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Abstract: Background: Modulating the enzymatic activity of amylase holds significant therapeutic promising in 

diabetes mellitus, primarily due to its ability to catalyze the hydrolysis of starch into simpler sugars. This study 

employs machine learning model utilizing experimental dataset, focusing on designing inhibitors of α-amylase. 

Methods: Despite limited information regarding in silico predictive models’ capability related to α-amylase, a 

significant dataset was collected followed by the application of multiple linear regression-based machine learn-

ing technique (MLR-ML) to forecast the inhibitory activity of α-amylase inhibitors as potential antidiabetic 

agents. Results: The model exhibited excellent R2 correlation values of 0.888 and 0.889 for training and prediction 

sets, respectively. These findings underscore the efficacy of an in silico approach employing ML techniques in 

identifying potential antidiabetic compounds. Conclusion: Collectively, the study demonstrates that this ap-

proach is a viable strategy for development of medicinal agents that capable of regulating postprandial hyper-

glycemia and mitigating diabetes risk. 
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1. Introduction 

Diabetes mellitus (DM) is a collection of metabolic and chronic disorders marked by atypical 

carbohydrate, protein, lipid, electrolysis metabolism, and blood glucose levels.[1] Elevated glucose 

levels arise from insulin secretion, activity, or a combination of both factors. Type-1 DM develops 

when the pancreas fails to secrete insulin, while type-2 DM is initiated by inadequate insulin produc-
tion.[2] According to the World Health Organization, DM directly led to around 1.5 million deaths in 

2012 (Organization W.H., 2014). The International Diabetes Federation reported that the global dia-

betes prevalence in individuals aged 20-79 was estimated to be 10.5%, encompassing 536.6 million 

people. This figure is projected to rise to 12.2%, affecting 783.2 million individuals by 2045.[3] This 

notable increase in diabetes cases is predominantly attributed to type-2 DM, constituting over 90% of 

these instances. The combined numbers of this disease have advanced into a significant global health 

concern, characterized by its continual rise and the onset of severe complications.[4,5] The diabetes 

epidemic is considerably influenced by the aging of the global population, with older adults forming 

one of the rapidly expanding segments within this demographic.[6] Guaranteeing appropriate glu-

cose-lowering treatments is crucial, particularly among older individuals with diabetes mellitus 

(DM).[7] 

The therapeutic goal to control DM heavily hinges on maintaining the glycemic levels within a 

regulated range. Accomplishing this goal is critical to lowering the risk of vascular complications and 

minimizing the incidence of hypoglycemia in DM patients [8] Of the several conventional therapies 

available, including the use of oral hypoglycemic agents that stimulate endogenous insulin secretion, 

inhibiting the breakdown of dietary starch by enzymes such as α-amylase and α-glucosidase is also 

a powerful therapeutic alternative to control type-2 DM. Modern drug discovery research focuses 

significantly on inhibiting enzymes associated with metabolic disorders, including Type 2 Diabetes 
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(T2D). Since α-amylase is a critical enzyme in insulin regulation, inhibiting their activity becomes a 
therapeutic target for slowing down glucose absorption and suppressing postprandial hyperglyce-

mia. Therefore, in this report, we focus on in-silico screening of α-amylase inhibitors, which can ef-

fectively hinder the digestion of carbohydrates and control the fluctuation of hyperglycemic condi-

tions.[9] 

Physiologically, amylase is a digestive enzyme primarily secreted by the pancreas and salivary 
glands. It is also found in trace amounts in other tissues within the body. The principal function of 

amylase is to break down the glycosidic bonds present in starch molecules, converting complex car-

bohydrates into simple sugars. Chemically, natural amylases exist in two forms: endo-amylases and 

exo-amylases.[10] These enzymes are grouped into three main classes- alpha (α), beta (β), and gamma 

(g) amylases, based on their catalytic functions and structures, each having specific segments on the 
carbohydrate molecules during the digestion process. [11,12] An instance of endo-amylases is α-am-

ylase, which operates on the nonreducing end of starch molecules during hydrolysis.[13] This en-

zyme functions within the interior sections of the amylose or amylopectin polymer of starch. [14] In 

contrast, exo-amylases encompass both β-amylase and γ-amylase and hydrolyze the non-reducing 

end of starch molecules by cleaving the -1,4-glycosidic linkage specifically from the outer polysac-

charide chains.[15,16] 

