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Drug response prediction at the single-cell level provides guidance for drug development and
treatment. Existing methods typically rely on integrating data from bulk RNA sequencing and single-
cell RNAsequencing, transferring overall cell line drug response labels to individual cells. However, the
inherent differences between these data types and the assumption that the cell line response
represents each cell’s response can affect prediction accuracy. This study proposes a heterogeneous
network transfer learningmodel, scXDR, for drug response prediction across single-cell datasets. The
model uses heterogeneous networks to integrate features and associations among drugs, genes, and
cells, performing message passing, feature and structure alignment, structure reconstruction, and
drug-cell score prediction. Experimental results show that scXDR outperforms methods transferring
from bulk data to single-cell data and methods transferring from single-cell data to single-cell data in
multiple scenarios, achieving excellent performance at individual cell and cell group levels. The
importance of the model components is also confirmed. Case studies include outcome prediction for
cells under drug holiday treatment, melanoma drug screening, multi-tumor drug response analysis,
and predictions for approved drugs and potential drug combinations for patient cells. The research
strategy and results of scXDR provide references for precision treatment at the cell level.

Gene expression differences exist between different tumor cells, which
are an important factor contributing to tumor heterogeneity and poor
treatment outcomes1. Traditional tumor gene expression studies often
rely on bulk RNA sequencing (bulk RNA-seq), which tends to overlook
heterogeneity between tumor cells. The rise of single-cell technologies,
including single-cell RNA sequencing (scRNA-seq), has promoted cell-
level tumor research2. Unlike bulk RNA-seq, which provides average
gene expression data, scRNA-seq offers detailed expression data for each
tumor cell, capturing subtle differences between individual cells in the
tumor microenvironment3. This helps researchers better understand
tumor mechanisms, improve drug selection, and promote precision
medicine4. Aissa et al.5 used scRNA-seq to demonstrate that multiple
cancer cell subpopulations exist in cell lines, xenograft tumors, and
patient tumors, with these subpopulations exhibiting epigenetic changes
and varying treatment sensitivities. França et al6. characterized cell states
using scRNA-seq data and discovered that drug resistance develops
along trajectories of cell state transitions. Yan et al.7 integrated various
data, including scRNA-seq, to analyze the changes in tumor cells before

and after neoadjuvant immune checkpoint blockade therapy, revealing
significant heterogeneity and dynamic changes in tumor cells’ response
to treatment. These studies employed wet lab experiments to investigate
single-cell drug research, but the high costs and time investment have
led some researchers to explore computational and predictive
approaches8. Such methods not only save cost and time but also enable
more extensive experimentation.

The inherent differences between bulk RNA-seq and scRNA-seq data,
along with other factors, prevent the direct transfer of previous drug
response prediction models based on bulk RNA-seq to scRNA-seq data9.
Therefore, specific drug response prediction models based on scRNA-seq
data need to be designed. Suphavilaid et al10. proposed CaDRReS-Sc, one of
the earliest publishedmethods for predicting drug response at the single-cell
level. It learns a common pharmacological space by integrating bulk RNA-
seqdata fromcancer cell lines in theGenomics ofDrug Sensitivity inCancer
(GDSC)databasewith scRNA-seqdata, thereby transferring bulk-leveldrug
response information to the single-cell level. Beyondcell11, released con-
currently with CaDRReS-Sc, and the later method DREEP12 calculate gene
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markers based on the relationship between bulk RNA-seq data and drug
response data. They assume that markers identified at the bulk level are
applicable at the single-cell level andpredict single-cell drug responses based
on marker expression. Later, Chen et al.13 introduced scDEAL, and Zheng
et al.14 proposed SCAD, both of which use transfer learning methods that
treat bulk-level data as the source domain and single-cell data as the target
domain. After bringing the two domains closer, thesemethods predict drug
responses at the single-cell level using models trained on bulk-level data,
offering a new approach for applying deep learning, particularly transfer
learning, to single-cell drug response prediction.

An overview of current single-cell drug response prediction meth-
ods reveals that most of these methods rely on expression data and drug
response information obtained at the bulk level from cell lines to predict
the drug response of each individual cell at the single-cell level. However,
bulk expression data and single-cell expression data are produced using
different technical platforms and processing methods15, which results in
inherent differences between them. This discrepancy might be one of the
major reasons why the performance of many single-cell drug response
prediction methods is not high. Secondly, the bulk expression and drug
response data used in these models come from a few specific databases8,13,
while single-cell datasets exhibit multiple variations, including differ-
ences in tumor types, individual variability, treatment methods, and
microenvironments. Models based on bulk data may not generalize well
to the more diverse and variable single-cell datasets. Finally, and perhaps
most importantly, bulk drug response is obtained by observing the
overall performance of cell lines, whereas single-cell prediction focuses
on the drug response of each individual cell16. Even within the same cell
group, some cells may be sensitive while others may be resistant. To
overcome some of the shortcomings associated with transferring from
bulk data to single-cell data, this study proposes scXDR (where “X”
denotes cross‑dataset), a drug‑response prediction model across sin-
gle‑cell datasets. The model first constructs heterogeneous networks from
different single‑cell datasets and then applies transfer learning, among
other procedures, to predict the drug response of each individual cell.
The workflow is shown in Fig. 1.

Due to the wide variety and complex backgrounds of single-cell
datasets, and based on differences in tumor and treatment contexts, this
study divides 12 datasets into 4 scenarios (see Fig. 1 and Supplementary
Table S1). In each scenario, every dataset is assigned prediction tasks both
when used as the source domain and when used as the target domain.
scXDR consists of three phases. In the message passing phase, the hetero-
geneous networks of the two domains perform message passing indepen-
dently using a Heterogeneous Graph Neural Network (HGNN)17. The
transfer learning phase includes an autoencoder component, a feature and
structure alignment component, anda structure reconstruction component.
These phases are executed separately for each type of element present in the
heterogeneous networks. The prediction phase treats response prediction as
adrug-cell edgeprediction task,where themodel, once trainedon the source
domain, is applied to the target domain.These three phases are coherent and
integrated in an end-to-end manner. The design, evaluation, and applica-
tion of scXDR possess the following innovations:
• The transfer learning across different single-cell datasets is implemen-

ted, reducing the differences introduced by technical platforms,
sequencing technologies, and other factors when transferring from
bulk RNA-seq data to scRNA-seq data. Drug response prediction
across single-cell datasets based on transfer learning is feasible.

• The heterogeneous network fully utilizes the feature and association
information of drugs, cells, and genes. The transfer of the hetero-
geneous network implies the transfer of multiple types of information
while maintaining the integrity of the network structure during the
process.

• The experimental setup and training process more closely align with
real prediction scenarios, including the source and target single-cell
datasets being complete and independent, cells within each domain
sharing information rather than existing in isolation, and the drug

response labels in the target domain being treated as unknown and not
leaked.

• It outperforms various othermethods inmultiple scenarios, cell scales,
and evaluation metrics. The prediction results in several cases are not
only validated by existing evidence but also provide valuable insights
for precise drug treatment at the cell level.

Results
Superior performance at the individual cell level compared to
various methods
In each scenario, scXDR is compared with two major categories of single-
cell drug response prediction methods. The AUC results for each scenario
are shown inTables 1 and 2, while the results for AUPR, ACC, and F1 Score
are available in Supplementary Data 1. Visualizations of the four metrics in
each scenario or the combined scenario (all values from the four scenarios)
are provided in Supplementary Fig. S1 and Fig. 2 as box plots. A comparison
of scXDR with seven methods for transferring from bulk to single-cell data
shows that in all four scenarios, scXDR outperforms the other methods,
exhibiting higher and more concentrated metric values, with values clus-
tering in the high-value region (Supplementary Fig. S1a). The AUC values
for the othermethods are all lower than those for scXDR. Specifically, in the
first, second, and fourth scenarios, the mean AUC for scXDR exceeds 0.82,
and the AUPR, ACC, and F1 Scoremetrics are also higher than those of the
othermethods (SupplementaryData 1). The combined results from the four
scenarios (Fig. 2a) show that scXDR’s AUC and AUPR values concentrate
above 0.8, with medians of 0.85 and 0.89, and means of 0.84 and 0.86,
respectively. The median and mean ACC are also close to 0.8. In the third
scenario (Supplementary Fig. S1a), the median metric values for scXDR
approach those of scDEAL (bulk), as scDEAL (bulk) is the advancedmodel
for transferring from bulk to single-cell data. The two datasets in this sce-
nario were used in the original scDEAL study, where the authors provided
the optimal parameters. However, the distribution of scDEAL’s metric
values in this scenario remains dispersed, with both high and low values,
indicating that it does not adapt as well to multiple datasets as scXDR.

