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Abstract  42 

 Persistent methicillin-resistant Staphylococcus aureus (MRSA) bacteremia is life-43 

threatening and occurs in up to 30% of MRSA bacteremia cases despite appropriate 44 

antimicrobial therapy. Isolates of MRSA that cause antibiotic-persistent MRSA bacteremia 45 

(APMB) typically have in vitro antibiotic susceptibilities equivalent to those causing antibiotic-46 

resolving MRSA bacteremia (ARMB). Thus, persistence reflects host-pathogen interactions 47 

occurring uniquely in context of antibiotic therapy in vivo. However, host factors and 48 

mechanisms involved in APMB remain unclear. We compared DNA methylomes in circulating 49 

immune cells from patients experiencing APMB vs. ARMB. Overall, methylation signatures 50 

diverged in the distinct patient cohorts. Differentially methylated sites intensified proximate to 51 

transcription factor binding sites, primarily in enhancer regions. In APMB patients, significant 52 

hypo-methylation was observed in binding sites for CCAAT enhancer binding protein-b 53 

(C/EBPb) and signal transducer / activator of transcription 1 (STAT1). In contrast, hypo-54 

methylation in ARMB patients localized to glucocorticoid receptor and histone acetyltransferase 55 

p300 binding sites. These distinct methylation signatures were enriched in neutrophils and 56 

achieved a mean area under the curve of 0.85 when used to predict APMB using a classification 57 

model. These findings validated by targeted bisulfite sequencing (TBS-seq) differentiate 58 

epigenotypes in patients experiencing APMB vs. ARMB, and suggest a risk stratification 59 

strategy for antibiotic persistence in patients treated for MRSA bacteremia. 60 

Word count: 205 words 61 



3 
 

Significance Statement 62 

Up to 30% of methicillin-resistant Staphylococcus aureus (MRSA) bloodstream 63 

infections fail to resolve despite appropriate therapy. Such infections are persistent and life-64 

threatening. Because persistent MRSA isolates are susceptible to antibiotics in vitro, unique 65 

interactions among the pathogen, patient and antibiotic occur in the body that lead to persistent 66 

outcomes. To study host factors involved in persistence, we used state-of-the-art methods to 67 

explore how genes are modified by methylation in patients who experience persistent vs. 68 

resolving MRSA bacteremia. Findings established distinct methylation patterns in these patients, 69 

including differential methylation signatures associated with important immune system and 70 

related genes. These results may enable new approaches to identify and treat patients prone to 71 

persistent infection to improve therapeutic outcomes and save lives. 72 

Word count: 119 words 73 

 74 
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Introduction 75 

Persistent Staphylococcus aureus bacteremia (SAB) is serious, common and potentially 76 

lethal (1), particularly when involving methicillin-resistant S. aureus (MRSA). Persistent SAB 77 

occurs when the infecting isolate is not cleared from the bloodstream, despite appropriate 78 

treatment with an antibiotic to which it exhibits susceptibility in vitro. However, mechanism(s) 79 

responsible for antibiotic-persistent MRSA bacteremia (APMB) are incompletely understood (2-80 

5). Recent studies have begun to explore specific host-pathogen interactions in APMB (6, 7). 81 

Bacterial, viral and parasitic pathogens can directly and indirectly use cellular methylation 82 

machinery to preserve their survival, and as such, can evade clearance by suppressing an 83 

effective host immune system (8). Our discovery that MRSA infection encodes innate immune 84 

memory supports the essential concept of epigenetic regulation of host defense against this 85 

organism (9, 10). Moreover, we recently reported that a g.25498283A>C polymorphism in DNA 86 

methyltransferase-3A (DNMT3A) differentiates patients experiencing persistent versus resolving 87 

MRSA bacteremia outcomes (11). These findings support our hypothesis that distinct DNA 88 

methylomes exist in patients infected by MRSA and correspond to immunologic functions 89 

potentially shaping APMB vs. antibiotic-resolving MRSA bacteremia (ARMB) outcomes.   90 

 DNA methylation plays a critical role in host immune regulation by contributing to innate 91 

or adaptive gene expression shaping molecular and cellular plasticity in immune response (12). 92 

Mechanistically, the classical understanding is that DNA hypo-methylation at gene promoters 93 

enables gene transcription (13), whereas hyper-methylation suppresses gene expression.  94 

Moreover, recent discoveries emphasize how unique DNA methylation patterns may correlate 95 

with specific disease subtypes and function as clinical indicators (12, 14). Likewise, bacterial 96 

infections are known to modify DNA methylation in host cells (15-17). Integrating these 97 
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concepts, in the present study we analyzed methylome patterns by Reduced Representation 98 

Bisulfite Sequencing (RRBS) in well-characterized, optimally matched APMB and ARMB 99 

patient cohorts to explore our hypothesis that distinct DNA methylation signatures are associated 100 

with clinical APMB vs. ARMB outcomes. We then assessed whether differentially methylated 101 

sites (DMS) localized to specific immune functions relevant to host defense against S. aureus. 102 

Next, we applied innovative methods to resolve specific immune cell subsets enriched in DMS 103 

associated with APMB vs. ARMB. Finally, we utilized TBS-seq to validate the differentially 104 

methylation signatures associated with APMB/ARMB outcomes. 105 

 106 

Results  107 

APMB and ARMB cohorts exhibit distinct demographic and clinical characteristics  108 

The demographic and clinical variables of the study population are summarized in Table 1. 109 

APMB patients exhibited an increased incidence of death due to S. aureus infection (p = 0.04), a 110 

higher risk of metastatic infection (p < 0.001), and longer length of in-hospital stay (p < 0.001). 111 

In contrast, ARMB patients exhibited greater rates of cure (p=0.01), neoplasm (p=0.03) and 112 

recent surgeries (within 30 days prior to SAB) (p= 0.02).    113 

RRBS DNA methylation signatures differ in APMB vs. ARMB patients’ peripheral blood  114 

We utilized RRBS to determine if global methylation profiles distinguished APMB from ARMB. 115 

We then built a classification model based on the DNA methylation levels of all 749,212 CpG 116 

sites using a logistic regression with elastic net regularization (18). The performance of the 117 

classification was evaluated by a ten-fold cross-validation of all the samples and the average 118 

classification accuracy measured by a receiver operating characteristic (ROC) area under the 119 

curve (AUC) was 0.85 (Fig. 1A, blue bold line). This corresponds to a sensitivity of 75.7 % and 120 
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a specificity of 84.8% at the optimal cutoff which maximized the sum of sensitivity and 121 

specificity. To contrast the classification performances with chance outcomes, we generated the 122 

ROC using randomly shuffled class labels (APMB and ARMB). As expected, AUC for the 123 

randomly shuffled class labels approximated 50% (Fig. 1A, black bold line). We then used 124 

Methylkit (19) to identify methylation patterns associated specifically with APMB or ARMB. 125 

