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Infectious Complications Are Associated With Alterations in the Gut Microbiome in Pediatric Patients With Acute Lymphoblastic Leukemia
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Acute lymphoblastic leukemia is the most common pediatric cancer. Fortunately, survival rates exceed 90%, however, infectious complications remain a significant issue that can cause reductions in the quality of life and prognosis of patients. Recently, numerous studies have linked shifts in the gut microbiome composition to infection events in various hematological malignances including acute lymphoblastic leukemia (ALL). These studies have been limited to observing broad taxonomic changes using 16S rRNA gene profiling, while missing possible differences within microbial functions encoded by individual species. In this study we present the first combined 16S rRNA gene and metagenomic shotgun sequencing study on the gut microbiome of an independent pediatric ALL cohort during treatment. In this study we found distinctive differences in alpha diversity and beta diversity in samples from patients with infectious complications in the first 6 months of therapy. We were also able to find specific species and functional pathways that were significantly different in relative abundance between samples that came from patients with infectious complications. Finally, machine learning models based on patient metadata and bacterial species were able to classify samples with high accuracy (84.09%), with bacterial species being the most important classifying features. This study strengthens our understanding of the association between infection and pediatric acute lymphoblastic leukemia treatment and warrants further investigation in the future.
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INTRODUCTION

Acute lymphoblastic leukemia (ALL) is the most common pediatric cancer (Canadian Cancer and Statistics Advisory Committee, 2018). Recently, numerous studies have linked the gut microbiome to affecting treatment outcomes and infection status in multiple different types of cancers such as acute myeloblastic leukemia (Galloway-Peña et al., 2016), non-Hodgkin's lymphoma (Montassier et al., 2016), hematopoietic stem cell transplant patients (Taur et al., 2014), as well as acute lymphoblastic leukemia (Hakim et al., 2018). In all of these clinical scenarios, treatment involves harsh chemotherapeutics that can cause disruption of the structural integrity of the gut barrier, which has been proposed to allow the passage of gut bacteria into the blood and throughout the body (Berg, 1995). The gut microbiome and the immune system also share an intimate relationship, as disruptions in the microbial community have been linked to inflammation and reduced immune function (Belkaid and Hand, 2014).

Earlier studies on the gut microbiome and pediatric acute lymphoblastic leukemia have found significant differences between individuals with ALL and healthy controls at base line (Rajagopala et al., 2016; Bai et al., 2017). Bai et al. found significant differences in alpha diversity between ALL patients that were not exposed to antibiotics and healthy controls as well as differences in beta diversity regardless of antibiotic use. Similar findings were presented earlier by Rajagopala et al. where they were able to classify baseline samples as either coming from an individual diagnosed with ALL or a healthy sibling control based on their gut microbiome composition.

Building on this classification ability, it has been suggested that the gut microbiome could be used to predict infection in pediatric acute lymphoblastic leukemia patients. Hakim et al., showed that in a cohort of patients treated at the St. Jude Children's Research Hospital compositional signatures of the gut microbiome could be used to predict infections during treatment (Hakim et al., 2018). More specifically they found that a higher abundance of Proteobacteria at baseline was predictive of febrile neutropenia and that domination of the gut by either Enterococcaceae or Streptococcaceae increased the risk of infection throughout therapy. Possible differences in microbial functions and species within this cohort were not identified due to technical restrictions from using only 16S rRNA gene sequencing

Clear microbial associations between the gut microbiome and treatment complications remain to be discovered. We hypothesize that changes in the composition of gut microbial communities are associated with infectious complications during chemotherapy treatment. Herein, we present the first study to examine the gut microbial communities of pediatric acute lymphoblastic leukemia throughout the first 6 months of chemotherapy using both 16S rRNA gene sequencing and whole metagenomic shotgun sequencing. Through this examination we identify multiple significant differences in both taxonomic and functional profiles between samples from pediatric ALL patients with and without infectious complications throughout the first 6 months of therapy.

METHODS

Patient Demographics

A total of 44 samples were collected from 16 patients treated at the IWK Health Center in Halifax, Nova Scotia, Canada. The ages of participants ranged from (0.75–11.12 years of age), with a mean age of 40.78 months and a total of 11 males and 5 females (Table 1). All females in the study suffered an infectious complication within the first 6 months of treatment. All samples were collected within 6 months of therapy with the exception of one baseline sample that was collected 2 days prior to the start of treatment (Supplementary Figure 1). The median number of samples collected from each patient was 2 with a range between 1 and 7 (Supplementary Figure 1). Nine patients faced an infectious complication within the first 6 months of treatment and 19 samples were collected from them in total. The other seven patients did not face infectious complications within the first 6 months of treatment and 25 samples were collected from them in total (Table 1). Baseline samples were classified as the first sample from a patient within the first 10 days of the start of therapy.


Table 1. Patient and sample data divided between age group, sex, and whether the patient did (IC) or did not have infectious complication (NIC) within the first 6 months of treatment.
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All patients/guardians provided informed written consent to participate in this study. Clinical data and stool samples were collected in accordance with protocols approved by the IWK Health Center Research Ethics Board (REB).

Infectious complications (IC) were defined as any microbially or clinically-defined infection and/or clinically-documented febrile neutropenia event. Samples from IC patients were later stratified into groups that were taken after the initial infectious complication (post) and before the initial infectious complication (pre). Samples were further classified based on whether the sample was taken before a blood stream infection event, gastrointestinal infection event or febrile neutropenia event.

Antibiotic exposure was defined as the administration of intravenous or oral antibiotics within 2 weeks prior to sample collection, excluding prophylactic Septra which was prescribed ubiquitously to patients throughout the study, as per standard of care. Antibiotic exposure was further categorized into exposure to anti-fungal medications (such as pentamidine and caspofungin), vancomycin, piperacillin tazobactam, and other uncommonly used antibiotics such as metronidazole and ceftazidime.

Fecal Sample Collection

Stool samples were frozen at −20°C for transport to the laboratory and stored at −80°C until use. Total DNA was purified from each sample using the Norgen Stool DNA Isolation Kit (cat#27600, Norgen Biotek, Canada).

16S rRNA Gene Sequencing

16S rRNA gene sequencing was performed by the Integrated Microbiome Resource at Dalhousie University. Briefly, the V4-V5 16S rRNA gene region was amplified using the high-fidelity Phusion polymerase (cat#M0530L, New England Biolabs) and 16S rRNA V4-V5 fusion primers (Comeau et al., 2017). The amplified 16S V4-V5 regions were then sequenced using an Illumina MiSeq producing 300 bp paired-end reads. Of the total of 44 samples, 41 were sequenced via 16S rRNA amplicon sequencing, and all 44 were sequenced using shotgun metagenomics. Of the 41 samples sequenced via 16S rRNA amplicon sequencing 4 were removed by quality filters leaving a total of 37 samples. The three samples only sequenced by metagenomic shotgun sequencing was due to loss of the sample. This led to a total of 11 baseline samples being sequenced by 16S rRNA gene sequencing.

