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From chemical compounds to herbal interventions: a transfer
learning-based perturbational transcriptome prediction
framework for cancer drug discovery

Qingyuan Liu, Boyang Wang, Shao Li
Institute for TCM-X, Department of Automation, Tsinghua University, Beijing 100084, China

ABSTRACT

Objective: Transcriptomic perturbation profiles from tumor cell lines serve as the core molecular basis for cancer drug discovery
and mechanism of action (MOA) analysis. Traditional Chinese medicine (TCM) holds great anticancer potential, yet the multi-
component and multi-target properties pose major challenges for systematic mechanistic investigation. The scarcity of herbal
intervention transcriptomic data severely restricts transcriptome-based anticancer TCM research, unlike widely available large-scale
chemical compound perturbational datasets. This study aims to establish a predictive framework for herbal transcriptional responses
in tumor cell models to address this critical data bottleneck.

Methods: A transfer learning-based encoder-decoder prediction framework integrated with a self-attention mechanism was
developed. The model was pre-trained on large-scale connectivity map compound perturbation datasets with paired baseline
transcriptomic profiles, then fine-tuned with limited herbal perturbation data covering 11 herbs across 4 tumor cell lines using a
shared gene set as the molecular basis.

Results: The model achieved strong predictive performance (mean squared error = 0.1395, R? = 0.8561, Pearson correlation
coefficient = 0.9258), outperforming baseline models with robust generalization to unseen herbal interventions. Transfer learning
markedly improved prediction accuracy and stability under data-limited conditions.

Conclusions: This framework provides a scalable, cost-effective computational approach for anticancer herbal in silico screening,
preliminary MOA exploration, and multi-herb prescription synergistic pattern analysis in cancer drug discovery.
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Introduction

Traditional Chinese medicine (TCM), a core component
of traditional medical systems, is characterized by multi-
component and multi-target therapeutic properties and has
long been applied in the prevention and treatment of various
diseases, including cancer-3, Systematic characterization
of the transcriptional responses of tumor cells to pharma-
cologic perturbations constitutes a critical foundation for
cancer drug discovery, target identification, and mechanism-
of-action analysis in cancer biology and precision medicine.
Transcriptomics serves as a key technology for elucidating
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gene regulatory programs by comprehensively capturing
dynamic gene expression changes under specific condi-
tions, thereby providing rich molecular-level information
for investigating drug-system interactions. Perturbational
omics, in turn, focuses on system-wide molecular responses,
particularly at the transcriptomic level, elicited by exter-
nal interventions, such as chemical compounds or herbal
agents. Moreover, perturbational omics has contributed to
the development of systematic frameworks for transcrip-
tome-based drug discovery research®’.

The pharmacologic basis of TCM is complex because the
therapeutic effects often arise from the coordinated regula-
tion of multiple signaling pathways and biological processes,
rendering traditional single-target paradigms insufficient
for comprehensive mechanistic interpretation®-10, With the
rapid development of systems biology and artificial intelli-
gence, molecular-level characterization of TCM mechanisms
has become an important direction for the modernization
of TCM research!-16, Perturbational transcriptomic data,
defined as transcriptomic responses following herbal inter-
ventions, capture global gene expression changes induced



2 Liu et al. Herbal perturbational transcriptome prediction for cancer drug discovery

Transcriptomic perturbation profiles are essential for cancer drug discovery, and traditional Chinese
Background medicine shows anticancer potential; however, the scarcity of herbal perturbation transcriptomes calls
for scalable computational models to enable transcriptome-based prediction of herbal anticancer effects.
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This framework enables scalable in silico prediction of herbal perturbational transcriptomes, supporting
anticancer herbal screening, mechanism-of-action analysis, and prescription-level synergy exploration.

Implications

Study flowchart This study presents a transfer learning-based framework for predicting perturbational transcriptomic responses of
herbal medicines in cancer-related cell line models. The workflow begins with a large-scale compound perturbation dataset from the
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connectivity map (CMAP), which is used to train an encoder-decoder-based compound perturbational transcriptome prediction model.
Compound molecular features and baseline transcriptomic states are jointly encoded and a self-attention-enhanced decoder gener-
ates predicted perturbation-induced gene expression profiles. Building on the compound model, a herbal perturbational transcriptome
prediction model is developed via transfer learning using limited herbal perturbation datasets from KORE-Map across four tumor cell
lines. Model performance is systematically evaluated through baseline model comparison, assessment of transfer learning effects, and
out-of-distribution generalization analysis. The predicted perturbational transcriptomes are further validated through multi-level case
studies, including gene-level target validation, herbal-level pathway enrichment analysis, and prescription-level synergistic mechanism
exploration using a multi-herb formula. Collectively, the framework demonstrates robust generalization to unseen herbal interventions,
captures coordinated multi-target and multi-pathway transcriptional mechanisms, and provides a scalable computational strategy for
transcriptome-based anticancer herbal research. ADHD, attention deficit hyperactivity disorder; CMAP, connectivity map; DEGs, dif-

ferentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes. Figure created using BioRender

(www.biorender.com) and Microsoft PowerPoint.

by treatment and provide essential molecular evidence for
identifying potential anticancer pathways and key regulatory
nodes. However, transcriptomic perturbation resources for
herbal interventions remain relatively scarce compared to
compound-based perturbational studies represented by the
connectivity map (CMAP)Y. This limitation hampers sys-
tematic mechanistic investigations of herbal agents in can-
cer research and restricts the efficiency of discovering and
prioritizing potential anticancer herbal compounds and the
active constituents. Therefore, computational approaches
that enable accurate prediction of herbal perturbational
transcriptomes represent a promising strategy to overcome
current data bottlenecks.

Currently, substantial progress has been achieved in per-
turbational response prediction for chemical compounds
with most existing approaches adopting generative mod-
els based on encoder-decoder architectures. CellCap'® is
built upon a variational autoencoder framework for sin-
gle-cell transcriptomic data and integrates sparse dictionary
learning with multi-head attention. CellCap decomposes
single-cell perturbation responses and models the corre-
spondence with cellular states using a non-linear encoder to
extract basal cellular states and a linear decoder to preserve
interpretability. PerturbNet!® uses a conditional invertible
neural network as the core mapping module and adopts a
modular architecture consisting of perturbation and cell
representation networks. PerturbNet enables the prediction
of single-cell state distributions under previously unseen
chemical, genetic, and coding-sequence mutation pertur-
bations by integrating chemical structures, gene functional
annotations, and other features. Similarly, scGen? is based
on a variational autoencoder architecture and incorporates
latent space vector arithmetic. Gene expression profiles are
encoded into a low-dimensional latent space, perturbation
difference vectors are estimated, and responses are extrap-
olated to predict single-cell perturbation effects across cell
types, studies, and species. CPA?! also adopts an autoen-
coder-based framework and introduces adversarial train-
ing to achieve latent space disentanglement. CPA predicts

single-cell transcriptomic responses to unseen doses, cell
types, and combinatorial perturbations by linearly combin-
ing embeddings of basal cellular states, perturbations, and
covariates. PRnet?? utilizes a perturbation adapter, pertur-
bation encoder, and perturbation decoder as core compo-
nents for bulk transcriptomic data. Chemical structures are
encoded using SMILES representations?® and combined
with unperturbed transcriptomic profiles to predict tran-
scriptional responses to novel chemical perturbations. In
recent years, diffusion models have emerged as promising
approaches for perturbation response prediction in biomed-
ical research. Diffusion-based models have demonstrated
considerable potential for gene expression prediction and
cell-state simulation tasks owing to the strong generative
capacity?+-26,

However, prediction of perturbational transcriptomes for
herbal agents is relatively limited. For example, SETComp?’
learns compound-cell-target associations from compound
perturbation datasets and subsequently fine-tunes the
model using a small number of herbal samples to infer
directed associations between herbal agents and molecular
targets in specific cell lines. In contrast, NeCTAR? lever-
ages RNA-seq data derived from herbal constituent com-
pounds to quantify the regulatory strength of individual
components on biological pathways, thereby constructing
herb-pathway association matrices that characterize the
overall regulatory potential of single herbal agents. Another
network-target-based approach?® evaluates the intervention
effects of compound combinations on biomolecular net-
works using random-walk algorithms to model the propaga-
tion and influence across the network. Nevertheless, existing
approaches are generally restricted to pathway-level or asso-
ciation-based analyses and are insufficient for directly pre-
dicting gene-level expression changes induced by herbal
interventions in tumor cell models.

