PowerTools: A web based user-friendly tool for
future translational study design
Animesh Acharjee (  a.acharjee@bham.ac.uk )
University of Birmingham https://orcid.org/0000-0003-2735-7010
Joseph Larkman
Institute of Translational Medicine, University Hospitals Birmingham NHS, Foundation Trust, B15 2TT,
UK
Victor Roth Cardoso
Centre for Computational Biology, Institute of Cancer and Genomic Sciences, College of Medical and
Dental Sciences, University of Birmingham, B15 2TT, UK
Georgios V. Gkoutos
Centre for Computational Biology, Institute of Cancer and Genomic Sciences, College of Medical and
Dental Sciences, University of Birmingham, B15 2TT, UK

Methodology
Keywords: power study, sample size, translational research, omics
Posted Date: February 18th, 2020
DOI: https://doi.org/10.21203/rs.2.23833/v1
License:   This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Page 1/10

Abstract
Background
Biomarker identification is one of the major goals of functional genomics and translational medicine
research. The advent of NGS lead to a constant and exponential increase of large datasets that have the
potential of providing the means for novel biomarker identification for the early diagnosis of complex
diseases and/or for patient/disease stratification. Once a biomarker has been identified, a validation
study is necessary to assess its value. A study design that considers its appropriateness and costeffectiveness is paramount. The calculation of a sample size is a challenge that needs to be addressed.
Methods
The workflow of our tool, termed PowerTools, is based on based on the method described by Blaise et al.,
(2016) [1]. For a given number of input data sets, a simulation step with the random multivariate normal
distribution including correlation is considered. As a next step, datasets of variable sizes are generated by
random selection of samples. Based on the outcome variable, either classification or regression modes
are available. For binary classification ANOVA and linear regression test can be performed and then
performance matrices can be evaluated.
Results
We developed an online framework to streamline power calculations to aid future omics study designs
within a translational medicine research context. We make our code freely available on GitHub [2] and we
have provided a web interface that can be accessed at online [3].
Conclusions
PowerTools offers the potential for designing appropriate and cost-effective subsequent omics study
designs.

Background
Over the last few years there has been a lot of emphasis on the high dimensional omics data generation
that includes untargeted omics datasets such as transcriptomics [4], [5] metabolomics [6], [7], proteomics
[8], [9], microbiomes [10] [11] [12] and deep phenotyping [13]. Vast amount of data is routinely
accumulated which needs to be integrated and analysed to facilitate the identification of the relevant
markers. If the identified markers from the various omics datasets are robust, reproducible and indicative
then they can be used as a biomarker for patient’s stratification [14], [15] and can also be useful either as
diagnostics or prognostic tools.
To validate those biomarkers experimentally, a study needs to be carefully designed and more often than
not encompass features that are sometimes arbitrary. Earlier studies have focused on generating power
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analysis outputs for such scenarios using different omics datasets, for example metabolomics data [16],
[1] and transcriptomics data [17]. However, those studies are very specific to these omics datasets and
often fail to relate power calculations to the relevant biomarkers that were identified. In this study, we
developed a web based interface tool, termed PowerTools, to streamline power calculations and offer a
valuable asset for use in translational research.
PowerTools forms a flexible webtool to facilitate power analysis and sample size determination, based
on a method described by Blaise et al., (2016) [1]. It can take as input two types of response (outcome)
variables; regression (continuous variables) and binary classification (class variables) outcomes.
Furthermore, the correlation structure of predictor variables was explicitly modelled, in order to capture
any multi-collinearity between variables. To increase the potential adaption of our tool, we used the R
statistical software environment (https://www.r-project.org/) to implement functionality. Additionally, the
redesigned functions incorporated comprehensive progress messages and error notation, to improve their
usability. Furthermore, the R implementation, presented here, improves the functionality of the original
functions in two key respects. Firstly, each variable is automatically assessed using its true effect size
(i.e. in the case of regression, the true effect size of a variable is estimated as its correlation with the true
outcome variable, whilst in a binary classification, the observed Cohen’s d effect size [8] is computed).
Secondly, our approach caters for highly correlated variables to be optionally grouped together and only
the member of each group with the largest effect size to be used for assessment thereby facilitating the
identification of a smaller subset of potential biomarkers.

Materials And Methods
PowerTools Workflow
PowerTools accepts as input a set of –omics biomarkers associated with an outcome variable. Based on
the outcome variable, either a binary or continuous class, it performs a simulation with a random
multivariate normal distribution. The design of the workflow also considers potential correlations
between the biomarkers. Figure 1 depicts graphically the PowerTools’s workflow. ANOVA is performed for
the case of binary classification whilst linear regression tests are performed for the case of continuous
outcomes. As a last step, performance matrices are generated and evaluated. For detail simulation
methods, please refer to the Blaise et al., 2016 [1].
Datasets
Our case studies were based on previously published experimental datasets, presented in Table 1.
Table 1: List of the published datasets used in this study.
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PowerTools
Mode

Type of
omics data

Number of
Biomarkers

Number of
samples

Outcome variable

Article reference
(pubmed ID)

Regression

Lipidomics

3

40

[18] (28190990)

Classification

Cytokine

3

51

3 months infant
milk amount
Multi organ
dysfunction
(Yes/No)

[19]
(31857590)

Software and Code Availability
We used the R v3.5.0 software for statistical computing [20]. The web interface was constructed using R
shiny app [21] and is available online [3] All our input and supplementary files can be found on our
GitHub repository [2] .

