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The serotonin 5-HT2A receptor is a central target in neuropsychopharmacology,
regulating cognition, perception, and mood, and mediating the effects of many psychotropic
agents. Tryptamine derivatives, owing to their structural resemblance to serotonin, display
strong receptor affinity and provide a rational framework for central nervous system (CNS) drug
design. In this study, a machine learning-driven quantitative structure-activity relationship
(QSAR) model was developed to predict the psychotomimetic potency (pKi) of 50 tryptamine
analogues using four molecular descriptors: molecular weight (MW), lipophilicity (LogP),
topological polar surface area (TPSA), and dipole moment (DM). Multiple regression models
were assessed, including Linear, Ridge, Partial Least Squares, and Random Forest. Among these,
the Random Forest algorithm produced the highest predictive accuracy, achieving a test set R2
of 0.79 and RMSE of 0.50, with feature importance analysis identifying TPSA and LogP as the
most influential determinants of receptor binding. Diagnostic plots confirmed the absence of
outliers and validated the model’s applicability domain. This approach highlights the role of
polarity and lipophilicity in serotonergic drug design while demonstrating the utility of ensemble
learning for QSAR prediction. Future extensions of this work should focus on expanding the
chemical dataset, integrating three-dimensional descriptors, and experimentally validating
top-predicted ligands to enhance translational impact in CNS drug discovery

Keywords: Central Nervous System; Machine Learning; pKi Prediction; QSAR;
Random Forest; Serotonin Receptor; Tryptamine Derivatives.

The serotonin 5-hydroxytryptamine
2A receptor (5-HT2A receptor) is a critical
target in neuropsychopharmacology, implicated
in regulating perception, cognition, emotion,
and consciousness. This G protein—coupled
receptor (GPCR), when activated by endogenous

serotonin (5-HT) or structurally related exogenous
ligands, initiates downstream signaling cascades
that lead to neuronal excitation and behavioral
modulation. Psychedelic compounds such as
lysergic acid diethylamide (LSD), psilocin,
and N,N-dimethyltryptamine (DMT) exert
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their psychotomimetic and therapeutic effects
primarily through 5-HT2A receptor activation.'?

Among these ligands, tryptamine
derivatives are of particular interest due to
their structural similarity to serotonin, allowing high
receptor affinity and favorable pharmacokinetics.
As shown in Figure 1, the tryptamine scaffold
consists of an indole ring fused to an ethylamine
chain—an essential motif for interaction with the
serotonergic system. Upon binding to the 5-HT2
A receptor, tryptamine derivatives activate Gq
proteins, which stimulate phospholipase C
(PLC) to generate secondary messengers IP3
and DAG, ultimately increasing intracellular
calcium levels and triggering neuronal excitation.**

Understanding the structure—activity
relationship (SAR) of such ligands is critical
for designing safe and effective CNS-active
therapeutics. In this context, Quantitative Structure—
Activity Relationship (QSAR) modeling offers a
rational, data-driven method to correlate molecular
descriptors with receptor binding affinity (pKi).
This approach facilitates virtual screening and lead
optimization by identifying key physicochemical
features that enhance bioactivity.**

In this study, we constructed a machine
learning—based QSAR model to predict
the psychotomimetic potency (pKi) of 50 tryptamine
derivatives targeting the 5-HT2A receptor. By
integrating cheminformatics, statistical filtering,
and Random Forest regression, we aimed to
identify the most influential molecular descriptors
and offer insight into the pharmacophoric
requirements for receptor activation. The findings
provide a foundation for future psychedelic drug
development and structure-guided therapeutic
design.

