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Decomposing remains are a nutrient-rich ecosystem undergoing constant change due to cell breakdown and abiotic fluxes, such as pH level and oxygen availability. These environmental fluxes affect bacterial communities who respond in a predictive manner associated with the time since organismal death, or the postmortem interval (PMI). Profiles of microbial taxonomic turnover and transmigration are currently being studied in decomposition ecology, and in the field of forensic microbiology as indicators of the PMI. We monitored bacterial community structural and functional changes taking place during decomposition of the intestines, bone marrow, lungs, and heart in a highly controlled murine model. We found that organs presumed to be sterile during life are colonized by Clostridium during later decomposition as the fluids from internal organs begin to emulsify within the body cavity. During colonization of previously sterile sites, gene transcripts for multiple metabolism pathways were highly abundant, while transcripts associated with stress response and dormancy increased as decomposition progressed. We found our model strengthens known bacterial taxonomic succession data after host death. This study is one of the first to provide data of expressed bacterial community genes, alongside transmigration and structural changes of microbial species during laboratory controlled vertebrate decomposition. This is an important dataset for studying the effects of the environment on bacterial communities in an effort to determine which bacterial species and which bacterial functional pathways, such as amino acid metabolism, provide key changes during stages of decomposition that relate to the PMI. Finding unique PMI species or functions can be useful for determining time since death in forensic investigations.
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INTRODUCTION

Decomposing remains are a continuously shifting ecological system leading to changes in nutrient availability and microhabitat conditions, thus yielding a microbial consortium under constant selective pressures (Carter et al., 2007; Janaway et al., 2009; Hyde et al., 2013; Metcalf et al., 2016). Microorganisms associated with vertebrate remains are ubiquitous and may be deposited on a body from the environment, invertebrate, or vertebrate scavengers of the necrobiome or were part of the existing microflora during life (Benbow et al., 2018). Vertebrate decomposition begins immediately after death and as tissue begins to breakdown during autolysis, an efflux of cellular components and nutrients occurs which is used by microbial, predominately bacterial, communities (Janaway et al., 2009; Hyde et al., 2013; Crippen et al., 2015). After an initial lag phase immediately following organismal death, bacterial communities begin to exponentially proliferate, transmigrate, and create specialized proteins that digest host tissues during putrefaction (Can et al., 2014; Pozhitkov et al., 2017). These metabolic changes drive the transformation of the environmental decomposing landscape through the release of waste products, nutrient depletion, oxygen availability, and pH cycles which further facilitates host tissue breakdown. In turn, bacterial communities involved in the decomposition process are highly dynamic and constantly competing for survival, nutrient acquisition, and habitat space.

Bacterial community succession occurs in a predictive manner associated with the time since death, or postmortem interval (PMI) (Finley et al., 2015; Hauther et al., 2015; Burcham et al., 2016). This discovery has led to extensive research of bacterial communities associated with remains for understanding intrinsic microbial ecology of decomposition, and more recently, to aid in biomarker discovery for forensic PMI estimation (Pechal et al., 2014; Javan et al., 2016; Metcalf et al., 2016). PMI estimation supports forensic investigations by providing a window of time when death occurred to help support or refute eyewitness accounts regarding events leading up to death. These community analyses have now been widely performed on animal models targeting the bacterial 16S gene for taxonomic community profiling and predictive function in an attempt to discover PMI-associated biomarkers (Damann and Carter, 2013; Metcalf et al., 2013, 2016; Pechal et al., 2014). Although research is also conducted on human remains, animal models provide investigators the ability for robust sample sizes in order to create statistically powerful studies, and control of habitat conditions, such as with insect colonization, temperature, etc. (Finley et al., 2015; Hyde et al., 2017; Pechal et al., 2018). In a study using terrestrial swine models, microbial diversity decreased as decomposition progressed with Proteobacteria being the dominant phylum in early stages, while Firmicutes dominated late stages. In those studies, Clostridiaceae was one of the most dominant families toward the end of decomposition (Pechal et al., 2014). Additionally, in terrestrial murine models, during bloat stage the abdominal cavity has increased relative abundances of anaerobic gut microbiota, Lactobacillaceae, and Bacteroidaceae, but transitions to contain more oxygen-tolerant (i.e., Enterobacteriaceae) bacteria following burst (Metcalf et al., 2013, 2016). Overall, animal models have shown similarities to microbial succession discovered in human remains such as the transition from aerobic to anaerobic bacteria, prevalence of Clostridium in late stages, and bacterial community differences based on body location (Hyde et al., 2013; Finley et al., 2015; Hauther et al., 2015). These data are promising for the use of animal decomposition models as surrogates for microbial involvement within human remains, and for measuring correlates of microbial structure and function during decomposition.

