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Abstract 

We present the CellHit web server ( https:// cellhit.bioinfolab.sns.it/ ), a web-based platform designed to predict and analyze cancer patients’ re- 
sponsiveness to drugs using transcriptomic data. By le v eraging e xtensiv e pharmacogenomics datasets from the Genomics of Drug Sensitivity 
in Cancer v1 and v2 (GDSC) and Profiling Relative Inhibition Simultaneously in Mixtures (PRISM) and transcriptomic data from the Cancer Cell 
Line Encyclopedia (CCLE) and The Cancer Genome Atlas Program (TCGA). CellHit integrates a computational pipeline for preprocessing, gene 
imputation, and robust alignment between patient and cell line transcriptomic data with pre-trained SOTA models for drug sensitivity predic- 
tion. T he pipeline emplo y s batch correction, enhanced Celligner methodology, and Parametric UMAP f or stable and actionable alignment. T he 
intuitiv e interf ace requires no programming e xpertise, offering interactiv e visualizations, including lo w-dimensional embeddings and drug sensi- 
tivity heatmaps for the input transcriptomic samples. Results feature contextual met adat a, SHAP -based f eature importance, and transcriptomic 
neighbors from reference datasets, simplifying interpretation and hypothesis generation. CellHit provides precomputed predictions across TCGA 

samples and offers the ability to run custom analyses online on input samples, democratizing precision oncology by enabling rapid, interpretable 
predictions accessible the research community. 
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ulti-modal, molecular tumor profiling [ 1 ] is transforming
ancer treatment by enabling the development of targeted
ono- and combination therapies for genetically defined pa-

ient subgroups. However, many patients still lack effective
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treatments, and resistance limits therapeutic efficacy. The rise
of large-scale pharmacogenomics databases, including the
Cancer Cell Line Encyclopedia (CCLE) [ 2 ], Genomics of Drug
Sensitivity in Cancer v1 and v2 (GDSC) [ 3 ], Cancer Thera-
peutics Response Portal v2 (CTRPv2) [ 4 ], Profiling Relative
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Inhibition Simultaneously in Mixtures (PRISM) [ 5 ], and
DepMap [ 6 ], has accelerated personalized oncology research.
Iorio et al. [ 3 ] first demonstrated how genomic alterations in-
fluence drug sensitivity and how diverse genomic data types
contribute to predictive modeling. Since then, multiple com-
putational approaches have leveraged CCLE and GDSC to
predict drug response in cancer cell lines (reviewed in [ 7–9 ]),
with best practices for model development established [ 10 ].
Sensitivity signatures obtained from such large scale cancer
cell drug screenings have also been combined with single-cell
(sc) RNAseq datasets to improve drugs prioritization [ 11 , 12 ].

Existing methodologies generally lack the possibility to
mechanistically interpret sensitivity predictions, as well as to
carry out inference on patient’s samples. To address these chal-
lenges, we recently introduced a framework, i.e. CellHit [ 13 ],
designed to enhance the interpretability and transferability to
patients data of drug sensitivity prediction over existing base-
lines [ 14–20 ]. The CellHit’s pipeline requires multiple steps,
including data preprocessing, cell line–tumor sample align-
ment, model training, inference and results interpretation,
which may hinder broader adoption. To overcome these limi-
tations and democratize access for researchers lacking compu-
tational expertise, we present an intuitive web server integrat-
ing sample alignment, model inference, and interactive visual-
ization within a unified workflow that requires no program-
ming knowledge. This platform enables rapid exploration of
drug sensitivity profiles across tumor types, facilitating the
identification of potential therapeutic vulnerabilities without
specialized computational training. In parallel, to develop this
integrated pipeline, we created a suite of modular tools that
can be independently leveraged and are released alongside the
web server. This website is free and open to all users and there
is no login requirement. 

Materials and methods 

Datasets 

We obtained the data model’s training from two comprehen-
sive high-throughput studies: GDSC and PRISM. We down-
loaded the GDSC2 dataset, release version from 24 July
2022, from its official website ( https://www.cancerrxgene.
org/). We also incorporated the PRISM Repurposing Public
23Q2 dataset from the Dependency Map (DepMap, Broad
Institute) portal, considering log-fold change (LFC) in cell
viability measurements. We obtained RNAseq data from
CCLE, which is available from DepMap. We considered
log2(TPM + 1) data for protein-coding genes. We integrated
RNA bulk transcriptomic data from TCGA into our pipeline.
Specifically, our study employs the Tumor Compendium v11
Public PolyA dataset, released in April 2020, which amalga-
mates data from various publicly accessible repositories, in-
cluding the TCGA and Therapeutically Applicable Research
to Generate Effective Treatments (TARGET) projects. These
data, sourced from the UCSC Treehouse Public Data platform,
are downloaded in the RSEM log2(TPM + 1) normalized for-
mat. For the drug prediction in Pancreatic Ductal Adenocar-
cinoma (PDAC) subtypes (Glandular, GL; Transitional, TR;
Undifferentiated, UN), data were obtained from the transcrip-
tional profiles of multiple morphologically distinguishable tu-
mor areas isolated by laser micro-dissection (LMD) in pri-
mary PDACs of treatment-naïve patients [ 21 ]. In conclusion,
we leverage the patient-derived primary cell culture dataset of
Glioblastoma Multiforme (GBM) introduced in our previous 
work [ 13 ]. 

