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Building a unified model for drug synergy
analysis powered by large language models

Tianyu Liu 1,2, Tinyi Chu2, Xiao Luo 3 & Hongyu Zhao 1,2

Drug synergy prediction is a challenging and important task in the treatment
of complex diseases including cancer. In this manuscript, we present a unified
Model, known as BAITSAO, for tasks related to drug synergy prediction with a
unified pipeline to handle different datasets. We construct the training data-
sets for BAITSAO based on the context-enriched embeddings from Large
Language Models for the initial representation of drugs and cell lines. After
demonstrating the relevance of these embeddings, we pre-train BAITSAOwith
a large-scale drug synergy database under a multi-task learning framework
with rigorous selections of tasks.We demonstrate the superiority of themodel
architecture and the pre-trained strategies of BAITSAO over other methods
through comprehensive benchmark analysis. Moreover, we investigate the
sensitivity of BAITSAO and illustrate its promising functions including drug
discoveries, drug combinations-gene interaction, and multi-drug synergy
predictions.

Treating patients with a combination of drugs has become common
for various diseases, including HIV1 and cancers2,3. One key aspect of
drug combinations is the synergistic effect, which means that the
joint effect of multiple drugs is larger than the sum of individual
drug effects4. Other definitions have also been used to define
synergistic effects, such as ref. 5. Effective drug combination can
reduce the drug resistance of monotherapy6 with relatively lower
doses of individual drugs7. Since drugs can change gene expressions
when applied to different systems, e.g., cell lines, their effects can
be studied through the genomics lens8,9. Currently, researchers use
high-throughput combinatorial screening to identify drug combi-
nations with synergistic effects for specific cell lines10. However,
such experimental screening is laborious and time-consuming due
to the very large number of potential drug combinations, and it is
even more challenging to assess the synergistic effect of combina-
tions with three or more drugs11. Therefore, it is important to
develop computational methods based on extensive experimental
datasets in the public domain as well as diverse types of prior
biological knowledge to predict the presence and strength of
synergistic effects for candidate drug combinations. Accurate pre-
diction methods can facilitate drug discovery12 and clinical
development13.

Given its importance, it is no surprise thatmanymachine learning
methods, especially deep learning methods, have been proposed to
predict drug synergy. These methods differ in model architecture,
training strategies, and datasets used to build the models.
DeepSynergy14 is among the earliest tools by building a neural network
for both regression and classification, with follow-up work such as
TreeComb15,16 and MatchMarker17. Existing drug synergy prediction
methods can be broadly classified into two groups. The first group of
methods, such as MARSY18, focuses on predicting specific synergy
scores, whereas the second group of methods, such as DeepDDs19,
transfers the continuous synergy score into a binary one via thresh-
olding to infer drug combination synergy. However, most existing
methods do not incorporate the extensive synergy information from
public databases20 in their predictions.21 utilized a transfer learning
approach and pre-trained the model based on large-scale databases
while incorporating different types of features (e.g., gene expression,
molecular structure). However, it did not consider datasets14 with only
partial information and treateddrugswith the samemolecular formula
but different names as distinct ones. Therefore, the generalization
ability of thismodel is limited by its input data format.Moreover, since
public databases are updated constantly, it is important to track the
versions of training datasets.
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Large Language Models, as a type of Foundation Models (FMs)22,
have greatly improved the performance of deep learning on various
tasks in Natural Language Processing (NLP)23. Such models have
received broad attention from both industry and academia24.
Researchers have proposed to use FMs to predict drug synergy via
LLMs by transferring the drug synergy prediction problem into a
Question-Answer problem25,26. By incorporating prior information of
single drugs and single cell lines from LLMs, it has become possible to
predict drug synergy of unknown drug combinations in unknown cell
lines. Text information may be less noisy than the features (e.g., gene
expression levels) that have been used in this task. However, such aQA
setting limits the task to a classification problem, which introduces the
potential bias of pre-defined thresholds.Moreover, these two LLMsare
not open-source, so it is difficult for researchers to evaluate their
performance. Open-source is important for the development of
science27. Moreover, there is a lack of exploration on the utilization of
the information in LLMs for more difficult drug synergy prediction
problems, e.g., the effects of multiple drug combinations or model
explainability.

Here we present a scalable unified model for drug synergy pre-
diction called BAITSAO. BAITSAO utilizes the information from LLMs
as input and was pre-trained based on large-scale known synergistic
effect information of paired drug combinations and cell lines. The
informationondrug combinations and cell lines is necessary topredict
synergy scores. We show that the embeddings of these features from
LLMs can be effective input for drug synergy prediction, as well as the
effects of drugs on gene expression. We further demonstrate the
capability of building an effective predictor for synergy prediction

under both the classification and regression settings through multi-
task learning (MTL)28. Finally, we pre-train BAITSAO to predict syner-
gistic effects for unseen drug combinations based on the zero-shot
learning framework and the fine-tuning framework. The scalability of
BAITSAO allows us to consider multiple drugs and incorporate extra
meta information.

Results
Overview of BAITSAO
We highlight two major contributions of BAITSAO as a unified model.
We first provide a unified pipeline for pre-processing the information
fromboth drugs and cell lines formachine learning in a tabular format,
and generate training datasets from these embeddings for multiple
tasks. We show that these embeddings contain functional information
for prediction. We then utilize the unified training datasets for differ-
ent synergistic effect prediction tasks under the multi-task learning
framework. We demonstrate the superiority of the model architecture
and the contribution of pre-training through comprehensive experi-
ments. BAITSAO can be easily transferred to perform practical down-
stream tasks related to drug synergy analysis. We illustrate the
landscape of BAITSAO in Fig. 1a and b and summarize the differences
between BAITSAO and other synergy prediction methods in Fig. 1c.
The major functions of BAITSAO are shown in Fig. 1d.

Drug embeddings from LLMs reflect functional similarity and
responses at the cell level
In this section, we discuss the information offered by drug
embeddings and cell-line embeddings. We generate the descrip-
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Fig. 1 | An overview of BAITSAO as an FM under the pre-training and fine-
tuning/zero-shot learning pipeline. a The pre-processing steps we used to
transfer the meta information into embeddings to construct training datasets.

b The model architecture of BAITSAO under a multi-task learning framework.
c Comparisons of different methods for drug synergy analysis. d Different func-
tions of BAITSAO. Logos of cell lines are created with BioRender.com.
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tion for the drugs and cell lines from our training datasets based
on designed prompts from LLMs, and then use the embedding
module from GPT-3.529 to generate the embeddings of such
descriptions, where the embeddings become the features of
drugs or cell lines. We utilized GPT-3.5 rather than GPT 430

because the layer for generating embeddings is from the GPT-329

series, and the querying time from GPT 4 with similar quality
required much more time31, and efficiency is very important in
LLM deployment32,33. Moreover, the performance difference
between embeddings from GPT-3.5 and GPT 4 or from GPT-3.5
and Claude 3.534 is not significant based on our experiments,
shown in Supplementary Fig. 1a (Wilcoxon rank-sum test, p-
value = 0.86 for GPT-3.5 vs. GPT 4, and p-value = 0.44 for GPT-3.5
vs. Claude 3.5). In the same figure, we also found that embeddings
from GPT-3.5 are better than embeddings from Gemini35 (p-
value = 0.0039), and thus our current selection is well-designed.
We visualize the drug embeddings and the cell-line embeddings
based on Uniform Manifold Approximation and Projection
(UMAP)36 shown in Supplementary Fig. 2a, b. We investigated the
quality of the embeddings by considering both the quality of the
description and the quality of the functions of the embeddings.

