 varies,
with positive values for a direct relation and a negative value for an inverse relation, and values near zero for no
relation and a weak relation?®. As a larger value in terms of its absolute value, a larger association between two
variables is denoted. In chemical graph theory, a function of significant role in predictive capability checking of
topological indices in molecular property characterization is played through correlation analysis.
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Fig. 11. Heatmap for logarithm models.

For further evidence of the quadratic model effectiveness, the actual values of three critical physicochemical
characteristics, boiling point, melting point, and flash point, are graphically exhibited alongside their respective
predicted values. These are included as Figs. 12, 13, and 14, respectively, within the manuscript.

The quadratic model for regression was determined to provide the highest prediction accuracy for such
properties, with actual vs. predicted values plotting very near the regression line, reflecting the presence of a
strong correlation as well as a good prediction. R? values as well as the RMSE values for each of the properties
further support the accuracy of the model. Similar graphs for molar refractivity, polarizability, molar volume,
molecular weight, log of partition coefficient, and surface area can be drawn by following the same procedure.
These plots give an overall insight into the model’s stability with respect to varied drug properties and enhance
the usefulness of the quadratic model for QSPR analysis. Table 3 shows the extended energies of a variety of
topological descriptors and physicochemical descriptors of drugs for antitubercular activity. The indices analyzed
include EEwN,, EEH, EER, EEso, EEso,. ;> EEso,, o while the molecular properties considered are BP,
MP, FP, MR, P, MV, MW, log(P), and SA. The correlation values denote the intensity of association between each
molecular property and topological index, with high values signifying strong relations. In a striking observation,
Sombor index (F Es0) reflects strong relations with a range of significant properties, such as MW, (r = 0.965)
and BP, (r = 0.941), indicative of its use in explaining molecular behavior. In contrast, the Randic index
EER reflects a negative relationship with properties such as M R, (r = —0.303) and log(P), (r = —0.736)
, indicative of an inverse relationship. The variation in correlation values across different indices emphasizes the
importance of selecting appropriate descriptors for predictive modeling, as certain indices consistently exhibit
stronger associations with molecular properties. This analysis reinforces the reliability of predictive models and
provides valuable insights into the most influential topological indices for understanding the physicochemical
behavior of TB drugs, contributing to the development of more accurate pharmaceutical property predictions.

In addition to the analysis presented in Tables 4, 5, and 6, where EEso,,, consistently yielded the lowest
RMSE values across linear, quadratic, and logarithmic models, a comparison using Python and R revealed
significant differences in the predictive accuracy of each model. This was further illustrated by a bar plot chart
of RMSE values as shown in Figs. 15, 16, and 17 for each model, which visually demonstrated the performance
of the different modeling approaches in predicting drug properties. The findings underscore the importance of
model selection and optimal descriptor choice for accurate molecular property predictions

The code, as shown in Fig. 18, provides an algorithm to compare the RMSE values and R,, values for different
models (Linear, Quadratic, and Logarithmic) in predicting drug properties. It first loads the RMSE and R, value
data from separate Excel files and ensures that the drug properties match across both datasets. The script then
extracts the relevant data for each model and property and determines the best model for each drug property
based on the minimum RMSE and maximum R, value. The result is summarized in a new Excel file, listing the
best model for each property along with its corresponding R, value and RMSE. According to the comparison,
the quadratic model emerges as the best for predicting the drug properties. The corresponding chart and
summary are captioned as the “Algorithm” for visualization.
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Fig. 12. Boiling point - actual vs. predicted values for the quadratic regression model.
Comparison of Actual and Predicted Melting Points for TB Drugs
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Fig. 13. Melting Point - Actual vs. Predicted Values for the Quadratic Regression Model.

Algorithm

Following the comparison of RMSE and R,, values across different models, a “Quadratic Scatter Plot between
Extended Energy of M> and Drug Properties” was generated as shown in Fig. 19. This plot illustrates the
relationship between the extended energy of M> and the drug properties, with the quadratic model effectively
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Comparison between Actual and Predicted Flash Point Values for Different Drugs
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Fig. 14. Flash point - actual vs. predicted values for the quadratic regression model.

BP 0.849 087 | —0.296 |0941 |0.88 0914
MP 0.536 0629 |0274 |0579  |0.587 0.214
FP 0.812 0455 | —0.068 |0.798 | 0.797 0.743
MR 0.792 0842 | _0.303 |0.892 |0.826 0.882
P 0.819 0903 | —0.331 |0.919 [ 0.860 0.843
MV 0.712 0946 |_—0.339 |0,843 |0.763 0.822
MW 0.889 0839 | _0.241 |0965 |0918 0.883
log P 0.582 0509 |—0.736 |0.61 0.597 0.509
SA 0.412 047 | 0381 0457 | 0.434 0.370

Table 3. Correlation among extended energies of topological indices and molecular properties of
pharmaceutical compounds.