Pre-alignment 

To ensure consistency between incoming patient data and 

data already present in TCGA, a batch correction procedure 
is performed using the pyComBat package [ 22 ] (0.3.3). No- 
tably, if the user assigns a TCGA tumor label (e.g. BRCA) 
to the samples in a dedicated column along with transcrip- 
tomics data, this metadata is used to achieve improved har- 
monization with TCGA (through the “mod” argument of 
pyComBat). The complete list of TCGA acronyms is avail- 
able at https:// gdc.cancer.gov/ resources- tcga- users/tcga- code- 
tables/tcga- study- abbreviations . Input data must be derived 

from bulk transcriptomics of patient tissue raw count for- 
mat rather than from commercial cell lines. This step ensures 
the harmonization of new patient bulk RNA-seq data with 

TCGA bulk RNA-seq data. 

Gene imputer 

A machine learning pipeline was developed to handle miss- 
ing values in incoming transcriptomic data. The imputation 

step leverages an XGBoost [ 23 ] (2.1.3) regressor trained on 

synthetically corrupted TCGA RNA-seq data. To simulate re- 
alistic missing data scenarios, a random proportion (between 

10% and 20%) of the genes was randomly masked for each 

sample. Optimal hyperparameters for the XGBoost model 
were identified using Optuna [ 24 ] (4.1.0), which employed a 
multivariate Tree-structured Parzen Estimator (TPE) sampler 
[ 25 ]. Hyperparameter optimization was performed through 

three-fold cross-validation on random subsets of 400 genes 
per fold. The optimization procedure runs for a fixed bud- 
get of 300 trials. The folds were stratified by tumor type to 

ensure robust generalization across different cancer subtypes.
The imputer receives the corrupted RNA-seq profiles along 
with tumor type information as input and outputs the gene 
expression profile suitable for downstream analysis with Cell- 
Hit models [ 13 ]. 

Cell-line patients samples alignment 

An enhanced Celligner [ 26 ] process was created to match tran- 
scriptional profiles from TCGA and CCLE. The new pipeline 
introduces significant changes in contrast to the prior im- 
plementation. To prevent data leakage, dataset-specific stan- 
dardization statistics were computed separately for CCLE and 

TCGA, ensuring independent mean and standard deviation 

calculations before transforming new samples. These statis- 
tics are then used to process new incoming samples. The con- 
trastive principal component analysis (cPCA) [ 27 ] procedure 
was also reimplemented from scratch following its original 
publication. Notably, Celligner original implementation relies 
on a mix of scikit-learn [ 28 ] and limma R [ 29 ] package func- 
tions (eBayes and F-statistics metric calculations) for differ- 
ential gene expression analysis and cPCA. For better repro- 
ducibility, the entire process was rewritten in Python using 
PyTorch [ 30 ] (2.5.1), enabling GPU acceleration. This reim- 
plementation also reinstates the α hyperparameter, originally 
fixed in Celligner. Lastly, a comprehensive hyperparameter op- 
timization was conducted for the new alignment procedure,
introducing an objective function based on a “Neighbour- 

https://www.cancerrxgene.org/
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ood Consistency” filter to obtain a more robust assessment
f the alignment procedure (see Supplementary Information ).

arametric UMAP 

e implemented a ParametricUMAP [ 31 ] model in PyTorch
o visualize user-provided transcriptomic data within a fixed
eference space aligned to CCLE and TCGA datasets. Unlike
onventional UMAP [ 32 ], which requires recalculating em-
eddings for new data, our approach enables seamless inte-
ration without recomputation. The model is a three-layer
eedforward neural network that maps high-dimensional tran-
criptomic data to a two-dimensional embedding. This archi-
ecture maintains a stable reference space, facilitating the di-
ect alignment of new samples. 

