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Supplementary Table 1. STROBE Statement—Checklist of items that should be included in reports of cohort studies 

	
	Item No.
	Recommendation
	Page 
No.
	Relevant text from manuscript

	[bookmark: bold5][bookmark: italic6]Title and abstract
	1
	(a) Indicate the study’s design with a commonly used term in the title or the abstract
	2
	“we prospectively collected…”

	
	
	(b) Provide in the abstract an informative and balanced summary of what was done and what was found
	2
	“Thus, enhanced detection of pathogenic bacteria by sequencing improves etiologic diagnosis of pneumonia, correlates with host responses, and offers substantial opportunity for individualized therapeutic targeting and antimicrobial stewardship.”

	Introduction
	

	Background/rationale
	2
	Explain the scientific background and rationale for the investigation being reported
	3
	“…Despite the theoretical advantages of NGS, the technology has not yet been validated as a diagnostic tool to guide antimicrobial prescriptions in the ICU.” 


	Objectives
	3
	State specific objectives, including any prespecified hypotheses
	3-4
	“To examine the clinical validity (Khoury et al., 2003) of 16S sequencing for etiologic diagnosis of bacterial pneumonia in patients requiring mechanical ventilation, we conducted this proof-of-concept study with the Microbiome cohort in Acute Lung Injury Registry (MICALIR) at the University of Pittsburgh Medical Center (UPMC), assessing the upper and lower respiratory tract microbiome composition and its association with clinical diagnoses, host responses, and clinical outcomes. 
 “

	Methods
	

	Study design
	4
	Present key elements of study design early in the paper
	3
	“Study Design and Participants: We conducted a prospective cohort study”

	Setting
	5
	Describe the setting, locations, and relevant dates, including periods of recruitment, exposure, follow-up, and data collection
	3
	“…from June 2015 - March 2017 enrolling consecutive adult patients in the Medical ICU with acute respiratory failure within 72 hours of intubation.”

	Participants
	6
	(a) Cohort study—Give the eligibility criteria, and the sources and methods of selection of participants. Describe methods of follow-up
	3
	“Eligible patients were 18 years or older with acute respiratory failure requiring mechanical ventilation via endotracheal intubation. Exclusion criteria included inability to obtain informed consent, presence of tracheostomy, or mechanical ventilation for more than 72 hours..”

	
	
	
	
	

	Variables
	7
	Clearly define all outcomes, exposures, predictors, potential confounders, and effect modifiers. Give diagnostic criteria, if applicable
	4
	“A consensus committee of clinical experts (GDK, JE, WB, JSL, AM, BJM) reviewed all available data for the enrolled patients and performed retrospective classifications of the etiology and severity their acute respiratory failure. Classifications were performed without knowledge of microbiome sequencing or host biomarker data and included sepsis, acute respiratory distress syndrome (ARDS), pneumonia or aspiration, and intubation for airway protection without risk factors for ARDS per established criteria.(Singer et al., 2016; Neto et al., 2016; ARDS Definition Task Force et al., 2012; Gong et al., 2005) Prospective clinical outcomes included 30-day mortality, duration of ICU stay, acute kidney injury,(Mehta et al., 2007) incident shock (defined as need for vasopressors) and ventilator-free days (VFD).(Kalanuria et al., 2014) 


	Data sources/ measurement
	8*
	 For each variable of interest, give sources of data and details of methods of assessment (measurement). Describe comparability of assessment methods if there is more than one group
	4
	“Laboratory analyses: We extracted bacterial DNA directly from oral swabs and ETAs and amplified the V4 hypervariable region of the 16S rRNA gene for sequencing on the Illumina MiSeq platform (Morris et al., 2013). We also performed qPCR of the V3-V4 region of the 16S rRNA gene to obtain absolute bacterial loads in each sample (Liu et al., 2012). For plasma biomarker analyses, we constructed a custom Luminex multi-analyte panel (R&D Systems, Minneapolis) (McKay et al., 2017) targeting biomarkers associated with pneumonia diagnosis (procalcitonin) and acute lung injury outcomes (RAGE: receptor of advanced glycation end-products, IL-6: interleukin-6, IL-8: interleukin-8, sTNFR1: soluble tumor necrosis factor receptor 1) (Calfee et al., 2014; Famous et al., 2017; Narvaez-Rivera et al., 2012). Clinical microbiologic cultures were processed per standard procedures as described in the Supplement.”


	Bias
	9
	Describe any efforts to address potential sources of bias
	Supplement
	Positive and Negative control samples

	Study size
	10
	Explain how the study size was arrived at
	5
	“56 patients were enrolled”




	Quantitative variables
	11
	Explain how quantitative variables were handled in the analyses. If applicable, describe which groupings were chosen and why
	4-5
	“Data processing and statistical analysis methods: From derived 16S sequences, we applied a custom pipeline for Operational Taxonomic Units (OTUs-taxa) classification (Supplement)…pathogen or oral taxa dominance with linear regression models. 

	Statistical methods
	12
	(a) Describe all statistical methods, including those used to control for confounding
	4-5
	As above

	
	
	(b) Describe any methods used to examine subgroups and interactions
	4-5
	As above

	
	
	(c) Explain how missing data were addressed
	4-5
	Complete case analysis. 

	
	
	(d) Cohort study—If applicable, explain how loss to follow-up was addressed
	
	Not applicable

	
	
	(e) Describe any sensitivity analyses
	9
	“However, in sensitivity analyses in which we coded Streptococcus sequences as “pathogens”, the associations between pathogen abundance and host responses were attenuated and no longer statistically significant (data not shown), suggesting that Streptococcus taxa detected in our samples are less likely to induce host inflammation and injury.

	Results

	Participants
	13*
	(a) Report numbers of individuals at each stage of study—eg numbers potentially eligible, examined for eligibility, confirmed eligible, included in the study, completing follow-up, and analysed
	5
	Complete case analysis. 

	
	
	(b) Give reasons for non-participation at each stage
	
	NA

	
	
	(c) Consider use of a flow diagram
	
	NA

	Descriptive data
	14*
	(a) Give characteristics of study participants (eg demographic, clinical, social) and information on exposures and potential confounders
	
	Table 1. 

	
	
	(b) Indicate number of participants with missing data for each variable of interest
	
	NA

	
	
	(c) Cohort study—Summarise follow-up time (eg, average and total amount)
	
	Table 1 – length of ICU stay

	Outcome data
	15*
	Cohort study—Report numbers of outcome events or summary measures over time
	
	Table 1. 

	Main results
	16
	(a) Give unadjusted estimates and, if applicable, confounder-adjusted estimates and their precision (eg, 95% confidence interval). Make clear which confounders were adjusted for and why they were included
	
	Figures 2, 4, 7 and Table 2 

	
	
	(b) Report category boundaries when continuous variables were categorized
	
	Supplementary Figure 5

	
	
	(c) If relevant, consider translating estimates of relative risk into absolute risk for a meaningful time period
	
	NA



	Other analyses
	17
	Report other analyses done—eg analyses of subgroups and interactions, and sensitivity analyses
	6-7
	Host-response models and network analyses

	Discussion

	Key results
	18
	Summarise key results with reference to study objectives
	7
	“Our prospective study in mechanically-ventilated patients provides … the host immune responses to dominant bacterial taxa in the lungs.

	Limitations
	19
	Discuss limitations of the study, taking into account sources of potential bias or imprecision. Discuss both direction and magnitude of any potential bias
	9
	“Our study has several limitations. … to perform pragmatic comparisons in clinically challenging cases.”


	Interpretation
	20
	Give a cautious overall interpretation of results considering objectives, limitations, multiplicity of analyses, results from similar studies, and other relevant evidence
	9
	“In summary, our study provides proof-of-concept evidence that as NGS technologies develop further, they will become useful as pneumonia diagnostic tools in the ICU to allow for fast and reliable etiologic pathogen identification. Our results demonstrate the clinical relevance of comprehensive microbial community profiling to provide information beyond what is currently available in clinical practice by microbiologic cultures and to directly impact clinical decision-making. Further prospective study in larger patient cohorts will allow for meaningful integration of sequencing output in culture-independent definitions of pneumonia.”


	Generalisability
	21
	Discuss the generalisability (external validity) of the study results
	9
	Our study has several limitations. It is a single-center design and is limited by available sample size, despite being the largest study of its kind. Consequently, the panel of pathogenic bacteria detected by sequencing is limited,(Srinivasan et al., 2015) and generalizing to other critically ill populations and bacteria should be cautious.(Calfee et al., 2014)

	Other information
	

	Funding
	22
	Give the source of funding and the role of the funders for the present study and, if applicable, for the original study on which the present article is based
	10
	Funding: National Institutes of Health (T32 HL007562 (GK); K23 HL139987 (GK); U01 HL098962 (AM); P01 HL114453 (BJM); R01 HL097376 (BJM); K24 HL123342 (AM); U01 HL137159 (DVM, PVB); R01 LM012087 (DVM, PVB); R01 HL086884 (JSL, WB); HL136143 (JSL, WB); F32 HL137258-01 (JE))




Note: An Explanation and Elaboration article discusses each checklist item and gives methodological background and published examples of transparent reporting. The STROBE checklist is best used in conjunction with this article (freely available on the Web sites of PLoS Medicine at http://www.plosmedicine.org/, Annals of Internal Medicine at http://www.annals.org/, and Epidemiology at http://www.epidem.com/). Information on the STROBE Initiative is available at http://www.strobe-statement.org.