Methylation levels of 276 CpG DMS were significantly associated with a persistent versus 126 

resolving outcome (Fig. 1B; SI Appendix, Table S1). A total of 160 DMS reflected relative 127 

hypo-methylation and 116 DMS exhibited hyper-methylation in APMB compared to ARMB. 128 

Methylation patterns of the 276 DMS encompassing 142 samples were then visualized (Fig. 1C, 129 

SI Appendix, Fig. S1). The hierarchical, agglomerative cluster analysis revealed an APMB 130 

cluster (left; containing 96.5% APMB samples) and an ARMB cluster (right; containing 82.4% 131 

ARMB samples). The algorithm also clustered DMS into two major groups consisting of 131 132 

DMS in cluster 1 (comparatively hypermethylated; mean methylation levels, 46.8-87.3%) or 145 133 

DMS in cluster 2 (comparatively hypomethylated; mean methylation levels, 16-64.6%).  134 

To further investigate the differential methylation profiles focusing on sequence elements 135 

containing more than one CpG site (≥ 2 CpG sites / region), CpG sites were clustered into 136 

126,144 regions using the dynamic fragments method in CGmapTools (20). A classification 137 

model was then used to construct the 126,144 regions. The average AUC generated from 10-fold 138 

cross validation using true class labeling was 0.88 (SI Appendix, Fig. S2A), with a sensitivity of 139 

0.81 and a specificity of 0.85 at the optimal threshold.  There were six CpG regions significantly 140 

associated with an APMB vs. ARMB outcome based on the methylkit analysis (SI 141 

Appendix, Fig. S2B; Table S3).  All six of these differentially methylated regions (DMR) were 142 

captured with at least one CpG site in the 276 identified DMS. Together, these data reveal 143 
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significant methylation signature differences in patients experiencing APMB vs. ARMB 144 

outcomes.  145 

Specific DMS prioritize differential APMB vs. ARMB signatures in a classification model 146 

To evaluate and rank DMS based on their discrimination power to identify APMB, we used the 147 

276 DMS to build a logistic regression model with elastic net regularization. A wrapper method 148 

(21) was used to iteratively concentrate the parsimonious subsets of DMS with high absolute 149 

model coefficients and censor DMS with low discriminating capability. Boxplots summarize the 150 

results of this process by reporting AUC generated from each iteration (Fig. 2A).  Average AUC 151 

with true labels systematically increased, as DMS with high discriminating ability were 152 

concentrated, and peaked when including 16 specific DMS. We contrasted the DMS 153 

performances with chance outcomes, by calculating the AUC for randomly permuted class labels 154 

(APMB and ARMB), which approximated 50%, as expected. Next, we evaluated the 155 

classification performance of the top 16 ranked DMS by ten-fold cross validation. The average 156 

AUC for the classifiers built based on the DNA methylation levels of the top ranked 16 DMS 157 

was 0.98 (Fig. 2B), corresponding to a sensitivity of 91.4 % and a specificity of 98.9 % at the 158 

optimal cutoff.  By calculating the odds ratio using the model coefficients, 9 DMS (odds ratio > 159 

1) were positively associated with APMB, while another 7 DMS (odds ratio < 1) were negatively 160 

associated with APMB (Fig. 2C). Thus, even with the degree of overfitting, these data suggest 161 

that DNA methylation profiles can aid in or even predict APMB classification, given methods of 162 

our unbiased classifier in which DMS were selected based on all the samples.  163 

DMS are enriched in introns and intergenic regions  164 

Next, we investigated the immunological relevance of the principal 276 DMS identified.  First 165 

we explored whether the DMS localized to promoter regions with potential to directly regulate 166 
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gene transcription.  Here, distances between a target DMS and the transcription start sites of its 167 

proximal genes were determined (SI Appendix, Table S2). We found that DMS are significantly 168 

enriched 5-50 kb upstream and > 50 kb downstream relative to transcriptional start sites (TSS), 169 

and largely depleted between 5 kb upstream and 5 kb downstream to the TSS (Fig. 3A). Another 170 

view of the genomic distribution for DMS revealed enrichment of DMS at introns and intergenic 171 

regions, with significant depletion 1-10 kb upstream of TSS, 5’UTR and coding sequence exon 172 

regions (Fig. 3B). Together, these results indicate that the differential DMS in APMB vs. ARMB 173 

are enriched at regions distal to promoters.  174 

DMS localize to regulatory regions containing relevant transcription factor binding sites 175 

To further explore the link between differential methylation and regulation of gene expression, 176 

we analyzed DMS enrichment in transcription factor binding sites. To this end, we used Locus 177 

Overlap Analysis (LOLA) (22) to comparatively overlay the DMS locations with experimentally 178 

validated ChIP-seq peaks (SI Appendix, Table S4). Significant overlap (p <0.05) was observed 179 

between the DMS and specific transcription factor binding sites, including the signal transducer / 180 

activator of transcription 1 (STAT1), histone acetyltransferase p300 (p300), CCAAT enhancer 181 

binding protein-b (C/EBPb) and glucocorticoid receptor (GR) (Fig. 4A).  182 

Since DNA hypo-methylation at a transcription factor binding motif is often associated with 183 

increased transcription factor binding and gene expression, we investigated methylation levels of 184 

DMS with potential transcription factor binding sites. We calculated the delta methylation levels 185 

of DMS with at least one overlap with transcription factor binding site (n=16) and annotated this 186 

mapping with transcription factor binding enrichment (Fig. 4B). This analysis revealed 11 DMS 187 

with hypo-methylation in APMB, and 5 DMS having hypo-methylation in ARMB. Nine of the 188 

11 DMS hypo-methylated in APMB overlapped with transcription factor binding sites C/EBPb 189 
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and 3 of 11 with those for STAT1.  These genes are well-established regulators of immune and 190 

antimicrobial host defense responses (23, 24). Similarly, all 5 DMS with hypo-methylation in 191 

ARMB overlapped with transcription factor binding sites for GR, known to regulate stress 192 

responses to sepsis (25, 26). P300 functions as a co-activator by interacting with several 193 

transcription factors including GR to increase gene expression (27). The distributions of DNA 194 

methylation in each cohort of patients are summarized in Fig. 4C and 4D, segregated by 195 

directionality of change in methylation levels relative to APMB vs. ARMB.   196 

For the 11 DMS with reduced methylation levels in APMB, we observed a populational shift, 197 

suggesting overall increased immunologic functions orchestrated by the binding of C/EBPb and 198 

STAT1 in APMB patients (Fig. 4C). For the 5 DMS having hypo-methylation in ARMB, the 199 

individual DNA methylation levels ranged from 0-100% among SAB patients, demonstrating 200 

high methylation variability at the GR and p300 transcription factor binding sites. Specifically, 201 

we observed a shift toward M-shaped distributions in ARMB, resulting from a larger subgroup 202 

(24-29%) of ARMB patients with hypomethylated DMS (Fig. 4D). This result suggested that 203 

there was a larger subgroup of ARMB patients with immune cells accessible for GR and p300 204 

transcription factor binding. Collectively, these data demonstrate two distinct DNA methylation 205 

patterns at transcription factor binding motifs differentiating APMB from ARMB.   206 