A transfer learning-based® perturbational transcriptome
prediction framework that leverages tumor cell line models to
enable systematic modeling of herbal perturbation responses
under data-limited conditions is proposed to address these



limitation. The study workflow is illustrated in the study flow-
chart, while the model architecture is shown in Figure 1. The
objective of this study was to establish a transferable mode-
ling strategy for predicting transcriptomic responses to herbal
perturbations in tumor cell models, while alleviating data
scarcity and supporting downstream cancer drug discovery
and mechanism-of-action studies. Specifically, compound
perturbation transcriptomic data from the CMAP database
were integrated with a limited number of herbal perturbation
datasets derived from tumor cell lines in the KORE-Map data-
base3! and an additional small dataset®2. A shared gene set was
obtained by intersecting the genes present in both datasets and
was used as the molecular basis for prediction. A generative
model with an encoder-decoder architecture incorporating a
self-attention mechanism3 was constructed to predict per-
turbational transcriptomic responses to chemical compounds
and herbal agents under specific experimental conditions,
including intervention type, cell line, dosage, and treatment
duration. In this study greater emphasis was placed on evaluat-
ing the adaptability, robustness, and representational capacity
of established predictive frameworks in tumor-related herbal
perturbation scenarios compared to emerging generative
architectures, such as diffusion models. The proposed model
achieved strong predictive performance under data-scarce
conditions with transfer learning markedly improving pre-
diction accuracy, particularly when only a limited number of
herbal samples were available.
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Materials and methods

Implementation configurations

All computational analyses and model construction were
performed on a dedicated server with the following system
specifications: operating system, AlmaLinux 9.5 (Teal Serval);
kernel, Linux 5.14.0-503.26.1.el9_5.x86_64; architecture, x86-
64. The server was equipped with an NVIDIA GeForce RTX
4080 GPU. CUDA 12.1 with matching cuDNN libraries was
configured to enable GPU-accelerated model training and
inference. The entire analytical pipeline was built on Python
3.10.14 with the following core libraries and precise versions
used for specific analysis steps: pandas 2.2.2 (data manipu-
lation and preprocessing); numpy 1.26.4 (numerical com-
putation); pytorch 2.2.2 (deep learning model architecture
construction, paired with pytorch-cuda 12.1); torchdrug 0.2.1
(molecular graph construction and processing); matplotlib
3.9.0 (experimental result visualization); scikit-learn 1.6.0
(data standardization, dataset splitting and evaluation met-
ric calculation); scipy 1.14.1 (statistical analysis); and rdkit
2023.03.3 (molecular structure parsing and molecular feature
extraction). In addition, R version 4.4.1 (2024-06-14) was used
for transcriptomic data analysis and functional enrichment
with key packages, including DESeq2 1.44.0 (differential gene
expression analysis), clusterProfiler 4.14.0 (functional enrich-
ment analysis), org.Hs.eg.db 3.19.1 (human gene annotation
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Figure 1 Framework of the transfer learning-based perturbational transcriptome prediction method for herbal agents. The proposed frame-
work adopts an encoder-decoder architecture integrated with a self-attention mechanism as the core structure and jointly incorporates
perturbational transcriptomic data from chemical compounds and herbal agents to predict transcriptional responses. Compound and herbal
features are extracted by a perturbation encoder, while cell line characteristics are captured by a cell line encoder. Experimental conditions,
including dosage and treatment duration, are incorporated as auxiliary inputs. Predicted transcriptomic responses to herbal perturbations
are generated by a perturbation decoder. Model performance is evaluated across four modules: baseline model comparison; assessment of
transfer learning effects; out-of-distribution generalization analysis; and case studies. Figure created using BioRender (www.biorender.com).
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database), enrichplot 1.26.1 (enrichment result visualization),
dplyr 1.1.4 (data manipulation), openxisx 4.2.8 (Excel file
read/write), ggplot2 4.0.1 (graphical visualization), stringr
1.5.1 (string processing), and tidyr 1.3.1 (data tidying).

Data sources and preprocessing

Chemical compound perturbation data

Compound perturbation transcriptomic data were obtained
from the GEO database and derived from CMAP project
datasets (GSE70138 and GSE92742)34. Specifically, Level 2
(GEX) L1000 processed gene expression profiles were used
from these datasets, which are deconvoluted absolute expres-
sion values for 978 landmark genes generated by the L1000
high-throughput gene expression assay platform. These data-
sets include transcriptomic profiles collected from multiple
cell lines subjected to various chemical compounds at dif-
ferent dosages and treatment durations with paired pre- and
post-perturbation conditions.

The datasets were first integrated during preprocessing,
ensuring the presence of corresponding control groups for
each experimental condition. All chemical compounds were
required to have valid SMILES representations in public data-
bases, such as PubChem, to guarantee data quality and compa-
rability3. A total of 956,245 experimental and 47,653 control
samples were retained after filtering, covering 18,973 chemi-
cal compounds and 82 cell lines. Each transcriptomic profile
consisted of expression measurements for 978 genes, broadly
representing cellular gene expression states. To enable align-
ment with the herbal perturbation transcriptomic data, only
the intersection of genes shared between the two datasets was
retained, resulting in a final set of 977 genes for downstream
analyses.

Herbal perturbation data

Herbal perturbation transcriptomic data were obtained from
the KORE-Map database and comprised multiple GEO data-
sets, including GSE244687, GSE244707, GSE244694, and
GSE245912, with an additional dataset (GSE273185) included.
All these datasets provide batch-corrected quasi-count expres-
sion matrices generated from RNA-sequencing of herbal
medicine-treated human cell lines. The GSE273185 dataset
was incorporated to expand the herbal perturbation tran-
scriptomic dataset and the same technical standards for tran-
scriptome sequencing and analysis as the KORE-Map datasets
were adopted to ensure data compatibility, thus improving the
robustness of subsequent integrated analyses. Each sub-dataset
in the KORE-Map database corresponds to one unique cell line
and includes perturbation profiles of multiple herbal agents
on that cell line. In contrast, the GSE273185 dataset contains
one unique herbal agent and includes perturbation profiles
across multiple cell lines treated with this herb. Accordingly,
the subsequent out-of-distribution generalization experiments
for herbal agents and cell lines involve validation on entirely

independent datasets. After integration, a total of 378 samples
were collected, covering 4 tumor cell lines (HT29, SW1783,
HepG2, and A549) and 11 herbal agents with exactly 9 sam-
ples per herb-cell line combination, ensuring a fully balanced
experimental design (Table 1). HT29, SW1783, HepG2, and
A549 are derived from a human colon adenocarcinoma, a
human brain glioblastoma, a human hepatocellular carci-
noma, and a human lung adenocarcinoma, respectively. Each
combination of herbal agent and cell line was tested at doses
of 500, 100, and 20 pg/mL with a fixed treatment duration of
24 h. No missing values were apparent in the dose and time
metadata. Prior to model input, these experimental conditions
were all subjected to standardization. To enable alignment
with the chemical compound perturbation data, only genes
shared between the herbal and compound transcriptomic
datasets were retained, resulting in a final set of 977 genes for
subsequent analyses.

Feature extraction for chemical compounds and
herbal agents

SMILES representations of the compounds were retrieved from
the PubChem database for chemical compound perturbation
data. Molecular descriptors were then converted into molecu-
lar graphs using the RDKit toolkit. The InfoGraph algorithm?36
was subsequently applied to transform each molecular graph
into a 300-dimensional vector representation, which effec-
tively captured compound-level features.

Feature extraction for herbal agents followed a similar strat-
egy. Because herbal agents are composed of multiple chemi-
cal constituents and the biological effects typically arise from
the synergistic actions of these constituents, the constituent
compounds for each herbal agent were first obtained from the
HERB 2.0 database®”. Notably, only the chemical composition
information of herbal agents were retrieved from the data-
base for feature construction with no additional data (includ-
ing target, pathway, or transcriptomic profile information)
involved in this process. Molecular features of these constitu-
ent compounds were extracted using the InfoGraph algorithm
based on graph neural networks. A 300-dimensional feature
vector for each herbal agent was then generated by aggre-
gating the feature vectors of the constituent compounds via
max-pooling, in which the maximum value across all con-
stituent compounds was retained for each feature dimension.
Let X, € R* denote a herbal agent feature composed of n
constituent compounds and let ¢, e R’ be the d-dimensional
feature vector of the i-th compound (1 = 1,2,...,n). The feature
vector, X, .., was computed via max-pooling as follows:

X =max(cl<j) forj=12,...,d

herb; i1
where X, is the j-th dimension of the feature vector for
the herbal agent and ¢;; Is the j-th dimension of the feature
vector for th i-th compound. This approach effectively pre-
serves the most salient bioactivity signals from individual
compounds, better capturing the dominant action patterns
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Table 1 Correspondence of herbal agents, Latin names and components numbers

No. Herbal agent Latin name Components Experimental GSE GSE GSE GSE GSE
number groups number 244687 244707 244694 245912 273185
1 Fu Zi Aconiti Lateralis Radix Preparata 103 18 HT29
SW1783

2 Shu Di Huang Rehmanniae Radix Praeparata 74 36 A549 HepG2 HT29 SW1783

3 Bai Shao Paeoniae Radix Alba 185 36 A549 HepG2 HT29 SW1783

4 Fu Ling Poria 105 36 A549 HepG2 HT29 SW1783

5 Ren Shen Ginseng Radix Et Rhizoma 321 36 A549 HepG2 HT29 SW1783

6 Rou Gui Cinnamomi Cortex 164 36 A549 HepG2 HT29 SW1783

7 Chuan Xiong  Chuanxiong Rhizoma 278 36 A549 HepG2 HT29 SW1783

8 Gan Cao Glycyrrhizae Radix Et Rhizoma 340 36 A549 HepG2 HT29 SW1783

9 Cang Zhu Atractylodis Rhizoma 102 36 A549 HepG2 HT29 SW1783

10 Huang Qi Astragali Radix 125 36 A549 HepG2 HT29 SW1783

11  Chao Xian Angelica Gigas 14 36 A549 HepG2 HT29 SW1783

Dang Gui

of herbal agents and providing a meaningful basis for down-
stream biological mechanism analysis.