For the first aspect, we recorded the outputs as descriptions
from GPT-3.5 based on our prompts and compared the content with
information from DrugBank37 and NCBI38. Here we used drugs and
cell lines from DeepSynergy, which contains 39 drugs and 38 cell
lines. The descriptions summarized the functional information of
drugs and cell lines. Based on our experiments, only one drug (MK-
8669) has a mismatched generated description, while 13 drugs can-
not be matched with the indication information if we search them in
DrugBank. All descriptions are included in Supplementary Data 1. We
plot the Cosine Similarity (CS) for all drugs’ embeddings in Fig. 2a.
We also randomly selected 10 drugs from this dataset and plot the CS
for the embeddings of the same drug under 10 different descriptions
by running GPT-3.5 multiple times in Supplementary Fig. 3. These

two figures show that the similarity from different drugs is generally
lower than that from the same drug, suggesting that we can get
informative embeddings from LLMs.

To perform a comprehensive analysis of our generated drug
embeddings from LLMs, we downloaded the descriptions of drugs,
including indication, summary, and background, from the DrugBank.
We embedded these descriptions based on the same GPT-3.5 embed-
dings layer and computed the CS between embeddings from Drug-
Bank descriptions and the LLM-generated descriptions. We found that
embeddings from LLMs have a strong average similarity with all three
descriptions from DrugBank (CS = 0.87 for indication, CS =0.90 for
summary, and CS = 0.90 for background), and thus, the generated
drug embeddings preserved the important functional and chemical
properties of the original drug. Furthermore, we visualize theCS based
on the embeddings from drug indication (Supplementary Fig. 4a),
drug summary (Supplementary Fig. 4b), and drug background (Sup-
plementary Fig. 4c). We further computed the Pearson Correlation
Coefficient (PCC) between the similarity matrix from DrugBank
descriptions and LLM descriptions, which could be used to evaluate
the ability of embeddings used by BAITSAO in preserving the drug-
drug similarity. The PCCs are annotated under each figure, and all of
the PCCs are high (PCC ≥0.76) and significant (p-value < 0.05).
Therefore, we demonstrated the ability of LLMs to generate mean-
ingful descriptions aswell as embeddings by comparing the generated
information with a known database, and further enhanced the relia-
bility of the pipeline.

Furthermore, we performed aMann–Whitney U test39 to compare
the PCCs among the drugs from the MK class and the PCCs between
the drugs from the MK class and other classes, and the test statistics
showed a significant difference (p-value = 9.9e-12). Therefore, in
Fig. 2b, we used drug MK-4541 as one example, and there is no clinical
information for this drug in the DrugBank, to infer its function based
on our embeddings. By excluding the drug MK-8669 due to mis-
matched information, drugs MK-2206 and MK-4827 have the highest

MK-2206 (0.84)

MK-4541

MK-4827 (0.84)

ETOPOSIDE (0.73)

Non-Small Cell Lung Carcinoma 
Prostate Carcinoma 
Breast Cancer
Colorectal Neoplasms
Lung Cancer

Unknown

Ovarian Cancer
Epithelial Ovarian Cancer 
Ovarian Cancer
Breast Neoplasms 
Prostate Cancer

Medulloblastomas
Leukemia
Leukemia
Small Cell Lung Cancer 
Leukema

b5-FU
ABT-888

AZD1775
BEZ-235

BORTEZOMIB

CARBOPLATIN
CYCLOPHOSPHAMIDE

DASATINIB
DEXAMETHASONE

DINACICLIB
DOXORUBICIN

ERLOTINIB

ETOPOSIDE
GELDANAMYCIN

GEMCITABINE
L778123

LAPATINIB
METFORMIN

METHOTREXATE
MITOMYCINE

MK-2206
MK-4541

MK-4827

MK-5108
MK-8669

MK-8776

MRK-003
OXALIPLATIN

PACLITAXEL

PD325901
SN-38

SORAFENIB

SUNITINIB
TEMOZOLOMIDE

TOPOTECAN
VINBLASTINE

VINORELBINE
ZOLINZA

a

0.72

1.00

max: 1.0
min: 0.72

N
H

H

H

H

HN O

O

F

F F

O

+

H
N

N

HN N

O

+H3N

Cl
-

Cl
-

N
N

NH2O

NH

O

O

OH

O
O

O
O

H

H

O

O

OO

HO

HO

Fig. 2 | Investigation of drug embeddings. a The heatmap for the similarity of
embeddings across all the drugs. b Exploration of drug similarity related to MK-
4541. The drugs above the red line represent the two most similar drugs, while the

drugs below the red line represent the most different drugs. We list five types of
clinical trial information rankedby thephases. Sourcedata are provided as a Source
Data file.
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similarity with MK-4541. Since MK-2206 and MK-4827 have similar
functions (e.g., treating Breast-cancer-related and Prostate-cancer-
related diseases), wemay infer thatMK-4541 may have a similar effect.
Among these drugs, EPTOPOSIDE has the lowest similarity, and it also
has different clinical trial information, suggesting that correlation
between embedding similarity and function similarity. Therefore, our
drug embeddingsmay help the inference of clinical functions of drugs
based on the embeddings’ similarity.

To investigate whether the embeddings can be used to predict
drug response for the cell-level task, we utilized CPA9 and single-cell
RNA sequencing (scRNA-seq)40 datasets with different perturbations
(defined by different drugs or drug combinations) to evaluate whether
our drug embeddings can facilitate the gene expression prediction
task. With drug embeddings, we can use CPA to predict gene expres-
sion response to unseen drugs. Cells with unknown perturbation
results are also known as out-of-distribution (OOD) samples. The ori-
ginal implementation of CPA utilized the drug embeddings from
Rdkit41,42 to encode the molecular structure of the selected drug into
the embedding space. However, suchmethods could not handle drugs
not in the Simplified Molecular-Input Line-Entry System (SMILES)43,
which limits the generalization of CPA. Here, we considered replacing
the original embeddings in CPA with the embeddings from GPT-3.5,
enlarging the accessibility for drug embeddings. We compared three
different embedding settings for two datasets (CPA example9 and
Openproblems44), which contain the gene expression profiles under
the control case and drug-based perturbations. The results are shown
in Supplementary Fig. 5a–d, where stacking the embeddings from
SMILES and GPT-3.5 achieved the best performance under both data-
sets. For theCPAdataset, bothusing the embeddings fromGPT-3.5 and
the setting of embeddings stacking can enhance the prediction per-
formance significantly, compared with the mode of only using SMILES
(Wilcoxon rank-sum test, p-values < 0.05). For the Openproblems
dataset, the contribution of such embeddings stacking for prediction
is especially significant (p-values < 0.05). Therefore, the embeddings
from LLMs can improve the gene expression prediction for perturbed
scRNA-seq data.

Since our experiments demonstrate that drug embeddings and
cell embeddings can summarize the functional information, and drug
embeddings can also interact with cell-level gene expressions, we
believe that these embeddings allow us to construct the training
dataset to predict the drug synergy effect in different cell lines.

