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Abstract 

Cancer research faces challenges due to the genetic diversity within tumors and individual variability. Pre-
cision medicine aims to identify genomic and molecular factors linked to clinical outcomes, leveraging 
large datasets for drug discovery and patient stratification. We introduce PANDA (PAN-cancer Data Anal-
ysis web tool) (https://panda.bio.uniroma2.it), a web server designed for analyzing TCGA genomic data. A 
total of 32 tumor types and 10,711 samples were selected for this analysis. PANDA simplifies complex 
tasks such as differential expression, survival analysis, and patient stratification, incorporating clinical fac-
tors like sex, stage, and treatment history. It also enables the exploration of biological pathways and 
immune cell type proportion, providing insights into tumor progression. PANDA is user-friendly, designed 
for researchers with limited informatics expertise, and supports diverse analyses to advance cancer 
research. 

tivecommons.org/licenses/by-nc-nd/4.0/). 
Introduction 

The advent of large-scale genomic datasets, such 
as those from The Cancer Genome Atlas (TCGA) 
[1] has significantly advanced our understanding 
of cancer biology and gene regulation. TCGA pro-
vides comprehensive data on gene expression, 
mutations, and clinical features across more than 
33 cancer types, facilitating a wide range of studies, 
from tumor classification [2] to the identification of 
oncogenic pathways [3]. Despite these advances, 
the complexity of integrating and analyzing these 
datasets remains a significant challenge, particu-
larly for experimental biologists with limited pro-
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to non-technical users. To address these gaps, we 
developed PANDA (PAN cancer Data Analysis 

gramming skills. While platforms such as 
cBioPortal [4,5] and GEPIA [6] provide user-
friendly interfaces for exploring genomic alterations 
and gene expression data, they also have important 
limitations. cBioPortal, for instance, excels in visual-
izing mutational data and survival outcomes but 
does not support the integration of detailed clinical 
annotations, such as comorbidities, treatment his-
tory, or lifestyle factors into its analyses. Similarly, 
GEPIA specializes in gene expression and survival 
analysis but lacks support for mutational data and 
the integration of diverse clinical annotations. Other 
tools like TCGAbiolinks [7] and FireBrowse (Fire-
Browse, Broad Institute) provide advanced capabil-
ities for genomic analysis but require extensive 
programming skills, making them less accessible
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web tool) (https://panda.bio.uniroma2.it), a web-
based platform designed to streamline the explo-
ration and analysis of TCGA data offering features 
not available in existing tools. PANDA integrates 
gene expression, mutational profiles, and clinically 
annotated data, enabling researchers to perform 
analyses that encompass multiple layers of infor-
mation in a single, cohesive framework. For exam-
ple, PANDA allows users to explore the interplay 
between gene expression patterns, mutational data 
and clinical parameters, such as menopausal sta-
tus, smoking history, or treatment history. By facili-
tating these integrative analyses, PANDA 
empowers researchers to uncover novel relation-
ships between molecular alterations and clinical 
outcomes. This enables comprehensive and 
detailed comparisons between these cohorts, facil-
itating a deeper understanding of disease hetero-
geneity. For instance, researchers can examine 
differences in gene expression profiles, such as 
comparing patients harboring mutations in a speci-
fic gene with those who are wild-type for that gene, 
as well as investigating variations between smokers 
and non-smokers, patients with documented alco-
hol consumption history, individuals with specific 
comorbidities, or those who have undergone radia-
tion therapy versus those who have not. Such strat-
ification, combined with the integration of clinical 
annotations, provides deeper insights into cancer-
specific molecular mechanisms and potential thera-
peutic targets. PANDA also extends traditional sur-
vival analyses by integrating gene expression, 
mutational data, and clinical features into a unified 
workflow. This allows to simultaneously correlate 
survival outcomes with genomic and clinical vari-
ables, providing a more comprehensive perspective 
than is typically achievable with tools like GEPIA. 
Furthermore, PANDA includes interactive visualiza-
tion tools that enable researchers to intuitively 
explore complex relationships between genomic 
and clinical data, making the platform easily acces-
sible to users with minimal computational expertise.
Unlike other platforms, which often focus on 

