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Alzheimer’s disease (AD) necessitates innovative therapeutic approaches that target its multifaceted 
pathology. This study investigates a series of 2-aminoalkyl-6-(2-hydroxyphenyl)pyridazin-
3(2H)-one derivatives as potential multi-target ligands for AD, aiming to simultaneously inhibit 
acetylcholinesterase (AChE) and amyloid-beta (Aβ) aggregation. To assess the therapeutic potential 
of these compounds, we employed a comprehensive computational approach, incorporating 
2D-QSAR modeling, molecular dynamics simulations, molecular docking, and ADMET property 
analysis. Based on these analyses, we designed 13 novel pyridazine derivatives exhibiting favorable 
interactions with key AD-related proteins, enhanced dynamic stability within protein binding sites, 
and adherence to established drug-likeness principles. Notably, these compounds demonstrated 
promising oral absorption (96%) and exhibited no significant toxicity in preliminary assessments. 
These results indicate that the novel pyridazine derivatives warrant further investigation as promising 
multifunctional agents for the treatment of Alzheimer’s disease.

Keywords  QSAR, Pyridazine, Molecular docking, Molecular dynamic, ADMET propriety, Alzheimer’s 
disease

Molecular modeling and docking methodologies are increasingly important in drug development, particularly 
for various diseases such as AIDS, cancer, and Alzheimer’s disease (AD)1–3. AD is characterized by the appearance 
of extracellular amyloid-β (Aβ) plaques and intracellular neurofibrillary tangles, neuronal death and the loss of 
synapses, all of which contribute to progressive cognitive decline. AD is a terminal and incurable disease, with 
age being the most significant risk factor. It is the most common form of dementia and constitutes ~ 75% of 
all dementia cases4. The prevalence of AD rises exponentially after the age of 65, and the overall prevalence 
is expected to double within 20 years as average lifespans increase in developing nations5. AD is the leading 
cause of dementia among the elderly, affecting 10% of individuals aged 65 and older, and 50% of those aged 
85 and above6. According to the World Health Organization, over 55 million people worldwide are living with 
dementia, with more than 60% residing in low- and middle-income countries7–9. The estimated prevalence of 
dementia among adults aged 60 and above in India is 7.4%, with significant variations observed across different 
age groups, educational levels, sexes, urban and rural areas and states10.

The progression of symptoms is associated with changes in the structure of cholinergic synapses in specific 
brain regions, leading to disruptions in cholinergic neurotransmission11. Current drugs for Alzheimer’s disease 
treatment aim to enhance cholinergic neurotransmission by inhibiting the acetylcholinesterase enzyme 
(AChE), which plays a crucial role in regulating cholinergic neurotransmission by hydrolyzing acetylcholine, 
a neurotransmitter essential for cognitive function12. In the context of Alzheimer’s disease, AChE inhibition 
is a well-established therapeutic strategy for increasing acetylcholine levels in the brain, thereby improving 
cognitive and memory functions13. However, none of the single-target drugs can prevent or reverse the onset 
or progression of Alzheimer’s disease3,9,14,15. Furthermore, pyridazin-3(2H)-one is regarded as an enticing 
structural foundation in drug design, owing to its broad range of bioactivities, notably its anti-inflammatory 
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properties16–18. Therefore, the development of novel 2-aminoalkyl-6-(2-hydroxyphenyl)pyridazin-3(2H)-one 
derivatives as balanced multifunctional agents is preferred for Alzheimer’s disease treatment19. These derivatives 
feature a unique chemical structure that combines several important pharmacophoric characteristics20,21. 
The presence of the 2-aminoalkyl group and the pyridazinone core confer high affinity for AChE, while the 
2-hydroxyphenyl group enhances solubility and stability22. This structural combination not only effectively 
inhibits AChE but also modulates other biological targets involved in the pathogenesis of Alzheimer’s disease, 
such as beta-amyloid aggregates and oxidative stress23,24. Therefore, the development of novel 2-aminoalkyl-
6-(2-hydroxyphenyl) pyridazin-3(2H)-one derivatives as balanced multifunctional agents is preferred for 
Alzheimer’s disease treatment25. In recent years, researchers have effectively used this structural framework to 
create cholinesterase inhibitors (ChEIs)26. In vitro biological tests showed that most of the hybrid compounds 
had strong inhibitory activity against AChE, excellent antioxidant properties, and a moderate ability to inhibit 
Aβ1-42 aggregation14.

To investigate the biological inhibitory activity of forty-six novel small molecules derived from 2-aminoalkyl-
6-(2-hydroxyphenyl)pyridazin-3(2H)-one as novel balanced multifunctional agents against Alzheimer’s disease, 
we conducted an in silico study using various molecular modeling techniques27, namely density functional 
theory (DFT), 2D-QSAR, molecular docking, drug-like ADMET and pharmacokinetic properties analysis28. 
Finally, 100 ns molecular dynamics (MD) simulations were performed to estimate the stability of the ligand-
receptor complex under normal physiological conditions29–31. Our research utilized a comprehensive approach 
that included 2D-QSAR modeling, molecular dynamics simulations, molecular docking, and ADMET property 
analysis. The aim was to investigate and design new pyridazin-derived small molecules that demonstrate 
strong inhibition as innovative balanced multifunctional candidates for Alzheimer’s disease treatment, while 
optimizing pharmacokinetic properties and enhancing structural stability. By integrating these methodologies, 
the study sought to understand the structural and dynamic properties of these compounds, their interactions 
with biological targets, and their pharmacokinetic and safety profiles. This multi-faceted evaluation provides a 
robust framework for identifying and developing effective therapeutic candidates for Alzheimer’s disease. This 
project is divided into two chapters: the first describes the materials and methods used in this research, followed 
by another chapter devoted to a detailed discussion of the results obtained from computer simulations, and the 
final section summarizes the main findings and overall implications of this research.

Materials and methods
Experimental dataset
The experimental biological activities regarding forty-six 2-aminoalkyl-6-(2-hydroxyphenyl)pyridazin- 3(2H)-
one derivatives as balanced multifunctional agents against Alzheimer’s disease are provided in Table 1, in which 
the 2D structures were drawn using Chem-Draw software.

Examined compounds
For the purpose of molecular modeling, we employed empirical data regarding the inhibitory effects of the 
46 pyridazine-based compounds. These compounds had been earlier synthesized with a focus on balanced 
multifunctionality against Alzheimer’s disease14. The recorded inhibitory activities (IC50) were subsequently 
converted into (pIC50) values using a logarithmic transformation of the IC50 scale. The resulting data is outlined 
The experimental biological activities regarding forty-six 2-aminoalkyl-6-(2-hydroxyphenyl)pyridazin- 3(2H)-
one derivatives as balanced multifunctional agents against Alzheimer’s disease are provided in Table 1.

Calculation of descriptors for the compounds studied
To construct a reliable QSAR model, a comprehensive set of 31 descriptors was employed. These descriptors 
included various factors such as lipophilicity, geometric attributes, physicochemical properties and steric 
characteristics. Molecular descriptors were calculated using the MM2 technique with ACD/ChemSketch32 and 
ChemBioOffice software33. To optimize molecular geometry, density functional theory (DFT) calculations were 
performed using the 6-31G basis set and B3LYP functional34,35. Electronic descriptors were also calculated using 
Gaussian 03 quantum chemistry software36. The calculated descriptor values are summarized in Table 2.

Quantitative structure–activity relationship modeling
To develop a QSAR model, a set of 46 molecules was chosen from prior research based on their substantial 
activity as balanced multifunctional agents against Alzheimer’s disease. This set was randomly partitioned into 
two subsets: a training set consisting of 37 molecules to construct the model, and a test set consisting of 9 
molecules to evaluate the model’s validity. Several statistical techniques, including multiple linear regression 
(MLR) and artificial neural networks (ANN), were utilized to establish the QSAR model37.