A comparison with eight methods for transferring from single-cell to
single-cell data reveals that in scenarios 2, 3, and 4, the other methods not
only have lower metric values than scXDR but also exhibit more scattered
distributions, as shown by the standard deviations in Table 2 and the box
lengths in Supplementary Fig. S1b. In contrast, scXDR’s metric values are
consistently high and stable in all four scenarios and the combined scenario.
Table 2 and Supplementary Data 1 indicate that in the first scenario (dif-
ferent batches), scXDR’s performance inAUCandAUPR is inferior to scVI.
This could be due to scVI’s advantage in batch effect correction, as the first
scenario involves datasets from different batches of the same tumor and
drug. However, in the subsequent three scenarios, scVI consistently
underperforms compared to scXDR, showing that scVI’s advantage is
limited, while scXDR adapts well in different scenarios. Supplementary
Data 1 show that scVI loses its advantage inACCandF1Score,while scXDR
outperforms scVI, achieving the highest values in three scenarios and the
second-highest in the remaining one. Supplementary Fig. S1c further
illustrates the improvement in scXDR’s metrics compared to the best per-
forming methods for each metric, corresponding to the median lines in the
box plots of Fig. 2a, b. It can be observed that scXDR’s AUC improvement is
over 50% higher than the first category of methods, with improvements in
AUPR and ACC close to 40%, indicating a significant advantage over tra-
ditional bulk to single-cell methods. Compared to the second category of
methods, the improvements in all fourmetrics are also generally above 20%,
which is still quite high.

The analysis above compares each scenario. Next, ROC and PR curves
are plotted for four example datasets (bolded in Supplementary Table S2)
from the four scenarios to demonstrate the cell level predictions for each
dataset. The results for the classic single-cell dataset GSE11787218 (scenario
3) are shown in Fig. 3. This dataset has been frequently mentioned in
previous studies10,13 and is highly representative. The other three datasets,
GSE1348395 from scenario 1, GSE10839419 from scenario 2, and
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Fig. 1 | The workflow of scXDR and the scenarios of this study. a The transition
between the message passing phase, transfer learning phase, and prediction phase.
b The specific operations in the transfer learning phase. c Schematic of the four
scenarios. Square node Source domain node, Circular node: Target domain node,

Blue Drug; Green: Cell, Orange Target, HGNN Heterogeneous Graph Neural
Network, TL Transfer Learning, MLP Multi-Layer Perceptron. Each row of the
feature and embedding shapes represents the features or embeddings of each drug,
cell, or target.
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GSE147326 patient220 from scenario 4, are shown in Supplementary
Figs. S2, S3, and S4, respectively. It can be observed that, compared to both
the first and second categories of comparison models, scXDR’s area under
the curves is significantly larger, clearly distinguishing it from othermodels.
The specific metric values, including AUC and AUPR, for each experiment

of scXDR and the comparison models can be found in Supplementary
Data 2. The AUC values for these four datasets all exceed 0.85, with two
datasets even surpassing 0.9. Additionally, three datasets have AUPRvalues
greater than 0.9. Together, these results demonstrate the high performance
of the model.

Fig. 1 | Continued.
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Superiorperformanceat thecell group level compared tovarious
methods
For each dataset, scRNA-seq data are annotated with cell types using con-
ventional tools. At the general cell group level, scXDR is comparedwith two
major categories of methods. The results are shown in Fig. 3c, e. Prediction
accuracy of cell groups in each dataset is averaged by scenario, with brighter
heatmap colors indicating highermean accuracy. It is evident that, whether
comparedwith the first category of sevenmethods or the second category of
eightmethods, scXDRachieves thehighest accuracy at the general cell group
level. Then, the dimensionality reduction results are presented again using
the four representative datasets mentioned in Section 3.1 as examples. The
cell dimensionality reduction plot of GSE117872 is shown in Fig. 4b (first
row). The results for the other datasets are shown in the first rows of
Supplementary Figs. S6b, S7b, and S8b. A consistent pattern can be
observed, where different Louvain clusters correspond to distinct drug
response groups andcell type groups, and thepredicted labels alignwellwith
the true labels.

A malignant cell annotation tool is further applied for cell grouping.
The heatmaps are shown in Fig. 3d, f. Compared with the first category of
methods, scXDR outperforms all other methods in three scenarios and in
the combined scenario, showing slightly lower performance only in one
scenario. When compared with the second category of methods, scXDR
achieves the highest accuracy in scenarios 2 and 4 aswell as in the combined
scenario, and ranks in the upper range in the remaining two scenarios.
Therefore, at both the general cell group level and the malignant cell group
level, scXDR demonstrates a clear advantage over the two major categories
of comparison methods.

Overall, considering the above comparative experiments, scXDR
achieves the highest mean AUC, AUPR, ACC, and F1 Score in three of
the four scenarios, with very small standard deviations. This corresponds
to higher and shorter boxes in the box plots, indicating that scXDR’s
performance is both high and stable. In contrast, other models show

fluctuating and unstable performance metrics. In the remaining scenario,
scXDR also attains the second-highest or near-top results, demonstrating
competitive performance. In the combined scenario, scXDR achieves the
highest median values for all four metrics and reaches the highest
accuracy at both the general and malignant cell group levels. These
results indicate that scXDR outperforms other models not only at the
individual cell level but also at the cell group level, and it demonstrates a
better ability to adapt to different scenarios.

Contribution of model components and architecture to
performance
The scXDR framework is built on heterogeneous network transfer
learning, which requires the coordinated operation of multiple compo-
nents. The components in the message passing phase are relatively
standard, so the design and arrangement of components in the transfer
learning phase are particularly important. To examine the rationality of
this phase, ablation experiments are conducted. The complete model and
four ablated variants, each missing a specific component, are tested for
cross-dataset prediction in each scenario (Supplementary Fig. S5a), and
the combined results across all scenarios are shown in Supplementary
Fig. S5b. The results show that the complete model achieves the highest
values across all four metrics, while the ablation models perform worse
and display greater variability, indicating less stable distributions. Fig-
ure 4a illustrates the percentage decline in metrics for each ablation
model relative to the complete model. Notably, the removal of the
transfer learning component leads to the largest impact, with AUC,
AUPR, and ACC each decreasing by about 30%, indicating that transfer
learning significantly affects prediction outcomes. Based on the degree of
decline, the structure alignment component appears less critical than the
feature alignment component, however, their removal still weakens all
four metrics. The elimination of the structure reconstruction component
results in approximately a 20% decline across all four metrics,

Table 1 | scXDR and 7 models from the first category in 4 scenarios with AUC values (mean ± standard deviation)

Scenario 1 Scenario 2 Scenario 3 Scenario 4

scXDR 0.8540 ± 0.0300 0.8248 ± 0.1573 0.7869 ± 0.0723 0.8878 ± 0.0433

scDEAL (bulk) 0.4866 ± 0.2475 0.3578 ± 0.2339 0.6465 ± 0.4138 0.5372 ± 0.1167

SCAD (bulk) 0.5078 ± 0.0068 0.5853 ± 0.0642 0.5667 ± 0.0342 0.5349 ± 0.0132

CaDRReS-Sc (bulk) 0.5097 ± 0.0758 0.1770 ± 0.1763 0.5981 ± 0.3719 0.4052 ± 0.1673

DREEP (bulk) 0.4051 ± 0.0586 0.4169 ± 0.1990 0.5585 ± 0.2205 0.4968 ± 0.1410

MLP (bulk) 0.4877 ± 0.0089 0.5175 ± 0.1078 0.5136 ± 0.0346 0.4974 ± 0.0390

SVM (bulk) 0.4739 ± 0.0220 0.6168 ± 0.3636 0.4922 ± 0.1426 0.4467 ± 0.1099

Pearson (bulk) 0.5069 ± 0.0272 0.4674 ± 0.0982 0.5038 ± 0.0386 0.5276 ± 0.0575

Bolded values indicate the results of the best performing model in each scenario.

Table 2 | scXDR and 8 models from the second category in 4 scenarios with AUC values (mean ± standard deviation)

Scenario 1 Scenario 2 Scenario 3 Scenario 4

scXDR 0.8540 ± 0.0300 0.8248 ± 0.1573 0.7869 ± 0.0723 0.8878 ± 0.0433

scDEAL 0.3606 ± 0.2375 0.3663 ± 0.4728 0.5379 ± 0.3291 0.5461 ± 0.1266

SCAD 0.5903 ± 0.0041 0.7057 ± 0.1259 0.6640 ± 0.1159 0.6331 ± 0.0390

scVI 0.8686 ± 0.0227 0.6970 ± 0.2463 0.4287 ± 0.1344 0.4907 ± 0.0980

ComBat 0.8080 ± 0.0220 0.6650 ± 0.3000 0.6138 ± 0.2028 0.6819 ± 0.0850

CaDRReS-Sc 0.8169 ± 0.0488 0.6550 ± 0.2607 0.6982 ± 0.1499 0.6152 ± 0.0580

MLP 0.7951 ± 0.0107 0.6312 ± 0.1805 0.5574 ± 0.0840 0.5912 ± 0.0727

SVM 0.8511 ± 0.0035 0.5376 ± 0.0903 0.5849 ± 0.1254 0.6248 ± 0.0808

Pearson 0.5321 ± 0.0009 0.6253 ± 0.1103 0.5885 ± 0.0695 0.5344 ± 0.0344

Bolded values indicate the results of the best performing model in each scenario.
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demonstrating that preserving network structural integrity during
alignment is essential.

