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ABSTRACT 

Biomedical data science is a multi-disciplinary field concerned with the collection, storage, 

and interpretation of biomedical data that uses annotation, algorithms, and analysis to 

extract knowledge and insights from structured and unstructured data to be used in the 

development and evaluation of diagnostic tests, prognostic predictions, and therapeutic 

interventions. Biomedical data scientists perform this work using biomedical data that 

arises when samples are subjected to biochemical assays to quantitively or qualitatively 

investigate their pathophysiological characteristics. Increasingly, biomedical data are 

generated at single-cell resolution and have consequently become far more hierarchical and 

multimodal in nature – that is, levels of organization encapsulate one another (e.g., samples 

belonging to subjects are made up of cells) and multiple biological modalities are profiled 

simultaneously. The paradigm shift adds significant complexity to the collection, storage, 

management, and analysis of biomedical data, but brings with it the promise of 

unprecedented insights to be gained from integrative analyses. These analyses are the focus 

of this dissertation, where the challenges of integrating biomedical data across multiple 

modalities, timepoints, and studies are examined through three research projects. 
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Challenges related to multimodal analysis of biomedical data will be explored through the 

development of MultimodalExperiment, a data structure that appropriately and efficiently 

represents multiomics data that is hierarchical, multimodal, and/or longitudinal in nature. 

A schematic of and methods for the data structure will be presented along with example 

usage to demonstrate how current challenges of alternative data structures are overcome, 

ease of data management is improved, and computational/storage efficiency is optimized. 

Challenges related to longitudinal analysis of biomedical data will be explored in the 

context of a cohort study of cancer patients being treated with anti-programmed cell death 

protein 1/programmed cell death ligand 1 immunotherapies at Boston Medical Center. The 

progression-free survival status of study participants will be analyzed using linear mixed-

effects models which incorporate longitudinal high-dimensional metabolomics data. Maps 

of metabolic pathways and a hypothesis will be presented to explain serum metabolites that 

are associated with progress-free survival status and possibly therapeutic efficacy.  

Challenges related to mega-analysis of biomedical data will be explored through the 

creation of a pipeline to preprocess transcriptomics data from human host infected with 

tuberculosis to support machine learning and other tasks. The details of original software 

developed to provide more than 10,000 samples of clean high-quality machine learning-

ready data from all related and eligible studies in the Gene Expression Omnibus repository 

will be illustrated. The importance improving diagnostic testing and therapeutic 

interventions for tuberculosis disease will be highlighted in the context of these data, and 

the specifics of why they represent a key ingredient for machine learning that helps 

overcome current challenges in the field will be explained.  



 

 vi 

TABLE OF CONTENTS 

ABSTRACT ....................................................................................................................... iv 

TABLE OF CONTENTS ................................................................................................... vi 

LIST OF TABLES .......................................................................................................... viii 

LIST OF FIGURES ............................................................................................................ ix 

LIST OF ABBREVIATIONS ............................................................................................. x 

CHAPTER ONE .................................................................................................................. 1 

Introduction ..................................................................................................................... 1 

Multiomics Data .......................................................................................................... 1 

Multimodal Data .......................................................................................................... 3 

Longitudinal Data ........................................................................................................ 4 

Mega-Analysis ............................................................................................................. 4 

Dissertation Aims ............................................................................................................ 5 

Aim One ...................................................................................................................... 5 

Aim Two ...................................................................................................................... 5 

Aim Three .................................................................................................................... 6 

CHAPTER TWO ................................................................................................................. 7 

MultimodalExperiment .................................................................................................... 7 

Introduction ................................................................................................................. 7 

Methods ..................................................................................................................... 10 

Results ....................................................................................................................... 13 

Discussion .................................................................................................................. 25 



 

 vii 

CHAPTER THREE ........................................................................................................... 27 

Metabolomics of IO Therapy ........................................................................................ 27 

Introduction ............................................................................................................... 27 

Methods ..................................................................................................................... 28 

Results ....................................................................................................................... 30 

Discussion .................................................................................................................. 42 

CHAPTER FOUR ............................................................................................................. 44 

tuberculosis .................................................................................................................... 44 

Introduction ............................................................................................................... 44 

Methods ..................................................................................................................... 47 

Results ....................................................................................................................... 50 

Discussion .................................................................................................................. 53 

CHAPTER FIVE ............................................................................................................... 55 

Conclusions ................................................................................................................... 55 

LIST OF JOURNAL ABBREVIATIONS ........................................................................ 58 

BIBLIOGRAPHY ............................................................................................................. 61 

CURRICULUM VITAE ................................................................................................... 75 

 

  



 

 viii 

LIST OF TABLES 

Table 2.1. MultimodalExperiment API Reference. ........................................................... 11 

Table 3.1. Demographic and Clinical Characteristics. ...................................................... 31 

Table 3.2. Primary and Secondary Outcome Measures. ................................................... 32 

 

  



 

 ix 

LIST OF FIGURES 

Figure 1.1. Multiomics Data Represented as Matrices. ....................................................... 1 

Figure 1.2. Interrelationships Between Types of Multiomics Data. .................................... 2 

Figure 2.1. MultimodalExperiment Schematic. .................................................................. 9 

Figure 2.2. MultimodalExperiment Constructor. .............................................................. 12 

Figure 2.3. Rows/Columns of Vignette Data. ................................................................... 13 

Figure 2.4. Construction of a MultimodalExperiment. ..................................................... 14 

Figure 2.5. Maps After Initial Propagation. ...................................................................... 15 

Figure 2.6. Maps After Type Specification. ...................................................................... 16 

Figure 2.7. The cellMap After Cell to Sample Specification. ........................................... 17 

Figure 2.8. Maps After Sample to Subject Specification. ................................................. 18 

Figure 2.9. Maps After Harmonization. ............................................................................ 20 

Figure 2.10. Outer Join of All Maps. ................................................................................. 21 

Figure 2.11. The ME Object Without Annotations. .......................................................... 22 

Figure 2.12. Creations of ME Annotations. ...................................................................... 23 

Figure 2.13. The ME Object with Annotations. ................................................................ 24 

Figure 2.14. Potential RNA-seq Applications. .................................................................. 26 

Figure 3.1. Metabolites Associated with Progression-Free Survival Status. .................... 36 

Figure 3.2. Tryptophan, Folic Acid, and Lysine Metabolism. .......................................... 39 

Figure 3.3. ATP Synthesis by Purine Synthesis and Salvage. ........................................... 41 

Figure 4.1. Data Provenance in the tuberculosis Package. ................................................ 46 

Figure 4.2. GEO Records Initially Included in tuberculosis. ............................................ 51 

Figure 4.3. Example Usage of the tuberculosis Package. .................................................. 52 



 

 x 

LIST OF ABBREVIATIONS 

5,10-CH2-THF 5,10-methylene tetrahydrofolic acid 

ADP adenosine-5'-diphosphate 

AhR aryl hydrocarbon receptor 

AICAR aminoimidazole-4-carboxamide ribonucleotide 

AMP adenosine monophosphate 

API application programming interface 

ATP adenosine-5'-triphosphate 

CITE-seq cellular indexing of transcriptomes and epitopes by sequencing 

CMP cytidine-5'-monophosphate 

dATP 2'-deoxyadenosine 5'-triphosphate 

dCMP deoxyctidine-5'-monophosphate 

dcRNA-seq deconvoluted RNA sequencing 

dGTP 2'-deoxyguanosine-5'-triphosphate 

DNA deoxyribonucleic acid 

DHF dihydrofolic acid 

dTMP thymidine-5'-phosphate 

dUMP 2'-deoxyuridine 5'-monophosphate 

FACS fluorescence-activated cell sorting 

FAD flavin adenine dinucleotide 

FAICAR 5-formamidoimidazole-4-carboxamide ribonucleotide 

GDP guanosine-5'-diphosphate 



 

 xi 

GEO Gene Expression Omnibus 

GMP guanosine-5'-monophosphate 

 