Demonstration of powerful embeddings and architecture by
evaluation without pre-training
In this section,we show the strengthof LLMembeddings and select the
choice of network structure for model pre-training based on two dif-
ferent drug synergy prediction tasks: classification and regression. For
each task, we selected twodatasets and twometrics for evaluation. For
regression, we included the Pearson Correlation Coefficient (PCC) and
MeanSquared Error (MSE) formodel evaluation based on datasets D114

and D218. For classification, we included ROCAUC (ROCAUC) and
Accuracy (ACC) for model evaluation based on datasets D1 and D319.
These metrics and datasets were widely used in the related
work14,18,19,45,46. First, we tested if the model's performance would be
affected by prompt engineering of LLMs, and we compared the raw
embeddings with embeddings generated by drug descriptions from
MetaPrompt47 and Chain-of-Thought (COT)48. According to Supple-
mentary Fig. 6b, the differences between the default mode and these
two prompt engineering methods are not significant (p-value = 0.63
for raw mode vs. MetaPrompt, and p-value = 0.43 for raw mode vs.
COT). Therefore, our embeddings have enough information as inputs
for synergetic effects. Second, we validated the contribution of BAIT-
SAO’s architecture, shown in Supplementary Fig. 6c.We compared the
performances between BAITSAO and DeepSynergy with LLM embed-
dings as inputs. The difference is significant, and thus, our

optimization of model architecture also contributed to the prediction
task ( -value = 0.002). Finally, we selected seven other methods
(DeepSynergy, MARSY, TreeComb, SVM39,49, TabNet50, BERT51, and
Lasso39,52) for benchmarking the regression task and seven methods
(DeepSynergy, DeepDDs, TreeComb, SVC, TabNet, BERT, and Lasso)
for benchmarking the classification task. We utilized the best hyper-
parameters of these methods for every dataset, with details of hyper-
parameter tuning summarized in the “Methods” section. Our results
based on five-fold cross-validation14 are summarized in Fig. 3. This
figure shows that BAITSAO ranked the best in three out of fourmetrics.
Moreover, BAITSAO was also the most stable among the top deep-
learning-based methods (including MARSY, DeepSynergy, DeepDDs,
and TabNet). The performance of BERT was worse than BAITSAO in
three out of four metrics; thus, using embeddings as input is better
than using the combination of description in general. For the evalua-
tion based on MSE, BAITSAO performed well on the D1 dataset. Our
experiments showed that embeddings from LLMs with a suitable
model architecture can formalize a better training-testing framework
comparedwith data from the classical feature space. The details of our
dataset information, model construction, and training process are
summarized in the “Methods” section.

Explainability of BAITSAO for drug-gene interaction and drug-
cell line interaction with multi-modal learning
We interpret contributions of different features for the prediction task
with the help of SHAP53. Here, we integrated known gene expression
profiles of different cell lines in D3 into our input datasets and per-
formed the same training process for the drug synergy prediction task.
We then utilized SHAP to study the importance of different genes, and
the results could be treated as the relevance between the gene
expression levels (as another modality) and the possibility of produ-
cing a synergistic effect for drug combinations. We followed the
default setting of SHAP to fix the number of genes for explainability at
20. We also performed statistical analysis based on the outputs of
BAITSAO to discover the drug combination with the largest range of
synergistic targets. The details of our approach are provided in the
“Methods” section.

By collecting gene expression profiles of cell lines54, we studied the
explainability of BAITSAO for DEXAMETHASONE (drug)-DINACICLIB
(drug) across different cell lines. In Fig. 3b, we visualize the importance
of different genes. The gene VIM was top-ranked by the average
importance, and VIM is known as important for various cancers from
pan-cancer analysis55. Furthermore, we conducted three experiments to
further investigate the contributions of the selected genes.

We first separated the samples into two groups based on the
existence of the synergistic effect and performed DEG analysis using
DESeq256,57 between the two groups of cell lines. We present the
adjusted p-values using Benjamini–Hochberg for the selected genes in
Fig. 3b. Genes SPON2, HMCN1, and BMP4 listed in this figure were
significant DEGs. Our selected genes had significant overlap with DEGs
(Fisher’s exact test p-value = 0.0062), and the gene BMP4 is a validated
target for each drug according to biology experiments58,59. Moreover,
these genes had relatively lower expression levels with a synergistic
effect, which matched the distribution of their SHAP values (enriched
in the negative values).

We list the ranks of the selected genes based on their variances in
Fig. 3b. The top five ranked genes had relatively greater variances,
suggesting that the genes we selected characterize the heterogeneity
from both cell lines and the drug synergistic effect. We further per-
formed enrichment analysis based on Gene Ontology (GO)60 for bio-
logical pathways and Molecular Signature Database (MsigDB)61 for
cancer-specific signals based on this set of genes, with results shown in
Supplementary Fig. 7a, c. These enriched pathways represent impor-
tant biological processes and cancer-specific signals. These results
suggest that our method may uncover the heterogeneity in the drug
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synergy prediction process. We summarize our results for the single
cell line with the samedrug combination in Supplementary Note 1. The
plots for important genes across different cell lines can be found in
Supplementary Fig. 8. The test statistics used in this section are given
in Supplementary Data 2.

We further investigated the drug combination that showed
synergistic effects on the largest number of cell lines. We first plot the
probabilities of all drug-cell line combinations to be classified as
samples with synergistic effects in Fig. 3c. This figure shows that the
distribution of such probabilities is different under different
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synergistic labels.Weperformed the Rank-sum test62 for these two sets
of probabilities, and their difference is significant (p-value < 2.22e-308
with two-sided mode and no adjustment is needed). Therefore, our
model can uncover the relationship between input features and the
synergistic effect. Moreover, we ranked the drug combinations based
on the number of cell lines predicted to have synergistic effects in
descending order. We computed the Pearson correlation coefficient62

between the count value based on predicted labels and observed
labels, summarized in Fig. 3d. Based on this figure, the count values
based on the predicted labels had a strong positive correlation with
those based on the real labels, thus, our model can also be used to
identify the drug combinations with themost synergistic targets given
a set of cell lines and cancer types used in our experiments. We also
highlight the drug combination L778123 and MK-8669 that has the
largest number of targeted cell lines with a synergistic effect in Fig. 3d.
The p-value is computed with s two-sided mode, and no adjustment is
needed. Therefore, BAITSAO can capture the variance of different
drug combinations across cell lines, offering a promising option for
selecting effective drug combinations.