To further explain the model’s internal mechanism, the original cell
features, embeddings after themessage passing phase, and embeddings after
alignment in the transfer learning phase are visualized using PCA. Addi-
tionally, the Euclidean distance between the mean points of the source and
target domains is calculated to quantify their proximity. Since scDEAL and
SCAD are also transfer learning–based models, comparing their embed-
dings with those of scXDR is fair. Therefore, their source and target domain
embeddings are also reduced in dimension, visualized, and their inter-
domain distances are computed. The interpretation is based on the four
representative datasets mentioned in Section 3.1, each from one of the four
scenarios.The results for the representativedatasetGSE117872are shown in
Fig. 4b, while the results for the other datasets are presented in Supple-
mentary Figs. S6, S7, and S8. Overall, these plots share several common
patterns. The source and target domain cells are well separated in the

original feature space, showing clear distinctions and large distances
between them. After message passing, cells within each domain become
more compact (as seen from the coordinate scale), and some cells across
domains begin tomove closer, reducing their distances. After the alignment
operation, the source and target domain cells become even closer than in the
previous two stages, with inter-domain distances reaching 0.51 or lower.
This suggests that message passing encourages intra-domain cells to cluster
together, likely those that are functionally similar or interacting within the
heterogeneous network, while the alignment step in transfer learning brings
cells from different domains closer, indicating that scXDR effectively inte-
grates information across domains. The scXDR score plots also show that
sensitive cells havehigher scores,whereas resistant cells have lower scores. In
contrast, the comparisonmodels showmuch larger inter-domain distances,
particularly SCAD (bulk) and SCAD,where distances are far greater than 1.
In these models, the scores of sensitive and resistant cells are mixed and
difficult to distinguish, resulting in lower AUC and AUPR values, as shown

Fig. 2 | Performance of scXDR and other models in the combined scenario (all values from the four scenarios). a Metric values for scXDR and the 7 models of first
category in the combined scenario. b Metric values for scXDR and the 8 models of second category in the combined scenario.
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Fig. 3 | Comparison of scXDR with two categories of models in terms of ROC
curves, PR curves, and cell group levels. a ROC and PR curves of scXDR and the
first category of comparison models on the representative dataset. b ROC and PR
curves of scXDR and the second category of comparison models on the repre-
sentative dataset. cAccuracy of scXDR versus the 7models of the first category at the

general cell group level. dAccuracy of scXDR versus the 7models of thefirst category
at the malignant cell group level. e Accuracy of scXDR versus the 8 models of the
second category at the general cell group level. f Accuracy of scXDR versus the 8
models of the second category at the malignant cell group level. “Overall” indicates
the combined scenario.
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Fig. 4 | Ablation model experiment results and the dimensionality reduction
plots of cells and embeddings from the GSE117872 dataset. a The percentage
decrease in metrics for each ablation model on the combined scenario, calculated by
themedian of eachmetric. b First row:UMAPdimensionality reduction of cells’ true
response labels, Louvain clusters, cell types, and predicted response values. Second
row: PCA dimensionality reduction of cells’ original features, embeddings after the
scXDR message passing phase, embeddings after alignment in the scXDR transfer
learning phase, and the scXDR score scatter plot. Third row: PCA dimensionality

reduction plots of source and target domains for scDEAL (bulk) and SCAD (bulk),
along with score scatter plots. Fourth row: PCA dimensionality reduction plots of
source and target domains for scDEAL and SCAD, along with score scatter plots.
Red text refers to the Euclidean distance between the mean points of the source and
target domains. In the first row, the x and y axes of all plots represent UMAP1 and
UMAP2. In rows 2 to 4, the x and y axes of the PCA plots represent Principal
Components 1 and 2, and in the score scatter plots, the x-axis corresponds to the cell
index and the y-axis corresponds to the score.
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in Fig. 3. Although the inter-domain distances of scDEAL (bulk) and
scDEAL are around 1, closer inspection reveals that these models mainly
align the centers of different domains (especially in scenarios 3 and4), rather
than bringing the entire domains closer together as scXDR does. Conse-
quently, their scores are also mixed, and their metric values are lower than
those of scXDR.

From the perspective of different scenarios, the relationship between
scXDR embeddings and metric values shows a clear pattern. For the four
example datasets mentioned above, the ranking of inter-domain distances
after alignment in the transfer learning phase is closely related to the ranking
of AUC values. In other words, the greater the inter-domain difference, the
more difficult the prediction, and the lower the metric values. Even so, the
lowest AUC achieved by scXDR is still 0.85, which corresponds to the
dataset from scenario 3. This dataset has the most complex background
(involving different tumors and different drugs) yet still yields strong pre-
dictive performance, outperforming other models (Figs. 3, 4b). This
observation indicates that smaller inter-domain differences lead to better
prediction performance. Supplementary Table S3 further highlights this
relationship by listing the inter-domain distances along with AUC and
AUPRvalues for all datasets.Whether calculated by individual dataset or by
scenario, the inter-domain distance after alignment is negatively correlated
with bothAUC andAUPR. This underscores the importance of the transfer
learning components, particularly the alignment process. A well-designed
transfer learning mechanism, especially an effective alignment strategy,
contributes significantly to improving model performance and provides
valuable insights for further enhancement.

Prediction of outcomes for cells under different treatment
conditions
The first scenario is a cross-dataset prediction for the same tumor and the
same drug from different batches. To demonstrate the model’s application
capability, a new dataset with the same standard, GSE134841, is selected for
prediction. This dataset is originally used to study drug holiday treatment
for Erlotinib where one sample receives drug holiday treatment and the
other does not5. The two conditions are treated as a whole. scXDR’s pre-
diction distinguishes between the two conditions and produces outcomes
for sensitivity and resistance that are consistent with the original literature.
In terms of drug response, cells not receiving drug holiday treatment (No
Erlotinib) obtain higher scores than cells that received drug holiday treat-
ment (Erlotinib) as shown in Fig. 5a. The proportion of sensitive cells in the
No Erlotinib group is also higher than that in the Erlotinib group as seen in
Fig. 5c. The determination of sensitive cells is based on whether the score
exceeds the optimal threshold for that scenario. The resistance markers
provided in the original paper also show significant differential expression
between the two conditions as shown in Fig. 5b. These markers are
expressedat lower levels inNoErlotinib cells andat higher levels inErlotinib
cells, which is consistent with the original literature. The reason for these
results is that cells receiving drug holiday treatment are first deprived of the
drug for a period and then continuously treated for several days. As a result,
most surviving cells are resistant. They show high expression of resistance
markers while their drug scores are not high. In contrast, cells not receiving
drug holiday treatment grow in a drug-free environment after drug with-
drawal and tend to be sensitive. Therefore, their drug scores are high and the
expression of resistance markers is low.

For visualizationat the single-cell level, thefirst rowofFig. 5d shows the
basic status of cells in the dataset. Cells under the two conditions are mixed
together and are difficult to distinguish in the dimensionality reduction of
gene expression. The cell cycle is arranged from G1 on the left to S in the
middle and toG2/Mon the right, which is consistent with reality and shows
a natural transition5. The second row visualizes the drug scores and the
expression of resistance markers from the original literature in cells under
the two conditions. The levels of drug scores and resistance marker
expression are inversely related as shown in Fig. 5a, b. The drug scores
exhibit some ability to distinguish cells under different conditions. The color
differences for the original markers in the figure are not pronounced

enough. This case identifies two markers, MT-ND6 and TUBA1B, with
more significant differences (based on a t-test p value ranking) between the
twoconditions.Their expression in cells showsopposite trends as seen in the
third row of Fig. 5d. In addition to being more distinct than the original
markers, the expression of these twomarkers is highly correlated with drug
scores as shown in Fig. 5e, f. Their survival analyses also show significant
differences in survival rates between high and low expression groups as
shown in Supplementary Figs. S9a and S9b. Specifically, as MT-ND6
expression increases, drug response increases,making cellsmore susceptible
to the drug and resulting in higher patient survival rates. In contrast, as
TUBA1B expression increases, drug response decreases, leading to lower
susceptibility and lower patient survival rates. Further, KEGG enrichment
analysis is performed on the top 100 differentially expressed genes sorted by
p-value. The top 10 enriched pathways ranked based on p-value are shown
in Fig. 5g, where larger nodes and thicker lines indicate greater enrichment.
Pathways closely related to tumors include Transcriptionalmisregulation in
cancer, ECM-receptor interaction, and MicroRNAs in cancer.

Drug screening and drug response markers
The tumor type in the second scenario is melanoma. Comparative experi-
ments show that scXDR performs excellently in predicting the response of
melanoma to different drug treatments. Although the samples are from the
same tumor type, individual differences may exist, so screening for the
optimal drug in anewmelanomadataset is necessary.Drugs fromGDSCare
processed to ensure they have relevant features and targets and do not
hinder constructing the heterogeneous network, resulting in a total of 137
unique drugs. For the melanoma sample, which is of low metastatic
potential21, a drug score is calculated for each cell for these drugs. Themean
and median of all cell scores are computed, and the drugs are ranked based
on the sumof themean andmedian values (SupplementaryTable S4).Next,
databases and literature are searched to validate the drug ranking. Specifi-
cally, information from professional databases such as DrugBank, HMDB,
andDGIdb regarding drugs used to treat melanoma is regarded as database
evidence22. Literature evidence is collected from PubMed using the search
query “drug nameANDmelanomaAND treatment”. Higher-ranked drugs
showsignificantlymore literature evidence than lower-rankedones.Among
the top five drugs, up to 80% have literature support (Fig. 6a). For the top
half of the ranked drugs (68 in total), 22.1% (15/68) have evidence from
professional databases, and 44.1% (30/68) have literature evidence outside
of databases (Fig. 6d). Interestingly, drugs with database evidence also tend
to have abundant literature evidence. Overall, approximately two-thirds
(45/68) of these drugs have supporting literature evidence. Detailed results
are in Supplementary Table S5.