GTP guanosine-5'-triphosphate 

IDO indoleamine 2,3-dioxygenase 

IMP inosine 5'-monophosphate 

IO immuno-oncology 

LTBI latent tuberculosis infection 

NADP nicotinamide adenine dinucleotide phosphate 

NEAT-seq sequencing of nuclear protein epitope abundance, chromatin 

accessibility, and the transcriptome in single cells 

PBMCs peripheral blood mononuclear cells 

pbRNA-seq pseudo-bulk RNA sequencing 

pbRNAseq pseudo-bulk RNA sequencing 

PD-1/PD-L1 programmed cell death protein 1/programmed cell death ligand 1 

PRPP phosphoribosyl pyrophosphate 

REAP-seq RNA expression and protein sequencing assay 

RMA robust multichip average 

RNA ribonucleic acid 

RNA-seq RNA sequencing 

SAICAR succinylaminoimidazolecarboxamide ribotide 

S-AMP succinyl AMP 



 

 xii 

SAM S-adenosylmethionine 

SAH S-adenosylhomocysteine 

scADT-seq single-cell antibody-derived tag sequencing 

scADTseq single-cell antibody-derived tag sequencing 

scRNA-seq single-cell RNA sequencing 

scRNAseq single-cell RNA sequencing 

SRA Sequence Read Archive 

TCA tricarboxylic acid 

TCGA The Cancer Genome Atlas 

TDO tryptophan 2, 3-dioxygenase 

THF tetrahydrofolic acid 

tRNA transfer RNA 

XMP xanthosine-5'-monophosphate 

 



 

 1 

CHAPTER ONE 

Introduction 

Multiomics Data 

Biomedical data arises when subjects provide samples that are assessed by biochemical 

assays to quantitively or qualitatively investigate their pathophysiological characteristics. 

In high-throughput biomedical research, assay measurements are often presented as 

rectangular matrices of features by observations at bulk (i.e., tissue) or single-cellular 

resolution, encompassing the epigenotype and genotype of subjects being studied.1,2 A 

subjects by features matrix of phenotypes often accompanies assay matrices to provide 

relevant clinical and biological context. As is shown below in Figure 1.1, together these 

matrices represent the seven types of multiomics data: epigenomics, genomics, 

transcriptomics, proteomics, metabolomics, metagenomics, and phenomics.3 

 

Figure 1.1. Multiomics Data Represented as Matrices. The epigenotype is represented by the 
epigenomics matrix, the genotype is represented by the genomics, transcriptomics, proteomics, 
metabolomics and metagenomics matrices, and the phenotype is represented by the phenomics 
matrix. 
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Biomedical data science seeks to ascribe meaning to these data through the lens of 

molecular biology, whose central dogma, whereby DNA (deoxyribonucleic acid) creates 

RNA (ribonucleic acid) which in turn creates proteins, was first outline by Crick. It 

establishes the flow of genetic information in cells and has since been extended to include 

epigenetics – that is, RNA interacts with histones and DNA, both of which interact with 

one another, to create epigenetic silencing that is heritable.4,5 As of this writing, there is 

also evidence to suggests RNA itself may be inherited in organisms beyond yeast and 

plants to create epigenetic silencing.6–8 The diagrams of Crick and Egger et al. detailing 

these processes have been redrawn in Figure 1.2, along with a third diagram detailing the 

exchanges between proteins, metabolites, and microbes. 

 

Figure 1.2. Interrelationships Between Types of Multiomics Data. (a) The central dogma of 
molecular biology states genetic information flows from DNA to RNA to protein – these general 
transfers occur in all cells and are denoted by solid lines; special transfers are denoted with dashed 
lines and only occur under certain circumstances. (b) Epigenetic changes confer heritable silencing 
when RNA, histones, and DNA interact with one another to create histone modifications and DNA 
methylation. There is also evidence to suggests that RNA itself may be inherited in organisms 
beyond yeast and plants to create epigenetic silencing; this relationship is shown with a dashed line. 
(c) Proteins produce and consume metabolites, metabolites are the environmental substrate for 
microbes, and microbes themselves produce and consume metabolites. 
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Considered as a whole, the hierarchy of multimodal data and its interrelationships establish 

the epigenotype and the genotype as the primary constituents of the phenotype. When a 

group of similar phenotypes or symptoms are recognized as a disease, this framework can 

be used to study etiology and develop diagnostic tests or therapeutic interventions. 

Multimodal Data 

Biomedical data are considered multimodal where either bulk tissue samples or single cells 

have been simultaneously profiled in more than one regard. For example, the CITE-seq 

(cellular indexing of transcriptomes and epitopes by sequencing) technique uses 

oligonucleotide labeling to profile both cell surface proteins and intracellular transcripts 

within the same single cells simultaneously using microfluidics.9 Such multimodal 

techniques add significant complexity to the collection, storage, management, and analysis 

of data, but confer advantages sufficient to merit their use. In the case of CITE-seq, the 

technique allows for far more in-depth analysis of gene expression specific to immune 

phenotypes than would otherwise be possible by FACS (fluorescence-activated cell 

sorting) and sequencing done on independent cell populations. Additional techniques to 

generate multimodal data include REAP-seq (RNA expression and protein sequencing 

assay), Methyl-HiC, and NEAT-seq (sequencing of nuclear protein epitope abundance, 

chromatin accessibility, and the transcriptome in single cells), among others – two 

commonalities emerge from a survey of multimodal techniques.10–16 One, most techniques 

in this domain are by necessity based on sequencing; and two, require an appropriate data 

structure to store, manage, and analyze data generated through their application. 
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Longitudinal Data 

Biomedical data become longitudinal when measurements related to the same subjects are 

taken at multiple time points – these data can arise from either cohort studies or randomized 

controlled trials. The presence of multiple measurements in time increases both the volume 

of data generated and the complexity of analysis required to extract insights. Where cross-

sectional and case-control studies can be analyzed by simple frequentist statistical tests, 

longitudinal study designs require marginal regression, mixed models, or other methods 

that properly account for the time-dependent autocorrelated nature of measurements. Yet, 

longitudinal data offer the greatest insights into etiology and have been instrumental in 

establishing modern evidence-based medicine and pharmacology; they are the cornerstone 

of cohort studies upon which randomized controlled trials are often based. 

Mega-Analysis 

Mega-analysis provides a means to combine disparate results across studies at the level of 

observations and enables the reuse of biomedical data for the derivation of further insights. 

It seeks to capture heterogeneity within the reference population to the greatest extent 

possible by pooling observations across studies and allows for adjustment of endogenous 

confounding. Joint analysis of pooled observations from multiple studies is done as if the 

observations came from a single study; however, care should be taken to limit technical 

variation across studies wherever possible – in biomedical research, this can often be 

accomplished through consistent ab initio processing of raw data and by correcting for 

batch effects. Finally, while greater statistical power is gained through increased sample 

size, mega-analysis often requires labor-intensive harmonization of clinical annotations. 
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Dissertation Aims 

Aim One 

This dissertation seeks to evaluate data structures written in the R language capable of 

storing and managing hierarchical multimodal multiomics data.17 It seeks to establish a 

novel data structure, MultimodalExperiment, as the most appropriate and efficient means 

to represent these data and demonstrate how challenges of alternative data structures are 

overcome, ease of data management is improved, and computational/storage efficiency is 

optimized. It does so by reviewing existing data structures, providing a schematic of and 

methods for the MultimodalExperiment, by demonstrating the utility of the novel data 

structure through practical examples, and by discussing its architecture and applications. 

Aim Two 

This dissertation seeks to present longitudinal metabolomics analysis from an immuno-

oncology (IO) cohort study and detail serum metabolites associated with progression-free 

survival status among cancer patients being treated with anti PD-1/PD-L1 (programmed 

cell death protein 1/programmed cell death ligand 1) immunotherapies at Boston Medical 

Center. It seeks to draw connections between tryptophan, folic acid, lysine, and purine 

metabolism associated with progression-free survival status and possibly therapeutic 

efficacy in metabolic pathway diagrams. To thoroughly explain metabolites significantly 

associated with progression-free survival status, it presents a hypothesis about cytosolic 

calcium and the electron transport chain related to ATP production. Finally, it seeks to 

provide rationale as to why indoleamine 2,3-dioxygenase 1 (IDO1) inhibitors work poorly. 
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Aim Three 

This dissertation seeks to present original software for the mega-analysis of transcriptomics 

of human host infected with tuberculosis. Specifically, it explains how the tuberculosis 

R/Bioconductor package and its data preprocessing pipeline, tuberculosis.pipeline, were 

implemented.18,19 It details how the tuberculosis package provides all related and eligible 

human samples from GEO (Gene Expression Omnibus) that did not come from cell lines, 

were not taken postmortem, and did not feature recombination.20,21 It discusses the 

importance of these high-quality machine learning-ready data – more than 10,000 samples 

in total – to improving diagnostic testing and therapeutic interventions for tuberculosis 

disease. Finally, this dissertation provides a summary of software development plans for 

ontology-driven curation of sample metadata for the tuberculosis package, and outlines 

challenges to machine learning mega-analysis of tuberculosis transcriptomics. 
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CHAPTER TWO 

MultimodalExperiment 

Introduction 

Data structures for the storage, management, and analysis of multimodal multiomics data 

in the R language are limited to MultiAssayExperiment and MultiDataSet, both of which 

were developed just prior to the rapid growth of single-cell sequencing.22,23 At the time of 

their releases, these pieces of software fulfilled the requirements of the difficult task 

assigned to them and made trivial work of integrating bulk multiomics data like the TCGA 

(The Cancer Genome Atlas) compendium.24 Yet, with the growth of microfluidics 

technologies integrated with sequencing at single-cell resolution, these existing data 

structures were stretched to their limits. Principally, the MultiAssayExperiment and 

MultiDataSet data structures lacked normalization of metadata consistent with biological 

hierarchy whereby experiments were related to a group of subjects who provided samples 

which were profiled by biochemical assays at bulk or single-cellular resolution. 

