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Abstract: Cissus quadrangularis (CQ) is a medicinal plant with extensive pharmaceutical applications. 

The intricate phytochemical composition of CQ presents challenges in isolating active compounds, 

determining their physicochemical properties, and calculating structure-activity relationships, 

bioavailability, and extract standardization. The accurate prediction of properties is essential to address 

these challenges, necessitating sophisticated modeling techniques. This study concentrates on predictive 

modeling of the physicochemical properties of this species. The six characteristics examined were 

boiling point (BP), melting point (MP), molar volume, polarizability, flash point, and IC50, which are 

crucial for evaluating compound stability and bioactivity. Molecular descriptors and topological indices 

were used for the predictions. Models such as linear regression (LR), multiple linear regression (MLR), 

random forest regression (RFR), and AdaBoost have been developed. These findings indicate that the 

properties correlate with specific indices, thereby facilitating precise predictions. This modeling 

approach offers an efficient means of anticipating properties without experimental methods. 
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1. Introduction 

Cissus quadrangularis, commonly known as the "Veldt Grape," is a medicinal plant 

widely used in traditional medicine for its anti-inflammatory, bone-healing, and antioxidant 

properties [1,2]. Furthermore, while Cissus extracts show promise in various applications, such 

as bone regeneration and weight management, more studies are needed to establish their 

clinical efficacy and safety profile [3]. 

Cissus quadrangularis (CQ) presents several challenges in drug design despite its 

promising therapeutic potential. One major issue is the lack of standardization in extract 

preparation, which leads to variability in bioactive compound concentrations across studies. 

This inconsistency makes it difficult to establish optimal dosages and compare results across 

different research efforts. Another challenge is the limited understanding of the specific 

physiological effects of individual chemical constituents isolated from cissus extracts. 
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Although numerous compounds have been identified, including steroids, flavonoids, and 

triterpenes, their precise mechanisms of action remain unclear. The bioavailability and stability 

of Cissus-derived compounds pose challenges in drug formulation. For instance, clumping of 

particles observed at higher concentrations of Cissus extracts can reduce the active surface area 

and potentially decrease the efficacy [4].  

Given the cost and resource intensity associated with experimental methods, 

computational approaches provide a viable alternative for efficiently predicting these 

properties. The combination of topological indices and QSAR modeling can be a powerful tool 

for addressing drug design challenges. These methods can help researchers predict the 

properties and activities of compounds, guide the selection of promising candidates for further 

development, and ultimately streamline the drug discovery process [5]. By leveraging these 

computational techniques, researchers can identify novel therapeutic agents more efficiently 

and cost-effectively [6].  

QSAR models, are widely applied in drug design, as they link biological activity to 

structural and physicochemical descriptors, including TIs, which play a crucial role in drug 

discovery research [7,8]. By applying QSAR techniques to compounds, researchers can predict 

their potential biological activities and physicochemical properties without the need for 

extensive experimental testing. This approach can significantly accelerate the drug design 

process and help to identify promising lead compounds. TIs can help researchers understand 

physical properties and chemical compounds using the topology of their chemical bonding 

between atoms [7,9–11]. TIs, derived from molecular structures, offer powerful molecular 

descriptors in cheminformatics as they capture essential aspects of compound structures that 

relate to physical and chemical behaviors [12].  

Topological indices have been applied beyond the traditional pharmaceutical 

chemistry. They have been used to study the growth of microorganisms in biological networks, 

potentially aiding vaccine design and discovery. Degree-based topological indices have been 

used in the analysis of heart attack drugs and cancer drug research [13–17]. Pyelonephritis 

drugs[18], anti-hepatitis drugs [19], and anti-psychotic drugs [20] have applications in treating 

lung [21] and eye disorders [22].  

These indices have been applied to analyze potential antiviral drugs for COVID-19, 

demonstrating strong correlations with the physicochemical properties and biological activities 

of these compounds. The quantitative structure-property relationship (QSPR) analysis explored 

the connection between edge vertex, vertex edge degree based TIs and the observed 

physicochemical properties of phytochemicals tested against SARS-CoV-2 3CLpro. The 

findings indicated that the edge vertex, vertex edge degree based Zagreb indices, beta Zagreb 

index M1βve are noteworthy TIs that can successfully forecast the topological polar surface 

area and molecular weight of these phytochemicals [23].  

The existing literature does not offer an extensive list of phytochemicals analyzed using 

topological indices in recent research articles, highlighting the growing importance of 

topological indices in various areas of pharmaceutical and chemical research, including the 

analysis of phytochemicals against SARS-CoV-2 [24]. A recent study presented a novel 

approach for analyzing Azadirachta indica (neem) compounds using topological indices and 

regression models. By employing TIs, this study offers potential acceleration of drug discovery 

processes, enhanced virtual screening efficiency, and a means to bridge geographical gaps in 

neem research. This methodology combines regression analysis with multi-criteria decision-

making, allowing for a comprehensive evaluation of neem compounds considering multiple 
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properties simultaneously. While focusing on neem, this approach could potentially be applied 

to other phytochemicals, broadening its impact on natural-product-based drug discovery [25]. 

As the field evolves, mathematical descriptors are likely to play an increasingly 

important role in understanding and predicting the behavior of phytochemicals and other 

biologically active compounds [26]. Despite their potential, few studies have systematically 

applied these indices to property prediction in plant-based bioactive compounds, creating an 

opportunity to assess their predictive power for compounds derived from CQ [27].  

In this study, several degree-based indices, such as the atom-bond connectivity index, 

forgotten index, and Zagreb indices, are used for prediction modelling. These indices reflect 

structural features, such as molecular branching, connectivity, and shape, and hence are used 

for predictive modelling of CQ bioactive compounds [28]. Physiochemical properties, such as 

Boiling Point (BP), Melting Point (MP), Molar Volume, Polarizability, Flash Point, and IC50, 

are crucial for determining the stability, reactivity, and biological activity of a compound. The 

key compound properties were estimated through a computationally efficient approach by 

establishing correlations and constructing accurate predictive models using regression analysis 

[29–31]. This predictive modelling can advance the understanding of CQ compounds and 

enhance early-stage assessments in drug discovery and development. 