While recognizing the broad trends in microbial contributions to decomposition is important for narrowing research foci, it is imperative that we study microbial interactions at a finer resolution with reference baseline activity, if specific, usable biomarkers are going to be detected. This fine resolution along with baseline data approach is important for teasing apart bacterial taxonomic and functional succession variability in the decomposition process, which may affect potential microbial biomarker discovery. This approach raises the call for highly controlled studies with the ability to focus on the microbial interactions solely associated with the host so that a host baseline can be established and built upon with other variables (i.e., climate, soil, and scavengers) and external environmental microbial communities.

Our study aims to develop the host postmortem microbial structure in conjunction with functional activity using a highly controlled laboratory setting, without the introduction of external environmental factors. We are also among the first to utilize postmortem microbial metatranscriptomic analyses. While metagenomic investigation provides insights about microbial community structure and functional potential, metatranscriptomic investigation is a useful tool to shed light on the active functional profiles of a microbial community. Together, both analytic methods provide knowledge on both the microbial diversity as well as genes actively involved in ecosystem processes. For instance, are postmortem microbiome changes observed and measured during decomposition succession reflective of coordinated responses, plasticity within an individual microbial species, or consequences of environment disturbance? Data have shown that many coexisting but taxonomically distinct microbes can encode genes for the same metabolic functions, which may blur the association between community composition and ecosystem functioning (Louca et al., 2018). However, for functions performed by only a few taxa, the sensitivity and resilience of this function may closely follow changes in the abundance of those taxa (Langenheder et al., 2006; Delgado-Baquerizo et al., 2016; Louca et al., 2018). Understanding mechanisms by which microbial functions vary, including shifts in community composition, gene expression patterns, or density, will benefit studies in decomposition ecology and forensic science, in order to determine what changes are most meaningful during decomposition, and will aid in biomarker discovery for PMI estimation.

MATERIALS AND METHODS

S. aureus/C. perfringens Preparation and Murine Inoculation

A detailed description on the construction of Staphylococcus aureus KUB7 and Clostridium perfringens inoculums along with the murine inoculation, sacrifice, and organ harvest can be found in Burcham et al. (2016). An experimental procedure flow chart is detailed in Figure 1. Briefly, S. aureus KUB7 is a constructed strain that constitutively expresses a red fluorescent protein. C. perfringens type A strain WAL 14572 is non-fluorescent and was obtained from ATCC. S. aureus KUB7 and C. perfringens were grown to exponential phase in 100 mL tryptic soy broth (TSB) or reinforced clostridial medium (RCM), respectively. Sixty-four 1 mL cultures obtained from the original culture were pelleted and S. aureus KUB7 was resuspended in 7 μL TSB while C. perfringens was resuspended in 7 μL of RCM supplemented with 60 g/L sucrose. The resuspensions were combined and used for nasal inoculation through inhalation in 42 isoflurane sedated SKH-1 female mice (N = 42) obtained from Charles Rivers Laboratories with 21 mice not being inoculated as controls (N = 21) for a total of 90 mice (N = 63). The final inhalation inoculum was 2.8 × 108 CFU/mL and 2.24 × 107 CFU/mL for S. aureus KUB7 and C. perfringens, respectively. These two species have been shown to colonize living humans, albeit in separate niches, and have been shown to transmigrate and produce enzymes that break down tissues during decomposition (Kellerman et al., 1976; Melvin et al., 1984; Tuomisto et al., 2013; Burcham et al., 2016). We introduced chromosomally labeled red fluorescent S. aureus and non-labeled C. perfringens to the nasal pharynx and upper respiratory tract of mice by inhalation. This location was selected as it is a natural colonization site for S. aureus in humans and C. perfringens should not thrive in these oxygen rich environments. All animal experiments were conducted according to Mississippi State University IACUC approved protocol 14–102.
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FIGURE 1. Experimental flow chart. A visual representation of the experimental design and downstream analyses. Mouse groups are represented as SSC = surface sterilized, colonized; NSSC = nonsurface sterilized, colonized; and CON = control.



Murine Sacrifice, Controlled Decomposition, and Organ Harvest

Twenty-four hours after inoculation, all mice were sacrificed by cervical dislocation, as previously described (Burcham et al., 2016). Twenty-one of the 42 inoculated mice were randomly chosen to be surface sterilized to disrupt the skin microbial communities. The surface sterilized mice were submerged up to below the mouth in a 10% bleach solution for 45 s avoiding sterilization of the mouth, nares, and ears to prevent the bleach solution from entering the body. The bleach solution was rinsed twice successively with distilled water. All 63 mice were individually placed in a Nalgene bottle top 0.2 μm filter container (Thermo Scientific) and sealed with Parafilm M to prevent environmental microbial and insect contamination. Mouse carcasses were allowed to naturally decompose within a bilaminar flow hood at ambient room temperature for up to 30 d during July 2015 in Starkville, MS, United States.