This limitation produced a scenario that required complete duplication of metadata where 

annotations only changed slightly for a sample or cell. For example, if the same subject 

provided multiple tissue samples throughout a longitudinal study, the annotation of time 

point information would require complete repetition of subject metadata (age, sex, etc.) 

simply to denote the varying sample metadata. Without normalization, or separation of 

metadata into hierarchical relational tables pertaining to experiments, subjects, samples, 

and cells, the MultiAssayExperiment and MultiDataSet data structures were storage-

inefficient in certain cases, and metadata updates required changing all duplicated values. 
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Through the development of the MultimodalExperiment data structure, the process of 

storing, managing, and analyzing multimodal multiomics data was recast in the framework 

of database architecture to provide a more comprehensive and efficient solution. 

Specifically, pervious shortcomings were addressed by separating experiment, subject, 

sample, and cell annotations into distinct tables related to underlying biological data 

through maps. Maps being a series of two column tables of indices related to levels of 

biological hierarchy (i.e., experiments > subjects > samples > cells). Of the four maps 

shown in Figure 2.1, the experimentMap is unique in that it only contains a single index, 

experiment, as the second column, with the first column, type, providing the resolution 

(bulk or single-cell) of the underlying biological data. This deviation from the other maps 

is necessary because the experiments (rectangular feature by observation matrices of 

biological measurements) at the bottom of Figure 2.1 are stored as a single list and the 

experimentMap is used to distinguish between the two resolutions. 

The purview of MultimodalExperiment, that biological data arises from experiments in 

which subjects provide samples that are either measured by bulk or single-cell techniques, 

confers computational and storage efficiency by allowing database-style join operations to 

form the basis of subsetting operations and by preventing the duplication of metadata at all 

levels of hierarchy. The propagation and harmonization of indices across annotations, 

maps, and experiments, also becomes trivial, and the need to manually manage maps is 

kept minimal. Finally, because these operations (propagate and harmonize) become 

computationally expensive when coordinating multiple experiments with numerous 

features, they have been made opt-in only for efficiency. 
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Figure 2.1. MultimodalExperiment Schematic. MultimodalExperiment features experiment, 
subject, sample, and cell annotations which are connected to underlying biological data 
(experiments) through maps. Slots and bulk or single-cell experiments can be accessed by their 
respectively named methods. 
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Methods 

MultimodalExperiment is an R package that provides the MultimodalExperiment data 

structure as an S4 class; it has been released as open-source software through the 

Bioconductor project.1,25,26 The package also provides an application programming 

interface (API) of functions and methods to construct MultimodalExperiment objects and 

interact with them, as outlined in Table 2.1. To create a MultimodalExperiment object, the 

constructor function, MultimodalExperiment, is used to specify ten slots (experimentData, 

subjectData, sampleData, cellData, experimentMap, subjectMap, sampleMap, cellMap, 

experiments, and metadata) as shown in Figure 2.2. All slots except experiments and 

metadata are DataFrame objects – slots ending in Data represent annotations, and those 

ending in Map represent maps which connect annotation identifiers to one another and to 

underlying biological data.27 The experiments slot is an ExperimentList object (the class 

and constructor are reexported from MultiAssayExperiment), and the metadata slot is a list 

as required by the Annotated S4 class from which MultimodalExperiment inherits.22,27 

The names of slots are also the names of methods to access them and can be used to get or 

set the components of a MultimodalExperiment object. For convenience, two methods, 

joinAnnotations and joinMaps, to perform outer joins of annotations and maps have been 

provided. Elements of the ExperimentList, experiments, can be accessed by index, name, 

or resolution (bulk or single-cell) using the suite of experiments methods; the 

experimentNames method can be used to get or set the names of experiments. Interaction 

with row/column names and square bracket subsetting work as they do generally in the R 

language, but rather use list inputs/outputs to manage multiple experiments simultaneously.  
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Constructors  

  MultimodalExperiment create a MultimodalExperiment object 

  ExperimentList create an ExperimentList object 

Slots  

  experimentData get or set experimentData (experiment annotations) 

  subjectData get or set subjectData (subject annotations) 

  sampleData get or set sampleData (sample annotations) 

  cellData get or set cellData (cell annotations) 

  experimentMap get or set experimentMap (experiment -> type map) 

  subjectMap get or set subjectMap (subject -> experiment map) 

  sampleMap get or set sampleMap (sample -> subject map) 

  cellMap get or set cellMap (cell -> sample map) 

  experiments get or set experiments 

  metadata get or set metadata 

Annotations  

  joinAnnotations join experimentData, subjectData, sampleData, and cellData 

Maps  

  joinMaps join experimentMap, subjectMap, sampleMap, and cellMap 

Experiments  

  experiment(ME, i) get or set experiments element by index 

  experiment(ME, "name") get or set experiments element by name 

  bulkExperiments get or set experiments element(s) where type == "bulk" 

  singleCellExperiments get or set experiments element(s) where type == "single-cell" 

Names  

  rownames get or set rownames of experiments element(s) 

  colnames get or set colnames of experiments element(s) 

  experimentNames get or set names of experiments 

Subsetting  

  ME[i, j] subset rows and/or columns of experiments 

    ME[i, ]   i: list, List, LogicalList, IntegerList, CharacterList 

    ME[, j]   j: list, List, LogicalList, IntegerList, CharacterList 

Coordination  

  propagate propagate experiment, subject, sample, and cell indices across all tables 

  harmonize harmonize experiment, subject, sample, and cell indices across all tables 

Table 2.1. MultimodalExperiment API Reference. The MultimodalExperiment API features two 
constructor functions and methods for slots, annotations, maps, experiments, names, subsetting and 
coordination. The ExperimentList constructor is reexported from MultiAssayExperiment. 
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At first glance, the results of calling propagate in Figure 2.8 might appear incorrect because 

the subjectMap has values in the experiment column which have NA in the subject column, 

even where all relationships are known and have been specified. This is not the case but is 

rather the intended behavior of propagate – the method will never remove indices from any 

table once they have been added. To remove the NA values in the subjectMap that were 

created in Figure 2.5, the harmonize method is called in Figure 2.9 after the experiment to 

subject relationship was established in Figure 2.8. The harmonize method ensures only 

indices that exist in experiments and are part of the intersection of indices across all tables 

will remain in the resulting MultimodalExperiment object, as shown in Figure 2.9. 

  













 

 25 

Discussion 

Where bulk and single-cell techniques have been used to profile a set of samples and cells 

from a group of subjects, MultimodalExperiment provides an appropriate and efficient 

means to represent resulting data. While this experimental design is relatively uncommon 

as of this writing, such studies do exist are expected to grow in number because of the 

resolution that single-cell sequencing provides.32 Yet, the MultimodalExperiment data 

structure is not limited to this scenario alone and can be used to represent any type of 

multimodal data that conform to the constraints of biological hierarchy it defines. As 

compared to managing modalities independently, the MultimodalExperiment API 

simplifies the tasks of storing, managing, and analyzing multimodal data using the R 

language. The data structure addresses shortcomings that have come to light with the rapid 

growth of single-cell sequencing and derives storage and computation benefits from 

normalization of annotations. 