Compound perturbation prediction algorithm

Model architecture
The compound perturbation prediction algorithm developed
in this study was based on a generative model with an encod-
er-decoder architecture and incorporated a self-attention
mechanism to capture compound features and the effects on
transcriptomic responses. The model encoded compound
features, dosage, and treatment duration together with fea-
tures derived from control samples to generate predicted
perturbational transcriptomic profiles. The model consisted
of three main components:

(1) Compound encoder. The compound encoder adopted
a three-layer multilayer perceptron (MLP) architecture®®. The
input consisted of 300-dimensional compound feature vectors,
which were sequentially transformed through hidden layers of
256, 128, and 32 dimensions, yielding a 32-dimensional latent
representation. This module was designed to extract repre-
sentative latent features from compound structural informa-
tion for subsequent perturbation generation.

H = ENCODER

compound compound (Xcompmmd)

(2) Control encoder. The control encoder had a structure
similar to that of the compound encoder and employed a
separate MLP to extract features from the control transcrip-
tomic data. The input consisted of 977-dimensional gene
expression profiles from control samples, which were mapped

through layers of 512, 256, 128, and 64 dimensions to gener-
ate a 64-dimensional latent representation. This module was
intended to capture baseline transcriptional states and model
the relationship between control and perturbed conditions.

= ENCODER

control control (Xcontrol )

(3) Perturbation decoder. The decoder concatenated the
latent representations from the compound and control encod-
ers with compound dosage and treatment duration as inputs.
These concatenated features were processed through multiple
fully connected layers with dimensions of 98, 128, 256, 512,
and 977 to generate a 977-dimensional predicted perturba-
tional transcriptomic profile. In addition, a self-attention
mechanism was embedded within the decoder to dynam-
ically adjust the contributions of individual input features.
This design enabled the model to focus on features that had
a greater influence on transcriptomic changes and improved
predictive performance. By capturing the complex dependen-
cies among input features, the self-attention mechanism fur-
ther enhanced the modeling of intricate interactions between
compounds and transcriptomic responses.

= DECODER

compound compound

(CONCAT[H

compound’ DOSB,

Time’ Hw‘nt'rul ])

Model training and validation

All input data were standardized during model training
and validation to account for differences in value ranges
among transcriptomic profiles, dosage, treatment dura-
tion, and compound features. Transcriptomic data were first
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log-transformed to reduce distributional skewness and out-
lier impacts. Per-gene standardization was subsequently per-
formed using StandardScaler®, which independently scales
the value of each gene to a zero mean and unit variance. This
preprocessing ensured comparability across all feature dimen-
sions, alleviated transcriptomic data biases, improved model
training stability and convergence, and justified the use of the
mean squared error (MSE), R?, and Pearson correlation coeffi-
cient as an evaluation metric.

X-u

o

scaled

Because multiple control samples were available for each
cell line, principal component analysis (PCA) was applied to
reduce the dimensionality of the 977 landmark gene expression
profiles to 50 principal components (PCs) when selecting con-
trol samples. The similarity between perturbation and control
samples was measured using Euclidean distance in the PCA
space and the nearest control sample (1-nearest neighbor) was
matched for each perturbation sample within the same cell
line. This approach enabled the identification of control sam-
ples most like each perturbation condition, thereby enhancing
the ability of the model to learn differences between perturbed
and control states. Importantly, PCA was only used during the
data preprocessing stage for control matching and the sub-
sequent training/validation split was performed by grouping
unique experimental conditions to ensure that samples from
the same condition did not appear in both the training and
validation sets, thus preventing any potential data leakage
across splits.

The dataset was split into training and validation sets in an
8:2 ratio. To avoid data leakage and rigorously evaluate gener-
alization of the model to unseen experimental conditions, a
strict multi-dimensional stratified split strategy was adopted.
Samples were grouped into unique experimental conditions
based on four core attributes: cell line; perturbagen (herbal
agents or compounds); dosage; and treatment duration. All
samples belonging to the same experimental condition were
assigned exclusively to either the training or validation set, but
not both, thereby eliminating data leakage.

Model training was performed with a fixed batch size of
16,384 and a global random seed of 0 for the Python random
module, NumPy, and PyTorch to ensure full reproducibility,
and the MSE was used as the loss function. Parameter opti-
mization was performed using the AdamW optimizer*® with
an initial learning rate of 1le-3 and a weight decay of 1le-4, and
a CosineAnnealingLR learning rate scheduler (with T_max =
50 and eta_min = 1e-5) was applied to dynamically adjust the
learning rate and mitigate overfitting. An early stopping
strategy was also implemented with a patience of 20 epochs
and a min_delta of 1e-4, whereby training was automatically
terminated when the validation loss failed to show a signifi-
cant improvement over the predefined number of epochs. In

terms of model architecture, a single-head scaled dot-product
self-attention module followed by LayerNorm was integrated
into the decoder to refine latent features and stabilize model
training.

1 ;
LOSS = - z (Y;,rpd i K’I‘IIP i)z
n i=1 o o

To comprehensively evaluate model performance, the coef-
ficient of determination (R?) and the Pearson correlation
coefficient were used in addition to the MSE. Specifically,
MSE quantifies the absolute discrepancy between predicted
and observed values, R? reflects the proportion of variance
explained by the model, and the Pearson correlation coeffi-
cient measures the linear concordance between predictions
and ground truth. All metrics were calculated on the stand-
ardized gene expression scale consistent with model train-
ing. No inverse standardization was performed before MSE
calculation. This ensures training-evaluation consistency
and avoids bias from differences in original gene expression
magnitudes. All genes underwent identical standardization,
unifying expression values to the same scale and ensuring the
comparability of MSE values.

1n

MSE = 72(3/1 _g,')Q
)
D e
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Herbal perturbation prediction algorithm

Model architecture

A herbal perturbation prediction algorithm was developed
based on the compound perturbation prediction model and
incorporated into a transfer learning strategy. Given the
limited availability of transcriptomic data on herbal pertur-
bations, transfer learning enabled the effective reuse of knowl-
edge learned from compound perturbation datasets, thereby
reducing reliance on herbal data. The model architecture was
identical to that used for compound perturbation prediction,
retaining the encoder-decoder generative framework and
self-attention mechanism to model herbal features and the
effects on transcriptomic responses.

H, = ENCODER, (X

herb herb herb )

H = ENCODER

control control (X control )

Dose, Time, H

control ] )

Y, ,= DECODER, ,(CONCAT[H

herb herb?
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Model training and validation

The same standardization procedures used for the compound
perturbation data were applied during training and valida-
tion to ensure feature comparability and improve training
stability and predictive accuracy under transfer learning.
The data were split into training and validation sets owing
to the limited size of the herbal dataset using a 7:3 ratio to
reduce evaluation variance and enhance reliability. The same
multi-dimensional stratified train-validation splitting strat-
egy used for the compound perturbation dataset was also
applied to the herbal perturbation dataset to ensure consist-
ency and avoid data leakage.

Given the scarcity of herbal data, one matched control sam-
ple was randomly selected from all available control samples
for each experimental instance during training. This strategy
mitigated the bias introduced by fixed control selection and
increased dataset diversity across training iterations.

Model training followed the same protocol as that used for
compound perturbation prediction, including the AdamwW
optimizer, MSE loss function, learning rate scheduler, early
stopping strategy, and identical evaluation metrics, with the
only adjustment being the batch size set to 64 to match the data
scale of herbal perturbation experiments. The key distinction
lay in the model initialization. Specifically, pretrained param-
eters obtained from the compound perturbation prediction
model were used as initial weights. Through transfer learning,
knowledge learned from large-scale compound perturbation
data provided effective parameter initialization for herbal

A
Training and validation loss curve
= Training loss
0.6 1 —— Validation loss
0.5 1
8 04
—
0.3 1
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0 50 100 150 200 250
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transcriptome prediction, thereby accelerating convergence
and improving predictive accuracy, and enabling the model to
achieve relatively strong performance even under conditions
of limited herbal perturbation data.