The key amylase enzyme in humans is α-amylase, this calcium metalloenzyme participates in 

carbohydrate metabolism and cleaves glucose from the non-reducing end of the polysaccharides via 

hydrolyzing α-1,4 links.[17] This process converts larger glucose fragments into smaller units, ulti-

mately yielding mono-, di-, and trisaccharides.[18] Therefore, inhibition of α-amylase leads to a re-

duction in blood glucose levels and aids in mitigating complications linked to hyperglycemia.[19] As 

such, there has been a persistent focus on developing drugs aimed towards the maintenance of post-

prandial blood glucose by inhibiting α-amylase. Although this effort is crucial for developing, pre-

venting, and treating diabetes in patients, the design and development of amylase-selective inhibitors 

are not trivial.[20] [21,22] This is because α-amylase is one of the key enzymes that is required for 

maintaining glucose homeostasis – a sub-optimal maintenance of which will lead to metabolic and 

microbiome-associated side effects. Therefore, this work will complement the drug development 

campaign of designing a potent α-amylase inhibitor by employing in silico techniques such as ma-

chine learning (ML)-based Quantitative Structure-Activity Relationship (QSAR) analysis.[23-26] 

Building on the application of QSAR modeling of nitroaromatic toxicity prediction by Daghighi et 

al., (2022), the approach in current work utilizes a ML-QSAR model with a genetic algorithm (GA) 

for a feature/descriptor selection. This strategy diverges from ensemble learning methods by focusing 

on a single optimized model. [27-29] 

In silico modeling expedites the screening of extensive databases of experimental data in a high-

throughput manner, streamlining the process of drug discovery and development.[30] QSAR study, 

extensively utilized in drug discovery enables the prediction and optimization of the biological ac-

tivity of compounds by identifying optimal binding between an inhibitor and the amylase enzyme. 

[31,32] The application of QSAR has long been recognized as an effective strategy for structure- and 

knowledge-based drug design and optimization. Additionally, it has widespread use in characteriz-

ing the biophysical properties of diverse chemicals as well as for characterizing the biophysical prop-

erties of various chemicals.[33] This technique involves leveraging data analysis methods and statis-
tics to develop models that accurately predict the biological activities or properties of compounds 

based on their structural characteristics.[34,35] This method relies on establishing empirical relation-

ships between the biological activities (or other properties of interest) of molecules and their com-

puted or experimentally measured structural properties (molecular descriptors). These relationships 

are typically represented as mathematical transformations of descriptors, aiming to calculate prop-
erty values for all molecules. [36] 

The overarching goal of QSAR modeling is to identify trends in descriptor values that reflect 

biological activity. This process establishes a quantitative link between chemical structures and spe-

cific parameters like biological activity or chemical reactivity, enabling the prediction of biological 

responses for various chemical structures. This predictive capability is vital in drug discovery and 

development, where QSAR models assist in screening chemical databases to identify potential drug 

candidates efficiently.[37] For instance, Dieguez-Santana et al. utilized artificial intelligence tech-

niques to develop QSAR models targeting antidiabetic agents against both α-amylase and α-gluco-

sidase enzymes, resulting in the identification of 30 top-ranked compounds from a vast chemical 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 April 2025 doi:10.20944/preprints202504.1159.v1

https://doi.org/10.20944/preprints202504.1159.v1


3 of 6 

database.[38] Likewise, Izadpanah et al. focused on a series of 35 α-glucosidase inhibitors, utilizing 
Genetic Algorithm (GA), multiple linear regression (MLR), and least squares-support vector machine 