The data structure lends itself to exceptionally fast propagation and harmonization of 

indices given its architecture choices – internally, normalization allows for database-style 

joins to be used for these operations and they are written using base R and S4 vectors alone, 

which themselves are written largely in C++ for computation efficiency.17,27 Through the 

development of MultimodalExperiment, a novel type of database join was needed and 

created – the “hemi join” is an outer join of X and Y in which only the columns appearing 

in X are kept. This is similar to, but distinct from, dplyr’s “semi-join” – an inner join of X 

and Y in which only the columns appearing in X are kept.33 The computational innovations 

of MultimodalExperiment are available as open-source software through Bioconductor. 
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Lastly, there is one final use case for MultimodalExperiment that merits a brief discussion: 

the storage and management of data resulting from the deconvolution and aggregation of 

RNA sequencing data. Methods to perform these tasks are the domain of other software, 

but resulting data suggest MultimodalExperiment.29,34 Where bulk RNA-seq data is 

deconvoluted to single-cell resolution for comparison to scRNA-seq data or scRNA-seq 

data is aggregated for comparison to bulk RNA-seq data, the MultimodalExperiment 

hierarchy is realized. Methods to project resulting data of the same resolution into shared 

manifold space for analysis could then be written around MultimodalExperiment. 

 

Figure 2.14. Potential RNA-seq Applications. From the top left downward, bulk RNA-seq data 
is deconvoluted into dcRNA-seq (deconvoluted RNA-seq) data; from the bottom right upward, 
scRNA-seq data is aggregated into pbRNA-seq data; from the corners inward and to the center, 
data of the same resolution are projected into shared manifold space for analysis. 
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CHAPTER THREE 

Metabolomics of IO Therapy 

Introduction 

Prior to the development of immune checkpoint inhibitors, neoplastic lesions were 

generally treated by surgical interventions, radiotherapy, chemotherapy, or by other 

targeted therapies such as nanoparticle treatments. With the advent and approval of 

immuno-oncology (IO) therapy agents in the past decade, the treatment of some cancers 

has changed considerably to include them.35 As compared to other types of therapy, IO 

therapy features a substantial divergence in how it seeks to bring about the death of tumor 

cells. Rather than intervening by an exogeneous means, IO therapy works by soliciting 

immune responses to kill tumor cells and create remission. Where tumor proliferation has 

led to immune evasion, IO therapy can reactivate T lymphocytes to fight and arrest the 

growth of cancer cells. 

A specific type of IO therapy, anti-programmed cell death protein 1/programmed cell death 

ligand 1 (PD-1/PD-L1) IO therapy, will be the focus here. This therapy targets and seeks 

to prevents the binding of PD-L1 to PD-1, a transmembrane protein that is expressed on 

the surface of T/B lymphocytes, natural killer cells, dendritic cells, macrophages, and 

monocytes.36 When bound to PD-1 on T lymphocytes, PD-L1 decreases their activation, 

proliferation, and survival by acting as an immune checkpoint inhibitor or “brake” that 

diminishes the adaptive immune response.37 In a number of cancer types, tumor cells are 

known to express high levels of PD-L1 to inhibit T cells, evade an immune response, and 

create a tumor microenvironment hospitable to proliferation.38 
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The tumor microenvironment is also known to elicit immune privilege and suppress T cell 

responses when levels of the indoleamine 2,3-dioxygenase (IDO) 1 enzyme are elevated 

from the catabolism of tryptophan.39–47 Thus the study of tryptophan metabolism in cancer 

holds great potential for the improvement and development of therapeutics.40,48,49 Here 

longitudinal metabolomics analysis of a cohort of cancer patients undergoing treatment 

with anti PD-1/PD-L1 IO therapy at Boston Medical Center will be presented. Specifics of 

tryptophan metabolism have been extensively detailed elsewhere, but will be highlighted 

here in metabolic pathway diagrams that synthesize current knowledge.49–51 

Methods 

Cancer patients diagnosed with all types of neoplasms who were being treated with anti 

PD-1/PD-L1 IO therapy in clinic at Boston Medical Center were eligible to enroll in this 

prospective cohort study. For patients who agreed to participate, consent was obtain during 

their baseline visit before beginning IO therapy under Boston University IRB #H-38024. 

Each participant provided a serum sample at baseline and during follow up at a non-specific 

time point, both samples were frozen until sample collection for the cohort was complete. 

An intake interview to ascertain demographic and clinical history was also conducted at 

baseline. Then during the course of 24 month follow up, tumor growth was monitored by 

a radiologist who measured tumor size following RECIST-like criteria to determine 

progression status.52 The dates of progression, survival, and censoring events were 

recorded along with treatment initiation and completion dates to enable survival analyses. 

Where study participants were lost to follow up, the date of their last appointment in clinic 

was used as the date of their censoring event. 
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When sample collection for the entire cohort was complete, serum samples were sent to 

the Boston University Chemistry Department Chemical Instrumentation Center for 

targeted metabolomics. Concentrations of 232 metabolites related to and including 

tryptophan were acquired by triple quadrupole mass spectrometry using electrospray flow 

injection in the positive mode – an Agilent 1100 Series instrument was used for high 

performance liquid chromatograph, and a Sciex API 4000 instrument was used for mass 

spectrometry. Samples were run in four separate batches due to instrument constraints; 

concentrations of each metabolite in each sample were returned as a spreadsheet. 

All statistical analysis was performed in R and began with the importing of data using the 

readr package.17,53 Data cleaning was done using the dplyr, forcats, magrittr, purrr, tibble, 

tidyr, and withr packages before creating a SummarizedExperiment.30,33,54–59 The 

generalized log transformation defined by the MetaboAnalystR package was applied to 

metabolomics data prior to batch correction using ComBat.60,61 All primary (overall 

survival and progression-free survival) and secondary (all other measures) outcomes were 

evaluated for consistency of findings with published literature. The linear-mixed effect 

models presented in results were constructed using the lmerTest package; one for each 

metabolite with concentration (µmol) as the Y variable and the time after treatment 

initiation (days) as the X variable.62 An interaction term between the X variable and binary 

progression-free survival status was added to the models for stratification; additional 

covariates were adjusted for as outlined in the results; intercepts per subject were random. 
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Results 

During the three-year study period from 2019 to 2021, 103 participants provided 155 

samples and more than 100 person-years of follow up in total. Given the nature of the 

study, participants were older with a median age of 67 (IQR 57 – 71); the distribution of 

sex was relatively even, with slightly more male participants (54%). More than one-quarter 

of the study population (28%) was known to have type two diabetes mellitus. Diagnosed 

cancer type was recorded for each participant, but certain malignancies had too few 

samples for meaningful adjustment; therefore, cancer types were aggregated into cancer 

categories to ensure sufficient bin sizes. Of these categories, lung non-small cell carcinoma 

represented 20% of participants, adult liver carcinoma represented 16% of participants, 

melanoma represented 13% of patients, and malignant head/neck neoplasms represented 

11% of participants. The some other cancer type category represented the remainder of 

participants (41%) and contained diverse carcinomas and sarcomas. 

Race was recorded in a manner consistent with the US Census for comparability, and no 

participants reported being of more than one race. The study population was 40% White, 

29% Black or African American, 17% Some Other Race, and 15% Asian – for comparison, 

the single race population of the United States is 69% White, 14% Black or African 

American, 9% Some Other Race, and 7% Asian.63 While the study population was drawn 

by non-probability sampling, it yielded the desirable property of under sampling the White 

racial group and over-sampling minority racial groups. In theory, this removes bias to a 

degree by shrinking standard errors of minority race covariates in modeling to be more 

consistent with the standard error of the majority race group. 
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Characteristic N = 103 
Age, Median (IQR) 67 (59 – 71) 
Sex, n (%) 

 

    Male 56 (54) 
    Female 47 (46) 
Race, n (%) 

 

    White 41 (40) 
    Black or African American 30 (29) 
    Some Other Race 17 (17) 
    Asian 15 (15) 
Diabetic Status, n (%) 

 

    Non-Diabetic 74 (72) 
    Diabetic 29 (28) 
Cancer Category, n (%) 

 

    Some Other Cancer Type 42 (41) 
    Lung Non-Small Cell Carcinoma 21 (20) 
    Adult Liver Carcinoma 16 (16) 
    Melanoma 13 (13) 
    Malignant Head/Neck Neoplasm 11 (11) 

Table 3.1. Demographic and Clinical Characteristics. Select characteristics of the study cohort; 
see the preceding paragraphs for a textual summary of these characteristics. 
 
