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Abstract 

CellMiner Cross-Database (CellMinerCDB) ( https://disco ver.nci.nih.go v/cellminercdb/) is an established interactive application providing direct 
access and enabling exploration of cancer cell line pharmacogenomics without e xtensiv e programming e xperience. Data are compiled from many 
sources, including the National Cancer Institute(NCI), Broad Institute Dependency Map (DepMap), Sanger/MGH Genomics of DrugSensitivity in 
Cancer (GDSC), MD Anderson Cell Lines Project (MCLP), andNational Center for Advancing Translational Sciences (NCATS). In the version 2.2 
update, our collection has expanded to pharmacogenomics data for 1 91 6 cancer cell lines and o v er 25 0 0 0 dr ugs. Dr ug screening data include 
many additional compounds for potential drug repurposing from the Broad PRISM, NCATS, and NCI. The user interface facilitates uncovering 
specific samples of interest and identifying drug and cell lines across databases. We also expanded the annotations for cross-referencing other 
databases and downloading our data for further cancer biology and drug discovery studies. Herein, we provide use cases for CellMinerCDB, 
including (i) data reproducibility giv en o v erlaps of cell lines, genes, and drugs across databases; (ii) candidate biomarker discovery; and (iii) 
cross-dataset analyses. 
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ancer cell lines are key models for investigating the bio-
ogical characteristics that drive cancer development, prolif-
rative signaling, evasion of growth suppression, drug dis-
overy, and resistance [ 1 , 2 ]. Studies of these processes ne-
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Figure 1. ( A ) Ov ervie w of CellMinerCDB. ( B ) Citation counts for cell lines included in CellMinerCDB from 2013 to 2023; data for 2024 are not included 
due to incompleteness; ( C ) CellMinerCDB web usage using AWStats tool (awstats.org). The table presents the number of viewed pages and unique 
entries to CellMinerCDB. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

elucidating their molecular pharmacology, and identifying
predictive biomarkers. CellMiner Cross-Database (CellMin-
erCDB) has been developed at the National Cancer Insti-
tute (NCI) to provide access to molecular profiling and drug
screening data beyond the 60 cancer cell lines from 9 can-
cer types known as the NCI-60 ( https://discover.nci.nih.gov/
cellminer/) [ 3–5 ]. CellMinerCDB () integrates large-scale cell
line cancer pharmacogenomics data from institutes outside the
NCI, including the Broad, Sanger, MD Anderson Cancer Cen-
ter (MDACC), and NIH NCATS (National Center for Advanc-
ing Translational Sciences) [ 6–13 ]. 

As an interactive data analysis platform, CellMinerCDB en-
ables researchers to explore and analyze data across institu-
tions without bioinformatic support while benefiting from cu-
rated -omic and pharmacological annotations (Fig. 1 A). Ex-
amples of potential use cases are extensive, and include: (i)
analyzing data reproducibility; (ii) multivariate analyses of
molecular features for prediction of drug activity; (iii) explo- 
rations of multigene signatures; (iv) explorations of genetic 
dependency effects; and (v) complementary analyses where 
data from one dataset supplements data from another (for 
instance, use of Broad CCLE gene expression data to match 

Broad CTRP chemosensitivity data from drug tested cell lines 
to calculate drug–gene expression correlations). 

Since its initial release, CellMinerCDB has expanded, now 

including information for 1916 cancer cell lines from the ini- 
tial approximately 1400. Collective use of these cell lines for 
research is extensive, as shown in Fig. 1 B, based on PubTator 
cell line annotations of PubMed articles [ 14 ]. With the contin- 
ued use and expansion of CellMinerCDB (Fig. 1 C), we have 
updated both its data and interface functionalities, including 
the addition of new drug and cancer cell line datasets (includ- 
ing new drug repurposing datasets) and updates to several oth- 
ers. Concomitantly, we provide improved annotations of the 