EXTENSIVE METHODS

Sample acquisition: 
Immediately after enrollment, we obtained baseline samples for microbiome analyses of the oral and lung communities and plasma samples for measurement of host-response biomarkers, with the following sample acquisition protocol: 
Oral swabs: a sterile cotton swab was gently rubbed on the base of the tongue dorsum for ~ 5secs and then capped in the collection tube, labeled and frozen to -80°C as soon as possible until sample processing. 
Endotracheal aspirates (ETAs): Distal tracheal secretions were suctioned through a closed endotracheal tube suctioning system, similar to the ETAs obtained during routine clinical care for microbiologic culture studies. In cases that suctioning did not return adequate (>5ml) amount of ETAs, we instilled 5cc of sterile saline through the tubing system and then repeated suctioning. In cases where sterile saline was used for sampling, we also collected the left-over saline not used for sample collection (~ 5cc) as a negative control to examine for procedural contamination of our samples. Samples were directly collected in sputum collection traps, labeled and frozen to -80°C as soon as possible until sample processing. 
Plasma samples: At the same time of respiratory sample collections, we also collected blood samples (10cc) (through central venous or arterial access or phlebotomy) collected in sodium citrate anticoagulated tubes (“blue-top”) provided that the patients’ hemoglobin concentration was >8g/dl to avoid risks of iatrogenic anemia. Samples were then transferred to the research laboratory for same day centrifugation and plasma collection and storage to -80°C. 

Clinical data recording: 
For each patient, we recorded detailed data abstracted from the electronic medical record (EMR) that were used in downstream analyses. Demographic and medical history data were collected from the EMR on the day of enrollment. Vital signs, laboratory results, mechanical ventilation parameters and chest radiography within 24hrs from enrollment were reviewed and the physiologically worse values (e.g. lowest blood pressure, or highest creatinine value) were recorded. 
Demographic information: age, sex, height, weight, body mass index. 
Pertinent medical history data: history of cardiac arrest, diabetes, chronic obstructive lung disease, congestive heart failure, chronic kidney disease, active neoplasm, chronic liver disease, history of pulmonary fibrosis, solid organ transplant, active immunosuppression. 
Vital signs: temperature, heart rate, systolic blood pressure (lowest), mean arterial pressure (lowest).
Laboratory results: white blood cell count, hemoglobin, platelets, carbon dioxide serum concentration, glucose, arterial pHa, partial pressure of oxygen concentration, partial pressure of carbon dioxide concentration. 
Mechanical ventilation parameters: respiratory rate, tidal volume per kilogram ideal body weight, positive end-expiratory pressure, peak inspiratory pressure. 
Chest radiography: presence of bilateral infiltrates, abnormal chest x-ray at enrollment. 
Clinical microbiology results: We considered clinical microbiologic results from samples obtained within 48hrs of research sample timing acquisition so that such samples would be reflective of the same infectious process being studied by next-generation sequencing. Clinical cultures were obtained at the discretion of the treating physicians who were not involved in the MICALIR study. We considered microbiologic cultures of respiratory specimens (sputum, ETA or bronchoalveolar lavage - BAL) as positive when pathogenic bacterial species had been isolated by the clinical laboratory. Cultures were considered as negative when no organism growth was observed or presence of “normal respiratory flora” was reported, as per standard clinical practices. For blood cultures, we considered results as positive when there was reported growth of organisms not deemed as skin contaminants by the treating physicians. We also recorded results of respiratory viral panel testing performed in nasopharyngeal swabs or sputum/BAL samples. 
Severity of illness scores: sequential organ failure assessment (SOFA) score (calculation does not include the neurologic component of SOFA score because all patients were intubated and receiving sedative medications, impairing our ability to perform assessment of the Glasgow Coma Scale in a consistent and reproducible fashion). SOFA score was calculated by using the physiologically worse values within 24hrs of enrollment. 
Medication administration: We recorded antibiotics and vasopressors administered during the first week of ICU course from intubation. 
Outcomes: length of ICU stay, ventilator-free days (VFD), 30-day mortality, incident shock and occurrence of acute kidney injury (AKI) within the first week of ICU stay. 

Clinical Phenotyping: 
[bookmark: _GoBack]A consensus committee of clinical experts (GDK, JE, WB, JSL, AM, BJM) reviewed all available clinical, laboratory, microbiologic and radiographic data for the enrolled patients and performed retrospective classifications of their acute respiratory failure in terms of etiology and severity. All classifications were performed blinded to microbiome sequencing and host biomarker data, following implicit review of the available data and reaching consensus among the committee members. We diagnosed sepsis,(Singer et al., 2016) acute respiratory distress syndrome (ARDS),(ARDS Definition Task Force et al., 2012) pneumonia or aspiration,(Gong et al., 2005) and intubation for airway protection without risk factors for ARDS (Neto et al., 2016) per established criteria. 

Laboratory methods: 
Positive and Negative experimental control samples:
We considered three types of experimental negative control samples used to assess for possible contamination events from sample collection to DNA extraction and PCR amplification: 
1. Endotracheal aspirate controls: In cases where sterile saline was used for sampling of ETAs, we collected the left-over saline not used for sample collection (~ 5cc) as a negative control to examine for contamination of the ETA from bacterial populations present in what is clinically considered sterile saline syringes. We extracted DNA from these saline samples and performed PCR amplification and 16S rRNA gene sequencing as performed for all clinical samples. 
2. DNA extraction negative controls: We added DNA-free sterile water in one extraction column per each batch of clinical sample DNA extractions (~12-15 samples per experiment).
3. PCR-negative controls: We added DNA-free sterile water in the PCR reaction mix in amount equal to the amount of template DNA from clinical samples used (typically 6 microliters). 
As PCR amplification positive controls, we utilized the ZymoBIOMICS Microbial Community DNA Standard (Zymo Research, Irvine, CA), a mock microbial community consisting of genomic DNA of eight bacterial strains. We utilized 1 microliter of the genomic mixture with concentration of 10ng/microliter for each reaction.

DNA extractions: We extracted bacterial DNA directly from samples (oral swabs and endotracheal aspirates - ETAs) using the Powersoil (MoBio) extraction kit following the manufacturer’s instructions, as previously described.(Morris et al., 2013) Due to high viscosity of ETA samples, we pretreated them with Dithiotreitol (0.1% DTT in phosphate buffered saline) in 1:1 dilution in order to dissolve the mucus and allow usability in DNA extraction columns. 

16S rRNA gene sequencing: We amplified extracted DNA by PCR using the method of Caporaso et al.(Caporaso et al., 2012) and the Q5 HS High-Fidelity polymerase (NEB) targeting the V4 hypervariable region of the 16S rRNA gene. We utilized reagent controls for each step of the process (DNA extraction and PCR amplification). We amplified four microliters per reaction of each sample with a single barcode in triplicate 25 microliter reactions. Cycle conditions were 98˚C for 30s, then 33 cycles of 98˚C for 10s, 57˚C for 30s, 72˚C for 30s, with a final extension step of 72˚C for 2 min. We combined triplicates and purified with the AMPure XP beads (Beckman) at a 0.8:1 ratio (beads:DNA) to remove primer-dimers. We quantitated eluted DNA on a Qubit fluorimeter (Life Technologies). We performed sample pooling on ice by combining 20 ng of each purified band. For negative controls and poorly performing samples, we used 20 microliters of each sample. We purified the sample pool with the MinElute PCR purification kit. The final sample pool underwent two more purifications – AMPure XP beads to 0.8:1 to remove all traces of primer dimers and a final cleanup in Purelink PCR Purification Kit (Life Technologies). We quantitated the purified pool in triplicate on the Qubit fluorimeter prior to preparing for sequencing. We prepared the sequencing pool according to instructions by Illumina, with an added incubation at 95˚C for 2 minutes immediately following the initial dilution to 20 picomolar. We then diluted the sequencing pool to a final concentration of 7 pM + 15% PhiX control. Amplicons were sequenced on the Miseq platform. 

16S rRNA gene quantitative PCR (qPCR): We performed qPCR reactions of the V3-V4 region of the 16S rRNA gene to quantify the bacterial load in each sample, with the BactQuant protocol (Liu et al., 2012). PCR reactions were prepared in a total volume of 20µL, which consisted of 2µL of 10XPCR buffer, 3.5 mmol/L MgCl2, 0.2 mmol/L deoxynucleoside triphosphate, 0.5 µmol/L forward and reverse primers, 0.225 µmol/L probe, 0.75 U of Platinum Taq polymerase (Invitrogen), and 2µL of each DNA.  The forward and reverse primers and the probe sequences that were used to amplify DNA templates encoding the V3-V4 region of the 16S rRNA gene were identical to those previously described (Liu et al., 2012).  The DNA was amplified in duplicate, and mean values were calculated. A standard curve was created from serial dilutions of plasmid DNA containing known copy numbers of the template.  The assays were performed on the LightCyler System (Roche) using the following PCR conditions: 95°C for 5 min, followed by 50 cycles at 95°C for 15 s and at 60°C for 1 min. 


Reproducibility of sequencing results: 
We demonstrated excellent reproducibility of taxonomic results with our 16S rRNA gene sequencing protocol in our lab. In periodic quality control experiments, we run technical replicates by using three different sets of primers (each one with different barcodes) to assess reproducibility of sequencing. In a recent set of 80 stool samples run in triplicate, we performed permutation analysis of variance (Permanova at 1000 permutations) by including the “technical replicate” variable as an explanatory variable for the variance in beta-diversity of samples. The technical replicate value explained a very small proportion of between sample variance (R2=0.0014) with a p-value of 0.99, indicating that no significant differences between replicated samples could be found. This was further illustrated with visualization by nonmetric-multidimensional scaling with demonstration of all samples and their centroids by technical replicate factor (Replicate 1 vs. 2 vs. 3) showing near-perfect overlap of the centroids, again suggesting of near-perfect similarity of the technical replicate samples in terms of beta-diversity. 
Supplementary Figure 1: Nonmetric-multidimensional scaling of technical replicate samples (each stool sample run in triplicate: R1 vs. R2 vs. R3) showing near perfect overlap of the centroids of these replicate samples, indicating excellent reproducibility of technical replicate samples. 
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Additionally, our method accurately reproduced the taxonomic composition of Zymo samples, detecting the expected relative abundances of the eight component organisms in the ZymoBIOMICS Microbial Community DNA Standard (Zymo Research, Irvine, CA) (Supplementary Figure 2). 

