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Abstract. Over the past thirty years, cancer has affected more than ten million people worldwide annually. While diverse
treatments exist (chemotherapy, surgery, radiation, immunotherapy, stem cell transplants), anti-cancer drugs remain
essential. This research introduces five novel uphill topological indices derived from molecular graphs to establish
Quantitative Structure-Property Relationships (QSPR) for ten essential anticancer drugs: carmustine, convolutamine F,
raloxifene, tambjamine K, pierocellin B, caulibugulone E, convolutamide A, daunorubicin, deguelin, and podophyllo-
toxin. Power regression analysis correlated these indices with six experimental properties: boiling point (BP), melting
point (MP), enthalpy (E), molar refraction (MR), molar volume (MV), and surface tension (ST). Results demonstrate
statistically significant correlations (p < 0.05), with the uphill sigma index (UPSIG) emerging as the optimal predictor
for BP (R? = 0.929), MP (R?> = 0.907), and E (R? = 0.828), while the uphill Albertson index (UPAL) excelled for MV
(R? = 0.918). Predictive validity was confirmed via multilinear regression (R? > 0.934 for BP/E/MV/MR), establishing

these indices as powerful tools for rational anticancer drug design.

1. INTRODUCTION

Cancer is a life-threatening disease that can develop in individuals of any age or gender and may
originate in any part of the body. The human body is composed of countless cells that undergo
natural division and growth. However, when certain cells divide abnormally, evade programmed
cell death, and invade surrounding tissues, they can form malignant tumors, leading to cancer [1]

Chemical graph theory represents an interdisciplinary approach that combines principles from
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graph theory and chemistry to analyze molecular structures and establish quantitative structure-
property relationships [2]. In this mathematical framework, molecules are represented as graphs
where vertices correspond to atoms and edges represent chemical bonds.

A fundamental contribution of chemical graph theory is the development of topological indices
- numerical invariants derived from molecular graphs that encode structural information. These
indices serve as quantitative descriptors that correlate with various physicochemical properties,
biological activities, and reactivity patterns of chemical compounds [3]. Formally, a topological

index based on the degree of the vertices TI(G) for a molecular graph G is defined as:

TIG) = ), flduwdo).

uveE(G)

where E(G) represents the edge set, d, d, denotes the degrees of the vertices u and v, and f is
a suitably chosen function that captures specific structural features [4]. The predictive power of
topological indices has been demonstrated in numerous QSAR (Quantitative Structure-Activity
Relationship) and QSPR (Quantitative Structure-Property Relationship) studies, making them
invaluable tools in computational chemistry and drug design [5-10].

Topological indices provide a quantitative framework for predicting the physicochemical prop-
erties of chemical compounds. Formally defined, a topological index is a mathematical function
that maps a molecular graph to a non-negative real number. The foundational Wiener index,
introduced by Wiener [11,12], originally termed the path number, established a critical structure-
property relationship for alkane boiling points and remains a cornerstone of chemical graph theory.

Subsequent research has generated diverse topological indices grounded in varied mathematical
frameworks, with broad applications across chemical graph theory and related disciplines [13-21].
Among these, graph irregularity quantification has emerged as a significant focus in chemical and
network modeling. The Albertson irregularity index (Albertson index) has received particular
scholarly attention due to its extensive application and theoretical examination [14]. It is defined
as:

AL(G) = ) ldi—dy,
xy€E(G)

where d, and d, denote vertex degrees. Key theoretical developments for this index are docu-
mented in [22-24].

To address computational limitations inherent in the absolute value operation of the Albertson
index, the o-irregularity index (also termed the sum-connectivity index) was developed as an
alternative formulation:

0(G) =Y (de—dy) (1.1)
xy€E(G)

Gutman et al. [25,26] established the foundational results for this index. Further extending this

paradigm, Alwardi et al. [27] introduced the first and second entire Zagreb indices:
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where L(G) denotes the line graph of G. These indices have stimulated significant research
activity [28-31], reflecting their utility in the development of structural descriptors.
In [32], same authors have introduced the concept of uphill degree of the vertex in a graph as

follows: Let G = (V, E) be a simple undirected graph. For a vertex v € V(G):

e An uphill path from u tovisa path P = u = v1,0y,..., v = v, where deg(v;) < deg(viy1)
foralll1<i<k-1.
e Vertex v is uphill adjacent to u if there exists an uphill path from v to u.