Metagenomic Shotgun Sequencing

Metagenomic shotgun sequencing was performed by the Integrated Microbiome Resource at Dalhousie University. Briefly, extracted DNA was prepared into a sequencing library using the Illumina Nextera XT kit (cat#FC-131-1096, Illumina, USA). The prepared sequencing library was then sequenced on an Illumina Nextseq 550 producing 150 base pair paired end reads with a median read depth of (3,372,240) per sample. A total of 13 baseline samples were sequenced by metagenomic shotgun sequencing.

16S rRNA Sequence Analysis

Sequences were processed using QIIME2 (Bolyen et al., 2018) and the Deblur plugin (Amir et al., 2017). Paired end sequences were stitched together using the Microbiome Helper script (Comeau et al., 2017) run_pear.pl, which wraps PEAR (Zhang et al., 2014). Paired sequences were then imported into a QIIME2 artifact and filtered based on read quality and length using QIIME2's built in quality-filter q-score-joined script. Filtered reads were then processed with Deblur using a trim length of 300 base pairs to obtain amplicon sequence variants. In total 1,058 different amplicon sequence variants were observed over a median read depth of 6,527 reads and 37 samples. In order to acquire diversity metrics, the samples were subsampled to 1,481 reads per sample. Amplicon sequence variants were then analyzed using multiple alpha diversity metrics (shannon, evenness, observed-ASVs, faith's phylogenetic diversity) and statistical significance between samples from IC and NIC patients and other metadata variables such as age at diagnosis were determined using a Wilcoxon Rank Sum test. A classification model to determine samples from NIC or IC patients was created using a logistic regression model built in R (R Development Core Team, 2008) with faith's phylogenetic diversity, days since the start of therapy, treatment type, and age at diagnosis as predictors. Weighted UniFrac distances and Principal Coordination of Analysis ordination were generated using QIIME2 and the APE R package (Paradis and Schliep, 2018). Differences between samples weighted UniFrac distances were tested using the adonis2 function (PERMANOVA test) from the vegan R package (Oksanen et al., 2018). Taxonomy was assigned to ASVs using the rdp-classifier (Cole et al., 2014) trained on the Greengenes 13_8 database (DeSantis et al., 2006).

Metagenomic Sequence Analysis

Metagenomic sequences were processed using the Microbiome Helper operating procedures for metagenomic data. In brief, contaminant reads were removed by mapping sequences to the human and PhiX genomes using bowtie2 (Langmead and Salzberg, 2012). The resulting reads were then classified taxonomically using MetaPhlAn2 (Truong et al., 2015) and into Metacyc pathways using HUMAnN2 (Franzosa et al., 2018). Metacyc pathways and taxa that were significantly different in abundance between NIC and IC patients and other metadata variables presented in the study were determined using a Wilcoxon rank sum test and corrected for false discovering using Benjamini & Hochberg correction.

HUMAnN2 species stratified pathway output was then filtered to only contain the pathways found to be significantly different. Pathways that had a total contribution from all species of <0.001% were removed. Species were then collapsed to their respective genera for visualization purposes with any genera that contributed to <0.01% of the total relative abundance of the significant pathways being grouped into “Other.”

To determine the prevalence of antibiotic resistance genes and virulence factor genes we aligned reads against the Comprehensive Antibiotic Resistance Database (CARD) (Jia et al., 2017) and the Virulence Factor Databases (VFDB) respectively, (Chen et al., 2005) using DIAMOND with a default cutoff e value of 0.001 and a maximum number of one target sequence (Buchfink et al., 2014). Differences between samples from NIC and IC patients in prevalence of antimicrobial resistance genes and virulence factors were tested using a Wilcoxon rank sum test. Differential abundant antimicrobial resistance genes and virulence factor genes were determined using a Wilcoxon rank sum test with correction for false discovering using Benjamini & Hochberg correction.

To get a sense of the importance of various features for classification of samples we employed the use of random forest modeling. The MetaPhlAn2 species table was combined with metadata on the same samples and used as the features for sample classification. A random forest model was then constructed in R using the randomForest package (Liaw and Wiener, 2002) with default hyperparameters and 10,001 trees. The accuracy of the model was determined by examining the out of bag error and feature importance was determined by looking at the mean decrease in accuracy for each classification feature.

RESULTS

Microbiome Profiling Reveals Difference in Phylogenetic Diversity Between NIC and IC Patients, Subsequent Blood Stream Infections, Age and Time of Treatment

We observed that samples that were taken from patients that experienced an infectious complication within the first 6 months of therapy (IC) had lower phylogenetic diversity when compared to samples taken from patients that did not face an infectious complication within 6 months of therapy (NIC). (Figure 1A; p = 0.014). However, measures in richness and evenness were similar between samples from IC and NIC patients (Figures 1B–D). To determine if a specific type of infection was related to this difference in phylogenetic diversity, we looked at how subsequent bloodstream and gastrointestinal infections were related to phylogenetic diversity. Interestingly, we did find that a lower Faith's phylogenetic diversity was significantly associated with subsequent bloodstream infections (p = 0.0469) (Supplementary Figure 2). Following this analysis, we were interested in looking at what other factors may be impacting phylogenetic diversity in our patient cohort.
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FIGURE 1. Phylogenetic Diversity based on 16S rRNA gene sequencing is significantly different between samples from patients that face infectious complications (IC) within the first 6 months of therapy and those that do not (NIC). Differences in alpha diversity between samples from IC and NIC patients that were sequences by 16S rRNA gene sequencing at a read depth of 1481 (37 of 44 total samples). Significance was determined using a Wilcoxon rank sum test at an alpha value of 0.05 (represented by *). Each panel represents a different measure of alpha diversity; shannon diversity (A), number of amplicon sequence variants (B), evenness (C), and Faith's phylogenetic diversity (D). Points are colored by individual (Supplementary Figure 1).



As it is well-known that the composition of the gut microbiome changes with age, we examined how age at diagnosis impacted phylogenetic diversity. This resulted in a significant positive correlation (p = 0.0001, rho = 0.656) indicating that age could be playing a role in the differences we see between samples from NIC and IC patients (Supplementary Figure 3). Examining changes in alpha diversity over time on a per patient basis was not possible due to highly variable sampling periods and therefore we opted to look at overall changes in alpha diversity over time. We found that the number of days after the start of treatment was also significantly negatively correlated with Faith's Phylogenetic Diversity (p = 0.01327, rho = −0.403) indicating that chemotherapy treatment may reduce overall gut diversity (Supplementary Figure 4).

To test classification accuracies of samples coming from NIC or IC patients while accounting for the above confounding factors we built a logistic regression model based on Faith's phylogenetic diversity, treatment type, sample collection time, and age at diagnosis. Our model was able to classify samples that were from IC or NIC patients with an area under the curve of 0.77, and a kappa value of 0.46 (Supplementary Figure 5). No single predictor in the model was significant however, Faith's phylogenetic diversity was near our significant alpha value (p = 0.0994). We could not build a model that accounted for differences in sex due to all females being classified as IC patients (Table 1). We, however, did not find a significant association between sex and Faith's phylogenetic diversity (p = 0.2149).

