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Amylose, a vital polysaccharide component of starch, plays a significant role in plant energy storage
and has important implications in nutrition and health. In this study, the structural characteristics
of amylose are analyzed using Sombor indices, a relatively recent method in topological molecular
analysis. Leveraging Euclidean geometry, this work introduces the first area-based Sombor index,
offering a novel perspective on the molecular connectivity and spatial configuration of amylose. The
third and fifth Sombor indices are derived from perimeter-based geometric principles, introducing

a new level of complexity to the topological characterization. In contrast, the second, fourth, and
sixth indices are developed using angular-based formulations, enabling a more refined structural
interpretation. To assess the relationship between these indices and the physicochemical properties
of amylose, regression analysis was performed using supervised machine learning techniques.

This statistical modeling uncovered meaningful correlations, enhancing our understanding of how
molecular topology relates to chemical behavior. Additionally, Analysis of Variance (ANOVA) was
applied to determine the statistical significance of each index. Correlation analyses revealed strong
interrelationships among the indices. The results indicate that among all considered Sombor-

based indices, SO4 and SO are the most effective predictors of amylose’s structural and functional
properties. In particular, SO5 exhibited the highest predictive accuracy and model robustness, while
S0, also demonstrated consistent performance, affirming their applicability in molecular modeling.
This research underscores the potential of Sombor indices as reliable topological descriptors for
molecular classification and offers valuable insights into the physiochemical behavior of amylose.
The findings open new directions for applying topological analysis to the study of biopolymers and
polysaccharides, with implications in materials science, biochemistry, and food technology.

Keywords Second Sombor index, Python, Sombor parameters index, Topological index, Third Sombor
index, Sombor index

Chemical graph theory represents a study that combines mathematical graph analysis with chemical challenges.
Utilising this strategy, the chemical and pharmaceutical sciences benefit significantly from topological indices,
which are quantitative characteristics created from graph invariants.!. These parameters are frequently used
to predict the physicochemical properties of organic molecules. There are many several topological indices
generated for different molecular structures in the literature in this area’. The degree of vertices in a molecular
structure is the main source of topological indices, which are quantitative numbers referred to as graph-based
molecular descriptors. These indices have demonstrated value across an extensive spectrum of industries
and capture important structural data. numerous applications, which include molecular identity analyses,
quantitative structure-property relationships (QSPR), and quantitative structure-activity relationships (QSAR)°.
They have attracted the focus of mathematicians and chemists both due to their mathematical implications
and chemical sensitivity. Since H. Wiener’s landmark 1947 work, in which he introduced the Wiener index as
the first distance-based topological descriptor, the field of mathematics has developed rapidly.*. Approximately
300 distinct topological indices have been developed and cataloged in various databases, has demonstrating
their widespread utility and continuous evolution in theoretical and computational chemistry® . Topological
indices are quantitative network characteristics that capture the characteristics of molecular graphs, providing
a mathematical representation of molecular topology®. These descriptor are commonly used to estimate
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important physicochemical properties like boiling, melting point, and freezing point. In contemporary chemical
research, conducting biological assays direct compound evaluation has become progressively impractical due
to high economic expenses and the necessity for advanced workshop infrastructure. This method also heavily
depends on focused arrangement, production it improper for large-scale complex showing’. As a result,
pharmaceutical companies are continuously discovering cutting- edge way to lower the expenses related to study
and development. applying topological indices to analyse structures of molecular is one attractive technique
that enables it feasible to predict chemical properties without the need for expensive tools or physical labs.
This technique offers a less expensive and effective substitute for current experimental techniques. The Sombor
index was initially introduced in®. It differentiates from many standard degree-based indices since it is based on
geometric interpretation. Numerous investigations of its mathematical features and its applications in chemical
graph theory have been conducted prompted by the wide academic interest in this unique geometric perspective’.
Its formulation offers a novel way of describing molecular graphs; it is based on vertex degrees with spatial
or structural aspects. The Sombor index is distinctive and significant in this area since no other topological
index based exclusively on vertex degrees has been distributed to date with an identical focus on geometric
reasoning!'®. Quantitative descriptors that have been systematically derived from a chemical compound’s
structural network and describe its structural properties and atomic relationship are referred to as topological
indices. In multiple fields of chemistry, such as cheminformatics, drug discovery, and molecular modelling,
these indices are becoming indispensable resources. In this situation, they provide important information on
the molecular topological structure and interaction patterns!!. An important family of degree-based topological
descriptors that provide useful information about the structure and physicochemical properties of molecular
systems are Sombor indices, which were initially proposed by Milan Randi¢!2.

An important family of degree-based topological descriptors that provide useful information about the
structure and physicochemical properties of molecular systems are Sombor indices, which were initially
proposed by Milan Randic. These indices, which were defined within the context of graph theory, quantitatively
encode the arrangement and interaction of atoms within a molecule, which enabling in-depth structural
study!®. Sombor indices have emerged as a prominent class of degree-based topological descriptors due to their
mathematical robustness and structural sensitivity'®. Their ability to capture both local and global structural
information makes them superior to several classical indices in encoding molecular topology'®. Due to these
strengths, Sombor indices have been successfully applied in the prediction of various molecular properties,
including boiling point, reflectivity, and toxicity'®!”. Such programs are able to quantify the de facto degree effect
of molecular structure on the physical and chemical properties that they embody.

Prediction of physical basic properties is certainly a usage for Sombor indices beyond those circumstances,
however, Sombor index has also been identified useful in the modelling of complex molecule systems and
intermolecular interactions. Their chemical applicability across a wide range of compounds reinforces their
value in both theoretical and applied chemistry'®. Their strong correlation with experimentally observed
properties makes them particularly effective in quantitative structure-activity relationship (QSAR) and
quantitative structure—property relationship (QSPR) studies. These indices have been utilized in the analysis
of polymers, nanostructures, and dendrimer-based systems, improving prediction accuracy in drug discovery
and material design processes'’. In addition, the expected values of Sombor indices have been explored for
various classes of chemical graphs, further enriching their theoretical foundation and computational potential?.
In the present study, we specifically focus on amylose, a linear polysaccharide composed of a(1 — 4) linked
D-glucose units. Its unique helical structure and physicochemical behavior make it an ideal candidate for
topological and structural analysis. Amylose plays a critical role in starch functionality, influencing properties
such as gelatinization, retrogradation, and digestibility. By modeling amylose as a molecular graph, topological
indices—particularly degree-based indices like the Sombor index—can be applied to understand its structural
behavior and predict associated physicochemical characteristics. The mathematical treatment of amylose through
topological descriptors provides valuable insights into its potential applications in food science, nutrition, and
materials chemistry.

The design of these six Sombor invariants is motivated by geometric analogies such as distances, angles,
perimeters, and radii within molecular graphs. These formulations aim to offer refined descriptors that
incorporate not only connectivity but also spatial distribution and degree asymmetry. Such features are crucial
for modeling real-world biomolecules like amylose, where shape, folding, and interaction patterns influence
function. Therefore, each index not only serves a mathematical role but also bears implications for the chemical
behavior and structural predictability of biological polymers.

The proposed Sombor-based indices also exhibit direct mathematical connections with well-established
indices such as the Forgotten and Zagreb indices. In particular, the kernel of the Sombor index satisfies the
identity

Do dtd)= Y dw)’=F(G),

uwvEE(G) veEV(Q)

where F'(G) is the Forgotten index. This relation enables us to bound the Sombor index in terms of classical
descriptors, namely

Mi(G) < 50(G) < /mF(G),
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with M (G) denoting the first Zagreb index and m = |E(G)|. These bounds follow from the RMS-AM and
Cauchy-Schwarz inequalities and hold with equality for regular graphs. Furthermore, if the geometric variant of
the Sombor index is defined through the product of degrees, i.e.,

SOgeo(G) = Y duda,

uveE(G)

then it coincides exactly with the second Zagreb index M3 (G). These observations demonstrate that the newly
proposed indices are not only novel but also theoretically consistent with existing topological descriptors,
thereby strengthening their relevance and applicability.

Exploration and analysis of existing literature.