e The uphill neighborhood of v is:
Nyp(v) = {u € V(G) | v is uphill adjacent to u}.

e The uphill degree of v is:
dup(v) = [Nup (0)].
Also in [32,33] same authors introduced and studied the following uphill indices
(1) First Uphill Zagreb Index:
2
UPMy(G) = Y (dup(®)) "
veV(G)
(2) Second Uphill Zagreb Index:
UPMa(G) = Y dup(tt) - dup(0).
uveE(G)
(3) Modified First Uphill Zagreb Index:
MUPM;(G) = Y (dup(1) + dup(0))
uveE(G)
(4) Forgotten Uphill Zagreb Index:
3
UPF(G) = ) (dup(0))-
veV(G)
In this paper, we define five new versions of uphill topological indices and considered nine uphill

topological indices to study the QSPR analysis of anti-cancer drugs.

Definition 1.1. Let G = (V,E) be a graph. Then



4 Int. . Anal. Appl. (2025), 23:327

(1) The modified forgotten uphill index denoted by MUPF(G) is defined as,

MUPF(G) = " (dup(u)? + dup(0)?).
uveE(G)

(2) The uphill hyper index denoted by UPH(G) and defined as
UPH(G) = Z (dup (1) + dup(0))*.
uveE(G)
(3) The uphill Albertson index (UPAL) is defined as
UPAL(G) = ) ldup(t) = dup(0)]
uveE(G)
(4) The uphill sigma index denoted by UPSIG(G )and defined as,
UPSIG(G) = Y (duy(u) - dup(0))*
uveE(G)

(5) The uphill Geometrical index denoted by UPGA(G)and defined as,

2.\ (dup(1t) + dip ()
uveE(G) (dup(u)+dup(0)) ‘

UPGA(G) =

The aim of this paper is to check the chemical significance of the newly defined indices and also
the regression analysis is made to check the efficiency of these indices to model physico-chemical
properties. We use the above defined 9 uphill topological indices to model the physical properties
boiling point (BP), melting point (MP), enthalpy (E), molar refraction (MR), molar volume (MV)

and surface tension (ST) for the 10 famous anti-cancer drugs.

2. DATA AND METHODS

The experimental physicochemical properties of the ten anticancer drugs, their chemical and
molecular structures in Figure 1 and Table 1 , were rigorously sourced from established chemical
databases to ensure accuracy and reproducibility. The values for the boiling point (BP), the
melting point (MP), the enthalpy (E), the molar refraction (MR), the molar volume (MV) and the
surface tension (ST) were curated from PubChem (National Center for Biotechnology Information,
accessible via http://pubchem.ncbi.nlm.nih.gov/), and ChemSpider (Royal Society of Chemistry,
accessible via http://www.chemspider.com/Search.aspx). These databases provide peer-reviewed,
experimentally validated data essential for robust quantitative structure-property relationship
(QSPR) modeling. Molecular graphs of each drug were constructed using standard graph-theoretic
representations, where atoms correspond to vertices and chemical bonds to edges. Nine uphill
topological indices (defined in Section 1) were computed from these graphs to serve as predictive
variables, see Table 2. Statistical analyses, including power regression and multi-linear regression,

were performed using SPSS21 software.


http://pubchem.ncbi.nlm.nih.gov/
http://www.chemspider.com/Search.aspx
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Ficure 1. Chemical and molecular structures of anti cancer drugs

Drug name Molecular graph Chemical structure
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TasLE 1. Experimental physicochemical property data for anticancer drugs.

Drugs BP MP E MR MV ST
Carmustine 309.6 12099 63.8 46.6 1464 50.4
Convolutamine F  387.7 128.67 63.7 73.8 220.1 41.8
Raloxifene 728.2 289.58 110.1 136.6 367.3 57.3
Tambjamine K 391.7 64.1 76.6 2351 37
Pterocellin B 521.6 19988 795 874 2283 68
Caulibugulone E 373 129.46 62 522 1391 532
Convolutamide A 629.9 979 130.1 396 51.9
Daunorubicin 770 2085 1176 130 3394 87.4
Deguelin 560.1 213.39 84.3 105.1 3142 432

