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 ABSTRACT OF THE DISSERTATION  
 

 

Understanding disease through data driven biology 

 

by 

 

Andrew Michael Gross 

 

Doctor of Philosophy in Bioinformatics and Systems Biology 
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Professor Trey Ideker, Chair 

Professor Kelly Frazer, Co-Chair 

 

 

Over the past five years, rapid technological advancement has allowed for 

a surge in data generation, allowing for unbiased genetic and epigenetic profiling 

of healthy and diseased individuals. Given these unprecedented advances in data 

generation, the key question arises of what we can learn from such rich datasets 



 
 

xvi 
 

that we didn't know via other means. Here, I take a data-first approach to tackle 

three different problems in which large data-collection efforts combined with novel 

analytic methods can shine new light on the biology of disease. In the first part, I 

exploit the comprehensive, multi-omics profiling provided by The Cancer Genome 

Atlas to conduct an analysis of the molecular and clinical features of head and 

neck squamous cell carcinoma (HNSCC) that govern patient survival. I find that 

among HNSCC tumors TP53 mutation is frequently accompanied by loss of 

chromosome 3p and that the combination of these events is associated with a 

surprising decrease in survival time. Continuing with analysis of TCGA samples, I 

then analyze a large pan-cancer set of patients with both tumor and adjacent 

normal tissue samples profiled. By observing shared transcriptomic and epigenetic 

changes across a large and diverse set of tumors, this analysis identifies those 

shared signals that are likely to be important for both the onset and progression of 

cancer cells. Finally I use genome-wide epigenetic profiles to develop and validate 

epigenetic models of human aging in whole blood and purified blood cells to 

quantify the impact of HIV infection on aging. This work finds that both chronic and 

recent HIV infection lead to an average aging advancement of 4.9 years, 

increasing expected mortality risk by 19%. Taken together these studies all explore 

new biological findings, while providing examples of the power data-driven analysis 

to aid in the understanding of biology and disease.
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Chapter 1: Multi-tiered genomic analysis of head and 

neck cancer ties TP53 mutation to 3p loss  
 

Chapter 1.1: Abstract 

Head and neck squamous cell carcinoma (HNSCC) is characterized by 

aggressive behavior with a propensity for metastasis and recurrence. Here we 

report a comprehensive analysis of the molecular and clinical features of HNSCC 

that govern patient survival. We find that TP53 mutation is frequently accompanied 

by loss of chromosome 3p, and that the combination of both events associates 

with a surprising decrease in survival rates (1.9 years versus >5 years for TP53 

mutation alone). The TP53-3p interaction is specific to chromosome 3p, rather than 

a consequence of global genome instability, and validates in HNSCC and pan-

cancer cohorts. In Human Papilloma Virus positive (HPV+) tumors, in which HPV 

inactivates TP53, 3p deletion is also common and associates with poor outcomes. 

The TP53-3p event is modified by mir-548k expression which decreases survival 

even further, while it is mutually exclusive with mutations to RAS signaling. 

Together, the identified markers underscore the molecular heterogeneity of 

HNSCC and enable a new multi-tiered classification of this disease.
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Chapter 1.2: Introduction 

It is increasingly appreciated that the diversity of clinical outcomes in 

HNSCC is likely a reflection of the molecular heterogeneity of the tumor population 

(Leemans et al., 2011; Mroz et al., 2013; Stransky et al., 2011). Previous studies 

have led to the identification of a variety of genes and other molecular features for 

stratifying HNSCC tumors, such as efforts to cluster gene expression profiles to 

define subtypes (Chung et al., 2004; Walter et al., 2013, Pickering et al., 2013; 

Temam et al., 2007; Lui, et al., 2013). To comprehensively define this 

heterogeneity of common tumor types including HNSCC, The Cancer Genome 

Atlas (TCGA) project has generated multi-tiered molecular profiles for over 7000 

patient tumors, providing an unprecedented opportunity to study the complex 

interrelations among fundamentally different types of molecular events and clinical 

outcomes such as patient survival. 

Here we have built on the infrastructure established by TCGA to 

systematically and transparently unravel these complex relationships for HNSCC. 

To this effect, we obtained all available molecular and clinical data from TCGA 

(Lawrence et al., 2015) as of the January 15, 2014 Firehose run and have 

documented all data-processing and analysis in a series of IPython Notebooks 

(Perez and Granger, 2007) (Methods, Supplementary Table 1.1). Five tiers of 

data – somatic mutations, chromosomal aberrations, mRNA expression, 

microRNA expression, and clinical variables – were analyzed for a total of 378 

HNSCC patients resulting in measurements of over 34,000 molecular or clinical 

values for each patient (Supplementary Figure 1.1a). Because old age and HPV 
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status are associated with distinct molecular profiles and clinical outcomes 

(Leemans et al., 2011) (Supplementary Figure 1.2), we focused analysis on the 

250 patients under 85 years of age with HPV+ tumors and complete molecular 

profiles. 

 

Chapter 1.3: Results 

Chapter 1.3.1: Identification of prognostic events in HNSCC 

We first sought to distill this multi-tiered, genome-wide dataset into a set of 

informative molecular and clinical events with potential relevance to cancer. First, 

individual somatic mutations and mRNA expression levels were integrated with 

knowledge of human molecular pathways to define aggregate ‘pathway-level 

events’ (Supplementary Figure 1.1b-e, Methods).  Second, both individual and 

pathway events were filtered to select those that occur at high frequency (somatic 

mutations, chromosomal aberrations) or differential expression (mRNA and 

microRNA levels) in tumor versus normal tissue. The result of this analysis was a 

pool of 878 total events combined over all five tiers of data (Supplementary 

Figure 1.1a). 

Next, we screened for individual events within each data type that are 

strongly predictive of survival, identifying 82 prognostic events out of the 878 

(Figure 1.1a, Supplementary Table 1.2). Among somatic mutation events, TP53 

mutation was most strongly predictive overall, resulting in poor prognosis (Hazard 

Ratio 2.9 ±0.8, Benjamini Hochberg corrected P < 0.01). As has been observed 
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previously, survival outcomes were dependent on the TP53 protein domain 

affected by the mutation or its predicted functional status (Poeta et al., 2007) 

(Figure 1.1b). However, we found that patients with mutations predicted as non-

disruptive of function nonetheless had worse prognosis than patients with wild-

type TP53 (Hazard Ratio 2.2±0.7, P = 0.03). Among copy-number alterations, the 

most significant survival association was with heterozygous chromosomal 

deletions on the 3p arm which also led to very poor prognosis (Figure 1.1a, Hazard 

Ratio 3.5±1.1, Benjamini Hochberg corrected P = 0.002). Further analysis of 

chromosome 3p revealed that many patients have a deletion spanning a large 

fraction of the arm with increasing frequency of deletion approaching a fragile site 

in the 3p14.2 region (Ohta et al., 1996) (Supplementary Figure 1.3). Although 

general chromosomal instability (CIN) as well as deletion of many individual 

chromosomal regions have previously been implicated as diagnostic (Partridge et 

al., 1996; Leemans et al., 2011) and prognostic (Meredith et al., 1995; Partridge et 

al., 1996, Partridge et al., 1999; Lui et al., 2013) markers, we find that the 3p event 

in particular was responsible for the majority of the impact on survival when 

compared with global rates of gene deletion (Figure 1.1c).  
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Figure 1.1: Prognostic effects and co-occurrence of TP53 and 3p. (a) Five-year survival (error 

bars indicate 95% CI) for the most significant events of each category (colors). Numbers above 

bars represent number of patients with each event.  (b) Comparison of 5-year survival for patients 

with different types of non-silent TP53 mutations verses wild-type patients. L2 and L3 represent 

TP53 binding domains. Numbers in parentheses represent number of patients with a given 

mutation, patients with multiple TP53 mutations are represented multiple times in this plot. P-value 

represents log-rank test for TP53 mutation types excluding wild type. (c) Hazard ratios for 

multivariate Cox model fit with 3p deletion and global deletion rate (CIN) across different patient 

sets (age covariate not shown, error bars indicate 95% CI, p-values represent significance of 

likelihood ratio test for model fit with and without 3p deletion). (d) Venn diagram showing co-

occurrence of TP53 mutation and deletions on the 3p chromosome. (e) Kaplan-Meyer curves 

showing survival outcome for all combinations of 3p deletion and TP53 mutation events (colors 

correspond to patient subsets in panel d).   
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Chapter 1.3.2: TP53 and 3p events co-occur and their combination predicts 

worse clinical outcome 

It has previously been shown that genetic alterations often act by redundant 

or synergistic mechanisms to confer a growth advantage in the tumor (Cirello et 

al., 2012; Bredel et al., 2009). Under the hypothesis that individual events might 

act in concert, we next examined the 82 prognostic events for pairwise association 

across the patient cohort. This analysis identified 33 pairs of events that were 

significantly co-occurring or mutually exclusive (Supplementary Table 1.3). 

Among these, a particularly striking finding was that mutation of TP53 and deletion 

of 3p occur very frequently together, in 179 of 250 HPV− tumors (Table 1.1, Figure 

1.1d). While mutation of TP53 has previously been associated with chromosomal 

instability (Leemans et al., 2011), we found that TP53 mutation associates with 3p 

loss far more frequently than it does with deletions in other chromosomal regions 

(Supplementary Figure 1.4, Supplementary Tables 1.4-1.6). Moreover, the 

combination of TP53 and 3p events led to significantly worse survival than was 

predicted by either event independently or additively. Thus the synergistic 

interaction between TP53 and 3p, with respect to both co-occurrence and survival, 

supports a clear molecular stratification of HNSCC tumors with and without this 

combination of events (Figure 1.1c-e, Methods, Supplementary Figure 1.5, 

Supplementary Table 1.7).  

We found that the TP53-3p combination of events is associated with 

advanced tumor stage, although the stratification remains prognostic at all stages 

(Supplementary Figure 1.6). Furthermore, the prognostic effect cannot be 
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explained by clinical covariates alone and is particularly strong for smokers under 

75 years old (175 patients, the majority of the TCGA cohort) for which the hazard 

ratio was 5.1 for the TP53-3p event relative to patients without this combination 

(Supplementary Figure 1.7, Methods).  

To explore whether the interaction between TP53 mutation and 3p deletion 

could be replicated in new patients, we obtained 126 additional HNSCC HPV− 

samples that had been deposited in TCGA while our initial study was underway 

(not included in the January 15, 2014 Firehose run). While these new patients did 

not yet have sufficient clinical follow-up for survival analysis, we indeed observed 

the same high co-occurrence of TP53 mutation and 3p deletion (Table 1.1).  

We also analyzed clinical follow-up data for 48 HNSCC HPV− tumors from 

the University of Pittsburgh Medical Center (Stansky et al., 2011) for which the 

exome sequencing and copy number profiles had been previously collected after 

surgery (UPMC cohort, Supplementary Table 1.1). We observed that in this 

cohort, patients whose tumors contain the TP53-3p aggregate event have 

substantially worse prognosis than patients with TP53 mutation alone, confirming 

the very large effect seen in the TCGA population (Figure 1.2a and Table 1.1). 

TP53 and 3p events also co-occurred in the UPMC cohort, although with a lower 

effect size than in the two TCGA cohorts (Table 1.1); we suspect this is due to the 

much higher error rate of DNA sequencing in the earlier UPMC study, resulting in 

false-negative mutation calls (Methods). 
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Figure 1.2: Replication of TP53-3p association.  (a) Survival comparison of patients with TP53-

3p aggregate event versus those with only TP53 mutation in the independent UPMC cohort. (b) 

Loss of 3p chromosomal arm is associated with lower survival in patients with HPV+ tumors (TCGA 

and independent cohorts). (c) Assessment of 3p loss and TP53 mutation association in TCGA Pan-

Cancer cohort (HNSCC excluded). (d) Corresponding hazard ratio for multivariate model of three-

year truncated survival (shown by dotted line in panel (c) when controlling for tissue type, age, and 

stage covariates. Error bars indicate 95% confidence.  

 

We also sought evidence for the TP53-3p combination in patients with 

HPV+ tumors, in which TP53 is inactivated via interaction with HPV viral protein 

(Thomas et al., 1999; Marur, et al., 2010). Analysis of 59 HPV+ tumors from the 

TCGA and UPMC cohorts showed that TP53 mutation is very rare in the presence 

of HPV (Odds Ratio 0.01, P = 10−27 by Fisher’s Exact Test), consistent with the 

expectation that the mutation confers little selective advantage once TP53 is 

inactivated by HPV. Among HPV+ tumors, the 25 tumors with 3p deletion had 

significantly worse prognosis than the 34 without the 3p event (Hazard Ratio 5.5 ± 



9 
 

  

2.6, P = 0.004). This finding lends further support for interaction between TP53 

and chromosome 3p with respect to survival and stratifies the growing population 

of patients with HPV+ tumors (Marur, et al., 2010) (Figure 1.2b). 

Another question was whether the TP53-3p interaction is specific to HNSCC 

or has broader support across diverse tissues. For this purpose, we performed a 

pan-cancer analysis based on all publicly available molecular data in TCGA 

(excluding HNSCC patients), covering 4404 patients over an additional 17 cancer 

types (Cancer Genome Atlas Research Network, 2013) (Methods). Although 

these tissues are molecularly heterogeneous and present with different patient 

outcomes (Supplementary Figure 1.8a-c), we nonetheless found compelling 

evidence for both the co-occurrence and impact on survival of TP53 mutation and 

3p deletion in this broader cohort, even when tissue type, patient age, and staging 

are accounted for (Figure 1.2c-d, Table 1.1).  
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 Table 1.1: Co-occurrence and survival interaction of TP53 and 3p events.  

