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Abstract. Alzheimer's disease (AD) is a progressive neurodegenerative disease caused by neural cell death, 

characterized by the overexpression of acetylcholinesterase (AChE) and extracellular deposition of amyloid plaques. 

Currently, most of the FDA-approved AChE-targeting drugs can only relieve AD symptoms. There is no proven treatment 

capable to stop AD progression. Many natural products are isolated from several sources and analyzed through preclinical 

and clinical trials for their neuroprotective effects in preventing and treating AD. Therefore, this study aims to explore 

and determine potential candidates from natural bioactive compounds and their derivatives for AD treatment targeting 

AChE. In this study, feature extraction was carried out on 1730 compounds from six plants resulting from literature 

studies with limitations on international journals with a minimum publication year of 2018 and database searches, then 

classified using machine learning algorithms: Random Forest (RF), Logistic Regression (LR), and Support Vector 

Machine (SVM). Hit compounds predicted to be active and inactive in the selected model were then processed through 

ensemble modelling. From 1730 compounds, there are 986 predicted active compounds and 370 predicted inactive 

compounds in the LR and RF ensemble modelling. Quercetin, Kaempferol, Luteolin, Limonene, γ-Terpinene, Nerolidol, 

and Linalool predicted active found overlapping in two to three plants in both LR and RF models. 
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1 Introduction 

Alzheimer's Disease (AD) is a neurodegenerative 

disorder associated with increasing age and is included 

in progressive dementia. AD is clinically one of the 

main causes of dementia which can trigger memory, 

cognitive, executive dysfunction, and behavioural 

changes that lead to mental disorders in patients [1]. 

According to WHO (2022), AD is a global disease 

contributing to the number of dementia cases by 60-70% 

compared to other neurodegenerative diseases. The 

incidence of AD until now continues to increase every 

year, where every 3 seconds there is 1 person in the 

world experiencing AD. The prevalence of dementia 

caused by AD globally reaches 55 million cases and it is 

estimated that there are 10 million new cases each year. 

In Indonesia, cases of death due to AD in 2020 reached 

27,054 people [2]. The high number of AD cases is 

influenced by the accumulation and aggregation of β-

amyloid in the brain [3]. 

 β-Amyloid is a peptide that accumulates abnormally 

in brain tissue and forms extracellular plaques that can 

induce neurodegeneration [4]. AD is formed from the 

accumulation of Aβ40 and Aβ42 peptides which are the 

result of an abnormal process of amyloid protein 

precursors between β-secretase and 𝜸-secretase and an 

imbalance in production and synthesis pathways [5]. 

Several enzymes are known to be involved in increasing 

neurodegenerative disorders including cholinesterase 

(Acetylcholinesterase (AChE) and 

Butyrylcholinesterase (BuChE)), Prolyl endopeptidase 

(PEP) or oligopeptidase (POP), and the cleavage 

enzyme APP β (BACE1) [6]. AChE is found mainly in 

blood and nerve synapses [7]. Therefore, this enzyme is 

a suitable target for the treatment of AD. AChE is 

strongly suspected of interacting directly with Aβ 

plaque formation. This confirms that AChE inhibitors 

play an essential role in curing AD rather than as a 

palliative measure [6].  

  

 Commercial drugs currently used as AChE 

inhibitors are tacrine, rivastigmine, and donepezil. 

However, these drugs have several side effects causing 

nausea, vomiting, diarrhea, bleeding, and shrinking of 

brain tissue [8]. Seeing these problems, it is necessary to 

find alternative natural ingredients that are safer with 

minimal side effects. As a tropical country, Indonesia 

has many potential natural ingredients that have the 

potential to become candidates for anti-Alzheimer's 

drugs. 

