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Abstract13

Drug synergy prediction is a challenging and important task in the treatment of14

complex diseases including cancer. In this manuscript, we present a novel uni-15

fied Model, known as BAITSAO, for tasks related to drug synergy prediction16

with a unified pipeline to handle different datasets. We construct the training17

datasets for BAITSAO based on the context-enriched embeddings from Large18

Language Models for the initial representation of drugs and cell lines. After19

demonstrating the relevance of these embeddings, we pre-train BAITSAO with20

a large-scale drug synergy database under a multi-task learning framework with21

rigorous selections of tasks. We demonstrate the superiority of the model archi-22

tecture and the pre-trained strategies of BAITSAO over other methods through23

comprehensive benchmark analysis. Moreover, we investigate the sensitivity of24

BAITSAO and illustrate its unique functions including new drug discoveries, drug25

combinations-gene interaction, and multi-drug synergy predictions.26

Keywords: Scaling Laws, Large Language Model, Multi-Task Learning, Transfer27

Learning, Drug Synergy Prediction, Cancer Genomics28
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1 Introduction29

Treating patients with a combination of drugs has become common for various diseases,30

including HIV [1] and cancers [2, 3]. One key aspect of drug combinations is the31

synergistic effect, which means that the joint effect of multiple drugs is larger than32

the sum of individual drug effects [4]. Other definitions have also been used to define33

synergistic effects, such as [5]. Effective drug combination can reduce drug resistance34

of monotherapy [6] with relatively lower doses of individual drugs [7]. Since drugs35

can change gene expressions when applied to different systems, e.g., cell lines, their36

effects can be studied through the genomics lens [8, 9]. Currently, researchers use high-37

throughput combinatorial screening to identify drug combinations with synergistic38

effects for specific cell lines [10]. However, such experimental screening is laborious39

and time-consuming due to the very number of potential drug combinations, and it40

is even more challenging to assess the synergistic effect of combinations with three or41

more drugs [11]. Therefore, it is important to develop computational methods based42

on extensive experimental datasets in the public domain as well as diverse types of43

prior biological knowledge to predict the presence and strength of synergistic effects44

for candidate drug combinations. Accurate prediction methods can facilitate drug45

discovery [12] and clinical development [13].46

Given its importance, it is no surprise that many machine learning methods, espe-47

cially deep learning methods, have been proposed to predict drug synergy. These48

methods differ in model architecture, training strategies, and datasets used to build the49

models. DeepSynergy [14] is among the earliest tools by building a neural network for50

both regression and classification, with follow-up work such as TreeComb [15, 16] and51

MatchMarker [17]. Existing drug synergy prediction methods can be broadly classified52

into two groups. The first group of methods, such as MARSY [18], focus on predicting53

specific synergy scores, whereas the second group of methods, such as DeepDDs [19],54

transfer the continuous synergy score into a binary one via thresholding to infer drug55

combination synergy. However, most existing methods do not incorporate the exten-56

sive synergy information from public databases [20] in their predictions. [21] utilized a57

transfer learning approach and pre-trained the model based on large-scale databases58

while incorporating different types of features (e.g., gene expression, molecular struc-59

ture). However, it did not consider datasets [14] with only partial information and60

treated drugs with the same molecular formula but different names as distinct ones.61

Therefore, the generalization ability of this model is limited by its input data format.62

Moreover, since public databases are updated constantly, it is important to track the63

versions of training datasets.64

Large Language Models, as a type of Foundation Models (FMs) [22], have greatly65

improved the performance of deep learning on various tasks in Natural Language Pro-66

cessing (NLP) [23]. Such models have received broad attention from both industry67

and academia [24]. Researchers have proposed to use FMs to predict drug synergy via68

LLMs by transferring the drug synergy prediction problem into a Question-Answer69

problem [25, 26]. By incorporating prior information of single drug and single cell line70

from LLMs, it has become possible to predict drug synergy of unknown drug combi-71

nations in unknown cell lines. Text information may be less noisy than the features72
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(e.g. gene expression levels) that have been used in this task. However, such QA set-73

ting limits the task to a classification problem, which introduces the potential bias of74

pre-defined thresholds. Moreover, these two LLMs are not open-source so it is diffi-75

cult for researchers to evaluate their performances. Open-source is important for the76

development of science [27]. Moreover, there is a lack of exploration on the utilization77

of the information in LLMs for more difficult drug synergy prediction problems, e.g.,78

the effects of multiple drug combinations or model explainability.79

Here we present a scalable unified model for drug synergy prediction called BAIT-80

SAO1. BAITSAO utilizes the information from LLMs as input and was pre-trained81

based on large-scale known synergistic effect information of paired drug combinations82

and cell lines. The information of drug combinations and cell lines is necessary to pre-83

dict synergy scores. We show that the embeddings of these features from LLMs can84

be effective input for drug synergy prediction as well as the effects of drugs on gene85

expressions. We further demonstrate the capability of building an effective predictor86

for synergy prediction under both the classification and regression settings through87

multi-task learning (MTL) [28]. Finally, we pre-train BAITSAO to predict synergistic88

effects for unseen drug combinations based on the zero-shot learning framework and89

the fine-tuning framework. The scalability of BAITSAO allows us to consider multiple90

drugs and incorporate extra meta information.91

2 Results92

Overview of BAITSAO. We highlight two major contributions of BAITSAO as a93

unified model. We first provide a new unified pipeline for pre-processing the infor-94

mation from both drugs and cell lines for machine learning in a tabular format,95

and generate training datasets from these embeddings for multiple tasks. We show96

that these embeddings contain functional information for prediction. We then uti-97

lize the unified training datasets for different synergistic effect prediction tasks under98

the multi-task learning framework. We demonstrate the superiority of the model99

architecture and the contribution of pre-training through comprehensive experiments.100

BAITSAO can be easily transferred to perform novel downstream tasks related to101

drug synergy analysis. We illustrate the landscape of BAITSAO in Figures 1 (a) and102

(b) and summarize the differences between BAITSAO and other synergy prediction103

methods in Figure 1 (c). The major functions of BAITSAO are shown in Figure 1 (d).104

Drug embeddings from LLMs reflect functional similarity and responses105

at the cell level. In this section, we discuss the information offered by drug embed-106

dings and cell-line embeddings. We generate the description for the drugs and cell107

lines from our training datasets based on designed prompts from LLMs, and then use108

the embedding module from GPT 3.5 [29] to generate the embeddings of such descrip-109

tions, where the embeddings become the features of drugs or cell lines. We utilized110

GPT 3.5 rather than GPT 4 [30] because the layer for generating embeddings is from111

GPT 3 [29] series and the querying time from GPT 4 with similar quality required112

much more time [31], and efficiency is very important in LLM deployment [32, 33].113

Moreover, the performance difference between embeddings from GPT 3.5 and GPT114

1BAITSAO means collections of herbs and drugs in Chinese culture.
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Fig. 1 An overview of BAITSAO as a 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 functions
of BAITSAO.

4 or from GPT 3.5 and Claude 3.5 [34] is not significant based on our experiments,115

shown in Supplementary Figure 1 (a) (Wilcoxon rank-sum test, p-value=0.86 for GPT116

3.5 vs. GPT 4, and p-value=0.44 for GPT 3.5 vs. Claude 3.5). In the same figure, we117

also found that embeddings from GPT 3.5 are better than embeddings from Gemini118

[35] (p-value=0.0039), and thus our current selection is well-designed. We visualize the119

drug embeddings and the cell-line embeddings based on Uniform Manifold Approxi-120

mation and Projection (UMAP) [36] shown in Supplementary Figures 2 (a) and (b).121

We investigated the quality of the embeddings by considering both the quality of the122

description and the quality of the functions of embeddings.123

For the first aspect, we recorded the outputs as descriptions from GPT 3.5 based124

on our prompts and compared the content with information from DrugBank [37] and125

NCBI [38]. Here we used drugs and cell lines from DeepSynergy, which contains 39126

drugs and 38 cell lines. The descriptions summarized the functional information of127

drugs and cell lines. Based on our experiments, only one drug (MK-8669) has a mis-128

matched generated description, while 13 drugs cannot be matched with indication129
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information if we search them in DrugBank. All descriptions are included in Supple-130

mentary file 1. We plot the Cosine Similarity (CS) for all drugs’ embeddings in Figure131

2 (a). We also randomly selected 10 drugs from this dataset and plot the CS for the132

embeddings of the same drug under 10 different descriptions by running GPT 3.5133

multiple times in Supplementary Figure 3. These two figures show that the similarity134

from different drugs is generally lower than that from the same drug, suggesting that135

we can get informative embeddings from LLMs.136

To perform a comprehensive analysis of our generated drug embeddings from137

LLMs, we downloaded the descriptions of drugs, including indication, summary, and138

background, from the DrugBank. We embedded these descriptions based on the same139

GPT-3.5 embeddings layer and computed the CS between embeddings from Drug-140

Bank descriptions and the LLM-generated descriptions. We found that embeddings141

from LLMs have a strong average similarity with all three descriptions from DrugBank142

(CS=0.87 for indication, CS=0.90 for summary, and CS=0.90 for background), and143

thus the generated drug embeddings preserved the important functional and chem-144

ical properties of the original drug. Furthermore, we visualize the CS based on the145

embeddings from drug indication (Supplementary Figure 4 (a)), drug summary (Sup-146

plementary Figure 4 (b)) and drug background (Supplementary Figure 4 (c)). We147

further computed the Pearson Correlation Coefficient (PCC) between the similarity148

matrix from DrugBank descriptions and LLM descriptions, which could be used to149

evaluate the ability of embeddings used by BAITSAO in preserving the drug-drug150

similarity. The PCCs are annotated under each figure, and all of the PCCs are high151

(PCC≥0.76) and significant (p-value<0.05). Therefore, we demonstrated the ability152

of LLMs to generate meaningful descriptions as well as embeddings by comparing the153

generated information with known database, and further enhanced the reliability of154

the pipeline.155

Furthermore, we performed Mann-Whitney U test [39] to compare the PCCs among156

the drugs from the MK class and the PCCs between the drugs from the MK class157

and other classes, and the test statistics showed a significant difference (p-value=9.9e-158

12). Therefore, in Figure 2 (b), we used drug MK-4541 as one example and there159

is no clinical information for this drug in the DrugBank, to infer its function based160

on our embeddings. By excluding the drug MK-8669 due to mismatched information,161

drug MK-2206, and drug MK-4827 have the highest similarity with MK-4541. Since162