A score distribution plot for the top 5 and bottom 5 drugs is shown in
Fig. 6b. According to scenario 2’s optimal threshold, cells are divided into
affected (scores above the threshold) and unaffected (scores below the
threshold), as seen in Fig. 6c. The scores of the top-ranked drugs are overall
higher than those of the lower-ranked drugs, and the percentage of cells
affected by the top-ranked drugs is around 80%, far exceeding that of the
lower-ranked drugs, which is only about 35%. The top-ranked drug, Ful-
vestrant, is examined next. The general cell status and score distribution for
Fulvestrant are shown inFig. 6e.Manycells are in theG2/Mphase, reflecting
highproliferative activity. In addition, high expressionofMITF (amarkerof
proliferation) and lowexpressionofAXL (amarker of invasiveness) indicate
strong proliferation but weak invasiveness21, consistent with the low
metastatic potential of the sample. Therefore, it is meaningful to focus on
targeting the primary tumor for drug screening. Fulvestrant is a selective
estrogen receptor down-regulator23, and scXDR predicts that most cells are
sensitive to it. Previous studies have already shown that Fulvestrant
monotherapy can inhibit melanoma growth by blocking ERα signaling and
enhancing tumor immunity24, which supports the drug prediction results.

Moreover, gene expression differential analysis is performed on the
high-score cell group (sensitive, scores above the threshold) and the low-
score cell group (resistant, scores below the threshold) for the top-ranked
drugs. A t-test is used to compute and identify the most significantly
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Fig. 5 | Case study of non-small cell lung cancer cells under drug holiday treat-
ment. aDrug response scores of cells under two treatment conditions. b Expression
of resistance markers. c Cells are classified into sensitive (score is 1) and resistant
(score is 0) groups based on a threshold. The vertical axis represents the percentage
of sensitive and resistant cells. d UMAP dimensionality reduction plot of the cells.
First row: Treatment conditions, cell cycle, positions of No Erlotinib cells, and
positions of Erlotinib cells. Second row: Response scores of No Erlotinib cells,

response scores of Erlotinib cells, expression of drug resistance markers from the
original literature in No Erlotinib cells, and expression in Erlotinib cells. “Markes”
refers to the drug resistance markers from the original literature. Third row:
Expression of MT-ND6 or TUBA1B in No Erlotinib cells, and expression in Erlo-
tinib cells. MT-ND6 and TUBA1B are the markers newly identified in this study.
e, f The correlation between marker expression and drug response scores. g The top
10 enriched pathways.
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Fig. 6 | Case study of drug screening inmelanoma cells. a Percentage of drugs with
literature evidence among the top-ranked and bottom-ranked drugs. b Density
distributions of scores for the top 5 and bottom 5 drugs. c Proportion of cells affected
by the top 5 and bottom 5 drugs among all cells. d Percentage of drugs with literature

or database evidence among the top half of drugs. e Information on cell cycle, MITF
pathway, AXL pathway, and drug scores. f Expression levels of RPL37A in high-
scoring and low-scoring cells for the top 5 drugs. g The top 10 enriched pathways.
h Survival analysis of RPL37A.
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differentially expressed genes between the two groups. The comparison
reveals that in the high-score and low-score groups for the top 5 drugs, a
greater number of genes starting with “RPL” rank high by p-value and
exhibit differential expression, accounting for as much as 50% of the top 10
genes (Supplementary Table S6). These genes typically encode ribosomal
protein large subunits25, and their expression levels are closely associated
with cancer cell proliferationandgrowth. For example,RPL37A is expressed
at low levels in high-score cells and at high levels in low-score cells (Fig. 6f).
Survival analysis (Fig. 6h) shows that high expression of RPL37A is asso-
ciated with lower survival rates, while low expression is linked to higher
survival rates.This indicates that cellswith lowRPL37Aexpression aremore
susceptible to drug effects and that patients may experience better survival
outcomes, suggesting that RPL37A holds potential as a drug response
biomarker. KEGG enrichment analysis is conducted on the top 100 dif-
ferentially expressed genes, and the top 10 enriched pathways ranked based
on p-value are shown in Fig. 6g, with node size and line thickness repre-
senting the degree of enrichment. Pathways such as “Mismatch repair,”
“DNA replication,” and “Ribosome” are consistent with the cell phase
findings, high proliferative activity, and the functions of the RPL gene
family26.

Pan-cancer level drug clusters and tumor clusters
The first two case studies examine the same tumor with the same drug and
the same tumor with different drugs. Evaluating themodel onmore tumors
and drugs can enable pan-cancer analyses of similarities and differences
amongdrugs and among tumors, revealing general therapeutic patterns and
special cases. Since theKinker et al. dataset27 includesonly solid tumors, after
ensuring that scXDRperformswell on the solid tumordatasets in scenario 3,
it is used to predict the response of 22 cancer types to 137 drugs. For each
drug, the mean and median scores of all cells within each cancer type are
calculated, and their average, obtained by dividing the sum of themean and
median by two, is taken as the final score for that cancer type with respect to
the drug. Then, a heatmap based on the score matrix for all drugs across all
cancers is generated, as shown in Fig. 7a, with the positions of drugs and
tumors arranged according toWardhierarchical clustering. It is evident that
some drugs exhibit similar response profiles. Drugs on the left generally
show lower response scores (darker color), while those on the right mostly
display higher scores (brighter color). Regarding differences among drugs, a
notable example is Cisplatin, whose color appears much brighter than that
of other drugs, with scores mostly around 0.8. This aligns with the fact that
Cisplatin is a broad-spectrum anticancer drug that demonstrates good
efficacy against various tumors28. Some tumors also show similar response
profiles, suggesting that during treatment they can be used as references for
each other. The drug clustering tree and tumor clustering tree are pruned at
a distance of 1, and the resulting clusters are presented in Fig. 7b, c and
Supplementary Tables S7–S8. The drugs are divided into 7 clusters and the
tumors into 3 clusters, with each cluster occupying distinct regions and
exhibiting similar responses within the cluster. Notably, drug cluster 7 is
isolated in the bottom right corner as a single point, precisely the afore-
mentioned Cisplatin, distinguishing it from other drugs and drug clusters.
In comparison, the tumor clusters are more dispersed, reflecting the sig-
nificant heterogeneity among different tumors.

Next, the scores are grouped by tumor clusters and drug clusters and
visualized as a network (Fig. 7d), where thicker lines represent higher scores.
Both similarities and differences can be observed among drug clusters and
tumor clusters. In terms of similarities, for example, drug clusters 7 and 6
both showconsistentlyhigh responses across all tumor clusters,while tumor
clusters 2 and 3 both show consistently low responses to drug cluster 1.
Regarding differences, the samedrug cluster shows varying responses across
different tumor clusters. For instance, drug cluster 2 is most effective for
tumor cluster 1, with a score of 0.35 compared to 0.27 and 0.23 for the other
two tumor clusters. Crizotinib belongs to drug cluster 2, and neuroblastoma
belongs to tumor cluster 1. Neuroblastoma is a common pediatric solid
tumor, and clinical studies are exploring the use of Crizotinib for its
treatment29. TheHER family is oftenhighly expressed inneuroblastomaand

is associated with tumor proliferation and poor prognosis, which may
explain why drugs in drug cluster 2, such as Afatinib and Lapatinib, show
higher response values30. Another difference is that the same tumor cluster
can respond differently to various drug clusters. For example, tumor cluster
2 is most sensitive to drug cluster 6 among the six drug clusters (excluding
the Cisplatin cluster as a special case), with a score of 0.54, which is higher
than the 0.2–0.4 range observed for the other drug clusters. Tamoxifen and
Fulvestrant belong to drug cluster 6, and breast cancer is in tumor cluster 2.
These two hormone drugs are clinically important agents for treating
hormone receptor positive breast cancer31. In addition, Dabrafenib in drug
cluster 6 shows high sensitivity to lung cancer in tumor cluster 2, consistent
with its standard clinical use for BRAF-mutated lung cancer32. The
remaining drug in drug cluster 6, Camptothecin, is therefore inferred to
have potential therapeutic value for cancers such as breast and lung cancer,
and studies have shown that its derivatives indeed exhibit efficacy against
these cancers33,34.

To further understand drug mechanisms and identify potential ther-
apeutic drugs, the Spearman correlation is calculated at the drug cluster and
tumor cluster levels between the p53-dependent senescence (p53sen) values
provided by the dataset’s original authors27 and the drug scores predicted by
this model (Fig. 7e). p53 plays an important role in cell senescence, a pro-
tective mechanism that prevents cells from proliferating to mitigate cancer
development35. Taking tumor cluster 1 and drug cluster 4, which show the
highest correlation, as an example, drug cluster 4 includes the representative
drug Nutlin. Nutlin stabilizes and activates p53 by inhibiting MDM2 (a
negative regulator of p53), thereby promoting cell senescence36. Therefore,
the positive correlation between p53sen values and drug response scores is
biologically reasonable and supports the model’s predictions. The drugs
within the same cluster share high similarity, suggesting that other drugs in
drug cluster 4 may also affect p53. For example, literature shows that Pic-
tilisib is a PI3K inhibitor37. Since the PI3K-AKT-mTOR pathway promotes
p53 degradation through MDM2 phosphorylation, Pictilisib inhibits this
pathway to reduce MDM2 function, stabilizing and activating p53 in a
manner similar to Nutlin, and inducing cell cycle arrest and apoptosis in
tumor cells38. This demonstrates the model’s ability to identify potential
drugs based on pan-cancer level drug and tumor clustering.

