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Abstract 

 
This dissertation represents the unification of the body of research produced throughout 

my doctoral training, highlighting three major articles. These projects revolved around 

how refining and advancing algorithmic methodologies and frameworks in statistics and 

machine learning (ML) can improve experimental designs and analyses in genomics 

and transcriptomics for paving the road to interpretable and robust machine learning for 

precision medicine. The challenges in the Omics field of ML lies with noisy signal-to-

noise ratio and a curse of dimensionality. Throughout this dissertation, one constant 

theme is demonstrating how feature reductions and improved signal to noise ratio with 

the use of gene sets (ontologies). This dissertation can be succinctly described as 

ontology-anchored dimension reduction, combined with single subject (N-of-1) 

analytics and machine learning applied to transcriptomics. The culmination of these 

projects is a final pilot study that brings together these concepts to create robust and 

interpretable machine learning classifiers for precision medicine that can be enriched to 

identify pathways and their interactions.  

 

In precision medicine, the goal is to deliver:  

The right treatment, at the right time, for the right person. 

The aim of my doctorals research is to continue advancing precision medicine by 

developing cutting-edge statistical and machine learning software and frameworks to 

improve the state-of-the-art technology available. Building upon the works of 

colleagues, advisors, and others, this dissertation represents comprehensive efforts from 

a variety of scientific domains such as informatics, computer science, biology, genetics, 

mathematics, and last but not least, statistics. Common themes include experimental 

designs and evaluations, ontologies and knowledge graphs, large-scale significance 

testing, correlation structures, ensemble learners, and random forests. The first chapter 

introduces the logistics of the scientific dissertation structure. In the second chapter, a 

numerical study illustrates the increased ability to detect individualized differential gene 

expression when we aggregate signal using gene ontologies to group genes by their 

biological processes. The third chapter borrows from machine learning and mathematics 

to optimize small-sample and single-subject studies in genomics, while a third study is 

presented in Chapter 4, introducing a novel, effective, and scalable feature selection 
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machine learning algorithm to identify differential gene products and interactions by 

combining random forests and correlated Bernoulli trials for large-scale hypothesis 

testing. The final chapter presents a pilot study that combines all these projects into a 

proof-of-concept of how to create robust and interpretable machine learning classifiers 

in small-sample studies for precision medicine. These techniques were all developed 

and applied to analyze Next Generation Sequencing (NGS) and RNA-sequencing data 

derived from samples in cohort studies, and their biological mechanisms were 

incorporated from gene ontologies. As is implicit in these works, they represent an 

interdisciplinary effort that is only possible in team science, allowing for creative 

solutions when the best minds in statistics, computer science, mathematics, biology, and 

medicine come together to work on the same problem.  

 

Statistical & Machine Learning Advisor: Helen H. Zhang 

Bio- and Clinical Informatics Advisor: Yves A. Lussier 
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CHAPTER 1: INTRODUCTION  

 

ARTICLE-BASED DISSERTATION: A STRUCTURAL OVERVIEW  

This dissertation is organized to satisfy the requirements of a scientific and manuscript-

centric dissertation highlighting the journal articles produced during my doctoral 

research. The underlying assumption behind the sections is that small-sample and 

single-subject studies in precision medicine can be further advanced by creatively 

incorporating graph- and machine-learning-based techniques and frameworks to 

improve the existing body of work in small-sample and single-subject biomarker 

studies. To this end, the unifying theme can be encapsulated by the following words: 

Ontology-Anchored Machine Learning for Precision Medicine. Each chapter is 

organized by a focused topic with accompanying studies and examples in statistical and 

in biomedical sciences, with an emphasis of the author’s contributions to these. The 

final chapter concludes the doctoral research with future directions and supplements 

containing relevant definitions, equations, and manuscripts defined and referred in 

preceding chapters.  

SIGNAL STABILITY AND ONTOLOGY-BASED SINGLE-SUBJECT STUDIES 

Over the last five years, the Lussier group pioneered single-subject studies and 

developed cutting-edge statistical techniques [1-5] for analyzing gene expression data 

using RNA-Sequencing [6] from individuals to identify subject-specific biomarkers. 

The motivation for this work is to complement the large body of statistical and machine 

learning work in differential gene expression and expand upon it with novel techniques 

focusing on subject-specific tools and frameworks [3, 6-49] to be able to understand 

which biology is common to all of us, and which biology differentiates us from our 

peers. Human biology is a complex structure of units that – as a whole – produces life in 

many different forms. On one hand, humans are all unique individuals. On the other 

hand, humans share evolutionary traits and characteristics that differentiate us from 

other species (including our ancestors) and may result in mendelian diseases and 

inherited disorders.  

 

At a philosophical level, in precision medicine and bioinformatics, scientists are 

currently playing a game of “tug-of-war” where on one side all humans are similar and 
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on the other, all humans are unique. More than likely, the truth  lies somewhere in the 

middle of these diametric extremes, and the biology of diseases results in some shared 

commonalities and differences across individuals. Since the majority of the statistical 

literature has focused on identifying the shared commonalities, our lab has worked on 

developing complementary techniques to provide a more comprehensive and holistic 

approach for identifying gene products and biomarkers in human studies to facilitate the 

therapeutic development.  

 

Single-subject studies, by definition, contrast the field of statistics where statisticians 

generally make inferences at the population level. The nomenclature makes this 

explicit. In parametric statistics, we estimate a population-level parameter from a 

sample of observations. In sampling theory, we design a scheme to select a subset of 

individuals that we believe will be strongly representative of the population. In cohort 

studies and clinical trials, we implement inclusion and exclusion criteria to identify the 

best population to test the efficacy of a treatment or intervention. The language 

excludes single-subject studies since individuals are meant to be studied in cohorts.  

 

What happens when that population is one? When physicians treat an individual, they 

may use evidence-based practices identified on populations, but the population of 

interest, at this point in time, is the individual. The “average effect” is of little use when 

the provider must decide on how to optimize that patient’s treatment.  The statistics 

community has recently re-opened its doors towards single-subject inference, realizing 

the wealth of problems and opportunities, and societal impact to transform medicine. 

One of the main challenges in single-subject studies is estimating signal – variance and 

dispersion primarily. Chapter 2 illustrates the challenges in designing statistical 

techniques in situations where the signal is inconsistent or sparse, and what we can do 

to best aggregate and capture the signal. Our contribution is to carry highlight the 

technical challenges that exist in searching for signal at the transcript level, and 

illustrating benefits of aggregating signal mechanistically in higher scales of biology.  

Using gene sets and specifically ontologies (knowledge bases composed of directed 

acyclic graphs (DAGs)), we can group genes by their biological processes and 

aggregate signal within them using the “blessing of dimensionality” [50]. The studies 

conducted are based on gene expression and gene products. We illustrate these 
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technologies and frameworks specifically with transcriptomics through a simulation 

study, but present and invite the opportunity to extend the paradigm shift into the other 

‘omics scale of gene products (i.e., the metabolome or the proteome) [51]. The 

numerical studies present the challenges and opportunities with ontology-based single-

subject studies.  

 

OPTIMIZATION AND ENSEMBLE LEARNING IN SINGLE-SUBJECT STUDIES  

The motivation for this chapter has practical origins but theoretical and big-picture 

consequences. It begins by asking a very practical challenge we face when detecting 

differentially expressed genes (DEGs): if various techniques for differentially gene 

expression disagree on identified genes, how can we decide which method is correct? 

This question was then reformulated to address a much larger problem:  

 

How can we refine or redefine a framework for identifying DEGs to create more robust 

predictions and reference standards in single-subject studies? And how can reformulate 

this into a theoretical framework for precision medicine?  

 

Essentially, this can be accomplished with creative alternatives to develop better 

frameworks for precision medicine and effectively allowing study subjects to be their 

own controls. To advance precision medicine, we need stronger evaluation frameworks 

that can best support studies in which subjects serve as their own controls. This requires 

theoretical and practical implications. To answer these questions, we borrow elements 

from machine learning (ML).   

 

In recent years, ML has become a staple of computational biology and bioinformatics in 

large cohort studies with sample sizes powered to support computationally-demanding 

techniques in machine learning – including entire books and reviews written on ML in 

bioinformatics [23, 52-55]. The challenge is not machine learning itself, nor is the 

application novel necessarily. Rather, the challenge is the novel problem of space within 

the precision medicine small-sample or single-subject, replicate-less environment. 

Traditionally, ML requires many samples in order to learn model elements like weights, 

coefficients, or decision rules, and the application of these techniques in small samples 
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is usually not viable – let alone applicable in single-subject studies. Therefore, ML  

alone provides more challenges  than opportunities. 

 

Rather than apply ML techniques directly in small-sample or single-subject studies, we 

borrow and repurpose ML techniques into bioinformatics pipelines and differential gene 

expression frameworks. Specifically, we implement elements of ensemble learning and 

optimization into creating robust evaluation and consensus methods to address 

disagreement between techniques. We propose three evaluation techniques in two 

publications that demonstrate frameworks to prioritize signal convergence across 

techniques with different statistical distributions. The two publications highlighted in 

this chapter demonstrate how to ensure algorithmic consensus by i) using “ensemble 

learners” and cross-method evaluations across differential gene expression (DGE) 

methods and by ii) creating reference standards to optimize concordance across 

techniques using set-theoretic distances. These proposals are presented in Chapter 3 and 

their limitations are highlighted, proposing areas of future studies.  

MACHINE LEARNING ANCHORED FEATURE SELECTION IN RANDOM 

FORESTS  

The research in Chapters 4 and5 illustrates an opportunity to continue developing and 

optimizing techniques for DGE in machine learning, using random forests[56] as an 

illustrative case study. In chapter 4, a literature review of feature selection techniques in 

linear models is presented as a motivation for using machine learning and random 

forests for feature selection in genomics. Then a literature review in random forest 

feature selection techniques is presented, and a novel method, binomialRF, is proposed 

to address the necessary conditions required to create a robust foundation for ontology-

anchored machine learning for precision medicine. 

 

The proposed technique, binomialRF[57], is an R package that uses the “ensemble-

learning” majority vote structure of random forests by identifying which features were 

selected as an optimal features at the splitting nodes. Since each individual decision tree 

in a random forest is dependent to one another by sampling data from the same training 

dataset source, there is a dependency structure that can result in correlated outcomes. 

However, since the sampling scheme is stochastic without any induced order, all trees 
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in a random forest are exchangeable and non-sequential. Therefore, we model trees 

using a correlated but exchangeable Bernoulli process [58]. This results in the 

binomialRF algorithm, which is then generalized to identify tree-interactions to create a 

data-driven mechanism that can identify multiway gene and pathway interactions. Early 

simulation results are illustrated as well as a clinical validation using data from The 

Cancer Genome Atlas.  

 

Finally, Chapter 5 concludes this dissertation presenting future studies under a unified 

paradigm by combining ontologies, single-subject studies, and random forests to create 

the framework for ontology-anchored machine learning for precision medicine. An 

overview of the pilot study, preliminary results, and future directions are presented to 

concretely outline how to combine all the research elements into a cohesive final 

product.   
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CHAPTER 2. SIGNAL STABILITY AND ONTOLOGY-BASED SINGLE-
SUBJECT STUDIES 

 

Figure 1. The framework for precision medicine requires individual and cohort-
level analytics. (Left) Traditional statistics requires developing population-based 
models to identify patterns in groups of people, whereas (Right) precision medicine 
requires patient-centric approaches to identify subject-specific treatments and 
patterns.  

The main problem addressed in this chapter is best illustrated by Figure 1. Statistics 

historically has developed a rich set of theoretical and computational approaches to 

identify population-based patterns across a variety of domains. Originally set in the 

agriculture and life sciences, scientific pioneers such as Florence Nightingale1 

developed the early statistical models that lead to the field of statistics and their 

applications in biomedicine. Fast forward to today, statistics has continued to grow in 

medicine with entire journals (i.e., Statistics in Medicine) dedicated to developing and 

advancing the field. In today’s medicine, the initiatives have now centered on 

                                                
1 https://www.sciencemuseum.org.uk/objects-and-stories/florence-nightingale-pioneer-statistician 

A	 B	
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personalized and evidence-based medicine. As illustrated in Figure 1, the model for 

identifying common gene signatures and biomarkers in a population-based model has 

been the cornerstone for traditional statistics. However, the methodology for analyzing 

and identifying personalized gene signatures is not as mature. The author’s introduction 

to this problem was presented by iDEG – an algorithm to identify individualized 

differential expressed genes (iDEG) [59]. These studies resulted in a framework and 

algorithmic approach to identify differential gene products in individuals, borrowing 

information across genes. However, given the particular challenges posed by detecting 

patterns in single subjects and the challenging results obtained, we posit the question, 

are there additional benefits – both statistically and biologically – to rethink the 

pathway as a biomarker? The main contributions presented are numerical studies that 

illustrate the statistical and biological benefits of searching for signal in higher scales of 

biology, using gene ontologies. Appendix A presents a pilot study [60] which designs 

experimental and simulation conditions which seek to evaluate when individualized 

analytics and single-subject studies might lead to better results if we center our analyses 

around pathways rather than gene products. Since genes form part of pathways, and 

pathways represent biological and mechanistic processes, the hypothesis is presented 

below:   

 

Pathway-level signal emerges from heterogeneous dysregulated genes in each patient 

(responsive genes), as they coordinate to alter a multi-gene function (e.g., pathway). 

 

The results in [60] test the above hypothesis by evaluating dozens of distinct 

experimental designs and illustrate certain desirable properties that emerge in pathway-

level analyses – in the context of precision medicine– and follow suit with the authors’ 

prior recommendation for rethinking the biomarker [61]. Among several limitations of 

the findings in [60] are the need for further clinical validation, expanding the 

comparison across different techniques for differential gene expression, and examining 

different ways to summarize results across single subject studies (i.e., a median) in 

order to compare them to cohort-based analyses. These limitations can and are being 

addressed in future studies.  
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CHAPTER 3. OPTIMIZATION AND ENSEMBLE LEARNING IN SINGLE-
SUBJECT STUDIES  

 
The work presented by Zaim et al. [60] illustrated the benefits of ontology-based 

approaches in single-subject studies. However, in developing these results an interesting 

but tangential problem arose. What happens when methods for differential gene 

expression disagree? Statistically, this is a result of differences in the assumed data 

model and distributions of how to model RNA-Seq data, which quantifies the gene 

expression by measuring the number of reads. These observed read counts are the basis 

for the algorithms presented in Table 1 to conduct analyses of differential gene 

expression.   

 

Table 1: An example of distributional assumptions by techniques to identify 
differential gene expression in single-subject studies. The methods below primarily 
include discrete-based models, since gene expression is measured by read counts, with 
binomial, Poisson and negative binomial being the more common candidates. However, 
some approaches assume non-parametric or mixture models allowing for alternative 
formulations. Legend: r= replicated design, sss=single-subject studies, NB=negative 
binomial, B = Binomial, NP = non-parametric, MM =mixture model) 

Method Experimental 

Design 

Distribution 

Assumptions 

P-value  

edgeR r NB ü 

DESeq r NB ü 

DESeq2 r NB ü 

DEGseq r B ü 

NOISeq  r/sss (as NOISeq-sim) NP ü 

Mixture Model  sss MM ± 

iDEG sss NB O 

 

Given the distributional variations among techniques, it is expected that they produce 

differing lists of DEGs as variance estimation measures statistical and technical signal 

uniquely from distribution to distribution. Three approaches are proposed in [62] and 

[63] to present a framework that avoids misconstruing statistical signal as true biology. 

Instead, it embraces and assumes an approach in which convergence of statistical 
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analyses is a proxy for convergence of biological signal – differential gene products and 

gene signatures present in each individual. The proposals are summarized below:  

1. “One-against-all”: a cross-method evaluation framework  [62]; 

2. Ensemble learners to create voting rules to eliminate distributional biases  [62]; 

and 

3. Effect-size informed reference standards to prioritize signal convergence [63]. 

 

The two studies are presented in Appendix B, where weelaborate on these proposals and 

assess their clinical utility by conducting validation studies in isogenic datasets in breast 

cancer and baker’s yeast. The first study [62] implements proposals (1-2) into the 

framework for identifying differential gene expression. The focus of [62] is centered 

around making better gene predictions, therefore the proposals are evaluated and 

implemented to identify differentially expressed genes. The second study [63] flips this 

problem into creating better computational reference standards in cases where gold 

standards to not exist, and creates an effect-size informed reference standard, resulting 

in proposal (3). These three proposals in conjunction form our recommendation on how 

to conduct more robust single-subject studies, and proposal (3) is translated into an R 

package, referenceNof1, available publicly to provide user-friendly tools to create and 

construct robust reference standards. One limitation is the trade-off between 

interpretability and ensemble learners. The strength of many models might provide 

additional stability, but the interpretability of each individual model is lost. In addition, 

future studies can study how to improve these evaluation frameworks (i.e., the “One 

against all”) by revisiting voting rules in ensembles and restricting it to techniques that 

surpass a certain threshold of performance, among other possibilities.  
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CHAPTER 4. MACHINE LEARNING-ANCHORED GENOMICS FEATURE 
SELECTION IN RANDOM FORESTS 

 
In [60] Rachid Zaim et al. studied the statistical and ontological advantages of using 

pathways as a biomarker rather than gene products. However, in addition to desirable 

numerical properties offered in signal convergence, ontologies provide greater 

biological interpretability by aggregating the signal into dysregulated biological 

processes and mechanisms of a disease. On the other hand, in computational biology, 

random forest (RF) classifiers are widely used due to their flexibility, powerful 

performance, and robustness to “P predictors		>> 	#$%&'()#	*” difficulties and their 

ability to rank features. These ontologies identify “systems”-level properties of diseases 

that better illustrate the mechanisms at hand. Here we propose using ontologies in 

machine learning genomics classifier to make ML more transparent and interpretable.  

 

To do so, this first requires a framework for identifying and detecting gene products and 

interactions, and then organizing and aggregating these results into biological processes 

and mechanisms. We propose binomialRF, a novel feature selection technique in RFs 

that provides an alternative interpretation for features using a correlated binomial 

distribution and scales efficiently to analyze multiway interactions. Appendix C 

contains [57], which includes the binomialRF framework, study, and experimental 

results. These results illustrate computational and memory scalability, high-fidelity 

results, and the ability to identify biologically-relevant interactions. The algorithm is 

implemented into a publicly-available R package, binomialRF. Future studies are 

directed at refining and improving the algorithm to incorporate ontologies, attain more 

recall, and provide directionality of effects. A few concrete directions for future studies 

include but are not limited to the following: incorporating Shapley scores, extending 

into Bayesian regression trees or gradient boosting trees, increasing recall, incorporating 

ontologies into the decision rules to prioritize certain classes of genes or features, and 

developing the theoretical foundations of the binomialRF algorithm.  
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CHAPTER 5. NOVEL APPLICATIONS: DISCOVERING PATHWAY-
PATHWAY INTERACTIONS USING ONTOLOGIES, BIOLOGICALLY-
RELEVANT DIMENSION REDUCTIONS, AND SINGLE SUBJECT STUDIES 

 
The numerical and clinical validation studies conducted to assess the utility of the 

binomialRF [57] algorithm demonstrated a trade-off in utility: high precision and  

substantial computational runtime gains at the expense of recall. In addition, it offers a 

generalized and unified theoretical framework to identify multi-way interactions with 

no additional cost, providing combinatoric memory gains. In this last chapter, we 

propose a unifying final pilot study in which the elements presented in Chapters 2 - 4 

are integrated into a single and robust pipeline that provides “ontology-anchored 

machine learning for precision medicine”. In Figure 2, we illustrate the study 

architecture. 

 

 

Figure 2: Flow diagram for accuracy testing of ontology-anchored Machine 
Learning methods for Precision Medicine. The first component is a clinical 
“stimulus-response” assay in which PBMCs are used to measure a response to a 
particular stimulus (i.e., HRV inoculation). Once the RNA has been extracted from the 
PBMCs, the second step is to use the gene-expression data to identify patient-centric 
pathway information using N-of-1-pathways and GO-BP. Finally, once these first two 
components are complete, the resulting data is cascaded into the binomialRF feature 
selection algorithm to train a classifier on induced pathway interactions.  

The first two components illustrate how a single-subject study framework can use 

clinical stimulus-response assays to capture single-subject signal (via personalized 

analytics), and then cascade this information into pathway- or mechanistic-level 

information by aggregating the gene-expression signal using Gene Ontology Biological 
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Processes (GO-BP). Next, once these biologically-relevant dimension reduction steps 

are taken, the machine learning classifier anchors itself on ontological informatics to 

identify pathways in a population-level classifier using features derived from 

personalized analytics. We conclude this study with a novel application, demonstrating 

how to identify interactions using pathways, effectively utilizing these interactions in a 

novel scale of biology while highlighting early preliminary results that indicate that 

binomialRF is sufficiently powered to identify interactions in cohorts of 20 patients. 

The accuracy results of these novel methods are contrasted to control conditions 

(conventional methods).  
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CHAPTER 6. CONCLUSION 

 
The overarching goal is to improve the state of the art in the technology and techniques 

of precision medicine by making machine learning more interpretable. The proposed 

solution lies in using ontology-anchored machine learning to identify biological 

processes and mechanisms and combine these tools with the N-of-1 and the single-

subject studies to identify patient-centric mechanisms. The challenge is making these 

tools useful in small-sample studies and genomic studies where replicated samples is 

prohibitive and large cohort studies are the rarity given the costs associated with 

assembling large clinical trials and population studies. Three distinct knowledge gaps 

were identified and addressed in this dissertation via a combination of statistical, 

ontological, and machine learning algorithms and evaluation frameworks.  

 

The ontological studies presented in Chapter 2 and Appendix A demonstrate a way to 

statistically and biologically create a framework to identify mechanisms associated with 

a specific disease. This framework works particularly well in single-subject studies 

where differential gene expression is allowed to be detected in a patient-centric fashion 

allowing for heterogenic altered gene products that – in aggregate – converge into 

mechanistic processes. The flexibility to allow for heterogenic responses in single-

subject studies better reflects the genetic reality of human studies where the rigid 

assumptions of “average” effects or common gene signatures is contrary to human-to-

human variability. Combining ontological informatics with individualized differential 

gene expression (i.e., iDEG or N-of-1-pathways) completes the statistical framework to 

identify the heterogenic, patient-centric altered mechanisms across patients.   

 

One of the challenges in single-subject studies is the lack of an adequate or appropriate 

“gold-standard” since each patient is their own baseline. These practical and 

philosophical challenges required novel evaluation frameworks and approaches to 

create computational reference standards to act as proxies for these gold standards that 

i) address distributional biases and ii) use effect-size grounded approaches to ensure 

statistical signal convergence maintains biological relevance. Appendix B provides the 

two seminal papers produced during this dissertation that propose novel approaches and 

statistical software to enable and empower computational biologists and biostatisticians 

to conduct robust single-subject studies with high fidelity.   
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The final chapter unifies the population and patient-centric model by extending the 

ontological informatics and single-subject studies into random forest classifiers. The 

motivation for this paper came from [64]  the work of Gardeux et al. who  developed a 

fully-specified random forest classifier that identified transcriptomic responses to 

rhinovirus inoculation in children to predict asthma exacerbations. This classifier 

combined the N-of-1-pathways approach to identify patient-centric mechanistic features 

for developing a population-based model. Using this as a starting point, rather than 

identifying the top 20 or 30 pathways that provided the best prediction, we proposed a 

novel data-driven approach to identify these features and their interactions. Appendix C 

presents the algorithm and early simulation and clinical validation studies using the 

TCGA. We extended these studies via novel applications in pathway-pathway 

interactions in Chapter 5 and preliminary results presented in a preprint in Appendix 

D. The bigger picture and long-term vision remain to make machine learning more 

interpretable and increase its translational utility in the biological and health sciences. 

By combining machine learning with ontologies and biological knowledge graphs, it 

can yield algorithms with biologically feasible and relevant interpretations. We present 

a preliminary framework for future studies to use random forests to identify novel 

pathway-pathway interactions and present the challenge to generalize this approach to 

other biologies of scale, ‘omics, and machine learning algorithms. We do so with the 

understanding of the potential that exists to unlock more applications in machine 

learning in computational biology, which in tandem with single-subject studies 

promises a future of expanded opportunities in ontology-anchored machine learning for 

precision medicine.  
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Appendix A: PSB Single Subject Studies Pilot   

 



Emergence of pathway-level composite biomarkers from converging gene set signals 
of heterogeneous transcriptomic responses * 

Samir Rachid Zaim†, Qike Li†, and A. Grant Schissler†,‡ 
Ctr for Biomed. Informatics & Biostatistics, Dept of Medicine, Grad. Interdisciplinary Prog. in Statist., 

The University of Arizona, 1657 E. Helen Street, Tucson, AZ, 85721, USA 
Email: samirrachidzaim@email.arizona.edu, qikeli@email.arizona.edu, grant.schissler@gmail.com 

 Yves A. Lussier§ 
Center for Biomedical Informatics & Biostatistics, Dept of Medicine, Cancer Center, BIO5 Institute, 

The University of Arizona, 1657 E. Helen Street, Tucson, AZ, 85721, USA 
Email: yves@email.arizona.edu 

Recent precision medicine initiatives have led to the expectation of improved clinical decision-
making anchored in genomic data science. However, over the last decade, only a handful of new 
single-gene product biomarkers have been translated to clinical practice (FDA approved) in spite of 
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methods for cases where the true signal lies at the pathway level, even if the pathway’s gene 
expression alterations may be heterogeneous across patients. In other words, we relaxed the cross-
patient homogeneity assumption from the transcript level (cohort assumptions of deregulated gene 
expression) to the pathway level (assumptions of deregulated pathway expression). Furthermore, 
we have expanded previous single-subject (SS) methods into cohort analyses to illustrate the 
benefit of accounting for an individual’s variability in cohort scenarios. We compare SS and 
cohort-based (CB) techniques under 54 distinct scenarios, each with 1,000 simulations, to 
demonstrate that the emergence of a pathway-level signal occurs through the summative effect of 
its altered gene expression, heterogeneous across patients. Studied variables include pathway gene 
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environment” interactions (G×E). Area under the precision-recall curve of the SS approach far 
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0.65). We conclude that single-subject pathway detection methods are uniquely suited for 
consistently detecting pathway dysregulation by the inclusion of a patient’s individual variability. 
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1.  Introduction 

Recent precision medicine initiatives have led clinicians, patients, and investors to expect 
improved clinical decision-making anchored in genomic data science. Conventionally, precise 
prognostication and therapeutic decision-making relies on assays measuring the expression or 
activity of specific molecules driving a pathophysiological mechanism implicated in disease 
progression or drug response. To extend conventional biomarker discovery in the post-genome 
era, the NIH has invested more than $2.5 billion/year in hypothesis- and data-driven “biomarker” 
grants (>30,000 grants in 25 years) [1]. Yet, in the last decade, only a handful of new single-gene 
product biomarkers have been translated to clinical practice [2, 3] in spite of considerable 
discovery efforts deployed and a plethora of transcriptomes available in the Gene Expression 
Omnibus. This may be due, in part, to the challenging FDA requirements for biomarker 
qualification, which has conventionally required a high level of evidence on the degree of 
biological understanding between a qualified biomarker and the predicted pathophysiology or drug 
response [4]. Perhaps, the community has exhausted the reductionist approach for identifying one 
gene product expression associated to the prognosis or therapeutic response of complex diseases. 
Further, could it be that, as anticipated by statistical geneticists a decade and a half ago [5] and 
newly rediscovered [6], diseases of complex genetic inheritance (complex diseases) are not often 
amenable to the single gene biomarker reductionism that has worked so well for Mendelian 
diseases? Rather than modifying the FDA evidentiary criteria for biomarker qualification, we and 
others postulate that a paradigm shift is required for integrative or systems biology approaches to 
enable new types of biomarker discovery [7-10]. To address this biomarker dilemma, we propose 
to use two strategies jointly: (1) the discovery of pathway-level composite biomarkers consisting 
of multiple gene products that are combined in a stated algorithm to reach a single interpretive 
readout**, and (2) the use of single-subject (SS) (isogenic) analytics to recover an effect size and 
statistical significance and thereafter aggregating these signals across subjects. 