Currently, the discovery and development of new 

drugs for AD treatment required a long time and are 

quite expensive. It takes between 10 and 15 years of 

research and testing. Therefore, the approved drug 

therapies for AD that temporarily relieve the symptoms 

and slow down the disease progression could only be 

countered by hand [9]. It is indicated that drug discovery 

efforts for Alzheimer’s treatment still need enhancement 

[10]. In the traditional discovery of natural chemical 

compounds, the compounds were isolated randomly, 

then their biological activity was identified by a simple 

test. In addition, in the wet lab experimental tests, not all 

isolated compounds were tested for their therapeutic 

activity. With the development of information 

technology, the drug discovery process can be simulated 

in silico more quickly and accurately through virtual 

screening. Machine learning-based virtual screening can 

be an alternative way to select natural product 

compounds more effectively than compounds that 

contain the desired activity [11]. 

Previous research by Periwal et al. (2022) used a 

machine-learning approach in the form of a trained 

classification model to explore natural compounds and 

their derivatives more quickly on a much larger scale 

[10]. In this study, the similarity was predicted between 

the approved drug and its natural compounds.  

Therefore, this study aims to explore and predict 

Indonesian natural product compounds that can 

potentially become acetylcholinesterase inhibitors as 

AD treatment. 
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2 Material and Methods 

2.1 Data set and preparation 

Indonesian herbal plants that have the potential to have 

anti-Alzheimer's activity were searched through 

literature studies with limitations on international 

journals with a minimum publication year of 2018 

(Table 1). The compounds contained in each plant are 

then searched through the ChEMBL Database 

(https://www.ebi.ac.uk/chembl/) and KNaPSAcK 

(http://www.knapsackfamily.com/). Each SMILES ID 

is taken and saved with Notepad++ in .smi format. 

Via DUD-E Docking (https://dude.docking.org/targets) 

the active and decoy compounds of 

Acetylcholinesterase (AChE) (Code: ACES) were 

downloaded. At this stage, the SMILES ID of the active 

and decoy compounds was stored in Notepad++ in .smi 

format. 

2.2 Environment used 

This study needs Java programming language to obtain 

optimal results through the software that is used. The 

environment variables are set by adding Java SE 

Development Kit (JDK) and Java SE Runtime 

Environment (JRE). 

2.3 Feature extraction 

Feature extraction is performed on each active and 

decoy compound with PaDEL Descriptor software using 

PubChem Fingerprint. At this stage, remove salt, 

aromaticity detector, and standardize nitro groups are 

selected.  

 PubChem has 881 binary structural keys that 

indicate the presence or absence of a certain group of 

chemical features in a compound. Compared to other 

fingerprints that use a floating point number and require 

32 bits for one feature, PubChem fingerprint only 

requires one bit of storage for each feature in the 

compound. The small bit of fingerprint can speed up the 

machine learning process. PubChem Fingerprint uses 

the 2D structure of the compound which is used as a 

measure of the similarity of the compound to the 

compounds that have been found on the website 

http://pubchem.ncbi.nlm.nih.gov. 

 The fingerprint results of the active and decoy 

compounds are then combined into one big data in .csv 

format. Each natural product compound is given a class 

label. The active compound is labeled 1, while the decoy 

compound is labeled 0.   

2.4 Machine Learning 

Machine learning (ML) is a subfield of Artificial 

Intelligence (AI) that focuses on developing algorithms 

and statistical models that enable computers to learn and 

improve their performance on specific problems without 

being explicitly programmed [11]. Machine learning has 

become an increasingly valuable tool in research due to 

its ability to analyze large and complex datasets, identify 

patterns, and make predictions. 

 This article utilized a machine-learning approach to 

extract compounds from the data obtained from 

ChEMBL and KNaPSaCK databases. This approach has 

developed a set of algorithms that have been optimized 

for performance and accuracy using advanced 

computational techniques. These algorithms can process 

large volumes of data efficiently and extract valuable 

information from it. 