   
Co-occurrence of 

TP53 / 3p events 

Survival Interaction 

TP53-3p versus TP53 

Cohort      n Odds Ratio p Hazard Ratio** p** 

TCGA Discovery  250  6.6 10−4* 5.6 0.001 

Recent TCGA Validation  126  10 10−6 ND ND 

UPMC Validation  48  2.5 0.2 6.3 0.01 

Pan Cancer Validation  4404  2.0 10−25 1.4 0.002 

* Bonferroni corrected for test space 

** Univariate model in patients under 75 years of age only 

 

Chapter 1.3.3: Characterization of subtypes defined by combined TP53-3p event 

Finally, we investigated whether the major subtypes defined by TP53 and 

3p status (Figure 1.1e) could be subdivided further by additional molecular 

markers (Methods). Indeed, we found that the 179 patients with the combined 

TP53-3p event were well stratified by the additional presence of microRNA mir-

548k (Figure 1.3a, Supplementary Figure 1.7c) or mutation of the MUC5B gene 

(Figure 1.3b, Supplementary Figure 1.7d), both of which were associated with 

worse prognosis. Mir-548k is near CCND1 and FADD on 11q13.3, which is 

commonly amplified in HNSCC (Meredith, et al., 1995). Very recently, this micro-

RNA has been shown to have oncogenic behavior in Oesophegeal Squamous Cell 

Carcinoma cell lines (Song et al., 2014). While we found that 11q13.3 amplification 
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is associated with survival to a lesser degree than mir-548k expression, the 

prognostic effect seems to be specific to the expression of the micro-RNA (Figure 

1.3c, Supplementary Figure 1.9).   

Among patients lacking the TP53-3p event combination, we found strong 

enrichment for mutations to Caspase 8 as well as Ras and components of Ras 

signaling (Table 1.2, Supplementary Figure 1.1b). These enrichments were 

replicated in the TCGA molecular validation cohort (Table 1.2). The mutual 

exclusivity of Caspase 8 or Ras with TP53-3p provides further support for a TP53-

3p defined subtype, and it implicates alternative routes to tumor progression in the 

absence of the TP53-3p event. 
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Figure 1.3: Characterization of molecular subtypes defined by the TP53-3p aggregate event. 

Patients with the TP53-3p aggregate event can be further stratified by the presence of a, mir-548k 

or b, MUC5B. (c) Frequency of high gain amplification (top panel) and association with patient 

survival for gene / miRNA expression (bottom panel) along the 11q13 chromosomal segment. P-

values in a and b are Benjamini-Hochberg-corrected for 1008 events a secondary prognostic 

biomarker screen (Methods). All survival associations are calculated by a likelihood ratio test with 

age and year of diagnosis used as covariates in the set of 179 patients with the TP53-3p event 

(TP53-3p negative curves shown for comparison, but not used in computation).  
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Chapter 1.4: Discussion 

As we approach a full inventory of driver events in cancer (Lawrence et al., 

2014), a key next step is to map and decode the complex network of interactions 

among individual events. Here, such an analysis was performed to identify a 

definitive stratification of head and neck cancer based on the largest tissue bank 

and dataset in existence. We have shown that TP53 mutation, a well-studied driver 

event which leads to poor patient survival, is nearly always accompanied by 

specific loss of chromosome 3p (Figure 1.1d, Table 1.1). As has been argued for 

other cancer mutations (Bredel et al., 2009; Xing et al., 2012), the frequent co-

occurrence of TP53 and 3p alteration implies a selective advantage of cells 

acquiring both genomic events. In this study, the detection of the TP53-3p 

interaction was possible due to the high prevalence of each event individually, and 

their high (marginal) associations with patient survival. 

While our study focused almost entirely on a single compelling interaction, 

our full analysis uncovered an additional 32 interactions in HNSCC which remain 

to be investigated (Supplementary Table 1.3). It is likely that this number is an 

underestimate, as low frequency and/or non-prognostic events were not 

evaluated. As cancer cohorts become larger, analyses such as this will become 

more powered, creating the opportunity to re-evaluate the cancer landscape from 

the perspective of pairwise and ultimately higher-order interactions among events.  

Our analysis identifies two distinct clinical and molecular paths to cancer in 

HPV+ HNSCC patients. The first group, characterized by TP53 mutation and loss 

of the 3p chromosome, is associated with advanced clinical stage and common 
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risk factors such as smoking. Nonetheless, this group tends to have very poor 

outcomes even when evaluated independently of these risk factors 

(Supplementary Figure 1.7). The second group of patients, lacking the TP53-3p 

combination of events, is characterized by mutations to RAS signaling and 

Caspase 8 (Table 1.2) and, ultimately, less aggressive tumors. 

Further study is clearly warranted to elucidate the molecular underpinnings 

of these two groups of patients, with the goal of using such molecular stratification 

alongside clinical variables to inform patient treatment. Open questions relate to 

mechanism and the ordering of TP53 and 3p events. What is the factor or factors 

encoded on chromosome 3p that are responsible for the interaction with TP53? 

Does one event necessarily precede the other and is a particular order required 

for poor survival?  It is plausible that genomic instability primed by TP53 mutation 

gives rise to loss of activity of a key factor encoded on chromosome 3p, but other 

scenarios are possible. Regardless, since the interaction of 3p with TP53 or HPV 

status is independent of tumor stage, treatment of HNSCC patients might be 

modified to coincide with this specific molecular classification. In HPV+ HNSCC, 

the need for patient-tailored treatment programs is especially great, as we are 

currently in an era where we have maximized toxicity of existing regimens without 

necessarily improving outcome in cancers.   

Our results also underscore the importance and value of public efforts such 

as TCGA in gathering, organizing, and distributing genomic data. Our work builds 

on the exemplary TCGA data collection and analysis pipeline (Cancer Genome 

Atlas Research Network, 2013) to integrate data across different measurement 
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platforms, with the goal of finding higher-order interactions of molecular events. 

Following the example of TCGA, we have documented and made public all 

analyses conducted in this study, ranging from data download to processing, 

exploratory analyses, statistical modeling, and visualization (Methods). With such 

a large and complex dataset, transparency and reproducibility of analysis is 

essential to provide a clear understanding of the methodology and to allow for 

further mining of results and extension to new datasets.   

 

Chapter 1.5: Methods 

Chapter 1.5.1: Availability 

All data-retrieval and processing steps are documented in a series of 

IPython notebooks (Perez and Granger, 2007) available along with source code 

online at (https://github.com/theandygross/TCGA).  These notebooks provide fully 

executable instructions for reproduction of the analyses and generation of figures 

and statistics for this study.   

Chapter 1.5.2: Molecular Data 

Data were obtained from The Cancer Genome Atlas Genome Data Analysis 

Center (GDAC) Firehose website 

(https://confluence.broadinstitute.org/display/GDAC/) using the firehose_get data-

retrieval utility.  All data were downloaded from the January 15th, 2014 standard 

data and analyses run unless otherwise specified.  In order to maintain coherency 

of the analysis across different data layers and cancer types, we used Level 3 
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normalized molecular data as the input to our analysis.   The use of the GDAC 

pipeline is intended to make these results easy to update as more TCGA data 

become available.   

For a number of pan-cancer samples we generated mutation calls from 

TCGA aligned BAM files obtained from the UCSC Cancer Genomics Hub 

(https://cghub.ucsc.edu/).  These calls were only used for patients with sequenced 

exome data that have yet go through the Firehose processing pipeline. Somatic 

mutation calls were made by running the MuTect mutation calling program 

(Cibulskis et al., 2013) and the Genome Analysis Toolkit (GATK) 

SomaticIndelDetector (McKenna et al., 2010) function on targeted regions with 

default parameters.  All steps for downloading and processing this data are 

documented in the analysis notebooks and accompanying software repository.  All 

mutation calls generated for this analysis are included as Supplementary Table 

1.8.  While these calls have yet to go through manual curation, we benchmarked 

this pipeline against TCGA working group mutation calls and found very high 

overlap with 94% sensitivity and 96% specificity.  

Chapter 1.5.3: Pathway Data 

Pathway data were downloaded from the Molecular Signatures Database 

(mSigDB) (Liberzon et al., 2011).  Version 3 of the canonical pathway gene-sets 

was used for this analysis. 

Chapter 1.5.4: Candidate Biomarker Construction 

Mutation calls were extracted from the annotated MAF files obtained from 

the Firehose and filtered to include only non-silent mutations.  Each patient was 
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associated with a binary vector in which each position represents a gene; the 

position is set to 1 if the gene is observed to harbor one or more mutations in the 

patient and set to 0 otherwise.  Mutation meta-markers were constructed by 

collapsing genes within a pathway gene-set via a logical OR such that the pathway 

is considered altered in a patient if any of its genes have a mutation 

(Supplementary Figure 1.1b-c).  Pathway markers that were characterized by a 

single highly mutated gene or were highly correlated with mutation rate (Mann-

Whitney U test, P < .01) were filtered. 

Copy-number aberrations were extracted from the GISTIC2 (Mermel et al., 

2011) processing pipeline included in the standard Firehose analysis run.  For 

biomarker construction data aggregated on significantly altered lesions (as 

deemed significant at the default 99% confidence settings) were used.   

mRNA and miRNA expression data were obtained from the Level 3 

normalized gene-by-patient matrices generated as part of the Firehose analysis 

pipeline.  Data were log2 transformed.   Genes/ miRNAs were first filtered based 

on differential expression comparing the full set of tumor expression profiles with 

the 34 profiles available for matched normal tissue (t-test, cutoff at P < .01).  A 

pattern of background expression was estimated by taking the first principal 

component of non-differentially expressed genes or miRNAs.  This background 

signal is meant to approximate the most common non-tumor related variation in 

expression due to inherent properties of the cohort such as population substructure 

or tissue specific expression changes. Real valued features with high correlation 

(Pearson Correlation, P < 10-5) to this background expression pattern were filtered.  
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For the survival analysis, only the top 300 (of a possible 20502) differentially 

expressed genes were included in the analysis to limit the burden of multiple 

hypothesis correction (all 251 differentially expressed miRNA were used).  

Markers used in this analysis consisted of binary markers and continuous 

valued markers.  Binary markers were used when expression was only present 

(having more than ½ read per million) in a moderate fraction of the cohort (between 

20 patients and half of the cohort).  Real valued gene and miRNA expression levels 

were used for differentially expressed features not assigned as binary markers.  

Gene expression meta-markers were constructed from the loading of the first 

principal component of the reduced gene-by-patient matrix defined by each gene 

set.  Due to similarity of gene-sets causing redundant gene expression meta-

markers, marker pairs with high correlation (Spearman rho > .7) were reduced to 

a single informative marker by choosing the marker with the greatest differential 

expression.  For the survival analysis, continuous valued markers were 

transformed into binary events prior to testing by setting a threshold that minimized 

the difference in variance between the resulting two groups.  This was used to 

capture the skew of the distribution and assign the patients on the tail of the 

expression distribution as having an expression event (Supplementary Figure 

1.1e).  

Chapter 1.5.5: Clinical Data 

Clinical data were downloaded directly from the TCGA Data Portal 

(https://tcga-data.nci.nih.gov/tcga/). All outcomes reported relate to all-cause 

survival. Survival times were censored after five years to reduce the confounding 



20 
 

  

effect of patient age.  For Figure 1.2d, survival times were censored after three 

years to show the specific effect within this time window, but all other figures and 

all statistics cited in the paper use five-year survival.  While data on co-morbidity 

is limited for this cohort, from other studies we can estimate the competing 

mortality within this time-frame to be about 20% (Mell et al., 2010; Farshadpour et 

al., 2011). We expect the actual effect of such confounding to be minimal as 

separation in the survival curves that we observe generally occurs within the first 

two years, during which time we expect non-cancer associated death rates to be 

much lower.   

For the primary and secondary survival screens, clinical data with missing 

data were used but statistics were only calculated on patients with data reported.  

In multivariate analysis (Supplementary Figure 1.7) missing value indicators were 

used.  

Chapter 1.5.6: HPV Status 

HPV calls from sequencing data were obtained from the TCGA HNSCC 

analysis working group.  Due to the incompleteness of this dataset, this information 

was supplemented with HPV status called from a PCR-based MassArray Assay 

diagnostic provided on the TCGA data portal for patients where sequence-based 

data were not available.   

Chapter 1.5.7: Prioritization of Prognostic Events 

Feature selection is preformed prior to prognostic event prioritization.  

Events are selected for which at least 5% of patients are assigned to each group.  
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Prognostic events (Figure 1.1a) are prioritized via a likelihood ratio test 

comparing a Cox-proportional hazards model (Cox, 1984) fit with a candidate 

biomarker and covariates against a null model fit with the covariates alone.  Age 

and the binary variable patient age > 75 are used as covariates (both age variables 

are used to model a non-linear association of patient age with survival).  A multiple-

hypothesis testing correction is employed which uses the method of Benjamini and 

Hochberg (1995) to control for the false discovery rate across the entire pooled 

space of tested features.  After multivariate testing, a univariate log-rank test is 

assessed for each event and features with high multivariate significance, but low 

univariate significance (P < 0.05) are filtered from the pool of prognostic events.   

As discussed in the text and in Figure 1.3, we conducted a second 

prognostic screen within the 179 patients with the TP53-3p aggregate event.  For 

this analysis feature construction was repeated, resulting in 1008 candidate 

biomarkers (note that this number was higher than the primary screen due to more 

events passing the 5% threshold).  During this secondary screen, we found the 

patient year of diagnosis to have a large impact on outcomes.  For this reason we 

included this variable as a covariate in this screen.   

Chapter 1.5.8: Statistical Analysis of TP53-3p Interaction on Survival 

To assess the role of an interaction term in a statistical model of patient 

outcomes we performed leave-one-out cross-validation on a logistic regression 

model as shown in Supplementary Figure 1.5.  To convert the survival data into 

a binary classification problem, we organized patients into two classes depending 

on whether they were surviving or deceased at T years after surgery. In this 
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analysis, the ratio of deceased to surviving patients is artificially high due to the 

ability to observe a death in a shorter followup than the full time interval required 

to annotate a patient as surviving (i.e. the basis of the Cox censorship problem). 