2. Materials and Methods 

In this study, various regression techniques were used to analyze the relationship 

between topological indices and key physical properties of compounds extracted from Cissus 

quadrangularis (CQ). Four distinct regression methodologies were employed: Linear 

regression (LR), multiple linear regression (MLR), random forest regression (RFR), and 

AdaBoost, each with its specific strengths in capturing the relationships between molecular 

descriptors and physicochemical properties. The regression models, TIs, and CQ extracts used 

in this study are described in the following sections. 

2.1. Topological indices.  

The skeletal structure of a molecule represents a simplified, two-dimensional depiction 

of its molecular framework, displaying only the arrangement of atoms and the bonds between 

them, without including hydrogen atoms bonded to carbon[32–35]. This structural 

representation is particularly useful for calculating topological indices because it highlights the 

connectivity and branching patterns of atoms in a molecule, which are essential for deriving 

molecular descriptors that correlate with physical and chemical properties[36]. 

A graph G(V, E) with vertex set V(G) and edge set E(G) is considered connected if 

there is a path linking every pair of vertices in G [37–40]. The distance between two vertices u 

and v, written as d(u, v) = ⅆ𝐺(u, v) is the length of the shortest path between the vertices in the 

graph G [12]. The degree of a vertex v in G, denoted §𝑣(𝐺) or simply ⅆ𝑣, when unambiguous, 

is the count of vertices in G that are adjacent to v. This concept of degree is analogous to the 

notion of valence in chemistry [30,41]. The indices used were defined as follows: 

ABC index, proposed by Estrada as[42]: 

𝐴𝐵𝐶(𝐺) =  ∑ √
𝛿𝑢+𝛿𝑢−2

𝛿𝑢𝛿𝑣
𝑒=𝑢𝑣∈𝐸(𝐺)  (1) 

 

The Randić index, proposed by Milan Randić as[43]: 
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𝑅(𝐺) =  ∑ √
1

𝛿𝑢𝛿𝑣
𝑒=𝑢𝑣∈𝐸(𝐺)   (2) 

The sum connectivity index[44], proposed by Zhou and Trinjstic as: 

𝑆(𝐺) =  ∑ √
1

𝛿𝑢+𝛿𝑣
𝑒=𝑢𝑣∈𝐸(𝐺)   (3) 

The GA index, proposed by Vukicevic et al., as [37,45,46]: 

𝐺𝐴(𝐺) =  ∑
2√𝛿𝑢𝛿𝑣

𝛿𝑢+𝛿𝑣
𝑒=𝑢𝑣∈𝐸(𝐺)   (4) 

The first and second Zagreb indices, proposed by Gutman and Trinajstic as [45,47]: 

𝑀1(𝐺) =  ∑ (𝛿𝑢 + 𝛿𝑣)𝑒=𝑢𝑣∈𝐸(𝐺)  (5) 

𝑀2(𝐺) =  ∑ (𝛿𝑢𝛿𝑣)𝑒=𝑢𝑣∈𝐸(𝐺)   (6) 

The Harmonic index, proposed by Fajtlowicz et al., as[48]: 

𝐻(𝐺) =  ∑
2

𝛿𝑢+𝛿𝑣
𝑒=𝑢𝑣∈𝐸(𝐺)   (7) 

The Hyper Zagreb index[47], proposed by Shirdel et al. as: 

𝐻𝑀(𝐺) =  ∑ (𝛿𝑢 + 𝛿𝑣)2
𝑒=𝑢𝑣∈𝐸(𝐺)  (8) 

The third Zagreb index[46], proposed by Fath-Tabar et al. as: 

𝑍𝐺3(𝐺) =  ∑ |𝛿𝑢 − 𝛿𝑣|𝑒=𝑢𝑣∈𝐸(𝐺)  (9) 

The forgotten index[38], proposed by Furtula et al. as: 

𝐹(𝐺) =  ∑  [(𝛿𝑢)2 + (𝛿𝑣)2]𝑒=𝑢𝑣∈𝐸(𝐺)  (10) 

The symmetric division index[49], proposed as: 

𝑆𝑆𝐷(𝐺) =  ∑  [
𝑃

𝑄
+

𝑄

𝑃
]𝑒=𝑢𝑣∈𝐸(𝐺)  (11) 

where, P = min(𝛿𝑢, 𝛿𝑣) and Q = max(𝛿𝑢 , 𝛿𝑣). 

2.2. Cissus quadrangularis extracts. 

CQ contains phytoconstituents, such as carbohydrates, phytosterols, flavonoids, 

triterpenoids, glycosides, tannins, saponins, proteins, Vitamin C, alkaloids, and calcium. These 

compounds have various pharmacological properties, including antimicrobial, antiulcer, anti-

inflammatory, antitumor, antihemorrhagic, antiallergic, antidiabetic, and antioxidant effects 

[50]. Notably, CQ plays a significant role in bone healing, fracture repair, and regeneration 

[51].  
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Different CQ extracts exhibited varying levels of bioactivity. The ethyl acetate fraction 

of CQ stem extracts showed the highest antioxidant activity, which was attributed to the 

presence of sterols, vitamin C, and tannins. The ethanolic extracts of CQ contain campesterol, 

β-sitosterol, stigmasterol, pterostilbene, resveratrol, and various flavonoids, which may 

contribute to its therapeutic effects [52]. CQ's diverse bioactive compounds make it a versatile 

medicinal plant with applications in treating various conditions, particularly in bone health and 

regeneration.  

   

(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

   
(m) (n) (o) 

Figure 1. Molecular Structure of CQ extracts of (a) Quercetin; (b) Kaempferol; (c) Beta-sitosterol; (d) Diosgenin; 

(e) Lycopene; (f) Gallotannins; (g) Caffeic acid; (h) Gallic acid; (i) Ferulic acid; (j) Sesamin; (k) Vitexin; 

(l) Emodin; (m) Aloe-emodin; (n) Oleanolic acid; (o) Palmitic acid;  
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Their antioxidant, antimicrobial, and anti-inflammatory properties further enhance their 

therapeutic potential. Recent research has also explored the use of CQ in green synthesis of 

nanoparticles and bone scaffolds, opening up new avenues for biomedical applications [53]. 

The most effective extracts are considered for the study. The corresponding molecular 

structures obtained from PubChem are shown in Figure 1. 

