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Results: Several phytoconstituents were predicted to have effects better than marketed drugs under some or the other out of the chosen six 
areas of pharmacological intervention. On the other hand, several new avenues were predicted in which the in vitro and in vivo evaluation of the 
phytoconstituents can be made on the basis of PASS predicted activities.

Conclusion: PASS is an important tool for virtually screening the compounds of interest for the biological activities of interest. This helps the 
researchers to streamline the research. However, PASS has its own share of limitations amidst a multitude of merits.

Keywords: Alzheimer’s disease, Prediction of activity spectra of substances, Phytoconstituents, Prediction.

INTRODUCTION

Alzheimer’s disease (AD) has been recognized as the most prevalent 
form of dementia among geriatric persons since the commencement 
of 21st century. Over 47.5 million people globally were estimated to be 
living with dementia in 2016. By 2030, the figure is being speculated to 
rise to 75.6 million [1]. AD is a neurodegenerative disorder that generally 
appears in mid-to-late adulthood. It is associated with a progressive 
and rather irreversible decline in memory various other cognitive 
capabilities. In AD, there is neuronal destruction and deterioration of 
neural connections in the cerebral cortex region of the brain along with 
a substantial loss of brain mass [2]. AD is invariably progressive and 
lethal within 5-10  years of its onset [3]. Death usually ensues due to 
complications of the chronic illness. It is one of the top five most common 
causes of mortality in population of the United States [4]. In some rare 
cases, it appears in people in their 40  seconds and 50  seconds, but 
otherwise it is a disease of old age. Based on clinical, population-based 
studies, about 200,000 people under 65 years of age are suffering from 
AD. In contrast, around 5 million of those over 65 years of age have AD. 
As per speculations, a new case of AD is expected to be developed every 
33 seconds, by 2050 [5].

AD is characterized by the presence of two neuropathological 
hallmarks, i.e., extracellular amyloid beta plaques (Aβ) and intracellular 
Tau neurofibrillary tangles (NFTs). The plaques constitute chiefly of the 
neurotoxic peptide amyloid, which forms after the sequential cleavage 
of a large precursor protein, i.e.,  amyloid precursor protein (APP) by 
two enzymes, namely, β-secretase and γ-secretase. However, Aβ is not 
formed if APP is first acted upon and cleaved by the enzyme α-secretase 
instead of β-secretase. NFTs comprise mainly of the protein tau. In the 
development of AD, Tau uncouples from microtubules and aggregates 

into tangles thereby inhibiting transport and resulting in microtubule 
disassembly. It also depends on the phosphorylation of Tau (Fig. 1) [6].

The current pharmacotherapeutic approaches for AD provide only 
symptomatic relief. There is an urgent need for discovery and 
development of new drugs that could halt or delay the progression 
of disease by treating the underlying causes [7,8]. The new drug 
development is a very tedious process and is associated with high 
probability of negative results in terms of pharmacological efficacy. In 
such a scenario, it becomes imperative that a tool should be available 
which could predict the pharmacological properties beforehand. 
It would enable the researchers to streamline the research more 
efficiently. Prediction of activity spectra of substances (PASS) is such 
a tool which can predict the pharmacological properties beforehand 
and would help in screening pharmacological potential leads for a 
particular condition [9].

The applicability of PASS to phytoconstituents has been exhibited 
in earlier investigations [12-14]. The current version of PASS is 
capable of predicting over 3750 biological effects, biochemical 
modes of action, specific toxicities, and metabolic terms based on 
2D structures or canonical simplified molecular-input line-entry 
system (SMILES) with a mean accuracy of almost 95%. It predicts 
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ABSTRACT

Methods: Several phytoconstituents were selected on the basis of reported literature. The anti-AD activities of selected phytoconstituents were 
predicted by employing canonical simplified molecular-input line-entry system obtained from PubChem using PASS online.

Objective: To predict the biological activity of certain phytoconstituents for their anti-AD effects.

Objective: Alzheimer’s disease (AD) is a neurodegenerative disorder that is associated with loss of memory and cognition. It is responsible for 
60-80% of dementia cases. The current pharmacotherapy provides only symptomatic relief. There is an urgent need for discovery and development 
of newer drugs that could delay or halt the progression of disease. Prediction of activity spectra of substances (PASS) is a valuable interface 
that should be adopted as a quintessential tool for predicting potential anti-AD capability of molecules.

Plant sources have been an integral part of traditional medicine systems 
since ages, be it the Traditional Indian Medicine System or Traditional
 Chinese Medicine System. Around 70% of New Chemical Entities which 
later  became  drugs  between  the  periods  of  1981-2006 
originated from plant sources [10]. Screening of molecules virtually 
is  of  specific  importance  to  form  basis  of  pharmacology  and 
receptor interactions for phytoconstituents [11].