isolated data types or require advanced 
programming knowledge, PANDA is designed to 
be user-friendly and accessible. By offering an 
intuitive interface and diverse analytical 
capabilities, PANDA offers researchers with 
limited computational expertise access to the 
complexity of TCGA data. The integration of 
transcriptomic, mutational, and clinical data, 
positions PANDA as a powerful resource for 
tackling the challenges of modern cancer 
genomics research. We periodically update 
PANDA to reflect the latest data from TCGA and 
other repositories. Specifically, we plan to perform 
updates every six months, rerunning all 
precomputed analyses to ensure the platform 
remains up to date with the most recent datasets. 
Furthermore, all results generated by PANDA can 
be downloaded, allowing researchers to conduct 
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further offline analyses and integrate the data with 
external tools. 

Materials and Methods 

The web server was developed using Django, 
providing a user-friendly interface for analysis 
(https://www.djangoproject.com/). The analytical 
scripts underpinning the server are written in R 
and Python, ensuring both flexibility and 
computational efficiency. The source code and 
installation instructions for running the analysis on-
premise are available in our public GitHub 
repository at https://github.com/bioinformatics-
torvergata/PANDA. These scripts are detailed in 
the following sections. 

TCGA data collection and preprocessing 

Expression data for cancer patients was 
downloaded from the TCGA Data Portal (https:// 
tcga-data.nci.nih.gov) using the recommended 
GDC data transfer tool. We used the processed 
data (Level 3), which consists of normalized 
expression values. Specifically, for RNA 
sequencing data, we utilized the FPKM 
(Fragments Per Kilobase of transcript per Million 
mapped reads) normalized data. A total of 32 
tumor types and 10,711 samples were selected for 
this analysis. PANDA is currently utilizing 
ENSEMBL release 104. Clinical data for the 
selected patients was obtained from the TCGA 
Pan-Cancer Clinical Data Resource [8], which pro-
vides a standardized and curated dataset. We did 
not perform any additional curation or processing 
of the clinical data beyond what is reported in the 
original resource. Mutation profiles for the patients 
were retrieved using the maftools package [9]. Every 
cohort is stored as a MAF object containing somatic 
mutations (excluding CNVs) along with the relevant 
clinical information. To maintain data consistency, 
transcriptomic and clinical datasets are updated 
every six months, while mutation data is dynamically 
fetched fromFirehouse (BroadGDAC) (https://gdac. 
broadinstitute.org/) during each analysis run. 

Differential expression analysis 

The differential expression analysis was 
performed using DESeq2 withdata from the TCGA 
Gene Expression Quantification HTSeq – counts. 
To perform an analysis, users simply need to 
follow a straightforward process: (i) select the 
tumor type of interest; (ii) choose the clinical 
feature for patient stratification; (iii) submit the 
analysis. This analysis returns a table that 
includes the gene name, the Log2 Fold Change, 
which represents the calculated fold-change 
between conditions on a logarithmic scale, and 
the Adjusted p-value (padj), which is the p-value 
adjusted for multiple hypothesis testing to control 
the false discovery rate (FDR). Additionally,
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several graphical outputs are provided to facilitate 
the interpretation of results. These include an 
interactive Volcano Plot that highlights genes with 
significant differential expression; a Heatmap, 
offering a visual representation of gene expression 
levels across samples; a PCA Plot that visualizes 
sample clustering through Principal Component 
Analysis; and a Top 100 Heatmap, displaying the 
top 100 most differentially expressed genes. 
These plots can be visualized directly on the page 
and downloaded for further analysis. While gene 
and protein quantification datasets are regularly 
refreshed, a significant challenge lies in the 
inconsistent availability of clinical data within the 
TCGA datasets. This inconsistency can delay the 
incorporation of updated clinical annotations into 
our analyses. Efforts are ongoing to streamline the 
inclusion of clinical data as it becomes available, 
maintaining a balance between data 
completeness and the regularity of updates. 
Single-gene or single-protein differential 
expression analysis 

