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OPEN A graph-based computational

approach for modeling
physicochemical properties in drug
design
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Saba Hanif® & Brima Gegbe*™*

The efficacy and effectiveness of antibiotics and neuropathic drugs are essentially guided by their
physicochemical properties governing stability, bioavailability, and therapeutic activity. This work
utilises mathematical modelling and quantitative structure-property relationship (QSPR) analysis
for predicting important physicochemical properties such as boiling point, enthalpy of vaporisation,
flash point, and molar refraction of chosen antibiotics and neuropathic drugs. Modified degree-based
topological indices are utilised as molecular descriptors for correlations between physicochemical
functionality and molecular structure. Linear and quadratic forms are various forms of regression
models employed for improved predictions. The findings exhibit excellent performance of quadratic
models across all but one property compared to linear models, highlighted by significant statistical
markers like high R2 values and low error margins. These results highlight the potential use of
topological descriptors in combination with sound mathematical frameworks for drug optimisation
and early-stage screening.

Keywords Molecular graph, QSPR analysis, Antibiotic compounds, Topological indices, Regression
modeling

Over recent years, QSPR modeling has been established as a highly viable technique in pharmaceutical
chemistry for its potential in predicting major physicochemical properties from molecular structure directly’.
This predictive property is important for accelerating drug discovery since early evaluation of molecular
performance can be conducted without requiring long-term laboratory experiments® Boiling points, enthalpy
for vaporization, flash points, and molar refraction are particularly significant due to their impact on influential
pharmaceutical parameters such as stability, availability, and formulation safety’. Such considerations are
particularly significant when developing antibiotics, where therapeutic efficacy is highly dependent upon
molecular traits. A QSPR model provides standardized means for connecting molecular descriptors and such
properties, making the rationale-based lead optimization and drugs design possible?. For an elaborate review of
QSPR methods applied to drug molecules, see®>. Kumar and Das® compared Generalized Quadratic (GQ) and
Quadratic Generalized (QG) indices as molecular descriptors. Their work shows how these indices are effective
in modeling structural aspects pertinent for quantum chemical properties. The analysis indicates that these two
descriptors hold potential for improved predictive modeling for QSPR research work.

Here, important physicochemical traits are studied for a group of drugs of pharmacological interest, such
as Norfloxacin, Ciprofloxacin, Gemifloxacin, Chlorpyrifos, Dimethoate, Phorate, Monocrotophos, Thiram,
Azoxystrobin, Atrazine, Chlorothalonil, and Warfarin. Most of these drugs, which are either antibiotics or
structurally analogous bioactive molecules, are extensively employed for various therapeutic and agricultural
applications and share diverse and pertinent physicochemical requirements’. For example, vaporization enthalpy
informs about the amount of energy needed for phase boundary transitions, which has direct bearing on drug
formulation and storage functions. In a similar vein, data for boiling points for drugs such as Norfloxacin and
doxycycline are important for gauging thermal stability for various temperature and pressure conditions®. Kumar
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and Das’ explored the structural sensitivity and chemical applicability of numerous newly developed degree-
based topological indices. Their analysis proved how these indices react under different structural changes in
molecules. The analysis reaffirmed their potential applicability in QSPR/QSAR modeling by proving effective
for correlation with important chemical parameters. In turn, molar refraction is a gauge of the polarizability
of a molecule and has predictive value for drug biological environment interactions, whereas flash point
measurements are important for determining flammability and for proper handling of volatile drugs'°.

The present research utilizes degree-based topological indices, which are mathematical descriptors of
molecular structure!™!% In graph theory, vertex degree noted A, refers to the number of connected edges
linking a given vertex a'®. Degree-based topological indices are highly effective for predicting physicochemical,
thermodynamic, and biological characteristics because they capture essential structural information such as
molecular branching and network connectivity'*. Kumar and Das!® compared the performance of Nirmala and
Sombor indices in detail, i.e., comparing their applicability, degeneracy, and smoothness. This work compared
how each index functions in differentiating between molecular structures. The results underscore the efficacy and
limitations of these two indices and offer insights into their possible use for modeling molecules using graphs.
Within QSAR and QSPR analysis, degree-based topological indices constitute an important subdomain because
vertex degree-based information allows for high correlation between molecular structure and experimentally
tangible properties or bioactivities!®.

Jacob and Clement!” elucidated the structural complexity of zeolite EDI through the application of topological
entropy and proved the efficacy of the model to predict the interaction of molecules inside zeolite structures. The
method introduced a new quantitative means to interpret host-guest behavior in porous compounds. Gayathri,
Santiago, and Govardhan'® investigated hexagonal fractals via the application of topological indices and the
use of fractal dimensions to describe structure-property relationships. Their work showed the capability of the
aforementioned mathematical measures to predict the behavior of molecules and predict material properties.
Peter et al.!” created a predictive model of interaction energies between molecules through the application of
topological and spectral entropies of zeolite AWW. The article stressed the significance of descriptors of the
entropic kind to predict the interaction of molecules inside porous compounds. Shenoy et al.?’ carried out
statistical analysis of the application of Revan topological indices to drug compounds for the treatment of
tuberculosis. Their analysis showed the promise of the indices to analyze and discriminate molecular structures
for application to pharmaceutical research. Jacob et al.?! carried out network topology and entropy analysis of
tetragonal farneseite zeolites in order to study their structural complexity. Their research emphasized the use of
measures of entropy to identify complex topological properties of the zeolite structures.

The application of topological indices as structural descriptors has a history dating back a long time in
predicting molecular properties. The first contribution was made by Wiener??, who proved that paraffin boiling
points could be well estimated through topological indices, setting a precursor to the relationship between
molecular structure and thermodynamic property. This was further developed upon by Gutman and Trinajstic*
when the first Zagreb indices were introduced degree-based topological indices that have been an integral
part in investigating the electronic aspect of molecules thereafter. This framework was expanded upon later by
Kulli?* when he introduced reverse Zagreb indices that capture reverse vertex degrees and present additional
structural insights. Further building upon this was done by Khabyah et al.?>, who applied reverse degree-based
indices toward extracting knowledge about coronene structures. Being symmetric, two-dimensional, and
highly conjugated in nature, coronene is a perfect system for studying molecular symmetry and stability using
topological analysis. For this work, a diversity of modified degree based topological indices are applied toward
capturing the antibiotic and related molecules’ molecular structure. The indices are capable of encoding essential
structural features size, branching, and connectivity effectively, enabling quantitative correlation between
architectural building blocks and physicochemical behavior?.

Quantitative Structure-Property Relationship (QSPR) models have been widely developed for predicting
chemical and physical properties of pharmacologically active compounds, illustrated by comparison analysis
between regression models depicted in Figs. 1, 2, 3, and 4. Amongst these studied compounds, Norfloxacin, a
synthetic fluoroquinolone antibiotic, is extensively utilized in clinical practice for treating urinary tract infection
(UTI), prostatitis, and various gastrointestinal infections caused by susceptible bacteria. Norfloxacin inhibits
bacterial DNA gyrase and ultimately causes cell division and DNA replication inhibition, which leads ultimately
to cell death in bacteria. This drug is mainly effective in gram-negative organisms like Escherichia coli and
Klebsiella pneumoniae and is administered orally. Nevertheless, in clinical use, its activity is sometimes hindered
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Fig. 1. (a) Norfloxacin (b) Ciprofloxacin (c) Gemifloxacin.
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Fig. 2. (a) Chlorpyrifos (b) Dimethoate (c) Phorate.
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Fig. 3. (a) Monocrotophos (b) Thiram (c) Azoxystrobin.
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Fig. 4. (a) Atrazine (b) Chlorothalonil (c) Warfarin.

because of side effects like nausea, dizziness, and uncommon but serious tendon issues, particularly in elderly
patients. Norfloxacin is contraindicated in infancy and pregnant individuals because of possible adverse cartilage
and joint development effects, as depicted in Fig. 1a (source: http://www.chemspider.com).