Differential methylation is enriched in myeloid lineages of APMB vs. ARMB patients 207 

To investigate whether the 16 transcription factor binding DMS are located at imputed enhancer 208 

regions, we searched for enhancers reported in the GeneHancer database(28).  We confirmed a 209 

total of 6 imputed enhancers reported in GeneHancer associated with 9 transcription factor 210 

binding DMS (Table 2).  Four of 11 DMS exhibiting hypo-methylation in APMB localized at 211 

imputed enhancer regions known to regulate SETD6, ADGRG1 and SLC7A5 proteins involved 212 
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in innate immune cell signal transduction. All 5 DMS having hypo-methylation in ARMB (2 213 

DMS located at chromosome 19; 3 DMS located at chromosome 22) were associated with 2 214 

enhancers, which regulate lysosome-membrane protein (CTNS) or extracellular matrix protein 215 

(FBLN1), respectively.  216 

As transcription factor binding patterns are typically cell type-specific (29, 30), we analyzed 217 

whether the 16 transcription factor binding DMS are enriched in specific cell populations.  218 

Methylation data from healthy human adult blood cells was obtained through the Blueprint 219 

Human Blood Cell Epigenome project(31). To ensure high confidence leukocyte-specific DNA 220 

methylation data, we included CpG sites with at least 10 read coverage across all 37 leukocyte 221 

samples (SI Appendix, Table S5) in this analysis (10 out of 16 DMS). All 10 DMS with 222 

validated data quality exhibited hypo-methylation in the myeloid lineages as compared with cell 223 

types from lymphoid lineage (Fig. 5A).   224 

Cell-type proportions estimated from DNA methylation differentiate APMB from ARMB    225 

To address the possibility that DNA methylation levels could vary due to changes in cell-type 226 

abundance across individuals, analyses were performed to assess cellular composition in blood 227 

samples in APMB and ARMB patients.  A cell-type deconvolution method was used to estimate 228 

cell-type proportions (32-34). This approach obviated potential bias with respect to missing 229 

complete blood count data in the study cohort (up to 57%).  The DNA methylation-based cell 230 

type decomposition analysis results confirm that estimated cell-type compositions in APMB and 231 

ARMB groups had significant differences in relevant cell subsets (multivariate analysis of 232 

variance [MANOVA], p = 0.004).  We found significantly higher neutrophils (adjusted p-value = 233 

0.003), lower B cells (adjusted p-value = 0.026) and lower CD8+ T cells (adjusted p-value = 234 

0.02) associated with APMB outcome (Fig. 5B and 5C).  Incorporating estimated cell-type 235 
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composition into the logistic regression model, we obtained average AUC equal to 0.87 (SI 236 

Appendix, Fig. S3), suggesting that cell-type composition had only a minor effect on improving 237 

classification.  238 

TBS-seq confirmed the disease-associated differential DNA methylation signatures 239 

To further validate the DMS identified by RRBS, we carried out targeted bisulfite sequencing 240 

(TBS-seq) (35). A panel of probes were designed to target the DMS and DMR identified by 241 

RRBS (see SI Appendix, Table S6). Both DNA methylation and genetic data were computed 242 

from the bisulfite converted reads aligned to the genome. The intersecting CpG methylation data 243 

generated using TBS-seq showed significant correlation between the two techniques (Fig. S5B) 244 

and with the MRSA disease associated DMS detected by RRBS (Fig. 6A). Overall, there was 245 

excellent concordance between outcomes of the two methods. As an example, all three of the 246 

DMS positively associated with APMB by RRBS (Fig. 2C) for which probes could be designed 247 

were confirmed by TBS-seq (Fig. 6B). Furthermore, all 7 hypo-methylated DMS (Fig. 4C) and 5 248 

hyper-methylated DMS associated with TF-binding for GR, CEBPb and/or STAT1 (Fig. 4D) 249 

were confirmed in the TBS-seq data (Fig. 6C). The performance of the classification of the 121 250 

DMS overlapping between TBS-seq and RRBS was evaluated by a ten-fold cross-validation. The 251 

average classification accuracy resulted in an AUC of 0.90 for TBS-seq (Fig. 6D) and 0.93 for 252 

RRBS (Fig.6E), confirming that these DNA methylation signatures differentiate APMB from 253 

ARMB. 254 

To determine if the disease associated DMR overlap with genetic polymorphisms that may be 255 

attributable to disease phenotype, we analyzed the sequence of the AA, AG and GG alleles based 256 

on reads mapping to the forward strand, and CC, CT and TT alleles based on reads mapping to 257 

the reverse strand. Genotypes were determined for the majority of alleles in our target regions by 258 
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correlating the observed counts with the expected counts for each allele combination (See 259 

Methods). Fisher’s exact test was computed for each SNP genotype, and the adjusted p-values 260 

were calculated based on the FDR methods. Of the 774 SNP genotypes that were identified 261 

within the targeted regions, no significant statistical associations were found between 262 

APMB/ARMB outcomes (SI Appendix, Table S7). This pattern of results signifies that 263 

epigenetic, not genetic determinants, accounted for these distinct outcomes of MRSA 264 

bacteremia.  265 

Discussion  266 

 The current study compared DNA methylomes in whole blood leukocytes from patients 267 

with APMB and ARMB to assess if differential methylation signatures exist, and if so whether 268 

such epigenetic signatures associate with relevant immune functions. Key findings revealed 269 

significant differences of DMS in APMB vs. ARMB patients, and localized predominant signals 270 

proximate to transcription factor binding sites of genes known to influence immune functions.  271 

These data strongly support our hypothesis that differential methylation in circulating immune 272 

cells may shape protective vs. non-protective responses during early stages of MRSA bacteremia 273 

that affect ensuing APMB vs. ARMB outcomes.  These insights serve as a proof of concept that 274 

DNA methylation profiles within host immune cells may aid in APMB classification or predict 275 

therapeutic outcomes.  276 

 Our findings emphasize that epigenetic regulation correlates with protective immunity in 277 

response to S. aureus infection. Importantly, DMS identified were enriched at gene enhancers 278 

known to regulate transcription factor binding sites and control cell type-specific gene activation 279 

or repression (36, 37). DNA hypo-methylation at gene enhancers can switch such enhancers to 280 

an active state (38), resulting in enhanced transcription factor binding and gene expression. Our 281 

results demonstrated two groups of transcription factor binding patterns associated with 282 
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significant differences in leukocyte methylation associated with APMB. In turn, these patterns 283 

offer plausible mechanistic roles of these transcription factors in the development of APMB.   284 

 First, our data support the concept of emergency granulopoiesis in APMB. We observed 285 

11 DMS exhibiting hypo-methylation in APMB, 9 of which were bound by C/EBPb.  The 286 

C/EBPb protein is a key transcription factor in emergency granulopoiesis, rapidly mobilizing 287 

bone marrow granulocyte progenitors during severe systemic infection (23, 39). Additionally, 288 