Differential expression analysis allows users to 
explore variations in the abundance of genes, 
miRNAs, or proteins between patients under two 
distinct conditions (based on the selected feature) 
within a given tumor type. The analysis leverages 
TCGA Gene Expression Quantification data, 
specifically FPKM (Fragments Per Kilobase of 
transcript per Million mapped reads), a measure of 
gene expression normalized for gene length and 
sequencing depth, to assess these differences. 
The results are visualized in a box plot, where the 
x-axis represents the two conditions being 
compared (e.g., male vs. female), and the y-axis 
displays the expression levels of the selected 
gene, miRNA, or protein. Statistical significance is 
determined using the Wilcoxon test [10], with the 
resulting p-value indicating the likelihood that the 
observed differences occurrs by chance. 

Pan-cancer differential expression analysis 

This analysis performs differential expression 
analysis of a gene, miRNA, or protein between two 
conditions across all tumors for which data on the 
selected feature is available. It gives users an 
overview of the expression of the selected gene, 
miRNA, or protein in different tumor types. The x-
axis displays all the tumors for which data is 
available, while the y-axis shows the expression 
levels of the selected gene, miRNA, or protein. A p-
value, calculated using the Wilcoxon test [10] quanti-
fies the significance of the observed expression dif-
ferences between the two groups for each tumor. 

Survival analyses 

In the survival analyses, patient samples are 
categorized into groups based on thresholds 
3

applied to gene expression levels, pathway activity 
scores (PAS), and mutation status. Thresholds 
are determined using the median split method, 
dividing patients into high and low groups for gene 
expression or pathway activity. Overall survival 
(OS) data from The Cancer Genome Atlas 
(TCGA) are used as time-to-event information, 
measured in days from diagnosis or treatment 
initiation until the event of interest, such as death 
or the last follow-up. Disease-free interval (DFI) 
data, representing the time from diagnosis to 
disease recurrence or progression, can also be 
utilized. 
Kaplan-Meier survival curves are generated to 

estimate survival probabilities over time, stratifying 
patients by expression levels or pathway activity 
[11]. For each gene, miRNA, or protein, patients 
are divided into two groups based on whether their 
expression is above or below the median, and sur-
vival differences are visualized. Statistical compar-
ison between groups is performed using the log-
rank test [12]. In these plots, the x-axis represents 
survival time in days, while the y-axis shows sur-
vival probability. 
For pathway analysis, samples are stratified 

based on PAS values, which indicate pathway 
activity in individual samples, pre-calculated using 
Gene Set Variation Analysis (GSVA) [13]. GSVA, 
a non-parametric method, assesses variation in 
gene set enrichment across samples. This 
approach allows the analysis of overall survival 
and disease-free intervals in relation to pathway 
activity or gene expression, offering insights into 
how biological pathways influence patient 
outcomes. 
Additionally, mutation analysis is conducted using 

the maftools R package [9], leveraging TCGA muta-
tion data to explore how specific gene mutations 
impact survival. This enables users to examine 
the relationship between mutation status and prog-
nosis in various tumor types. By integrating gene 
expression, pathway activity, and mutation data, 
the analysis provides a comprehensive view of fac-
tors influencing survival outcomes in cancer 
patients. 

Tumor mutational analysis 

This analysis uses the maftools library to analyze 
genomic data of a specific tumour from the TCGA 
database [9]. It generates a mutation summary 
image (maf summary) and a graph comparing 
mutation transitions and transversions (TiTv). Each 
graph provides a visual analysis of the mutations, 
highlighting key statistics and the distribution of 
mutations in the selected tumor. 

Oncoplot 

This analysis generates an oncoplot displaying 
the number of selected genes (top 10, 15, 20 or 
25) most frequently mutated in a specific tumor
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type, using data from the TCGA database. Each 
column represents a sample, while the rows 
indicate the genes, with the mutation types 
highlighted in distinctive colors. This graph 
provides a clear overview of prevalent mutations, 
facilitating the identification of key genes 
associated with the disease. 