Statistics of pre-training datasets
Here we summarize the statistics and properties of our pre-training
datasets for BAITSAO. We collected information from DrugComb20,
which is known as the largest database containing synergistic effect
information for drug pairs with different cell lines.Wedownloaded the
updated version of DrugComb and removed the missing value or
single-drug information. The major statistics of DrugComb are sum-
marized in Fig. 4, whose Fig. 4a represents the total number ofdrug-cell
line combinations by tissue types and Fig. 4b represents the total
number of cell lines by the type of tissues fromDrugComb.Most of the
drugs presented here were analyzed using cells from skin, lymphoid,
and/or lung. These tissues are important for maintaining normal
physiological activity in the human body. In total, DrugComb collects
more than 700,000 available combinations. As shown in Fig. 4c, the
distribution of the synergy scores is not balanced, with a large number
of combinations having low synergy scores. We further plot the Half
Maximal Inhibitory Concentration (IC_50) for all drugs in Fig. 4d with a
similar distribution to the synergy score. We illustrate the non-linear
relationship between single-drug IC_50 and synergy score in Fig. 4e.
Therefore, fitting non-linearmodels like neural networks may help the
synergy prediction task. Finally, Fig. 4f shows the overlap of combi-
nations by tissues, where most tissues have low overlap, and thus, the
pre-training dataset has information from diverse tissues. We plot the
embeddings fordrugs and cell lines in the pre-training dataset, colored
by clusters from Leiden63 in Supplementary Fig. 9a, b. The items in the
same Leiden cluster can be treated in a similar context of embeddings
with functional information, so we can visualize the functional simi-
larity of different drugs and cell lines through embeddings. Since our
pre-training dataset was published in June 2021 and GPT-3.5 collected
data for pre-training until Sep 2021, considering the time needed for
pre-training an LLM, we believe that the data from DrugComb was
precluded in GPT-3.5.

Pre-trained BAITSAO contributes to drug synergistic effect
prediction under the multi-task condition
Here, we investigated and pre-trained BAITSAO based on the
optimal model structure. Specifically, we extended the model
structure with a multi-task learning framework. By pre-training
BAITSAO with large-scale synergy datasets, BAITSAO is able to
predict both single-drug inhibition and drug synergistic effect.
For drug pairs, we expect to predict both drugs’ inhibition, thus,
we have a total of four tasks inspired by the pre-training datasets,
including the regression task for synergy prediction, the classifi-
cation task for synergy prediction, and regression tasks for single-
drug inhibition of each drug in the drug pairs. For the regression

task of synergy prediction, we only considered predicting the
synergy score under the Loewe setting because we show that the
synergy scores computed based on other methods are positively
correlated with the Loewe score64 in Supplementary Fig. 10, and
literature14,25 suggests using the threshold for generating a clas-
sification task from the Loewe score. For other synergy scores,
including Zip score65, HSA score66, and Bliss score67, we pre-
trained specific models and restored the pre-training weights.
Instead of using the simple average of loss functions from dif-
ferent tasks during the training process, we introduced the
Uncertainty Weighting (UW) method68 advocated by the perfor-
mance evaluations of different multi-task learning strategies from
ref. 69 and improved the numerical stability and the validation
strategy of this method.

We first determined the tasks that can help each other in the
multi-task learning framework by constructing the Help-Harm
matrix. We sampled 1% of the pre-training dataset and trained task-
specific models as well as multi-task models with paired tasks, and
constructed the Help-Harmmatrix shown in Fig. 5a. According to this
figure, joint training always boosts the classification task, while joint
training with the classification task can help predict the synergy
scores as well as inhibition levels for a single drug. Moreover, the
relative inhibition (RI) information from one of the drugs in drug
pairs did not show a significant contribution to other tasks, and
incorporating this information reduced performance for the classi-
fication task. Since we had RI levels for both drug pairs, we removed
the information of RI_col in the training process, and collected three
tasks in the pre-training stage. After finishing pre-training based on
the sampled and full datasets, we plot the metrics for comparing the
performance between BAITSAO under the STL framework and our
final MTL framework in Fig. 5b. MTL can improve the performance of
BAITSAO for solving all regression-based tasks. We show the outputs
from the hidden layers of BAITSAO by ground truth synergistic labels
and predicted synergistic labels in Supplementary Fig. 11a, b.
According to these two figures, the learned drug embeddings for
drugs with no synergistic effect tended to be co-embedded. There-
fore, BAITSAO with the MTL framework is reasonable and superior in
drug synergy analysis. Finally, we consider the generalization ability
of BAITSAO with pre-trained weights. We conducted experiments
based on three datasets we used in the subsection Selection of the
model structure by evaluation without pre-training, and visualized the
results in Fig. 5c. We report the metrics based on five-fold cross-
validation results. According to this figure, BAITSAO with the pre-
training design after fine-tuning (BAITSAO-FT) is comparable or
better for the regression and classification tasks, compared with
BAITSAOwithout pre-training (BAITSAO-ZS). When evaluating the ZS
mode, we ensured that the combinations used in the pre-training
stage were not used for testing. Moreover, our fine-tuning stage used
fewer epochs, and we froze the shared layers during the fine-tuning
process, thus, our fine-tuning approach was more efficient. We note
the potential of BAITSAO under the zero-shot learning framework for
solving this task. For example, BAITSAO-ZS showed a high ACC score
in the evaluation based on D1. Moreover, for the metrics related to
classification, BAITSAO-ZS had results higher than 0.5, and thus,
BAITSAO under the zero-shot learning framework was better than
random guessing. We also performed Rank-sum tests62 between the
pre-training dataset and fine-tuning datasets, and the results are
shown in Supplementary Fig. 12, which demonstrates that samples in
the fine-tuning datasets satisfied the OOD cases. Finally, we com-
pared BAITSAO with other LLM-based models, discussed in Supple-
mentary Note 2, which shows that BAITSAO also has advantages in
modeling synergetic effects. We also pre-trained other deep-
learning-based synergy predictors, such as DeepSynergy, DeepDDs,
and MARSY, based on their designed tasks and compared the fine-
tuned version of these models with BAITSAO (ft). According to
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Fig. 4 | Statistics of the pre-training dataset from DrugComb. a The barplot for
the number of drug-cell line combinations bydifferent tissues.bThe barplot for the
number of cell lines by different tissues. c The histogram for the distribution of
synergy score computedbasedon Loewe64. The x-axis is transferred into a log scale.

d The histogram for the distribution of single-drug IC_50 levels. The x-axis is
transferred to a log scale. e 3Dplot for the relation between single-drug IC_50 levels
and synergy score. f The heatmap for the overlap of combinations across different
tissues. Source data are provided as a Source Data file.
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Supplementary Fig. 13, BAITSAO still shows better performance than
other baselines with either fine-tuning mode or from-scratch mode.
Therefore, the multi-task pre-training strategy of BAITSAO is
advanced and contributive, which leads to consistent improvement
across different datasets. In summary, the combination of MTL and

the pre-training process can improve the performance of BAITSAO
on tasks related to drug synergy analysis.

