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Background 

The process of drug discovery and development is widely 
recognized as being lengthy, expensive, and prone to failure, 
yet there are encouraging signs that success rates may be 
improving. In 2018, the FDA approved a record 59 novel 
drugs and biologics,1 an achievement which may in part be 
attributed to better design of clinical trials through more 
effective patient stratification.

Appropriate stratification centres on the identification of 
patients with distinct molecular mechanisms of disease. This 
allows clinical trials to be tailored to encompass defined patient 
cohorts, thereby reducing the likelihood of late stage clinical 
failure. Moreover, by promoting delivery of the right drug 
to the right individual, patient stratification offers significant 
promise to increase the therapeutic benefit of new and 
existing medications.

Unfortunately, the process of stratifying patients is often 
limited by inefficiencies related to cross-study biomarker 
analysis. With many translational scientists lacking the 
bioinformatics expertise necessary to perform complex 
analytics on extremely large, multi-parametric datasets, it 
can be impossible to extract actionable insights. To foster a 
true collaborative environment, user-friendly and repeatable 
analytics are essential. Not only does a specifically designed 
translational research solution support rapid refinement of 
hypotheses to aid biomarker discovery, it also promises to drive 
precision medicine and improve treatment strategies.

Based on the results described in a recent publication,2 we 
used various Translational Apps in PerkinElmer Signals™ 
Translational to demonstrate how this solution might be 
used to create repeatable analytics for testing and refining a 
hypothesis for stratifying cancer patients. Using data from The 
Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/), 
we decided to focus on kidney cancer, a prime example of a 
disease where patient-tailored therapy promises to improve 
therapeutic outcomes. Ranked among the ten most common 
cancers and accounting for 1.7% of deaths worldwide, kidney 
cancer is responsible for 2.4% of total global cancer burden. 
This highlights the need for continued research efforts to 
improve survival rates, including the development of better 
patient stratification methods and investigation of both known 
and novel biomarkers.

Using PerkinElmer Signals Translational, we were easily able 
to reproduce and confirm findings the authors obtained from 
mining kidney cancer TCGA datasets. We were also able to 
explore the data further to investigate potential biomarkers that 
might improve stratification of patient populations.

Application

In a recent study, Abrams et al hypothesized that transcription 
factor (TF) mRNA expression levels might be used to distinguish 
between different types of cancer.2 To test this theory, the group 
developed a sophisticated clustering algorithm and applied it to 
the RNA-Seq expression data of 486 transcription factors from over 
10,000 samples of 33 kinds of cancer within The Cancer Genome 
Atlas database. Using the resulting information to generate t-SNE 
maps, the authors showed that thirty clusters of transcription 
factors could differentiate between most cancer types and were 
able to separate tumor samples from normal controls.

To address the possibility that this separation was simply due 
to baseline differences in transcription factor expression within 
the tissues from which each cancer originated, Abrams et al 
interrogated the data further. Taking the three major subtypes of 
kidney cancer - kidney renal clear cell carcinoma (KIRC), kidney 
renal papillary cell carcinoma (KIRP), and kidney chromophobe 
carcinoma (KICH) - within the TCGA database as just one example, 
they observed that the relative positions of these cancers in the 
t-SNE maps corroborated reports that KIRC and KIRP samples 
are similar to proximal tubule segments, whereas KICH samples 
are more similar to distal segments. The authors noted that this 
information may prove useful in tailoring effective treatment for 
kidney cancer.

Following inspection of the published t-SNE plots, we selected the 
transcription factor clusters that best separate two of the kidney 
cancers in The Cancer Genome Atlas: KIRC and KICH. Relevant 
data was aggregated and brought into TIBCO Spotfire®, including 
information pertaining to diagnosis along with expression values 
for 343 of the 486 transcription factors originally studied. We then 
used analytics in Signals Translational to investigate the relationship 
between transcription factor expression and patient survival.

https://portal.gdc.cancer.gov/
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Signals Translational Analytics 

Signals Translational contains an ever-expanding set of 
Translational Apps that enable non-bioinformaticians to 
intuitively perform complex analyses using self-service analytics. 
These include:

 •  Batch Effect App - detect and correct batch effects in  
the data

 •  Principal Component Analysis (PCA) App - identify 
patterns in the data, highlight key similarities and differences

 •  Categorical Survival App - estimate the survival function 
from lifetime data

 •  Continuous Survival App - evaluate the influence of 
biomarkers in the survival probabilities of patients

 •  Linear Mixed Effect (LME) App - compare the impact of 
different variables to one another

 •  Correlation App – assess how a specific variable correlates 
 with other numerical variables

 •  Gene Expression Dashboard App – investigate levels of  
gene expression

 •  Prevalence Analysis App - compare expression levels of genes 
between two subpopulations or sample types