Podophyllotoxin ~ 597.9 235.86 93.6 1043 302.4 52.8

TasLE 2. Uphill topological indices of anti-cancer drugs

Drugs urm, UPM, UPF MUPF MUPM,; UPH UPAL UPSIG UPGA
Carmustine 123 90 473 197 59 377 9 17 10.5722
Convolutamine F 452 792 2702 1618 302 3202 22 34 29.8371
Raloxifene 1399 1197 10819 2999 419 5393 93 605 25.8798
Tambjamine K 295 225 1533 583 125 1033 35 133 15.3132
Pterocellin B 704 631 4558 1506 256 2768 50 244 22.9196
Caulibugulone E 472 450 3084 938 160 1838 14 38 14.8505
Convolutamide A 3156 2898 45412 6036 482 11832 44 240 26.9297
Daunorubicin 3517 3564 41883 7718 694 14846 76 590 34.6802
Deguelin 1737 1725 16295 3936 450 7386 72 486 27.8591
Podophyllotoxin 1261 1172 10379 2752 382 5096 68 408 32.0002

3. QSPR ANALysIS

Quantitative Structure-Property Relationship (QSPR) analysis was employed to evaluate the
efficacy of nine uphill topological indices in predicting six critical physicochemical properties of
anticancer drugs. Using power regression models of the form Y = a- X?, each index was tested
against boiling point (BP), melting point (MP), enthalpy (E), molar refraction (MR), molar volume
(MV), and surface tension (ST).

For enhanced predictive accuracy, a multi-linear regression model integrating multiple indices
was developed. Model validity was verified through ANOVA testing and residual analysis,

ensuring the indices’ utility in rational drug design.
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3.1. Power Model Regression Analysis. This subsection presents a comprehensive power model
regression analysis examining the predictive capacity of nine uphill indices for six critical properties

of anticancer drugs. For each index, we provide:

(1) Complete statistical parameters quantifying regression performance
(2) The derived power regression equation for each anticancer drug property
(3) A multi-property visualization depicting relationships between the index and all six phar-

macological characteristics

The analysis employs power regression models of the form:
In(P) = In(a) + b-In(X) (Power function: P = a- (X)” where P represents the drug property, X
denotes the uphill index, and g, b are regression coefficients. The Power regression equations for
physical properties using the 9 uphill indices are shown Tables 3,5,7,9, 11, 13, 15, 17 and 19. The
relations between the physical properties of anticancer drugs with the uphill indices are depicted

in Figures 2 to 10.

TaBLE 3. Power regression equations for physical properties using UPM; predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(69.2805) x UPM{*7%
Melting Point (MP) MP = exp(34.9507) x UPM{2**
Energy (EN) EN = exp(20.3452) x upM(lJ.2079

Molar Refractivity (MR) MR = exp(14.4955) x UPM{263*
Molar Volume (MV) MYV = exp(29.6538) x UPM(1).3136

Surface Tension (ST) ST = exp(5.0578) x upM(lJ.3151

TasLE 4. Power Regression Model Summary and ANOVA Results

) . oo Std. Error
Property R R* Adj. R ) F  p-value
of Estimate
BP 0.933 0.871 0.849 0.127 40.407 0.0007
MP 0.782 0.611 0.546 0.219 9434 0.0219
EN 0.854 0.729 0.683 0.141 16.113 0.0070
MR 0.678 0.460 0.370 0.318 5.108 0.0645
MV 0.865 0.748 0.706 0.203 17.805 0.0056

ST 0.675 0.456 0.366 0.383 5.033  0.0660
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TaBLE 5. Power regression equations for physical properties using UPM, predictor

Property Power Regression Equation
Boiling Point (BP) BP = exp(88.8592) x UPMJ-2604
Melting Point (MP) MP = exp(46.9975) x UPM)?**7
E — 0.1747
nergy (EN) EN = exp(25.4922) x UPM)

Molar Refractivity (MR)
Molar Volume (MV)

Surface Tension (ST)

MR = exp(11.6857) x UPM5>%3
MYV = exp(35.3040) x UPM,>%%

ST = exp(4.3269) x UPM5+*?

