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Using PerkinElmer Signals™ Translational to Leverage the  
Cancer Genome Atlas (TCGA) Data for Biomarker Discovery

Background

The decline in pharmaceutical R&D efficiency is widely 
recognised. Since 1950, the number of drugs approved per 
billion US dollars spent on R&D has halved approximately every 
nine years, highlighting the need for new approaches to 
maximise therapeutic benefit1. To address this issue, precision 
medicine is a rapidly evolving field which uses patient-specific 
molecular information to prevent, diagnose and treat disease.

Nowhere has the push to deliver precision medicine been greater 
than in oncology. With cancer known to be hundreds of rare 
diseases, each identifiable by a specific onco-signature, the use of 
sophisticated molecular technologies to prescribe patient-tailored 
therapy has considerable potential to improve clinical outcomes. As 
just one example, breast cancer is classified into distinct sub-groups 
that vary in terms of aggressiveness and response to therapy2,3. By 
stratifying the breast cancer patient population to identify an 
appropriate treatment, success rates for both new and existing 
drugs can be improved; this is exemplified by the effectiveness of 
Herceptin in treating patients with mutated Her2 gene4.

To test hypotheses which predict drug efficacy, extremely large 
datasets are necessary to help establish the clinical utility of 
different biomarkers. However, a lack of homogeneity in naming 
conventions and content amongst the most used biological 
databases makes it difficult to gather the necessary data to 
generate a detailed, disease-specific genomic profile. Fortunately, 
for oncology, a comprehensive resource exists in the form of The 
Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/, 
Figure 1). Containing meticulously annotated data from more 
than 11,000 patients  (up to 500 samples from 33 cancer types), 
The Cancer Genome Atlas includes deep sequencing results (e.g. 
copy number variation, whole genome, whole exome, single 
nucleotide polymorphism) and clinical data (e.g. tumor grade, 
tissue/organ of origin, prior malignancies, treatment, alcohol and 
cigarette consumption, demographics, survival data) which can be 
mined for potential biomarkers.
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Figure 1. The Cancer Genome Atlas (TCGA) data portal. Image courtesy of TCGA website.

Figure 2A. Using PerkinElmer Signals Translational, data from TCGA can be selected and explored (in this example, data relative to patients diagnosed with Lung 
Adenocarcinoma (LUAD) and Lung Squamous Cell Carcinoma (LUSC). The Export Preview dialogue (top right corner) shows the number of entities and measure-
ment types ready to be exported for the two studies that have been selected (LUAD and LUSC) into the TIBCO® Spotfire instance.

Although The Cancer Genome Atlas is a very well curated data 
repository, accessing and performing cross-study tertiary analysis 
for ad-hoc biomarker discovery requires significant expertise, 
especially if the intention is to assimilate TCGA datasets with 
proprietary data further down the line. Designed to streamline 
data mining by empowering researchers to perform self-service 
querying and analytics, PerkinElmer Signals™ Translational is 
a cloud-based system that supports the complete precision 
medicine workflow. Integrating data across multiple studies 
to facilitate complex analytics with only limited bioinformatics 
expertise, PerkinElmer Signals Translational hosts, among others, 
The Cancer Genome Atlas database.

Application

Using PerkinElmer Signals Translational to query The Cancer 
Genome Atlas database, we were able to investigate the impact of 
gene expression on the survival of patients with non-small cell lung 
cancer (NSCLC), represented by Lung Squamous Cancer (LUSC) 
and Lung Adenocarcinoma (LUAD) in TCGA  data repository. With 
PerkinElmer Signals Translational acting as a data staging area 
for datasets including the 33 TCGA studies and their associated 
datasets, we performed a search for information pertaining to 
individuals with LUSC and LUAD. This revealed 1089 subjects, 3443 
samples and 8 measurement categories (which included 127 million 
copy number variation entries, 69 million gene expression values and 
1.29 million genetic variants) across the two study types (Figure 2).
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Figure 2B. Data to be exported can be further filtered down at the row level e.g. gene 
expression data corresponding to the LUAD and LUSC patients in TCGA was 
filtered to include only the genes in the lung40 signature. This signature comprises 
the top 40 overexpressed genes common to LUAD and LUSC, and was obtained by 
performing differential gene expression (DGE) analysis (tumor samples vs normal 
samples) in OmicsOffice® v6.06. 

By filtering our initial query for a specific gene list that included the 
top 40 common overexpressed genes (hereby referred to as the 
lung40 signature) among the two lung cancers, we were able to 
perform self-service analytics using Translational Analytics (powered 
by TIBCO® Spotfire) in PerkinElmer Signals Translational. Included 
within these Translational Analytics the Principal Component 
Analysis (PCA) app was used to determine how well the 
selected genes could differentiate the two NSCLC cancer types. 
Although in this case LUSC and LUAD were not completely resolved, 
a fair degree of separation was achieved by means of the lung40 
signature expression values (Figure 3).

Next, we questioned the extent of the difference in expression 
between tumor and normal samples. For this purpose, the 
Prevalence Analysis app was run at a specificity threshold 
of 95% (this is to identify any gene where the expression 
value has not reached 95% of the normal samples, with the 
percentage of tumor samples in which the expression value is 
above the threshold referred to as the prevalence for that gene). 
Finally, both proportions were compared using a Wilcoxon test and 
a T-Test. As Figure 4 shows, the gene BARX1 is expressed over its 
threshold in a statistically higher proportion of the tumor samples 
compared to the normal samples in both LUSC and LUAD. 