We then predicted the synergistic effect for the combination of
three drugs (tri-drugs) and one cell line, with two examples shown in
Fig. 5d and e. The drug names and cell-line names were extracted from
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Fig. 5 | Results under the multi-task learning framework. a The Help-Harm
matrix fordifferent combinationsof tasks. The values indicate thepercentage (unit:
%)of improvement usingmulti-task learning compared to single-task learning (STL)
defined by the tasks in rows. The columns represent the paired tasks.We boldfaced
blocks with increments larger than 0.5%, which is a threshold reported in ref. 96 as
an acceptable improvement, and half of the natural threshold 1%. b Comparisons
for the results underMTLandSTL. Themetric for regression tasks, including Loewe
and RI_row, is PCC. Themetric for the classification task, including Classification, is
ROCAUC. c Comparisons for the results under different training settings. Data are
presented in boxplots (n = 5 per group; center line, median; box limits, upper and

lower quartiles; whiskers, up to 1.5× interquartile range; points, outliers). Here,
BAITSAO-FT represents that we fine-tuned the pre-trained model, BAITSAO-ZS
represents that we applied the pre-trainedmodel for these tasks under a zero-shot
learning framework, and BAITSAO-FS represents that we did not use the pre-trained
weights for these tasks. Here, FT means fine-tuning, ZS means zero-shot learning,
and FS means from scratch. We included four metrics across three datasets for
comparisons. dThe first example of tri-drug cases for drug synergy prediction with
BAITSAO. e The second example of tri-drug cases for drug synergy prediction with
BAITSAO. Logos of cell lines are created with BioRender.com. Source data are
provided as a Source Data file.
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DrugCombDB70, which did not provide the observed synergistic
information for the existing combinations. Toenhance the reliability of
our prediction results, we relied on Monte Carlo Dropout (MC
Dropout)71,72 and ran inference 100 times to generate the prediction
interval of different drug combinations. According to ref. 73, MC
Dropout was the only method considered in this benchmarking paper
to estimate the mean and variance without extra hyperparameters.
Our full prediction results are summarized in Supplementary Data 3.
Here we compared the difference between the two combinations by
changing the third drug. We found that the combination with I-BET151
waspredicted tohave apositive sign in the synergy score under Loewe,
while the combination with I-BET was predicted to have a negative
synergistic effect. As an explanation, although these two drugs can
both combine with bromodomain and extra terminal domain (BET)
with the samemajor targeted proteins74,75, I-BET151 was reported as an
optimized version with excellent BET target potency and selectivity75.
Therefore, we expected I-BET151 to have better efficacy and thus a
higher synergy score. Another example from Fig. 5e presents the dif-
ference between PF56227176 and Saracatinib77 as a third drug under the
cell-line MZ7-mel. The combination with PF562271 had a higher pre-
dicted synergy score comparedwith Saracatinib, whichwas supported
by the experimental results from ref. 78 as PF562271 generated higher
growth inhibition. Therefore, the results from BAITSAO can help
researchers to optimize drugs with higher synergistic effects and
better clinical outcomes.

Sensitivity analysis
Here, we investigated the sensitivity of model training based on the
statistics we collected. Figure 6a displays the ablation results by con-
sidering different types of embeddings as well as different types of
combination rules for embeddings as model input. BAITSAO denotes
our final choice for pre-training and fine-tuning. BAITSAO-v3 denotes
that we utilized the updated embeddings fromOpenAI in 202479.Mean
denotes that we took the mean of drug embeddings and cell embed-
dings as input for training. Sum denotes that we took the sum of drug
embeddings and cell embeddings as input for training. SentStack
denotes that we stacked the descriptions of different drugs and used
the modified description to generate drug embeddings, and then
stacked such drug embeddings with cell-line embeddings. Stack
represents that we stacked the drug embeddings and cell embeddings
by rows. Rdkit41,42 represents that we generated embeddings from
Rdikt with SMILES and stacked the embeddings with cell embeddings
from LLMs. This figure shows that averaging the drug embeddings and
stacking them with cell embeddings by rows generated the best per-
formance for all tasks. These results suggest the most effective way to
incorporate embeddings from different sources to construct the
datasets for training and testing. Moreover, our approach strikes a
good balance between efficiency and performance. According to
Fig. 6b, the running time of BAITSAO without pre-training was sig-
nificantly lower than the classical methods, DeepSynergy and SVM, for
drug synergistic effect prediction. Moreover, the pre-trained BAITSAO
with the fine-tuning framework converges at a much faster rate, thus,
pre-trained BAITSAOachieved an even faster running speed compared
withMARSY andDeepDDs. Therefore, our training framework strikes a
good balance between runtime and model performance. Both pre-
training and fine-tuning stages can be finished with only one GPU,
presenting no hardware barrier to deploying BAITSAO.

We performed ablation tests for the MTL strategy, shown in
Supplementary Fig. 14 for ablation of methods and Supplementary
Fig. 15 for ablation of task-specific layers. We compared the gradient
matching-based approaches, including PCGrad80, GradVac81, CAGrad82,
Nash-MTL83, and the linear MTL framework LinearMTL84 with our
revised UW approach and found that our choice generally had com-
parable or better results, especially for the classification task. More-
over, LinearMTL performed much worse than deep-learning based

methods on the regression-type tasks. Therefore, we chose the revised
UW as the method for the pre-training stage. Moreover, our final
choice with one task-specific layer for each task had the best overall
performance, and increasing the number of layers required more
computing resources, thus, we chose our design shown in Fig. 1c.

We also analyzed the relation between the size of the training
dataset andmodel performance.We adjust the proportionwe used for
model training and visualize the relation between proportion and
metrics in Fig. 6c for regression and Fig. 6d for classification. From
these figures, a larger proportion tended to increase the model per-
formance, with its limit for proportion ≥0.9 for these two tasks.
Moreover, using only 0.1% training dataset to train a model for a
classification task can still generate relatively high ROCAUC, thus the
classification task may not be difficult for BAITSAO.

In Fig. 6e and f, we examined the scaling law85,86 of BAITSAO. We
adjusted the layer width of our model and plotted the relation between
the layer width in the hidden layer and model performance for the
regression task and the classification task. These figures show that we
can model the relation between model parameters and model perfor-
mance to predict performance, where more parameters lead to better
performance. Therefore, the performance improvement of our model
with scaling can be explained by the scaling law, and our model has
good scalability. Our findings can help us understand themodel training
process in a better approach and determine the optimized source allo-
cation of a fixed compute budget. For example, for machines that can-
not support the version of BAITSAO with a layer width of 10,240, the
version of BAITSAO with a layer width of 4096 can also have acceptable
performances and can be considered for deployment.

Discussion
Predicting drug synergistic effects is important for drug development
and patient treatment. In the past, limited by available experimental
data, information on drugs/cell lines, and pipelines to predict drug
synergistic effect, there were few approaches to predicting drug
synergistic effect for general use. With the help of large-scale drug
synergy information databases, LLMs, and an MTL framework, we
introduced BAITSAO as a unified model with a general pipeline for
drug synergistic effect prediction as well as single-drug inhibition
prediction. BAITSAO optimized the network architecture through
comprehensive benchmarking analysis and was pre-trained based on
the latest large-scale databases. It achieved top-tier performance in
both regression tasks and classification tasks for drug synergistic
effect prediction.

There are two major contributions of our work. Firstly, we pre-
sented a unified pipeline to construct datasets for synergistic effect
analysis for both drugs and cell lines based on the embeddings from
LLMs, thus,wemitigated the difference causedby aliases for drugs and
cell lines of different datasets. We demonstrated that the embeddings
contained functional information for drugs and cell lines. We pro-
posed an advanced design to construct training datasets, thus, weonly
need to utilize the overlapped information across datasets for drug
synergy analysis. Secondly,wepre-trained a unifiedmodelwith anMTL
framework for drug synergy analysis and single-drug inhibition ana-
lysis supported by rigorous task-selection steps. We demonstrated
that BAITSAO benefited from the pre-training process and had good
generalization ability with fine-tuning in fewer steps compared with
the training process from scratch. Moreover, pre-trained BAITSAO
showed its potential as a good zero-shot reasoner for drug synergy
prediction under the classification settings. Therefore, we overcame
the generalization issue in previous work based on transfer learning21

and proposed a new avenue for the construction of BAITSAO for drug
synergy analysis.