Results

Compound perturbation prediction model

The compound perturbation prediction model, denoted as
Model, achieved an MSE of 0.1797, an R? value of 0.8198,
and a Pearson correlation coefficient of 0.9055 on the com-
pound perturbation prediction task (Figure 2). These results
indicated that the model provided a good fit to the data and
exhibited a high degree of correlation between predicted and
observed transcriptomic profiles.

Herbal perturbation prediction model

Model training performance

The herbal perturbation prediction model, referred to as
Model_H, was evaluated based on 20 repeated experiments.
The average performance metrics were an MSE of 0.1395
(0.1311, 0.1479), R? of 0.8561 (0.8484, 0.8638), and a Pearson
correlation coefficient of 0.9258 (0.9218, 0.9298; Figure 3).
These results indicated that Model_C achieved strong predic-
tive performance on herbal perturbation data after transfer

B
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Figure 2 Performance of the compound perturbation prediction model. (A) Loss curves during training and validation. (B) Scatter plot of
predicted vs. observed transcriptomic values. Figure created using Python 3.10.14.
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Figure 3 Performance of the herbal perturbation prediction model. (A) Loss curves during training and validation. (B) Scatter plot of
predicted vs. observed transcriptomic values. Figure created using Python 3.10.14.

learning with accurate fitting to experimental observations
and a high correlation with true transcriptomic profiles.
These findings suggested that Model,, effectively lever-
aged knowledge transferred from the compound perturbation
model despite the limited size of the herbal dataset, thereby
improving prediction accuracy and alleviating data scarcity.

Baseline model performance comparison
Comparisons were made against three baseline models to fur-
ther evaluate the performance of Model,;: logistic regression
(LR,,)*%; random forest regression (RF,,)*% and support vector
regression (SVR,,)*. Each model was trained and evaluated
based on >20 repeated experiments. Boxplots of the three eval-
uation metrics (MSE, R?, and Pearson correlation coefficient)
are shown in Figure 4A; the mean values are summarized in
Table 2. The results demonstrated that Model,, consistently
outperformed all baseline models across all evaluation met-
rics, indicating a clear performance advantage.

Transfer learning performance evaluation

Models were trained using different proportions of the herbal
dataset to assess the effectiveness of transfer learning and com-
pared to models trained from scratch using herbal data alone.
When the proportion of the herbal dataset was relatively large,
the performance of the transfer learning model was compa-
rable to that of the model trained from scratch (Figure 4B).
However, as the number of herbal datasets decreased, the
transfer learning model exhibited a clear performance advan-
tage. This advantage was particularly pronounced when the

number of herbal samples was very small, demonstrating the
effectiveness of transfer learning under data-scarce condi-
tions. Furthermore, the results showed that when the herbal
dataset was limited, the box width of the boxplot for the trans-
fer learning model was narrower than the model trained from
scratch, indicating superior stability. In summary, transfer
learning effectively leveraged knowledge obtained from com-
pound data to improve the prediction accuracy of the model
when herbal data were scarce.

In addition, when the proportion of the herbal dataset was
zero (i.e., when Model . was directly applied for prediction),
the MSE and R? of the model were close to the MSE and R? of
a random model. This result suggested that the transfer model
could not adequately adapt to the characteristics of herbal
medicines in the complete absence of herbal data. However,
the Pearson correlation coefficient remained relatively high,
indicating that the transfer model could partially capture the
trends in gene expression changes induced by herbal interven-
tions. This phenomenon highlights the specificity of herbal
data and implies that the performance of transfer learning in
practical applications improves rapidly in the early stages as
the volume of herbal data increases.

Out-of-distribution (OOD) generalization
performance

Systematic OOD generalization experiments were performed
to rigorously evaluate the generalization ability of the model on
completely unseen data* in two scenarios with independent



10 Liu et al. Herbal perturbational transcriptome prediction for cancer drug discovery

A MSE distribution (20 repeats) R? distribution (20 repeats) Pearson correlation distribution (20 repeats)
P 0.900 i P
0.26 ==
0.875 0.94
0.24 —|—
0.850
0.22 - 0.92
0.825 2
0.20 — ]
) & 0.800 S 090 i
=018 = g
2
0.775 5
0.16 == 3
& 0.88
014 0.750
0.12 e 0.725 0.86
0.10 0.700
Model LR RF SVR Model LR RF SVR Model LR RF SVR
B MSE distribution (20 repeats) R? distribution (20 repeats) Pearson correlation distribution (20 repeats)
10 1 With transfer
] E=Without transfer
0.8
0.8
c
.20.6
5
g i
w 0.6 5]
= S04
2
0.4 s
802
0.2 00
@gop%o,\a@@bgqp,.@,@%v%wxe @gop%o,\a@@bgqp,.@,@%v%wxe QQ%Q%Q«Q@%Q@%Q%Q,&%V":’L\Q

Percentage

Percentage

Percentage

Figure 4 Performance comparison of herbal perturbational transcriptome prediction models. (A) Baseline model performance comparison.
Model denotes the proposed method, LR denotes the logistic regression model, RF denotes the random forest regression model, and SVR
denotes the support vector regression model. Each model was evaluated over 20 repeated experiments. (B) Transfer learning performance
comparison. Transfer learning was applied using different proportions of herbal datasets, with each experiment repeated 20 times. LR, logistic
regression; MSE, mean squared error; RF, random forest regression; SVR, support vector regression. Figure created using Python 3.10.14.

Table 2 Performance comparison of baseline models

Model,, LR,

RF,, SVR,,

MSE 0.1395 (0.1311, 0.1479) 0.2051 (0.1926, 0.2176)
R? 0.8561 (0.8484, 0.8638) 0.7882 (0.7759, 0.8005)
Pearson 0.9258 (0.9218, 0.9298) 0.8922 (0.8860, 0.8984)

0.1614 (0.1498, 0.1730) 0.1544 (0.1436, 0.1652)
0.8336 (0.8233, 0.8439) 0.8410 (0.8317, 0.8503)

0.9142 (0.9087, 0.9197) 0.9182 (0.9134, 0.9230)

MSE, mean squared error; R?, coefficient of determination; Model,,, herbal perturbation prediction model; LR,,, logistic regression model,
RF,,, random forest regression model; SVR,,, support vector regression model. Bold values denote the best-performing results for each metric.

validation datasets adopted for core external OOD valida-
tion: unseen-herb testing; and unseen-cell-line testing (Figure
5A-D). The fully independent external dataset (GSE273185),
which only contained Aconiti Lateralis Radix Praeparata was
used as the dedicated independent validation dataset for the
OOD test of this unseen herbal agent. Strict leave-one-herb-
out OOD cross-validation was performed for the remaining
10 herbal agents based on the KORE-Map and GSE273185

dataset. Each cell line was validated using a complete, inde-
pendent dataset (or combined independent datasets) as the
exclusive independent validation set for the unseen-cell-line
OOD testing with no cross-over of datasets between model
training and testing. The independent validation datasets
for each cell line were as follows: A549 (GSE244687); HepG2
(GSE244707); HT29 (GSE244694 + GSE273185); and SW1783
(GSE245912 + GSE273185).
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Figure 5 Continued

In the batch-wise unseen-herb tests the herbal dataset
was split into training and validation sets at a 7:3 ratio and
testing was repeated 100 times. The results indicated that
Model,, exhibited favorable generalization performance when
applied to unseen herbal agents with average MSE, R?, and
Pearson correlation values of 0.1824 (0.1725, 0.1923), 0.8131
(0.8045, 0.8217), and 0.9043 (0.8997, 0.9089), respectively.
These findings demonstrated the ability of the model to gen-
eralize to herbal agents not observed during training. One
herbal agent was used as the validation set in the subsequent
leave-one-herb-out tests, while the remaining agents used for
training and evaluation were repeated 20 times. Prediction
performance remained satisfactory for most herbal agents
with relatively favorable MSE, R?, and Pearson correlation val-
ues, indicating effective learning of transcriptomic features.
However, the model exhibited relatively weak performance on
Aconiti Lateralis Radix Preparata. The analysis revealed that
this herbal medicine was derived from an additional dataset
outside the KORE-Map database and potential batch effects
may have reduced the performance of the model compared to
other datasets. Nevertheless, the Pearson correlation coeffi-
cient for this herbal medicine still reached approximately 0.76,
indicating that the model can accurately predict the trends in
transcriptomic changes induced by herbal interventions.