Multiple linear regression
Multiple linear regression (MLR) is a commonly used method in QSAR studies due to its simplicity and reliability 
in identifying relevant molecular descriptors38. To enhance the QSAR model’s predictive power, we combined 
MLR with multiple nonlinear regression (MNLR) and ANN methods. This integrated approach allowed us to 
identify the most relevant molecular descriptors for use in model development. The basic assumption of MLR 
is that the dependent variable has a linear relationship with specific independent variables, as illustrated by the 
following equation:

	
Y = a0 +

n∑
i=1

aiXi� (1)
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Table 1.  Structures and pIC50 values of novel 2-aminoalkyl-6-(2-hydroxyphenyl)pyridazin- 3(2H)-one.
*Indicate the test set compounds, pIC50 = 6-log10 (IC50).
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where Y denotes the dependent variable, Xi signify the independent variables, n represents the number of 
molecular descriptors, a0 corresponds to the constant component of Eq. (1), and ai denote the coefficients of the 
molecular descriptors.

MLR-QSAR modeling efficiency
Multiple nonlinear regression
Identifying a predictive model that accurately reflects the non-linear interactions between biological activity (Y) 
and calculated molecular descriptors (Xi) is crucial in quantitative structure–activity relationship (QSAR) studies. 
While several non-linear regression methods exist39, this investigation utilized a second-order polynomial 
regression to construct the QSAR model. This approach aims to capture the quadratic relationships that may 
exist between the descriptors and predicted activity. The model is represented by the following equation:

Table 1.  (continued)
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Y = a0 +

n∑
i=1

ai × Xi + bi × X2
i � (2)

This equation diverges from traditional multiple linear regression by incorporating squared terms, allowing for 
the modeling of curvilinear relationships. In this context, ‘Y’ signifies the predicted biological activity, while 
‘Xi’ represents the molecular descriptors, with ‘n’ denoting the total number of descriptors included in the 
model. The coefficients ‘ao’, ‘ai’, and ‘bi’ represent, respectively, the intercept, the linear coefficients associated 
with each descriptor, and the quadratic coefficients that quantify the influence of the squared descriptor terms. 
This formulation enables a more nuanced understanding of how variations in molecular features translate into 
changes in biological activity, particularly when non-linear dependencies are prevalent.

Leave one out cross-validation
To evaluate the precision of the QSAR models generated using MLR, MNLR, and ANN techniques, we employ 
an internal validation approach referred to as LOO-CV40. To assess the model’s robustness, we conducted leave-
one-out cross-validation (LOO-CV). In this process, each molecule was sequentially removed from the dataset, 
and the remaining molecules were used to train a QSAR model to predict the activity of the excluded molecule28. 
This procedure was repeated for all molecules in the dataset38. This validation approach relies on calculating the 
R2

cv coefficient of performance, as described in Eq. (3). Following this methodology, we can assess the model’s 
accuracy and determine its predictive capabilities40, Ideally, the R2

cv value should exceed 0.5, indicating that the 
developed model demonstrates robustness concerning internal predictions.

	
R2

cv = 1 −
∑

(Yob (trai) − Yca (trai))2

∑ (
YOb (trai) − Ytrai (trai)

)2 � (3)

Yob (train) refers to the actual observed response value in the training set. Yca (trai) represents the response 
value predicted by the LOO-CV technique applied to the training set. Lastly, Ytrai(trai) denotes the mean 
value of both the observed and predicted responses in the training set.

Artificial neural networks
To enhance the prediction of biological activity, we developed an ANN-based QSAR model using the molecular 
descriptors derived from the MLR model. The ANN model aims to establish a more accurate relationship 
between these descriptors and the observed biological activity levels41. This approach employs a sigmoid 
activation function in the hidden layer and a linear activation function in the output layer37. The ANN design 
employed in this work is made up of three neuron layers: the input layer, the hidden layer, and the output layer, 
as seen in Fig. 1.

The first layer of the neural network has several neurons equal to or less than the total number of descriptors 
used in the multiple linear regression model. The output layer represents the predicted activity levels. A key 

Table 1.  (continued)
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Comp S B S-B Tor 1.4 VDW LogP W NHBA NHBD BI MTI NRB PSA SOV SOVD TD

1 2.74 9.10 0.57  − 1.05 22.60 3.201 343.471 4 1 787,896 13,895 10 56.14 52 78 15

2 2.46 9.52 0.22 3.88 22.03 2.84 341.455 4 1 612,230 13,863 8 56.14 54 80 15

3 2.65 7.67 0.42  − 10.09 26.86 4.257 391.515 4 1 1,291,975 22,084 10 56.14 62 94 18

4 2.79 8.92 0.53  − 9.14 27.33 4.595 405.542 4 1 1,495,116 23,949 11 56.14 64 96 18

5 3.13 10.25 0.44  − 11.12 29.71 4.131 421.541 5 1 1,760,073 25,923 11 65.37 66 102 18

6 3.32 9.80 0.48  − 5.69 30.90 4.469 435.568 5 1 2,009,533 27,880 12 65.37 68 104 18

7 4.79 19.22 0.98  − 8.34 31.69 4.88 448.611 5 1 2,310,469 30,536 12 59.38 70 104 18

8 3.39 13.58 0.83  − 10.53 31.32 4.88 448.611 5 1 2,390,269 31,598 12 59.38 70 104 20

9 2.91 8.65 0.50  − 8.52 27.82 4.754 423.532 5 1 1,733,763 25,244 11 56.14 66 104 18

10 2.86 8.55 0.50  − 8.48 27.70 4.754 423.532 5 1 1,745,538 25,357 11 56.14 66 104 18

11 2.86 8.53 0.50  − 8.46 27.70 4.754 423.532 5 1 1,757,103 25,470 11 56.14 66 104 19

12* 3.08 9.13 0.53  − 8.34 28.43 5.154 439.984 4 1 1,733,763 25,244 11 56.14 66 98 18

13 2.88 8.55 0.51  − 8.44 28.29 5.154 439.984 4 1 1,745,538 25,357 11 56.14 66 98 18

14* 3.21 9.12 0.51  − 9.49 28.55 5.082 419.569 4 1 1,733,763 26,072 11 56.14 66 98 18

15 2.73 7.92 0.40  − 10.28 28.71 4.236 403.526 4 1 1,224,678 23,765 8 56.14 66 98 18

16 5.70 29.87 1.57  − 12.81 36.89 6.636 491.68 7 1 3,756,429 41,881 14 63.9 76 112 21

17 3.71 18.14 1.00  − 12.12 33.02 6.51 466.601 7 1 2,905,136 35,330 13 60.66 72 112 21

18 5.40 24.15 1.33  − 10.90 35.01 5.165 491.68 6 1 3,446,699 38,396 13 62.62 76 112 19

19 4.05 16.31 0.89  − 12.47 33.94 4.754 478.637 6 1 3,027,704 35,257 13 68.61 74 112 19

20 3.49 13.65 0.87  − 11.25 31.02 5.038 466.601 6 1 2,656,839 32,265 12 59.38 72 112 19

21 5.13 21.81 1.06  − 8.85 34.10 4.754 478.637 6 1 3,030,515 35,240 13 68.61 74 112 19

22 3.79 13.99 0.62  − 10.44 33.03 4.343 465.594 6 1 2,653,856 32,289 13 74.6 72 112 19

23* 3.22 11.32 0.59  − 9.20 30.11 4.627 453.558 6 1 2,321,395 29,479 12 65.37 70 112 19

24 4.87 22.35 0.97  − 9.05 31.65 3.788 505.663 6 2 3,941,426 40,955 14 88.48 78 120 20

25 3.52 14.54 0.53  − 10.64 30.57 3.377 492.62 6 2 3,473,954 37,668 14 94.47 76 120 20