Ciprofloxacin Ciprofloxacin is a fluoroquinolone antibiotic agent that exerts broad-spectrum efficacy against
bacterial infections, including respiratory, urinary, gastrointestinal, and skin infections. This agent exerts
its antibacterial effects by inhibiting bacterial DNA gyrase and topoisomerase IV, enzymes critical for DNA
replication in bacteria®”-8. This triggers the death of bacterial cells. Side effects may include nausea, diarrhea,
and photosensitivity, risk of tendon ruptures, particularly in the elderly. Because of these possible adverse effects,
it is usually avoided in children as well as pregnant women see Fig. 1b.

Gemifloxacin Gemifloxacin is a fluoroquinolone antimicrobial agent indicated for respiratory tract infections,
including acute bacterial exacerbations of chronic bronchitis and mild to moderate forms of community-
acquired pneumonia®**. The drug exerts its antibacterial activity by inhibiting DNA gyrase and topoisomerase
IV-bacterial enzymes critical for DNA replication. The common side effects include rash, diarrhea, and nausea,
while serious ones might include tendonitis and tendon rupture. This is a cautious prescription that should not
be dispensed to children or pregnant women see Fig. 1c.

Chlorpyrifos Chlorpyrifos is not an antibiotic but an organophosphate pesticide in common use for the control
of insect pests both in agriculture and residentially. It works through the inhibition of acetyl cholinesterase
enzyme action in insects, an action which causes overstimulation of the nervous system and eventually death3!:32,
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It is due to these reasons that it has been restricted or banned in many countries, with studies linking exposures
to developmental and neurological problems. see Fig. 2a.

Dimethoate It is not an antibiotic; it is an organophosphate insecticide, widely used in agriculture to control
a wide range of pests on crops. It works by inhibiting acetyl cholinesterase, an enzyme essential for insect nerve
function, thus disrupting their nervous system and eventually killing them3*34. While effectively applied for pest
control, dimethoate had raised health and environmental concerns because of its toxicity, affecting not only non-
target species, including beneficial insects, but also humans upon exposure. Due to its associated risks, certain
countries restrict its use; recommended guidelines on safety are advised upon application to reduce the impact
on the environment and human health see Fig. 2b .

Phorate Phorate is a highly toxic organophosphate insecticide and acaricide. It is not an antibiotic, and its
application is only for the safety of crops such as corn, potatoes, and cotton. Phorate acts through the inhibition
of acetyl cholinesterase, an enzyme critical to the normal functioning of the nervous system; the insects are
then paralyzed and dead>¢. Phorate is extremely toxic and, therefore, particularly dangerous to humans, wild
animals, and the environment through exposure. Because of this, its use has been seriously circumscribed when
this insecticide is used, and certain countries have banned it. Recommended safety precautions during handling
and application are rigorous see Fig. 2c.

Monocrotophos Monocrotophos is not an antibiotic, but it contains a highly toxic organophosphorus
insecticide used in large-scale control of various pests in a variety of crops such as cotton, rice, and sugar cane. It
acts through the inhibition of acetyl cholinesterase that overstimulates the nervous system and eventually leads
to paralysis and death in insects. Monocrotophos is highly toxic, and exposure has a severe threat to human
beings, birds, and aquatic life3”38, For this reason, several countries have banned or restricted the use of the
chemical, due to which only a High degree of care can be afforded to those areas where the use of the chemical
is not prohibited for agricultural purposes see Fig. 3a.

Thiram Thiram is not an antibiotic. It is a chemical type of fungicide, and it finds wide application in
agriculture to prevent fungal infections in crops such as fruits, vegetables, and ornamental plants. This effect
is through the inhibition of spore germination of fungi, thus protecting the plants from diseases such as blight,
rust, and mold***. It is injurious to health if inhaled and ingested and can cause irritation to the skin of human
beings too. As it is hazardous to the environment, its use has some prescription on the basis of which it has to be
handled and applied see Fig. 3b.

Azoxystrobin In fact, it is not an antibiotic but a broad-spectrum fungicide. It finds wide application in
agriculture for the protection of various crops against very different fungal diseases such as blight, rust, and
powdery mildew. The mode of action consists of the inhibition of mitochondrial respiration in fungi, which halts
the growth of fungal cells and stops the proliferation of the infection**2. This product is taken to be generally
safe while being used in the prescribed manner; however, it does have a potential threat to the environment,
particularly aquatic life, and should be carried out very carefully near water systems to minimize ecological
damage see Fig. 3c.

Atrazine Atrazine is not an antibiotic, but it is one of the most widely used herbicides in the world. It is applied
for the control of broadleaf and grassy weeds in a number of crops, including corn, sugarcane, and sorghum*344,
A chemical kill of plants, it inhibits photosynthesis in plants, thus causing death to the weeds and increasing crop
yields. Due to the possible influence of the chemical on fauna and suspected endocrine-disrupting activity, its
use is either limited or prohibited in some countries, while it remains one of the most widely used herbicides in
other countries see Fig. 4a.

Chlorothalonil Chlorothalonil is not an antibiotic. It is a broad-spectrum fungicide. It finds wide application
in agriculture and horticulture for the protection of crops such as peanuts, potatoes, tomatoes, and turf grass
against fungal diseases like mold, blight, and leaf spot. Where chlorothalonil is effective, there is also a risk to
the environment, aquatic organisms in particular, and irritation in man in the case of exposure®. Its use is thus
regulated in many regions with specific view to minimizing ecological impacts, and safety measures are advised
during application with a view to reducing health risks see Fig. 4b.

Warfarin Warfarin is not an antibiotic; it is an anticoagulant or blood thinner used to prevent and treat
blood clots that form in the veins of the legs, in the lungs, and with atrial fibrillation. Warfarin requires close
monitoring since its efficacy depends on dietary factors, concurrent medications, and patient variables. Blood
sampling is frequent to maintain it within a narrow window of safety and efficacy®. Adverse effects include
bleeding complications, which may well require a patient to be advised about diet and the use of medications
cautiously to avoid undesirable interactions see Fig. 4c.

Degree based topological indices
In this section, we provide the initial literature review for topological indices.
Gutman and Polansky introduced the first and second Zagreb index? as:

Mi(G) = D Catd), Ma(G)= Y (hax)

abeE(G) abeE(G)

Martinez-Martinez et al.*® defined the Harmonic index as follows:

2
S P PR o

abeE(G)

The forgotten index was introduced by Furtula and Gutman® as:
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The Shilpa-Shanmukha Index was defined by Zhao et al.* as follows:

Ne X Ao
= 2 Na + Ao

abeE(G)
The atom bond connectivity index was introduced by Estrada et al.’! as
o+ Ao — 2
ABOG) = Y [Pt 2
abe E(G)

The Randic index was defined by Randic et al.*as:

RIG) = > 5

abeE(G)

aXAb

The sum connectivity index and the geometric arithmetic index was defined by Vukicevic et al.> as

sc@= Y Lo cac) = ¥ 2V x Ay

>\a+)\b Aa"_)\b

abeE(Q) abeE(G)

The Hyper Zagreb Index was introduced by Rajasekharaiah et al.> as

HZ(G) = > (Qath)’

abe E(G)

Main results
In this section, we presented antibiotic drug molecules’ degree-based bond partitions, see Table 1. Moreover
using this edge partition for all antibiotic drugs, we have computed degree-based topological indices.

For the drug molecule Norfloxacin (G1), By using first and second Zagreb index and edge partition of G1.