BP 258.7039 1188.673 192.3846 259.679 168.0236 92.1292
MP 82.6495 112.2976 18.9123 26.2853 21.6081 19.2096
FP 122.9248 325.3311 83.4822 126.8023 98.2937 76.485
MR 55.8469 186.5904 32.0912 40.1079 25.3788 12.1117
P 91.0768 73.3699 11.8027 15.0491 9.6422 5.0629
MV 77.9561 605.6785 92.141 111.8278 73.5551 44.4363
Mw 129.4312 666.3083 110.1013 153.2627 97.3105 47.0819
log P 115.2049 4.7085 1.6783 1.3745 1.0449 0.8193
SA 57.4888 50.0912 11.9985 14.4434 12.8836 11.9462

Table 4. Root mean square error analysis of linear models for various drug properties.

capturing the correlation. The scatter plot demonstrates the predictive accuracy of the quadratic model in
depicting the influence of M2 on the drug properties. A similar approach can be applied to other extended
energies, allowing for comparative analysis of their effects on drug properties. These plots provide a clear
visualization of the performance and predictive potential of each extended energy descriptor when used within
a quadratic framework.
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Properties of Drugs | Q(EEwn,) | Q(EEw) | Q(EER) | Q(EEso) | Q(EEso,.,,) | QIEEsog.g)
BP 268.5345 3301.967 992.4777 527.4754 224.2947 131.4076

MP 60.0561 3284.867 85.9689 122.4507 50.8526 143.2644

Fp 106.0972 1819.049 308.0136 198.7778 169.1644 165.5066

MR 77.6443 1132.483 156.9403 83.8254 31.6855 16.1519

P 111.8858 346.432 59.2775 24.958 9.9512 8.2106

MV 66.2894 2273.725 485.1814 229.8079 76.9526 57.667

MW 113.9163 4605.032 539.4 230.5861 110.9487 75.1085

log P 135.7957 48.1505 3.8159 2.352 0.8408 1.1652

SA 74.7031 676.0449 41.1265 13.83 11.6304 11.6231

Table 5. Root mean square error analysis of quadratic models for various drug properties.

Properties of drugs | EEn, | EE;; | EErR | EEso | EESO,.q | EESOaung
BP 560.3113 | 449.711 168.4461 | 478.6615 | 282.9367 119.1011
MP 415.4914 | 41.0695 | 22.9365 | 35.1669 129.7912 18.8308

FP 437.2218 | 147.2886 | 81.2024 | 226.9528 | 159.7251 92.7285

MR 295.0245 | 68.736 28.3869 | 72.1957 | 93.6558 13.3887

P 278.6169 | 27.3397 | 10.4052 |27.3249 | 124.5838 5.8477

MV 379.6025 | 225.6554 | 80.992 198.4435 | 93.472 48.5876
MW 424.3646 | 247.4303 | 95.2007 | 281.201 135.0338 59.4204

log P 267.1371 | 2.0014 2.0323 2.2066 145.0413 0.7614

SA 315.4029 | 21.2677 16.6237 | 20.9835 111.9893 12.5184

Table 6. Root mean square error analysis of logarithm models for various drug properties.

RMSE Values for Linear Model

1200 1

1000 1

800 1

600 1

RMSE Values

400 A

200 1

RMSE(L(EE,))
RMSE(L(EER))
RMSE(L(EER))
RMSE(L(EEso))
RMSE(L(EEsg,,))
RMSE(L(EEso, )

& & Q & Q & & 8 &

0
Drug Properties

Fig. 15. Barplot for linear models.

Model significance and validation criteria

In the current study, the topological indices based on extended energy were assessed by application of several
regression models-linear, quadratic, and logarithmic-to model the following nine essential physicochemical
characteristics: boiling point, melting point, flash point, molar refractivity, polarizability (P), molar volume,
molecular weight, logarithm of the gartition coefficient, and surface area. Standard statistical measures such as
the coefficient of determination (R~), root mean square error (RMSE), and the adjusted R? were employed to
evaluate the performance of the model. A model is statistically significant when R? is high, and RMSE is low.
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RMSE Values for Quadratic Model
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Fig. 16. Barplot for quadratic models.
RMSE Values for Logarithmic Model
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Fig. 17. Barplot for logarithm models.