Why utilize SS analytics rather than DNA sequencing for pathway-level biomarkers? In 
practice, a single-subject transcriptome or proteome may be easier to interpret as it provides the 
downstream additive effects of genomes and proteomes, and thus there could, in principle, be 
more similarities between transcriptomes than genomes of distinct individuals suffering from a 
complex disease and responding similarly to a drug. Precision medicine has advanced primarily 
through DNA sequencing. Unsurprisingly, most DNA sequences remain uninterpretable: Snyder’s 
group identified >130,000 very rare or private single nucleotide variants not previously observed 
in HAPMAP [11]. However, gene product expression cannot easily be annotated as normal or 
dysregulated on a single subject; therefore, a personal reference transcriptome or proteome should 
be designed ideally in isogenic conditions with a specific cell type in a specified environmental 
and known epigenetic context. Fortunately, the biomedical informatics and bioinformatics 
research community is responding to this growing need for identifying the best prognosis and 
therapeutic response for a specific individual with a paradigm shift in gene product analyses.  

                                                             
** Guidance for Industry and FDA Staff Qualification Process for Drug Development Tools. 1/2014 U.S. Department 

of Health and Human Services. Food and Drug Administration. Center for Drug Evaluation and Research (CDER). 
https://www.fda.gov/downloads/drugs/guidances/ucm230597.pdf 
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Fig. 1. Pathway dysregulation across various biological conditions. Each graph represents a patient 
(within three cohorts of three subjects), illustrating the same biological pathway for each patient. The 
nodes are the genes in a pathway. The colored nodes are responsive genes in each subject, and their color 
denotes the direction of dysregulation. The three rows represent various scenarios we examined in this 
simulation study to define a cohort. 

Statistical and clinical frameworks are being developed for single-subject (n-of-1) 
interpretation of transcriptomes and transcriptomic responses, such as single sample pathway 
transformations [12, 13], and comparing their results to pathways expressed in differentially 
expressed genes discovered by conventional statistics. Newer studies have been designed to 
discover differentially expressed features in a single subject (gene products and pathways) and are 
based on reference transcriptome-based interpretations [14, 15], two paired samples [16, 17], or  
individual time expression series [18, 19]. None of these studies, nor related ones we recently 
reviewed††, attempted to quantify how well the discovered single-subject gene set/pathway signal 
could aggregate across distinct subjects without an underlying assumption of having the same 
gene products differentially expressed. 

Implicitly, these single-subject (SS) methods differ from conventional cohort-based (CB) 
statistics as they are devoid of cross-subject assumptions and could provide the framework for a 
common pathway-level biomarker across subjects stemming from the summative effect of distinct 
polymorphisms, distinct epigenetics, and distinct transcriptomes in each subject. We hypothesized 
that we could conduct a proof-of-concept simulation to establish that conditions of operations for 
discovery of a common biomarker are feasible in practice. Therefore, we designed a simulation 
                                                             
†† Vitali F, Li Q, Schissler AG, Berghout J, Kenost C, Lussier YA*. Developing a ‘personalome’ for precision 

medicine: emerging methods that compute clinically interpretable effect sizes from single-subject omics. Brief 
Bioinform, Accepted. 
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study to identify pathway-level effect size and statistical significance within subject and then used 
descriptive statistics across-subject to find common pathways. We utilize the n-of-1-pathways 
kMEn method on two paired samples for its simplicity. Our goals are i) to understand the 
robustness of single-subject methods in heterogenic and heterogeneous expression scenarios 
across subjects that are ill-suited for conventional cohort-level discovery methods (e.g., paired T-
test as a control), and ii) to demonstrate the benefit of including biological pathways as part of 
what constitutes a reference systems-level biomarker. As Figure 1 shows, in dysregulated 
pathways, patients with the same condition may have different genes responsive to a stimulus 
when compared to paired samples (e.g., before and during therapy; cancer vs control tissue), 
making conventional differential expression or classification tasks inherently difficult when 
searching for a common gene product signal across subjects. 

2.  Methods 

2.1.  Datasets 

An RNA-seq dataset was downloaded from GTEx‡‡ and filtered to include only brain tissue 
samples. The resulting dataset contained 1,632 brain samples of distinct human individuals and 
18,327 measured genes. This dataset was used to estimate average gene expression for patients in 
our simulation. Since donors had varying numbers of replicates, only donors with at least 8 
replicates were kept to reliably estimate their sampling distributions (see Section 2.2). This 
criterion resulted in a reduction from 97 to 87 distinct patients. Gene Ontology Biological 
Processes (GO-BP)[20, 21] groups genes into their respective pathways (gene sets). The GO-BP 
dataset was downloaded in June 2015 using the org.Hs.eg.db package from Bioconductor[22]. 

2.2.  Parameter estimation: modeling heterogenic human paired samples  

Each gene’s expression distribution parameters for each patient were estimated using the method 
of moments technique [23]. Our model assumes the Negative Binomial – NB(µ,θ) – distribution, 
and the GTEx dataset was used to estimate each gene’s mean expression, µ, and its dispersion 
parameter, θ, where the dispersion parameter connects the mean to the variance as follows: 

 σ 2 = µ +µ 2 /θ  (1)  
When the variance was less than the mean and its distribution was consequently under-

dispersed compared to the Poisson, we conservatively defined the gene expression to follow a 
Poisson(µ) distribution. A fold-change multiplier, K, was used to generate the responsive genes in 
dysregulated pathways, and K followed a Uniform(3,5) distribution to ensure separation between 
responsive and non-responsive genes. For non-responsive genes, K=1. Equations (2) and (3) show 
that the updated NB distribution for a gene, Gi , is actually a discrete mixture distribution where 
(2) is the underlying sampling distribution if the dysregulated gene is up-regulated with 

                                                             
‡‡ https://gtexportal.org/home/datasets: RNA-Seq Data: GTEx_Analysis_v6_RNA-seq_RNA-

SeQCv1.1.8_gene_reads.gct 
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probability p, and (3) is the sampling distribution if it is down-regulated with probability 1-p, 
where p ϵ [0,1].  

 Gi ,  up-regulated ~ p * NB (µi *K ,  θi )  (2)  

 Gi ,  down-regulated ~ (1-p) * NB (µi *K
−1,  θi )  (3)  

Equations (4) and (5) show the Poisson distribution for an under-dispersed gene, Gi.  

 Gi ,  up-regulated ~ p * Poisson (µi *K )  (4)  

 Gi ,  down-regulated ~ (1-p) * Poisson (µi *K
−1)  (5)  

To establish heterogeneity, we assumed each patient as a distinct population with its own 
patient-specific population parameters. Therefore, for any given subject j, eqs. (2-5) become: 

 
Gij~ p * NB (µij *K ,  θij )+ (1-p) * NB (µij *K

−1,  θij )  (6-7)  

 
Gij  ~ p * Poisson (µij *K )+ (1-p) * Poisson (µij *K

−1)
 (8-9)  

This results in N=87 distinct distributions from which we sample n patients without 
replacement, ensuring patient-specific baseline expression levels and modeling a heterogeneous 
population.  

2.3.  Simulation Parameters 

Table 1 shows the different conditions of interest (54 combinations) that span our study. The gene 
set size parameter was chosen to analyze how the fraction of responsive genes within the gene set 
affects the detection ability in small gene sets (e.g., 5% responsive results in 2/40 genes 
responsive) vs. large gene sets (5% responsive results in 10/200 genes responsive). The fraction 
responsive within the gene set parameter was chosen to model the effect of randomly selecting r 
genes to be responsive in a dysregulated pathway in each patient. Clearly, when the fraction 
increases, the chances of the same gene being responsive across all patients increases. Similarly, 
the fraction responsive up-regulated was conceived to model the effect of randomly choosing the 
direction of dysregulation for the responsive genes in that pathway, such that even if the same 
gene is responsive across patients, their direction of dysregulation might not be. Finally, the 
number of patients in the cohort parameter was chosen to examine the needed size of a cohort for 
detecting a dysregulated pathway when its signal is reflected via the summative effect of the genes 
within it. The graphs in Fig. 1 illustrate how varying the parameters affects dysregulated pathways 
across patients in a cohort.   

Table 1.  Simulation Parameters generating 54 distinct scenarios (1000 simulations/scenario) 
Parameter Notation Values 
Gene Set Size m 40      200 
Fraction Responsive within gene set  r 5%     10%     25% 
Fraction Responsive up regulated p 25%   50%    100% 
Number of patients in cohort n 10      20        30 
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2.4.  Pathway dysregulation detection methods  

Table 2 details the workflow of this simulation study (Fig. 2). We generate n heterogenic 
transcriptomes, each corresponding to one subject (heterogenic conditions between patients). We 
then generate from each patient distribution a paired transcriptome thus creating noise in isogenic 
conditions, in which we further modify a pathway as follows. First, we randomly select a gene set 
from a real GO-BP pathway of size m, randomly select which annotated genes among this gene set 
will be responsive according to parameters of Table 1, and we sample from their dysregulated 
distributions (Eq. 6-9) to generate a positive (dysregulated) pathway. Then, we select a second 
gene set from a distinct existing GO-BP, of size m as well, as an unaltered pathway to use as our 
control. Finally, we apply the SS and CB pathway detection pipelines, and then compare and 
evaluate them. We note that the single-subject approach aggregates the p-values by taking the 
sample median, as the sample median provides a simple yet robust location estimator in small 
sample sizes, which provided us with the flexibility of experimenting with sample sizes of n < 10 
[24]. Furthermore, Benjamini and Yekutieli’s (FDR_BY) approach is used for false discovery rate 
correction[25].  

Table 2. Algorithm 
For each parameter combination, replicate the following 1000 times. 

1. Dataset Generation: Simulate N Paired-Transcriptomes (representing normal, tumor) using heterogenic 
gene distributions described above.  
a. For each normal transcriptome, simulate gene expression levels by randomly sampling from each 

patient's baseline distribution. 
b. For each tumor transcriptome, first generate a normal transcriptome, then generate the positive 

dysregulated pathway as follows: 
i. Choose a gene set size, m, and randomly sample a pathway of size m from GO-BP.  

ii. Randomly choose r genes from the selected pathway.  
iii. For each of the r genes, sample from its dysregulated distribution such that, each r 

dysregulated genes, Gi follows a discrete mixture distribution where   
1. Gij  ~ p* NB(µij * K, θij) + (1-p) * NB(µij * K-1, θij), or 
2. Gij  ~ p* Poisson(µij * K) + (1-p) * Poisson(µij * K-1) if the gene is under-dispersed 

iv. For all remaining genes (i.e. genes not in the gene set), these genes remain unaltered and 
follow the patient’s baseline distribution.  

c. For each tumor transcriptome generate a control pathway by randomly sampling a pathway of size m 
(from GO-BP) and leave its expression values unaltered such that the genes in the control pathway 
follow the patient’s baseline distribution.  

2. Cohort-Based Analysis: Compute a paired t-test for the paired samples across each gene product and detect 
differentially expressed genes (DEGs), labeling a gene DEG if nominal p < .05. Using the DEGs and GO-
BP, conduct an enrichment test using Fisher's Exact Test (FET)[26] to obtain the FET pathway prediction 
for the positive and control pathways, respectively. Adjust p-values for multiple hypothesis testing using 
FDR_BY [25]. 

3. Single-Subject Analysis: Perform an N-of-1-pathways kMEn analysis to obtain a pathway prediction (a 
pair of p-values – one for the positive and one for the control pathway) for each patient. Utilize the median 
of the positive and control pathway predictions to serve as an aggregate cohort-level result. Adjust p-
values for multiple hypothesis (FDR_BY[25]).  
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2.5.  Precision recall calculations 

In this study, we evaluate the SS and CB approaches using precision-recall plots. Provided a given 
threshold, the equations for precision and recall are: 
  

 
Fig. 2. Workflow: Single-subject (SS) and cohort-based (CB) pipelines. (SS; top) Given the simulated values as 
input, the transcript expression measurements for each of the N paired transcriptomes are used to calculate the fold 
change (K) between paired samples. Next, the genes are clustered into three groups to define responsive transcripts 
(RTs), and then an enrichment test is conducted using Fisher’s Exact Test (FET). This produces N p-values (one for 
each patient in the cohort), and the median p-value is taken as the kMEn-cohort prediction. (CB; bottom) Using the 
same simulated data, alternatively examined CB approach employs a paired t-test to find differentially expressed 
genes (DEGs) followed by an enrichment test using FET, resulting in a single pathway prediction utilizing all 
samples. Both approaches are then compared by inspecting their precision-recall curves.  
 

 precision = tp
tp+ fp   

recall = tp
tp+ fn

 (10-11) 

Each of the 54 combinations results in a pair of precision-recall curves that are used to compare 
SS to CB approaches. The R ggplot2 package[27] was used to construct the precision-recall plots.  

3.  Results 

Fig. 3 depicts the precision-recall curves, grouping them by their parameters to highlight the 
effects of each the parameters individually and holistically. The greatest difference in performance 
between the SS approach and the CB technique occurs when responsive genes are fully bi-
directional (i.e., equally expressed in both directions; Fraction Responsive up-regulated, p = 50%) 
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or when the same genes are not consistently responsive across pathways (fraction responsive with 
in gene set = 5%). The smallest gap in performance between these methods occurs when the 
fraction responsive within gene set is high (as genes are more likely to be responsive consistently 
across patients) and, in some cases, when the precision-recall curves are overlapping. Increasing  

 
Fig. 3. Cross-subject aggregation of single-subject pathway predictions (kMEn) robustly detects 
signals while cohort-based method (Student’s paired t-test) fails on heterogeneous conditions. SS 
kMEn method applied to paired samples of one subject works in isogenic conditions by design, which 
explains how pathway signals can thereafter be aggregated across subjects in spite of heterogenic noise 
confounding the conventional cohort-based method. Each subject simulation comes from a distinct 
transcriptome sampled from GTEx, creating heterogenic conditions between subjects. Each seed sample 
from GTEx is modified according to parameters in Table 1 generating distinct scenarios. The four sets 
of panels characterize distinct scenarios in the simulation and are organized in blocks. Within each 
block, there are various levels of ‘signal quality’ and across blocks there are different combinations of 
cohort and pathway sizes. The 9 precision-recall curves (PR), within each block, represent the 
performance of the SS (black) and CB (red) approaches at various levels of genes responsive in a 
pathway as well as at various levels of bi-directionality. PR area under the curve (AUC) of SS surpasses 
that of CB (1st quartile, median, 3rd quartile: SS = 0.94, 0.96, 0.99; CB= 0.50, 0.52, 0.65). Each block 
represents how both methods perform when varying the gene set size or the cohort size. Omitted are the 
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results for N=20 to promote visualization and they are highly similar to the N=30 scenarios. Using GO-
BP2017, we simulated test cohorts (n=3 subjects) and obtained comparable accuracies. 

the pathway size and the sample size also improves the detection-ability of both approaches 
though the marginal benefit of increasing each parameter is much larger for the CB approach.  

The panels in Fig. 3 allow for visually assessing the effects of varying multiple parameters 
simultaneously. For example, increasing the number of responsive genes in the pathway 
compensates for adding bi-directionality into the mix (and vice versa), although the SS approach 
still detects the signal at a much higher rate than the CB approach. Furthermore, increasing the 
pathway size and/or the cohort size improves the performances of both approaches in most cases. 
The simulation settings where the CB method is comparable to the SS approach is when the signal 
is strongest (% responsive = 25%), N is large, and there is little or no bi-directionality in gene 
expression levels. This shows that outside of this specific condition, even CB approaches that can 
handle bi-directionality will still be underpowered (in varying levels) vis-à-vis an SS approach.  

4. Discussion

As mentioned in Section 3, two of the biggest indicators of whether the t-test would fail are 
pathways with different genes responsive across patients (Fraction responsive within gene set = 
5%) and pathways with genes equally expressed in both directions (Fraction responsive up 
regulated = 50%). Not surprisingly, one of the biggest differences in performances occurs with full 
bi-directionality with a method like the t-test, and methods like DEGSeq address this [28]. 
However, as illustrated in Fig. 1, when the signal lies at the pathway-level, different genes are 
responsive in different patients (as well as potentially their direction of dysregulation). This means 
that in a cohort of three patients, the same gene in a dysregulated pathway could be (responsive, 
up-regulated) in Patient 1, (responsive, down-regulated) Patient 2, or non-responsive in Patient 3, 
rendering a CB approach nearly unusable. Therefore, decreasing the fraction responsive within 
gene set parameter shows how a CB approach greatly underperforms when the true signal lies at 
the pathway level and it attempts detecting it through genes not consistently responsive across 
patients. In addition, heterogeneous baseline risks add an extra layer of complexity that CB 
approaches are not equipped to handle since an up-regulated responsive gene in Patient A might 
have a lower expression level than the same gene, non-responsive in Patient B. These factors, 
individually and in aggregate, make an SS method uniquely suited for detecting diseases in 
individuals when patient-specific factors harm CB approaches and when we allow biological 
pathways to represent a reference systems-level biomarker. Finally, taking a consensus of the SS 
predictions results in a robust cohort prediction that can consistently detect converging gene set 
signals in heterogenic populations via the summative effect of altered gene expression.  

4.1.  Limitations and future studies 

One of the major challenges in simulation studies is the inclusion of noise and the effects 
introduced into the analysis; here we used a single model source. Of note, each patient of a cohort 
in the simulation is seeded by a distinct transcriptome distribution from GTEx and noise is 
generated implicitly by the algorithm on the entire transcriptome of each paired sample, creating 
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isogenic noise within patient as well as heterogenic noise across subject conditions ab initio.  In 
future studies, real data will be utilized to estimate the fraction responsive  (5%-25%) and 
fraction upregulated (25%-100%) parameters according to the type of diseases. Currently the wide 
range of simulation of these parameters likely spans multiple distinct unrelated biology and should 
be clarified (e.g. Mendelian diseases vs cancer vs diabetes)." 

The scope for this proof of concept was also limited to one single-subject and one cohort-
based approach. Since the kMEn algorithm and the enriched paired t-test are by no means the only 
SS and CB approaches, respectively, we foresee potential follow-up studies with multiple SS [3] 
and multiple CB methods [29] in order to find which techniques within these two frameworks are 
best suited to handle this type of data. A more comprehensive analysis would then allow us to 
make broader claims with respect to the feasibility of detecting diseases using biological pathways 
as biomarkers in heterogeneous patient populations.   

With this simulation study, we demonstrate the benefits of expanding the definition of a 
biomarker by illustrating biological conditions in which the ‘true’ signal is not detectable at the 
gene level, and must, therefore, be pushed upstream to the pathway level. As Fig. 3 shows, the CB 
method achieved comparable performance in only 6 out of the 36 simulation conditions. Unless an 
infrequent “niche” scenario is present, this (and potentially other CB methods with the same 
drawbacks) will fail to consistently detect diseases whose signals are found at the pathway level.  
Expanding SS methods into cohort studies and allowing for pathways to serve as a reference 
biomarker in disease detection have the potential to offer more tools for detecting diseases in cases 
where existing methods have failed to provide consistent success.  

Clearly, the exhaustive conventional biomarker discovery effort to identify a single gene 
product consistently dysregulated in each patient with complex disorders yields infrequent results 
at best. Moreover, the difficulty increases when within-subject biological replicates are not 
available either due to limited tissue availability or invasive tissue-sampling procedures among 
other cost-preventive limitations. Despite the decreasing costs associated with advancing RNA-seq 
technologies, the incentives still favor sequencing more subjects rather than obtaining multiple 
biological replicates per subject. Future studies should test in human datasets (both with and 
without subject-specific biological replicates) using various experimental conditions, mitigating 
geneset enrichment inflation due to inter-transcript correlations [32],  to understand the frequency 
of the proposed scenario of heterogeneous signal within a pathway across patients. While kMEn’s 
algorithm requires a large transcriptome, democratizing pathway-level biomarkers as an affordable 
qPCR assay can be attained with self-contained approaches [31,33]. 

5. Conclusion

As medicine continues to shift towards precision medicine and the n-of-1 framework, it will be 
necessary to consider novel approaches for effectively qualifying biological pathways for FDA 
approval as composite biomarkers[30]. We provide evidence via this proof-of-concept study that, 
under certain conditions, this may be the optimal way of detecting pathway mechanisms 
associated to the prognosis or drug response of complex diseases, as the signal may consistently 
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aggregate at the pathway level in each subject in spite of a distinct subset of transcript 
dysregulation across subjects.  

This simulation was developed to show the potential advantages of using a pathway as a 
biomarker using the ‘N-of-1-pathways’ framework [31] and that single-subject (SS) approaches 
(expanded into cohort studies) can provide certain advantages over conventional cohort-based 
techniques. We demonstrated that our SS approach was uniquely better suited to detect signals in 
heterogeneous populations in which individuals have varying levels of baseline risks that are 
simultaneously confounded by patient-specific “genome –by– environment” interactions (G×E).  

Finally, these approaches should, in principle, scale to other quantitative ‘omics measures such 
as proteomics or metabolomics. Future studies should consider aggregating pathway signals across 
multiple ‘omics measures in heterogeneous conditions across patients using strong systems 
biology modeling of a single subject for consistency of multiscale signal within patient (e.g., 
reverberation of a pathway-level signal from DNA to mRNA to protein). The success of precision 
medicine demands advancing genome-anchored clinical decision-making and having the courage 
to challenge failed or unproductive data analytics models. A handful of statistical geneticists has 
long anticipated that epistasis, pleiotropy, and systems biology principles be incorporated for 
effectively modeling genomics data. This proof of concept brings us closer to realizing their vision 
in transforming the biomarker discovery process. 
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Abstract

Background: Gene expression profiling has benefited medicine by providing clinically relevant insights at the
molecular candidate and systems levels. However, to adopt a more ‘precision’ approach that integrates individual
variability including ‘omics data into risk assessments, diagnoses, and therapeutic decision making, whole
transcriptome expression needs to be interpreted meaningfully for single subjects. We propose an “all-against-one”
framework that uses biological replicates in isogenic conditions for testing differentially expressed genes (DEGs) in a
single subject (ss) in the absence of an appropriate external reference standard or replicates. To evaluate our
proposed “all-against-one” framework, we construct reference standards (RSs) with five conventional replicate-
anchored analyses (NOISeq, DEGseq, edgeR, DESeq, DESeq2) and the remainder were treated separately as single-
subject sample pairs for ss analyses (without replicates).