Inspecting other possible confounding factors lead us to looking at the inevitably close relationship between the use of antibiotics and infection events (due to strict adherence to febrile neutropenia treatment protocols). Due to this relationship we decided to determine how individual antibiotic exposures were related to phylogenetic diversity of the gut microbiome. We observed a significant decrease in phylogenetic diversity and the usage of vancomycin (Wilcoxon rank sum test; p = 0.039), while there were no significant associations with the usage of piperacillin-tazobactam, antifungal medications, or any other antibiotics including total antibiotic exposure (Supplementary Figure 6). Furthermore, we found that all antibiotics except for piperacillin-tazobactam were highly associated with infectious complications (Fisher's Exact test; OR = 6.03, p = 0.0323), however, they were not significantly associated to phylogenetic diversity (Wilcoxon rank sum test; p = 0.2534). Despite this result it is difficult to tell the full extent of the impact that antibiotic usage has on the gut microbiome of patients within the cohort due to our small sampling size and sparse usage of some medications such as anti-fungal treatment.

Following our analysis on antibiotic exposure, we were also interested in examining the differences between samples that came from patients that never experience infectious complications and samples that were pre or post their first infectious complication event. We found no significant differences between samples that were pre or post-infection, or pre-infection and samples from patients that never experience infectious complications (Supplementary Figure 7). We did, however, find significant differences in phylogenetic diversity between post infection samples and samples that came from NIC patients (p = 0.0113) (Supplementary Figure 7). Antibiotic exposure to antibiotics other than piperacillin tazobactam was not significantly associated with changes in phylogenetic diversity between samples that came from patients that never faced infection and post infection samples (p = 0.358). In addition, no individual antibiotic exposure was significantly associated, however, vancomycin exposure was close to our alpha value (p = 0.1249).

Finally, we examined 11 baseline samples (Supplementary Figure 1) (taken within 10 days of the start of therapy) to determine whether alpha diversity at baseline was predictive of future infections and minimal residual disease (MRD) at 30 days. We did not find a significant association between Faith's phylogenetic diversity and NIC or IC status (Wilcoxon rank sum test; p = 0.1255). Stratifying the infection types into either bloodstream infections, gastrointestinal infections, or febrile neutropenia did reveal a significant association between baseline alpha diversity and subsequent bloodstream infections (Wilcoxon rank sum test; p = 0.02424). We did not find a significant relationship between MRD at 30 days and baseline Faith's Phylogenetic Diversity (Wilcoxon rank sum test; p = 0.6303).

Microbiome Profiling Reveals Significant Differences in Beta Diversity Between Samples From NIC and IC Patients

Using 16S rRNA gene sequencing and weighted UniFrac analysis to account for both abundance and phylogenetic distance, we found significant differences between samples from IC and NIC patients (PERMANOVA, r2 = 0.2112, p = 0.001). Plotting weighted UniFrac distances using principal coordinates of analysis (PCoA) ordination resulted in distinct separations between samples from NIC and IC patients (Figure 2A). To test what other factors may be associated with the differences between samples from NIC and IC patients we completed both univariate and multivariate analyses using PERMANOVA tests. Along with differences between IC and NIC samples we also found differences in sex (although all females are IC patients), days since the start of therapy (Supplementary Figure 8), vancomycin exposure and anti- fungal exposure (Table 2). We did not find significant differences in microbial community structure in patients based on age at diagnosis (Supplementary Figure 8), treatment type, overall antibiotic exposure, piperacillin tazobactam exposure, or other less commonly used antibiotics (Table 2). Following this we tested all features significantly associated with changes in weighted UniFrac within a single multivariate PERMANOVA test to try and determine the most important features. We found that none of the factors alone were significant explanatory variables, however, infectious complications explained the most variance among all the predictors (R2 = 0.04433, p = 0.08) (Table 3). In order to get a better visualization of how samples with antifungal or vancomycin exposure compared to those that did not, we recolored our PCoA based of these two exposure outcomes (Supplementary Figure 9). From this we noted that not all samples from IC patients that grouped within the IC cluster were exposed to vancomycin or antifungal medication. We also found that three of the five samples that were exposed to anti-fungal medication came from one patient, which could be playing a role in the significant association that we found.
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FIGURE 2. Weighted UniFrac beta diversity (16S rRNA gene sequencing) is significantly different between samples from NIC and IC patients. A Principal Coordinates of Analysis ordination plot of the weighted UniFrac distances of the samples sequenced by 16S rRNA gene sequencing at a read depth of 1481 (37 of 44 samples). (A) Samples that came from NIC patients are colored blue and samples from IC patients are colored red. (B) Samples colored based on whether a sample came from an NIC patient (never in blue) or an IC patient pre (yellow) or post (purple) their initial infectious complication. Lines connecting samples represent the chronological order of sample collection from each patient. Numbers on points and the color connecting points together are colored by individual (Supplementary Figure 1).




Table 2. Univariate weighted UniFrac analysis on multiple metadata features using a single PERMANOVA test for each metadata feature.
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Table 3. Multivariate weighted UniFrac analysis on multiple metadata features using a single PERMANOVA test containing all of the features found to be significant in univariate analysis.
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Similar to our analysis with alpha diversity, we were interested in comparing samples from patients that never experience infection vs. pre and post initial infectious complication samples. Visualizing these results using a PCoA that connected samples from the same patient in chronological order revealed that samples from IC patients that previously grouped with NIC patients were pre-infection samples (Figure 2B). We tested whether any of these groups were significantly different from each other and found that samples from NIC patients grouped significantly from pre (R2 = 0.109, p = 0.027) and post (R2 = 0.294, p = 0.001) IC samples. We did not find a significant difference between pre and post IC samples (R2 = 0.1018, p = 0.149).

NIC and IC Patients Differ in Several Bacterial Species

To get a high-resolution view of the gut microbial communities of patients enrolled in the study we looked at the taxonomic profiles generated from shotgun metagenomics. We found a total of 6 different species in differential abundance between NIC and IC patients using a Wilcoxon rank sum test and correction for false discovery (Figure 3). We found that the only bacterial species that was in higher relative abundance in samples from NIC patients was Faecalibacterium prausnitzii. Interestingly this species was almost completely absent in samples from IC patients, apart from 3 samples (Figure 3A). The rest of the species that we identified as being in differential abundance had higher relative abundances in samples from IC patients when compared to samples from NIC patients (Figures 3B–F). The mean difference in relative abundance between these species ranged from 0.36% to 6.5%. Furthermore, many of these species were not present in many samples. Faecalibacterium prausnitzii was the only species present in all the samples from either NIC or IC patients (Figure 3A).
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FIGURE 3. The relative abundance of multiple species is significantly different between samples from NIC and IC patients that were sequenced by metagenomic shotgun sequencing. Six species were found to be significantly different in relative abundance between samples from NIC and IC patients: Fecalibacterium prausnitzii (A), Brevundimonas diminuta (B), Agrobacterium tumefaciens (C), Agrobacterium unclassified (D), Achromobacter unclassified (E), and Alcaligenes unclassified (F). (Wilcoxon rank sum test with correction for false discovery at an alpha value of 0.05). Points are colored by individual patient (Supplementary Figure 1).