C/EBPb amplifies emergency granulopoiesis by inducing FancC expression in infection (39).  In 289 

support of this finding, upregulation of C/EBPb  transcripts is observed in granulocyte 290 

progenitors, and C/EBPb-deficient progenitors have impaired pathogen-induced granulopoiesis 291 

in vitro and in vivo (23).  Because immature neutrophils (e.g. band cells) may be ineffective at 292 

killing S. aureus, or may promote harmful non-specific inflammation, ostensibly they may be 293 

adverse in resolving SAB, facilitating persistence.  Further studies are needed to determine if 294 

APMB patients have increased release of early granulocyte precursors during MRSA bacteremia.  295 

 Second, the polarization of CD4+ T helper (Th) cells during early stages of SAB may be 296 

critical in determining subsequent APMB from ARMB outcomes.  For example, Th17 responses 297 

during S. aureus infection are important for protective immunity, as the cytokines interleukin-1 298 

(IL-1) and IL-17 mediate neutrophil recruitment and activation necessary for bacterial clearance 299 

(40, 41). However, the present results in APMB patients reveal hypomethylation at transcription 300 

binding sites for STAT1 (Th1-promoting), not STAT3 (Th17-promoting).  Importantly, STAT1 301 

induces gamma interferon signaling during infections (42, 43), but counter-regulates Th17 302 

polarization (44). Incorporating these findings, we posit that APMB may result in-part from a 303 

profusive epigenetic activation of STAT1, which in turn suppresses protective anti-304 

staphylococcal immune response mechanisms induced via Th17 pathways.  This phenomenon is 305 
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also consistent with inadequate neutrophil-mediated protection associated with emergency 306 

granulopoiesis.   307 

 Third, we identified 5 GR transcription factor binding sites to be hypo-methylated in the 308 

ARMB patient cohort. Glucocorticoid-mediated homeostasis is important in the stress response 309 

to sepsis by modulating excessive pro-inflammatory activities through inactive AP-1 or NF-kB 310 

(25).  In this respect, activated GR can directly engage its co-activator p300 to regulate GR 311 

signaling. Thus, our data suggest a mechanistic link between GR-p300 signaling and ARMB, in 312 

which modulated immune responses facilitate bacteremia resolution. While glucocorticoids are 313 

often used in therapy of infections involving the central nervous system, uncertainty remains 314 

about their use as adjuvant therapy for bacteremia and sepsis (45). Previous studies suggest that 315 

distinct GR expression levels in septic patients may contribute to treatment responsiveness (46, 316 

47). Our results showing diverse DNA methylation levels in GR transcriptional binding sites 317 

among SAB patients may offer further insights into patient responses to glucocorticoid therapy 318 

through epigenetic regulation of glucocorticoid response.  319 

     Finally, current data reveal important insights into diversity of biological responsiveness to S. 320 

aureus infection based on inter-individual variance of methylomic signatures. We recently 321 

identified a genetic polymorphism located in the DNMT3A gene (g.25498283A>C genotype) 322 

which correlates with resolving MRSA bacteremia outcomes, potentially via hyper-methylation 323 

gene regulation resulting in reduced IL-10 levels (11). Furthermore, circulating immune cell type 324 

profiles are dynamic and may also influence differences in methylation patterns of immune cells 325 

in APMB vs. ARMB.  For example, DNA methylation in human hematopoietic development is 326 

affected by adaptive changes in lineage of specific immune cell subsets (29, 30).  Our current 327 

results highlighted the majority of transcription factor- binding DMS were demethylated in 328 
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neutrophils. Therefore, this observation suggests that overall differences in methylation results 329 

from a higher proportion of DMS in circulating neutrophils or band neutrophils in APMB 330 

compared to ARMB. This conclusion is also highly consistent with our present findings 331 

regarding C/EBPb and STAT1 methylation signatures with respect to neutrophils.  332 

          It is important to note that differential methylation using RRBS analysis can potentially be 333 

confounded by the presence of single nucleotide variants in cis.  To validate our initial RRBS 334 

findings, TBS-seq was performed.  Findings from TBS-seq strongly supported the interpretation 335 

that disease-associated inter-individual differences were only driven by changes in DNA 336 

methylation levels, and not SNPs found in our target regions.  Notwithstanding this key finding, 337 

it should also be understood that variation in gene sequence can influence persistent vs. resolving 338 

MRSA bacteremia outcomes (11). Thus, it is plausible that both epigenetic and genetic 339 

signatures are associated with APMB/ARMB outcomes in MRSA bacteremia.  340 

 Initial results raised the possibility that cellular composition profiles could be influencing 341 

APMB classification.  Importantly, methylation variability may result from several potential 342 

factors, including (a) direct changes of methylation levels at a regulatory element in one or more 343 

specific cell type(s); or (b) altered cell-type compositions indirectly impacting methylation levels 344 

at a cell-type specific regulatory element (29, 30). To explicitly segregate these two potential 345 

sources of variability, obtaining cell composition information is required. Given the limitation 346 

that complete blood counts were not available from every patient studied, we employed a method 347 

to correct methylation profile data based on potential cell-type composition.  We found that the 348 

cell type abundances were similar between the persistent and resolving groups.  However, some 349 

of these differences achieved statistical significance for relevant immune cell subsets. Moreover, 350 

we demonstrated that our classification model, which has an AUC = 0.85 without accounting for 351 
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cell-type composition, is only modestly improved by explicitly including inferred cell type 352 

abundances as co-variates. These results support the conclusion that methylation differences, 353 

comprising both disease- and cell-type-associated features, may be useful to develop an agnostic 354 

algorithm to inform or predict clinical outcomes in MRSA bacteremia patients.     355 

Whether the host, pathogen or a combination of the two drive differential methylation is 356 

key question that remains to be determined. Pathogens may drive alterations of DNA 357 

methylation in host immune cells, supporting the emerging concept of innate immune memory 358 

(48-50).  For example, M. tuberculosis (15) and H. pylori(51) have been reported to subvert host 359 

DNA epigenetics through TET enzyme family and inducing de novo DNA methylation.  One 360 

recent observation further supported this concept that DNA demethylation was induced after M. 361 

tuberculosis infection (52).  Thus, it is possible that the host epigenetic changes identified in the 362 

current study were driven by prior episodes of infection, S. aureus or otherwise.  363 