ipeline 

he pipeline expects a CSV , ZIP , or GZ format file with
ulk transcriptomic data of cancer cells, formatted as raw
ounts. Gene identifiers must be in either Ensembl [ 33 ] or
GNC Gene [ 34 ] Symbol format. If genes are provided in
nsembl format, they are automatically mapped to HGNC
ene Symbols using the MyGene.info (v3.2.2) Python library,
hich ensures consistency and simplifies downstream analy-

es. An optional column indicating the closest TCGA tumor
ategory allows sample pre-alignment to TCGA data using
omBat [ 35 ] as described in the pre-alignment chapter. The

erver generates three outputs. The first consists of aligned
NA-seq data obtained through the pipeline described in the
ell-line patients sample alignment chapter, visualized using
 parametric-UMAP low-dimensional projection that maps
nput samples onto the transcriptomic space of TCGA and
CLE. The second output is a tabular dataset containing sam-
le and assay-specific predictions obtained by running pre-
rained models from the predictive pipeline introduced in our
revious work [ 13 ]. Outputs from this computational pipeline
re further processed using a post-processing pipeline that ex-
racts a wide range of features, detailed in the “Results” sec-
ion. Among these features, the post-processing pipeline iden-
ifies transcriptomic and response neighbors from CCLE and
CGA (using FAISS [ 36 ] (1.9.0post1)) and computes sample-
pecific SHAP importances with TreeExplainer method of the
ython shap [ 37 ] (0.46.0) library. The third output is a Plotly-
enerated clustermap displaying drug sensitivity profiles, with
amples as rows and drugs as columns. To refine the extensive
rug set in GDSC and PRISM, the user can select from a drop-
own menu between 15 and 50 top drugs, based on the highest
ariance within predicted samples. All drugs featuring an av-
rage ln(IC50) (Half-maximal inhibitory concentration) value
maller than –1 are included. Responses are computed by sub-
racting each drug’s median IC50 (GDSC) or LFC (PRISM).
lternatively, users can standardize results per sample by sub-

racting the mean and dividing by the standard deviation of
he predictions. The web server is implemented using Reac-
JS (v18.2.0) for the front end, with Plotly.js (v2.6.0) handling
D visualizations. PrimeReact (v10.5.0) and React-Bootstrap
v2.10.0) are used for UI components. The backend is built
n FastAPI (v0.104.1) to process HTTP requests and interact
ith a GraphQL server via Strawberry GraphQL (v0.217.1),
hich queries a MySQL database. Task management is exe-

uted through Celery (v5.4.0), integrated with the CellHit ma-
hine learning pipeline, while Redis (v3.5.3) is used as a task
ueue broker to manage concurrent processes. 
Results 

Using the web server 

The web server’s landing page offers access to two sections:
one for exploring precomputed results on TCGA data for
drugs included in both PRISM and GDSC (detailed in the
corresponding subchapter) accessible through the “Explore
now” button and another for running new analyses via the
“Run Cell Hit” button. In the inference interface, users can
upload RNASeq data from cell lines or patient samples by
clicking “Upload Dataset.” The required format includes sam-
ples as columns and genes as rows, with two mandatory
columns, “TCGA_CODE” and “TISSUE,” for pre-aligning
data to CCLE (cell lines) or TCGA (patient samples). If no
TCGA category fits, users can select “MISC.” A sample file
is available for reference. Users can specify whether inference
should be performed on GDSC or PRISM. Those only inter-
ested in aligning data to the CCLE–TCGA reference space
can enable “No Cell Hit.” Upon submission, inference be-
gins, and a notification appears when the results are ready.
A graphical representation of the steps taken by the compu-
tational pipeline is reported in Fig. 1 . Results can be filtered,
exported, and shared via a unique URL, enhancing collabora-
tion. The web server also includes an “About” page (explain-
ing methodology), a “Help” page (with usage instructions),
and an “FAQs” section. 

Precomputed results on TCGA for both GDSC and 

PRISM 

We provide precomputed predictions for all TCGA samples
across both GDSC and PRISM drugs, totaling 4 060 342 and
17 958 038 predictions, respectively, along with a compre-
hensive set of contextual information. These predictions in-
clude ln(IC50) values for GDSC, LFC values for PRISM, stan-
dard deviation-based uncertainty estimates, and the Quantile
Score [ 11 ]. Additionally, empirical drug statistics such as mini-
mum, median, and maximum values are available. We include
transcriptomic neighbors from CCLE and TCGA, response-
matched samples, and relevant metadata, including OncoTree
classifications and tissue of origin, to facilitate interpretation.
Furthermore, we report the 15 most important genes identified
via SHAP analysis and putative drug-associated genes where
applicable. 