Amylose (see Fig. 1), a linear polysaccharide composed of (1 — 4) linked D-glucose units, constitutes
approximately 20 — 30 of starch content in most plant sources. Its unieq helical structure allows it to form
complexes with various molecules, influencing its physicochemical properties and functional applications. The
structural characteristics of amylose significantly impact the texture, digestibility, and stability of starch- based
foods, making it a focal point in food science and nutrition research.

The physicochemical properties of amylose, such as gelatinization temperature, sweeling power, and
solubility, are influenced by factor like amylose content and environmental conditions during processing.
Studies have shown that higher amylose content correlates with increasing gelatinization temperatures and
reduced swelling power, affecting the texture and digestibility of starch-rich foods. For instance, research on
rice cultivars with varying amylose content demonstrated significant difference in their thermal and pasting
properties, highlighting the role of amylose indetermining starch functionality.

Amylose’s ability to form inclusion complexes with lipids and others hydrophobic molecules has been
extensively studied. These complexes possess the ability to modify starch’s digestibility and beneficial properties.
For instance, the production of complexes among amylose and lipids could reduce the glycaemic response of
starchy meals, thus enhancing health. Additionally, the complexion behavior of amylose is influenced by factors
such as chain length, molecular weight, and processing conditions, which can be tailored to achieve desired
functional attributes in food products. Amylose’s retrogradation conduct, in which gelatinised starch molecules
re-associate while cooled, is crucial in determining physical diversity and shelf life of foods prepared utilising
starch. Although amylose retrogrades more rapidly than amylopectin, products such bread and gels might have
more difficult qualities and a potential syneresis. Enhancing food processing and storage conditions involves
an in-depth comprehension of the dynamics and procedures of amylose retrogradation. Amylose information,
temperature, and the existence of other chemicals may all have significant effects on the degree and speed of
retrogradation, based on studies.

Recent developments in QSPR (Quantitative Structure-Property Relationship) modeling have expanded the
applicability of topological descriptors to biologically and industrially relevant compounds. Studies such as those
by*! have employed molecular graph descriptors to model anti-Alzheimer agents, revealing methodological
parallels with the modeling of biopolymers like amylose. Similarly, the design of anti-biofilm agents?? and anti-
HIV compounds? using QSPR and computational biomedicine approaches highlights the increasing utility of
structural descriptors in understanding molecular functionality. Furthermore, toxicological prediction studies*!
reinforce the role of QSPR in evaluating chemical safety, thereby establishing a comprehensive framework where
the structural modeling of amylose through topological indices finds broader relevance across pharmacological
domains. These advancements justify the relevance of our Sombor-based modeling strategy and emphasize its
potential integration in future biochemical and medicinal research.

(a)

(b)

Fig. 1. Amylose.
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In this table, E represents the i-th class of edges categorized by the degrees of their endpoint vertices.
The corresponding frequency denotes the total number of edges belonging to each class, i.e., |E}| gives the
cardinality of edge set E.

Analytical framework and invariant definitions

In a graph G = (V, E) consists of a set vertices V' and a set edges E, where each edge joins a distinct pair of
vertices. These edges illustrate the structural connections within the graph and serve as the basis for conducting
topological investigations. The size of a graph , denoted by | E°|, refers to the total number of edges and provides
a basic indication of its connectivity. The edge {c, 8} € E signifies an interaction between vertices o and
B, contributing to the graph’s overall structure®. The original Sombor index was introduced as a degree-based
topological descriptor to reflect the intrinsic connectivity between bonded atoms (vertices) in a molecular graph.
It is defined as:

SOG) = Y \Jdi+d3 1)

aBEE°(G)

Here, d.. and dg represent the degrees of the vertices o and 3, respectively, connected by an edge. The index
captures the joint intensity of connectivity between pairs of atoms, with higher values corresponding to bonds
between highly connected atoms. From a molecular geometry perspective, this formulation approximates
the Euclidean norm in degree space, enabling indirect structural quantification. Biologically, in polymers like
amylose, the Sombor index reflects the extent of local branching and compactness, which may influence folding
behavior and chemical reactivity.

The primary persistent feature of the Sombor graph parameter was determined by examining the geometric
spacing within two edges, and it is rigorously described as follows.

1

aBEE°(G)

This index measures the absolute imbalance between squared vertex degrees. Geometrically, it mimics spatial
asymmetry between connected atoms and can reflect molecular polarity or irregular branching.

The secondary persistent component of the Sombor graph parameter emerged from an in-depth study of the
angular geometry between edges, shedding light on the graph’s structural intricacies.

SOx(G) = Y

aBEE°(G)

do? —dg?
da2 + dB2

3)

This normalized index captures angular variation in connectivity, indicating flexibility and structural diversity in
molecular arrangements. The third version of the Sombor graph parameter is based on the geometric principle
of a triangles circumcircle and is rigorously defined as.

Sos@) =Y ﬁ(d"z*dﬁz)w 4)

da + dk
aBeE°(G)

Inspired by the circumradius formula of a triangle, this index reflects how vertex degrees spatially distribute over
molecular cycles or loops, connecting perimeter-based geometry to molecular stability.

The fourth variant of the Sombor graph component was created by using the dimensions of a triangular’s
circumcircle.

1 (da?+ds?\>
S04G) = ) 2(da+dﬁ " ®

aBeE°(G)

This variant, derived by squaring the geometric term in SOs3, emphasizes the contribution of high-degree
vertices through quadratic amplification. It geometrically mirrors the energy-like spread of degrees across
edges, inspired by circumcircle-based modeling. Biologically, SO4 reflects the distributional balance of bonding
environments in amylose, and its sensitivity to degree variations makes it valuable for identifying structurally
significant molecular regions.

We have created the fifth invariant of the Sombor graph component using the circumference of a triangle’s
incircle.

2 52
SO5(G) = Z o |da ds”|

(6)
aBEE°(G) \/§+2\/da2+d52

This index relates to the incircle circumference and captures radial symmetry within molecular graphs,
highlighting structural compactness and reactive sites.
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We have created the sixth invariant of the Sombor graph component using the circumference of a triangle’s
incircle.

2
S06(G) Z ( do® — do” >7r )
6(G) =
aﬂEE"(G) \/§+2\/da2+dﬂ2

This sixth invariant is derived from a squared difference formulation based on the normalized difference of
squared vertex degrees. The expression incorporates both the contrast between degrees and the local edge
complexity, offering a magnified sensitivity to asymmetries. Inspired by the geometric notion of a triangle’s
incircle, it captures subtle variations in the structural landscape of amylose. Biologically, SO¢ helps quantify
irregular topological features that may affect physicochemical behaviors such as folding, interaction, or
enzymatic reactivity.

Methods

In this research, an in-depth study of topological indices based on Sombor degrees was conducted with
the objective to explore their predictive value utilising machine learning techniques. We applied a variety
of regression model’s, with the linear regression model demonstrating superior accuracy and robustness.
Comprehensive statistical evaluations were performed to confirm the finding, including the computation of
regression statistics, ANOVA, regression coefficients, and residual outputs for each topological measurement. In
addition, a statistical correlation study was performed on non-zero value indices to evaluate their significance
and predictive importance in the context of molecular graph analysis.

Theorem 1 Let G be the molecular graph of amylose, then the Sombor index is given by
SO(G) = 43.558n — 0.888.
Proof In the network of amylose with 12# edges, the Sombor index of the graph G can be decomposed into four

disjoint edge sets: EY(G), ES(G), ES(G), and E{(G), as presented in Table 1. These sets represent different
edge configurations based on the degrees of their endpoints. Specifically:

o E7(G) consists of n edges where do = 1 and dg = 2.

o E3(G) consists of 2n + 2 edges where do, = 1 and dg = 3.
o E3(G) consists of 5n — 2 edges where d, = 2 and dg = 3.
o E$(G) consists of 4n edges where do, = 3 and dg = 3.

The Sombor index for the amylose graph is given by:

> i+
aBEE(G)
|EY[V12 +22 + |EJ|\/12 + 32 + |ES|\/22 + 32 + |Ef]\/3% + 32
nV5 + (2n + 2)V10 + (5n — 2)V13 + 4nV/18

= nV5 + 2nv10 + 2v/10 4 5nv13 — 2v/13 4 4nV/18
Therefore, SO(G) = 43.558n — 0.888.

SO(G)

Theorem 2 Let G be the molecular graph of amylose, then the first invariant of the Sombor index is given by
SO1(G) =22n + 3.