Mi(G) = ) (at)

abeE(G)
Mi(G1)=(1+2)2)+(1+3)5)+(2+2)(3)+ (2+3)(8) + (3+3)(7) =120
My(G)= Y (at o)

abe E(G)
Mi(G1) =(1 x2)(2) + (1 x3)(5) + (2 x2)(3) + (2 x 3)(8) + (3 x 3)(7) = 142

Degree edge classes with their frequencies

Graphs | Drug molecules | (1,2) | (1,3) | (1,4) | (2,2) | (2,3) | (2,4) | (3,3)
G1 Norfloxacin 2 5 0 3 8 0 7
G Ciprofloxacin 0 4 0 5 10 0 8
Gs Gemifloxacin 2 4 0 2 12 0 11
Gy Chlorpyrifos 2 3 1 2 5 3 2
Gs Dimethoate 3 1 1 1 2 3 0
Gsg Phorate 3 0 1 5 0 3 0
Gr Monochrotophos | 3 2 1 0 4 3 0
Gsg Thiram 0 6 0 1 2 0 2
Gy Azoxystrobin 2 2 0 9 14 0 4
G1o Atrazine 1 3 0 1 9 0 0
G11 Chlorothalonil 2 4 0 0 2 0 6
G2 Warfarin 0 4 0 7 8 0 6

Table 1. Degree-based bond partitions of antibiotic drug molecules.
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By using Harmonic index and edge partition of G

. 2
e = 2 (Na + o)

abeE(Q)
2 2 2 2 2
H(Gl):(1+2)(2)+ (1+3)(5)+ (2+2)(3)+ (2+3)(8)+ (3+3)(7)—10.87

By using forgotten index and edge partition of G'1

FG) = Y () + ()]

abeE(G)
F(G1) =174+ 2%)(2) + (1 +3%)(5) + (22 + 2°)(3) + (2> + 3%)(8) + (3° + 3%)(7) = 314

By using Shilpa-Shanmukha Index and edge partition of G

Na X Np
ab;G) X +/>\\
1x2 1x3 2x2 2x3 3 x3

By using atom bond connectivity index and edge partition of G'1

ABC(G Z +)\b—2

abeE(G)

1422 L13-2 [242-2 2+3-2 343-2 .
ABC(Gl)_\/ (1x2) @+ T(1x3) (2% 2) Txy BT \/ 2% 3) \/(3><3) (1) =17.94

By using Randic index and edge partition of G

RIG) = Y —

aber(G) Na X Ab

1= (1) 0+ (1) 0+ (52) 9+ (525) 0+ (s =

By using sum connectivity index and edge partition of G1

sc@ =Y ——

abEE(G) @ + A

SC(Gy) = (%2) 2) + (ﬁ) 5) + (ﬁ) 3) + (ﬁ) (8) + (ﬁ) (7) = 11.59

By using geometric arithmetic index and edge partition of G

GA(G) = Z M

>)

)\a + )\b
abe E(G)
GA(GY) :2(V1 12)2 @) + Z(Vl 1+X3)3 (5) + 2(; ixzf (3) + 2(V2 ing’ 8) + 2(3V ixg)g(?) —24.05

By using Hyper Zagreb Index and edge partition of G'1
S Gty
abe E(G)
HZ(G) =(1+2)*(2) + (1+3)(5) + (2+2)°(3) + (24 3)*(8) + (3 + 3)*(7) = 598
Similarly, in accordance with what was described above, this computation process was applied to all of the entire

dataset, and the calculated values correspondingly for all 12 antibiotic drugs. The ERC’s governing instruments
are compiled with Table 2.
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Drug molecules | M1 | M, | H F |SS ABC |RI Ne GA |HZ
Norfloxacin 120 | 142 | 10.87 | 314 |26.30 | 17.94 | 11.40 | 11.59 | 24.05 | 598
Ciprofloxacin 134 | 164 | 11.17 | 354 |29.22 | 19.21 | 11.56 | 12.24 | 26.26 | 682
Gemifloxacin 156 | 195 |12.80 | 420 |33.71 | 21.91 | 13.29 | 14.01 | 30.11 | 810
Chlorpyrifos 86 97 7.90 |234 | 1852 |13.13 | 841 |8.38 |17.01 |428

Dimethoate 50 53 520 | 136 |10.86 | 8.05 |558 |530 |10.28 | 242
Phorate 70 78 6.90 | 192 | 1527 |10.77 | 7.24 |7.13 |14.29 |348
Monocrotophos | 60 64 6 164 | 12.92 | 9.57 |6.47 |6.19 |12.11 |292
Thiram 50 52 497 |130 |10.84 |8.35 |545 |521 |10.16 |234
Azoxystrobin 144 | 166 |13.77 | 356 | 32.60 | 21.98 | 14.12 | 14.55 | 30.33 | 688
Atrazine 64 69 6.27 | 160 | 14.27 | 10.23 | 6.61 | 6.60 13.36 | 298
Chlorothalonil | 68 82 6.13 | 184 | 14.64 | 10.09 | 6.54 |6.50 |13.31 |348
Warfarin 120 | 142 | 10.70 | 308 | 26.58 | 17.87 | 11.08 | 11.53 | 24.30 | 592

Table 2. Degree based topological indices for antibiotics drug molecules.

Drug molecules ENP) FP) MR) MW) (HAC) (Com) volume

Boiling point | Enthalpy of | Flash | Molar Polarizability | Molar
(°C)(BP) | vaporization |point | refractivity (cm®)(POL) | weight Heavy
(kJ/mol)( | (°C)( | (cm®)( (g/mol)( | atom count | Complexity | Molar

Norfloxacin 555.8 88.1 289.9 80.7 32 319.33 22 452 237.4

Ciprofloxacin 581.8 91.5 305.6 83.3 33 331.34 24 528 226.8

Gemifloxacin 638.9 99.2 340.2 94.9 37.6 389.4 28 584 236.3

Chlorpyrifos 375.9 59.9 181.1 77.2 30.6 350.6 20 378 236.8

Dimethoate 310.3 63.9 141.4 53.7 21.3 229.26 12 232 169

Phorate 296 51.4 132.8 68.1 27.0 260.35 13 208 216.8

Monocrotophos | 315.1 55.6 144.4 50.1 19.9 223.16 11 216 186.7

Thiram 307.4 54.8 139.7 67.9 26.9 240.4 10 160 180

Azoxystrobin 581.3 86.9 305.3 106.2 42.1 403.4 27 512 300.1

Atrazine 368.5 61.5 176.7 58.5 23.2 215.7 14 209 169.9

Chlorothalonil 350.5 59.5 153.8 55.2 21.9 265.9 14 322 154.6

Warfarin 515.2 82.9 188.8 84.4 33.5 308.33 22 426 235.8

Table 3. Antibiotics’ physicochemical characteristics.

Exploring topological indices and physicochemical properties via regression models
Quantitative Structure-property Relationship (QSPR) models allow for predictions of a compound’s various
physical and chemical properties solely from its molecular structure®. Quantitative Structure-Activity
Relationship (QSAR) models provide a mathematical approach for investigating complex interdependencies
between a molecule’s structure and its physicochemical or biochemical activities®®. Topological descriptors
are particularly significant in QSPR investigations, as they contain useful connections with a variety of
physicochemical properties pertinent to drugs employed for treating various medical conditions®”. Both linear
and quadratic regression models were employed in this study for analyzing antibiotic drugs’ physicochemical
properties. The experimental property values for these antibiotics are given in Table 3.

Table 4 comparison between linear and quadratic regression models against various physicochemical
properties prediction based on the model M (G). Quadratic models generally outperform the linear one with
a higher value of R? and lower SE: properties like BP, ENP, and HAC provide the best fitting with the quadratic
model with R? = 0.962. The quadratic model for HAC is the most accurate in predicting the property with
(R = 0.980), (F = 115.763). Both models perform badly for molar volume and MV since R? < 0.7. Overall,
a quadratic model provides the best predictions for most properties in this dataset. The graphical prediction is
shown in Fig. 5.