https://discover.nci.nih.gov/cellminer/
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Figure 2. Summary of molecular and drug activit y dat a for the cell line sets included in CellMinerCDB version 2.2. For the molecular and drug data types, 
the numbers indicate the number of genes and drugs, respectively. For the drug data, the “Combo” entry is for two-drug combinations from the NCI60 
Almanac. A grey box indicates that no data are available. Numbers highlighted in blue indicate a change in the number of features compared to the 
pre vious v ersion, whereas numbers highlighted in red indicate the number of ne w features. 
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ata for the harmonization of identifiers across datasets. This
nformation is available to users through new cell line or drug
nformation pages detailing data availability across datasets.
unctionally, CellMinerCDB has been enhanced with features
hat enable a broader range of cross-database analyses by: (i)
llowing users to select or search for cell lines during their
xploration (e.g. within scatter plots); (ii) hierarchical selec-
ion of tissue types of interest; and (iii) simplified selection of
etadata or signatures in univariate analysis. As part of this
pdate, we provide use case examples that illustrate the re-
earch potential and complementarity of the integrated data,
ocused on newly added datasets. 

ellminercdb datasets 

ince our previous publication [ 7 ], CellMinerCDB ( https:
/ discover.nci.nih.gov/ cellminercdb/ ) has been updated with
ew pharmacogenomics data. Fig. 2 summarizes the content
f the new release. Fig. 3 A shows the number of drugs and as-
ay type per dataset, as well as the overlap across the datasets
new datasets are in red), and Fig. 3 B shows the number of
ell lines per dataset and the overlap of cell lines. 

ellMinerCDB new drug screening data 

he new drug datasets include the NIH NCATS (National
enter for Advancing Translational Sciences) drug data, the
ew “NCI-60 HTS384” drug activity data, and the Broad In-
titute PRISM (Profiling Relative Inhibition Simultaneously
n Mixtures) secondary screening drug data (i.e. “MTS010”)
 https:// depmap.org/ repurposing/ ) [ 5 , 11 , 15 , 16 ]. The NCATS
nd PRISM (Profiling Relative Inhibition Simultaneously in
ixtures) include 19% and 27% non-oncology drugs, re-

pectively (based on source annotations), which can be ex-
lored both for molecular pharmacology insights as well as
or prospective drug repurposing studies in anti-cancer thera-
ies. Additionally, we make available separate collections of
he GDSC (Genomics of Drug Sensitivity in Cancer) phase
 (GDSC1) and phase 2 (GDSC2) drug data ( https://www.
ancerrxgene.org/) [ 17–19 ]. 

Cell line viability measurements included in the datasets
hat comprise CellMinerCDB utilize various methodologies
(Fig. 3 A). Drug activity for most of the CellMinerCDB
datasets was measured by adenosine triphosphate (ATP) lev-
els (CellTiter-Glo assay). Data for GDSC1 (Phase 1) were
collected using both the rezaurin (oxidation-reduction) and
Syto60 (nucleic acid binding). New NCI datasets (NCI-60 and
SCLC) use total protein (Sulforhodamine B assay), and PRISM
uses a DNA barcoding-based approach. 

Updates to existing datasets 

The new CellMinerCDB release (version 2.2) integrates the
latest version (version 2.14) of the NCI-60 Developmental
Therapeutics Program (DTP) drug response screening data
using the previous sulforhodamine B protocol. We also in-
tegrated recent profiling data for surface receptors on the
NCI-60 using flow cytometry for 332 receptor proteins
[ 15 ]. Separately, we have included ChIP-seq (chromatin im-
munoprecipitation followed by sequencing) data measuring
activating histone H3K4me3 and H3K27ac modifications
[ 20 ]. Data have been included for other datasets, such as
RNAseq data for GDSC ( https://cellmodelpassports.sanger.
ac.uk/downloads ); previously, only microarray gene expres-
sion measurements were available in CellMinerCDB for
GDSC. For the NCI SCLC dataset, we also provide gene body
methylation and protein levels (measured by Western blotting)
and data for NCI SCLC [ 21 ]. 

We have now incorporated gene signatures for fundamen-
tal cancer processes. For example, we generated and have in-
cluded the 18-gene signature for DNA replication stress (Rep-
Stress) computed as a weighted sum of standardized (Z-score)
transcript expression scores for all datasets that have gene
expression data [ 22 ]. Also, the CCLE dataset now includes
an additional Centromere and kinetochore gene Expression
Score (CES) signature score [ 23 ]. 