Supplementary Figure 2: Taxonomic composition of 5 ZymoBIOMICS Microbial Community DNA Standard samples, which showed the expected relative abundances of the eight component taxa. 

[image: ]
Microbial culture protocols: 
All respiratory specimen cultures were performed by the clinical microbiology laboratory at the University of Pittsburgh Medical Center. Upon receipt of clinical specimens in the laboratory, the available material (sputum, endotracheal aspirate or bronchoalveolar lavage fluid) is used to inoculate agar plates: trypticase soy agar with 5% sheep blood, chocolate agar (for fastidious organisms), Columbia Naladixic Acid Agar (CAN Agar for gram-positives) and MacConkey (for gram-negatives). Samples are incubated for up to 24hrs and the following day, isolated colonies are identified with matrix-assisted laser desorption/ionization with time-of-flight mass spectroscopy (MALDI-TOF MS) (Bruker Biotyper) and susceptibility testing is performed with the MicroScan WalkAway platform (Beckman Coulter). 

Analytics: 
16S Sequence quality control: 
Sequences from the pooled sequencing run were demultiplexed into individual sample/replicate fastq files. Each fastq file was then processed through the Center for Medicine and the Microbiome (CMM) custom modular read QC pipeline that was configured to perform the following steps: low complexity filtering, QV trimming, Illumina sequencing adapter trimming, and 16S primer trimming. Low complexity filtering utilized NCBI BLAST's dustmasker (Morgulis et al., 2006). Reads with greater than 80% low complexity regions were filtered. QV trimming and filtering utilized the FASTX Toolkit. The trimming threshold was QV>25 from the 3' end, and length>125 bp after trimming. The subsequent filtering threshold was >25 across >95% of the read. The Illumina sequencing adapter and 16S primer trimming was performed with cutadapt (Haas et al., 2011).

16S Clustering and annotation: 
Paired sequences with forward and reverse reads passing the QC filtering and trimming steps were then mated (end aligned and a consensus sequence computed) using the make.contigs function of Mothur. Consensus sequences were screened to limit the overlap mismatch to no more than 20%. The maximum number of N's allowed in the overlap was 4 and the minimum overlap was required to be greater than 25bp. Consensus sequences passing screening were then passed through CMM's 16S clustering and annotation pipeline, a Mothur-dependent wrapper designed to streamline and automate the execution of the following Mothur steps:  unique.seqs, align.seqs, screen.seqs, filter.seqs, second uniq.seqs, pre.cluster, chimera.uchime, remove.seqs, classify.seqs, dist.seqs, cluster, make.shared, and classify.otu. Mothur output files were then reformatted to sample x category (taxonomic levels or OTU) matrices for downstream statistical modeling (Schloss et al., 2009).

Taxa table edits: 
The taxa table was filtered for low abundance taxa (relative abundance, <0.005%) and singletons, and also for samples that generated fewer than 650 reads in the range of negative control samples. One lung sample was filtered with <650 reads, and inspection of the highly diverse community indicated presence of contamination due to low biomass samples. We did not filter clinical samples for any taxa detected in the negative control samples. 

Integrative analysis and modeling of microbiome and clinical data
To comprehensively examine potential relationships between clinical and microbiome variables not considered by our hypothesis-driven testing methods, we used Probabilistic Graphical Models (PGMs). PGMs offer a robust and attractive solution to estimate the joint probability distribution and represent in a comprehensive way the conditional (in)dependencies of the dataset’s variables. Knowing the graphical model structure one can extract useful information to help in disease prognosis, diagnosis, patient stratification, etc. By definition, in a directed graph, a variable A is independent of any other variable (or combinations of variables) in the graph conditioning on its Markov blanket (i.e. the parents, children and spouses of variable A). This is why Markov blankets have been successfully used in the past for feature selection(Aliferis et al., 2010a, 2010b) and why these directed graphs are referred to as “causal” in the literature. To comprehensively analyze our dataset, we used CausalMGM (Causal Mixed Graphical Model) https://github.com/benoslab/causalMGM), a novel algorithm which can identify with accuracy the underlying graphical model structure over mixed data types (continuous and discrete).(Sedgewick et al., 2016) We used the R package Causal-MGM for this analysis. 
To investigate the predictive ability of sequencing-derived information from the graphical models to correctly discriminate respiratory sample culture positivity, we applied a k-fold cross-validation method (in our case k=10).(Hastie et al., 2009) K-fold cross-validation is a well-established technique that helps evaluate predictive models in cases where the amount of data is limited. In cross-validation we partition the original dataset into a training set, which is used to estimate the parameters of the model, and to a test set which is used to evaluate the prediction accuracy of the model.(Sedgewick et al., 2016) In our case (10-fold cross-validation) we created 10 different partitions of our original dataset. Each training set consisted of 48 patients (8 culture-positive and 40 culture-negative) and each test set consisted of 8 patients (4 culture-positive and 4 culture-negative). For each one of the 10 training datasets, we run CausalMGM (Causal Mixed Graphical Model) and we estimate the corresponding graph structure. Next, using the estimated graph structure we identified the features that belong to the Markov blanket (Pattern Recognition and Machine Learning | Christopher Bishop | Springer) (i.e. parents, children and spouses) of the culture positivity variable and using their information we trained a linear weighted Support Vector Machine (SVM) classifier.(Hastie et al., 2009) It is worth to mention that the reason for training a weighted linear SVM classifier (instead of a linear SVM classifier) was to deal with the unbalance of the data in the corresponding training sets (only 8 culture-positive and 40 culture-negative patients). Following these steps, we evaluated the accuracy of the estimated classifier using the corresponding test set. 



RESULTS

Supplementary Figure 3: Alpha and beta diversity comparisons in lung communities stratified by history of COPD or smoking status. Panel A. Alpha diversity comparisons by COPD history, showing that patients with history of COPD had lower richness (Shannon index) compared to patients without history of COPD (p=0.04). Panel B: Bray Curtis dissimilarity indices comparison between patients with COPD (purple circles) and patients without COPD (green triangles) showing modest differences (Permanova p-value = 0.02). Panel C: Alpha diversity comparisons by smoking status, showing no significant differences between current, former and never smokers. Panel D: Bray Curtis dissimilarity indices comparison by smoking status, showing no significant differences between current, former and never smokers.
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Supplementary Table 2. Definitions of pathogenic and oral origin taxa in the lung communities. Taxa dominating culture-positive samples were considered as pathogens. Mycoplasma was also noted to dominate certain culture-negative samples and was also considered as a pathogen given that Mycoplasma isolation is considered pathogenic in clinical practice. Oral taxa were defined as the members of the supraglottic pneumotype of the healthy lung microbiome.(Segal et al., 2016) Genera belonging to the same taxon were grouped together. Pathogenic and oral taxa abundance was also expressed as the sum of relative abundances of the component pathogenic and oral taxa, respectively. 
	Pathogenic Taxa
	Oral Taxa

	Group Taxon
	Individual taxonomic assignments
	Group Taxon
	Individual taxonomic assignments

	Staphylococcus
	1.Bacteria;Firmicutes;Bacilli;Bacillales;Staphylococcaceae;Staphylococcus
2.Bacteria;Firmicutes;Bacilli;Bacillales;Staphylococcaceae;Staphylococcaceae_unclassified
	Prevotella
	1.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella 2.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_2
3.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_6
4.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_7
5.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_9
7.Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotellaceae_unclassified

	Pseudomonas
	1.Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae;Pseudomonas
2.Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae;Pseudomonadaceae_unclassified
	Veillonella
	1.Bacteria;Firmicutes;Negativicutes;Selenomonadales;Veillonellaceae;Veillonella
2.Bacteria;Firmicutes;Negativicutes;Selenomonadales;Veillonellaceae;Veillonellaceae_unclassified

	Enterobacteriaceae
	Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae;Enterobacteriaceae_unclassified
	Gemella
	Bacteria;Firmicutes;Bacilli;Bacillales;Family_XI;Gemella

	Escherichia
	Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae;Escherichia-Shigella
	Granulicatella
	Bacteria;Firmicutes;Bacilli;Lactobacillales;Carnobacteriaceae;Granulicatella

	Fusobacterium
	Bacteria;Fusobacteria;Fusobacteriia;Fusobacteriales;Fusobacteriaceae;Fusobacterium
	Rothia
	Bacteria;Actinobacteria;Actinobacteria;Micrococcales;Micrococcaceae;Rothia

	Haemophilus
	Bacteria;Proteobacteria;Gammaproteobacteria;Pasteurellales;Pasteurellaceae;Haemophilus
	Neisseria
	Bacteria;Proteobacteria;Betaproteobacteria;Neisseriales;Neisseriaceae;Neisseria

	Enterococcus
	Bacteria;Firmicutes;Bacilli;Lactobacillales;Enterococcaceae;Enterococcus
	Streptococcus
	Bacteria;Firmicutes;Bacilli;Lactobacillales;Streptococcaceae;Streptococcus

	Mycoplasma
	Bacteria;Tenericutes;Mollicutes;Mycoplasmatales;Mycoplasmataceae;Mycoplasma
	
	




Supplementary Figure 4. Clustering of lung microbiome samples based on Euclidean distances of taxonomic composition. Six main clusters were identified: Staphylococcus, Streptococcus, Pseudomonas, Enterobacteriaceae, Escherichia and other. This clustering analysis (independent from the literature-based distinction into pathogens vs oral taxa) identified 4 major clusters of pathogenic taxa (Staphylococcus, Pseudomonas, Enterobacteriaceae and Escherichia) vs. Steptococcus and “other” bacteria, which mainly consisted of oral bacteria. 
[image: ]


