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KEY WORDS Abstract  Terpenoids exhibit diverse biological activities and thus have a wide range of pharmacolog-
ical applications. In modern drug discovery, data-driven deep models play a crucial role in facilitating
efficient feature representation and knowledge inference. To explore the uncharted bioactivity space of
terpenoids, the construction of a multi-dimensional relational terpenoid database is essential for mapping
terpenoid-bioactivity profiles. In this study, we first constructed a large-scale biological knowledge graph

Terpenoids;
Knowledge graph;
Deep learning;
Disease prediction;

Drug reposition; by integrating various data types, including terpenoid compounds, protein targets, cellular targets, genes,
Deep neural network; diseases, and their interrelationships. Subsequently, we developed a network-based disease prediction
Anti-melanoma; model, as well as optimized multiple compound-protein interaction prediction tools to extend the frame-
Anti-inflammatory work for activity research. These resources have been deployed on a user-friendly web platform

(TeroACT) accessible at: http://terokit.qmclab.com/teroact/. Using in silico models within the
TeroACT platform, we screened multiple terpenoid molecules for anti-melanoma activity. /n vitro and
in vivo animal models further validated the anti-migration and anti-proliferative effects of mollugin
and columbianadin in melanoma. Additionally, integrated computational screening and experimental ap-
proaches identified numerous terpenoids with anti-inflammatory properties. In this sense, TeroACT fills
the gap in terpenoid bioactivity study by providing a comprehensive data resource and Al-driven drug
discovery tools.
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1. Introduction

Terpenoids are modified terpene compounds with multiple 5-
carbon (C5) entities, such as isopentenyl diphosphate (IPP) and
dimethylallyl diphosphate (DMAPP), which undergo methyl
group rearrangements and additional functional modifications'.
Terpenoids represent the largest class of secondary metabolites
produced through a wide variety of plants®>, animals*, and mi-
crobes™®. Since Wallach” first isolated and analyzed the structure
of terpenes in 1884, more than 180,000 terpenoid molecules have
been discovered or synthesized®”. They construct an enormous
chemical space due to their diverse carbon skeleton and post-
modification types, multiple chiral centers and substituents, and
multiple rearrangements. In general, they can be classified based
on the number of C5 units, such as monoterpenoids (C10), ses-
quiterpenoids (C15), diterpenoids (C20), and triterpenoids (C30).
Terpenoids have received much attention since they contribute as
a rich reservoir of candidate compounds for drug discovery and
industrial application'®'?. They exhibit a wide range of biological
activities and pharmacological potential, including anticancer'>'*,
antibacterial'>'®, anti—inﬂammatory”, antioxidantlg, anti-
allergic'®, and the treatment of major diseases’”', such as car-
diovascular disease and neurological diseases.

Melanoma, an aggressive cutaneous malignancy, is character-
ized by rapid progression, high mortality rates, and poor prog-
nosis>>. Emerging evidence have highlighted the potential of
terpenoids in modulating key signaling pathways involved in cell
proliferation, apoptosis, and metastasis, offering promising ave-
nues for melanoma treatment>. Eucalyptol (1,8-cineole), a mon-
oterpenoid abundantly found in plants, has shown significant anti-
metastatic activity against skin cancer cells in vitro and in vivo**.
Similarly, B-elemene, a sesquiterpenoid derived from a traditional
Chinese herb, has been shown to inhibit proliferation, migration,
and tube formation of endothelial cells (ECs), thereby impeding
melanoma growth and metastasis®. A recent review by Grud-
zifiska et al.?® compiled the anti-melanoma activities of natural
triterpenoids and their semi-synthetic derivatives, including betu-
lin, betulinic acid, ursolic acid, maslinic acid, oleanolic acid,
celastrol, and lupeol. Collectively, these findings demonstrate that
structurally diverse terpenoids hold considerable promise for
melanoma management. However, despite the promising results
from preclinical studies, there are no specific clinical trials for
terpenoids in the treatment of melanoma to date. Further research
is still warranted to elucidate their mechanisms of action, optimize
their therapeutic efficacy, and mitigate potential adverse effects to
facilitate clinical translation. To expedite the terpenoid-based drug
discovery applications, computational approaches are increasingly
being employed to explore their chemical space and predict bio-
logical activities.

To date, the accumulation of diverse activity data has emerged
as a powerful driver for investigating and mining terpenoid
bioactivity. For example, TeroKit*’°, a terpenoid-specific data-
base, has collected more than 150,000 terpenoids along with their
associated biological activities, primarily focusing on protein
targets and cell line responses. Similarly, TCMBank™, a

traditional Chinese medicine database, also includes a portion of
terpenoid structures in its collections. Furthermore, the well-
known DrugBank®' has deposited hundreds of terpenoids with
greater pharmaceutical potential as experimental or approved
drugs, annotating targets and drug action information. With the
growth of experiential data, the utilization of data-driven meth-
odology has gained increasing popularity in the drug discovery
pipeline**®. Integrating and analyzing multi-dimensional bio-
logical network relationships can aid in predicting potential lead
compounds and provide critical insights into the pharmacological
mechanisms®***. Knowledge graph (KG) has been leveraged to
facilitate infer of biomedical knowledge from heterogeneous
data®®. A biomedical KG is a data structure in which entities can
be described as molecules, targets, and diseases. Relations are
conceptualized as edges, facts, or links. Recently, KGE models
witnessed rapid developments, enabling them to excel in tasks
such as link prediction. Specifically, these models embed entities
and relations into a continuous vector space and define a scoring
function as the objective to predict biological interactions.
Therefore, it is feasible to construct a knowledge graph-based
platform facilitate terpenoid research for anti-melanoma drug
discovery.

In this study, we first established a large-scale biological ac-
tivity network of terpenoids, which offers comprehensive infor-
mation, encompassing terpenoid structures, target proteins, genes,
phenotypic cell lines, diseases, and their complex associations.
Furthermore, we developed a terpenoid—disease association
(TerDA) prediction model to facilitate the exploration of terpenoid
bioactivity. Our model demonstrated superior performance
compared to all baseline models through computational metrics,
and it was confirmed experimentally for inferring new disease-
therapy of multiple terpenoid compounds. The entire terpenoid-
bioactivity knowledge graph and other toolsets are deployed on
the TeroACT platform. Finally, we fully utilized this platform to
identify multiple anti-melanoma inhibitors. In vitro and in vivo
animal models further confirmed the anti-proliferative and anti-
invasive effects of the two compounds (i.e., mollugin and
columbianadin) in melanoma.