In this study, a machine learning approach was used 

with supervised learning. The selected algorithms 

include Random Forest (RF), Logistic Regression (LR), 

and Support Vector Machine (SVM). All three have 

different ways of classifying objects (compounds) into 

their classes. RF is a classifier that consists of a 

collection of tree-structured classifiers. RF uses multiple 

trees to average (regression) or calculates the most votes 

(classification) in the terminal leaf nodes to make a 

prediction. In decision trees, each node is separated by 

the best separation among all variables. While in RF, 

each node is divided by the best among the predictor 

subsets chosen randomly at that node. On decision trees, 

at each decision node, the features are split into two 

branches and are repeated until the leaf nodes are 

reached to make the final prediction. compared to RF, 

decision trees can't generalize well the unseen data and 

are notorious for overfitting. RF is able to overcome 

overfitting by using a decision tress ensemble where the 

values are random and independent. RF is suitable for 

medium to large datasets. In RF, not all predictor 

variables are used at once so that when the number of 

independent variables is greater than the number of 

observations, this algorithm can run, unlike the LR 

algorithm which will not run because the predicted 

parameters exceed the number of observations [12]. 

Logistic Regression (LR) is one of the most 

commonly utilized linear statistical models in which the 

response variable is quantitative. The response variable 

in LR is in the form of a log of the possibilities that are 

classified in group I of binary responses or multi-class 

responses. LR makes several assumptions such as 

independence, the responses (logits) at each 

subpopulation level of the variables are normally 

distributed, and the constant variance between the 

responses and all explanatory value variables. a 

transformation to the variable is applied over the output 

classes between 0 and 1, called "logistic" or "sigmoid". 

LR has a vulnerability to underfitting and has low 

accuracy [13]. In addition, the LR algorithm also has 

problems with class imbalance in datasets with high 

dimensions [14]. 

Support Vector Machine (SVM) is a technique for 

finding hyperplanes that can separate two data sets from 

two different classes. SVM has the basic principle of a 

linear classifier. Even so, SVM can also work on non-

linear problems through the kernel concept in high-

dimensional space. In a high-dimensional space, we will 

look for a hyperplane that can maximize the margin 

between data classes. In addition, SVM uses structural 

risk minimization (SRM), which is the inductive 

principle of nature having a learning model from a 

limited set of training data. The advantage of this model 
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is that it is able to determine the distance to the support 

vector so that the computational process runs faster. 

The machine-learning approach was conducted on 

Lenovo Ideapad Slim 3i, Intel Core i3-14IGL05, RAM 

5 GB, SSD 256 GB. Analysis of the machine learning 

approach was carried out using the Orange Data Mining 

application with 75% fixed proportion data and 5- cross-

validation. The results obtained are then evaluated based 

on ROC Analysis and Confusion Matrix to select the 

algorithm to be used for the next process (Figure 1).

 

 
Fig. 1. A schematic representation of the machine learning approach to choose the optimal and validated model 

for predicting natural compounds

 

2.5 Predicting Indonesian Herbal Compounds 

Prediction of Indonesian medicinal compounds is 

investigated with selected models. The natural 

ingredient compounds from the 6 selected plants do not 

have labels. Therefore, each plant compound is 

predicted to be active and decoy. From the classification 

results obtained, an ensemble was performed on 

compounds that were predicted to be active and inactive 

in both models (Figure 2). 

 

 
 

Fig. 2. The scheme of predicting natural compounds using the optimal and validated model
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2.6 Pharmacokinetic Analysis 

The pharmacokinetic tests of the compounds included 

the HIA and toxicity (BBB) test through PreADMET 

(https://preadmet.webservice.bmdrc.org/adme/)  and the 

Lipinski Rule of Five (Ro5) test through SwissADME 

(http://www.swissadme.ch/).  

In addition, Predictions of Activity Spectra for 

Substances (PASS) were carried out via the 

http://www.pharmaexpert.ru/passonline/predict.php 

page. This test was carried out to determine the activity 

potential of a compound based on the relationship 

between the structure of the compound and its biological 

activity (Structure Activity Relationship/SAR). 

 

3 Results and Discussion 

3.1 Data source 

Based on the results of a literature review search, 

there are 6 candidate plants that had the potential as anti-

Alzheimer's (Tabel 1). Based on ChEMBL and 

KNaPSAcK, a total of 1730 compounds were obtained 

from 6 selected plants. There are 14 compounds in 

Moringa oleifera, 31 compounds in Zingiber officinale, 

43 compounds in Allium sativum, 1292 compounds in 

Annona crassiflora, 142 compounds in Citrus 

aurantium, and 208 compounds in Annona muricata. 