Somatic interaction analysis 

This analysis generates a graph of somatic 
interactions using the somaticInteractions function 
of the maftools library to analyze the interactions 
between mutated genes in a selected specific 
tumor. Users can select the number of genes to 
be analyzed. 

Gene mutation analysis 

This analysis produces a lollipop graph using the 
maftools library to visualize mutations in a specific 
gene within a tumor selected from the TCGA 
genomic data [9]. Mutations are annotated accord-
ing to the Protein_Change column, which indicates 
the types of amino acid changes. The graph repre-
sents the frequency of mutations along the length of 
the gene, highlighting significant mutations at the 
corresponding locations. 

Differential expression based on patients 
mutational status 

This analysis investigates the gene expression 
differences between mutated and wild-type 
samples of a specific gene in a chosen tumor type 
using TCGA data. It employs the DESeq2 
package to perform differential expression 
analysis [14]. This analysis returns a table that 
includes the gene name, the Log2 Fold Change 
(representing the calculated fold change between 
conditions on a logarithmic scale), and the Adjusted 
p-value (padj), which is the p-value adjusted for 
multiple testing to control the false discovery rate 
(FDR). Visualization includes a heatmap of sample 
distances, PCA plot, a heatmap of the top 50 most 
variable genes, and an interactive Volcano plot to 
highlight significant gene expression changes. The 
results provide insights into the impact of mutations 
on gene expression within the tumor context. 

Differentially mutated gene by clinical feature 

This analysis compares two cohorts of cancer 
patients using genomic data from TCGA to 
investigate genetic mutations, stratifying patients 
by clinical characteristics. It generates a forest plot 
highlighting the 10 genes with the most significant 
mutations between the groups, offering a visual 
comparison of mutational profiles. Additionally, a 
coBarplot is produced to illustrate the distribution 
of mutations across the two groups. These 
visualizations provide a clear overview of 
mutational differences, aiding in the identification 
4

of key genes associated with distinct clinical 
responses. The results are also available for 
download, allowing users to perform further 
analysis and explore the data offline. 

Cell-mixture deconvolution and association 
with pathway activity 

To estimate cellular proportions and analyze their 
association with pathway activity in tumor samples, 
we applied a computational deconvolution method 
and pathway enrichment analysis. The core of this 
approach is the use of a reference “basis matrix”, 
which contains gene expression profiles of specific 
cell types and their corresponding marker genes. 
These marker genes, which are either uniquely or 
predominantly expressed by particular cell types, 
serve to identify and quantify the relative 
abundance of each cell type in the mixed sample. 
We used the ImmunoStates basis matrix [15] from 
the MetaIntegrator R package [15], which includes 
profiles for 20 immune cell types, to estimate the 
proportions of these cell types in our samples. 
Mathematically, the deconvolution process involves 
solving a linear regression model, where the 
observed bulk expression values are modeled as 
a weighted sum of the reference expression profiles 
in the basis matrix. The weights correspond to the 
estimated proportions of each cell type, providing 
a cellular composition profile for each sample. To 
assess pathway activity, we applied single-sample 
Gene Set Enrichment Analysis (ssGSEA), which 
calculates an activity score for each pathway based 
on the expression of genes within a predefined set 
of cancer-related and immune-associated path-
ways [16]. These pathway activity scores provide 
a quantitative measure of pathway activation in 
each tumor sample. By correlating the cell-type pro-
portions with the ssGSEA scores, we were able to 
identify significant associations between specific 
immune cell types and the activity of relevant bio-
logical pathways, offering insights into how cellular 
composition may influence tumor biology. 