2. Materials and methods
2.1. Decoder

For the terpenoid—disease binary pair (¢, d;), if it has been
confirmed to be relevant, we designated its plausibility as 1; if it
has not yet been verified, its plausibility was assigned a value of 0.
¢t represented the embedding matrix of terpenoid molecules
generated by the feature extraction module. d represented the
embedding matrix of disease entities. 7,de R?. r can be viewed as a
relation vector between diseases and molecular representations in
the same d-dimensional vector space. Define a scoring function f
to assess the plausibility of the binary pair (#;,d;). There were three
KGE models as decoders for modeling TerDA. The scoring
function f;(¢,d) and the model complexity are as follows.
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2.1.1.  DistMult

DistMult uses the inner product to model second-order correla-
tions in the real space. Specifically, given the embeddings #, d the
scoring function is

f.(t,d)=1"Wd (1)

Relationships W, as translations in the embedding space. Here,
each component of molecular entities interacts with each
component of the disease entities.

2.1.2. TransE

TransE is a translation-based model, where the functional relation
corresponds to a translation of the embeddings. It hypothesizes
that #; + r;=d; when (¢, d;) holds. Here we used the L2 norm to
measure their proximity.

f(t,d)=— | t+r—d; (2)

2.1.3.  TransH

Compared to TransE, TransH positions the relation-specific
translation vector d; in the relation-specific hyperplane w; (the
normal vector) rather than in the same space with drug embedding
t and disease embedding d. Thus, we defined a scoring function to
measure the plausibility of the binary pair.

f(t,d)=— 1L +d;—d,||; 3)
tL=t—wtw (4)
d, =d—wldw, (5)

Then the score function is:

f(t,d)=—| (t—wltw) +d.— (d —w'dw)|> (6)

2.2.  Model training

Y(s.q) is the plausibility of all known pairs {(t,d)| te £,de £}, where
£ is a set of entities. A denotes the set of all known positive pairs.
We regarded all the unknown pairs y(, #) as a negative sample
source, and A’ denotes the set of negative pairs generated by
corrupting positive instances®’. For #, the number of negative
samples A! is usually a multiple of the positive instances, but does
not exceed the total number of unknown candidates.

Specially,

I U
}A"LM:LSJO (7)
Al D2 (b di)

For each terpenoid ¢ , we restricted the sampling proportion to
construct A set. Because class imbalance data will bias the
learning of the model, we used weight-based loss adjustment
methods to perform confidence calibration. We employed the
gradient descent method to minimize the following loss function:

L= Z pr'y(t.d) : 10gfr(tvd) + (1 _y(z‘ d’)) : lOg (1 —f,.([,d/))

(t,d")eA (t,d)eA
(8)

Dpw 18 a weighting parameter used to increase the loss weight of

positive samples. By default, p,, = %.

2.3.  Baseline models

To comprehensively study the performance of TerDA, we
compared it with four baseline models for disease prediction.

HNet-DNN>%: This method uses a deep neural network to infer
new drug-disease associations based on heterogeneous network
features.

REDDA®: This method is a drug-disease association predic-
tion model that integrates multiple biological relations into a
heterogeneous graph neural network.

LHGCE™: The method develops a multi-layer graph con-
volutional encoder to learn knowledge graphs and biological
features for the drug-disease association prediction.

HDGAT*': The method proposes a hierarchical and dynamic
graph attention network for the prediction of associations between
drugs and diseases.

2.4.  Evaluation criteria

The Fl-based threshold-moving approach was introduced to
evaluation metrics to improve confidence calibration under class
imbalance data. In this context, the optimal threshold was esti-
mated by maximizing the Fl-score to replace the default
threshold. There are five -classification evaluation metrics
including accuracy, AUC (area under receiver operating charac-
teristic curve), AUPR (area under precision recall curve), Preci-
sion, and Recall. AUC and AUPR are obtained based on the area
under the curve. For AUC, the receiver operating characteristic
(ROC) curve gives a pair of x and y values where x is the false-
positive rate (FPR) and y is the true-positive rate (TPR). For
AUPR, the curve is plotted in a comparable way to the ROC curve
but with the x-axis being Recall and the y-axis being Precision.
The indicators are defined as follows:

TP
TPR=— (9)
TP +FN
FP
FPR=—— 10
TN + FP (10)
- TP
Precision=———— (11)
TP +FP
TP
Recall=—— 12
TP EN (12)
TP+ TN
Accuracy = i (13)
TP +FP + TN+ FN
Fl— sCore:2(Precision x Recall) (14)

(Precision + Recall)

These metrics are related to true positive (TP), true negative
(TN), false negative (FN), and false positive (FP).

We also adopted the all-rank criteria, which alleviated the
evaluation bias introduced by negative sampling. More specially,
the predicted score for every binary pair (¢, d;) s computed and the
entities d; are sorted in decreasing order by the predicted scores.
There are three rank evaluation metrics, including MR (Mean
Rank of correct entities), MRR (Mean Reciprocal Rank of correct
entities), and Top-k Hit-Ratio (the accuracy of correct entities
ranking in top k). The measures are all reported in the raw and
filtered settings*>. In the filtered setting, all metrics are computed
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after excluding all other positive pairs that appear in the training,
validation, or test sets from the ranking. Whereas in the raw
setting, these are not removed. The rationale behind the filtered
setting is that ranking a positive pair after another one should not
be considered a mistake.

b
1
MR=HZRanki (15)
S|
1kl 1
MMR =— 16
|s|;Rank, (16)
1 Is|
Hit@1<=H > f(Rank; < K) (17)
SHiE

s denotes the disease association dataset. §( -) is the indicator
function (if the condition is true then the function takes the value
of 1, otherwise it is 0).

ILS (Intra-list similarity) is the average pairwise similarity of
the items in a list. In this work, ILS@20 is calculated as the
average pairwise similarity between the predicted compounds and
molecular entities in the current knowledge graph related to
“melanoma” based on molecular fingerprints. For a query mole-
cule #, S (ti,t/-) represents the similarity between #; and another
molecular entity #. K refers to taking the top k entities with the
highest similarity into consideration.

1
ILSQK =~ > S(t1) (18)

1<<K

2.5.  Cell lines and cell culture

A375, B16-F10, 293T, Hacat and NCM460 cells were cultured in
Dulbecco’s modified Eagle’s medium (11965092, Gibco, USA)
supplemented with 10% fetal bovine serum (FBS-BE500, New-
zerum, New Zealand) and 1% penicillin/streptomycin (15140122,
Gibco, USA) at 37 °C in a humidified incubator containing 5%
CO, atmosphere. Mollugin was purchased from D&B with a pu-
rity of at least 98% in HPLC analysis. All cell lines were tested for
mycoplasma-free by Mycoplasma Stain Assay Kit (C0296,
Beyotime, China). Cell line authentication has been validated by
the STR analysis using the GenePrint 10 System according to the
manufacturer’s instructions (B9510, Promega, USA).