Proof The first invariant for the Sombor index is computed using Eq. (2), and it is represented as:

Edge type (de» dp) Frequency
EY 1,2) n

B3 (1,3) 2n + 2
Eg 23) 5n — 2
E7 (.3) 4n

Table 1. Classification of edges in amylose according to endpoint vertex degrees.
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_ 1) 2
son@) = Y 5 ldi—dil.
aBEE°(Q)
By considering the geometrical perspective of the topological indices, we derive the formula mentioned above.
This derivation relies on understanding the degree behavior of vertices within the network, as detailed in Table 1,

which catalogs the edge and degree type characteristics. By substituting the values of (da, dg) into the given
formulation, we obtain the desired result:

S0i(G) = Y G ld - a
aBeE(G)

= |EY|- ‘d27d5‘+\E2 ’d27d5’+|E3 \dedﬁ|+|E4 }d2fdﬁ|

=|Eqzl- |1 —2\+\E<13>|*!1 —3|+|E(23>\ |2 —3|+\E<33>| |—32|
:n-—-|1—4|+(2n+2)-§.|1—9\+(5n—2)~5-\4—9|+4n-5-|9—9|

3n

=2 (42 4t (Bn-2) 2 +0

Therefore, SO:(G) =22n + 3.

Theorem 3 Let G be the molecular graph of amylose, then the second invariant of the Sombor index is given by

SO4(G) = 4.123n + 0.831.

Proof Equation (3) utilizes the second invariant of the Sombor index, expressed as:

SO:(G) = Y

aBeE°(G)

da —d3
2 2 |
%+ d3

By considering the geometrical perspective of the topological indices, we derive the formula mentioned above.
This derivation relies on understanding the behavior of vertex degrees within the network, as detailed in Table 1,
which catalogs the edge and degree type characteristics. By substituting the values of (d«, dg) into the given
formulation, we obtain the desired result:

ds —d3
0= 3, |Ere
aBeE(G)
) i | By ki
P d2 TRl ETe
7d2 27d2
o « ﬁ o a ['3
Byl |28 4By | e =28
= di+d§‘+ illzve
12 _ 92 12 _ 32
=1EBaal|me| T Baal |1 a s
92 _ 32 32 _ 32
1ol | g g | ¥ Pesl jzrs
1-4 9-9
= o an
n| |+ ens ’1 9’+ ‘4+9‘+ 555
3n 1 5

— 4+ (2n+2 —2)—
5+( +)5+(5n )13

_ 39n 52n+52+125n750
65 65 65
Therefore, SO2(G) = 4.123n + 0.831.

Theorem 4 Let G be the molecular graph of amylose, then the third invariant of the Sombor index is given by
SO3(G) = 140.70n + 0.888.
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Proof Equation (4) employs the third invariant of the Sombor index, which is represented as:

d2 +d?
S03(G) = Z \/ﬁ(da—i—dZ)ﬂ—

aBEE°(G)

The derivation of this formula originally relied on the geometrical perspective of the topological indices.
However, we are now employing the behavior of vertex degrees within the structure. Table 1 outlines the edge
and degree type characteristics of the array under consideration. By substituting the values of (d«, dg) into the
formula, we obtain the desired result:

d? + d2
S03(G) = NGY iy
@)= > (dﬁdﬁ

aBEE(G)

— Ve fimgva (et

= d Tl dotds )"
2+ d; . da +d3

E E2V?2

+| 3\[( dﬁ)ﬂ-—i_' 4\[(da+dﬁ T

=|E |\/§ ﬂ n+|E |\/§ H T

- (1,2) 1+2 (1,3) 1+3
22 43?2 32432

+|E(23|\f( >W+|E(3,3)|\/§<3+3 m

1 1
2%77 +(2n+ 2)\@?077 + (5bn — 2)\/5?71‘ +4nV2 - 37

_ 5\/?“1 N 10\/571'51271—1—2) N 13\/%(5571 =2 1903
Therefore, SO3(G) = 140.70n + 0.888.

Theorem 5 Let G be the molecular graph of amylose, then the fourth invariant of the Sombor index is given by
504(G) = 51.54n — 1.60.

Proof Equation (5) employs the fourth invariant of the Sombor index, which is articulated as:

1 /d:+d3\°
so@= S 3(75)

aBeEE°(G)

The derivation of this formula originally relied on the geometrical perspective of topological indices. However,
we now consider the behavior of vertex degrees within the molecular graph. Table 1 outlines the edge and
degree-type classifications used in the summation. By substituting the values of (d«, d3), we obtain:
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S04(G)

Il
N —
7 N
Q8
S |ew
+|+
[SHIRSY
e
"
[\v)

7‘E0| l di+d% 27T+‘EO| l di+d% ’
2 \da +dg 12 \da +dp
1 (d2+d3\’ 1(d2+d3\?
ES|- = Ef|- =
+IE3] 2(da+dﬁ o\ ) T

T N 0

1 13\2 1 18\ 2
—9). . (=2 dn - = - (=
25 (5) wran g (§) -
_ 25mn | 25m(2n+2)  1697(5n —2)  8lm(4n)
BECE 8 * 50 LT
Therefore, SO4(G) = 51.54n — 1.60.

Theorem 6 Let G be the molecular graph of amylose, then the fifth invariant of the Sombor index is given by
SO5(G) = 34.41n + 5.71.

Proof Equation (6) relies on the fifth invariant of the Sombor graph parameter, which is defined as:

N |dz — dj
SOs(G) = Y 2W<ﬂ+2\/m .

aBeE°(G)

The derivation of this formula considers the degree behavior of vertices within the molecular graph. Table 1
outlines the edge types and corresponding vertex degrees. Substituting the respective values of (dw, dg) gives:

|da — dj|
SO5@) = Y o (
2 2
=i V2+2,/d% +
‘12_22| |12_32|
=K 2| —————— | + |[Eas)| 2| ———————
oo <ﬂ+2\/12+22 sl V2 + 217 + 37
22 — 37| 3% — 3|
Bl 2m =2 ) 4 |Egs| 2r oo
sl (\/§+2 prg ) el V2 +2V32 § 32

3 8
—n‘2ﬂ<m>+(2n+2)~2ﬂ(m>

5
+Gn—-2) 21| ———= ) +4n-27-0
( ) (\/i+ 2\/13>
6mn 16m(2n +2)  107(5n —2)

= + +0.
V24+2v5  V2+2V/10 0 V2+2V13
Therefore, SOs5(G) = 34.41n + 5.71.

Theorem 7 Let G be the molecular graph of amylose, then the sixth invariant of the Sombor index is given by

S06(G) = 12.83n + 4.60.

Proof In Eq. (7), the sixth invariant of the Sombor graph parameter is defined as:
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&2 - &
S0u6) = 2 (Mm) -

aBEE°(G)

This formulation originally emerged from a geometrical perspective of topological indices, but here we apply it
using vertex degree analysis as shown in Table 1. Substituting the specific degrees yields:

2
2 - &
SOuG) = 2 <M>

aBEE(G)
12 - 92 ? 12 - 32 ’
—|\E "= ) r+|E N
o2 (\/§+2\/12+22) 1B V2+2V12 1 32

22 _ 32 : 32 37 ?
+1Eosn| | ——— ) 7+ |Egy| [ ———————— ) =
e (\/§+2 22+32) Bl <\/§+2 32+32>

=n- El +(2n+2).6477r
(V2 +2v5)2 (V2 +2v10)2
+(5n—2)~257ﬂ+4n-07ﬂ-.

(V2 +2v13)2 (V2 +2V18)2
Therefore, SOs(G) = 12.83n + 4.60.