Supplementary Figure 5. Distribution of relative abundance for pathogen (A) and oral taxa (B) in respiratory specimen culture positive and negative samples. Culture-positive samples demonstrated a threshold of >50% relative pathogen abundance (A) and all had <50% oral taxa abundance (B). Based on these distributions, a threshold of 50% relative pathogen abundance was chosen for assessment of the diagnostic accuracy of sequencing for culture-positivity. 
[image: Macintosh HD:Users:gkmd:Desktop:Google Drive:Microbiome:ICU ARDS mbiome:data:pna_dx_analysis_10.17:pna_dx_graphs:contpathogen_oral_balposneg.pdf]

Supplementary Figure 6. Taxonomic composition of (matched by patient) oral and lung communities in cases of pathogen dominance in the lung communities. In 7/19 samples (36%) the oral community was also dominated by the same pathogenic taxa as the ones observed in the lung community (highlighted by asterisk). In one case, we were unable to obtain an oral swab (indicated with the minus sign). 
[image: Macintosh HD:Users:gkmd:Desktop:Google Drive:Microbiome:ICU ARDS mbiome:data:pna_dx_analysis_10.17:pna_dx_graphs:orallung_pathogendom.pdf]

R Code used for analyses:

	---
title: "RespMicroProfiles_PNADX_FIM2018"
author: "Georgios Kitsios"
date: "6/22/2018"
output: html_document
---

###### R code for statistical and ecological analyses for the manuscript:
# "Respiratory microbiome profiling for etiologic diagnosis of pneumonia in mechanically ventilated patients."
# Author: Georgios D. Kitsios, MD, PhD

# load important libraries
library(dplyr)
library(readxl)
library(plyr)
library(ggplot2)
library(psych)
library(xlsx)
library(lubridate)
library(stargazer)
library(reshape2)
library(ggbeeswarm)
library(epitools)
library(vegan)
library(tidyr)
library(gdata)

############ Metadata dataframe of baseline data for all 56 subjects included: "pnadx_meta"

# filter dataframe for lung samples only to allow for descriptive stats calculations
pnadx_meta_lung <- filter(pnadx_meta, sampletype=="tracheal")

# Obtain descriptive statistics for respiratory culture positive (balposbasl==1) and negative (balposbasl==0) patients. 
# Use the library stargazer to automate calculations and output
stargazer(pnadx_meta_lung, type = "html", median = TRUE, iqr = TRUE, out = "...~USERDEFINED...")

# create a table that has all variables and then stratify tables by balposbasl vs not
# all - continuous variables
stargazer(subset(pnadx_meta_lung[c("Age", "BMI", "ICUstayduration",  "VFD", "SOFAScore", "lips_score", "HR", "SBP", "Temperature", "LowestMAP",   "PHa", "WBC", "Platelets", "Creatinine", "CO2", "WorstPFRatio", "TotalRR", "PEEP", "PeakInspiratory", "PlateauPressure", "TVmlperkg")]), type = "text", nobs=TRUE, mean.sd = TRUE, min.max = FALSE, median = TRUE, iqr = TRUE, title = "Descriptive statistics all", digits = 1, out = "...~USERDEFINED..."")

# all - categorical variable
stargazer(subset(pnadx_meta_lung[c("Gender", "HistDiabetes", "HistCOPD", "HistImmunosuppression", "HistCCF", "HistCRF", "IsActiveNeoplasm", "lips_pneumonia", "lips_sepsis", "lips_shock", "lips_aspiration",  "Mortality30Day", "Mortality90Day", "AKIFirstWeek")]), type = "text", nobs=TRUE, mean.sd = TRUE, min.max = FALSE,  title = "Descriptive statistics all categorical", digits = 2, out = "...~USERDEFINED..."")

# balposbasl - continuous variables
stargazer(subset(pnadx_meta_lung[c("Age", "BMI", "ICUstayduration",  "VFD", "SOFAScore", "lips_score", "HR", "SBP", "Temperature", "LowestMAP",   "PHa", "WBC", "Platelets", "Creatinine", "CO2", "WorstPFRatio", "TotalRR", "PEEP", "PeakInspiratory", "PlateauPressure", "TVmlperkg")], pnadx_meta_lung$balposbasl=="1"), type = "text", nobs=TRUE, mean.sd = TRUE, min.max = FALSE, median = TRUE, iqr = TRUE, title = "Descriptive statistics balpos", digits = 1, out = "...~USERDEFINED..."")

# balneg - continuous
stargazer(subset(pnadx_meta_lung[c("Age", "BMI", "ICUstayduration",  "VFD", "SOFAScore", "lips_score", "HR", "SBP", "Temperature", "LowestMAP",   "PHa", "WBC", "Platelets", "Creatinine", "CO2", "WorstPFRatio", "TotalRR", "PEEP", "PeakInspiratory", "PlateauPressure", "TVmlperkg")], pnadx_meta_lung$balposbasl=="0"), type = "text", nobs=TRUE, mean.sd = TRUE, min.max = FALSE, median = TRUE, iqr = TRUE, title = "Descriptive statistics balpos", digits = 1, out = "...~USERDEFINED..."")

# Next, do wilcoxon tests for continuous and fisher tests for categoricals variables to report p-values in table for # balpos vs negative 
# balpos vs negative  
# wilcox nonparametric
pcontbalposvsnot_wilcox<-sapply(pnadx_meta_lung[,c("Age", "BMI", "ICUstayduration",  "VFD", "SOFAScore", "lips_score", "HR", "SBP", "Temperature", "LowestMAP",   "PHa", "WBC", "Platelets", "Creatinine", "CO2", "WorstPFRatio", "TotalRR", "PEEP", "PeakInspiratory", "PlateauPressure", "TVmlperkg")], function(i) wilcox.test(i ~ pnadx_meta_lung$balposbasl)$p.value)
pcontbalposvsnot_wilcox<-data.frame(pcontbalposvsnot_wilcox)

# balpos vs negative  categorical - FIsher test
pcatbalposvsnot <-sapply(pnadx_meta_lung[,c("Gender", "HistDiabetes", "HistCOPD", "HistImmunosuppression", "HistCCF", "HistCRF", "IsActiveNeoplasm", "lips_pneumonia", "lips_sepsis", "lips_shock", "lips_aspiration",  "Mortality30Day", "Mortality90Day", "AKIFirstWeek")], function(i) fisher.test(i, pnadx_meta_lung$balposbasl)$p.value)
pcatbalposvsnot<-data.frame(pcatbalposvsnot)


######### ECOLOGICAL ANALYSES
## Perform basic ecological analyses from taxonomic frequencies at the genus level
## File with taxonomic and metadata: "pnadx_biom"

# define pathogen and oral bacteria variables from cx pos and cx neg distributions of taxa as explained in the manuscript (based on culture positivity and known composition of the supraglottic pneumotype of the healthy lung microbiome)

# pathogens
# staph
pnadx_biom$staph <- pnadx_biom$`Bacteria;Firmicutes;Bacilli;Bacillales;Staphylococcaceae;Staphylococcus` + pnadx_biom$`Bacteria;Firmicutes;Bacilli;Bacillales;Staphylococcaceae;Staphylococcaceae_unclassified`
# pseudomonas
pnadx_biom$pseudomonas <- pnadx_biom$`Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae;Pseudomonas` + pnadx_biom$`Bacteria;Proteobacteria;Gammaproteobacteria;Pseudomonadales;Pseudomonadaceae;Pseudomonadaceae_unclassified`
# Enterobacteriaceae
pnadx_biom$enterobacteriaceae <- pnadx_biom$`Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae;Enterobacteriaceae_unclassified`
# escherichia
pnadx_biom$escherichia <- pnadx_biom$`Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacteriales;Enterobacteriaceae;Escherichia-Shigella`
# fusobacterium
pnadx_biom$fusobacterium <- pnadx_biom$`Bacteria;Fusobacteria;Fusobacteriia;Fusobacteriales;Fusobacteriaceae;Fusobacterium`
# haemophilus
pnadx_biom$haemophilus <- pnadx_biom$`Bacteria;Proteobacteria;Gammaproteobacteria;Pasteurellales;Pasteurellaceae;Haemophilus`
# enterococcus 
pnadx_biom$enterococcus <- pnadx_biom$`Bacteria;Firmicutes;Bacilli;Lactobacillales;Enterococcaceae;Enterococcus`
# mycoplasma
pnadx_biom$mycoplasma <- pnadx_biom$`Bacteria;Tenericutes;Mollicutes;Mycoplasmatales;Mycoplasmataceae;Mycoplasma`

# create variable contpathogenabund
pnadx_biom <- mutate(pnadx_biom, contpathogenabund = pnadx_biom$staph + pnadx_biom$pseudomonas + pnadx_biom$enterobacteriaceae + pnadx_biom$escherichia + pnadx_biom$fusobacterium + pnadx_biom$haemophilus + pnadx_biom$enterococcus + pnadx_biom$mycoplasma)

# this variable has a break in ~ 50%. Use high anypathogenabund as >50% sequences for any pathogen. 
hist(pnadx_biom$contpathogenabund)
ggplot(pnadx_biom, aes(contpathogenabund)) + geom_density()

# anypathogenabund50 = any pathogen added up to >50% abundance
# eachpathogenabund50 = any specific pathogen to dominate >50% of community
pnadx_biom <- mutate (pnadx_biom, anypathogenabund50 = ifelse(pnadx_biom$contpathogenabund>0.5, 1, 0)) 
pnadx_biom <- mutate(pnadx_biom, eachpathogenabund50 = ifelse(staph >0.5 | pseudomonas >0.5 | enterobacteriaceae >0.5 | haemophilus >0.5 | escherichia>0.5 | fusobacterium >0.5 | enterococcus>0.5 | mycoplasma>0.5, 1, 0))
pnadx_biom$eachpathogenabund50 <- as.factor(pnadx_biom$eachpathogenabund50)
pnadx_biom$anypathogenabund50 <- as.factor(pnadx_biom$anypathogenabund50)