(SVM) methods to construct QSAR models. They identified a single descriptor called DELS, which 

was highly correlated with inhibitory activity and was chosen to build a simple model. The research-

ers used molecular docking to study how the inhibitor (ligand) interacts with α-glucosidase in the 

active regions. This allowed them to identify the optimal binding mode and the area responsible for 
the enzyme functions.[39] This approach aligns with Duhan et al., who similarly used molecular 

docking to investigate the production of a novel thiazole-clubbed pyrazole hybrid as an α-amylase 

inhibitor. Their study revealed binding interactions between the synthesized compounds and the 

active site of α-amylases, shedding light on the molecular mechanism underlying inhibition. In ad-

dition, the study extended beyond molecular docking to include QSAR modeling and employing 
Monte Carlo optimization methods. Through QSAR analysis, the study identified two compounds, 

showing more than 85% inhibition of the enzyme at 50µg/mL.[40] Like this study, their approach 

aimed to identify molecular features related to anti-diabetic activity. Mitra et al. (2022) developed a 

regression model based on a dataset of 157 α-amylase and α-glucosidase dual inhibitors. Their com-

prehensive analysis incorporating both 2D-QSAR and 3D-QSAR models revealed that specific chem-

ical properties and structural features are crucial for the increased activity of inhibitors. For example, 

in 2D-QSAR models, features including lipophilicity, dipole moments, sphericity, hydrogen bond 

donors in molecules, and certain structural moieties were found to be critical for augmenting the 

activity of the inhibitors. On the other hand, the 3D-QSAR models can underscore the importance of 

statistically significant 3D electrostatic, and electrostatic steric fields, which are also required to 

achieve more potent binding potentials between the inhibitors and targets.[41] 

In line with these earlier reports, the techniques applied in current study highlight the im-

portance of 3D descriptors in capturing the relationship between structural features and biological 

activity. For constructing QSAR models in this research, QSARINS software has been used.[42] The 

relationship between biological activity and structural properties was determined through the appli-

cation of the variable selection GA and MLA methods.[43,44] Usually, the GA is an integral part of 

the analysis, which was utilized to select the optimal number and set of descriptors. The goal is to 

leverage the power of GA to identify the most critical structural features of the α-amylase molecule 

that influence its inhibitory potential in the context of anti-diabetic discovery. The use of GA facili-

tated the identification of descriptors that significantly contributed to the predictive power of MLR 

equations, enhancing the precision and relevance of the model in the context of the dataset under 

investigation.[45],44 

 

Figure 1. Example structures of α-amylase inhibitor used in this study. 

2. Materials and Methods 

The dataset includes pre-clinical assays of 130 α-amylase enzyme inhibitors sourced from the 

ChEMBL database and some representative structures are depicted in Figure 1. Initially, we curated 

the dataset by eliminating duplicates in the dataset ending up with 53 inhibitor compounds. Then 

these compounds were sorted an ascending order by the target value (pIC50) in the guinea pig 
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pancreas (Cavia porcellus) organism assay and then the data was split taking the fifth case in the series 

to the test keeping a ratio 4:1 (training: test) which accounts for the 80% and 20%, respectively.[46] 

Furthermore, we utilized pIC50 as a response variable for our QSAR analysis and model develop-

ment. The pIC50 values represent the negative logarithm (base 10) of the IC50 values, which is the 

concentration of a compound required to inhibit a biological target by 50%. In the following step, the 

Simplified Molecular-Input Line-Entry Systems (SMILES) representations of the 53 inhibitors were 

converted to 3D chemical structures (Supplementary Information) via Avogadro software.[47] The 

chemical structures underwent geometric optimization using the Universal Force Field (UFF) in prep-

aration for subsequent molecular descriptor generation and QSAR modeling. All this process and 

subsequent steps are illustrated in the workflow in Figure 2. 

 

Figure 2. ML-QSAR workflow for the α-amylase inhibitors. 

In QSAR analysis, molecular descriptors function as a mathematical representation of the mo-

lecular properties of the compound of interest. We computed and generated the molecular de-
scriptors (features) for each of the α-amylase inhibitors using alvaDesc software. It computed over 

5,666 descriptors including topological indices, 2D matrix-based descriptors, 2D autocorrelations, 

and constitutional information, all of which are independent of 2D and 3D data. This encompasses 

fragment numbers, functional groups, atom-type-E-state indices, and ETA indices.[48] In our study 

those descriptors exhibiting high correlations, single variables, and non-informative information 
were removed based on the constant value, near constant, and pair correlation criteria (R>0.95). Fol-

lowing the application of initial filter criteria, a total of 1603 descriptors of various types were kept 

and used in the feature selection process for QSAR model development. Each of these descriptors 

serves as a unique molecular graph invariant, detailing specific properties, and contributes to the 

overall chemical diversity essential for understanding and predicting the behavior of the, as eluci-
dated by the QSAR model represented in the form of Eq. 1. [48]. Furthermore, the multilinear regres-

sion approaches employed in investigations with QSARINS yield to mathematical models that estab-

lish a linear relationship between the response variable (Yi) and molecular descriptors (Xij) [49]. 