It is also important to note the limitations of the current investigation. First, this study 364 

was not designed to explicitly determine APMB vs. ARMB outcome-associated SNPs and it is 365 

challenging to accurately identify the heterozygous SNVs from partially C-to-T converted 366 

sequences in the bisulfite conversion conditions. Second, our annotation analyses were limited 367 

by the scope of data available in the UCSC genome browser, ENCODE, and CODEX databases, 368 

which are largely generated from uninfected human cell lines.  Third, the current SAB 369 

classification model has not been evaluated using an external validation cohort.  However, a 370 

principal goal of this study was to compare RRBS sequencing data and methylation 371 

characteristics in SAB patients experiencing APMB vs. ARMB outcomes.  Thus, we 372 

demonstrate findings not available from any prior investigation to our knowledge, namely 373 

genome-wide methylation signatures associated with persistent outcomes in MRSA bacteremia.  374 
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Fourth, precise impact of the methylation patterns uncovered in this study require future 375 

investigation.  While hypo-methylation is generally felt to promote gene expression, recent 376 

studies have challenged this view.  For example, Pacis et. al. suggest that gain or loss of 377 

methylation may be associated with increased transcriptional activity, particularly at non-378 

promoter, enhancer regions (52). Finally, the current study focused on patients with clinically 379 

confirmed MRSA bacteremia receiving appropriate vancomycin therapy over a 5-day course.  380 

Whether the specific epigenetic pattern differences are the same in such patients treated with 381 

other antibiotic regimens remains to be determined.  In this respect, the current study establishes 382 

an important reference point.  Thus, our ongoing efforts are focused on determining the impact 383 

of methylation status on expression of key immune system genes and their expression in MRSA 384 

infection and beyond.  385 

 In summary, the current findings support a proof of principle that DNA methylation 386 

signatures in host immune effectors can differentiate persistent vs. resolving outcomes in MRSA 387 

infection.  Moreover, specific DMS identified correspond to immune cell regulatory functions of 388 

direct and established relevance to host defense against S. aureus.  The fact that targeted methods 389 

validated general methods suggest that targeted methods may be readily developed into much 390 

more expedient and practical assays for rapid assessment of likelihood for persistent MRSA 391 

bacteremia outcomes.  In turn, such knowledge could guide interventions that minimize 392 

likelihood for such adverse outcomes.  These concepts could also logically extend to many other 393 

types of infections.  The implications for future studies include testing the predictive value of 394 

targeted CpG sites for APMB detection, as well as studying in vivo how DNA methylation 395 

correlates with gene expression in specific cell subsets and in context of anti-infective therapy.  396 
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Materials and Methods 397 

Case selection 398 

All human studies were conducted in accordance with Good Clinical Practice and Human 399 

Subjects Research as approved by the Duke University Medical Center Institutional Review 400 

Board. SAB cases were evaluated and consented for enrollment in the S. aureus Bacteremia 401 

Group (SABG) biorepository at Duke University Medical Center (DUMC). Cases for the current 402 

study were carefully selected based on the following inclusion criteria: laboratory confirmed 403 

MRSA bacteremia; received appropriate vancomycin therapy; enrolled in the SABG study 404 

between 2007 and 2017 (to ensure contemporary medical practices). APMB was defined as 405 

patients had continuous MRSA positive blood cultures for at least 5 days after vancomycin 406 

antibiotic treatment(11); while ARMB patients had initial blood cultures that were positive for 407 

MRSA, but the subsequent blood cultures became negative. Thus, epigenetic methylome patterns 408 

in this study focused on circulating host immune cells proximate to the time of SAB diagnosis. 409 

Stratified propensity scoring was used to match the demographic and clinical variables for 410 

selection of APMB vs. ARMB cases, including race, sex, age, dialysis, diabetes diagnosis, and/or 411 

presence of indwelling device (artificial heart valve [AHV]; peritoneal dialysis port [PDP]; 412 

central venous / arterial catheter [CVAC]; or left-ventricular assist device [LVAD]) and 413 

vancomycin treatment. This case-controlled study based on a total of 142 SAB samples (70 414 

APMBs and 72 ARMBs) with matched criteria and qualified DNA quality control. Details of 415 

clinical characteristics of study cohort are presented in Table 1.  416 

Reduced representation bisulfite sequencing (RRBS) 417 

RRBS libraries were prepared as described previously(53) and sequenced by UCLA BSCRC 418 

sequencing core. The data were subjected to a quality control step using FastQC (version 419 
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0.11.7)(54). Sequencing data were trimmed to remove the adaptors and the terminal CG using 420 

the trimmomatic software (v0.38)(55). The reads were aligned to the human genome 421 

GRCh38/hg38 (release 93, downloaded from Ensembl) and DNA methylation levels were 422 

determined using the BS-Seeker2 pipeline(56). Data were filtered to include the autosomal CpG 423 

sites with at least 15 read coverage across all samples, and the potential confounding factors, 424 

including batch, race and sex, were accounted for by using an empirical Bayesian framework, as 425 

implemented in the ComBat function of R package SVA as previous reports (30, 57). Details are 426 

in SI Appendix.  427 

Targeted Bisulfite Sequencing (TBS-seq) 428 

A total of 1117 probes were designed by Integrated DNA Technologies based on the coordinates 429 

of the DMS we discovered using RRBS data. The libraries were prepared as described in SI 430 

Appendix. Data were preprocessed with FastQC (v0.11.8) and cutadapt (v2.10) to remove the 431 

adapter sequences. Trimmed reads were aligned against the GRCh38 genome using BSBolt(58) 432 

according to the pipeline described in(35). Methylation was called on aligned reads after PCR 433 

duplicates removal and the DNA methylation matrix was assembled using the common CpG 434 

sites covered by at least 20 reads across all samples. A total of 3614 intersecting CpG detected 435 

from both RRBS and TBS-seq were collected, which included the 121 DMS and 5 DMR 436 

reported from RRBS. The correlation between data generated from the two methods was 437 

computed and the two-factor ANOVA was used to determine the statistical difference among 438 

factors including the disease outcomes and techniques. The genotype data were generated as 439 

described in SI Appendix. Fisher’s exact test was used to determine the association between 440 

SNP genotypes and APMB/ARMB outcomes. 441 

Classification of patients 442 
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Logistic regression was used to build a classifier using the Python package, scikit-learn version 443 

0.21.2. A regularization method, elastic net(18) was incorporated in the classification model to 444 

build a generalizable classifier and reduce model overfitting. All RRBS detected 749,212 CpG 445 

were included in the optimization phase using both precision and recall score for the model 446 

evaluation. Then, the classifiers were trained and tested using a ten-fold cross-validation 447 

strategy. Receiver operating curves (ROC) were used to estimate the sensitivity and specificity of 448 

the APMB classification method. The AUC was calculated for each ROC to evaluate the 449 

accuracy of APMB classification.  450 

CpG Clustering and Identification of Differentially Methylated Sites (DMS) and Regions 451 

The clustered CpG regions were generated based on the dynamic fragmentation strategy in 452 

CGmapTools(20). (with the following parameters: Maximal distance between two adjacent CpG, 453 

s = 100bp; Maximal fragment size, S = 1000 bp; Minimal CpG number in one fragment, n=2) 454 

The matrix of the single CpG site or the clustered CpG region was then used to calculate the 455 

differential methylation sites using the Methylkit package in R(19). The cut-off of q-value < 0.01 456 

and methylation difference larger than 10% was used to define differentially methylated sites.  457 