The demographic and clinical characteristics of the cohort are reported in Table 3.1, yet 

the table does not report anti PD-1/PD-L1 IO therapy agents. This is intentional, as the 

purpose of the study is a descriptive analysis of metabolomics related to progress status, 

rather than a comparison of therapeutic efficacy of various anti PD-1/PD-L1 IO therapy 

agents. Which anti PD-1/PD-L1 IO therapy agent participants were treated with 

(atezolizumab, cemiplimab, durvalumab, nivolumab, or pembrolizumab) was based upon 

diagnosis and indication. All the agents are known to work on the PD-1/PD-L1 axis, and 

the goal here is to illustrate how tryptophan and other metabolites are associated with 

progress status and therapeutic efficacy regardless of which is being administered. 
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Measure N = 103 
Overall Survival, Days, Median (95% CI) – 
Progression-Free Survival, Days, Median (95% CI) 223 (166 to 493) 
Response Status, n (%) 

 

    Complete/Partial Response 45 (45) 
    Stable Disease 21 (21) 
    Progressive Disease 24 (24) 
    Deceased 11 (11) 
    Unknown   2 ( – ) 
Combined Status, n (%) 

 

    Stable/Responsive Disease 66 (65) 
    Deceased/Progressive Disease 35 (35) 
    Unknown   2 ( – ) 
Survival Status, n (%) 

 

    Survived 64 (62) 
    Deceased 39 (38) 
Progress Status, n (%) 

 

    Responded 48 (47) 
    Progressed 55 (53) 

Table 3.2. Primary and Secondary Outcome Measures. Overall and progression-free survival 
outcomes represent primary measures, and all other measures represent secondary outcomes. 
Response status is the best clinical response achieved during treatment, established by tumor 
measurements. Combined status is a condensation of response status into a binary variable, as are 
survival and progression statuses of overall survival and progression-free survival, respectively. 
 
Primary and secondary outcomes are reported in Table 3.2 and include overall/progression-

free survival (primary measures), response status, combined status, survival status, and 

progression status (secondary measures). Median overall survival could not be calculated 

because less than half of the cohort (38%) was deceased after 24 months of follow up, but 

median progression-free survival time was 223 days (95% CI, 166 to 493 days). Response 

status was ascertained through the measurement of tumor dimension (see Methods) and 

represented the clinical best response achieved during treatment. In 45% of participants 

tumor size decreased (complete/partial response), tumors exhibited neither growth nor 
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shrinkage (stable disease) in 21% of participants, tumor dimensions increased in 24% of 

participants (progressive disease), and 11% of participants were deceased before response 

status could be determined (deceased) – response status was unknown for 2 participants. 

Three outcome measures in Table 3.2 (combined status, survival status, and progress 

status) represent other variables condensed into dichotomous binary variables. These 

variables were created because they offer greater possibilities of analyses, increase 

statistical power, and produce more tractable classification problems. Combined status was 

created by the condensation of response status – its levels, stable/responsive disease and 

deceased/progressive disease, represent 65 and 35% of participants, respectively. Survival 

status represents the eventual survival outcome (i.e., event) that was observed in 24 months 

of follow up – 62% of participants survived until the end of the observation period and 

38% were deceased. Progress status is the same, but for progression-free survival – 47% 

of participants responded (i.e., did not progress) and 53% progressed (i.e., showed signs of 

tumor growth). For the creation of survival and progress status variables, censorship or loss 

to follow up events were considered as survival and response events. 

Survival analysis of the primary outcomes was attempted but ultimately abandoned 

because the time-dependent high-dimensional nature of models necessitated by the 

longitudinal metabolomics data cannot be created as of this writing. Specifically, the 

survival package features infrastructure for Cox proportional hazards models and permits 

time-varying covariates as would be needed; yet, maximum likelihood estimation by 

Newton-Raphson iterations does not produce convergence no matter how parameters are 

specified – even where a vast number of iterations are undertaken.64,65 Thus, estimates of 
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betas for many covariates are infinite while the rest are inaccurate. The Machine Learning 

in R suite of packages also reports the ability to create survival models with time-varying 

covariates that would be necessary, but in practice these models produced errors when 

interval or counting censorship was specified.66–70 Therefore, no survival analysis is 

presented here because it cannot be completed using R as of this writing.17 

It was possible to analyze response, combined, survival, and progress statuses as 

classification problems with machine learning using the h2o R package.71 However, the 

accuracy of these models was either exceptionally poor (response status and combined 

status) or deeply questionable in light of the small number of samples (survival status and 

progress status). Results from these models have been excluded here because they would 

demonstrate poor practices in machine learning regarding the number of samples per class 

that are needed for accuracy and generalizability.72–76 These outcomes would also lend 

themselves to analysis by multinomial logistic regression or logistic regression, but such 

models would be inferior to machine learning models and require tables of 250 lines each 

for complete reporting – consequently, they are also excluded here. 

Therefore, regression models become the best alternative for the analysis of the response, 

combined, survival, and progress statuses. However, only the analysis of progress status is 

presented here using linear-mixed effects models (see Methods) for several reasons. The 

reporting of response status would again require a table 250 lines and the status has issues 

related to temporality. This is because progress status was defined as the clinical “best” 

response at any time during the follow up period – where measurements of tumor 

dimensions were taken at two close time points, a status of stable disease might easily be 
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achieved. Even where progression follows shortly after the assignment of a 

complete/partial or stable response status, the outcome would remain the “best” response. 

As mentioned in the methods, time points of follow up were non-specific and this creates 

inconsistency in the assignment of response and combined statuses that would introduce 

significant bias into their analysis. Finally, only the analysis of progress status is presented 

here because survival status represents a more distal endpoint for which progress status is 

a leading surrogate – models of progress status better illustrate which tryptophan 

metabolites, among others, are associated with progression and/or therapeutic efficacy. 

Two volcano plots in Figure 3.1 show metabolites that are significantly (P ≥ 0.05) 

associated with progress status; at the left (a) are metabolites with significantly different 

concentrations at baseline, and at the right (b) are metabolites with concentrations that 

change significantly throughout the course of treatment. In both plots, responded is the 

reference level such that red points represent metabolites that are significantly lower at 

baseline or decreasing in concentration over time among those who progressed, and green 

points represent metabolites that are significantly higher or increasing over time; gray 

points represent metabolites that were not significantly different between the progress 

status levels either at baseline or over time. Finally, as each point in Figure 3.1 (a) or (b) 

represents an individual linear mixed-effects model including terms for all covariates in 

Table 3.1 in addition to progress status and its interaction with time after treatment 

initiation (measured in days), correction for multiple testing was attempted but its 

application removed all significant findings – the P values represented by the Y axis of the 

Figure 3.1 are not corrected for multiple testing. 
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Figure 3.1. Metabolites Associated with Progression-Free Survival Status. Linear mixed-
effects regression P values (-log transformed) versus effect size (β) estimates of progress status (a) 
and progress status × time after treatment initiation (b). See previous page for complete description. 
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Key constituents of tryptophan, folic acid, lysine, and purine metabolism emerge from the 

significant metabolites of linear mixed-effects regression modeling when arranged into 

metabolic pathways, as in Figures 3.2 and 3.3 (text in these figures has been colored based 

on Figure 3.1). Analysis suggests tryptophan metabolism is associated with progress status 

and/or therapeutic efficacy of anti PD-1/PD-L1 IO agents and is likely creating immune 

privilege in tumor microenvironments – in Figure 3.1 (a), high levels of tryptophan at 

baseline are the best and most significant predictor of progress status. It appears the 

serotonin pathway is shunted in favor of the kynurenine and indole pathways (Figure 3.2); 

the former requiring high levels of IDO1 to catalyze the first reaction of the pathway which 

would grant immune privilege, and the later known to have metabolites capable of acting 

as aryl hydrocarbon receptor (AhR) agonist – whose complex roles in cancer are not yet 

completely understood.40,77,78 

Progressing through the kynurenine pathway in Figure 3.2, analysis suggests tryptophan is 

fated either to become the methyl acceptor nicotinamide to drive the methionine cycle or 

enter the tricarboxylic acid (TCA) cycle with lysine. As the methyl acceptor nicotinamide, 

the catalysis of S-adenosylmethionine (SAM) to S-adenosylhomocysteine (SAH) is driven 

to convert homocysteine to methionine – this reaction can also be catalyzed with 

epinephrine acting as a methyl acceptor and being converted to metanephrine (significantly 

higher in concentration at baseline among those who progress). Analysis suggests 

significant upregulation of the methionine cycle among those who progress, with the 

production of homocysteine catabolites oxiglutatione and 2-aminobutyric acid.79,80 This 

upregulation also seems to upregulate folate metabolism through choline metabolism. 
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Specifically, four metabolite intermediates, betaine aldehyde, sarcosine, serine, and 

hippuric acid, along the transition of choline to hippuric acid are upregulated among those 

who progressed (see Figure 3.2). The conversion of homocysteine to methionine requires 

catlysis from the betaine to dimethylglycine reaction which yields sarcosine which 

becomes serine. The transition of serine to glycine is a catalyst for the conversion of 

tetrahydrofolic acid (THF) to 5,10-methylene tetrahydrofolic acid (5,10-CH2-THF) which 

becomes dihydrofolic acid (DHF) (significantly upregulated over time) when catalyzed by 

the 2'-deoxyuridine 5'-monophosphate (dUMP) to thymidine-5'-phosphate (dTMP) 

reaction. The precursors of dUMP, cytidine-5'-monophosphate (CMP) and deoxyctidine-