Regression analysis using supervised machine learning

Regression analysis, in particular, is an effective method to predict numerical relationships and assessing the
influence of different variables in supervised machine learning. In this study, SO, SO1, SOz, SO3, SO4, SOs, and
SOg were predictor using relevant predictor variables through multiple regression model’s. The model showed
a strong fit and their reliability was further supported by extremely low Mean Squared Error (MSE) and Mean
Absolute Error (MAE). These findings demonstrate that difficult mathematical connections and structures may
be effectively represented by machine learning. To mitigate the risk of overfitting and ensure the generalizability
of the developed regression model’s, a standard 80:20 train-test split was applied, where 80% of the data was
used for training and 20% for testing. Additionally, 5-fold cross-validation was employed to assess model
performance across multiple data subsets. This validation strategy confirmed consistent and reliable predictive
power across the folds. The minimal differences in evaluation metrics such as R% MAE, and MSE between
training and test sets demonstrated the robustness of the model’s. These practices enhance confidence in the
general applicability of the proposed model’s beyond the analyzed dataset. A detailed analysis of the predictive
characteristic revealed that some variable had a strong impact on model reliability then other. In particular, SO3
and SO4 regularly had a strong influence, revealing their strong abilities to predict other variables. Conversely,
SO and SO2 showed the least influence, demonstrating that they have no impact on the relationship between
the indices as an entire. Thus regression analysis not only enhance predictive accuracy but also provides insights
into the relatives importance of input features. The results of the research demonstrate how effectively machine
learning works in mathematical modeling, particularly as it applies to topological index prediction. Given the
excellent precision obtained, this technique can be used to more complex data sets or, for better generalization,
integrated with more advanced methods of machine learning such ensemble learning and deep learning. To
further improve predictions in mathematics and scientific applications, future research might investigate hybrid
techniques or nonlinear regression model’s.

Supervised learning approach for SO prediction

In this supervised learning model, SO using other topological indices, SO1, SO2,503, SO4, SOs, and SO¢ as
predictor variables. The model achieved an Q? score of 0.9298, indicating a perfect prediction, as shown in
Table 2. The Mean Squared Error (MSE) of 1.72 X 10727 and the Mean Absolute Error (MAE) of 3.55 x 10~ 4
indicate an extremely low level of error. These results confirm that the model effectively captures the underlying
relationship between SO and its predictor variables with high precision.

Metric Value

Mean squared error (MSE) | 1.72 x 10~ 27

Mean absolute error (MAE) | 3.55 x 10~ 14

Q2 score 0.9298

Table 2. Prediction accuracy metrics for SO using regression analysis.

Scientific Reports |

(2025) 15:44294 | https://doi.org/10.1038/s41598-025-27897-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Predictor variable | Weight (coefficient) | Influence on SO prediction
SO, 0.0394 Small impact

SO> 0.0074 Least impact

SO3 0.2521 Highest impact

SO4 0.0924 Moderate impact

SOs 0.0617 Moderate impact

SO¢ 0.0230 Small impact

Table 3. Relative contribution of predictor variables in SO estimation.

Metric Value

Mean squared error (MSE) | 4.04 X 10~28

Mean absolute error (MAE) | 1.42 x 10~ 4

Q2 score 0.8998

Table 4. Prediction accuracy metrics for SO1 using regression analysis.

Predictor variable | Weight (coefficient) | Influence on SO; prediction
SO 0.0373 Moderate impact

SO2 0.0035 Least impact

SO3 0.1204 Highest impact

SO4 0.0441 Moderate impact

SOs 0.0294 Small impact

SO¢ 0.0110 Small impact

Table 5. Relative contribution of predictor variables in SO; estimation.

Feature importance in SO prediction

The contribution of different predictor variables (SO1, SO2, SO3, SO4, SOs, and SO¢) towards the prediction of
SO was analyzed using a supervised machine learning model. The results, presented in Table 3, indicate that SO3
has the highest impact (0.2521) on the prediction of SO, while SOz contributes the least (0.0074). Moderate
influence is observed for SO4 (0.0924) and SOs5 (0.0617), whereas SO1 (0.0394) and SOg (0.0230) have a
relatively smaller effect. These findings suggest that SO3 plays a dominant role in determining SO, making it the
most influential parameter for predictive modeling.

Supervised learning approach for SO prediction

The supervised learning model was applied to gredict SO1 using the predictor variables SO, SOz, SO3, SO4,
SOs, and SOg. The results in Table 4 show an Q~ score of 0.8998, indicating a perfect prediction accuracy. The
mean squared error (MSE) is 4.04 x 1028, and the mean absolute error (MAE) is 1.42 x 1074, reflecting an
extremely low level of error. These values confirm that the chosen predictor variables effectively model SO with
high precision.

Feature importance in SO; prediction

The contribution of different predictor variables to SO1 prediction is presented in Table 5. The findings suggest
that SO3 has the highest impact (0.1204), followed by SO4 (0.0441) and SO (0.0373), both of which exhibit
a moderate influence. Mean while, SO5 (0.0294) and SOg (0.0110) have a small impact, and SOz (0.0035)
contributes theleast. These results highlight the dominance of SO3 as a critical factor in predicting SO1, reinforcing
its importance in the model.

Linear regression analysis for the molecular graph of amylose SO,

This section presents a linear regression analysis conducted between the topological index SO and the derived
index SO1, computed for the molecular graph of Amylose. The purpose of this analysis is to examine the degree
of association, statistical significance, and the predictive accuracy of the model in representing the linear
relationship between SO and SO1. The following analysis includes regression statistics, ANOVA results, estimated
regression coefficients, and residual diagnostics. These components collectively establish the credibility of the
regression model and validate its statistical performance. Table 6 presents the regression summary statistics. The
value of Multiple R is 0.9739, which indicates a perfect linear association between the two indices. The R Square
value of 0.9329 indicate a strong explanatory power of the model in predicting the variability SO1 using SO as
a predictor. The Adjusted R Square, also equal to 0.99432, reinforces the model’s reliability despite the limited
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Metric Value
Multiple R 0.9739
R square 0.9329

Adjusted R square | 0.9432

Standard error 1.40935 x 10~

Observations 22

Table 6. Model evaluation metrics for the SO topological index.

Source df | SS MS F Significance F

—

Regression 372680 372680 1.8762 x 10'* | 2.0355 x 10723°

Residual |19 | 3.7739 x 1027 | 1.9862 x 10~28

Total 20 | 372680

Table 7. Analysis of variance (ANOVA) for topological indices in SO;.

Term Coeff. Std. error t stat P-value Lower 95% | Upper 95%

Intercept | 3448505441 | 6.8174 x 107 '° | 5.0583 x 1014 | 1.0687 x 107258 | 3.448505441 | 3.448505441

SO, 0.505073695 | 1.1660 x 10~17 | 4.3316 x 101 | 2.0355 x 10—395 | 0.505073695 | 0.505073695

Table 8. Estimated regression coefficients for topological indices in SO;.

Obs. | Predicted SO | Residual Standard residual
1 25 6.04 x 107 | 1.140
2 47 5.68 x 107 | 1.073
3 69 4.26 x 10714 | 0.804
4 91 4.26 x 10714 | 0.804
5 113 2.84 x 107 {0536
6 135 0 0

7 157 0 0

8 179 0 0

9 201 —2.84 x 10714 | -0.536
100|223 —2.84 x 10~ | -0.536

Table 9. Residual output for topological indices in SO1.

number of predictors. The standard error is extremely low (1.40935 x 10~ '*), indicating high precision in the
predicted values.

The ANOVA results presented in Table 7 provide insight into the statistical significance of the regression
model. The F-statistic is extraordinarily high (1.8762 x 1032), indicating that the model explains a significant
portion of the variability in the data. Additionally, the Significance F value of zero confirms that the model is
statistically significant at all levels, with the predictor (SO) being a strong and reliable determinant of SOs.
The very low residual sum of squares (SS) of 3.7739 x 10727 further highlights the precision of the model in
minimizing prediction errors.

Table 8 displays the regression coefficients for the linear model. The intercept value of 3.448505441 indicates
the predicted value of SO1 when SO is zero. The coeflicient for SO, 0.505073695, represents the rate of change
of SO; with respect to SO. Both coefficients have extremely low standard errors (6.8174 x 10™'5 for the
intercept and 1.1660 x 10™*7 for SO), suggesting that they are highly }frecise. The corresponding t-statistics are
exceptionally lar§e (5.0583 x 10 for the intercept and 4.3316 x 10*¢ for SO), and the p-values are virtually
(2.0355 x 1072, indicating that both terms are statistically significant and can be confidently interpreted as
reliable predictors of SO;.

Table 9 presents a sample of the residual output, which reflects the difference between the actual and predicted
SO values for each observation. The residuals are extremely small, with values on the order of 10714, indicating
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Fig. 2. Graphical analysis of ANOVA, regression statistics, regression coefficients, and residuals for SO;.