Results: Eight ss methods (NOISeq, DEGseq, edgeR, mixture model, DESeq, DESeq2, iDEG, and ensemble) for
identifying genes with differential expression were compared in Yeast (parental line versus snf2 deletion mutant;
n = 42/condition) and a MCF7 breast-cancer cell line (baseline versus stimulated with estradiol; n = 7/condition).
Receiver-operator characteristic (ROC) and precision-recall plots were determined for eight ss methods against each
of the five RSs in both datasets. Consistent with prior analyses of these data, ~ 50% and ~ 15% DEGs were obtained
in Yeast and MCF7 datasets respectively, regardless of the RSs method. NOISeq, edgeR, and DESeq were the most
concordant for creating a RS. Single-subject versions of NOISeq, DEGseq, and an ensemble learner achieved the
best median ROC-area-under-the-curve to compare two transcriptomes without replicates regardless of the RS
method and dataset (> 90% in Yeast, > 0.75 in MCF7). Further, distinct specific single-subject methods perform
better according to different proportions of DEGs.
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Conclusions: The “all-against-one” framework provides a honest evaluation framework for single-subject DEG
studies since these methods are evaluated, by design, against reference standards produced by unrelated DEG
methods. The ss-ensemble method was the only one to reliably produce higher accuracies in all conditions tested
in this conservative evaluation framework. However, single-subject methods for identifying DEGs from paired
samples need improvement, as no method performed with precision> 90% and obtained moderate levels of recall.
http://www.lussiergroup.org/publications/EnsembleBiomarker

Keywords: Single-subject studies, Precision medicine, Genomic medicine, Medical genomics, N-of-1, Transcriptome,
N-of-1 studies

Background
Gene expression profiling has benefited medicine by
characterizing cellular states throughout development
and differentiation, describing the pathological processes
occurring during disease and providing clinically rele-
vant insights at the molecular candidate and systems
levels. As medicine moves to adopt a more ‘precision’
approach that integrates individual variability including
‘omics data into risk assessments, diagnoses, and thera-
peutic decision making, whole transcriptome expression
analyses using technologies such as RNA-Seq are poised
to become foundational methods [1]. Still, there are is-
sues to resolve before this promise can be realized; most
related to data analysis and interpretation rather than
data collection, though all areas can still be better opti-
mized. Major areas for computational analytical methods
improvements include (i) the development of a
well-validated reference standard, thoroughly vetted and
solidly benchmarked for a given investigation, and (ii)
the ability to confidently make individual-level infer-
ences from transcriptomic data.
To the last point, the majority of differentially

expressed gene (DEG) analysis methods currently avail-
able have been designed to make inferences at the popu-
lation level about diseases or conditions, not for
individual patients. These experiments and analytical ap-
proaches seek to define and characterize the common
and consensus processes that differentiate or underlie
two (or more) states. In basic research using model or-
ganisms, establishing controls over genotype and experi-
mental parameters allows genotype-level inference by
using a two-group comparison with three or more repli-
cates per group [2]. In clinical research using human
subjects, however, the genotypic and lived experience di-
versity of each subject introduces substantial biological
variability and noise into expression data. This then re-
quires tens to thousands of genotype-distinct replicate
samples to draw inferences about the population(s) and
condition(s) of interest, but simultaneously ignores or
prohibits individual-level variation and inferences unless
they can be classified according to stratification patterns
common enough to be noticed [3]. To adapt the tools

designed for populations into tools appropriate for
individual-level inference requires either the use of repli-
cates (mimicking the style of a model organism experi-
ment and reducing the cross-sample noise to primarily
stochastic and technical factors), a priori distribution
and parameter assumptions, or data-derived models to
create an expected distribution useful for comparison.
However, in practice, it is not cost-effective and often
entirely infeasible to obtain replicate samples from clin-
ical procedures. Since DEG analysis methods were vali-
dated using replicates [3, 4], there remains a need to
learn how well a DEG method designed for identifying
differential expression would perform in real-world con-
ditions and when replicates are unavailable (ss-DEG
Methods).
Novel methodological advances designed with single

subjects in mind have begun to be proposed [3, 4].
While accurately discovering DEGs between two
RNA-Seq samples remains a challenge and insufficiently
studied [3, 4], methods identifying differentially
expressed gene sets and pathways between two transcrip-
tomes applicable to single-subject studies have been re-
producibly demonstrated as feasible [3, 4] in simulations
[5], retrospective studies in distinct datasets [5–10], cel-
lular assays [11, 12], as well as in one clinical classifier
[13] ( Table 1). These comprehensive validations of gene
set/pathway-level methods established the feasibility of
single-subject interpretation of the transcriptomes and
stimulate further investigations to improve more precise
methods for determining the underlying differentially
expressed genes. However, transcriptional dynamics op-
erating and validated at the gene set or pathway-level
cannot straightforwardly be deconvoluted to identify
specific transcripts altered in a single subject. A recent
study provides a comparison of accuracy for five
ss-DEGs methods using computer simulations of several
data models with genomic dysregulation ranging from 5
to 40% of DEGs [14]. A partial independent biological
validation was conducted for one ss-DEG method,
NOIseq [15], confirming 400 DEG signals by qPCR. Yet,
and to the best of our knowledge, no study has compre-
hensively validated nor compared the accuracies of
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ss-DEG methods using biological or clinical datasets on
a transcriptome scale. In addition, no framework has
been proposed on how to conduct such a comprehensive
validation.
We and others [16] propose that there is a knowledge

gap in the field with regards to optimizing the operating
characteristics of the state-of-the-art RNA-Seq analytics
for precision medicine: what are the best ss-DEG
methods for interrogating two RNA-Seq samples from
one patient taken in two different conditions without
replicates? Reliable and accurate of ss-DEG methods can
have practical utility. For example, the comparison of af-
fected versus unaffected samples (e.g., cancer versus
non-cancer) can provide valuable insight into the genetic
variables involved in a disease’s pathophysiology and
therapeutics. Similarly, using a patient’s healthy tissue as
its baseline to compare treated tissue or evolution over
time provides another framework to design analytics and
assays for precision medicine.
We thus designed this study under the following

premise: isogenic (genome matched) biological replicates
can provide a framework for testing single-subject
methods in the absence of an externally valid reference
standard. In this study, we aim to identify the
best-performing techniques and parameters in absence
of replicates of distinct single-subject (ss) methods pre-
dicting differentially expressed genes (DEGs). In
addition, we hypothesized, implemented, and evaluated
an ensemble method as possibly more robust across dif-
ferent conditions of application for determining DEGs in
single subjects.

Methods
Figure 1 provides an overview of the experimental de-
sign, including the methods and recommendation for
using an ensemble learner approach to develop robust
reference standards in ss studies.

Computing environment
All analyses in this study were conducted in the R pro-
gramming language, using R 3.4.0 [17], and all the code
is freely available at http://www.lussiergroup.org/publica-
tions/EnsembleBiomarker .

Datasets
In this study, two distinct isogenic RNA-Seq datasets
[18, 19] were used to calculate the reference standards
and to conduct the single-subject studies. Both datasets
have previously been used to evaluate methods that de-
termine differentially expressed genes (DEGs) from
RNA-Seq, using cohort or groups of biological replicates
(r-DEGs methods) rather than for determining the ac-
curacy of single-subject DEGs (ss-DEGs methods) as in
the current study. Furthermore, for the sake of

reproducibility, we conducted no additional preprocess-
ing steps and used the final published datasets as pro-
vided by the experimenters via their portals [18, 19]. The
preprocessing and normalization techniques used can be
found in their original manuscripts [18, 19].
Yeast dataset: The first dataset (hereinafter) “Yeast” is

comprised of 48 wild-type yeast replicates (Saccharomy-
ces cerevisiae BY4741 strain, WT) compared to 48 repli-
cates of a Δsnf2 mutant generated on the same
background. RNA-Seq analysis and mapping includes
7126 measured genes [18]. We followed the author’s
data preprocessing guidelines and conducted our studies
using their suggested 42 WT and 44 Δsnf2 ‘clean’ repli-
cates. Normalized and preprocessed data were down-
loaded as prepared by the original authors from their
GitHub repository, under their “Preprocessed_data” dir-
ectory. Forty-eight expression count files were down-
loaded for the two conditions, respectively, retaining the
“clean” replicates for analysis.
MCF7 dataset: Our second dataset consists of 7 bio-

logical replicates of human MCF7 cells (~ 22,000 mea-
sured genes) which were either treated with 10 nM
17β-estradiol (E2) or cultured as unstimulated controls
[19]. We used the 30M read replicates available in the
MCF7 dataset, which is available open source online
under the Gene Expression Omnibus repository [20]
(id = GSE51403). Normalized and preprocessed datasets
were downloaded on January 21, 2018.

Preprocessing and prediction set construction
The Yeast and MCF7 datasets were used entirely as ob-
tained in their author-processed formats as described
above, with no additional pre-processing steps or data
manipulation. Transcript mapping, filtering,
normalization, and batch correction details can be found
in the original publications [18, 19]. In the MCF7 data-
set, the following 4 biological replicates (“565–
576”,“564–572”,“566–570”,“562–574”) were randomly
selected as the reference set, with the remaining 3
(“563–577”,“568–575”,“569–571”) used to construct and
evaluate how well the ss-DEG methods could recapture
the reference-derived signal. Similarly, in the Yeast data-
set, 30 replicates were randomly selected to construct
the reference standard, with the remaining available 12
replicates used in the single-subject studies.

DEG methods
The study is designed to better understand how
single-subject studies can be conducted in biological and
clinical precision medicine settings, where a true gold
standard accurately reflective of a known ground truth
does not always exist. To this end, we compared pub-
lished and novel computational methods designed to de-
tect DEGs from single-subject without replicates (ss)
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with a variety of well-validated and widely-used RNA-Seq
analysis methods designed to identify DEGs from cohort
or replicate-based comparisons (r-DEG) (Table 1) [5, 10,
15, 21–24]. With the exception of NOISeq that has been
directly designed for application to a single subject under
two conditions without replicates (NOISeq-sim imple-
mentation), the other replicate-based methods (Table 1)
have not been designed nor systematically tested for ac-
curate performance in single-subject, paired-sample con-
ditions where replicates are not available. However, for the
selected methods, the authors have estimated the required
parameters to perform these comparisons, which are in-
cluded in package documentation. All methods were

implemented according to the default parameters pro-
vided for isogenic conditions (genotype-replicates) in the
original publications. For NOISeq, we used noiseqbio
function under their default parameter settings to generate
the reference standard, and noiseq-sim (setting the param-
eters replicates = “no” and nss = 3) for the single-subject
studies. For DESeq, in the estimateDispersions function,
the method parameter is set to ‘per-condition’ for the rep-
licated study, and ‘blind’ for the single-subject studies. For
edgeR, we use the “genetically identical model organisms”
replicate-type in order to set the appropriate BCV value;
and finally, DEGseq and DESeq2 are implemented in
wrapper functions using their default parameters. Figure 2

Fig. 1 Evaluation strategy of methods designed for transcriptome analysis in paired single subject samples. Motivation: Identifying the gene products
altered between two conditions in a single subject without replicates (ss-DEGs) is highly relevant in precision medicine. While conventional analytical
methods may be applied to discover differences between isogenic replicates studied in distinct conditions (r-DEGs), precision medicine has helped
usher in the possibility that diagnosis, prognosis, and therapeutic choices may be determined more accurately from single-subject measurements.
Accurate ss-DEGs methods enable studying (i) cancer vs unaffected adjacent tissue or (ii) an ex-vivo cellular provocation assay operating on relevant
tissue with or without therapy. Evaluation framework. Step 1. A dataset comprising multiple biological replicates of isogenic transcriptomes observed
on samples taken in distinct biological conditions is identified. Step 2 The replicates are split into two groups of independent samples: a reference set
and a single-subject (ss) prediction set. Step 3. Each r-DEG method (e.g., EdgeR, DESeq, etc.) is applied independently to the reference set to generate
multiple reference standards, as each method has biases and none can be truly considered as a gold standard (Step 3, top panel). The reference set
consists of biological replicates between two conditions of isogenic samples, and is thus a proxy for studying and mimicking the isogenic biologic
variation of one subject (and each set of r-DEGs is an attempt at becoming a gold standard. In parallel, each ss-DEG method is applied to independent
pairs of samples (one in each condition) taken from the prediction set, each as a proxy to a single subject (Step 3. Bottom panel). Step 4. Accuracy
scores are determined for each ss-DEG method against each r-DEG-derived reference standard. Step 5. Summary statistics are conducted across all
experiments to determine the best ss-DEGs according to the conditions of application
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provides a graphical description of what methods were used
to construct the reference standards for both datasets, illus-
trating the level of concordances between them.

ss-DEG calculations
In this study, ss-DEG defines a class of methods, specif-
ically each of the methods described in Table 1 when
utilized in a single subject rather than applied across
samples. For each DEG method in Table 1, we calculated
ss-DEGs for 12 distinct pairs of samples in the Yeast
prediction set, and 3 pairs of samples in the MCF7 pre-
diction dataset. We did this by randomly generating
pairs across conditions (i.e. selecting a random “WT” to
pair with a random “snf-mutant” for Yeast, and “control”
paired with “E2” for the MCF7 set) without replacement
to ensure independence. Because each sample in the
dataset is isogenic to all the others (save the presence/
absence of the snf mutation characterizing the two con-
ditions in Yeast), we can use this as a model for replicate
pairs drawn from a single subject. As sample replicates
drawn from the same individual, cell line, or model or-
ganism, they should follow identical distributions – with
the exception of the DEGs results from the technical
and biological errors and those attributable to the de-
signed experimental differences. Of note, while many of
the methods were not intended nor validated for
ss-DEG calculations, the authors of each of the r-DEG
methods (Table 1) did indicate their possible application
to two-sample comparisons and provided unpublished
approaches to adapt or estimate the parameters required
for such processing. All details and code are available at
http://www.lussiergroup.org/publications/EnsembleBio-
marker. Figure 3 contains a set of exemplar
precision-recall and ROC curves for the paired samples
in the MCF7 dataset and the Yeast dataset.
False Discovery Rates (FDRs) were calculated using

Benjamini-Yekutieli [25] given the dependent structure

of the hypothesis tests. Mixture Models were imple-
mented as described by Li et al. [5] and a posterior prob-
ability rather than a FDR is utilized for the
receiver-operator characteristics curves and the
precision-recall plots. In Figs. 4 and 5, the posterior
probability > 95% of a fold change between two samples
being a significant DEG was utilized as a Mixture Model
cutoff corresponding to the FDR < 5%.

Developing an ensemble learner across ss-DEG methods
Since differences across individual techniques showed vari-
able performance, we constructed a naïve ensemble pre-
dictor (hereinafter referred to as the “ensemble”) which is
an aggregate collection of multiple predictors. We adopted
the same strategy of creating an ensemble out of multiple
predictors from the popular and highly successful random
forest algorithm [26] due to their high level of success in
genomics. Continuing to treat each independent single sub-
ject as an independent assay, the ensemble combined
ss-DEG predictions from DEGSeq, NOISeq, mixture
models, and edgeR by taking the arithmetic mean of the
FDR corrected values.
Formally, the ensemble prediction of DEG status of a

gene g, noted Ensemble (g), was constructed from mul-
tiple DEG methods mj as:

Ensemble gð Þ ¼ 1
Mj j−1

X

mj∈M
fdr mj

! "
$ I mj

! "
ð1Þ

(where) IðmjÞ∶ ¼ 1 if mj≠mr

0 if mj ¼ mr

#

where mr is the method used to build the reference
standard, and M is the set of FDRs from “mj” models
used to build the ensemble (i.e., M = {DEGseq, NOISeq,
mixture models, edgeR}), fdr(mj) is the false discovery
rate predcited by model mj for a specific transcript g, |M|
is the cardinality of M (e.g., the number of models), I(mj)

Table 1 DEG Methods for Single-Subject Studies and their previous validations
Method Experimental

Design
Distribution
Assumptions

P-
value

Validation of method for single subject inference in original methods publications

Internal External

Simulation Biological Replicates or Gold Standard Translation to diagnosis, prognosis & treatment

edgeR [21] r NB ✓ ✓a ✗ ✗

DESeq [22] r NB ✓ ✓a ✗ ✗

DESeq2 [23] r NB ✓ ✓a ✗ ✗

DEGseq [24] r B ✓ ✓a ✗ ✗

NOISeqa [15] r/ss (as NOISeq-sim) NP ✓ ✓a ±b ✗

Mixture Model [5] ss MM ±c ✓ ✗ ✗

iDEG [14] ss NB ✗ ✓a ✗ ✗

NB Negative Binomial, B Binomial, NP Non-Parametric, MM Mixture Model, ss single-subject analytics, r analytics of between group of replicates, ✓ = completed,
± = partially addressed, ✗ = not addressed
aNOISeq-Bio was used to construct the reference standard, while NOISeq-sim was used in the single-subject prediction sets
bPartial validation conducted using qPCR with 400 genes with ~ 80% DEGs
cMixture Model provides a posterior probability rather than a p-value, when FDR < 5% is indicated in the manuscript, it translates as a posterior probability > 95%
for the mixture models
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is the indicator function of a subset of M. The reference
standard is omitted from the construction of the ensemble
in order to minimize any of its potential biases or unfair
advantages since a reference set built from the specific al-
gorithm “mx” will contain the same biases as a prediction
set also constructed from the specific algorithm “mx”.
For example, when edgeR was used to build the repli-

cated reference standard, the ensemble omits edgeR, and
Eq. 1 becomes the case-specific Eq. 2:

Ensemble gð Þ ¼ 1
Mj j−1

X

mj∈M
mr ¼ edgeR

fdr mj
! "

$ I mj
! "

¼ 1
3
ð fdr edgeRð Þ $ 0þ fdr DEGseqð Þ $ 1þ fdr mixture modelsð Þ

$1þ fdr NOIseqð Þ $ 1

ð2Þ

Since the single-subject implementations of both
DESeq and DESeq2 had extremely low recall (recall< 1%
of DEGs; Results, Figs. 3, 4, 5), these were excluded from

the set M of candidate models. Finally, since iDEG [14]
is currently a preprint publication, we decided against
including it in the ensemble in order to create an ensem-
ble consisting exclusively of published and
peer-reviewed techniques.

Reference standard construction
Each r-DEGs method in Table 1 was used to construct a
reference DEG standard once using n = 30 wild type ver-
sus n = 30 snf2 mutant yeast for the Yeast dataset, and
n = 4 unstimulated vs n = 4 estrogen-stimulated in the
MCF7 dataset. DEGs identified by each r-DEG method
were compared against one another to assess
cross-method overlap for quantifying the variability and
reliability of reference standards. All r-DEG methods
were implemented using their recommended default set-
tings as described earlier in the “DEG Methods” section.
In the original manuscript describing the MCF7 data-

set [19], the authors set a threshold resulting in approxi-
mately 3300 genes detected as DEGs by edgeR when all

Fig. 2 Reference Standards demonstrates high concordance between some techniques and major inconsistencies among others. Each method’s
pairwise concordance with one another (identity overlap of DEGs) is shown, with the diagonal entries as the total number of DEGs of each respective
method, demonstrating the vulnerability of studies relying on a single method to develop a reference standard. The pairwise intersections were
calculated using the count of DEGs in the methods of each column as the denominator. The heatmap is approximately symmetric given the different
denominators of comparing edgeR’s intersection with NOISeq vs. comparing NOISeq’s intersection with edgeR. In both Yeast (n = 30) and MCF7 (n =
4), edgeR, NOIseq, and DESeq show the best concordance to one another, while DESeq2 has the least concordance to any other method. DESeq2
shows the lack of agreement between what it considers DEGs and the rest of the methods, whereas in the left panel, both DESeq2 and DEGseq
differentiate themselves from the cohort. This highlights the need for a consensus as some methods might make certain DEG calls that other methods
miss and vice-versa. A conservative approach would be the intersection of all whereas an anti-conservative approach would take the union
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7 replicates were used. Therefore, we adjusted our False
Discovery Rate (FDR) [26] thresholds in each method to
operate similarly and detect approximately 3300 DEGs
(~ 15% of genes). In the Yeast dataset, we mimicked the
authors’ experimental design and set our
FDR-thresholds for DEG detection at FDR < 5%, which
resulted in a varying number of DEGs per method that
closely resembled their results (e.g., number of DEG
calls) obtained by the original authors analysis of this
dataset. Table 2 summarizes the operating characteristics
of these methods in both datasets.

“All-against-one” evaluation
In this study, we implemented an all-against-one evalu-
ation framework as follows (Algorithm 1):

1) Choose one method in Table 2 and create the
reference standard using the reference set and
multiple replicates for each condition.

2) For all remaining other methods in Table 1, identify
DEGs using a single pair of samples (one in each
condition) from a separate, non-overlapping predic-
tion set. Thus the methods for predictions are dis-
tinct from the one used for the reference standard.

3) All DEG predictions in step (2) (two conditions
without replicates, i.e. two samples) were evaluated
against all the unrelated reference standard built in
step (1),

4) Repeat steps (1–3) for all methods in Table 2.

The “all-against-one” framework is conceptually akin
to a leave-one-out (LOO) cross-validation [27] evalu-
ation where instead of leaving out one sample, you leave
out one method for identifying DEGs, and then evaluate
it against the rest. This provides a more robust and hon-
est evaluation in absence of a gold standard.
Algoritm 1 in detail, each of the replicated methods in

Table 2 were used to construct a reference standard

Fig. 3 Exemplar accuracies of ss-DEGs methods validated using “All-against-One.” The selected seven ss-DEGs were evaluated against three rs-DEG-derived
reference standards indicate a high-level of variability across ss-DEG methods and across reference standards, as well as a low to moderate-level of
variability within ss-DEG methods and between biological replicates. The Precision-Recall and ROC curves across individual samples (Yeast) show that even
in isogenic settings, a fair amount of biological variability exists. Furthermore, these single-subject studies provide a thorough comparison of each ss-DEG
method’s performance and consistency in absence of replicates, allowing us to understand which tools have a greater potential for advancing precision
medicine. For example, in the Yeast dataset, under > 40 biological replicates, the authors recommended DESeq and DESeq2. However, in absence of
biological replicates, these techniques performed overly conservatively (unworkable recalls) and, on average, the worst
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using a reference set. At each iteration, once the refer-
ence set was built, the remaining replicates were set
aside as a prediction set. Then, each of the single-subject
methods in Table 1 were evaluated in single-subject

studies (ss-DEG) using the replicates as a prediction set
(12 pairs of single-subject samples for Yeast and three
for MCF7) using Precision-Recall (PR) and
receiver-operator characteristic (ROC) plots. Finally, the

Fig. 4 ROC summary plots in Yeast and MCF7. The Yeast case study produced reference standards that predicted between 55 and 70% of the
genes in the genome as DEGs, while the MCF7 breast cancer cell lines predicted ~ 15% DEGs. In a, the intersection of all reference standard is
used to produce what we would consider an “overtly-conservative” reference. The reference standard was constructed by taking intersection of
the DEG lists from cohort analysis of the dataset with DESeq2, DEGSeq, edgeR, NOISeq-BIO (3118 genes as DE). Conversely, in b), the reference
standard was constructed taking the union of all techniques (6425 genes as DE), resulting in an “anti-conservative” approach. The anti-
conservative scenario facilitates the prediction task as a larger number of genes are called DEGs, which is advantageous to recall. In this case,
methods like DEGseq stand out as they can maintain recall while not sacrificing precision since it will tend to call more genes as DEGs on
average compared to its counterparts. DEGseq also operates invariantly at FDRs of 5–20%, making it highly suitable for precision medicine since
an FDR of 5% is a default standard in clinical decision-making. In the overly conservative scenario with smaller number of DEGs in the gold
standard, a more selective approach will perform better, highlighted in the precision parameter and illustrating the trade-offs available across all
the tested techniques. An ensemble provides the analyst a robust trade-off alternative as it can build upon the strengths of all methods, and not
suffer the issue of “performing well” in one dataset but not in another. In each panel, methods are ordered according to performance
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Fig. 5 (See legend on next page.)
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method that was used to construct the reference
standard was removed from the prediction set, to
honestly report their accuracies against other tech-
niques. Figure 3 illustrates the “all-against-one” evalu-
ation. Note that when a method from Table 1 was
used to construct a reference standard, the
single-subject implementation of that same method
was omitted from that series of analyses (i.e., in the
reported summary statistics of accuracies of
ss-DEGseq, the reference standard based on DEGseq
was omitted from all precision-recall and accuracy
metric evaluations).
Our predictions consist of three independent

single-subject studies in the MCF7 dataset and 12
single-subject studies in Yeast that were not used for ref-
erence standard construction. Each was evaluated
against five methods for replicate-derived reference stan-
dards, lead to 15 (MCF7) + 60 (Yeast) sets of PR and
ROC curves (see Fig. 3 for an illustrative example). Each
set of PR and ROC curves comprise 8 DEG methods
generating predictions from two samples without repli-
cates (550 PR and 550 ROC curves, because a method is
not evaluated against its related reference standard, see

Algorithm 1). Therefore, in order to meaningfully evalu-
ate the methods across all conditions, we summarized
each technique’s performance by analyzing their area
under the curve (AUC), by calculating the AUCs in the
PR and ROC curves. Furthermore, we illustrate each
method’s operating characteristics by creating PR confi-
dence regions which are 1-standard deviation (SD)
bands around their mean precision and recall, at FDR =
5, 10, and 20% (1% also calculated, not shown).

Summarizing results using union and intersection of gold
standards
In Figs. 4 and 5, the union and intersection of reference
standards (Table 2) were utilized to establish the sum-
maries of accuracies of the “all-against-one” evaluation.
Note, that the union and intersection are not necessarily
biologically meaningful, since they may lead to overtly
conservative or extremely anti-conservative DEG calls
(e.g., the yeast data union produces 90% of the genes as
DEGs). However, they do provide us with:

1) An illustrative example of best-case and worst-case
scenarios (i.e., the extreme of possibilities).

(See figure on previous page.)
Fig. 5 Precision-Recall summary plots in Yeast and MCF7 breast cancer cell lines. These aggregate results were constructed by summarizing
precision-recall confidence regions over every ss-DEG evaluation by reporting the best mean values with one standard deviation bars in each
direction creating a cross, to create the broadest possible precision-recall combinations. The curves show a spectrum of operating characteristics
across techniques, indicating the need for an ensemble-like approach and substantial improvements in ss-DEG. The MCF7 case study produced
reference standards that predicted between 15% of the genes in the genome as DEGs, while the Yeast case study produced reference standards
that predicted between 55 and 70% of the genes as DEG. The more clinically relevant range of DEGs from the MCF7 reference standard
construction introduces a very distinct detection problem where methods like DEGseq result in a large number of False Positive as shown in the
precision-recall summary plots. It achieves high recall at the expense of low-precision. Conservative techniques like DESeq obtain a very high
precision on a small number of calls. The results show this is a challenging detection task, and that various techniques operate differently,
providing an analyst with a wide-range of operating characteristics. In the Yeast dataset, all methods achieve a high precision, with varying levels
of recall, however given that the majority of genes are labeled DEGs, this favors methods with high number of calls. Since certain methods can
perform well in one scenario and underperform in others, we recommend a contextual use or an ensemble-like approach where the strengths of
these tools can be combined into a single, robust predictor. Here, precision and recall of each instance of ss-DEGs are respectively calculated on
the union and the intersection of reference standards (Table 2). Of note, at FDR < 20%, DESeq2 produces no predictions and is thus not shown
and considered inappropriate for single-subject DEG analyses.

