
INTRODUCTION

Although traditional testing methods 
in pharmaceutical development can be both 
time-consuming and costly, the advent of in silico
evaluation tools offers a promising alternative. 
The Active-IT system is a cutting-edge platform that
combines advanced molecular descriptor generation,
machine learning, predictive models, and a dedicated
prediction module [1]. This system has proven 
to be worthy in the field of drug discovery and
development [1–5].

Active-IT uses multi-conformational binary
pharmacophore fingerprints as molecular descriptors.
This innovative approach combines 3D structures and
conformational dynamics, moving away from 
the conventional 2D calculations typically employed 
in virtual screening [6]. What sets Active-IT apart 
is its rejection of a single “best model” in favor 
of a recursive partition approach for developing and
validating multiple models. These varied models 
are also used during the prediction phase, resulting 
in a more robust and diverse set of predictions.

The primary goal of this study is to present 
the Active-IT methodology and its validation 
by investigating the bioactivity of the alkaloids 

from the stem of Banisteriopsis caapi and leaves 
of Psychotria viridis. These two plants are used to make
Ayahuasca tea (used in Indigenous religious rituals),
known for its psychoactive properties [7]. Our in-house
Active-IT system targeted alkaloids 1 to 3 (Fig. 1) from
these species for predicting potential biological and
pharmacological activities [8, 9].

METHODS

The NEQUIM Active-IT system is an innovative
ligand-based bioactivity prediction platform with 
four essential components (Fig. 2) that integrate 
the creation of descriptors for substances (3D-Pharma),
advanced machine learning techniques (ExCVBA), 
a comprehensive database of activity models, 
and a robust prediction module (Active-IT). Figure 2
shows a simplified depiction of the Active-IT modules
and a detailed modeling process.

The 3D-Pharma module utilizes 3D pharmacophore
fingerprints to encode molecular structures from 
a set of conformations [10]. These fingerprints can help
to identify the key features responsible for the biological
activity of compounds. Each 3D structure is carefully
analyzed, with all non-hydrogen atoms categorized 
into six groups: positive, negative, hydrogen donor,
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hydrogen acceptor, hydrophobic, and aromatic [11].
Additionally, the 3D-Pharma module calculates 
all possible combinations of three pharmacophores 
by considering their distances (discretized 
in ten distance bins). Each triplet is represented 
by a 6-character string (3 characters for the feature 
on vertices and 3 for the distance bins on the edges) 
that identifies it unequivocally [12]. Each conformation
of the compound is associated with an unambiguous
vector of 3-point potential pharmacophores (3PPP). 
To have one representative vector of the compound, 
all uniconformational vectors of the compound 
are combined into a unique multiconformational binary
modal vector [13]. This single vector contains valuable
information about structural details and dynamic
behavior of compounds in four dimensions [14]. 

The Active-IT system relies on extensive data
collected from the PubChem BioAssay database [15, 16].
This systematic data collection ensures that 
our models accurately represent real-world situations.
Each compound classified as active or inactive 
within the PubChem Outcome field in each bioassay
had its structure (up to 10 conformations) downloaded
from the PubChem Compound database [17] and
processed as discussed above. We meticulously
collected over 3,500 bioassays, assembling them 
with the ExCVBA module [18] and utilizing 
the capabilities of supervised machine learning methods,
such as Support Vector Machine (implemented through
LibSVM by Chang and Lin, [19]) and Naïve Bayes
(available in the CPAN repository and developed 
by Williams [20]) in our custom Perl program.
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Figure 1. Chemical structure of 7-methoxy-1-methyl-9H-pyrido[3,4-b]indole (harmine 1) and 7-methoxy-1-methyl-
4,9-dihydro-3H-pyrido[3,4-b]indole (harmaline 2) from stems of B. caapi, and 2-(1H-indol-3-yl)-N,N-
dimethylethanamine (N,N-dimethyltryptamine 3) (DMT) from leaves of P. viridis.

Figure 2. Flow chart of the Active-IT system with its four modules and the modeling protocol using a recursive
stratified random partition method controlled by the ExCVBA module is also shown. The color version of the figure 
is available in the electronic version of the article.