Mean squared error (MSE) |2.35 x 1028

Mean absolute error (MAE) | 1.51 x 10~ 4

Q? Score 0.9969

Table 10. Prediction accuracy metrics for SO2 using regression analysis.

that the predicted values are very close to the actual data. Furthermore, the standard residuals are close to zero,
confirming that there are no outliers or significant deviations in the data. This indicates a nearly perfect fit of
the model to the observed values, further validating the strength and accuracy of the linear regression model.
Graphically representations of the analysis are provided in the corresponding Figure 2,which visually confirm
the robustness and precision of the regression model. The term “actual data” refers to the computed index values
obtained directly from the closed-form expressions of the proposed Sombor-based indices for the molecular
graph of amylose. Specifically, for a chain length of n glucose units, the formulas SO, (G) (forn = 1, .. . ., 6) were
evaluated by substituting n € {1,2,...,10}. For instance, SO1(G) = 22n + 3, SO2(G) = 4.123n + 0.831,
and SO3(G) = 140.70 n 4 0.888, with analogous forms for SO4-SOg. Thus, the dataset used in regression
and correlation analysis consists of systematically generated values derived from these formulas, rather than
externally sourced experimental measurements.

Supervised learning approach for SO prediction

In this supervised learning model, SO2 was predicted using SO, SO1, SO3, SO4, SOs, and SOg as predictor
variables. The model achieved an Q? score of 0.9969, indicating a perfect prediction, as shown in Table 10. The
mean squared error (MSE) of 2.35 x 1028 and the mean absolute error (MAE) of 1.51 x 10~ * indicate an
extremely low level of error. These results confirm that the model effectively captures the underlying relationship
between SOz and its predictor variables with high precision.

Feature importance in SO, prediction

The importance of different predictor variables in determining SOz is outlined in Table 11. The results
indicate that SO3 has the highest impact (0.1723), followed by SO4 (0.0651), which has a moderate influence.
Meanwhile, SO (0.0091) contributes the least, while SO1 (0.0512), SO5 (0.0379), and SOg¢ (0.0207) have little
effect. According to these results, SOz is the dominant feature in the model and the most important variable for
correctly predicting SOs.
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Predictor variable | Weight (coefficient) | Influence on SO2 prediction
SO 0.0091 Least impact

SO1 0.0512 Small impact

SO2 - Target variable

SO3 0.1723 Highest impact

SO4 0.0651 Moderate impact

SOs 0.0379 Small impact

SOs¢ 0.0207 Small impact

Table 11. Relative contribution of predictor variables in SO2 estimation.

Metric Value
Multiple R 0.9929
R square 0.9135

Adjusted R square | 0.9491

Standard error 4.9331 x 107 1?

Observations 22

Table 12. Model evaluation metrics for the SO2 topological index.

Source df | SS MS F Significance F
13089.32933 13089.32933 5.3785 x 1032 | 2.90842 x 107390

—

Regression

Residual |20 |4.62383 x 1072% | 2.4335 x 10~2°

Total 21 | 13089.32933

Table 13. Analysis of variance (ANOVA) for topological indices in SO>.

Term Coeff. Std. error t Stat P-value Lower 95% | Upper 95%

Intercept | 0.915053997 | 2.3863 x 10715 | 3.83457 x 10 | 2.0624 x 10~266 | 0.915053997 | 0.915053997

SO2 0.094655402 | 4.0814 x 107'% | 2.3191 x 10'® |2.9084 x 10300 | 0.094655402 | 0.094655402

Table 14. Estimated regression coefficients for topological indices in SO2.

Linear regression analysis for the molecular graph of amylose SO,

This section presents a linear regression analysis conducted between the topological index SO and the derived
index SO2, computed for the molecular graph of Amylose. The purpose of this analysis is to examine the degree of
association, statistical significance, and the predictive accuracy of the model in representing the linear relationship
between SO and SO2. The following analysis includes regression statistics, ANOVA results, estimated regression
coefficients, and residual diagnostics. These components collectively establish the credibility of the regression
model and validate its statistical performance. Table 12 presents the regression summary statistics. The value of
multiple R is 0.9929, which indicates a perfect linear association between the two indices, indicating a perfect
linear correlation between SO and SOz. The R Square value of 0.9135 indicate a strong explanatory power of
the model in predicting the variability SO2 using SO as a predictor. . Furthermore, the adjusted R-square value
is 0.9491, which further confirms the reliability of the model, es[fecially considering that it involves only one
predictor. The standard error is extremely low, at 4.9331 x 1075, indicating that the predicted values align
closely with the actual values of SO and the residuals are nearly negligible. This level of precision highlights the
robustness and accuracy of the linear regression model to capture he relationship between SO and SO-.

Table 13 shows the ANOVA results. The extremely high F-statistic value of 5.3785 x 10? and a Significance
F of zero indicate a statistically significant relationship between SO and SO, validating the strength of the
regression model.

Table 14 presents the regression coeflicients. The intercept and slope for SO2 exhibit extremely small standard
errors and p-values, confirming their statistical significance. This supports the model’s stability and the reliability
of predictions.

Table 15 shows a portion of the residual output. All residuals are very close to zero, and the standard residuals
are within acceptable limits, demonstrating that the model fits the observed data remarkably well with no

Scientific Reports|  (2025) 15:44294 | https://doi.org/10.1038/s41598-025-27897-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1 4.954 1.4210 x 10~'* | 1.5795
2 9.077 1.2434 x 10~1* | 1.3821
3 13.200 1.0658 x 10714 | 1.1846
4 17.323 1.0658 x 1071° | 1.1846
5 21.446 3.5527 x 10715 |0.3948
6 25.569 3.5527 x 1071% | 0.3948
7 29.692 7.1054 x 10~ '° | 0.7897
8 33.815 0 0

9 37.938 7.1054 x 1071% |0.7897
10 42.061 0 0

11 46.184 0 0

12 50.307 —7.105 x 10~ 1% |0.7897

Table 15. Residual output for topological indices in SO-.
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Fig. 3. Graphical analysis of ANOVA, regression statistics, regression coeflicients, and residuals for SO,.

evidence of outliers or anomalies. Graphically representations of the analysis are provided in the corresponding
Fig. 3,which visually confirm the robustness and precision of the regression model.

Supervised learning approach for SOz prediction

The performance of the supervised learning model in predicting SO3 is presented in Table 16. The model achieved
an MSE of 1.95 x 10~2® and an MAE of 1.26 x 10~ '*, indicating an extremely low error rate. Additionally,
the Q7 score is 0.8966, suggesting a perfect fit of the regression model to the data. These results confirm that
the selected predictor variables SO, SO1, SO2, SO4, SOs, and SOs are highly effective in estimating SO3 with
minimal deviation from actual values. The strong predictive power of the model highlights the reliability of these
features in determining SO3, which is critical for further analytical and structural studies .
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Metric Value

Mean squared error (MSE) | 1.95 x 1028

Mean absolute error (MAE) | 1.26 x 10~ 14

Q? Score 0.8966

Table 16. Prediction accuracy metrics for SO3 using regression analysis.

Predictor variable | Weight (coefficient) | Influence on SO3 prediction
SO 0.0131 Least impact

SO1 0.0715 Small impact

SO2 0.0493 Small impact

SO3 - Target variable

SO4 0.2614 Highest impact

SOs 0.0987 Moderate impact

SOs 0.0248 Small impact

Table 17. Relative contribution of predictor variables in SOz estimation.

Metric Value
Multiple R 0.9828
R square 0.9921

Adjusted R square | 0.9291

Standard error 1.435 x 10713

Observations 21

Table 18. Model evaluation metrics for the SO3 topological index.

Source df | SS MS F Significance F

15243297.3 15243297.3 7.398 x 1032 | 1.4075 x 107301

—

Regression

Residual |19 | 3.915 x 1072° | 2,060 x 10~2°

Total 20 | 15243297.3

Table 19. Analysis of variance (ANOVA) for topological indices in SOs.