# ORAL taxa - for definitions of oral taxa as per the Segal Nat Microbiol 2016 paper (supraglottic pneumotype): Prevotella, Rothia, Streptococcus, Veiilonella, Selenomonas,  Neisseria, Gemellacea, Paraprevotellacea
#prevotella
pnadx_biom$prevotella <- pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella` + pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_2` + pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_6` + 
  pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_7`
pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotella_9` +
  pnadx_biom$`Bacteria;Bacteroidetes;Bacteroidia;Bacteroidales;Prevotellaceae;Prevotellaceae_unclassified`
# Veillonella
pnadx_biom$veillonella <-pnadx_biom$`Bacteria;Firmicutes;Negativicutes;Selenomonadales;Veillonellaceae;Veillonella` + pnadx_biom$`Bacteria;Firmicutes;Negativicutes;Selenomonadales;Veillonellaceae;Veillonellaceae_unclassified`
# gemella
pnadx_biom$gemella <- pnadx_biom$`Bacteria;Firmicutes;Bacilli;Bacillales;Family_XI;Gemella`
# granulicatella
pnadx_biom$granulicattella <- pnadx_biom$`Bacteria;Firmicutes;Bacilli;Lactobacillales;Carnobacteriaceae;Granulicatella`
# rothia
pnadx_biom$rothia <- pnadx_biom$`Bacteria;Actinobacteria;Actinobacteria;Micrococcales;Micrococcaceae;Rothia`
# Neisseria
pnadx_biom$neisseria <- pnadx_biom$`Bacteria;Proteobacteria;Betaproteobacteria;Neisseriales;Neisseriaceae;Neisseria`
# Streptococcus 
pnadx_biom$streptococcus <- pnadx_biom$`Bacteria;Firmicutes;Bacilli;Lactobacillales;Streptococcaceae;Streptococcus`

# create variable contoralabund
pnadx_biom <- mutate(pnadx_biom, contoralabund = pnadx_biom$prevotella + pnadx_biom$veillonella + pnadx_biom$rothia + pnadx_biom$neisseria + pnadx_biom$streptococcus + pnadx_biom$granulicattella + pnadx_biom$gemella)

# this variable also has a break in ~ 50%. Use high anyoralabund as >50% sequences for any pathogen. 
hist(pnadx_biom$contoralabund)
ggplot(pnadx_biom, aes(contoralabund)) + geom_density()

# anyoralabund50 = any oral taxon added up to >50% abundance
# eachoralabund50 = any specific pathogen to dominate >50% of community
pnadx_biom <- mutate (pnadx_biom, anyoralabund50 = ifelse(pnadx_biom$contoralabund>0.5, 1, 0)) 
pnadx_biom <- mutate(pnadx_biom, eachoralabund50 = ifelse(prevotella >0.5 | veillonella >0.5 | rothia >0.5 | granulicattella >0.5 | gemella>0.5 | streptococcus >0.5 | neisseria>0.5, 1, 0))
pnadx_biom$anyoralabund50 <- as.factor(pnadx_biom$anyoralabund50)
pnadx_biom$eachoralabund50 <- as.factor(pnadx_biom$eachoralabund50)

# separate lung and oral datasets
pnadx_biom_lung <-filter(pnadx_biom, sampletype=="tracheal")
pnadx_biom_oral <-filter(pnadx_biom, sampletype=="oral")

# examine how pathogen and oral abundance is distributed in the dataset - as expected pathogen and oral are largely reciprocal when looking at them from balposbasl positivity - the other stratification factors did not accomplish such separation 
ggplot(pnadx_biom_lung, aes(contpathogenabund)) + geom_density(aes(group=pnadx_biom_lung$balposbasl, fill = pnadx_biom_lung$balposbasl, alpha = 0.2))
ggplot(pnadx_biom, aes(contoralabund)) + geom_density(aes(group=pnadx_biom$balposbasl, fill = pnadx_biom$balposbasl, alpha = 0.2))
# distribution by eachpathogenabund50
ggplot(pnadx_biom, aes(contpathogenabund)) + geom_density(aes(group=pnadx_biom$eachpathogenabund50, fill = pnadx_biom$eachpathogenabund50, alpha = 0.2))
ggplot(pnadx_biom, aes(contoralabund)) + geom_density(aes(group=pnadx_biom$anypathogenabund50, fill = pnadx_biom$anypathogenabund50, alpha = 0.2))

pnadx_biom_lung$balposbasl<- as.factor(pnadx_biom_lung$balposbasl)

# publishable graph for relative pathogen abundance
ggplot(pnadx_biom_lung, aes(contpathogenabund)) + geom_density(aes(group=pnadx_biom_lung$balposbasl, fill = pnadx_biom_lung$balposbasl, alpha = 0.2)) + xlab("Relative Pathogen Abundance") + theme(legend.position = 'none', axis.text.x = element_text(size=24, face="bold"), axis.text.y = element_text(face="bold", size = 12), axis.title.y = element_text(size=18),  title =element_text(size=30, face='bold')) +  scale_fill_manual(values=c("turquoise", "red")) + geom_text(size=14, aes(0.78, 4, label="Cx positive", colour="red")) + geom_text(size = 14, aes(0.23, 4.5, label="Cx negative", colour="turquoise"))

# publishable graph for relative oral abundance
ggplot(pnadx_biom_lung, aes(contoralabund)) + geom_density(aes(group=pnadx_biom_lung$balposbasl, fill = pnadx_biom_lung$balposbasl, alpha = 0.2)) + xlab("Relative Oral Taxa Abundance") + theme(legend.position = 'none', axis.text.x = element_text(size=24, face="bold"), axis.text.y = element_text(face="bold", size = 12), axis.title.y = element_text(size=18),  title =element_text(size=30, face='bold')) +  scale_fill_manual(values=c("turquoise", "red")) + geom_text(size=14, aes(0.25, 4.2, label="Cx positive", colour="red")) + geom_text(size = 14, aes(0.7, 2, label="Cx negative", colour="turquoise"))


#### Beta diversity analyses with vegan
# Use the taxa table: "ALIR_taxa_genus_summary_table_clean"

# perform beta-diversity analyses in vegan for oral/lung by pneumonia vs not and by cx positivity vs not

#filter for samples in the pnadx dataset
pnadx_vegan <-  subset(ALIR_taxa_genus_summary_table_clean, select = -Total)
pnadx_vegan <- filter(pnadx_vegan, Sample_ID %in% pnadx_meta_SampleIDs)
#sort by Sample_ID variable and confirm they are equal
pnadx_meta <- arrange(pnadx_meta, Sample_ID)
pnadx_vegan <- arrange(pnadx_vegan, Sample_ID)
pnadx_vegan$Sample_ID
pnadx_meta$Sample_ID # confirmed that these are aligned properly. 

# now remove Sample_ID from taxa table to ensure all are numeric
pnadx_vegan<- subset(pnadx_vegan, select = -Sample_ID)

# create new factor of balcx positivity and site
pnadx_meta$balposbasl[is.na(pnadx_meta$balposbasl)]<- 0
pnadx_meta <- mutate(pnadx_meta, balcx_site = ifelse(pnadx_meta$balposbasl==1 & pnadx_meta$sampletype=="tracheal", "lungcxpos", NA))
pnadx_meta <- mutate(pnadx_meta, balcx_site = ifelse(pnadx_meta$balposbasl==1 & pnadx_meta$sampletype=="oral", "oralcxpos", pnadx_meta$balcx_site))
pnadx_meta <- mutate(pnadx_meta, balcx_site = ifelse(pnadx_meta$balposbasl==0 & pnadx_meta$sampletype=="oral", "oralcxneg", pnadx_meta$balcx_site))
pnadx_meta <- mutate(pnadx_meta, balcx_site = ifelse(pnadx_meta$balposbasl==0 & pnadx_meta$sampletype=="tracheal", "lungcxneg", pnadx_meta$balcx_site))
pnadx_meta$balcx_site <-as.factor(pnadx_meta$balcx_site)

# balcx_site
pnadx_vegan_mds <- metaMDS(pnadx_vegan, noshare =TRUE, k = 3) # stress 0.17
# define factor for ordination plot
fac <- pnadx_meta$balcx_site

# NMDS plot for balcx_site
plot(pnadx_vegan_mds, disp="sites", type = "n", xlim=c(-0.9, 0.9), ylim=c(-0.9, 0.9))
points(pnadx_vegan_mds, disp="sites", pch=21, col = "#FF0000",  cex = 2, select=which(fac=="lungcxpos"))
points(pnadx_vegan_mds, disp="sites", pch=24, col = "#FF0000",  cex = 2, select=which(fac=="oralcxpos"))
points(pnadx_vegan_mds, disp="sites", pch=24, col = "#3399FF",  cex = 2, select=which(fac=="oralcxneg"))
points(pnadx_vegan_mds, disp="sites", pch=21, col = "#3399FF",  cex = 2, select=which(fac=="lungcxneg"))
ordiellipse(pnadx_vegan_mds, group=fac, show.groups="lungcxpos", col = "#FF0000", lwd = 2)
ordiellipse(pnadx_vegan_mds, group=fac, show.groups="oralcxpos", col = "#FF0000", lwd = 2)
ordiellipse(pnadx_vegan_mds, group=fac, show.groups="oralcxneg", col = "#3399FF", lwd = 2)
ordiellipse(pnadx_vegan_mds, group=fac, show.groups="lungcxneg", col = "#3399FF", lwd = 2)
ordispider(pnadx_vegan_mds, group=fac, show.groups="oralcxpos", col = "#FF0000", label = TRUE)
ordispider(pnadx_vegan_mds, group=fac, show.groups="oralcxneg", col = "#CCCCCC", label = TRUE)
ordispider(pnadx_vegan_mds, group=fac, show.groups="lungcxneg", col = "#CCCCCC", label = TRUE)
ordispider(pnadx_vegan_mds, group=fac, show.groups="lungcxpos", col = "#FF0000", label = TRUE)

# adonis
betadivbybalcx_site <- betadiver(pnadx_vegan, "z")
adonis(betadivbybalcx_site ~ balcx_site, pnadx_meta, perm=1000)
        #           Df SumsOfSqs MeanSqs F.Model      R2   Pr(>F)    
# balcx_site   3    2.0614 0.68714  2.8393 0.07438 0.000999 ***.06368 0.000999 ***


### vegan analyses for lung samples only
#filter for samples in the pnadx dataset
pnadx_vegan_lung <-  subset(ALIR_taxa_genus_summary_table_clean, select = -Total)
pnadx_meta_lung_sampleids <- pnadx_meta_lung$Sample_ID
pnadx_vegan_lung <- filter(pnadx_vegan_lung, Sample_ID %in% pnadx_meta_lung_sampleids)
#sort by Sample_ID variable and confirm they are equal
pnadx_vegan_lung <- arrange(pnadx_vegan_lung, Sample_ID)
pnadx_meta_lung <- arrange(pnadx_meta_lung, Sample_ID)
pnadx_meta_lung$Sample_ID
pnadx_vegan_lung$Sample_ID # confirmed that these are aligned properly. 