MK-2206 and MK-4827 have similar functions (e.g., treating Breast-cancer-related163

and Prostate-cancer-related diseases), we may infer that MK-4541 may have a similar164

effect. Among these drugs, EPTOPOSIDE has the lowest similarity and it also has165

different clinical trial information, suggesting that correlation between embedding sim-166

ilarity and function similarity. Therefore, our drug embeddings may help the inference167

of clinical functions of drugs based on the embeddings’ similarity.168

To investigate whether the embeddings can be used to predict drug response for the169

cell-level task, we utilized CPA [9] and single-cell RNA sequencing (scRNA-seq) [40]170

datasets with different perturbations (defined by different drugs or drug combinations)171

to evaluate whether our drug embeddings can facilitate the gene expression prediction172

task. With drug embeddings, we can use CPA to predict gene expression response173
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to unseen drugs. Cells with unknown perturbation results are also known as out-of-174

distribution (OOD) samples. The original implementation of CPA utilized the drug175

embeddings from Rdkit [41, 42] to encode the molecular structure of the selected176

drug into the embedding space. However, such methods could not handle drugs not177

in the Simplified Molecular-input Line-entry System (SMILES) [43], which limits the178

generalization of CPA. Here we considered replacing the original embeddings in CPA179

with the embeddings from GPT 3.5, enlarging the accessibility for drug embeddings.180

We compared three different embedding settings for two datasets (CPA example [9]181

and Openproblems [44]), which contain the gene expression profiles under the control182

case and drug-based perturbations. The results are shown in Supplementary Figures 5183

(a)-(d), where stacking the embeddings from SMILES and GPT 3.5 achieved the best184

performance under both datasets. For the CPA dataset, both using the embeddings185

from GPT 3.5 and the setting of embeddings stacking can enhance the prediction186

performance significantly, compared with the mode of only using SMILES (Wilcoxon187

rank-sum test, p-values<0.05). For the Openproblems dataset, the contribution of such188

embeddings stacking for prediction is especially significant (p-values<0.05). Therefore,189

the embeddings from LLMs can improve the gene expression prediction for perturbed190

scRNA-seq data.191
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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
drug. We list five types of clinical trial information ranked by the phases. Source data are provided
as a Source Data file.

Since our experiments demonstrate that drug embeddings and cell embeddings can192

summarize the functional information and drug embeddings can also interact with193
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cell-level gene expressions, we believe that these embeddings allow us to construct the194

training dataset to predict drug synergy effect in different cell lines.195

Demonstration of powerful embeddings and architecture by evaluation196

without pre-training. In this section, we show the strength of LLM embeddings197

and select the choice of network structure for model pre-training based on two dif-198

ferent drug synergy prediction tasks: classification and regression. For each task, we199

selected two datasets and two metrics for evaluation. For regression, we included the200

Pearson Correlation Coefficient (PCC) and Mean Squared Error (MSE) for model201

evaluation based on datasets D1 [14] and D2 [18]. For classification, we included202

ROC-AUC (ROCAUC) and Accuracy (ACC) for model evaluation based on datasets203

D1 and D3 [19]. These metrics and datasets were widely used in the related work204

[14, 18, 19, 45, 46]. First, we tested if the model performance will be affected by205

prompt engineering of LLMs, and we compared the raw embeddings with embeddings206

generated by drug descriptions from MetaPrompt [47] and Chain-of-Thought (COT)207

[48]. According to Supplementary Figure 1 (b), the differences between the default208

mode and these two prompt engineering methods are not significant (p-value=0.63 for209

raw mode vs. MetaPrompt, and p-value=0.43 for raw mode vs. COT). Therefore, our210

embeddings have enough information as inputs for synergetic effects. Second, we val-211

idated the contribution of BAITSAO’s architecture shown in Supplementary Figure212

1 (c). We compared the performances between BAITSAO and DeepSynergy with213

LLM embeddings as inputs. The difference is significant and thus our optimization of214

model architecture also contributed to the prediction task (p-value=0.002). Finally,215

we selected seven other methods (DeepSynergy, MARSY, TreeComb, SVM [39, 49],216

TabNet [50], BERT [51] and Lasso [39, 52]) for benchmarking the regression task and217

seven methods (DeepSynergy, DeepDDs, TreeComb, SVC, TabNet, BERT, and Lasso)218

for benchmarking the classification task. We utilized the best hyper-parameters of219

these methods for every dataset, with details of hyper-parameter tuning summarized220

in the Methods section. Our results based on five-fold cross-validation [14] are sum-221

marized in Figure 3. This figure shows that BAITSAO ranked the best in three out222

of four metrics. Moreover, BAITSAO was also the most stable among the top deep-223

learning-based methods (including MARSY, DeepSynergy, DeepDDs, and TabNet).224

The performance of BERT was worse than BAITSAO in three out of four metrics, thus225

using embeddings as input is better than using the combination of description in gen-226

eral. For the evaluation based on MSE, BAITSAO performed well on the D1 dataset.227

Our experiments showed that embeddings from LLMs with a suitable model architec-228

ture can formalize a better training-testing framework compared with data from the229

classical feature space. The details of our dataset information, model construction,230

and training process are summarized in the Methods section.231

Explainability of BAITSAO for drug-gene interaction and drug-cell line232

interaction with multi-modal learning. We interpret contributions of different233

features for the prediction task with the help of SHAP [53]. Here we integrated known234

gene expression profiles of different cell lines in D3 to our input datasets and performed235

the same training process for the drug synergy prediction task. We then utilized SHAP236

to study the importance of different genes and the results could be treated as the237

relevance between the gene expression levels (as a new modality) and the possibility238
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to produce synergistic effect for drug combinations. We followed the default setting of239

SHAP to fix the number of genes for explainability at 20. We also performed statistical240

analysis based on the outputs of BAITSAO to discover the drug combination with the241

largest range of synergistic targets. The details of our approach are provided in the242

Methods section.243

By collecting gene expression profiles of cell lines [54], we studied the explainability244

of BAITSAO for DEXAMETHASONE (drug)-DINACICLIB (drug) across different245

cell lines. In Figure 3 (b), we visualize the importance of different genes. The gene246

VIM was top-ranked by the average importance, and VIM is known as important247

for various cancers from pan-cancer analysis [55]. Furthermore, we conducted three248

experiments to further investigate the contributions of the selected genes.249

We first separated the samples into two groups based on the existence of the250

synergistic effect and performed DEG analysis using DESeq2 [56, 57] between two251

groups of cell lines. We present the adjusted p-values using Benjamini-Hochberg for252

the selected genes in Figure 3 (b). Genes SPON2, HMCN1, and BMP4 listed in this253

figure were significant DEGs. Our selected genes had significant overlap with DEGs254

(Fisher’s exact test p-value=0.0062), and the gene BMP4 is a validated targets for each255

drug according to biology experiments [58, 59]. Moreover, these genes had relatively256

lower expression levels with synergistic effect, which matched the distribution of their257

SHAP values (enriched in the negative values).258

We list the ranks of the selected genes based on their variances in Figure 3 (b).259

The top five ranked genes had relatively greater variances, suggesting that the genes260

we selected characterize the heterogeneity from both cell lines and the drug synergistic261

effect. We further performed enrichment analysis based on Gene Ontology (GO) [60]262

for biological pathways and Molecular Signature Database (MsigDB) [61] for cancer-263

specific signals based on this set of genes, with results shown in Supplementary Figures264

6 (a) and (c). These enriched pathways represent important biological processes and265

cancer-specific signals. These results suggest that our method may uncover the het-266

erogeneity in the drug synergy prediction process. We summarize our results for the267

single cell line with the same drug combination in Appendix A. The plots for impor-268

tant genes across different cell lines can be found in Supplementary Figure 16. The269

test statistics used in this section are given in Supplementary file 2.270

We further investigated the drug combination that showed synergistic effects on271

the largest number of cell lines. We first plot the probabilities of all drug-cell line com-272

binations to be classified as samples with synergistic effects in Figure 3 (c). This figure273

shows that the distribution of such probability is different under different synergistic274

labels. We performed the Rank-sum test [62] for these two sets of probabilities and275

their difference is significant (p-value<2.22e-308 with two-side mode and no adjust-276

ment is needed). Therefore, our model can uncover the relationship between input277

features and the synergistic effect. Moreover, we ranked the drug combinations based278

on the number of cell lines predicted to have synergistic effects in descending order.279

We computed the Pearson correlation coefficient [62] between the count value based280

on predicted labels and observed labels, summarized in Figure 3 (d). Based on this281

figure, the count values based on the predicted labels had a strong positive correlation282

with those based on the real labels, thus our model can also be used to identify the283
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drug combinations with the most synergistic targets given a set of cell lines and can-284

cer types used in our experiments. We also highlight the drug combination L778123285

and MK-8669 that has the largest number of targeted cell lines with synergistic effect286

in Figure 3 (d). The p-value is computed with two-side mode and no adjustment is287

needed. Therefore, BAITSAO can capture the variance of different drug combinations288

across cell lines, offering a novel option for selecting effective drug combinations.289

Statistics of pre-training datasets. Here we summarize the statistics and290

properties of our pre-training datasets for BAITSAO. We collected information from291

DrugComb [20], which is known as the largest database containing synergistic effect292

information for drug pairs with different cell lines. We downloaded the updated version293

of DrugComb and removed the missing value or single-drug information. The major294

statistics of DrugComb are summarized in Figure 4, whose (a) represents the total295

number of drug-cell line combinations by tissue types and Figure 4 (b) represents the296

total number of cell lines by the type of tissues from DrugComb. Most of the drugs297

presented here were analyzed using cells from skin, lymphoid, and/or lung. These tis-298

sues are important for maintaining normal physiological activity in the human body.299

In total, DrugComb collects more than 700,000 available combinations. As shown in300

Figure 4 (c), the distribution of the synergy scores is not balanced, with a large num-301

ber of combinations having low synergy scores. We further plot the Half Maximal302

Inhibitory Concentration (IC 50) for all drugs in Figure 4 (d) with a similar distri-303

bution to the synergy score. We illustrate the non-linear relationship between single304

drug IC 50 and synergy score in Figure 4 (e). Therefore, fitting non-linear models like305

neural networks may help the synergy prediction task. Finally, Figure 4 (f) shows the306

overlap of combinations by tissues, where most tissues have low overlap, and thus the307

pre-training dataset has information from diverse tissues. We plot the embeddings for308

drugs and cell lines in the pre-training dataset colored by clusters from Leiden [63] in309

Supplementary Figures 7 (a) and (b). The items in the same Leiden cluster can be310

treated in similar context of embeddings with functional information, so we can visu-311

alize the functional similarity of different drugs and cell lines through embeddings.312