Table 2 Generating Reference Standards with r-DEG methods in datasets with replicates Standards
Method Yeast (n = 30 paired samples), genome size = 7126 genes MCF7 (n = 4 paired samples), genome size = ~ 22,000 genes

FDR
Threshold

Number of
DEGs

Percent of Genome as
DEG

FDR
Threshold

Number of
DEGs

Percent of Genome as
DEG

edgeR .05 4437 62% .005 3231 14%

DESeq .05 4594 64% .001 3207 14%

DESeq2 .05 4802 67% .0005 3255 15%

DEGseq .05 5087 71% 3.56e-12 3351 15%

NOISeq .05 3914 55% 0.078 3397 15%

Intersection of all
methods

n/a 3118 44% n/a 1173 5%

Union of all methods n/a 6425 90% n/a 6039 27%

FDRs are adjusted to obtain lists of DEGs of the same length as reported in the original publications. As shown with the intersection of all DEGs predicted by
distinct methods, determining a gold standard in RNA-Seq analyses of multiple biological isogenic replicates remains a challenge
n/a not applicable
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2) A complementary illustration to Fig. 2 showing the
lack of concordance across methods.

The PR and ROC plots were generated using the pre-
crec R package [28] and the boxplots were created using
the ggplot2 [29] graphics library in R.

Results
Evaluating DEGs between two conditions in a single
subject without replicates has not been previously con-
ducted using biologic samples. As previously reported by
other authors, constructing a reliable reference standard
from RNA-seq analytic methods remains a challenge
[30] even in the presence of 30 replicates in each condi-
tion as in the Yeast dataset. As shown in Fig. 2, NOISeq,
edgeR, and DESeq were the most concordant and robust
methods for creating a reference standard. However, the
overall concordance between all methods varies substan-
tially (Table 2). For example, the authors of the original
Yeast dataset report ~ 60% DEGs, while the union of all
methods identifies as many as 90% DEGs, but their
intersection reports a mere 44%.
Since no single reference standard is fully a state-

ment of truth, nor their union or intersection, we sys-
tematically evaluated methods discovering DEGs in
two conditions without replicates against all reference
standards using the aforementioned “all-against-one”
framework. As discussed in the Methods, distinct
samples were utilized for calculating the reference
standard and for estimating DEGs between paired
transcriptomes. Figure 3 demonstrates nine out of the
possible 420 PR and ROC curve combinations for the
Yeast dataset (5 reference standards × 12 independent
sets of two paired samples × 7 methods evaluations in
estimating DEGs from two conditions without repli-
cates). The 420 Yeast PR and ROC plots and the 105
MCF7 PR and ROC plots are respectively summarized
in Figs. 4 and 5. In Fig. 4, the ROC curves are sum-
marized using boxplots, and in Fig. 5, the PR curves
are summarized into ‘average’ PR curves with a 1-SD
band above/below and right/left of its mean
precision-recall coordinate for both FDR 5 and 20%.
As FDR increases, the techniques increase their recall
at the expense of some precision, with the exception,
of DEGseq whose precision and recall in the Yeast
dataset minimally increases. DEG detection methods
like Mixture Model and DEGseq perform fairly con-
sistently across all samples, resulting in narrower con-
fidence regions whereas NOISeq and iDEG’s
variability lies on the higher end of the spectrum.
Note, DESeq2 is not shown in Panel B neither in
Fig. 4 nor in Fig. 5 given its failure to produce any
predictions at the selected FDR cutoffs.

Discussion
Our analyses clearly demonstrated the intricacies of
working with biologically complex transcriptomic data
in the absence of ground truth. As shown by Figs. 4 and
5, NOISeq-sim outperformed other tested single-subject
techniques in terms of precision across both case studies
and was capable of scoring well across a range of
cohort-derived reference standards. In contrast,
single-subject implementations of DESeq and DESeq2
were highly conservative. In addition, ss-DESeq2 does
not perform without replicates, as in our hands, the
method predicted zero DEGs when applied to either the
Yeast or MCF7 single-subject sets, even though robust
responses were noted by both other ss-DEG methods
and cohort analyses suggesting a biological signal was
present.
In the presence of a true gold standard, the kappa

interrater agreement [31] could be utilized to compare
methods, and precision and recall could be calculated
more reliably without the requirement of creating
method-specific reference standards. In absence of this,
proper validation must be conducted to avoid misrepre-
senting the accuracy of the attained results. One major
statistical issue with the way biological validations are
currently conducted is that results typically only show
each method evaluated against itself rather than against
a true gold or reference standard. For example, in the
MCF7 study, edgeR was determined to be the best tech-
nique using a reference standard built from edgeR, but
not a reference standard built from a consensus. This
evaluation better answers the question, “Which tech-
nique is best able to recapture the signal identified by
their own model?” rather than addressing the biological
question, “Which technique can best identify the signal
in the data?” Because all these DEG models assume a
variety of [count] parametric and non-parametric distri-
butions, different models catch different signals, and it
would be naïve to believe that any one model is superior
to address all possible research questions and designs.
Therefore, if there is not a clear consensus on which
model best captures the biological signal, any evaluation
framework must consider an all-against-one evaluation
or an ensemble approach for a more honest and robust
evaluation.
The proposed all-against-one experimental setting is

akin to a leave-one-out (LOO) [27] cross-validation set
up where instead of leaving out one sample, one method
is left out for identifying DEGs, and in order to evaluate
it against the remainder (i.e., create reference standards
from DEGseq, edgeR, and NOISeq and recapture their
DEG calls using DESeq, and then repeat for each indi-
vidual DEG method). The evaluation graphs in Fig. 3
show a subset of these individual experiments where
edgeR, DEGseq, and NOISeqBio are evaluated in a
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all-against-one approach, with all single-subject
methods separately making DEG predictions against the
signal identified by the one method used to construct
the reference standard. Of note, we propose a conserva-
tive framework where a single-subject method is not
evaluated against a reference standard built from its re-
lated method applied to replicates. In other words, both
the data and the method used to build the reference
standard are indepdent from the tested single subject
method and its data substrate. Curiously, the authors
that generated these reference standard datasets and
produced evaluations of r-DEG methods, compared
these method to a reference built from the same
method, likely reporting inflated and biased accuracy
rates attributable to their anticonservative evaluation
framework. Perplexingly, these authors also reported
that distinct r-DEG methods did not agree on the pre-
dicted DEGs but did not consider evaluating a method
performance using another as a reference standard.
The ensemble learner approach follows the school of

thought in machine learning that an individual strong
classifier (say a decision tree or neural network) is less
accurate than a classifier built from aggregating a collec-
tion of weaker classifiers since it may risk being un-
stable. One popular and effective way to build an
ensemble is by way of bootstrapping and aggregating in-
dividual predictors [or bagging for short] [32]. In deci-
sion trees, for example, one carefully pruned decision
tree [33] may be better than any sub-tree in a random
forest classifier, but a random forest classifier as a whole
(which is built on bootstrap and subsampling theory)
will almost surely beat any individually-pruned decision
tree as well as have less variability in its predictions. In
our study, we translated the ensemble learner framework
into the single-subject DEG study by aggregating predic-
tions from individual ss-DEG methods (i.e., aggregating
edgeR, DEGseq, mixture models, and NOISeq predic-
tions) into a single-subject ensemble (ss-ensemble)
method for identifying DEGs.
This proposed ss-ensemble learner approach consist-

ently obtained high overall accuracies which suggests
that a combination of parameter and distribution as-
sumptions can overcome some of the limitations and
biases inherent to any one model, further enabling a
more accurate consensus standard (Fig. 4a). We note
that one other method, NOISeq, performed nearly as
well and could be used interchangeably for the sole use
of predicting DEGs in single subjects. Thus, we recom-
mend an ensemble approach over an individual pre-
dictor given that the ensemble offers the same precise
predictive abilities, but with the added bonus of being
robust to multiple distributional assumptions and their
violations. Furthermore, the inherent diversity in the in-
dividual learners that enter the model (some are

nonparametric while others are parametric techniques,
and the parametric techniques assume a different set of
distributions), enriches the final classifier [34] and pro-
vides a more accurate representation of the true biology,
rather than one specific method’s statistical representa-
tion of it. Therefore, rather than focusing on the advan-
tages and disadvantages of different distributional and
parametric assumptions, we believe that all of their
strengths can be leveraged if used and evaluated in a
comprehensive and conservative framework, like the
proposed “all-against-one”. Individual techniques always
run the risk of being optimal in one dataset and subopti-
mal in another, as assumptions may be violated or ap-
propriate on a dataset-to-dataset basis. However, an
ensemble and holistic evaluation framework mitigates
these risks; though, we are aware that further studies in
this direction are required to fully demonstrate this
added benefit. Future work will also extend our evalu-
ation of the ensemble framework to include bootstrap-
ping, by sampling isogenic pairs with replacement.
From this study, it also appears that all ss-DEG

methods are sensitive to the percentage of DEGs present
in the reference set. Given this, the degree of perturb-
ation, or range in number of DEGs expected in a pair of
samples, can guide the method selection. The Yeast
dataset was utilized due to its large number of replicates
for the construction of independent test and validation
sets; however, the range of DEGs observed as a conse-
quence of deleting a component of the transcriptional
machinery is clearly higher than expected between most
paired clinical samples. On the other hand, the MCF7
dataset was limited in term of samples but still provides
some insight on DEG ranges of 15–30%. We had no
datasets to evaluate conditions with DEGs< 15%. As sim-
ulations and synthetic data can investigate a range of ac-
curacies against a true gold standard, they can be prone
to other biases and limitations. Li et al. [14] have imple-
mented a comprehensive simulation of ss-DEG methods
across 8000 tests in a companion study using a range of
DEG proportions from 5 to 40%, assuming distinct dis-
tributions (Poisson or Negative Binomial) and modeling
a variable mean to variance relationship observed from
real datasets as recommended by McCarthy et al. [35].
The results from those simulations broadly agree with
the results obtained in this study, identifying the same
precision and recall rankings between NOISeq-sim,
edgeR, DESeq, and DEGSeq when used with replicates
to construct the reference standard. In contrast, how-
ever, simulation studies generally yielded higher recall
estimates, suggesting that the observed residual
cross-replicate heterogeneity comprised of non-genomic
and stochastic variation of real biologic datasets can sub-
stantially limit performance of the DEG methods applied
to two conditions without replicates. Due to this, we
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suggest that these methods’ performance should be
viewed as a range or spectrum, rather than definite.
The union of the reference standards provides 90%

DEGs, suggesting that our framework illustrates how
anticonservative the accuracy rates reported in studies
[18, 19] are, as each method was evaluated against itself
in these previous studies. While 90% of DEG is biologic-
ally unrealistic, it wholly illustrates the extent to which
all DEG methods disagree. Conversely, we also provide a
conservative reference standard (intersection of
methods). This again can produce extremely low per-
centage of DEG calls and is sensitive to the choice of al-
gorithms used. These extremes show the need for a
more robust and consistent framework for reference
standards akin to that of an ensemble approach or the
“all-against-one”; it also provides a lower and upper
bound of DEG calls that can be expected in any bio-
logical study in order to best study the characteristics of
the methods and data being analyzed. We propose using
the “all-against-one” framework for future studies and
the use of an ensemble to mitigate these challenges.
Based on the results shown in Figs. 4 and 5, we report

in Table 3 recommendations for the use of ss-DEGs in
two conditions without replicates. Of note, when com-
paring our results to the performance metrics published
alongside the Yeast and MCF7 data in the original publi-
cations by Schurch [18] and Liu [19], we found that the
performance was lower across our studies. This may be
due to those authors calculating the accuracy of their
r-DEG methods in the presence of replicates using
anti-conservative conditions: each method was com-
pared to itself using the total number of replicates, while
substudies utilized a random sample within those uti-
lized for the reference standard. Here, our accuracies are
more conservatively calculated in two ways: (i) we con-
structed each reference standard by using distinct

samples for predictions without predicates from the ref-
erence standard construction, and (ii) the accuracy
scores of a method predicting DEGs without replicates
were tested against reference standards built by distinct
methods in replicates.
Figure 4a shows how DEGseq performs similarly to

NOISeq and the ensemble method maintains precision
at FDR 5% and properly detects nearly 75% of the DEGs.
One could argue this combination would potentially
make DEGseq the ideal tool for this dataset; however, in
the MCF7 case study, DEGseq could not replicate its
performance (Fig. 5b). This highlights the risks of relying
on a single technique across distinct DEG proportions.
Furthermore, under multiple biological replicates, tech-
niques like DESeq, DESeq2, and edgeR are the staples of
RNA-Seq data analysis and are often the authors’ default
method choices and recommendations for building ref-
erence standards. However, as seen in Figs. 4 and 5,
DESeq and DESeq2 performed overly conservatively in
the two datasets (extremely low recalls), showing that
their reliability does extend to single-subject (without
replicate) conditions. This study provides a promising
first comparison of how RNA-Seq analysis techniques
fare in comparing two conditions in absence of repli-
cates (one sample per condition). In addition, ranges of
DEGs< 15% - that were not explored here - also merit to
be explored as they are likely clinically relevant in re-
sponse to therapy. The addition of more datasets with
additional response ranges would further improve our
understanding of the accuracy of ss-DEG methods, espe-
cially when these datasets are previously validated, as
was the case of the MCF7 and Yeast datasets. Further-
more, improvement of ss-DEGs methods is required,
particularly for performing with higher recall when
DEGs are low. Further studies are also needed to de-
scribe the effectiveness of better performing methods,

Table 3 ss-DEG Methods Recommendations: Single-subject studies of two-sample conditions without replicates
Combinations of accuracies

15% < DEGs < 30% 55% < DEGs < 70%

Precision (%)→ > 90% > 70% 50 > 90%

Recall→ (>%) 90 70 50 25 90 70 50 25 90 70 50 25 90 70 50 25

Methods

Ensemble ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✓

NOISeq ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓

DEGseq ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Mixture Model ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✓

edgeR ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✓

iDEG ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓

DESeq ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓

DESeq2 ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

✓ = recommended; ✗ = not recommended
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such as NOISeq (specifically NOISeq-sim), in the ab-
sence of replicates across different contexts.
In the past, comparing a transcriptome to heterogenic

samples from other subjects has been proposed. How-
ever, this strategy brings up a number of confounding
factors: distinct genetics, distinct environmental factors,
etc. Here, we proposed using one’s own samples as con-
trols. Adding biological replicates increases accuracy and
is recommended where possible, but may not be feasible
in certain clinical settings and can be cost prohibitive. In
the absence of replicates, focusing on identifying those
DEGs within differentially expressed pathways may fur-
ther improve the accuracy rates and also merits valid-
ation in future studies.

Conclusions
This study demonstrates that determining differentially
expressed genes (DEGs) between two conditions of one
subject in absence of replicate samples (two samples
total) can be obtained with high precision and limited
recall (< 30%) when the true number of DEGs ranges
from 15 to 30%, while a few methods can also provide
reliable results under conditions where the proportion of
DEGs exceed 50% of the genome. No single-subject
ss-DEG method obtained both high precision and recall
in the evaluations using these biological datasets, though
some obtained a reasonably robust F1-score.
As RNA-Seq technologies expand the opportunities to

analyze single-subject data, more time and research need
to focus on a greater understanding of which analysis
tools are better suited for clinical samples and individual
inferences. At the moment, the limited access to a suffi-
cient quantity of clinically relevant tissues typically pro-
hibits replicate sampling. Thus, conventional analystical
methods that require replicates to determine DEGs must
be adapted or replaced in order to advance the utility of
transcriptome profiling in precision medicine. This study
demonstrates that ongoing improvements in
single-subject methods are required for these to work
robustly and accurately in absence of replicates. We have
also shown that the biological and data characteristics of
RNA-seq are also critical factors that affects method per-
formance, as the relative strengths and limitations of
each method differed markedly depending on the pro-
portion of DEGs regulated by the bioassay. However, en-
semble methods for single-subject analyses enabled
consistent performance regardless of the studied
conditions.
Further, it still remains difficult to generate consensus

reference standards from different RNA-seq analysis
tools as the intersection of all well-established methods
agreed on less than 50% of called DEGs, even when
implementing these tools under their recommended
conditions with replicate samples in well-studied

datasets. Previous studies [36] have shown the transla-
tion value obtained from using single sample data for
clinical phenotyping, thus we must continue expanding
the methodology and framework along this direction. In
order to improve the accuracy, we propose that future
methods consider the injection of knowledge from cu-
rated gene set (e.g., Gene Ontology) and network science
(e.g., unbiased gene set obtained from co-expression net-
works) to pool the signal of altered genes belonging to
functional units as a way to increase signal accuracy and
reliability in single subjects While the reductionism of
identifying directly DEGs from stwo samples is appeal-
ing, previous systems genomics work, showing stronger
signals at differentially expressed pathways in
single-subject studies, suggests combining the two ap-
proaches would substantially increase DEG accuracies.
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Abstract 

Background: Developing patient-centric baseline standards that enable the detection of 

clinically significant outlier gene products on a genome-scale remains an unaddressed 

challenge required for advancing personalized medicine beyond the small pools of subjects 

implied by “precision medicine”. This manuscript proposes a novel approach for reference 

standard development to evaluate the accuracy of single-subject analyses of metabolomes, 

proteomes, or transcriptomes. Since distributional assumptions of statistical testing may 

inadequately model genome dynamics of gene products, the so-called significant results of 

previous studies may artefactually conflate with real signals. Model confirmation biases 

escalate when studies use the same analytical methods in the discovery sets and reference 

standards, as corroboration of results leads to an evaluation of reproducibility confounded 

with replicated biases rather than a measure of accuracy. We hypothesized that developing 

method-agnostic reference standards using effect-size and expression-level filtering of 

results, obtained from multiple discovery methods that are distinct from the one evaluated, 

would maximize the evaluation of clinical-transcriptomic signals and minimize statistical 

artefactual biases. We developed and released an R package “referenceNof1” to facilitate 

the construction of robust reference standards.  

Results: Since RNA-Seq data analysis methods often rely on binomial and negative 

binomial assumptions to non-parametric analyses, the differences create statistical noise 

and make the reference standards method dependent. In our experimental design, the 

accuracy of 30 distinct combinations of fold changes (FC) and expression levels (EL) were 

determined for five types of RNA analyses in two different datasets. This design was 

applied to two distinct datasets: breast cancer cell lines and a yeast study with isogenic 
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biological replicates in two experimental conditions. In addition, the reference standard 

(RS) comprised all RNA analytical methods with the exception of the method testing 

accuracy. To mitigate for biased optimization of the RS parameters towards a specific 

analytical method, similarity between observed results of distinct analytical methods were 

calculated across all methods (Jaccard Concordance Index). The greatest differences were 

observed across diametric extremes. For example, filtering out differentially expressed 

genes (DEGs) using a fold change < 1.2 leads to a 50% increase in concordance between 

techniques when compared to results with FC > 1.2. Combining this FC cutoff with genes 

with mean expressions > 30 counts leads to a 65% increase in concordance in comparison 

to genes with expression levels < 30 counts and with FC < 1.2.  

Conclusions: We have demonstrated that comparing accuracies of different single-subject 

analysis methods for clinical optimization requires a new evaluation framework. Reliable 

and robust reference standards, independent of the evaluated method, can be obtained 

under a limited number of parameter combinations: fold change (FC) ranges thresholds, 

expression level cutoffs, and exclusion of the tested method from the RS development 

process. When applying anticonservative reference standard frameworks (e.g., using the 

same method for RS development and for prediction), a majority of the concordant signal 

between prediction and Gold Standard (GS) cannot be confirmed by other methods, which 

we conclude as biased results. Statistical tests to determine DEGs from a single-subject 

study generate many biased results that require subsequent filtering for increasing their 

reliability. Conventional single-subject studies pertain to one or a few measures in one 

patient over time [1]and need a substantial conceptual framework extension in order to 

address the tens of thousands of measures in genome-wide analyses of gene products. The 
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proposed referenceNof1 framework addresses some of the inherent challenges in 

improving transcriptome scale single-subject analyses by providing a robust approach to 

constructing reference standards. 

            Github: https://github.com/SamirRachidZaim/referenceNof1 

 

Keywords: single-subject studies, personalized medicine, precision medicine, reference 

standards, gold standards, biomarkers, open-source 

 

1. Introduction  

Reproducibility and accuracy of results are central issues in genome-wide Omics studies, from both 

biological and statistical standpoints. A 2016 survey by Nature [2] indicated that 70% of researchers 

attempted and failed to replicate studies conducted by other scientists, with more than half failing to 

replicate their own. While accuracy and reproducibility of an Omics signal in multi-subject studies can be 

assessed by comparing these subjects to comparable subjects in distinct datasets, evaluating the accuracy 

of a single-subject study (SSS) remains challenging. In principle, conventional statistics deriving dispersion 

parameters (e.g., variance) across samples can be applied to single-subject studies using  multiple repeated 

measures in each compared condition (e.g., t-test) or many measures over time (e.g., time series)[3, 4] 

However this strategy is costly, wastes valuable clinical specimens, and is rate limiting. The foundation for 

single-subject studies (also referred to as “single-case designs”) [1, 5] dates back to the 1970s highlighting 

the challenges and issues associated with inferential statistics on cohorts of size N=1. Beyond the multiple 

repeated measures paradigm of conventional statistics, we and others have proposed new analytical 

methods designed to identify an effect size and statistical significance for a subject from an Omics sample 

per condition without replicates [3, 6-9]. A reference standard consisting of the genomes of other subjects 

is sufficient to qualify the frequency of a genetic variant or mutation in static DNA. However, when this 

strategy is applied to proteins or transcripts, it does not inform on the nature of the differences observed 
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between an individual's gene products expression and that of a group. Are these differences attributable to 

a normal physiological adaption or to a pathological response to environmental factors unique to this 

individual (e.g., combination of medication)? Unfortunately, reference standards for evaluating a sample 

of a subject in one condition to another paired sample of the same subject in a second condition (e.g., pre- 

and during treatment) are rare as they require multiple repeated measurements in each condition for one 

subject. This manuscript addresses this problem and proposes a framework to improve upon the evaluation 

of software tools and algorithms for differential gene expression in one subject between two sampling 

conditions, in absence of replicate measures per condition. Such single-subject study Omics designs are 

more affordable and practical for clinical settings than repeated measures in one condition and generally 

provide a more interpretable effect size and p-value at a single subject than comparing an individual against 

a cohort. We contrast and compare this new evaluation framework to previous ones in terms of the accuracy 

of results beyond the previously proposed "naïve replication" and quantify the biases stemming from the 

anticonservative assumptions of previous evaluation frameworks.  

    When it comes to developing reference standards for large-scale biological data science studies, the so-

called "gold standard" produced via biological validation is rate limiting and generally unfeasible for the 

entirety of predicted results at the Omics scale. Data scientists address this limitation with computational 

"reference standards" usually as a proxy for conventional biological gold standards. The most rigorous 

reference standards employ (i) independent analytics and (ii) independent samples (datasets) from 

predictions; however, these two conditions are not always feasible when evaluating novel analytical 

methods designed to analyze single-subject studies. Furthermore, most approaches generating reference 

standards from an Omics dataset rely overwhelmingly on p-values, despite the increasing recommendations 

from statistician scholars for effect-size informed approaches to address the limitations of null-hypothesis 

significance testing [10, 11]. We synthesize and incorporate these notions into a set of standard operating 

procedures for the development of reliable reference standards, as they build the foundation for evaluations 

upon which big data science reproducibility studies can be conducted. 
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Table 1. Current limitations with biased gold standards in transcriptomic gene expression in single-subject 
studies. 

Issue Description  
Statistical assumptions 
bias 

When conditions of applicability (e.g., homoscedasticity assumptions) of the theoretical 
distribution of the underlying analytics are overlooked and unapplicable, prioritized results 
contain biases (false positives and false negatives) inherent to modeling inadequacies. 

Analytical bias and 
systematic errors 

Studies that use the same analytical method for the prediction calculation as for the reference 
standard construction incorrectly confirm systematic errors leading to analytical biases. For 
example, creating a reference standard with the same analytical method (isomorphic 
evaluation) as the one generating predictions can lead to "naive replication" of results 
comprising both true and false positives (biased systematic artefacts of a specific analytical 
method). Isomorphic evaluations in Omics analyses are anti-conservative by design.  

Conflicting biomarker 
predictions in a single 
subject 

Single-subject studies lack references by design:  what happens when analytical method A 
and analytical method B disagree on a gene’s significance? Is gene x really significant? There 
is a lack of accuracy framework for evaluating and resolving conflicting signal stemming 
from distinct DEG analytics in a single-subject analysis. 

Dataset dependency 
biases 

Reusing part of the reference standard data for generating predictions creates dependencies, 
an evaluation framework problem observed more frequently in statistical evaluation of 
isogenic data. [11, 12] 

   This manuscript focuses on improving the accuracy of single-subject studies evaluations, beyond "naïve 

reproducibility" of results and other biases described in Table 1. For example, in a given dataset, various 

tools may yield drastically different but still plausible algorithmic solutions depending on data distribution 

assumptions, resulting in technical noise that muddle the actual biological signal. In a prior study of 5 

distinct RNA analysis methods in multiple isogenic datasets [12], we described a new method that combines 

the inconsistent signal between analytical methods that was previously unaddressed in the original study 

[13]. This inconsistency required methods such as DESeq [14]to impose a false discovery rate (FDR) cutoff 

of 0.001 to detect ~3,000 DEGs, while DEGseq [15] required a cutoff of FDR<3.6x10-12 for the same 

number of DEGs, with 2039 overlapping transcripts. Conversely, we also found that applying the same 

FDR cutoff (i.e., 0.001) resulted in methods producing various predictions. For instance, one method may 

produce ~3200 predictions, whereas another ~9000 with approximately 3000 overlapping transcripts, 

leaving ~6000 transcripts with a conflicting, unaddressed signal. Anticonservative isomorphic evaluations 

(Table 1) have been the conventional standard for evaluating DEG analytics in isogenic conditions (e.g., 

cell lines or inbred animal models), the closest datasets to single-subject studies [13, 16]. Such evaluations 

propose a naïve replication of results using the anticonservative assumption that the same DEG analytics 
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can be employed to create the reference standard and the predictions. We have previously created a 

reference standard from multiple independent methods - without the method evaluated – and shown more 

conservative accuracy estimates. Specifically, we constructed an ensemble learner [12] to develop reference 

standards, where the ensemble approach resolves conflicting biomarker prediction, uses no statistical 

assumptions, and removes anti-conservative isomorphic evaluations. Of note, we avoid using the term gold 

standard which generally pertains to well-validated biological results and prefer the term reference standard 

for results constructed through high throughput analytical validations.  