Online aligner 

Our online aligner tool extends the original Celligner tool
from DepMap, incorporating methodological improvements
detailed in the methods section. It maps new samples into the
aligned TCGA–CCLE space, enabling users to quickly con-
textualize alignment results and inspect the closest transcrip-
tomic neighbors via an interactive scatterplot. The tool sup-
ports two coloring options: by tissue and by OncoTree code,
offering insights at different granularities of sample stratifica-
tion (coarser for tissue and finer for OncoTree). Using Para-
metricUMAP, we provide a fixed reference space via a web
server, ensuring consistent comparisons across alignment runs
while eliminating the need for repeated dimensionality re-
ductions. In Fig. 2, we illustrate how patient-derived primary
cell culture data from a GBM dataset (diamond marks) align
correctly within the neighborhood of TCGA (cross marks)
and CCLE GBM samples (circular marks) after the aligner
procedure. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf414#supplementary-data
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Figure 1. Ov ervie w of the comput ational pipeline: bulk RNA-seq dat a are pre-aligned to TCG A reference samples using ComB at. If necessary, missing 
genes are imputed prior to processing with Impro v ed Celliger and the CellHit pipeline. The resulting outputs include a parametric UMAP projection of 
the alligned data, assa y -specific predictions of drug sensitivity, provided as a tabular dataset, and a clustermap visualization highlighting drug response 
profiles across samples and drugs. 

Figur e 2. P arametricUMAP alignment embedding demonstrating the accurate positioning of patient-derived primary GBM cell culture samples 
(diamonds) within the transcriptomic neighborhood of reference glioblastoma (GBM) samples from TCGA (crosses) and CCLE (circles). Colors represent 
tissue origins, facilitating intuitive interpretation of alignment quality. 

 

 

 

 

 

 

 

 

Prediction interface 

Through the predictive interface, the user can run the entire
predictive pipeline and compute on the fly the same feature al-
ready introduced in the “Precomputed” results on TCGA for
both GDSC and PRISM chapter. Some columns are hidden to
provide a more streamlined output but can be re-enabled to
access a richer feature space. Additionally, by clicking on a
sample-specific prediction (Fig. 3 A), the user can toggle addi-
tional information: a graph of the top 15 genes ranked by ab-
solute SHAP importance (Fig. 3 B). We recall that, SHAP val- 
ues sum up to the model’s final prediction (in this case, the pre- 
dicted IC50). Therefore, positive SHAP values (represented by 
red bars in our figures) contribute towards a higher predicted 

IC50 value, indicating increased resistance to the drug. Con- 
versely, negative SHAP values (blue bars) contribute towards 
a lower IC50 and thus higher sensitivity. Furthermore, we vi- 
sualize two orthogonal distributional features of the predic- 
tions leveraging Kernel Density Estimation (KDE) plots. The 
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Figure 3. P redictiv e interf ace sho w casing SAR405838 sensitivity prediction f or a GBM sample obtained af ter clic king on a specific prediction. ( A ) 
Interactive prediction summary with putative target and key genes. ( B ) SHAP-based gene importance highlighting MDM2 relevance. ( C and D ) KDE plots 
illustrating drug efficacy relative to other drugs on the same cell line ( C ) and SAR405838 across multiple cell lines ( D ), indicating enhanced sensitivity for 
this specific GBM sample. 
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rst plot (Fig. 3 C) compares a drug’s predicted response to
ther drugs tested on the same cell line, where a red line on
he left side of the distribution indicates higher efficacy. The
econd (Fig. 3 D) examines the drug’s behavior across multiple
ell lines, helping identify cases where consistently low IC50
alues suggest general toxicity rather than selective effective-
ess. Figure 3 B–D presents an example of SAR405838 drug
rediction on a GBM sample. The model correctly identifies
DM2, the drug’s putative target, as one of the most impor-

ant genes. Additionally, SAR405838 is predicted to perform
etter than the average drug for this sample (lower IC50, Fig.
 D). Furthermore, the predicted IC50 for this sample is lower
han typical values for SAR405838 across other samples, sug-
esting increased sensitivity to the drug (Fig. 3 C). 

eatmap visualization of sample responsiveness 

he cluster map in Fig. 4 provides an overview of drug re-
ponse predictions under different scaling methods. Users can
djust the number of top columns displayed using the “Top”
ropdown. The “Scaling” option offers two normalization
ethods: “Median” Subtraction, where predictions are ad-

usted by subtracting the median computed on either GDSC
r PRISM data. This highlights whether a sample is predicted
o have higher sensitivity (blue, below median) or lower sensi-
ivity (red, above median), helping to assess drug specificity.
Standardization,” which scales values using the mean and
standard deviation computed on the processed sample. This
scaling emphasizes relative differences across given samples,
making it useful for identifying potential tumor subtypes and
precision medicine opportunities. The response information,
in conjunction with information coming from the hierarchical
clustering of rows, further simplifies grouping patients with
similar response patterns. In Fig. 4 , we show an example of
such an interface on PDAC patients. We highlight the upper
red box, enriched with TR-type samples, which are expected
to exhibit greater resistance compared to those from the GL
group. 