The construction of the bioactivity models
employs a rigorous random recursive stratified 
partition method. This method ensured that 
the distribution of active and inactive compounds 
was consistent in both the test (or validation) and
modeling groups. Our approach involved randomly
dividing each set of compounds into two subsets, 
with a 30% and 70% split, without replacement,
corresponding to test and modeling groups. 
This recursive process was repeated at least 
of 30 times (as illustrated in Fig. 2) for each 
bioassay, resulting in 30 distinct models for each
machine-learning method. To validate the effectiveness
of our models, we subjected each dataset to an activity
randomization process (known as Y-random). 
This process generated randomized groups, 
allowing us to assess the validity of the models against
the overfitting risk [21]. As a result, 120 models — 
60 regular and 60 randomized — were developed 
for each bioassay analyzed. 

Figure 3 presents the distribution of the area 
under the receiver operating characteristic curve 
(AUC-ROC) values for PubChem Bioassay AID 1194
(DSSTox Salmonella Mutagenicity). It shows all four
model sets (SVM and Naïve Bayes, both regular and
randomized) and provides a compelling visualization 
of the randomization process. When the models
generated through randomizing activities were found 
to have the same predictive accuracy as conventional
models (verified by superposition of AUC distribution
curves), they were quickly rejected as unsuitable 
for accurately predicting potential biological activities.

Additionally, the models created for each bioassay 
were assessed, using only the validation groups, 
in order to determine the overall AUC for each method.
Consequently, we rejected the low-performing 
modeled bioassay, using the overall AUC>0.6 
as an accuracy threshold. About 22% of SVM and 
39% of Naïve Bayes modeled datasets were rejected
based on these two filters.

The support Vector Machine (SVM) method with
linear kernel requires a fine-tuning of cost parameter
that we made through a 5-fold cross-validation 
on the modeling group, using the Power Metric (PM) 
as the optimization objective [22, 23]. To predict 
the potential biological activities of new compounds,
their structures are obtained from the PubChem
Compound database and subjected to the mentioned
processing steps. In cases where structures 
are unavailable, they are constructed with 
ChemAxon tools (https://www.chemaxon.com), while
conformations are obtained using the OpenEye
OMEGA program [24]. 

When beginning to predict a new compound, 
its multiconformational modal fingerprint is entered
into all the models designed for each bioassay. 
Each model produces a raw score, which is compared
with the raw score distribution of active and inactive
compounds when they appear in the validation 
group. Through this comparison, two new values 
are derived, providing the compound with a likelihood
of being either active (Pa) or inactive (Pi) 
(as illustrated in Fig. 4) [25]. In our previous research
work [5], we have set threshold values of 0.5 and 0.8
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Figure 3. Distributions of the area under the ROC curve (AUC) values for the models generated for each method 
(SVM and Naïve Bayes) and activity randomization process (Y-random) for the PubChem Bioassay AID 1194 
(DSSTox Salmonella Mutagenicity). The vertical lines represent the value of the overall AUC calculated over the full
set of models using the validation set only. In the case of this bioassay, the overall AUC exceeds the cutoff value of 0.6
and is considered satisfactory. The color version of the figure is available in the electronic version of the article.



for the Pa – Pi values in the SVM and Naïve Bayes
methods, respectively, to be considered promising
activity for the compound under study.

The limiting lines in Figure 4 are estimated from
the variance of Pa – Pi (σ2

Pa–Pi, analytically calculated 
as discussed before by Rocha et al. [2] according 
to Equation (1), where Na and Ni are the number 
of active and inactive compounds.

Pa×(1 – Pa) Pi×(1 – Pi)
σ2

Pa–Pi = + (1)Na Ni

The confidence interval of Pa – Pi was 
calculated from the variance and Student t-value 
for a 95% confidence level (Equation 2) [26].

(Pa – Pi)estimate = (Pa – Pi)mean ± tstat × √σ2
Pa–Pi (2)

RESULTS AND DISCUSSION

The potential biological activities of Ayahuasca
components 1 to 3 were predicted through calculations
with the Active-IT system. Their pharmacophore
fingerprints were submitted to the Active-IT system 
to forecast their potential activities using SVM with
2,782 bioassays and Naïve Bayes with 2,176 bioassays.
Considering only the bioassays associated with specific
biological targets, these numbers are 1,550 for SVM
and 1,111 for Naïve Bayes. 

For external validation of the predictions, 
the targets found in the PubChem Compound webpage
(“Chemical-Target Interactions”) of the compounds
harmine (1) (77 targets), harmaline (2) (30 targets), and

N,N-dimethyltryptamine (3) (13 targets) were used.
This information was obtained from several databases,
such as DrugBank, IUPHAR/BPS, Therapeutic Target
Database (TTD), and Comparative Toxicogenomics
Database (CTD). 