These highly different patterns of BARX1 expression led us to 
wonder whether this gene has a major impact on the survival of 
tumor patients. To answer this question, we created two cohorts 
of patients for each study, considering the median value of BARX1 
expression in each tumor type as a threshold. Therefore, the 
category “BARX1-LUAD” contained the two cohorts of LUAD 
patients: “High” (patients expressing BARX1 above its median 
value among all tumor samples) and “Low” (patients expressing 
BARX1 below its median value among all tumor samples). The 
same rationale was applied to the category “BARX1-LUAD” for 
LUAD patients. 

The results of the Survival Analysis are presented in Figure 5. We 
observed that the median value of expression of the BARX1 gene 
can separate the LUSC patients into two subpopulations with 
statistically different outcomes (p = 0.02, central curves). However, 
the LUAD cohorts created from the threshold in BARX1 expression 
do not exhibit statistically significant differences in terms of survival 
(p = 0.32, upper panel of curves). The Survival Analysis app also 
allowed comparison of both cancer types, indicating the LUAD 
patients to have a seemingly higher probability of survival than the 
LUSC patients (p = 0.02, lower panel of curves) in this dataset.

Figure 3. PerkinElmer Signals Translational Analytics was used to run a Principal Component Analysis (PCA) to ascertain whether tumor samples from Lung 
adenocarcinoma (LUAD, red dots) and Lung squamous cell carcinoma (LUSC, yellow dots) could be clustered separately based on the normalized expression values of 
the lung40 signature. 
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Figure 4. Prevalence analysis app was used to determine the statistical differences between the proportions of samples with expression levels above (green portion of the bars) 
and below (blue portion of the bars) a threshold, in tumor and normal samples in LUSC (A) and LUAD (B). The analysis was performed for each gene of the lung40 
signature, with the default threshold (expression value not reached in the 95% of normal samples).

A

B

Figure 5. The survival of lung cancer patients was assessed using the Survival Analysis app. For each of the two cancer types, two cohorts of patients were created (High and 
Low), setting the threshold in the median value of expression of the gene BARX1 among patients in each cancer type. None of the LUAD  cohorts of patients (upper set of 
curves) exhibit a survival rate statistically higher than the other (p = 0.32).LUSC patients with lower levels of BARX1 (yellow curves in central panel) exhibit a higher 
probability of survival than the cohort of patients expressing BARX1 at lower levels (red curves in central panel, p = 0.02).  In general, LUAD patients (purple curve in lower 
panel) exhibit a higher probability of survival than LUSC patients (orange curve in lower panel, p = 0.02).
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Conclusion

While the unavailability of large datasets was once the main 
challenge in identifying oncology biomarkers, The Cancer Genome 
Atlas is testament to the fact that this is no longer the case. Providing 
a comprehensive repository that allows thorough stratification of 
patient samples, The Cancer Genome Atlas is a powerful resource to 
inform precision medicine.

To benefit from the wealth of data contained within The Cancer 
Genome Atlas, researchers require an easy-to-use yet powerful 
analysis suite. PerkinElmer Signals Translational delivers on this by 
integrating search and analytics functions within a single solution. 
Powerful statistical operations and highly customisable visualisations 
streamline the search for cancer biomarkers, while flexibility and 
scalability in response to ever-increasing data sizes are achieved 
by leveraging the cloud. In combination, these features make 
PerkinElmer Signals™ Translational the ideal solution to deliver 
novel insight which can improve patient outcomes.

Within this case study, we aimed to test an ad-hoc hypothesis of 
whether a top 40 overlapping list of gene expression between LUSC 
and LUAD displayed any similarities when it came to survival response 
in NSCLC patients. Using PerkinElmer Signals Translational to mine 
data from The Cancer Genome Atlas, we demonstrated the utility 
of BARX1 to separate the LUSC patients into two subpopulations 
with statistically different survival outcomes. In contrast, the LUAD 
cohorts created from the threshold in BARX1 expression did not 
exhibit statistically significant differences in terms of survival. This 
analysis clearly demonstrates the power of using a holistic solution 
to perform a complex cross-study analysis, to come up with new 
biomarker-based hypotheses or test existing theories. By making data 
exploration more intuitive, PerkinElmer Signals Translational supports 
the complete precision medicine workflow to improve the efficacy of 
oncology treatment and benefit patients.

PerkinElmer Signals Translational is a cloud-based data 
analytics solution that allows intuitive aggregation of 
assay results from multiple sources into a single platform 
for seamless data management and self-service analytics. 
With visual analytics powered by TIBCO Spotfire®, 
PerkinElmer Signals Translational provides all the 
necessary tools to harmonize, manage, search, aggregate 
and analyze data consistently across large datasets for 
use in translational research in a highly scalable manner. 
This delivers novel insights that cannot be achieved 
when examining assay results in isolation, providing 
researchers with the capacity to more rapidly develop 
and test hypotheses, and expediting the discovery and 
development of new therapeutics.

References

1. Scannell, J. W., Blanckley, A., Boldon, H. & Warrington, B. 
Diagnosing the decline in pharmaceutical R&amp;D efficiency. Nat. 
Rev. Drug Discov. 11, 191–200 (2012).

2. Perou, C. M. et al. Molecular portraits of human breast tumours. 
Nature 406, 747–752 (2000).

3. Rouzier, R. et al. Breast Cancer Molecular Subtypes Respond 
Differently to Preoperative Chemotherapy Human Cancer Biology. 
Clin Cancer Res 11, (2005).

4. Molina, M. A. et al. Trastuzumab (Herceptin), a humanized 
anti-HER2 receptor monoclonal antibody, inhibits basal and 
activated HER2 ectodomain cleavage in breast cancer cells. 
Cancer Res. (2001).