Assessment of approved drugs and potential drug combinations
for patient cells
In the fourth case, data come from breast cancer patient cells that are
estrogen receptor positive20. Some cells receive drug treatment while others
do not. Leo et al39. collect FDAapproveddrugs for breast cancer dating back
to 1949 and divide drugs for biomarker based treatment into three cate-
gories: hormone receptor positive, HER2 positive, and gBRCA mutated.
These three categories of drugs are applicable for biomarker-based treat-
ment, making them suitable for a fair comparison. In this case, scXDR
predicts the sensitivity of cells that have not received drug treatment from
two patients to 11 small molecule drugs belonging to those three categories.
For each drug, both themean andmedian scores of all cells are calculated to
generate a heatmap (Fig. 8a). Next, using the optimal threshold from sce-
nario 4 to classify cells as affected or unaffected by drug treatment, the
percentage of affected cells is calculated and the drugs are ranked (Fig. 8b).
For both patients, the top three drugs belong to the first category. The
percentage of affected cells is close to or exceeds 40 percent. The drugs in the
other categories rank in themiddle and lower positions because they do not
target the estrogen receptor positive condition. Therefore, their lower
ranking is justified.

Subsequently, scXDR predicts the sensitivity of patient cells that have
received drug treatment to all FDA approved breast cancer drugs with the
aim of forming an optimal drug combination based on existing drugs. The
ideal result is to add a new drug that primarily targets the resistant cells that
have already been treated. Only dual drug combinations are considered. In
other words, the new drug should affect cells that are not impacted by the
original drug. The cells from the two patients are treated with either Car-
boplatin or Doxorubicin, resulting in four conditions. For all four
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conditions, responses for a total of 24 drugs are predicted (not limited to
those targeting biomarkers). New drugs are ranked by the sum of the mean
and median scores for resistant cells and the top ranked drug is paired with
the original drug to form the drug combination (Supplementary Table S9).
A search of the PubMedandClinicalTrials databases40 for evidence on these
breast cancer drug combinations shows that in all four conditions the
predicted combinations have support in the literature and that three com-
binations receive support from clinical trials.

For example, in the first condition, patient 1’s cells are pretreated with
Carboplatin (Drug1) and the resistant cells show the highest sensitivity to
Doxorubicin (Drug2). The expression of Drug2 targets in Carboplatin
sensitive cells (S) and resistant cells (R) is analyzed statistically using target
information from the DrugBank database (Fig. 8c, d). The analysis calcu-
lates the number of cells with nonzero expression of each target for Drug2
and then computes the ratio of the number of cells in R to the number in S.
Up to 70 percent of Drug2 targets show a ratio greater than 1. In addition,

Fig. 7 | Case study of pan-cancer drug research. a Scores for each drug in each
tumor, where each square represents the sum of the mean and median scores of all
cells in that tumor. b PCA dimensionality reduction plot of 7 drug clusters. c PCA

dimensionality reduction plot of 3 tumor clusters. d The combined effect of drug
clusters on tumor clusters. e Spearman correlation between the p53sen value and
drug response scores.

https://doi.org/10.1038/s42003-025-09418-5 Article

Communications Biology |           (2026) 9:139 13

www.nature.com/commsbio


Fig. 8 | Case study of single drug and drug combination treatments on
patient cells. a Scores of 3 types of breast cancer drugs on cells from 2 patients.
Orange, blue, and green represent first, second, and third class drugs, respectively.
bRanking of the 3 types of drugs based on the percentage of affected cells. c,d For the

first drug combination, statistical analysis of the expression of targets of the added
drug in cells after the original drug treatment is performed. Ratios are calculated
based on the number of resistant cells to sensitive cells expressing these targets and
on the expression levels in resistant versus sensitive cells.
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the average expression level for each target inR is dividedby that in S and 70
percent of the targets again showa ratio greater than1.These results indicate
that the targets ofDrug2 aremore strongly expressed inDrug1 resistant cells
in terms of both the number of expressing cells and the level of expression.
This suggests that Drug2 may preferentially affect Drug1 resistant cells
rather than sensitive cells, which supports the rationale behind the drug
combination predicted by scXDR. From the perspective of the drug
mechanism of action, although Carboplatin and Doxorubicin do not
directly share common targeted proteins, they collaborate to disrupt func-
tional pathways related to DNA integrity maintenance. Carboplatin targets
DNA itself, causing DNA cross-links, while Doxorubicin primarily targets
topoisomerase II, inducing DNA double-strand breaks. Together, they
disrupt DNA structure and function through different mechanisms, pro-
ducing a strong synergistic anti-cancer effect41. Thus, their combination is
both mechanistically reasonable and synergistic, reflecting the reliability of
the model prediction.

Discussion
Drug response prediction tasks across single-cell datasets are challenging
because different single-cell datasets may have biological differences, tech-
nical differences, or other types of differences and several differences may
coexist42. To facilitate research, various single-cell datasets are divided into
different scenarios and scXDR’s predictions are conducted by scenario
which reduces differences among datasets to some extent especially for
scenarios 1, 2, and4. It is important tonote that fromscenario 1 to scenario 3
the represented situations become increasingly complex, ranging from the
same tumor with the same drug to the same tumor with different drugs and
finally to different tumors with different drugs. Scenario 4 involves the same
tumor with different patients including both the same drugs and different
drugs. Undoubtedly, scenario 3 is themost complex whereas the datasets in
the other three scenarios share some similarity. This is reflected in the
prediction results as the evaluation metrics in scenario 3 are always lower
than those in the other scenarios whether at the individual cell level or at the
cell group level. From the perspective of embedding visualization and inter-
domain distance, examining different scenarios and datasets shows that
when a datasetwithin a scenario has a large distance between the source and
target domains, both AUC and AUPR are lower. In other words, greater
domain discrepancy tends to weaken the model’s predictive performance,
which explains the differences in metrics across scenarios. Nevertheless,
even in the scenario with the largest domain discrepancy (scenario 3),
scXDR still effectively reduces the inter-domain distance (Fig. 4b) and
achieves higher metrics than the current advanced models.

Transfer learning enables cross-domain prediction13, and this study
also demonstrates that it is applicable to single-cell datasets with both large
and small inter-domain differences. The input of scXDR is a heterogeneous
network that includes feature information and association information for
drugs, targets and cells. This makes fuller use of available data compared
with previous single-cell drug response predictionmodels that use only gene
expression information. Previous studies have also shown that prediction
methods based on heterogeneous networks can effectively utilize hetero-
geneity information to predict drug responses43,44. It is common for existing
prediction models to use bulk-level RNA-seq data and drug response
information to predict drug response at the single-cell level8,14, but the
scXDR proposed in this study achieves cross-dataset drug response pre-
diction at the single-cell level. The basic idea of scXDR is heterogeneous
network transfer learning and the core principle is to align the hetero-
geneous networks of the source domain and target domain in terms of
features and structure while preserving the integrity of each network.
During alignment both Euclidean distance and cosine similarity are con-
sidered. This approach brings the heterogeneous networks of the two
domains into the same space with close distances, similar directions, and
intact structures. Since the heterogeneous network contains multiple types
of nodes and edges, training during the message passing phase and the
transfer learning phase is performed for each node type, each edge type, and
each meta-path. The source domain and target domain share components

such as theHGNN, autoencoder andpredictorwhichmeans that operations
on the heterogeneous networks in the source and target domains are syn-
chronized with no sequence of operations. Training during the prediction
phase targets the source domain. After several iterations, prediction and
evaluation are performed simultaneously on both the source and target
domains. These designs ensure that the drug response labels of the target
domain are used only at evaluation time and remain completely hidden
during training,while training considers both the source and targetdomains
and achieves high prediction performance in both.

At both the individual cell and cell group levels, the results show that
scXDRoutperformsnot only predictionmodels that use bulk data to predict
single-cell responses but also those that use single-cell data to predict single-
cell responses. In the vast majority of prediction tasks across the four sce-
narios, scXDR achieves the highest values in its four evaluationmetrics and
the highest cell group accuracy. Because scVI and scDEAL have advantages
in specific scenarios or particular datasets, scXDR’s metrics are sometimes
slightly inferior to or comparable with theirs. However, no other model
maintains high performance in all scenarios as scXDR does, and the metric
values of the other models are generally more dispersed, with frequent
fluctuations between high and low values, whereas scXDR’s performance
consistently remains in the high range.Manymodels overlook evaluation at
the cell group level11,14. Sometimes a model may perform well in certain cell
groupswhile performing poorly in others. In this study, cell groups aremore
finely divided into general cell groups and malignant cell groups, which
represent two different cell group annotation methods. Except for the cell
group level in scenario 3, where the accuracy is slightly lower, scXDR
achieves the generally highest average accuracy in the other scenarios and
overall. In scenario 3, themost complex scenario involving different tumors
and different drugs, with tumors including both solid and hematological
types, no model achieves very high values, yet scXDR’s accuracies of 75%
and 60% remain noteworthy. Ablation experiments and interpretability
experiments demonstrate that the components of transfer learning have a
significant impact onmodel performance. In particular, the dimensionality
reduction plots for interpretability reveal that message passing and transfer
learning each emphasize different functions. Additionally, the comparison
of embeddings between other models and scXDR can be quantified using
inter-domain distance. The transfer learning component of scXDR clearly
has an advantage, as it brings the source and target domains closer together,
resulting in a smaller inter-domain distance. These experiments demon-
strate that the scADR model design is well structured, achieving high per-
formance in cross-domain prediction.