Genomic Landscape of DMS 458 

The DMS distances to transcriptional start sites were determined using the Genomic regions 459 

enrichment of annotations tool (GREAT, http://great.stanford.edu/public/html/, details are in SI 460 

Appendix) and the genomic distribution was determined by using the script of 461 

read_distribution.py file with the reference file (hg38_RefSeq.bed) in the software package, 462 

RSeQC (version 2.6.4). LOLA(22) was to identify significant overlaps of DMS regions with 463 

transcription factor binding sites based on ChIP-seq datasets obtained from ENCODE(59) and 464 

CODEX(60) database. The Fisher’s exact test was used with a significance threshold of 0.05 on 465 
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FDR adjusted p-values. The whole enrichment results together with their original and curated 466 

annotations are presented in SI Appendix, Table S4.  467 

Cell Type Specific DNA Methylation 468 

The DNA methylation data (data type: methylation signal) for specific leukocytes were 469 

downloaded from Blueprint Epigenome Project DCC portal(31). The analysis was performed 470 

using the selected 37 Blueprint Bisulfite-Seq experiments (SI Appendix, Table S5). The low 471 

coverage CpG sites (<10 read coverage) in each sample were first excluded and intersection 472 

against the genome-wide locations of autosomal CpG sites was performed, resulting total of 473 

4,861,556 CpG sites. The details are in the SI Appendix. 474 

Data Availability 475 

The sequence data reported in this paper have been deposited into GEO. All data, associated 476 

protocols and materials used in this work are described in the paper. 477 



22 
 

Acknowledgments 478 

These studies were supported by in-part by the following NIH grants U01-AI124319, R01-479 

AI068804 and R33-AI111661 (to MRY) and U01-AI124319 and U19AI128913 (to EFR). 480 



23 
 

References 481 

 482 
1. S. Y. Tong, J. S. Davis, E. Eichenberger, T. L. Holland, V. G. Fowler, Jr., Staphylococcus aureus 483 

infections: epidemiology, pathophysiology, clinical manifestations, and management. Clin Microbiol Rev 484 
28, 603-661 (2015). 485 

2. V. G. Fowler, Jr. et al., Persistent bacteremia due to methicillin-resistant Staphylococcus aureus infection is 486 
associated with agr dysfunction and low-level in vitro resistance to thrombin-induced platelet microbicidal 487 
protein. J Infect Dis 190, 1140-1149 (2004). 488 

3. G. Sakoulas et al., Reduced susceptibility of Staphylococcus aureus to vancomycin and platelet 489 
microbicidal protein correlates with defective autolysis and loss of accessory gene regulator (agr) function. 490 
Antimicrob Agents Chemother 49, 2687-2692 (2005). 491 

4. Y. Q. Xiong et al., Phenotypic and genotypic characteristics of persistent methicillin-resistant 492 
Staphylococcus aureus bacteremia in vitro and in an experimental endocarditis model. J Infect Dis 199, 493 
201-208 (2009). 494 

5. N. A. Turner et al., Methicillin-resistant Staphylococcus aureus: an overview of basic and clinical research. 495 
Nat Rev Microbiol 17, 203-218 (2019). 496 

6. A. Harms, E. Maisonneuve, K. Gerdes, Mechanisms of bacterial persistence during stress and antibiotic 497 
exposure. Science 354 (2016). 498 

7. J. H. Jiang et al., Antibiotic resistance and host immune evasion in Staphylococcus aureus mediated by a 499 
metabolic adaptation. Proc Natl Acad Sci U S A 116, 3722-3727 (2019). 500 

8. A. Di Pietro, K. L. Good-Jacobson, Disrupting the Code: Epigenetic Dysregulation of Lymphocyte 501 
Function during Infectious Disease and Lymphoma Development. J Immunol 201, 1109-1118 (2018). 502 

9. L. C. Chan et al., Innate Immune Memory Contributes to Host Defense against Recurrent Skin and Skin 503 
Structure Infections Caused by Methicillin-Resistant Staphylococcus aureus. Infect Immun 85 (2017). 504 

10. L. C. Chan et al., Protective immunity in recurrent Staphylococcus aureus infection reflects localized 505 
immune signatures and macrophage-conferred memory. Proc Natl Acad Sci U S A 115, E11111-E11119 506 
(2018). 507 

11. F. Mba Medie et al., Genetic variation of DNA methyltransferase-3A contributes to protection against 508 
persistent MRSA bacteremia in patients. Proc Natl Acad Sci U S A 10.1073/pnas.1909849116 (2019). 509 

12. B. Suarez-Alvarez, R. M. Rodriguez, M. F. Fraga, C. Lopez-Larrea, DNA methylation: a promising 510 
landscape for immune system-related diseases. Trends Genet 28, 506-514 (2012). 511 

13. N. Bhutani, D. M. Burns, H. M. Blau, DNA demethylation dynamics. Cell 146, 866-872 (2011). 512 
14. H. R. Moinova et al., Identifying DNA methylation biomarkers for non-endoscopic detection of Barrett's 513 

esophagus. Sci Transl Med 10 (2018). 514 
15. A. Pacis et al., Bacterial infection remodels the DNA methylation landscape of human dendritic cells. 515 

Genome Res 25, 1801-1811 (2015). 516 
16. S. H. Sinclair, S. Yegnasubramanian, J. S. Dumler, Global DNA methylation changes and differential gene 517 

expression in Anaplasma phagocytophilum-infected human neutrophils. Clin Epigenetics 7, 77 (2015). 518 
17. Y. Michigami et al., Long-term effects of H. pylori eradication on epigenetic alterations related to gastric 519 

carcinogenesis. Sci Rep 8, 14369 (2018). 520 
18. H. Zou, T. Hastie, Regularization and variable selection via the elastic net (vol B 67, pg 301, 2005). J R 521 

Stat Soc B 67, 768-768 (2005). 522 
19. A. Akalin et al., methylKit: a comprehensive R package for the analysis of genome-wide DNA methylation 523 

profiles. Genome Biol 13, R87 (2012). 524 
20. W. Guo et al., CGmapTools improves the precision of heterozygous SNV calls and supports allele-specific 525 

methylation detection and visualization in bisulfite-sequencing data. Bioinformatics 34, 381-387 (2018). 526 
21. I. Guyon, J. Weston, S. Barnhill, V. Vapnik, Gene Selection for Cancer Classification using Support Vector 527 

Machines. Machine Learning 46, 389-422 (2002). 528 
22. N. C. Sheffield, C. Bock, LOLA: enrichment analysis for genomic region sets and regulatory elements in R 529 

and Bioconductor. Bioinformatics 32, 587-589 (2016). 530 
23. H. Hirai et al., C/EBPbeta is required for 'emergency' granulopoiesis. Nat Immunol 7, 732-739 (2006). 531 
24. F. B. Sow et al., Role of STAT1, NF-kappaB, and C/EBPbeta in the macrophage transcriptional regulation 532 

of hepcidin by mycobacterial infection and IFN-gamma. J Leukoc Biol 86, 1247-1258 (2009). 533 
25. I. M. Adcock, G. Caramori, Cross-talk between pro-inflammatory transcription factors and glucocorticoids. 534 