TasLE 6. Power Regression Model Summary and ANOVA Results for UPM,

Std. Error

Property R Rz Adj. R? . F p-value
of Estimate
BP 0.864 0.747 0.705 0.178 17.709  0.006
MP 0.679 0461 0.372 0.257 5139  0.064
EN 0.757 0574 0.503 0.177 8.073  0.030
MR 0.805 0.649 0.590 0.256 11.074  0.016
MV 0.840 0.705 0.656 0.219 14.327  0.009
ST 0.768 0.589 0.521 0.333 8.614  0.026

TaBLE 7. Power regression equations for physical properties using UPF predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(74.6147) x UPF®220%
Melting Point (MP) MP = exp(38.0254) x UPFO18074
Energy (EN) EN = exp(21.5311) x UPFO13417

Molar Refractivity (MR)
Molar Volume (MV)

Surface Tension (ST)

MR = exp(15.0146) x LI PF©-19959
MV = exp(324206) X UPFO.23216

ST = exp(4.9363) x UPF)-24642




Int. J. Anal. Appl. (2025), 23:327

TasLE 8. Power Regression Model Summary and ANOVA Results for UPF

Std. Error

Property R R2  Adj. R? . F p-value
of Estimate
BP 0919 0.845 0.819 0.140 32.664 0.001
MP 0.759 0.576  0.506 0.228 8.159  0.029
EN 0.838 0.702  0.652 0.148 14136  0.009
MR 0.680 0.462 0.373 0.317 5160  0.064
MV 0.847 0718 0.671 0.214 15.273  0.008
ST 0.699 0489 0.403 0.371 5732  0.054

TaBLE 9. Power regression equations for physical properties using MUPF predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(69.9442) x MUPF*-2642
Melting Point (MP) MP = exp(37.0176) x MUPF*>'7
Energy (EN) EN = exp(21.5142) x MUPF*178

Molar Refractivity (MR) MR = exp(9.9357) x MU PFO-2860

Molar Volume (MV)

Surface Tension (ST)

MV = exp(270676) X MUPFO.2926

ST = exp(3.8403) x MUPF’3186

TasLE 10. Power Regression Model Summary and ANOVA Results for MUPF

Property R Rz  Adj. R? Std. ]?rror F p-value
of Estimate
BP 0.890 0.792  0.757 0.162 22.792  0.003
MP 0.723 0.523  0.443 0.242 6.572 0.043
EN 0.785 0.616  0.552 0.168 9.638 0.021
MR 0.789 0.622  0.559 0.266 9.868 0.020
MV 0.865 0.747  0.705 0.203 17.756  0.006
ST 0.731 0.535 0.457 0.354 6.902 0.039
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TaBLE 11. Power regression equations for physical properties using MUPM1 pre-

dictor

Property

Power Regression Equation

Boiling Point (BP)

Melting Point (MP)

Energy (EN)

Molar Refractivity (MR)

Molar Volume (MV)

Surface Tension (ST)

BP = exp(59.9162) x MUPM1%37%*
MP = exp(31.8395) x MUPM1%31%
EN = exp(19.6221) x MUPM1%2>%
MR = exp(7.3315) x MUPM1%43%
MYV = exp(21.1815) x MUPM1%#3%

ST = exp(3.3752) x MUPM104472

TabLE 12. Power Regression Model Summary and ANOVA Results for MUPM1

Property R R?2  Adj. R? Std. ]‘Error F p-value
of Estimate
BP 0.881 0.776  0.739 0.168 20.820  0.004
MP 0.727 0.528  0.450 0.241 6.721 0.041
EN 0.771 0.594 0.526 0.173 8.778  0.025
MR 0.827 0.684 0.631 0.243 12986  0.011
MV 0.883 0.779 0.743 0.190 21.202  0.004
ST 0.708 0.501 0.418 0.367 6.035  0.049

TaBLE 13. Power regression equations for physical properties using UPH predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(59.8327) x UPH26%
Melting Point (MP) MP = exp(33.5039) x UPH**0%3
Energy (EN) EN = exp(19.4497) x UPH 176

Molar Refractivity (MR) MR = exp(7.9450) x UPH**1?

Molar Volume (MV)

Surface Tension (ST)

MV = exp(22.7757) x UPH"?%

ST = exp(2.8919) x UPH*32%
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TasLE 14. Power Regression Model Summary and ANOVA Results for UPH

Std. Error

Property R R2  Adj. R? . F p-value
of Estimate
BP 0.878 0.771 0.733 0.169 20.239  0.004
MP 0.703 0.494 0410 0.250 5860  0.052
EN 0.772 0597 0.530 0.172 8.879  0.025
MR 0.797 0.635 0.574 0.261 10434 0.018
MV 0.853 0.728  0.683 0.210 16.068  0.007
ST 0.749 0561 0.487 0.344 7.654  0.033

TaBLE 15. Power regression equations for physical properties using UPAL predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(138.7414) x UPALY32
Melting Point (MP) MP = exp(51.1746) x UPAL’34%2
Energy (EN) EN = exp(32.7067) x UPAL">Y