In contrast, model performance declined when the same
evaluation strategy was applied to unseen cell lines, particu-
larly with respect to R?, which showed a substantial deviation
from 1. This result indicated that accurate prediction became
more challenging when cell lines were not observed during
training. Nevertheless, the Pearson correlation coefficients
remained moderate, suggesting that the model was still able
to capture overall expression trends, although prediction
accuracy at the gene expression level was constrained by cell

Pearson correlation
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line-specific biological differences. These limitations were
likely due to pronounced biological heterogeneity across cell
lines, leading to substantial divergence in transcriptomic pro-
files and increased difficulty in generalization. Similar trends
were observed in the leave-one-cell-line-out tests, in which
one cell line was used as the validation set and the remaining
cell lines were used for training; evaluation was repeated 20
times. Model performance for unseen cell lines remained sub-
optimal in these tests. Although the Pearson correlation indi-
cated partial capture of overall expression trends, prediction
accuracy was still affected by strong cell line-specific biolog-
ical characteristics.

To further investigate these observations, t-distributed sto-
chastic neighbor embedding (t-SNE) was applied to the herbal
perturbation transcriptomic data (Figure 5E). The results
showed that herbal perturbation profiles from different cell
lines were widely separated in the low-dimensional space,
indicating substantial differences in perturbation responses
across cell lines. In contrast, perturbation profiles remained
relatively close within the same cell line, even across different
herbal agents and dosages. These findings suggested that cell
line identity had a critical role in perturbation response pat-
terns and should be explicitly accounted for in perturbational
transcriptome prediction models.

Overall, the model demonstrated stable and accurate gen-
eralization to unseen herbal agents, producing reliable predic-
tions for herbal samples that were not included during training.
However, performance variability was observed for unseen
cell lines and for samples with strong cell line-specific charac-
teristics. These results indicated that, the model could effec-
tively capture latent patterns in herbal perturbation data under
data-limited conditions, whereas cell line specificity and sample
size remain key factors influencing generalization performance.
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Figure 5 Continued
Case studies Previous studies have demonstrated that Atractylodis
Rhizoma can alleviate acute lung injury*s, suggesting that
Drug target validation Two representative herbal agents Atractylodis Rhizoma exerts detectable biological per-
[Atractylodis Rhizoma (Cang Zhu) and Astragali Radix turbation effects in pulmonary cell models. Based on this
(Huang Qi)] were selected for drug target validation to evidence, the A549 cell line was selected in this study to
further evaluate the practical applicability of the proposed predict and analyze the transcriptomic responses induced

framework. by Atractylodis Rhizoma intervention. A perturbational
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Figure5 Out-of-distribution (OOD) generalization performance of the herbal perturbational transcriptome prediction model. (A) Performance
metrics from batch-wise testing on unseen herbal agents, repeated 100 times. (B) Performance metrics from batch-wise testing on unseen

cell lines, repeated 100 times. (C) Performance metrics from leave-one-herb-out testing, repeated 20 times. (D) Performance metrics from

leave-one-cell-line-out testing, repeated 20 times. (E) t-SNE dimensionality reduction and clustering plots of the herbal perturbational tran-
scriptome, annotated by herbal category, dose, and cell line category, respectively. MSE, mean squared error; OOD, out-of-distribution; t-SNE,
t-distributed stochastic neighbor embedding. Figure created using Python 3.10.14.

transcriptome prediction model trained via leave-one-
out cross-validation was used for the analysis. The mean
expression values for each gene were first calculated in both
groups to systematically identify transcriptomic differ-
ences between perturbation and control conditions and fold
changes were derived to characterize perturbation strength.
Based on the corresponding experimental conditions of the
herbal perturbation group and control group, Welch's une-
qual variance independent-sample t-tests were subsequently
conducted for each gene to assess the statistical significance
of intergroup expression differences and the Benjamini-
Hochberg method was further applied to correct the raw
P-values generated from the t-tests to control false-positive
rates caused by multiple testing. The predicted differentially
expressed genes (DEGs) were then cross-referenced with
known herbal targets documented in HERB 2.0. Among
these genes, catalase (CAT) was identified as a shared tar-
get between known herbal targets and model predictions.
CAT exhibited significant upregulation in A549 cells follow-
ing Atractylodis Rhizoma perturbation (P = 7.17 x 10773).
This finding was consistent with previous experimental evi-
dence demonstrating that Atractylodis Rhizoma promotes
CAT expression*6, These results indicated that the proposed
framework could identify key molecular changes related
to oxidative stress regulation and cellular homeostasis in
tumor-relevant cell models. Collectively, these findings sug-
gested that Atractylodis Rhizoma may alleviate lung injury
by enhancing CAT expression and facilitating hydrogen
peroxide clearance, highlighting the potential utility of the
framework in perturbation mechanism analysis and candi-
date intervention prioritization.

Astragali Radix represents another widely studied herbal
agent and has been applied in the context of liver injury*’-4°,
The HepG2 cell line was selected as the experimental model
to predict and analyze transcriptomic responses follow-
ing Astragali Radix perturbation based on this background.
Transcriptomic responses to Astragali Radix perturbation in
HepG2 cells were predicted using the same analytical pipeline
and DEGs identified by the model were cross-referenced with
known herbal targets recorded in the HERB 2.0 database. The
results showed that Astragali Radix induced significant down-
regulation of MYC expression in HepG2 tumor cells (P = 7.04
x 1072%3). MYC is a key transcription factor that is aberrantly
activated in multiple cancer types. Sustained overexpression
of MYC is closely associated with excessive cellular prolifera-
tion, metabolic reprogramming, and transcriptional amplifi-
cation. These findings indicated that the proposed framework
could capture key molecular changes related to core oncogenic
transcriptional networks, underscoring the potential value for
mechanistic analysis and prioritization of candidate antican-
cer interventions. Moreover, previous studies have reported
that Astragali Radix-related interventions can modulate MYC-
associated pathways to regulate excessive proliferation and
apoptosis, thereby alleviating liver injury®, which is consistent
with the present predictions at the molecular level.

Taken together, these two case studies demonstrated that
the proposed framework could identify critical transcrip-
tional regulatory changes induced by diverse interventions
in tumor-relevant cell models. By capturing molecular alter-
ations in genes, such as CAT and MYC, which are closely
associated with cellular homeostasis and core oncogenic tran-
scriptional networks, the framework showed potential utility
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for mechanism-driven analysis and prioritization of candidate
anticancer interventions.

Antitumor and cancer-suppressing herbal medicine
validation Six categories of antitumor herbal medicines
reported in the existing literature were selected as the
test set in this study to verify the reliability of the herbal
perturbational transcriptome prediction model in dissecting
the mechanisms of action of antitumor herbal medicines®.
These categories included primary therapeutic drugs,
broad-spectrum antitumor drugs, antitumor drugs for liver
cancer and hepatic system tumors, antitumor drugs for lung
cancer and pulmonary system tumors, antitumor drugs for
colorectal cancer, and antitumor drugs for brain tumors.
Paired tests were performed for each category of herbal
medicines and the corresponding tumor cell lines (e.g., liver
cancer herbal medicines with the HepG2 cell line and brain
tumor herbal medicines with the SW1783 cell line) using the
prediction model.

First, the model was used to predict the transcriptomic
perturbation effects of the herbal medicines on the target cell
lines with each experiment repeated 20 times. DEGs follow-
ing herbal intervention were then identified. GO and KEGG
functional enrichment analyses were subsequently performed
on the identified DEGs using Fisher’s exact test. The genome-
wide human gene set was used as the background for enrich-
ment analysis to capture the general functional bias of DEGs
in the context of the entire human genome. The Benjamini-
Hochberg method was applied for multiple testing correction
of enrichment P-values. Tumor-associated pathways were
filtered using core pathway keywords related to “tumorigen-
esis-proliferation-metastasis-drug resistance” (e.g., “cell pro-
liferation,” “apoptosis,” “P13K-Akt,” and “metastasis”), and the
number of significantly enriched tumor pathways for each
herbal medicine was counted. The final results are presented
in Figure 6A.

The results showed that 60% of the herbal medicines
enriched >30 pathways, reflecting the “multi-target and
multi-pathway” intervention mode of herbal medicines.
Moreover, primary therapeutic and broad-spectrum anti-
tumor drugs enriched a considerable number of tumor-
associated pathways across different cell lines, embodying
the principle of “treating different diseases with the same
method” in TCM. These findings indicated that the herbal
perturbational transcriptome prediction model could pre-
dict the interactions between antitumor herbal medicines
and the corresponding tumor cell lines, providing a compu-
tational prediction tool for association analysis of the “cell
line-action pathway-clinical indication” relationship of anti-
tumor herbal medicines.