© 2017 The Authors. Published by Innovare Academic Sciences Pvt Ltd. This is an open access article under the CC BY license (http://creativecommons. 
org/licenses/by/4. 0/) DOI: http://dx.doi.org/10.22159/ajpcr.2017.v10is4.21330
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the spectra of biological activities for a molecule in terms of probable 
activity (Pa) and probable inactivity (Pi). This prediction is based 
on the analyses of structure activity relationship of the training set 
comprising of over 2,05,000 compounds showing over 3,750 kinds 
of biological activities. The present study incorporates the use of 
PASS for exploration of the pharmacological potential of selected 
phytoconstituents in treatment of AD with respect to various disease 
associated targets.

MATERIALS AND METHODS

Materials
Several phytoconsitutents were selected on the basis of existing 
literature suggesting their applicability in treatment of AD (references 
mentioned in Table 1). Three marketed drugs for treatment of AD were 
also selected to be analysed for prediction of biological activity spectra. 
The canonical SMILES of these phytoconstituents and marketed drugs 
were obtained from PubChem (www.pubchem.ncbi.nlm.nih.gov) as in 
Table 2.

Methods
An elaborate search of existing literature was conducted to collect 
information pertaining to the previously reported biological activities, 
both in vitro and in vivo, of these phytoconstituents. The biological 
activity spectra of these phytoconstituents were obtained by Canonical 
SMILES using PASS online available from www.pharmaexpert.ru/
passonline/predict.php/.

The PASS prediction results were interpreted in the following manner: 
(i) Only the activities for which Pa > Pi, i.e., higher Pa, have been taken 

into account for each phytoconstituent, (ii) if Pa > 0.7, the probability 
to obtain a similar activity experimentally is appreciably high; hence, 
it is the chance of it being an analogue of an existing drug, (iii) if 0.5 
< Pa < 0.7, the probability to obtain a similar activity experimentally 
is relatively less and the substance is likely to be dissimilar from the 
existing pharmaceutical agents, (iv) if Pa < 0.5, the probability to find 
the activity experimentally is lesser, but the probability of finding a new, 
structurally similar compound (NCE) is more [15].

RESULTS

The selected marketed drugs and potential phytoconstituents were 
analyzed using PASS assisted prediction for six AD-related areas of 
pharmacotherapeutic intervention. The considered AD-related areas 
are as follows: (i) Cholinergic activity (including acetyl cholinesterase 
inhibition, butyrylcholinesterase inhibition, acetylcholine release 
stimulation), (ii) antiamyloidogenic activity (including Aβ antagonism 
and APP antagonism), (iii) anti-Aβ aggregatory activity, (iv) antidementia 
activity, (v) nootropic activity, and (vi) glutamate antagonistic activity 
(including glutamate release inhibition). The results obtained have 
been presented in Table 1.

Fig.  2 shows the relative cholinergic activity of the selected 
phytoconstituents with respect to the marketed drugs for AD. 
Fig. 3 shows the relative antiamyloidogenic activity of the selected 
phytoconstituents with respect to the marketed drugs for AD. 
Fig.  4 shows the relative anti-Aβ aggregatory activity of the 
selected phytoconstituents with respect to the marketed drugs 
for AD. Fig.  5 shows the relative antidementia activity of the 
selected phytoconstituents with respect to the marketed drugs 
for AD. Fig. 6 shows the relative nootropic activity of the selected 
phytoconstituents with respect to the marketed drugs for AD. Fig. 7 
shows the relative glutamate antagonistic activity of the selected 
phytoconstituents with respect to the marketed drugs for AD. 
Phytoconstituents for which Pa value was not predicted (under 
respective areas of pharmacological interventions) have not been 
included in the figures.

DISCUSSION

PASS is an online interface which allows for a hassle-free registration at 
no charge. The software predicts the biological activities of compounds 
by three tools - canonical SMILES, MOL files, and an inbuilt JAVA applet 
for drawing 2D structures (MarvinSketch). The biological activity 
spectra for an enormous number of molecules can be predicted by PASS 
in a very short period of time.

The marketed drugs and the selected phytoconstituents were analyzed 
for their anti-AD potential on the basis of PASS prediction. The analysis 
was done under six areas of pharmacological intervention and the 
obtained results in the terms of Pa values have been summarized in 
Figs. 8 and 9.

Fig. 1: The chief pharmacological interventions in treatment of 
Alzheimer’s disease

Fig. 2: Relative cholinergic activity of selected compounds
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While the selected phytoconstituents did not exhibit a significant 
predicted cholinergic activity as compared to the marketed drugs, 
alpha-Asarone was predicted to have a stimulant effect on ACh release 
and Uleine was predicted to have some cholinergic activity.