The physicochemical properties of CQ extracts taken from the globally recognized 

databases ChemSpider and PubChem are presented in Table 1. 

Table1. Physico-chemical properties of CQ extracts. 

Phytochemical BP (°C) MP (°C) Flash point (°C) Molar volume (cm³) Polarizability (cm³) IC50 (nM) 

Quercetin 642.4 316 248.1 168 29.1 10 

Kaempferol 582.1 275 226.1 169.5 28.3 28 

Beta-sitosterol 501.9 140 220.4 424.3 51.2 2500 

Diosgenin 527.1 203 272.6 366.9 47.3 6960 

Lycopene 660.9 175 350.7 604.2 74.1 5800 

Gallo tannins 1103.6 200 363 320.4 55.4 1000 

Caffeic acid 416.8 225 220 121.9 18.8 2 

Gallic acid 501.00 258 271 97.3 15.4 10000 

Ferulic acid 372.3 168 150.5 147.5 20.7 6440 

Sesamin 504.4 123 212.3 255.8 35.7 7100 

Vitexin 767.7 256 273.1 256.3 41.1 72 

Emodin 586.9 256 322.8 170.6 27.4 240 

Aloe-emodin 568.8 222 311.9 169.7 27.3 1000 

Oleanolic acid 553.5 310 302.6 414.9 53 90 

Palmitic acid 351.5 61.8 192 287.3 30.8 2600 

The physicochemical properties of the predicted CQ extracts calculated using well-

established degree-based indices are presented in Table 2. 

Table 2. TIs of CQ extracts. 

CQ extracts ABC R S GA H ZG3 SSD M1 M2 F HM 

Quercetin 17.34 10.38 10.83 22.99 9.83 22 57.67 120 145 324 614 

Kaempferol 16.57 9.97 10.42 22.13 9.50 20 54.33 114 137 304 578 

Beta-sitosterol 24.55 14.70 15.30 32.43 13.91 37 173.00 173 212 491 915 

Diosgenin 24.92 14.27 15.38 33.64 13.63 38 83.25 186 239 544 1022 

Lycopene 28.67 18.99 18.76 37.38 18.10 34 93.67 170 174 402 750 

Gallo tannins 95.79 57.35 59.61 126.06 54.13 132 321.00 658 787 1776 3350 

Caffeic acid 9.59 6.09 6.09 12.34 5.73 14 32.33 60 65 152 282 

Gallic acid 8.91 5.52 5.51 11.25 5.10 14 31.33 58 66 156 288 

Ferulic acid 10.19 6.63 6.62 13.40 6.30 14 33.67 64 70 160 300 

Sesamin 21.64 12.87 14.01 30.68 12.73 16 64.67 154 191 398 780 

Vitexin 24.36 14.72 15.38 32.74 14.03 28 80.00 170 208 458 874 

Emodin 15.89 9.40 9.84 21.03 8.87 20 53.33 112 138. 308 584 

Aloe-emodin 15.07 9.00 9.45 20.21 8.57 16 49.67 106 131 288 550 

Oleanolic acid 26.98 15.14 16.01 34.61 14.00 54 98.75 204 264 644 1172 

Palmitic acid 12.24 8.77 8.52 16.65 8.57 6 37.33 68 66 142 274 

2.3. Regression models. 

Regression models play a crucial role in QSAR and drug design by enabling the 

prediction of the biological activities and properties of molecules based on their structural 

features. These models help to establish quantitative relationships between molecular 

descriptors and target properties, facilitating drug discovery. In QSAR modeling, regression 

techniques, such as multiple linear regression and machine learning approaches, are commonly 
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employed to develop predictive models. These models can prioritize candidate molecules for 

laboratory experiments, thereby saving time and resources in the drug discovery pipeline [54].  

For instance, ensemble machine learning techniques, such as Random Forest and 

AdaBoost, have shown exceptional predictive accuracy across diverse datasets and target 

properties in QSAR modeling [5]. Interestingly, the integration of topological descriptors and 

chemical graph theory in regression models has proven significant in QSAR studies, allowing 

researchers to correlate chemical structures with physical properties and biological activity 

[55]. 

The use of cloud computing resources has enhanced computational capabilities for 

handling large amounts of chemical data, leading to more accurate and generalizable QSAR 

models. Regression models in QSAR and drug design provide valuable insights into structure-

activity relationships, aid in the prediction of bioactivities of new compounds, and help 

elucidate potential molecular mechanisms of receptor-ligand interactions. These models 

streamline the drug development process and contribute to the advancement of telemedicine 

applications by enabling rapid and accurate prediction of compound properties [56]. 

A good regression model is typically evaluated using several statistical metrics, each of 

which provides unique insights into its performance. The coefficient of determination (R²) is 

widely considered a standard metric for measuring the proportion of variance in the dependent 

variable explained by the model. The mean squared error (MSE) and its root variant, root mean 

squared error (RMSE), quantify the average squared difference between predicted and actual 

values [57,58]. These metrics provide valuable information that can be used to interpret specific 

contexts and goals. 

Hence, the performance of the models was evaluated using statistical metrics. R-

squared (R²) measures the proportion of variance in the response variable explained by the 

model, providing insight into its overall fit; mean squared error (MSE) captures the average of 

squared differences between predicted and observed values; and root mean squared error 

(RMSE) provides a measure in the same units as the response variable, making interpretation 

more intuitive. Using these metrics, we assessed the model accuracy and determined the 

topological indices that contributed most effectively to predicting the physical properties of 

CQ compounds. For each property, the performance of all four regression techniques was used 

to identify the most suitable modeling approach. This facilitates the identification of indices 

having the strongest correlation with properties such as melting point (MP), boiling point (BP), 

flash point (FP), polarizability (P), molar volume (MV), and IC50.  

Linear Regression (LR) and Multiple Linear Regression (MLR) models were used to 

analyze the relationship between the selected topological indices and key physical properties 

of compounds extracted from CQ. LR and MLR are statistical techniques commonly used for 

predictive modeling, where LR establishes a linear relationship between a single predictor 

variable and a response variable, whereas MLR extends this to multiple predictors, capturing 

more complex associations [59,60]. 