To reduce this bias, we removed patients with an observed death but a time of 

surgery after a set year (2013 – (T – 1)). As the problem was often unbalanced 

(the number of surviving patients differed from the number of deceased), re-

weighting was preformed to give both classes equal weight.  A multivariate Cox 

model fit to the most significant model is also shown in Supplementary Table 1.7. 

Chapter 1.5.9: Pan-cancer Analysis 

Pan-cancer data were downloaded and processed in the same manner as 

the HNSCC cohort. 3p chromosomal status was estimated via the median copy 

number of the twelve genes on the 3p14.2 locus.    

In order to limit the heterogeneity of the pan-cancer cohort such that 

differences in molecular characteristics could be assessed, we performed a 

number of pre-processing steps. This reduced the patient cohort from 7081 to 4404 

patients appropriate for survival analysis through the following filters:  

• Only primary tumors were used for all patients, metastatic tumors were 

discarded. 

• Glioblastoma patients were excluded due to the extremely low survival 

rate (6% five year survival). 

• Diffuse large b-cell lymphoma, kidney chromophobe, thyroid carcinoma, 

and prostate adenocarcinoma patients were removed due to extremely 
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high rates of survival in the cohorts (84%, 86%, 90%, and 96% five year 

survival). 

• Adrenocortical carcinoma, esophageal carcinoma, and pancreatic 

adenocarcinoma were excluded due to low sample counts (14, 39, and 69 

patients in each tissue, respectively).   

• Patients older than 85 years of age were excluded from the analysis to 

limit confounding from age (115 patients, Hazard ratio = 2.2 ± 3). 

• Patients with high levels of residual tumor were excluded (66 patients, 

Hazard ratio = 2.9 ± .5). 

• Stage IV patients were excluded (612 patients, Hazard ratio = 2.0 +/- .1) 

• To limit circularity, HNSCC patients were excluded from all pan-cancer 

calculations but remain Supplementary Figure 1.8 to allow for 

comparison to other tissue types.  
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Chapter 1.8: Supplementary Figures 

 

Supplementary Figure 1.1: Integration and selection of cancer events in HNSCC. (a) Tumor 

data first pass an integration step in which knowledge of pathway or chromosomal structure is used 

to create meta-features. Data are then filtered based on event frequency across tumor samples or 

comparison with matched normal samples, yielding a pool of candidate cancer associated events. 

(b) Example of integration step in which sparse mutations to the SOS1/RAS pathway (Reactome 

524) are combined to derive c, a single pathway mutation marker for each patient. In b, green bars 

represent that a patient (column) has a mutation in a particular pathway gene (row). (d) Example 

integration of mRNA expression on a pathway, in which Principal Component Analysis (PCA) is 

applied to the gene-by-patient expression matrix. Shown are the gene loadings for PCA of the PIP3 

signaling pathway (mSigDB M1315). (e) In each patient, the first principal component is used to 

represent the consensus expression value of the pathway. Here the blue bars represent patients 

for which this value is above threshold, and for which the pathway is scored as ‘upregulated’. 
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Supplementary Figure 1.2: Characterization of patient age and HPV status in the TCGA 

HNSCC cohort.  (a) Distribution of patient ages across the 378 patients in the cohort.  (b) Kaplan-

Meyer survival curves for different age cutoffs used in this study. (c) Distribution of HPV+ and HPV+ 

tumors across different tumor subdivisions.  (d) Kaplan-Meyer survival curves comparing HPV+ 

and HPV+ patients.  
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Supplementary Figure 1.3:  Exploration of the 3p chromosomal arm. Number of patients with 

heterozygous loss (top) and association with patient survival (bottom) for genes along the 3p 

chromosomal arm in TCGA discovery cohort patients with HPV+ (a) and HPV+ (b) tumors.  
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Supplementary Figure 1.4: Exploration of TP53 mutation in the context of chromosomal 

instability.  Violin plots showing the effect of TP53 mutation on deletion (a) and amplification rates 

(b).  P-values indicate significance of Kruskal-Wallis test. 
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Supplementary Figure 1.5:  Exploration of TP53-3p interaction with respect to patient 

survival.  (a) Number of patients surviving or deceased for various time intervals. (b) Statistical 

models fit using logistic regression. CIN indicates chromosomal instability, measured by the fraction 

of deleted genes per tumor genome. (c-d) Performance of each logistic regression model in leave-

one-out cross-validation to assess ability of different combinations of genomic variables to predict 

patient outcomes. For description of regression formulation, see Methods.  For multivariate Cox 

analysis of the best model, m5, using the full censored dataset see Supplementary Table 7.  
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Supplementary Figure 1.6:  Subtypes in the context of clinical stage and grade. (a) Frequency 

and (b) Prognostic effect of TP53-3p aggregate event across different stage groups. (c) Frequency 

and (d) Prognostic effect of TP53-3p aggregate event across different grade groups. P-values 

indicate significance of Kruskal-Wallis test assessing association of TP53-3p event with increasing 

stage or grade. 
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Supplementary Figure 1.7: Analysis of clinical covariates with molecular subtypes. (a) 

Hazard Ratios (x-axis) for each component (y-axis) of a multivariate Cox model of patient survival, 

including TP53-3p event and clinical variables. All hazard ratios are relative to absence of the 

clinical or molecular event. Stepwise feature selection was performed to reduce the model to 

informative clinical variables only. See Supplementary Table 1 for more information on clinical 

variables. (b-d) Re-creation of main prognostic associations from this study in a clinically 

homogenous cohort of 175 patients with a history of smoking and under 75 years of age. 
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Supplementary Figure 1.8:  Pan-cancer analysis.  (a) Kaplan-Meyer survival plots, b, median 

survival, and c, five-year survival for TCGA cancers (error bars indicate 95% CI). Cancer acronyms 

are defined as follows: BRCA: Breast invasive carcinoma, UCEC: Uterine Corpus Endometrioid 

Carcinoma, KIRP: Kidney renal papillary cell carcinoma, CESC: Cervical squamous cell carcinoma 

and endocervical adenocarcinoma, LGG: Brain Lower Grade Glioma, COAD: Colon 

adenocarcinoma, KIRC: Kidney renal clear cell carcinoma, SKCM: Skin Cutaneous Melanoma, 

SARC: Sarcoma, READ: Rectum adenocarcinoma, LUSC: Lung squamous cell carcinoma, HNSC: 

Head and Neck squamous cell carcinoma, BLCA: Bladder Urothelial Carcinoma, LIHC: Liver 

hepatocellular carcinoma, LUAD: Lung adenocarcinoma, STAD: Stomach adenocarcinoma, OV: 

Ovarian serous cystadenocarcinoma, LAML: Acute Myeloid Leukemia. 
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Supplementary Figure 1.9: Characterization of mir-548k in patients with the TP53-3p event.  
(a) Mir-548k expression level in tumor and normal tissues. (b) Comparison of mir-548k  copy 

number with expression. (c) Kaplan-Meyer survival curves of different combinations of high/low 

mir-548k expression and amplification of its chromosomal segment. 
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Chapter 2: Analysis of Matched Tumor and Normal 

Profiles Reveals Common Transcriptional and 

Epigenetic Signals Shared across Cancer Types 
 

Chapter 2.1: Abstract 

To identify the transcriptional regulatory changes that are most widespread 

in solid tumors, we performed a pan-cancer analysis using over 600 pairs of tumors 

and adjacent normal tissues profiled in The Cancer Genome Atlas (TCGA). 

Frequency of upregulation was calculated across mRNA expression levels, 

microRNA expression levels and CpG methylation sites and is provided here as a 

resource. Frequent tumor-associated alterations were identified using a simple 

statistical approach. Many of the identified changes were consistent with the 

increased rate of cell division in cancer, such as the overexpression of cell cycle 

genes and hypermethylation of PRC2 binding sites. However, we also identified 

proliferation-independent alterations, which highlight novel pathways essential to 

tumor formation. Nearly all of the GABA receptors are frequently downregulated, 

with the gene encoding the delta subunit (GABRD) strongly upregulated as the 

notable exception. Metabolic genes are also frequently downregulated, particularly 

alcohol dehydrogenases and others consistent with the decreased role of oxidative 

phosphorylation in cancerous cells. Alterations in the composition of GABA 

receptors and metabolism may play a key role in the differentiation of cancer cells, 

independent of proliferation.
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Chapter 2.2: Introduction 

Cancerous cells are characterized by numerous changes to the genome, 

epigenome, transcriptome. While most tumor-associated changes have little 

function, key genes and pathways are often implicated by looking across patients 

within a cohort for events that are recurrent (Ding et al., 2008; McLendon et al., 

2008; Lawrence et al., 2013). While such analyses are traditionally performed 

across well-defined patient populations with tumors of similar anatomical location 

and histological appearance, large data sets produced by public efforts such as 

The Cancer Genome Atlas (TCGA) (McLendon et al., 2008; Chang et al., 2013) 

have now made meta-analysis of cancer studies feasible. 

By looking across many different subtypes, pan-cancer analyses provide a 

high level, tissue agnostic view of cancer. Many such studies have analyzed 

coordinated changes across molecular phenotypes and clinical data to isolate key 

signals during tumorgenesis. Such efforts have uncovered conserved patterns of 

gene co-expression across many types of tumors (Segal et al., 2004; Cheng et al., 

2013) identifying molecular patterns associated with tumor growth and 

proliferation. In a complementary approach, a recent paper by Gentles and 

colleagues (Gentles et al., 2015) identified genes whose expression was 

associated with survival across cohorts spanning many tissues. These authors 

found that the overexpression of genes near the FOXM1 transcriptional network 

and of genes that drive cell cycle progression were associated with adverse patient 

outcomes. These highly conserved signatures of cell proliferation support the 
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hypothesis that a core cancer phenotype is activated to varying degrees across 

diverse tumor types. 

Thus far, such pan-cancer studies of transcriptional changes have focused 

mainly on tumor samples, without consideration of normal tissue. In contrast, 

studies of mutations, structural variations or DNA copy number alterations have 

frequently relied on subtractive analysis of matched data to achieve power in 

detecting tumor-specific changes. Although a few expression studies analyzed 

patient-matched tumors and adjacent normal tissue, these studies were restricted 

to specific tissue cohorts (Gardina et al., 2006; Hamfjord et al., 2012; Seo et al., 

2012; Notterman et al., 2001; Kobayashi et al., 2011; Terunuma et al., 2014). They 

were thus capable of identifying genes whose expression in tumor deviates from 

normal in a single tissue, but were unable to distinguish which of these changes 

are specific to a given study population or are general features of cancer as a 

whole. To this effect, a pan-cancer analysis of differential transcriptional regulatory 

programs—whether at the level of mRNA expression, miRNA expression or 

methylation—has not yet been performed. 

Here, we perform such an analysis using information readily available in 

The Cancer Genome Atlas (TCGA), which has enabled standard data collection 

procedures and molecular profiling assays for numerous measurement platforms 

(Chang et al, 2013). Using TCGA data, we compile a comprehensive list of tumor-

associated mRNAs, miRNAs and methylation sites by measuring the frequency at 

which their levels are elevated between matched tumor and normal samples 

across all measured cancer tissues. The upregulation frequencies for these 
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features are provided as a general resource to the cancer community. We find that 

in addition to near-universal overexpression of genes important for tumor 

proliferation, there exist prominent proliferation-independent signals which could 

play a role in tissue remodeling. 

 

Chapter 2.3: Results 

To identify ubiquitous tumor-associated signals, we downloaded all of the 

available data from TCGA as of April 2, 2015, through the Broad Institute’s 

Firehose web portal (Methods) (Broad Institute Genome Data Analysis Center, 

2015). This dataset consisted of genome-wide mRNA expression, microRNA 

(miRNA) expression and CpG methylation for over 9,000 tumors, of which adjacent 

normal tissues were also profiled for over 600 patients (Supplementary Figure 

2.1). 

Given this large collection of matched tumor and normal data, we were 

powered to employ a simplified analysis to identify molecular signals associated 

with tumors (Methods, Figure 2.1a and Supplementary Figure 2.2). For each 

mRNA, miRNA or CpG marker, we quantified fraction upregulated (fup), the fraction 

of patients for which the marker level was higher in the tumor than in the matched 

normal tissue. This metric is a formulation of the sign-test statistic p = Pr(xi > yi), 

where x and y are vectors of matched samples from tumor and adjacent normal 

tissue, respectively. Using this statistic we identified mRNAs, miRNAs and CpGs 

that ranged from random (fup = 0.5) to highly differentially expressed or methylated 

(fup approaching 0 or 1) (Figure 2.1b and Supplementary Table 2.1). To assess 
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the reproducibility of this statistic, we studied 10 additional gene expression 

microarray datasets, spanning 1012 subjects with matched tumor/normal data 

from the Gene Expression Omnibus. After calculating fup for all of the genes in the 

dataset, we found a correlation of 0.84 (P < 10−16, 95% confidence interval (CI): 

0.838–0.847) between these scores and the fup scores identified from TCGA RNA-

sequencing data (Figure 2.1c and Supplementary Table 2.2). 

 

 

Figure 2.1: Description of the fup statistic. (a) Schematic of the calculation of fraction 

upregulated (fup) for a single gene expression profile across the TCGA cohort. Data are filtered to 

include only matched samples, the magnitudes of paired tumor/normal samples are compared, and 

a fraction of how often the gene is upregulated is recorded.  (b) Density of fup statistic across 

genome-wide mRNA, miRNA, and methylation measurements. (c) Comparison of mRNA fup 

statistic calculated from TCGA mRNASeq measurements versus microarray measurements 

downloaded from GEO. 