# now remove Sample_ID from taxa table to ensure all are numeric
pnadx_vegan_lung<- subset(pnadx_vegan_lung, select = -Sample_ID)

# BAL pos
pnadx_meta_lung$balposbasl <-as.character(pnadx_meta_lung$balposbasl)
pnadx_meta_lung$balposbasl[pnadx_meta_lung$balposbasl=="0"] <- "RespCxNeg"
pnadx_meta_lung$balposbasl[pnadx_meta_lung$balposbasl=="1"] <- "RespCxPos"
pnadx_meta_lung$balposbasl <-as.factor(pnadx_meta_lung$balposbasl)

# define factor for ordination plot
fac <- pnadx_meta_lung$balposbasl
attach(pnadx_meta_lung)
# NMDS plot for BALPOS
plot(pnadx_pneumonia_mds, disp="sites", type = "n", xlim=c(-1.2, 1.2), ylim=c(-1.2, 1.2))
points(pnadx_pneumonia_mds, disp="sites", pch=21, col = "#FF3333",  cex = 2, select=which(fac=="RespCxPos"))
points(pnadx_pneumonia_mds, disp="sites", pch=24, col = "#0099FF",  cex = 2, select=which(fac=="RespCxNeg"))
ordiellipse(pnadx_pneumonia_mds, group=fac, show.groups="RespCxPos", col = "#FF3333", lwd = 2)
ordiellipse(pnadx_pneumonia_mds, group=fac, show.groups="RespCxNeg", col = "#0099FF", lwd = 2)
ordispider(pnadx_pneumonia_mds, group=fac, show.groups="RespCxNeg", col = "#0099FF", label = TRUE)
ordispider(pnadx_pneumonia_mds, group=fac, show.groups="RespCxPos", col = "#FF3333", label = TRUE)


# perform permanova based on the variable balpos for formal comparison
betadivbybalpos <- betadiver(pnadx_vegan_lung, "z")
adonis(betadivbybalpos~balposbasl, pnadx_meta_lung, perm=1000)
#       Df SumsOfSqs MeanSqs F.Model      R2   Pr(>F)   
# balposbasl  1    0.7047 0.70474  2.7197 0.04795 0.002997 **



# vegan analyses for oral only
pnadx_vegan_oral <-  subset(ALIR_taxa_genus_summary_table_clean, select = -Total)
pnadx_meta_oral <- filter(pnadx_meta, sampletype=="oral")
pnadx_meta_oral_sampleids <- pnadx_meta_oral$Sample_ID
pnadx_vegan_oral <- filter(pnadx_vegan_oral, Sample_ID %in% pnadx_meta_oral_sampleids)
#sort by Sample_ID variable and confirm they are equal
pnadx_vegan_oral <- arrange(pnadx_vegan_oral, Sample_ID)
pnadx_meta_oral <- arrange(pnadx_meta_oral, Sample_ID)
pnadx_meta_oral$Sample_ID
pnadx_vegan_oral$Sample_ID # confirmed that these are aligned properly. 

# now remove Sample_ID from taxa table to ensure all are numeric
pnadx_vegan_oral<- subset(pnadx_vegan_oral, select = -Sample_ID)
# BAL pos
pnadx_meta_oral$balposbasl <-as.character(pnadx_meta_oral$balposbasl)
pnadx_meta_oral$balposbasl[pnadx_meta_oral$balposbasl=="0"] <- "RespCxNeg"
pnadx_meta_oral$balposbasl[pnadx_meta_oral$balposbasl=="1"] <- "RespCxPos"
pnadx_meta_oral$balposbasl <-as.factor(pnadx_meta_oral$balposbasl)

# define factor for ordination plot
fac <- pnadx_meta_oral$balposbasl

# NMDS plot for BALPOS
plot(pnadx_oral_mds, disp="sites", type = "n", xlim=c(-1.2, 1.2), ylim=c(-1.2, 1.2))
points(pnadx_oral_mds, disp="sites", pch=21, col = "#FF3333",  cex = 2, select=which(fac=="RespCxPos"))
points(pnadx_oral_mds, disp="sites", pch=24, col = "#0099FF",  cex = 2, select=which(fac=="RespCxNeg"))
ordiellipse(pnadx_oral_mds, group=fac, show.groups="RespCxPos", col = "#FF3333", lwd = 2)
ordiellipse(pnadx_oral_mds, group=fac, show.groups="RespCxNeg", col = "#0099FF", lwd = 2)
ordispider(pnadx_oral_mds, group=fac, show.groups="RespCxNeg", col = "#0099FF", label = TRUE)
ordispider(pnadx_oral_mds, group=fac, show.groups="RespCxPos", col = "#FF3333", label = TRUE)

# perform permanova based on the variable balpos for formal comparison
betadivbybalpos <- betadiver(pnadx_vegan_oral, "z")
adonis(betadivbybalpos~balposbasl, pnadx_meta_oral, perm=1000)
#       Df SumsOfSqs MeanSqs F.Model     R2   Pr(>F)    
# balposbasl  1    0.7113 0.71130  3.1721 0.0575 0.000999 ***
# impressive difference in oral communities. 


#### Alpha diversity analyses
# alpha diversity analyses
###### create publishable graphs for alpha diversity comparisons between  pneumonia and balcxpos

pnadx_alphadivgraphdataset_lung <- subset(pnadx_meta_lung, select = c(Sample_ID, shannon, dominance, lips_aspiration, balposbasl, lips_pneumonia, cxposbasl))
# make long format to enable simultaneous presentation of shannon and dominance
library(tidyr)
pnadx_alphadivgraphdataset_lung_long <- gather(pnadx_alphadivgraphdataset_lung, alphadiv, measurement, shannon:dominance, factor_key = TRUE)
View(pnadx_alphadivgraphdataset_lung_long)

# balpos
ggplot(pnadx_alphadivgraphdataset_lung_long, aes(x = balposbasl, y = measurement, fill = balposbasl)) + 
  geom_boxplot(lwd=0.8,  outlier.shape = 8) + 
  geom_jitter(width = 0.1,  size = 8, shape = 1)  + 
  facet_wrap(~alphadiv, scales = "free_y") + 
  ylab("alpha diversity metric") + 
  xlab("Respiratory Cultures") + 
  theme(legend.position = 'none', axis.text.x = element_text(size=20, face="bold"), axis.text.y = element_text(face="bold", size = 16), axis.title.y = element_text(size=14),  title =element_text(size=30, face='bold')) +
  theme(strip.text = element_text(face="bold",  size = 20, colour = "blue")) + 
  theme(panel.background = element_rect(fill = "white"), panel.grid.major = element_line(size = 0.5, linetype = 'solid', colour="gray")) + scale_fill_manual(values = c("#0099FF", "#CC0000"))  + 
  scale_x_discrete(labels = c("Negative", "Positive"))

# statistical testing for shannon and dominance by balposbasl
wilcox.test(pnadx_meta_lung$shannon ~ pnadx_meta_lung$balposbasl) # 0.02168
wilcox.test(pnadx_meta_lung$dominance ~ pnadx_meta_lung$balposbasl) # 0.0413



#### ################# Taxonomic composition in culture positive and negative cases
# define "other" abundance in biom file
pnadx_biom_lung$other <- 1- (pnadx_biom_lung$contpathogenabund + pnadx_biom_lung$contoralabund)
pnadx_biom_lung
pnadx_biom_lung$balposbasl[is.na(pnadx_biom_lung$balposbasl)] <-0
pnadx_biom_lung$cxposbasl [is.na(pnadx_biom_lung$cxposbasl)] <-0
pnadx_biom_lung$bloodcxposbasl[is.na(pnadx_biom_lung$bloodcxposbasl)] <-0
pnadx_biom_lung$balposbasl <- as.factor(pnadx_biom_lung$balposbasl)


# filter balpos and negative files
pnadx_biom_lung_balpos <- filter(pnadx_biom_lung, balposbasl==1)
pnadx_biom_lung_balneg <- filter(pnadx_biom_lung, balposbasl==0)

# select only relevant taxa plus other
pnadx_biom_lung_balpos_taxa <- subset(pnadx_biom_lung_balpos, select = c(Sample_ID,  staph , pseudomonas, enterobacteriaceae , escherichia , fusobacterium , haemophilus , enterococcus , mycoplasma, prevotella , veillonella , rothia, neisseria, streptococcus, granulicattella, gemella, other))

# transpose dataset 
## https://stackoverflow.com/questions/7970179/transposing-a-dataframe-maintaining-the-first-column-as-heading
# https://stackoverflow.com/questions/29511215/convert-row-names-into-first-column
pnadx_biom_lung_balpos_taxa_transposed <- as.data.frame(t(pnadx_biom_lung_balpos_taxa[, -1]))
colnames(pnadx_biom_lung_balpos_taxa_transposed) <- pnadx_biom_lung_balpos_taxa$Sample_ID
pnadx_biom_lung_balpos_taxa_transposed$taxon <- rownames(pnadx_biom_lung_balpos_taxa_transposed)