   The framework is presented in Figure 1. We implicitly note that developing a reference standard and 

using an analytical method to develop a gene-level classifier are two different tasks and therefore separate 

processes. A reference standard’s goal is to approximate the biological signal as best as possible to represent 

the “truth set”, which requires addressing the issues highlighted in Table 1. For example, we must optimize 

the construction of reference standard conservative assumptions of agreement between analytics and avoid 

the anticonservative isomorphic evaluations (defined in Table 1). . Our prior study demonstrated that in 

situations comprising high technical noise, an ensemble learner maximizes the stability of a reference 

standard and the DEG predictions [12]. However, ensemble learners increase the “black-box” aspect of the 

data analysis and muddle its interpretability.   

   In principle, the reference standard should be independent from the predicted biological signal to evaluate 

an analytical method, requiring independent datasets for calculating and evaluating the prediction. We 

sought to improve evaluation of single-subject studies of Omics-scale gene products by generating unbiased 

reference standards. We focused on one framework of single-subject studies: those with two Omics-scale 

measures (one per condition) in one subject, which are designed to determined altered gene products using 

a subject as their own control. We hypothesized that these unbiased reference standard could be achieved 

with two methods: (i) using distinct analytical methods in the reference standard than the one being 

evaluated to avoid analytical biases, and (ii) selecting the  most concordant results between multiple 

analytical methods as a reference standard according to ranges of fold change expression between two 

conditions and expression count cutoffs. We propose a framework, referenceNof1, to resolve the challenges 
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highlighted in Table 1 among different modeling approaches. referenceNof1 offers an alternate, yet related, 

evaluation framework for single-subject studies comprising explicit criteria for improving data quality and 

filtering out biases or noise to optimize the reference standard construction. We demonstrate the 

referenceNof1 method accuracy with transcriptome simulations and historical transcriptome data (Section 

2). .    Section 3 discusses the implications and limitations of the current approaches, while Section 4 details 

the data and materials and formally introduces the referenceNof1 algorithm. Section 5 concludes the study. 

The referenceNof1 software is released as an R package. 
 

 
Figure 1. Reference Standard Construction Study Overview. In isogenic paired samples from historical cell 
lines datasets exposed to two conditions (condition A in green and B in purple), we first split the paired stimulus-
control data into non-overlapping reference and prediction sets. In order to maximize biological interpretability and 
relevance, we then run all differentially expressed genes (DEG) calculations and organize the results by fold change 
regions and conduct all evaluations. We introduce the effect-size analysis into the study to mitigate noisy results 
(i.e., low p-values with negligible effect sizes) while maximizing biological interpretability. 
Notation:  ss = single-subject,  ss-DEGi = differentially expressed genes in a single subject "i", conditions: A or B, 
Ak = gene product expression of gene “k” in condition A; Bk = gene product expression of gene “k” in condition B.  
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2. Results  

2.1 Fold Change Region Analysis   

We utilize a previously designed dataset comprising repeated biological assays and transcriptomes of MCF7 

breast cancer cell lines in two conditions (expose to estrogen or deprived) to derive a reference standard in 

which we could evaluate analytical methods deriving DEGs from a mere 1 sample in each condition [3, 12, 

17]. Concordances between conventional RNA-seq analytical methods for repeated measurements 

(Methods) applied to this MCF7 dataset were calculated and shown in Table 2. The calculated differentially 

expressed genes (DEGs) are filtered at different fold changes (FC). In low fold change regions, the 

agreement between analytical methods is at best 50%, providing low trust across the competing signal 

detected across analytical methods. That is, analytical methods are not validating each other’s findings. 

However, as the FC effect size increases, the increasing FC regions demonstrate greater agreement across 

analytical methods, resulting in FC conditions enabling the evaluation of one method against another and 

thus devoid of isomorphic evaluation type of analytical biases. Table 2 numerically illustrates this trend, 

noting that the Jaccard Indices (JIs) for the first pair of fold change regions is mostly near or at zero, except 

for a few combinations. This means that in absence of a framework or analytical method for resolving this 

conflict of signal, any study that chooses a given analytical method risks to detect a non-robust signal 

beyond naïve reproducibility. At higher fold change regions above 1.2, there is no one “best” fold change 

region, supporting the idea that filtering 𝐹𝐶 ≥ 1.3 may provide the most reproducible results from method 

to method for this particular dataset.  

2.2 Combining Fold Change and Low-expression Noise Reduction in Reference Standards  

Combining gene expression levels (minimum expression cutoff; Figs. 2 and 3) and effect-size prefiltering 

results in a quasi-linear improvement in agreement as we imposed more rigid thresholding. The 

experimental design allowed us to examine the marginal effects of increasing the cutoffs for gene 

expression and effect size (see Figure 2 for Breast Cancer and Figure 3 in Yeast).  
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    In the breast cancer study, the reference standards were constructed using 4 replicates. The bottom right 

portion of concordances in Figure 2 illustrates how all the analytical methods attained strong concordances 

due to the strictest thresholds (at least > 75% of all identified DEGs).  

    In the yeast study, smaller effect size thresholds were required for analytical methods to have complete 

agreement (see Figure. 3). The methods appear to agree and produce concordant reference standards after 

imposing moderate (at least on our scale of parameters) fold change and expression cutoff values. It 

suggests perhaps that one might benefit from developing a self-learning algorithm that finds the optimal 

cutoff values after conducting a grid search on the parameter space. 

 

Table 2. Concordance between Analytic Methods of RNA sequencing According to Ranges of Gene Expression 
Fold Changes (FC) Between Two Conditions. The low concordance observed in most FC ranges illustrate the 
“analytical bias of methods” described in Table 1. Indeed, if the same method is used for prediction in one dataset and 
validation in a distinct dataset (isomorphic evaluation), the evaluation is considered anticonservative as it measures 
the reproducibility of true positive and false positive results (analytical biases) rather than a measure of accuracy. In 
addition, the table results illustrate the difficulty to create a conservative reference standard for which the analytical 
method would be independent from the predictive method (heteromorphic evaluation); there is no single method that 
would be the best choice “a priori” to evaluate a new method.  Legend: Since the Jaccard Index is symmetric, for any 
two techniques, we present the Jaccard Indices for the  (5

2) = 10 total possible pairwise combinations between the 
five analytical methods evaluated across the different fold change regions. DEGs were calculated using 5 repeated 
samples of MCF7 breast cancer cell lines exposed to estrogen and 5 unexposed samples. The high concordance for 
each pairwise comparison is bolded (JI>0.6) and shown in a larger font.  

Analytical 
Method A 

Analytical 
method B 

1<FC <1.1 
(~85 DEGs) 

1.1<FC<1.2  
(~175 DEGs) 

1.2<FC<1.3  
(~700 DEGs) 

1.3<FC<1.5  
(~1100 DEGs) 

1.5<FC<∞ 
(~365 DEGs) 

NOISeq edgeR 0.500 0.333 0.885 0.819 0.631 

NOISeq DESeq 0 0 0.814 0.747 0.586 

NOISeq DESeq2 0.005 0.002 0.311 0.436 0.372 

NOISeq DEGseq 0 0 0.355 0.569 0.672 

edgeR DESeq 0 0 0.902 0.868 0.795 

edgeR DESeq2 0.002 0 0.329 0.468 0.515 

edgeR DEGseq 0 0 0.387 0.558 0.658 

DESeq DESeq2 0 0.076 0.332 0.457 0.489 

DESeq DEGseq 0 0.285 0.415 0.555 0.661 

DESeq2 DEGseq 0.005 0.135 0.452 0.654 0.450 
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Figure 2. Combining fold change and expression level filtering leads to robust, method-agnostic reference 
standards for single-subject studies in breast cancer. The grid of heatmaps illustrates that as low-expression 
genes with small fold changes across individuals are filtered out, the reference standards constructed agree 
increasingly more with one another. In the bottom right, most methods attain a 100% concordance with one 
another, providing a reliable gold standard. Expression Cutoffs are applied to genes whose average counts across 
samples fall under the threshold. White cells indicate that no predictions were made, and therefore the Jaccard 
Index cannot be calculated. Note: when the JI cannot be calculated due to the lack of transcripts, the color of the 
rectangle is white; in addition, FC ranges are symmetric 1/1.1 to 1 and 1 to 1.1, 1/1.2 to 1 and 1 to 1.2, etc. 
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Figure 3. Combining fold change and expression level filtering leads to robust, method-agnostic reference 
standards for single-subject studies in yeast. The grid of heatmaps illustrates that as low-expression genes with 
small fold changes across individuals are filtered out, the reference standards constructed provide higher 
concordance with one another. Given the larger number of replicates in yeast, it may be that less rigid filters are 
required to produce reliable, concordant reference standards. Expression Cutoffs in average counts across 
samples. White cells indicate that no predictions were made, and therefore the Jaccard Index cannot be calculated. 
Note: when the JI cannot be calculated due to the lack of transcripts, the color of the rectangle is white; in 
addition, FC ranges are symmetrical  1/1.1 to 1 and 1-1.1, 1/1.2-1 and 1-1.2, etc. 
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2.3 DESeq example analysis with robust reference standards 

 As shown in Figure 1, we have calculated single-subject DEGs (ss-DEGs) from two samples (one in 

each condition, without replicate) using MCF breast cancer cells exposed to estrogens or not and 

evaluated them against either a reference standard constructed from the intersection of DESeq2, edgeR, 

NOISeq, and DEGseq  (Table 3 , top row) or using the optimized reference standard using the proposed 

referenceNof1 method (Table 3, bottom row). This experimental design using isogenic cells lines 

with replicates in two conditions enables validation of single-subject transcriptome analysis methods. 

We have previously documented that some DEGs methods designed for comparisons requiring repeated 

measures of isogenic samples or many heterogeneric samples for each condition claim to be applicable 

to single-subject analyses of transcriptome methods, however none had documented their validation 

[3]. Subsequently, Schurch et al. [16] and Liu et al. [13] validated NOISeq, DEGseq, DESeq2, and 

EdgeR using replicates of isogenic samples in two conditions conducted in MCF7 and yeast data, 

respectively; however, their evaluations were conducted using anticonservative designs generating 

analytical biases due to isomorphic evaluations (Table 1) as shown in our recent study [12]. Here, we 

conduct an evaluation that addresses these previous limitations. The results in Table 3 indicate a 

substantial increase in accuracy in single-subject studies using single-subject DESeq taking one sample 

in each of the two MCF7 cell lines conditions without replication (average recall and precision shown 

as we obtained three measures of each for every reference standard). As shown in Figure 1, we took 

three distinct pairs of estrogen exposed and unexposed samples and calculated for each pair the ss-

DEGs using DESeq as an exemplar method being applied to a clinical sample. Prior studies using 

DESeq in single-subject studies indicate a conservative prediction approach, producing few but highly 

precise DEG calls [12, 17, 18]. These results indicate a consistent operational characteristic as well as 

an improved region of algorithm accuracy.  
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Table 3. Single-subject DEGs predictions evaluated by conventional methods and refereneNof1. In order to 
simulate transcriptomic data from a single patient, single-subject DEGs were calculated by the DESeq method from 
two samples (MCF7 cell vs MCF7 exposed to estrogen) and evaluated against two reference standards derived from 
Y samples in each condition (2Y samples total). The two reference standards constructed in this exemplary study 
illustrate the increases in accuracy provided by the proposed referenceNof1 method to increase the agreement between 
DEGs methods used for as a reference and mitigate analytical biases from isomorphic evaluations. The optimal region 
identified by the referenceNof1 algorithm resulted in a DESeq prediction set with a substantially higher precision 
with a slightly higher recall.  

 Predictions of ss-DEGs calculate by 
DESeq 

Reference Standard 
Construction 

References 
True DEGs (False= remaining 

transcripts) 

Average Precision Average Recall 

Intersection of DEGs between 
methods*  522 (16,625) 0.57 0.08 

Majority vote of DEGs between 
methods* 1424 (15,723) 0.77 0.04 

referenceNof1 applied to 
intersection of DEGs* between 
methods 

165 (16,982) 0.70 0.12 

referenceNof1 applied to 
majority vote of DEGs* between 
methods 

406 (16741) 0.85 0.06 

*   calculated by DESeq2, EdgeR, NOISeq, DEGseq NOT using DESeq to avoid analytical biases  

 

3 Discussion, Limitations, and Future Studies 

We and others have proposed that while identifying altered DNA is possible using reference standards derived 

from populations, determining altered gene products (e.g., transcriptomes, proteomes and metabolomes) are 

better determined in isogenic conditions[3]. Indeed, identical twins sharing the same DNA but living in 

diametrically different environments (polar vs artic) and having different sites, sleeping and exercise regimen 

may have totally adapted and normal, yet quite distinct, gene products in their cells. This motivated us and others 

to design analytical methods to determine personalized differentially expressed genes (DEGs) from two samples 

without replicate, each taken in a different condition. These approaches have been applied to (i) comparing a 

cancer transcriptome to a paired control tissue [6], and (ii) comparing peripheral blood mononucleocytes of a 

single subject either taken in two conditions (e.g., before and during therapy to predict response[19], separated 

in two petri dishes with one experimentally exposed to a virus vs a control to determine ulterior hospitalizations 
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in pediatric asthmatic subjects [19, 20], etc.). While these single-subject study designs are economical and more 

informative than a single measure of the transcriptome, they remain difficult to evaluate. We have previously 

shown that these single-subject DEGs analytics designed for two paired samples can be better evaluated by using 

previous cell lines datasets comprising multiple replicates in each of the two conditions. However, most 

conventional methods generated a conflicting discordant reference standard, motivating the current study. 

  The task of building a robust and reproducible reference standard should not be confounded with 

identifying/predicting DEGs for a gene-expression classifier. Since gold standards on an Omics scale are truly 

only available in simulation studies, we propose to call standards derived from Omics-scale analyses of biologic 

datasets reference standards. Therefore, a novel framework is required to address the difficulties with generating 

a reliable reference standard as highlighted in Table 1. The proposed framework provides an alternative 

reference standard construction that is robust against violations of statistical assumptions, resolves competing 

signal across analytical methods, and produces accuracy beyond naïve reproducibility.   

   The modus operandi of developing a reference standard consisted of using a technique to build a reference 

standard (i.e, DEGseq) and measuring it against itself via some criterion (i.e., AUC). This provides naïve 

reproducibility that does not generalize across methods. Our proposed framework, referenceNof1, generates an 

unbiased and robust reference standard using concordance between heterogenic methods. We note how filtering 

out noise (i.e., genes with small fold change) can have a drastic effect for improving on how to build reference 

standards as well as provides a framework that quantifies these differences and guidance on how to construct the 

refence standard for a biomarker analysis independent of the used technique. In addition, filtering out genes with 

low expression [21-23] improves the power and removes the noise in bioinformatics, therefore ensuring that 

uniform cutoffs across techniques improves their concordance, thus increasing their reliability.  

   Constructing methods-agnostic reference standards will only enable the community to continue improving the 

state of reproducibility in bioinformatics data analysis. Clearly, the solution range is dataset specific as shown 

by the different concordances of the same methods applied to two different datasets (Figures 2 and 3). This 

study suggests that a “stratification data analysis model” could be applied to determine the optimal gene 

expression cutoff required to obtain the desired concordance for each range of fold changes and the minimal fold 

change required to include results in the reference standard.  For example, if a concordance of JI>75% for a 
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simple majority of DEG methods is considered sufficient generating a reference standard, then Figure 2 shows 

that an expression>30 and FC>1.3 meet these criteria. If the criteria were reduced to JI>50% and simple majority 

vote, then the reference standard comprises the DEGs discovered at the union of [expression cutoff>0 and 

1.3<FC<1.5] and [expression cutoff>30 and FC>1.5]. Reference standards built for a single subject are isogenic 

by design. Since most of the publicly available human transcriptome datasets comprise of measures for multiple 

subjects (heterogenic), we conducted the validation of our proposed methods using multiple measures in two 

experimental isogenic conditions  in cell lines as proxy for a single subject study.  

   As shown in Figures 2 and 3, stricter cutoffs resulted in higher concordances in the breast cancer cell line 

dataset, whereas in the yeast dataset, the concordances followed more of a parabola, with initial increases 

and then a decrease in concordances. This suggests that there is not necessarily a universal effect-size 

“cutoff” after which methods agree, but rather data-driven fold change (FC) regions in which the 

agreements are maximized. Since these FC regions have to be identified on each dataset, we posit that a 

self-learning algorithm can be implemented to identify high-agreement regions. Preliminary work in 

referenceNof1 has been extended in this direction with future studies focused on fine-tuning and refining 

the approach to having a self-learning algorithm optimize the operating space to better guarantee biological 

validity for the statistical results. Currently, the search is designed to identify the minimal set of operating 

parameters to attain a certain Jaccard Index concordance using the intersection of techniques. Future work 

will expand to include a “majority-voting” rule and generalize the voting scheme to allow greater flexibility.  

   Furthermore, as shown in [24], biological signal in heterogenic subjects can be unstable and expressed 

inconsistently across subjects, suggesting that alternatively it might be more effective to conduct pathway-

level analyses and train pathway-level classifiers. Therefore, another direction to extend this strategy is to 

improve and refine the state of pathway-level reference standards by incorporating ontologies like Gene 

Ontology [25] and other network-analysis tools into the process of building a robust and reproducible 

reference standard.  

   Finally, the evaluation framework, referenceNof1, can be extended in future studies to single-subject 

studies of biomolecular pathway dynamics. We and others have previously demonstrated the utility of 
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single-subject analytics of gene products at Omic scale. For example, we have shown how to compare 

treated vs untreated peripheral blood mononucleocytes (PBMCs) using single-subject transcriptome 

analyses designs [26], as well as contrasting experimentally stimulated vs unstimulated PBMCs of a subject 

ex vivo using rhinovirus to predict hospitalization in asthmatic subjects [27], or comparing cancer vs 

adjacent control tissue of a subject pr predicting response to therapy[6]. 

 

4 Methods & Materials 

The study design is illustrated in Figure 1, and the following subsections detail the datasets and materials 

used throughout the study. To improve the state of the art in building reference standards, the study is 

designed around isogenic datasets to address the issues highlighted in Table 1.  

4.1 Datasets  

In this study, two different isogenic datasets with biological replicates were used to evaluate the 

construction of reference standards, shown in Table 4. 

Table 4. The two isogenic datasets include a single individual’s gene expression dataset with 7 biological replicates 
while the second dataset has 48 wild-type and mutant biological replicates.  

Dataset Samples Genome size (# genes)  Access to Data 
MCF7 Breast Cancer [13]. 7  ~ 20,000 GEO: GSE51403 
Yeast [16] 48 ~ 7,000 Github: bartongroup/profDGE48 

 

The first is an MCF7 breast cancer dataset that contains replicated gene expression data in isogenic 

conditions with 7 human biological replicates of MCF7 cells which were either treated with 10 nM 17β-

estradiol (E2) or cultured as unstimulated controls [13]. The data contains replicates at various read depths 

with all analyses being conducted using the 30M read replicates, which are available open source online 

under the Gene Expression Omnibus repository [28] under the “GSE51403” GEO tag. Normalized and 

preprocessed data were downloaded on January 21, 2018. The data was used as obtained with no additional 

pre-processing steps to conduct the reproducibility analyses (preprocessing details and correction details 

can be found in the original publication) [13], and we randomly selected four biological replicates ("565-
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576","564-572","566-570","562-574") to construct the reference standard, while the remaining three (“563-

577","568-575","569-571") were used to evaluate how well the DEG methods recapture the signal under 

different reference standard settings. 

   The second dataset [16] is a yeast study with biological replicates comprised of 48 wild-type (BY4741 

strain, WT) or Δsnf2 mutant biological yeast replicates (Saccharomyces cerevisiae). These include a total 

of 7,126 measured genes, and we replicated followed the author’s data preprocessing framework and 

conducted our studies using their suggested 42 WT and 44 Δsnf2 ‘clean’ replicates. The preprocessed and 

normalized data were downloaded as prepared by the original authors from their GitHub1 repository.   

 

4.2 Software Environment 

All analyses in this study were conducted in the R programming language, using R 3.5.0[29] on a 2017  

MacBook Pro under the macOS High Sierra (10.13.6) OS system. 

All code and analyses are freely available at 

http://www.lussiergroup.org/publications/EffectSize_ReferenceStandard 

 

4.3 Differential Expression Software Tools 

To evaluate the robustness and reproducibility of various differential gene expression analyses techniques, 

we evaluated 5 different cohort-based (cb) RNA-seq tools, found in Table 1 [15, 30-33]. Since the study 

was designed to evaluate the robustness of reference standards, we omitted the single-subject analytics 

included in our prior study (i.e., Mixture Models [7] and iDEG [18]), as these methods are designed to 

predict DEGs in isogenic settings, two conditions without replicates (TWCR) design, rather than produce 

reference standards in replicated settings. Since this study required techniques with p-value-based decision-

making, we omitted GFOLD [34] and similar ranking-based methods in order to establish consistent cutoffs 

in our experimental design. Table 5 provides the individual parameter settings for each method.  

 
1 Data downloaded from on August 27th, 2018. https://github.com/bartongroup/profDGE48 
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Table 5. Replicated DEG Methods for Single-Subject Studies and their previous validations.  

 

4.4 Building Effect-size-informed Reference Standards 

We hypothesize that low effect sizes (i.e., low-fold change) introduces statistical noise into the reference 

standard construction in isogenic conditions, which can introduce biases when using only p-value informed 

DEGs. Therefore, in order to test this hypothesis, we first construct a reference standard for each method 

using all the data, and then degrade the dataset by filtering out genes with effect sizes, in an increasing 

fashion and evaluate the strength of the agreement across them. Thus, if we use fold change (FC) as a proxy 

for effect size (as calculated by equation 1), 

Fold Change of gene k =Ak/Bk Equation (1) 

where Ak and Bk are the expression of gene product k  in condition A and B (Figure 1). The experimental 

design was comprised of constructing the reference standard across different levels of fold change (FC) 

and evaluating the concordance as a consequence of the effect size filter.  Since we do not distinguish 

between up and down regulated genes, for down-regulated genes, we take their reciprocal, (FC-1 =1/FC) 

when we filter for FC thresholds.  

 
2 NOISeq-Bio was used to construct the reference standard, while NOISeq-sim was used in the single-subject 
prediction sets.  

Method Distribution assumptions 
Experimental design & parameter settings P-value  

edgeR[30] Negative Binomial “genetically identical model organisms” ✓ 

DESeq[31] Negative Binomial estimateDispersions function, the method parameter is set 
to ‘per-condition’ 

✓ 

DESeq2[32] Negative Binomial Default parameters ✓ 

DEGseq[15] Binomial Default parameters ✓ 

NOISeq2 [33] Non-parametric Noiseqbio set to default parameters ✓ 
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4.5 Low Expression Pre-filtering  

We also hypothesize that low gene expression introduces statistical instability in the task of identifying 

differentially expressed genes. A common preprocessing approach in differential gene expression is 

prefiltering genes [21-23] with low expression as this may increase the power of the subsequent statistical 

test, and we extend this work into precision medicine by examining the effects of gene pre-filtering in 

constructing reference standards in isogenic conditions.  

 

4.6 Experimental Design  

To evaluate the power of combining prefiltering genes based on their effect size (fold change) and their 

expression level, we considered an array of possible low-expression cutoffs and fold-change regions (see 

Table 6) and selected genes in these windows.  

Table 6. Parameter Settings in Experimental Design. 

Parameter Values 
Fold change window [1 -1.1], [1.1-1.2], [1.2-1.3], [1.3-1.5], [1.5 - ∞] 

Low expression cutoff 0, 5, 10, 20, 30,50 
 

   We then used these selected genes to construct reference standards for all the methods presented in 

Table 5 and evaluated their concordances. To evaluate the results of the different experimental runs, 

heatmaps were used to visually compare their concordances across different experimental runs (see Figures 

2 and 3) and the Jaccard Index to numerically evaluate the agreement between them, where the Jaccard 

Index is given by Equation 2.  

Jaccard Index (JI) = |𝑀∩𝑁|
|𝑀∪𝑁|

 Equation (2) 

   In our study, these metrics translate to the similarity and dissimilarity between the DEG calls between 

method A and method B (i.e., between edgeR and DESeq), which quantifies the biological signal 

reproducibility between analytical approaches in our reference standard construction study.  
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4.7 Optimization of a Reference Standard using maximum Jaccard Index Concordance  

The parameters in the experimental design were constructed to identify regions in which the Jaccard Index 

was maximized. In this grid search, each set of parameter combinations results in a Concordance Matrix of 

Jaccard distances (Table 7).  

Table 7. Example of building a Jaccard Index matrix to optimize the Reference Standard Optimization. An 
example Jaccard Index matrix where once all techniques have produced a list of DEG calls, then the pairwise 
Jaccard Index (Equation 3) can be calculated as illustrated in Algorithm 1, resulting in a Jaccard Index matrix 
below. Then, for each set of parameter combinations (one expression cutoff value, one fold-change region), a 
Jaccard concordance matrix is constructed, and summarized using the median value. Then all medians are compared 
to identify the best parameter configuration to identify the region for constructing the optimal, most robust reference 
standard.  