5'-monophosphate (dCMP), are downregulated and upregulated respectively suggesting 

interconversion to drive the folate cycle. The downregulation of dTMP over time in those 

who progressed also suggest folate cycle activity and perhaps the exhaustion of this 

metabolite where it is being used as a DNA monomer.81–85 

Revisiting observations in the kynurenine pathway, it appears 3-hydroxyanthranilic acid is 

not converted to picolinic acid it those who progressed because these metabolites are 

significantly upregulated and downregulated respectively. This suggests tryptophan might 

progress towards 2-oxoadipic acid (sometimes also known as α-ketoadipic acid) to join 

lysine catabolites and enter the TCA cycle. Over time, analysis strongly suggest lysine is 

being consumed as an energy source, as it is converted to pipecolate (the most significantly 

different metabolite in Figure 3.1 (b)) and then L-2-aminoadipic acid. Intermediates 

between 2-oxoadipic acid and the TCA cycle are present, consistent with the increased 

energy demands of tumor cells, as is shown in Figure 3.2. 
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Figure 3.2. Tryptophan, Folic Acid, and Lysine Metabolism. From the top, tryptophan can 
become serotonin, enter the indole pathway, or become kynurenine. As nicotinamide, it catalyzes 
the methionine cycle and folate metabolism; to the right, it joins lysine heading to the TCA cycle. 
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Next, analysis suggests one of two fates for 6-phosphogluconic acid: either it enters the 

TCA cycle via glycolysis (Figure 3.2) or proceeds via the pentose phosphate pathway to 

participate in purine metabolism (Figure 3.3). While 6-phosphogluconic acid is increasing 

significantly over time among those who progress, the intermediates phosphoenolpyruvate 

and carboxylase are significantly downregulated suggesting either no or rapid conversion 

to acetyl-CoA. Yet, the upregulation of acetyl-CoA catabolite 3-hydroxybutyrate suggests 

acetyl-CoA is present and perhaps being consumed rapidly by tumor cells – the catabolite 

is synthesized in the liver when serum glucose is low (i.e., shunted to tumor cells).81–85 

To participate in purine metabolism, 6-phosphogluconic acid could be converted to 

phosphoribosyl pyrophosphate (PRPP) via the pentose phosphate pathway and proceed 

through intermediates to become inosine 5'-monophosphate (IMP) as Figure 3.3 shows. 

The conversion is possible but very few of the intermediates and constituents are up or 

downregulated, suggesting simply that molecular inosine joins hypoxanthine to become 

the nucleoside IMP. Then IMP is catabolized through succinyl AMP (S-AMP) to provide 

energy in the form of ATP/dATP (adenosine-5'-triphosphate/2'-deoxyadenosine 5'-

triphosphate) from ADP (adenosine-5'-diphosphate). Given that allantoin (a distal 

metabolite of hypoxanthine) is downregulated, hypoxanthine is upregulated, and inosine is 

downregulated this explanation seems to be the most parsimonious. The downregulation 

and upregulation of the energy molecules ADP and dATP also suggest 6-phosphogluconic 

acid rather becomes acetyl-CoA for entry into the TCA cycle. Finally, the general label 

purine appears as a metabolite that is significantly higher in concentration at baseline 

among those who progressed – this likely related to ATP generation or DNA synthesis. 
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Figure 3.3. ATP Synthesis by Purine Synthesis and Salvage. Analysis suggests molecular 
inosine is bound to hypoxanthine to produce the inosine nucleoside IMP which is then consumed 
to produce S-AMP, AMP (adenosine monophosphate), ADP, ATP, and ultimately dATP. 
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Discussion 

All but a small number of metabolites significantly associated with progress status can be 

accounted for through tryptophan, folic acid, and lysine metabolic pathways. Those not 

mentioned in results only include acetyl-L-carnitine, FAD/NADP (flavin adenine 

dinucleotide/nicotinamide adenine dinucleotide phosphate), 3,5 diiodothyronine, tyrosine, 

and hydroxyproline. Of these, acetyl-L-carnitine is likely present to detoxify high 

concentrations of 3-hydroxyglutaric acid and glutaric acid which become metabotoxins as 

their concentrations increase proportionally with tryptophan and lysine metabolism.81–85 

Otherwise, hydroxyproline has long been known to be higher in concentration in the serum 

of cancer patients – it is an amino acid unique to the synthesis of collagen.86,87 Current 

research suggests tumor cells can prevent immune infiltration by constructing a dense 

extracellular matrix of collagen impenetrable to lymphocytes.88 

The remaining metabolites require a slightly more complicated hypothesis and cannot yet 

be fully explained by current research. Tyrosine is an amino acid precursor to thyroid 

hormones like T3 and T4, but there are other variants of thyroid hormones such as T2 or 

3,5 diiodothyronine. T2 is a potent energy modulator and animal studies have shown it to 

cause the rapid uptake of Ca2+; its cellular target is likely the mitochondria.89,90 Similarly, 

phosphoenolpyruvate is thought to correlate with Ca2+ levels in the cytosol and increase 

when oxidative stress is high because of intense glucose competition, a condition occurring 

in tumor microenvironments.91 Further, in the mitochondrial matrix, Ca2+ modulates the 

TCA cycle and through it the production of FAD and NADP both of which drive the 

electron transport chain and in turn the activity of APT synthase.92 
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Thus, it is hypothesized that tyrosine is used to create T2 which targets mitochondria and 

causes the rapid uptake of Ca2+ to produce FAD/NADP and increase ATP synthase output. 

Studying the signs of coefficients in Figure 3.1, tyrosine and 3,5 diiodothyronine are 

negative suggesting either exhaustion of these metabolites in those who progressed or 

increasing concentrations of them among those who responded. If the hypothesis is correct, 

the former suggests tumor cells are using T2 to increase ATP synthase output for 

malignancy; whereas the latter suggests lymphocytes are using T2 to support energy 

demands of adaptive immunity. In either case, the current scientific literature as of this 

writing does not provide an answer as to which cells might be using T2 or soliciting its 

production, but analysis here begins to suggest some mechanism might be at play. 