# melt dataset for visualizations
lungbalpostaxa <- melt(pnadx_biom_lung_balpos_taxa_transposed, id.vars = "taxon", variable.name = "SampleID", value.name = "abundance")
lungbalpostaxa$Taxa <- as.factor(lungbalpostaxa$taxon)
ggplot(lungbalpostaxa, aes(x=SampleID, y = abundance, fill = Taxa)) + geom_bar(stat="identity", colour = "black")

# reorder taxa
lungbalpostaxa$Taxa  <- ordered(lungbalpostaxa$Taxa , levels = c("staph", "pseudomonas", "enterobacteriaceae" , "escherichia", "fusobacterium" , "haemophilus", "enterococcus", "mycoplasma", "prevotella", "veillonella", "rothia", "neisseria", "streptococcus", "granulicattella", "gemella", "other"))

ggplot(lungbalpostaxa, aes(x=SampleID, y = abundance, fill = Taxa)) + geom_bar(stat="identity") + theme_classic() 


# create color pallette
# http://www.cookbook-r.com/Graphs/Colors_(ggplot2)/
colorpalette_lungbaltaxa <- c("#990066","#FF0066", "#FF0000", "#FF6666", "#CC6666",  "#990000",  "#996666", "#FF6633", 
                              "#3399FF", "#0066CC", "#003366", "#66CCFF", "#00CCFF", "#00FFFF", "#CCFFFF",
                              "#CCCCCC")

# reorder observations in trach_balpos_taxa dataset to have concordant cases first and discordant later

lungbalpostaxa_order <- c("0102.1031.1.T", "0102.3769.1.T", "0102.3995.1.T",  "0102.3699.1.T.N", "0102.47.1.T",  "0102.3476.1.T", "0102.3508.1.T", "0102.3673.1.T", "0102.3772.1.T", "0102.3931.3.T.2", "0102.3734.1.T", "0102.3902.1.T")


library(gdata)
# http://stackoverflow.com/questions/11977102/order-data-frame-rows-according-to-a-target-vector-that-specifies-the-desired-or
lungbalpostaxa$SampleID <- reorder.factor(lungbalpostaxa$SampleID, new.order = lungbalpostaxa_order)

# optimize label with italics/capitals for taxa names. 

lungbalpostaxa_2 <- lungbalpostaxa
lungbalpostaxa_2$Taxa <- as.character(lungbalpostaxa_2$Taxa)
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="staph"] <- "Staphylococcus"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="pseudomonas"] <- "Pseudomonas"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="enterobacteriaceae"] <- "Enterobacteriaceae"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="escherichia"] <- "Escherichia"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="fusobacterium"] <- "Fusobacterium"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="haemophilus"] <- "Haemophilus"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="enterococcus"] <- "Enterococcus"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="mycoplasma"] <- "Mycoplasma"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="prevotella"] <- "Prevotella"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="veillonella"] <- "Veillonella"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="rothia"] <- "Rothia"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="neisseria"] <- "Neisseria"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="streptococcus"] <- "Streptococcus"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="granulicattella"] <- "Granulicattella"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="gemella"] <- "Gemella"
lungbalpostaxa_2$Taxa[lungbalpostaxa_2$Taxa=="other"] <- "Other"
lungbalpostaxa_2$Taxa <- as.factor(lungbalpostaxa_2$Taxa)
View(lungbalpostaxa_2)

lungbalpostaxa_2$Taxa  <- ordered(lungbalpostaxa_2$Taxa , levels = c("Staphylococcus", "Pseudomonas", "Enterobacteriaceae" , "Escherichia", "Fusobacterium" , "Haemophilus", "Enterococcus", "Mycoplasma", "Prevotella", "Veillonella", "Rothia", "Neisseria", "Streptococcus", "Granulicattella", "Gemella", "Other"))

ggplot(lungbalpostaxa_2, aes(x=SampleID, y = abundance, fill = Taxa)) + geom_bar(stat="identity", colour = "black") +  
  scale_fill_manual(breaks = c("Staphylococcus", "Pseudomonas", "Enterobacteriaceae" , "Escherichia", "Fusobacterium" , "Haemophilus", "Enterococcus", "Mycoplasma", "Prevotella", "Veillonella", "Rothia", "Neisseria", "Streptococcus", "Granulicattella", "Gemella", "Other"), values = colorpalette_lungbaltaxa)  + 
  ggtitle("Taxonomic composition for culture positive samples") + 
  scale_x_discrete(breaks = NULL) + xlab("") + ylab("Relative Abundance") + 
  theme(legend.position = 'bottom', axis.text.y = element_text(face="bold"))  + 
  theme(strip.background = element_blank(), strip.text = element_blank(), title = element_text(size=14, face='bold'), legend.text = element_text(size=14, face="italic")) +
  geom_text(aes(1, 0.5, label = "S.aureus", angle = 90), size = 8, colour = "black") + 
  geom_text(aes(2, 0.6, label = "S.aureus", angle = 90), size = 8, colour = "black") +
  geom_text(aes(3, 0.7, label = "S.aureus", angle = 90), size = 8, colour = "black") + 
  geom_text(aes(4, 0.8, label = "S.aureus", angle = 90), size = 6, colour = "black") + 
  geom_text(aes(5, 0.9, label = "S.aureus", angle = 90), size = 3, colour = "black") +
  geom_text(aes(5, 0.5, label = "H. Flu", angle = 90), size = 6, colour = "black") +
  geom_text(aes(6, 0.6, label = "Pseudomonas", angle = 90), size = 7, colour = "black") +
  geom_text(aes(7, 0.5, label = "Klebsiella", angle = 90), size = 7, colour = "black") +
  geom_text(aes(8, 0.5, label = "Klebsiella", angle = 90), size = 7, colour = "black") +
  geom_text(aes(9, 0.5, label = "E.coli", angle = 90), size = 7, colour = "black") +
  geom_text(aes(10, 0.87, label = "Klebsiella", angle = 90), size = 4, colour = "black") +
  geom_text(aes(11, 0.98, label = "Staph"), size = 4, colour = "black") + 
  geom_text(aes(10, 0.5, label = "-"), size = 15, colour = "black") + 
  geom_text(aes(11, 0.5, label = "-"), size = 15, colour = "black") + 
  geom_text(aes(12, 0.5, label = "-"), size = 15, colour = "black") + 
  geom_segment(aes(x=0.5, y=-0.05, xend=9, yend=-0.05)) + 
  geom_segment(aes(x=10, y=-0.08, xend=12.5, yend=-0.08), linetype = "dashed") + 
  geom_text(aes(3, -0.08, label = "Culture concordance"), size = 8, colour = "black") + 
  geom_text(aes(11, -0.10, label = "Culture discordance"), size = 5, colour = "black") +
  geom_text(aes(1, 1.04, label = "1"), size = 4, colour = "blue") + 
  geom_text(aes(2, 1.04, label = "2"), size = 4, colour = "blue") + 
  geom_text(aes(3, 1.04, label = "3"), size = 4, colour = "blue") + 
  geom_text(aes(4, 1.04, label = "4"), size = 4, colour = "blue") + 
  geom_text(aes(5, 1.04, label = "5"), size = 4, colour = "blue") + 
  geom_text(aes(6, 1.04, label = "6"), size = 4, colour = "blue") + 
  geom_text(aes(7, 1.04, label = "7"), size = 4, colour = "blue") + 
  geom_text(aes(8, 1.04, label = "8"), size = 4, colour = "blue") + 
  geom_text(aes(9, 1.04, label = "9"), size = 4, colour = "blue") + 
  geom_text(aes(10, 1.04, label = "10"), size = 4, colour = "blue") + 
  geom_text(aes(11, 1.04, label = "11"), size = 4, colour = "blue") + 
  geom_text(aes(12, 1.04, label = "12"), size = 4, colour = "blue") + 
  geom_text(aes(5.3, 1.04, label="#"), size=4, colour = "black") +
  geom_text(aes(11.3, 1.04, label="#"), size=4, colour = "black") 
  
  
####################### taxonomic composition of balneg samples

# select only relevant taxa plus other
pnadx_biom_lung_balneg_taxa <- subset(pnadx_biom_lung_balneg, select = c(Sample_ID,  staph , pseudomonas, enterobacteriaceae , escherichia , fusobacterium , haemophilus , enterococcus , mycoplasma, prevotella , veillonella , rothia, neisseria, streptococcus, granulicattella, gemella, other))
# remove sample 0102.3818.1.T
pnadx_biom_lung_balneg_taxa <- pnadx_biom_lung_balneg_taxa[-23, ]

# transpose dataset 
## https://stackoverflow.com/questions/7970179/transposing-a-dataframe-maintaining-the-first-column-as-heading
# https://stackoverflow.com/questions/29511215/convert-row-names-into-first-column
pnadx_biom_lung_balneg_taxa_transposed <- as.data.frame(t(pnadx_biom_lung_balneg_taxa[, -1]))
colnames(pnadx_biom_lung_balneg_taxa_transposed) <- pnadx_biom_lung_balneg_taxa$Sample_ID
pnadx_biom_lung_balneg_taxa_transposed$taxon <- rownames(pnadx_biom_lung_balneg_taxa_transposed)

# melt dataset for visualizations
lungbalnegtaxa <- melt(pnadx_biom_lung_balneg_taxa_transposed, id.vars = "taxon", variable.name = "SampleID", value.name = "abundance")
lungbalnegtaxa$Taxa <- as.factor(lungbalnegtaxa$taxon)
ggplot(lungbalnegtaxa, aes(x=SampleID, y = abundance, fill = Taxa)) + geom_bar(stat="identity", colour = "black")