We conducted a sensitivity analysis to offer guidance for future
model deployment. We showed that our current hyperparameter set-
tings and data construction methods are the optimal choices by
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hyperparameter tuning and ablation tests. We also analyzed the rela-
tion between the proportions of data we used for training and model
performance. While increasing training data proportions tended to
improveprediction, BAITSAOperformedwell for the classification task
for small data scales. Finally, we investigated the scaling law of BAIT-
SAO and showed that the model performance is predictable, and we
could increase themodel performanceby scaling upBAITSAO for drug
synergy prediction.

In conclusion, we have developed BAITSAO, an explainablemodel
for drug synergy prediction, and demonstrated the superiority of
BAITSAO over other methods by comprehensive benchmarking ana-
lysis and rigorous sensitivity analysis. We hope that BAITSAO can help
researchers to better understand the process of drug synergistic effect
prediction and further help in optimizing drug structures for drug
design and discovering more drug combinations with synergistic
effects for clinical usage.
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Furthermore, we also found that BAITSAOmight notworkwell for
drugs without a clear functional or chemical description in the early
stage of drug development, which is a potential limitation of our
application scenarios of all functional-based synergy predictors. In the
future, we plan to incorporate more updated drug synergy databases
to keep this model updated, and we also plan to combine this model
with information from genomics, including single-cell data87 and
genome-wide association studies (GWAS)88, especially for early-
stage drugs.

Methods
Problem definition
In this manuscript, we intend to construct a datasetD= ðX , Y Þ and pre-
train a model known asM for the prediction of values in Yn×t, where n
represents the number of combinations between drug pairs and the
cell line, and t represents the number of tasks.Here, Xn×p represents the
feature space with n samples and p features. We then split the dataset
D into Dtrain = ðX ,Y Þn0

i= 1 for training, and Dval = ðX ,Y Þn1
i = 1 for validation.

Our target is to train a model M* based on Dtrain and then select the
optimal model based on Dval . That is,

θ* =argminθLmðMðXval ,θÞ, YvalÞ, ð1Þ

whereMð, θÞ represents the pre-trained model with parameter θ, and
θ* represents the optimal model parameters. Lm represents multi-task
learning loss. After obtaining the optimal model, we apply the model
M*ð,θ*Þ for a new dataset containing out-of-distribution (OOD) data,
known as Dtest .

Construction of pre-training datasets and testing datasets
Onemajor contribution of our work is to unify the features we need to
predict thedrug-related information for both the synergistic effect and
the inhibition effect.We at least need the names of drugs and cell lines.
Consideringwehave a drugpair (d1, d2) and a cell line (c1), our idea is to
generate the description of both drugs asW(d1),W(d2) and the cell line
as W(c1) based on LLMs such as GPT-3.5, and then utilize the embed-
dings tool of GPT-3.5 to transfer the text description into embeddings
with e dimensions. Therefore, our final sample x ∈ X is defined as:

x =AVGðembðW ðd1ÞÞ, embðW ðd2ÞÞÞjjembðW ðc1ÞÞjj#d, ð2Þ

where AVG() represents the functions to compute the mean of the
given variables, and emb() is the function to obtain the embeddings of
the input. #d represents the number of drugs we used, which can be
encoded as embeddings89. We take the unbiased estimation of the
drug combination in the feature levels by computing the average value
of embeddings, and we show that this approach works better than
other types of feature integration in the “Sensitivity analysis” section of
the manuscript. Notably, this approach also scales for more drug
combinations. Considering the case of k drugs with the cell line ci, we
define one sample x ∈ X as:

x =AVGðembðW ðd1ÞÞ, :::, embðW ðdkÞÞÞjjembðW ðciÞÞjjk: ð3Þ

Therefore, for an arbitrary input dataset with feature space X
containing drug information and cell-line information, we can transfer
the samples in the given dataset from the text space to the numerical
space, thus we unify the input data format for this task. Furthermore,
to predict the drug synergistic effect, we consider both regression and
classification. In the case of regression, we intend to predict the spe-
cific synergy scoreof samples. To compute the synergistic effect based
on IC_50 information, under different rules, we can have different
scores. Here we consider four methods to model the synergy scores,
known asHSA, Bliss, Loewe, and ZIP. If we considerN drugs withmulti-
drug combination effect as EA,B,...,N and we intend to compute the

synergy scores SHSA, SBliss, SLoewe, and SZIP, according to ref. 5, we have:

SHSA = EA,B, ...,N �max EA, EB, . . . , EN

� �
: ð4Þ

SBliss = EA,B, ...,N � EA + EB + . . . + EN � EAEB
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Here we have EA, EB, . . . , EN as measured responses of different
drugs, and a, b, . . . , n represent the doses of the single drugs we need
to produce the combination effect. Moreover, to compute SZIP, we
have xN as thedoseof drugNfittedwith the four-parameter log-logistic
model, and mN represents the dose we need to produce the half-
maximum effect (IC_50). We also have λN as the shape parameter to
indicate the slope of the dose-response curve. In the MTL case, we
consider SLoewe for the targets of regression. We also pre-train models
to predict the other three scores. All of the synergy scores are
extracted from the database of DrugComb.

In order to characterize the inhibitory effects of individual drugs,
we introduce the RI score in the prediction task. RI score is the nor-
malized area under the log10 − transformed dose-response curves. RI
scores of all drugs are also extracted from the database of DrugComb.

In the caseof classification,we intend topredictwhether the given
drug pair has a synergistic effect under a specific cell line, which is a
binary classification problem. To construct the dataset for this task, we
set the threshold of SLoewe to binarize the synergistic effect of different
drug combinations. Since not all of the testing datasets in the real
world contain data forboth regression and classification, introducing a
classification task is meaningful.

Investigation of embeddings
We set up different methods to ensure that embeddings from LLMs
contain the necessary information to describe the properties of drugs
and cell lines. We consider two prompt engineering approaches for
description generation, including MetaPrompt47 and Chain-of-
Thought (COT)47. MetaPrompt introduces a system prompt for LLMs

Article https://doi.org/10.1038/s41467-025-59822-y

Nature Communications |         (2025) 16:4537 11

www.nature.com/naturecommunications


and generates outputs conditioned on the context. COT allows LLMs
to obtain complex reasoning capabilities by forcingmodels to address
the problem with intermediate steps. We also generate text descrip-
tions and embeddings for drugs and cell lines from the dataset used by
Deepsynergy (D1).We check the correctness of all descriptions and the
similarity of 10 sampled embeddings across different drugs to evaluate
the correctness. Moreover, we change the random seed to generate
different descriptions as well as embeddings to check the variance of
drug embeddings from the same drug. We also record the description
of cell lines in Supplementary Data 1. Furthermore, we modify CPA to
predict gene expression under different perturbations enhanced by
drug embeddings from LLMs. In this step, we replace the original drug
embeddings used in the CPAwith our new embeddings. This approach
allows us to check the correctness of embeddings from the application
perspective. We use R2 scores to evaluate the performance. To com-
pute the R2 score, we have the ground truth synergy score y and the
predicted synergy score ŷ and follow its definition:

R2 = 1�
P

iðyi � ŷiÞ2P
iðyi � �yÞ2

, ð13Þ

where �ymeans thatwecompute the average value of the input variable
y. R2 represents the explanation of the independent variables for the
dependent variable. Higher R2 means better model performance.