2.6.  Measurement of cell viability by CCKS8 assay

A375, B16-F10, 293T, Hacat and NCM460 cells were seeded at a
density of 8 x 107 cells per well in 96-well plates with fresh
medium and cultured overnight. After incubation, the cells were
treated with various concentrations of mollugin for 24-48 h. The
supernatant was removed and the cells were labeled with Cell
Counting Kit-8 (C0005, TargetMol, USA) solution according to
the manufacturer’s instructions. The incubation was carried out at
37 °C for 3 h before absorbance was read at 450 nm using a
microplate reader (Multiskan GO, ThermoFisher, USA).

2.7.  Apoptosis assays
Apoptosis assays were performed by the method previously

described*. Annexin V staining was conducted using the Annexin
V-FITC Apoptosis Detection Kit (40302ES50, Yeasen, China)

according to the manufacturer’s instructions. Briefly, A375 and
B16-F10 cells were collected after incubation with various con-
centrations of compounds and washed with phosphate-buffered
solution (PBS). Afterward, the cells were centrifuged and incu-
bated with Annexin V-FITC and 2 pg/mL propidium iodide in
binding buffer for 15 min at room temperature in the dark. The
apoptotic cells were subsequently analyzed by flow cytometry.

2.8.  EAU labeling and immunofluorescence

Cells were cultured in 12-well plates and treated with 30-60 pmol/
L mollugin. After 36 h incubation, the cells were labeled with 5-
ethynyl-2'-deoxyuridine for 3 h and stained with Alexa Fluor 555
following the instructions of the EdU Cell Proliferation Kit
(CO0075S, Beyotime, China). Briefly, cells were first fixed with
paraformaldehyde/PBS (4%) for 30 min and then permeabilized in
Triton X-100/PBS (0.5%) for 20 min. Next, cells were washed with
PBS, blocked with PBS supplemented with 2% BSA for 30 min,
and stained with dye mix for 30 min. Then cells were washed three
times with staining buffer for 5 min, and the cellular nuclear were
stained by Hochest in darkness for 10 min, followed by observation
under a Nikon microscopy (Nikon, Japan). The data was measured
using the Nikon fluorescence microscope.

2.9.  Colony formation assay

B16-F10 cells were seeded at a density of 2000 viable cells in 12-
well plates for 24 h. Then, the cells were treated with various
concentrations of the mollugin and cultured for 1-2 weeks until
cell colonies were visible and countable. The colonies were fixed
with 4% formaldehyde in PBS and stained with 0.02% crystal violet
Staining Solution (C0121, Beyotime, China) for observation.

2.10.  Wound-healing assay

For the wound-healing assay, cells were seeded into 6-well plates
and cultured until a 90% confluent monolayer was formed. Cells
were then scratched by a sterile pipette tip and treated with
indicated concentration of compounds in the FBS-free medium.
Cell migration distances into the scratched area were measured in
3 randomly chosen fields under a microscope.

2.11.  Transwell assays

For transwell assay, 2 x 10° cells were planted in 200 pL of
serum-free medium to a polycarbonate filter (8-um pore size)
(3422, Corning, USA) in the insert of a 24-well plate. DMEM
medium containing 10% FBS and inhibitors was added to the
bottom chamber. After incubation for 18 h, the migrated cells in
the lower filters were fixed with 4% polyoxymethylene, and
stained in crystal violet staining solution, and the images were
collected with Nikon microscopy (Nikon, Japan).

2.12.  Quantitative real-time PCR and Western blot analysis

Quantitative real-time PCR and Western blot analysis were per-
formed by the method previously described*’. In brief, total RNAs
were extracted from cells by the Fast Cell RNA Extraction kit
(400-100, Googie, China), adhering to the manufacturer-provided
guidelines. Complementary DNAs (cDNAs) were synthesized
from equal amounts of RNA samples using the Evo M-MLV RT
Master Mix (AG11706, Accurate Biology, China), and real-time
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reverse-transcription PCR was carried out subsequently by SYBR
Green Pro Taq HS Premix (AG11701, Accurate Biology, China) in
CFX96 Real-Time PCR Detection System (Bio-rad, USA) with a
melting-curve analysis performed. -Actin was used as an internal
control for normalization.

For the Western blot assay, protein extraction from cells was
lysed on ice for 20 min by RIPA buffer (POO13B, Beyotime,
China) and then centrifuged at 4 °C for 15 min. Proteins were
separated by 10%-12% SDS-PAGE and transferred to poly-
vinylidene fluoride (PVDF) membrane (LC2005, Invitrogen,
USA), and blotted with related antibodies in 4 °C overnight with
appropriate concentrations of primary antibodies. Peroxidase-
conjugated secondary antibodies were subsequently labeled in
room temperature for 1 h. The antibody—protein complexes were
visualized with an enhanced chemiluminescence Western blotting
kit (#FD8000, Fude Bio. Tech. Co., China) and captured by
ChemiDocTouch visualizer (Bio-rad, USA).

The following antibodies were used in this study: anti-phos-
pho-NF-«kB-p65(Ser536) (#3033, 1:1000, Cell Signaling Tech-
nology, USA), anti-phospho-IkBa (Ser32/36) (F0197, 1:1000,
Selleck, China), anti-GAPDH (5174, 1:1000, Cell Signaling
Technology, USA) and Goat Anti-Rabbit IgG H&L (HRP)
(ab205718, 1:5000, Abcam, USA). GAPDH was included as a
protein loading control.

2.13.  Surface plasmon resonance

Surface plasmon resonance experiment was determined using a
Biacore 8K instrument (GE Healthcare, Uppsala, Sweden). The
recombinant FABPS protein was immobilized on a sensor chip
(CM5) using the amine-coupling method according to standard
protocols. FABPS protein was diluted in sodium acetate buffer, pH
4.0. Various concentrations of the compound Mollugin were
subsequently injected as analytes. To estimate the affinity, the
binding assay was examined at 25 °C at a flow rate of 30 L/min
using PBS buffer. The affinity constants of binding were obtained
using a 1:1 Langmuir binding model via BIA evaluation software.