Discussion 

This work presents a user-friendly web platform for cancer
drug response modeling based on transcriptomics data, de-
signed to be accessible to users with minimal programming
expertise. The platform simplifies transcriptomic-based drug
sensitivity predictions by integrating data alignment, model
inference, and interactive visualizations, facilitating broader
adoption. Beyond raw predictions, the system provides in-
terpretability and contextualization of the results. Outputs
include SHAP values to identify transcriptional drivers of
sensitivity and distribution-based visualizations to compare
predicted responses across drugs and patient samples. These
insights might help researchers refine hypotheses on poten-
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Figure 4. Clustermap displaying drug response predictions for PD A C patients. The color scale represents the scaled IC50 values, with values at the 
bottom of the scale indicating higher sensitivity and values at the top of the scale indicating greater resistance. The highlighted region (rectangular box) 
marks a cluster enriched with TR-type samples, which are predicted to be more resistant compared to the GL group. Users can interactively adjust 
scaling methods and the number of top drugs displa y ed to explore response patterns. 

 

 

 

 

 

 

 

 

 

tial mechanisms of action and prioritize validation efforts.
Furthermore, the heatmap-based grouping of samples can
guide patient stratification and reveal specific therapeutic
opportunities. 

Approaches to predict drug sensitivity from scRNAseq per-
turbation experiments are also emerging in the literature (e.g.
[ 11 , 12 , 38 ]). Benchmark datasets to facilitate the training
of sensitivity prediction models on these datasets have also
been established and released to the community (i.e. [ 39 ] and
[ 40 ]). Such datasets are expected to provide an unprecedented
view on the cell-type dependent mechanisms governing the re- 
sponse to anti-cancer drugs. However, the covered drugs and 

cancer cell lines are still small compared to the datasets used to 

train the CellHit model. Indeed, the largest single-cell pertur- 
bation atlas, i.e. Tahoe-100M [ 40 ] comprises the perturbation 

data of 1100 drugs to “cell villages” derived from 50 different 
cancer cell lines. Another critical consideration for scRNAseq 

perturbation models is their actual translatability to clinical 
settings. Indeed, the costs associated with scRNAseq sequenc- 
ing are still relatively high and prevent its wider adoption to 
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linical settings, where bulk transcriptomics still represents
he most cost-effective solution for personalized medicine
rograms. 
Currently, the methodology focuses on monotherapy pre-

ictions. This web server is intended to facilitate the explo-
ation of predicted sensitivities for hundreds of drugs, in-
luding many non-oncological candidates modulating pro-
ein families not typically targeted in cancer (e.g. G protein-
oupled receptors [ 36 , 37 ]), with the potential for repurpos-
ng them for anti-cancer strategies. A promising future direc-
ion lies in extending the framework to combination therapies,
here interactions among drugs can yield synergistic effects

hat are not captured by single-drug therapies. 
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Data availability 

We used the following dataset: 
DepMap (Metadata, RNA Seq, mutations,PRISM): https:

// depmap.org/ portal/ data _ page/ ?tab=allData 
GDSC2: https:// cog.sanger.ac.uk/ cancerrxgene/

GDSC _ release8.5/GDSC2 _ fitted _ dose _ response _ 27Oct23. 
xlsx 

TCGA: https:// xenabrowser.net/ datapages/ ?dataset= 

TumorCompendium _ v11 _ PolyA _ hugo _ log2tpm _ 
58581genes _ 2020- 04- 09.tsv&host=https%3A%2F% 

2Fxena.treehouse.gi.ucsc.edu%3A443 

PRISM Drug metadata: https:// depmap.org/ repurposing/ 
OncoKB: https:// www.oncokb.org/ actionable-

genes#sections=Tx 

Reactome: https:// reactome.org/ download-data . 
The fastaq and TPM files of the GBM RNAseq data

are available under accession number GSE287932. The
reimplemented Celligner and the Parametric UMAP code-
bases are available on Github at https:// github.com/ fcarli/
celligner and https:// github.com/ fcarli/ parametric _ umap (also
available through pypi), respectively. The code has also
been archived on Zenodo: https:// doi.org/ 10.5281/ zenodo.
15309741 . 
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