Linear Regression (LR) was used to assess the individual predictive power of each 

topological index for a given property. MLR was then applied to incorporate multiple indices 

simultaneously, aiming to improve the prediction accuracy by accounting for the combined 

influence of indices on each property. Using both LR and MLR enables the determination of 

individual and collective contributions of topological indices, enhancing the ability to 

accurately predict physical properties from the molecular structure. 
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Eleven well-established degree-based topological indices have been utilized to predict 

nine physical properties: boiling point (BP), melting point (MP), flash point (F), molar volume 

(MV), polarizability (P), and IC50(nM) for 15 medicinal compounds extracted from CQ, as 

shown in Figure 1, which are used to improve bone health.  

A linear regression model is of the form. 

𝑃 = 𝑎 + {𝑏 × 𝑇𝐼}  (12) 

where 𝑃 represents the physical properties of the drug, 𝑎 is a constant, 𝑏 is the 

regression coefficient, and TI denotes the topological index. The constant ‘a’ and the regression 

coefficient ‘b’ were computed using Python Libraries for seven physical properties and eleven 

degree-based topological indices of the molecular structures of the 14 drugs. Based on equation 

(1), the following are the linear regression models derived for the specified degree-based 

topological indices:  

Multiple linear regression (MLR) was then applied to incorporate multiple indices 

simultaneously, aiming to improve the prediction accuracy by accounting for the combined 

influence of indices on each property.  

A multilinear regression model is of the form. 

𝑃 = [𝑎𝑖] +  ∑  [𝑏𝑖 × 𝑇𝐼𝑖]𝑛
𝑖=1               (13) 

where 𝑃 represents the physical properties of the drug, 𝑎𝑖 is a constant, 𝑏𝑖 is the 

regression coefficient, and 𝑇𝐼𝑖 denotes the respective topological index.  

Random Forest Regression (RFR) was implemented as an ensemble learning method 

that constructs multiple decision trees during training and outputs the average prediction of 

individual trees for regression tasks. RFR handles nonlinear relationships effectively, capturing 

complex interactions between topological indices and properties that linear models might miss. 

The algorithm is less prone to overfitting than individual decision trees, resulting in a better 

generalization to unseen compounds. It provides built-in feature importance metrics, allowing 

the identification of the most influential topological indices for each property prediction. RFR 

manages high-dimensional data efficiently, accommodating the multiple topological indices 

used in our study. Our implementation of RFR involved optimizing key hyperparameters, 

including the number of trees in the forest, maximum tree depth, minimum number of samples 

required to split a node, and minimum number of samples required at a leaf node. Cross-

validation was employed to determine the optimal hyperparameter settings for each of the 

predicted physicochemical properties [61]. 

For the CQ compound analysis, Random Forest Regression with optimized 

hyperparameters was implemented for each property prediction. The number of trees varied 

between 100 and 500, depending on the specific property being predicted, with the maximum 

depth ranging from 10 to 30 to prevent overfitting while maintaining high predictive accuracy. 

Feature importance analysis from the Random Forest models provided valuable insights into 

which topological indices were the most influential in predicting each physicochemical 

property[62]. 

Random Forest Regression is an ensemble learning method that constructs multiple 

decision trees during training and outputs the mean prediction of individual trees for regression 

tasks. The model can be expressed as: 

https://doi.org/10.33263/LIANBS143.192
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𝑃 =
1

𝑁
 ∑ (𝑡𝑖) × (𝑇𝐼1, 𝑇𝐼2, 𝑇𝐼3, … , 𝑇𝐼𝑚)𝑁

𝑖=1   (14) 

where 𝑃 is the predicted property value, 𝑁 is the number of trees in the forest, 𝑡𝑖 

represents the prediction of the 𝑖-th tree, and (𝑇𝐼1, 𝑇𝐼2, 𝑇𝐼3, … , 𝑇𝐼𝑚) are the m topological 

indices used as input features [42]. 

Adaptive Boosting (AdaBoost) regression was employed as a meta-learning algorithm 

that combines multiple weak learners to create a strong predictive model. For our 

implementation, we used decision trees as base learners. Sequential training of weak learners, 

with each subsequent model focusing on instances where previous models performed poorly. 

Weighting training instances to emphasize difficult-to-predict compounds. Combining 

predictions through a weighted sum of outputs from individual weak learners. AdaBoost has 

proven particularly effective for datasets with complex relationships between molecular 

descriptors and properties because it can capture intricate patterns that simpler models might 

miss. For our CQ compound analysis, AdaBoost was configured with optimized parameters, 

including the maximum number of estimators, learning rate, and loss function [63]. 

AdaBoost Regression combines multiple weak learners (typically decision trees with a 

limited depth) to form a strong predictor. In our implementation, each weak learner was trained 

sequentially, with higher weights assigned to instances that previous learners predicted poorly. 

The final prediction is the weighted sum of all the weak learners' predictions. 

𝑃 = ∑ 𝛼𝑖ℎ𝑖(𝑇𝐼1, 𝑇𝐼2, 𝑇𝐼3 … 𝑇𝐼𝑚)𝑀
𝑖=1   (15) 

where 𝑃 is the predicted property value, 𝑀 is the number of weak learners, 𝛼𝑖 is the 

weight assigned to the i-th learner (determined during training based on its accuracy), ℎ𝑖 is the 

prediction of the i-th weak learner, and (𝑇𝐼1, 𝑇𝐼2, 𝑇𝐼3 … 𝑇𝐼𝑚) are the topological indices are 

used as features. The AdaBoost implementation utilizes decision trees with a maximum depth 

of three as base learners. The number of estimators was set between 50 and 200 based on the 

cross-validation performance for each property, with a learning rate of 0.01-0.1 to control the 

contribution of each weak learner to the final ensemble model [64]. 

3. Results and Discussion 

Statistical studies have covered areas such as antioxidant activity, antimicrobial 

properties, bone healing, weight management, and various phytochemical constituents [65].As 

per the literature, studies that provide insight into physicochemical property predictions have 

not yet been explored. Hence, the aforementioned regression analysis could potentially be used 

to explore the relationships between extract concentrations, phytochemical compositions, and 

biological effects. The statistical metrics obtained from this analysis are discussed in this 

section.  