Results
Web tool
To streamline power calculations and provide an accessible package fit for translational medicine, we
produced PowerTools, an interactive open-source web application, written in R code, using the Shiny
framework. The tool is capable of performing efficient simulation-based power calculations for
regression and binary classification datasets from various omics disciplines. The web interface caters the
estimation of sample sizes, quick access to function parameters and is complemented with help
information and example datasets. Performance matrix or confusion matrix result values are presented
as both a customisable plot as well as raw data tables, which can be downloaded using the user
interface. A screenshot of PowerTools is presented in the Figure 2.
Case studies
PowerTools was applied to perform power analysis using previously published freely available omics
datasets. To assess the two different modes, regression and classification, we have employed the data
published by Acharjee et al., 2017 [18] and Bravo-Merodio et al., 2019 [19].
Regression mode case
In this category, the outcome variable considered was the amount of the milk given to the infants in the
Cambridge Baby Growth Study (CBGS). In this case, we used PowerTools in the regression mode. A
previous study [18] identified three lipids: PC(35:2), SM(36:2) and SM(39:1) and were thus considered for
a potential future design study individually.
To achieve maximum power (P=1) for all the biomarkers, 40 samples are required. Usage of 20 samples
will allow for these markers to achieve 0.50 to 0.75 power. The three biomarker features SM(39:1),
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SM(36:2) and PC(35:2) achieved effect sizes of 0.74, 0.66 and 0.63, respectively. The relationship
between each of the assessed variables and the continuous outcome variable are depicted in Figure 3.
Classification Mode case
We used three physiological features (decrease neutrophil CD62L and CD63 expression as well as
monocyte CD63 expression and frequency) [19] as potential biomarkers for multi organ dysfunction
(MODS) development. These features were identified by Bravo-Merodio et al., 2019 [19] as biomarker of
immune response to trauma in 51 patients at three different post-injury time points (ultra-early (<=1 h), 4–
12 h, 48–72 h). Following a power analysis, we found CD62L requires 40 samples in each category to
achieve a power of 0.86. The lowest effect size estimated was for Monocyte count (0.7).

Discussion
We developed PowerTools, an interactive open-source web application to facilitate the estimation of the
number of samples required for future studies and to group similar features determining the effect size
associated with potential biomarkers. In addition to that, PowerTools offers the potential of not only
calculating the future sample size but also have a positive impact on optimising time and cost for future
experiments. A limitation of our tool is that it caters only for binary classifications. In a future version, we
plan to add multi class classification options.
Whilst there are a few examples of computational tools for power analysis, by and large they have been
limited in their applications and data types. For example, some have been developed to provide only raw
functions [1] [22], others are directly related to specific study designs, such as case-control microbiome
studies [23] and some are not currently being maintained [17].

Conclusion
PowerTools forms an interactive open-source web application that utilises an intuitive visual
representation to cater for the estimation of the number of samples required for potential future studies.
We believe that our workflow and approach is generalised across multiple different –omics datasets and
will help in the translational and precision medicine community to interpret the stability and future design
aspects of potential biomarkers.
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Figures

Figure 1
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A schematic diagram of the workflow. The evaluation starts with a dataset with biomarkers of interest.
Different steps are executed depending on the type of data. For both cases the effect size is calculated,
for binary classification with Cohen’s d and for regression with correlation. The following steps for binary
classification are: grouping of feature and analysis of variance; for regression a regression coefficient is
calculated and a linear regression is performed. In both cases there is a final step for analysis of decision
matrices.

Figure 2
Screenshots of the open-source web application PowerTools for simulation-based power calculations.
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Figure 3
Biomarkers PC(35:2), SM(36:2) and SM(391:1) are used as in for a potential study design. The effect size
of each assessed variable is shown along the y axis and a series of sample sizes along the x axis. The
various size/colour rhombi indicate the power values for each effect/sample size combination using a
simulated dataset automatically derived from the real dataset. A) Estimation of the sample size with
individual features (lipids) To achieve maximum power (P=1) for all the biomarkers 40 samples are
required. Based on this, 20 will achieve 0.50 to 0.75 power. B) Estimation of the number of the samples
required for a future study considering the group of the three lipids. Following clustering of the lipids
identified, two clusters were determined necessitating 80 samples to achieve maximum power (P=1).
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