We did a similar analysis at multiple taxonomic levels in order to assess the large collective shifts of microbial groups within the gut microbiome of samples from NIC and IC patients. We found multiple differentially abundant taxa at multiple taxonomic levels based on metagenomic shotgun sequencing. At the phylum level we found Bacteroidetes to be significantly enriched in relative abundance in samples from NIC patients and found Proteobacteria to be significantly reduced in NIC patients (Supplementary Figure 10). We found six families to be in significantly increased relative abundance in samples from NIC patients Bifidobacteriaceae, Bacteroidaceae, Prevotellaceae, Rikenellaceae, and Eubacteriaceae (Supplementary Figure 11). All four families that were in increased relative abundance in samples from IC patients were part of the Proteobacteria phylum (Caulobacteraceae, Rhizobiaceae, Alcaligenaceae, and Burkholderiaceae) (Supplementary Figure 11). At the genus level, we found similar results with six genera being increased in relative abundance in samples from NIC patients and five genera being increased in relative abundance from IC patients (Supplementary Figure 12).

Similar to the previous analysis we also wanted to determine the differences between samples from patients that never faced infectious complications and pre and post initial infectious complication samples. We found that the order Burkholderiales was significantly increased in relative abundance in pre-IC samples compared to samples from NIC patients (Supplementary Figure 13). We also found significantly different relative abundances of species between samples from NIC patients and post infectious complication samples. Six of the eight species found to be in increased relative abundance in post-IC patients (Supplementary Figure 13) were the same as the six species found to be in significantly different abundance between samples from NIC and IC patients indicating that post-IC samples may be the driving force for many of these significant associations.

Multiple Microbial Pathways Are Significantly Different Between NIC Patients and IC Patients

We identified 42 microbial MetaCyc pathways that were significantly different in abundance between NIC and IC patients (Figure 4). Interestingly of these 42 pathways, only 11 were increased in NIC patients (Figure 4). Furthermore, of the degradation pathways that were significantly different, 6 out of 9 were in higher relative abundance in samples from NIC patients. This was mainly due to contributions by Faecalibacterium. The majority of biosynthetic pathways were increased in samples from IC patients (Figure 4). Some pathways of interest that were in increased relative abundance in samples from IC patients include aerobic respiration and heme biosynthesis. Of these pathways one interesting note we made was that the mean relative abundance of aerobic respiration I (cytochrome c) was mainly contributed to by bacterial species we found to be significantly different between samples from NIC and IC patients (Figure 4).
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FIGURE 4. Taxonomic contributions to pathways that were significantly different between samples from NIC patients and IC patients from metagenomic shotgun sequencing. All 42 Metacyc pathways represented in the figure were determined to be significantly different in relative abundance between NIC and IC patients (Wilcoxon rank sum test with correction for false discovery at an alpha value of 0.05). Significantly different pathways were then divided into either being biosynthetic, degradation or other pathway types. Contributions to the relative abundance of these pathways' are colored by genus of the contributing bacteria. Genera that contributed less than a total of 0.01% relative abundance to overall pathways were collapsed into “Other.” Note some pathways have total relative abundances of 0 due to no single species contain all genes required to contribute to the pathway.



Examining the genera that contributed to the differentially abundant functional pathways we found that the reduction of Faecalibacterium was a large contributing factor for many of the pathways found in higher abundance in samples from NIC patients (Figure 4). Furthermore, we found that contributions from Agrobacterium and Enterobacter to multiple different functional pathways in samples from IC patients was a main cause for many pathway abundance level shifts found in NIC patients (Figure 4). Interestingly, we did not find Enterobacter as being significantly different in abundance, however this could be due to the low sample size of our cohort.

Machine Learning Reveals That Bacterial Signatures Are a Strong Classifier for Samples From IC and NIC Patients

We next wanted to determine how well sample species and metadata could classify samples from IC and NIC patients and determine if the strongest features for classification were similar to taxa already identified to be in significantly different abundance. In this analysis we included all species identified by MetaPhlAn2 and patient metadata (Supplementary File 1). We found the model was able to classify samples as coming from either NIC or IC patients with an accuracy of 84.09% based on the out of bag error rate. Interestingly we found that of the top 20 classification features only 2 were from patient metadata and that the top 5 classification features were all bacterial species that we found to be in significantly different relative abundance between the two patient groups in our previous analysis (Figure 5). Taking a similar approach to try and classify samples from pre-IC patients and NIC patients resulted in accuracies that were not significantly better than random assignment, which may stem from class imbalances and as such more encompassing studies will be required in the future.
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FIGURE 5. Bacterial species found to be significantly different by metagenomic shotgun sequencing are the most important classification features in a random forest model built from species data and sample metadata. A random forest model with an accuracy of 84.09% built with species information and metadata reveals that species that were found to be significantly different in relative abundance are the most important classification features between samples from NIC and IC patients. The top 20 most important features are ranked by their mean decrease in accuracy when the feature is randomly permuted after model training.



To try and better understand if vancomycin exposure was having an impact on the composition of the gut microbiome, we created two different random forest classification models. The first model was trained on and used to classify samples from NIC patients and samples from IC patients that had vancomycin exposure, whereas the other model used samples from NIC patients and IC patients that did not have vancomycin exposure. We found that both models ended up having similar accuracies (76.48 and 80% respectively) and had similar important features (Supplementary Figure 14) indicating a limited effect of vancomycin treatment on gut microbial composition.

IC Patients Have a Higher Proportion of Gut Microbiota Virulence Factors

We found that samples from patients that faced infectious complications had a significant increase in the prevalence of virulence factors according to the Virulence Factor Database (Figure 6A) (Wilcoxon, p = 0.02). Overall, we found a total of 134 individual genes that were in differential abundance between samples from IC and NIC patients (Supplementary File 2). The overall prevalence of antimicrobial resistance as described by the Comprehensive Antibiotic Resistance Database was not significantly different between samples from IC and NIC patients (Figure 6B) (Wilcoxon, p = 0.072). However, examining the abundance of individual resistance genes did reveal significant differences in samples from IC patients and NIC patients. In total 13 genes found in the CARD database were in differential prevalence between samples form IC and NIC patients (Supplementary File 2). As expected, due to higher levels of antibiotic exposure the vast majority (11 of 13), were increased in samples from IC patients. We did not expect any antimicrobial genes to be more prevalent in NIC patients but found two cepA and mefC, which confer resistance to beta lactams and macrolides, respectively. Examination of the 13 baseline metagenomic samples did not reveal significant differences in the prevalence of anti-microbial resistance genes or virulence factor genes.
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FIGURE 6. Prevalence of genes associated with virulence factors is significantly higher in samples from IC patients. A higher proportion of metagenomic shotgun sequencing reads were mapped to the Virulence Factor Database (A) in IC patients (p = 0.02). Proportion of metagenomic shotgun sequencing reads mapped to the Comprehensive Antibiotic Resistance Database (B) (p = 0.072). Differential prevalence was tested using a Wilcoxon rank sum test with an alpha value of 0.05 (represented by *). Points colored by patient (Supplementary Figure 1).