2.14.  Animal experiments

The entire surgical procedures and animal care were conducted
following the guidelines of the Institutional Animal Care and Use
Committee (IACUC). 8-Week-old specific-pathogen-free C57
mice were randomly grouped (n = 5 per group) for each candi-
date compounds. In the subcutaneous implantation mouse model,
each mouse received a subcutaneous injection of 0.1 mL con-
taining 1 x 10° B16-F10 cells/mL. When the tumor became
palpable, mice were orally administered a suspension of Mollugin/
Columbianadin in saline/corn oil every other day. Tumor sizes
were measured daily using calipers to analyze tumor growth.
Tumor volume was calculated based on Eq. (19):

Tumor voume = (Length x (Width)z) /2 (19)

At the experimental endpoint, tumor tissues were harvested.
All animal care and experiments were approved by the Institu-
tional Animal Care and Use Committee of Sun Yat-sen University,
Guangzhou, China, and the study complied with all relevant
ethical regulations concerning animal research. Mice were
euthanized according to institutional euthanasia criteria based on
tumor size and overall health condition, following the National

Institute of Health Guide for the Care and Use of Laboratory
Animals.

2.15. HE staining

Tissue samples were fixed with 4% paraformaldehyde at room
temperature for 24 h and embedded in paraffin. Sections were cut
for HE staining.

For HE staining, tissue specimen sections were washed with
dewaxing solution (G1128, Servicebio, China), rehydrated
through an alcohol series (anhydrous ethanol, alcohol, and then
distilled water sequentially). The sections were then stained with
hematoxylin for 5 min, followed by washing under running tap
water for 5-6 min to allow nuclei staining. Next, the sections
were differentiated in 1% acid alcohol for a few seconds and
rinsed in distilled water. For cytoplasmic staining, sections were
counterstained with eosin for 1—2 min, followed by dehydration
through an ascending ethanol series (70%, 80%, 95%, and 100%).
Images were collected with Nikon microscopy (Nikon, Japan).

2.16.  Statistical analysis

All results were expressed as mean =+ standard deviation (SD) and
analyzed using GraphPad Prism 8.0. Group comparisons were
performed with one-way ANOVA and Tukey’s multiple comparison
tests. Statistical significance was accepted for P-values of <0.05.

3. Results and discussion

3.1.  Terpenoid bioactivity landscape and knowledge graph
construction

Our previously established TeroKit has collected detailed infor-
mation on terpenoid substructures, protein targets, cellular targets,
and their associations between molecules and targets. Herein, we
further identified and extracted both approved small-molecule
drugs and herbal ingredients classified as terpenoids from the
DrugBank and TCMbank databases, respectively. The associations
between cellular targets and diseases encompassing human rare
diseases were collected from Cellosaurus™. Besides, the interac-
tion data between terpenoid compounds and protein targets are a
vital component of the activity network as well as essential data
sources for computational research. Therefore, we have addi-
tionally established a more standardized storage repository spe-
cifically designed for CPI information using the PostgreSQL*
database software. This database not only contains detailed in-
formation on CPIs but also categorizes protein targets by disease
type using genes as bridges. This is accomplished by integrating
the CTD46, GeneCards*’, and TTD* database, to map with the
TeroKit database. Finally, a biological activity network on terpe-
noids was constructed, which contains 11,653 unduplicated ter-
penoids (including derivatives), 1321 target proteins, 975 cell
lines, 1178 gene targets, diseases with three types of identifiers,
namely International Classification of Diseases 11th Revision
(ICD-11), National Cancer Institute Thesaurus (NCIt), and
Drphanet Rare Diseases Ontology (ORDO). Their relationships
are illustrated in Fig. 1A.

Terpenoids in the activity network exhibit diverse structural
types along with a wide range of significant biological activities
(Supporting Information Fig. S1). On one hand, a total of 2526
structurally rich terpenoids were identified in TCMBank through
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Figure 1

Component ID

Overview of the constructing protocol and the comprehensive biological activities network towards terpenoids. (A) Activity-based

data structure of the network. (B) Information on terpenoids as herbal ingredients. left: Distribution of structural categories and the proportion
of known activities. right: The pharmacological activity distribution from known active annotations. (C) Information of terpenoids as small
molecule drugs. above: Drug—target interaction network. down: Distribution of the number of drug targets. (D) Profiling of CPIs in activity
network. left: The bioactive chemical space networks constructed based on the similarity of terpenoids in CPIs. The similarity between nodes is
quantified using the Tanimoto coefficient, with a minimum threshold set at 0.7. Each connected subgraph within the network is referred to as a

component such as Component_1516. Node size correlates with the number of bioassays, while node color signifies the average bioactivity value
derived from the bioassay. Edge width is proportional to molecular similarity, and edge color corresponds to the active cliff. right: Bubble chart of
selected CPIs. The horizontal axis corresponds to component IDs, whereas the vertical axis represents protein targets. The size of each data point

is directly proportional to the total number of bioassays associated with terpenoid compounds within each component. The color of each data
point reflects the ratio of active compounds within the respective component. More comprehensive CPI activity information and visualization can
be found by visiting: http://terokit.qmclab.com/activity/visual_scatter/.

structure matching. These molecules are sourced from herbal in-
gredients, of which only 19% have known active annotations.
They are mostly validated in the realms of anti-inflammation,
immunomodulation, and antineoplastic (Fig. 1B). On the other
hand, there are 238 drug entries identified as terpenoids in
DrugBank, and among them, 111 small-molecule drugs exhibit
explicit interactions with specific targets. Terpenoids, according to
the pharmacological actions’ statistics, mainly act as ligands
within the crystal structure, as well as inhibitors and agonists in
that order (Supporting Information Fig. S2). As shown in the drug-
target interaction network (Fig. 1C), one of the most extensively
researched terpenoid drugs is artemisinin, a sesquiterpene com-
pound renowned for its role as an anti-malarial agent*. In terms
of therapeutic indications, aside from its use as an anti-malarial
drug, artemisinin has been repurposed for the treatment of sys-
temic lupus erythematosus ™' and the COVID-19*>? pandemics
and is being explored for the treatment of other malignancies and
inflammatory diseases>*>>. In addition, about 60% of terpenoids
as small-molecule drugs interact with multiple protein targets. It

demonstrates that terpenoids have great therapeutic potential
across multiple target-related diseases.

Furthermore, we have visualized the bioactive chemical space
networks®® of CPIs to display the bioactive profiles of similar
terpenoids (Fig. 1D). Within each component in the network,
compounds have essentially the same ring skeleton, facilitating
structure-activity relationship analysis. For example, one class of
compounds in “component_1516" interacts with bile acid re-
ceptors. While chenodeoxycholic acid is an effective natural
ligand for the bile acid receptor, its epimer, ursodeoxycholic acid,
with a 76-OH group, does not activate the receptor in vivo. This
observation highlights the presence of an activity cliff. Addition-
ally, the bubble chart visualizes the current research status of
similar compound clusters with all proven targets. For example,
the tyrosine-protein phosphatase non-receptor (TPN1) has the
highest amount of bioassay data among compounds within
Component_579. This dataset consists of 393 test measurements
obtained from 59 distinct compounds. The substantial volume of
bioactivity test data indicates significant research efforts in this
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context. Such a background investigation would give the inspi-
ration that terpenoid compounds sharing the same carbon skeleton
as compound_579 are likely to exhibit potential biological activity
towards the TPN1. Hence, the bioactivity network can assist re-
searchers in providing intuitive and guidable insights for terpenoid
drug discovery based on existing activity knowledge.