In this study, case studies are conducted for each of the four sce-
narios to demonstrate that scXDR can adapt to different situations and
handle various prediction tasks. The non-small cell lung cancer PC9 cell
line is first cultured in an environment containing Erlotinib for 11 days
and then transferred to an environment without Erlotinib. If Erlotinib is
added again 6 days later, it is considered treatment with a drug holiday. If
it is not added, it is considered treatment without a drug holiday5. In
cancer treatment, a “drug holiday” refers to the planned or intermittent
cessation of anticancer drugs, which may delay resistance and restore
drug sensitivity45. The original paper5 for the first case study’s drug
holiday treatment dataset mainly explores drug tolerance. The authors
point out that the plasticity of drug tolerance is related to the reversibility
of the expression of drug-tolerant markers, which are in fact drug
resistance markers. Although drug tolerance and drug resistance are
conceptually different, their effects are the same in that the cellular
response to drugs is weak. There is no difference in judging drug
response scores and sensitivity, so this case is still explained using
resistance in place of tolerance. Tumor cells treated after a drug holiday
show high expression of drug resistance markers and low drug response
scores, while untreated tumor cells show the opposite. The main reason is
that the drug holiday allows tumor cells to regain some sensitivity, and
subsequent treatment kills the sensitive cells so that most surviving cells
are resistant. As a result, the predicted drug response based on Erlotinib
scRNA-seq data is low, which is consistent with the results of Aissa et al.
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The newly predicted markers, MT-ND6 and TUBA1B, exhibit more
obvious differential expression between the two treatment conditions,
with fold changes of 2.18 and 0.13, respectively, and they also show
relatively high Spearman correlation coefficients with the drug response
scores. MT-ND6 belongs to mitochondrial DNA, and studies show that
alterations in mitochondrial translation affect tumor cell sensitivity to
drugs46. Other research indicates that TUBA1B is significantly upregu-
lated in lung cancer and that its expression may strongly influence
patients’ treatment responses47. These findings suggest that the two
identified markers are related to drug response and are worthy of further
investigation.

The drug screening case uses an unlabeled single-cell dataset as the
target domain, which means predicting the response of untreated mel-
anoma samples to over 100 drugs. The drugs ranked at the top show
higher scores on cells, affect a greater number of cells, and have more
supporting literature evidence compared to those ranked lower. Fulves-
trant is mainly used for breast cancer at present, but several studies show
that Fulvestrant, whether used alone or in combination with other drugs,
can inhibit the growth of melanoma cells24,48. This makes its high ranking
understandable. Genes beginning with RPL, represented by RPL37A, are
significantly differentially expressed between sensitive and resistant cells.
When these genes express at low levels, the drug response is higher and
the survival probability is greater. Studies show that RPL37A can serve as
a marker for pathological complete response and survival in cancer
patients25,. Targeting ribosomal proteins is effective in the treatment of
melanoma49. These studies prove the potential of RPL genes as markers
for drug response. After applying scXDR to a single tumor, the next step
is to predict the response of multiple tumors to multiple drugs at a pan-
cancer level. Both drug clusters and tumor clusters are divided based on
response scores. The responses are similar within each cluster, while the
similarity between clusters is low. In the dimensionality reduction plots
(Fig. 7b, c), the greater the distance between clusters, the less similar they
are. This pattern implies that once an instance is studied, similar drugs or
similar tumors can be referenced for each other. For example, Nutlin
affects p53, and other drugs in the same cluster may also have some
influence on p53. Pictilisib, a PI3K inhibitor in the same cluster, is shown
by studies to possibly affect the function or stability of p53 indirectly38.
The predicted responses of breast cancer patient cells to FDA approved
drugs match the conditions of these samples. Hormone receptor-positive
drugs rank at the top among the drugs. Further predicted drug combi-
nations are designed to target resistant cells. In these combinations, cells
that are not affected by the first drug are affected by the second drug.
Four pairs of drug combinations predicted for two patients are supported
by literature or clinical trials. The targets of the second drugs in these
combinations are mostly highly expressed in resistant cells. These find-
ings further demonstrate that resistant cells are more likely to be affected
and provide additional support for the prediction results.

Conclusion
In summary, by converting single-cell datasets into heterogeneous networks
and performing transfer learning, scXDRachieves drug response prediction
across single-cell datasets. In each scenario and in the combined scenario, it
outperforms advanced methods that predict drug response from bulk data
to single-cell data and from single-cell data to single-cell data, whether
evaluated at the individual cell level or the cell cluster level. Every phase and
component of scXDR is designed to serve heterogeneous networks, and the
transfer learning component is the core part. Case studies for each scenario
achieve the prediction of cell response outcomes under different treatment
conditions, drug screening and identification of relatedmarkers, pan-cancer
studies of multi-drug and multi-tumor responses, and evaluations of single
drugs and drug combinations on patient cells. In conclusion, the metho-
dological innovations and practical applications of scXDRprovide guidance
for a new model of single-cell drug response prediction and help advance
drug treatment at the cell level.

Methods
Data collection and processing
This study focuses on single-cell level datasets. The scRNA-seq data are
collected from the Gene Expression Omnibus (GEO) database, and the
drug response labels are either provided directly in GEO or determined
and provided based on the original literature. Due to differences in
disease backgrounds and treatment conditions among various single-cell
datasets, the available datasets are categorized into 4 research scenarios
(see Supplementary Table S1 and Fig. 1). Specifically, a total of 12
scRNA-seq datasets are divided into 4 scenarios: different batches (same
tumor, same drug), different drugs (same tumor, different drugs,
including both single drugs and drug combinations), different tumors
(including both solid and hematological tumors with different drugs),
and different patients (drugs may be the same or different). Overall, this
setup encompasses 6 tumor types and 10 drugs, and 20 cross-dataset
drug response prediction tasks are conducted.

Each dataset is constructed as a heterogeneous network that includes
three types of nodes: drugs, cells, and targets. The features of drugs are
represented using Molecular Access System fingerprints50, the features of
genes are represented using Composition, Transition, and Distribution
fingerprints51, and the features of cells are the expression values of 5000
highly variable genes. The scRNA-seq data are processed using Scanpy,
which considers key parameters such as minimum gene count, minimum
cell count, total counts, and mitochondrial percentage, along with log
transformation and normalization, all based on a previous study’s proces-
singmethod13. Cell-target interactions consist of eachcell and the geneswith
nonzero expression in that cell. For any two cells, Pearson correlation is
computed based on their expression values, and cell-cell interactions are
constructed by retaining pairs whose absolute correlation exceeds the
median.Drug-target interactions are obtained by querying theComparative
Toxicogenomics Database and PubChem Database, and target-target
interactions are filtered from the Human Reference Interactome dataset52.
Since 11 of the 12 datasets include only one drug, drug-drug interactions are
not considered. Finally, the effect of drugs on cells is treated as the labels.

Model construction
Themodel is end-to-end, with the input being the heterogeneous networks
fromthe source and target domains, and theoutputbeing the scoresof drug-
cell interactions for bothdomains.Here, the source and target domains refer
to different datasets within each scenario. The model is divided into three
phases: the message passing phase, the transfer learning phase, and the
prediction phase, as illustrated in Fig. 1.

Message passing phase. In this phase, the heterogeneous networks
from the source and target domains execute the same operations. A het-
erogeneous network is represented as G ¼ ðV; E; T ;RÞ (temporarily
without domain identifiers). T is the set of node types and consists of 3
types.R is the set of edge types, and asmentioned, there are 5 types of edges.
Note that drug-cell edges do not participate in the message passing phase
and the transfer learning phase, and in the prediction phase the labels for
drug-cell edges in the targetdomainarenotdisclosed.The remaining4 types
of edges consider reverse edges, which results in a total of 8 edge types that
execute message passing and transfer learning. V and E denote the set of all
nodes and all edges respectively. For a node v (type is τ, τ ∈ T ), 2 layers of
message passing are performed using Eqs. (1) and (2).

hðτ;1Þv ¼ σ
X
r2R

X
u2N r ðvÞ

Wð1Þ
r xðτÞu

0
@

1
A ð1Þ

hðτ;2Þv ¼
X
r2R

X
u2N r ðvÞ

Wð2Þ
r hðτ;1Þu ð2Þ

For each relation r 2 R, node v has a neighborhood setN rðvÞ, where
each node u in the neighborhood set has the original feature xðτÞu .
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The features of the neighbor nodes (including the node itself) for each
relation are aggregated, and the sum of the features across all relations is
passed through a nonlinear transformation. In this study, σ represents the
activation function, specifically ReLU, as used throughout. The first layer
representation hðτ;1Þv is then aggregated to obtain the second layer repre-
sentation hðτ;2Þv .

Transfer learning phase. This phase comprises an autoencoder com-
ponent, an alignment component, and a structure reconstruction compo-
nent. Its purpose is to perform cross-domain feature alignment and
structure alignment on the heterogeneous network while preserving the
integrity of the network structure within each domain.