 NOISeq edgeR DESeq DESeq2 DEGseq 
NOISeq 1 0.8 0.71 0.2 0.17 
edgeR 0.8 1 0.57 0.21 0.2 
DESeq 0.71 0.57 1 0.25 0.29 
DESeq2 0.2 0.21 0.25 1 0.15 
DEGseq 0.17 0.2 0.29  0.15 1 

 

From this Jaccard matrix, each method’s median JI can be calculated (i.e., NOISeq’s median JI is 0.71 

while DEGseq’s is 0.21). Using this information, one can summarize the agreement either by method to see 

which methods agree more with one another and which differ. To construct the most robust reference 

standard, one needs to identify the optimal parameter combination (fold change and expression-level 

thresholds) to maximize the Jaccard Index across all reference standards. Therefore, we constructed an R 

package, referenceNof1, to do exactly this, enabling bioinformaticians to then construct the optimal 

reference standard. If a user inputs a vector of effect size windows, a vector of minimum value expression 

cutoffs, and a desired level of concordance, the referenceNof1 calculates all pair-wise Jaccard similarity 

indices for all parameter combinations and identifies the minimum parameter combination that attains the 

desired pairwise concordance across all techniques. This algorithm is formalized in Algorithm 1: 
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Algorithm 1. The referenceNof1 algorithm pseudocode to construct an optimized and unbiased reference 
standard.  The referenceNof1 algorithm requires a user to input the FC and expression cutoff filters for it to then 
identify the optimal region for producing the reference standard. For each pair of FC-region and expression cutoff 
combination, it calculates each method’s list of differentially expressed genes (DEGs), and then for each DEG list 
it calculates the Jaccard Index (JI) as a set-theoretic pairwise similarity measure. After calculating all pairwise 
Jaccard indices, it calculates the median JI for each region. If a parameter combination attains the desired median 
Jaccard Index, an early stopping rule is implemented and the optimal parameter combination is returned. Otherwise, 
it continues the search until the target JI is attained or the search through the parameter space is complete. 

 

4.8 Comparing the proposed Reference Standard Optimization with a single heteromorphic one  

To illustrate the benefits of creating more robust reference standards, we conducted an exemplar study using 

DESeq. As shown in Figure 1, the analysis consisted of constructing a reference standard using the 
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intersection of all DEG calls by edgeR, NOISeq, DEGseq, and DESeq2 using four MCF7 samples in two 

conditions (8 samples), while the prediction of single-subject DEGs(ss-DEGs) was conducted on 

independent sample pairs three times using DESeq (3 independent pairs). Note that the prediction method 

is not part of the reference standard construction to mitigate for analytic biases (Table 1). The analysis 

consists of constructing the reference standard first on the entire set of MCF7 gene product counts and 

second on the optimal region of concordance as identified by the Jaccard Indices. Then, using this robust 

reference standard identified by referenceNof1, an exemplar analysis in a hold-out pair of single-subject 

paired-transcriptomes, DESeq is used to identify altered genes and the results are compared against the 

reference standard. This process is repeated three times, once on each of the three hold-out sets (ss-DEGs). 

The average results across all three hold-out sets are presented in Table 3. For comparison, the results are 

shown for an equivalent DESeq analysis on the full, unfiltered hold-out sets.  

4.9 Code availability  

All the code used to carry out this study is readily available in GitHub under the 

SamirRachidZaim/referenceNof1_study repository. 

 

4.10 referenceNof1 R package 

The code SamirRachidZaim/referenceNof1_study was re-packaged into a reproducible and shareable R-

package format, available for installation on GitHub under the following repository:  

SamirRachidZaim/referenceNof1.  

 

5 Conclusions 

Reproducibility and accuracy are not only central to Omics studies but to precision medicine. Improving 

existing techniques and frameworks in single-subject studies allows us to separate clinically-relevant 

biomarkers from statistical artefacts. Transforming these initiatives into open-source software greatly 

enables reproducibility and furthers the space of open precision medicine. Prior studies [3] illustrate how 
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the unique challenges of single-subject analyses of transcriptomes in absence of replicates remains 

challenging.  However, we posit that an improvement in evaluation methods, as proposed here, provides 

the rigorous framework for assessing objectively ulterior proposed improvements. In addition, pathway-

level single-subject studies of transcriptomes have been shown more accurate than gene product level ones 

[3], suggesting potential future pathway-level applications of the methods we proposed. This manuscript 

highlights four types of biases (Table 1) that confound results in both conventional analyses and the clinical 

translation of single-subject studies. The proposed referenceNof1, complementary to [12], follows a suite 

of recent work [12, 17, 24] in which we seek to address these challenges, resulting in a new framework 

for creating robust reference standards. We proposed, tested, and developed an open-source software using 

a single strategy that reduces two additional biases: (i) statistical distribution bias and (ii) systematic bias 

from isomorphic evaluations (using the same analysis in the prediction and validation sets). Despite the 

specific challenges posed in single-subject studies, these advances create new opportunities to combine 

single-subject and conventional cohort studies. In essence, this manuscript continues recent work and 

addresses existing knowledge gaps and challenges in the single-subject domain to bring our tools, 

technology, and analyses closer to delivering the promise made by precision medicine: “the right treatment, 

for the right patient, at the right time.” 

 
 

Author Contributions: SRZ and YAL conceived the analyses. SRZ conducted the statistical analyses in 

R; SRZ, HHZ, and YAL reviewed and interpreted results. SRZ, CK and YAL conceived and created the 

figures and tables. All authors wrote and revised the manuscript.   

 

Funding: This work was supported in part by The University of Arizona Health Sciences Center for 

Biomedical Informatics and Biostatistics, the BIO5 Institute, and the NIH (U01AI122275).   

 

5.1 Conflicts of Interest: The authors have no conflict of interest. 

 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 November 2020                   doi:10.20944/preprints202011.0325.v1



 

   
 

25 

8 Mathematical Notation 

Notation & Variable Variable Description Equation  
Ak and Bk  Gene product expression of gene k 

in conditions A and B 
Figure 1 

FC Fold change  Equation 1 

Jaccard Index (JI) = 
|𝑀∩𝑁|
|𝑀∪𝑁|

 Jaccard index is the ratio of 
significant gene products in 
common between results derived 
from analytical methods M and N 
divided by the union of these sets 

Equation 2 

𝑀 ∩ 𝑁 Intersection of sets M and N Equation 2 

𝑀 ∪ 𝑁 Union of M and N Equation 2 
|M| Cardinality or size of set M Equation 2 
Ri Region i, portion of the 

transcriptome resulting from the 
filters and cutoffs selected in 
referenceNof1 

Algorithm 1 

JI (M,N),Ri The Jaccard index between 
analytics methods M and N for 
genes in region Ri 

Algorithm 1 

 

9. Acronyms and Abbreviations 

Abbreviation Name  

DEGs Differentially expressed genes  

DGE Differential gene expression  

SS single-subject 
EL Ensemble learner  
FC Fold change 
FCR Fold change region 
JI Jaccard Index  
NHST       Null Hypothesis Significance Testing 
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Abstract

Background: In this era of data science-driven bioinformatics, machine learning
research has focused on feature selection as users want more interpretation and
post-hoc analyses for biomarker detection. However, when there are more features
(i.e., transcripts) than samples (i.e., mice or human samples) in a study, it poses major
statistical challenges in biomarker detection tasks as traditional statistical techniques
are underpowered in high dimension. Second and third order interactions of these
features pose a substantial combinatoric dimensional challenge. In computational
biology, random forest (RF) classifiers are widely used due to their flexibility, powerful
performance, their ability to rank features, and their robustness to the “P > > N” high-
dimensional limitation that many matrix regression algorithms face. We propose
binomialRF, a feature selection technique in RFs that provides an alternative
interpretation for features using a correlated binomial distribution and scales
efficiently to analyze multiway interactions.

Results: In both simulations and validation studies using datasets from the TCGA
and UCI repositories, binomialRF showed computational gains (up to 5 to 300 times
faster) while maintaining competitive variable precision and recall in identifying
biomarkers’ main effects and interactions. In two clinical studies, the binomialRF
algorithm prioritizes previously-published relevant pathological molecular
mechanisms (features) with high classification precision and recall using features
alone, as well as with their statistical interactions alone.

Conclusion: binomialRF extends upon previous methods for identifying
interpretable features in RFs and brings them together under a correlated binomial
distribution to create an efficient hypothesis testing algorithm that identifies
biomarkers’ main effects and interactions. Preliminary results in simulations
demonstrate computational gains while retaining competitive model selection and
classification accuracies. Future work will extend this framework to incorporate
ontologies that provide pathway-level feature selection from gene expression input
data.
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Background
Recent advances in machine learning and data science tools have led to a revamped
effort for improving clinical decision-making anchored in genomic data analysis and
biomarker detection. However, despite these novel advances, random forests (RFs) [1]
remain a widely popular machine learning algorithm choice in genomics given their
ability to i) accurately predict phenotypes using genomic data and ii) identify relevant
genes and gene products used for predicting the phenotype. Literature over the past 20
years has demonstrated [2–9] their broad success in being able to robustly handle the
“P > > N” high-dimensional statistical limitation (i.e., when there are more predictors or
features “P” (i.e., genes) than there are human subjects “N”) while maintaining competi-
tive predictive and gene selection abilities. However, the translational utility of random
forests has not been fully understood as they are often viewed as “black box” algorithms
by physicians and geneticists. Therefore, a substantial effort over the past decade has
focused around “feature selection” in random forests (RF) [5, 6, 10–14] to better pro-
vide explanatory power of these models and to identify important genes and gene prod-
ucts in classification models. Table 1 describes methods of existing feature selection
commonly used in random forests as either permutation-type measures of importance,
heuristic rankings without formal decision boundaries (i.e., no p-values) or a combi-
nation of both.

Table 1 Random forest feature selection methods and their permutation requirements
Permute Method P-

value
Brief description

No binomialRF
[15]

Yes Optimal splitting features’ p -values obtained via one-sided correlated
binomial tests

EFS [16] No Calculates a global score for each feature using 8 different metrics to measure
importance and selects features whose score exceeds the median global
score

AUC-RF [17] No Iteratively trains a random forest algorithm and removes predictors in a
stepwise fashion to maximize an AUC increase

RFE, dRFE [18] No Iteratively trains a random forest (RF) model and drops uninformative features
based on a user-defined criterion

RF-ACE [19] No Creates phony variables called “Artificial Contrasts with Ensembles”, and
compares how often these sham variables are used over the real ones

R2VIM [12] No Calculates variable importance (VI) and divides by minimum VI to create
relative VI, and choose important features based on a pre-selected cutoff

VarSelRF,
geneSrF [5]

No Iteratively removes worst .20 (or x-percentage) of all features; retrains RF; se-
lects smallest feature set within one set of best models

Yes Vita [20] Yes P-values are calculated based on empirical null distribution of non-positive
importance scores that accelerate null distribution estimates

Perm [20] Yes Permutes outcomes (Y) and determines importance based on which features
retained a larger importance in Yoriginal vs. Ypermuted

PIMP [14] Yes Permutes outcome and determines features’ priority based on increases in
mutual information or Gini errors. A feature’s p-values is produced by an
importance measure fitted to a distribution

VSURF [17] No Two-step FS algorithm: 1) uses predictor permutations to identify features
robust to noise, and 2) refines model by conducting step-forward inclusion of
features until error convergence

Boruta [13] No Creates phony predictors by permuting the values of the shadow vars. Runs
RF to identify features’ Z-scores. Eliminates features whose Z-score are less
than a threshold. Repeats until convergence

Absence of permutations generally decreases substantially computing time. P-values provide explicit ranking of features,
which enables objective feature thresholding
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While the bioinformatics community have been widely using the above-mentioned
approaches to feature selection approaches in multi-analyte biomarker discovery [5],
two problems have been hampering their impact in biomedicine. First, random-forests
implementations are generally computationally expansive and memory intensive, par-
ticularly for identifying molecular interactions. In addition, conventional fully-specified
RF classifiers remain opaque to human interpretation, yet there is an increasing con-
sensus among clinicians and machine learning experts that ethical and safe translation
of machine learned algorithms for high stake clinical decisions should be interpretable
and explainable [21–24].
We hypothesized that a binomial probabilistic framework for feature selection could

both improve the computational efficiency of RF classifiers and unveil their otherwise
hidden variables for increasing their review and usability by domain experts. We
propose the binomialRF feature selection algorithm, a wrapper feature selection algo-
rithm that identifies significant genes and gene sets in a memory-efficient, scalable fash-
ion, with explicit features for biologists and clinicians. Building upon the “inclusion
frequency” [25] feature ranking, binomialRF formalizes this concept into a binomial
probabilistic framework to measure feature importance and extends to identify K-way
nonlinear interactions among gene sets. The results and evaluation of the simulation,
numerical and clinical studies are presented in Section 2. The Discussion and conclu-
sion and presented in Sections 3 and 4, respectively, and the proposed method is for-
mulated in Section 5.

Results
The simulation and numerical studies used to evaluate the techniques are listed and
reviewed in this section. The results and analyses are organized by memory and com-
putational efficiency (Section 2.1), followed by feature selection accuracy and false dis-
covery rates (Section 2.2–2.3) in the simulations and proceeds to detail the numerical
studies using the Madelon benchmark (Section 2.4) and the clinical validations from
the TCGA repository (Section 2.5) examining breast and kidney cancers.

Memory efficiency and runtime analysis

To measure memory gains and computational efficiency, two different analyses were
conducted in these simulation studies. The first was a theoretical analyses of memory
requirements for interaction detection in simulated genomes with 100, 1000, and 10,
000 genes. These are clearly smaller than the human genome but serve to illustrate the
drastic combinatoric efficiency gained in small dimensional settings. In Table 2, the
analyses show the memory efficiency attained by binomialRF to detect 2-way and 3-
way interactions. As shown, it can require as much as 170,000 times less memory to
calculate 3-way interactions with binomialRF as compared to a classical RF in a moder-
ately large dataset with 1000 variables, potentially impacting memory requirements of

grid computers. Note that in linear models, efficient solution paths for !XK
i¼1 only exist

for K ∈ {1, 2} (LASSO [26] for K =1 and RAMP [27] for K =2). For K > 2, to our know-
ledge, no algorithm guarantees computational efficiency. In RF-based feature selection
techniques, the majority of the techniques requires one to explicitly multiply interac-
tions in order to detect them.
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To compare each algorithm’s runtime, we strictly measure the time for the algorithm
to produce its feature ranking and omit other portions using the base system.time R
function. This runtime is measured in seconds. The boxplot in Fig. 1 displays the range
of runtimes (measured in seconds) and graphs them in incremental powers of 10 (i.e.,
101, 102, 103, …) to illustrate the difference in magnitudes. As shown in the rightmost
panel (10,000 genes) of Fig. 1, the binomialRF algorithm takes, on average, 16.6 s to
run, while Boruta averages 779 s, resulting in a 47-fold increase for conducting the
same analysis. The techniques omitted from Fig. 1 all resulted in runtimes larger than
Boruta (i.e., at least 20X slower than binomialRF), and several of them were unable to
process datasets with 10,000 to 20,000 features.

Table 2 BinomialRF improves the memory requirements
Features
dimension

Interaction
order

Memory requirements for interactions Memory
efficiencybinomialF Other methods of Table 1

10 2 N × 10 N × 55 ~ 5

3 N × 175 ~ 17

100 2 N × 100 N × 5050 ~ 50

3 N × 166,750 ~ 1700

1000 2 N × 1000 N × 500,500 ~ 500

3 N × 166,667,500 ~ 170,000

The improvement is on the orders of magnitude in 2-way and 3-way interactions when compared to other methods of
Table 1. One advantage of the binomialRF algorithm is that it can screen for sets of gene interactions in a memory
efficient manner by only requiring a constant-sized matrix whereas the current state of the art requires the predictor
matrix to increase in size in a combinatoric fashion to screen for interactions. Memory efficiency is defined by
Dim ð!XK

i¼1Þ
.

DimðXÞ , and interaction memory requirements are defined by the number of columns required to map

all k-way interactions

Fig. 1 BinomialRF showing substantially improved computational time. The simulation runtimes are
measured in seconds and are plotted in powers of ten to show the difference in magnitudes of
computation time. The simulation scenarios are detailed in Section 2.1, where the length of the coefficient
vector, β varies from 10 to 100 and 1000 features. All simulations were conducted on a 2017 MacBook Pro
with 3.1 GHz Intel Core i5 and 16 GB of RAM. All simulations resulted in the binomialRF being the fastest
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Feature selection accuracy in simulations

To measure scalability in the predictor space, 500 random forest objects are grown with
500 trees, using simulated genomes sizes 100, 1000, and 10,000 (Fig. 1). Table 3a illus-
trates and summarizes the results for the main effects analysis across 32 simulation
studies including up to 2000 features. Boruta, EFS, VSURF, and binomialRF all attain
high precision, while PERM and AUCRF attain the largest recall, and EFS the lowest
test error. To mimic a human genome (≈ 20–25,000 genes), a limited simulation sce-
nario generated a synthetic genome with 10,000 genes. However, several techniques
other than binomialRF faced rate-limiting computational and memory challenges, pre-
venting us from conducting a full evaluation. Table 3b summarizes the simulation re-
sults for p = 10,000 where a total of 100 genes were seeded. In this scenario, Boruta and
binomialRF again obtained the highest precision values on average, PERM attained the
highest recall. However, PERM labeled nearly half the genome as significant, resulting
in a precision value near 0. AUCRF and binomialRF produced the most accurate classi-
fiers, though most techniques operated within a similar accuracy range.

Table 3 Simulation results of biomarkers
Model Precision Recall Test error Model size

3A. Results: 100–2000 features

AUCRF 0.54 (0.25) 0.74 (0.26) 0.27 (0.1) 8.74 (0.13)

binomialRF 0.91 (0.13) 0.37 (0.36) 0.33 (0.13) 81.72 (0.08)

Boruta 0.89 (0.15) 0.41 (0.37) 0.32 (0.13) 63.38 (0.1)

EFS 0.83 (0.16) 0.69 (0.27) 0.25 (0.1) 8.66 (0.13)

Perm 0.33 (0.33) 0.82 (0.18) 0.30 (0.09) 59.42 (0.1)

PIMPa 0.18 (0.36) 0.00 (0.01) 0.35 (0.1) 1.47 (0.11)

RFE 0.49 (0.35) 0.61 (0.23) 0.3 (0.08) 250.29 (0.09)

VarSelRF 0.67 (0.24) 0.65 (0.29) 0.27 (0.1) 12.31 (0.12)

Vita 0.46 (0.28) 0.66 (0.29) 0.28 (0.1) 35.44 (0.1)

VSURF 0.86 (0.15) 0.44 (0.36) 0.31 (0.12) 40.95 (0.1)

3B. Results: 10,000 features

AUCRF 0.17 (0.05) 0.33 (0.05) 0.41 (0.05) 215.68 (0.01)

binomialRF 0.51 (0.12) 0.14 (0.12) 0.41 (0.03) 28.6 (0.03)

Boruta 0.72 (0.18) 0.03 (0.18) 0.47 (0.01) 4.68 (0.02)

Perm 0.02 (0) 0.82 (0) 0.46 (0.03) 4958.26 (0.03)

RFE 0.03 (0) 0.66 (0) 0.44 (0.04) 1950.11 (0.02)

Vita 0.03 (0) 0.52 (0) 0.45 (0.05) 1954.32 (0.02)

The binomialRF and the algorithms in Table 1 were tested across a range of simulation scenarios (Table 6). Mean
(standard deviation) results are shown and ranked according to decreasing F1-score. In 3A, the results for all techniques
are shown up to 2000 features. In 3B, the results are shown for a limited simulation scenario with 10,000 features and
100 seeded genes. Only a subset of methods are presented in 3B as the remaining were either unable to process 10,000
features (i.e., induced memory errors) or introduced rate-limiting computational challenges (see Fig. 1). Across both
tables, Boruta and binomialRF attain the highest precisions, while PERM the highest recall. More studies are required in
high dimensional scenarios to better understand each technique’s behavior. Top accuracies are bolded
aAcross many runs – the PIMP algorithm resulted in no gene predictions, despite running them using their default
parameters, resulting in these low precision and recall values. We varied the parameters with no additional success – so
we report these results with an asterisk to note they warrant further investigation
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Pure noise selection rate

To complement the variable precision and recall analyses (and thus FDR), and to better
understand how often the binomialRF’s detects random noise in the absence of signal,
we ran additional simulations in which none of features were informative (i.e., genes
seeded β =0). Therefore, with an outcome fully independent from the predictors, any
selection is based on noise, thus measuring the algorithm’s pure noise selection rate.
We ran these analyses using 100, 500, 1000, and 2000 features, and the binomialRF
produced – on average – a type I error ranging between 0.5–2%. Future simulations
will explore artificial datasets with main effects in absence of interactions to quantify
these type I errors.

UCI ML benchmark data repository

The results for the Madelon dataset show the performance attained by all techniques in
a benchmark dataset used to evaluate machine learning algorithms. The results in
Table 4 indicate that all techniques attain a similar precision and recall, however, with
varying model sizes and run times. PIMP, Boruta, and VSURF all result with the smal-
lest models, while PERM results in the largest model. With regards to runtime, similar
to the simulations (see Fig. 1), the binomialRF algorithm runs about 4 times as fast the
2nd fastest algorithm, and about 200 times as fast as the slowest.

TCGA clinical validations in breast and kidney cancers

Table 5 shows the results for the breast and kidney cancer TCGA validation studies.
The same algorithms from Fig. 1 were included as they were the best suited to analyze
high-dimensional datasets. Of note, AUCRF generated memory errors when analyzing
the TCGA data and was thus not able to produce results. As demonstrated by prior
studies [28], some TCGA datasets are relatively easy classification tasks, as the matched
samples are separable, allowing reasonable algorithms to accurately split the samples
across the class labels. Therefore, one aspect of value-added in bioinformatics feature
selection algorithms is to develop an accurate classifier with a minimal set of genes. In
Table 5, Boruta and binomialRF both develop strong classifiers with a small set of

Table 4 UCI ML madelon dataset validation
Model Model size Run time Precision Recall

VarSelRF 23 (13) 129 (21) 0.56 (0.01) 0.56 (0.02)

VSURF 3.5 (1.4) 321 (267) 0.56 (0.02) 0.56 (0.03)

binomialRF 17.1 (3.9) 5.6 (2.2) 0.55 (0.02) 0.55 (0.01)

Vita 13 (5.68) 1007 (1220) 0.55 (0.02) 0.55 (0.02)

Boruta 2 (2) 139 (45) 0.54 (0.03) 0.56 (0.04)

Perm 240 (13) 269. (329) 0.56 (0.08) 0.54 (0.01)

AUCRF 31 (30) 33 (7.5) 0.55 (0.04) 0.54 (0.02)

RFE 81 (4.2) 20 (1.4) 0.54 (0.06) 0.54 (0.01)

EFS 20 (8.3) 2617 (2126) 0.53 (0.02) 0.54 (0.02)

PIMP 1.7 (1.3) 482 (128) 0.50 (0.04) 0.50 (0.01)

The algorithms in Table 1 were tested and compared using the Madelon benchmark dataset from UCI (described in
Methods). Mean (standard deviation) results are shown and ranked according to decreasing harmonic mean of precision
and recall of variables. Top accuracies are bolded
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genes, however binomialRF provides a more interpretable test statistic, runs about 20X
faster, and – as shown in Fig. 2 – extends to detect interactions at no additional cost.
Figure 2 illustrates how the binomialRF classifiers, with only 51 genes in breast can-

cer and 16 in kidney cancer, respectively, obtained comparable performances to that of
the highly-accurate black-box classifier with > 19,000 genes results (i.e., precision and
recall > 0.98). Furthermore, after identifying key statistical interactions (39 in breast, 11

Table 5 TCGA dataset validation
Model Time Test error Model size

5A. Breast cancer

binomialRF 83 (11) 0 (0) 27 (4)

RFE 100 (13) 0 (0) 692 (23)

Perm 112 (16) 0 (0) 1092 (39)

Vita 493 (88) 0 (0) 19,933 (10)

Boruta 1667 (617) 0 (0) 92 (3)

5B. Kidney cancer

binomialRF 51 (10) 0 (0) 48 (3)

RFE 67 (10) 0 (0) 592 (55)

Perm 73 (12) 0 (0) 867 (55)

Vita 315 (72) 0 (0) 19,760 (41)

Boruta 987 (363) 0 (0) 24 (2)

The algorithms in Table 1 were tested and compared using the TCGA breast cancer and kidney datasets, reporting the
mean (and standard deviation in parentheses). Half of the methods were not included as they encountered computation
or memory limitations in running the TCGA datasets

Fig. 2 Biomarker accuracies of the TCGA validation study. The TCGA validation study was conducted using
breast and kidney cancer datasets, accessed via the R package TCGA2STAT. The matched-sample datasets
were utilized to determine whether binomialRF could produce an accurate classifier via main effects and
interactions. Left, the two binomialRF classifiers (51 identified gene main effects; 39 identified gene-gene
interactions) and obtained a classifier as accurate as the original black-box RF model with all ~ 20,000
genes. Right, the two binomialRF classifiers (16 identified gene main effects; 11 identified gene-gene
interactions) obtained a classifier as accurate as the original black-box RF model with all ~ 20,000 genes
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in kidney), we validated their signal by building a classifier exclusively from them with
comparable accuracy.
To validate the identified interactions across both TCGA studies, we constructed net-

works of their pairwise statistical interactions and assessed whether the log-ratio of the
gene expression were distributed differently across tumor and normal samples. Figure 3
provides the statistical interaction networks, as well as exemplar cases of gene-gene in-
teractions in each study. For breast cancer, we present an interaction between SPRY2
and C0L10A1 and for kidney one between TFAP2A and SGPP1. In each study, the two
individual genes in isolation are expressed differently across normal-tumor samples in-
dicative of their discrimination power. Further, the log-ratios of both genes show an
additional level of statistical signal that is captured from the interaction, suggesting the
possibility of biological interaction.