Three mice per treatment (control, inoculated with no surface sterilization, and inoculated with surface sterilization) were analyzed per time point (T = 1 h, 3 h, 5 h, 24 h, 7 d, 14 d, and 30 d postmortem). All tissue harvesting, and subsequent analyses were performed in a bilaminar flow hood under BSL2 and sterile conditions. A sterile scalpel blade was used to cut through the right hind leg and femur. The separated leg was used to obtain bone marrow from the femur using a sterile syringe containing nuclease-free water. A second sterile scalpel blade was used to dissect each mouse from the ventral side to remove the lungs, heart, and composite of the intestines using sterile forceps, individual for each organ. The bone marrow solution and each organ were transferred to individual 2.0 mL screw cap tubes. Each organ was crushed with a sterile cotton swab excluding the bone marrow solution. All organ swabs were swabbed on specialized agar plates for plate count determination discussed in Burcham et al. (2016). Afterward, RNAlater® (Ambion) was added to each tube and the samples were stored in -20°C until nucleic acid extraction. Due to the variation of decomposition across individuals, some organs were no longer discernable in the later stages of decomposition and composite samples of the organ location were collected. Decomposition stages present at each postmortem timepoint are represented in Figure 2.
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FIGURE 2. Mouse decomposition stages. Images of mice before dissection and organ harvest for their selected postmortem times to represent the decomposition stages present at each timepoint.



Nucleic Acid Extraction and Purification

The following postmortem timepoints were chosen for sequencing to focus on the early decomposition processes: 1 h, 3 h, 5 h, 24 h, and 7 d. Therefore, to obtain both RNA and DNA from these samples, the dual extraction method using the TRIzolTM Reagent (Thermo Fisher) standard issued protocol was performed on the preserved samples after being spun down and RNAlater® removed. Briefly, 100 mg of tissue or the pelleted bone marrow was added to 1 mL of TRIzolTM Reagent and a mix of 0.1/0.5 mm glass beads. The samples were homogenized in a bead beater with phase separation following chloroform addition. RNA was precipitated with isopropanol, washed with 75% ethanol, and resuspended in 50 μL of nuclease-free water, and incubated at 60°C for 15 min. The samples were purified using the PowerClean® Pro RNA Clean-Up Kit (Qiagen), quantified fluorometrically using a Qubit 2.0TM (Invitrogen), and then stored at -80°C. DNA was extracted during the TRIzolTM Reagent protocol as described above. DNA within the sample interphase was precipitated with ethanol, washed with 0.1 M sodium citrate in 10% ethanol, washed with 75% ethanol, and resuspended in 0.6 mL of 8 mM NaOH. The samples were purified using a PowerClean® Pro DNA Clean-Up Kit (Qiagen). All samples were quantified fluorometrically using a Qubit 2.0TM (Invitrogen) and stored at -20°C. The non-sequenced timepoints (T = 14 d and 30 d) had DNA extracted using a modified protocol of that discussed in Williamson et al. (2014).

C. perfringens WAL 14572 Detection

Difficulty in creating a fluorescently tagged C. perfringens strain resulted in detection of C. perfringens only in association with bacterial community analysis by metagenomic sequencing. Metagenomic sequencing analysis allowed determination of whether C. perfringens introduced nasally caused increased C. perfringens levels during early decomposition, particularly in less microbially rich organs, when compared to non-inoculated mice.

S. aureus KUB7 Quantitative PCR Analysis

Transmigration of S. aureus KUB7 through body tissues as decomposition progressed was tracked at all postmortem times (1 h, 3 h, 5 h, 24 h, 7 d, 14 d, and 30 d) using qPCR by amplifying the red fluorescent protein gene incorporated in the genome of S. aureus KUB7. A 25 μL reaction was created using 3 μL template, 12.5 μL SsoAdvancedTM Universal Probes Supermix (Bio-Rad), 1 μL forward primer (5′-TTGAAGGTGAAGGTGAAGGA-3′), 1 μL reverse primer (5′-TGCAAATGGTAATGGACCAC-3′), 2.5 μL FAM probe (5′-6FAMTGGAAGGTACACAAACAGCAAAAMGBNFQ-3′), and 5 μL nuclease-free water. The reaction was amplified using a Bio-Rad C1000 TouchTM thermal cycler and measured with a Bio-Rad CFX96TM real-time system with the following cycling conditions: 95°C for 10 min and (95°C for 15 s, 56°C for 30 s) × 40 cycles. Each sample was analyzed in duplicate to obtain an average CQ value and copies/run, which was extrapolated to obtain the mean genomic units of KUB7 per sample. The R statistical package was used to remove outliers in each organ as determined by Cook’s distance (R Core Team, 2013). The mean genomic units were log transformed, the mean log genomic units (logGU) ± standard error of the mean for each postmortem time for each organ were calculated. Wilcoxon rank sum significance testing between (non)surface sterilization did not show a difference between treatments (intestines: p = 0.79, bone marrow: p = 0.56, heart: p = 0.16, lungs: p = 0.84). Therefore, both treatments were combined and treated as the same for further testing. Significant differences between postmortem times were tested using a Kruskal–Wallis rank sum test for each organ. Significance was based on a p < 0.05.