Analysis here might also suggests some additional rational as to why IDO1 inhibitors 

achieved lackluster results in clinical trials.40 Towards the bottom left of Figure 3.2, folate 

metabolism is highly active in those who progressed and requires methyl acceptors to 

catalyze the preceding reactions of the methionine cycle. If combination IDO1, IDO2 and 

tryptophan 2, 3-dioxygenase (TDO) inhibitors to diminish the conversion of tryptophan to 

kynurenine were to fail in clinical trials, observations of analysis here might suggest methyl 

acceptors beyond nicotinamide are driving the methionine and folate cycles in 

oncogenesis.40,48,93 The latter being an essential part of one-carbon metabolism and DNA 

synthesis in normal and tumor cells alike that could be targeted with immunosuppressants. 
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CHAPTER FOUR 

tuberculosis 

Introduction 

Before the onset of the global coronavirus pandemic, tuberculosis had been the leading 

cause of infectious disease mortality worldwide for many years.94 Mycobacterium 

tuberculosis, the causative agent of tuberculosis disease, is spread by aerosolization and, 

with sufficient exposure, results in latent or active tuberculosis.95 The bacilli are acid-fast 

gram-ambiguous nonmotile rods with lengths of approximately 2µm for which humans are 

the resivor.96–99 M. tuberculosis is exceptionally slow growing with a doubling time of 

about 24 hours, thus confirmation of tuberculosis disease by culture requires approximately 

six weeks.99,100 Therefore, the use of tuberculin skin tests, interferon-gamma release assays, 

or the Xpert MTB/RIF Ultra assay is preferred for diagnosis.96,99,101 Treatment of drug-

susceptible infections has recently changed and requires a four month regimen of 

combination therapy in two phases – eight weeks of daily treatment with rifapentine, 

isoniazid, pyrazinamide, and moxifloxacin are followed by nine weeks of daily treatment 

with rifapentine, isoniazid, and moxifloxacin.102 

Diagnostics and therapies for tuberculosis are advanced and effective, yet even small 

improvements to them yield remarkable results given the burden of disease. In 2020, the 

most recent year for which data are available, an estimated 1.5 million deaths globally were 

attributed to tuberculosis and 10 million cases of tuberculosis were newly diagnosed. Even 

though most deaths and cases occurred in South-East Asia and Africa, the control of 

tuberculosis remains a high priority for public health authorities in all localities.94 
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This is because one-quarter of the global population is estimated to have a latent 

tuberculosis infection (LTBI), where an individual has been infected with M. tuberculosis 

bacilli and would achieve a positive diagnostic test result but lacks clinical sequalae of 

disease.103,104 It is estimated that 80% of infected individuals will eventually develop 

symptoms, and recent theoretical work by Drain et al. suggests disease may progress along 

a continuum with biomarkers corresponding to severity and temporality.96,105 In their view, 

tuberculosis progresses from latent to incipient to subclinical to active and might cycle 

though these statues in time or simply ascend though them at a rapid or slow pace. 

The theory is alluring and offers a framework to study the etiology of tuberculosis as a 

classification or regression problem with machine learning, where highly predictive 

molecular features could suggest important targets for the development of diagnostic test 

or therapeutic interventions. Among the various types of multiomics data, host 

transcriptomics becomes an obvious modality to explore the pursuit because infections are 

known create distinct transcriptional changes and vast quantities of transcriptomics data 

sufficient for machine learning have been made publicly available.106 However, 

exceptional difficulty in applying machine learning would arise from the formatting, 

cleanliness, and quality of data available to serve as the input of the modeling process. 

To address this difficulty the tuberculosis R/Bioconductor package was developed and 

provides all transcriptomics data of human host infected with tuberculosis available from 

GEO (Gene Expression Omnibus) in a clean high-quality machine learning-ready format, 

given that samples did not come from cell lines, were not taken postmortem, and did not 

feature recombination.18 The package can access more than 10,000 samples from both 
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microarray and sequencing studies that have been processed from raw data through its 

hyper-standardized, reproducible pipeline. The companion data preprocessing pipeline, 

tuberculosis.pipeline, is containerized for reproducibility and provides novel data to the 

package twice a year through cloud storage infrastructure.19 The tuberculosis package uses 

the ExperimentHub platform to provide resources (i.e., expression matrices) from cloud 

storage which allows the software to remain lightweight and avoid freighting of data – it 

contains only instructions to access data rather than data itself.107 An overview of data 

provenance in the tuberculosis package is shown in Figure 4.1. 

 

Figure 4.1. Data Provenance in the tuberculosis Package. On the left, the tuberculosis 
R/Bioconductor package provides resources (i.e., expression matrices) from the ExperimentHub 
platform – it is the only interface users interact with. In the center, the ExperimentHub platform 
from Bioconductor acts as cloud storage for resources which can be downloaded on an as-needed 
basis by tuberculosis. On the right, the tuberculosis.pipeline companion R package and Docker 
container are used to preprocess data from GEO – there are subroutines to process series metadata, 
microarray data, and sequencing data; output of the latter two become expression matrices that are 
uploaded to ExperimentHub through the expression data subroutine. 
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Methods 

The data preprocessing pipeline, tuberculosis.pipeline, is run inside of a Docker container 

for reproducibility because it provides a stable and immutable environment for execution. 

The container is a modified version of the schifferl/bioc-release container which uses an 

older version of OpenBLAS (v0.3.3) that was needed for compatibility with affy package 

at the time of development.108,109 The data preprocessing pipeline is written in R and 

required functionality from other R packages for its development.17,33,53,55–58,108,110–130 All 

data that are preprocessed, or perhaps reprocessed, come from GEO.20,21 

Data preprocessing begins with the programmatic creation of a spreadsheet file on Google 

Drive of GEO series matching the following query: “Tuberculosis”[MeSH Terms] AND 

“Homo sapiens”[Organism] AND “gse”[Filter] AND (“Expression profiling by 

array”[Filter] OR “Expression profiling by high throughput sequencing”[Filter]). The 

spreadsheet, series-metadata, contains metadata about each GEO series (i.e., study) 

matching the query including accession numbers, experiment type (microarray or 

sequencing), and the number of applicable samples. It is also updated programmatically as 

new GEO series are released and is referenced to know which series to preprocess. 

The preprocessing of individual microarray or sequencing series requires addressing issues 

regarding gene names and microarray annotations a priori. Specifically, gene names across 

microarray annotations are inconsistent and frequently outdated; to ensure consistent 

feature names for machine learning, they must be updated and standardized. Therefore, 

mappings from current HGNC-approved GRCh38 gene names to antiquated, alias, 

ensemble, entrez, ena, and refseq identifiers are created from the genenames.org REST API 
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first.131 Then, gene annotations of microarray probes are updated from the mappings; both 

the mappings and the microarray platform annotations are serialized to ensure consistent 

annotation when novel data are preprocessed. An identity mapping of the valid gene names 

is also serialized and used to ensure the gene names from sequencing series are correct and 

consistent with microarray platform annotations. 

Preprocessing of both microarray and sequencing series begins with the retrieval of sample 

metadata from GEO; it is programmatically cleaned and reviewed to ensure each sample 

has raw data available, did not come from a cell line, was not taken postmortem, and did 

not feature recombination. For microarray series, raw data from imaging (e.g. CEL files) 

must be available as supplemental files; and for sequencing series, it must be possible to 

translate GEO sample accession numbers to Sequence Read Archive (SRA) run accession 

numbers.132,133 If samples of a given series meet these criteria, a spreadsheet of sample 

metadata per series is created on Google Drive to later be standardized against ontology 

vocabulary. 

An expression matrix for each microarray series is generated from raw data by applying 

the normal-exponential background correction method from limma, with the saddle-point 

approximation to maximum likelihood specified.116,134,135 Where platforms necessitated it, 

the robust multichip average (RMA) algorithm, as implemented in affy or oligo, without 

background correction or normalization was used to generate the matrix.108,118,136–138 When 

multiple probes mapped to a single gene, a single probe was chosen at random per series 

as to not introduce bias by creating a probe to gene relationship across all series; expression 

values were not normalized before the matrix was upload to Google Drive for storage. 
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For each sequencing series, the SRA run accession numbers are used to write a bash script 

that processes raw sequencing data using the SRA Toolkit and the nf-core/rnaseq Nextflow 

pipeline.139–142 These bash scripts are run on the Boston University Shared Computing 

Cluster to create array jobs which download fastq files from SRA, run the nf-core/rnaseq 

pipeline, and create tab-separated files of gene expression measurements for each sample. 

The preprocessing pipeline is used to read in each tab-separated file related to a single 

series and construct a gene expression matrix that includes all samples; the gene names of 

which are validated using the identity mapping mentioned earlier before the matrix is 

upload to Google Drive for storage. 

The expression matrices stored in Google Drive exist as comma-separated value files and 

require conversion to R objects before they can be uploaded to ExperimentHub storage. To 

accomplish this, the expression matrices for both types of series are downloaded from 

Google Drive and saved as R matrix files for upload to ExperimentHub storage – this last 

step requires manual interaction with a cloud storage client. When the R matrix files are 

uploaded to ExperimentHub storage, they must be made available by Bioconductor 

administrators – a file of metadata describing the R matrix files is sent to them and the 

resources are added to the ExperimentHub production database; this file is also included in 

the tuberculosis package. 