Vanillin was predicted to have antiamyloidogenic activity more than 
marketed drug donepezil. The antiamyloidogenic potential was also 
predicted in curcumin, resveratrol, alpha-Asarone, caprylic acid, ferulic 
acid, magnolol, and honokiol (in a decreasing order of Pa values). 
Almost negligible Pa value for antiamyloidogenic effect was predicted 
for galangin. Some compounds were also predicted to have an Aβ 
antagonistic effect. Ferulic acid was predicted to have the maximum 
antagonistic effect on the Aβ protein followed by curcumin, resveratrol, 
naringenin, gingerol, and alpha-Asarone.

Many selected phytoconstituents were predicted to have an anti-Aβ 
aggregatory activity which was predicted to be absent in all the three 
chosen marketed drugs (donepezil, rivastigmine, and memantine). 
(-) Epigallocatechin gallate -  the green tea polyphenol, was predicted 
to have a remarkable anti-Aβ aggregatory activity. Resveratrol, 
caprylic acid, ferulic acid, galangin, naringenin, curcumin, vanillin, and 
alpha-Asarone. Almost negligible activity was predicted for effect on 
aggregation of Aβ for magnolol and gingerol.

Madecassoside was predicted to have maximum effect against 
dementia followed by asiatacoside, Jujuboside B, Jujuboside A, 
hesperidin, alpha-Asarone, resveratrol, vanillin, naringenin, caprylic 
acid, magnolol, galangin, glabridin, curcumin, ferulic acid, and honokiol. 
The predicted Pa values of these phytoconstituents were higher than 
that of donepezil. Milder antidementia effect was predicted for uleine 
and (-) Epigallocatechin gallate as well. However, none of the selected 
phytoconstituents was predicted to have an antidementia activity 
higher than Memantine but the predicted Pa value of Madecassoside is 
in close range of the marketed drug.

Curcumin, caprylic acid, gingerol, naringenin, resveratrol, and galangin 
were predicted to have a nootropic activity. However, the predicted 
Pa values for these phytoconstituents were lesser than memantine, 
rivastigmine, and donepezil.

Jujubosides A and B were predicted to have a significant inhibitory 
effect on release of glutamate which was predicted to be absent in the 
marketed drugs. Resveratrol and alpha-Asarone were also predicted 
to inhibit glutamate secretion to a small extent. Caprylic acid was 
predicted to have a glutamate antagonistic effect more than donepezil 
but less than Memantine.

PASS helps in choosing and optimizing the compounds, based on 
the structure of predicted target site of interest for computer aided 
drug design and enables the chemists to speed up the process. It is 
a very beneficial tool for revealing novel modes of action of existing 
molecules. It helps in finding new lead compounds which can be 
further optimized. The chief benefit is the software’s capability to 
predict a wide array of biological activities in a nominal amount of 
time.

The predicted Pa and Pi values are not conclusive in terms of the 
biological activity of the molecule as it makes the predictions on the 
basis of 2D structure of the molecule. In addition, it does not consider 
the energy levels of the molecules. However, owing to these drawbacks 
of PASS, it can happen that the predicted activities may not be practically 
reported or observed in vivo and the activities not predicted through 
PASS may be practically observed in different pharmacological tests. For 
example, hesperidin has been reported to have acetyl cholinesterase 
inhibitory and antiamyloidogenic activities in previous in vivo studies 
while both these effects have not been predicted by PASS. Similarly, 
Jujuboside A has not been reported in the previous in vivo study to 
have glutamate antagonistic effect, but PASS has made a significant 
prediction of this effect.Co
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Molecule/Compound Canonical SMILES (obtained from PubChem) Chemical structure
Donepezil COC1=C (C=C2C(=C1) CC (C2=O) CC3CCN (CC3) CC4=CC=CC=C4) OC

Rivastigmine CCN (C) C(=O) OC1=CC=CC(=C1) C (C) N (C) C

Memantine CC12CC3CC (C1)(CC (C3)(C2) N) C

(‑) Epigallocatechin 
gallate

C1C (C (OC2=CC(=CC(=C21) O) O) C3=CC(=C (C(=C3) O) O) O) OC(=O) 
C4=CC(=C (C(=C4) O) O) O

Alpha‑Asarone CC=CC1=CC(=C (C=C1OC) OC) OC

Asiaticoside CC1CCC2(CCC3(C(=CCC4C3(CCC5C4(CC (C (C5(C) CO) O) O) C) C) C2C1C) C) 
C(=O) OC6C (C (C (C (O6) COC7C (C (C (C (O7) CO) OC8C (C (C (C (O8) C) O) O) 
O) O) O) O) O) O