Discussion
Numerical studies, RF-based feature selection techniques, efficiency gains, and

interactions

The averaged results across all simulation designs are presented in Table 3, with the
best values of each category bolded, separated into simulations with up to 2000 features
(Table 3A) and a set of analyses with 10,000 features (Table 3B) to account for rate-
limiting computational and memory challenges introduced by a number of techniques.
In low-dimensional numerical studies, techniques such as AUCRF and EFS result in
the smallest prediction error, showcasing their strength in the prediction task. The per-
mutation resampling strategy attains the highest recall, which provides users a tool to
identify gene products that are potentially relevant for a disease. Boruta, VSURF, and
binomialRF algorithms attain the highest precisions (positive predictive value) with rea-
sonable recall. The results in Table 3B illustrate the need to further develop techniques
to better operate in high-dimensional scenarios. Attaining a high recall while labeling
half the genome as significant is not ideal; on the other hand, attaining a high precision
in labeling only a handful of genes might miss some of the biology at play. The tech-
niques in Table 1 do not have a complete grasp of the signal in high-dimensional set-
tings suggesting to a.) continue developing and refining them, and b.) to enrich the
analyses at the pathway-level as previous studies have shown that this may facilitate sig-
nal detection [29] and introduce a biologically-meaningful dimension-reduction step.
Boruta and binomialRF have very similar performances despite sharing no structural

similarities (Boruta builds its selection based on creating phony variables to threshold
important ones, while binomialRF models splits via correlated Bernoulli trials). This is
likely since both impose a rigid cutoff for selection, resulting in small but highly precise
feature sets. However, due to these structural differences, binomialRF runs orders of
magnitude faster (see Fig. 1 and Table 4) and can explicitly identify statistical interac-
tions, resulting in computational and statistical advantages. The PIMP algorithm with
the default parameters resulted in many runs with no feature predictions, demonstrat-
ing poor performances. In various additional runs, we modified their function parame-
ters with similar results. binomialRF distinguishes itself with the most optimal memory
utilization and runtimes. However, it is worth noting that since the algorithm concen-
trates its search space in the root of the tree, this strategy of feature selection likely
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Fig. 3 Statistical interactions prioritized by binomialRF in TCGA cancers recapitulate known cancer driver
genes. The statistical interaction gene networks (Top) indicate the pairwise biomarker interactions identified
by the binomialRF algorithm for the breast (Left) and kidney (Right) cancer datasets. Key features are
involved in multiple interactors (super-interactors; e.g., SPRY2; COL10A1). Features names (gene products)
found in the literature as associated to cancer pathophysiology are shown in black; those also documented
as driving cancer genes in COSMIC are shown in green (Methods); the remainder are grey. Two exemplar
statistical interactions (one per dataset) are circled and the log expression of their gene products and of
their ratios are shown in the bottom panels. The distribution separation across tumor (green) and normal
(orange) cases indicates a potential interaction between these two genes across the cohorts
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results in attaining higher precision as the algorithm tries to find the features with the
largest impact in the decision tree. This trade-off translates to our algorithm missing
features with smaller impact that appear further down the tree, resulting in a lower re-
call, as seen in the simulation studies.
Strobl and Zeileis [30] demonstrate that i) the Gini importance (measure of en-

tropy) is biased towards predictors with many categories, and ii) that growing
more trees inflates anticonservative power estimates. To address (i), we recom-
mend the user evaluates sets of genes according to their baseline expression
levels [31]. For the latter (ii), the binomialRF uses ntree parameter (number of
trees; Table 6) to calculate a conservative cumulative distribution function (cdf)
rather than calculating an anticonservative Fj (Eq. 1), which mitigates the possi-
bility of overtraining. Our simulations were ran using 500 and 1000 trees with no
visible differences across results. We ran five additional simulations (seeding 5/
100 genes) using 100, 200, 500, 1000, and 2000 trees to determine the effect of
growing more trees. The median results indicate that as the number of trees in-
creases, the metrics tend to converge (data not shown), indicating a stability in
the number of trees. For the sampled features parameter, the percentage of fea-
tures tested in our analyses ranged from 20 to 60%. In addition, for the number
of features at each split, we recommend tuning this hyper-parameter via cross-
validation. The cross-validated binomialRF function (implemented in our R pack-
age) runs a grid-search of equally spaced proportions between 0 and 1 based on
the number of folds, and then returns the optimal proportion of features selected
for each split.
There are other complementary efforts to improve the efficiency of random forests.

Studies [32–35] focus on subspace sampling methods, reducing the search, and ensur-
ing diversity among the features or cases sampled to make the node-splitting process
more efficient, rather than biomarker discoveries. Other sets of techniques such as [36]
gain efficiency by modifying the learning process. These methods are independent of
feature selection and could be combined with any method from Table 1 to further im-
prove RF efficiencies.
binomialRF proposes an automated combinatoric memory reduction in the original

predictor matrix (Table 2), while other methods from Table 1 generally require rate-

limiting and memory consuming user-defined explicit interactions by multiplying the ð
P
kÞ interactions. One limitation of assessing memory computation is the inability to con-

duct a purely theoretical analysis of memory requirements. Further, it is difficult to as-
sess true memory load across different algorithms as some algorithms are serialized
while others offer distributed computing across cores. For example, some memory pro-
filing functions in R simply do not function properly in parallel, making such calcula-
tions unfeasible. We will continue looking into this in future studies.
Using trees to identify interactions dates back to [37] and partial dependence plots to

examine candidate feature interactions. Some algorithms identify sets of conditional or
sequential splits, while other strategies (i.e., [37]) measure their effect in prediction
error. More recently, works such as [31, 38] look at the frequency of sequence of splits
or “decision paths” as a way to determine whether two features interact in the tree-
splitting process. For example, iterative random forests (iRF) [38] identify decision
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paths along random forests and captures their prevalence, therefore benefitting from a
combinatoric feature space reduction in the interaction search. Similarly, BART conducts
interaction screening by looking at inclusion frequencies of pairs of predictors [31]. Both
of these techniques (one in a frequentist and the other in a Bayesian setting) use inclusion
frequencies to determine interaction importance and then provide additional tools to pro-
vide cutoffs. We extend on these by modeling decision paths (i.e., pairs of splits) as ex-
changeable but correlated Bernoulli random variables from which we can conduct
hypothesis tests. We construct our algorithm on the same principle of using sequence of
splits (i.e., decision paths) to identify interactions and extend them by introducing our
modeling framework. binomialRF automatically models these sequential split frequencies
into a hypothesis testing framework using a generalization of the binomial distribution
that adjusts for tree-to-tree data co-dependency. This contribution provides an alternative
p-value-based strategy to explicitly rank feature interactions in any order with the bino-
mialRF, using a simple modification of a user-determined parameter, k. In future studies,
we will focus our experiments and numerical analyses to compare techniques that are ex-
plicitly designed to identify interactions (i.e., binomialRF and iRF). Future work will also
aim to refine and polish interaction detection within the binomialRF framework and ex-
tend the preliminary results and techniques.
In future studies, we will extend these analyses beyond random forest classifiers and

compare binomialRF against variable selection techniques across other algorithms. For
main effects, a future study should consider comparing binomialRF to the L-norm fam-
ily of penalties in logistic regression (i.e., LASSO and elastic net), as well as importance
metrics in tree boosting models and neural networks, and variables selected in SVM al-
gorithms. To assess the efficacy of interactions and biological networks, one possibility
is to implement network-based and graph-based family of penalties in logistic regres-
sion. These simulation comparisons across other machine and statistical learning algo-
rithms must be carefully designed to not simulate data that would introduce biases nor
favor one set of methods over another, which is beyond the scope of the current study.
For example, in our simulation studies, the data were generated following a logistic dis-
tribution that would biasedly favor a logistic regression over binomialRF. Therefore, a
more comprehensive simulation with various generative models is required to ad-
equately compare binomialRF (and tree-based methods) to feature selection in general-
ized linear models, neural networks, and support vector machines.
Finally, datasets from the UCI and TCGA repositories were used to externally validate

the simulations. While the UCI datasets are not novel, they provide reliable benchmarks
for the machine learning community to measure against as well as confirmatory power to
the results of the simulations. In addition, validations with TCGA labels served as accur-
acy measurements (Table 5) in a high-dimensional setting (datasets had approximately 20
thousand features). As shown in Table 5, several of the algorithms listed in Table 1 were
unable to provide adequate analyses either due to computational or memory limitations,
limiting their usability in certain high-dimensional bioinformatics tasks.

Moving towards interpretable, white-box algorithms

In recent years, there have been substantial efforts to develop more human-
interpretable machine learning tools in response to the ethical and safety concerns of
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using ‘blackbox’ algorithms in medicine [21] or in high stake decisions [22]. A perspec-
tive on Nature Machine Intelligence [22], the Explainable Machine Learning Challenge
in 2018 [39], and other initiatives serve as reminders of the ethical advantages of using
interpretable white-box models over blackbox ones. Novel software packages and
methods (i.e., [40, 41]) bring elements of ensemble learning and RFs into the linear
model space to combine the high accuracy of ensemble learners with interpretability of
generalized linear models. Other initiatives such as the iml R package [41] provide
post-hoc interpretability tools for blackbox algorithms or provide model-agnostic strat-
egies “to trust and act on predictions” [42]. These white-box efforts are converging to-
wards producing more explanatory power that improves ethical and safe decision
making. Feature selection methods also improve the transparency of machine learning
methods. Further, there is a need to develop algorithms that can better illustrate how
they identify and rank features. Among feature selection techniques, binomialRF pro-
vides more explicit features and their interactions than conventional RF as well as a
prioritization statistic. This differs from the majority of other feature selection methods
that have been developed for RF, as they do not provide a prioritization among features
(Table 1; p-value = no). For those that provide p-values, they require memory intensive
and time-consuming permutation tests.
The feature selection algorithms in Table 1 are designed to take a high-dimensional

set of features (i.e., genes in a genome) and recommend or prioritize a small but im-
portant subset of them. They do this either via soft or hard decisions (i.e., p-value ranks
vs. sets of discovered genes), but do not provide directionality of effect (i.e., harmful v.
protective effect), limiting actionability. The binomialRF provides an effect size along
with a p-value, providing a small improvement in this direction to make these algo-
rithms more ‘white-box’ and interpretable, but it is still not a fully a white box algo-
rithm. In contrast, novel algorithms, such as TreeExplainer [43], provide great
visualization and model-interpretation tools that provide directionality for feature ef-
fects by measuring each feature’s contributions to the prediction. However, TreeExplai-
ner differs from the algorithms in Table 1 as it does not provide an automated or
decision-boundary-based mechanism to prioritize features. This does not allow for a
fair comparison between these methods, resulting in its exclusion from the analysis.
Thus, future work should incorporate the interpretive power of new algorithms (such
as TreeExplainer) into feature selection, in order to provide a set of prioritized genes as
well as the direction of their effect on the outcome.
As recent work by our lab and others have shown, there is a subspace of genomic classi-

fiers and biomarker detection anchored in pathways and ontologies [44–46] that has
yielded promising results in biomarker detection using a priori defined gene sets (i.e., GO
[47]). Hsueh et al. have explored the subdomain of ontology-anchored gene expression
classifiers in random forests [48]. They also discuss alternate statistical techniques avail-
able for geneset analyses and paved the way towards RF-based geneset analysis. In future
work, we will direct our efforts along this path and extend binomialRF to incorporate gene
set-anchored feature selection algorithms that explore pathway interactions.

Conclusion
We propose a new feature selection method for exploring feature interactions in ran-
dom forests, binomialRF, which substantially improves the computational and memory
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usage efficiency of random forest classifier algorithms and explicitly reveals RF Classi-
fier features for human interpretation. The simulation studies and theoretical analyses
compared to previous methods have shown that binomialRF attains a substantially im-
proved runtime (between 30 and 300 fold speed reduction) and a combinatoric reduc-
tion in memory requirement for interaction detection (a 500-fold and 170,000-fold
memory reduction, for 2-way and 3-way interactions in genomes with 1000 genes). Out
of the ten techniques, binomialRF is also among the top four most accurate (precision,
recall) across large scale simulations and benchmark datasets. In addition, in clinical
datasets, the prioritized interaction classifiers attain high performance with less than
1% of the features and produce pathophysiologically relevant features (evaluated via
curation and external reference standards). We have released an open source package
in R on GitHub and have submitted it to the CRAN (R archive) for consideration.
Machine learning algorithms are increasingly required to explain their predictions

and features in human-interpretable form for high stake decision making. Therefore,
there is a need for methods that provide explicit white-box-style classifiers with the
high accuracy rates otherwise observed in conventional blackbox-style algorithms (e.g.,
random forests). Among feature selection methods designed for random forests, bino-
mialRF proves to be more efficient and as accurate for exploring high order interactions
between biomolecular features as compared to ten published methods. This increased
efficiency for exploring complexity may contribute to improving therapeutic decision
making, which may address existing machine learning gaps in precision medicine.

Methods
We propose a new method for feature selection in random forests, binomialRF (Fig. 4),
which extends and generalizes the “inclusion frequency” strategy to rank features [25]
by modeling variable splits at the root of each tree, Tz, as a random variable in a sto-
chastic binomial process. This is used to develop a hypothesis-based procedure to
model and determine significant features. In the literature, there are a number of exist-
ing powerful feature selection algorithms in RF algorithms (Table 1). However, this
work proposes an alternative feature selection method using a binomial framework and
demonstrates its operating characteristics in comparison to existing technology. Table
1 illustrates the advantages of the proposed binomialRF as it is both p-value-based and
permutation-free, features not identified in our review of literature.

binomialRF notation and information gain from tree splits

Given a dataset, we denote the input information by, which is comprised of N subjects
(usually < 1000) and P features (genes in the genome; usually P≈ 25,000 expressed
genes). Genomics data typically represent the “high-dimensional” scenario, where the
number of features is much larger than the sample size N (e.g., “ P > >N ”). In the con-
text of binary classification, we denote the outcome variable by Y, which differentiates
the case and control groups (i.e., “healthy” vs. “tumor” tissue samples). Random Forests
(RF) are ensemble learning methods that train a collection of randomized decision
trees and construct the decision rule based on combining V individual trees. We denote
a random forest as RF = {T1,…, TV}. Each individual decision tree, Tz (z = 1, …, V), is
trained by using a random subset of the data and features. This randomization
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encourages a diverse set of trees and allows each individual tree to make predictions
across a variety of features and cases. Each tree only sees m< P features in the root
when it determines the first optimal feature for splitting the data into two subgroups.
The parameter, m, is a user-determined input in the random forest algorithm with de-

fault values set usually to either m¼
ffiffiffiffi
P

p
or m¼P

.

3
. Fj,z denotes the random variable

measuring whether feature Xj is selected as the splitting variable for tree Tz ’s root (Eq.
1):

F j;z ¼
1 ; if root Tzð Þ ¼ X j

0 ; otherwise

"
ð1Þ

This results in Fj, z following a Bernoulli random variable, Fj, z ∼ Bern(proot). In bino-
mialRF, to test whether the feature Xj is significant in predicting the outcome Y, we

Fig. 4 The binomialRF feature selection algorithm. The binomialRF algorithm is a feature selection
technique in random forests (RF) that treats each tree as a stochastic binomial process and determines
whether a feature is selected more often than by random chance as the optimal splitting variable, using a
top-bottom sampling without replacement scheme. The main effects algorithm identifies whether the
optimal splitting variables at the root of each tree are selected at random or whether certain features are
selected with significantly higher frequencies. The interaction-screening extension is detailed in Section 3.
Legend: Tz = zth tree in random forest; Xj = feature j; Fj = the observed frequency of selecting Xj; Pr =
probability; P = number of (#) of features; V = # of trees in a RF; m = user parameter to limit P; g = index of
the product
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build a test statistic F j¼
PV

z¼1F j;z to the the null hypothesis of no feature being signifi-

cant. One would expect that the probability of selecting a feature Xj is equal to that of
every other feature Xi. Therefore, under the null hypothesis, proot is constant across all
features and trees. Since trees are not independent as they are sampling the same data,
Fj follow a correlated binomial distribution that accounts for the tree-to-tree sam-
pling co-dependencies (Fig. 4). The following sections will describe combining the
probabilistic framework (2.3), the tree-to-tree sampling co-dependency adjustment
(2.4), and the test for significance (2.5).

Optimal splitting variable and decision trees

Consider a decision tree, Tz, in a random forest (Fig. 5). At the top-most “root” node,
m features are randomly subsampled from the set of P features, and the optimal split-
ting variable, Xopt, is selected as the best feature for separating two classes. Formally,
this is stated in Eq. 2.

Xopt ¼ argmaxX j Information Gainð Þ ð2Þ

Focusing on the root, under a null hypothesis, each feature has the same probability
of being selected as the optimal root splitting feature, denoted by proot = Pr(Xopt = Xj) ∀
j ∈ {1,…, P}. The random variable Fj, z (shown in Eq. 1) is an indicator variable that
tracks if Xj is selected as the optimal variable for the root at tree Tz . Fj, z is a Bernoulli
random variable, Fj, z ∼ Bern(proot). If all trees are independent, summing across trees

yields F j ¼
PV

z¼1F j;z (a binomial random variable). However, trees are not entirely in-

dependent since the sampling process creates a co-dependency or correlation across
trees.

Adjusting for tree-to-tree co-dependencies

Each tree in a RF samples n ⊂N observations either by subsampling or bootstrapping,
which creates a tree-to-tree sampling co-dependency, denoted as ρ. In subsampling, the

co-dependency between trees is exactly ρ≤n=m , whereas in bootstrapping, the co-

dependency is bounded above, i.e., ρ≤n=m . Therefore, in all cases, ρ≤n=m provides a

conservative upper bound on the co-dependency between trees. This upper bound ad-
justs for this tree-to-tree sampling co-dependency. Since the number of sampled cases

Fig. 5 Decision tree and node variables. In the binary split decision tree, X1 is the optimal splitting feature
at the root of the tree, and fX jg3j¼1¼fX1;X2; X3g is the optimal splitting sequence that indicates a

potential X1⊗ X2⊗ X3 3-way interaction, where the symbol “ ⊗ ” denotes interactions
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is determined by the user as a RF parameter, the tree-to-tree co-dependency is known
and does not require any estimations. Kuk and Witt both developed a generalization of
the family of distributions for exchangeable binary data [49, 50] by adding an extra par-
ameter to model for correlation or association between binary trials when the correl-
ation/association parameter is known. We model this co-dependency among trees by
introducing either Kuk’s or Witt’s generalized correlation adjustment in the correlbi-
nom R package [49], which is incorporated into the binomialRF model.

Calculating significance of main RF features

At each Tz, m < P features are subsampled resulting in a probability, proot, of Xj being
selected by a tree, Tz, as shown in Eq. 3:

proot ¼ 1 −
Ym

g¼1

P − g
P − g − 1ð Þ

1
m

# $# $
ð3Þ

Using Eq. 3, we can calculate whether Xj provides a statistically significant informa-
tion gain to discriminate among classes if Fj exceeds the critical value Qα, V, p, (where
Qα, V, p is the 1 − α th quantile of a correlated binomial distribution with V trials, p is
the probability of success, and ρ correlation). For multiple hypothesis tests, we adjust
our procedure for multiplicity using Benjamini- Yekutieli (BY) [51] false discovery rate.

Calculating significance of RF feature interactions

In classical linear models when detecting 2-way interactions, interactions are included
in a multiplicative fashion and treated as separate features with their own linear coeffi-
cients. Here, we denote Xi⊗ Xj as an interaction between features Xi and Xj. One con-
dition imposed in mathematical interaction selection is strong heredity which states
that if the interaction Xi⊗ Xj is included in the model, then their main effects Xi and Xj

must be included. Similarly, under weak heredity, at least one of the two main effects
must be included in the model if their interaction term is included. In the context of
linear models, several existing methods have been proposed to select interactions and
studied in terms of their feasibility and utility [52, 53]. Tree-based methods uniquely
bypass these conditions as strong heredity hierarchy is automatically induced resulting
from the binary split tree’s structure. As Friedman explains, trees naturally identify in-
teractions based on their sequential, conditional splitting process [38]. This “greedy”

search strategy reduces the space from all possible, ðP2Þ interactions, to only those se-

lected by trees, greatly reducing computational cost and inefficiencies in identifying in-
teractions. We generalize the binomialRF to model interactions by considering pairs or
sets of sequential splits as random variables and modeling them with the appropriate
test statistic and hypothesis test.
To modify the binomialRF algorithm to search for 2-way interactions, we add another

product term to Eq. 3 denoting the second feature in the interaction set to calculate p2
− way (Eq. 4).

p2 − way ¼
1
2

1 −
Ym

g¼1

P − g
P − g − 1ð Þ

1
m

# $# $# $
1 −

Ym

g¼1

P − 1ð Þ − g
P − 1ð Þ − g − 1ð Þ

1
m

# $# $# $% &
ð4Þ

Since we are interested in selecting interactions across variables, if Xj is selected at
the root node, then it is no longer available for subsequent selection. Thus, we replace
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P with (P − 1). Further, since the interaction can happen two different ways (via the left
or right child node), we include a normalizing constant of ½ to account for both ways
in which the interaction could occur. Figure 6a illustrates the binomialRF extension to
identify 2-way interactions by looking at feature pairs at the root node.
To generalize Eq. 4 into multi-way interactions and calculate pK −way, we first note

that for any multi-way interaction of size K in a binary split tree results in at most
2K − 1 terminal nodes. Therefore, there are 2K − 1 possible ways of obtaining the K-way
interaction (Fig. 6b). Thus, the normalizing constant in Eq. 4 is replaced with 2K − 1 in
Eq. 5 as a conservative bound on the probability. The product of two terms in Eq. 4 is
now expanded to the product of K terms (each term representing the probability of
selecting one individual feature in the interaction set), and (P − 1) is replaced with (P −
k) to account for sampling without replacement, which yields Eq. 5.

Fig. 6 Calculating RF features’ interactions. a 2-way Interactions. To extend the binomialRF algorithm for 2-
way interaction selection, we define the test statistic which reflects the frequency, Fij of the pair Xi⊗ Xj
occurring in the random forest. In particular, the probability of an interaction term occurring by random
chance is recalculated and normalized by a factor of a half. b K-way interactions, K = 4. Here, we illustrate
the tree traversal process to identify all 4-way interactions, !X4

i¼1, with each color denoting a possible
interaction path. The legend on the right shows how each interaction path results in a set of 4-way feature
interactions. In general, for any user-desired K, the k.binomialRF algorithm traverses the tree via dynamic
tree programming to identify all possible paths from the K-terminal nodes to the root, where K-terminal
nodes are all nodes K-steps away from the root node
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pK − way ¼
1

2K − 1

YK

k¼1
1 −

Ym

g¼1

P − kð Þ − g
P − kð Þ − g − 1ð Þ

1
m

# $# $# $
ð5Þ

Next, we update the hypothesis test and modify it to identify 2-way interactions for

all possible !XK
i¼1 sets.

Evaluation via simulations

To understand the strengths and limitations of the binomialRF feature selection algo-
rithm and to compare its performance with state-of-the-art methods, we conduct a var-
iety of simulations and trials against the Madelon benchmark dataset from the
University of California – Irvine (UCI), and clinical datasets from The Cancer Genome
Atlas (TCGA).
To evaluate each technique’s feature selection accuracy, we measure model size (# of

genes discovered), test error, variable precision and recall, and pure noise selection rate.
For variable precision and recall, we measure how precise the gene discoveries were
and what proportion of the seeded genes in the simulation they captured. Since preci-
sion is 1-False Discovery Rate (FDR), variable FDR is implicitly illustrated in Table 3
via the variable precision column, and states how much noise is detected on average
relative to the signal detected by the model. The pure noise statistic complements the
FDR analysis by analyzing how much pure noise the algorithm detects in absence of a
true signal. The five metrics listed above were measured using the equations below:

Model Size ¼ Genes discoveredj j; Precision ¼ TP
TP þ FP0 Recall ¼

TP
TP þ FN 0

Test Error ¼
X

i
y_i ¼ yi

' (
; Pure Noise Selection Rate ¼ # Uninformative features

# Total features

ð6& 10Þ

These simulation scenarios generate logistically-distributed data to mimic binary clas-
sification settings in gene expression data using parameters described in Table 6: gen-
ome size = the dimension of the X matrix, a coefficient vector β that denotes the
number of genes seeded linked to the outcome, and the number of trees V grown in
the random forest. The parameters used to grow the random forests were V = 500 and
1000 trees, while the number of features selected at each split was set to the default
value of 33% (see discussion for additional sensitivity analysis experiments on this par-
ameter). The first two parameters are used to generate the design matrix XN × P, gener-
ate the binary class vector Y using a logistic regression model.
To determine the performance of binomialRF in detecting important interactions, we

conduct a simulation study with 30 total features in which we seeded 4 main effects
and all 6 possible pairwise interactions. Since the interactions have to be explicitly
multiplied in the design matrix, all techniques except binomialRF had a design matrix

with all 30þ ð302 Þ = 465 features, and the task was to detect all 6 interactions. Since

binomialRF can detect interactions from the original design matrix, we used the

Table 6 Parameters settings for the simulation study
Parameter Values

Genome size (P) 100, 500, 1000, 2000, 10,000

Genes seeded (β) 5, 25, 50, 100

Number of trees (V) 500, 1000
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original matrix with 30 variables first to identify the main effects and then a second
time to identify interactions from main effects.
To evaluate computational runtime and efficiency, we measure the theoretical and

empirical results of running the feature selection algorithms (Table 1). To measure em-
pirical runtime, 3 simulation studies were run using simulated genomes with 10, 100,
and 1000 genes, and we measured their runtime (in seconds) 500 times across each sce-
nario. Figure 1 presents the boxplot of runtimes, measured in seconds and graphed in
incremental powers of 10 (i.e., 101, 102, 103, …), to illustrate the difference in magni-
tudes. To evaluate the theoretical computational efficiency of binomialRF, we compare
the theoretical memory requirements of each method described in Table 1 to identify
interactions. Since binomialRF can detect interactions using the original design matrix,
while other techniques require explicitly mapping the gene-gene interactions, Table 2
compares the memory gain attained across genomes with 10, 100, and 1000 genes when
trying to identify 2-way and 3-way interactions.