Metagenomic/Metatranscriptomic Library Preparation

The following postmortem timepoints were chosen for sequencing to focus on the early decomposition processes: 1 h, 3 h, 5 h, 24 h, and 7 d. Total DNA libraries were created using the NEBNext® UltraTM DNA Library Prep Kit and NEBNext® Multiplex Oligos (Dual Index Primers) for Illumina® (New England BioLabs) protocols on all samples. Total RNA libraries were created using the NEBNext® UltraTM RNA Library Prep Kit and NEBNext® Multiplex Oligos (Dual Index Primers) for Illumina® (New England BioLabs) protocols for use with purified mRNA or rRNA depleted RNA on the nonsurface sterilized and control samples excluding the lungs since they did not sequence well for metagenomic analysis. These protocols were chosen to maintain rRNA and mRNA within the RNA sample in order to preserve 16S rRNA genes and mRNA for both structural and differential transcript expression analysis. DNA samples were used for metagenomics community analysis.

Whole Metagenome/Metatranscriptome Shotgun Sequencing and Processing

High-throughput whole metagenome and metatranscriptome sequencing was performed by St. Jude Children’s Research Hospital on an Illumina HiSeq2000 with 2 × 100 bp paired end (PE) read lengths. Sequences were initially trimmed by the sequencing facility using TrimGlare v0.4.2 (Krueger, 2015), but a more stringent quality trimming was performed using Trimmomatic v0.33 (Bolger et al., 2014). Metagenome sequences were trimmed to remove nucleotides in a four-position sliding window with an average phred33 score less than 28, and read lengths less than 36 bp. The trimmed metagenomic sequences were then used for bacterial community analysis. Metatranscriptome sequences were input in the SAMSA2 pipeline (Westreich et al., 2018). SAMSA2 was used to merge the paired-end sequences with PEAR v0.9.10 (Zhang et al., 2014), and then trimmed in a four-position sliding window with an average phred33 score less than 20, and read lengths less than 99 bp with Trimmomatic v0.3 (Bolger et al., 2014). SortMeRNA v2.1 (Kopylova et al., 2012) was used to remove bacteria/archaea 16S/23S rRNA genes and eukaryotic 18S/28S/5S/5.8S rRNA genes based on the documentation recommended SILVA and Rfam databases (Quast et al., 2013; Yilmaz et al., 2014; Kalvari et al., 2018). Sample identifiers and metadata can be found in Table 1.

TABLE 1. Sample metadata.
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Metagenomic Bacterial Community Analysis

Relative abundance of the bacterial genera present in each metagenomic sample was determined using MetaPhlAn2 (Truong et al., 2015). MetaPhlAn2 uses roughly 1 million clade-specific markers from over 7500 species to characterize the microbial taxonomic profiles. Genera that constituted less than 3% of sample were grouped as rare taxa to reduce sampling noise, but were not grouped as rare taxa for community metrics so that rare taxa could be account for between test groups. The relative abundances were used to determine the log genera richness, Shannon diversity indices, and Bray–Curtis and binary Jaccard distance indices using the R statistical package vegan v2.5-1 (Oksanen et al., 2018). The metadata factors (colonization, sterilization, organ, and postmortem time) were used in a type-II Multivariate Analysis of Variance (MANOVA) additive model to test for differences in log genera richness, Shannon diversity indices, and Pielou’s evenness using the R statistical package car v3.0-0 (Fox and Weisbert, 2011). The Bray–Curtis and binary Jaccard indices were tested against the metadata factors in a type-II permutational MANOVA additive model using the R statistical package RVAideMemoire v0.9-69-3 (Herve, 2018). Both distance indices were calculated based on their nature to account for taxonomic abundances (Bray–Curtis) or to treat taxonomic data as presence–absence (Jaccard). Analysis of both distances is important as presence–absence data give more statistical weight to rare taxa while using abundances give more statistical weight to the taxa of higher abundance. Determination of the distance-based redundancy analysis (dbRDA) explanatory variables (metadata factors) was performed using forward selection with both distance indices after the recommended “method 1” transformation by Legendre and Anderson (1999). Forward selection is a method of stepwise regression which starts with an empty model and then adds the metadata factor which improves the model the most. This metadata factor addition continues with the remaining metadata until no more factors significantly improve the model. The forward selection determined significant explanatory variables were used to create dbRDA ordination plots with both distance indices and the significant explanatory variables as interactions. The genera driving the ordination distances were determined with permutation environmental fit by their p-value (p < 0.05) and R2. The dbRDA and environmental fit analyses were performed using the R statistical package vegan v2.5-1 (Oksanen et al., 2018).