Softw are infr astructure 

Core software 

The core backend software infrastructure remains the same
from our previous publication [ 7 ]. Briefly, CellMinerCDB
is built using the R Shiny framework (shiny.rstudio.com).
This simplifies development and extension by developers with

https://discover.nci.nih.gov/cellminercdb/
https://depmap.org/repurposing/
https://www.cancerrxgene.org/
https://cellmodelpassports.sanger.ac.uk/downloads
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Figure 3. CellMinerCDB dataset o v ervie w. ( A ) The number of drugs overlaps between data sources. For GDSC, we kept the previous version of drug 
data and added the GDSC phase 1 (GDSC1) and phase 2 (GDSC2) drug data. For NCATS, we provide both IC50 and AUC drug data. ( B ) The number of 
cell line o v erlaps betw een dat a sources. For both panels, the updated dat asets are highlighted in red. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

bioinformatic experience, where R programming is widely
used. The CellMinerCDB architecture is based on pharma-
cogenomic data packages (for each dataset) and a series of
core R packages that we develop and maintain: rcellminer
(core data structure functionality), rcellminerUtilsCDB (cross-
database mapping), rcellminerElasticNet (multivariate anal-
ysis), and geneSetPathwayAnalysis (annotation information
from GeneCards and Pathway Commons) [ 8 , 24 , 25 ]. In a re-
cent work, we provide a detailed protocol describing software
installation and data formats used [ 26 ]. 

Annotation updates 

As part of this release, we update the rcellminerUtilsCDB
and geneSetPathwayAnalysis packages for gene sets primar-
ily used as part of the multivariate analysis, as well as up-
date cell lines and drug annotations (e.g. external identifiers).
We now use Cellosaurus ( https://www.cellosaurus.org ) acces-
sion identifiers as the common identifier for cell lines across
the different datasets. Also, for download, we now provide
PubChem Compound Identifiers (CID) when it is present in
the original data source (e.g. NCI-60, GDSC1, and GDSC2);
this includes over 1000 of our common drugs (i.e. drugs in
multiple datasets) and the majority of the NCI-60 DTP com-
pounds. This will allow users to cross-reference compounds
in our data collection to the rich metadata available in Pub-
Chem that includes information such as specific clinical tri-
als, patents, disease indications, toxicity, as well as additional
identifiers linking to resources such as DrugBank, Chemical
Abstracts Service (CAS) registry, KEGG, MeSH (Medical Sub-
ject Headings), and PubMed publications. 
Given that cell lines are routinely used as models of patient 
tumors, it is important to understand the similarity of partic- 
ular cell lines to tumor samples. Thus, we now include precal- 
culated similarity scores from the TumorComparer study of 
∼8000 tumor samples of 24 cancer types [ 27 ]. For download,
we provide the averaged similarity scores across gene expres- 
sion, copy number, and mutation profiles for 575 cell lines that 
overlap between the TumorComparer and CellMinerCDB cell 
lines. 

Examples of updates to CellMinerCDB 

functionality and use cases 

Interface changes 

The CellMinerCDB interface has been updated to follow the 
new mandatory U.S. Web Design System (USWDS, https:// 
designsystem.digital.gov/), which provides greater consistency 
across federal web services. Visual presentation of the site has 
mostly been tested with mid-20-inch desktop monitors (e.g.
base font sizes); typical browser zoom features can be used to 

scale text based on user need. Separate from the global design 

edits, we have made additional interface changes to simplify 
the use of the site. We have made it easier to select a signature 
(e.g. multi-gene signatures) or miscellaneous data (e.g. cell line 
doubling time) by providing a list of all options, as users may 
not be familiar with the available options. Likewise, the tissue 
selection has been upgraded using a tree structure for display 
and selection purposes; this allows users to see all available 
options as well as understand the hierarchical nature of the 
options. 