MATERIALS AND METHODS

The methodological framework employed
in this QSAR study is illustrated in Figure 1,
showcasing a stepwise process beginning with
data curation and descriptor selection, followed by
model development, evaluation, and interpretation.
The methodological workflow for this QSAR
study (Figure 1) followed a sequential multi-
phase approach. It began with data preparation,
where fifty tryptamine derivatives with reported
5-HT2A receptor affinities were collected,
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standardized, and descriptors generated. In
the feature screening stage, descriptors were
examined using correlation analysis, variance
inflation factor (VIF), and principal component
analysis (PCA) to remove redundancy and ensure
data quality. Model development involved dividing
the dataset into training and test sets, applying
multiple regression algorithms including Linear,
PLS, Ridge, and Random Forest, and optimizing
hyperparameters through grid search with five-fold
cross-validation. The validation phase assessed
predictive performance using R?, RMSE, MAE,
and Q?, alongside residual diagnostics and Williams
plots to define the applicability domain. Finally, in
the interpretation and application phase, feature
importance analysis from the Random Forest model
identified TPSA and LogP as key determinants of
receptor binding, while MW and dipole moment
contributed secondary effects. The framework
culminated in an interpretable QSAR model with
potential application in virtual screening and
rational design of CNS-active compounds.
Dataset Collection and Curation

A dataset of 50 structurally distinct
tryptamine derivatives was curated from public
chemical databases such as PubChem, ChEMBL,
and relevant pharmacological literature. Each
compound had an associated, experimentally
validated pKi value for the serotonin 5-HT2A
receptor, representing its psychotomimetic binding
affinity. These values were used as the dependent
variable in model development. To ensure
structural uniformity, molecules were converted to
2D neutral forms and validated using Open Babel.
Molecular Descriptor Calculation

Using cheminformatics tools
including RDKit, ChemAxon, and Open Babel, four
molecular descriptors were calculated: Molecular
Weight (MW), LogP, Topological Polar Surface
Area (TPSA), and Dipole Moment (DM). These
descriptors were selected based on their established
relevance to central nervous system (CNS) activity
and pharmacokinetics. MW provides insights
into steric compatibility at the receptor site, LogP
reflects membrane permeability, TPSA indicates
hydrogen bonding capacity, and DM captures
electronic asymmetry, all of which are critical for
predicting bioactivity.
Feature Screening and Preprocessing

Prior to model construction, statistical
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screening of descriptors was performed to ensure
quality and reduce redundancy. Pearson correlation
coefficients were calculated to evaluate inter-
variable relationships, while Variance Inflation
Factor (VIF) analysis was conducted to detect
multicollinearity. Variables with VIF > 10 were
considered collinear and addressed through
regularization techniques. In addition, Principal
Component Analysis (PCA) was used for
exploratory visualization and assessment of
descriptor variance contribution. All numerical
features were standardized (mean-centered and
scaled) to facilitate modeling.
Model Development and Validation

Four regression models—Linear
Regression, Partial Least Squares (PLS), Ridge
Regression, and Random Forest (RF)—were
developed using Python 3.8 and the scikit-
learn library. The dataset was divided into 80%
training and 20% test sets. Model performance
was optimized using grid search, and 5-fold
cross-validation was applied to ensure robustness.
Performance metrics used for model evaluation
included coefficient of determination (R?), root
mean square error (RMSE), mean absolute error
(MAE), and cross-validated Q2. These metrics were
computed for both training and testing datasets to
verify generalization ability.
Feature Importance and Interpretation

The Random Forest model, which
demonstrated the best overall performance, was
selected for in-depth interpretation. Feature
importance scores were extracted to determine
the relative contribution of each molecular
descriptor to model predictions. This analysis
revealed the underlying structure—activity
relationships, particularly the influence of TPSA
and LogP on serotonin receptor affinity.
Model Diagnostics and Applicability Domain

Model diagnostics were conducted to
evaluate prediction reliability. Residual analysis,
including residual plots and Shapiro—Wilk tests,
was performed to assess the normality and
randomness of errors. Additionally, a Williams
plot was used to define the applicability domain by
plotting standardized residuals against leverage
values. Compounds with leverage exceeding the
critical threshold (h*) or standardized residuals
beyond +3 were considered potential outliers or
influential data points.
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Tools and Software

All computational tasks were performed
using Python (v3.8) along with libraries such
as scikit-learn, pandas, matplotlib, and seaborn for
modeling and visualization. Descriptor calculation
and structure handling were conducted
using RDKit, Open Babel, and ChemAxon Marvin
Suite. Data validation and preprocessing were
supported by Microsoft Excel.