DISCUSSION

The connection between the gut microbiome and infection during chemotherapy treatment has been addressed for multiple different cancer types and cancer treatments (Goodman and Gardner, 2018) including pediatric ALL (Hakim et al., 2018). We describe here the first study to look at associations between pediatric ALL and infection during the first 6 months of therapy using both 16S rRNA gene sequencing data and metagenomic shotgun sequencing data. Similar to previously published work we found significant differences between samples from patients that suffer infectious complications and those that did not, however, in some cases it was unclear whether this was due to antibiotic exposure or the infection itself. We found a significant difference in alpha diversity between the samples from patients that faced infectious complications and those that did not based on phylogenetic diversity. We found multiple taxonomic groups that were significantly higher in relative abundance in samples from IC and NIC patients as well as 42 different metabolic pathways that were significantly higher in relative abundance in either samples from NIC or IC patients. We did not find a significant difference in the total prevalence of antibiotic resistance factors but did find differences in the total prevalence of genes associated with virulence factors within the gut metagenome between NIC and IC patients.

In our study we found significant differences in phylogenetic diversity between samples from IC and NIC patients indicating an association between reduce gut microbial diversity and infectious complications. Furthermore, we found that lower phylogenetic diversity scores were associated with future blood stream infections a result that has been similarly reported in non-Hodgkin's lymphoma (Montassier et al., 2016). These results suggest that monitoring of gut microbial diversity may be useful in determining the future risk of infection for individuals being treated for pediatric acute lymphoblastic leukemia. However, caution is required when interpreting these results due to our small sample size, and other significant confounding variables that we found to be associated with phylogenetic diversity. This includes the age at diagnosis, and the number of days post start of treatment. To control these effects, we were able to show that a logistics regression model based on phylogenetic diversity and other significant confounding variables was able to classify samples from IC or NIC patients with moderate accuracy. As this model is most likely over-fit to our cohort more data is needed from robust studies to build strong classification models for infection. This will allow future models to better account for differences in geographic locations, ethinic backgrounds and diet styles all factors that can affect the microbiome (Yatsunenko et al., 2012). The relationship between alpha diversity and infection was not reported on by Hakim et al. however, they did find that infection was associated with domination by specific families, which could indicate reduce gut microbial diversity.

Examination of the small subset of baseline samples in our cohort revealed that the association between future infectious complications and phylogenetic diversity was near our significant alpha value. Larger numbers of baseline samples will be needed in the future to confirm whether or not gut microbial diversity at diagnosis could serve as a marker for future infectious complications in pediatric ALL. Similar to our whole sample analysis we did find subsequent bloodstream infections to be significantly associated, indicating that gut microbiome diversity at diagnosis may be useful in determining the future risk of blood stream infections during chemotherapy treatment.

One difficulty in studying the relationship between the composition of the gut microbiome and pediatric ALL is the usage of antibiotic prophylaxis due to immune suppression. All patients receive Septra, a broad-spectrum prophylactic antibiotic, throughout treatment as prophylaxis for pneumocystis opportunistic infections and the vast majority of patients will receive various other antibiotics at the first sign of possible infection (i.e., a fever). We expected this to have a large impact on gut microbial alpha diversity, however, the only antibiotic we found to be significantly associated with phylogenetic diversity was vancomycin. The majority of patients that received vancomycin were also patients with infectious complications making it difficult to determine how much of an impact infection vs. vancomycin had on the phylogenetic diversity of the samples; especially since vancomycin treatment is usually reserved for severe infections, which could be having dramatic effects on the gut microbiota. Furthermore, all patients that received vancomycin received it intravenously, which has limited gut availability in mice models (van Oosten et al., 2013). However, it should be noted that as described previously many of these individuals will have reduced structural integrity of the gut barrier, which may allow the passage of vancomycin into the gut. While only one statistically significant association between phylogenetic diversity and specific antibiotics was observed, the usage of drugs other than piperacillin-tazobactam were significantly associated with infectious complications and due to the small sample size may still play a role in the differences observed between NIC and IC patients.

Further analysis also revealed significant differences in beta diversity between individuals that received vancomycin and individuals that received anti-fungal medication (Supplementary Figure 9). Due to the limited number of samples exposed to anti-fungal medication (n = 5) and three of the five samples coming from the same patient it is difficult to determine whether anti-fungal exposure or interpatient variability between samples is the driving factor of significance for this result. Vancomycin exposure on the other hand was found in samples from multiple patients. To determine whether vancomycin exposure was a better classifier than gut microbiota species composition we ran random forest models containing both species abundance and metadata characteristics. We found that vancomycin exposure was in the top 10 classification features but was below all of the species that we found to be significantly different between samples from IC and NIC patients. Further analysis on the separate classification models for IC patients that received vancomycin or patients that did not receive vancomycin also revealed similar important features (Supplementary Figure 14). This indicated that underlying differences in the gut microbiome between IC and NIC patients are present despite vancomycin usage, which could be due to the infection itself or the combination of other anti-biotic treatments.

Examining further differences in beta diversity we found a significant separation between samples from NIC and IC patients. We found in multivariate testing, that infectious complications within the first 6 months of therapy was the largest explanatory variable (Table 3), although it was not the only significant explanatory variable, in univariate analysis (Table 2). Our second biggest explanatory variable was sex; however, we believe this is most likely due to all females in our study experiencing an infectious complication, and therefore it does not actually represent a difference due to sex. This finding will need to be looked at in the future as differences in gut microbiome composition due to sex is not completely understood (Haro et al., 2016). We did not find any significant difference in phylogenetic diversity between male and female samples at baseline or collectively. Finally, looking at samples based on pre and post initial infectious complications we found that both pre and post IC samples were significantly different then NIC samples indicating that beta diversity may be useful in determine risk for infection in the future. Samples from patients 15 and 8 both grouped with NIC samples before infection and had follow-up samples that were post infection and grouped with other IC samples indicating a dramatic shift in their gut microbial community (Figure 2B). This could have been due to multiple factors including anti-infectious treatments or the infectious complication itself. Interestingly, three patients (4, 12, and 13) that were pre-infection, grouped with samples that already had an infection (Figure 2B). Examination of the metadata from these patients did not reveal any key differences other than patient 13 received both vancomycin and caspofungin before infection, which could be the cause of their similar gut microbial community to other individuals with infections. Pre-IC samples from patients 4, 8, 12, and 15 had all only been exposed to piperacillin-tazobactam and so differences in antibiotic treatment did not explain why two individuals grouped with NIC samples and two grouped with IC samples.