Correlation values play a crucial role in regression analysis, providing insights into the 

relationships between variables and guiding model interpretation. These correlation measures 

are essential for understanding the underlying structure of the data and can inform variable 

selection in regression models. Pearson’s correlation coefficient is commonly used to analyze 

continuous data. The coefficients range from -1 to +1, with 0 indicating no association and 

values closer to ±1 suggesting stronger relationships. The correlation between the properties 

and indices is shown in Table 3. 
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Table 3. Correlation between properties and indices.  

Property ABC R S GA 𝑴𝟏 𝑴𝟐 H HM ZG3 F SSD 

BP 0.87 0.87 0.87 0.87 0.87 0.84 0.79 0.87 0.87 0.86 0.86 

MP -0.03 -0.06 -0.05 -0.04 -0.07 0.10 -0.09 0.00 0.03 0.04 0.04 

F 0.57 0.57 0.57 0.56 0.56 0.59 0.49 0.57 0.56 0.57 0.57 

MV 0.37 0.38 0.37 0.36 0.38 0.38 0.45 0.35 0.34 0.35 0.34 

P 0.57 0.58 0.57 0.57 0.58 0.58 0.61 0.56 0.55 0.56 0.55 

IC50 -0.17 -0.16 -0.16 -0.17 -0.16 -0.20 -0.18 -0.18 -0.19 -0.20 -0.20 

The correlations ≥ 0.6 exhibit good predictive ability. These data are presented 

pictorially in Figure 2 for better understanding. 

 
Figure 2. Correlation graphs between properties and indices of CQ extracts.  

To evaluate the performance of the models, we used the R-squared (R²), mean squared 

error (MSE), and root mean squared error (RMSE) as evaluation metrics. The R-squared 

measures the proportion of variance in the response variable explained by the model, providing 

insight into its overall fit. MSE and RMSE quantify the model’s prediction errors, with MSE 

capturing the average of squared differences between predicted and observed values, and 

RMSE providing a measure in the same units as the response variable, making the 

interpretation more intuitive. Using these metrics, we could assess the model accuracy and 

determine which contributed most effectively to predicting physical properties. The statistical 

parameters of the linear regression models are listed in Table 4. 

Table 4. Statistical parameters of CQ - linear regression.  

BP a b R2 MSE RMSE 

ABC(G) 7.54 398.77 0.76 7399.14 86.02 

R(G) 12.61 396.38 0.75 7595.07 87.15 

S(G) 12.13 396.75 0.76 7513.25 86.68 

GA(G) 5.73 397.50 0.76 7447.74 86.30 

H(G) 13.34 395.49 0.75 7675.54 87.61 

SSD(G) 0.39 405.70 0.74 8070.75 89.84 

ZG3(G) 1.91 414.81 0.62 11691.12 108.13 

M1(G) 426.04 4.02 0.76 7512.14 86.67 

M2(G) 1.09 401.19 0.76 7488.32 86.54 

F(G) 0.89 404.24 0.75 7764.53 88.12 

HM(G) 0.21 404.94 0.74 7917.30 88.98 

The linear equation derived from linear regression is represented in Figure 3. 
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Figure 3. Linear regression of physicochemical properties of CQ.  

In the regression analysis of molecular structures, the actual and predicted values play 

a crucial role in assessing the performance and accuracy of the model. Actual values represent 

the experimentally observed or measured properties of molecules, while the predicted values 

are those estimated by the regression model based on molecular descriptors. The difference 

between actual and predicted values helps evaluate the model's accuracy and predictive power, 

and different statistical methods can yield varying levels of accuracy. The actual and predicted 

values for each property are presented in the following sections. 

The data of the actual physicochemical properties and the corresponding predictions 

from the linear regression analysis are listed in Tables 5 to 7. 

Table 5. Comparison between actual BP and predicted BP from indices. 

Phyto 

chemical 

Actual 

Bp 
ABC R S Ga H SSD ZG3 M1 M2 F Hm 

Quercetin 642.40 529.54 527.23 528.11 529.22 526.69 525.16 531.32 531.42 533.42 532.16 532.73 

Kaempferol 582.10 523.69 522.05 523.16 524.26 522.24 518.78 521.37 524.91 526.29 524.36 525.24 

Beta-
sitosterol 

501.90 583.85 581.72 582.33 583.27 581.07 745.86 605.89 588.94 593.11 597.35 595.37 

Diosgenin 527.10 586.70 576.24 583.28 590.20 577.32 574.11 610.86 603.05 617.16 618.03 617.64 

Lycopene 660.90 614.94 635.76 624.32 611.62 636.98 594.05 590.97 585.68 559.25 562.61 561.03 

Gallotannins 1103.60 1121.02 1119.36 1119.78 1119.64 1117.76 1029.06 1078.18 1115.28 1105.36 1098.90 1102.15 

Caffeic acid 416.80 471.07 473.18 470.64 468.21 471.98 476.68 491.54 466.31 462.15 465.03 463.63 

Gallic acid 501.00 465.95 465.96 463.63 461.94 463.53 474.77 491.54 464.14 463.04 466.59 464.88 

Ferulic acid 372.30 475.58 479.96 477.00 474.26 479.54 479.23 491.54 470.65 466.60 468.15 467.38 

Sesamin 504.40 561.91 558.56 566.72 573.23 565.38 538.55 501.49 568.32 574.40 561.05 567.28 

Vitexin 767.70 582.46 581.97 583.33 585.07 582.72 567.90 561.15 585.68 589.54 584.46 586.84 

Emodin 586.90 518.57 514.84 516.15 518.00 513.79 516.87 521.37 522.74 527.18 525.92 526.49 

Aloe-

emodin 
568.80 512.41 509.87 511.37 513.27 509.79 509.85 501.49 516.23 520.94 518.11 519.41 

Oleanolic 

acid 
553.50 602.16 587.25 590.94 595.79 582.31 603.77 690.41 622.58 639.43 657.06 648.86 

Palmitic acid 351.50 491.05 506.94 500.15 492.91 509.79 486.25 451.77 474.99 463.04 461.13 461.97 

Table 6. Comparison between actual FP and predicted FP from indices. 