Caprylic acid CCCCCCCC(=O) O

Curcumin COC1=C (C=CC(=C1) C=CC(=O) CC(=O) C=CC2=CC(=C (C=C2) O) OC) O

Ferulic acid COC1=C (C=CC(=C1) C=CC(=O) O) O

Galangin C1=CC=C (C=C1) C2=C (C(=O) C3=C (C=C (C=C3O2) O) O) O

Gingerol CCCCCC (CC(=O) CCC1=CC(=C (C=C1) O) OC) O

Glabridin CC1(C=CC2=C (O1) C=CC3=C2OCC (C3) C4=C (C=C (C=C4) O) O) C

Table 2: Selected molecules/compounds for PASS prediction with respective canonical SMILES

(contd...)
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Molecule/Compound Canonical SMILES (obtained from PubChem) Chemical structure
Hesperidin CC1C (C (C (C (O1) OCC2C (C (C (C (O2) OC3=CC(=C4C(=O) CC (OC4=C3) 

C5=CC(=C (C=C5) OC) O) O) O) O) O) O) O) O

Honokiol C=CCC1=CC(=C (C=C1) O) C2=CC(=C (C=C2) O) CC=C

Jujuboside A CC1C (C (C (C (O1) OC2C (C (COC2OC3CCC4(C5CCC6C7C 
(CC (OC78CC6(C5(CCC4C3(C) C) C) CO8) C=C (C) C)(C) O) C) O) 
OC9C (C (C (C (O9) COC1C (C (C (C (O1) CO) O) O) O) O) O) OC1C (C (C (CO1) 
O) O) O) O) O) O

Jujuboside B CC1C (C (C (C (O1) OC2C (C (COC2OC3CCC4(C5CCC6C7C 
(CC (OC78CC6(C5(CCC4C3(C) C) C) CO8) C=C (C) C)(C) O) C) O) 
OC9C (C (C (C (O9) CO) O) O) OC1C (C (C (CO1) O) O) O) O) O) O

Madecassoside CC1CCC2(CCC3(C(=CCC4C3(CC (C5C4(CC (C (C5(C) CO) O) O) C) O) C) C2C1C) 
C) C(=O) OC6C (C (C (C (O6) COC7C (C (C (C (O7) CO) OC8C (C (C (C (O8) C) O) 
O) O) O) O) O) O) O

Magnolol C=CCC1=CC(=C (C=C1) O) C2=C (C=CC(=C2) CC=C) O

Naringenin C1C (OC2=CC(=CC(=C2C1=O) O) O) C3=CC=C (C=C3) O

Resveratrol C1=CC(=CC=C1C=CC2=CC(=CC(=C2) O) O) O

Uleine CCC1C2CCN (C1C3=C (C2=C) NC4=CC=CC=C43) C

Vanillin COC1=C (C=CC(=C1) C=O) O

SMILES: Simplified molecular‑input line‑entry system, PASS: Prediction of activity spectra of substances

Table 2: (Continued)
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PASS predictions should be used as a supplementary source of 
information only. However, the analysis of the compound of interest 
with PASS may enable the researchers to streamline the research. It 
can be used as a preliminary screening tool for exploring new potential 
drug candidates for treatment of AD.

CONCLUSION

The selected phytoconstituents have been studied using PASS prediction. 
This study provides a conclusive proof that the PASS predictions quite 
accurately coincide with the experimentally proven biological activities 
of the marketed drugs for treatment of AD. Previously unexplored 

Fig. 3: Relative antiamyloidogenic activity of selected compounds

Fig. 4: Relative amyloid-beta aggregation activity of selected compounds

Fig. 5: Relative antidementia activity of selected compounds
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but PASS predicted activities may provide the grounds for evaluation 
of hidden potential of the selected phytoconstituents and related 
analogues. In this study, highest Pa value for cholinergic activity was 
predicted for uleine which is comparable to the drug Mementine. 
Antiamyloidogenic activity and anti-Aβ aggregatory activity was found 
to be highest in vanillin and epigallocatechin gallate, respectively, which 
is even more than marketed drugs. Antidementia activity was found to 
be highest for made cassoside, which is in close range to Mementine. 
Nootropic and glutamate antagonistic activity were found to be highest 

for curcumin and Jujuboside A, respectively. However, PASS predictions 
should not be taken as conclusive proofs of the existence of predicted 
biological activities related to the studied compounds. The predicted 
activities provide basis for further research avenues but the effects 
should be established only after significant in vivo findings.
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