The tuberculosis package is updated by the methods outline here with each Bioconductor 

release in April and October. When new data matching the inclusion/exclusion criteria 

outline here are released though GEO, they are included in the tuberculosis package using 

the data preprocessing pipeline, tuberculosis.pipeline, and the ExperimentHub platform. 
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Results 

The initial release of the tuberculosis package (v1.0.0) provided all transcriptomics data of 

human host infected with tuberculosis available from GEO at the time – 12,614 samples 

from 135 series – in a clean high-quality machine learning-ready format and more data has 

been made available since. The microarray and sequencing data resources available 

through tuberculosis have been reprocessed from raw data by its companion pipeline (see 

Methods) and are hyper-standardized – even gene names and samples have been 

alphabetized. The intuitive interface of tuberculosis provides access to all resources with a 

single function and returns SummarizedExperiment objects with current HGNC-approved 

GRCh38 gene names that are consistent across every GEO series included in the package. 

Through the development of the tuberculosis package, a substantial barrier to applying 

machine learning to study the etiology of the namesake disease has been overcome. 

To create the vast volume of data available in tuberculosis (v1.0.0), 251 GEO series records 

were first identified by the query detailed in the Methods section. Many of these series did 

not have raw data available and 106 of them were excluded based on this eligibility criteria, 

also outlined in the Methods section. Screening of the remaining 145 GEO series records 

found 10 GEO series for exclusion – there were 5 records where GEO sample accession 

numbers could not be translated to SRA run accession numbers and 5 records where raw 

data files could not be downloaded as expected. Samples of the remaining 135 records were 

then screened and only 3 were excluded; 1 sample was excluded because the expected raw 

data files could not be downloaded, and 2 samples were excluded because the genome 

alignment rate during data preprocessing was exceptionally poor. 
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Figure 4.2. GEO Records Initially Included in tuberculosis. The flow chart shows the number 
of GEO series and sample records that were identified, screened, and ultimately included in v1.0.0 
of the tuberculosis package – see the paragraph above for a narrative description.  
 
An intuitive single function interface provides access to all the data resources available 

through tuberculosis. The tuberculosis function, as shown in Figure 4.3, has only two 

arguments and is used to both find and download data resources from cloud storage. The 

first argument, pattern, is a regular expression pattern to match against the names of 

available resources. The second argument, dryrun, specifies whether the names of data 

resources or data resources themselves should be returned. When dryrun = TRUE, the 

names of resources are printed as a message and returned invisibly as a character vector. 

When dryrun = FALSE, a list of resources is returned as SummarizedExperiment objects 

– these are downloaded from cloud storage on-demand and locally cached so that future 

use of the same resources does not requires redownload. Finally, just as a note, a creation 

date is prefixed to the name of each resource – if a resource has multiple creation dates, the 

most recent is selected by default. This implementation detail can largely be ignored but 

adding a date to pattern will override this behavior; the feature exists for reproducibility. 
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Discussion 

The tuberculosis package is original software for the mega-analysis of host transcriptomics 

relevant to etiology of its namesake disease. It overcomes the first significant barrier to 

applying machine learning to relevant molecular classification and regression problems by 

providing more than 10,000 samples from human host infected with tuberculosis. The data 

resources accessible through tuberculosis hold great promise for the improvement of 

diagnostic and therapeutic tools, where any advances are instantly meaningful because the 

burden of tuberculosis disease is immense. The development of the package also embodies 

the primum non nocere doctrine of bioethics and represent the optimal final resting place 

for biomedical data – whose generation is annoying to research participants at best and 

harmful at worst. Priming data for reuse represents both the potential reduction of harms 

and direction of limited new resources towards their highest purpose. 

The second significant barrier to applying machine learning and the current limitation of 

the tuberculosis package is the provision of metadata for every sample. Accomplishing the 

task would enable supervised machine learning, where only unsupervised analyses are 

possible now; yet the endeavor parallels in difficulty to the development of tuberculosis 

itself. This is because to achieve the same level of hyper-standardization would require an 

entirely different infrastructure to curate metadata from each study (i.e., series) 

independently. Inconsistencies in the quality of metadata abound in the same way as they 

do with data (e.g., incongruent gene names), but they are far less amenable to programmatic 

resolution. Software to accomplish this task would feature a script for every study and need 

to consistently align every metadata variable with ontological vocabulary. 
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This piece of software, tuberculosis.curation, the metadata preprocessing pipeline for 

tuberculosis is imagined and will be developed in years to come. When complete, the final 

challenge in applying machine learning to host transcriptomics of human host infected with 

tuberculosis will be revealed – this is, it will be possible to develop sensitive but not 

specific diagnostic models of the disease. Where labels of disease severity or status are 

accurate, it will very likely be possible to uncover salient molecular (i.e., transcriptomic) 

features that define them, but it will be not be possible to definitively know if features are 

related to tuberculosis alone in the absence data from other conditions. Determining the 

cosmic background transcriptional activity of infection in general suggests additional 

packages like tuberculosis (e.g., influenza) would be needed and that a symbiotic 

ecosystem of them could leverage great synergy. 
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CHAPTER FIVE 

Conclusions 

This dissertation has presented perspectives on biomedical data science as a discipline and 

helps to bring clarity to multiomics analyses with new and redrawn illustrations that 

demonstrate interrelationships between the seven modalities of data representing the 

epigenotype, genotype, and phenotype. The research projects presented here have explored 

current challenges related to multimodal, longitudinal, and mega-analysis of biomedical 

data in the context of a paradigm shift towards single-cell sequencing. Through the creation 

of novel software and applied translation analysis, several advancements and insights have 

been gained – both of which should confer benefits to future research. 

Chapter two presented the MultimodalExperiment data structure as means to appropriately 

and efficiently represent hierarchical multimodal multiomics data. In comparison to 

alternative data structures, existing storage and management challenges were overcome by 

employing normalization and creating a solution informed by database architecture. This 

required considering biomedical data in a relational framework and separating experiment, 

subject, sample, and cell annotations to optimize storage efficiency. In doing so, the ease 

of data management was improved and made to require essentially only two verbs, 

propagate and harmonize, with minimal manual management of maps. As of this writing, 

few studies are sufficiently complex to take full advantage of MultimodalExperiment, but 

their numbers are expected to grow in coming years. If this projection does not come to 

fruition, MultimodalExperiment still provides an elegant solution for the storage and 

management of deconvoluted bulk and aggregated single-cell RNA-seq data. 



 

 56 

Chapter three presented longitudinal analysis of a cohort study of cancer patients being 

treated with anti PD-1/PD-L1 immune checkpoint inhibitors at Boston Medical Center. 

Progression-free survival status of study participants was analyzed using linear mixed-

effects models to describe metabolites that were significantly different, among those who 

progressed, both at baseline and over time. Of metabolites associated with progression-free 

survival status, tryptophan metabolites were found to be particularly important, and 

evidence suggested they serve as methyl acceptors to catalyze methionine and folate 

metabolism in oncogenesis. Evidence also suggested lysine catabolites enter the TCA cycle 

to meet energy demands under the intense glucose competition conditions of cancer. 

Finally, it was hypothesized that tumors metabolize hydroxyproline to build a dense 

extracellular matrix and prevent immune infiltration, and that T2 thyroid hormone is 

involved in increased ATP synthase output during cancer by some unknown mechanism. 

Chapter four provided extensive details regarding the development of the tuberculosis 

package, and it companion data preprocessing pipeline, tuberculosis.pipeline.18,19 The 

provenance of data was established and extensive methods detailing how data were 

preprocessed were provided –microarray data were reprocessed from raw image files and 

consistently background corrected using the normal-exponential method with the saddle-

point approximation to maximum likelihood specified; sequencing data were reprocessed 

from raw data using the nf-core/rnaseq pipeline.135,142 The package provides more than 

10,000 samples of clean high-quality machine learning ready transcriptomics data from 

human host infected with tuberculosis. These data are important to applying machine 

leaning to study the etiology of tuberculosis and may help improve outcomes in the future. 
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The advancements and insights gained through and elaborated upon in this dissertation will 

support the further development of integrative analyses of biomedical data. Specifically, 

the development of the MultimodalExperiment has enabled the storage, management, and 

analysis of multimodal multiomics data to a greater extent that was previously possible; 

longitudinal analysis of the anti PD-1/PD-L1 IO cohort study presented here has suggested 

a few putative drug targets to pursue that might improve therapeutic efficacy; and the 

tuberculosis package enables machine learning mega-analysis of host transcriptomics to 

study the etiology of the namesake disease for the first time. 
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