Examining the abundance of different taxonomic phyla's revealed that NIC patients had increased relative abundances of Bacteriodetes whereas IC patients had increased levels of Proteobacteria. This increase in Proteobacteria was similar to findings by Hakim et al., who saw that at baseline increased levels of Proteobacteria was predictive of subsequent febrile neutropenia. Evaluating their suggested model of a relative abundance over 0.01% being predictive of febrile neutropenia, was not effective in our dataset as all samples contained Proteobacteria relative abundances above this cut-off. We did however see that a cut-off value of 1% relative abundance in the baseline 16S rRNA gene sequencing dataset did result in all patients below the cut-off not having future infections and 5/7 patients above the cut-off acquiring future infections (Fisher's Exact test; p = 0.06993). These findings do suggest that Proteobacteria may play a role in the prediction of future infections but the relative abundance cut-off for using this phylum may vary cohort to cohort. This could be due to multiple differences such as the variable region sequenced or the geographic location of treatment. Further evidence of Proteobacteria playing an important role in future infectious complications was seen in the significantly differential abundance of Burkholderiales (an order of bacteria that belong to the Proteobacteria phylum) in pre-IC samples compared to NIC samples.

Further comparisons of Hakim et al.'s findings of the predictive nature of the domination (relative abundance < 30%) of Enterococcaceae or Streptococcaceae revealed varied results. No samples within the cohort were dominated by Enterococcaceae and so this predictive marker was of no use in our cohort, however, of the 7 samples dominated by Streptococcaceae five were from IC patients (p = 0.2117). We did not find any significant relationship between Streptococcaceae domination and subsequent gastrointestinal infections (p = 0.233), blood stream infections (p = 0.1563), or febrile neutropenia (p = 0.1827). However due to the small sample size of our cohort it could be due to low statistical power.

We found multiple species that were significantly different between samples from NIC and IC patients five of six which, were increased in relative abundance in samples from IC patients. Furthermore, many of these bacterial species have been described as opportunistic pathogens in immunocompromised individuals. Brevundimonas diminuta, has previously been described as an opportunistic pathogen found in patients undergoing chemotherapy treatment (Han and Andrade, 2005). Bacteria in both Achromobacter and Alcaligenes genera have also been described as uncommon opportunistic pathogens in patients with various cancers including hematological malignancies (Aisenberg et al., 2004). Possibly suggesting the gut microbiome as a source of infection from these bacteria. It should be noted that some of these species were only found in a subset of patients and so the presence of these bacteria was not ubiquitous across all IC patients. Future studies will need to be done to determine how common these bacteria are in patients with infectious complications and which role they are playing in the gut including and not limited to their colonization potential. As many of these species are normally found on and within plants it's possible that they represent bacteria found within the diet.

The only species increased in relative abundance in samples from NIC patients was Faecalibacterium prausnitzii a bacterial species that has been shown to be decreased in relative abundance in type II diabetes, ulcerative colitis, and Crohn's disease (Lopez-Siles et al., 2017). F. prausnitzii is an abundant member of the gut microbiome and has previously been shown to be found in the gut microbiome of pediatric ALL patients (Rajagopala et al., 2016). F. prausnitzii also has both anti-inflammatory properties (Lopez-Siles et al., 2017) and produces butyrate and propionate, short chain fatty acids that have been shown to be important in host metabolism and immune function (den Besten et al., 2013; Corrêa-Oliveira et al., 2016). The reason as to why this prominent member is reduced in samples from IC patients remains to be solved but could be due to its high sensitivity to oxygen, which could be higher than normal in samples from IC patients as indicated by the increase in relative abundance of aerobic respiration in the gut metagenome (Figure 4). All of the species that were significantly increased in relative abundance in IC patients were aerobic bacteria, which all contributed to the majority of the abundance of aerobic respiration pathways in samples from IC patients (Figure 4). One possible cause of increased oxygen availability is the higher than normal reduction of gut barrier integrity and low-grade intestinal blood loss, in IC patients from chemotherapeutics (Blijlevens et al., 2000) or the infectious complication, allowing oxygen into the gut.

We found increased prevalence of genes annotated as virulence factors, such as iron acquisition, and specific antimicrobial resistance genes in both samples from NIC and IC patients. However, we did not find a difference in the prevalence of these genes at baseline indicating that this difference may be due to differences in treatment between NIC and IC individuals. These differences could be due to anti-infectious treatment or prolonged hospital stays for IC patients, which may increase the likely hood for the colonization of pathogenic bacteria within the gut microbiome. Interestingly, in samples from NIC patients we found increased prevalence of two genes cepA and mefC, which confer resistance to beta lactams and macrolides, respectively (Jia et al., 2017). We did not expect to find any genes significantly increased in prevalence in samples from NIC patients. One explanation for the relative increase in cepA prevalence could be due to it being found within members of the Bacteroides genera (Rogers et al., 1994) a group of organisms found to be enriched at the genera level (Supplementary Figure 12) within samples from NIC patients. We found multiple antimicrobial genes that were significantly, increased in prevalence in samples from IC patients that conferred resistance to a large array of antibiotics. We believe this is due to the increased exposure of IC patients to antibiotics driving antimicrobial resistance.

We have reported multiple significant associations between the gut microbiome and infectious complications in pediatric ALL patients, however, in some cases it was not possible to determine whether infection itself, anti-biotic treatment, or a combination of the two were the driving factors for these associations. We were able to create a model with high classification accuracy of infectious complications, based on phylogenetic diversity, while acknowledging that the complexity of pediatric ALL treatment may be confounding some of these associations. We found distinct bacterial groups that differ between patients that faced infection and those that did not face infection, furthermore, we found that patients that face infection have higher proportions of genes annotated as virulence factors within their gut metagenome. This may indicate that perhaps harboring these communities within the gut increases the patient's susceptibility to infection during therapy or that infection itself increases the risk of carrying higher prevalence of virulence factors within the gut metagenome. Further studies will be needed to determine the connection between the gut microbiome and risks for infection during chemotherapy, to create robust models for the stratification of the risk of infection for patients undergoing treatment for pediatric ALL.

DATA AVAILABILITY

The datasets generated for this study can be found in the European Nucleotide Archives under the accession number PRJEB29237. Custom R scripts used to analysis amplicon sequence variant. HUMAnM2, and MetaPhlAn2 data can be found at https://github.com/nearinj/ALL_Infection_and_the_Microbiome. Sample metadata can be found in Supplementary File 1.

ETHICS STATEMENT

All patients/guardians provided informed written consent to participate in this study. The protocol for this study was approved by the IWK Health Centre Research Ethics Board (REB #1019670).

AUTHOR CONTRIBUTIONS

JV, TM, KK, and ML designed the study and obtained funding. JC, TM, and KK recruited patients, conducted chart reviews, and collected samples. KK also participated in data analysis and is the principal investigator for the study. SW cataloged, stored, and extracted DNA for all samples. JN carried out computational experiments and conducted all bioinformatics and data analysis including generation of figures and writing of the manuscript. All authors read and approved the final manuscript.