Since our pre-training dataset was published in June 2021 and GPT 3.5 collected data313

for pre-training until Sep 2021, considering the time needed for pre-training a LLM,314

we believe that the data from DrugComb were precluded in GPT 3.5.315

Pre-trained BAITSAO contributes to drug synergistic effect prediction316

under the multi-task condition. Here we investigated and pre-trained BAITSAO317

based on the optimal model structure. Specifically, we extended the model structure318

with a multi-task learning framework. By pre-training BAITSAO with large-scale319

synergy datasets, BAITSAO is able to predict both single drug inhibition and drug320

synergistic effect. For drug pairs, we expect to predict both drugs’ inhibition, thus we321

have a total of four tasks inspired by the pre-training datasets, including the regression322

task for synergy prediction, the classification task for synergy prediction, and regres-323

sion tasks for single-drug inhibition of each drug in the drug pairs. For the regression324

task of synergy prediction, we only considered predicting the synergy score under the325

Loewe setting because we show that the synergy scores computed based on other meth-326

ods are positively correlated with the Loewe score [64] in Supplementary Figure 8, and327

literature [14, 25] suggests using the threshold for generating a classification task from328
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box limits, upper and lower quartiles; whiskers, up to 1.5×interquartile range; points, outliers). The
explanations of datasets D1-D3 are summarized in the Methods section. (b) The explainability of
BAITSAO for the combination DEXAMETHASONE (drug)-DINACICLIB (drug) for different cell
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close to 0.05 are boldfaced. (c) The violin plot (n=6299 for non-synergy group; n=6116 for synergy
group; center point, median; box limits, upper and lower quartiles; whiskers, up to 1.5×interquartile
range; points, outliers) for the outputs of BAITSAO (Probability) across the synergistic labels. We
also present the two-side p-value in this figure. This panel supports the reliability of selected features
from SHAP. (d) The rank-based plot between the number of drugs-cell line combinations with synergy
(Count) and the index of drug combination (Index of drug combination). The index is ranked by the
value of Count. We present the Pearson correlation (corr) and two-side p-value in this figure. Source
data are provided as a Source Data file.
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Fig. 4 Statistics of the pre-training dataset from DrugComb. (a) The barplot for the number of drug-
cell lines combinations by different tissues. (b) The barplot for the number of cell lines by different
tissues. (c) The histogram for the distribution of synergy score computed based on Loewe [64]. The
x-axis is transferred into log scale. (d) The histogram for the distribution of single-drug IC 50 levels.
The x-axis is transferred into log scale. (e) 3D plot 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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the Loewe score. For other synergy scores including Zip score [65], HSA score [66], and329

Bliss score [67], we pre-trained specific models and restored the pre-training weights.330

Instead of using the simple average of loss functions from different tasks during the331

training process, we introduced the Uncertainty Weighting (UW) method [68] advo-332

cated by the performance evaluations of different multi-task learning strategies from333

[69] and improved the numerical stability and the validation strategy of this method.334

We first determined the tasks that can help each other in the multi-task learning335

framework by constructing the Help-Harm matrix. We sampled 1% of the pre-training336

dataset and trained task-specific models as well as multi-task models with paired337

tasks, and constructed the Help-Harm matrix shown in Figure 5 (a). According to338

this figure, joint training always boosts the classification task, while joint training339

with the classification task can help predict the synergy scores as well as inhibition340

levels for a single drug. Moreover, the relative inhibition (RI) information from one341

of the drugs in drug pairs did not show a significant contribution to other tasks, and342

incorporating this information reduced performance for the classification task. Since343

we had RI levels for both drug pairs, we removed the information of RI col in the344

training process, and collected three tasks in the pre-training stage. After finishing345

pre-training based on the sampled and full datasets, we plot the metrics for compar-346

ing the performance between BAITSAO under the STL framework and our final MTL347

framework in Figure 5 (b). MTL can improve the performance of BAITSAO for solving348

all regression-based tasks. We show the outputs from the hidden layers of BAITSAO349

by ground truth synergistic labels and predicted synergistic labels in Supplementary350

Figures 9 (a) and (b). According to these two figures, the learned drug embeddings351

for drugs with no synergistic effect tended to be co-embedded. Therefore, BAITSAO352

with the MTL framework is reasonable and superior in drug synergy analysis. Finally,353

we consider the generalization ability of BAITSAO with pre-trained weights. We con-354

ducted experiments based on three datasets we used in the subsection Selection of the355

model structure by evaluation without pre-training and visualized the results in Figure356

5 (c). We report the metrics based on five-fold cross-validation results. According to357

this figure, BAITSAO with the pre-training design after fine-tuning (BAITSAO-FT)358

is comparable or better for the regression and classification tasks, compared with359

BAITSAO without pre-training (BAITSAO-ZS). When evaluating the ZS mode, we360

ensured that the combinations used in the pre-training stage are not used for test-361

ing. Moreover, our fine-tuning stage used fewer epochs and we froze the shared layers362

during the fine-tuning process, thus our fine-tuning approach was more efficient. We363

note the potentials of BAITSAO under the zero-shot learning framework for solving364

this task. For example, BAITSAO-ZS showed a high ACC score in the evaluation365

based on D1. Moreover, for the metrics related to classification, BAITSAO-ZS had366

results higher than 0.5, and thus BAITSAO under the zero-shot learning framework367

was better than random guessing. We also performed Rank-sum tests [62] between the368

pre-training dataset and fine-tuning datasets and the results are shown in Supplemen-369

tary Figure 10, which demonstrated that samples in the fine-tuning datasets satisfied370

the OOD cases. Finally, we compared BAITSAO with other LLM-based models, dis-371

cussed in Appendix B, which shows that BAITSAO also has unique advantages. We372

also pre-trained other deep-learning-based synergy predictors, such as DeepSynergy,373
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DeepDDs, and MARSY based on their designed tasks and compared the fine-tuned374

version of these models with BAITSAO (ft). According to Supplementary Figure375

11, BAITSAO still shows better performances than other baselines with either fine-376

tuning mode or from-scratch mode. Therefore, the multi-task pre-training strategy of377

BAITSAO is unique and contributive, which leads to consistent improvement across378

different datasets. In summary, the combination of MTL and the pre-training process379

can improve the performance of BAITSAO on tasks related to drug synergy analysis.380

We then predicted the synergistic effect for the combination of three drugs (tri-381

drugs) and one cell line, with two examples shown in Figures 5 (d) and (e). The382

drug names and cell line names were extracted from DrugCombDB [71], which did383

not provide the observed synergistic information for the existing combinations. To384

enhance the reliability of our prediction results, we relied on Monte Carlo Dropout385

(MC Dropout) [72, 73] and ran inference 100 times to generate the prediction interval386

of different drug combinations. According to [74], MC Dropout was the only method387

considered in this benchmarking paper to estimate the mean and variance without388

extra hyper-parameters. Our full prediction results are summarized in Supplementary389

file 3. Here we compared the difference between the two combinations by changing the390

third drug. We found that the combination with I-BET151 was predicted to have a391

positive sign in the synergy score under Loewe, while the combination with I-BET was392

predicted to have a negative synergistic effect. As an explanation, although these two393

drugs can both combine with bromodomain and extra terminal domain (BET) with394

the same major targeted proteins [75, 76], I-BET151 was reported as an optimized395

version with excellent BET target potency and selectivity [76]. Therefore, we expected396

I-BET151 to have better efficacy and thus a higher synergy score. Another example397

from Figure 5 (e) presents the difference between PF562271 [77] and Saracatinib [78]398

as a third drug under the cell line MZ7-mel. The combination with PF562271 had a399

higher predicted synergy score compared with Saracatinib, which was supported by400

the experimental results from [79] as PF562271 generated higher growth inhibition.401

Therefore, the results from BAITSAO can help researchers to optimize drugs with402

higher synergistic effect and better clinical outcomes.403

Sensitivity analysis. Here we investigated the sensitivity of model training based404

on the statistics we collected. Figure 6 (a) displays the ablation results by consider-405

ing different types of embeddings as well as different types of combination rules for406

embeddings as model input. BAITSAO denotes our final choice for pre-training and407

fine-tuning. BAITSAO-v3 denotes that we utilized the updated embeddings from Ope-408

nAI in 2024 [80]. Mean denotes that we took the mean of drug embeddings and cell409

embeddings as input for training. Sum denotes that we took the sum of drug embed-410

dings and cell embeddings as input for training. SentStack denotes that we stacked411

the descriptions of different drugs and used the modified description to generate drug412

embeddings, and then stacked such drug embeddings with cell-line embeddings. Stack413

represents that we stacked the drug embeddings and cell embeddings by rows. Rdkit414

[41, 42] represents that we generated embeddings from Rdikt with SMILES and stacked415

the embeddings with cell embeddings from LLMs. This figure shows that averaging the416

drug embeddings and stacking them with cell embeddings by rows generated the best417

performance for all tasks. These results suggest the most effective way to incorporate418
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Fig. 5 Results under the multi-task learning framework. (a) The Help-Harm matrix for different
combinations of tasks. The values indicate the percentage (unit: %) of improvement using multi-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 [70] as acceptable improvement and half of the natural threshold 1%. (b) Comparisons for the
results under MTL and STL. The metric for regression tasks, including Loewe and RI row, is PCC.
The metric 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-trained model for these tasks under 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. (d) The 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. Source data are provided as a Source Data file.
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embeddings from different sources to construct the datasets for training and testing.419

Moreover, our approach strikes a good balance between efficiency and performance.420

According to Figure 6 (b), the running time of BAITSAO without pre-training was421

significantly lower than the classical methods DeepSynergy and SVM for drug syn-422

ergistic effect prediction. Moreover, the pre-trained BAITSAO with the fine-tuning423

framework converges at a much faster rate, thus pre-trained BAITSAO achieved an424

even faster running speed by comparing with MARSY and DeepDDs. Therefore, our425

training framework strikes a good balance between runtime and model performance.426

Both pre-training and fine-tuning stages can be finished with only one GPU, presenting427

no hardware barrier to deploy BAITSAO.428

We performed ablation tests for the MTL strategy, shown in Supplementary Figure429

12 for ablation of methods and Supplementary Figure 13 for ablation of task-specific430

layers. We compared the gradient matching-based approaches including PCGrad [81],431