Table 5 compares the performance of linear and quadratic regression models for the prediction of
physicochemical properties using M2 (G). A quadratic model tends to make better predictions, higher R? values
and lower standard errors (SE). For properties like boiling point (BP), enthalpy of vaporization (ENP), and heavy
atom count (HAC), quadratic models show excellent performance, with . The best prediction is observed for BP,
with R? = 0.957 and high statistical significance p < 107°. The flash point (FP) and molar refraction (MR)
are also well described by quadratic models. Molar volume (MV) yields poorer correlations, with R? < 0.7 In
general, both models normally fit below 0.7, while the quadratic models are the best for most of the properties.
The graphical prediction is shown in Fig. 6.
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Linear 126.4892 + 3.2788 x M 0.977 | 0.955 | 0.224 | 213.946 | 4.4527E-08
o Quadratic | 181.3617 4 2.0014 x M; + 0.0064 x M7 0.977 | 0.957 | 26.826 | 101.284 | 6.75386E-07
Linear 32.7574 4 0.4119 x M, 0.939 | 0.881 | 0.047 |74.579 |5.98915E-06
FNEP Quadratic | 52.0149 + —0.0365 x M; + 0.0022 x M7 |0.939 |0.897 | 5457 |39.189 |3.61206E-05
Linear 32.6748 + 1.8784 x M, 0.933 | 0.871 | 0.228 |67.571 |9.27521E-06
FP Quadratic | 139.9623 + —0.6192 x M; + 0.0125 x M7 |0.933 |0.893 | 25461 |37.770 | 4.1908E-05
Linear 35.1149 + 0.4089 x M, 0.906 | 0.821 | 0.060 |45.939 |4.87181E-05
MR Quadratic | 41.1357 4 0.2688 x M1 + 0.0007 x M7 0.906 |0.822 | 7.368 |20.872 |0.000416716
Linear 13.9414 + 0.1619 x My 0.906 | 0.821 | 0.023 |46.065 |4.81598E-05
For Quadratic | 16.2534 + 0.1081 x M; + 0.0003 x M? 0.906 |0.822 | 2914 |20.918 |0.000413333
Linear 153.6176 + 1.5096 x M1 0.898 | 0.807 | 0.232 |42.072 | 7.0158E-05
Mw Quadratic | 147.1422 4 1.6603 x M; + —0.0008 x M7 |0.898 |0.808 | 28.527 | 18.947 | 0.000594365
Linear 2.8147 4 0.1633 x M; 0.980 | 0.960 | 0.010 | 246.038 | 2.27386E-08
fac Quadratic | 0.4159 + 0.2191 x M; + —0.0003 x M3} 0.980 | 0.962 | 1.249 | 115.763 | 3.79194E-07
Linear 9.5081 + 3.6657 x M; 0.965 | 0.932 | 0.312 | 137.303 | 3.6534E-07
com Quadratic | —31.1430 + 4.6120 x M; + —0.0047 x M? | 0.965 |0.933 |38.100 | 62.683 | 5.2094E-06
Linear 131.1677 4+ 0.8700 x My 0.811 | 0.658 | 0.197 |19.318 |0.001344888
w Quadratic | 77.2248 4+ 2.1258 x M1 + —0.0063 x M7 | 0.811 |0.678 |23.547 |9.515 0.006020919

Table 4. Statistical parameters and regression models for M1 (G).

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs M1
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Fig. 5. Comparison of fits of models for HAC prediction based on M1 (G).

Table 6 presents a comparison of linear versus quadratic regression models against each other for the
prediction of physicochemical properties using H(G). The quadratic model gives better performance with
considerably high values of R? and lower values of standard error (SE) in the case of most of the pr perties.
The boiling point and heavy atom count are best fitted by quadratic models with R? = 0.917 and R* = 0.972,
respectively, with high statistical significance p < 10™°. Quadratic equations also provide very good predictions
for properties such as molar refraction and polarization. The opposite holds for the enthalpy of vaporization,
ENP; both have fair correlations, R? = 0.831. Globally, quadratic models are the best predictors for the data.
The graphical explanation of the comparison is shown in Fig. 7.
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Linear 157.6296 + 2.5346 x Mo 0.977 10.955 | 0.172 | 216.954 | 4.16424E-08

o Quadratic | 182.7138 + 2.0215 X M + 0.0022 x M3 0.977 | 0.957 | 27.046 | 99.566 |7.27026E-07
Linear 36.4880 + 0.3200 x Mo 0.944 |0.891 | 0.035 |82.224 | 3.8679E-06

R Quadratic | 49.2737 + 0.0585 x M, + 0.0011 x M2 0.944 |0.904 |5.268 |42.391 |2.62732E-05
Linear 50.5209 + 1.4520 X Mo 0.933 | 0.871 | 0.176 | 67.859 | 9.103E-06

FP Quadratic | 120.2526 + 0.0255 x M> + 0.0060 x M2 | 0.933 |0.889 | 25.978 |36.104 |5.02221E-05
Linear 39.8439 + 0.3083 x Mo 0.884 | 0.781 | 0.051 |35.830 |0.00013462

MR Quadratic | 37.5926 + 0.3544 x My + —0.0002 x M22 0.884 |0.782 | 8.165 16.158 | 0.001
Linear 15.8151 + 0.1221 x M> 0.884 | 0.782 | 0.020 | 35.887 | 0.0001

Fot Quadratic | 14.8643 + 0.1416 x Mo + —0.0001 x M2 |0.884 |0.782 [3.230 |16.188 |0.001
Linear 169.4657 4+ 1.1531 x Mo 0.888 | 0.789 | 0.188 | 37.463 | 0.0001

Mw Quadratic | 143.4164 + 1.6860 x M> + —0.0023 x M3 | 0.888 |0.792 | 29.637 |17.222 | 0.0008
Linear 4.4529 + 0.1254 x Mo 0.974 |0.949 | 0.009 | 187.427 | 8.38367E-08

e Quadratic | 1.6039 + 0.1837 x My + —0.0002 x M3 0.974 |0.953 | 1.390 | 92.565 | 9.94658E-07
Linear 42.3828 4 2.8515 x My 0.971 |0.944 | 0.218 |170.113 | 1.32945E-07

com Quadratic | —7.7873 4 3.8779 x M + —0.0043 x M2 | 0.971 |0.947 |33.878 | 80.470 |1.81026E-06
Linear 143.0209 + 0.6395 x Mo 0.772 10.596 | 0.166 | 14.761 | 0.003

MY Quadratic | 85.2153 + 1.8221 x M5 + —0.0050 x M22 0.772 | 0.638 | 24.975 | 7.959 0.010

Table 5. Statistical parameters and regression models for M>(G).

R-squared Values for Each Model Type and Property

Best Model: Quadratic - BP vs M2
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Fig. 6. Comparison of fits of models for BP prediction based on Mz (G).
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This Table 7 collects some statistical parameters and also the regression model in the different properties as
functions of F(G). Each property is modeled by a linear and quadratic model. The best model between these
two is the one that realizes higher R* and the lowest p-values. For the most important properties, the quadratic
model resulted in better fitted (higher R and R?), indicating a nonlinear relation. Properties like BP, ENP, MR,
POL, and Com give good (R?) values greater than 0.9 for a quadratic model, indicating that the predictive
accuracy is fairly good. The P-values of such models are also very low, hence statistically significant. In the scatter
plot of highlighted properties, the quadratic model comes out to be the best for many properties, something as
HAC. The graphical explanation of the comparison is shown in Fig. 8.
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R-squared Value

Linear 91.1873 4 39.9538 x H 0.957 | 0917 | 3.796 | 110.724 | 9.94653E-07
B Quadratic | 49.1682 + 50.2834 x H + —0.5646 x H? 0.957 | 0.917 | 37.255 | 50.350 | 1.29763E-05
Linear 28.7006 + 4.9746 x H 0911 |0.831 | 0.707 |49.419 | 3.58412E-05
ENP Quadratic | ENP = 29.2871 + 4.8304 x H + 0.0079 x H? | 0.911 |0.831 |6.976 |22.240 |0.0003
Linear 12.3942 4 22.8961 x H 0914 |0.836 | 3.198 |51.257 | 3.07024E-05
FP Quadratic | 71.7364 + 8.3079 x H + 0.7974 x H? 0.914 | 0.841 | 31.103 | 23.826 | 0.0002
Linear 28.6535 + 5.2236 x H 0.930 | 0.866 | 0.648 | 64.839 | 1.11214E-05
MR Quadratic | 50.8435 + —0.2314 x H 4 0.2982 x H? 0.930 | 0.878 | 6.096 |32.560 |7.57427E-05
Linear 11.3792 +2.0690 x H 0.931 | 0.867 | 0.256 | 65.265 | 1.08065E-05
For Quadratic | 20.1197 + —0.0796 x H + 0.1174 x H? 0.931 | 0.879 |2.407 |32.754 |7.39874E-05
Linear 133.2252 + 18.8787 x H 0.903 | 0.817 | 2.825 |44.646 | 5.48747E-05
MW Quadratic | 158.0742 4+ 12.7701 x H + 0.3339 x H? 0.903 | 0.818 | 27.771 | 20.240 | 0.0004
Linear 0.8442 + 2.0147 x H 0.972 | 0.945 | 0.152 | 174.128 | 1.19004E-07
fAcC Quadratic | —4.2766 4 3.2736 x H + —0.0688 x H? 0.972 | 0.950 | 1.437 | 86.329 | 1.34103E-06
Linear —26.1946 + 44.2280 x H 0.936 | 0.877 | 5230 |71.513 |7.21829E-06
com Quadratic | —192.8238 + 85.1908 x H + —2.2389 x H?2 0.936 | 0.887 | 49.479 | 35.335 | 5.4731E-05
Linear 112.8041 + 11.6532 x H 0.874 |0.764 | 2.046 |32.421 |0.0001
My Quadratic | 121.5129 4 9.5123 x H + 0.1170 x H? 0.874 | 0.764 | 20.162 | 14.616 | 0.001

Table 6. Statistical parameters and regression models for H(G).