RESULTS

Dataset Characterization

To establish a foundational understanding
of the chemical and biological diversity among the
selected compounds, descriptive statistics were
computed for the dataset comprising 50 tryptamine
derivatives. Each compound was annotated with
four key molecular descriptors—Molecular
Weight (MW), LogP (lipophilicity), Topological
Polar Surface Area (TPSA), and Dipole Moment
(DM)—alongside experimentally determined pKi
values reflecting psychotomimetic activity via the
serotonin 5-HT2A receptor.

As shown in Table 1 and Figure 2, the
dataset exhibits a balanced distribution across
descriptors, with values spread over relevant
ranges for CNS-active compounds. The molecular
weight values (mean + SD: 217.97 + 37.55
Da) indicate consistent core structures among
tryptamines. LogP, with the highest coefficient of
variation (33.6%), captures a wide spectrum of
lipophilicity, which is crucial for passive diffusion
across the blood-brain barrier. TPSA values
ranged from 32.02 to 67.97 A% (mean + SD:
50.59 + 10.77), supporting the inclusion of both
polar and moderately nonpolar compounds—
key determinants of CNS permeability. Dipole
moment showed moderate dispersion (mean +
SD: 3.74 + 1.10 D), representing varied electronic
environments across the molecules. Finally,
the pKi values (mean + SD: 7.32 + 1.39) confirmed
sufficient biological variability for predictive
modeling. These findings establish a chemically
diverse and statistically robust dataset, ideally
suited for subsequent machine learning-based
QSAR development.

Model Development and Performance

To evaluate the predictive capacity of

different modeling approaches for estimating
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the psychotomimetic activity (pKi) of
tryptamine derivatives, four regression models
were developed: Linear Regression, PLS
Regression, Ridge Regression, and Random
Forest. Models were trained using 80% of the
data and validated on the remaining 20% test set,
with additional 5-fold cross-validation to ensure
robustness.

As shown in Table 2 and Figure 3,
the Random Forest model outperformed all other
approaches, achieving an R? of 0.79and lowest
RMSE of 0.50 on the test set. It also demonstrated
the highest cross-validated Q2 value (0.79),
indicating excellent generalization and model
reliability. While linear models like Ridge and PLS
performed reasonably (R*~0.71-0.73), they failed
to capture the non-linear relationships between
descriptors and psychotomimetic activity that
Random Forest effectively modeled. This validates
the use of ensemble-based machine learning
techniques for complex QSAR prediction tasks.

c
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Model Prediction Accuracy

The predictive capacity of the
optimized Random Forest QSAR model was
evaluated through a series of diagnostic plots,
designed to assess both the accuracy and reliability
of the predicted psychotomimetic activity (pKi)
values against their experimentally observed
counterparts.

Comprehensive evaluation of the Random
Forest QSAR model for predicting 5-HT2A
receptor affinity.(A) Predicted versus experimental
pKi values with the red dashed identity line (y =
x). Model performance statistics are shown in the
inset (R2 = 0.79, Q*> = 0.82, RMSE = 0.50, MAE
=0.37), demonstrating strong predictive accuracy
and robustness. (B) Residuals versus experimental
pKi values. The residuals are symmetrically
distributed around the zero line, with the majority
lying within £1 and all within +2, confirming the
absence of systematic error or heteroscedasticity.
(C) Williams plot of standardized residuals versus

Indole ring =

{ 5 HT Neuronal
Excitation

’?mb/

/
v

IP,: Inositol triphosphate
DAG: Diacylglycerol
PLC: Phospholipase C

» Tryptamine

Ethylamine
chain

Fig. 1. Integrated biological and computational framework for QSAR-based study of 5-HT2A agonism.