Transcript Annotation and Differential Expression Analysis

Ribosomal RNA depleted RNA transcripts were used in the SAMSA2 pipeline (Westreich et al., 2018). The reads were annotated using the DIAMOND sequence aligner to a database created from the March 2018 NCBI nr-protein database (Buchfink et al., 2015). The best protein hit for each read in the sample was aggregated for differential expression analysis using the R statistical packages edgeR v3.22.1 and DESeq2 v1.20.0 (Robinson et al., 2010; McCarthy et al., 2012; Love et al., 2014). Treatments were not differentiated, as community analysis showed no difference between colonization nor surface sterilization. In edgeR, the counts per million were computed and transcripts that were not present more than 1 CPM in at least two samples were removed to reduce noise. In DESeq2, transcripts that were not present in at least two samples with counts above 1 were removed. Normalization by library size was performed based on each packages’ recommended method. Normalization based on library size allows for samples with different numbers of RNA reads to be compared against each other without the read count differences affecting the results. This was especially important in our study as we found that our samples tended to decrease in RNA read abundance as decomposition progressed. EdgeR dispersion parameters for the negative binomial model estimations were determined individually per organ with bone marrow using bin-spline, heart using power, and intestines using spline. These dispersion methods were chosen independently for each organ based on which method provided a trendline which most fits the variation distribution. DESeq2 dispersions were estimated based on the default settings from the DESeq command. All models were created with no y-intercept and postmortem timepoint groups as the explanatory variable for each organ. EdgeR models were negative binomial generalized log-linear models (GLM) with quasi-likelihood and DESeq2 models were negative binomial GLMs with likelihood ratio tests between the full and reduced model without timepoints. For both methods, differential expression was tested to contrast the timepoint groups (early vs. middle, middle vs. late, early vs. late) for each organ and significantly differentially expressed transcripts were identified based on a Benjamini–Hochberg corrected p-value < 0.10 above 1 log2-fold-change threshold. Only transcripts determined to be significant by both methods were considered truly significantly expressed between the compared groups, to reduce procedural bias. Transcripts were annotated into pathways based on the KEGG and UniProt databases (Kanehisa and Goto, 2000; The UniProt Consortium, 2017).

RESULTS

S. aureus KUB7 Quantitative PCR

The S. aureus KUB7 mean log genomic units (logGU ± SE) in the lungs decreased from 6.91 ± 2.32 logGU to 4.21 ± 2.74 logGU then to 0 ± 0 logGU from 1 to 3 then 5 h after death, respectively. After 5 h, the mean logGU increased from 0 ± 0 logGU to 3.95 ± 1.90 logGU after 24 h, 18.97 ± 2.69 logGU after 7 d, and reached its maximum concentration (19.09 ± 6.77 logGU) after 14 d. Finally, the mean logGU decreased to levels similar to early timepoints of 6.75 ± 2.17 logGU at 30 d postmortem (Figure 3A). Overall, the lungs began with S. aureus KUB7 present then diminished within 5 h postmortem. Afterward, S. aureus KUB7 increased rapidly until returning to low levels after 14 d postmortem.
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FIGURE 3. S. aureus KUB7 detection with qPCR in organs as decomposition progresses. The log genomic units are plotted on the y-axis and postmortem time on the x-axis. Each circle represents a sample and the line represents the mean (±SE) log genomic units of S. aureus KUB7 during decomposition in the (A) lungs, (B) intestines, (C) heart, and (D) bone marrow.



The S. aureus KUB7 mean logGU ± SE in the intestines stayed relatively consistent the first three timepoints (T = 1 h, 3 h, and 5 h) with logGU of 11.33 ± 0.95, 13.90 ± 0.58, and 12.40 ± 0.87, respectively. A decrease occurred at 24 h to 7.57 ± 3.40 logGU. The logGU increased to its maximum concentration after 7 d to 18.08 ± 2.0 logGU. S. aureus KUB7 detection decreased to below starting levels after 14 d (4.85 ± 1.57 logGU) to the minimum (2.86 ± 1.81 logGU) after 30 d postmortem time (Figure 3B). Overall, S. aureus KUB7 concentrations in the intestines during early postmortem times were relatively stable until exponential growth after 7 d, but then immediately began to decrease to levels below initial sampling.

Staphylococcus aureus KUB7 detection in the heart remained at zero until 7 d postmortem (11.72 ± 2.64 logGU) and increased to its maximum (18.49 ± 7.25 logGU) after 14 d. After 30 d, detection decreased to levels near zero (3.07 ± 3.07 logGU) (Figure 3C). Overall, the heart did not appear to be colonized, based on qPCR detection, by S. aureus KUB7 until 7 d postmortem, but once established, grew substantially until decreasing back to almost undetectable levels by 30 d postmortem.