https://www.cellosaurus.org
https://designsystem.digital.gov/
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Figure 4. New cell line and drug information page overview. ( A ) Veliparib drug data information and its availability, and matching names across all 
datasets. ( B ) Example for the MCF-7 cell line showing the available pharmacogenomic data across all datasets. 
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We provide two new features in the univariate analysis. The
catter plot now displays the number of samples and a text
ox to search and highlight specific cell line samples within
he plot. We have updated the gene set list for the multivariate
asso model. Aditionally, CellMinerCDB data can be used to

acilitate sophisticated machine learning studies, such as the
ecent drGT graph neural network-based algorithm for drug
esponse prediction that uses CellMinerCDB data [ 28 ]. Fur-
hermore, we added a new cell surface gene set from which
he automated Lasso feature (predictor) selection can choose
enes. The cell surface genes were taken from Waas et al. [ 29 ]
nd manually curated internally. To help users identify con-
ent of interest, we have added two tabs to query the list of cell
ines and common drugs (i.e. drugs that tend to be observed
n multiple datasets). Detailed links from this query provide
ages for a given cell line or drug with datasets and data type
vailability across all the datasets in CellMinerCDB. Fig. 4
resents the “Veliparib” drug information (Fig. 4 A) and the
MCF-7” cell line information (Fig. 4 B). 

se cases 

ere we present several use cases and analysis examples.
catter plots and associated data tables were generated using
ellMinerCDB ( https:// discover.nci.nih.gov/ cellminercdb/ ). 
All drugs included in Fig. 5 A and B are either FDA-

pproved or in clinical trials, and the genes listed are estab-
ished targets for those drugs. Of the 11 drugs presented,
even are used for cancer and four for non-cancer treat-
ents. In Fig. 5 A, the scatter plot presents a correlation be-

ween the expression of PIK3CG (Phosphoinositide-3-Kinase
amma Catalytic Subunit) and the sensitivity of cancer cells to

he anticancer drug currently in clinical trials, NVP-BGT226
BTG226), targeting both the PIK3CG and MTOR pro-
teins. This scatterplot shows the overall correlation between
PIK3CG gene expression and drug activity. It also shows that
solid tumors exhibit low expression levels for PIK3CG (the
target), essentially at background levels. From this analysis,
we can conclude that (i) leukemias and lymphomas exhibit a
wide range of PIK3CG transcript expression, with many cell
lines expressing the gene at much higher levels than the solid
tumors; and (ii) the average NVP-BGT226 activity levels are
higher for the leukemias and lymphomas than for the solid
tumors, which do not appear plausible targets to PIK3CG in-
hibitors. Fig. 5 B provides 10 more analogous examples of drug
targets (based on their expression in GDSC) with significant
correlations to the drugs’ activities. Drugs shown for this ex-
ample come from the updated NCATS drug screening data
collection. 

The drug NVP-BGT226 from Fig. 5 A is currently in clin-
ical trial for solid tumors, including breast, head and neck,
endothelial cells, and lung cancer [ 30 ]. As our scatter plot in-
dicates, the drug may potentially be more active in leukemias
and lymphomas. In addition, we find that PIK3CG expres-
sion may serve as a biomarker for NVP-BGT226 activity in
leukemias and lymphomas, potentially making patients with
these diseases better candidates for this drug. Fig. 5 A and B
also illustrate how the use of the NCATS data facilitates do-
ing the same type of pharmacogenomics analysis in the non-
cancer arena as for known cancer treatments. An example is
the iloperidone and DRD2 drug-gene pairing, in which the
target DRD2 is shown to be significantly correlated to the
drug; Iloperidone is an FDA-approved schizophrenia drug,
and DRD2 is a D2 subtype of the dopamine receptor (Fig. 5 B).
The drug is shown here to be more active when the gene
is expressed at higher levels. Gene expression data for these
examples comes from the GDSC microarray gene transcript
measurements. 