The autoencoder component includes node encoding, edge encoding,
andmeta-path encoding. The steps are identical for the two domains, so no
distinction is made. For each type of node, encoding is performed followed
by decoding. The input is the representation hðτ;2Þv obtained from the
message passing phase. The output of the intermediate layer (the encoded
embedding) is zðτÞv , and the output of the decoding layer is ĥ

ðτ;2Þ
v . Here,W

and b denote the parameters of the encoding layer, andW 0 and b0 denote the
parameters of the decoding layer. Equation (5) is used to compute themean
of the squared L2 norm, that is, the Mean Squared Error (MSE) is used to
calculate the loss of the autoencoder.VðτÞ represents the set of nodes of type
τ, and jVðτÞj represents the number of nodes of type τ.

zðτÞv ¼ σðWah
ðτ;2Þ
v þ baÞ; τ 2 T ð3Þ

ĥ
ðτ;2Þ
v ¼ σðW 0

az
τð Þ
v þ b0aÞ ð4Þ

LðτÞa ¼ 1

VðτÞ�� ��
X
v2VðτÞ

khðτ;2Þv � ĥ
ðτ;2Þ
v k22 ð5Þ

The featureof anedge eðrÞuv is formedby concatenating the features of the
two nodes at its ends. Here, u (of type α) and v (of type β) represent the two
nodes, and α and β may be the same. Similar to the previous steps, the
concatenated features are first encoded and then decoded. The loss is cal-
culated usingMSE.EðrÞ represents the set of edges of type r. Note that at this
stage,R doesnot includedrug-cell edges, and asmentioned earlier, there are
a total of 8 edge types.

eðrÞuv ¼ ½h α;2ð Þ
u

���
���hðβ;2Þv �; r 2 R ð6Þ

zðrÞuv ¼ σðWbe
ðrÞ
uv þ bbÞ ð7Þ

êðrÞuv ¼ σðW 0
bz

ðrÞ
uv þ b0bÞ ð8Þ

LðrÞb ¼ 1

jEðrÞj
X

ðu;vÞ2EðrÞ
ke rð Þ

uv � ê rð Þ
uvk22 ð9Þ

Meta-paths can be regarded as substructures of the network53. The
input to the meta-path encoder consists of numerous two-hop meta-path
samples. Ameta-path sample’s feature is denoted as pðmÞ and is obtained by
concatenating the features of the startingnodeu (of typeγ), the intermediate
node v (of type δ), and the ending node w (of type ϵ). The types γ, δ, and ϵ
can have at most two identical types. The specific meta-path types are
provided in SupplementaryTable S10.M represents the set of allmeta-path
types, PðmÞ denotes the set of meta-path samples of type m, and jPðmÞj
indicates the number of meta-path samples of type m.

pðmÞ ¼ h
γ;2ð Þ
u khðδ;2Þv khðϵ;2Þw

h i
;m 2 M ð10Þ

zðmÞ
p ¼ σðWcp

ðmÞ þ bcÞ ð11Þ

p̂ðmÞ ¼ σðW 0
cz

ðmÞ
p þ b0cÞ ð12Þ

LðmÞ
c ¼ 1

PðmÞ�� ��
X

pðmÞ2PðmÞ
kpðmÞ � p̂ðmÞk22 ð13Þ

The alignment component considers both feature alignment and
structure alignment. Specifically, the alignment of node encoded features
and edge encoded features falls under feature alignment, while the align-
ment of meta-path encoded features is regarded as structure alignment, or
more precisely, substructure alignment. For each type of node, edge, and
meta-path, the encoded embedding z is used to compute a densityD using a
kernel density estimationmethod (Eq. 14)54. High-density points from both
domains are then used to calculate the Euclidean distance and cosine
similarity to obtain the loss (Eqs.( 15)–(17)). Here, K denotes the Gaussian
kernel, N is the number of samples, h is the bandwidth parameter, and �h i
represents the dot product. The symbols s and t refer to the source domain
and target domain, respectively,whileNτ ,Nr , andNm denote thenumberof
high-density samples for specific types of nodes, edges, and meta-paths.
Each alignment loss is composed of two parts. The first part is MSE, which
represents the Euclidean distance. The second part is the complement of the
cosine similarity (1 minus the cosine similarity). The combination of these
two components ensures that, after training, the representations between
the source and target domains are not only close in distance but also as
aligned as possible in direction.

DðzÞ ¼ 1
Nh

XN
i¼1

K
z � zi
h

� �
ð14Þ

LðτÞalign ¼
1
Nτ

XNτ

i¼1

kzðτ;iÞs � zðτ;iÞt k22 þ ð1�
zðτ;iÞs ; zðτ;iÞt

D E

kzðτ;iÞs k2kzðτ;iÞt k2
Þ

2
4

3
5;Nτ < VðτÞ�� ��

ð15Þ

L rð Þ
align ¼

1
Nr

XNr

i¼1

kz r;ið Þ
s � z r;ið Þ

t k22 þ ð1�
z r;ið Þ
s ; z r;ið Þ

t

D E

kz r;ið Þ
s k2kz r;ið Þ

t k2
Þ

2
4

3
5;Nr < E rð Þ�� ��

ð16Þ

LðmÞ
align ¼

1
Nm

XNm

i¼1

kzðm;iÞ
s � zðm;iÞ

t k22 þ ð1�
zðm;iÞ
s ; zðm;iÞ

t

D E

kzðm;iÞ
s k2kzðm;iÞ

t k2
Þ

2
4

3
5;Nm < PðmÞ�� ��

ð17Þ
The structure reconstruction component predicts the existence of

edges in the heterogeneous network, ensuring that the network structure is
maintained during alignment. The operations are identical for both
domains and are performed separately for each type of edge. The node-
encoded representations are dot-multiplied to predict the edge score
(Eq.( 18)). Edges that exist in the network are treated as positive edgeswith a
score sp, while edges that do not exist are treated as negative edges with a
score sn. A margin loss function (Eq.( 19)) is used to compute the loss,
encouraging higher scores for positive edges and lower scores for negative
edges. Here, r 2 R, and drug-cell edges are still not considered.

sðrÞuv ¼ zðαÞu ; zðβÞv

� � ð18Þ

LðrÞrecon ¼
1

EðrÞ�� ��
XjEðrÞ j

i¼1

maxf0; 1þ s r;ið Þ
n � s r;ið Þ

p g ð19Þ

Prediction phase. In this phase, which is specifically focused on drug-
cell edges in the source domain, the drug embeddings and cell embeddings
are concatenated and fed into a Multilayer Perceptron (MLP)55 to predict
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scores. A 5-fold cross-validation is used for testing. The predicted score yuv
and the true labelYuv , whereYuv 2 0; 1f g, are used to compute the loss via a
binary cross-entropy loss function.Es

pred represents the set of drug-cell edges
in the source domain. Up to this point, the drug-cell information in the
target domain remains unknown.

zuv ¼ z
drugð Þ
u

���
���zðcellÞv

h i
ð20Þ

yuv ¼ Wð2Þ
d σ Wð1Þ

d zuv þ bð1Þd

� �
þ bð2Þd ð21Þ

Lspred ¼ � 1

Es
pred

���
���

X
u;vð Þ2Espred

½Yuv log σðyuvÞ þ ð1� YuvÞ logð1� σðyuvÞÞ�

ð22Þ

L ¼
X
τ2T

λaL
ðτÞ
a þ

X
r2R

λbL
ðrÞ
b þ

X
m2M

λcL
ðmÞ
c

þ
X
τ2T

λa0L
ðτÞ
align þ

X
r2R

λb0L
ðrÞ
align þ

X
m2M

λc0L
ðmÞ
align

þ
X
r2R

λeL
ðrÞ
recon þ λdL

s
pred

ð23Þ

Through the aforementioned steps, a total of 8 losses are established,
and the overall loss is the weighted sum of these 8 losses. The first line of Eq.
(23) represents the losses of the three autoencoders, which are summedover
each node type, each edge type, and each meta-path type. The second line
corresponds to the three alignment losses, also computed and summed by
type. The third line includes the structure reconstruction loss and the source
domain prediction loss. Note that the first 7 losses apply to both domains,
whereas the 8th loss is applied only to the source domain. The total loss L is
backpropagated.

After training through the message passing phase, transfer learning
phase, and prediction phase, the predictor trained on the source domain is
used to predict the scores for drug-cell pairs in the target domain, and these
predictions are then compared with the true labels.

Experiment setting
In each scenario, the heterogeneous network of each dataset can serve as
either the source domain or the target domain. Therefore, the prediction
tasks need to consider both the cases where the network is used as a
source domain and as a target domain. For the sake of categorization and
targeted expansion, this study does not include cross-scenario predic-
tions. Instead, it focuses on transfer and prediction across datasets within
the same scenario. There are a total of 20 single-cell drug response
prediction tasks in four scenarios, as shown in Supplementary Table S2.
The hyperparameters and other settings are shown in Supplementary
Table S11. Evaluation metrics include the Area Under the ROC Curve
(AUC), the Area Under the Precision-Recall Curve (AUPR), Accuracy
(ACC), and F1 Score. For the calculation of ACC and F1 Score, the
optimal threshold is determined using the Youden index56. The scores are
then binarized before comparing them with the ground truth labels. To
ensure a fair comparison, the optimal thresholds of the comparison
models are also determined based on the Youden index before calculating
ACC and F1 Score.

To comprehensively evaluate the performance of scXDR, this study
compares scXDR with different categories of single-cell drug response
prediction methods. The comparisons include methods that transfer from
bulk data to single-cell data (first category) and methods that transfer from
single-cell data to single-cell data (second category). The evaluation is
conducted not only at the individual cell level but also at the cell group level,
with the latter including both general cell group level and malignant cell
group level.