Immunol Cell Biol 79, 376-384 (2001). 535 



24 
 

26. I. M. Adcock, K. Ito, P. J. Barnes, Glucocorticoids: effects on gene transcription. Proc Am Thorac Soc 1, 536 
247-254 (2004). 537 

27. K. Dendoncker et al., TNF-alpha inhibits glucocorticoid receptor-induced gene expression by reshaping the 538 
GR nuclear cofactor profile. Proc Natl Acad Sci U S A 116, 12942-12951 (2019). 539 

28. S. Fishilevich et al., GeneHancer: genome-wide integration of enhancers and target genes in GeneCards. 540 
Database (Oxford) 2017 (2017). 541 

29. M. Farlik et al., DNA Methylation Dynamics of Human Hematopoietic Stem Cell Differentiation. Cell 542 
Stem Cell 19, 808-822 (2016). 543 

30. L. Chen et al., Genetic Drivers of Epigenetic and Transcriptional Variation in Human Immune Cells. Cell 544 
167, 1398-1414 e1324 (2016). 545 

31. J. H. Martens, H. G. Stunnenberg, BLUEPRINT: mapping human blood cell epigenomes. Haematologica 546 
98, 1487-1489 (2013). 547 

32. L. D. Orozco et al., Epigenome-wide association in adipose tissue from the METSIM cohort. Hum Mol 548 
Genet 27, 2586 (2018). 549 

33. P. Y. Chen et al., Prenatal Growth Patterns and Birthweight Are Associated With Differential DNA 550 
Methylation and Gene Expression of Cardiometabolic Risk Genes in Human Placentas: A Discovery-Based 551 
Approach. Reprod Sci 25, 523-539 (2018). 552 

34. L. Lam et al., Epigenetic changes in T-cell and monocyte signatures and production of neurotoxic 553 
cytokines in ALS patients. FASEB J 30, 3461-3473 (2016). 554 

35. M. Morselli et al., Targeted bisulfite sequencing for biomarker discovery. Methods 555 
10.1016/j.ymeth.2020.07.006 (2020). 556 

36. S. Heinz, C. E. Romanoski, C. Benner, C. K. Glass, The selection and function of cell type-specific 557 
enhancers. Nat Rev Mol Cell Biol 16, 144-154 (2015). 558 

37. P. L. Clermont, A. Parolia, H. H. Liu, C. D. Helgason, DNA methylation at enhancer regions: Novel 559 
avenues for epigenetic biomarker development. Front Biosci (Landmark Ed) 21, 430-446 (2016). 560 

38. A. Sharifi-Zarchi et al., DNA methylation regulates discrimination of enhancers from promoters through a 561 
H3K4me1-H3K4me3 seesaw mechanism. BMC Genomics 18, 964 (2017). 562 

39. C. A. Shah et al., Stat3 and CCAAT enhancer-binding protein beta (C/ebpbeta) activate Fanconi C gene 563 
transcription during emergency granulopoiesis. J Biol Chem 293, 3937-3948 (2018). 564 

40. L. S. Miller, J. S. Cho, Immunity against Staphylococcus aureus cutaneous infections. Nat Rev Immunol 11, 565 
505-518 (2011). 566 

41. B. M. Broker, D. Mrochen, V. Peton, The T Cell Response to Staphylococcus aureus. Pathogens 5 (2016). 567 
42. A. Chapgier et al., A partial form of recessive STAT1 deficiency in humans. J Clin Invest 119, 1502-1514 568 

(2009). 569 
43. J. Toubiana et al., Heterozygous STAT1 gain-of-function mutations underlie an unexpectedly broad 570 

clinical phenotype. Blood 127, 3154-3164 (2016). 571 
44. A. V. Villarino, E. Gallo, A. K. Abbas, STAT1-activating cytokines limit Th17 responses through both T-572 

bet-dependent and -independent mechanisms. J Immunol 185, 6461-6471 (2010). 573 
45. B. Venkatesh et al., Adjunctive Glucocorticoid Therapy in Patients with Septic Shock. N Engl J Med 378, 574 

797-808 (2018). 575 
46. E. L. van den Akker et al., Glucocorticoid receptor mRNA levels are selectively decreased in neutrophils of 576 

children with sepsis. Intensive Care Med 35, 1247-1254 (2009). 577 
47. K. Vardas et al., Increased glucocorticoid receptor expression in sepsis is related to heat shock proteins, 578 

cytokines, and cortisol and is associated with increased mortality. Intensive Care Med Exp 5, 10 (2017). 579 
48. R. Ostuni et al., Latent enhancers activated by stimulation in differentiated cells. Cell 152, 157-171 (2013). 580 
49. J. Quintin, S. C. Cheng, J. W. van der Meer, M. G. Netea, Innate immune memory: towards a better 581 

understanding of host defense mechanisms. Curr Opin Immunol 29, 1-7 (2014). 582 
50. S. Saeed et al., Epigenetic programming of monocyte-to-macrophage differentiation and trained innate 583 

immunity. Science 345, 1251086 (2014). 584 
51. T. Maekita et al., High levels of aberrant DNA methylation in Helicobacter pylori-infected gastric mucosae 585 

and its possible association with gastric cancer risk. Clin Cancer Res 12, 989-995 (2006). 586 
52. A. Pacis et al., Gene activation precedes DNA demethylation in response to infection in human dendritic 587 

cells. Proc Natl Acad Sci U S A 116, 6938-6943 (2019). 588 
53. K. Fu et al., A temporal transcriptome and methylome in human embryonic stem cell-derived 589 

cardiomyocytes identifies novel regulators of early cardiac development. Epigenetics 590 
10.1080/15592294.2018.1526029 (2018). 591 



25 
 

54. R. M. Leggett, R. H. Ramirez-Gonzalez, B. J. Clavijo, D. Waite, R. P. Davey, Sequencing quality 592 
assessment tools to enable data-driven informatics for high throughput genomics. Front Genet 4, 288 593 
(2013). 594 

55. A. M. Bolger, M. Lohse, B. Usadel, Trimmomatic: a flexible trimmer for Illumina sequence data. 595 
Bioinformatics 30, 2114-2120 (2014). 596 

56. W. Guo et al., BS-Seeker2: a versatile aligning pipeline for bisulfite sequencing data. BMC Genomics 14, 597 
774 (2013). 598 

57. S. Ecker et al., Genome-wide analysis of differential transcriptional and epigenetic variability across 599 
human immune cell types. Genome Biol 18, 18 (2017). 600 

58. C. Farrell, M. Thompson, A. Tosevska, A. Oyetunde, M. Pellegrini, BiSulfite Bolt: A BiSulfite Sequencing 601 
Analysis Platform. bioRxiv 10.1101/2020.10.06.328559, 2020.2010.2006.328559 (2020). 602 