Molar Refractivity (MR) MR = exp(30.9658) x UPAL0-2760
Molar Volume (MV) MV = exp(55.3896) x UPAL"40%0

Surface Tension (ST) ST = exp(20.4109) x UPALY 198

TaBLE 16. Power Regression Model Summary and ANOVA Results for UPAL

X Std. Error
Property R R?2  Adj. R? . F p-value
of Estimate
BP 0958 0917 0.904 0.102 66.632  0.000
MP 0948 0.899 0.882 0.112 53.179  0.000
EN 0.887 0.787 0.752 0.125 22210  0.003
MR 0.610 0372 0.267 0.343 3.549  0.109
MV 0.958 0918 0.905 0.115 67.343  0.000

ST 0362 0.131 -0.014 0.484 0904 0378
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TaBLE 17. Power regression equations for physical properties using UPSIG predic-

tor

Property Power Regression Equation

Boiling Point (BP) BP = exp(171.6777) x UPSIG*?14!
Melting Point (MP) MP = exp(63.1561) x UPSIG*2%%
Energy (EN) EN = exp(37.4870) x UPSIG*15¥

Molar Refractivity (MR) MR = exp(42.2938) x UPSIG*!37>

Molar Volume (MV)

Surface Tension (ST)

MV = exp(75.0393) x UPSIG®*3??

ST = exp(23.6222) x UPSIG*113!

TasLE 18. Power Regression Model Summary and ANOVA Results for UPSIG

Property R R?2  Adj. R? Std. Error F p-value
of Estimate
BP 0964 0929 0917 0.094 78.539  0.000
MP 0.953 0.907 0.892 0.107 58.738  0.000
EN 0910 0.828 0.799 0.112 28.870  0.002
MR 0.507 0.257 0.133 0.373 2.075  0.200
MV 0917 0.841 0.814 0.161 31.652  0.001
ST 0.347 0.120 -0.026 0.487 0.822  0.400

TaBLE 19. Power regression equations for physical properties using UPGA predictor

Property Power Regression Equation

Boiling Point (BP) BP = exp(72.6367) x UPGA"6176
Melting Point (MP) MP = exp(37.1124) x UPGA®>%?
Energy (EN) EN = exp(22.8418) x UPGA"4%62

Molar Refractivity (MR) MR = exp(4.9458) x UPGA®**°

Molar Volume (MV)

Surface Tension (ST)

MV = exp(21.3549) x UPGA®7726

ST = exp(3.4416) x UPGA®Y7¥
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TasLE 20. Power Regression Model Summary and ANOVA Results for UPGA

Property R Rz  Adj. R? Std. ]‘Error F p-value
of Estimate
BP 0.777 0.603  0.537 0.223 9.123 0.023
MP 0.642 0.413 0.315 0.269 4.216 0.086
EN 0.667 0.445 0.353 0.202 4.819 0.071
MR 0.930 0.865 0.843 0.159 38.477  0.000
MV 0.852 0.727  0.681 0.211 15.958  0.007
ST 0.681 0.463 0.374 0.380 5.183 0.063

We summarize the correlations between the nine uphill indices and the six anticancer drug
properties presented in Tables 4, 6, 8, 10, 12, 14, 16, 18 and 20. Bold values indicate the highest
correlation for each property. Table 21 summarize the correlations between the nine uphill indices

and the six anticancer drug properties.

TabLE 21. Summary of results from power regression model for anticancer drugs.

Property Predictors R Best predictor

UPM1  0.933
UPM2  0.864
UPF 0.919

Boiling Point (BP) MUPF  0.890 UPSIG
MUPM1 0.881
UPH  0.878
UPAL  0.958
UPSIG  0.964
UPGA  0.777
UPM1  0.782
UPM2  0.679
UPF 0.759