26 2.95 11.87 0.50  − 9.41 27.66 3.661 480.584 6 2 3,058,919 34,531 13 85.24 74 120 20

27 4.84 19.44 0.98  − 9.66 32.25 5.367 462.638 5 1 2,646,445 33,085 12 59.38 72 106 18

28 3.49 11.61 0.54  − 11.24 31.18 4.956 449.595 5 1 2,309,611 30,268 12 65.37 70 106 18

29* 2.93 8.94 0.51  − 10.00 28.25 5.241 437.559 5 1 2,013,217 27,589 11 56.14 68 106 18

30* 4.86 19.27 1.00  − 8.93 32.45 5.709 527.507 5 1 2,646,445 32,104 12 59.38 72 106 18

31 3.51 11.45 0.56  − 10.51 31.38 5.298 514.464 5 1 2,309,611 29,341 12 65.37 70 106 18

32 2.95 8.77 0.53  − 9.26 28.46 5.582 502.428 5 1 2,013,217 26,713 11 56.14 68 106 18

33* 4.85 19.25 0.98  − 8.93 32.27 5.438 483.053 5 1 2,646,445 32,104 12 59.38 72 106 18

34 2.93 8.74 0.51  − 9.27 28.28 5.312 457.974 5 1 2,013,217 26,713 11 56.14 68 106 18

35 4.80 19.31 0.97  − 8.96 31.56 5.038 466.601 6 1 2,646,445 32,104 12 59.38 72 112 18

36 3.45 11.49 0.53  − 10.55 30.47 4.627 453.558 6 1 2,309,611 29,341 12 65.37 70 112 18

37 2.89 8.81 0.50  − 9.31 27.56 4.912 441.523 6 1 2,013,217 26,713 11 56.14 68 112 18

38 4.94 20.07 1.00  − 8.37 33.86 5.811 493.608 6 1 3,446,699 36,912 13 111.19 76 112 19

39 3.60 12.24 0.56  − 9.92 32.77 5.108 480.565 6 1 3,027,704 33,850 13 117.18 74 122 19

40 3.05 9.57 0.53  − 8.65 29.85 5.113 468.529 6 1 2,656,839 30,931 12 107.95 72 122 19

41 5.07 24.48 1.28  − 11.11 35.23 5.165 491.68 6 1 3,495,908 38,959 13 62.62 76 112 20

42 4.93 21.81 1.04  − 8.98 34.36 4.754 478.637 6 1 3,061,390 35,582 13 68.61 74 112 20

43 4.79 19.29 0.97  − 8.97 31.56 5.038 466.601 6 1 2,661,023 32,225 12 59.38 72 112 19

44* 5.54 24.30 1.38  − 10.86 36.37 6 519.734 6 1 4,694,352 47,137 15 62.62 80 116 21

45* 5.01 22.55 1.01  − 9.06 33.02 4.623 533.717 6 2 5,323,809 50,050 16 88.48 82 124 22

46* 5.64 28.85 1.47  − 12.04 37.00 6.636 491.68 7 1 3,756,429 41,881 14 63.9 76 112 21

Comp TC TVC FW MR MV Par IR ST D Polar EHOMO ELUMO ET Dp repul pIC50

1 0.0002 2.36E-06 343.463 101.92 316.5 801.2 1.557 41 1.08 4E-23  − 0.1933  − 0.077  − 1094 2.47 2004.27 5.61

2 0.0001 1.18E-06 341.447 99.74 289.8 761.5 1.604 47.6 1.17 4E-23  − 0.1955  − 0.077  − 1092.8 2.84 1983.93 5.80

3 2.95E-05 1.07E-07 391.506 117.99 353.1 908.4 1.582 43.7 1.1 4.7E-23  − 0.2015  − 0.0777  − 1246.4 2.46 2384.42 6.03

4 2.09E-05 7.58E-08 405.533 122.6 369.2 947 1.578 43.2 1.09 4.9E-23  − 0.1953  − 0.0776  − 1285.7 2.40 2534.73 6.04

5 1.71E-05 3.79E-08 421.532 123.8 374.8 958.6 1.574 42.7 1.12 4.9E-23  − 0.1887  − 0.0764  − 1360.8 2.34 2723.82 5.97

6 1.21E-05 2.68E-08 435.559 128.41 390.8 997.3 1.57 42.3 1.11 5.1E-23  − 0.1949  − 0.0763  − 1400.1 3.53 2882.32 6.13

7 9.84E-06 2.93E-08 448.6 135.4 410.3 1043.3 1.574 41.7 1.09 5.4E-23  − 0.1905  − 0.0772  − 1419.6 3.41 3030.17 6.21

8 9.84E-06 2.93E-08 448.6 135.4 410.3 1043.3 1.574 41.7 1.09 5.4E-23  − 0.174  − 0.0764  − 1419.6 2.78 2968.55 5.04

9 1.71E-05 2.48E-08 423.523 122.47 372 947.2 1.572 41.9 1.13 4.9E-23  − 0.2044  − 0.0774  − 1384.9 0.95 2727.71 5.99

Continued
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parameter in the neural network is ρ, which determines the learning rate. To ensure a robust and reliable model, 
ρ should ideally be between 1 and 342.

Y-randomization test
To evaluate the model’s robustness and mitigate the potential effects of random correlations, we conducted 
Y-randomization testing. In this process, the observed biological activity values were randomly shuffled while 
keeping the molecular descriptors fixed28. By generating multiple models with these randomized datasets, we 
assessed the model’s performance against random chance43. A QSAR model is considered acceptable if the 
average random correlation coefficient (R2

r) from the randomized models is lower than the original model’s 
correlation coefficient (R2), indicating that the model’s performance exceeds what could be attributed to 
random associations38.