GradVac [82], CAGrad [83], Nash-MTL [84] and the linear MTL framework Lin-432

earMTL [85, 86] with our revised UW approach and found that our choice generally433

had comparable or better results, especially for the classification task. Moreover, Lin-434

earMTL performed much worse than deep learning based methods on the regression435

type tasks. Therefore, we chose the revised UW as the method for the pre-training436

stage. Moreover, our final choice with one task-specific layer for each task had the best437

overall performance, and increasing the number of layers required more computing438

resources, thus we chose our design shown in Figure 1 (c).439

We also analyzed the relation between the size of the training dataset and model440

performance. We adjust the proportion we used for model training and visualize the441

relation between proportion and metrics in Figures 6 (c) for regression and (d) for442

classification. From these figures, a larger proportion tended to increase the model443

performance, with its limit for proportion ≥ 0.9 for these two tasks. Moreover, using444

only 0.1% training dataset to train a model for a classification task can still gen-445

erate relatively high ROCAUC, thus the classification task may not be difficult for446

BAITSAO.447

In Figures 6 (e) and (f), we examined the scaling law [87, 88] of BAITSAO. We448

adjusted the layer width of our model and plotted the relation between the layer width449

in the hidden layer and model performance for the regression task and the classification450

task. These figures show that we can model the relation between model parameters451

and model performance to predict performance, where more parameters lead to better452

performance. Therefore, the performance improvement of our model with scaling can453

be explained by the scaling law, and our model has good scalability. Our findings can454

help us understand the model training process in a better approach and determine455

the optimized source allocation of a fixed compute budget. For example, for machines456

that cannot support the version of BAITSAO with layer width as 10240, the version457

of BAITSAO with layer width as 4096 can also have acceptable performances and can458

be considered to deploy.459
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Fig. 6 Statistics of model training. (a) Ablation test results for BAITSAO with different input
formats. (n=5 per group; center line, median; box limits, upper and lower quartiles; whiskers, up to
1.5×interquartile range; points, outliers). (b) The comparison of running time for different methods.
We highlight the running time of BAITSAO and use the regression task as an example. (c) Plot for
the proportion of training dataset and PCC for BAITSAO under the regression task. We reported
(µ − σ, µ + σ) for each proportion, where µ represents the mean and σ represents the standard
deviation. (d) Plot for the proportion of training dataset and ROCAUC for BAITSAO under the
classification task. We reported (µ− σ, µ+ σ) for each proportion. (e) Plot for layer width and PCC
for BAITSAO under the regression task. We reported (µ− σ, µ+ σ) for each proportion. (f) Plot for
layer width and ROCAUC for BAITSAO under the classification task. We reported (µ−σ, µ+σ) for
each proportion. Source data are provided as a Source Data file.
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3 Discussion460

Predicting drug synergistic effect is important for drug development and patient treat-461

ment. In the past, limited by available experimental data, information on drugs/cell462

lines, and pipelines to predict drug synergistic effect, there are few approaches to463

predicting drug synergistic effect for general use. With the help of large-scale drug464

synergy information databases, LLMs, and an MTL framework, we introduced BAIT-465

SAO as a unified model with a general pipeline for drug synergistic effect prediction466

as well as single-drug inhibition prediction. BAITSAO optimized the network archi-467

tecture through comprehensive benchmarking analysis and was pre-trained based on468

the latest large-scale databases. It achieved top-tier performance in both regression469

tasks and classification tasks for drug synergistic effect prediction.470

There are two major contributions of our work. Firstly, we presented a unified471

pipeline to construct datasets for synergistic effect analysis for both drugs and cell472

lines based on the embeddings from LLMs, thus we mitigated the difference caused473

by aliases for drugs and cell lines of different datasets. We demonstrated that the474

embeddings contained functional information for drugs and cell lines. We proposed475

a new design to construct training datasets, thus we only need to utilize the over-476

lapped information across datasets for drug synergy analysis. Secondly, we pre-trained477

a unified model with a MTL framework for drug synergy analysis and single-drug478

inhibition analysis supported by rigorous task-selection steps. We demonstrated that479

BAITSAO benefited from the pre-training process and had good generalization abil-480

ity with fine-tuning in fewer steps compared with the training process from scratch.481

Moreover, pre-trained BAITSAO showed its potential as a good zero-shot reasoner for482

drug synergy prediction under the classification settings. Therefore, we overcame the483

generalization issue in previous work based on transfer learning [21] and proposed a484

new avenue for the construction of BAITSAO for drug synergy analysis.485

We conducted a sensitivity analysis to offer guidance for future model deployment.486

We showed that our current hyper-parameter settings and data construction methods487

are the optimal choices by hyper-parameter tuning and ablation tests. We also ana-488

lyzed the relation between the proportions of data we used for training and model489

performance. While increasing training data proportions tended to improve predic-490

tion, BAITSAO performed well for the classification task for small data scales. Finally,491

we investigated the scaling law of BAITSAO and showed that the model performance492

is predictable and we could increase the model performance by scaling up BAITSAO493

for drug synergy prediction.494

In conclusion, we have developed BAITSAO, an explainable model for drug synergy495

prediction, and demonstrated the superiority of BAITSAO over other methods by496

comprehensive benchmarking analysis and rigorous sensitivity analysis. We hope that497

BAITSAO can help researchers to better understand the process of drug synergistic498

effect prediction and further help in optimizing drug structures for drug design and499

discovering novel drug combinations with synergistic effects for clinical usage.500

Furthermore, we also found that BAITSAO might not work well for drugs without501

a clear functional or chemical description in the early stage of drug development,502

which is a potential limitation of our application scenarios of all functional-based503

synergy predictors. In the future, we plan to incorporate more updated drug synergy504
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databases to keep this model updated, and we also plan to combine this model with505

information from genomics including single-cell data [89] and genome-wide association506

studies (GWAS) [90], especially for early-stage and novel drugs.507

4 Methods508

Problem definition. In this manuscript, we intend to construct a dataset D = (X,Y )509

and pre-train a model known as M for the prediction of values in Y n×t, where n510

represents the number of combinations between drug pairs and the cell line, and t511

represents the number of tasks. Here Xn×p represents the feature space with n samples512

and p features. We then split the dataset D into Dtrain = (X,Y )n0
i=1 for training and513

Dval = (X,Y )n1
i=1 for validation. Our target is to train a model M∗ based on Dtrain514

and then select the optimal model based on Dval. That is,515

θ∗ = argminθLm(M(Xval, θ), Yval), (1)

where M(, θ) represents the pre-trained model with parameter θ, and θ∗ represents516

the optimal model parameters. Lm represents multi-task learning loss. After obtaining517

the optimal model, we apply the model M∗(, θ∗) for a new dataset containing out-of-518

distribution (OOD) data, known as Dtest.519

Construction of pre-training datasets and testing datasets. One major520

contribution of our work is to unify the features we need to predict the drug-related521

information for both the synergistic effect and inhibition effect. We at least need the522

names of drugs and cell lines. Considering we have a drug pair (d1, d2) and a cell line523

(c1), our idea is to generate the description of both drugs as W (d1),W (d2) and the524

cell line as W (c1) based on LLMs such as GPT 3.5, and then utilize the embeddings525

tool of GPT 3.5 to transfer the text description into embeddings with e dimensions.526

Therefore, our final sample x ∈ X is defined as:527

x = AV G(emb(W (d1)), emb(W (d2)))||emb(W (c1))||#d, (2)

where AV G() represents the functions to compute the mean of the given variables, and528

emb() is the function to obtain the embeddings of the input. #d represents the number529

of drugs we used, which can be encoded as embeddings [91]. We take the unbiased530

estimation of the drug combination in the feature levels by computing the average531

value of embeddings, and we show that this approach works better than other types532

of feature integration in the sensitivity analysis section of the manuscript. Notably,533

this approach also scales for more drug combinations. Considering the case of k drugs534

with the cell line ci, we define one sample x ∈ X as:535

x = AV G(emb(W (d1)), ..., emb(W (dk)))||emb(W (ci))||k. (3)

Therefore, for an arbitrary input dataset with feature space X containing drug536

information and cell-line information, we can transfer the samples in the given dataset537

from the text space to the numerical space, thus we unify the input data format for this538

task. Furthermore, to predict the drug synergistic effect, we consider both regression539
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and classification. In the case of regression, we intend to predict the specific synergy540

score of samples. To compute the synergistic effect based on IC 50 information, under541

different rules, we can have different scores. Here we consider four methods to model542

the synergy scores, known as HSA, Bliss, Loewe and ZIP. If we consider N drugs with543

multi-drug combination effect as EA,B,...,N and we intend to compute the synergy544

scores SHSA, SBliss, SLoewe, and SZIP , according to [5], we have:545

SHSA = EA,B,...,N − max (EA, EB , . . . , EN ) . (4)

SBliss =EA,B,...,N − (EA + EB + . . . + EN − EAEB (5)

−EAEN − EBEN − . . .− EAEB . . . EN ) . (6)

SLoewe =
a

EA
+

b

EB
+ . . . +

n

EN
. (7)

SZIP =EA,B,...,N −


(

xA

mA

)λA

1 +
(

xA

mA

)λA
+

(
xB

mB

)λB

1 +
(

xB

mB

)λB
+ . . . (8)

+

(
xN

mN

)λN

1 +
(

xN

mN

)λN
−

(
xA

mA

)λA

1 +
(

xA

mA

)λA

(
xB

mB

)λB

1 +
(

xB

mB

)λB
(9)

−

(
xA

mA

)λA

1 +
(

xA

mA

)λA

(
xN

mN

)λN

1 +
(

xN

mN

)λN
(10)

−

(
xB

mB

)λB

1 +
(

xB

mB

)λB

(
xN

mN

)λN

1 +
(

xN

mN

)λN
− · · · (11)

−

(
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mA

)λA

1 +
(

xA

mA

)λA

(
xB

mB

)λB

1 +
(

xB

mB

)λB
· · ·

(
xN

mN

)λN

1 +
(

xN

mN

)λN

 . (12)

Here we have EA, EB , ..., EN as measured responses of different drugs, and a, b, ..., n546

represent the doses of the single drugs we need to produce the combination effect.547

Moreover, to compute SZIP , we have xN as the dose of drug N fitted with the four-548

parameter log-logistic model, and mN represents the dose we need to produce the549

half-maximum effect (IC 50). We also have λN as the shape parameter to indicate the550

slope of the dose-response curve. In the MTL case, we consider SLoewe for the targets551
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of regression. We also pre-train models to predict the other three scores. All of the552

synergy scores are extracted from the database of DrugComb.553

In order to characterize the inhibitory effects of individual drugs, we introduce554

the RI score in the prediction task. RI score is the normalized area under the555

log10−transformed dose-response curves. RI scores of all drugs are also extracted from556

the database of DrugComb.557

In the case of classification, we intend to predict whether the given drug pair has558

a synergistic effect under a specific cell line, which is a binary classification problem.559