 •  Gene Set Enrichment Analysis App – identify over-
represented classes of genes in a ranked list of genes

 •  Cytokines Data App – explore cytokine expression across 
different samples

 •  Demographics Summary Report App - visualize various 
attributes of the patient population

 •  Data Report App – more in-depth data analysis based on 
selection of specific attributes

 •  Adverse Events Dashboard App - explore patient adverse 
events during a study

 •  Subject Summary Report App – create reports that include 
patient measurements such as vitals or clinical metrics

Using several of these Translational Apps, we interrogated the 
TCGA KICH and KIRC data that we had aggregated and brought 
into TIBCO Spotfire®. First, employing the Principal Component 
Analysis (PCA) App, we analyzed the selected transcription factor 
gene clusters to replicate the original result in the publication. 
Figure 2 shows that the expression patterns of these 343 genes 
could clearly distinguish KIRC and KICH patients.

Figure 1. Signals Translational can be used to create repeatable personalized analytics protocols.
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Figure 2. The Principal Component Analysis (PCA) App was run to ascertain whether 
tumor samples from kidney renal clear cell carcinoma (KIRC, yellow dots) and kidney 
chromophobe (KICH, red dots) grouped separately based on some of the TF clusters 
identified by Abrams et al.

Next, to investigate how these different patterns of expression 
evolve with the development of each of the two forms of kidney 
cancer, we used the Correlation App in Signals Translational to 
analyze the relationship between gene expression and tumor stage.  
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Figure 3. The Correlation App was run to find the correspondence between the gene 
expression values and the tumor stages of both kidney cancer types, KICH and KIRC.

Figure 4. The Continuous Survival Analysis App was run to discover the thresholds in gene expression that best distinguish cohorts with different outcomes in survival among KICH 
patients. Most of the genes had high p-values, likely due to the low number of subjects for KICH. Survival statistics and Kaplan-Meier curves for the top ranked gene KLF16 (p-value: 
0.99962) are representative of this dataset.

As Figure 3 shows, the distribution of correlation values 
between gene expression and tumor stage differs 
considerably between KIRC and KICH. In KIRC there appears 
to be a greater number of genes for which the expression 
values correlate significantly with the development of the 
disease, but the correlation values are low. However, the 
correlation values are higher for the significant genes in KICH 
in both positive and negative trends of the analysis. Of the 
two diseases KICH is the least common, accounting for only 
around 5% of all cases of kidney cancer.3 KICH is also not as 
deeply studied as KIRC, making it an interesting candidate for 
us to explore further.

To continue our study, we next chose to evaluate the influence 
of gene expression on the survival probabilities of patients. The 
Continuous Survival App was selected for this as it classifies the 
patients into two groups and examines their prognoses, providing 
a best cut-off value for a given numerical variable (e.g. FPKM or 
other gene expression values) that is ranked using a P Score. After 
identifying the cut-off with the best prognostic differences, Kaplan-
Meier analyses are run independently for each biomarker and the 
difference in survival between the two groups are assessed by 
means of a p-value.

Having run this App, we found that the very low number of KICH 
patients meant that no significant values could be obtained. This is 
illustrated in Figure 4, which represents the number of subjects and 
death events among KICH patients; the lack of statistical power 
is reflected in high p-value for the majority of genes. Indeed, if 
we refer to the results of the Correlation App (Figure 3), although 
the highest correlation between gene expression values and 
disease progression is found in KICH, the p-values are close to the 
consensus threshold of 0.05. With its powerful analytics capacity, 
PerkinElmer Signals™ Translational highlights the lack of statistical 
relevance on this occasion.
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Figure 5. The Continuous Survival Analysis App was run to discover the thresholds in 
gene expression that best distinguish cohorts with different outcomes in survival among 
KIRC patients. Results obtained for the top ranked genes are shown.

Figure 6. The gene HMGB2 is the stronger prognostic of survival rates for KIRC patients of all TFs used in this study. According to the results obtained using Signals Translational´s 
Continuous Survival App, patients with high expression of HMGB2 have lower probabilities of survival (expression threshold: 29.12 FPKM p-value: 0.00017).

As a result of this discovery, we decided to focus on the TCGA-
KIRC dataset, running the Continuous Survival App again to 
generate some interesting results (Figure 5). The highest ranked 
gene, with the best cut-off, was HMGB2 (best cut-off threshold 
29.12 FPKM). This showed patients with high expression of 
HMGB2 to have lower probabilities of survival (p-value: 0.00017), 
and vice versa (Figure 6). We further checked these results against 
the Human Protein Atlas, which suggests HMGB2 as a prognostic 
marker in renal cancer, liver cancer, melanoma and pancreatic 
cancer, with high expression being unfavorable in renal cancer - 
something our analysis confirms (Figure 6). 