 

Inspection of molecular entities with extreme values of fup confirmed that 

tumor proliferation plays a dominant role, as described by previous studies (Segal 

et al., 2004; Cheng et al., 2013; Gentles et al., 2015; Evan and Vousden, 2001; 

Wierstra and Alves, 2007). Among the most heavily tumor-associated genes was 

FOXM1, for which the mRNA levels are upregulated in 93% of patient tumors (95% 

CIBonf: 87%-97%). FOXM1 is a well-known proliferation-associated transcription 
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factor which plays a central role in regulating the progression of the cell cycle 

(Wierstra and Alves, 2007). Gene-Set Enrichment Analysis highlighted a number 

of features associated with proliferation, including upregulation of cell cycle genes 

with particularly large effect sizes observed for the cell cycle gene subsets 

“deposition of CENPA containing nucleosomes at the centromere” and “M/G1 

transition” (Figure 2.2a and Supplementary Table 2.3, Mann-Whitney U 

test, PBH < 10−16). Analysis of methylation markers showed hypermethylation 

occurring at PRC2 binding sites which have been previously linked to proliferation 

in cancer (Margueron and Reinberg, 2011) (Figure 2.2b). Taken together, these 

findings confirm that many tumor-associated molecular changes are driven by 

proliferation. 

To isolate proliferation dependent and independent components of the 

tumor associated signal, we assigned a proliferation score for each mRNA, miRNA 

and methylation site. This was calculated by assessing the correlation across 

TCGA patients of each feature expression level with a previously published 

proliferation signature (Venet et al., 2011) (meta-PCNA, Methods). Indeed we 

found that these proliferation scores were highly correlated with fup scores across 

all three data types, with Pearson’s r = 0.63 (95% CI: 0.62–0.64), 0.62 (0.56–0.67), 

and 0.674 (0.672–0.676) for mRNA, miRNA and methylation, respectively (Figure 

2.2c, for all three statistics P < 10−16). Interestingly, we observed a heavy skew in 

the fup statistic for miRNA species in particular (Figure 2.1a), which we attribute 

to a general trend of increasing miRNA expression with proliferation (Bueno et al., 

2008). 
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Figure 2.2: Tumor-associated features are consistent with proliferative signals. (a) Violin 

plots showing distribution of mRNA level fup statistic (fraction overexpressed) across all genes, 

compared to genes annotated to the cell cycle and its subsets: “deposition of CENPA containing 

nucleosomes at the centromere” and “M/G1 transition” in mSigDB. (b) Density plots of the 

distribution of fup (fraction with increased methylation) across methylation markers annotated to 

functional genomic sites. (c) Scatter plot comparing fup statistic against gene correlation with 

proliferation for every gene expression profile. 

 

To assess tumor-associated, growth-independent signals, we adjusted 

marker levels to remove any association with proliferation and recalculated fup 

(i.e., accounting for the meta-PCNA signature, see Methods, Supplementary 

Table 2.4). We expected that features with extreme values of detrended fup would 
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be altered in the transition from normal to tumor cells, but not associated the tumor 

growth rate. Enrichment analysis of this detrended statistic identified 

overexpression of genes involved in ribosomal and proteasomal processes 

(Supplementary Table 2.5, Mann-Whitney U test, PBH < 10−16, PBH < 10−7, 

respectively). Interestingly, while telomere maintenance genes had a general 

increase in fup, genes involved with telomere extension had much stronger 

correlations with proliferation than genes involved in packaging of telomere ends 

(P < 0.001, Supplementary Figure 2.3). It is likely that these and other pathways 

are important for the initial rewiring of the cell required for accelerated growth but 

then have little impact on the tumor’s growth rate. 

The most upregulated, proliferation-independent genes in tumors were 

SEMA5B (detrended fup = 0.82 [0.74–0.88], Supplementary Figure 2.4), the 

GABA receptor subunit GABRD (detrended fup = 0.82 [0.64–0.80], Figure 2.3), and 

the well-studied tumor suppressor CDKN2A (detrended fup = 0.72 [0.63–0.79]). 

SEMA5B is a gene in the semaphorin family, whose main roles are to serve as 

guidance signals in various stages of development. These genes have recently 

been shown have a role in cancer signaling (Tamagnome, 2012). This GABAA 

subunit is primarily expressed in the cerebellum where its receptor is located 

extrasynaptically (Nusser et al., 1995; Mele et al., 2015), but it is also expressed 

in the testes (Supplementary Figure 2.5) and CD4+ T-cells (Mele et al., 2015, 

Tian et al., 2004). In the TCGA dataset, GABRD is overexpressed in 89% (CIBonf 

81%-93%) of subjects and has a slight negative association with proliferation in 

tumors (Figure 2.3). In contrast, most other GABA subunit genes are 
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downregulated across many cancers (Figure 2.3c, Supplementary Figure 2.6). 

We observed a particularly large effect in renal cell carcinoma where there is a ten-

fold median decrease in GABRA2 alongside a six-fold increase in expression of 

GABRD (Figure 2.4e). Similar effects were observed in a paired microarray 

dataset (Supplementary Figure 2.7). 

 

 

Figure 2.3: GABRD is tumor-associated, independent of proliferation. (a) Scatter-plot 

comparing GABRD gene expression profiles to proliferation scores across matched tumor and 

normal samples. Lines indicate linear regression figs of tumor (red) and normal (blue) samples, 

shaded regions indicate 95% confidence intervals. (b) Comparison of matched tumor and normal 

profiles for GABRD expression, grouped by tissue type. (c) Comparison of matched tumor and 

normal profiles for all GABA protein subunits in renal cell carcinoma. Cancer acronyms are defined 

as follows: KIRC, kidney renal clear cell carcinoma; THCA, thyroid carcinoma; BRCA, breast 

invasive carcinoma; LIHC, liver hepatocellular carcinoma; KICH, kidney chromophobe; STAD, 

stomach adenocarcinoma; READ, rectum adenocarcinoma; LUAD, lung adenocarcinoma; COAD, 

colon adenocarcinoma; UCEC, uterine corpus endometrioid carcinoma; LUSC, lung squamous cell 

carcinoma; BLCA, bladder urothelial carcinoma; HNSC, head and neck squamous cell carcinoma; 

PRAD, prostate adenocarcinoma; KIRP, kidney renal papillary cell carcinoma. 

 

Gene sets with similar patterns of differential expression as GABRD 

included ‘hematopoietic cell lineage’ and ‘helper T-cell polarization’ (Methods). 
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Further inspection of genes in the helper T-cell polarization pathway showed a 

preference for genes expressed in Th1 as opposed to Th2 cells. To determine 

whether this signal represented infiltration by immune cells into the tumor, we used 

the CIBERSORT program (Gentles et al., 2015) to predict immune cell subsets in 

tumor samples, but found little to no association with GABRD. While it remains 

difficult to completely rule out immune infiltration as a driving force of this signal, 

these findings suggest that increased levels of the delta subunit could lead to 

functional changes in the GABAA receptor that may play a role in tumor cell 

differentiation. 

Among the most downregulated, proliferation-independent genes we 

noticed widespread epigenetic silencing in tumors with strong enrichments for 

transcription start site hypermethylation (Methods, Supplementary Figure 2.8a, 

Odds-Ratio = 2, P < 10−16) and gene body hypomethylation (Supplementary 

Figure 2.8b, Odds-ratio = 2.5, P < 10−16). While coverage of methylation markers 

on the Illumina 450k chip varied across genes, manual inspection (Methods) of 

the most consistently downregulated genes identified many genes with associated 

with methylation changes to their DNA including GSTM5 (detrended fup = 0.27 

[0.19–0.35], Supplementary Figure 2.8c) and NRXN1 (detrended fup = 0.25 

[0.18–0.34], Supplementary Figure 2.8d). While NRXN1 is primarily expressed 

in brain where it serves as a cell surface protein, it has also been shown to play a 

role in remodeling of vascular tissue indicating it may play a wider role in regulation 

of cell adhesion in the periphery (Bottos, et al., 2009). 
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A screen for gene-sets enriched for proliferation-independent 

downregulation identified transcription and fatty acid metabolism pathways (Mann-

Whitney U test, PBH < 10−8, PBH < 10−4, respectively). Among the fatty acid 

metabolism gene set were the alcohol dehydrogenase genes which were nearly 

ubiquitously down-regulated with a particularly large effect for the class I genes (fup 

= 0.06 [0.02–0.10], 0.05 [0.02–0.10] and 0.12 [0.06–0.18] for ADH1-A, -B and -C, 

respectively) as well as ALDH2 (fup = 0.15 [0.09–0.22]), which serves to break 

down acetaldehyde (Figure 2.4 and Supplementary Figure 2.9). The 

downregulation of alcohol metabolism is likely a component of alternative pyruvate 

usage mediated by the Warburg effect in which cancer cells increase their rate of 

glycolysis by shifting to aerobic metabolism (Warburg, 1956). Exploration of other 

glycolysis genes supported this shift with upregulation of the lactate 

dehydrogenase gene LDHA (fup = 0.79 [0.71–0.86]) alongside downregulation of 

the mitochondrial pyruvate carrier gene MPC1 (fup = 0.11 [0.09–0.22], TCGA 

symbol BRP44L). Much like the ADH genes, MPC1 is downregulated in a 

proliferation-independent manner, and has recently been shown to affect cancer 

cell line growth in nonadherent, 3D culture conditions but not in proliferation or cell-

cycle progression assays (Schell et al., 2014). 
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Figure 2.4: Differential expression of alcohol dehydrogenase family of genes. Shown here for 

TCGA breast cancer dataset as a representative cohort. Also shown is ALDH2 which is the major 

enzyme responsible for breaking down acetaldehyde, the primary intermediate product of alcohol 

metabolism.   

 

Chapter 2.4: Discussion 

Here we have provided a resource to aid in the understanding of tumor-

associated molecular changes. Using the largest database of molecular profiles 

from paired tumor and adjacent normal tissues available, we determined how often 

each mRNA, miRNA and methylation site is differentially expressed in cancer. 

We observed changes in the expression levels of features associated with 

growth and proliferation, including cell cycle genes, global miRNA expression and 

methylation of PRC2 binding sites. In addition to features consistent with rapid 

cellular proliferation, we also observed a number of proliferation-independent 

signals. These genes may lie in pathways required for cells to break free of the 

normal mechanisms that regulate properties such as telomere processing and 

tissue invasiveness. Such a proliferation-independent pattern could also arise for 

tumor suppressors. Many tumor suppressors are activated in response to DNA 

damage but may be actively suppressed by altered molecular signaling in tumors. 
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One major finding of this study is the proliferation-independent upregulation 

of GABRD in nearly all tumors profiled. In addition to its well-known role of 

neurological signaling, signaling via GABA subunits can also suppress the 

proliferation of both neural and peripheral stem cells. In addition, dysregulation of 

GABA signaling has been implicated in various cancers, where it is hypothesised 

to have a role in the differentiation and proliferation of tumor stem cells (Young and 

Bordey, 2009). 

There are a number of possible explanations for why many GABA subunits 

are downregulated, but GABRD in particular is upregulated, in cancer. One 

possibility is that tumors express a novel receptor configuration; another is that the 

expression of the delta subunit could create non-functional receptors with other 

subunits. While it is hard to rule out the former explanation, the expression of 

GABRD in the testes (Supplementary Figure 2.5), and the observation that GABA 

has been shown to promote proliferation of Leydig cells in rodent testes 

(Geigerseder et al., 2003), gives some weight to the idea that usage of an 

alternative GABAA receptor may be important for tumorigenesis. 

Further work is clearly needed to understand the proliferation-independent 

genes and expand on their role in cancer. While secondary validation methods 

often measure the change of a cell line’s growth rate in response to disruption of 

a target, phenotypes such as those described here would not likely manifest in 

such assays. In contrast, non-traditional assays such as cell migration and 3D cell 

culture may be required to validate such phenotypes. 3D cell culture experiments 

have recently been conducted on the pyruvate carrier MPC1 in which the 



51 
 

 

coauthors show a clear induction of growth only when this gene is re-expressed in 

3D culture and mouse xenograft models, not in classical (2D) cell culture (Schell 

et al., 2014). 

Finally we would like to highlight the utility of using a large, diverse cohort 

to derive a robust pan-cancer signal. It is important to note that we do not aim to 

diminish the importance that normal tissue function, exposure to carcinogens, and 

cell turnover rates can have on the phenotypes of different cancer presentations. 

However, signals that are robust to tissue and environmental context are likely to 

be very important to the core processes driving a broad spectrum of cancer types. 

With the recent attention towards precision medicine, it is all the more important to 

define the standard molecular phenotype for cancer in general: Only by first 

defining common molecular features can we truly understand how treatment can 

be catered to detect and attack specific presentations of the disease. 

 

Chapter 2.4: Methods 

Chapter 2.4.1: Informed Consent 

Informed consent was obtained for all patients as part of the Cancer 

Genome Atlas consortia. All data used in this study were downloaded from public 

websites after the data were consented for public use. No handling of personally 

identifiable information was done by the researchers on this study. 
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Chapter 2.4.2: Molecular Data Retrieval and Processing 

All data were downloaded using the Broad Institute’s firehose_get data-

retrieval utility. To maintain the coherency of the analysis across different data 

layers and cancer types, we used Level 3 normalized molecular data as the input 

to our analysis and used all data available as of the April 2, 2015 standard data 

run. The use of the TCGA Genome Data Analysis Center (GDAC) pipeline is 

intended to make these results easy to update as more TCGA data become 

available. 

For TCGA gene expression values, we used data provided by Rahman and 

colleagues, who reprocessed the RNA sequence based expression data and 

showed better performance on controls (Rahman et al., 2015). While using this 

data as opposed the standard TCGA pipeline yielded slight changes to the results 

presented here, they are qualitatively very similar for both pipelines. To maintain 

consistency and respect data versioning we only used patients and genes present 

in the Firehose dataset. 