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs H
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Fig. 7. Comparison of fits of models for HAC prediction based on H(G).

The Table 8 below shows the statistical parameters and regression models for different properties as functions
of SS(G), for which both linear and quadratic models have been fitted, considering that the best fit always
correlates with higher R? values with lowerp-values. Most of the properties have a better fit, as by R? values
closer to 1, with quadratic models like BP, FP, POL, and MW. On the other hand, for properties such as HIAC,
ENP, and MR, the quadratic model is highly predictive with large p-values, indicating thereby how appropriate
this approach is. In general, the quadratic models do better for this data set. The graphical comparison is shown
in Fig. 9.

Table 9 above shows, for a number of properties, regression models as functions of the ABC index. In
general, quadratic models are better fits, as measured by the higher p-value. The quadratic model for BP has
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Linear 121.5524 + 1.2663 X F 0.969 |0.939 | 0.101 | 156.558 | 1.96982E-07
o Quadratic | 174.9928 + 0.7983 x F + 0.0009 x F?2 0.969 | 0.942 | 31.245 | 73.479 | 2.6641E-06
Linear 31.9948 4 0.1596 x F 0.934 |0.873 | 0.019 |69.298 | 8.29744E-06
ENP Quadratic | 50.7944 + —0.0050 x F + 0.0003 x F? 0.934 | 0.890 | 5.620 | 36.697 | 4.70458E-05
Linear 28.9742 + 0.7290 x F 0.930 | 0.865 | 0.090 | 64.326 | 1.15156E-05
FP Quadratic | 127.8348 + —0.1368 x F + 0.0016 x F? |0.930 |0.887 |26.159 | 35543 | 5.34636E-05
Linear 35.0983 4+ 0.1555 x F 0.885 |0.783 | 0.025 | 36.142 | 0.000130037
MR Quadratic | 31.6974 + 0.1853 x F + —0.0001 x F? 0.885 |0.783 | 8.135 | 16.314 | 0.001015862
Linear 13.9361 + 0.0616 x F 0.885 | 0.783 | 0.010 | 36.196 | 0.00012926
For Quadratic | 12.5102 4+ 0.0741 x F + —0.0000 x F? 0.885 |0.784 | 3.218 | 16.344 | 0.001009175
Linear 150.3524 + 0.5870 x F 0.897 |0.805 | 0.091 |41.543 | 7.39097E-05
MW Quadratic | 114.1775 4 0.9038 x F 4+ —0.0006 x F? |0.897 |0.810 |28.365 | 19.215 | 0.000564693
Linear 2.5279 4+ 0.0632 x F 0.974 | 0.950 | 0.004 | 191.872 | 7.49683E-08
fAcC Quadratic | —0.6319 4 0.0909 x F 4+ —0.0001 x F? 0.974 | 0.953 | 1.388 | 92.836 | 9.82213E-07
Linear —0.9150 + 1.4356 x F' 0.971 |0.943 | 0.111 | 165.779 | 1.50252E-07
com Quadratic | —50.6254 4+ 1.8710 x F + —0.0008 x F2 | 0.971 | 0.944 | 34.623 | 76.852 | 2.20184E-06
Linear 131.6511 4 0.3287 x F 0.787 | 0.620 | 0.081 | 16.349 | 0.002348309
My Quadratic | 44.1036 + 1.0954 x F + —0.0015 x F? 0.787 | 0.681 | 23.443 | 9.640 0.005785411

Table 7. Statistical parameters and regression models for F(G).

R-squared Values for Each Model Type and Property

Best Model: Quadratic - HAC vs F
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Fig. 8. Comparison of fits of models for HAC prediction based on F(G).

an R? = 0.947 with a p = 1.68 x 1075, where as the quadratic model for ENP has an R? = 0.863 with a
p=1.82 x 107, The quadratic model systematically demonstrates an outstanding fit for HIAC with
R? = 0.960 and p = 5.25 x 10~ 7; hence, it was the best model for this property. Most of the other properties,
such as FP, POL, and MW, also presented high R? values in their respective quadratic models, confirming their
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accuracy and suitability. The graphical comparison is shown in Fig. 10.

The Table 10 below depicts the quality of fit tests utilizing linear and quadratic regression models for several
properties with RI(G). From the rather higher values, it is obvious that in most cases the quadratic model fits
best. Most importantly, the best fit is manifested by HAC with R? = 0.948, followed by BP with R? = 0.920,
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Linear 131.0827 4 14.7467 x SS 0.976 |0.953 | 1.033 | 203.639 | 5.64079E-08
o Quadratic | 172.1350 4 10.3668 x SS 4 0.0998 x SS52 0.976 | 0.954 | 27.783 | 94.123 | 9.25859E-07
Linear 33.4085 4 1.8488 x SS 0.936 | 0.876 | 0.219 | 70.869 7.51366E-06
ENP Quadratic | 49.4323 + 0.1392 x SS + 0.0390 x S52 0.936 | 0.886 | 5.720 | 35.272 5.51201E-05
Linear 35.6829 4 8.4300 x SS 0.930 | 0.865 | 1.051 | 64.263 1.15646E-05
FP Quadratic | 133.7198 4+ —2.0296 x SS + 0.2384 x SS2 0.930 | 0.884 | 26.574 | 34.305 | 6.15824E-05
Linear 35.2972 4 1.8583 x SS 0.914 | 0.836 | 0.259 |51.148 3.09804E-05
MR Quadratic | 46.7619 4+ 0.6351 x SS + 0.0279 x SS? 0.914 | 0.841 | 6.964 |23.899 |0.000250914
Linear 14.0129 + 0.7360 x SS 0914 |0.836 | 0.102 |51.334 | 3.05072E-05
FoL Quadratic | 18.4904 + 0.2582 x SS 4 0.0109 x SS? 0914 | 0.841 | 2.754 |23.964 | 0.000248375
Linear 155.7071 4+ 6.7907 x SS 0.898 | 0.806 | 1.052 | 41.661 7.30489E-05
MW Quadratic | 165.1202 4 5.7864 x SS + 0.0229 x SS? 0.898 | 0.806 | 28.630 | 18.777 | 0.000614092
Linear 3.0307 4+ 0.7351 x SS 0.980 | 0.960 | 0.047 |242.616 | 2.43266E-08
fAcC Quadratic | 0.7372 + 0.9798 x SS 4+ —0.0056 x SS? 0.980 | 0.961 | 1.260 | 113.633 | 4.10941E-07
Linear 16.4441 + 16.3988 x SS 0.959 |0.920 | 1.527 | 115.184 | 8.28581E-07
com Quadratic | —33.3993 + 21.7166 x SS + —0.1212 x SS? [ 0.959 |0.921 |41.253 | 52.806 1.06544E-05
Linear 130.9741 + 3.9821 x SS 0.825 | 0.680 | 0.862 |21.329 | 0.000952867
My Quadratic | 101.1432 4 7.1647 x SS + —0.0725 x SS2 0.825 | 0.686 | 23.253 | 9.873 0.005376017

Table 8. Statistical parameters and regression models for SS(G).