Herbal prescription mechanism validation This section
serves as a supplementary exploratory demonstration of
the model’s generalization ability for herbal perturbation

prediction. Jingling Oral Liquid (JLOL) is a Chinese patented
medicine composed of twelve herbal medicines, including
Rehmanniae Radix Praeparata, Dioscoreae Rhizoma, Poria,
Moutan Cortex, Alismatis Rhizoma, Polygalae Radix, Os
Draconis, Ligustri Lucidi Fructus, Phellodendri Chinensis
Cortex, Anemarrhenae Rhizoma, Schisandrae Chinensis
Fructus, and Acori Tatarinowii Rhizoma. Clinical studies
have confirmed the therapeutic effects of JLOL on neurologic
diseases, such as attention deficit hyperactivity disorder
(ADHD), tic disorders, and epilepsy in children®5,
JLOL is especially effective in alleviating core symptoms
of ADHD, including inattention and hyperactivity®2. To
explore the potential molecular regulatory effects of JLOL
on neurologic-related biological processes, the established
herbal perturbational transcriptome prediction model was
adopted to predict the transcriptomic responses of each
of the 12 single herbal medicines in the prescription with
each experiment repeated 20 times. Considering the clinical
research focus of JLOL on neurologic diseases, the SW1783
cell line (an astrocyte-derived neurogenic tumor cell line)
was selected for this exploratory analysis as SW1783 is the
only neural lineage cell line covered by the training dataset of
the model. However, it should be clearly noted that SW1783
is essentially a tumor-derived cell line, not a physiologic or
disease-specific model for neurodevelopmental disorders,
including ADHD. Limited by the cell line coverage of our
model training data, SW1783 is only used as an alternative
for the very preliminary exploratory prediction herein and
cannot accurately represent the drug response of normal
human neural cells or the pathologic state of ADHD. After
prediction, fold changes in gene expression between the
herbal intervention and control groups were calculated to
identify significantly DEGs, followed by KEGG and GO
pathway enrichment analyses of these genes (Figure 6B).
The pathway enrichment results showed that the herbal
medicine DEGs in JLOL were significantly enriched in mul-
tiple neuron-related pathways, including calcium ion home-
ostasis, positive regulation of phosphatidylinositol 3-kinase/
protein kinase B (PI3K-Akt) signaling, positive regulation of
neuroinflammatory response, forebrain development, and
neuroblast division. These pathways are closely associated
with the pathophysiologic mechanisms underlying ADHD.
For example, an imbalance in calcium ion homeostasis can
interfere with key processes, such as neurotransmitter release
and synaptic plasticity, and affect dopamine metabolism and
oxidative stress via TRP channels, ultimately inducing core
ADHD symptoms, including inattention and hyperactiv-
ity. The PI3K-Akt signaling pathway participates in ADHD
pathology by regulating the balance between dopamine and
norepinephrine neurotransmitters, neuronal development,
and synaptic plasticity®s. Neuroinflammation is correlated
with ADHD symptoms, such as hyperactivity and impulsiv-
ity, and affects the development of the prefrontal cortex and
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Figure 6 Case validation results. (A) Number of cancer-related pathway enrichments for antitumor and cancer-suppressing herbal medi-
cines across four cell lines. (B) Pathway enrichment results predicted from the perturbational transcriptome of each single herbal medicine
in Jingling Oral Liquid. (C) Heatmap showing the occurrence frequencies of differentially expressed genes in the predicted pathways of each
single herbal medicine in Jingling Oral Liquid. Figure created using R 4.4.1.

neurotransmitter function, thereby influencing the occur-
rence and progression of ADHD®. In addition, pathways
related to the response to lipopolysaccharides and response
to molecules of bacterial origin, which are enriched by most
herbal medicines, represent immune-inflammatory responses

to microbial pathogens. These pathways can trigger neuroin-
flammatory responses by activating immune pathways and
inducing the release of pro-inflammatory factors, indirectly
promoting the pathologic progression of ADHD. The above
enriched biological processes are consistent with the reported
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ADHD-related pathologic pathways, suggesting that the tran-
scriptomic perturbations predicted by the model are aligned
with the known pharmacologic logic of JLOL.

To further explore the potential core regulatory genes of
JLOL predicted by the model, the occurrence frequencies of
DEGs in the enriched pathways of the 12 single herbal med-
icines were statistically analyzed and a heatmap was plotted
(Figure 6C). The results showed that genes, such as fibroblast
growth factor receptor 2 (FGFR2), Bruton’s tyrosine kinase
(BTK), and interleukin-1p (I1L1B), frequently appeared in mul-
tiple neuron-related pathways and were identified as potential
candidate regulatory genes of JLOL predicted by the model.
Among the potential candidate regulatory genes, FGFR2 has
an important role in brain development by participating in
neuronal growth and migration. Existing studies have indi-
cated the potential association of FGFR2 with neurodevelop-
mental disorders, such as autism and ADHD?%8%°, BTK affects
inflammatory responses in the central nervous system by reg-
ulating the functions of microglia and other immune cells®,
IL1B is a key factor in neuroinflammation. IL1B promotes
inflammatory responses in the nervous system, affects neural
function and synaptic plasticity, and has an important role in
neuropsychiatric diseases, such as ADHDS!. In addition, the
heatmap results indicated that different herbal medicines exert
synergistic effects in regulating core target genes, reflecting the
characteristics of “multi-component, multi-target, and syner-
gistic action” of herbal medicines.

In summary, this section performed a supplementary
exploratory analysis of JLOL based on the established herbal
perturbational transcriptome prediction model by predicting
the transcriptomic responses of the 12 single herbal med-
icines in JLOL in the SW1783 cell line. While these predic-
tions revealed the potential regulatory patterns of JLOL on
neural-related biological processes and candidate genes,
this exploratory analysis has non-negligible limitations that
require explicit clarification. Indeed, the SW1783 cell line used
here, selected as the only neural lineage cell line covered by the
training data of the model, is a tumor-derived line rather than
a physiologic or ADHD-specific disease model, so the pre-
dicted results cannot fully represent the drug response of nor-
mal neural cells or the ADHD pathologic state. All findings are
model-based predictions without in vitro/in vivo validation
and can only be used as preliminary exploratory clues rather
than confirmed therapeutic mechanisms of JLOL. This section
is only a supplementary demonstration of the generalization
ability of the model and does not affect the core conclusion of
the manuscript focusing on anticancer herbal discovery.

Discussion

Systematic characterization of transcriptomic responses
induced by diverse perturbation factors in tumor cell

models is fundamental for elucidating the mechanisms of
action of drugs, prioritizing candidate therapeutics, and
understanding tumor transcriptional regulatory networks.
However, due to experimental costs and scalability limita-
tions, perturbational transcriptomic data remain limited for
complex intervention systems, such as multi-component
natural products. This scarcity has hindered the systematic
application in tumor drug discovery. In this study a trans-
fer learning-based perturbational transcriptome prediction
framework designed to systematically model herbal pertur-
bation responses in tumor cell models under data-limited
conditions was proposed. By leveraging the large-scale
molecular regulatory knowledge embedded in compound
perturbation datasets, this approach effectively alleviates the
scarcity of herbal perturbational transcriptomic data and
demonstrates robust predictive capability in tumor-relevant
cell models.

Specifically, compound perturbational transcriptomic data
from the CMAP database were systematically integrated with
limited herbal perturbation data from the KORE-Map data-
base and one additional relevant database. A shared core gene
set was selected as a unified molecular representation for
model training. The experimental results indicated that the
proposed model accurately recapitulates the global transcrip-
tomic response patterns induced by chemical compounds and
herbal agents. Moreover, substantial improvements in predic-
tion performance were achieved under the transfer learning
strategy using only a small number of herbal samples used for
fine-tuning. These findings provided methodologic evidence
supporting the effectiveness of transfer learning for pertur-
bational modeling in tumor drug discovery. The findings
further suggested that pathway-level regulatory patterns and
transcriptomic response principles learned from compound
perturbation data can serve as transferable biological knowl-
edge and can be successfully extended to complex intervention
systems, such as herbal agents.

Notably, OOD generalization experiments revealed
scenario-dependent differences in model performance.
While the model exhibited relatively robust predictions for
unseen herbal agents, the accuracy declined markedly when
applied to unseen cell lines. Combined with t-SNE dimen-
sionality reduction analysis, herbal perturbation-induced
transcriptomic responses from different tumor cell lines were
clearly separated in low-dimensional space. In contrast, per-
turbation responses remained relatively clustered within the
same cell line, even across different herbal agents and dosages.
These observations suggested that the biological context of
the tumor, represented by cell lines, including genomic muta-
tion profiles, signaling pathway activity states, and metabolic
characteristics, is a dominant determinant of perturbational
transcriptomic response patterns. A given intervention may
induce substantially different molecular responses across dis-
tinct tumor cell models, whereas transcriptional regulatory
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frameworks remain more consistent within the same cellular
background. These findings underscore the importance of
explicitly modeling cell line-specific characteristics in pertur-
bational transcriptome prediction and tumor drug discovery
studies. Relying solely on intervention-specific features or
generic transcriptional regulatory rules is insufficient to fully
capture the heterogeneous drug responses across tumor cell
types. Finally, this study performed three-dimensional case
validation covering drug targets, anti-tumor herbal medicines,
and herbal prescriptions, which demonstrates the reliability
and translational potential of the herbal perturbational tran-
scriptome prediction model.