�� � �� � � �	
�	
�
	�


� �� (Eq. 1) 

Internal validation of a QSAR models was conducted within the training set, and several param-

eters were used for the internal validation including: R2cv (Q2Loo), RMSEcv, MAEcv, PRESScv, CCCcv, 

Q2LMO, and the determination coefficient for Y-scrambling, R2Yscr.[49,50] While internal validation 

asses a model's performance on the training set, determining its ability to predict the behavior of 

novel molecules requires external validation. The performance of each model was evaluated using 

RMSE and R2 (Eqs 2 and 3). The RMSE is defined as �� , ����,�, ��
����

 a � are actual values, predicted 

values, and the size of the dataset. The R2 (Eq. 3) defines  �� , �����, and ��
���� that represents the 

proportionality of the variance variable which is explained by the MLR model. This comprehensive 
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validation process ensures the reliability and predictive capability of the QSAR models developed in 
the study. [51] 

���� � ����
� (����� ������ )"
�  (Eq. 2) 

�" � 
 − ���
� (����� ������ )"
�	�
�  (�	��� �$��� )"  (Eq. 3) 

Besides, leveraging QSARINS software for model development aligns seamlessly with our core 

focus of the construction and validation of robust QSAR models.40 In utilized approach for variable 

selection a split dataset approach was applied, with 80% of the molecules43 selected for training set 

and the remaining 20% (11) for the test set. For each model, the GA module of QSARINS determined 

the optimal number and combination of molecular descriptors, utilizing Q2LOO (equations 4) as the 

fitness function. 

%&��
" � 
 − ���
� (����� ������'( )"

�	�
�  (�	��� �$��� )"  (Eq. 4) 

In the GA-based variable selection process, we chose 3000 generations with a mutation rate of 

45 and utilized a population size of 500, to select the top-performing models. To prevent over-fitting 

and enhance model interpretability, the iterative search was constrained to a single model to confirm 

the predictions were not a result of chance correlation. Additionally, the statistical quality of the con-

structed single model was evaluated and a model capable of making accurate predictions was se-
lected. The validation of QSAR models is a crucial step to ensure their consistency and robustness. 

This process involves thorough checks of statistical data quality and model applicability, relying on 

various validation metrics.[52] The key techniques for validating QSAR models encompass cross/in-

ternal validation, external validation, and Y-scrambling or data randomization. To ensure model ro-

bustness, a Y-scrambling test was employed to assess the robustness of a QSAR model (Eq. 5). The 
procedure involves randomizing the biological activity data (the dependent variable, often repre-

sented as "Y" in QSAR modeling) while keeping the molecular descriptors (independent variables) 

unchanged. This is done to investigate whether the obtained QSAR model is based on genuine rela-

tionships between molecular descriptors and biological activity or if it is the result of chance correla-

tions. 

)*+,-./012 � 3� � � 45675
8
5�


� 17 (Eq 5) 

Afterward, the applicability domain was verified using William's plot. This plot helped define 

areas where the model could be practically utilized with increased confidence in the predictions ob-
tained. The applicability domain was established within a squared area, with a standard deviation 

cutoff value (σ = +-3), indicating the range for accepting predictions. For more detailed insights into 

the symbols and equations used to calculate these parameters, additional details are provided in the 

Supplementary Material. This comprehensive validation procedure ensures the credibility and prac-

tical application of the QSAR models established in the study. Last, to evaluate the predictability and 
applicability of the developed models, a squared correlation coefficient was computed, allowing the 

identification of the best descriptors within the models.[53] External validation parameters play a 

crucial role in determining the reliability and robustness of a QSAR model for predictions on novel 

compounds. A QSAR model with strong external prediction ability and statistical robustness should 

meet predefined threshold values for these parameters (Table 1) [54]. 