Melting Point (MP) MUPF  0.723 UPSIG
MUPM1 0.727
UPH  0.703
UPAL  0.948
UPSIG  0.953
UPGA  0.642
UPM1  0.854

urM2  0.757
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Property Predictors R Best predictor
UPF 0.838
Energy (E) MUPF  0.785 UPSIG
MUPM1 0.771
UPH 0.772
UPAL  0.887
UPSIG 0910
UPGA  0.667
UPM1  0.678
UPM2  0.805
UPF 0.680
Molar Refractivity (MR)  MUPF  0.789 UPGA
MUPM1 0.827
UPH 0.797
UPAL  0.610
UPSIG  0.507
UPGA  0.930
UPM1  0.865
UPM2  0.840
UPF 0.847
Molar Volume (MV) MUPF  0.865 UPAL
MUPM1 0.883
UPH 0.853
UPAL  0.958
UPSIG 0917
UPGA  0.852
UPM1  0.675
UurPM2  0.768
UPF 0.699
Surface Tension (ST) MUPF  0.731 UPH
MUPM1 0.708
UPH 0.749
UPAL  0.362
UPSIG  0.347
UPGA  0.681
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The correlations between the physicochemical properties of the 10 anticancer drugs and the

uphill indices are graphically depicted in Figures 2 to 10.
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3.2. Multi-linear Regression Model. This subsection details a quantitative structure-property
relationship (QSPR) analysis employing multi-linear regression to enhance predictive accuracy.
The model incorporates five molecular descriptors: UPM;, UPM,, UPF, MUPF, and MUPM;.

For all

significant correlations (p < 0.05), as evidenced by Tables 22 and 23. Comparative between the

multi-linear prediction and experimental values of the properties for anti cancer drugs is shown

anticancer drug properties examined, the regression analysis yielded strong statistically

in Figure 11.

TaBLE 22. Multi-linear Regression Equations

Property Regression Equation

ST
MV
MR
EN
BP

ST = 15.2598 +- 0.1259 - UPM]1 + 0.3073 - UPM2 - 0.0079 - UPF - 0.1470 - MUPF - 0.0075 - MUPM1
MV = 153.1277 — 0.5290 - UPM1 - 1.1674 - UPM2 + 0.0391 - UPF + 0.4981 - MUPF + 1.0579 - MUPM1
MR = 56.7307 — 0.3058 - UPM1 - 0.1285 - UPM2 + 0.0141 - UPF + 0.0912 - MUPF +- 0.4528 - MUPM1
EN = 55.3563 — 0.0045 - UPM1 - 0.1419 - UPM2 + 0.0017 - UPF + 0.0590 - MUPF + 0.0737 - MUPM1
BP = 250.3262 + 0.1827 - UPM1 - 0.7611 - UPM2 + 0.0064 - UPF + 0.2048 - MUPF + 1.0190 - MUPM]1

TaBLE 23. Multilinear Regression Model Summary and ANOVA Results

Dependent R R?  Adj. R*> Std. Error F p-value

ST 0.925 0.8558 0.6755 10.9542 4.7465 0.078

MV 0.990 0.9805 0.9560 18.6216  40.1547  0.002

MR 0946 0.8941 0.7618 15.7665 6.7556 0.044

EN 0.968 0.9371 0.8585 7.7444 11.9214 0.016

BP 0.985 0.9710 0.9348 40.3535  26.8241 0.004

o - A

A O —e ™ l/ \ = — ||| Y/oN // ’\Y\><> —
BVAVEN " - : I /i "

; , A
R 7 A . / —w | AN —
NS = T 2 vV - N

Ficure 11. Comparative between the multi-linear prediction and experimental val-

ues of the properties for anti cancer drugs.
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3.3. Residual Analysis. Residual analysis serves as a critical diagnostic tool for assessing the
performance and reliability of regression models in predicting physicochemical properties. The
residuals, defined as the differences between experimental and predicted values (Residual =

Experimental — Predicted), provide insights into model accuracy, bias, and potential limitations.

3.3.1. Comparative Analysis of Experimental and Predicted Values. Table 24 presents a comprehensive
comparison between experimental and predicted values across five physicochemical properties.
The multi-linear regression models demonstrate varying degrees of predictive accuracy across

different properties and compounds.

TaBLE 24. Comparison of experimental and predicted physicochemical properties

for anticancer drugs using multi-linear regression.