To construct the dataset for this task, we set the threshold of SLoewe to binarize the560

synergistic effect of different drug combinations. Since not all of the testing datasets561

in the real world contain data for both regression and classification, thus introducing562

a classification task is meaningful.563

Investigation of embeddings. We set up different methods to ensure that564

embeddings from LLMs contain the necessary information to describe the proper-565

ties of drugs and cell lines. We consider two prompt engineering approaches for566

description generation, including MetaPrompt [47] and Chain-of-Thought (COT) [47].567

MetaPrompt introduces a system prompt for LLMs and generates the outputs condi-568

tioned on the context. COT allows LLMs to obtain complex reasoning capabilities by569

forcing models to address the problem with intermediate steps. We also generate text570

descriptions and embeddings for drugs and cell lines from the dataset used by Deep-571

synergy (D1). We check the correctness of the all descriptions and the similarity of 10572

sampled embeddings across different drugs to evaluate the correctness. Moreover, we573

change the random seed to generate different descriptions as well as embeddings to574

check the variance of drug embeddings from the same drug. We also record the descrip-575

tion of cell lines in Supplementary file 1. Furthermore, we modify CPA to predict gene576

expression under different perturbations enhanced by drug embeddings from LLMs.577

In this step, we replace the original drug embeddings used in the CPA with our new578

embeddings. This approach allows us to check the correctness of embeddings from the579

application perspective. We use R2 scores to evaluate the performances. To compute580

the R2 score, we have the ground truth synergy score y and predicted synergy score581

ŷ and follow its definition:582

R2 = 1 −
∑

i(yi − ŷi)
2∑

i(yi − ȳ)2
, (13)

where ȳ means that we compute the average value of the input variable y. R2 represents583

the explanation of independent variables for the dependent variable. Higher R2 means584

better model performance.585

Therefore, our assessment of the quality of embeddings takes into account586

meanings, variance, and applications.587

Hyper-parameter searching. We summarize the search space for hyper-588

parameters of each method in Table 1. The best hyper-parameter setting is determined589

by the performance of models based on the validation dataset.590

Here lr means learning rate, Dropout means dropout rate (the ratio of neurons we591

intend to close during the training process), max depth means the maximal depth for592
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Table 1 Hyper-parameter 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 hyper-parameters from [19]
DeepSynergy Optimal hyper-parameters from [14]
Lasso alpha:[1,10]
MARSY Optimal hyper-parameters from [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]

tree-based models, n estimators means the number of estimators for tree-based mod-593

els, min child weight means the minimal weights of child nodes in tree-based models,594

C means the regularization weight for SVM, n steps means the number of decision595

steps in the model architecture, n a means the width of the attention embedding for596

each masked choice, n d means the width of the prediction layer, gamma means the597

coefficient for the feature re-usage in the masking process, epochs mean the number598

of epochs we used to train the model, alpha represents the regularization coefficient599

for Lasso. We present the results under different hyper-parameters for BAITSAO in600

Supplementary Figures 14 (a) and (b). We find that lr plays a more important role601

in the training process while adjusting the dropout rate does not affect the model602

performance much.603

Selection of model architecture. After setting up the pre-training dataset,604

we seek a suitable model architecture. Since deep neural networks (DNNs) related605

methods have shown impressive performance as a base model for large-scale models [92,606

93], we construct the pre-training architecture of BAITSAO based on DeepSynergy.607

To assess the strength of our model architecture, we remove the pre-training step and608

compare BAITSAO with other methods for both the regression task and classification609

task with three different datasets. We also determine the hyper-parameters of model610

training in this stage. The superiority of BAITSAO is shown in the Results section,611

and we expect to see its similar performance at both the pre-training and fine-tuning612

stages.613

In the model architecture selection stage, we utilize Adam [94] as the optimizer614

and ReduceLROnPlateau [91] as the learning rate scheduler. The starting learning615

rate for D1 and D3 is 1e-5, while it is 1e-4 for D2. The dropout rate is 0.2, and the616

patience for the scheduler is 10. Our patience for early-stopping step is 100, and the617

maximum number of epochs is 1000.618

Explainability. The design of BAITSAO allows us to characterize the relevance619

between the specific gene and drug combinations across different cell lines. To perform620

this analysis, the input format of one combination becomes:621

x′ = AV G(emb(W (d1)), ..., emb(W (dk)))||exp(ci)||emb(W (ci))||k, (14)
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where exp(ci) represents the gene expression profile for the cell line i. After the training622

process, we can extract the importance of different genes based on SHAP. For gene j,623

its importance for the synergistic effect of drug combinations (d1, ..., dk) for cell line624

ci can be calculated as:625

Ij = ShapV alue(M, x′), (15)

where Ij represents the importance and x′ was defined above. ShapV alue() is a func-626

tion to compute the importance with model M and input x′. Here larger Ij represents627

more importance in the prediction process.628

We select 1000 highly-variable genes for the analysis of explainability. This number629

is determined by adjusting the number of genes to achieve the best model performance.630

Our tuning results are shown in Supplementary Figure 15.631

For the bulk RNA-seq datasets of different cell lines, we use DESeq2 to identify632

DEGs by comparing groups with and without predicted drug synergistic effects.633

For the two scRNA-seq datasets used for validating our selected genes, we follow634

the pre-processing pipeline of Scanpy [95] and run the Wilcoxon rank-sum test to635

access the list of DEGs.636

Pre-training BAITSAO under the multi-task learning framework. Here637

we explain our settings for the multi-task learning framework. After filtering tasks638

based on the constructed help-harm matrix, we consider three tasks: 1. Prediction639

of SLoewe as a regression task. 2. Prediction of RI for one drug as a regression task.640

3. Prediction of drug synergistic effect as a binary classification task. Therefore, we641

have two regression tasks and one classification task, and their loss functions are642

represented as L1,L2, and L3. Traditionally, we construct the final loss function as a643

linear combination:644

Lm =

nt∑
i=1

wiLi, (16)

where wi represents the pre-defined weights for the loss function Li and nt = 3.645

However, determining the values of the weights is difficult. Moreover, it is a strong646

assumption that the weights do not change during training is also a very strong647

assumption. Therefore, we introduce the uncertainty of loss function in this process648

and make the weights learnable. Typically, by choosing mean squared error (MSE) as649

the loss function in the training process for the regression task, we have the equivalent650

maximum likelihood framework of a Gaussian distribution for prediction output y and651

model M. Therefore, the log-likelihood of the regression task can be represented as:652

log(p(y|M(x, θ))) ∝ − 1

2σ2
||y −M(x, θ)||2 − logσ, (17)

where the uncertainty is defined as σ, and x represents model input. σ is a learnable653

parameter. Similarly, for a classification problem, we can represent the log-likelihood654

based on a Softmax function, that is:655

log(p(y|M(x, θ))) = log(Softmax(
1

σ2
M(x, θ))), (18)

where Softmax(x)i = exp(xi)∑p
j exp(xj)

, and p represents the length of x.656
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Therefore, the final loss function can be represented as maximizing the joint dis-657

tribution of three tasks. In the validation stage, we minimize the maximal term in658

the loss function group rather than the original weighted loss function design from659

UW. We also add a constant term ϵ to ensure the numerical stability, so our final loss660

function is:661

Lm = −log(p(y1, y2, y3|M(x, θ))) (19)

≈ 1

2σ2
1 + ϵ

L1(y1,M(x, θ)) +
1

2σ2
2 + ϵ

L2(y2,M(x, θ)) (20)

+
1

σ2
3 + ϵ

L3(y3,M(x, θ)) + log(σ1σ2σ3). (21)

In the pre-training stage, we utilize Adam [94] as optimizer and ReduceLROn-662

Plateau [91] as the learning rate scheduler. The starting learning rate is 1e-4, the663

dropout rate is 0.2, and the patience for the scheduler is 100. Our patience of early-664

stopping step is 500, and the maximum number of epochs is 1000. The number of665

combinations we used for pre-training is 739,652, including 4268 unique drugs and 288666

unique cell lines.667

After finishing the pre-training step, we test the model performance on the test-668

ing datasets under both the zero-shot learning case and the fine-tuning case with a669

parameter-freezing design. We also extend the prediction of the synergistic effect to670

the case of n (n ≥ 3) drug combinations. Finally, we include a tutorial in our code671

repository for both the fine-tuning approach and the zero-shot inference approach.672

We also pre-train other baselines, including DeepSynergy [14], DeepDDs [19], and673

MARSY [18], based on the same dataset. Details of model comparison are discussed674

in the Results section.675

Zero-shot query and multi-drug prediction. Our model is capable of zero-676

shot synergy effect prediction. By transferring the knowledge and information of drugs677

and cell lines into embeddings through GPT 3.5 and the embedding layer, users can678

generate embeddings of arbitrary combinations as input for querying the synergy679

effects with a pre-trained BAITSAO.680

For the combinations with three or more drugs, we directly generate the synergy681

score under the pre-trained model with the zero-shot learning framework. The three-682

drug case we used in the main text is from a known database, while it is possible to683

explore combinations with a larger number of drugs as long as the combinations are684

practical and meaningful. To access the determined predicted value, we do not use the685

dropout layers in the testing process. To access the predicted value with uncertainty, we686

keep the dropout layers in the testing process and repeat the prediction process for 100687

times to access the estimation of mean and standard deviation for each combination.688

Such approach is known as MC Dropout.689

We summarize the details of zero-shot query as a tutorial in our code repository.690

Model evaluation. We consider four different metrics to evaluate the performance691

of different models for the drug synergistic effect prediction task, with two metrics for692

regression and two metrics for classification.693
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For the regression task, we consider two metrics: Pearson correlation coefficient694

(PCC) and Mean Squared Error (MSE).695

1. PCC: Since we know the ground truth synergy score y and predicted synergy696

score ŷ, we can directly compute the PCC as:697

PCC(y, ŷ) =
COV (y, ŷ)

σ(y)σ(ŷ)
, (22)

where COV () is the function to compute the covariance of two variables, and σ() is698

the function to compute the standard deviation of the input variable. Higher PCC699

means better model performance.700

2. MSE: To compute the mean squared error, we have the ground truth synergy701

score y and predicted synergy score ŷ and follow its definition:702

MSE =
1

n

n∑
i=1

(yi − ŷi)
2, (23)

where i represents the index of samples, and lower MSE means better model703

performance.704

For the classification task, we consider two metrics: Area under the ROC Curve705