Phyto 

Chemical 

Actual 

FP 
ABC R S GA H SSD ZG3 M1 M2 F HM 

Quercetin 248.1 252.37 251.88 252.13 252.42 251.83 251.98 252.00 252.79 253.25 252.78 253.00 

Kaempferol 226.1 251.10 250.76 251.06 251.36 250.87 250.66 249.67 251.38 251.71 251.06 251.36 

Beta-sitosterol 220.4 264.17 263.70 263.83 264.02 263.55 297.48 269.46 265.27 266.16 267.17 266.70 

Diosgenin 272.6 264.78 262.51 264.03 265.51 262.75 266.18 270.62 268.32 271.37 271.74 271.57 

Lycopene 350.7 270.92 275.42 272.88 270.11 275.61 266.18 265.97 264.56 258.84 259.50 259.19 

Gallotannins 363 380.86 380.34 379.76 379.15 379.26 355.87 380.04 379.39 376.99 377.94 377.54 

Caffeic acid 220 239.66 240.15 239.73 239.32 240.04 241.98 242.68 238.68 237.83 237.95 237.88 

Gallic acid 271 238.55 238.59 238.22 237.98 238.21 241.59 242.68 238.20 238.02 238.30 238.16 

Ferulic acid 150.5 240.64 241.62 241.11 240.62 241.67 242.51 242.68 239.62 238.79 238.64 238.70 

Sesamin 212.3 259.40 258.68 260.46 261.87 260.17 254.74 245.01 260.79 262.11 259.16 260.55 

y = 0.2081x + 404.94
R² = 0.7437
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Phyto 

Chemical 

Actual 

FP 
ABC R S GA H SSD ZG3 M1 M2 F HM 

Vitexin 273.1 263.86 263.76 264.04 264.41 263.91 260.79 258.98 264.56 265.39 264.33 264.83 

Emodin 322.8 249.98 249.19 249.55 250.01 249.05 250.27 249.67 250.91 251.90 251.40 251.63 

Aloe-emodin 311.9 248.65 248.11 248.52 249.00 248.19 248.82 245.01 249.50 250.55 249.68 250.08 

Oleanolic acid 302.6 268.14 264.90 265.68 266.71 263.82 268.19 289.25 272.56 276.18 280.36 278.40 

Palmitic acid 192 244.01 247.48 246.10 244.63 248.19 243.96 233.37 240.56 238.02 237.09 237.52 

Table 7. Comparison between actual P and predicted P from indices. 

Phyto 

chemical 
Actual P ABC R S GA H SSD ZG3 M1 M2 F HM 

Quercetin 29.10 34.32 34.13 34.21 34.52 33.08 34.82 35.15 35.64 36.42 36.34 36.38 

Kaempferol 28.30 33.98 33.82 33.91 34.25 32.72 34.28 34.47 35.33 36.15 35.99 36.07 

Beta-
sitosterol 

51.20 37.50 37.38 37.41 37.19 39.33 36.88 36.51 35.81 35.05 35.06 35.06 

Diosgenin 47.30 37.66 37.05 37.47 38.21 40.02 37.60 37.42 36.79 35.93 35.94 35.93 

Lycopene 74.10 39.31 40.60 39.89 38.93 39.74 39.76 39.46 38.34 37.47 37.81 37.65 

Gallotannins 55.40 68.90 69.46 69.16 68.62 70.93 68.91 67.59 65.97 62.86 63.58 63.25 

Caffeic acid 18.80 30.90 30.90 30.81 30.62 29.21 31.10 32.43 31.83 32.66 32.64 32.65 

Gallic acid 15.40 30.60 30.47 30.40 30.22 28.83 31.11 32.65 31.61 32.51 32.58 32.55 

Ferulic acid 20.70 31.17 31.31 31.19 30.99 29.88 31.19 32.43 32.01 32.81 32.73 32.77 

Sesamin 35.70 36.21 36.00 36.49 36.86 37.04 35.04 33.11 36.21 36.32 35.84 36.07 

Vitexin 41.10 37.41 37.39 37.47 37.54 37.58 37.15 36.28 37.45 37.57 37.36 37.46 

Emodin 27.40 33.68 33.39 33.50 33.59 31.88 33.72 34.01 34.88 35.90 35.72 35.81 

Aloe-emodin 27.30 33.32 33.09 33.22 33.69 32.22 33.26 32.88 34.75 35.80 35.47 35.62 

Oleanolic 

acid 
53.00 38.57 37.71 37.92 38.22 39.56 39.26 41.05 37.59 36.72 37.24 36.99 

Palmitic acid 30.80 32.07 32.91 32.56 32.12 33.58 31.54 30.16 31.39 31.41 31.29 31.35 

3.2. Multi linear regression. 

The data of the actual physicochemical properties and the corresponding predictions 

from the multilinear regression analysis calculated using Equation 2 are listed in Table 8. 

Table 8. Comparison between actual values and predicted values of the MLRs. 

Phyto chemical 
P A P A P A 

BP FP P 

Quercetin 642.4 579.35 248.1 271.24 29.1 26.09 

Kaempferol 582.1 555.29 226.1 258.86 28.3 27.35 

Beta-sitosterol 501.9 501.90 220.4 220.40 51.2 51.20 

Diosgenin 527.1 527.10 272.6 272.60 47.3 47.30 

Lycopene 660.9 557.11 350.7 307.32 74.1 61.73 

Gallotannins 1103.6 1152.04 363 378.36 55.4 60.60 

Caffeic acid 416.8 473.12 220 238.70 18.8 25.35 

Gallic acid 501 519.14 271 269.17 15.4 21.77 

Ferulic acid 372.3 412.03 150.5 147.56 20.7 20.84 

Sesamin 504.4 519.49 212.3 205.61 35.7 37.40 

Vitexin 767.7 608.96 273.1 224.04 41.1 26.57 

Emodin 586.9 601.31 322.8 289.34 27.4 23.78 

Aloe-emodin 568.8 610.04 311.9 307.30 27.3 27.43 

Oleanolic acid 553.5 553.50 302.6 302.60 53 53.00 

Palmitic acid 351.5 470.52 192 244.00 30.8 45.19 

P-Predicted; A-Actual. 

The statistical parameters derived from the multiple linear regression models are listed 

in Tables 9 and 10, respectively. 

Table 9. Statistical parameters of the MLR model of CQ.  