Surface Tension (ST) Molar Volume (MV) Molar Refractivity (MR)

Drug Exp Pred Exp Pred Exp Pred
Carmustine 50.4 25.3 146.4 162.0 46.6 58.9
Convolutamine F  41.8 54.1 220.1 220.5 73.8 139.1
Raloxifene 57.3 29.8 367.3 375.8 136.6 90.9
Tambjamine K 37.0 22.8 235.1 217.0 76.6 69.0
Pterocellin B 68.0 385 228.3 243.3 87.4 77.9
Caulibugulone E 53.2 49.5 139.1 135.2 52.2 56.0
Convolutamide A 51.9 53.5 396.0 392.5 130.1 128.3
Daunorubicin 87.4 82.6 339.4 348.2 130.0 131.9
Deguelin 43.2 53.3 314.2 294.2 105.1 96.4
Podophyllotoxin 52.8 44.8 302.4 298.6 104.3 90.8
Energy (E) Boiling Point (BP)
Drug Exp Pred Exp Pred
Carmustine 63.8 58.8 309.6 307.8
Convolutamine F ~ 63.7 63.3 387.7 386.5
Raloxifene 110.1 105.4 728.2 705.3
Tambjamine K 64.1 68.3 391.7 389.6
Pterocellin B 79.5 78.1 521.6 497.2
CaulibuguloneE ~ 62.0 61.8 373.0 368.9
Convolutamide A 97.9 98.8 629.9 639.2
Daunorubicin 117.6 111.5 770.0 736.2
Deguelin 84.3 95.9 560.1 623.7
Podophyllotoxin ~ 93.6 91.5 597.9 608.0

For surface tension (ST), the model shows particularly strong predictive capability for
Caulibugulone E (Residual = 3.68) and Convolutamide A (Residual = -1.59), while exhibiting
larger discrepancies for Pterocellin B (Residual = 29.51) and Raloxifene (Residual = 27.53). The



26 Int. ]. Anal. Appl. (2025), 23:327

molar volume (MV) predictions display excellent overall accuracy, with residuals generally below

20 units across all compounds, indicating the model’s robustness in predicting this property.

3.3.2. Residual Distribution and Model Performance. The detailed residual values presented in Table
25 reveal several important patterns in model performance. The energy (E) predictions demon-
strate the highest accuracy among all properties, with residuals ranging from -11.55 to 6.09 and
a mean residual of 0.33, indicating minimal systematic bias. In contrast, molar refractivity (MR)
predictions show the widest variation, with residuals spanning from -65.34 to 45.72, suggest-

ing potential limitations in the model’s ability to capture the structural features influencing this

property.

TaBLE 25. Residual values (Experimental - Predicted) for physicochemical proper-

ties of anticancer drugs.

Drug Res_ST Res_MV Res_ MR Res_E Res_BP
Carmustine 25136  -15.631 -12.303  4.993 1.807
Convolutamine F -12.291 -0.399 -65.342  0.450 1.187
Raloxifene 27.534 -8.464 45.718 4680 22915
Tambjamine K 14.206 18.122 7.608 -4217 2140
Pterocellin B 29.510  -14.961 9.504 1.381  24.443
Caulibugulone E 3.680 3.924 -3.846 0.246 4.054
Convolutamide A -1.594 3.473 1.825 -0.876  -9.327
Daunorubicin 4.759 -8.765 -1.933 6.091  33.795
Deguelin -10.143 19.999 8724  -11.553 -63.609

Podophyllotoxin 8.028 3.826 13.489 2.059  -10.095

The residual analysis summary in Table 26 quantifies model performance through mean absolute
error (MAE) and root mean square error (RMSE) metrics. The energy (E) model achieves the lowest
error values (MAE = 3.65, RMSE = 4.92), confirming its superior predictive capability. Surface
tension (ST) and boiling point (BP) models show moderate performance with MAE values of 13.69
and 17.34, respectively, while molar refractivity (MR) exhibits the highest prediction errors (MAE
=17.03, RMSE = 26.34).

TaBLE 26. Residual analysis summary for physicochemical property predictions

using multi-linear regression.

Property MAE RMSE

ST 13.6882 16.7921
MV 9.7564 11.7782
MR 17.0293 26.3425
E 3.6545 4.9230

BP 17.3374 25.5449
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3.3.3. Statistical Characteristics of Residuals. Table 27 provides a statistical summary of the residual
distributions, offering insights into model bias and variability. The near-zero mean residuals
for all properties (ranging from 0.11 to 8.88) indicate that the regression models are generally
unbiased, with no systematic over- or under-prediction tendencies. However, the substantial
standard deviations, particularly for molar refractivity (27.77) and boiling point (26.92), highlight

significant variability in prediction accuracy across different molecular structures.

TaBLE 27. Statistical summary of residuals for physicochemical property predic-

tions.