# reorder taxa
lungbalnegtaxa$Taxa  <- ordered(lungbalnegtaxa$Taxa , levels = c("staph", "pseudomonas", "enterobacteriaceae" , "escherichia", "fusobacterium" , "haemophilus", "enterococcus", "mycoplasma", "prevotella", "veillonella", "rothia", "neisseria", "streptococcus", "granulicattella", "gemella", "other"))

# reorder SampleIDs
lungbalnegtaxa_order <- c("0102.1819.1.T.N", "0102.3964.1.T", "0102.3927.1.T.2",  "0102.3935.1.T" , "0102.3966.1.T.2", "0102.3928.1.T", "0102.3987.1.T", "0102.3774.1.T", "0102.3862.1.T", "0102.3904.1.T",  "0102.1357.1.T.N", "0102.1767.1.T", "0102.1971.1.T",   "0102.3189.1.T.N", "0102.3538.1.T",    "0102.3641.1.T", "0102.3644.1.T", "0102.3645.1.T", "0102.3646.1.T", "0102.3672.1.T", "0102.3731.1.T", "0102.3732.1.T", "0102.3747.1R.T",   "0102.3768.1.T", "0102.3770.1.T", "0102.3771.1.T", "0102.3775.1.T", "0102.3801.1.T", "0102.3838.1.T", "0102.3847.1.T", "0102.3864.1.T","0102.3497.3.T", "0102.3901.1.T", "0102.3930.1.T", "0102.3986.1.T.2", "0102.3932.1.T", "0102.3933.1.T", "0102.3996.1.T", "0102.3934.1.T", "0102.4048.1.T", "0102.4055.1.T", "0102.3881.1.T.2")   

library(gdata)
# http://stackoverflow.com/questions/11977102/order-data-frame-rows-according-to-a-target-vector-that-specifies-the-desired-or
lungbalnegtaxa$SampleID <- reorder.factor(lungbalnegtaxa$SampleID, new.order = lungbalnegtaxa_order)

# graph for culture negative samples#################################
ggplot(lungbalnegtaxa, aes(x=SampleID, y = abundance, fill = Taxa)) + 
  geom_bar(stat="identity", colour = "black") +  
  scale_fill_manual(values = colorpalette_lungbaltaxa) + 
  scale_x_discrete(breaks = NULL) + 
  ggtitle("Taxonomic composition for culture negative samples") + xlab("") + ylab("Relative Abundance") + 
  theme(legend.position = 'bottom',axis.text.y = element_text(face="bold"), legend.text = element_text(size=15, face="bold"))  + theme(strip.background = element_blank(), strip.text = element_blank(), title = element_text(size=14, face='bold')) + 
  geom_segment(aes(x=0.5, y=-0.03, xend=9, yend=-0.03), size = 2, linetype = "solid", colour = "red") + 
  geom_segment(aes(x=10, y=-0.04, xend=44, yend=-0.04), size = 2, linetype = "longdash", colour = "blue") + 
  geom_text(aes(4.1, -0.08, label = "Missed pathogens"), size = 5, colour = "red") + 
  geom_text(aes(25, -0.08, label = "Oral taxa abundance"), size = 8, colour = "blue") 


# graph without legend to combine with balposbasl

# graph for culture negative samples#################################
ggplot(lungbalnegtaxa, aes(x=SampleID, y = abundance, fill = Taxa)) + 
  geom_bar(stat="identity", colour = "black") +  
  scale_fill_manual(values = colorpalette_lungbaltaxa) + 
  scale_x_discrete(breaks = NULL) + 
  ggtitle("Taxonomic composition for culture negative samples") + xlab("") + ylab("Relative Abundance") + 
  theme(legend.position = 'none',axis.text.y = element_text(face="bold"), legend.text = element_text(size=15, face="bold"))  + theme(strip.background = element_blank(), strip.text = element_blank(), title = element_text(size=14, face='bold')) + 
  geom_segment(aes(x=0.5, y=-0.03, xend=9, yend=-0.03), size = 2, linetype = "solid", colour = "red") + 
  geom_segment(aes(x=10, y=-0.04, xend=44, yend=-0.04), size = 2, linetype = "longdash", colour = "blue") + 
  geom_text(aes(5, -0.08, label = "Missed pathogens"), size = 5, colour = "red") + 
  geom_text(aes(25, -0.08, label = "Oral taxa abundance"), size = 8, colour = "blue") + 
  geom_text(aes(14.1, 1.03, label="#"), size=4, colour = "black") +
  geom_text(aes(22.1, 1.03, label="#"), size=4, colour = "black") +
  geom_text(aes(23.1, 1.03, label="#"), size=4, colour = "black") +
  geom_text(aes(26.1, 1.03, label="#"), size=4, colour = "black") 
  
  
####### diagnostic framework for eachpathogen abund 50. 
# remove obs 31 from pnadx_biom_lung as this was removed at clean up phase in qiime
pnadx_biom_lung <- pnadx_biom_lung[-31, ]

oddsratio.fisher(pnadx_biom_lung$eachpathogenabund50, pnadx_biom_lung$balposbasl) # OR 20.2 (3.4-224.3), p<10-5. 
oddsratio.fisher(pnadx_biom_lung$anypathogenabund50, pnadx_biom_lung$balposbasl) # OR 38.2 (4.5-1817.6), p<10-5. 

# look at negative associations with oral taxa abundance
oddsratio.small(pnadx_biom_lung$eachoralabund50, pnadx_biom_lung$balposbasl)  # highly statistically significant
oddsratio.small(pnadx_biom_lung$anyoralabund50, pnadx_biom_lung$balposbasl) # highly statistically significant and clinically more relevant, indicating that if >50% of the community is occupied by oral taxa, then chances of a positive culture are extremely low
# OR 0.08 0.0007744463 0.2586769. p<10-6
  

#biomarker graphs
# use the facet_wrap function to create nice publishable graphs, but this needs a gather function of the dataset. 
# http://www.sthda.com/english/wiki/tidyr-crucial-step-reshaping-data-with-r-for-easier-analyses
pnadx_4biomarkergraphs <- subset(pnadx_biom_lung, select = c(subjectid, grouplips, balposbasl,eachpathogenabund50, anypathogenabund50,  il6_rd, rage_rd, tnfr1_rd ,il8_rd, ))
# change variable names to make them look nice for graph. 
colnames(pnadx_4biomarkergraphs)[colnames(pnadx_4biomarkergraphs)=='il6_rd'] <- 'IL-6'
colnames(pnadx_4biomarkergraphs)[colnames(pnadx_4biomarkergraphs)=='rage_rd'] <- 'RAGE'
colnames(pnadx_4biomarkergraphs)[colnames(pnadx_4biomarkergraphs)=='tnfr1_rd'] <- 'TNFR1'
colnames(pnadx_4biomarkergraphs)[colnames(pnadx_4biomarkergraphs)=='il8_rd'] <- 'IL-8'


library(tidyr)
# convert to long inorder to graph cytokine variable

pnadx_4biomarkergraphs_long <- gather(pnadx_4biomarkergraphs, cytokine, value,`IL-10`:`PCT`, factor_key = TRUE)
View(pnadx_4biomarkergraphs_long)

# Graph:
ggplot(pnadx_4biomarkergraphs_long, aes(x = eachpathogenabund50, y = value, fill = eachpathogenabund50), show.legend=F) + 
  geom_boxplot(lwd=0.8,  notch = FALSE, aes(group=pnadx_4biomarkergraphs_long$eachpathogenabund50), alpha=0.3) +
  geom_jitter(width = 0.1, size=4, aes(shape = factor(pnadx_4biomarkergraphs_long$balposbasl)), show.legend=F)  +
  facet_wrap(~cytokine, scales = "free_y") + 
  scale_shape_manual(values = c(1, 16)) +
  theme(legend.position = 'none') + 
  xlab("Pathogen Abundance") + 
  ylab("biomarker log-concentrations (pg/ml)") +
  theme(legend.position = 'none', axis.text.x = element_text(size=20, face="bold"), axis.text.y = element_text(face="bold", size = 12), axis.title.y = element_text(size=14),  title =element_text(size=20, face='bold')) + 
  theme(panel.background = element_rect(fill = "white"), panel.grid.major = element_line(size = 0.5, linetype = 'dashed', colour="gray"), strip.text = element_text(face="bold",  size = 20, colour = "black")) + 
  scale_x_discrete(labels = c("< 50%", "> 50%")) + 
  scale_fill_manual(values = c( "#CCFFFF", "#FFCCCC")) + 
  scale_colour_manual(values=c("black", "red", "blue"))  

# examine associations of biomarkers with pathogen abundance >50%

# examine independence of biomarker association to culture positivity
# entire cohort
# il6

fit <- lm(il6_rd ~ eachpathogenabund50,   data=pnadx_biom_lung)
summary(fit)

  fit <- lm(il6_rd ~ eachpathogenabund50 + balposbasl,   data=pnadx_biom_lung)
summary(fit)

# rage
fit <- lm(rage_rd~ eachpathogenabund50,   data=pnadx_biom_lung)
summary(fit)

fit <- lm(rage_rd~ eachpathogenabund50 + balposbasl,   data=pnadx_biom_lung)
summary(fit)


# tnfr1
fit <- lm(tnfr1_rd~ eachpathogenabund50,   data=pnadx_biom_lung)
summary(fit)
fit <- lm(tnfr1_rd~ eachpathogenabund50 + balposbasl,   data=pnadx_biom_lung)
summary(fit)

# il8
fit <- lm(il8_rd~ eachpathogenabund50,   data=pnadx_biom_lung)
summary(fit)

fit <- lm(il8_rd~ eachpathogenabund50 + balposbasl,   data=pnadx_biom_lung)
summary(fit)


# procalcitonin
fit <- lm(procalcitonin_rd~ eachpathogenabund50,   data=pnadx_biom_lung)
summary(fit)
fit <- lm(procalcitonin_rd~ eachpathogenabund50 + balposbasl,   data=pnadx_biom_lung)
summary(fit)
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Taxonomic composition of Zymo mock community samples used as positive PCR controls.
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