Physical 

property 

Coefficients 

of ABC (G) 

Coefficients 

of R (G) 

Coefficients 

of S (G) 

Coefficients 

of GA (G) 

Coefficients 

of M1 

Coefficients 

of M2 

Coefficients 

of H (G) 

Coefficients 

of HM (G) 

BP 1327.25 -314.85 32.60 170.45 -303.63 34.49 -390.21 35.87 

F 2390.87 -776.90 99.49 660.08 -640.80 62.91 -713.40 69.50 
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Physical 

property 

Coefficients 

of ABC (G) 

Coefficients 

of R (G) 

Coefficients 

of S (G) 

Coefficients 

of GA (G) 

Coefficients 

of M1 

Coefficients 

of M2 

Coefficients 

of H (G) 

Coefficients 

of HM (G) 

P 211.97 -87.28 14.02 94.22 -66.92 5.23 -62.17 6.50 

Table 10. Statistical parameters of the MLR model of CQ. 

Physical 

property 

Coefficients of 

H (G) 

Coefficients of 

HM (G) 

Coefficients of 

ZG3 

Coefficients of 

F (G) 

Coefficients of 

SSD (G) 
Intercept R2 MSE RMSE 

BP -390.21 35.87 4.40 -33.10 0.04 426.54 0.86 4292.82 65.52 

F -713.40 69.50 32.95 -56.33 0.52 225.13 0.80 692.26 26.31 

P -62.17 6.50 3.84 -3.96 0.17 16.42 0.81 47.18 6.87 

3.3. Random forest regression. 

The data of the actual physicochemical properties and the corresponding predictions 

from the Random Forest Regression analysis calculated from Equation 3 are listed in Table 11. 

Table 11. Comparison between actual and predicted values of the RFR. 

Phyto chemical 
A P A P A P A P A P A P 

BP MP FP MV P IC50 

Quercetin 642.4 621.25 316 293.82 248.1 260.76 168 169.56 29.1 28.74 10 332.87 

Kaempferol 582.1 588.35 275 272.96 226.1 264.80 169.5 170.25 28.3 28.19 28 371.27 

Beta-sitosterol 501.9 525.82 140 177.17 220.4 233.28 424.3 399.08 51.2 50.30 2500 2163.67 

Diosgenin 527.1 543.13 203 218.49 272.6 274.21 366.9 373.61 47.3 48.05 6960 4908.60 

Lycopene 660.9 672.46 175 202.08 350.7 320.22 604.2 500.55 74.1 63.24 5800 3669.80 

Gallotannins 1103.6 954.29 200 208.01 363 335.24 320.4 372.23 55.4 56.77 1000 1538.33 

Caffeic Acid 416.8 422.01 225 217.68 220 216.26 121.9 126.76 18.8 18.89 2 1474.80 

Gallic Acid 501 471.21 258 239.40 271 251.30 97.3 111.41 15.4 17.09 10000 6916.40 

Ferulic Acid 372.3 407.44 168 189.35 150.5 167.34 147.5 138.93 20.7 20.13 6440 5433.53 

Sesamin 504.4 531.13 123 172.54 212.3 230.39 255.8 274.22 35.7 40.71 7100 5165.33 

Vitexin 767.7 692.84 256 237.34 273.1 262.60 256.3 319.19 41.1 46.10 72 1091.00 

Emodin 586.9 583.09 256 258.87 322.8 303.48 170.6 171.00 27.4 27.67 240 478.47 

Aloe-emodin 568.8 556.89 222 220.51 311.9 287.54 169.7 180.37 27.3 27.73 1000 1344.87 

Oleanolic Acid 553.5 593.24 310 310.00 302.6 302.60 414.9 414.90 53 53.00 90 90.00 

Palmitic Acid 351.5 392.85 61.8 105.21 192 244.00 287.3 386.34 30.8 45.19 2600 2795.05 

P-Predicted; A-Actual. 

The statistical metrics obtained during the random forest regression analysis are listed 

in Table 12. 

Table 12. Statistical parameters of RFR. 

Property R2 MSE RMSE 

BP 0.92 2377.15 48.76 

MP 0.85 705.02 26.55 

FP 0.89 378.45 19.45 

MV 0.92 1433.74 37.86 

P 0.95 12.39 3.52 

IC50 0.83 1825129.95 1350.97 

3.4. AdaBoost. 

The data of the actual physicochemical properties and the corresponding predictions 

from the AdaBoost regression analysis calculated from Equation 4 are listed in Table 13. 

Table 13. Comparison between actual and predicted values of the AdaBoost. 

Phyto chemical 
A P A P A P A P A P A P 

BP MP FP MV P IC50 

Quercetin 642.4 607.05 316 286.00 248.1 240.50 168 169.70 29.1 29.67 10 939.67 

Kaempferol 582.1 605.60 275 270.50 226.1 236.67 169.5 169.70 28.3 29.10 28 939.67 
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Phyto chemical 
A P A P A P A P A P A P 

BP MP FP MV P IC50 

Beta-sitosterol 501.9 533.86 140 142.75 220.4 237.79 424.3 419.60 51.2 51.20 2500 2500.00 

Diosgenin 527.1 541.82 203 203.00 272.6 257.65 366.9 366.90 47.3 47.30 6960 6380.00 

Lycopene 660.9 660.90 175 191.67 350.7 350.70 604.2 604.20 74.1 74.10 5800 5800.00 

Gallotannins 1103.6 1103.60 200 200.00 363 356.85 320.4 320.40 55.4 55.40 1000 1000.00 

Caffeic Acid 416.8 416.80 225 217.75 220 220.00 121.9 121.90 18.8 19.75 2 2.00 

Gallic Acid 501 501.00 258 226.50 271 271.00 97.3 109.60 15.4 15.40 10000 10000.00 

Ferulic Acid 372.3 372.30 168 204.00 150.5 150.50 147.5 147.50 20.7 20.70 6440 5740.00 

Sesamin 504.4 537.13 123 142.75 212.3 227.88 255.8 256.30 35.7 35.70 7100 6450.00 

Vitexin 767.7 767.70 256 256.00 273.1 256.30 256.3 256.30 41.1 41.10 72 872.67 

Emodin 586.9 605.60 256 267.90 322.8 311.90 170.6 169.70 27.4 29.10 240 1000.00 

Aloe-emodin 568.8 571.10 222 207.80 311.9 311.90 169.7 169.70 27.3 29.10 1000 1765.71 

Oleanolic Acid 553.5 553.50 310 310.00 302.6 287.85 414.9 407.60 53 52.49 90 872.67 

Palmitic Acid 351.5 372.30 61.8 61.80 192 192.00 287.3 287.30 30.8 29.67 2600 2277.78 

P-Predicted; A-Actual. 