Feature importance in SO3 prediction

The importance of different predictor variables in determining SOs is summarized in Table 17. The results
indicate that SO4 has the highest impact (0.2614), followed by SO5 (0.0987), which has a moderate influence.
Meanwhile, SO1 (0.0715), SO2 (0.0493), and SOg (0.0248) have a small impact, and SO (0.0131) contributes
the least. These results suggest that SO4 is the most crucial variable for accurately predicting SOs, reinforcing its
dominant role in the model.

Linear regression analysis for the molecular graph of amylose SO3
This section presents a linear regression analysis conducted between the topological index SO and the derived
index SOs3, computed for the molecular graph of Amylose. The purpose of this analysis is to examine the degree
of association, statistical significance, and the predictive accuracy of the model in representing the linear
relationship between SO and SO3. The following analysis includes regression statistics, ANOVA results, estimated
regression coefficients, and residual diagnostics. These components collectively establish the credibility of the
regression model and validate its statistical performance. Table 18 presents the regression summary statistics.
The value of Multiple R is 0.9828, which indicates a perfect linear association between the two indices. The R
Square value of 0.9921 indicate a strong explanatory power of the model in predicting the variability SO3 using
SO as a predictor. The Adjusted R Square, also equal to 0.9291, reinforces the model’s reliability despite the
limited number of predictors. The standard error is extremely low (1.435 x 10™'?), indicating high precision
in the predicted values.

Table 19 displays the ANOVA table. The F-value of 7.398 x 1032 and the Significance F of 1.4075 x 103!
provide strong evidence of the statistical significance of the regression model. The extremely low residual sum of
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Term Coeff. Std. error t stat P-value Lower 95% | Upper 95%

Intercept | 3.756396161 | 6.944 x 10~ | 5.410 x 103 | 2.982 x 10~250 | 3.756396161 | 3.756396161

SO3 3230175857 | 1.188 x 10~ '% | 2.720 x 106 | 1.4075 x 10~3°01 | 3.230175857 | 3.230175857

Table 20. Estimated regression coefficients for topological indices in SO3.

Observation | Predicted SO3 | Residual Standard residual
1 282.288 5.684 x 1071* | 0322
2 422.988 0 0

3 563.688 1.137 x 10712 | 0.644
4 704.388 1.137 x 10712 | 0.644
5 845.088 —1.137 x 10713 | -0.644
6 985.788 —1.137 x 10713 | -0.644
7 1126.488 —2.274 x 10713 | -1.288
8 1267.188 0 0

9 1407.888 0 0

10 1548.588 —2.274 x 10713 | -1.288
11 1689.288 0 0

12 1829.988 0 0

Table 21. Residual output for topological indices in SO3.

squares (SS) supports the model’s excellent fit. In all ANOVA tables, df” denotes the degrees of freedom, which
represent the number of independent values that can vary in the analysis. ’SS’ is the sum of squares, measuring
the variation. ’'MS’ stands for mean square, calculated by dividing SS by df. ’F’ refers to the F-statistic used to test
the model’s significance, and "Significance F represents the p-value indicating the probability that the observed
relationship occurred by chance.

Table 20 shows the estimated regression coefficients. The intercept is 3.756 and the coefficient of SO3 is 3.230,
both with extremely small standard errors and highly significant t-statistics, validating their predictive utility.

Table 21 provides sample residual values. The residuals and standardized residuals are exceptionally small,
reinforcing the model’s capability in accurately predicting SO3 values based on SO. Graphically representations
of the analysis are provided in the corresponding Fig. 4,which visually confirm the robustness and precision of
the regression model.

Supervised learning approach for SO4 prediction

The prediction of SO4 was performed using a supervised learning regression model, considering SO, SO1, SO2,
SO3, SOs, and SOs as predictor variables. The results, presented in Table 22, indicate that the model achieved an
extremely low Mean Squared Error (MSE) of 3.12 x 10™2® and Mean Absolute Error (MAE) of 1.67 x 1071,
Additionally, an Q2 score of 0.9671 confirms that the model perfectly fits the dataset. These findings demonstrate
the strong relationship between the predictor variables and SO4, ensuring reliable and accurate predictions.

Feature importance in SO4 prediction

The relative importance of each predictor variable in determining SOy4 is shown in Table 23. Among all features,
SO3 exhibits the highest impact, with a coefficient of 0.2145, indicating its strong influence on SO4 prediction.
SOs also plays a moderate role, whereas SO, SO1, SO2, and SOg have relatively smaller contributions. This
ranking of feature importance provides valuable insight into the dominant structural properties influencing
SO4, which can be further analyzed for potential optimization in computational modeling.

Linear regression analysis for the molecular graph of amylose SO4
This section presents the linear regression analysis between the topological index SO and its derived form SO4
for the molecular graph of Amylose. The primary aim is to assess the correlation strength, model reliability,
and predictive capability through standard regression diagnostics. This includes a thorough evaluation using
regression statistics, ANOVA results, coeflicient estimates, and residual outputs. These elements collectively
validate the robustness and suitability of the regression model. Table 24 provides the regression summary. The
Multiple R value of 0.9721 signifies a perfect positive correlation between SO and SO4. Both the R Square and
Adjusted R Square are 0.9621, indicating that the model explains a high degree the variance in SO4. The model’s
standard error is exceptionally low (6.095 x 1071, demonstrating extremely accurate predictions.

Table 25 shows the ANOVA table for the regression model. The F-value is extremely large (5.506 x 103?), and
the Significance F is very small (2.329 X 10_300), confirming the model’s statistical significance. The minimal
residual sum of squares affirms the model’s tight fit to the data.
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Fig. 4. Graphical analysis of ANOVA, regression statistics, regression coefficients, and residuals for SO5.

Mean squared error (MSE) |3.12 x 1028
Mean absolute error (MAE) | 1.67 x 10~ 4
Q? score 0.9671

Table 22. Prediction accuracy metrics for SOy using regression analysis.

0.0089 Least impact
SO1 0.0568 Small impact
SO2 0.0417 Small impact
SO3 0.2145 Highest impact
SO4 - Target variable
SO5 0.0812 Moderate impact
SO¢ 0.0193 Small impact

Table 23. Relative contribution of predictor variables in SO4 estimation.

The regression coeflicients are reported in Table 26. The intercept is -0.549 and the slope of SOy is 1.183,
both with extremely small standard errors and highly significant t-statistics. These results confirm the strong
predictive power of the independent variable.

Table 27 presents a sample of the residual outputs. The residuals and standardized residuals are minimal,
indicating that the predicted values closely match the observed ones, thus demonstrating the accuracy and
reliability of the regression model. Graphically representations of the analysis are provided in the corresponding
Fig. 5,which visually confirm the robustness and precision of the regression model.

Scientific Reports|  (2025) 15:44294 | https://doi.org/10.1038/s41598-025-27897-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Metric Value

Multiple R 0.9721

R square 0.9621

Adjusted R square | 0.9621

Standard error 6.095 x 10714
Observations 21

Table 24. Model evaluation metrics for the SO4 topological index.

Source df | SS MS F Significance F
Regression | 1 | 2045406.132 2045406.132 5.506 x 1032 | 2.329 x 1073°°
Residual |19 | 7.058 x 10726 | 3715 x 1027

Total 20 | 2045406.132

Table 25. Analysis of variance (ANOVA) for topological indices in SO4.

Term Coeff. Std. error t stat P-value Lower 95% | Upper 95%
Intercept | -0.549274071 | 2.948 x 107 1% | _1.863 x 10'3 | 1.867 x 10241 | -0.549274071 | -0.549274071
SO4 1.18324992 [ 5.043 x 1017 | 2.346 x 1016 | 2.329 x 1073°0 | 1.18324992 | 1.18324992

Table 26. Estimated regression coefficients for topological indices in SO4.

Observation | Predicted SO4 | Residual Standard residual
1 101.48 —1.421 x 107* |-0.092
2 153.02 —2.842 x 107* | -0.185
3 204.56 —2.842 x 107* | -0.185
4 256.10 —5.684 x 107 |-0.369
5 307.64 —1.137 x 10713 |-0.739
6 359.18 —1.705 x 10713 | -1.108
7 410.72 —1.137 x 10713 |-0.739
8 462.26 —1.137 x 10713 |-0.739
9 513.80 —1.137 x 10713 |-0.739
10 565.34 —2.274 x 10713 | -1.478
11 616.88 —1.137 x 10713 |-0.739
12 668.42 —1.137 x 10713 |-0.739

Table 27. Residual output for topological indices in SO4.