Results and Discussion 

PANDA offers a unique and innovative platform 
for the analysis and integration of TCGA genomic 
data, with a distinctive focus on clinical features 
and mutational data. This integration of detailed 
clinical annotations for patient stratification is a 
key strength of PANDA and sets it apart from 
other existing web servers, which typically lack 
such comprehensive clinical data integration. By 
enabling users to stratify cancer patients based 
not only on genomic data but also on these crucial 
clinical characteristics, PANDA allows for a more 
nuanced exploration of cancer biology and patient 
outcomes. This capability offers significant 
potential for identifying cancer-specific alterations 
and potential therapeutic targets that may be
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linked to patient subgroups with distinct clinical 
profiles or mutational status. A comparative 
overview of PANDA and other tools is provided in 
Table 1. 
Researchers can use PANDA to quickly identify 

the most commonly mutated genes in a specific 
cancer type. In this case study, we demonstrate 
PANDA’s capabilities using pancreatic 
adenocarcinoma (PAAD) as a model. The 
biological hypothesis guiding this analysis is to 
understand how mutations in a key driver gene 
influence tumor progression, gene expression 
changes, and interactions with the tumor 
microenvironment. To address the biological 
question of which genes are most frequently 
mutated in PAAD, we utilized PANDA’s Mutation 
Analysis module, which identified KRAS (79% of 
samples) as the most frequently mutated gene, 
followed by TP53 (64% of samples) which 
identified KRAS as the most frequently mutated 
gene (Figure 1a), aligning with well-established 
findings in cancer research [17–19]. Given this 
result, we then focused on KRAS as a key driver 
in PAAD and examined its role in cancer progres-
sion and patient survival using PANDA’s integrated 
analytical framework. This information provides 
valuable insights into the molecular drivers of 
PAAD, allowing researchers to investigate the func-
tional consequences of these mutations. To further 
explore the impact of these mutations, we used 
PANDA’s Mutation Visualization tool to highlight 
where mutations occur within the KRAS protein, 
offering a better understanding of their potential 
impact on protein activity and disease progression 
(Figure 1c). Notably, all mutations fall within the 
K_RAS_LIKE domain, with almost all patients pre-
senting a mutation affecting glycine 12, underscor-
Table 1 Comparison between PANDA and other existing 
integration of clinical data for patient stratification. 

Feature

Differential expression analysis

Survival analysis

Mutation analysis (oncoplot, TiTv, lollipop plot, co-mutations, differen

Advanced clinical stratification (e.g., smoking status, menopausal sta

history, comorbidities) 

Integration of mutational and gene expression data

Pan-cancer analysis

Immune cell deconvolution

Association between pathway activity and clinical/mutational characte

Differential expression analysis based on mutational status

Association between cell deconvolution and pathway activity

Downloadable results for offline analysis

Regularly updated database with integrated clinical metadata

Interactive visualizations

User-friendly for researchers without programming experience

Copy number alteration (CNA) analysis

Drug-gene interaction analysis

TCGA and GTEx expression comparison
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ing its critical role in PAAD emphasizing their 
functional relevance. 
Beyond mutation frequency, PANDA facilitates 

the identification of co-mutated genes, revealing 
patterns of genetic alterations that may play 
cooperative or exclusive roles in tumorigenesis. 
Using the Co-mutation Analysis module, PANDA 
highlights a statistically significant co-occurrence 
of KRAS and TP53 mutations, an association 
widely documented in lung adenocarcinomas and 
observed in approximately 40% of KRAS-mutant 
cases in this cancer type [20,21]  (Figure 1b). Addi-
tionally, PANDA identifies a novel co-occurrence 
between OTOF and IPP mutations and OTUD4 
and IPP mutations (p-value < 0.01). IPP regulates 
the actin cytoskeleton, and its expression levels 
have been correlated with survival in various can-
cers [22]. OTUD4, a deubiquitinase involved in 
DNA repair and protein stability, has been impli-
cated in oncogenic processes across multiple can-
cers, including PAAD [23,24]. While OTUD4 has 
been associated with cancer progression, and IPP 
with survival outcomes, to the best of our knowl-
edge it has not been previously reported making it 
a statistically significant finding that warrants further 
investigation in pancreatic cancer. Additionally, 
PANDA identifies cases of mutually exclusive muta-
tions, where specific genetic alterations rarely or 
never occur together within the same sample. How-
ever, in this specific case, no mutually exclusive 
mutations were found to be statistically significant. 
PANDA’s ability to integrate genomic and transcrip-
tomic data enables researchers to further explore 
the molecular consequences of KRAS mutations. 
To investigate whether KRAS mutations influence 
gene expression, we used the Differential Expres-
sion Analysis module, which identifies differentially
✔ ✔