Comp TC TVC FW MR MV Par IR ST D Polar EHOMO ELUMO ET Dp repul pIC50

10 1.71E-05 2.48E-08 423.523 122.47 372 947.2 1.572 41.9 1.13 4.9E-23  − 0.2065  − 0.0785  − 1384.9 2.51 2690.49 6.17

11 1.71E-05 2.48E-08 423.523 122.47 372 947.2 1.572 41.9 1.13 4.9E-23  − 0.2066  − 0.0786  − 1384.9 3.84 2687.10 5.07

12* 1.71E-05 7.44E-08 439.978 127.2 378.5 975.8 1.586 44.1 1.16 5E-23  − 0.2063  − 0.0776  − 1745.2 0.69 2858.12 5.64

13 1.71E-05 7.44E-08 439.978 127.2 378.5 975.8 1.586 44.1 1.16 5E-23  − 0.2087  − 0.0789  − 1745.2 2.83 2800.37 5.53

14* 1.71E-05 6.56E-08 419.559 127.02 384.4 978.1 1.574 41.9 1.09 5E-23  − 0.1994  − 0.077  − 1325 2.85 2725.56 5.60

15 1.21E-05 4.64E-08 403.517 120.23 341.5 899.7 1.621 48.1 1.18 4.8E-23  − 0.2013  − 0.0758  − 1284.5 2.56 2514.70 5.59

16 4.02E-06 1.14E-08 491.668 149.48 439.5 1160.7 1.595 48.6 1.118 5.9E-23  − 0.169  − 0.0623  − 1553.5 8.08 3385.17 5.37

17 6.96E-06 9.61E-09 466.591 135.16 405.8 1065.8 1.58 47.5 1.149 5.4E-23  − 0.1687  − 0.0621  − 1518.8 6.89 3044.40 4.31

18 4.64E-06 1.14E-08 491.668 148.21 451.4 1139.6 1.57 40.6 1.08 5.9E-23  − 0.1824  − 0.0697  − 1553.5 4.53 3462.97 6.70

19 5.68E-06 1.04E-08 478.626 141.22 431.9 1093.6 1.567 41 1.1 5.6E-23  − 0.1819  − 0.069  − 1534.1 3.84 3320.36 5.92

20 8.04E-06 9.61E-09 466.591 135.27 413.1 1043.5 1.568 40.6 1.12 5.4E-23  − 0.1838  − 0.0713  − 1518.8 5.91 3121.46 6.46

21 5.68E-06 1.04E-08 478.626 141.22 431.9 1093.6 1.567 41 1.1 5.6E-23  − 0.19  − 0.077  − 1534.1 2.32 3304.41 6.48

22 6.96E-06 9.47E-09 465.585 134.23 412.4 1047.5 1.564 41.5 1.12 5.3E-23  − 0.1954  − 0.0763  − 1514.6 1.93 3163.15 6.20

23* 9.84E-06 8.77E-09 453.549 128.28 393.7 997.4 1.565 41.1 1.15 5.1E-23  − 0.2072  − 0.0786  − 1499.4 3.22 2966.81 5.64

24 3.28E-06 2.59E-09 505.652 148.34 443.4 1138.4 1.583 43.4 1.14 5.9E-23  − 0.1907  − 0.0797  − 1627.5 2.86 3553.58 7.07

25 4.02E-06 2.37E-09 492.61 141.35 423.9 1092.4 1.581 44 1.16 5.6E-23  − 0.1959  − 0.0787  − 1608.1 2.99 3409.90 6.43

26 5.68E-06 2.19E-09 480.574 135.41 405.2 1042.3 1.582 43.7 1.18 5.4E-23  − 0.208  − 0.0815  − 1592.8 2.57 3210.56 7.16

27 8.04E-06 2.54E-08 462.627 139.83 425.5 1074.4 1.571 40.6 1.08 5.5E-23  − 0.1894  − 0.0757  − 1458.9 2.83 3138.27 6.55

28 9.84E-06 2.32E-08 449.585 132.84 406 1028.3 1.568 41.1 1.1 5.3E-23  − 0.1951  − 0.075  − 1439.5 2.68 3000.41 5.78

29* 1.39E-05 2.15E-08 437.55 126.89 387.2 978.3 1.569 40.7 1.12 5E-23  − 0.2066  − 0.0774  − 1424.2 4.45 2804.83 6.05

30* 8.04E-06 2.54E-08 527.496 142.96 422.8 1086.9 1.591 43.6 1.24 5.7E-23  − 0.1901  − 0.0838  − 3990.6 2.71 3568.06 6.60

31 9.84E-06 2.32E-08 514.455 135.97 403.3 1040.8 1.589 44.3 1.27 5.4E-23  − 0.1954  − 0.0831  − 3971.1 2.73 3424.45 6.06

32 1.39E-05 2.15E-08 502.419 130.03 384.6 990.7 1.591 44 1.3 5.2E-23  − 0.2072  − 0.0856  − 3955.8 3.37 3221.45 5.59

33* 8.04E-06 2.88E-08 483.045 140 419.6 1072.2 1.581 42.6 1.15 5.6E-23  − 0.1903  − 0.0849  − 1879.2 2.95 3265.02 6.13

34 1.39E-05 2.44E-08 457.968 127.07 381.3 976 1.58 42.9 1.2 5E-23  − 0.2073  − 0.0866  − 1844.5 3.39 2928.61 5.84

35 8.04E-06 9.61E-09 466.591 135.27 413.1 1043.5 1.568 40.6 1.12 5.4E-23  − 0.1899  − 0.083  − 1518.8 2.79 3141.35 6.80

36 9.84E-06 8.77E-09 453.549 128.28 393.7 997.4 1.565 41.1 1.15 5.1E-23  − 0.1958  − 0.0825  − 1499.4 2.80 3002.26 6.24

37 1.39E-05 8.12E-09 441.513 122.34 374.9 947.3 1.566 40.7 1.17 4.9E-23  − 0.2073  − 0.847  − 1484.1 3.43 2806.77 6.60

38 4.64E-06 1.89E-09 493.598 141.06 415.5 1088.8 1.594 47.1 1.18 5.6E-23  − 0.1908  − 0.1051  − 1624 5.37 3426.04 6.34

39 5.68E-06 1.73E-09 480.556 134.07 396 1042.7 1.592 48 1.21 5.3E-23  − 0.197  − 0.1047  − 1604.6 5.64 3285.21 5.94

40 8.04E-06 1.60E-09 468.521 128.13 377.3 992.6 1.594 47.9 1.24 5.1E-23  − 0.2082  − 0.1064  − 1589.3 4.77 3085.53 6.00

41 4.64E-06 1.14E-08 491.668 148.21 451.4 1139.6 1.57 40.6 1.08 5.9E-23  − 0.2073  − 0.0866  − 1844.5 3.39 2928.61 5.67

42 5.68E-06 1.04E-08 478.626 141.22 431.9 1093.6 1.567 41 1.1 5.6E-23  − 0.1889  − 0.0742  − 1534.1 3.90 3275.47 5.80

43 8.04E-06 9.61E-09 466.591 135.27 413.1 1043.5 1.568 40.6 1.12 5.4E-23  − 0.1903  − 0.0826  − 1518.8 1.63 3131.68 5.93

44* 2.32E-06 5.68E-09 519.721 157.43 483.4 1216.8 1.564 40.1 1.07 6.2E-23  − 0.1823  − 0.0695  − 1632.1 4.20 3674.58 4.78

45* 1.64E-06 1.30E-09 533.705 157.56 475.4 1215.7 1.576 42.7 1.12 6.2E-23  − 0.1985  − 0.0882  − 1706.5 2.76 3772.45 5.57

46* 4.02E-06 1.14E-08 491.668 149.48 439.5 1160.7 1.595 48.6 1.118 5.9E-23  − 0.1686  − 0.0618  − 1553.5 7.81 3369.37 5.66

Table 2.  Descriptor results calculated for the 46 compounds and observed activity. B, Bend energy (kcal/mol); 
T, Torsion energy (kcal/mol); Mw, Molecular weight (g/mol); WI, Wiener Index; MV, Molar Volume (cm3); 
ST, Surface Tension (dyne/cm); D, Density (g/cm3); EHOMO, Energy of the Highest occupied molecular orbital 
(Hartree); S, Stretch energy (kcal/mol); S-B, Stretch-Bend energy (kcal/mol); NHBA, number of hydrogen 
bond acceptors; PSA, Polar Surface Area; MR, Molar Refractivity index; IR, Index of Refraction; ET , total 
energy (Hartree); repul, repulsion energy (Hartree); ELUMO, Energy of the lowest unoccupied molecular orbital 
(Hartree). *Indicate the test set compounds.
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Applicability domain
The applicability domain step is employed to explore the predictive power of the developed QSAR model and 
find the outliers among the training and test sets. To get the applicability domain, the diagonal Hat Matrix 
(H), which is a projection matrix, must be calculated28. The hat matrix is also known as the projection matrix, 
and its elements are known as the advantage (hi). The hat matrix (7373) has been calculated by projecting the 
observations (Y) on predicted values (Ŷ ) using the following equation:

	 hi = xi

(
XT X

)−1
xT

i i = 1, 2, . . . , n� (4)

where xi is the row vector of descriptors for every compound studied, X is the matrix of descriptors in the 
training set, and T is the transpose of the defined vector or matrix. The elements of the hat matrix are known as 
the leverage (hi), which shows the effect of a particular observation on the predicted values relative to its position 
in the chemical space of all of the inputs44. The leverage values were used to get the applicability domain and the 
detection of any aberrant compounds in the data set. To this end, the values of the normalized residuals of both 
the training and test runs have been represented in terms of the leverage values taken from the corresponding 
hat matrix.