Property Mean Std Dev  Min Max

ST 8.8825 15.0213 -12.2914 29.5105
MV 0.1125 12.4147 -15.6308 19.9992
MR 0.3443 27.7651 -65.3425 45.7181
E 03254 5.1779 -11.5528 6.0909
BP 0.7311 269157 -63.6094 33.7947

The residual ranges reveal important outliers in the dataset. For instance, Deguelin shows a
substantial negative residual for boiling point (-63.61), while Raloxifene exhibits a large positive
residual for molar refractivity (45.72). These outliers may indicate either limitations in the current
set of topological indices or the presence of unique structural features not adequately captured by
the regression models.

The residual analysis demonstrates that multi-linear regression models using uphill topologi-
cal indices provide reasonable predictive capability for anticancer drug properties, though with
varying accuracy across different properties. The energy (E) model shows superior performance
(MAE = 3.65), indicating these indices effectively capture electronic characteristics. Surface tension
(ST) and molar volume (MV) predictions show moderate accuracy, while molar refractivity (MR)
and boiling point (BP) exhibit higher errors, suggesting limitations in modeling polarizability and
complex intermolecular interactions.

Specific outliers, such as Deguelin’s large BP residual (-63.61) and Raloxifene’s MR residual
(45.72), highlight structural features not adequately captured by current descriptors. The linear
regression approach and limited descriptor set may oversimplify complex molecular interactions.
Future improvements should incorporate additional electronic descriptors, explore non-linear
modeling techniques, and expand the dataset diversity.

Despite these limitations, the models offer practical utility for initial drug screening, with the
residual analysis framework providing clear guidance for ongoing model refinement in QSPR

studies.
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Discussion

The present investigation introduced five novel uphill topological indices modified forgotten
uphill index (MUPEF), uphill sigma index (UPSIG), uphill hyper index (UPH), uphill geometrical
index (UPGA), and uphill Albertson index (UPAL) alongside four established uphill indices, to
evaluate their efficacy in predicting six critical physicochemical properties of ten anticancer drugs.
Power regression analysis revealed statistically significant correlations (p < 0.05) between these
indices and key properties, including boiling point (BP), melting point (MP), enthalpy (E), molar
refraction (MR), molar volume (MV), and surface tension (ST). The uphill sigma index (UPSIG)
emerged as the optimal predictor for BP (R? = 0.929), MP (R? = 0.907), and E (R?> = 0.828), while
UPAL demonstrated superior performance for MV (R?> = 0.918). These outcomes underscore
the capability of uphill indices to encode structural features of molecular graphs that govern
physicochemical behaviors, particularly thermodynamic and bulk properties.

The robustness of these indices was further validated through multi-linear regression models
incorporating multiple descriptors (UPM;, UPM,, UPF, MUPF, MUPM; ). These models achieved
enhanced predictive accuracy, with R?% > 0.934 for BP, E, MV, and MR, highlighting synergistic
effects among indices. For instance, the model for BP (R? = 0.971) significantly outperformed
single-index power regressions. This aligns with prior studies emphasizing combinatorial de-
scriptors for comprehensive QSPR modeling. Notably, UPSIG’s dominance for energy-related
properties (BP, MP, E) likely stems from its formulation summing squared differences in uphill
degrees which amplifies sensitivity to structural irregularities influencing thermal stability. Con-
versely, UPAL’s strength for MV, defined via absolute differences in uphill degrees, reflects its
utility in modeling steric properties.

However, surface tension (ST) exhibited weaker correlations (R? < 0.6) across all indices, with
UPH (R? = 0.561) yielding the highest but still moderate fit. This suggests that ST is influenced by
factors beyond topological structure (e.g., intermolecular forces or polarity), which degree-based
indices may not fully capture. Similar limitations were observed for MR, where UPGA (R? = 0.865)
outperformed uphill indices but underscored the need for hybrid descriptors integrating electronic

parameters.

CONCLUSION

This study defined five novel uphill topological indices (MUPF, UPSIG, UPH, UPGA, UPAL) and
applied nine uphill indices to establish QSPR models for ten anticancer drugs. Power regression
identified UPSIG as the optimal predictor for BP, MP, and E, and UPAL for MV, validating their
utility in quantifying molecular graph features linked to physicochemical properties. Multi-
linear regression further enhanced predictive power (R? > 0.934 for BP/E/MV/MR), demonstrating
the synergy of combinatorial descriptors. These results affirm uphill indices as robust tools for

rational drug design, enabling efficient prediction of key properties without resource-intensive
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experimentation. This work advances graph-theoretic approaches in computational oncology;,

offering a pathway to accelerate anticancer drug discovery and optimization.
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