https://discover.nci.nih.gov/cellminercdb/
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Figure 5. Examples of correlations between drug activity and drug targets. ( A ) Univariate scatter plot of PIK3CG (Phosphoinositide-3-Kinase Gamma 
Catalytic Subunit) transcript expression (log2) in GDSC-MGH-Sanger ( x -axis) versus IC50 drug activity of nvp-bgt226 in NCATS ( y -axis) for 78 overlapping 
cell lines. The red line is the regression line, and each circle is a cell line. ( B ) Additional examples of significantly correlated and biologically linked NCATS 
IC50 drug activities versus GDSC transcript expression levels. ( C ) Multivariate analysis predicting the activity of gentian violet versus expression of three 
inflammation/immune response genes (TNFRSSF1A, NR3C1, and ICAM2). The predicted and observed activity of gentian violet is on the x -axis and 
y -axis, respectively. The plots were created using the CellMinerCDB \ Multivariate Analyses \ Plot Data tab selections with the specific inputs detailed in 
the input bo x es to the left. ( D ) Heatmap of gentian violet activity as the response variable with transcript expression of the predictors ( y -axis). The top 
and bottom 30 cell lines are displa y ed. ( E ) Scatter plot of NCI-60 drug activity as measured by ATP levels versus total protein. The red line is the 
regression line. Each circle is a cell line. ( F ) Additional examples of 10 significantly correlated drug activities as measured by ATP levels versus total 
protein. All drug mechanisms of action are unique. Included are eight FDA-appro v ed and two clinical trial drugs. 
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Next, we highlight the multivariate analysis features of
ellMinerCDB. Fig. 5 C and D (10x cross-validation and
eatmap, respectively) characterize the multivariate analysis
rediction of the antiseptic gentian violet as the response vari-
ble, as predicted by three genes: TNFRSF1A, NR3C1, and
CAM2. Note that for either standard linear regression mod-
ls on CellMinerCDB, 10-fold cross-validation is applied to
t model coefficients and predict response, while withhold-
ng portions of the data to better estimate robustness; more
ethodological details are available in our previous publica-

ion [ 9 ]. Using transcript expression, each of the three genes
ignificantly adds predictive capability to the model. The first
s the known drug target, TNFRSF1A, and the second and
hird variables, NR3C1 and ICAM2, are inflammation and
mmune response genes, respectively; each adds to the drug
ctivity prediction significantly (i.e. as indicated by p-value).
he combination of the three provides a more accurate pre-
iction of the drug activity signature than any of the genes
ndividually. The p-value for the combined model utilizing the
hree genes TNFR SF1A, NR3C1, IC AM2 is 1.3e-10 shown in
ig. 5 C. The individual correlation of TNFRSF1A to gentian
iolet is P -value 2.3e-4 (shown in Fig. 5 B); the correlation p-
alues of gentian violet with NR3C1 is 4.8e-3 and 8.0e-7 for
CAM2, respectively (not shown but accessible via the Uni-
ariate Analysis tab); this comparison uses the GDSC microar-
ay gene transcript measurements. Similar to the previous ex-
mple, this example makes use of our newly added NCATS
rug activity data for this CellMinerCDB version. 
With Fig. 5 E and F, we highlight another of our dataset ad-

itions: the HTS384 NCI-60 drug screening dataset, which
ow uses the ATP (by CellTiter Glo) viability assay. This is an
pdated protocol from the NCI over the previous protein level
by sulforhodamine B) based measurement. With Fig. 5 E, we
how the reproducibility of the drug responses for azacitidine
also spelled as azacytidine) as measured by either ATP or pro-
ein levels on NCI-60 cell lines; the correlation for azacitidine
s 0.76. Fig. 5 F provides a similar comparison for 11 other
ancer FDA-approved or clinical trial drug activities as mea-
ured by either CellTiter-Glo or sulforhodamine B on the same
CI-60 cell lines. Patterns of protein and ATP-measured via-
ility levels are correlated with one another (470 compounds
orrelate at 0.6 or better) for these two screening protocols
erformed on the NCI-60 [ 5 ]. These figures illustrate how
sers can easily compare different drug assay types to deter-
ine comparability or lack thereof. This process can also be

xtended to drug measurements from different institutes. 
To showcase recent profiling data additions to CellMin-