Comparison experiments at the individual cell level
Methods that transfer bulk data to single-cell data are used for comparison:
• scDEAL (bulk)13 represents published transfer learning methods. In

this approach, the source domain consists of cell line data fromGDSC
and CCLE57 while the target domain is single-cell data.

• SCAD (bulk)14 represents another class of published transfer learning
methods. The data and model architecture are similar to scDEAL, but
in this approach, the common genes between the source domain and
the target domain are used as features, and the evaluation is conducted
on the split target domain.

• CaDRReS-Sc (bulk)10 represents publishedmachine learningmethods.
The training set consists of cell line data from GDSC and the test set is
single-cell data.

• DREEP (bulk)12 represents publishedmarker-based methods. The cell
line data come from GDSC, PRISM26, and CTRP258 and the method
predicts drug response at the single-cell level.

• MLP (bulk) represents conventional deep learning methods. The
training set consists of cell line data from GDSC and the test set is
single-cell data. Features only consider common gene expression (the
same applies below) and do not take into account association
information.

• SVM (bulk) represents conventional machine learning methods. The
training and test sets are set up in the same way as for MLP, with
support vector machines used for training and prediction.

• Pearson (bulk) represents conventional statistical methods. The
method pairs cells from single-cell data with cell lines from bulk data
basedon thehighestPearsoncorrelation ingene expressionandassigns
drug response labels accordingly.

Methods that transfer single-cell data to single-cell data are used for
comparison:

Currently, there is no specific method for drug response prediction
across single-cell datasets, so other available methods need to be modified
for comparison. The methods listed below are not originally designed for
drug response prediction across single-cell datasets, but with slight mod-
ifications, they can be used, where only the data input is changed without
altering the model architecture.
• scDEAL represents transfer learning methods where both the source

and target domains are single-cell data.
• SCAD represents another class of transfer learning methods. The data

is the same as scDEAL, but the use of features and the evaluation of the
target domain are the same as SCAD (bulk).

• CaDRReS-Sc represents machine learning methods where both the
training and test sets consist of single-cell data.

• scVI59 represents deep learning methods for batch effect correction.
After correcting for batch effects in different single-cell datasets, they
are combined into a single dataset. The data is then divided into a
training set and a test set, and an MLP is employed to predict drug
scores for the cells.

• ComBat60 represents non-deep learning methods for batch effect
correction. After correction, the training and prediction steps are
carried out in the same way as for scVI.

• MLP represents conventional deep learning methods with both the
training and test sets consisting of single-cell data.

• SVM represents conventional machine learning methods with the
same training and test set setup as MLP.

• Pearson represents conventional statistical methods. Cells from dif-
ferent single-cell datasets compute Pearson correlation and labels are
transferred between cells with the highest correlation.

Comparison experiments at the cell group level
General cell group level:

Evaluation at the cell groupor cell type level canbetter confirmwhether
themodel performs well at a higher level than individual cells. In this study,
MACA61 is used for clustering and cell type annotation. Since the obtained
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Louvain clusters mostly correspond to cell types and drug response groups
(sensitiveor resistant), thepercentageof correctly predicted cellswithin each
Louvain cluster is calculated, and then the results from all Louvain clusters
are averaged. This average result is considered as the cell group level pre-
diction accuracy. After performing the above operations for scXDR and the
two major categories of single-cell drug response prediction methods, the
results are compared.

Malignant cell group level:
Most conventional cell type annotationmethods canprimarily identify

normal cell types, while a significant proportion of tumor cells may be
malignant. Evaluating the prediction accuracy of drug responses in malig-
nant cell groups is an aspect that previous models have rarely focused on.
Using Cancer-Finder62 for malignant cell annotation, the percentage of
correctly predicted cells within the malignant cell group is calculated, and
this percentage is considered as the accuracy at the malignant cell group
level. After performing the above steps for scXDR and the two major
categories of methods, the accuracy results are compared.

Ablation experiment
The core components of scXDR are primarily located in the transfer
learning phase,which include feature alignment and structure alignment. In
addition, structure reconstruction preserves network integrity during
alignment. To evaluate the importance of these components and the
advantage of the complete model, experiments on 20 prediction tasks are
conducted after ablating these components from the full scXDR model.
• Feature ablation. Ablate the feature alignment component while

retaining structure alignment and structure reconstruction. The mes-
sage passing phase and prediction phase are retained by default.

• Structure ablation. Ablate the structure alignment component while
retaining feature alignment and structure reconstruction. Themessage
passing phase and prediction phase are retained.

• Reconstruction ablation. Ablate the structure reconstruction compo-
nent while retaining feature alignment, structure alignment, and other
components.

• Transfer ablation. Ablate all content in the transfer learning phase,
retaining only the message passing phase and prediction phase.

Interpretability experiment
The roles of some phases and components in scXDR are studied by
observing the changes in features during its different phases, thereby
explaining the model’s internal operating mechanism. Specifically, the
original features of cells from the source and target domains, the embed-
dings after themessage passing phase, and the aligned embeddings from the
transfer learning phase are reduced in dimensionality using Principal
Component Analysis (PCA) and visualized. The original features are gene
expression,while the other two embeddings are taken from the last iteration,
prior to the prediction phase. Each point represents a cell, with different
colors indicating the source and target domains. In addition to visualizing
the scXDR embeddings, the cell embeddings from the source and target
domains of the models scDEAL and SCAD are also reduced and colored
using PCA. These embeddings are also taken from the last iteration, and the
original authors used them to compute domain discrepancy loss, ensuring
the two domains are closely aligned. The comparison with scXDR
embeddings is therefore fair.

Case study
This study conducts a case study for each scenario, with the order of the
cases corresponding to the order of the scenarios, and thefirst three casesuse
additional new datasets. In each scenario, the original dataset serves as the
source domain and the new dataset as the target domain, ensuring that after
themodel performswell on the original datasets in that scenario, it is applied
for prediction on the new dataset. The best threshold for each scenario is set
as the average of the optimal thresholdsobtained fromall benchmark single-
cell datasets within that scenario.

In the first case, the background involves different samples with the
same drug and tumor, consistentwith thefirst scenario in terms of drug and
tumor. The GSE134841 dataset5 contains scRNA-seq data from the non-
small cell lung cancer PC9 cell line treated with Erlotinib. Samples can be
distinguished by whether they received a drug holiday treatment. If the cells
are treatedwith the drug after a period of withdrawal, they are considered to
have received drug holiday treatment5 and are labeled “Erlotinib”; if the cells
are not treated with the drug after the withdrawal period, they are con-
sidered not to have received drug holiday treatment and are labeled “No
Erlotinib”. In this case, cells under different treatment conditions are treated
as a whole to construct a heterogeneous network, and scXDR is used to
predict the sensitivity and resistance of cells that receive or do not receive
drug holiday treatment, thereby inferring the outcome of cells under dif-
ferent treatment approaches. The prediction results are validated using the
outcomes reported in the original literature.Although drug tolerance differs
from resistance in the original literature, they are similar in cellular drug
response and are therefore treated equivalently here.

The background of the second case is the same tumor with different
drugs, leading to a drug screening study, and the tumor type is identical
to that in the second scenario. Based on the poorly metastatic melanoma
cell line from the GSE156750 dataset21, drug screening is conducted on
anticancer drugs in the GDSC to identify those that produce the highest
response in this cell line. The results are analyzed and validated using
enrichment analysis, survival analysis, differential analysis, database
mining, and literature mining, and drug response markers are also
identified.

The background of the third case is different tumors, so a pan-cancer
study is conducted.Using scRNA-seqdata from22cancer types providedby
Kinker et al.27, response predictions are performed for 137 anticancer drugs
in the GDSC. Based on the response scores, clustering analysis is conducted
separately on drugs and tumors, and then the resulting drug clusters and
tumor clusters are investigated.

In the fourth case, the background centers on different patients. Based
on the dataset from the fourth scenario (breast cancer) and drugs approved
by the US Food and Drug Administration (FDA) for treating breast cancer,
scXDR predicts the optimal drug or drug combination for patient cells,
some of which have received drug treatment and some of which have not.
Literature and clinical trial databases40 are searched to validate the results.

Statistics and reproducibility
All thedata used in this study are publicly available.Detailed information on
the datasets, including sample sizes, data processing, constructionmethods,
and testing procedures, can be found in Supplementary Table 1 and in the
Methods section. To facilitate reproducibility, we provide the code, the
environment information required for running the experiments, and the
server configuration details in our GitHub repository.

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

Data availability
All data used in this study are publicly available. The single-cell level data are
obtained from GEO (GSE134839, GSE149214, GSE108394, GSE164614,
GSE230538, GSE117872, GSE127298, GSE140440, GSE147326,
GSE134841, GSE156750, and GSE157220) and from the Broad Institute’s
Single Cell Portal (https://singlecell.broadinstitute.org/single_cell/study/
SCP542/pan-cancer-cell-line-heterogeneity). The bulk level data are
obtained from GDSC (https://www.cancerrxgene.org/downloads/bulk_
download),HuRI (http://www.interactome-atlas.org/download), andCTD.

Code availability
The code is available on GitHub (https://github.com/QiGuan1920/
scXDR2025) and Zenodo (https://doi.org/10.5281/zenodo.17857697)63.
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