(ROCAUC) and Accuracy (ACC).706

1. ROCAUC: To compute this metric, we construct the relation between the true-707

positive rate and the false-positive rate under different probability thresholds. Such708

relation can be reflected in the ROC curve. We then compute the area under the709

ROC curve, and this area represents ROCAUC. Higher ROCAUC means better model710

performance.711

2. ACC: To compute this metric, we have the ground truth synergistic effect712

condition yn×1 and predicted binary value ŷ, we then compute the ACC as:713

ACC =

∑n
i=1 1yi=ŷi

n
, (24)

where 1yi=ŷi
is a indicator function and only takes 1 when yi = ŷi. Higher ACC means714

better model performance.715

We report the mean and standard deviation of these metrics by using five-fold716

cross-validation for each dataset.717

Overview of other methods. In this section, we summarize the benchmarking718

methods used in our work. These methods (ranked in alphabetical order) include:719

• BERT: BERT is a pre-trained bi-directional transformer for language understand-720

ing. For this model, we construct the training datasets and testing datasets directly721

from drug descriptions and cell-line descriptions. The problem is then formalized as722

Question-answering case for both classification and regression tasks.723

• DeepDDs [19]: DeepDDs is a Graph Neural Network (GNN)-based method for drug724

synergistic effect prediction. This method can only handle the classification task.725
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The training dataset of DeepDDs is constructed base on features of drugs as graphs726

from chemical information and gene expression levels from cell lines.727

• DeepSynergy [14]: DeepSynergy is a DNN-based method for drug synergistic effect728

prediction. This method can handle both the regression task and the classification729

task, by changing the loss function and the activation function of the last network730

layer. The training dataset of DeepSynergy follows its default mode, including fea-731

tures of drugs from chemical information and cell-line features from gene expression732

levels.733

• Lasso [39, 52]: Lasso is a regularized regression method for drug synergistic effect734

prediction. This method can handle both the regression task and the classification735

task, by using the default mode or logistic regression mode with L1 penalty. The736

training dataset of Lasso is constructed based on the drug embeddings and cell-line737

embeddings from LLMs.738

• MARSY [18]: MARSY is a DNN-based method with multi-task learning framework739

for drug synergistic effect prediction. This method can only handle the regression740

task. The training dataset of MARSY is constructed based on features of drugs from741

chemical information, gene expression levels from cell lines and tissue information.742

• SVM [39, 49]: SVM is a machine learning method based on constructing decision-743

making boundaries for drug synergistic effect prediction. This method can handle744

both the regression task and the classification task, by using SVR or SVC. The745

training dataset of SVM is constructed based on the drug embeddings and cell-line746

embeddings from LLMs.747

• TabNet [50]: TabNet is a DNN-based method with transformer architecture for drug748

synergistic effect prediction. TabNet combines the ideas from both neural network749

design and tree-model design. This method can handle both the regression task and750

the classification task, by changing the loss function and the activation function of751

the last network layer. The training dataset of TabNet is constructed based on the752

drug embeddings and cell-line embeddings from LLMs.753

• TreeComb [15]: TreeComb is an explainable machine learning method based on754

XGBoost for drug synergistic effect prediction. This method can handle both the755

regression task and the classification task, by using XGBREGRESSOR or XGB-756

CLASSIFIER. The training dataset of TreeComb is constructed based on the drug757

embeddings and cell-line embeddings from LLMs.758

Datasets preparation. We utilize public datasets from DrugComb v1.5 for pre-759

training. For the regression task, we have one dataset from DeepSynergy (as D1, which760

is processed in the original paper) using Loewe as the synergy score computation761

method. We also have one dataset from MARSY (as D2, which is processed in the762

original paper) using ZIP as the synergy score computation method. For the classifi-763

cation task, we have one dataset from DeepSynergy (as D1) using the Loewe synergy764

score with a threshold. We also have one dataset from DeepDDs with a known binary765

synergistic effect condition (as D3 [96]). For multi-drug synergistic effect inference, we766

utilize one dataset from DrugCombDB. Every dataset at least contains the names of767

drugs and cell lines.768
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5 Data availability769

We do not generate new data in this research and all data used in this manuscript are770

publicly available. The DrugComb data used in this study are available under acces-771

sion code DrugCombDownload. The training and testing data used in this study are772

available under accession code D1, D2, and D3. The scRNA-seq data used in this study773

are available under accession code GSE215121 and SCP109. We collect the informa-774

tion of downloading training datasets as well as their statistics in Supplementary file775

4. Source data are provided with this paper.776

6 Reproductivity and codes availability777

We used the resources from the Yale High Performance Center (Yale HPC) and778

UCLA Computing Servers to conduct all of the experiments. Our maximum run-779

ning time for each dataset was 24 hours and maximum RAM was 100 GB. The780

version of GPU we used is NVIDIA A5000 (24 GB) for fine-tuning and single task781

learning, and NVIDIA A100 (40GB) for pre-training. The codes of BAITSAO can782

be found in https://github.com/HelloWorldLTY/BAITSAO and https://doi.org/10.783

5281/zenodo.15105815 with MIT license. The pre-trained weights can be found in784

https://huggingface.co/iLOVE2D/BAITSAO. The version of softwares used for data785

collection and model training is summarized in Supplementary file 4.786
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[74] Kirchhof, M., Mucsányi, B., Oh, S.J., Kasneci, D.E.: Url: A representation1008

learning benchmark for transferable uncertainty estimates. Advances in Neural1009

Information Processing Systems 36 (2024)1010

[75] Sigma-Aldrich’s I-BET. https://www.emdmillipore.com/US/en/product/1011

I-BET-CAS-1260907-17-2-Calbiochem,EMD BIO-401010. Accessed:1012

2024-01-171013

[76] Selleck’s I-BET151 (GSK1210151A). https://www.selleckchem.com/products/1014

i-bet151-gsk1210151a.html. Accessed: 2024-01-171015

[77] Selleck’s PF-562271. https://www.selleckchem.com/products/pf-562271.html.1016

Accessed: 2024-01-291017

[78] Selleck’s Saracatinib. https://www.selleckchem.com/products/AZD0530.html.1018

Accessed: 2024-01-291019

32

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 2, 2025. ; https://doi.org/10.1101/2024.04.08.588634doi: bioRxiv preprint 

https://proceedings.mlr.press/v48/gal16.html
https://www.emdmillipore.com/US/en/product/I-BET-CAS-1260907-17-2-Calbiochem,EMD_BIO-401010
https://www.emdmillipore.com/US/en/product/I-BET-CAS-1260907-17-2-Calbiochem,EMD_BIO-401010
https://www.emdmillipore.com/US/en/product/I-BET-CAS-1260907-17-2-Calbiochem,EMD_BIO-401010
https://www.selleckchem.com/products/i-bet151-gsk1210151a.html
https://www.selleckchem.com/products/i-bet151-gsk1210151a.html
https://www.selleckchem.com/products/i-bet151-gsk1210151a.html
https://www.selleckchem.com/products/pf-562271.html
https://www.selleckchem.com/products/AZD0530.html
https://doi.org/10.1101/2024.04.08.588634
http://creativecommons.org/licenses/by-nc-nd/4.0/


[79] Saatci, O., Kaymak, A., Raza, U., Ersan, P.G., Akbulut, O., Banister, C.E.,1020

Sikirzhytski, V., Tokat, U.M., Aykut, G., Ansari, S.A., et al.: Targeting lysyl1021

oxidase (lox) overcomes chemotherapy resistance in triple negative breast cancer.1022

Nature communications 11(1), 2416 (2020)1023

[80] New embedding models and API updates. https://openai.com/blog/1024

new-embedding-models-and-api-updates. Accessed: 2024-01-271025

[81] Yu, T., Kumar, S., Gupta, A., Levine, S., Hausman, K., Finn, C.: Gradient1026

surgery for multi-task learning. In: Larochelle, H., Ranzato, M., Hadsell, R.,1027

Balcan, M.F., Lin, H. (eds.) Advances in Neural Information Processing Systems,1028

vol. 33, pp. 5824–5836 (2020). https://proceedings.neurips.cc/paper files/paper/1029

2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf1030

[82] Wang, Z., Tsvetkov, Y., Firat, O., Cao, Y.: Gradient vaccine: Investigating and1031

improving multi-task optimization in massively multilingual models. In: Interna-1032

tional Conference on Learning Representations (2021). https://openreview.net/1033

forum?id=F1vEjWK-lH1034

[83] Liu, B., Liu, X., Jin, X., Stone, P., Liu, Q.: Conflict-averse gradient descent1035

for multi-task learning. Advances in Neural Information Processing Systems 34,1036

18878–18890 (2021)1037

[84] Navon, A., Shamsian, A., Achituve, I., Maron, H., Kawaguchi, K., Chechik,1038

G., Fetaya, E.: Multi-task learning as a bargaining game. In: International1039

Conference on Machine Learning, pp. 16428–16446 (2022). PMLR1040

[85] LinearMTL. GitHub (2018)1041

[86] Kim, S., Xing, E.P.: Tree-guided group lasso for multi-response regression with1042

structured sparsity, with an application to eqtl mapping. The Annals of Applied1043

Statistics 6(3), 1095 (2012)1044

[87] Frantar, E., Ruiz, C.R., Houlsby, N., Alistarh, D., Evci, U.: Scaling laws for1045

sparsely-connected foundation models. In: The Twelfth International Confer-1046

ence on Learning Representations (2024). https://openreview.net/forum?id=1047

i9K2ZWkYIP1048

[88] Kaplan, J., McCandlish, S., Henighan, T., Brown, T.B., Chess, B., Child, R.,1049

Gray, S., Radford, A., Wu, J., Amodei, D.: Scaling laws for neural language1050

models. arXiv preprint arXiv:2001.08361 (2020)1051

[89] Heumos, L., Schaar, A.C., Lance, C., Litinetskaya, A., Drost, F., Zappia, L.,1052

Lücken, M.D., Strobl, D.C., Henao, J., Curion, F., et al.: Best practices for1053

single-cell analysis across modalities. Nature Reviews Genetics, 1–23 (2023)1054

[90] Sun, N., Zhao, H.: Statistical methods in genome-wide association studies.1055