A marker (gene, miRNA, methylation probe) filter was applied to TCGA data 

to ensure that there was a detectable change in value between patient matched 

tumor and normal profiles in at least 50% of subjects. In general, this approach 

removed features whose levels were below the limit of detection in both tumor and 

normal, resulting in identical low values. The resulting feature set consisted of 

396,059 methylation probes, 520 microRNA, and 18420 genes. 

Microarray data was retrieved via manual search of the Gene Expression 

Omnibus (GEO) for large molecular cohorts with paired tumor/normal expression 
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data from the following accessions: GSE25097, GSE14520, GSE62872, 

GSE44076, GSE53757, GSE39791, GSE5364, GSE41258, GSE39004, 

GSE68468 and GSE33532. Data were obtained from the pre-processed series 

matrix files made available on GEO, and probes were averaged onto their 

annotated genes. Due to the unbalanced distribution of tissues available on GEO, 

fraction upregulated (fup) statistics were calculated for each tissue type individually, 

and then averaged to obtain a consensus. As not all microarray platforms had full 

coverage of the coding genes, statistics were calculated for available data, and 

genes profiled in fewer than 500 matched samples were discarded. This resulted 

in 16785 genes for which both microarray and RNA-sequencing data were 

available. 

Chapter 2.4.3: Assessment of Differential Expression via the Fraction of 

Upregulated Patients 

The fraction upregulated metric is a formulation of the sign-test statistic p = 

Pr(xi > yi), where x and y are vectors of matched samples. This statistic can be 

seen as a simplification of the Wilcoxon signed rank test, as it does not use the 

magnitude of the differences for a ranking but rather counts the signs of the 

differences. This is a simple, assumption-free metric in which information on the 

magnitude of differential expression or methylation is discarded. The statistic 

represents the fraction of patients for which a marker takes on a higher value in 

the tumor than the matched normal sample and ranges between 0 and 1. Statistical 

assessment of fup is conducted by testing against the null hypothesis that fup 

assumes a binomial distribution with a mean of 0.5. Confidence intervals are 
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assessed via examination of a beta distribution fit with shape parameters defined 

by the sign test. Although such a procedure can greatly limit statistical power when 

the sample size is small, at large sample sizes, fup tracks very well with parametric 

statistics such as a paired t-test (Supplementary Figure 2.2). 

By simplifying to a sign test we lose statistical power, but gain robustness 

of the test by allowing for application of this test regardless of the distribution of the 

data. This is used in replacement of standard statistical techniques used such as 

a paired t-test or specialized differential expression tools which pool variance 

across markers that are traditionally used in studies that have much smaller 

sample sizes (generally n = 3–20) and thus lack the power to use such a simplified 

model. We refrain from using such techniques as they would introduce a wide 

variety of confounding factors which would make our analysis much less robust 

and harder for the reader to interpret. For example the use of a t-test without 

modeling tumor purity as a covariate would be inappropriate in this setting as more 

pure samples would have an outsized effect. 

Furthermore this nonparametric exact test has a number of desirable 

properties for integrative analysis across datasets. Statistically it relies on no 

assumptions and is robust to outliers. Furthermore it does not pool samples as 

biological replicates and thus gives all samples equal weights when calculating a 

summary value. Biologically the sole assumption of the test is that the tumor 

sample contains more tumor cells than the normal sample. Due to these 

properties, we expect little contribution of non-cancer tissue-specific expression 

and batch effects. 
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Chapter 2.4.4: Proliferation Scoring 

A patient level proliferation score was adopted from the meta-PCNA metric 

published in Venet et al. (2011). This previous study mined normal, non-diseased 

tissues and defined a set of 131 genes associated with the well-studied 

Proliferating Cell Nuclear Antigen (PCNA) gene, then created a meta-gene 

calculated as the median expression level of these 131 genes. As in Venet et al., 

the median of these genes was used to construct the proliferation score in the 

current study. A marker-level association with this proliferation score was then 

computed for each gene, miRNA or methylation probe by assessing the Pearson 

correlation of the change in meta-PCNA with the change in marker levels from 

tumor to normal tissue for all subjects with matched samples. 

Chapter 2.4.5: Assessment of Proliferation-Independent Tumor-Associated 

Features 

To search for features that are tumor-associated independently of 

proliferation, the association of marker levels with proliferation (meta-PCNA) was 

detrended via a linear model. The detrended fup metric is very similar to the 

standard fup calculation with the addition of preprocessing to remove the trends of 

proliferation. Additional tissue and interaction terms are added to model to 

association of metaPCNA with tissue. 

The detrending step is implemented in R using the following model: 

Marker_level ~ metaPCNA + tissue + metaPCNA:tissue 

Where metaPCNA:tissue is an interaction term between these two factors. 

After this model is fit for all markers we obtain a matrix of residuals from the set of 
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markers, and repeat the screen for conserved changes as previously implemented 

for fup. The screen result provides us with p-values and confidence intervals for all 

detrended fup values. 

Chapter 2.4.6: Gene Set Enrichment Analysis 

Gene sets were downloaded from the Molecular Signatures Database 

(mSigDB) (Subramanian et al., 2005). Version 5 of the canonical pathway gene 

sets was used in this analysis. Enrichment of fup for gene sets was performed by 

screening all sets for a difference in the distribution of fup within the set as 

compared to the background gene set via the rank-based Mann-Whitney U test. 

To understand whether GABRD had coordinated differential expression 

with any annotated pathways, we conducted an enrichment test against the co-

differential expression of GABRD with all other genes. To address this, we 

assessed enrichment of co-differential expression by the following method: 

• dx: gene x gene correlation across matrix of differential expression 

• dt: gene x gene correlation across matrix of tumor-only gene expression 

• cx: dx-dt, change in correlation 

• pathway enrichment: change in mean of cx within genes annotated to a 

given pathway 

 

During preliminary analysis we noted that proliferation associated pathways 

were enriched for co-differential expression with many genes. We suspect this is 

the case due to the strong proliferation component of the differential expression 

signal giving these genes more information content. To hone in on pathways with 

a specific enrichment for GABRD we computed pathway enrichments for all genes, 

and ranked GABRD with respect to all other genes. For the two pathways 
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highlighted in the text, ‘hematopoietic cell lineage’ and ‘helper T-cell polarization’ 

the enrichment of GABRD was ranked 3rd and 9th of all genes profiled. 

mSigDB pathway IDs for gene sets cited in the main text are as follows: 

• cell cycle: M5336 
• deposition of CENPAcontaining nucleosomes at the centromere: M871 
• M/G1 transition: M10080 
• hematopoietic cell lineage: M6856 
• helper T-cell polarization: M4047 
• ribosome: M189 
• proteasome: M10680 
• packing of telomere ends: M17695 
• telomere extension: M14804 
• telomere maintenance: M4052 

 

Chapter 2.4.7: Integration of Methylation and Expression Data-Layers 

To understand epigenetic silencing of frequently downregulated genes, we 

integrated data from the DNA methylation and gene expression data-layers. This 

analysis took place on the 357 patients with both data-types profiled across tumor 

and normal tissue samples. Genes were annotated as up- or down-regulated by 

the significance of the detrended fup metric with a threshold of PBonf < 0.05. The 

odds-ratio statistic in the main text was constructed by comparing the frequency at 

which methylation probes were greater or less than the median value of the 

distribution for probes mapping to downregulated genes against all other probes. 

To further explore epigenetic silencing, we manually inspected the 10 most 

proliferation-independent downregulated genes. While multiple-hypothesis 

corrected p-values of associations are not reported in Supplementary Figure 2.8, 
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we estimate test space to be on the order of 100 tests as 10 genes were explored 

and around 10 possible combinations of annotations could be constructed. 

Chapter 2.4.8: Availability 

All data retrieval and processing steps are documented in a series of 

IPython notebooks (Perez and Granger, 2007) available online 

(https://github.com/theandygross/TCGA_differential_expression). These 

notebooks provide fully executable instructions for the reproduction of the analyses 

and the generation of figures and statistics for this study. 
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Chapter 2.7: Supplementary Figures 

 

Supplementary Figure 2.1: Sample counts of TCGA patients with matched tumor/normal 
data. 

 

 

 
 

Supplementary Figure 2.2: Comparison of the fup up/down statistic to the paired t-test as 

an alternative metric. Shown for all genes across the pan-cancer TCGA mRNA sequencing 

cohort. 
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Supplementary Figure 2.3: Scatter plot comparing gene-level proliferation score against 

fraction upregulated for genes involved in telomere end packaging and telomere extension. 

 

 

 

Supplementary Figure 2.4: SEMA5B is tumor-associated, independent of proliferation. (a) 

Scatter-plot comparing SEMA5B gene expression profiles to proliferation scores across matched 

tumor and normal samples. Lines indicate linear regression figs of tumor (red) and normal (blue) 

samples, shaded regions indicate 95% confidence intervals. (b) Comparison of matched tumor and 

normal profiles for SEMA5B expression, grouped by tissue type. (c) Comparison of matched tumor 

and normal profiles for all SEMA protein family of genes in renal cell carcinoma (note that the x-tick 

labels correspond to the gene suffix, e.g. 3A represents SEMA3A).  
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Supplementary Figure 2.5: Paired tumor-normal expression for GABA receptor genes 
across different tissues. 
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Supplementary Figure 2.6: Violin plot of of GABAA subunit gene expression in the testis. 

Data obtained from the Genotype-Tissue Expression (GTEX) project.  

  



63 
 

 

  

 

Supplementary Figure 2.7: Characterization of GABRD in a paired microarray dataset. (a) 

Scatter plot comparing GABRD gene expression profiles to proliferation scores across matched 

tumor and normal samples. (b) Comparison of matched tumor and normal profiles for all GABA 

protein subunits. 

 

 

 

Supplementary Figure 2.8: Exploration of epigenetic silencing in consistently 

downregulated genes. (a-b) Distribution of methylation markers annotated to transcription start 

sites (a) or gene bodies (b), split by upregulated, downregulated or neutral status of annotated 

genes. Up- and down-regulation is assessed here by the significance of the detrended fup metric 

with a threshold of PBonf < 0.05. (c) Comparison of probes mapping outside of the gene body on 

GSTM5 against similar probes annotated to all other genes. (d) Comparison of probes mapping 

specifically to the gene body of NRXN1 against similar probes annotated to all other genes. 
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Supplementary Figure 2.9: Paired tumor-normal expression for ADH genes and ALDH2. 
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Chapter 3: Methylome-wide analysis of chronic HIV 

infection reveals five-year increase in biological age and 

epigenetic targeting of HLA
 

 

Chapter 3.1: Highlights 

• Methylome-wide analysis of HIV chronically infected, cART treated 

individuals 

• HIV increases epigenetic aging by 4.9 years, associated with expected 19% 

increased mortality 

• HLA locus is hypomethylated in HIV+ individuals 

• Development and multi-cohort validation of epigenetic clock models of 

aging that are independent of sample cell type composition 

 

Chapter 3.2: Summary 

HIV-infected individuals are living longer on antiretroviral therapy, but many 

patients display signs that in some ways resemble premature aging. To investigate 

and quantify the impact of chronic HIV infection on aging, we report a global 

analysis of the whole blood DNA methylomes of 137 HIV+ individuals under 

sustained therapy along with 44 matched HIV− individuals and 1,200 population 

controls. First, we develop and validate epigenetic models of aging that are 

independent of blood cell composition. Using this technique, we find that both 

chronic and recent HIV infection lead to an average aging advancement of 4.9 

years, increasing expected mortality risk by 19%. In addition, sustained infection 

results in global deregulation of the methylome across >80,000 CpGs and specific 



72 
 

 

hypomethylation of the genomic region encoding the human leukocyte antigen 

locus (HLA). We find that decreased HLA methylation is predictive of lower CD4 / 

CD8 T cell ratio, linking molecular aging, epigenetic regulation and disease 

progression.

 

Chapter 3.3: Introduction 

It is an open question why some people show early or delayed onset of age-

associated disorders (Kennedy et al., 2014). Recent studies have found that aging 

is associated with epigenetic changes (Christensen et al., 2009; Day et al., 2013; 

Heyn et al., 2012; Maegawa et al., 2010; Numata et al., 2012; Rakyan et al., 2010; 

West et al., 2013), and based on this work we (Hannum et al., 2012) and others 

(Horvath, 2013; Weidner et al., 2014) have built models capable of predicting a 

person’s age using DNA methylation patterns across a large number of CpG sites. 

Although these models are fairly accurate, errors of prediction — differences 

between the chronological and predicted age — serve as a quantitative readout of 

the relative advancement or retardation of the ‘biological age’ of an individual. 

Biological age advancement has been correlated with factors such as gender, 

genetic polymorphisms and diseases including cancer and diabetes, and it may 

influence the onset of other age-associated disorders (Day et al., 2013; Hannum 

et al., 2012). A recent longitudinal study has validated the clinical utility of these 

models by demonstrating a link between biological age advancement and 

increased mortality rates (Marioni et al., 2015). 
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Biological aging has become of particular interest in treatment of HIV, in 

which the development of combination active anti-retroviral therapy (cART) now 

enables infected individuals to live many decades (Deeks, 2011; Deeks et al., 

2013; Maartens et al., 2014). Several studies have suggested links between 

chronic HIV infection and early onset of neurodegeneration (Nightingale et al., 

2014), liver or kidney failure (Hilton, 2013; Joshi et al., 2011; Kovari et al., 2013), 

cancer (Dubrow et al., 2012), cardiovascular disease (Freiberg et al., 2013), or 

telomere shortening (Chou et al., 2013; Leeansyah et al., 2013; Pathai et al., 

2013), leading to the hypothesis that HIV+ patients might experience advanced or 

accelerated aging (Appay and Rowland-Jones, 2002; Guaraldi et al., 2011; Smith 

et al., 2012). While these studies report rough estimates of HIV-mediated age 

advancement in the range of 0-20 years, it has been difficult to accurately quantify 

this number due to sampling effects, co-morbidities, and relatively low incidence 

rates of any single age-associated disease.  To this effect, the existence, extent, 

and molecular basis of a bona-fide increase in aging have been unclear (Althoff et 

al., 2014; Solomon et al., 2014), in part due to lack of an objective biological clock 

or aging biomarker.  