Evaluation in UCI benchmark and TCGA clinical sets

To determine the utility of the binomialRF feature selection algorithm in translational
bioinformatics, we conduct a validation study using data from the University of Califor-
nia – Irvine machine learning repository (UCI, hereinafter) and from The Cancer Gen-
ome Atlas (TCGA; Table 7). The UCI machine learning repository contains over 480
datasets available as benchmarks for machine learning developers to test their algo-
rithms. We present results for all techniques in the Madelon dataset and illustrate their
performances using classification accuracy metrics (cases) presented above in Eqs. (6-
10). Since true variables are not known in these datasets, variable selection accuracies
are not calculated. For the TCGA datasets, we only present results for a subset of the
methods that did not encounter memory or computation issues.
We selected the TCGA breast and kidney cancers as two representative datasets with

at least 100 matched normal-tumor samples (Table 7). The data were downloaded via
the R package TCGA2STAT [54], accessed 2020/01, using R.3.5.0. Both RNA sequen-
cing datasets were normalized using RPKM [55] and matched into tumor-normal sam-
ples. With many prior studies using the TCGA datasets, our goal was to conduct a
binomialRF case study to i) confirm the clinical findings, ii) attain similar prediction
performance, and iii) evaluate qualitatively the main effect features and their prioritized
interactions. To validate the binomialRF interaction algorithm, we extend the validation
of the TCGA datasets by proposing statistical gene-gene interaction discoveries and
build a classifier from these interactions. We then evaluate their cancer relevance in
two ways: (i) a review of literature by trained curators to identify the involvement of

Table 7 TCGA validation study datasets
Description Breast cancer Kidney cancer

Cohort 194 matched tumor-normal samples 130 matched tumor-normal samples

Outcome prediction 97 tumor,
97 normal samples

65 tumor,
65 normal samples

Access TCGASTAT;;getTCGA TCGASTAT;;getTCGA
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these transcripts in cancer pathophysiology, and (ii) a comparison of transcripts with
the cancer-driving genes of the COSMIC knowledge-base [56].

binomialRF implemented as open source package

The binomialRF R package, wrapping around randomForest R package [57], is freely
available on on CRAN (stable release), with accompanying documentation and help
files while experimental updates are released on the Github repository (https://github.
com/SamirRachidZaim/binomialRF). The following repository contains all the code and
results presented in this manuscript (https://github.com/SamirRachidZaim/bino-
mialRF_simulationStudy).
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Abstract 
Motivation: The overarching goal is a proof-of-concept to present a unified framework for combining 
precision medicine, interpretable features using ontological informatics, and cutting-edge machine 
learning to enable small-sample classifiers in precision medicine. The proposed solution lies in 
combining single-subject studies to prioritize high-signal patient-centric features, and scaling these for 
identifying interactions in ultrahigh-dimensional spaces to create accurate, small-sample classifiers.  
Results: In a case study in human rhinovirus and asthma, preliminary results indicate prioritizing 
pathways with higher patient-centric variability can increase classifier accuracy. These results 
combined with a classifier trained on as little as 3 pairs of imputed pathway-interactions can predict 
asthma exacerbation as accurately as a classifier with 3,507 pathways. In addition, a dimension-
reduction analysis using a “coefficient-of-dysregulation” statistic to prioritize pathways yielded a higher 
accuracy in the classifier. The imputed pathway interaction network identified with binomialRF yielded 
candidate pathway-pathway interactions (i.e., GO:0016570 and GO:0032760 previously linked to acute 
influenza virus and viral respiratory infections). In addition, these networks enriched GO-Module 
prioritized “up-stream” signal, resulting in a refined, pathway interaction network.  
Availability: The binomialRF R package (v0.99.2) is available for download in the CRAN repository, and 
the SamirRachidZaim/ontology-anchored-machine-learning-for-precision-medicine GitHub repository 
contains the code used to conduct this study.  
Contact: yves@arizona.edu  
Supplementary information: Supplementary data are available at Bioinformatics online. 

 
 
1 Introduction  
      In recent years, machine learning (ML) has become a staple of 
computational biology and bioinformatics in large cohort studies with 
sample sizes powered to support computationally demanding techniques 
in machine learning – including entire books and reviews written on ML 

in bioinformatics [1-6]. The challenge is not machine learning itself, nor 
is the application necessarily novel. The challenges arise from the small 
sample sizes available for the microstratification required by precision 
medicine and the disproportionally large feature space to explore at the 
Omics scale. Traditionally, since ML usually requires many samples to 
learn model elements like weights, coefficients, or decision rules [7], 
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applying these techniques in small samples is usually not viable. 
Therefore, in precision medicine and small-sample studies, ML may likely 
provide more challenges rather than opportunities.  
      In contrast, personalized analytics and N-of-1 frameworks have 
proven useful in aggregating a sparse and unstable molecular signal in 
gene set-level mechanisms in single-subject studies [8-13]. An overview 
of these patient-centric models by Vitali et al. [14] describes the state-of-
the art technology of single-subject transcriptomic studies. Our work [8] 
illustrates the benefits of ontology-based approaches in single-subject 
studies and how the use of biomolecular gene sets derived from ontologies 
provides a generalized, flexible framework for aggregating heterogeneous 
gene-product-level signal into mechanistic behavior.  
       Therefore, it is essential to be able to combine the aforementioned 
personalized analytics, which increases the signal-to-noise ratio of 
features within subjects, with machine learning cross subjects to develop 
a unifying framework for machine learning applications in precision 
medicine. Gardeux et al. led one of the earliest studies [15] that introduced 
a unifying framework for ontology-anchored machine learning for 
precision medicine. Their genome-by-environment (GxE) interaction 
“virogram classifier” illustrated how a patient-centered clinical “stimulus-
response” assay could be incorporated into an ontology-anchored 
machine-learning classifier by using patient-specific biologically-relevant 
dimension reduction techniques (N-of-1-pathways method).  
      In addition to developing a classifier, identifying important 
components of the ML model can inform decisions (i.e., feature selection). 
Specifically, random forest[16] models are a particularly common tool in 
bioinformatics for identifying and ranking gene products. In [17], we 
provided an overview of the feature selection tools available in random 
forest classifiers as well as presented the binomialRF R package, a 
random-forest-based feature selection tool that scales to identify multi-
way interactions. Similar to approaches described by Basu et al. [18], 
binomialRF uses sequential-splits and tree-traversal algorithms to identify 
feature combinations that interact more often than by random chance. 
Given the difficulty of identifying interactions (i.e., a Non-polynomial 
time task) that grow combinatorically in the number of dimensions, there 
are only a limited set of tools addressing this problem in linear models 
(i.e., RAMP [19]) and ML-based classifiers (i.e., [17, 18]). Preliminary 
simulation and clinical validation results in [17] indicated binomialRF’s 
utility to identify transcript-transcript interactions using large cohorts in 
breast and kidney cancer datasets from The Cancer Genome Atlas [20].  

In this study, we propose a single-subject-study approach that 
increases the signal-to-noise ratio to obtain accurate supervised random 
forest classifiers in spite of small cohort sizes and massing cardinality of 
interacting features. Using the N-of-1-pathways + random forest [16] 
classifier strategy by Gardeux et al. [15] as the basis for this study, we 
demonstrate how the binomialRF algorithm can be used to accurately 
classify pathway-pathway interactions and generalize the concept of 
biomolecular interactions into human-interpretable scales of biology. 
Organization of the classifier features are conducted a posteriori  by using 
algorithms like GO-Modules [21] to identify hierarchical  clusters of 
mechanistic processes that involve directed acyclic graphs (DAGs). In 
section 2, the methods are presented, illustrating the software, datasets, 
and experimental design. This is followed by the results in section 3, and 
a final section with limitations, future studies, and concluding thoughts.  

2 Methods 

     We propose a novel framework for ontology-anchored Machine 
Learning methods designed for small Omics cohorts associated to the 

microstratification required by precision medicine. We demonstrate its 
utility to increase the signal-to-noise ratio in feature sets of massive 
cardinality by identifying pathway-pathway interactions using existing 
and novel clinical study datasets. The proof-of-concept is conducted using 
a pair of published human rhinovirus datasets (Table 1). The data, 
software, and analytical plan are presented in the following sub-sections.  

2.1 Study Design 

     The experimental design and architecture are presented in Figure 1. 
The data collection begins with a “Two-Condition-Without-Replicate” 
(TCWR) experimental design. In TWCR, a subject serves as its own 
baseline or control, in a clinical stimulus-assay design. For example in 
GSE17156 [22], healthy individuals had peripheral blood mononuclear 
cell (PMBCs) samples collected before and after human rhinovirus (HRV) 
inoculation. This is followed by the N-of-1-pathways dimension reduction 
data transformation in which gene products (i.e., transcripts) are 
aggregated into pathway-level features using Gene-Ontology Biological 
Processes (GO-BP) [23]. This dimension-reduction transformation scales 
the data from transcript-to-pathway level information while preserving 
patient-centric information on pathway dysregulation. Finally, the N-of-
1-pathways-transformed data serves as the input for the binomialRF 
random forest classifier to identify pathway-pathway interactions. The 
prioritized interactions are then used to re-train a classifier to measure 
accuracy and are then visualized on a network (using Cytoscape), and GO-
Modules [21] is used to prioritize, up-stream mechanistic features on the 
network.   
 

  
Figure 1. Study architecture for accuracy testing of ontology-anchored 
Machine Learning methods for precision medicine. The first component is 
a clinical “stimulus-response” assay in which PBMCs are used to measure a 
response to a particular stimulus (i.e., HRV inoculation). Once the RNA has 
been extracted from the PBMCs, the second step is to use the gene-expression 
data to identify patient-centric pathway information using N-of-1-
pathways and GO-BP. Finally, once these first two components are complete, 
the resulting data is cascaded into the binomialRF feature selection algorithm 
to train a classifier on induced pathway interactions.  

2.2 Datasets 

     The HRV component is composed of a pair of clinical trials that are 
described in Table 1. The underlying clinical hypothesis was to determine 
if HRV inoculation response in the [22] dataset could be used to train a 
classifier that could predict asthmatic exacerbation in the [15] study cohort. 
Data processing steps for both datasets are detailed in the [15], and we use 
the data, as is, in these original studies to preserve fidelity and allow for 
transparent comparisons.  
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Table 1. Datasets for Human Rhinovirus (HRV) Clinical Validation 

 
Duke HRV Clinical Trial 

(discovery set) 

Arizona HRV Asthma  

Clinical Trial (validation set) 

Platform Affy. Human Gene U133A 
2.0 

Affy. Human Gene 
1.0ST33297 

Source GSE17156 [22]  

Protocol 
Pre/post PBMC samples 

collected after HRV 
inoculation 

In vitro PBMC isolation with 
HRV stimulated or 

unstimulated 

Subjects 
19 healthy volunteers  

(10 symptomatic,  
9 asymptomatic) 

23 asthmatic patients  
(12 recurrent exacerbations, 

11 non-recurrent exacerbations) 
 

2.3 Data preprocessing  

As detailed in [15], in the HRV datasets, the gene expression data were 
normalized using Robust Multiple-array Average[24] (normalized two 
samples at a time to avoid single-subject-study biases) from Affymetrix 
Power Tools [25], followed by a log2 transformation. To get 
individualized mechanistic information for each patient, the N-of-1-
pathways [12] transformation  was applied for each patient’s paired gene 
expression sample, resulting 12 157 common genes in both datasets. The 
resulting transformations in the original study [15] were preserved to 
maintain fidelity and congruency in the results.  

2.4 Pathway “Coefficient of Dysregulation” 

An additional data preprocessing step in this study included a signal-to-
noise degradation component in which we prioritize pathways based on 
the number of times it was dysregulated across subjects. Pathways in 
which all patients demonstrated no dysregulation provide zero signal in 
classifier development, thus, this prioritization is approximately 
equivalent to a “coefficient-of-variation” ranking. We denote this as a 
“coefficient of dysregulation”, CD. We implement filters in which 
pathways are dysregulated in 1, 3, 5, and 7 subjects, and compare the 
feature selection and classifier accuracy results.  

2.5 Pathway Interaction and Classifier Development 

The binomialRF algorithm detects and ranks a list multi-way 
interaction. The main parameter, 𝜌, which denotes the correlation among 
trees was tuned to a value of 𝜌∗ = 0.4 via various experiments to balance 
a moderate proportion of the data (in small-samples) and minimize tree-
to-tree correlation in the results. With the prioritized set of pathway 
interactions we construct a classifier in two ways. The first is to take the 
unique union of all features identified in the interactions and construct a 
random forest classifier from the individual features. We call this 
implicitRF.  The second is to create a novel set of features resulting from 
the product of interactions, so that if the GO terms XX1 =1 and XX2=-1, 
then the XX1_XX2 interaction is set -1, creating an explicit variable for 
the interaction (equivalent to a multiplicative interaction in a linear 
model). We call this explicitRF. The implicitRF results are presented and 
compared to baseRF which is a random forest classifier trained on all 

features, without prioritization. The explicitRF were omitted as they 
resulted in poorer performance, showing no additional gain.   

2.6 Network Visualization and GO-Module 

The binomialRF statistical interaction network was constructed using 
CD = 5, averaging the results over 500 runs to demonstrate the strength of 
individual interactions. The averaged results over all 500 runs were 
visualized using Cytoscape and demonstrate all plausible interactions, 
rather than the interactions detected in a particular run. In addition, results 
are enriched using GO-Module to prioritize hierarchical GO-terms in our 
results.  

2.7 Software and Computing Environment 

 
The analyses were conducted locally in a 16 GB i5 MacBook Pro using 

R 3.6.3. The N-of-1-pathways and binomialRF R packages were used as 
the basis for single-subject pathway-enrichment and machine learning 
interaction feature selection, respectively. In tandem, the GO-Module [21] 
web application and the Cytoscape [6] tools were used to prioritize and 
visualize pathway-pathway interaction networks. The code used to 
conduct this study is available on GitHub in the 
SamirRachidZaim/ontology-anchored-machine-learning-for-precision-
medicine repository.  

3 Results 

     The numerical studies for the HRV clinical validation are presented in 
this section with supplementary code and analyses included in our 
repository.  Tables 2 and 3 in tandem with Figures 2 and 3 demonstrate 
the dimension-reduction space and the average performance over 500 runs 
in each of these feature and interaction spaces to highlight the behavior 
and stability of the binomialRF interaction detection algorithm. These 
numerical studies are followed by visualizations and ontological analyses 
using GO-Module, with results highlighted in Figure 4 and Table 4.  

3.1 Overall Accuracy and Numerical Studies  

      Figure 2 presents the overall classification accuracy of the following 
random forest algorithms: 

(1) baseRF: classifier trained on all pathway features, 
(2) binomialRF pathway: classifier trained on pathways prioritized 

by binomialRF, 
(3) binomialRF interaction: classifier trained on pathway 

interactions prioritized by binomialRF, 
(4) Gardeux: optimal RF classifier [15]. 

      The results indicate that a classifier based on a few prioritized 
pathways or pathway-interactions can predict asthma exacerbation as 
accurately as a classifier with 3507 features. The difference in results 
between the binomialRF and the Gardeux classifier likely stems from the 
fact that one was trained to optimize on predictive accuracy while the other 
on feature selection. In any case, these all indicate higher precision and 
recall than a classifier naively trained on all features.  
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Figure 2.  Averaged Precision-Recall values across all experiments 
indicate that a classifier can be trained on imputed pathway interactions. 
The four classifiers presented above were all trained using pathways as 
features as a transcript-based classifier attained a lower performance (data not 
shown), with three of these classifiers being trained in the current study and 
being compared to the optimal Gardeux classifier in [15].  

3.2 Refining Pathway-based Classifiers Based on 
Coefficient of Dysregulation 

      The analyses in this section correspond to using the coefficient of 
dysregulation to prioritize pathways that indicate higher incidences of 
altered mechanistic expression across the single-subject studies. This 
prefiltering results in an unbiased, unsupervised pathway prioritization, as 
the N-of-1-pathways transformation does not consider “group” 
assignment (i.e., their phenotype is not considered), resulting in 
biologically-relevant, unsupervised learning dimension reduction. In 
Table 2, the results of such prioritization are listed using the discovery set 
of 19 patients, indicating how an original dataset containing 3507 gene 
sets can be reduced to several hundred [or dozen] prioritized pathways, 
combinatorically reducing an ultrahigh-dimensional pathway-interaction 
space.  

Table 2. Biologically-informed, unsupervised dimension-reduction 
substantially reduces the number of pathways and interactions 
(Legend: CD = Coefficient of Dysregulation) 

CD Number of SSS 
Mechanistic features 

Number of SSS 
Mechanistic Interactions  

1 2175 gene sets 4,730,625 gene set interactions 
3 1512 gene sets 2,286,144 gene set interactions 
5 960 gene sets 921,600 gene set interactions 
7 550 gene sets 302,500 gene set interactions 
9 312 gene sets 99,856 gene set interactions 
12 98 gene sets 9,604 gene set interactions 
15 4 gene sets 16 gene set interactions 

 

 

Figure 3.  F1-scores across all experiments indicate that a classifier’s 
accuracy converges towards an improved performance after 
unsupervised dimension-reduction pathway prioritization. The F1-score, 
a harmonic mean of Precision and Recall, captures a classifiers overall 
performance. Their trends across the experiments indicate that, on average, 
the binomialRF pathway and interaction classifiers’ improvements converge 
towards a more stable classifier, as the variability decreases from CD=1 to 
CD=12, whereas the baseline classifier remains virtually unchanged and then 
experiences a jump at CD =12. This suggests that all classifiers may benefit 
from such a procedure, though the benefit is more apparent in classifiers that 
employ pathway-prioritization components in their pipelines. In addition, the 
results indicate that after a certain threshold, there is excessive filtering which 
hurts a classifier, suggesting a data-driven optimum must be calculated.  

       The boxplots in Figure 3 and the tabular results in Table 3 indicate 
that implementing a feature dimension reduction step using the 
“coefficient of dysregulation” (i.e., CD) statistic can improve a classifier’s 
accuracy by filtering, low-variance pathways. The harmonic mean (data 
not shown), which combines the precision and recall metrics, continuously 
increases until CD=12, and then it decreases, indicating a potential local 
maximum in the dataset. As shown in Table 2, this mechanistic and 
unbiased feature prefiltering when combined the binomialRF greatly 
reduces the search space from an ultrahigh-dimensional interaction space 
into a feature space, which improves a classifier’s accuracy. These results 
demonstrate that an unsupervised learning anchored on single-subject 
studies procedure combined with a supervised learning feature selection 
process helps improve classifier accuracy.    

Table 3. HRV clinical study results indicate that pathway 
prioritization combined with feature and interaction selection can 
increase precision and recall in small-sample classifiers. (Legend: CD 
= Coefficient of Dysregulation. Averaged results are presented with 
standard deviations included in parentheses.)  

CD baseRF 
binomialRF 

pathway 

binomialRF  

interaction 

 Precision Recall Precision Recall Precision Recall 

1 0.7 (<0.1) 0.58 (<0.1) 0.68 (0.1) 0.65 (0.1) 0.70 (0.1) 0.60 (0.1) 

3 0.7 (<0.1) 0.58 (<0.1) 0.67 (0.1) 0.67 (0.2) 0.71 (<0.1) 0.59 (0.1) 

5 0.7 (<0.1) 0.58 (<0.1) 0.67 (<0.1) 0.68 (0.1) 0.72 (<0.1) 0.59 (0.1) 

7 0.7 (<0.1) 0.58 (<0.1) 0.71 (0.1) 0.63 (0.1) 0.71 (<0.1) 0.59 (<0.1) 

9 0.7 (<0.1) 0.58 (<0.1) 0.72 (<0.1) 0.63 (<0.1) 0.70 (<0.1) 0.59 (<0.1) 

0

1 5 73

0.25

0.5

1

0.75

F1-Score

Coe cient of Dysregulation

Legend baseline binomialRF
interaction

binomialRF
pathway

12 159
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12 0.73 (<0.1) 0.67 (<0.1) 0.69 (<0.1) 0.74 (<0.1) 0.73 (<0.1) 0.68 (<0.1) 

15 0.7 (<0.1) 0.58 (<0.1) 0.7 (<0.1) 0.58 (<0.1) 0.70 (<0.1) 0.58 (<0.1) 

3.3   Visualization and Mechanistic prioritization using 
GO-Module. 

 
      The pathway-pathway interaction networks in Figure 4 illustrate an 
exemplar case study of the network of pathway-pathway interaction 
discoveries identified by the binomialRF algorithm. Table 3 provides each 
GO-Term in the interaction listed with their description. The GO-Module 
analysis combined with the interaction network prioritizes “up-stream” 
signal, in the hierarchy of GO-BP, resulting in a refined, pathway 
interaction network that removes potential redundancies or false positives. 
The false positive GO-term (GO:0016569), a covalent chromatin 
modification, was removed from the network by GO-Module as a 
redundant, down-stream discovery, since it is a direct child of the 
GO:0016570 histone modification GO-term and is therefore omitted from 
Table 3. In addition, both GO:0016570 and GO:0032760 (positive 
regulation of tumor necrosis) have previously been linked to an acute 
influenza virus and viral respiratory infections [28], indicating a potential 
candidate for a biological pathway interaction.  

4 Discussion, Limitations, and Future Studies 

One of the key highlights of this study is the ability to exploit high-
dimensional (i.e., genome and pathways) and ultrahigh-dimensional (i.e., 
interactions) spaces in small-sample studies to create classifiers for 
precision medicine. Our clinical study was composed of two independent 
datasets, a discovery cohort of 19 subjects and a validation set of 23. 
Pathway-mechanistic transformation of single-subject studies (SSS) 
enable feature prioritization in ultrahigh-dimensional spaces to create 
classifiers in small cohorts. Since these SSS already select mechanisms 

present in many subjects without looking into group assignments, they 
present an unbiased, unsupervised learning dimension reduction step with 
pathophysiological relevance. As seen in Table 2, the optimal classifier 
arose after prioritizing pathways altered in at least 12 subjects, which 
reduced the feature space from 3507 to 98 gene sets (and to ~9600 
interactions).  

Table 4. GO-Module + binomialRF Interaction Prioritization.  

Pathway1: Description Pathway 2: Description  

GO:0016570: histone modification GO:0035150 regulation of tube size 
GO:0002821: positive regulation of 

adaptive immune response 
GO:0016570 histone modification 

GO:0015672: monovalent inorganic 
cation transport 

GO:0016570: histone modification 

GO:0016570: histone modification GO:0032760: positive regulation of tumor 
necrosis factor production 

GO:0016570: histone modification GO:0042475: odontogenesis of dentin-
containing tooth 

GO:0016570: histone modification GO:0042590: antigen processing and 
presentation of exogenous peptide 
antigen via MHC class I 

GO:0016570: histone modification GO:0051781: positive regulation of cell 
division 

GO:0016570: histone modification GO:0061138: morphogenesis of a 
branching epithelium 

This dimension reduction allows a classifier to not only retain features that 
contain the most variability, but also to explore multiway interactions that 
can unveil disease-specific mechanistic relations. In addition, pathway-
anchored classifiers have the potential to bypass limitations associated 
with detecting platform-specific signal, resulting in more stable 
mechanistic-driven classifiers.  

There are a number of limitations with the current study that must be 
either addressed in future studies, or at the very least taken into 
consideration when analyzing these results. We present each limitation 
with its corresponding potential set of future studies to address them.  

The main major limitation is the lack of simulation studies that are 
needed to fully understand the operating characteristics of pathways and 
mechanistic behaviors. The challenge with designing such simulations is 
not trivial and are thus beyond the scope of this proof-of-concept. For 
example, such a simulation would require modeling a synthetic 
transcriptome with altered expression among subjects (i.e., [8]). In 
addition, it would then require modeling complex relationships of 
transcripts in inter- and intra-pathway structures. Furthermore, since 
machine learning tends to require larger sample sizes, a simulation is 
required to understand its operating characteristics as a function of sample 
size. 

Despite being sufficiently powered to detect a handful of interactions 
with only 20 patients, further studies are required. Finally, it would then 
require simulating a set of DAG-like pathway-relationships that identify 
up-stream and down-stream hierarchies in an ontology. Each of these 
components, individually, can and have been modeled in simulation 
studies. However, jointly, they present an intricate challenge in which the 
competing effects of each simulation dimension creates additional 
obstacles for properly modeling simulation scenarios across phenotypic 
conditions.  

Another set of limitations to be addressed in future studies are related 
to the binomialRF algorithm, since it is purely data-driven and does not 
incorporate ontological knowledge, resulting in “naïve” interactions. One 
way to introduce ontologies to reduce the search space would be to ensure 
that in each tree, only pathways at least a certain “ontological-distance” 
away from the splitting node are allowed, in order to not select parents and 
children in a DAG as “interactions”. Currently, we use GO-Module in a 
post-hoc process to overcome this limitation, but implementing distance-

 

Figure 4:  GO-Module Analysis Unveils a Refined Pathway-Interaction 
Network. Panel A) The results from the binomialRF pathway interaction 
classifier resulted in a pathway interaction network of GO terms deemed 
significant. Panel B) These pathway-interaction discoveries were enriched 
using the GO-Module web application to prioritize up-stream. The node 
GO:0016569, a covalent chromatin modification, is a child of the 
GO:0016570 histone modification GO-term, and was therefore removed from 
the network by GO-Module as a redundant, down-stream discovery.  

binomialRF: statistical pathway 
interaction network

A) Naive Pathway Interaction Network

B) GO-Module Enriched Pathway
Interaction Network
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based penalties in the binomialRF would allow for computationally 
efficient interaction searches that ensure that the interaction results 
prioritize different mechanisms in the ontology. 

5 Conclusion 

The overarching goal in this proof-of-concept study is to improve the 
state of the art in the technology and techniques for precision medicine by 
making machine learning more interpretable and enabling small-sample 
classifiers. The proposed solution lies in using single-subject-study 
anchored dimension reduction in combination with machine learning to 
identify patient-centric mechanisms that are sufficiently powered to create 
small-cohort classifiers. Through the use of ML-identified pathway 
interactions, GO-Module, and Cytoscape, we are able to visualize and 
discover candidate mechanistic properties arising from single-subject 
experimental design that may unveil novel disease properties. This proof-
of-concept introduces additional opportunities for further machine 
learning advancements in precision medicine and provides an illustration 
of a novel area of applications, in addition to recommendations for future 
research areas. We present a preliminary framework for future studies to 
use random forests to identify novel pathway-pathway interactions and 
present the challenge of generalizing this approach to other biologies of 
scale, ‘Omics, and machine learning algorithms. Further, this proof-of-
concept demonstrates the potential to develop and offer more applications 
of machine learning in computational biology – which in tandem with 
single-subject studies – promises a future of expanded opportunities in 
ontology-anchored machine learning for precision medicine. 
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