We subsequently investigated other best cut-off genes, with the 
next highest ranked gene being SOX1. SOX1 is a member of the 
SOXB1 subgroup of transcription factors, which serve as either 
tumor suppressor genes or oncogenes in different cancers, with a 
recently described potential role for SOX1 as a tumor suppressor 
in breast cancer cells.4 However, in our analysis the best cut-off 
of 0.03 FPKM as the expression value suggests that SOX1 is likely 
a very doubtful prognostic marker for KIRC despite a significant 
p-value (p-value: 0.00020). The Human Protein Atlas also does not 
consider SOX1 a prognostic marker.
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Next on the list was POU6F1, a transcription factor that has 
been implicated in the proliferation of ovarian cancer cells 
(clear cell adenocarcinoma)5; in regulation of HER2-dependent 
genes in breast cancer6; and which is shown by the HPA as a 
prognostic marker of pancreatic cancer with high expression 
being favourable to patient survival. During our analysis, we 
found lower expression to be linked to patient survival in KIRC 
datasets (best cut-off: 3.87 FPKM, p-value: 0.0009). However, 
Human Protein Atlas data suggests that POU6F1 has a low but 
widespread tissue specificity (Figure 7), meaning its association 
with KIRC in our analysis may be through pure chance. As a 
widely expressed transcription factor, POU6F1 might nevertheless 
be an interesting candidate to investigate further.

Our analysis shows that, using the Translational Apps in 
PerkinElmer Signals Translational, not only are we able to 
confirm previous biomarker findings, but we can also drill down 
the data to derive other potential insights into biomarkers for 
kidney cancer. Furthermore, this analytics protocol is not only 
specific to one dataset – it can be saved and re-used for other 
datasets and by other end-users, ensuring repeatability of 
analysis across the organization and amongst collaborators.

Conclusion

The ability to rapidly test and adapt a hypothesis to derive 
meaningful scientific insight can be a long and arduous 
process if you don’t have the necessary skillset. Although 
bioinformatics teams are often tasked to perform routine 
analysis of large, multi-parametric datasets, this adds a lot 
of unnecessary burden on their time. Creating repeatable 
analysis that incorporates best practices and is easily shared 
across an organisation would streamline research by enabling 
straightforward, self-service analytics.

PerkinElmer Signals Translational aims to address this challenge 
by providing a solution that empowers researchers to carry out 
complex analytics in a simple, repeatable, and collaborative 
manner. Facilitating rapid refinement of hypotheses, 
PerkinElmer Signals Translational supports better informed 
patient stratification and increases the likelihood of biomarker 
discovery with only limited bioinformatics skills. 

Within this study, we aimed to investigate the extent to which 
we could further explore the selected clusters of transcription 
factors defined by Abrams et al to distinguish between two 
kidney cancers in The Cancer Genome Atlas: KIRC and KICH. 
Using Signals Translational, our intention was to complement 
existing biomarker hypotheses with new theories and ultimately 
improve patient stratification.

Encouragingly, we were able to reproduce the original PCA 
result using the transcription factor clusters. However, although 
we had originally planned to investigate both KIRC and KICH, 
low KICH patient numbers meant we focused on KIRC only. 
Using correlation and continuous survival analysis, we were 
able to explore the effects of gene expression on survival rates 
of KIRC kidney cancer patients. Moreover, we were able to 
save our analytics protocol and can use it to study additional 
oncology datasets. 

Our analysis demonstrates the power of using a specifically 
designed translational research solution to perform complex 
cross-study analysis and discover new scientific insights for 
biomarker hypotheses. Moreover, since the analytics in Signals 
Translational are powered by TIBCO Spotfire®, we can further 
apply advanced deep learning techniques to find biomarkers 
that ultimately increase the efficacy and safety of clinical trials. 
By making data exploration more intuitive and collaborative, 
and better aligning findings with advances in Artificial 
Intelligence (AI), PerkinElmer Signals Translational is ideally 
placed to support the patient stratification workflow and 
deliver therapeutic benefit to patients worldwide.

Figure 7. The image above is obtained from Human Protein Atlas (HPA).
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Powered by TIBCO Spotfire®, analytics in PerkinElmer Signals 

Translational are designed to take the complexity out of 

patient stratification so that more users - not just those with 

bioinformatics expertise - can quickly and easily perform 

complex analyses. Employing user-friendly analytics to create 

protocols and to test and adapt hypotheses in tertiary cross-

study analysis, researchers can gain biomarker-based insights 

more rapidly, converting these to informed decision-making 

much earlier in the patient stratification process.