FUNDING

This study is funded through the Nova Scotia Health Research Foundation (NSHRF) establishment grant for KK and ML's NSERC Discovery Grant. JN is a trainee in the Cancer Research Training Program of the Beatrice Hunter Cancer Research Institute, with funds provided by the Terry Fox Research Institute (TFRI). JV was supported by a Canadian Institutes of Health Research (CIHR)-CAG-CCC New Investigator Award (2015–2018), a Canada Research Chair Tier 2 in Translational Microbiomics (2018–2023) and a Canadian Foundation of Innovation John R. Evans Leadership fund (awards #35235 and #36764), a Nova Scotia Health Research Foundation (NSHRF) establishment award (2015–2017), an IWK Health Centre Research Associateship, a donation from the MacLeod family and by a CIHR-SPOR-Chronic Diseases grant (Inflammation, Microbiome, and Alimentation: Gastro-Intestinal and Neuropsychiatric Effects: the IMAGINE-SPOR chronic disease network).

ACKNOWLEDGMENTS

We would like to acknowledge all of the patients and nurses at the IWK Health Center that made this study possible. We would also like to acknowledge the Langille lab for consistently providing constructive criticism.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2019.00028/full#supplementary-material

REFERENCES

 Aisenberg, G., Rolston, K. V., and Safdar, A. (2004). Bacteremia caused by Achromobacter and Alcaligenes species in 46 patients with cancer (1989–2003). Cancer 101, 2134–2140. doi: 10.1002/cncr.20604

 Amir, A., McDonald, D., Navas-Molina, J. A., Kopylova, E., Morton, J. T., Zech Xu, Z., et al. (2017). Deblur Rapidly Resolves Single-Nucleotide Community Sequence Patterns. MSystems 2:e00191–16. doi: 10.1128/mSystems.00191-16

 Bai, L., Zhou, P., Li, D., and Ju, X. (2017). Changes in the gastrointestinal microbiota of children with acute lymphoblastic leukaemia and its association with antibiotics in the short term. J. Med. Microbiol. 66, 1297–1307. doi: 10.1099/jmm.0.000568

 Belkaid, Y., and Hand, T. (2014). Role of the microbiota in immunity and inflammation. Cell 157, 121–141. doi: 10.1016/j.cell.2014.03.011

 Berg, R. D. (1995). Bacterial translocation from the gastrointestinal tract. Trends Microbiol. 3, 149–154. doi: 10.1016/S0966-842X(00)88906-4

 Blijlevens, N. M., Donnelly, J. P., and De Pauw, B. E. (2000). Mucosal barrier injury: biology, pathology, clinical counterparts and consequences of intensive treatment for haematological malignancy: an overview. Bone Marrow Transplant. 25, 1269–1278. doi: 10.1038/sj.bmt.1702447

 Bolyen, E., Rideout, J. R., Dillon, M. R., Bokulich, N. A., Abnet, C., Al-Ghalith, G. A., et al. (2018). QIIME 2: reproducible, interactive, scalable, and extensible microbiome data science. PeerJ. Preprints 6:e27295. doi: 10.7287/peerj.preprints.27295v1

 Buchfink, B., Xie, C., and Huson, D. H. (2014). Fast and sensitive protein alignment using DIAMOND. Nat. Methods 12:59–60. doi: 10.1038/nmeth.3176

 Canadian Cancer Statistics Advisory Committee (2018). Toronto, ON: Canadian Cancer Society; 2018. Available online at: http://cancer.ca/Canadian-Cancer-Statistics-2018-EN

 Chen, L., Yang, J., Yu, J., Yao, Z., Sun, L., Shen, Y., et al. (2005). VFDB: a reference database for bacterial virulence factors. Nucleic Acids Res. 33(Database Issue), D325–D328. doi: 10.1093/nar/gki008

 Cole, J. R., Wang, Q., Fish, J. A., Chai, B., McGarrell, D. M., Sun, Y., et al. (2014). Ribosomal database project: data and tools for high throughput rRNA analysis. Nucleic Acids Res. 42(Database issue), D633–D642. doi: 10.1093/nar/gkt1244

 Comeau, A. M., Douglas, G. M., and Langille, M. G. I. (2017). Microbiome helper: a custom and streamlined workflow for microbiome research. MSystems, 2:e00127-16. doi: 10.1128/mSystems.00127-16

 Corrêa-Oliveira, R., Fachi, J. L., Vieira, A., Sato, F. T., and Vinolo, M. A. R. (2016). Regulation of immune cell function by short-chain fatty acids. Clin. Transl. Immunol. 5:e73. doi: 10.1038/cti.2016.17

 den Besten, G., van Eunen, K., Groen, A. K., Venema, K., Reijngoud, D.-J., and Bakker, B. M. (2013). The role of short-chain fatty acids in the interplay between diet, gut microbiota, and host energy metabolism. J. Lipid Res. 54, 2325–2340. doi: 10.1194/jlr.R036012

 DeSantis, T. Z., Hugenholtz, P., Larsen, N., Rojas, M., Brodie, E. L., Keller, K., et al. (2006). Greengenes, a chimera-checked 16S rRNA gene database and workbench compatible with ARB. Appl. Environ. Microbiol. 72, 5069–5072. doi: 10.1128/AEM.03006-05

 Franzosa, E. A., McIver, L. J., Rahnavard, G., Thompson, L. R., Schirmer, M., Weingart, G., et al. (2018). Species-level functional profiling of metagenomes and metatranscriptomes. Nat. Methods 15, 962–968. doi: 10.1038/s41592-018-0176-y

 Galloway-Peña, J., Smith, D. P., Sahasrabhojane, P., Ajami, N. J., Wadsworth, W. D., Daver, N. G., et al. (2016). The role of the gastrointestinal microbiome in infectious complications during induction chemotherapy for acute myeloid leukemia. Cancer 122, 2186–2196. doi: 10.1002/cncr.30039

 Goodman, B., and Gardner, H. (2018). The microbiome and cancer. J. Pathol. 244, 667–676. doi: 10.1002/path.5047

 Hakim, H., Dallas, R., Wolf, J., Tang, L., Schultz-Cherry, S., Darling, V., et al. (2018). Gut microbiome composition predicts infection risk during chemotherapy in children with acute lymphoblastic leukemia. Clin. Infect. Dis. 67, 541–548. doi: 10.1093/cid/ciy153

 Han, X. Y., and Andrade, R. A. (2005). Brevundimonas diminuta infections and its resistance to fluoroquinolones. J. Antimicrob. Chemother. 55, 853–859. doi: 10.1093/jac/dki139

 Haro, C., Rangel-Zúñiga, O. A., Alcalá-Díaz, J. F., Gómez-Delgado, F., Pérez-Martínez, P., Delgado-Lista, J., et al. (2016). Intestinal microbiota is influenced by gender and body mass index. PLoS ONE 11:e0154090. doi: 10.1371/journal.pone.0154090

 Jia, B., Raphenya, A. R., Alcock, B., Waglechner, N., Guo, P., Tsang, K. K., et al. (2017). CARD 2017: expansion and model-centric curation of the comprehensive antibiotic resistance database. Nucleic Acids Res. 45, D566–D573. doi: 10.1093/nar/gkw1004

 Langmead, B., and Salzberg, S. L. (2012). Fast gapped-read alignment with Bowtie 2. Nat. Methods 9, 357–359. doi: 10.1038/nmeth.1923

 Liaw, A., and Wiener, M. (2002). Classification and regression by randomForest. R News 2, 18–22.