Staphylococcus aureus KUB7 detection in the bone marrow started at 6.08 ± 3.13 logGU and decreased to 0 ± 0 logGU after 3 h. Detection increased to 1.88 ± 1.88 logGU after 5 h to 4.17 ± 2.64 logGU after 24 h and then to the maximum of 8.18 ± 3.71 logGU at 7 d. Detection decreased to 4.35 ± 3.27 logGU after 14 d then to 0 ± 0 logGU by 30 d postmortem (Figure 3D). Surprisingly, S. aureus KUB7 was detected almost immediately in the bone marrow after death, but then quickly decreased after 3 h until steadily increasing to its highest concentration after 7 d, then dissipating.

When testing for a significance difference between postmortem times in each organ using Kruskal–Wallis rank sum test based on logGU we were able to reject the null hypothesis that the mean logGU of all timepoints are equal in the lungs (χ2 = 19.71, df = 6, p = 0.003), intestines (χ2 = 23.94, df = 6, p = 0.0005), and heart (χ2 = 25.28, df = 6, p = 0.0003). We were not able to reject the null hypothesis for the bone marrow samples.

Metagenomic Bacterial Genera Relative Abundance

Twenty-six unique genera were detected across the 60 samples for a total of 144 detections (min = 0, max = 21, mean = 2.4, SD = 4.08). Thirty-one samples did not match classified bacteria. These samples were pre-dominantly associated with early–middle (≤24 h) postmortem times in the lungs, bone marrow, and heart. In the lungs, only two samples provided community profiles (Figure 4A). Sample MG36 contained 100% Lactobacillus at 5 h and sample MG60 was made up of approximately 44% and 55% Clostridium and Staphylococcus at 7 d, respectively. As expected, the intestines provided the most robust abundance community profiles (Figure 4B). Early (≤5 h) postmortem times in the intestines showed dominating bacterial genera consisting of Parabacteroides (μ = 47.0%), Mucispirillum (μ = 29.6%), and Lactobacillus (μ = 14.4%). At 24 h, there was a decrease of relative abundance in Parabacteroides (μ = 10.5%), disappearance of Mucispirillum and increase of Lactobacillus (μ = 86.3%). At 7 d, Lactobacillus (μ = 30.6%) had decreased, allowing for the increase of Anaerostipes (μ = 28.6%), Clostridium (μ = 16.1%), and Enterococcus (μ = 13.3%). Bacterial genera within the heart were only detected at 5 h and 7 d (Figure 4C). At 5 h, sample MG30 showed 100% Escherichia, while MG34 showed a diverse community with the highest percentage of genera detected being Candidatus Arthromitus (31.7%), Parabacteroides (24%), Anaerostipes (19.3%), and Dorea (10.7%). At 7 d, the highest percentage of genera detected was Clostridium (μ = 72.1%), with Lactobacillus (μ = 15.5%) and Peptostreptococcaceae spp. (μ = 12.4%) being detected in one sample. In the bone marrow, four out of nine samples in early (≤24 h) postmortem times provided detected genera (Figure 4D). The early time group genera detected were Propionibacteriaceae spp. (μ = 10.6%), Staphylococcus (μ = 9.1%), Propionibacterium (μ = 8.8%), Enterococcus (μ = 8.3%), and Pseudomonas (μ = 7.1%). At 7 d, similar to heart sequences, Clostridium dominated the samples (μ = 84.0%), with Peptostreptococcaceae spp. (μ = 11.7%) and Pseudomonas (μ = 4.3%) also being detected.
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FIGURE 4. Bacterial genera relative abundance in samples at postmortem times. The bacteria genera detected in (A) lungs, (B) intestines, (C) heart, and (D) bone marrow samples are represented by their relative percent abundance on the x-axis with the sample on the y-axis. The samples are labeled by postmortem timepoint group with the color bars [green = early (1 h, 3 h, 5 h), purple = middle (24 h), and yellow = late (7 d)]. Genera that constituted less than 3% of sample were grouped as rare taxa to reduce sampling noise. Relative abundances were determined using MetaPhlAn v2.0.