 

Table 1. List of Indonesian herbal compound related to anti-Alzheimer. 

Plants Bioactivity Reference 

Moringa oleifera 

Inhibitor of butyrylcholinesterase (BChE); inhibitor of acetylcholinesterase 

(AChE); lower the glycemic index, total cholesterol, triglycerides, and low-

density lipoprotein cholesterol (LDL-C) level; increase high-density lipoprotein 

cholesterol (HDL-C) in plasma 

[15] 

Zingiber officinale 
Antioxidant, anti-inflammatory, increase expression of nerve growth factor 

(NGF) 
[16] 

Allium sativum 
Antioxidant, neuroprotective agent, inhibitor of AChE and BChE enzymes, anti-

neuroinflammatory 
[17] 

Annona crassiflora 
Antibacterial, antimutagenic, anti-inflammatory, antinociceptive, 

hepatoprotective, and antitumoral, inhibitor of AChE 
[18] 

Citrus aurantium 
Anti-oxidative, antihypertensive, anti-hyperlipidemia, anti-diabetic, anti-

inflammatory, and hepato-protective potentials, neuroprotective 
[19] 

Annona muricata Anticancer, antioxidant, antiviral, anti-haemolytic, sedative and neuroprotective [20] 

3.2 Machine learning 

Through the machine learning approach, we conducted 

each model with 75% fixed proportion and 5-cross 

validation to obtain the optimal prediction model. The 

performance prediction model calculated using the 

validation dataset is shown in Figure 3.

 

 
 

Fig. 3. The performance prediction of each model
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 The performance prediction model contains AUC, 

accuracy, precision, and recall. Area Under Curve 

(AUC) is the area under the ROC curve. If the value is 

close to 1, it means that the model obtained is more 

accurate. Accuracy is true positive and true negative 

divided by a total number of positive and negative.  

Precision is the number of true positive divided by the 

total number of positive predictions. Recall is the 

number of true positive divided by the total number of 

true positive and false negative [21]. Both precision and 

recall are focusing on positive examples and prediction. 

 Based on Figure 3, the LR model has the highest 

accuracy value (0.972), followed by SVM (0.963) and 

RF (0.954), likewise with the value of precision and 

recall. The LR model also has the highest AUC value. 

The higher the AUC value, the better the model 

performance in distinguishing positive and negative 

classes. 

 

 
Fig 4. Total compounds predicted active and inactive in each model 

 

 The confusion matrix has four categories. They are 

True Positive (TP), True Negative (TN), False Positive 

(FP), and False Negative (FN). True Positive (TP) 

means that the actual data is predicted correctly as 

positive. True Negative (TN) means that the actual data 

is predicted correctly as negative. Sometimes, the 

system can make a mistake by predicting the actual 

negative value as a positive value (False Positive/FP) or 

the actual positive value is predicted as a negative value 

(False Negative) [21].  

 As mentioned in Figure 4, the LR model has the 

highest TP value (346) and the SVM model has the 

lowest TP value (338).  

 

 
 

Fig. 5. ROC curve of each model 

 

 Provos et al. (1998) have argued that the results can 

be misleading if we look only at the accuracy results. 

When evaluating binary decision problems, it is 

recommended to use Receiver Operating Characteristic 

(ROC) [22]. ROC is the cross-validated performance 

measurement for the classification model [23]. ROC 

curve is fixed. An ROC curve begins at the (0,0) 

coordinate which is the decision threshold at which all 

test results are negative, and forms diagonal line ending 

at the (1,1) coordinate which is the decision threshold at 

5

BIO Web of Conferences 75, 03001 (2023)   https://doi.org/10.1051/bioconf/20237503001
BioMIC 2023



which all test results are positive. This diagonal line 

called the “chance diagonal” and represents the ROC 

curve of a prediction test with no ability to distinguish 

positive and negative results [22]. 