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs SS
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Fig. 9. Comparison of fits of models for HAC prediction based on SS(G).

and POL with R? = 0.868. The results point to how well the quadratic model fits to catch nonlinear relationships
and thus serves as the best predictive model across the data. The graphical comparison is shown in Fig. 11.

The Table 11 shows quadratic regression models fitting best for most prozperties of SS(G), as evidenced by high
values of R?. The best fittings are for HAC, with R? = 0.957, MW, with R* = 0.977, and BP, with R? = 0.984.
This suggests that the quadratic model does a better job of capturing nonlinear trends in the data than the linear
model. The graphical comparison is shown in Fig. 12.

Table 12 presents the regression models together with their statistical parameters for different properties
versus GA(G). Most of the properties were tested both for linear and quadratic models, and the Table 12 gives
values of the equation, correlation coefficient R, determination coefficient R?, standard error Sg, and p-values.
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Linear 97.8098 + 23.7906 x ABC 0.973 |0.947 | 1776 |179.413 | 1.03236E-07
B Quadratic | 140.5329 4 17.3140 x ABC + 0.2162 x ABC? 0.973 |0.947 |29.664 | 82.009 1.66982E-06
Linear 29.3842 4 2.9721 x ABC 0.929 |0.864 |0.371 |63.941 1.18225E-05
ENP Quadratic | 47.7947 + 0.1812 x ABC + 0.0932 x ABC? 0.929 |0.873 |6.055 |30.988 |9.20529E-05
Linear 16.5105 + 13.6107 x ABC 0.928 |0.861 | 1.727 |62.084 1.34481E-05
FP Quadratic | 134.3638 4+ —4.2550 x ABC + 0.5964 x ABC? 0.928 | 0.877 |27.290 | 32.295 | 7.82283E-05
Linear 30.4808 + 3.0422 x ABC 0.925 |0.855 |0.394 |59.413 1.62837E-05
MR Quadratic | 47.7026 + 0.4315 x ABC + 0.0871 x ABC? 0925 | 0.862 |6.478 |28.326 |0.000130757
Linear 12.1047 + 1.2049 x ABC 0.925 | 0.856 |0.155 |59.685 1.5963E-05
FoL Quadratic | 18.8590 + 0.1810 x ABC + 0.0342 x ABC? 0.925 | 0.863 |2.560 |28.430 |0.000128908
Linear 138.9778 + 11.0552 x ABC 0.903 | 0.8160 | 1.659 | 44.361 5.6352E-05
MW Quadratic | 160.5555 4 7.7842 x ABC + 0.1092 x ABC? 0.903 | 0.816 |27.868 | 20.068 | 0.000481673
Linear 1.3250 4+ 1.1892 x ABC 0.979 |0.959 |0.076 |238.599 |2.63638E-08
fAC Quadratic | —1.2836 4 1.5847 x ABC 4 —0.0132 x ABC? 0.979 | 0.960 1.276 | 110.735 | 4.59532E-07
Linear —19.1974 4 26.3594 x ABC 0.952 | 0.907 |2.658 |98.324 1.71745E-06
com Quadratic | —84.2710 + 36.2241 x ABC + —0.3293 x ABC? |0.952 |0.909 | 44.386 | 45.0007 |2.05922E-05
Linear 119.3617 + 6.6106 x ABC 0.846 | 0.716 |1.315 |25.259 |0.000517268
My Quadratic | 96.7676 + 10.0357 x ABC 4+ —0.1143 x ABC? 0.846 | 0.718 |22.048 | 11.486 | 0.00333078

Table 9. Statistical parameters and regression models for ABC.

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs ABC
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Fig. 10. Comparison of fits of models for HAC prediction based on ABC(G).

Quadratic models generally exhibit better R? values compared to linear models, hence a better fit of the model.
For example, the quadratic model for HAC has a high value of R* = 0.978, compared to R? = 0.897 for the
linear model. All the models have very low values of p, hence they are statistically significant. Notably, properties
such as ENP and POL also exhibit excellent fits with R? values surpassing 0.9. The graphical comparison is
shown in Fig. 13.

Table 13 gives statistical parameters and regression models of different properties concerning relation
HZ(G). Quadratic models generally provide higher values ?* than linear models, which express better fittings.
For example, a quadratic model of the HAC property yields an R? of 0.951 against that of the linear model, 0.917,
indicating that the performance is better. The computed values in all the models were much less, indicating
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Linear 74.0206 4+ 39.9856 x RI 0.959 |0.920 | 3.710 | 116.114 | 7.9826E-07
o Quadratic | 42.8556 + 47.2418 x RI + —0.3795 x RI? 0.959 | 0.921 | 36.546 | 52.499 | 1.09156E-05
Linear 26.5630 + 4.9786 x RI 0.913 | 0.834 | 0.700 |50.577 | 3.24946E-05
ENP Quadratic | 30.3521 + 4.0964 x RI 4 0.0461 x RI? 0.913 | 0.835 | 6.903 |22.808 |0.000299283
Linear 2.2366 + 22.9500 x RI 0917 |0.842 | 3.136 |53.532 | 2.55132E-05
FP Quadratic | 81.9137 + 4.3986 x RI + 0.9703 x RI> 0.917 |0.848 | 30.338 | 25.273 | 0.000202887
Linear 26.4929 + 5.2184 x RI 0.930 | 0.866 | 0.647 |64.976 | 1.10189E-05
MR Quadratic | 50.5894 + —0.3920 x RI + 0.2935 x RI? 0.930 | 0.878 | 6.111 |32.387 |7.73542E-05
Linear 10.5236 + 2.0670 x RI 0.931 | 0.867 | 0.255 |65.392 | 1.07144E-05
For Quadratic | 20.0105 + —0.1419 x RI 4 0.1155 x RI? 0931 |0.878 | 2.413 |32.572 |7.56313E-05
Linear 124.7720 + 18.9318 x RI 0.907 |0.823 | 2.771 |46.645 |4.57033E-05
MW Quadratic | 150.0256 4 13.0520 x RI 4 0.3075 x RI? 0.907 |0.824 |27.289 | 21.121 | 0.00039877
Linear —0.0096 + 2.0150 x RI 0.973 | 0.948 | 0.149 | 182.666 | 9.47723E-08
fAcC Quadratic | —5.2643 4 3.2385 x RI 4+ —0.0640 x RI> 0.973 | 0.952 | 1.414 | 89.385 | 1.15549E-06
Linear —45.6506 + 44.3138 x RI 0.939 |0.882 | 5.107 |75.262 | 5.75043E-06
com Quadratic | —221.6903 + 85.3013 x RI 4+ —2.1439 x RI? | 0.939 |0.891 | 48537 | 36.897 | 4.60345E-05
Linear 108.0125 4 11.6385 x RI 0.874 | 0.764 | 2.045 |32.385 |0.000200829
My Quadratic | 111.6924 4 10.7817 x RI + 0.0448 x RI? 0.874 | 0.764 | 20.183 | 14.577 | 0.001503624

Table 10. Statistical parameters and regression models for RI(G).

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs RI
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Fig. 11. Comparison of fits of models for HAC prediction based on RI(G).

that they are statistically significant. In general, the quadratic models provide a much better explanation for the
properties with much higher R? values for most properties and smaller standard errors. In other words, the
quadratic models can normally explain property HZ(G) more effectively. The graphical comparison is shown
in Fig. 14.