3.2.  Overview of the prediction model towards
terpenoid—disease associations

To accelerate terpenoid-based drug discovery, we constructed a
terpenoid-bioactivity knowledge graph (KG) by extracting a sub-
network comprising terpenoid—disease binary pairs. Other
network nodes (e.g., cell lines) were treated as invisible interme-
diate bridges. The resulting KG comprised quantities of docu-
mented terpenoid—disease associations. In this KG, terpenoid
molecules were considered as head entities, disease types as tail

Module 1. Molecular feature fusion module

entities, and their associations were represented as relations. All
experimentally validated terpenoid—disease pairs were regarded
as positive samples. Building upon this KG, we developed the
TerDA prediction model to systematically investigate terpenoid
bioactivities. The model synergistically combines deep learning-
based molecular representations with knowledge graph-based
network inference to enhance the predictive performance. Here,
KG embedding was employed to predict new links between en-
tities in KG, i.e., the potential terpenoid—disease associations. As
illustrated in Fig. 2, the TerDA architecture consists of two
modules.

In the molecular feature fusion module, we computed ten
molecular descriptors for each terpenoid molecule and applied a
conditional numerical transformation to all values, generating a
descriptor feature matrix. This matrix was then processed by a
convolutional neural network (CNN), which output a feature
vector representing the molecule’s physicochemical properties.
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The architecture of the TerDA prediction model. There are 10 molecular descriptors in the molecular feature fusion module, including

Wildman—Crippen partition coefficient (logP), topological polar surface area (TPSA), molecular weight (MW), drug-likeness (QED), molar
refractivity (MR), number of hydrogen-bond acceptors (HBA) and donors (HBD), number of aromatic rings and rotatable bonds (RB), and
FractionCSP3, calculated by the RDKit Python library.
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Simultaneously, we treated the molecular structure as a graph
network to extract topological and atom-level features. These
features were passed through a graph convolutional network
(GCN) layer, followed by a readout layer to produce a global
graph-based feature vector. To integrate these two feature streams,
the module employs an early fusion strategy. The CNN-derived
(physicochemical) and GCN-derived (topological) feature vectors
are concatenated. The combined features are then projected into a
joint representation space via a Multilayer Perceptron (MLP),
yielding a unified, high-level molecular feature representation.
In the link prediction module, we employed KGE to model
relation patterns and predict new associations within the KG. Dis-
ease embeddings were derived from a randomly broken adjacency
matrix, while relation embeddings were initialized as random vec-
tors of the same dimensions. All the embeddings of entities and
relations were fed into the KGE model together. We introduced three
representative models, including DistMult’’, TransE*?, and
TransH>®, where the entities (diseases and terpenoids) and relations
were transformed into a continuous vector space. The factual
terpenoid—disease pairs were expected to receive higher predicted
scores than unproven associations. During the training phase,
terpenoid—disease pairs were sampled at various positive-to-
negative ratios, and the model parameters were optimized by
minimizing the cross-entropy loss. This training procedure ulti-
mately generated a predictive matrix P of terpenoid—disease asso-
ciations. The KGE approach effectively addressed the
incompleteness of the knowledge graph by inferring potential
missing relationships. Detailed descriptions of the loss functions
and training procedures are provided in the “Experimental” section.

3.3.  Performance of TerDA on cross-validation

The 5-fold cross-validation procedure was conducted to compare
the prediction performance of TerDA with that of four state-of-the-
art disease prediction models. Considering the real-world scenarios,
we set varying ratios of negative to positive data to train models. As
shown in Table 1, all models exhibited declining classification
performance with increasing negative data, particularly HNet-
DNN, REDDA, and HDGAT, which showed marked decreases in
AUPR, Precision, and Recall metrics. In contrast, both LHGCE and
our models demonstrated remarkable robustness, maintaining most
metrics above 80%. Among the KGE approaches, DistMult
demonstrated superior performance compared to TransE and
TransH. TerDA with DistMult achieved superior classification
performance overall, ranking first in the majority of evaluation
metrics. We hypothesize that this advantage stems from the inherent
symmetry of DistMult’s scoring function. DistMult’s bilinear
interaction mechanism enables more effective capture of fine-
grained semantic information, thereby exhibiting better general-
ization capability for rare terpenoid—disease pairs. Therefore, we
selected TerDA with the DistMult as the KGE module for subse-
quent applications. We further compared the performance of our
model with LHGCE across common ranking measures in recom-
mender systems (Table 2). In this context, higher prediction scores
correspond to more prominent rankings. Our model outperformed
the LHGCE model on all ranking metrics across three scenarios,
demonstrating its excellent recommendation capabilities.

3.4.  Performance of TerDA in drug repositioning task

We designed two computational schemes to further assess the
model’s ability for global and local drug repositioning,

Table 1  Performance comparison between TerDA and all
baselines in classification metrics.

Model Pos:  Accuracy AUC AUPR Precision Recall
Neg

HNet-DNN 1:01 0.928 0.979 0.970 0.933 0.924
1:05 0.919 0.960 0.869 0.822 0.718

1:10 0.937 0.952 0.772 0.807 0.538

REDDA 1:01 0.994 0.991 0.969 0.903 0.901
1:05 0.975 0.883 0.724 0.821 0.651

1:10 0.975 0.660 0.374 0.724 0.319

LHGCE 1:01 0.923 0.970 0.943 0.900 0.918
1:05 0.960 0.982 0912 0.870 0.872

1:10 0.977 0.985 0.900 0.868 0.853

HDGAT 1:01 0.821 0911 0.908 0.761 0.937
1:05 0.871 0.910 0.713 0.596 0.710

1:10 0.916 0.909 0.594 0.536 0.563

TerDA 1:01 0.932 0973 0971 0.871 0.907
(TransH) 1:05 0.950 0.978 0.851 0.836 0.873
1:10 0.942 0.976 0.806 0.807 0.842

TerDA 1:01 0.932 0.978 0.973 0.881 0.890
(TransE) 1:05 0.948 0.979 0.887 0.858 0.868
1:10 0.948 0.974 0.820 0.820 0.830

TerDA 1:01 0.929 0.975 0.972 0.906 0.957
(DistMult) 1:05 0.966 0.989 0.957 0.907 0.908
1:10 0.978 0.990 0.943 0.905 0.881

All models were evaluated based on 5-fold cross validation. The
best results under the three different negative sampling ratio set-
tings are highlighted in bold.