Conclusions

In this study a transfer learning-based perturbational tran-
scriptome prediction framework was developed for modeling
transcriptional responses to herbal interventions in tumor
cell models, which effectively overcomes the bottleneck of
scarce herbal perturbational data by leveraging large-scale
compound perturbation knowledge from the CMAP data-
base. The proposed self-attention-enhanced encoder-decoder
model achieved strong predictive performance for herbal per-
turbations and robust generalization to unseen herbal agents,
while systematically revealing that cell line-specific biological
context is a dominant determinant of perturbational tran-
scriptomic response patterns. The reliability and translational
potential of this framework was further verified through mul-
ti-dimensional case studies, which provides a scalable com-
putational strategy for transcriptome-based herbal research,
including drug screening, mechanism-of-action analysis, and
herbal prescription synergy exploration.

Despite the advantages demonstrated by the proposed
framework for tumor-related perturbational modeling, sev-
eral limitations warrant further investigation. First, owing
to the intrinsic complexity and compositional diversity
of herbal systems, prediction deviations persisted for cer-
tain cell line-herbal combinations. Second, differences in
experimental conditions, sequencing platforms, and data
preprocessing pipelines across datasets may introduce tech-
nical heterogeneity, potentially affecting comparability of
results across studies, and variations in the selection of con-
trol groups may lead to discrepancies in model predictions
across different batches. Furthermore, the current feature
representation of herbal agents does not integrate biologi-
cally relevant weighted information, including compound
concentration, bioavailability, and formulation variability,
and only relies on max-pooling to aggregate the features of
constituent compounds, which partially restricts the biolog-
ical rationality of the embeddings and affects the granularity
and rigor of downstream mechanism inference. Future work
may extend this study in several directions: (i) incorporating
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finer-grained tumor cell line information, such as genomic
alterations and molecular subtypes, to enhance modeling of
tumor heterogeneity; (ii) integrating single-cell transcrip-
tomic data to investigate perturbation responses from the
perspective of intra-population variability; (iii) collecting
and constructing standardized datasets documenting the
dosage and bioavailability of constituents in herbal agents,
and exploring attention-based weighted feature aggregation
methods to improve the interpretability of model predictions
and the rigor of mechanism inference; and (iv) conducting
systematic in vitro and in vivo biological experiments to fur-
ther validate the accuracy and biological translational value
of the predictive results for the model.

Grant support

This work was supported by the Innovation Team and
Talent Support Program Project of Traditional Chinese
Medicine, National Administration of Traditional Chinese
Medicine (ZYYCXTD-D-202405, China), the Pilot Project
for Disciplinary Breakthroughs of Ministry of Education
(Prevention and Treatment of Multi-System Comorbid
Diseases with Traditional Chinese Medicine), and the
Anhui Province Traditional Chinese Medicine Science and
Technology Research Project (202303a07020001, China).

Conflict of interest statement

The authors declare no conflicts of interest.

Author contributions

Conceptualization: Qingyuan Liu, Boyang Wang.
Data curation; Qingyuan Liu, Boyang Wang.
Methodology: Qingyuan Liu.

Formal analysis: Qingyuan Liu.

Visualization: Qingyuan Liu.

Writing—original draft: Qingyuan Liu, Boyang Wang.
Writing—review and editing: Qingyuan Liu.
Supervision: Shao Li.

Project administration: Shao Li.

Funding acquisition: Shao Li.

Data availability statement

Code for data processing, model construction, training and
validation, as well as the accession numbers of the raw data, are
publicly available on GitHub (https://github.com/HearingYou/
TCM-Perturbation.git).



18

Liu et al. Herbal perturbational transcriptome prediction for cancer drug discovery

References

10.

11.

12.

13.

14.

15.

16.

Wang K, Chen Q, Shao Y, Yin S, Liu C, Liu Y, et al. Anticancer
activities of TCM and their active components against tumor
metastasis. Biomed Pharmacother. 2021; 133: 111044.

Xiang Y, Guo Z, Zhu P, Chen J, Huang Y. Traditional Chinese
medicine as a cancer treatment: modern perspectives of ancient but
advanced science. Cancer Med. 2019; 8: 1958-75.

Wang Y, Zhang Q, Chen Y, Liang CL, Liu H, Qiu F, et al. Antitumor
effects of immunity-enhancing traditional Chinese medicine.
Biomed Pharmacother. 2020; 121: 109570.

Hasin Y, Seldin M, Lusis A. Multi-omics approaches to disease.
Genome Biol. 2017; 18: 83.

Lamb J, Crawford ED, Peck D, Modell JW, Blat IC, Wrobel MJ,

et al. The Connectivity Map: using gene-expression signatures to
connect small molecules, genes, and disease. Science. 2006; 313:
1929-35.

lorio F, Bosotti R, Scacheri E, Belcastro V, Mithbaokar P,
Ferriero R, et al. Discovery of drug mode of action and drug
repositioning from transcriptional responses. Proc Natl Acad Sci
U S A. 2010; 107: 14621-6.

Hou JY, Wu JR, Xu D, Chen YB, Shang DD, Liu S, et al. Integration
of transcriptomics and system pharmacology to reveal the
therapeutic mechanism underlying Qingfei Xiaoyan Wan to treat
allergic asthma. J Ethnopharmacol. 2021; 278: 114302.

Li S, Zhang B, Zhang N. Network target for screening synergistic
drug combinations with application to traditional Chinese
medicine. BMC Syst Biol. 2011, 5: S10.

Li S. Mapping ancient remedies: applying a network approach to
traditional Chinese medicine. Science. 2015; 350: S72-4.

Li S, Zhang B. Traditional Chinese medicine network
pharmacology: theory, methodology and application. Chin J Nat
Med. 2013; 11: 110-20.

Liu Q, Zhang D, Wang B, Zhao W, Zhang T, Sutcharitchan C,

et al. Network pharmacology: advancing the application of large
language models in traditional Chinese medicine research. Sci
Tradit Chin Med. 2025; 3: 113-23.

Zhang P, Zhang D, Zhou W, Wang L, Wang B, Zhang T, et al. Network
pharmacology: towards the artificial intelligence-based precision
traditional Chinese medicine. Brief Bioinform. 2024; 25: bbad518.
Zhong C, Liu Q, Guo S, Sun D, Wang B, Hu S, et al. A
computational-based new treatment strategy with three-armed
RCT on mycoplasma pneumoniae pneumonia in children. Chin
Med. 2025; 20: 97.

Wang B, Kong D, Yang Z, Kang J, Sun D, Duan X, et al. Revealing
the mechanisms of compound Kushen injection on oxidative
stress regulation in the treatment of radiation-induced lung injury.
Engineering. 2025; 55: 254-68.

Zhang S, Yang K, Liu Z, Lai X, Yang Z, Zeng J, et al. DrugAl: a multi-
view deep learning model for predicting drug—target activating/
inhibiting mechanisms. Brief Bioinform. 2023; 24: bbac526.

Wang B, Zhang T, Liu Q, Sutcharitchan C, Zhou Z, Zhang D, et al.
Elucidating the role of artificial intelligence in drug development

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

from the perspective of drug-target interactions. J Pharm Anal.
2025; 15: 101144,

Subramanian A, Narayan R, Corsello SM, Peck DD, Natoli TE,
Lu X, et al. A next generation connectivity map: L1000 platform
and the first 1,000,000 profiles. Cell. 2017; 171: 1437-52.e17.
Xu'Y, Fleming S, Tegtmeyer M, McCarroll SA, Babadi M.
Explainable modeling of single-cell perturbation data using
attention and sparse dictionary learning. Cell Syst. 2025; 16: 101245.
Yu H, Qian W, Song Y, Welch JD. PerturbNet predicts single-cell
responses to unseen chemical and genetic perturbations. Mol Syst
Biol. 2025; 21: 960-82.

Lotfollahi M, Wolf FA, Theis FJ. scGen predicts single-cell
perturbation responses. Nat Methods. 2019; 16: 715-21.

Lotfollahi M, Klimovskaia Susmelj A, De Donno C, Hetzel L, Ji Y,
Ibarra IL, et al. Predicting cellular responses to complex perturbations
in high-throughput screens. Mol Syst Biol. 2023; 19: e11517.

Qi X, Zhao L, Tian C, Li Y, Chen ZL, Huo P, et al. Predicting
transcriptional responses to novel chemical perturbations using
deep generative model for drug discovery. Nat Commun. 2024; 15:
9256.

Weininger D. SMILES, a chemical language and information
system. 1. Introduction to methodology and encoding rules.

J Chem Inf Comput Sci. 1988; 28: 31-6.