Therefore, our assessment of thequality of embeddings takes into
account meanings, variance, and applications.

Hyperparameter searching
We summarize the search space for hyperparameters of each method
in Table 1. The best hyperparameter setting is determined by the
performance of models based on the validation dataset.

Here lr means learning rate, Dropout means dropout rate (the
ratio of neurons we intend to close during the training process),
max_depth means the maximal depth for tree-based models, n_esti-
mators means the number of estimators for tree-based models, min_-
child_weight means the minimal weights of child nodes in tree-based
models, Cmeans the regularization weight for SVM, n_stepsmeans the
number of decision steps in the model architecture, n_a means the
width of the attention embedding for each masked choice, n_d means
the width of the prediction layer, gammameans the coefficient for the
feature re-usage in the masking process, epochs mean the number of
epochswe used to train themodel, alpha represents the regularization
coefficient for Lasso. We present the results under different hyper-
parameters for BAITSAO in Supplementary Fig. 16a, b. We find that lr
plays amore important role in the training process, while adjusting the
dropout rate does not affect the model performance much.

Selection of model architecture
After setting up the pre-training dataset, we seek a suitable model
architecture. Since deep neural networks (DNNs) related methods
have shown impressive performance as a base model for large-scale
models90,91, we construct the pre-training architecture of BAITSAO
based on DeepSynergy. To assess the strength of our model archi-
tecture, we remove the pre-training step and compare BAITSAO with
othermethods for both the regression task and classification task with
three different datasets. We also determine the hyperparameters of
model training in this stage. The superiority of BAITSAO is shown in the
“Results” section, and we expect to see its similar performance at both
the pre-training and fine-tuning stages.

In themodel architecture selection stage, we utilize Adam92 as the
optimizer and ReduceLROnPlateau89 as the learning rate scheduler.
The starting learning rate for D1 and D3 is 1e-5, while it is 1e-4 for D2.
The dropout rate is 0.2, and the patience for the scheduler is 10. Our
patience for the early-stopping step is 100, and themaximum number
of epochs is 1000.

Explainability
The design of BAITSAO allows us to characterize the relevance
between the specific gene and drug combinations across different cell
lines. To perform this analysis, the input format of one combination
becomes:

x0 =AVGðembðW ðd1ÞÞ, :::, embðW ðdkÞÞÞjjexpðciÞjjembðW ðciÞÞjjk, ð14Þ

where exp(ci) represents the gene expression profile for the cell line i.
After the training process, we can extract the importance of different
genes based on SHAP. For gene j, its importance for the synergistic
effect of drug combinations (d1, . . . , dk) for cell line ci can be calculated
as:

Ij = ShapValueðM, x0Þ, ð15Þ

where Ij represents the importance and x0 was defined above. Shap-
Value() is a function to compute the importance ofmodelM and input
x0. Here larger Ij representsmore importance in the predictionprocess.

We select 1000 highly variable genes for the analysis of explain-
ability. This number is determinedby adjusting the number of genes to
achieve the best model performance. Our tuning results are shown in
Supplementary Fig. 17.

For the bulk RNA-seq datasets of different cell lines, we use
DESeq2 to identify DEGs by comparing groups with and without pre-
dicted drug synergistic effects.

For the two scRNA-seq datasets used for validating our selected
genes, we follow the pre-processing pipeline of Scanpy93 and run the
Wilcoxon rank-sum test to access the list of DEGs.

Pre-training BAITSAO under the multi-task learning framework
Here we explain our settings for the multi-task learning framework.
After filtering tasks based on the constructed help-harm matrix, we
consider three tasks: 1. Prediction of SLoewe as a regression task. 2.
Prediction of RI for one drug as a regression task. 3. Prediction of drug
synergistic effect as a binary classification task. Therefore, we have two
regression tasks and one classification task, and their loss functions are
represented as L1,L2, andL3. Traditionally, we construct the final loss
function as a linear combination:

Lm =
Xnt

i= 1

wiLi, ð16Þ

where wi represents the pre-defined weights for the loss function Li

and nt = 3. However, determining the values of the weights is difficult.
Moreover, it is a strong assumption that the weights do not change

Table 1 | Hyperparameter search space for each method
ranked in alphabetical order

Methods Searching space

BAITSAO lr:[1e-5,1e-4]; Dropout:[0.1,0.3]

BERT epochs:[5,10]; lr: [1e-5,1e-4]

DeepDDs Optimal hyperparameters from ref. 19

DeepSynergy Optimal hyperparameters from ref. 14

Lasso alpha:[1,10]

MARSY Optimal hyperparameters from ref. 18

SVM C:[1,5]

TabNet n_steps:[1,5]; n_a:[8,64]; n_d:[8,64]; gamma:[1.1,1.5]

TreeComb max_depth:[10, 100]; n_estimators:[10,50]; min_child_-
weight:[1, 3]
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during training is also a very strong assumption. Therefore, we
introduce the uncertainty of the loss function in this process andmake
the weights learnable. Typically, by choosing mean squared error
(MSE) as the loss function in the training process for the regression
task, we have the equivalent maximum likelihood framework of a
Gaussian distribution for prediction output y andmodelM. Therefore,
the log-likelihood of the regression task can be represented as:

logðpðyjMðx,θÞÞÞ / � 1
2σ2 jjy�Mðx, θÞjj2 � logσ, ð17Þ

where the uncertainty is defined as σ, and x represents the model
input. σ is a learnable parameter. Similarly, for a classification problem,
we can represent the log-likelihood based on a Softmax function,
that is:

logðpðyjMðx,θÞÞÞ= logðSof tmaxð 1
σ2 Mðx, θÞÞÞ, ð18Þ

where Sof tmaxðxÞi = expðxiÞPp

j
expðxj Þ

, and p represents the length of x.
Therefore, the final loss function can be represented as max-

imizing the joint distribution of three tasks. In the validation stage, we
minimize the maximal term in the loss function group rather than the
original weighted loss function design from UW. We also add a con-
stant term ϵ to ensure numerical stability, so our final loss function is:

Lm = �logðpðy1, y2, y3jMðx, θÞÞÞ ð19Þ

� 1
2σ2

1 + ϵ
L1ðy1,Mðx,θÞÞ+ 1

2σ2
2 + ϵ

L2ðy2,Mðx,θÞÞ ð20Þ

+
1

σ2
3 + ϵ

L3ðy3,Mðx,θÞÞ+ logðσ1σ2σ3Þ: ð21Þ

In the pre-training stage, we utilize Adam92 as the optimizer and
ReduceLROnPlateau89 as the learning rate scheduler. The starting
learning rate is 1e-4, the dropout rate is 0.2, and the patience for the
scheduler is 100. Our patience for the early-stopping step is 500, and
themaximumnumber of epochs is 1000. The number of combinations
we used for pre-training is 739,652, including 4268 types of drugs and
288 types of cell lines.

After finishing the pre-training step, we test the model's perfor-
mance on the testing datasets under both the zero-shot learning case
and the fine-tuning case with a parameter-freezing design. We also
extend the prediction of the synergistic effect to the case of n(n ≥ 3)
drug combinations. Finally, we include a tutorial inour code repository
for both the fine-tuning approach and the zero-shot inference
approach.