AUC, area under receiver operating characteristic curve; AUPR,
area under precision recall curve.

respectively. The primary objective of this task is to promote the
rank of all true relations at the top of the recommendation list. For
the global drug repositioning, we progressively and randomly
reduced the true relations in the knowledge graph by 20%, 40%,
60%, and 80%, and then predicted the rank of the disease entities
within the entire set of candidates. The information on data scale
and sparsity for the four experimental settings is provided in
Supporting Information Table S1. We also used LHGCE for per-
formance comparison. From the results, the distribution of pre-
diction ranks for both models tended to shift lower overall as the
known knowledge decreased (Fig. 3A). However, in comparison,
LHGCE model exhibited a wider distribution in the ranks for these
masked true relations than TerDA. Further statistical analysis
showed that our model consistently achieved lower MR and higher
MRR (Fig. 3B). Additionally, our model demonstrated an
advantage in top-k recommendations for these true relations based
on Top-k Hit-Ratio (Fig. 3C).

In the local drug repositioning task, we randomly selected a set
of 10 terpenoid compounds for testing. From the results, it is
evident that our model had a significantly higher proportion of
masked potential relations with ranks less than or equal to 40
compared to LHGCE (Fig. 3D). While it is understandable that the
performance of disease association prediction would decline as the
model retained less knowledge in the training data, ranging from
80% down to 20%, TerDA demonstrated a notable exception
(Fig. 3E). The average rank did not decline significantly but
exhibited minor fluctuations around 50. This indicates that our
model has fully leveraged the rich background knowledge
embedded in the vast knowledge graph, particularly its complex
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topological features. Consequently, it compensates for the lack of
relation information for local entities, maintaining a robust ability
to infer diseases for individual molecular entities. Additionally, the

Table 2  Performance comparison between TerDA and
LHGCE in ranking metrics.

Model Pos: Neg MR* MRR Hit@l Hit@3 Hit@10 Top-k Hit-Ratio (k = 40, 50, 60, 70) metrics of our model surpass
LHGCE 1:01 36.2 0252 0.141 0.286 0.466 those of the benchmark model LHGCE in all scenarios (Fig. 3F).
1:05 194 0418 0.281 0482 0.706 This positive outcome underscores the reliability of our model in
1:10 144 0542 0408 0.624  0.807 recommending disease indications in the drug repositioning task.
TerDA  1:01 21.7 0401 0.279 0446 0.652
1:05 10.6 0.693 0.600 0.748 0.872
1:10 98 0765 0.690 0815 0.899 3.5.  Ablation study and hyperparameter settings
All models were evaluated based on 5-fold cross validation. MR,
MRR, and Top-k Hit-Ratio (Hit@K, K = 1, 3, 10) values are re- To study the effectiveness of the key components, we performed
ported in the filtered settings. an ablation study over two variants of TerDA that removed se-
MR, Mean Rank of correct entities; MRR, Mean Reciprocal Rana mantic features generated from the molecular graph and the mo-
of correct entities. lecular descriptors, respectively. The results show that the ablated

a
b KRS R o i 12102 model has a worse performance in all classification metrics and

ranking metrics (Supporting Information Table S2). This indicates
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that the fusion strategy effectively captures the more semantic
knowledge of molecules. Additionally, the injection of rich mo-
lecular semantic information enables our TerDA to provide more
accurate and robust disease inference guidance.

Additionally, we also rigorously evaluated alternative fusion
methods, including dual-channel attention fusion, gated fusion,
cross-interaction fusion, residual fusion, and convolution fusion
(Supporting Information Table S3 and Fig. S3). Based on five-fold
cross-validation, the early fusion approach achieved superior
performance in both classification and ranking metrics. We hy-
pothesize that this is because early fusion preserves the complete
information of the original features. Although it may introduce
some redundancy, it is particularly suitable for scenarios where the
two feature types exhibit significant differences.

We implemented our models using PyTorch. We used the
Adam optimizer for parameter learning with an initial learning
rate and exponential decay after 10 epochs. We tuned the initial
learning rate in {0.01, 0.03, 0.05, 0.07}. We searched for a decay
rate ranging from 0.97 to 0.996. For the dimension of latent space,
we tuned the size of entity and relation embeddings from 8 to 512.
We also chose the number of GCN layers in the range of {1, 2, 3},
and the number of CNN layers in {1, 2, 3}. The detailed obser-
vations corresponding to different hyperparameter settings are
provided in Supporting Information Fig. S4.

3.6.  Screening and identification campaign for the discovery of
anti-melanoma agents

Terpenoids and their derivatives constitute a vast source of
bioactive compounds with a potential antimelanoma effect. To
explore this, we employed the established TeroACT platform for
in silico drug screening to identify novel anti-melanoma agents.
The computational screening process utilized a multi-model
ensemble approach, systematically calculating plausibility scores
for all terpenoid—disease pairs in the knowledge graph using the
TerDA model. The predictive results inferred a set of potential
terpenoid compounds with potential anti-melanoma characteristics
(Table 3). From these predictions, we selected six high-ranking

terpenoids that showed significant cytotoxic and antiproliferative
effects against A375 melanoma cells. As a control, 7 terpenoids
with low-ranking associations were tested but exhibited minimal
anti-melanoma activity (Supporting Information Fig. S5 and
Table S4). These findings confirm the recommendation capabil-
ities of the TerDA model in identifying novel compound-disease
associations.

Furthermore, we visualized the similarity distribution between
these active terpenoids and known melanoma-associated molec-
ular entities in the knowledge graph (Supporting Information
Fig. S6). The ILS@20 metric was used to assess the structural
novelty of the compounds. Due to the high similarity of some
compounds to known anti-melanoma molecules, such as docetaxel
and 7-epitaxol, we selected columbianadin and mollugin, which
had no similarity above 0.7 to known active molecules, for further
laboratory validation of their anti-melanoma effects.

Columbianadin was known for its anti-inflammatory properties
and suppression of colorectal cancer cell growth®®®°. Meanwhile,
previous biological and pharmacological studies have reported
mollugin’s anti-tumor activities against colorectal cancer® and
hepatocarcinoma®. However, the association between these two
terpenoids and melanoma remains unexplored. Therefore, we
conducted a series of detailed assays to explore the pharmaco-
logical potential of mollugin and columbianadin against mela-
noma. Cell viability assays indicated that both compounds
significantly inhibited the proliferation of A375 and B16-F10 cells
in a concentration-dependent manner (Fig. 4A). Mollugin
exhibited ICsqy values of 25 and 59 umol/L for A375 and B16-
F10 cells, respectively, while the ICsy of columbianadin was 32
and 69 pmol/L for A375 and B16-F10 cells. Clonogenic assays
demonstrated the compounds’ long-term anti-proliferative effects,
with significant suppression of B16-F10 cellular growth (Fig. 4B).
Furthermore, EdU incorporation assays confirmed that both ter-
penoids inhibit melanoma cell proliferation (Fig. 4C). These re-
sults collectively illustrate that these two candidate terpenoids
show marked in vitro antineoplastic effects against melanoma.