(A) Structure of tryptamine highlighting the indole ring (blue) and ethylamine side chain (red), which form the essential
pharmacophoric motifs for serotonergic activity. The schematic also illustrates the 5-HT2A receptor signaling pathway,
where serotonin (5-HT) binding activates the receptor, couples to the Gq protein, and stimulates phospholipase C
(PLC)to generate secondary messengers inositol triphosphate (IPf ) and diacylglycerol (DAG). These mediators
increase intracellular Ca?z levels, ultimately resulting in neuronal excitation.

(B) Methodological framework for QSAR model development and validation. The workflow involved Phase
1 — Data Preparation (dataset collection, structure standardization, descriptor calculation), Phase 2 — Feature
Screening(correlation, VIF, PCA), Phase 3 — Model Development (train/test split, multiple algorithms, cross-
validation), Phase 4 — Validation (statistical metrics, residual analysis, applicability domain), and Phase 5 —
Interpretation & Application(feature importance analysis, identification of TPSA and LogP as key determinants, and
translational application for virtual screening and CNS drug design). The final outcome was an interpretable QSAR
framework with predictive and translational relevance for psychopharmacological discovery.
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leverage, used to define the model’s applicability
domain. The vertical dashed line represents the
critical leverage (h* H” 0.18), while horizontal
dashed lines denote +3 standardized residual limits.
All compounds fall within acceptable bounds,
and no outliers were detected, indicating reliable
predictions within the applicability domain (h*
H” 0.18, £3 residuals) and standardized residual
bounds (£3), indicating that:
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100

2.44

MW LogP

VENKATACHALAM et al., Biomed. & Pharmacol. J, Vol. 18(4), 2909-2921 (2025)

* No influential outliers unduly bias the model.
* All predictions are within the model’s valid
chemical space.

Collectively, these plots confirm that the
Random Forest model is not only highly predictive
but also generalizable and robust for application to
novel tryptamine-like structures.

Feature Importance and Interpretation

To identify the key pharmacophoric

determinants influencing psychotomimetic

3.74 T.52
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Fig. 2. Mean = SD of Molecular Descriptors and Psychotomimetic Activity
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Fig. 3. Model Performance Comparison: R? (Test) vs RMSE



VENKATACHALAM et al., Biomed. & Pharmacol. J, Vol. 18(4), 2909-2921 (2025)

activity in tryptamine derivatives, a feature
importance analysis was performed using the
Random Forest model. This method quantified
the relative contribution of each molecular
descriptor to predictive performance. The results
demonstrated that Topological Polar Surface Area
(TPSA) and lipophilicity (LogP) were the most
influential variables, underscoring the critical
roles of polarity and membrane permeability
in serotonin 5-HT2A receptor interactions.
Elevated TPSA generally reduces central nervous
system penetration, while optimal lipophilicity
enhances receptor binding and blood-brain barrier
permeability. Molecular weight (MW) and dipole
moment (DM) were found to contribute less
prominently, suggesting that steric bulk and
electronic asymmetry exert secondary influences
on binding affinity. This ranking is consistent
with established neuropharmacological principles,
where efficient receptor activation requires
a balance between polarity and lipophilicity,
alongside appropriate steric fit and charge
distribution. The interpretability of the Random
Forest model thus provides mechanistic insight,
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confirming that TPSA and LogP serve as the
dominant physicochemical drivers of 5-HT2A
receptor agonism in the analyzed tryptamine
scaffold.

As depicted in Figure 5 Topological
Polar Surface Area (TPSA) emerged as the most
influential descriptor, contributing 34.7% to the
model’s predictive power. TPSA reflects the
compound’s polarity and surface accessibility—
attributes directly influencing blood-brain barrier
(BBB) permeability, a crucial determinant for
centrally acting psychotropic drugs. A lower
TPSA is generally associated with enhanced
CNS penetration, aligning with the observed
inverse correlation between TPSA and pKi.
LogP, representing molecular lipophilicity, was
the second most critical feature (29.4%). Its
influence underscores the importance of membrane
permeability and lipid bilayer traversal, especially
for serotonin receptor agonists that must access
central targets. Optimal LogP values typically
enhance both solubility and bioavailability.
Molecular Weight (MW) and Dipole Moment
(DM), though less dominant (21.6% and 14.3%,
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Fig. 4. Comprehensive Evaluation of QSAR Model Predictions
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respectively), contributed meaningful variance.
MW informs on molecular size and potential
steric interactions, while DM captures electronic
asymmetry, which may influence binding affinity
via dipole—dipole or hydrogen bonding interactions
with the receptor. These findings are consistent with
established pharmacological principles: moderate
polarity, balanced lipophilicity, and controlled
molecular size optimize CNS drug-likeness. The
prominence of TPSA and LogP further reinforces
their utility as early-stage screening parameters in
psychopharmacological drug development.