Molecular docking simulations
In the present work, three candidate ligands labelled C25, C27 and Pred12 have been selected to undergo 
molecular docking processes in order make discoveries about the inhibitory mechanisms of novel 2-aminoalkyl-
6-(2-hydroxyphenyl)pyridazin-3(2H)-one derivatives as balanced multifunctional agents against Alzheimer’s 
disease towards the three-dimensional structure of the anti-alzheimer drug complexed with its target 
acetylcholinesterase (https://www.rcsb.org/structure/1EVE).

Initially, the protein target coded 1EVE.pdb was prepared to meet the standard protocol by removing all 
suspended ligands bound to protein, including water molecules and acetylcholinesterase co-crystallized ligand, 
followed by adding Gasteiger charges45–47. Subsequently, the prepared protein was converted from PDB to 
PDBQT form with the assistance of Autodock software, then the candidate ligands were docked to the prepared 
protein. Finally, Discovery Studio software was used to explore the produced intermolecular interactions in two 
and three dimensions48–51.

Molecular dynamics
Ligands 61, 726, and 794 were selected for molecular dynamics (MD) simulations based on their docking scores 
and observed interactions with acetylcholinesterase (AChE). MD simulations were performed on the AChE 
complexes with these ligands for 100 ns using the Desmond module in Schrödinger’s Maestro software52–57. 
Explicit solvent molecules were added and neutralized with appropriate ions. The system was initially relaxed 
using the steepest-descent algorithm to minimize energy and eliminate steric clashes. To equilibrate the system, 
a short series of constant pressure (NPT) simulations with gradually increasing temperature and positional 
constraints were applied58. This ensures a stable, balanced state before the main 100 ns production run, which 
captures system energies, atom positions, and RMSD values to understand the complex’s dynamic behavior and 
long-term stability59–64.

In silico pharmacokinetic-pharmacodynamic modeling (ADMET)
Advancements in computer technology have significantly accelerated drug discovery by reducing the need for 
extensive experimental investigations. Early-stage identification of ADMET pharmacokinetic characteristics and 
drug similarity has become a standard practice. In silico studies evaluate critical ADMET parameters, including 
absorption, distribution, metabolism, excretion, and toxicity, which are essential for drug development65. To 
predict drug-likeness, the Lipinski, Ghose, Veber, Egan, and Muegge criteria are used. Lipinski, Veber, and 
Egan’s rules are particularly useful for assessing ADME properties of human drugs based on the 2D structure of 
small molecules and their oral bioavailability66. Compounds that violate two or more of these rules often face 
ADMET-related challenges. Approximately 10% of drugs in the clinical trial phase do not adhere to any of these 

Fig. 1.  The architecture of the ANN model used in this study.
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rules. To further understand molecule-receptor interactions, the number of rotational bonds (n-ROTB) and 
topological polar surface area (TPSA) are also assessed67.

Results and discussion
Multiple linear regression
After calculating molecular descriptors for 46 derivatives (Table 2), a reliable model was built using five 
descriptors: S-B, NHBD, SOVD, TD, and TVC. Molecules 12, 14, 23, 29, 30, 33, 44, 45, and 46 were chosen for 
the test set, while the remaining molecules were included in the training set. The QSAR model produced by the 
MLR technique is shown in Eq. (5)

	 pIC50 = 12.46558 + 1.07186 × S − B + 1.47232 × NHBD + 0.03583 × SOVD − 0.67679 × TD − 717635 × TVC� (5)

	 N = 37; R = 0.88; R2 = 0.78; R2
Ajus = 0.74; RMSE = 0.286; F = 21.384; Pr < 0.0001; R2

cv = 0.64

N denotes the number of compounds in the training set, while RMSE represents the root mean square error.
As a result, Fig.  2 demonstrates a strong linear correlation between the five descriptors selected and the 

biological activity values (pIC50). The criteria used to evaluate the QSAR model were as follows: R2, RMSE, F, 
P-value and R2

cv . The higher R2 value (0.78), lower RMSE value of 0.286, and high statistical confidence level 
(F = 21.384) indicate that the QSAR model is statistically acceptable. The P-value (Pr < 0.0001) shows the model’s 
statistical significance at a level greater than 95%. S-B, NHBD, and SOVD have a positive influence, while TVC 
and TD have a negative influence, as shown in Fig. 3. The cross-validation correlation coefficient (R2

cv  = 0.64) 
indicates the QSAR model’s correctness. The MLR-based QSAR model shows a significant correlation between 

Fig. 3.  Analysis of molecular descriptor contributions in an MLR model.

 

Fig. 2.  Comparison of predicted and observed activity values using the MLR model.

 

Scientific Reports |        (2025) 15:15910 9| https://doi.org/10.1038/s41598-025-98182-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


observed and predicted pIC50 values. To improve the correlation, another QSAR model will be developed using 
MNLR and ANN techniques.

Multiple nonlinear regression
A nonlinear QSAR model was constructed using the MNLR technique, as shown in Eq. 6

	
pIC50 = 14.06127 − 0.02836 × S − B + 0.48261∗NHBD − 1.00626 × SOVD + 5.06009 × TD − 2229421 × TVC

+ 0.60322 × (S − B)2 + 0.00495 × (SOV D)2 − 0.15036 × (T D)2 + 4387 × 108 × (T V C)2 � (6)

N = 37; R = 0.93; R2 = 0.87; RMSE = 0.274.
The evaluation metrics of the non-linear QSAR model (R2 = 0.87, RMSE = 0.274) demonstrate the statistical 

validity of this model with a p-value less than 0.05. Table 3 presents the observed and estimated biological 
activities for both the training and test sets using both linear and non-linear models.

MLR-QSAR modeling efficiency
Cross-validation
Figure 4 illustrates the results of cross-validation using the Leave-One-Out (LOO) approach. The results of this 
cross-validation (R2 = 0.65 and RMSE = 0.31) show that cross-validation has no significant effect on the QSAR 
model. These clear findings demonstrate the proposed QSAR model’s stability and robustness. However, it is 
important to note that cross-validation alone is insufficient to fully assess the capabilities of QSAR models.

Artificial neural networks
The ANN approach is employed to construct a QSAR model with a 5-3-1 architecture and a ρ value of 1.68. 
The ρ value between 1 and 3 indicates that the number 3 in the hidden layer is proportional to the number of 
descriptors 5 in the input layer, predicting the pIC50 values represented by the output layer 1.

The QSAR model developed using the ANN approach has a very high coefficient of determination R2 of 0.89, 
indicating an excellent fit to the data. Moreover, the RMSE is low (0.17), suggesting that the model predictions 
are highly accurate. The results demonstrate that the QSAR model is statistically reliable in predicting inhibitory 
activity as balanced multifunctional agents against Alzheimer’s disease.

Consequently, the five descriptors (S-B, NHBD, SOVD, TVC and TD) are valuable for predicting pIC50 
values. These descriptors were selected for their relevance to this study.

Figure 5 illustrates that the predicted pIC50 values are evenly distributed across the training set, ensuring that 
the ANN model predictions closely correspond to the experimentally observed pIC50 values.

Y-randomization test
Randomization is a common strategy to ensure the reliability of QSAR models. Once a regression model is 
selected, Y-randomization is used to validate it. This involves shuffling the activity values of the compounds 
and rebuilding the model to assess its sensitivity to random variations in the data. This process is repeated 100 
times to assess the model’s overall robustness and identify any potential overfitting. As shown in Eq. (5), these 
randomized models have an average correlation coefficient of 0.36, R2 value of 0.14 and Qcv

2 of 0.63.
Random target values yielded significantly lower average R2 and Qcv

2 values compared to the model values. 
This suggests that the relationships between descriptors and activities in Model 1 are not coincidental, confirming 
the model’s robustness. This randomization test validates the model’s predictive power and reliability.