Metastasis is another prevalent issue in melanoma, as the
proportion of newly diagnosed advanced melanoma cases

Table 3 ~ Summary of prediction ranks and experimental activity results of 13 terpenoids (including derivatives) against melanoma.
ID Name CAS Rank ICs¢ ILS@20?
(umol/L)
TKC219645 Columbianadin 5058-13-9 1 31.94 0.65
TKC014820 7-Epitaxol 105454-04-4 4 0.0038 0.86
TKC117556 Periplogenin 514-39-6 4 3.27 0.86
TKC214908 Mollugin 55481-88-4 5 24.78 0.58
TKC002399 Pseudolaric acid A 82508-32-5 7 2.00 0.77
TKC136632 Arteannuin B 50906-56-4 7 9.99 0.87
TKC012927 Phorbol 17673-25-5 28 = 0.75
TKC123088 Betulinic acid 472-15-1 37 = 0.78
TKC032634 Linderane 13476-25-0 92 = 0.73
TKC214917 Citral 5392-40-5 127 = 0.41
TKC068533 Transcrocetin 27876-94-4 142 = 0.29
TKC004481 Columbin 546-97-4 339 = 0.73
TKC044550 Artemisinic acid 80286-58-4 443 = 0.65

“Rank” is calculated by predicting each compound’s association with the “melanoma” disease using multiple TerDA models with an ensemble
strategy. Antiproliferative activity is reported as the average ICs, values of three independently repeated cell viability assays on A375 cells.

ILS, Intra-list similarity.

| represents the lower the better.
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Validation of mollugin and columbianadin’s anti-proliferative effects in melanoma in vitro. (A) Determination of 1Cs( (half maximal

inhibitory concentration) for mollugin and columbianadin in melanoma cell lines. The ICsy of mollugin for A375 and B16-F10 cells was
approximately 25 and 59 pmol/L, respectively, while the ICs of columbianadin for A375 and B16-F10 cells was 32 and 69 umol/L, respectively.
(B) Evaluation of anti-proliferative effects using colony formation assays in melanoma treated with mollugin and columbianadin. (C) Capacity of
mollugin and columbianadin on prohibiting melanoma proliferation in vitro shown by EdU assay (left: A375; right: B16-F10). All images were

obtained with a 20 x objective. Scale bars: 200 pm.

presenting with liver metastasis has increased in recent years®.
Metastatic progression markedly diminishes clinical treatment
efficacy, highlighting the urgent need for therapeutic break-
throughs on advanced melanoma®. Given the critical role of
invasive and metastatic capabilities in assessing melanoma ma-
lignancy, we investigated the inhibitory effects of mollugin and
columbianadin on melanoma cell migration. Quantitative wound
healing assays revealed significant inhibition of horizontal cell
migration, while transwell migration assays demonstrated sub-
stantial reduction in vertical invasive capacity (Fig. 5). Further-
more, mollugin and columbianadin were illustrated to induce
apoptosis, which is consistent with previous studies (Fig. 6).
Given their significant in vitro anti-tumor activity, these com-
pounds present promising therapeutic applications for melanoma
treatment. Subsequent in vivo studies further revealed that mol-
lugin treatment can significantly inhibit tumor growth in a
melanoma-CDX model, as indicated by decreased tumor size,

with no significant weight loss observed (Fig. 7, Supporting In-
formation Fig. S7). Unexpectedly, columbianadin did not exhibit
notable anti-tumor effects despite its antineoplastic effects on
B16-F10 cell line in vitro. Previous pharmacokinetic studies re-
ported that columbianadin can be detected in all of the selected
tissues after i.v. administration and metabolized to columbianetin
(CBT) in most detected tissues in rats®®. Unlike Columbianadin
(CBN), columbianetin (CBT) exhibits little cytotoxic effects on
melanoma cells (Supporting Information Fig. S8). Rapid clearance
of columbianadin in vivo (Supporting Information Table S5) may
explain the failure of columbianadin in vivo.

To elucidate the anticancer mechanisms of mollugin, we
employed the CPI prediction toolset within the TeroACT platform.
The SPVec_Tero model, a SPVec®®-based model optimized using
terpenoid-protein target interaction data, identified the top five
potential molecular targets of mollugin (Supporting Information
Table S6). Among these, fatty acid-binding protein 5 (FABPS)
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emerged as a high-ranking candidate (ranked third). FABPS is a plays significant roles in metabolic syndrome and cancer pro-
15-kDa cytoplasmic protein involved in fatty acid uptake, trans- gression®’. Given these findings, we selected FABPS as a strategic
port, and intracellular metabolism. Studies indicate that FABPS target to investigate mollugin’s anti-melanoma mechanism.
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In vivo anti-tumor activity of mollugin and columbianadin in a melanoma-CDX model. (A, C) Measurement of tumor weight from

collected specimens. (B, D) Tumor growth curves in the melanoma-CDX model. Data information: in all relevant panels, *P < 0.05; **P < 0.01;
#EP < 0.001; ***%*¥P < 0.0001. ns, not significant. Data are presented as mean + SD (n = 5).

Molecular dynamics simulations provided key structural insights
into the FABP5-mollugin interaction. The simulations revealed
that the carbonyl oxygen of mollugin forms a hydrogen bond with
Argl09, which are also observed in native fatty acid binding®®
(Supporting Information Fig. S9). Furthermore, mollugin’s tricy-
clic scaffold exhibits extensive shape complementarity with the
hydrophobic portal formed by Phel7, Met21, Pro39, Phe5S,
Ile105, and Valll6. These hydrophobic portal residues also
contribute to the binding of the native substrate fatty acids. Sur-
face plasmon resonance (SPR) experiments quantitatively
confirmed this interaction, with steady-state approximation
yielding a dissociation constant (Kp) of 1.03 pmol/L (Supporting
Information Fig. S10), indicating moderate binding affinity. Sub-
sequent quantitative RT-PCR analysis demonstrated that mollugin
significantly influences lipid metabolic regulation in melanoma
cells, showing coordinated downregulation of key metabolic reg-
ulators across multiple pathways. Specifically, the compound
downregulated lipogenic enzymes (ACC and FASN), §-oxidation
mediators (CPT1A), and master transcriptional controllers
(SREBPs and PPARY) (Supporting Information Fig. S11). These
results suggest that mollugin disrupts tumor bioenergetic homeo-
stasis through multi-faceted inhibition of lipid metabolic path-
ways, potentially compromising energy provisioning in melanoma
cells.