rCDB, Fig. 6 A focuses on histone modification (methyla-
ion and acetylation status) profiling conducted on the NCI-
0 [ 20 ]. Histone modifications are critical regulators of ep-
thelial to mesenchymal transition (EMT) [ 31 , 32 ]. Specifi-
ally, histone H3 lysine 27 acetylation (H3K27ac)-marked en-
ancers are essential for the EMT process [ 33 ] and H3K4
rimethylation at EMT-related transcription factor (TFs) pro-
oters enhances these TFs expression via positive feedback

oops [ 34 ]. As shown in Fig. 6 A, a relationship is observed be-
ween CDH1 transcript expression and two epigenetic mod-
fications, H3K4me3 (trimethylation) and H3K27ac (acetyla-
ion), which are indicative of transcriptional activation. Us-
ng linear regression, each of these has a contribution P -value

0.0001. These p-values are from individual tests of each
egression coefficient, assessing whether a specific predictor
 

has a significant effect on the outcome after accounting for
the other variables in the model. The multivariate prediction
of CDH1 expression is better than either of the individual
predictions using the H3K4me3 or H3K27ac modifications
alone. Fig. 6 B provides ten analogous examples of epithelial-
mesenchymal transition genes with significant correlations to
their histone methylation and acetylation status [ 35 ]. In all
cases, the combination of the two provides a more accurate
prediction than either of the two individually, as indicated
by the significant p-values for the combined predictive vari-
able. The epithelial-mesenchymal transition genes included in
Fig. 6 A and B have been defined previously as part of the 38
EMT gene signature [ 9 , 35 ]. 

Our last use case highlights the use of multi-gene signatures
in CellMinerCDB and how multivariate analysis can be used
to expand genes included in pre-existing signatures to under-
stand other biologically related genes. Fig. 6 C and D utilize
our 18-gene signature for replication stress (RepStress) [ 22 ]
as the response variable. Each of the four predictive variable
genes adds to the predictive strength of the model with a P -
value of ≤0.0001 and was chosen due to the involvement of
the gene in either the process of DNA damage response or
replication. The combination of the 4 genes provides a more
accurate prediction of the RepStress signature than any of the
4 genes individually. Both the RNAseq expression data from
GDSC, used in Fig. 6 C and D, and the RepStress signature are
new updates in the most recent CellMinerCDB version. 

Fig. 6 C and D again illustrate how users may explore signa-
tures that are precomputed within the updated CellMiner web
application. The replication stress (RepStress) gene expres-
sion signature is significantly associated with the outcome of
ATR inhibition, which enhances the activity of clinical DNA-
damaging agents commonly used in cancer treatment [ 36–38 ].

Conclusion 

Cell lines remain major experimental models used in laborato-
ries and drug companies around the world. The multiple can-
cer cell lines included in CellMinerCDB continue to be men-
tioned in tens of thousands of publications per year (Fig. 1 B).
The wide use of cell lines stems from their extensive character-
ization and relative ease of use; this is a trend we expect to per-
sist even as newer experimental models such as organoids and
patient-derived xenografts (PDXs) gain use. With CellMiner-
CDB, we have sought to make large systematic data collec-
tions for these cell lines accessible to researchers, continuing
efforts pioneered by the NIH initially through the NCI-60 cell
line collection since the 1990s [ 4 , 39 ]. 

Use of cell lines by the research community has seen ongo-
ing developments. The past decade has seen major advance-
ments in the efforts to efficiently , systematically , and repro-
ducibly characterize cell lines, advancements captured in this
release of CellminerCDB. For example, we see community-
wide trends emerging, such as the use of the ATP-based
CellTiter Glo assay with major data-generating institutes, such
as the NCI, NCATS, Broad, and Sanger institutes. As such,
we see some convergence with these groups rather than con-
tinuing with their previously varied methods that included
sulforhodamine B, Syto60, and rezaurin assays. But we also
see developments to increase the efficiency of drug screen-
ing through the PRISM platform, which makes use of DNA
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Figure 6. Multivariate analysis of predicted versus observed epithelial-mesenchymal transition (EMT) gene expression. ( A ) Multivariate analysis for 
CDH1 transcript expression as the response variable and histone H3K4me3 (trimethylation; “hs4” data prefix) and H3K27ac (acetylation; “his” data 
prefix) as predictor variables. The circles are cell lines colored by tissue of origin (right). The red line is the regression line. The plots were created using 
the CellMinerCDB \ Multivariate Analyses \ Plot Data tab selections with the specific inputs used, as detailed in the input bo x es to the left. ( B ) Additional 
examples of multivariate predictions for significant correlations between EMT genes vs. histone H3K4me3 (methylation) and H3K27ac (acetylation). 
H3K4me3 is the tri-methylation of histone 3 at lysine 4. H3K27ac is the acetylation of histone 3 on lysine 27. ( C ) Heatmap of replication stress 
(RepStress) as the response variable with transcript expression of four DNA damage response or replication genes as the predictors. The top and bottom 