Table 1. Statistical parameters for the 7-variable ML-QSAR model. 

N(TS/ES)* R²train R2adj R²test Q2Loo RMSEtrain RMSEval RMSEtest F Intercept 

43/11 0.888 0.865 0.889 0.834 0.268 0.326 0.350 38.524 4.021 

*N - Number of compounds in the training set (TS) and test set (ES); R2 - Coefficient of determination; Q2Loo - 

Leave-one-out-cross-validated R2; F - Fisher Ration; RMSE - Root mean square error. 

3. Results 

In this study, the task was to identify novel α-amylase inhibitors with potential antidiabetic ac-

tivity by applying ML-QSAR techniques. In the developed model the GA was employed to select the 

optimal number of descriptors from a dataset containing 1603 descriptors. The utilization of GA al-

gorithms facilitated the identification of descriptors that significantly contributed to the predictive 

power of subsequent models, thereby enhancing the precision and relevance of the ML-QSAR model. 
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The regression model, developed using a dataset comprising 43 compounds relevant to α-amylase 
target, demonstrated promising predictive performance, with a R2train = 0.888 and R2test = 0.889 for the 

training and test set, respectively. As seen from Eq. 6, seven descriptors were used to build the QSAR-

MLR model as some of the parameters are shown below the equation confirming its reliability and 

adequate performance (Table 1). 

pIC50 = 1.577MATS8s + 2.891Eig06_AEA(bo) + 0.784Mor02m -1.5413H-051 + 

0.8502MaxaaaC + 1.146SHED_LL -0.6384WHALES80_IR+4.021 (Eq 6) 

N = 43; R²train = 0.888; s =0.298; F= 38.524; Q2Loo = 0.834; R²test= 0.889 

These results indicated that approximately 88.8 % and 88.9% of the variance in the biological 

activity of the inhibitors could be explained by the predictor variables included in the model for the 

training and prediction sets, as can be observed in Figure 3. 

 

Figure 3. Correlation plot of training vs predicted (validation) values for the best ML-QSAR models for α-amyl-

ase inhibitors. 

In a second step, we verified the applicability domain using William's plot approach, focusing 

on leverage versus standardized residual as depicted in Figure 4. This analysis was crucial in ensur-
ing the reliability of our model, as it allowed us to identify areas where the model could be confi-

dently achieved. By defining a squared area established using a standard deviation cutoff value (x = 

3), we established within which predictions could be accepted. Any data points falling outside this 

range risked inaccurate predictions, potentially indicating structural significance in the model. 
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Figure 4. Willams plot for the best seven-variable ML-QSAR model. The yellow dots are for the training set, and 

the blue dots are for the test set. The horizontal dash lines represent ±3 standard residuals, and the vertical 

dashed line represents the warning leverage, Hat-value h* =0.533. 

All the data points were within the three standardized residues (±3 σ). Furthermore, we assessed 

the HAT index to determine the critical value of leverage (h*), which played a key role in identifying 
the structural significance of the model. The proposed models also included seven variables using 

Eq. 6, providing additional insights into the mechanism. As depicted in the Williams plots outlined 

in Figure 4, it is evident that only one compound exhibits values of h higher than h*. One compound, 

ChEMBL64605, leverage value comparable with the critical value (h* = 0.533). This suggests that it 

has a significant influence on the model. The high leverage indicates that ChEMBL64605 possesses 

substructural features distinct from the other compounds in the training set. As shown in the graph, 

the QSAR model maintains reliable predictions for compounds like those in the datasets. 

To validate the proposed models, we conducted a two-step validation process. Initially, internal 

validation employing leave-one-out cross-validation (LOO-CV) was performed to assess model ro-

bustness. Following this, internal validation was conducted to estimate predictive power. This eval-

uation included the calculation of several coefficients such as root mean square error, RMSE, and 

coefficient of determination R² (as indicated in Eq. 3) and as a measure of goodness of fit for each 

model. In the LOO-CV validation method, each molecule is iteratively excluded from the training set, 

and the model is applied to the remaining data to predict the response for the excluded molecule. 