He S, Zhu Y, Tavakol DN, Ye H, Lao YH, Zhu Z, et al. Squidiff:
predicting cellular development and responses to perturbations
using a diffusion model. Nat Methods. 2026; 23: 65-77.

Song Z, Zheng C, Li J, Xie L, Xiang Y. Benchmarking diffusion
models for predicting perturbed cellular responses. In: 39th
Conference on Neural Information Processing Systems (NeurlPS
2025) Workshop: Biosecurity Safeguards for Generative Al; 2025.
Shang E, Wei Y, Roeder K. Predicting the unseen: a diffusion-
based debiasing framework for transcriptional response prediction
at single-cell resolution. Proc Natl Acad Sci U S A. 2025; 122:
€2525268122.

Wang B, Pan B, Zhang T, Liu Q, Li S. Transfer learning and
permutation-invariance improving predicting genome-wide, cell-
specific and directional interventions effects of complex systems.
Adv Sci (Weinh). 2025; 12: e09456.

Wu Z, Wang Z, Chang X, Chen X, Ding Q, Fu R, et al. Prioritizing
pathway signature using deep learning approach: a novel strategy
for traditional Chinese medicine formula generation and
optimization. Brief Bioinform. 2025; 26: bbaf403.

Liu Q, Chen Z, Wang B, Pan B, Zhang Z, Shen M, et al. Leveraging
network target theory for efficient prediction of drug-disease
interactions: a transfer learning approach. Adv Sci. 2025; 12:
2409130.

Weiss K, Khoshgoftaar TM, Wang D. A survey of transfer learning.
J Big Data. 2016; 3: 9.

Park M, Park SM, Lee H, Kim A, Kim NS, Kim YR, et al. KORE-
Map 1.0: Korean medicine Omics Resource Extension Map on
transcriptome data of tonifying herbal medicine. Sci Data. 2024; 11:
974.

Park M, Seo EH, Yi JM, Cha S. Discovery and prediction study

of the dominant pharmacological action organ of Aconitum



Cancer Biol Med Vol xx, No x Month 2026

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

carmichaeli Debeaux using multiple bioinformatic analyses. IntJ
Mol Sci. 2024; 25: 10219.

Vaswani A, Shazeer N, Parmar N, UszKoreit J, Jones L, Gomez AN,
et al. Attention is all you need. In: Proceedings of the 31st
International Conference on Neural Information Processing
Systems, Curran Associates Inc., Red Hook, NY, USA. 2017; 30.
Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF,
Tomashevsky M, et al. NCBI GEO: archive for functional genomics
data sets—update. Nucleic Acids Res. 2013; 41: D991-5.

Kim S, Chen J, Cheng T, Gindulyte A, He J, He S, et al. PubChem
2025 update. Nucleic Acids Res. 2025; 53: D1516-25.

Sun FY, Hoffmann J, Verma V, Tang J. InfoGraph: unsupervised
and semi-supervised graph-level representation learning via
mutual information maximization. In: International Conference on
Learning Representations; 2020.

Fang S, Dong L, Liu L, Guo J, Zhao L, Zhang J, et al. HERB: a
high-throughput experiment- and reference-guided database

of traditional Chinese medicine. Nucleic Acids Res. 2021; 49:
D1197-206.

Taud H, Mas JF. Multilayer perceptron (MLP). In: Geomatic
approaches for modeling land change scenarios. Springer; 2017.
p. 451-5.

Aldi F, Hadi F, Rahmi NA, Defit S. Standardscaler’s potential in
enhancing breast cancer accuracy using machine learning. J Appl
Eng Technol Sci. 2023; 5: 401-13.

Loshchilov I, Hutter F. Decoupled weight decay regularization.
arXiv preprint arXiv:1711.05101, 2017.

Lever J, Krzywinski M, Altman N. Logistic regression. Nat
Methods. 2016; 13: 541-2.

Segal MR. Machine learning benchmarks and random forest
regression. In: Center for Bioinformatics and Molecular
Biostatistics. University of California, San Francisco; 2004.

Zhang F, O’Donnell LJ. Support vector regression. In: Machine
learning. Amsterdam, The Netherlands: Elsevier; 2020. p. 123-40.
Yang J, Zhou K, Li Y, Liu Z. Generalized out-of-distribution
detection: a survey. Int J Comput Vis. 2024; 132: 5635-62.

Shi K, Xiao Y, Dong Y, Wang D, Xie Y, Tu J, et al. Protective effects
of Atractylodis lancea rhizoma on lipopolysaccharide-induced acute
lung injury via TLR4/NF-kB and Keap1/Nrf2 signaling pathways in
vitro and in vivo. Int J Mol Sci. 2022; 23: 16134.

Chen L, Yang J, Zhao SJ, Li TS, Jiao RQ, Kong LD. Atractylodis
rhizoma water extract attenuates fructose-induced glomerular
injury in rats through anti-oxidation to inhibit TRPC6/p-CaMK4
signaling. Phytomedicine. 2021; 91: 153643.

Zou J, Li W, Wang G, Fang S, Cai J, Wang T, et al. Hepatoprotective
effects of Huangqi decoction (Astragali Radix and Glycyrrhizae
Radix et Rhizoma) on cholestatic liver injury in mice: involvement
of alleviating intestinal microbiota dysbiosis. J Ethnopharmacol.
2021; 267: 113544,

LiY, Wang C,Jin'Y, Chen H, Cao M, Li W, et al. Huang-Qi San
improves glucose and lipid metabolism and exerts protective
effects against hepatic steatosis in high fat diet-fed rats. Biomed
Pharmacother. 2020; 126: 109734.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

19

Wang D, Li R, Wei S, Gao S, Xu Z, Liu H, et al. Metabolomics
combined with network pharmacology exploration reveals the
modulatory properties of Astragali Radix extract in the treatment
of liver fibrosis. Chin Med. 2019; 14: 30.

Peng Y, Zhu G, Ma Y, Huang K, Chen G, Liu C, et al. Network
pharmacology-based prediction and pharmacological validation of
effects of Astragali Radix on acetaminophen-induced liver injury.
Front Med (Lausanne). 2022; 9: 697644.

Lu Z, Zhou M. Preliminary study on clinical application law of
common anticancer Chinese medicine. Pract Clin J Integr Tradit
Chin West Med. 2023; 23: 122-8.

Zhao X. Clinical effect observation of Jingling oral liquid on
attention deficit hyperactivity disorder. Clin Res Pract. 2017; 2:
100-1.

Huang RB, Ge SH, Fang CS. Clinical therapeutic effect analysis of
treating pediatric Tourette’s disease by combined use of tiapride
and Jingling oral liquid. China Foreign Med Treat. 2017; 36:
137-9.142.

Hao W, Guan X, Feng S, Liu M, Cheng Y, Jing S, et al. Effect of
Jingling oral liquid on attention deficit hyperactivity disorder in
children with epilepsy and its effect on serum dat and DRD2 levels.
J Changchun Univ Chin Med. 2020; 36: 507-10.

Sharma V, Sharma P, Singh TG. Therapeutic potential of transient
receptor potential (TRP) channels in psychiatric disorders. J Neural
Transm. 2024; 131: 1025-37.

Noori T, Sahebgharani M, Sureda A, Sobarzo-Sanchez E,

Fakhri S, Shirooie S. Targeting PI13K by natural products: a
potential therapeutic strategy for attention-deficit hyperactivity
disorder. Curr Neuropharmacol. 2022; 20: 1564-78.

Corona JC. Role of oxidative stress and neuroinflammation in
attention-deficit/hyperactivity disorder. Antioxidants (Basel). 2020;
9:1039.

Nicotera AG, Amore G, Saia MC, Vinci M, Musumeci A,
Chiavetta V, et al. Fibroblast growth factor receptor 2 (FGFR2),

a new gene involved in the genesis of autism spectrum disorder.
Neuromolecular Med. 2023; 25: 650-6.

Stevens HE, Scuderi S, Collica SC, Tomasi S, Horvath TL,
Vaccarino FM. Neonatal loss of FGFR2 in astroglial cells affects
locomotion, sociability, working memory, and glia-neuron
interactions in mice. Transl Psychiatry. 2023; 13: 89.

Gruber RC, Wirak GS, Blazier AS, Lee L, Dufault MR, Hagan N,
et al. BTK regulates microglial function and neuroinflammation in
human stem cell models and mouse models of multiple sclerosis.
Nat Commun. 2024; 15: 10116.

Tsai SJ. Effects of interleukin-1beta polymorphisms on brain
function and behavior in healthy and psychiatric disease
conditions. Cytokine Growth Factor Rev. 2017; 37: 89-97.

Cite this article as: Liu Q, Wang B, Li S. From chemical compounds to
herbal interventions: a transfer learning-based perturbational transcriptome
prediction framework for cancer drug discovery. Cancer Biol Med. 2026; x: xx-
xx. doi: 10.20892/j.issn.2095-3941.2026.0032