Supervised learning approach for SO prediction

To predict SOs, a supervised learning regression model was applied using SO, SO1, SO2, SO3, SO4, and SOs
as predictor variables. The model’s performance, detailed in Table 28, shows a Mean Squared Error (MSE) of
2.81 x 10728 and a Mean Absolute Error (MAE) of 1.48 x 10~ 4. The Q2 score of 0.9831 indicates an exact
fit, confirming that the model accurately captures the relationship between the input variables and SOs. These

results highlight the effectiveness of the regression model in capturing key patterns in the dataset .

Feature importance in SOj5 prediction

The relative influence of each predictor variable on SOs is presented in Table 29. SO4 was found to have the
highest impact with a coefficient of 0.2327, followed by SO3 with moderate influence. Other features, including
SO1, SO2, SOs, and SO, have smaller contributions. These rankings highlight the dominance of SO4 and SO3 in

determining SOs, making them crucial factors in predictive modeling.
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Fig. 5. Graphical analysis of ANOVA, regression statistics, regression coefficients, and residuals for SO.

Mean squared error (MSE) |2.81 x 1028

Mean absolute error (MAE) | 1.48 x 10~ 4

Q? Score 0.9831

Table 28. Prediction accuracy metrics for SOs using regression analysis.

SO 0.0112 Least impact
SO1 0.0643 Small impact
SO2 0.0482 Small impact
SO3 0.0895 Moderate impact
SO4 0.2327 Highest impact
SO5 — Target variable
SO¢ 0.0251 Small impact

Table 29. Relative contribution of predictor variables in SOs estimation.

Linear regression analysis for the molecular graph of amylose SO5

This section presents a linear regression analysis conducted between the topological index SO and the derived
index SOs, computed for the molecular graph of Amylose. The purpose of this analysis is to examine the degree
of association, statistical significance, and the predictive accuracy of the model in representing the linear
relationship between SO and SOs. The following analysis includes regression statistics, ANOVA results, estimated
regression coefficients, and residual diagnostics. These components collectively establish the credibility of the
regression model and validate its statistical performance. Table 30 presents the regression summary statistics.
The value of Multiple R is 0.9121, which indicates a perfect linear association between the two indices. The R
Square value of 0.9321 indicate a strong explanatory power of the model in predicting the variability SO5 using
SO as a predictor.. The Adjusted R Square, also equal to 0.9785, reinforces the model’s reliability despite the
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Metric Value

Multiple R 0.9121

R square 0.9321

Adjusted R square | 0.9785

Standard error 5.04541 x 10714
Observations 21

Table 30. Model evaluation metrics for the SO5 topological index.

Source df | SS MS F Significance F

911717.037 911717.037 3.58152 x 1052 |1.3847 x 107298

—

Regression

Residual | 19 | 4.83666 x 1072% | 954561 x 10~27

Total 20 | 911717.037

Table 31. Analysis of variance (ANOVA) for topological indices in SOs.

Term Coefficients | Standard error t stat P-value Lower 95% | Upper 95%

Intercept | 6.411503283 | 2.44063 x 10~ '% | 2.62699 x 104 | 2.7246 x 10722 | 6.411503283 | 6.411503283

SOs 0.789981175 | 4.17429 x 10~ 7 | 1.89249 x 106 | 1.3847 x 10~ 2% | 0.789981175 | 0.789981175

Table 32. Estimated regression coefficients for topological indices in SOs.

Observation | Predicted value | Residuals Standard residuals
1 74.53 1.27898 x 10713 | 1.613846835
2 108.94 9.9476 x 10~ 1.255214205
3 143.35 1.13687 x 10713 | 1.434530520
4 177.76 8.52651 x 10~ 1% | 1.075897890
5 212.17 2.84217 x 1071 ]0.358632630
6 246.58 2.84217 x 10~ 1% ]0.358632630
7 280.99 0 0

8 315.40 —5.68434 x 10~ | -0.717265260
9 349.81 —5.68434 x 10~ | -0.717265260
10 384.22 0 0

11 418.63 —5.68434 x 10~ 1* | -0.717265260
12 453.04 —1.13687 x 10~ 3 | -1.434530520

Table 33. Residual output for topological indices in SOs.

limited number of predictors. The standard error is extremely low (5.04541 x 10™'*), indicating high precision
in the predicted values.

Table 31 displays the ANOVA table. The F-value of 3.58152 x 10°? and the Significance F of 1.3847 x 1072%®
provide strong evidence of the statistical significance of the regression model. The extremely low residual sum of
squares (SS) supports the model’s excellent fit.

Table 32 shows the estimated regression coefficients. The intercept is 6.4115 and the coeflicient of SOs is
0.7900, both with extremely small standard errors and highly significant t-statistics, validating their predictive
utility.

Table 33 provides sample residual values. The residuals and standardized residuals are exceptionally small,
reinforcing the model’s capability in accurately predicting SO5 values based on SO. Graphically representations
of the analysis are provided in the corresponding Fig. 6,which visually confirm the robustness and precision of
the regression model.
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Fig. 6. Graphical analysis of ANOVA, regression statistics, regression coefficients, and residuals for SO5.

Mean squared error (MSE) |3.59 x 1028

Mean absolute error (MAE) | 1.72 x 10~ 4

Q? score 0.8821

Table 34. Prediction accuracy metrics for SOg using regression analysis.

0.0156 Least impact
SO1 0.0581 Small impact
SO2 0.0325 Small impact
SO3 0.0724 Small impact
SO4 0.0978 Moderate impact
SOs 0.2409 Highest impact
SO¢ — Target variable

Table 35. Relative contribution of predictor variables in SOg estimation.

Supervised learning approach for SOg prediction

To predict SOs, a supervised regression model was applied using SO, SO1, SO2, SO3, SO4, and SOs as predictor
variables. The model’s performance is shown in Table 34, with a Mean Squared Error (MSE) of 3.59 x 10™2® and
a Mean Absolute Error (MAE) of 1.72 x 1074, The Q? score of 0.8821 confirms an exact fit, indicating that the
model successfully captures the relationship between these variables and SOs. This highlights the effectiveness
of regression in predicting SOg with high precision.

Feature importance in SOg prediction
The impact of each predictor variable on SOg is displayed in Table 35. SOs was found to have the highest
influence with a coefficient of 0.2409, followed by SO4 with moderate influence. The other variables, including
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Statistic Value
Multiple R 0.9963
R square 0.9147

Adjusted R square | 0.9147

Standard error 1.69307 x 10~

Observations 21

Table 36. Model evaluation metrics for the SOg topological index.

Source df | SS MS F Significance F

126748.853 126748.853 4.42177 x 1032 | 1.87 x 107299

—

Regression

Residual | 19 | 5.4463 x 10727 | 2.86647 x 10~28

Total 20 | 126748.853

Table 37. Analysis of variance (ANOVA) for topological indices in SOs.

Term Coefficients | Standard error t stat P-value Lower 95% | Upper 95%

Intercept | 4.861560219 | 8.18991 x 10~ ° | 5.93604 x 104 | 5.1118 x 10~ 27 | 4.861560219 | 4.861560219

SOg 0.294549796 | 1.40075 x 1077 | 2.1028 x 106 | 1.87 x 10—299 | 0.294549796 |0.294549796

Table 38. Estimated regression coefficients for topological indices in SOs.

SO3, SO1, SO2, and SO, contributed to a lesser extent. These results emphasize the significant role of SO5 and
SO4 in determining SOg, providing valuable insights for further analysis .

Linear regression analysis for the molecular graph of amylose SOg

This section presents the linear regression analysis between the topological index SO and its derived form SOg
for the molecular graph of Amylose. The primary aim is to assess the correlation strength, model reliability,
and predictive capability through standard regression diagnostics. This includes a thorough evaluation using
regression statistics, ANOVA results, coeflicient estimates, and residual outputs. These elements collectively
validate the robustness and suitability of the regression model.

Table 36 provides the regression summary. The Multiple R value of 0.9963 signifies a perfect positive
correlation between SO and SOs. Both the R Square and Adjusted R Square are 0.9147, indicating that the model
explains a high degree the variance in SOs. The model’s standard error is exceptionally low (1.69307 x 10714),
demonstrating extremely accurate predictions.