Key Result Summary

This study successfully developed
and validated a machine learning—driven
QSAR model to predict the psychotomimetic
activity (pKi) of tryptamine derivatives targeting
the serotonin 5-HT2A receptor. The Random
Forest model emerged as the optimal predictive
tool, demonstrating superior performance across
all statistical metrics:

* Test Set R? = 0.79, RMSE = 0.50, and MAE =
0.42, confirming high predictive accuracy and
model generalizability.

 Feature importance analysis identified TPSA
(34.7%) and LogP (29.4%) as the most
significant descriptors influencing activity,
underscoring the pharmacokinetic importance
of polarity and lipophilicity.

* Diagnostic plots confirmed strong alignment
between predicted and experimental pKi values,
with minimal residual bias, and no outliers or
extrapolations outside the model’s applicability
domain.

Together, these findings validate the
robustness and interpretability of the QSAR
model, providing a practical framework for virtual
screening and structure-based design of next-
generation psychopharmacological agents.
The results also highlight critical molecular
characteristics—moderate polarity, optimal
lipophilicity, and manageable molecular size—that
can be leveraged in rational drug design strategies.

DISCUSSION
Model Performance and Predictive Reliability

The Random Forest (RF) model
developed in this study demonstrated robust
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predictive capabilities, achieving a test set R?
of 0.79 and an RMSE of 0.50. These metrics
indicate a high degree of accuracy in predicting
the psychotomimetic activity (pKi) of tryptamine
derivatives. The model’s performance aligns
with findings from Floresta et al., who reported
comparable predictive success using machine
learning approaches for 5-HT2A receptor ligands
. The consistency across studies underscores the
efficacy of ensemble learning methods in QSAR
modeling for serotonergic compounds.’'?
Significance of Molecular Descriptors

Feature importance analysis highlighted
Topological Polar Surface Area (TPSA) and LogP
as the most influential descriptors, contributing
34.7% and 29.4% to the model’s predictive power,
respectively. TPSA is indicative of a molecule’s
ability to permeate the blood-brain barrier, a critical
factor for central nervous system activity. LogP
reflects lipophilicity, influencing both membrane
permeability and receptor binding affinity. These
findings are corroborated by studies emphasizing
the role of polarity and lipophilicity in CNS drug
design.'*""

Molecular Weight (MW) and Dipole
Moment (DM) also contributed to the model,
albeit to a lesser extent. MW affects molecular size
and, consequently, the ability to interact with the
receptor binding site. DM relates to the distribution
of electronic charge, influencing molecular
interactions through dipole-dipole and hydrogen
bonding. %%

Applicability Domain and Model Robustness

The Williams plot analysis confirmed that
all compounds fell within the model’s applicability
domain, with no outliers detected. This suggests
that the model’s predictions are reliable across
the chemical space of the dataset. The absence of
high-leverage points indicates that the model is
not unduly influenced by any single compound,
enhancing its generalizability.?'*?

Comparative Analysis with Existing Studies

To contextualize the current study’s
findings, a comparative analysis with recent QSAR
models targeting the 5S-HT2A receptor is presented
below:

Table 3 summarizes critical features and
performance metrics from 18 major serotonin
receptor QSAR modeling studies published over
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the past decade, encompassing 5-HT2A and related
receptor subtypes, as well as transporter protein
targets. The compilation highlights details such
as dataset size and chemical scope, modeling
algorithms and descriptor types, predictive
accuracy (test set R2R2 and RMSE where reported),
key molecular descriptors identified, validation
strategies, and distinctive methodological strengths
and limitations.