External validation
External validation was conducted using the Golbraikh-Tropsha criteria68, with the aim of evaluating the ability 
of the QSAR models. We predicted pIC50 activity values for compounds in the test set, as shown in Table 4. This 
assessment includes calculating the correlation coefficient (R2), which is a crucial criterion for determining how 
effectively externally validated models can predict the activities of molecules that were not included in the model 
development process, as shown in Fig. 6.

The R2 test provided a value of 0.68 with a root mean square deviation of 0.282, and all values were within the 
acceptable range, indicating that the Golbraikh and Tropsha criterion was successfully validated. These findings 
suggest that the developed QSAR model is quite successful. Furthermore, external validation of the QSAR 
models indicates their high capacity to reliably predict pIC50 values for the experimental inhibitory activity of 
balanced multifunctional drugs against Alzheimer’s disease.

Applicability domain (AD)
The William plot for the AD of the model is shown in Fig. 7.

The AD of the QSAR model was established through leverage analysis, as demonstrated by the Williams plot 
(Fig. 7). In the William plots. the results indicate that the leverage values of all the compounds in the training 
and test sets were lower than the warning leverage (h* = 0.50) except for compound 1, which was greater than the 
warning lever effect. This compound belongs to the training set.

The accurate prediction of the QSAR model for the test sets can be attributed to their lack of outliers. 
Consequently, all tested compounds fall within the AD, signifying the credibility of their predicted activity 
values.

Molecular docking simulations
The results shown in Fig.  8 confirm that most active ligands, C25 and C27, share common intermolecular 
interactions, including Trp279 amino acid residue as the active site of anti-Alzheimer’s drug (1EVE.pdb), more 
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than Asp72 and Tyr334 amino acids residues. These interactions were all detected with the lowest possible 
binding energies in kcal/mol, -7.26 and -6.1 kcal/mol, respectively. The novel-designed compound, labeled 
Pred12, which was predicted in the current study with the highest acetylcholinesterase inhibitory activity based 
on the validated QSAR model, was equally docked to the same targeted receptor (1EVE.pdb). The docking 
results revealed similar intermolecular interactions, such as Trp84 and Trp279 amino acid residues as two 
active sites of the targeted protein, in addition to other common chemical bonds produced towards Tyr334 
and Phe330 amino acid residues. One additional hydrogen bond was detected towards the Phe288 amino acid 

Comp S-B NHBD SOVD TD TVC pIC50Obs

MLR MNLR

pIC50Pred Resid pIC50Pred Resid

1 0.57 1 78 15 2.36E-06 5.61 5.499 0.107 5.605 0.000

2 0.22 1 80 15 1.18E-06 5.80 6.044  − 0.248 5.797  − 0.001

3 0.42 1 94 18 1.07E-07 6.03 5.499 0.532 5.922 0.110

4 0.53 1 96 18 7.58E-08 6.04 5.715 0.326 5.920 0.121

5 0.44 1 102 18 3.79E-08 5.97 5.857 0.113 5.793 0.177

6 0.48 1 104 18 2.68E-08 6.13 5.974 0.157 5.863 0.268

7 0.98 1 104 18 2.93E-08 6.21 6.506  − 0.292 6.279  − 0.065

8 0.83 1 104 20 2.93E-08 5.04 5.000 0.036 4.821 0.215

9 0.50 1 104 18 2.48E-08 5.99 5.997  − 0.010 5.878 0.109

10 0.50 1 104 18 2.48E-08 6.17 5.998 0.169 5.879 0.288

11 0.50 1 104 19 2.48E-08 5.07 5.322  − 0.256 5.376  − 0.310

12* 0.53 1 98 18 7.44E-08 5.64 5.784  − 0.147 5.829  − 0.192

13 0.51 1 98 18 7.44E-08 5.53 5.761  − 0.228 5.816  − 0.283

14* 0.51 1 98 18 6.56E-08 5.60 5.766  − 0.171 5.834  − 0.239

15 0.40 1 98 18 4.64E-08 5.59 5.667  − 0.079 5.821  − 0.233

16 1.57 1 112 21 1.14E-08 5.37 5.414  − 0.043 5.308 0.062

17 1.00 1 112 21 9.61E-09 4.31 4.802  − 0.492 4.442  − 0.132

18 1.33 1 112 19 1.14E-08 6.70 6.515 0.184 6.811  − 0.112

19 0.89 1 112 19 1.04E-08 5.92 6.044  − 0.127 6.234  − 0.317

20 0.87 1 112 19 9.61E-09 6.46 6.013 0.443 6.205 0.251

21 1.06 1 112 19 1.04E-08 6.48 6.221 0.261 6.424 0.058

22 0.62 1 112 19 9.47E-09 6.20 5.750 0.450 5.993 0.208

23* 0.59 1 112 19 8.77E-09 5.64 5.719  − 0.080 5.973  − 0.335

24 0.97 2 120 20 2.59E-09 7.07 7.211  − 0.146 7.148  − 0.083

25 0.53 2 120 20 2.37E-09 6.43 6.740  − 0.308 6.764  − 0.332

26 0.50 2 120 20 2.19E-09 7.16 6.708 0.453 6.746 0.415

27 0.98 1 106 18 2.54E-08 6.55 6.584  − 0.031 6.358 0.195

28 0.54 1 106 18 2.32E-08 5.78 6.115  − 0.332 5.973  − 0.191

29* 0.51 1 106 18 2.15E-08 6.05 6.084  − 0.034 5.959 0.091

30* 1.00 1 106 18 2.54E-08 6.60 6.603  − 0.001 6.379 0.223

31 0.56 1 106 18 2.32E-08 6.06 6.133  − 0.078 5.984 0.071

32 0.53 1 106 18 2.15E-08 5.59 6.102  − 0.512 5.969  − 0.379

33* 0.98 1 106 18 2.88E-08 6.13 6.588  − 0.457 6.357  − 0.226

34 0.51 1 106 18 2.44E-08 5.84 6.088  − 0.244 5.956  − 0.112

35 0.97 1 112 18 9.61E-09 6.80 6.805  − 0.009 6.825  − 0.029

36 0.53 1 112 18 8.77E-09 6.24 6.335  − 0.091 6.440  − 0.196

37 0.50 1 112 18 8.12E-09 6.60 6.303 0.299 6.423 0.179

38 1.00 1 112 19 1.89E-09 6.34 6.165 0.172 6.373  − 0.035

39 0.56 1 122 19 1.73E-09 5.94 6.053  − 0.118 7.492  − 1.556

40 0.53 1 122 19 1.60E-09 6.00 6.022  − 0.022 7.473  − 1.473

41 1.28 1 112 20 1.14E-08 5.67 5.778  − 0.112 5.920  − 0.254

42 1.04 1 112 20 1.04E-08 5.80 5.525 0.274 5.597 0.201

43 0.97 1 112 19 9.61E-09 5.93 6.130  − 0.201 6.323  − 0.395

44* 1.38 1 116 21 5.68E-09 4.78 5.353  − 0.571 5.471  − 0.689

45* 1.01 2 124 22 1.30E-09 5.57 6.045  − 0.479 5.494 0.071

46* 1.47 1 112 21 1.14E-08 5.66 5.311 0.351 5.135 0.526

Table 3.  The biological activities predicted by the QSAR model, using both training and test sets.
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residue, making the novel-designed compound highly stable in terms of energy order (binding energy of -7.94 
kcal/mol)73. Moreover, the molecular docking protocol has been successfully validated29,70 as the candidate 
ligands labeled C25 and C27 more than most active molecules from the newly designed compounds marked 
Pred12 were effectively docked to two active sites of the three-dimensional structure of the anti-Alzheimer drug 
complexed with its target acetylcholinesterase co-crystallized ligand as shown in Fig. 9.