Metagenomic Bacterial Community Analyses

Type-II MANOVA additive model testing for log genera richness only showed a significant difference among organs (SS = 8.05, df = 2, F = 9.28, p = 0.002) with pairwise analysis determining differences between intestines–bone marrow (p = 0.01) and intestines–heart (p = 0.02). Type-II MANOVA additive model testing Shannon diversity indices only showed a significant difference among organs (SS = 1.71, df = 2, F = 4.07, p = 0.04) with pairwise analysis determining no significant pairs. Type-II MANOVA additive model testing squared Simpson’s diversity indices showed no difference. The type-II permutational MANOVA additive model for Bray–Curtis distance showed a difference between organs (SS = 1.74, mean sq. = 0.87, df = 2, F = 4.68, p = 0.001) and postmortem times (SS = 2.81, mean sq. = 0.70, df = 4, F = 3.79, p = 0.001). The type-II permutational MANOVA additive model for binary Jaccard distance showed a difference among organs (SS = 1.83, mean sq. = 0.92, df = 2, F = 4.19, p = 0.001) and postmortem times (SS = 2.2, mean sq. = 0.55, df = 4, F = 2.51, p = 0.001). It is important to note that bacterial diversity analyses comparing the treatments (control, inoculated with no surface sterilization, and inoculated with surface sterilization) showed no differentiation. We detected no difference between mice bacterial communities that were or were not surface sterilized nor did we detect a difference between the mice bacteria communities that were or were not inoculated with S. aureus and C. perfringens. Because of this we were able to combine the data across treatments to obtain higher sample sizes for comparing community structure and function across postmortem times and organs.

The forward selection model for all metadata factors using dbRDA ordination on Bray–Curtis distances determined the explanatory variables to be PMI (R2 = 0.18, df = 4, AIC = 69.90, F = 2.45, p = 0.002) and organ (R2 = 0.32, df = 2, AIC = 66.32, F = 3.24, p = 0.002). These explanatory variables were treated as interactions to create the Bray–Curtis dbRDA ordination (Figure 5A). The environmental fit of the organ (R2 = 0.48, p = 0.001) and PMI (R2 = 0.46, p = 0.003) variables were significant with improved fits. Seven genera were identified to be structuring the ordination by environmental fit (Figure 5A). The forward selection model for all metadata factors using dbRDA ordination on Jaccard distances determined the explanatory variables to be PMI (R2 = 0.21, df = 4, AIC = 62.18, F = 2.76, p = 0.002) and organ (R2 = 0.35, df = 2, AIC = 58.43, F = 3.33, p = 0.002). These explanatory variables were treated as interactions to create the Jaccard dbRDA ordination (Figure 5B). The environmental fit of the organ (R2 = 0.32, p = 0.001) and PMI (R2 = 0.54, p = 0.001) variables was significant with the organ fit decreasing slightly and PMI fit improving. Six genera were determined to be driving the ordination by environmental fit (Figure 5B).
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FIGURE 5. Distance-based RDA plots of the mouse organ microbiome over the postmortem interval. Distance-based RDA plots were created for both (A) Bray–Curtis and (B) Jaccard distances. Colors represent the postmortem intervals and shapes represent the organ from where the sample was obtained. Linear vectors were determined by genera with a significant environmental fit to the plot based on a p < 0.05.



Differential Expression

The edgeR mean transcript library sizes after filtering for the intestines was 24,055 (min = 10,549, max = 38,257, SD = 8702.23), the heart was 116,150 (min = 52,102, max = 191,191, SD = 47,094.28), and the bone marrow was 22,882 (min = 17,500, max = 84,116, SD = 25,909.62). The DESeq2 mean transcript library sizes after filtering for the intestines was 17,899 (min = 9570, max = 26,012, SD = 4920.05), the heart was 110,393 (min = 50,531, max = 185,198, SD = 46,014.13), and the bone marrow was 34,932 (min = 14,795, max = 79,693, SD = 24,868.38). Significantly differentially expressed transcripts for each method were determined, but only transcripts that were reported as significant by both edgeR and DESeq2 were considered significant to reduce program bias (Table 2). The intestines contained no significantly down-regulated or up-regulated transcripts.

TABLE 2. Number of transcripts detected from differential expression analysis.
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In total, the heart contained 58 significantly down-regulated transcripts, and 8305 significant up-regulated transcripts. Out of the significant transcripts in the heart, 25 of the 58 down-regulated transcripts and 753 of the 8305 up-regulated transcripts were annotated as hypothetical or ribosomal proteins. In total, the bone marrow contained 734 significantly down-regulated transcripts and 22 significant up-regulated transcripts. Out of the significant transcripts in the bone marrow, 422 of the 734 down-regulated transcripts and 12 of the 22 up-regulated transcripts were annotated as hypothetical or ribosomal proteins. A difference was detected in the heart and bone marrow between the early vs. late and middle vs. late group comparisons, while no difference occurred between the early and middle timepoint groups. In the heart, the pathway regulations were nearly identical with the majority of the pathways detected being up-regulated (N = 7552) (Figure 6A). Metabolic pathways were the most up-regulated with other notable pathways detected in abundance being stress response, sporulation, cell motility, and membrane transport. Few transcripts were significantly down-regulated (N = 33), but the most abundantly down-regulated were associated with metabolism (N = 15).
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FIGURE 6. Heatmaps of the significant pathway regulation during timepoint group comparisons. Heatmaps for (A) heart and (B) bone marrow representing the transcript count of each pathway annotated from the significant transcripts of each comparison by color. Pathway is included on the x-axis and timepoint group (EvL = early vs. late, MvL = middle vs. late) on the y-axis. Down-regulated transcripts were considered negatives and up-regulated transcripts were considered positives. Pathways that were not detected in a comparison are in gray.