We also pre-train other baselines, including DeepSynergy14,
DeepDDs19, and MARSY18, based on the same dataset. Details of model
comparison are discussed in the “Results” section.

Zero-shot query and multi-drug prediction
Our model is capable of zero-shot synergy effect prediction. By
transferring the knowledge and informationof drugs and cell lines into
embeddings through GPT-3.5 and the embedding layer, users can
generate embeddings of arbitrary combinations as input for querying
the synergy effects with a pre-trained BAITSAO.

For the combinations with three or more drugs, we directly gen-
erate the synergy scoreunder the pre-trainedmodelwith the zero-shot
learning framework. The three-drug case we used in the main text is
from a known database, while it is possible to explore combinations
with a larger number of drugs as long as the combinations are practical
and meaningful. To access the determined predicted value, we do not

use the dropout layers in the testing process. To access the predicted
value with uncertainty, we keep the dropout layers in the testing
process and repeat the prediction process 100 times to access the
estimationofmean and standarddeviation for eachcombination. Such
an approach is known as MC Dropout.

We summarize the details of zero-shot query as a tutorial in our
code repository.

Model evaluation
We consider four different metrics to evaluate the performance of
different models for the drug synergistic effect prediction task, with
two metrics for regression and two metrics for classification.

For the regression task, we consider two metrics: Pearson corre-
lation coefficient (PCC) and Mean Squared Error (MSE).

1. PCC: Since we know the ground truth synergy score y and
predicted synergy score ŷ, we can directly compute the PCC as:

PCCðy, ŷÞ= COV ðy, ŷÞ
σðyÞσðŷÞ , ð22Þ

where COV() is the function to compute the covariance of two vari-
ables, and σ() is the function to compute the standard deviation of the
input variable. Higher PCC means better model performance.

2. MSE: To compute the mean squared error, we have the ground
truth synergy score y and the predicted synergy score ŷ and follow its
definition:

MSE =
1
n

Xn

i = 1

ðyi � ŷiÞ2, ð23Þ

where i represents the index of samples, and lower MSE means better
model performance.

For the classification task, we consider two metrics: Area under
the ROC Curve (ROCAUC) and Accuracy (ACC).

1. ROCAUC: To compute this metric, we construct the relation
between the true-positive rate and the false-positive rate under dif-
ferent probability thresholds. Such a relation can be reflected in the
ROC curve. We then compute the area under the ROC curve, and this
area represents ROCAUC. Higher ROCAUC means better model
performance.

2. ACC: To compute this metric, we have the ground truth
synergistic effect condition yn×1 and the predicted binary value ŷ, we
then compute the ACC as:

ACC =

Pn
i = 1 1yi = ŷi

n
, ð24Þ

where 1yi = ŷi
is an indicator function and only takes 1 when yi = ŷi.

Higher ACC means better model performance.
We report the mean and standard deviation of these metrics by

using five-fold cross-validation for each dataset.

Overview of other methods
In this section, we summarize the benchmarking methods used in our
work. These methods (ranked in alphabetical order) include:

• BERT:BERT is apre-trainedbidirectional transformer for language
understanding. For this model, we construct the training datasets
and testing datasets directly from drug descriptions and cell-line
descriptions. The problem is then formalized as a Question-
answering case for both classification and regression tasks.

• DeepDDs19: DeepDDs is a Graph Neural Network (GNN)-based
method for drug synergistic effect prediction. This method can
only handle the classification task. The trainingdataset ofDeepDDs
is constructed based on features of drugs as graphs from chemical
information and gene expression levels from cell lines.
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• DeepSynergy14: DeepSynergy is a DNN-based method for drug
synergistic effect prediction. This method can handle both the
regression task and the classification task by changing the loss
function and the activation function of the last network layer. The
training dataset of DeepSynergy follows its default mode,
including features of drugs from chemical information and cell-
line features from gene expression levels.

• Lasso39,52: Lasso is a regularized regression method for drug
synergistic effect prediction. This method can handle both the
regression task and the classification task, by using the default
mode or logistic regression mode with L1 penalty. The training
dataset of Lasso is constructed based on the drug embeddings
and cell-line embeddings from LLMs.

• MARSY18:MARSY is aDNN-basedmethodwith amulti-task learning
framework for drug synergistic effect prediction. This method can
only handle the regression task. The training dataset of MARSY is
constructed based on features of drugs from chemical informa-
tion, gene expression levels from cell lines, and tissue information.

• SVM39,49: SVM is a machine learning method based on construct-
ing decision-making boundaries for drug synergistic effect
prediction. This method can handle both the regression task
and the classification task by using SVR or SVC. The training
dataset of SVM is constructed based on the drug embeddings and
cell-line embeddings from LLMs.

• TabNet50: TabNet is a DNN-based method with a transformer
architecture for drug synergistic effect prediction. TabNet
combines the ideas from both neural network design and tree-
model design. This method can handle both the regression task
and the classification task by changing the loss function and the
activation function of the last network layer. The training dataset
of TabNet is constructed based on the drug embeddings and cell-
line embeddings from LLMs.

• TreeComb15: TreeComb is an explainable machine learning
method based on XGBoost for drug synergistic effect prediction.
This method can handle both the regression task and the classi-
fication task by using XGBREGRESSOR or XGBCLASSIFIER. The
training dataset of TreeComb is constructed based on the drug
embeddings and cell-line embeddings from LLMs.

Datasets preparation
Weutilize publicdatasets fromDrugCombv1.5 for pre-training. For the
regression task, we have one dataset from DeepSynergy (as D1, which
is processed in the original paper) using Loewe as the synergy score
computation method. We also have one dataset from MARSY (as D2,
which is processed in the original paper) using ZIP as the synergy score
computation method. For the classification task, we have one dataset
from DeepSynergy (as D1) using the Loewe synergy score with a
threshold. We also have one dataset from DeepDDs with a known
binary synergistic effect condition (as D394). Formulti-drug synergistic
effect inference, we utilize one dataset from DrugCombDB. Every
dataset at least contains the names of drugs and cell lines.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
We do not generate new data in this research, and all data used in this
manuscript are publicly available without restricted access. The
DrugComb data used in this study are available at [https://drugcomb.
org/download/]. The training and testing data used in this study are
available at [https://www.bioinf.jku.at/software/DeepSynergy/],
[https://github.com/Emad-COMBINE-lab/MARSY], and [https://github.
com/Sinwang404/DeepDDs/tree/master]. The scRNA-seq data used in
this study are available under accession codes GSE215121 and SCP109.

We collect the information on downloading training datasets as well as
their statistics in SupplementaryData 4. Source data are providedwith
this paper.

Code availability
We used the resources from the Yale High Performance Center (Yale
HPC) and UCLA Computing Servers to conduct all of the experiments.
Our maximum running time for each dataset was 24 h, and the max-
imum RAMwas 100 GB. The version of GPU we used is NVIDIA A5000
(24GB) for fine-tuning and single-task learning, and NVIDIA A100
(40GB) for pre-training. The codes of BAITSAO canbe found in https://
github.com/HelloWorldLTY/BAITSAO and https://doi.org/10.5281/
zenodo.1510581595 with MIT license. The pre-trained weights can be
found at https://huggingface.co/iLOVE2D/BAITSAO. The version of
software used for data collection andmodel training is summarized in
Supplementary Data 4.
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