33

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 2, 2025. ; https://doi.org/10.1101/2024.04.08.588634doi: bioRxiv preprint 

https://openai.com/blog/new-embedding-models-and-api-updates
https://openai.com/blog/new-embedding-models-and-api-updates
https://openai.com/blog/new-embedding-models-and-api-updates
https://proceedings.neurips.cc/paper_files/paper/2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/3fe78a8acf5fda99de95303940a2420c-Paper.pdf
https://openreview.net/forum?id=F1vEjWK-lH_
https://openreview.net/forum?id=F1vEjWK-lH_
https://openreview.net/forum?id=F1vEjWK-lH_
https://openreview.net/forum?id=i9K2ZWkYIP
https://openreview.net/forum?id=i9K2ZWkYIP
https://openreview.net/forum?id=i9K2ZWkYIP
https://doi.org/10.1101/2024.04.08.588634
http://creativecommons.org/licenses/by-nc-nd/4.0/


Annual Review of Biomedical Data Science 3, 265–288 (2020)1056

[91] Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen,1057

T., Lin, Z., Gimelshein, N., Antiga, L., et al.: Pytorch: An imperative style, high-1058

performance deep learning library. Advances in neural information processing1059

systems 32 (2019)1060

[92] Awais, M., Naseer, M., Khan, S., Anwer, R.M., Cholakkal, H., Shah, M., Yang,1061

M.-H., Khan, F.S.: Foundational models defining a new era in vision: A survey1062

and outlook. arXiv preprint arXiv:2307.13721 (2023)1063

[93] Campos Zabala, F.J.: Neural networks, deep learning, foundational models.1064

In: Grow Your Business with AI: A First Principles Approach for Scal-1065

ing Artificial Intelligence in the Enterprise, pp. 245–275. Apress, Berkeley,1066

CA (2023). https://doi.org/10.1007/978-1-4842-9669-1 10 . https://doi.org/10.1067

1007/978-1-4842-9669-1 101068

[94] Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization. In: Bengio,1069

Y., LeCun, Y. (eds.) 3rd International Conference on Learning Representations,1070

ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track Proceedings1071

(2015). http://arxiv.org/abs/1412.69801072

[95] Wolf, F.A., Angerer, P., Theis, F.J.: Scanpy: large-scale single-cell gene expres-1073

sion data analysis. Genome biology 19, 1–5 (2018)1074

[96] O’Neil, J., Benita, Y., Feldman, I., Chenard, M., Roberts, B., Liu, Y., Li, J.,1075

Kral, A., Lejnine, S., Loboda, A., et al.: An unbiased oncology compound screen1076

to identify novel combination strategies. Molecular cancer therapeutics 15(6),1077

1155–1162 (2016)1078

[97] Sounni, N.E., Baramova, E.N., Munaut, C., Maquoi, E., Frankenne, F., Foidart,1079

J.-M., Noël, A.: Expression of membrane type 1 matrix metalloproteinase1080

(mt1-mmp) in a2058 melanoma cells is associated with mmp-2 activation and1081

increased tumor growth and vascularization. International journal of cancer1082

98(1), 23–28 (2002)1083

[98] Vizuete, A.F.K., Hansen, F., Negri, E., Leite, M.C., Oliveira, D.L., Gonçalves,1084
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10 Figure Legends1141

Figure 1: An overview of BAITSAO as a FM under the pre-training and fine-1142

tuning/zero-shot learning pipeline. (a) The pre-processing steps we used to transfer1143

the meta information into embeddings to construct training datasets. (b) The model1144

architecture of BAITSAO under a multi-task learning framework. (c) Comparisons of1145

different methods for drug synergy analysis. (d) Different functions of BAITSAO.1146

Figure 2: Investigation of drug embeddings. (a) The heatmap for the similarity of1147

embeddings across all the drugs. (b) Exploration of drug similarity related to MK-1148

4541. The drugs above the red line represent the two most similar drugs, while the1149

drugs below the red line represent the most different drug. We list five types of clinical1150

trial information ranked by the phases. Source data are provided as a Source Data file.1151
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Figure 3: Results of evaluations for model structure, reliability and explainability.1152

(a) Evaluations for BAITSAO and other methods. Each panel represents one metric1153

with two datasets. The ranks of methods are averaged by datasets. Data are presented1154

as boxplots (n=5 per group; center line, median; box limits, upper and lower quartiles;1155

whiskers, up to 1.5×interquartile range; points, outliers). The explanations of datasets1156

D1-D3 are summarized in the Methods section. (b) The explainability of BAITSAO1157

for the combination DEXAMETHASONE (drug)-DINACICLIB (drug) for different1158

cell lines. We also list the ranks based on variance (HVG rank) and the adjusted1159

p-value based on DESeq2 analysis results for each gene. The genes with adjusted p-1160

value for multiple comparisons smaller or close to 0.05 are boldfaced. (c) The violin1161

plot (n=6299 for non-synergy group; n=6116 for synergy group; center point, median;1162

box limits, upper and lower quartiles; whiskers, up to 1.5×interquartile range; points,1163

outliers) for the outputs of BAITSAO (Probability) across the synergistic labels. We1164

also present the two-side p-value in this figure. This panel supports the reliability of1165

selected features from SHAP. (d) The rank-based plot between the number of drugs-1166

cell line combinations with synergy (Count) and the index of drug combination (Index1167

of drug combination). The index is ranked by the value of Count. We present the1168

Pearson correlation (corr) and two-side p-value in this figure. Source data are provided1169

as a Source Data file.1170

Figure 4: Statistics of the pre-training dataset from DrugComb. (a) The barplot1171

for the number of drug-cell lines combinations by different tissues. (b) The barplot1172

for the number of cell lines by different tissues. (c) The histogram for the distribution1173

of synergy score computed based on Loewe [64]. The x-axis is transferred into log1174

scale. (d) The histogram for the distribution of single-drug IC 50 levels. The x-axis is1175

transferred into log scale. (e) 3D plot for the relation between single-drug IC 50 levels1176

and synergy score. (f) The heatmap for the overlap of combinations across different1177

tissues. Source data are provided as a Source Data file.1178

Figure 5: Results under the multi-task learning framework. (a) The Help-Harm1179

matrix for different combinations of tasks. The values indicate the percentage (unit:1180

%) of improvement using multi-task learning compared to single-task learning (STL)1181

defined by the tasks in rows. The columns represent the paired tasks. We boldfaced1182

blocks with increments larger than 0.5%, which is a threshold reported in [70] as1183

acceptable improvement and half of the natural threshold 1%. (b) Comparisons for1184

the results under MTL and STL. The metric for regression tasks, including Loewe1185

and RI row, is PCC. The metric for the classification task, including Classification, is1186

ROCAUC. (c) Comparisons for the results under different training settings. Data are1187

presented in boxplots (n=5 per group; center line, median; box limits, upper and lower1188

quartiles; whiskers, up to 1.5×interquartile range; points, outliers). Here BAITSAO-1189

FT represents that we fine-tuned the pre-trained model, BAITSAO-ZS represents that1190

we applied the pre-trained model for these tasks under zero-shot learning framework,1191

and BAITSAO-FS represents that we did not use the pre-trained weights for these1192

tasks. Here FT means fine-tuning, ZS means zero-shot learning and FS means from1193

scratch. We included four metrics across three datasets for comparisons. (d) The first1194

example of tri-drug cases for drug synergy prediction with BAITSAO. (e) The second1195
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example of tri-drug cases for drug synergy prediction with BAITSAO. Source data are1196

provided as a Source Data file.1197

Figure 6: Statistics of model training. (a) Ablation test results for BAITSAO with1198

different input formats. (n=5 per group; center line, median; box limits, upper and1199

lower quartiles; whiskers, up to 1.5×interquartile range; points, outliers). (b) The1200

comparison of running time for different methods. We highlight the running time of1201

BAITSAO and use the regression task as an example. (c) Plot for the proportion1202

of training dataset and PCC for BAITSAO under the regression task. We reported1203

(µ− σ, µ + σ) for each proportion, where µ represents the mean and σ represents the1204

standard deviation. (d) Plot for the proportion of training dataset and ROCAUC for1205

BAITSAO under the classification task. We reported (µ−σ, µ+σ) for each proportion.1206

(e) Plot for layer width and PCC for BAITSAO under the regression task. We reported1207

(µ−σ, µ+σ) for each proportion. (f) Plot for layer width and ROCAUC for BAITSAO1208

under the classification task. We reported (µ − σ, µ + σ) for each proportion. Source1209

data are provided as a Source Data file.1210
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A Analysis of important genes based on synergy1211

prediction and single-cell datasets for melanoma1212

cells1213

In Figure 17, we show the explainability of different genes based on the drug com-1214

bination: DEXAMETHASONE-DINACICLIB on the cell line A2058, which is a cell1215

line for melanoma cells [97]. We repeated the training process three times with differ-1216

ent random seeds and computed the average importance of genes for the analysis of1217

a single cell line, thus we reduced the negative effect of randomness. We also found1218

support for these two drugs as CDK inhibitors for affecting the expression levels of1219

the 1st gene S100B [98, 99] and 2nd gene TYR [100, 101] ranked by the importance.1220

Therefore, by analyzing the case of a single cell line, we linked the targets of indi-1221

vidual drugs to genes, thus offering more information on treatments for the specific1222

cancer type. Furthermore, we list the rank of selected genes based on their variance in1223

Figure 17, and the top 5 genes have lower rank compared with important genes from1224

all cell lines. Moreover, we considered running enrichment analysis based on GO and1225

MsigDB for this set of genes, and the results are shown in Supplementary Figures 61226

(b) and (d). From these two figures, we found that the collected genes were signif-1227

icantly enriched in pathways related to melanosome, which also has high relevance1228

with melanoma [102]. Moreover, compared to the analysis of multiple cell lines, we1229

obtained fewer cancer-specific signals for the analysis based on the single cell line.1230

We also considered two approaches to validate the selected genes from cell line1231

A2058 with the help of scRNA-seq datasets. We utilized one scRNA-seq dataset com-1232

bined by [103, 104], known as the disease-control scRNA-seq dataset, to verify whether1233

the selected genes are differentially expressed in malignant cells from patients. We ana-1234

lyzed its differentially expressed genes (DEGs) by running the Wilcoxon rank-sum test1235

between the diseased cells and the control cells. We found that 16 out of the 20 genes1236

were significant in the malignant cells. For four genes that were not significant, their1237

ranks of expression levels across all genes are 13000+ by descending, so their contribu-1238

tions might be hidden by their measured expression levels in this dataset. Therefore,1239

BAITSAO successfully captured the difference between tumor microenvironments and1240

healthy cells.1241

Moreover, we utilized the other scRNA-seq dataset [105] labeled as acral melanoma1242

(AM) and cutaneous melanoma (CM), known as AM-CM scRNA-seq dataset, to ana-1243

lyze its differentially expressed genes (DEGs) by running the test of the different1244

diseased cases from patients. We show the UMAP plots of this scRNA-seq dataset1245

in Supplementary Figures 18 (a)-(b). We found that 19 out of the 20 genes had low1246

adjusted p-values, which meant that most of them were DEGs by comparing AM cells1247

with CM cells, thus supporting the potential contribution of our model to uncover1248

tumor heterogeneity.1249

We summarized our statistical analysis for these two datasets in Supplementary1250

file 2. Our analyses therefore suggest that BAITSAO can provide information about1251

potential targets of combined drugs for melanoma or other cancer types.1252
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B What are the advantages of BAITSAO1253

comparing with other LLM-based methods?1254

In the area of drug synergy predictions based on Large language Models (LLMs),1255

there are two existing methods, SynerGPT [25] and CancerGPT [26]. We discussed1256

their limitations and differences from BAITSAO in the Introduction section of our1257

submitted manuscript. Here we provide more details on the advantages of our method1258

over these two other approaches by first summarizing the functions and challenges of1259

these two methods in the Extended Data Table 1.1260

Methods Functions Drawbacks
SynerGPT SynerGPT is a tool based on in-context learn-

ing. It models different examples containing
drug pairs and one cell line based on their over-
lap to generate a synergy graph then uses the
synergy graph as input to infer the synergetic
effect of new examples.