✔ ✔

✔ ✖

✔ ✖

✔ ✖

✔ ✖

✔ ✔

✔ ✖

✔ ✔

✔ ✖

✔ ✖

✔ ✖

✔ ✔

✔ ✔

✖ ✖

✖ ✖

✖ ✔

tools, highlighting PANDA’s advantage in the detailed 

PANDA cBioPortal GEPIA TCGAbiolinks 

✖ ✔  
✔ ✔  

tial mutations) ✔ ✔  
te, treatment ✖ ✖  

✔ ✔  
✖ ✔  
✖ ✖  

ristics ✖ ✖  
✖ ✔  
✖ ✖  
✖ ✔  
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expressed genes between wild-type and KRAS-
mutant cases (Figure 1d). Notably, genes involved 
in immune regulation, including those linked to nat-
ural killer (NK) cell activation, exhibit significant 
upregulation in KRAS-mutant samples. This aligns 
with previous findings suggesting that KRAS muta-
tions can modulate the tumor microenvironment by 
impairing NK cell function and upregulating PD-L1 
expression, thereby promoting immune evasion 
[25,26]. Furthermore, PANDA allows users to 
assess the impact of KRAS expression and muta-
tional status on overall survival (OS). Using the Sur-
vival Analysis module, we found that while KRAS 
expression levels did not show a significant correla-
tion with overall survival (OS) (Figure 1e), patients 
harboring KRAS mutations had a significantly 
worse prognosis (p-value < 0.05) (Figure 1f). This 
finding reinforces the clinical relevance of KRAS 
mutations in PAAD. 
To further validate PANDA’s analytical 

capabilities, we tested its ability to reproduce well-
known findings in cancer genomics. The tool 
successfully identifies PIK3CA as a frequently 
mutated gene in breast cancer, with mutations 
present in approximately 40% of cases, as 
reported in the literature [27]. PANDA also confirms 
TP53 as the most frequently mutated gene in breast 
(BRCA), esophageal (ESCA), and lung adenocarci-
noma (LUAD), in accordance with previous studies. 
Additionally, the tool detects the well-characterized 
GNAQ mutation in uveal melanoma (UVM) [28], a 
key molecular feature of this cancer type. Lastly, 
PANDA identifies PTEN mutations in glioblastoma 
multiforme (GBM), reinforcing its known role as a 
tumor suppressor in this malignancy[29]. These 
results demonstrate that PANDA not only facilitates 
novel hypothesis generation but also reliably repro-
duces well-established molecular alterations, rein-
forcing its credibility as a comprehensive cancer 
genomics analysis tool. 

Conclusion 

PANDA’s user-friendly interface, precomputed 
analyses, and seamless integration of genomic 
and clinical data streamline the research process, 
enabling researchers to quickly address specific 
biological questions and hypotheses. As new data 
become available, PANDA will continue to evolve, 
incorporating the latest clinical and genomic 
information to enhance its analytical capabilities. 
Figure 1. Integrative analysis of KRAS mutations and clin
using PANDA. (A) Frequency of mutations in key genes, h
(79%). (B) Co-occurrence and mutual exclusivity analysis o
KRAS and TP53, and between OTUD4 and IPP (p < 0.01).
protein, with annotation of affected domains. (D) Comparison
mutant and wild-type KRAS. (E) Association between KRAS
statistically significant correlation. (F) Association between
KRAS mutations have significantly reduced survival (p < 0.0
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Looking ahead, future updates will integrate 
cutting-edge data types, such as single-cell RNA-
seq, to improve resolution and enable more 
precise cellular profiling. Additionally, PANDA 
aims to extend its applicability beyond TCGA by 
incorporating data from other large-scale 
resources, thus broadening its impact on cancer 
research and facilitating comprehensive molecular 
and clinical insights. With its ability to integrate 
clinical stratification PANDA represents a useful 
tool for researchers aiming to uncover the 
molecular and clinical factors driving cancer 
progression. 
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