In parallel with such epidemiological observations, a number of studies 

report age effects using blood-based biomarkers. Analysis of cell surface markers 

in T cells has shown HIV+ subjects to show phenotypes of older cells (Cao et al., 

2009). Other studies have observed shortened telomeres in certain cell 

populations (Rickabaugh et al., 2011) as well as whole blood (Zanet et al., 2014), 

indirectly linking HIV to aging via the well-studied connection between telomere 
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length and age (Lindsey et al., 1991; Cawthon et al, 2003). Furthermore, a recent 

analysis of untreated HIV+ individuals found DNA methylation sites that are 

associated with both HIV infection and age (Rickabaugh et al., 2014). Together, 

these results raise the possibility that HIV infection results in an increase in 

biological age. Many questions remain, however: Are the epigenetic changes 

associated with HIV the same as those previously identified (Hannum et al., 2012; 

Horvath, 2013) in normal individuals as markers of ‘biological age’, and how 

complete is the correspondence between these two responses? What is the 

quantitative effect on aging in years, and is it fixed age advancement or continuous 

acceleration? What is the impact on aging of chronic HIV infection and sustained 

cART treatment? Are there other impacts of HIV on the methylome that are 

unrelated to aging?  

Here we begin to address these questions by analyzing the methylomes of 

HIV-infected, cART-treated subjects, in which we observe a strong shared 

phenotype of HIV and age. To understand this signal, we develop models of 

biological age that allow us to establish a clear quantitative link between HIV 

infection and aging as observed in the general population. We identify both global 

and targeted epigenomic effects of HIV, including specific hypomethylation of the 

HLA locus. Together, these results shed light on the epigenetic consequences and 

gerontological aspects of chronic HIV infection. 
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Chapter 3.4: Results 

Chapter 3.4.1: Genome-wide DNA methylation profiling 

To determine whether HIV is associated with signs of aberrant biological 

aging, samples of whole blood DNA were obtained from 137 HIV-infected, cART-

treated but otherwise healthy non-Hispanic white males (no hepatitis C co-

infection, no diabetes, and high adherence to therapy) and 44 healthy non-

Hispanic white male controls (Supplementary Table 3.1, Supplementary Figure 

3.1). Genome-wide methylation profiles of each sample were determined using the 

Illumina Infinium HumanMethylation450 BeadChip array. Data were normalized 

and controlled for quality using standard techniques, resulting in removal of two 

control patients due to poor signal (Experimental Procedures). 

Chapter 3.4.2: Unsupervised analysis shows shared phenotypes of HIV and age 

In preliminary data exploration, we performed an unsupervised analysis to 

identify age-associated methylation sites and explore their relation to HIV infection. 

Analysis of a previous methylome-wide screen of 538 healthy subjects (Hannum 

et al., 2012) identified 61,592 methylation sites associated with age at a 1% false-

discovery rate (FDR, likelihood ratio test in multivariate regression model with 

Benjamini-Hochberg correction). Validation of these sites in whole blood from a 

second control cohort from the European Prospective Investigation into Cancer 

and Nutrition (Riboli et al., 2002) (EPIC, N = 662) confirmed 26,927 sites as 

strongly associated with age (Figure 3.1A, Supplementary Table 3.2).  

Among these validated age-associated sites, we found a striking 

association with methylation in the HIV+ patients relative to healthy controls (P < 
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10-100, Figure 3.1B). Further analysis of these sites found a positive association of 

the first principal component with both age and HIV status (Figure 3.1C, 

Supplementary Table 3.3, association by multivariate linear model P < 10-8). 

These findings support a link between HIV infection and aging (Rickabaugh et al., 

2014), as quantitatively measured by epigenomic profiling (Figure 3.1D). 

 

 

Figure 3.1: Shared epigenetic signature of HIV infection and aging. A, Discovery and validation 

of CpG methylation markers associated with age. B, Distribution of t-statistics measuring 

association of each methylation marker with HIV status. Colors indicate groups of markers identified 

in (A): Gray, all markers; yellow, age-associated markers from discovery phase; violet, subset of 

age-associated markers confirmed in validation. C, Principal component (PC) analysis of the 

validated age-associated markers, in which the first PC (y-axis) is positively associated with both 

age (x-axis) and disease status (HIV+, green; HIV−, blue). D, Potential relationships among HIV 

infection, epigenetics, disease, and aging. Black: known; Dashed gray: potential; Green: 

connections explored in this study. 
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Chapter 3.4.3: Benchmarking and refinement of epigenetic aging models 

Given the shared effects of HIV and aging, we sought to determine whether 

HIV causes the same biological aging signature as previously found in cohorts of 

uninfected individuals (Hannum et al., 2012; Horvath et al., 2013, Marioni et al., 

2015). We tested aging models from both our group (Hannum et al., 2012) and 

Horvath (Horvath, 2013) in three independent datasets derived from whole blood 

samples (Hannum et al., 2012; Riboli et al., 2002; this study; Supplementary 

Table 3.2). Although the Hannum and Horvath modeling efforts were based on 

different methodologies and training data, we found they made very similar 

predictions (r = 0.9, Pearson’s correlation, Figure 3.2A), and furthermore found 

that a consensus of the two models outperformed either model individually 

(Figures 3.2B and 3.2C, Supplementary Table 3.2). For this reason, we used 

this consensus model for all analyses throughout our study.  

A potential issue with these models arises in the fact that methylation 

profiles from whole blood are influenced by cell composition, and different cell 

types have different methylation states (Jaffe and Irizarry, 2014). These 

differences might be particularly pronounced in HIV-infected patients, some of 

whom have low CD4+ T cell counts (Trono et al., 2010). To understand the 

sensitivity of epigenetic aging models to cell type composition, we obtained 

datasets with methylation profiles derived from sorted populations of blood 

(Houseman et al., 2012; Absher et al., 2013; Reynolds et al., 2014). Examination 

of the Houseman et al. dataset, consisting of methylome profiles of nine sorted 

blood cell types across six individuals, indicated that epigenetic age 
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measurements for each cell type were concordant with whole-blood 

measurements in those same patients (Supplementary Figure 3.2). To further 

understand the reproducibility of epigenetic age in such purified cell populations, 

we downloaded two datasets profiling sorted cells across shared sets of individuals 

(Absher et al., 2013, GSE59250; Reynolds et al., 2014, GSE56046). Among these 

sorted cell datasets, we saw good concordance of epigenetic age predictions with 

chronological age (Supplementary Figure 3. 3A-F). Epigenetic age was 

reproducible across different cell types profiled from the same patients, with high 

agreement of age estimates (r > 0.77-0.88) and moderate but very significant 

agreement of age advancement (Pearson’s r > 0.45-0.68; P < 0.0001 for all 

associations, Supplementary Figure 3.3G-J).  

While we expect the contribution of cell composition to be minimal, we 

nonetheless developed an algorithm to individually normalize each methylation 

profile using the methylation-derived cell type information. In brief, we use using a 

previously reported method (Jaffe and Irizarry, 2014) to reliably predict blood 

composition (Supplementary Figure 3.4), and adjust out the expected 

contribution of cell-type specific effects. This procedure greatly limited the effects 

of age and HIV induced blood composition changes in downstream analyses 

(Experimental Procedures, Supplementary Figure 3.5).  
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Figure 3.2: Epigenetic models accurately predict age and indicate advanced aging for HIV-

infected individuals. A, Scatter plot comparing the ages predicted using the Hannum et al. and 

Horvath models on healthy controls (n = 1,246 from HIV−, Hannum et al. and EPIC datasets). Red 

points indicate patients that were discarded due to disagreement between the two aging models (n 

= 66). B-C, Accuracy of the consensus model (y-axis) to predict true chronological age (x-axis) in 

datasets from Hannum et al. (n = 497, B) or EPIC (n = 637, C). Panels (A-C) show patients between 

25 and 68 years old. D, Scatter plot of predicted biological age (consensus aging model) versus 

chronological age for HIV− healthy controls. E, Scatter plot of biological time versus chronological 

time since HIV onset for infected subjects. F, Violin plots showing the distribution of residuals from 

regression of biological versus chronological age. Three groups are shown: HIV− controls, short-

term HIV+ infected individuals, and long-term HIV+ infected individuals. Note that the red circle 

indicates an outlier, which is not used to fit the violin profile, but is used in all statistical 

assessments. A-E, Black dashed lines indicate diagonal (y = x). r, Pearson’s correlation coefficient. 

** indicates P < 10−5. 

 

Chapter 3.4.4: HIV+ individuals have advanced DNA methylation age 

We next used this consensus aging model to calculate the ‘biological age’ 

of each individual in our cohort (Supplementary Table 3.2). For uninfected 

controls, the calculated biological age had a very high concordance with 
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chronological age (Figure 3.2D, Pearson’s r = 0.94). In contrast, the HIV+ patients 

had a biological age advancement of 4.9 years on average (P < 10-8 by Student’s 

t-test, 95% confidence interval 3.4 - 7.1 years, Figures 3.2E and 3.2F). These 

results were consistent with our previous unsupervised analysis (Figures 3.1B 

and 3.1C) in suggesting that HIV infection leads to advanced instead of 

accelerated aging. Furthermore, we found that the age advancement of HIV+ 

individuals was negatively correlated with the ratio of CD4+ / CD8+ T lymphocytes 

(Spearman’s rho = −0.2, P < 0.02). CD4+ T cells are a major indicator of immune 

integrity (Leung et al., 2013; Serrano-Villar et al., 2014) and are inversely 

associated with morbidity and mortality, including from non-AIDS defining diseases 

(SMART Study Group et al., 2006); similarly, the CD4/CD8 ratio predicts non-AIDS 

morbidity (Leung et al., 2013; Serrano-Villar et al., 2014). This finding links 

biological aging of HIV infected individuals to a clinical measure of disease 

progression, and it raises the possibility that patients with stable immune 

responses may be less affected by the advanced aging phenotype. Taking into 

account a recent of 4.2% increase in mortality risk per year of biological age 

advancement using the Hannum model estimate (Marioni et al., 2015), the 

changes observed in HIV+ patients result in an expected total mortality risk 

increase of 19%. 

Chapter 3.4.5: Age advancement is independent of HIV duration  

Notably, patients more recently infected with HIV (< 5 years) had no 

significant difference in age advancement from those patients with chronic (>12 

years) infection (P > 0.5, Mann-Whitney U Test; Figure 3.2F). Similar findings 
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emerged from a regression analysis of the chronological versus biological time 

since infection: the slope did not differ from one (0.98 ± 0.06, standard error) 

whereas the y-intersect was significantly positive (5.2 ± 0.9; Figures 3.2E and 

3.2F). These findings lend support to the theory that age advancement occurs 

early in the course of disease as a consequence of acute infection or reaction to 

drug treatment (Guaraldi et al., 2011; Smith et al., 2012). The lack of an increase 

of age advancement with disease duration seems to contradict alternative views 

that HIV-mediated aging occurs through cumulative effects of latent virus (Appay 

and Rowland-Jones, 2002) or chronic therapeutic intervention (Torres and Lewis, 

2014). We did however observe less variation in age advancement within the 

chronically infected HIV+ individuals (Figure 3.2F, P < 0.002, Bartlett’s test relative 

to recently infected group), perhaps reflecting the comparative stability of infection 

and immune response on long-term cART therapy (Luz et al., 2014; Rosenblatt et 

al., 2005). 

Chapter 3.4.6: Age advancement is independent of cellular composition  

While the direct effects of cell type composition on the whole blood 

methylome were corrected by the adjustment described in the experimental 

procedures, we considered that it was still possible that changes in cell type 

composition could lead to downstream, indirect changes in the epigenomes of all 

blood cells. If this were the case, cell-type associated changes could be 

responsible for the observed increase in biological age in the HIV+ cases. To 

assess this possibility, we constructed a multivariate linear model in which cell type 

composition variables and HIV status were used to predict biological age as 
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measured by the methylome (Table 3.1). In this model, the presence of HIV was 

associated with an age advancement of 3.8±1.1 years, while the presence of 

natural killer cells accounted for additional increases in biological age (Table 

3.1A). In an even more conservative test, we modeled age advancement with cell 

type composition variables alone and found that the unexplained variation in this 

model still had a significant association with HIV infection (P = 0.02, Likelihood 

Ratio Test, Table 3.1B). Thus, even in a very conservative analysis, HIV infection 

still has association with advanced aging that is entirely independent of cell 

composition. 

We then sought to experimentally assess if the observed age advancement 

due to HIV infection was also observed in purified cell populations. Using standard 

calculations of statistical power, we estimated that a sample of 48 patients, 

balanced approximately between cases and controls, would have 81% power to 

detect the same aging advancement effect as our primary screen at p < 0.01. 

Accordingly, this number of subjects was prospectively recruited from the 

University of Pittsburg Medical Center (Experimental Procedures, 

Supplementary Table 3.4). Whole blood was separated with flow cytometry to 

isolate pure populations of neutrophils and CD4+ T-cells.  
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Table 3.1: Multivariate linear models of biological age based on chronological age, HIV and 
cellular composition.   

A. One-Step Model         

A1. Dependent variable: Biological age       

  Independent variable Effect StdErr t P 

  HIV 3.76      1.14      3.3       0.003 

  Chronological age −0.12      0.04      −3.0       0.001 

Cell 
composition 

(%) 

NK cell 0.21      0.08      2.6       0.011 

CD4 T cell −0.07      0.07      −1.1       0.293 

CD8 T cell 0.13      0.06      0.2       0.812 

B cell −0.17      0.13      −1.4       0.174 

Monocyte −0.09      0.14      −0.6       0.521 

B. Two-Step Model†         

B1. Dependent variable: Biological age       

  Independent variable Effect StdErr t P 

  Chronological age −0.22      0.07      −3.1       0.002 

Cell 
composition 

(%) 

NK cell 0.15      0.07      2.1       0.041 

CD4 T cell −0.23      0.08      −2.9       0.004 

CD8 T cell 0.15      0.08      1.8       0.076 

B cell −0.10      0.07      −1.3       0.190 

Monocyte −0.05      0.07      −0.7       0.492 

B2. Dependent variable: Step B1 model residuals   

  HIV 0.18      0.08      2.4       0.019 

† In the two step model (B), residuals from the model using chronological age and cellular 
composition are carried over to a second regression using HIV status. 