This process is repeated for each molecule in the training set. Finally, the mean Q2 value is calculated 

as an estimate of the model's predictive ability to prevent overfitting. The cross-validated coefficient 

Q2LOO corresponds to Eq. 4. Furthermore, to ensure the robustness of the ML-QSAR model a y-scram-

bling test was employed, Eq.5. This applied technique is randomizing the biological activity data 

while keeping the overall order of compounds and molecular descriptors unchanged, aiming to dis-

cern whether the obtained QSAR model was based on genuine relationships or chance correlations 

between descriptors and biological activity (Figure 5). 
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Figure 5. The y-scrambling plot of selected 7-descriptor models. 

In Table 2 are listed the molecular descriptors included in the model with some description. 

Besides, in Figure 6 the coefficient for the descriptors in the QSAR-MLR are represented graphically 

and as can be seen Eig06_AEA(bo) emerged as the most significant descriptor with positive impact 

toward the activity. This descriptor is mainly related to edge adjacency indices. The most significant 

descriptor with positive coefficient found in Eq. 6 was MATS8s, which is Moran autocorrelation of 

lag 8 weighted by I-state, which characterizes 2D autocorrelations. 

Table 2. Description of the molecular descriptors selected for the best model. 

 

Figure 6. The coefficient values for each descriptor in α-amylase inhibitors. 

Next, the third highest correlation molecular descriptor was SHED_LL, a pharmacophore de-

scriptor, that infers lipophilic-lipophilic interaction that can play a great role in its pharmacologic 

Descriptor Description Descriptor family 

MATS8s Moran autocorrelation of lag 8 weighted by I-state 2D autocorrelations 

Eig06_AEA(bo) 
Eigenvalue number 6 from augmented edge adjacency matrices 

weighted by bond order 
Edge adjacency indices 

Mor02m Signal 02 / weighted by mass 3D-MoRSE descriptors 

H-051 H attached to alpha C Atom-centered fragments 

MaxaaaC Maximum aaaC Atom-type E-state indices 

SHED_LL SHED Lipophilic-Lipophilic Pharmacophore descriptors 

WHALES80_IR WHALES Isolation-Remoteness ratio (IR) (percentile 80) WHALES descriptors 
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activity. Mor02m, 3D-Morse descriptors were found with a very low value of 0.784 indicating, offer-
ing structural insights. MaxaaaC, with the fourth highest coefficient value, is an atom-type E-state 

indices descriptor having the fourth highest correlation value and is expected to contribute signifi-

cantly to biological activity. Interestingly, H-051, an atom-centered fragment was shown to be nega-

tively correlated, implying lower values compounds having greater α-amylase inhibition activity. 

The last descriptor with the lowest correlation value was WHALES80_IR, which can encapsulate mo-
lecular shape and partial charges simultaneously. 

4. Discussion 

In summary, this study underscores the potential of utilizing ML-based QSAR methods to iden-

tify promising α-amylase inhibitors with antidiabetic activity. Through accurate descriptor selection 

via genetic algorithms, the QSAR model was optimized, enhancing the predictive power of it. The 

developed MLR-QSAR model yielded high predictions for both training and prediction sets. Rigor-

ous validation, including internal and external validation and Y-scrambling tests, affirmed the relia-

bility and applicability of our QSAR model. Overall, the best performance was achieved in R2 of 0.888 

and 0.889 for the training and prediction sets. The statistical details of the developed ML-QSAR 

model are presented in Eq. 6. A brief explanation of the seven descriptors is outlined in Table 2 and 

the coefficient values are in Figure 4. The first descriptor having the highest coefficient value in the 
equation is Eig06_AEA(bo) linked to the augmented edge adjacency matrix and integrating bond 

order information. Higher values on the descriptor indicate greater electron delocalization and mo-

lecular rigidity, which may enhance enzyme binding interactions..[55] Next, the MATS8s Is a Moran’s 

Autocorrelation (MATS) descriptor that measures how similar properties are at a given topological 

distance (lag) within a molecule with in our case with lag = 8 and this mean that considers atoms that 
are 8 bonds apart, providing insight into long-range electronic and structural effects. The weighting 

scheme is the I-State (Intrinsic State) that represents atomic contributions based on electronegativity, 

hybridization, and valence. In this case higher MATS8s values indicate optimized electron distribu-

tion across the molecule, enhancing interactions with the enzyme's active site.[56] Mor02m is a 3D-

MoRSE Descriptors: This descriptor is derived from electron diffraction theory, and they encode spa-

tial arrangements of atoms and their influence on molecular properties. The signal value 02 corre-

sponds to specific interatomic distances that significantly impact molecular structure and function. 