 ROC curve has False Positive Rate 

(FPR/specificity/recall) on the x-axis and True Positive 

Rate (TPR/sensitivity/precision) on the y-axis. The FPR 

measures wrongly the actual negative value as a positive 

value. The TPR measures the actual positive value 

correctly as a positive value. A significant change in the 

number of false positives just makes a small change in 

the FPR in ROC analysis [22].  

 Figure 5 shows that at a specificity of 0–0.05, the 

LR model has the highest sensitivity, followed by SVM, 

then RF. At a specificity of 0.05–0.1, the LR model has 

the highest sensitivity, followed by RF, then SVM. The 

higher the sensitivity, the better the positive class is 

classified correctly. The discrimination has a better 

particular model if the curve is more convex and 

approaches the upper left corner [24].  While looking at 

Figure 5, the LR model appears to be fairly close to 

optimal.  

 Compared to the confusion matrix, ROC has several 

advantages. ROC can be extended to multi-class through 

one vs. one (OVO) or one vs. all (OVA) methodologies. 

ROC depends on TPR and FPR which are calculated 

against true positive and true negative independently, so 

the change of class distribution will not impact the ROC 

curve. Obuchowski (2004) states that for classifying the 

results, the basic measures of accuracy require a 

decision rule or positivity threshold. ROC curves do not 

depend on the decision threshold although constructed 

from sensitivity and specificity [25]. 

 To obtain the optimal results, here ensemble model 

is used. The ensemble model refers to combining 

multiple models into one. Based on the ROC curve, the 

LR and RF models are chosen here to predict the active 

and inactive compounds of the six plants above. This is 

intended to minimize the bias that can occur when only 

referring to one model [26]. 

3.3 Predicting Indonesian Herbal Compounds 

Compounds of each plant are predicted using LR and RF 

models by its fingerprint. The results can be shown in 

Figure 6. 

 

 
Fig 6. Total compounds predicted active and inactive in LR and RF models 

 

 Based on Figure 6, all compounds of Moringa 

oleifera are predicted as active compounds in the RF 

model, but there are only 12 compounds predicted as 

active compounds in the LR model. All compounds of 

Zingiber officinale are predicted as active compounds in 

both RF and LR models. All compounds of Allium 

sativum are predicted as active compounds in LR model, 

but there are only 36 compounds predicted as active 

compounds in the RF model. In Annona crassiflora, 

there are 782 predicted active compounds in the RF 

model and 763 compounds predicted active compounds 

in the LR model. In Citrus aurantium, there are 132 

active compounds in the RF model and 137 active 

compounds in the LR model. In Annona muricata, there 

are 194 active compounds in the RF model and 205 

active compounds in the LR model. 

 Compounds that are predicted active in both LR and 

RF models then are collected. From 1730 compounds, 

there are 986 predicted active compounds and 370 

predicted inactive compounds in the LR and RF 

ensemble modeling. From these compounds, there are 

lots of predicted active compounds found overlapping in 

two to three plants in both LR and RF models (Table 2). 
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Table 2. List of Indonesian herbal compound related to anti-Alzheimer. 

Compounds Molecular Formula SMILES ID Plants 

Quercetin 

 

C15H10O7 c1(cc(c2c(c1)oc(c(c2=O)O)c1ccc(c(c1)O)O)O)O Allium sativum, 

Annona muricata, and 

Citrus aurantium.  

Kaempferol 

 

C15H10O6 c1(cc(c2c(c1)oc(c(c2=O)O)c1ccc(cc1)O)O)O Allium sativum and 

Annona muricata 

Luteolin 

 

C15H10O6 c1(cc(c2c(c1)oc(cc2=O)c1cc(c(cc1)O)O)O)O Annona muricata and 

Citrus aurantium 

Limonene 

 

C10H16 C1=C(CC[C@H](C1)C(=C)C)C Annona muricata and 

Citrus aurantium 

γ-Terpinene 

 

C10H16 C1C=C(CC=C1C)C(C)C Allium sativum and 

Citrus aurantium 

Nerolidol 

 