Through systematic in vitro and in vivo investigations, we have
conclusively validated the anti-melanoma efficacy of both mol-
lugin and columbianadin. Toxicity evaluations revealed no sig-
nificant cytotoxic effects in non-cancerous cell lines within the
anti-tumor concentration range (Fig. 8). Furthermore, histologi-
cal examination of internal organs from CDX models treated with
compounds revealed favorable toxicological profiles, confirming
their systemic safety at therapeutic doses. These findings not only

establish mollugin and columbianadin as promising therapeutic
candidates but also propose novel treatment strategies for mela-
noma treatment.

3.7.  In silico screening and experimental validation of anti-
inflammatory terpenoids

Inflammatory response remains one of the most prevalent and
serious complications of disease. As important sources of anti-
inflammatory agents, terpenoids exert their therapeutic effects
primarily through modulation of critical pathological pathways.
To assess model generalizability, we conducted in silico screening
of anti-inflammatory terpenoids using the TerDA platform. Initial
in silico predictions suggest that 23 terpenoid compounds may
possess broad-spectrum anti-inflammatory potential. Subsequent
experimental validation in LPS-stimulated Raw264.7 macrophage
models confirmed their varying degrees of anti-inflammatory ac-
tivity (Supporting Information Table S7). Quantitative analysis
demonstrated that the majority of tested terpenoids significantly
reduced pro-inflammatory cytokine levels (IkBe, CXCL2, IL-18,
and IL-6), while exhibiting minimal impact on TNF-« (Supporting
Information Fig. S12). Among the terpenoids, ethisterone, incen-
sole, and Euphorbia factor L3 (5,15-diacetyl-3-benzoyllathyrol)
shows anti-inflammatory effect by inhibiting LPS-induced NF-«B
activation. Further comparative analysis revealed distinct cytokine
expression profiles between prediction-based groups. The high-
rank group (rank <20) showed significantly reduced expression
of TNF-«, IkBa, and IL-18 compared to the low-rank group (rank
>20) (P < 0.05; Supporting Information Fig. S13A), while the
high-score group (score >0.95) exhibited markedly lower levels of
TNF-«, IkBa, and CXCL2 relative to the low-score group (score
<0.95) (P < 0.05; Fig. S13B). These results confirm the predictive
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capability of the TerDA model for identifying anti-inflammatory
terpenoid compounds. More importantly, these studies demon-
strate the platform’s versatility beyond oncology applications.

To further validate the discriminative capability of the TerDA
model, we systematically curated experimentally verified
terpenoid-bioactivity associations from recent literature as an in-
dependent test set (Supporting Information Table S8 and
Fig. S14). Statistical analysis demonstrated significantly higher
prediction rankings for experimentally confirmed active com-
pounds compared to inactive controls, thereby robustly validating
the model’s discriminative power.

3.8.  TeroACT web server

We offer a user-friendly web server, namely TeroACT (http://
terokit.qmclab.com/teroact/), that allows users to easily access
the comprehensive biological activities knowledge graph on ter-
penoids. The website synergizes with our previous work Terokit in
its application, notably by retaining the same identifiers of
terpenoid molecules (e.g., TKC000006). In detail, users can access
multi-source information, including terpenoids, protein targets,
genes, cell lines, diseases, and their relationships. TeroACT’s
homepage is designed for easy navigation with an introduction,
a search box, and a navigation bar with different browsing cate-
gories (Fig. 9A). The search box supports precise and fuzzy
retrieval of entities of interest, and users can navigate to the
detailed interface of the mapping information centered on that
query entity.

The TeroACT platform has embedded various Al-assisted drug
discovery models to empower research on terpenoid activity
mining. First, TeroACT provides access to our TerDA prediction
model (Fig. 9B). The user can enter the molecular ID associated
with active knowledge included in the profile to perform drug
repositioning, as demonstrated in the melanoma case we have
shown. Then there is a selection to either generate a top-k
recommendation list or obtain prediction scores and ranks specific
to a custom-defined disease. Besides, the model supports batch
input of molecules to score and rank them for the interested dis-
ease, facilitating the discovery of lead compounds.

TeroACT also integrates many excellent CPI prediction
methods, including SPVec_Tero, DeepCDA®’, CPI_GNN"’,
MONN"', CPI_HGCNc’?, MolTrans”, and TransformerCPI"*.
The development of these web-based toolsets aims to meet re-
searchers 'needs for target fishing and virtual screening for
terpenoid molecules against a target. CPI prediction tools enable
screen and prioritize terpenoids with high binding potential. They
also provide valuable computational support for investigating
molecular targets and elucidating mechanistic pathways. Through
synergistic integration, the TeroACT platform establishs a
comprehensive ‘“‘terpenoid-target-disease” prediction framework.
It not only predicts potential therapeutic diseases but also infers
probable pharmacological mechanisms by analyzing compound-
target interaction patterns.

The performance of all methods in the CPI-predicted task can
be found in Supporting Information Tables S9—S11 and
Supporting Information Figs. S15—S19. The entry and output
pages of CPI prediction are displayed in Fig. 9C. For a given
compound-protein target pair, the prediction results will be pre-
sented in the form of comments indicating ‘active’ or ‘inactive’.
From the results, SPVec_Tero outperforms these benchmark
models on classification tasks.

4. Conclusions

In this study, we introduced TeroACT—a dedicated platform for
terpenoid activity discovery, supported by a terpenoid-centric
knowledge graph and equipped with computational tools for
systematic terpenoid bioactivity exploration. Among these, the
TerDA model leverages pre-extracted molecular semantic fea-
tures and knowledge inference to accurately predict
terpenoid—disease associations, demonstrating superior recom-
mendation performance over baseline methods. Additionally,
TeroACT integrates optimized machine learning approaches for
compound—protein interaction (CPI) prediction tailored to
terpenoid target identification. The platform not only provides a
comprehensive chemical-bioactivity dataset for efficient infor-
mation retrieval but also offers valuable insights for the
terpenoid-based therapeutic discovery. By combining the
platform with experimental validation, we conducted an anti-
melanoma agent screening campaign, identifying six high-
priority terpenoids with significant cellular anti-tumor efficacy.
Among these, two structurally novel compounds, mollugin and
columbianadin, further exhibited anti-proliferative and anti-
invasive effects in melanoma through a series of in vitro and
in vivo experiments. Looking forward, this study highlights the
utility of TeroACT as a scalable and predictive framework for
accelerating terpenoid pharmaceutical research. It paves the way
for future studies in terpenoid drug repurposing and the inference
of new therapeutic indications.
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