 

As in whole blood, unsupervised analysis showed a clear effect of HIV in 

age associated methylation markers (Figure 3.3A-B). Application of epigenetic 

models of aging in these pure-cell data-sets showed good concordance of 

predicted age with chronological age in both cell types (Figure 3.3C-F). 
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Interestingly, while the two aging models had fairly good agreement in age 

advancement across the cohort, the Hannum model predicted a 2.5 year increase 

in age (P < 0.03, 95% CI 0.6-5.0 years, Figure 3.3E) whereas the Horvath model 

had a much smaller effect of 0.4 year (P > 0.05). In contrast, CD4+ T-cells had a 

much stronger and more consistent signal across the models with a consensus 

aging model showing an increase of 5.7 years in the HIV+ subjects (P < 10-5, 95% 

CI 3.4-7.9 years, Figure 3.3F). These data show that the effect of epigenetic age 

advancement is not merely an artifact of changing blood composition, but rather is 

likely to reflect true aging signals. The stronger effect size within CD4+ T-cells 

(Figure 3.3G-H) suggests that these cells may be suffer from more age-like stress 

than neutrophils, and further work is likely needed to understand how disease may 

affect aging rates across different cell-types and tissues.  
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Figure 3.3: Age advancement in validation cohorts of purified cells.  A-B, Unsupervised 

principal component (PC) analysis of methylation patterns in purified blood cell types, in which the 

first PC is positively associated with both age (x-axis) and disease status (HIV+, green; HIV- blue). 

(A) New CD4+ T-cell cohort across 5999 probes that are age-associated in CD4+ T-cells 

(GSE59250). (B) New neutrophil cohort across 9971 probes that are age-associated in neutrophils 

(GSE65097). C-F, Control (C-D) and HIV+ (E-F) subjects for sorted cell validation datasets 

comparing chronological age to the Hannum et al. epigenetic aging model in neutrophils (C,E) and 

consensus aging model in CD4+ T-cells (D,F).  G-H, Violin plots showing age advancement in the 

two sorted cell datasets. For B, in initial analysis the first PC heavily reflected an outlier point, which 

was removed for this analysis after which the PC was recalculated. 
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Chapter 3.4.7: HIV and aging have shared and distinct methylation patterns 

We identified 81,361 CpG markers associated with HIV infection 

(Benjamini-Hochberg corrected P < 0.01; likelihood ratio test using a multivariate 

linear model, Supplementary Table 3.5). Of these, 5631 were also associated 

with aging, a 1.3-fold enrichment over random expectation (Figure 3.4A, Fisher’s 

Exact Test P < 10-58, Supplementary Table 3.6). We found that markers 

associated with both HIV and aging were enriched in DNAse hypersensitivity sites 

and transcriptional start sites, suggesting methylation changes in DNA regions 

under active regulation. These CpG markers were also enriched in binding sites 

for polycomb repressive complex (PRC2) (Figure 3.4B), a switch that tightly 

regulates genes required for differentiation and renewal and in Drosophilia is linked 

to longevity (Siebold et al., 2010). These findings reinforce previous reports that 

PRC2 targets are permanently repressed by methylation during the aging process 

(Beerman et al., 2013; Deaton and Bird, 2011; Teschendorff et al., 2010). 

Interestingly, markers associated with HIV but not aging had a very different 

functional enrichment profile (Figure 3.4B), indicating additional mechanism(s) for 

epigenetic alteration associated with HIV.  
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Figure 3.4: HIV and aging have shared and distinct methylation patterns. A, Overlap table 

comparing the set of CpG markers associated with HIV and the set of validated age-associated 

markers (see Figure 3.1A). Numbers indicate probe counts in each overlap, colors correspond to 

odds ratio of overlap compared to background. B, Odds ratios of enrichment for a panel of genomic 

features, evaluated in sets of markers associated with age, HIV, or both. PRC2, polycomb 

repressive complex 2 binding sites; DHS, DNase hypersensitivity sites; TSS, transcription start 

sites. C, Distribution of methylation states for the CpG marker sets defined in (A). 
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We have previously reported that age-associated markers in older subjects 

tend away from a fully methylated or unmethylated state and instead move towards 

disorder (50% methylation) (Hannum et al., 2012). We found that HIV-infected 

patients displayed a similar trait: among markers associated with HIV, 66% tended 

towards disorder, compared with 70% of age-associated markers (Experimental 

Procedures, Supplementary Figure 3.6). Furthermore, whereas age-associated 

markers tended to have a low methylation fraction that increased with age, HIV-

associated markers were more equally balanced between low and high 

methylation states (Figure 3.4C). 

Chapter 3.4.8: HIV is associated with hypomethylation of the HLA locus 

Taking into account this general increase in disorder, we sought to 

determine if there were any specific genomic regions for which the methylation 

state was particularly associated with HIV infection. An epigenome-wide screen of 

whole blood identified a single genomic region that was enriched in CpG markers 

associated with HIV; this region, consisting of 10 megabases on chromosome 6 

including histone gene cluster 1 and the entire HLA locus, had particularly reduced 

methylation levels in HIV+ cases as compared to HIV- controls (P < 10-10, Figure 

3.5A, Experimental Procedures). HLA genes encode the Major 

Histocompatibility Complexes (MHC), the key antigen-presenting molecules that 

govern the acquired immune response and impact innate immunity (Figure 3.5B) 

(Goulder and Walker, 2012). We found that the differentially methylated markers 

surround the rs2395029 variant, for which common genetic variation has been 

repeatedly implicated in HIV host control (Figures 3.5C,D) (Fellay et al., 2007; 
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International HIV Controllers Study et al., 2010). Examination of this locus in the 

validation samples of purified neutrophils and CD4+ T cells identified the HCP5 

gene body as particularly differentially methylated (Figures 3.5E,F, 

Supplementary Figure 3.7). As further evidence that the observed changes are 

functional, we found that the amount of methylation at this gene was correlated 

with a patient’s CD4+ / CD8+ T cell ratio (Supplementary Figure 3.7). An intriguing 

interpretation of our results is that some of the previously reported changes in HLA 

expression and corresponding HIV control (Apps et al., 2013) are attributable to 

methylation dynamics.  
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Figure 3.5: Methylome remodeling under sustained HIV infection targets HLA. A, Epigenome-

wide association of CpG methylation (mCpG) with HIV status (presence or absence). Each point 

represents the P-value of enrichment for differentially methylated CpG markers within a bin of ±100 

consecutive markers along the genome. B-C, P-values of genome-wide association of single 

nucleotide polymorphisms (SNP) with host control of HIV, reproduced from Fellay et al. D, 

Epigenome-wide association of mCpG with HIV status (presence or absence), zoomed in to target 

histone / HLA locus. E-F, Validation screen of HIV-downregulated markers in neutrophils (E) and 

CD4+ T-cells (F).  
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Chapter 3.5: Discussion 

Here, we have shown that methylome-wide changes previously ascribed to 

aging are also induced by HIV (Figures 3.1 and 3.3). By using highly accurate, 

externally trained and validated models of biological aging, our study provides a 

robust estimate of a five-year age advancement in HIV/cART individuals (Figure 

3.2). These results, in combination with the link between molecular age 

advancement and increased mortality risk (Marioni et al., 2015), support the idea 

that chronic HIV infection is accompanied by a tangible gerontological phenotype. 

In addition to an aggregate estimate of HIV age advancement, the methylation 

aging model allows for patient-by-patient estimates. Patients deemed more likely 

to suffer from HIV-mediated aging effects might be placed on alterative schedules 

for preventative care, including early screening and further testing if warranted. 

While epidemiological studies have attempted to measure age acceleration 

and increased mortality rates in HIV+ individuals (Appay and Rowland-Jones, 

2002; Guaraldi et al., 2011; Smith et al., 2012), such measurements are made 

difficult by the myriad co-factors associated with HIV infection. For instance, low 

CD4+ T cell counts, HCV infection, and drug usage are important factors of HIV 

infection that are also suspected to significantly affect mortality rates. Most 

previous studies have not attempted to control for these factors; in contrast, our 

study has focused specifically on healthy white male non-drug users. Nonetheless, 

our estimate of HIV age advancement of 4.9 years, calculated from a quantitative 

analysis of the methylome, falls within the range of the previous epidemiological 

studies. Further work will be needed to understand if the observed epigenetic age 
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advancement is generalizable to broader slices of the HIV+ population, i.e. patients 

with complex co-morbidities such as drug use or additional viral infections. 

This study is based on the same epigenetic model of biological aging as 

many others, including recent reports associating epigenetic aging with Down’s 

Syndrome (Horvath et al., 2015), traumatic stress (Boks et al., 2015), and even all-

cause mortality (Marioni et al., 2015). Here, we implement key data-processing 

and analysis steps to improve the application of these models, which should aid in 

future applications. By minimizing the effects of cell type composition, we find 

better calibration of our control samples (Figure 3.2B-D and Supplementary 

Table 3.2), and the model is less affected by confounding associations such as 

the changing blood composition that occurs in HIV+ individuals (Supplementary 

Figure 3.3). Furthermore, integration of both the Hannum et al. and Horvath (2013) 

models of epigenetic aging serves to limit biases in model training and allows us 

to filter samples that are of low quality or ill-suited for use in aging studies 

(Experimental Procedures, Supplementary Table 3.2).  

Our finding of a five-year age advancement in cART-treated subjects 

(Figure 3.2E) is similar to one recent report (Horvath and Levine, 2015) but 

contrasts with another study in untreated patients, in which shared effects of age 

and HIV on the methylome were used to report an age advancement of 14 years 

(Rickabaugh et al., 2014). Although this discrepancy could be due to a beneficial 

effect of cART, we believe it is more likely due to differing statistical approaches. 

The previous number is based on comparison of the effects of HIV and age in a 

single cohort, rather than an epigenetic model of aging built for normal individuals, 
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as performed here. Moreover, the authors derive their estimate from the ratio of 

linear coefficients for HIV and age, which are themselves highly correlated; such 

co-linearity is a well-known cause of instability in such estimates (Farrar and 

Glauber, 1967).  

The discovery of HLA hypomethylation as a targeted consequence of HIV 

infection (Figure 3.5) has compelling synergy with the earlier discoveries of HLA 

genotype and expression level as major determinants of HIV control. Common 

genetic variation in HLA has been identified as the major contributing factor to host 

control of HIV infection (Fellay et al., 2007; International HIV Controllers Study et 

al., 2010), and HLA has been reported as a hotspot for integration of HIV provirus 

(Ambrosi et al., 2011). HIV infection has also been associated with decreased 

expression of some HLA genes but not others (Bonaparte and Barker, 2004; 

Cohen et al., 1999), and higher HLA-C expression is associated with HIV control 

(Apps et al., 2013; Kulkarni et al., 2011; Thomas et al., 2009). Our result suggests 

an epigenetic component to the regulation of HLA expression in this region. It also 

raises the possibility that the ability to control HIV infection could be acquired 

through epigenetic modification, as well as inherited through genotype.  

In summary, we have shown that an extrinsic perturbation to a human 

population, driven by HIV infection and cART, is capable of inducing changes in 

the epigenomic state of affected individuals. This perturbation may influence 

regulation of HLA gene expression and also encompasses signatures of aging. 

Our findings help address a long-standing debate regarding the effects of HIV 

infection on biological aging in cART-treated individuals, in a manner that can be 
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assessed numerically using an epigenome-based readout. Taken together, our 

findings show that the epigenome adds a quantitative means of assessing the 

interaction of HIV with normal and pathogenic processes associated with aging, 

and they shed light on the underlying mechanisms by which acute and chronic viral 

infection impact the host. 

 

Chapter 3.6: Experimental procedures 

Chapter 3.6.1: Reproduction of computation procedures 

All data retrieval and processing steps are documented in a series of 

IPython notebooks at www.github.com/theandygross/HIV_Methylation. These 

notebooks provide fully executable instructions for the reproduction of the analyses 

and the generation of figures and statistics for this study.  

Chapter 3.6.2: Selection criteria and subject recruitment 

HIV+ subject samples were obtained from CHARTER as a Resource 

(www.charterresource.ucsd.edu). The CHARTER study was comprised of HIV-

infected participants at varying stages of disease and with differing histories of 

antiretroviral treatment, with a focus on neuromedical and neurobehavioral 

assessments (Heaton et al., 2010). We requested information on subjects for 

which DNA had been obtained. Demographic and clinical data were filtered for 

non-Hispanic white males (to match the control group) who were free of Hepatitis 

C virus, not diabetic, on cART, and adherent to therapy. These subjects had 

estimated time from HIV infection to sample collection of 0.2 - 26.1 years. Two 



95 
 

 

groups were selected for study, those more recently infected by HIV (but after the 

acute infection stage, 0.8 - 5.0 years of infection) and those chronically infected 

(>12.0 years). As a control, 44 non-Hispanic white males without HIV were 

recruited from the San Diego area. Clinical and demographic data are presented 

in Supplementary Table 3.1. 

For validation samples 35 HIV+ subjects along with 25 healthy controls 

were recruited prospectively for the purpose of this study to match the 

characteristics of the primary cohort. Cells were purified using immunomagnetic 

separation and DNA was extracted from purified cell populations. While most 

subjects used had both neutrophils and CD4+ T-cells profiled, differing DNA yield 

for some subjects prohibited profiling of both cell types  for some patients. 