Comparison of actual and prediction values of drugs properties

Table 14 compares the predicted boiling point, enthalpy of vaporization and Flash point from various models
linear and quadratic of different types of drug molecules to real values. In each case, the quadratic model
provided the closest yield on boiling point and enthalpy of vaporization to real values, especially for complex
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Linear 101.7231 4 36.4005 x SC 0.966 |0.934 | 3.051 |142.273 | 3.09181E-07
o Quadratic | 104.3140 4 35.7944 x SC + 0.0312 x SC? 0.966 |0.934 | 33.330 | 64.026 | 4.76533E-06
Linear 29.9218 + 4.5421 x SC 0.922 |0.850 | 0.601 |57.110 1.93205E-05
ENP Quadratic | 39.0251 + 2.4126 x SC + 0.1096 x SC? 0.922 |0.853 | 6.513 |26.174 |0.000177399
Linear 18.6871 + 20.8318 x SC 0.922 | 0.850 | 2.766 | 56.720 1.99E-05
FP Quadratic | 105.2521 4 0.5814 x SC + 1.0424 x SC? 0.922 | 0.860 | 29.195 | 27.648 0.000143623
Linear 30.5754 + 4.6992 x SC 0.927 |0.860 | 0.598 | 61.708 1.38082E-05
MR Quadratic | 51.0181 4+ —0.0830 x SC 4 0.2462 x SC? 0.927 |0.871 | 6.271 |30.528 9.7622E-05
Linear 12.1413 + 1.8612 x SC 0.928 | 0.861 | 0.236 | 62.049 1.34805E-05
FoL Quadratic | 20.1819 4+ —0.0197 x SC 4 0.0968 x SC? 0.928 | 0.872 |2.477 |30.669 |9.58714E-05
Linear 139.7475 4 17.0301 x SC 0.903 | 0.815 | 2.557 |44.335 5.6493E-05
MW Quadratic | 165.5208 4 11.0009 x SC + 0.3103 x SC? 0.903 | 0.817 |27.839 | 20.119 | 0.000477199
Linear 1.4517 4 1.8272 x SC 0.977 |0.954 | 0.125 |210.371 |4.82729E-08
fAcC Quadratic | —2.1712 4 2.6747 x SC + —0.0436 x SC? 0.977 10.957 | 1.336 | 100.527 | 6.97588E-07
Linear —14.8111 4 40.3253 x SC 0.946 | 0.895 | 4.365 |85.328 3.27266E-06
com Quadratic | —126.6197 + 66.4809 x SC + —1.3463 x SC? |0.946 |0.899 | 46.613 | 40.383 3.19925E-05
Linear 118.4792 + 10.3310 x SC 0.858 |0.737 | 1.950 | 28.053 0.000349277
My Quadratic | 115.1736 4 11.1042 x SC + —0.0398 x SC? 0.858 |0.737 | 21.301 | 12.627 | 0.002442658

Table 11. Statistical parameters and regression models for SC(G).
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Fig. 12. Comparison of fits of models for HAC prediction based on SC(G).

drug molecules . This means that the quadratic model handles the representation of drug molecular complexity
better than the other models. The graphical comparison is shown in Fig. 15.

The Table 15 below shows the comparison of the predicted and experimental values of Molar refractivity,
Polarizability and Molar weight of various drug molecules using different models: linear, and quadratic. The
quadratic model generally shows closer alignment with the actual values of both properties, especially for the
most complex molecules. This trend in general points toward the better performance of the quadratic model in
correct property prediction, although some deviations remain, more precisely concerning molar refraction. The
graphical comparison is shown in Fig. 16.
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Linear 123.7566 + 16.4544 x GA 0.972 | 0.945 | 1.254 | 172.148 | 1.25646E-07
o Quadratic | 146.7483 4 13.8036 x GA + 0.0659 x G A2 0.972 | 0.945 | 30.384 | 77.962 2.07164E-06
Linear 32.5776 4+ 2.0582 x GA 0.930 |0.864 | 0.257 | 64.065 1.17227E-05
ENP Quadratic | 44.9872 + 0.6275 x GA + 0.0355 x GA? 0.930 |0.870 | 6.117 |30.275 | 0.000100858
Linear 31.5685 4+ 9.4023 x GA 0.925 |0.857 | 1.213 | 60.069 1.5525E-05
FP Quadratic | 120.9621 + —0.9042 x GA + 0.2561 x GA? 0.925 | 0.871 |28.014 | 30.417 | 9.90279E-05
Linear 33.8986 + 2.0988 x GA 0.921 | 0.849 | 0.279 |56.542 | 2.01714E-05
MR Quadratic | 49.9067 4+ 0.2531 x GA + 0.0459 x GA? 0.921 |0.858 | 6.580 |27.313 |0.000150561
Linear 13.4582 + 0.8312 x GA 0.922 | 0.850 | 0.110 |56.801 1.97789E-05
FoL Quadratic | 19.7413 4+ 0.1068 X GA 4 0.0180 x GA? 0.922 | 0.858 | 2.601 |27.410 |0.000148517
Linear 151.5244 4+ 7.6201 x GA 0.899 |0.808 | 1.172 |42.273 | 6.87981E-05
MW Quadratic | 171.5341 4 5.3132 x GA 4 0.0573 x GA? 0.899 | 0.809 | 28.406 |19.146 | 0.000572193
Linear 2.6195 + 0.8227 x GA 0.978 | 0.957 | 0.054 |227.828 | 3.29252E-08
fAcC Quadratic | —0.0736 4 1.1332 x GA + —0.0077 x GA? 0.978 ]0.959 | 1.295 | 107.402 | 5.2441E-07
Linear 9.3340 + 18.2426 x GA 0.952 | 0.906 | 1.849 |97.313 1.80062E-06
com Quadratic | —62.9248 + 26.5736 x GA + —0.2070 X GA? 0952 |0.909 |44.322 |45.144 |2.0325E-05
Linear 126.9924 + 4.5498 x GA 0.841 | 0.707 | 0.924 |24.224 | 0.000603237
My Quadratic | 113.6293 4 6.0905 x GA + —0.0383 x GA? 0.8413 | 0.708 | 22.422 | 10.958 | 0.003874299

Table 12. Statistical parameters and regression models for GA(G).

R-squared Values for Each Model Type and Property Best Model: Quadratic - HAC vs GA
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Fig. 13. Comparison of fits of models for HAC prediction based on GA(G).

Table 16 shows that, overall, the quadratic model gives the closest predictions to real values in respect to
polarization and molar weight for different drug molecules. While the model generally predicts polarization
very well for most drugs considered, significant deviations become apparent for Abamectin, which documents
the limitations of the model for some compounds. The linear and logarithmic models tend to underestimate
polarization, especially if high values are considered. This is so true, especially for molar weight, since all models’
results keep close to the actual values, therefore indicating simpler predictive needs versus polarization. Lastly,
according to both properties in this dataset, the quadratic model gives more accurate results. The graphical
comparison is shown in Fig. 17.
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Linear 139.3030 4 0.6340 x HZ 0.974 | 0.948 | 0.046 185.514 | 8.8038E-08
o Quadratic | 176.4656 + 0.4589 x HZ 4 0.0002 x HZ? 0.974 | 0.950 |29.009 | 85.965 | 1.36546E-06
Linear 34.2030 + 0.0800 x HZ 0.939 | 0.883 | 0.009 75.889 | 5.54122E-06
ENP Quadratic | 49.7770 + 0.0066 x HZ + 0.0001 x HZ?> 0.939 |0.897 | 5.431 39.617 | 3.45713E-05
Linear 39.6109 + 0.3641 x HZ 0.932 | 0.869 | 0.044 66.531 | 9.93113E-06
FP Quadratic | 122.8744 4+ —0.0283 x HZ + 0.0004 x HZ? |0.932 |0.888 |26.008 |36.011 |5.07411E-05
Linear 37.4476 + 0.0775 x HZ 0.885 |0.783 | 0.012 36.141 | 0.00013005
MR Quadratic | 34.4667 4+ 0.0915 x HZ + —0.0000 x HZ? 0.885 |0.783 | 8.135 16.311 | 0.001016468
Linear 14.8663 + 0.0307 x HZ 0.885 | 0.783 | 0.005 36.197 | 0.00012925
FoL Quadratic | 13.6167 4+ 0.0366 x HZ 4+ —0.0000 x HZ? 0.885 |0.784 | 3.218 16.342 | 0.001009636
Linear 159.8652 + 0.2911 x HZ 0.893 | 0.798 | 0.046 39.589 | 9.00062E-05
MW Quadratic | 128.0136 4 0.4413 x HZ + —0.0002 x HZ? |0.893 |0.802 |28.941 |18.280 |0.000676754
Linear 3.4807 + 0.0315 x HZ 0.975 | 0.950 | 0.002 193.233 | 7.24812E-08
fAC Quadratic | 0.3749 + 0.0462 x HZ + —0.0000 x HZ? 0.975 | 0.954 | 1.373 94.997 | 8.89804E-07
Linear 20.4974 + 0.7160 x HZ 0.971 |0.944 | 0.054 170.776 | 1.3051E-07
com Quadratic | —31.8463 + 0.9627 x HZ + —0.0002 x HZ? | 0971 |0.946 | 33.9368 | 80.178 | 1.83852E-06
Linear 137.3365 4 0.1623 x HZ 0.780 | 0.608 | 0.041 15.560 | 0.002753684
My Quadratic | 64.7385 + 0.5044 x HZ + —0.0003 x HZ? 0.780 | 0.661 | 24.186 |8.785 0.007661374

Table 13. Statistical parameters and regression models for HZ(G).
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Fig. 14. Comparison of fits of models for HAC prediction based on HZ(G).