30 cell lines are included. Red indicates high expression and blue low. ( D ) Multivariate analysis 10x cross-validation for the RepStress signature as the 
response variable and transcript expression of the four genes from panel C as predictor variables. In the scatter plot , the predicted RepStress signature 
is on the x -axis and the observed on the y-axis. The circles are cell lines colored by tissue of origin (right). The red line is the regression line. The plots 
were created using the CellMinerCDB \ Multivariate Analyses \ Plot Data tab selections with the specific inputs detailed in the input bo x es to the left. 
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arcodes to allow screening of single drug agents on multiple
ell lines at once. 

Here, we illustrate use cases using the additional datasets
hat we have incorporated since our last publication to
ocus on drug exploration of non-cancer drugs through
atasets from the NCATS and Broad PRISM. Such work
an yield interesting results, for example, our recent publi-
ations show the repurposing potential of two non-cancer
rugs, oxyphenisatin acetate (acetalax) and bisacodyl, for use
n triple-negative breast cancer that has since been replicated
n PDX models [ 40 , 41 ]. Other major use cases, in general,
or CellMinerCDB include: (i) data reproducibility; (ii) can-
idate biomarker discovery; (iii) prediction of molecular fea-
ures indicative of drug activity; (iv) exploration of protein
omplexes, genetic dependencies, and biological pathways;
nd (v) cross-dataset analyses. 

Ongoing developments in the areas of machine learning and
rtificial intelligence depend on well-annotated datasets with
ommon representations, and we attempt to simplify the use
f our datasets for these types of studies. Additionally, the core
oftware infrastructure of CellMinerCDB has been well-tested
ith almost a decade of use, which has allowed the infrastruc-

ure to be used in several dedicated type-specific cancer por-
als that are useful for specific cancer disease communities,
ncluding sarcoma, adrenocortical carcinoma, and small cell
ung cancer [ 6 , 12 , 13 ]. 

For future work, CellMinerCDB will continue to integrate
dditional datasets while making updates to existing datasets,
efining annotations as well, and making visual presentation
odifications to improve user experience. We plan to add new

unctionalities, including a module for differentially expressed
enes and pathway enrichment. Also, owing to the recent ad-
ancements in the area of artificial intelligence (AI) (specifi-
ally large language models, LLMs), we hope to bring some
f this technology to CellMinerCDB users to help expand (i)
nalyses available to CellMinerCDB, (ii) customization for
ata visualization, and (iii) potentially, curation of datasets
 42 , 43 ]. 

oftw are a vailability 

rchived versions of this code are available on Zenodo
t the following link ( https:// zenodo.org/ records/ 15150484 ),
nd CellMinerCDB data packages are available at . All soft-
are developed as part of CellMinerCDB is freely available,
pen-source, and developed on the GitHub collaboration plat-
orm in the following repositories: https:// github.com/ CBIIT/
ellminercdb , https:// github.com/ CBIIT/ rcellminerUtilsCDB ,
nd https:// github.com/ CBIIT/ rcellminer . Users of CellMiner-
DB can provide feedback and ask questions of the devel-
pment team using webadmin@discover.nci.nih.gov , or users
an submit developer feedback, file bug reports, and request
ew features using project-specific issue trackers (e.g. https:
/ github.com/ CBIIT/ cellminercdb/ issues ). 
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