1. SynerGPT can only handle simple binary classifica-
tion. 2. It does not consider prior biological knowledge.
3. It cannot handle multi-drug cases (with # of
drugs≥3). 4. Its performance is close to DeepDDS
according to their benchmarking results in Table 2. 5.
It cannot be used to analyze gene-drug interactions
and gene-gene interactions. 6. It is closed-source.

CancerGPT CancerGPT is a tool based on pre-training and
fine-tuning. It first pre-trains a model based
on GPT-2 with biomedical context, and then
incorporates the drug pairs and one cell line
into the input sentence to form a question. The
model’s output, as the answer, will be treated
as the prediction result.

1. CancerGPT can only handle simple binary classifi-
cations. 2. It cannot handle multi-drug cases (with #
of drugs≥3). 3. It cannot be used to analyze gene-drug
interactions and gene-gene interactions. 4. It is closed-
source.

Supplementary Tab. 1 Comparison of SynerGPT and CancerGPT

According to this table, both SynerGPT and CancerGPT have limitations that are1261

addressed by BAITSAO, which is capable of using prior biological knowledge to pre-1262

dict synergetic effects for multi-drug combinations under both the classification and1263

regression frameworks. According to our benchmarking results, BAITSAO outper-1264

forms baselines including DeepDDS, TreeComb, and MARSY significantly. Moreover,1265

because SynerGPT and CancerGPT are not open-source (for CancerGPT we even can-1266

not access their datasets for evaluation), we include BERT as a baseline to evaluate the1267

performance of applying LLMs directly to address this problem, and BERT performs1268

worse than BAITSAO. Moreover, we downloaded the datasets used by SynerGPT and1269

performed prediction using BAITSAO, achieving an AUCROC score of 0.94, which is1270

significantly higher than their reported score of 0.78. The results of our benchmarking1271

analysis are shown in Figure 3. We are also willing to compare BAITSAO with Syn-1272

erGPT and CancerGPT if they release their models in the future. Our method also1273

allows researchers to explore gene-gene interactions as well as gene-drug interactions,1274

which are not discussed in these two methods. Our method also introduces the idea1275

of using embeddings from LLMs to analyze the similarity of drug functions. Finally,1276

BAITSAO is not on a large scale (50M trainable parameters during the fine-tuning1277

step), and it is fully open-source, which is friendly for the development of science and1278

the extension from possible follow-up work.1279
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C Supplementary figures1280
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Supplementary Fig. 1 Evaluating the contributions of inputs and model architecture for drug
synergetic effects. 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). All of the exper-
iments are performed based on dataset D1 and synergetic effect prediction is a classification task.
The test is performed jointly for two metrics, based on Wilcoxon rank-sum test. (a) The performance
comparison based on LLM embeddings from different base LLMs. (b) The performance comparison
based on LLM embeddings from the drug descriptions generated by different prompts. (c) The per-
formance comparison based on different model architectures.
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a b

Supplementary Fig. 2 Visualization for the similarity of embeddings. (a) The UMAP plot for the
drug embeddings from D1 colored by drug names. (b) The UMAP plot for the cell line embeddings
from D1 colored by cell line names.
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Supplementary Fig. 3 The group of heatmap for the similarity of embeddings under 10 random
seeds of the 10 sampled drugs.
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Supplementary Fig. 4 The group of heatmap for the similarity of embeddings from DrugBank
under different drug properties. (a) The heatmap based on indication information. (b) The heatmap
based on summary information. (c) The heatmap based on background information.
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Supplementary Fig. 5 Exploration of drug-embeddings-augmented CPA results. Data are pre-
sented in boxplots (center line, median; box limits, upper and lower quartiles; whiskers, up to
1.5×interquartile range; points, outliers). Higher R2 score means better performance. In panels (a)-
(d), we also present the two-side p-values (p) based on Wilcoxon rank-sum test for each group. (a)
R2 of the expression levels of deferentially expressed genes (DEGs) for the CPA example dataset
colored by different settings (n=31). (b) R2 of the log-fold change (LFC) of DEGs for CPA example
dataset colored by different settings (n=31). (c) R2 of the expression levels of DEGs for Openprob-
lems dataset colored by different settings (n=137). (d) R2 of the LFC of DEGs for Openproblems
dataset colored by different settings (n=137).
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Supplementary Fig. 6 Results of gene enrichment analysis based on different databases. (a)
Results of GO enrichment analysis using important genes from all cell lines. (b) Results of MsigDB
enrichment analysis using important genes from all cell lines. (c) Results of GO enrichment analysis
using important genes from the cell line A2058. We blodfaced the pathway related to melanosome.
(d) Results of MsigDB enrichment analysis using important genes from the cell line A2058.
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Drug Cell Lines

Supplementary Fig. 7 Visualization for the pre-training datasets. (a) The UMAP plot for the
drug embeddings we used in the pre-training step, colored by Leiden clusters. (b) The UMAP plot
for the cell-line embeddings we used in the pre-training step, colored by Leiden clusters.
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Supplementary Fig. 8 The heatmap for the PCC of different synergy scores from different com-
putation methods.
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Supplementary Fig. 9 Visualization for the trained feature space of pre-training datasets (sub-
sampled to 10 %). (a) The PCA plot from the outputs based on hidden layers of BAITSAO, colored
by the ground truth synergistic information. (b) The PCA plot from the outputs based on hidden
layers of BAITSAO, colored by the predicted synergistic information.
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Supplementary Fig. 10 Statistics of the Rank-sum tests between the pre-training dataset and
fine-tuning datasets. We included the two-side p-value for each comparisons. (a) The statistics of
different folds by checking whether samples from D1 and the pre-training dataset come from the same
distribution or not. (b) The statistics of different folds by checking whether samples from D2 and the
pre-training dataset come from the same distribution or not.
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Supplementary Fig. 11 Comparisons of deep-learning-based models with pre-training (ending
with ft) and from scratch (ending with fs) for two tasks across three different datasets. 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).
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Supplementary Fig. 12 Ablation tests for MTL strategies. Here PCGrad+UW means we combine
PCGrad with UW, and GradVac+UW means we combine GradVac with UW. revised UW repre-
sents the modified UW in this manuscript. For Loewe and RI row, we present scores of PCC. For
classification, we present scores of ROCAUC. Data are presented in boxplots (n=3 per group; center
line, median; box limits, upper and lower quartiles; whiskers, up to 1.5×interquartile range; points,
outliers).

52

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 2, 2025. ; https://doi.org/10.1101/2024.04.08.588634doi: bioRxiv preprint 

https://doi.org/10.1101/2024.04.08.588634
http://creativecommons.org/licenses/by-nc-nd/4.0/


Classification Loewe RI_row

Classification Loewe RI_row

0.680

0.685

0.690

0.35

0.36

0.37

0.38

0.7

0.8

0.9

M
et

ric
s

Settings
inputlayer_1

outputlayer_2

inputlayer_2

inputlayer_0

Supplementary Fig. 13 Ablation tests for the number of task-specific layers. Here inputlayer 1
represents using one layer for processing input data and one layer for model’s output, and it is our
final choice. outputlayer 2 represents using one layer for processing input data and two layers for
model’s output. inputlayer 2 represents using two layers for processing input data and one layer for
model’s output. inputlayer 0 represents we did not set task-specific layers for input data. Data are
presented in boxplots (n=3 per group; center line, median; box limits, upper and lower quartiles;
whiskers, up to 1.5×interquartile range; points, outliers).
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Supplementary Fig. 14 Results of hyper-parameter tuning of BAITSAO for D1. (a) The tuning
results for the regression task. (b) The tuning results for the classification task. 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).
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Supplementary Fig. 15 Results of tuning number of highly-variable genes for the analysis of
explainability.
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Supplementary Fig. 16 Visualization of important genes across different cell lines. We also anno-
tate the rank based on variance for each gene.

56

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 2, 2025. ; https://doi.org/10.1101/2024.04.08.588634doi: bioRxiv preprint 

https://doi.org/10.1101/2024.04.08.588634
http://creativecommons.org/licenses/by-nc-nd/4.0/


0.000 0.002 0.004 0.006 0.008 0.010
mean(|SHAP value|) (average impact on model output magnitude)

PMEL
PLP1

TNFRSF19
SLC24A5

IGFBP5
FN1

COL9A3
SPRR2D
PTPRZ1
SOX10
ACTG2

GRAMD1B
THBS2
S100A1

MMP1
HLA-DPA1

CD96
HMCN1

TYR
S100B

HVG Rank

86
328
616
658
281
1
72
107
403
826
283
297
675
295
9
159
575
538
189
5
 

Supplementary Fig. 17 The explainability of BAITSAO for the combination: DEXAMETHA-
SONE (drug)-DINACICLIB (drug)-A2058 (cell line). We also annotate the rank based on variance
for each gene.
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Supplementary Fig. 18 Visualization for two scRNA-seq melanoma datasets. (a) The UMAP plot
for the scRNA-seq dataset colored by the conditions of cells from the diseased-control scRNA-seq
dataset. (b) The UMAP plot for the scRNA-seq dataset colored by cell types from the diseased-
control scRNA-seq dataset. (c) The UMAP plot for the scRNA-seq dataset colored by the conditions
of cells from the AM-CM scRNA-seq dataset. (d) The UMAP plot for the scRNA-seq dataset colored
by the sources of cells from the AM-CM scRNA-seq dataset.
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