C15H26O CC(=CCC/C(=C/CC[C@](C=C)(C)O)/C)C Allium sativum and 

Citrus aurantium 

Linalool 

 

C10H18O CC(=CCC[C@](C=C)(O)C)C Annona muricata and 

Citrus aurantium 

 

Table 3. Toxicity and HIA Analysis 

Compounds HIA (%) BBB 

Quercetin 77.21 - 

Kaempferol 79.44 0.286076 

Luteolin 79.43 0.367582 

Limonene 100.00 8.27823 

γ-Terpinene 100.00 8.03745 

Nerolidol 100.00 13.9838 

Linalool 100.00 6.12506 

Donepezil 97.95 0.187923 
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3.4 Pharmacokinetics Analysis 

The seven overlapping compounds were then further 

analyzed to determine the HIA value and their toxicity 

through PreADMET (Table 3). 

 Based on the predicted results of Human Intestinal 

Absorption (HIA) in Table 3, it shows that the 

Quercetin, Kaempferol, and Luteolin compounds have a 

value below 70%. While Limonene, γ-Terpinene, 

Nerolidol, and Linalool have HIA values of 100%. HIA 

in the range of 80% -100% indicates that the compound 

has good absorption in the intestinal wall [27]. 

 The Blood Brain Barrier (BBB) values for the 

compounds shown in Table 3 obtained the highest to 

lowest BBB values respectively Nerolidol (13.9838), 

Limonene (8.27823), γ-Terpinene (8.27823), Linalool 

(6.12506), Luteolin (0.367582), and Kaempferol 

(0.286076). All compounds have a BBB value higher 

than Donepezil as a positive control. The BBB value 

indicates the absorption of the compound into the blood-

brain barrier [27]. 

 Compounds in Table 2 are then analyzed further 

with the Lipinski Rule of Five (Ro5) test to determine 

the similarity of drugs or chemical compounds with their 

pharmacological properties. Several parameters 

considered in the Lipinski test include molecular weight 

(< 500 Da), lipophilicity (iLOGP, XLOGP3, WLOGP, 

MLOGP, SILICOS-IT) (< 5), number of donor 

hydrogen atoms (< 5, number of OH and NH), and the 

number of acceptor hydrogen atoms (< 10, the number 

of N & O) [28].  

 

 

Table 4. Lipinski Rule of Five of Selected Compounds. 

Compounds Molecular Weight (g/mol) H-bond acceptors H-bond donors LogP 

Quercetin 302.24 7 5 1.63 

Kaempferol 286.24 6 4 1.70 

Luteolin 286.24 6 4 1.86 

Limonene 136.23 0 0 2.72 

γ-Terpinene 136.23 0 0 2.73 

Nerolidol 222.37 1 1 3.64 

Linalool 154.25 1 1 2.71 

Donepezil 379.49 4 0 4.00 

 Based on Lipinski test in Tabel 4, it shows that all 

compounds have no violation and have fulfilled the 

Lipinski Rule of Five. The molecular weight of all 

compounds is lighter than donepezil as a positive 

control. Compounds that have a molecular weight of 

less than 500 Da, indicate that the compounds are orally 

active. If the molecular weight of a compound is high, 

the permeability of the compound in the intestine and 

central nervous system is lower [29].  

 The hydrogen-bond acceptor of all compounds has 

compiled the Lipinski Rule of Five (H-bond acceptor < 

10), which means that all compounds bind well with 

solvents such as water. The hydrogen-bond donor of all 

compounds has compiled the Lipinski Rule of Five (H-

bond donor < 5), which means that all compounds have 

the ability to penetrate the bilayer membrane. The 

higher the hydrogen bonding capacity of a 

compound/molecule, the higher the energy required for 

the absorption process [30]. 

 The lipophilicity values of all compounds showed a 

value of no more than 5 and complied with the Lipinski 

rule. All compounds have lower lipophilicity than 

donepezil. The lipophilicity value indicates the degree 

of absorption of the compound and is the algorithm of 

the ratio of the drug partitioning to the organic phase 

which is in the aqueous phase. The positive lipophilicity 

values indicate that the compounds easily penetrate the 

lipid bilayer membrane [29]. 