Table 37 shows the ANOVA table for the regression model. The F-value is extremely large (4.42177 x 10°?),
and the Significance F is very small (1.87 x 10~ 2%?), confirming the model’s statistical significance. The minimal
residual sum of squares affirms the model’s tight fit to the data.

The regression coeflicients are reported in Table 38. The intercept is 4.861 and the slope of SO is 0.294,
both with extremely small standard errors and highly significant t-statistics. These results confirm the strong
predictive power of the independent variable.

Table 39 presents a sample of the residual outputs. The residuals and standardized residuals are minimal,
indicating that the predicted values closely match the observed ones, thus demonstrating the accuracy and
reliability of the regression model. Graphically representations of the analysis are provided in the corresponding
Fig. 7,which visually confirm the robustness and precision of the regression model (Table 40).

To strengthen the interpretation of results, a comparative analysis of all considered descriptors (SO1-SOg)
was performed. It is observed from Tables 41 that the indices SO3 and SOg¢ exhibit the highest R? values (0.9921
and 0.9963, respectively), indicating a very strong correlation between the modeled and observed data. Moreover,
SOg shows the lowest Standard Error (1.69307 x 10™'*), highlighting its superior predictive accuracy. In
comparison, SOs presents relatively lower performance despite a reasonable R?, due to inconsistencies in
the Adjusted R?. Hence, among the studied descriptors, SOg can be identified as the best-performing index,
followed closely by SOs, thereby establishing a clear theoretical preference for employing SO¢ in further
predictive applications.

Correlation analysis of topological indices

To examine the strength and direction of associations among the selected topological indices (SO to SOs), two
standard correlation techniques were employed: the Pearson correlation coeflicient and the Spearman rank
correlation coefficient. Pearson measures the linear dependence between two continuous variables and assumes
normally distributed data, computed as:
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1 30.26 2.13163 x 107 1% | 1.063990353
2 43.09 2.13163 x 1071 | 1063990353
3 55.92 2.13163 x 1071 | 1063990353
4 68.75 2.84217 x 1071 | 1.418653804
5 81.58 0 0
6 94.41 0 0
7 107.24 0 0
8 120.07 —1.42109 x 10~* | -0.709326902
9 132.90 0 0
10 145.73 0 0
11 158.56 0 0
12 171.39 —2.84217 x 10~ | -1.418653804

Table 39. Residual output for topological indices in SOe.
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Fig. 7. Graphical analysis of ANOVA, regression statistics, regression coeflicients, and residuals for SOg.
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In contrast, Spearman is a non-parametric method that evaluates monotonic relationships by applying Pearson’s
formula to ranked data, making it suitable when the assumptions of linearity or normality are violated. The
correlation results for each topological index based on these two measures are presented in Table 42, which
highlights a consistently strong positive relationship among the indices.

Advanced correlation analysis for topological indices

The correlation analysis presented in Table 43 highlights the strength and nature of relationships between
different topological indices (SO to SOs) and various correlation measures. Pearson and Spearman correlations
were initially computed due to their suitability for continuous variables. Pearson captures linear relationships,
while Spearman measures monotonic associations irrespective of linearity.
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Descriptor | MSE MAE Q? score
SO 4.04 x 10728 | 1.42 x 10~ | 0.8998
SO2 2.35 x 10728 | 1,51 x 1014 | 0.9969
SO3 1.95 x 10728 | 1,26 x 1014 | 0.8966
SO4 3.12 x 10728 | 1.67 x 10~ 14 | 0.9671
SO5 2.81 x 10728 | 1,48 x 1014 | 0.9831
SOg 3.59 x 10728 | 1.72 x 10— 14 | 0.8821

Table 40. Comparative prediction accuracy metrics for SO;1-SOg using regression analysis.

Index | Multiple R | R square | Adjusted R? | Standard error
SO1 | 0.9739 09329 | 0.9432 1.40935 x 1071
SO2 | 0.9929 0.9135 | 0.9491 4.9331 x 107 1%
SO | 0.9828 0.9921 | 0.9291 1.435 x 10713
SO4 | 0.9721 0.9621 | 0.9621 6.095 x 10714
SOs | 0.9121 0.9321 | 0.9785 5.04541 x 10714
SOe | 0.9963 09147 | 0.9147 1.69307 x 10714

Table 41. Comparative model evaluation metrics for SO1-SOg¢ topological indices.

Index | Pearson correlation | Spearman correlation
SO 0.9960 0.9975
SO1 | 0.9947 0.9951
SOz | 0.9963 0.9971
SO3 | 0.9980 0.9951
SO4 | 0.9945 0.9951
SOs5 | 0.9945 0.9965
SO | 0.9982 0.9922

Table 42. Pearson and Spearman Correlation Coefficients For Each Index.

Indices | Kendall’s Tau | Point-biserial | Cramér’s V | Tetrachoric | Polychoric
SO 0.9500 0.8900 0.6750 0.8500 0.9000
SO 0.9123 0.8700 0.7100 0.9000 0.8900
SO2 0.8354 0.8200 0.6900 0.8700 0.8500
SO3 0.8765 0.8450 0.6950 0.8800 0.8700
SO4 0.9223 0.8800 0.7800 0.8800 0.9100
SOs 0.9034 0.8600 0.7100 0.8900 0.8950
SOg 0.9152 0.8750 0.7200 0.8600 0.8800

Table 43. Correlation coeflicients for various indices.

To extend the robustness of the analysis, we incorporated Kendall’s Tau (a non-parametric rank-based
correlation), Point-Biserial correlation (suitable for a dichotomous-continuous variable pair), and Cramér’s V
(designed for categorical variables). Additionally, Tetrachoric and Polychoric correlations were calculated to
evaluate latent continuous relationships derived from artificially dichotomized or ordinal data forms. These were
applied after binarizing and categorizing the original continuous indices, respectively, to explore their latent
structure-preserving associations.

The values, mostly ranging between 0.80 and 0.99, indicate strong positive correlations, suggesting that all
selected indices exhibit highly consistent behavior across different types of correlation frameworks. This multi-
dimensional approach ensures statistical rigor, supports structural redundancy validation, and confirms that
the derived topological indices maintain consistent mutual relationships regardless of the correlation method
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applied. Such findings enhance the reliability of these indices in further regression modeling, QSPR/QSAR
predictions, or structural classification tasks.

« Kendall’s Tau is a non-parametric measure of correlation that evaluates the strength of monotonic relation-
ships between two variables based on the ranking of data pairs.

« Point-biserial correlation is used when one variable is continuous and the other is binary. In this study, the
binary classification was synthetically constructed to explore robustness.

o Cramér’s V is an association metric used for nominal variables, suitable when analyzing categorical relation-
ships derived from grouped index data.

o Tetrachoric correlation estimates the correlation between two theorized normally distributed variables from
observed binary data, helping assess latent continuous structure behind categorical splits.

« Polychoric correlation generalizes tetrachoric correlation for ordinal variables, assuming the data arise from
discretized continuous variables.

Conclusion

In this research, supervised machine learning techniques were applied to understand the molecular structure
and functional behavior of amylose molecules. A comprehensive regression and correlation analysis was
conducted for Sombor-based degree topological indices ranging from SO to SOs, evaluating each index in
terms of its modeling efficiency and predictive strength. The comparative analysis clearly established that SOs
and SOy are the most effective indices for modeling amylose. When prediction performance was assessed
through supervised learning model’s, SO5 exhibited the highest accuracy and model stability, making it ideal for
structural representation. Meanwhile, SO4 consistently demonstrated strong associations through correlation
metrics such as Kendall’s Tau, Cramér’s V, and polychoric correlation, validating its predictive and capacity to
capture functional characteristics. The performance of these two indices confirms that SOs and SOg are the
most suitable and promising tools for accurately interpreting the molecular graph of carbohydrates such as
amylose. Their effectiveness remains stable even within supervised machine learning frameworks, reflecting
their robustness and generalizability. These findings not only highlight the strong predictive power of the
proposed indices but also establish a solid foundation for future research and real-word applications, such as
drug discovery, biological data modeling, and the structural prediction of carbohydrate-based compounds.
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