The statistical metrics obtained during the AdaBoost analysis are listed in Table 14. 

Table 14. Statistical parameters of AdaBoost. 

Property R2 MSE RMSE 

BP 0.99 326.60 18.07 

MP 0.94 285.31 16.89 

FP 0.97 106.31 10.31 

MV 1.00 15.38 3.92 

P 1.00 0.64 0.80 

IC50 0.97 364379.73 603.64 

3.5. Discussion. 

In this study, the properties of CQ extracts were predicted using TIs, and the results 

were validated using linear regression (LR) and multiple linear regression (MLR) models. We 

aimed to predict the IC50, polarizability (P), molar volume (MV), flash point (F), melting point 

(MP), boiling point (BP), and polarizability (P). 

The results demonstrated that certain topological indices exhibited strong correlations 

with specific properties. For example, M2 and HM(G) showed significant correlations with BP, 

making LR effective in predicting this property. However, MLR provided superior 

performance for BP, as it accounted for the combined influence of all indices, yielding more 

accurate predictions. For MP, LR yielded a near-zero R-squared value, indicating poor 

predictive capability. In contrast, MLR achieved a substantial R-squared value of 0.86, 

highlighting its advantage in cases where multiple indices collectively explain variability. 

When MLR was applied, the R-squared value increased to 0.68, demonstrating its 

capacity to model moderate correlations effectively. The regression models demonstrated 

varying predictive capabilities for different physicochemical properties of Cissus 

quadrangularis compounds, with ensemble methods outperforming linear approaches in most 

cases.  

The key findings of the regression analysis are summarised in the following phrases: 

The LR model achieved moderate performance (𝑅2=0.76) with ABC(G) as the most 

influential index, the MLR showed a improved accuracy (𝑅2=0.86) using 11 indices, notably 

ABC(G) and R(G). The Random Forest regression(RFR) significantly enhanced predictions 

(𝑅2=0.92, RMSE = 48.76) by capturing nonlinear relationships. The AdaBoost delivered near-
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perfect accuracy (𝑅2=0.99, RMSE = 18.07), reducing errors by 72% compared with MLR for 

Boiling Point.  

The RFR showed improved predictions (𝑅2=0.85, RMSE = 26.55) using SSD(G) and 

H(G) and AdaBoost achieved the highest accuracy (𝑅2=0.94, RMSE = 16.89) by focusing on 

the outliers for melting point. Where as for Flash Point (FP), the RFR exhibited reduced RMSE 

to 19.45 (𝑅2=0.89) and AdaBoost gave optimized predictions (𝑅2=0.97, RMSE = 10.31) 

leveraging sequential error correction.  

Both RFR and AdaBoost models achieved near-perfect fits (𝑅2=0.92 and 0.99, 

respectively), with AdaBoost’s RMSE (3.92) being 92% lower than that of MLR for Molar 

Volume (MV). The RFR outperformed linear models (𝑅2=0.95, RMSE = 3.52) using ZG3(G). 

The AdaBoost provided nearly flawless predictions (𝑅2=0.997, RMSE = 0.80), demonstrating 

exceptional precision for Polarizability (P). Also the AdaBoost model excelled (𝑅2=0.97, 

RMSE = 603.64), reducing errors by 89% compared with RFR for IC50 (Bioactivity). 

3.5.1. Key advancements revealed by RFR and AdaBoost. 

The AdaBoost reduced prediction errors by 72-89% compared to MLR, leveraging 

sequential error correction across topological indices such as SSD(G) and H(G) for the property 

Boiling Point. For Bioactivity (IC50), the AdaBoost achieved 𝑅2=0.97 for IC50 predictions by 

resolving nonlinear dose-response patterns through boosted decision trees, outperforming RFR 

(𝑅2=0.83) and MLR (𝑅2=0.40) and for molecular Polarizability: AdaBoost delivered near-

perfect predictions (RMSE = 0.80 vs. MLR's 6.87) by optimizing weak learners on ZG3(G) 

indices, which correlate with electron distribution patterns. 

3.5.2. Practical implications. 

In drug discovery, AdaBoost demonstrated remarkable predictive ability for IC50 

values, achieving an accuracy with RMSE = 603.64 nM, which enabled the rapid identification 

of bioactive candidates solely on the basis of structural descriptors. In the field of green 

chemistry, the model’s near-perfect prediction of molar volume with 99% accuracy (RMSE = 

3.92) provides a powerful tool for solvent selection without the need for labor-intensive 

experimental trials. Furthermore, feature importance analysis from the RFR model highlighted 

ABC(G) and SSD(G) as consistently influential indices, thereby confirming their significance 

in quantifying molecular branching patterns and surface-related interactions. 

This work establishes ensemble methods as essential tools for phytochemical modeling, 

with AdaBoost particularly suited for properties requiring high precision (polarizability and 

flash points) and RFR ideal for initial feature selection. Future studies should focus on 

integrating these models with 3D topological indices to bridge the gap between computational 

predictions and experimental observations. 

4. Conclusions 

This study illustrates the substantial enhancement in the predictive accuracy of 

topological indices for characterizing Cissus quadrangularis compounds through the 

application of advanced ensemble methods in contrast to conventional regression techniques. 

Multiple linear regression (MLR) laid the groundwork by integrating the effects of indices such 

as ABC(G) for boiling point prediction. Nevertheless, random forest regression (RFR) and 

AdaBoost outperformed MLR by directly modeling intricate nonlinear relationships and 

https://doi.org/10.33263/LIANBS143.192
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS143.192 

 https://nanobioletters.com/ 17 of 21 

 

refining predictions through iterative enhancements. This research ultimately contributes to the 

field by offering methodologies that can streamline the identification and development of 

promising Cissus quadrangularis-derived compounds for pharmaceutical applications. 
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