Among the tested models, the quadratic model outperformed the remainder in the prediction of the majority
of drug properties, such as BP, FP, MR, MV, and log P, as demonstrated by greater R* and smaller RMSE
values. The model, however, had low predictivity for MP, suggesting that the topological descriptors employed
are perhaps insufficient to account for the underlying structural or energetics that impact the melting point. This
points toward the possibility of investigating more complex models or the inclusion of extra descriptors that are
more specialized in the case of MP in subsequent work.

Limitations and future work

The research has some limitations. The dataset contains only a few tuberculosis drugs, so the generalizability of the

findings might be impacted by it. The employed QSPR models, including the linear, quadratic, and logarithmic

ones, are simplifications and do not necessarily represent complex molecular interactions. No external

validation using independent datasets, a factor that can increase the robustness of the model, was practiced.

Further research in the future will extend the dataset, employ more sophisticated machine learning methods
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import pandas as pd

# Load datasets
rmse_df = pd.read_excel("/content/RMSE 3 MODELS.x1lsx")
r_value_df = pd.read_excel("/content/R Value.xlsx")

# Check if drug properties match
if not all(rmse_df.iloc[:, @] == r_value_df.iloc[:, ©]):
raise ValueError("Drug properties do not match.")
# Extract data
properties = rmse_df.iloc[:, 8]
models = ["Linear”, "Quadratic”, "Logarithmic"]
rmse_data = [rmse_df.iloc[:, 1:7], rmse_df.iloc[:, 7:13], rmse_df.iloc[:, 13:19]]
r_data = [r_value df.iloc[:, 1:7], r_value df.iloc[:, 7:13], r_value df.iloc[:, 13:19]]

# Determine best model for each property
best_models = [
[properties[i],
models[max(range(3), key=lambda x: r_data[x].iloc[i].mean())] if max(range(3), key=lambda x:
r_data[x].iloc[i].mean()) == min(range(3), key=lambda x: rmse_data[x].iloc[i].mean())
else models[max(range(3), key=lambda x: r_data[x].iloc[i].mean())],
r_data[max(range(3), key=lambda x: r_data[x].iloc[i].mean())].iloc[i].mean(),
rmse_data[max(range(3), key=lambda x: r_data[x].iloc[i].mean())].iloc[i].mean()]
for i in range(len(properties))

]

# Create and save summary

summary_df = pd.DataFrame(best_models, columns=["Property"”, "Best Model Based on R", "Best R Value", "Best RMSE"])
summary_df.to_excel("/content/Best Model Summary.xlsx", index=False)

print(summary_df)

Fig. 18. Comparison algorithm for RMSE and R,, values across Linear, Quadratic, and Logarithmic models,
highlighting the quadratic model as the best.

such as graph neural networks and random forests, and incorporate hybrid indices to enhance the accuracy of
the predictions. More detailed and open-source code implementations can also facilitate reproducibility and
stimulate further studies in the topic.

Conclusion

In this study, we analyzed the physicochemical properties of six Tuberculosis (TB) drugs using extended energies
of topological indices, including the Zagreb second index, Harmonic index, Randic index, Sombor index, and
others. Linear, quadratic, and logarithmic regression models were applied to explore the relationships between
the indices and drug properties. The quadratic regression model provided the best fit, showing the highest R,
values and lowest RMSE, outperforming the other models. A comparison algorithm was added to validate the
results, further supporting the superiority of the quadratic model. Various visualizations, including heatmaps,
scatter plots, and a bar plot matrix, were created to better understand the correlations.

The results of this study offer valuable insights for drug design and optimization, particularly for Tuberculosis
treatments. By identifying the most accurate models for predicting physicochemical properties, this work can
guide the development of more effective TB drugs with better therapeutic outcomes. Additionally, leveraging
topological indices and advanced regression modeling allows for a deeper understanding of drug properties at
a molecular level, enhancing the potential for novel drug discovery and optimization in the fight against TB.
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Fig. 19. Quadratic scatter plot between extended energy of M> and drug properties.
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Figure 19. (continued)

Data availability
All data generated or analysed during this study are included in this published article.

Code availability

The custom Python code used in this study for data analysis and modeling is publicly available in a GitHub
repository: github.com/kirannaz145/Linear-Quadratic-Logarithmic. To ensure long-term accessibility and
reproducibility, the version of the code referenced in this publication has been archived on Zenodo and can be
accessed via the following DOI https://doi.org/10.5281/zenodo.15240618. This ensures that the code remains
accessible even if modifications are made to the GitHub repository in the future. The archived version can be
cited and used by other researchers to replicate and extend our findings. No restrictions apply to access or use
of the provided code.
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