59. J. Harrow et al., GENCODE: the reference human genome annotation for The ENCODE Project. Genome 603 
Res 22, 1760-1774 (2012). 604 

60. M. Sanchez-Castillo et al., CODEX: a next-generation sequencing experiment database for the 605 
haematopoietic and embryonic stem cell communities. Nucleic Acids Res 43, D1117-1123 (2015). 606 

  607 



26 
 

Author contributions 608 

YC contributed to study design, sample preparation, sequencing data generation, data 609 

interpretation, statistical analysis, and manuscript generation. MR contributed to study design, 610 

sample preparation, and manuscript generation. DWG contributed to cohort selection, collection 611 

of clinical data, and statistical analysis. LR contributed to sample preparation and sequencing 612 

data generation. MT and MM contributed to sequencing data processing. DJM contributed to cell 613 

composition estimation. FR contributed to cohort selection and collection of clinical data. AH 614 

contributed to sequencing data generation and data interpretation. MP contributed to sequencing 615 

data generation, data interpretation, and manuscript generation. VGF, MRY, and EFR 616 

contributed to study design, cohort selection, project oversight, data interpretation, manuscript 617 

generation, and team project coordination.  618 



27 
 

Competing interests 619 

VGF reports Grant/ Research Support: MedImmune, Cerexa/Forest/Actavis/Allergan, Pfizer, 620 

Advanced Liquid Logics, Theravance, Novartis, Cubist/Merck; Medical Biosurfaces; Locus; 621 

Affinergy; Contrafect; Karius; Genentech, Regeneron, BasileaPaid Consultant: Pfizer, Novartis, 622 

Galderma, Novadigm, Durata, Debiopharm, Genentech, Achaogen, Affinium, Medicines Co., 623 

Cerexa, Tetraphase, Trius, MedImmune, Bayer, Theravance, Cubist, Basilea, Affinergy, Janssen, 624 

xBiotech, Contrafect, Regeneron, Basilea, Destiny. Membership: Merck Co-Chair V710 Vaccine. 625 

Educational fees: Green Cross, Cubist, Cerexa, Durata, Theravance; Debiopharm. Royalties: 626 

UpToDate. 627 

MRY is a founder and shareholder of NovaDigm Therapeutics, Inc., which develops vaccines 628 

and immunotherapeutics targeting multi-drug-resistant pathogens, including S. aureus. 629 

 630 



28 
 

Figure Legends 631 

Figure 1. Peripheral blood leukocyte DNA methylation is altered in patients with APMB. A 632 

ROC curve summarizes the test set classification performance (estimated by 10-fold cross 633 

validation) of a logistic regression model that uses the DNA methylation levels of 749,212 CpG 634 

sites to distinguish APMB and ARMB samples. B Volcano plot represents the methylation 635 

difference for 749,212 CpG by delta methylation (%) and –log 10 adjusted p-value (FDR) 636 

generated from methylkit. The cut-off to define DMS (orange dot) was set as FDR < 0.01 and 637 

|delta methylation| > 10%. C The heatmap displays DNA methylation for DMS (row) across all 638 

SAB sample (column). The clusters were generated using the sex- race- and batch-corrected 639 

DNA methylation data with Ward.D2 method, showed in Figure S1. Keeping the same clustering 640 

order shown in Figure S1, the standardized DNA methylation (z-score) were applied to visualize 641 

the relative methylation differences in the present figure. 642 

 643 

Figure 2. Specific DMS prioritize differential APMB vs. ARMB signatures in a 644 

classification model. A Evaluation set performance of the logistic regression classifiers, in order 645 

of decreasing number of DMS used in model construction, from left to right (x-axis). Red box-646 

whisker plots showed the quartiles of 10 AUC values generated from 10-fold of leave-one-class-647 

out cross validations and blue box-whisker plots depicted the performance based on permuted 648 

class labels to represent the random background distribution. B ROC curve of the logistic 649 

regression model that uses the DNA methylation levels of top 16 ranked CpG sites to distinguish 650 

APMB and ARMB samples. C Plots depicting the mean with 95% confidence interval of odds 651 

ratio for the top 16 DMS in the model shown in b.     652 

 653 

Figure 3. DMS are enriched in introns and intergenic regions. A Distance of DMS 654 

(Foreground) to the transcriptional start sites (TSS) of the proximal genes. Background was 655 

defined by total detected CpG sites excluding DMS sites. The statistics were calculated using 656 

Chi-square test with Yates’ correction. B DMS locations in genomic regions. The statistics were 657 

calculated using Fisher’s exact test.  658 

 659 

660 
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Figure 4. DMS localize to regulatory regions containing transcription factor binding sites. 661 

A LOLA region set enrichment analysis displays the significant associations (p < 0.05) between 662 

transcription factor binding sites (y-axis) and DMS. The area of points represents the magnitude 663 

of odds ratio (a value of 0 is mapped to a size of 0). B The heatmap shows the overlap of DMS 664 

with transcription factor binding sites that LOLA analysis of the ChIP-seq datasets identified as 665 

enriched. Columns were arranged by hierarchical clustering with Ward.D2 method based on the 666 

methylation profiles of the 16 transcription factor binding DMS across all SAB patients. C-D 667 

Violin plots of methylation levels for C DMS with reduced methylation in APMB and D DMS 668 

with reduced methylation in ARMB. Label: Overlap with transcription factor binding site (+ yes; 669 

- no); Frequency of patients with hypomethylated DMS (< 25% methylation level) in APMB and 670 

ARMB, No.(%)  671 

 672 

Figure 5. Cell-type proportions estimated from DNA methylation differentiating APMB 673 

from ARMB. A Cell type specific methylation levels obtained from Blueprint for the 674 

transcription factor binding DMS. (bN: band neutrophils, mN: mature neutrophils; Mo: 675 

monocyte; B: B cell; NK: Natural killer cells) B, C Box plots of proportions of each cell type 676 

within APMB/ARMB groups. The FDR-corrected analysis of variance test within each cell-type 677 

was used and the adjusted p-values smaller than 0.05 were highlighted in red. B The proportions 678 

of estimated neutrophils, lymphocytes (combining the estimated proportions of B, CD4+ T, 679 

CD8+ T, and NK cells), monocytes within APMB/ARMB groups. C The proportions of 680 

estimated lymphocytes (including B, CD4+ T, CD8+ T, and NK cells).    681 

 682 

Figure 6. Targeted BS-seq confirmed the disease-associated differential DNA methylation 683 

signatures.  A Scatter plots of the delta methylation (APMB-ARMB) in RRBS (x-axis) and in 684 

TBS-seq (y-axis). B-C Violin plots of methylation levels in RRBS and TBS-seq for B top ranked 685 

DMS reported in Figure 2; C transcription factor binding DMS reported in Figure 4. Two-way 686 

ANOVA was used to determine the disease associated (p-value shown). D-E ROC curve of the 687 

logistic regression model that uses the DNA methylation levels of 121 detected DMS from D 688 

TBS-seq and E RRBS. 689 
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