Compounds Obs(pIC50) MLR Pred (pIC50) MLR Residual

12 5.63639 5.784  − 0.147

14 5.59517 5.766  − 0.171

23 5.63827 5.719  − 0.080

29 6.05061 6.084  − 0.034

30 6.60206 6.603  − 0.001

33 6.13077 6.588  − 0.457

44 4.78252 5.353  − 0.571

45 5.56543 6.045  − 0.479

46 5.66154 5.311 0.351

Table 4.  The results of the prediction by MLR methods for the test set.

 

Fig. 5.  Correlation between the observed and the predicted activities calculated by ANN.

 

Fig. 4.  Correlation of observed and predicted activities calculated using LOO-CV.
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MD simulation
The complexes of the human AChE receptor complexed with ligands 61, 726, and 794 were selected for MD 
simulation to evaluate their thermodynamic stability over a 100 ns timescale. A stable drug-receptor complex is 
essential for exerting a therapeutic response. The macromolecular complex underwent a 100 ns MD simulation 
using Schrodinger’s Desmond software version 2022.4. The target AChE receptor’s monomeric chain consists of 
534 amino acids, comprising 4254 heavy atoms out of a total of 8369 atoms. To assess thermodynamic stability, 
structural changes and root-mean-square deviation (RMSD) analysis of the macromolecular backbone were 
performed throughout the 100 ns simulation. Ligand 61, with thirteen flexible bonds and thirty-four heavy atoms 
out of seventy-two total, displayed high stability in complex with human AChE throughout the simulation. The 
RMSD value of the receptor’s backbone fluctuated between 1.2 and 2.4 Å, while the bound ligand 61 exhibited 
minor RMSD fluctuations within the receptor cavity. ranging from 3.0 to 5.0 Å.

RMSF analysis, which measures the deviation of atoms from their initial positions, is a crucial parameter 
for assessing the flexibility and dynamic behavior of the macromolecular complex. To assess protein dynamics 
and stability, RMSF analysis was conducted on the human AChE receptor complexed with ligand 61. The MD 
simulation results showed that the RMSF values for the Cα backbone remained within a stable range of 0.5–2.5 
Å, except for a few terminal residues, while for ligand 61, it was found to be ranging from 1.0 to 2.0 Å. RMSF of 
human AChE receptor’s backbone and complexed ligand 61, observed during MD analysis, is depicted in Fig. 10.

The stability of the receptor-ligand complexes was evaluated by monitoring hydrophobic contacts, ionic 
interactions and hydrogen bonds formed during MD simulations. Ligand 61 interacted with the human AChE 
receptor via hydrophobic contacts with Tyr70, Trp84, Tyr121, Trp279, Leu282, Phe330 and Phe331. Additionally, 

Fig. 7.  The Williams graph of the model presented by Eq. (5).

 

Fig. 6.  Correlations between the observed/predicted activity by the MLR model for the test set.
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hydrogen bonds formed with Tyr121, Phe284, Asp285, Ser286, Phe288 and Arg289 while Trp279 and Ser286 
interacted through water bridges.

In another simulation, the complexed ligand 726 complexed with the human AChE enzyme, revealed that it 
constitutes fifteen flexible bonds, comprising thirty-six heavy atoms of seventy-two atoms in total. The human 
AChE-ligand 726 conjugate has displayed high stability throughout the simulation. RMSD (Root Mean Square 
Deviation) analysis revealed that the receptor’s backbone exhibited fluctuations between 1.2 and 2.1 Å during 

Fig. 8.  Intermolecular contacts in two and three dimensions between 1EVE.pdb protein and C25. C27. and 
Pred12 with binding energies of − 7.26. − 6.1. and − 7.94 kcal/mol. respectively.
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the simulation. The bound ligand 726 also showed minor fluctuations within the receptor cavity. ranging from 
3.2 to 7.0 Å. Molecular dynamics simulations of the human AChE receptor complexed with ligand 726 revealed 
the RMSF (Root Mean Square Fluctuation) for the Cα backbone remained within 0.5–2.0 Å, except for some 
terminal residues, while for ligand 726, it was found to be ranging from 1.0 to 4.0 Å. The RMSF of human 
AChE receptor’s backbone and complexed ligand 726, observed during MD analysis, is depicted in Fig.  11. 
Throughout the simulation, ligand 726 was found to be interacting with human AChE receptor via the formation 
of hydrophobic bonds with the amino acids Tyr70, Phe75, Trp279, Phe290, Phe331, Tyr334, Pro337, Leu358 
whereas Tyr70, Val71, Asp72, Trp84, Tyr121, Phe288, Arg289 and Tyr334 interacted via hydrogen bonds. 
Additionally, the amino acid Tyr70, Trp84, Asp285 and Tyr334 formed water bridges.

MD simulation of the ligand complex 794, complexed with the human AChE enzyme, revealed that it 
constitutes nine flexible bonds, comprising thirty-four heavy atoms of fifty-eight atoms in total. The human 
AChE-ligand 794 conjugate has displayed high stability throughout the simulation. The RMSD value of the 
receptor’s backbone was found to fluctuate between 1.0 and 1.75 Å, whereas the bound ligand 794 exhibited 
minor fluctuations in its RMSD value within the receptor cavity, ranging from 3.6 to 5.0 Å. Figure 12 illustrates 
the root-mean-square deviation (RMSD) profiles for human AChE receptor complexes with ligands 61, 726 and 
794 respectively.

Molecular dynamics (MD) simulations of the AChE-ligand 794 complex revealed that the RMSF for the Cα 
backbone remained within 0.5–2.0 Å for most residues, except for a few terminal residues, while for ligand 794, 
it was found to be ranging from 1.0 to 3.0 Å. The RMSF of the human AChE receptor’s backbone and complexed 
ligand 794, observed during MD analysis, is depicted in Fig. 13.

Throughout the simulation, ligand 794 was found to be interacting with the human AChE receptor via 
formation of hydrophobic bonds with the amino acids Met83, Trp84, Tyr121, Trp279, Phe288, Phe290, Phe330, 
Phe331, Tyr334 and His440. Additionally, hydrogen bonds were formed with Tyr70, Glu73, Gln74, Tyr121 and 
Ser122 while the amino acid Gln69, Tyr70, Val71, Asp72, Gln74, Tyr121, Phe288, Arg289 and Tyr334 interact 
via water bridges. Figure 14 shows the interactions of ligand 61 (a), ligand 726 (b) and ligand 794 (c) with human 
AChE receptor residues.

Design of new compounds
Table 5 presents the predicted values of molecular descriptors and pIC50 activities, calculated using the multiple 
linear regression study, which was used to develop a quantitative structure–activity relationship model for 
predicting the inhibitory activity of pyridazin-3(2H)-one derivatives against Alzheimer’s disease. The model was 
built using a dataset of compounds with known inhibitory activity, and the selected descriptors were calculated 
using molecular modeling software. The MLR model showed good statistical performance, with a high coefficient 
of determination (R2) and low root mean square error (RMSE) values.

The primary goal of this research is to develop novel Alzheimer’s disease inhibitors derived from pyridazin-
3(2H)-one, using the suggestions obtained from the 2D-QSAR investigations. In this work, thirteen pyridazin-

Fig. 9.  Active sites of the targeted receptor encoded in PDB basis by 1EVE.pdb.
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3(2H)-one derivatives (Pred1–Pred13) were designed to improve the inhibitory efficacy against Alzheimer’s 
disease (Table 6). To evaluate the potential of the newly proposed compounds, we used the same molecular 
descriptors as those used for the existing series of molecules. We then applied the MLR model (a regression 
analysis method) to predict their activity. The results presented in Table 8 indicate that these novel compounds 
exhibit comparable or superior inhibitory activity to the most active compounds in the series. This suggests their 
potential as promising candidates for Alzheimer’s disease treatment.

Lipinski’s rule
A potent drug is a chemical substance that has successfully passed several screening phases. Most drugs fail 
in preclinical testing because they lack the unique characteristics needed to be considered drug candidates. 
ADMET evaluation, an essential parameter in drug development, is of great importance in the early stages to 
reduce the failure rate of drug candidates.