Chapter 3.6.3: Sample collection and methylation analysis 

DNA was purified from whole blood samples using PaxGene collection 

tubes (Qiagene) and FlexiGene DNA extraction kits (Qiagen). Methylation analysis 

was performed using Infinium HumanMethylation450 BeadChip Kits (Illumina). 

500ng of DNA was bisulfite converted using EZ DNA Methylation Kits (Zymo 

Research) and subsequently processed for HumanMethylation450 BeadChips 

following manufacturer’s instructions. Following hybridization, BeadChips were 

scanned using the Illumina HiScan System. 

Chapter 3.6.4: Data pre-processing 

All methylation data for HIV+ and HIV− subjects were deposited in the Gene 

Expression Omnibus (GEO) under accession number GSE67705. For the Hannum 

et al. (Hannum et al., 2012) and EPIC (Riboli et al., 2002) studies, raw data were 
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obtained from GEO accessions GSE40279 and GSE51032. All data were 

processed through the Minfi R processing pipeline (Aryee et al., 2014). Cell counts 

were estimated by the estimateCellCounts function in Minfi using flow sorted cell 

populations made available by Houseman et al. (Houseman et al., 2012). To limit 

variability in methylation levels due to differing cell type composition in the whole 

blood samples, methylation levels were adjusted for each CpG marker as follows: 

• Average methylation levels for each cell type were obtained from the 

Houseman et al. (Houseman et al., 2012) flow sorted blood dataset. 

• A theoretical methylation level was assessed for each patient by assuming 

their blood to be a mixture of these pure cell populations at the estimated 

cell type proportions. 

• The difference of each patient’s methylation level from the average was 

assessed. 

• This difference was subtracted from the original raw dataset. 

 

We followed the protocol established to be optimal by Marabita et al. 

(Marabita et al., 2013) first quantile normalizing the data and then performing beta-

mixture quantile (BMIQ) normalization (Teschendorff et al., 2013). To limit batch 

effects, all arrays across the three studies were normalized together. For use in 

the Horvath methylation age model, raw data were normalized to a gold standard 

reference distribution following the protocol provided in the manuscript (Horvath, 

2013). The sole deviation from the Horvath protocol was an additional cell 

composition adjustment performed in a similar manner as described above, after 

BMIQ normalization. While the cell composition adjustment was not part of either 
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the Horvath or Hannum et al. processing pipeline, recent work (Jaffe and Irizarry, 

2014) has shown cell type composition to be a key confounding factor in 

methylation analysis. 

Chapter 3.6.5: Benchmarking the aging models 

Aging models were assessed using the Hannum et al. and EPIC (Riboli et 

al., 2002) datasets. While the Hannum et al. dataset was used to train both 

epigenetic aging models, the EPIC data were made available after the time of 

construction of both models and thus provide an independent assessment of 

performance. We limited analysis to patients between the ages of 25 and 68 years 

of age for better comparison to the HIV cohort. Among the HIV and EPIC cohorts, 

we saw slightly better performance of the Hannum model (which was trained using 

only whole blood data) than the Horvath model (trained in a variety of tissues), but 

when a simple average of these two models was taken (the ‘consensus model’), 

we found better performance than either separately (Supplementary Table 3.2).  

Chapter 3.6.6: Epigenetic model concordance filter 

One key drawback of current models of molecular age is the lack of a 

confidence measure in model prediction for any particular individual. In the 

application of such models, it is often desirable to understand which predictions 

are of poor quality and should be treated with skepticism. To address, this we 

utilized the concordance between the two models as an additional filter of data 

quality. Despite general agreement between the models, we found a number of 

subjects for which the biological age predictions varied by more than 20%.  We 

suspect that these samples were of poor data quality, or that the patients had 
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molecular effects of aging that were not properly trained into one or both of the 

methylation age models. This analysis resulted in the filtering of three HIV+ cases 

and two HIV− controls in our primary cohort (Supplementary Table 3.1).  

Chapter 3.6.7: Linear scaling of epigenetic age 

For both models and across all datasets a linear scaling factor existed when 

comparing chronological verses biological age. In order to properly compare the 

performance of the models and to best calibrate them to our dataset, we performed 

a linear adjustment to all model fits for the control data to a unit slope with a zero 

intercept. Note that this affected the model error when compared in an absolute 

sense, but did not affect the correlation between biological and chronological age. 

In HIV+ patients, we adjusted this particular cohort to the regression fit of the 

matched controls. This operation allowed us to quantify the age advancement of 

the HIV+ patients within the context of the HIV− control samples that were 

processed with this cohort.  

Chapter 3.6.8: Screening for differentially methylated markers in response to HIV 

infection 

For the results described in Figures 3.3 and 3.4, we ran a multivariate linear 

model to test for differentially methylated markers in response to HIV infection. 

This model used predicted cell type composition and age as covariates. 

Significance was assessed via a likelihood-ratio test for the improvement of a 

model fit with HIV as the variable of interest.  
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Chapter 3.6.9: Disorder of Methylation in Response to HIV and Aging 

In addition to an age advancement phenotype in HIV+ patients (Figures 3.1 

and 3.2), we observed increasing disorder of the methylome by both aging and 

HIV infection (Supplementary Figure 3.4, Main Text). Thus, we considered that 

the increasing age advancement might be explained by increasing disorder. To 

assess this possibility, we conducted a principal component analysis on 7967 age-

associated markers that trended away from disorder with age (i.e., decreasing 

methylation for markers with fractions < 50%, increasing methylation for markers 

with fractions > 50%, Supplementary Figure 3.4A). This analysis produced a 

similar result to that shown in Figure 3.1C, in which the first principal component 

of the cohort was still associated with both with age and HIV infection.  

Another way to investigate the potential effects of entropy on the aging 

phenotype is to examine the markers used by the biological age models. We 

observed that only 231 of 436 (53%) markers used in the two aging models tended 

towards methylation values of 50% (i.e. disorder, binomial P = 0.2). Furthermore, 

we calculated the Shannon entropy for each HIV+ and HIV− subject across the full 

set of CpG markers, as well as only the 436 markers used in the biological age 

models. From this analysis it can be seen that while there is a general entropy 

increase in HIV+ patients across the entire methylome (Supplementary Figure 

3.4B), there is no such effect in the markers used in the biological age models 

(Supplementary Figure 3.4C). While increasing methylome disorder has a clear 

association with age, it seems the model selection procedure employed by both 

Hannum et al. (Hannum et al., 2012) and Horvath (Horvath, 2013) used this feature 
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sparingly. From these analyses we can conclude that the increase in epigenetic 

age among HIV+ patients is a distinct biological signal, as opposed to a 

consequence of a shared molecular phenotype between HIV and aging. 

Chapter 3.6.10: Identification of differentially methylated regions 

In Figure 3.4A, we aimed to find differentially methylated regions 

associated with HIV infection. As described above and in the main text, we found 

that the majority of HIV-associated markers became more disordered (trended 

towards 50% methylation) as compared to their values in HIV− control patients. 

While global deregulation is only one reason for methylation at a DNA site to trend 

in this direction, we considered it more likely that features that trend away from 

disorder are specific to HIV infection and not cellular stress as a whole. For this 

reason, we explicitly looked for genomic regions which trended away from disorder 

in our genome-wide screen. This analysis identified 25,491 markers that were 

associated with HIV, trended away from disorder, and were not associated with 

age. 

For the discovery and visualization of differentially methylated regions 

(Figure 3.4A), we calculated a rolling statistic on the density of ‘hits’ in 200 marker 

windows. From this analysis it was clear that a genomic region encompassing the 

HLA and histone gene clusters was enriched for markers in our query set, and 

post-hoc analysis confirmed a strong enrichment in the genomic interval 

traditionally assigned to the HLA region (~29MB - 33MB on chromosome 6, odds 

ratio = 1.3, P < 10-10). For further refinement and visualization of this signal we 

conducted a similar scan statistic on a section of chromosome 6 in Figure 3.4D. 
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In this targeted analysis we relaxed our criteria and looked for regions of consistent 

increases or decreases in methylation in HIV+ verses HIV− subjects. This analysis 

showed a number of ‘peaks’ of hypomethylation both in the histone gene region as 

well as near the HLA genes.  

Chapter 3.6.11: Accounting for the probe density of the HLA region 

One potential confounding factor of this analysis is the high density of 

markers in the HLA region due to the design of the Illumina chip. Taking the non-

uninform density of the chip into account, the scan statistic searched for regions 

across a fixed number of markers as opposed to a fixed-width genomic interval. 

Despite this, it is possible that the tight clustering of markers in this region gave us 

more power to detect short differentially methylated regions within this genetic 

locus. The presence of two peaks in the histone cluster region directly upstream 

the HLA locus gives strong support to this being a specific effect. The density of 

probes in the histone region was typical compared to the rest of the genome, and 

the coincidence of these two signals being close to each other solely by chance is 

minimal. 
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Chapter 3.9: Supplementary Figures 

 

Supplementary Figure 3.1: Clinical variables and blood-based biomarkers collected for the 

primary cohort. A-B, Comparison of age and body mass index (BMI) across 137 cases and 42 

control patients. C-H, Clinical variables collected from HIV-infected patients at the time of sample 

collection. HIV staging was based on standards of the Centers for Disease Control (CDC). Regime 

types indicate 2-class (PI, protease inhibitor; NRTI, nucleoside reverse-transcriptase inhibitor; 

NNRTI, non-nucleoside reverse-transcriptase inhibitor); 3-class, (PI/NRTI/NNRTI); PAOFI, 

patient's assessment of own functioning inventory. I-P, Complete blood counts from HIV-infected 

patients. WBC, white blood cell count; RBC, red blood cell count; HGB, hemoglobin; HCT, 

hematocrit; MCV, mean corpuscular volume; MCH, mean corpuscular hemoglobin; MCHC, mean 

corpuscular hemoglobin concentration. For further characterization of HIV patients see 

Supplementary Table 3.1.   
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Supplementary Figure 3.2: Comparison of biological age calculated from whole blood 

versus purified cell types in six individuals. On the x-axis are the age predictions taken from 

whole-blood measurements; on the y-axis are age predictions in sorted cell populations for the 

same subjects. Methylation data taken from (Houseman et al., 2012). WBC, whole blood cells; 

PBMC, peripheral blood mononuclear cells; Gran, granulocytes; CD4T, CD4+ T cells; CD8T, CD8+ 

T cells; Bcell, B cells; Mono, monocytes; NK, natural killer cells; Neu, neutrophils; Eos, eosinophils.  



105 
 

 

 

Supplementary Figure 3.3: Evaluation of epigenetic age predictions in sorted cell datasets. 

A, Scatter plot comparing the ages predicted using the Hannum et al. and Horvath models on 1688 

samples obtained from sorted cell datasets. Red points indicate patients that were discarded due 

to disagreement between the two aging models (n=54). B-C Accuracy of the consensus model (y-

axis) to predict true chronological age (x-axis) in sorted cell datasets from Reynolds et al. (n=1130 

and 201 for monocytes and CD4+ T-cells, respectively).  D-F, Accuracy of the consensus model 

(y-axis) to predict true chronological age (x-axis) in sorted cell datasets from Absher et al. (n=54, 

103, and 102 for monocytes, B cells, and CD4+ T-cells, respectively). G-H, Scatter plots comparing 

age advancement in patient matched samples for Reynolds et al. (G) and Absher et al. (H-J). 

 



106 
 

 

 

 

Supplementary Figure 3.4: Concordance of estimated cell counts with lab measured values 

in HIV-infected patients. Percentages of each cell type (A-F) were estimated using the Jaffe and 

Irizarry method. Black lines indicate regression.  
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Supplementary Figure 3.5: Summary of cell composition adjustment procedure. A, 

Distribution of estimated CD8+ T cell composition across the primary patient cohort (Methods). B, 

Distribution of CpG methylation fraction for marker cg19163395 across flow sorted blood 

populations for six individuals obtained from the Houseman et al. dataset. NK, Natural Killer cells; 

Gran, Granulocytes; Mono, Monocytes. C-D, Association of cg19163395 methylation fraction 

versus CD8+ T cell abundance in unadjusted (C) and adjusted (D) data. E, Distribution of the 

standard deviation of magnitude adjustment across the primary cohort for each marker measured. 

F, Hex-bin plot showing correlation of marker methylation levels (logit-adjusted beta values) with 

CD8+ T cell abundance before and after cell composition adjustment. 

  



108 
 

 

 

Supplementary Figure 3.6: Observed disorder (entropy) in different sets of CpG markers.  A, 

First principal component (PC) of 7967 age associated markers that trend away from disorder 

across HIV-infected patients (green) and healthy controls (blue, Methods). B, Relative entropy 

comparing HIV+ to HIV− individuals across the 473,044 markers passing quality control. C, Relative 

entropy comparing HIV+ to HIV− individuals across 436 markers used at least one of the epigenetic 

models of aging. Significance assessed by Mann-Whitney U test. Note that red circles indicate 

outliers ±3 standard deviations away from the mean. These are not used to fit the violin profile, but 

are used in the statistical assessment. 
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Supplementary Figure 3.7: Exploration of methylation markers annotated to HCP5. A, Log p-

values for association of methylation with HIV infection in primary whole blood samples. B, Violin 

plots showing the distribution of methylation values for cg0028406, the most HIV-associated marker 

in this region. C, Log p-values for association of methylation with HIV infection in the purified 

neutrophil samples. D, Violin plots showing the distribution of methylation values for cg0028406. 

E, Correlation of methylation values with CD4+/CD8+ T-cell ratio among HIV+ subjects. F, Scatter 

plot of CD4+/CD8+ T-cell ratio versus cg0028406 methylation levels. Vertical line corresponds to 

rs2395029, a SNP having major association with HIV host control. Red points in left-hand plots 

represent cg0028406, the probe profiled in the right-hand plots. 
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