The current study is prominently positioned
with a focused dataset of 50 structurally distinct
tryptamine derivatives targeting the 5-HT2A
receptor. Utilizing a Random Forest algorithm with
only four key molecular descriptors—Topological
Polar Surface Area (TPSA), lipophilicity (LogP),
molecular weight (MW), and dipole moment
(DM)—the model achieves a robust R2R2 of 0.79
and RMSE of 0.50. Rigorous statistical validation
including Williams plot domain analysis and
residual assessments further strengthen model
reliability and applicability for central nervous
system (CNS) drug design.?

In comparison, larger datasets such
as Floresta et al. (375 ligands) and £apinska et
al. (nearly 19,000 ligands across 11 serotonin
receptor subtypes) employ more complex
machine learning techniques and expansive
descriptor sets but often lack detailed domain
assessments and interpretability. Other studies
apply diverse methodologies including 3D
field-based QSAR, AutoML pipelines, neural
network architectures, and quantum chemical
descriptors, each balancing between predictive
performance, computational complexity, dataset
size, and translational relevance.?*3° The Table
3 elucidates evolving trends in serotonergic
QSAR research—from classical linear and PLS
regression to ensemble learning and advanced
Al—while underscoring the trade-offs between
model complexity and interpretability. Importantly,
it contextualizes the current model’s high predictive
accuracy, parsimony, and domain rigor within
the spectrum of recent literature, highlighting its
value as an interpretable and practical framework
for serotonergic ligand design and CNS drug
discovery.’"

This comparison illustrates that, despite
a smaller dataset, the current study’s model
achieves predictive performance comparable to
models developed on larger datasets. The focused
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nature of the dataset, comprising structurally
similar tryptamine derivatives, likely contributes
to the model’s accuracy. Although the Random
Forest model demonstrated robust predictive
performance, several limitations of this study
warrant consideration. First, the dataset was
restricted to only 50 tryptamine derivatives, which
limits the chemical diversity represented and may
constrain the generalizability of the model to
broader ligand classes. Expanding the dataset to
include a larger and structurally heterogeneous
compound library would improve model robustness
and extend its applicability domain.**** Second,
while four descriptors (MW, LogP, TPSA, and
DM) captured key physicochemical determinants,
other potentially informative features such as
hydrogen bond donor/acceptor counts, molecular
flexibility indices, electrostatic field descriptors,
and 3D molecular properties were not included.
Incorporating these additional descriptors,
particularly three-dimensional QSAR parameters,
could enhance the model’s ability to capture
complex ligand-receptor interactions. Finally,
the predictive framework remains computational;
experimental validation of top-ranked ligands will
be essential to confirm translational relevance.
Addressing these limitations in future studies will
strengthen both the reliability and applicability of
the proposed QSAR model for CNS drug discovery.

CONCLUSION

This study successfully applied machine
learning—based QSAR modeling to predict the
psychotomimetic activity (pKi) of tryptamine
derivatives at the serotonin 5-HT2A receptor.
Among the tested models, Random Forest
demonstrated the highest predictive performance
(R?=0.79, RMSE = 0.50), confirming the value
of ensemble methods for complex non-linear
pharmacological data. Feature importance analysis
underscored topological polar surface area
(TPSA) and lipophilicity (LogP) as the principal
determinants of receptor affinity, highlighting
the critical roles of polarity and membrane
permeability in central nervous system drug design.
Despite these strengths, the restricted dataset size
and limited descriptor scope represent important
constraints. Future work should focus on enlarging
the chemical library, integrating three-dimensional
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and field-based descriptors, and performing
experimental validation of top-predicted ligands.
Collectively, the present findings provide a robust
and interpretable QSAR framework that can
be leveraged for virtual screening and rational
optimization of novel CNS-active compounds.
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