Conclusion

Our study presents a systematic QSPR analysis of antibiotic drugs, utilizing degree-based topological indices
to predict critical physicochemical properties. The findings highlight the effectiveness of reverse degree-based
indices in capturing molecular structural attributes and their correlation with drug characteristics. The application
of regression models, particularly quadratic models, demonstrates high predictive accuracy, indicating the
potential for structural tailoring in drug development. Future research can extend this approach to a broader
range of pharmaceuticals, incorporating machine learning techniques for enhanced predictive performance.
These findings highlight the application of the use of QSPR models as a valuable drug development aid that
enables scientists to design the required drug candidates at an early development phase. This computational
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Boiling Point

Properties Boiling point Enthalpy of vapourization | Flash point

Drug molecules | Linear | Quadratic | Actual | Linear | Quadratic | Actual | Linear | Quadratic | Actual
Norfloxacin 519.945 | 513.69 555.8 | 82.185 | 79.315 88.1 258.083 | 245.658 289.9
Ciprofloxacin 565.848 | 564.468 581.8 | 87.952 | 86.627 91.5 284.38 | 281.44 305.6
Gemifloxacin 637.982 | 649.33 638.9 |97.014 | 99.86 99.2 325.705 | 347.567 340.2
Chlorpyrifos 408.466 | 400.816 3759 | 68.181 | 65.147 59.9 194.217 | 179.161 181.1
Dimethoate 290.429 | 297.432 310.3 | 53.352 | 55.69 63.9 126.595 | 140.252 141.4
Phorate 356.005 | 352.82 296 61.59 | 60.24 51.4 164.163 | 157.868 132.8
Monocrotophos | 323.217 | 324.486 315.1 57.471 | 57.745 55.6 145.379 | 147.81 144.4
Thiram 290.429 | 297.432 307.4 | 53.352 | 55.69 54.8 126.595 | 140.252 139.7
Azoxystrobin 598.636 | 602.274 581.3 | 92.071 | 92.378 86.9 303.164 | 309.998 305.3
Atrazine 336.332 | 335.666 368.5 59.119 | 58.69 61.5 152.892 | 151.534 176.7
Chlorothalonil 349.448 | 347.05 350.5 | 60.767 | 59.706 59.5 160.406 | 155.657 153.8
Warfarin 519.945 | 513.69 5152 | 82.185 | 79.315 829 258.083 | 245.658 188.8

Table 14. Comparison of actual values against predictions for Boiling Point, Enthalpy of Vapourization and
Flash point.

Comparison of Actual and Predicted Values for Boiling Point Comparison of Actual and Predicted Values for Enthalpy of Vapourization

A

Drug Molecules Drug Molecules

(a) (b)

Comparison of Actual and Predicted Values for Flash Point

Drug Molecules

(©)

Fig. 15. (a) Comparison of actual and predicted values for BP, (b) Comparison of actual and predicted values
for ENV, (c) Comparison of actual and predicted values for FP.

approach not only saves the effort and the cost of laboratory screening but also provides a superior insight into
the molecular factors affecting the behavior of the drug.

Future work

For applied drug discovery purposes, merging bioactivity information (QSAR) into QSPR descriptors has the
potential for producing multifaceted predictive models enabling lead optimization early in drug development.
Further, affiliating these topological descriptors with ADMET (absorption, distribution, metabolism, excretion,
and toxicity) traits would lead to a comprehensive predictive system, enhancing new drug candidates’
pharmacokinetic profiling. Finally, building an automation pipeline or an analogous software package using this
methodology would help medicinal chemists screen drug-like molecules virtually in high-throughput, speeding
up drug development.
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Molar Refractivity
@
8

Properties Molar refractivity Polarizability Molar weight

Drug molecules | Linear | Quadratic | Actual | Linear | Quadratic | Actual | Linear | Quadratic | Actual
Norfloxacin 84.183 | 83.472 80.7 33.369 | 33.545 32 334.77 | 334.858 319.33
Ciprofloxacin 89.908 | 89.724 83.3 35.636 | 36.126 33 355.904 | 355.258 331.34
Gemifloxacin 98.903 | 100.104 94.9 39.198 | 40.418 37.6 389.115 | 386.68 389.4
Chlorpyrifos 70.28 | 69.43 77.2 27.864 | 27.769 30.6 283.443 | 284.011 350.6
Dimethoate 55.56 | 56.326 53.7 22.036 |22.408 21.3 229.098 | 228.157 229.26
Phorate 63.738 | 63.382 68.1 25.274 | 25.29 27 259.29 | 259.443 260.35
Monocrotophos | 59.649 | 59.784 50.1 23.655 |23.819 19.9 244.194 | 243.88 223.16
Thiram 55.56 | 56.326 67.9 22.036 |22.408 26.9 229.098 | 228.157 240.4
Azoxystrobin 93.996 | 94.358 106.2 37.255 | 38.041 42.1 371 369.637 403.4
Atrazine 61.284 | 61.206 58.5 24.303 | 24.401 232 250.232 | 250.125 215.7
Chlorothalonil 62.92 | 62.651 552 2495 | 24991 219 256.27 | 256.343 265.9
Warfarin 84.183 | 83.472 84.4 33.369 | 33.545 33.5 334.77 | 334.858 308.33

Table 15. Comparison of actual values against predictions for Molar refractivity, Polarizability, and Molar

weight.

Comparison of Actual and Predicted Values for Molar Refractivity
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=~ Quadratic Prediction
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Fig. 16. (a) Comparison of actual and predicted values for Molar refractivity,

predicted values for Polarizability, (c) Comparison of actual and predicted values for Molar weight.
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Properties Heavy atom count Complexity Molar volume

Drug molecules | Linear | Quadratic | Actual | Linear | Quadratic | Actual | Linear | Quadratic | Actual
Norfloxacin 22.411 | 33.545 22 449.392 | 518.874 452 235.568 | 241.601 2374
Ciprofloxacin 24.697 | 36.126 24 500.712 | 566.729 528 247.748 | 248.959 226.8
Gemifloxacin 28.29 | 40.418 28 581.357 | 638.207 584 266.888 | 255.533 236.3
Chlorpyrifos 16.858 | 27.769 20 324.758 | 394.985 378 205.988 | 213.449 236.8
Dimethoate 10.98 | 22.408 12 192.793 | 251.964 232 174.668 | 167.765 169
Phorate 14.246 | 25.29 13 266.107 | 332.924 208 192.068 | 195.161 216.8
Monocrotophos | 12.613 | 23.819 11 22945 | 292914 216 183.368 | 182.093 186.7
Thiram 10.98 | 22.408 10 192.793 | 251.964 160 174.668 | 167.765 180
Azoxystrobin 26.33 38.041 27 537.369 | 599.783 512 256.448 | 252.703 300.1
Atrazine 13.266 | 24.401 14 244.113 | 309.031 209 186.848 | 187.471 169.9
Chlorothalonil 13.919 | 24.991 14 258.776 | 324.997 322 190.328 | 192.648 154.6
Warfarin 22.411 | 33.545 22 449.392 | 518.874 426 235.568 | 241.601 235.8

Table 16. Comparison of actual values against predictions for Heavy atom count, Complexity and Molar

volume.
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