3.5 PASS (Prediction of Activity Spectra for 
Substances) Analysis 

The PASS test is performed to predict pharmacological 

effects, types of biological activity, mechanism of 

action, and specific toxicity of different chemical 

compounds. The predicted activity spectrum in PASS is 

presented by a list of activities with the probability of 

active (Pa) and being active inactive (Pi). Pa value > 0.7 

indicates that the compound is very likely to show 

activity in the experiment. A Pa value of 0.5 < Pa < 0.7 

indicates that the compound is likely to show activity in 

experiments, but is less likely and unlike any known 

pharmaceutical agent. Then, if the Pa value <0.5 then 

the compound may not show activity in the experiment 

[31].  

 The PASS web server predicts various biological 

activities of the compounds, but the focus of the research 

here is on the prediction of the Acetylcholine 

neuromuscular blocking agent. 
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Table 5. Biological Activity of Each Compound Related to Alzheimer’s Disease. 

Compounds 
Acetylcholine neuromuscular 

blocking agent 

CYP3A4 

substrate 

CYP2D6 

substrate 

CYP3A4 

inhibitor 

Quercetin 0.512 0.617 0.41 0.294 

Kaempferol 0.545 0.623 0.425 0.275 

Luteolin 0.57 0.567 0.429 0.223 

Limonene 0.743 0.309 0.254 - 

γ-Terpinene 0.556 0.383 0.258 - 

Nerolidol 0.261 - 0.353 - 

Linalool 0.34 0.198 0.314 - 

Donepezil 0.561 0.231 0.188 - 

 Several cholinesterase inhibitors currently used in 

the treatment of Alzheimer's disease are metabolized via 

CYP-related enzymes [32]. This drug can interact with 

many other drugs that are substrates, inhibitors or 

inducers of the CYP system. Some cholinesterase 

inhibitors (tacrine, donepezil, galantamine) are 

metabolized via CYP-related enzymes, especially 

CYP2D6, CYP3A4, and CYP1A2 [33].  

 Based on Table 5, Quercetin, Kaempferol, Luteolin, 

and γ-Terpinene are likely to show activity in 

experiments, but are less likely and unlike any known 

pharmaceutical agent (0.5 < Pa < 0.7) of Acetylcholine 

neuromuscular blocking agent, same as Donepezil. Only 

Limonene is very likely to show activity in the 

experiment to this biological activity. When looking at 

the CYP system, Quercetin, Kaempferol, and Luteolin 

are also likely to show activity in experiments, but are 

less likely and unlike any known pharmaceutical agent 

(0.5 < Pa < 0.7) for CYP3A4 substrate. For CYP2D6 

substrate, all compounds do not show activity in the 

experiment. 

 From a drug metabolism standpoint, when a 

compound acts as a substrate the bioavailability will be 

reduced due to these compounds will be metabolized 

into relatively more polar compounds to make it easier 

excreted. However, if compounds play a role as an 

inhibitor that inhibits the action of cytochromes P450, 

then the compound causes bioavailability of other 

compounds will increase that can cause toxicity [34]. 

4 Conclusions 

In this study, a machine learning approach was used to 

look for candidate compounds that have the potential to 

become acetylcholinesterase inhibitors for the treatment 

of Alzheimer's disease. Analysis through machine 

learning and evaluation through the ROC curve shows 

that the RF and LR models are optimal models in 

differentiating active and inactive classes. From 1730 

compounds, there are 986 predicted active compounds 

and 370 predicted inactive compounds in the LR and RF 

ensemble modeling. Quercetin, Kaempferol, Luteolin, 

Limonene, γ-Terpinene, Nerolidol, and Linalool 

predicted active found overlapping in two to three plants 

in both LR and RF models. Based on the results of 

pharmacokinetic analysis, Limonene, γ-Terpinene, 

Nerolidol, and Linalool showed optimal results. 

Nevertheless, further research both in silico and in vitro 

study still needs to be developed. 
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