 Lopez-Siles, M., Duncan, S. H., Garcia-Gil, L. J., and Martinez-Medina, M. (2017). Faecalibacterium prausnitzii: from microbiology to diagnostics and prognostics. Isme J. 11:841. doi: 10.1038/ismej.2016.176 Available online at: https://scholar.google.com/scholar_lookup?title=Classification%20and%20regression%20by%20randomForest&author=Liaw&publication_year=2002

 Montassier, E., Al-Ghalith, G. A., Ward, T., Corvec, S., Gastinne, T., Potel, G., et al. (2016). Pretreatment gut microbiome predicts chemotherapy-related bloodstream infection. Genome Med. 8:49. doi: 10.1186/s13073-016-0301-4

 Oksanen, J., Blanchet, F. G., Friendly, M., Kindt, R., Legendre, P., McGlinn, D., et al. (2018). vegan: Community Ecology Package. Available online at: https://cran.r-project.org/package=vegan

 Paradis, E., and Schliep, K. (2018). ape 5.0: an environment for modern phylogenetics and evolutionary analyses in {R}. Bioinformatics 35, 526–528. doi: 10.1093/bioinformatics/bty633

 R Development Core Team (2008). R: A Language and Environment for Statistical Computing. Vienna, Austria. Available online at: http://www.r-project.org

 Rajagopala, S. V., Yooseph, S., Harkins, D. M., Moncera, K. J., Zabokrtsky, K. B., Torralba, M. G., et al. (2016). Gastrointestinal microbial populations can distinguish pediatric and adolescent Acute Lymphoblastic Leukemia (ALL) at the time of disease diagnosis. BMC Genomics 17:635. doi: 10.1186/s12864-016-2965-y

 Rogers, M. B., Bennett, T. K., Payne, C. M., and Smith, C. J. (1994). Insertional activation of cepA leads to high-level beta-lactamase expression in Bacteroides fragilis clinical isolates. J. Bacteriol. 176, 4376–4384. doi: 10.1128/jb.176.14.4376-4384.1994

 Taur, Y., Jenq, R. R., Perales, M. A., Littmann, E. R., Morjaria, S., Ling, L., et al. (2014). The effects of intestinal tract bacterial diversity on mortality following allogeneic hematopoietic stem cell transplantation. Blood 124, 1174–1182. doi: 10.1182/blood-2014-02-554725

 Truong, D. T., Franzosa, E., Tickle, T. L., Scholz, M., Weingart, G., Pasolli, E., et al. (2015). MetaPhlAn2 for enhanced metagenomic taxonomic profiling. Nat. Methods 12, 902–903. doi: 10.1038/nmeth.3589

 van Oosten, M., Schäfer, T., Gazendam, J. A. C., Ohlsen, K., Tsompanidou, E., de Goffau, M. C., et al. (2013). Real-time in vivo imaging of invasive- and biomaterial-associated bacterial infections using fluorescently labelled vancomycin. Nat. Commun. 4:2584. doi: 10.1038/ncomms3584

 Yatsunenko, T., Rey, F. E., Manary, M. J., Trehan, I., Dominguez-Bello, M. G., Contreras, M., et al. (2012). Human gut microbiome viewed across age and geography. Nature 486:222. doi: 10.1038/nature11053

 Zhang, J., Kobert, K., Flouri, T., and Stamatakis, A. (2014). PEAR: a fast and accurate Illumina Paired-End reAd mergeR. Bioinformatics 30, 614–620. doi: 10.1093/bioinformatics/btt593

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Nearing, Connors, Whitehouse, Van Limbergen, Macdonald, Kulkarni and Langille. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fcimb-09-00028-g005.gif





OPS/images/fcimb-09-00028-g006.gif





OPS/images/fcimb-09-00028-g003.gif





OPS/images/fcimb-09-00028-g004.gif





OPS/images/fcimb-09-00028-t003.jpg
Feature

SIGNIFICANT MULTIVARIATE ANALYSIS
Infection in 6 Months

Sex

Days since therapy start

Within 2 weeks of vancomycin

exposure

Within 2 weeks of anti-fungal

exposure

R2

0.04433
0.01939
0.03684
0.02021

0.01979

0.08
0.392
0.149
0392

0.423





OPS/images/fcimb-09-00028-t001.jpg
Diagnosis Acute lymphoblastic leukemia: total patients = 16, Samples = 44

Age group Ages 0-4 Ages 5-8 Ages 9-11
Patients = 9, samples = 27 Patients = 4, samples = 7 Patients = 3, samples = 10
Male Patients = 5, samples = 17 Patients = 4, samples = 7 Patients = 2, samples = 8
Male IC Patients = 1, samples = 3 Patients = 2, samples = 2 Patients = 1, samples = 2
Male NIC Patients = 4, samples = 14 Patients = 2, samples = 5 Patients = 1, samples = 6
Female Patients = 4, samples = 10 Patients = 0, samples = Patients = 1, samples = 2
Female IC Patients = 4, samples = 10 Patients = 0, samples = 0 Patients = 1, samples = 2

Female NIC Patients = 0, samples = 0 Patients = 0, samples = 0 Patients = 0, samples = 0





OPS/images/fcimb-09-00028-t002.jpg
Feature

UNIVARIATE ANALYSIS
Infection in 6 months

Sex

Age at diagnosis

Within 2 weeks of antibiotic exposure (not including Septra)
Within 2 Weeks of Vancomyicin Exposure

Within 2 weeks of anti-fungal exposure

Within 2 weeks of Piperacilin Tazobactem exposure

Within 2 weeks of other antibiotic exposure

Days since start of therapy

Treatment type

R2

0.2112
0.16456
0.04421
0.01716
0.12044
0.09899
0.00977
0.02664
0.08903
0.04676

0.0003
0.0024
0.159
0.606
0.004
0013
0.883
0.373
0.032
0.1444





OPS/images/fcimb-09-00028-g001.gif
LI

Lkl Lo






OPS/images/fcimb-09-00028-g002.gif





OPS/images/cover.jpg
, frontiers
in Cellular and Infection Microbiology

Infectious Complications Are
Associated With Alterations in the
Gut Microbiome in Pediatric Patients
With Acute Lymphoblastic Leukemia









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Cellular and Infection Microbiology