Considering only targets available in the Active-IT
system, 33 predictable targets remained. Analyzing
only the cases in which the predicted Pa – Pi values
exceed the aforementioned cutoff values, the SVM and
Naïve Bayes methods correctly predicted 16 targets
with high complementarity (Table 1). Thus, around
48% of the targets were correctly predicted. 

To estimate the statistical significance 
of our results, we use the p-value, which indicates 
the probability of obtaining a result equal to or more
extreme than the observed due to chance. The p-value 
of the prediction using the Active-IT system 
was estimated using a hypergeometric distribution
(Equation 3), where N is the number of modeled
bioassays used in the prediction, k is the number 
of known targets, M is the number of bioassays
selected, and n is the number of known targets
predicted among the bioassays selected. 

⎛k⎞ ⎛N – k ⎞p-value = ⎜ ⎟ ⎜ ⎟ (3)
⎝n⎠ ⎝M – n⎠

Table 2 shows the number of bioassays selected 
for each compound in both prediction methods 
used to estimate the p-values of the predictions. 
The number of 16 targets predicted using both methods
corresponds to a p-value<0.0001, demonstrating 
the high significance of our predictions. 
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Figure 4. Distribution of the probabilities of a compound being active (Pa), ascending blue lines, and inactive (Pi),
descending red lines, as a function of the SVM (or Naive Bayes) raw score for the PubChem Bioassay AID 1194
(DSSTox Salmonella Mutagenicity). The color version of the figure is available in the electronic version of the article.



CONCLUSION

This study focuses on developing and assessing 
the Active-IT system, a cutting-edge ligand-based
virtual screening tool for predicting biological 
and pharmacological activities of small organic
molecules. The Active-IT approach encompasses 
multi-conformational binary pharmacophore fingerprints
for molecular descriptor generation, recursive stratified
random dataset partition for machine learning 
model development, and a robust prediction module 
for dependable bioactivity predictions.

The Active-IT predictive accuracy was confirmed
by evaluating three bioactive compounds from
Ayahuasca tea. A remarkable 48.5% (p-value<0.0001)
of known targets were accurately predicted. 
This high level of accuracy in large-scale virtual
screening is noteworthy. These external validation
results show that the Active-IT system is effective 
in bioactivity prediction and can contribute significantly
to computational drug discovery and development.
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КРУПНОМАСШТАБНОЕ ПРЕДСКАЗАНИЕ БИОЛОГИЧЕСКОЙ АКТИВНОСТИ 
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Традиционные методы тестирования при разработке новых фармацевтических препаратов являются
трудоёмкими и дорогими, однако инструменты in silico оценки могут помочь в решении этой проблемы.
Система Active-IT — “инструмент” для проведения виртуального скрининга на основе структуры лигандов,
который был разработан нами для предсказания биологической активности малых органических молекул. 
Она включает в себя четыре независимых модуля: модуль генерации молекулярных дескрипторов (3D-Pharma);
модуль машинного обучения (ExCVBA); базу данных о биологических активностях; модуль предсказания. 
Данные о биологических активностях были получены из базы данных PubChem BioAssay. Для построения
моделей машинного обучения использованы метод опорных векторов и наивный байесовский классификатор.
Модели были сконструированы с использованием случайного рекурсивного стратифицированного разбиения,
их валидацию проводили путём рандомизации данных по активности (Y-random). Были построены 
модели для 3500 биологических тест-систем, каждая из которых состоит из: (i) 30 моделей, построенных 
с использованием метода опорных векторов; (ii) 30 моделей, построенных по наивному байесовскому алгоритму;
(iii) 60 рандомизированных моделей для валидации. Биологические тест-системы, обладающие низкой
производительностью или невысокой дискриминационной способностью, были исключены. С использованием
системы Active-IT в данной работе была проведена оценка трёх биоактивных компонентов чая Аяуаска.
Прогнозы были проверены с использованием известных мишеней, описанных в нескольких общедоступных
базах данных. Результаты внешней валидации показали, что 16 из 33 (48,5%, p<0,0001) известных мишеней
были предсказаны верно. Такой уровень точности при крупномасштабном виртуальном скрининге 
является удовлетворительным, что демонстрирует эффективность методологии Active-IT в прогнозировании
биологической активности для малых органических молекул. 
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