The weighting scheme is the Atomic Mass which means that the heavier atoms influence molecular 

stability and binding strength. In the case of this molecular descriptor higher value means that the 

compounds have heavier atoms in specific positions have a positive impact in the hydrophobic inter-

actions, which are critical in enzyme inhibition.[57] 

MaxaaaC, an atom-type E-state indices descriptor as described previously. SHED_LL, a lipo-

philic-lipophilic pharmacophore descriptor, bridges chemical features with ligand binding activity, 

as noted by Ginex et al.[57] WHALES' Isolation-Remoteness ratio (IR) at the 80th percentile captures 

molecular shape and partial charges simultaneously, as elucidated by Grisoni et al.[58] Lastly, H-051 

descriptor represents an atom-centered fragment providing valuable data on molecular connectivity, 

reactivity, and functional groups, including hydrogen atoms attached to α-carbons bearing amino 

groups (NH2), carboxyl groups (COOH), and R-groups.[59,60] Among the descriptors utilized in this 

study, Eig06_AEA(bo), MATS8s, SHED_LL, Maxaaac, and Mor20m demonstrated strong correlation 

values, contributing significantly to the predictive power of the model in identifying α-amylase in-

hibitors with antidiabetic activity. These descriptors, particularly Eig06_AEA(bo) and MATS8s 

played pivotal roles in elucidating molecular connectivity, reactivity, and lipophilic-lipophilic inter-

actions essential for drug discovery. On the other hand, WHALES' Isolation-Remoteness ratio (IR) at 

the 80th percentile and H-051, while exhibiting lower correlation values, provided valuable insights 

into molecular shape, partial charges, and functional group characteristics. Despite their lower cor-

relation coefficients, these descriptors added complementary information, enhancing our under-

standing of the molecular features associated with inhibition of α-amylase. Additionally, the collec-

tive contributions of these descriptors underscore the importance of the QSAR model in accelerating 

the discovery of novel antidiabetic agents. The current study not only highlights the importance of 

descriptors with strong correlations but also emphasizes the value of exploring descriptors with 

lower correlation values to gain comprehensive insights into molecular mechanisms relevant to drug 
development for combating diabetes. 
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5. Conclusions 

In conclusion, the study employs cheminformatics ML-QSAR approach utilizing experimental 

datasets, focusing on analyzing the structure-activity relationship of the inhibitors of α-amylase. The 

best ML-QSAR model was developed predicting α-amylase inhibitors’ activity, as antidiabetic 

agents. Through data collection, data curation steps and meticulous descriptor selection using genetic 

algorithms and subsequent optimization of the ML-QSAR model, this study was able to identify spe-

cial physico-chemical properties and structural fragments responsible for α-amylase inhibitors’ ac-

tivity. The mechanistic explanation of the descriptors selected in the best ML-QSAR model is dis-

cussed and analyzed, to provide a deeper understanding of their significance. Among these de-

scriptors, Eig06_AEA(bo) stood out with the highest contributing coefficient value, proving its rele-

vance in describing the desired biological property of α-amylase inhibitors. Furthermore, descriptors 

like MATS8s, Mor02m, MaxaaaC, SHED_LL, H-051, and WHALES' Isolation-Remoteness ratio con-

tributed valuable insights into molecular structures and properties essential for the activity. 

The model's robustness was affirmed through rigorous validation steps, including internal and 

external validation along with y-scrambling tests. Overall, the ML-QSAR model demonstrated high 

predictive accuracy, as evidenced by R-squared values of 0.888 and 0.889 for the training and predic-

tion sets, respectively. These findings not only validate the reliability and applicability of the devel-
oped model but also offer valuable insights into future drug development efforts aimed at combating 

diabetes disease. Moreover, the developed model showcases the potential of applied computational 

and cheminformatics methods in accelerating drug discovery processes through finding the right 

structural fragments responsible for the activity. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org. 
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