Fig. 10.  RMSF for Cα chain of human AChE complexed with ligand 61 detected while executing 100ns MD 
simulation.
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In our study, Thirteen predicted molecules were subjected to in-silico ADMET testing, and all showed a high 
probability of being absorbed in the gut, as shown in Table 8. Those molecules that penetrate the gut also have 
a marked tendency to be absorbed by the human organism. An in vivo study confirmed that these 13 predicted 
molecules could effectively improve cognitive dysfunction in scopolamine-treated individuals by regulating 
acetylcholine levels and inhibiting oxidative stress. These results highlight the potential of these predicted 
molecules as novel, balanced candidates for the pharmacotherapy of Alzheimer’s disease.

Next, we assessed the drug-like physicochemical properties of the 13 predicted molecules with the aim of 
determining their potential for administration as drugs. Using Lipinski’s rule as a benchmark, these compounds 
met the criteria and fulfilled the topological polar surface area (TPSA) requirements for central nervous system 
drugs (Table 7)71. In addition, the thirteen predicted molecules were expected to have moderate water solubility 
and good gastrointestinal absorption capacity. Consequently, we concluded that these 13 predicted molecules 
possessed favorable physicochemical properties like those of drugs.

Fig. 11.  RMSF for Cα chain of human AChE complexed with ligand 726 detected while executing 100ns MD 
simulation.
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ADMET properties
To ensure the potential relevance of molecules designed as drugs, we took into account pharmacokinetic 
parameters such as ADMET. In silico ADMET properties were predicted using the pkCSM online tool72, and the 
details are provided in the corresponding table (Table 8).

Absorption levels below 30% indicate poor absorption, while values above 90% indicate acceptable absorption 
in the human digestive system. It is important to note that a volume of distribution (VDss) greater than 0.45 
is considered significant. The predicted compounds demonstrated excellent intestinal absorption, suggesting 
widespread distribution throughout the body. Enzymatic metabolism, the biochemical transformation of drugs 
in the body, plays a crucial role in modifying pharmacological molecules. This process can generate various 
metabolites that influence drug responses to varying degrees73. Given the potential differences in physicochemical 
and pharmacological properties, a thorough investigation of drug metabolism is essential.

Cytochrome P450 (CYP450) enzymes, particularly those in the CYP1, CYP2, CYP3, and CYP4 families, are 
responsible for over 90% of phase I metabolism. Among these, CYP3A4 is especially relevant to our research, as 
the novel compounds we developed act as both substrates and inhibitors of this enzyme75.

Clearance, a measure of how quickly a drug is eliminated from the body, is influenced by various factors. 
The newly discovered compounds exhibited notably high clearance values, ensuring optimal drug retention. 
Additionally, assessing the non-toxicity of predicted molecules is a critical step in drug selection. Further 
investigations are necessary to evaluate the toxicity profiles of these compounds. Fortunately, all the molecules 
we developed are non-toxic, adding to their potential as drug candidates.

In the pursuit of developing drug candidates for Alzheimer’s disease, the focus has been on inhibiting self-
induced Aβ1-42 aggregation and self-induced Aβ1-42 fibril disaggregation. However, as reported in the 2022 
study by Yichun et al., certain limitations have been observed in the development of synthetic drugs targeting 

Fig. 12.  RMSD for Cα chain of human AChE complexed with ligand 61 (a), ligand 726 (b) and ligand 794 (c) 
detected while executing 100ns MD simulation.
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these processes. These limitations include the inability to cross the blood–brain barrier (BBB), safety profile 
issues, limited solubility, and undesirable side effects. Therefore, addressing these challenges is essential in the 
development of novel drug candidates for Alzheimer’s disease.

These findings emphasize the importance of the predicted molecules for the development of dual-binding 
AChE inhibitors targeting both the PAS and the catalytic active site (CAS) of AChE, which could offer multiple 
activities against AChE, Aβ and delay the progression of AD.

Conclusion
In conclusion, this study aimed to develop new pyridazine-derived drugs as innovative multifunctional agents 
against Alzheimer’s disease. A 2D-QSAR analysis was performed to investigate the structural factors influencing 
the biological activity of 46 pyridazine-derived analogs acting as AD inhibitors. The MLR analysis method 
used to build the QSAR model demonstrated strong predictive power, indicating its reliability in predicting 

Fig. 13.  RMSF for Cα chain of human AChE complexed with ligand 794 detected while executing 100ns MD 
simulation.
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the biological inhibitory activity of the Aβ1-42 receptor. The developed QSAR model equation revealed five 
key descriptors (Stretch-Bend, Number of Hydrogen Donor Bonds, Sum of Valence Degrees, Total Valence 
Connectivity, and Topological Diameter) that significantly influence the biological inhibitory activity of the 
Aβ1-42 receptor. These findings emphasize the importance of these descriptors in designing potent compounds 

Fig. 14.  Protein–Ligand Contacts: Protein–ligand interactions identified between the human AChE receptor 
and ligand 61 (a), ligand 726 (b) and ligand 794 (c) respectively. The interactions were visualized using 
different colored bars with green representing h.
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for developing dual binding site AChEIs targeting both the PAS and the catalytic active site (CAS) of AChE, 
offering multiple activities against AChE, Aβ and delaying the progression of AD.

Based on the MLR equation analysis, thirteen new molecules with more potent activity were developed. 
Evaluation of the pharmacokinetic properties of these selected molecules revealed acceptable characteristics, 
and an in-silico assessment of their ADMET properties indicated favorable pharmacokinetic profiles. These 
molecules show potential as valuable new agents in combating Alzheimer’s disease by effectively inhibiting 
Aβ1-42 aggregation and enzymatic activity.

The information presented in this study offers medicinal chemists numerous possibilities for developing 
drugs as more potent balanced multifunctional agents against Alzheimer’s disease by using the molecular 
structure of these compounds to design new derivatives with enhanced activities.

In future research, we plan to develop 3D-QSAR models based on the pyridazine derivative series to further 
improve the design and development of potential Alzheimer’s disease therapies.

Comp S-B NHBD SOVD TD TVC pIC50_pred

Comp 26 0.50 20 120 20 2.19 × 10−9 7.16

Pred1 0.7447 2 124 19 1.70 × 10−9 7.79

Pred2 0.7196 2 122 18 2.40 × 10−9 8.37

Pred3 0.724 2 114 18 7.34 × 10−9 8.08

Pred4 0.3923 2 114 17 6.20 × 10−9 8.41

Pred5  − 1.3624 2 130 17 5.52 × 10−10 7.10

Pred6  − 0.3483 2 118 17 2.92 × 10−9 7.76

Pred7 0.1195 2 118 18 3.46 × 10−9 7.58

Pred8 0.1129 2 126 18 1.13 × 10−9 7.86

Pred9 0.3101 2 130 18 6.54 × 10−10 8.22

Pred10 0.3222 2 122 18 2.00 × 10−9 7.94

Pred11  − 0.059 2 122 17 1.69 × 10−9 8.21

Pred12  − 0.0682 2 130 17 5.52 × 10−10 8.49

Pred13  − 0.0908 2 138 18 1.81 × 10−10 8.08

Table 5.  The values of parameters calculated for the news molecules and their predicted activities.
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Table 6.  Structures of new compounds and their pIC50 predicted based on the 2D-QSAR model.
EGG BILLED: The white area represents the physico-chemical space of molecules with the highest probability 
of absorption in the gastrointestinal tract, the yellow area (egg yolk) is the physico-chemical space of molecules 
with the highest probability of brain penetration.
Bioavailability radars: the pink area represents the optimal range for each ingredient.
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Table 6.  (continued)
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Data availability
All data generated or analysed during this study are included in this published article.
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