In the bone marrow, the majority of the significant transcripts occurred from a comparison of the early and late timepoint groups and most pathways were down-regulated (N = 312) (Figure 6B). Energy and carbohydrate metabolism were the most detected down-regulated pathways with other notable pathways being transport and catabolism, stress response, and cell motility. Few transcripts were significantly up-regulated (N = 10), though the most abundant pathway was sporulation (N = 3). A complete list of the individual significant transcripts with their logFC, FDR, NCBI nr protein annotations, and pathway annotations can be found in Online Supplementary Material (Supplementary Table S1).

DISCUSSION

The microbial changes that take place during decomposition have been previously studied with the intent to describe patterns that are consistent, reproducible, and precise for forensic evidence. Our data have shown that an individual S. aureus bacterial strain can be tracked as it migrates across organs in the body and behaves in a similar manner across different locations for when it reached maximum abundance and subsequently began to decline. S. aureus KUB7 and C. perfringens WAL 14572 introduction nor surface sterilization significantly altered the bacterial community structures. It is possible the introduction of S. aureus KUB7, while detectable through sensitive DNA techniques, was not at a high enough concentration to highly alter the existing community structure in a manner that would affect the diversity analyses. C. perfringens, while not detectable with qPCR, did not appear at levels higher than rare taxa during early decomposition in organs in which C. perfringens is not considered natural microbiota, such as the heart. A limitation to this approach of colonization is the difficulty to accurately assess the extent of competition that may have occurred between the natural microbiota and introduced species, and although the introduction of new species to any environment will inevitably affect the ecosystem, our results showed minimal microbial structure disruption when comparing the inoculated versus uninoculated mice suggesting that future transmigration studies could be performed without major concern for causing detrimental effects to the natural microbiota as long as researchers use appropriate organisms and colonization levels.

Additionally, the lack of significant microbial community alterations associated with internal organs by surface sterilization suggests that while external microbiota play a large role in skin decomposition, the breakdown of internal tissues relies predominately on internal microbes. For example, if after sterilization of the skin, internal organs have similar microbial profiles to non-sterilized hosts then the skin microbiome is not playing a large role in the internal organ decomposition. Alternatively, if skin-sterilized mice had drastically different microbial profiles internally than their non-sterilized counterparts, it would suggest that the microbial communities found in the internal organs during decomposition are heavily affected by the transmigration of skin microbes to the internal organs. Our results showed the former, suggesting that internal organs are decomposed primarily by internal microbes and not skin microbes. While this is not surprising, few studies to our knowledge have specifically tested this hypothesis. These results provide strength for the use of internal microbes as potential internal PMI biomarkers, and are useful for future studies that may aim to investigate transmigration and source tracking of specific internal microbes in relation to PMI.

Our transmigration tracking of inhaled S. aureus KUB7 showed similar overarching trends in the body as a whole, but with slight differences depending upon the organ (Figure 3). In the lungs (Figure 3A) and the heart (Figure 3C), S. aureus KUB7 reached its highest count at 14 d, while in the intestines (Figure 3B) and the bone marrow (Figure 3D) the highest count was reached at 7 d. We expected the lungs and the intestines to contain S. aureus KUB7 immediately after death as these sites were most likely to be colonized following inhalation, and sometimes leading to intake of S. aureus KUB7 down the esophagus. The decrease of S. aureus KUB7 in the lungs immediately following death could be attributed to competition with other microbial species, an increase in host immune gene transcripts which occurs up to 24 h postmortem, and/or lack of oxygen as blood flow and breathing ceased, though further research is needed to discover the specific mechanisms taking place in our system (Coleman et al., 1983; Pozhitkov et al., 2017). S. aureus is a facultative anaerobe that has been shown to have much slower growth in the absence of oxygen, though the lack of oxygen does not completely stop growth (Coleman et al., 1983; Belay and Rasooly, 2002). This may account for the decrease immediately following death, as metabolism shifted and a lag of growth occurs. The spike of growth from 7 to 14 d is likely due to the reintroduction of oxygen, being accustomed to an anaerobic environment, complete immune system loss, or increase of nutrients present after tissue breakdown (Janaway et al., 2009; Hyde et al., 2013; Crippen et al., 2015; Pozhitkov et al., 2017). The same reasoning can be used to explain the trend found in the intestines as the growth spike occurs at the same time, but the absence of a dip immediately following death may be attributed to the fact that the environment in the intestines is already anaerobic and a drastic shift in oxygen availability did not occur coupled with the fact the S. aureus KUB7 present had likely already adjusted to this environment during living colonization. Although it is important to note that we did not generate oxygen level data from our model and could not confirm the aerobic and anaerobic shifts. Furthermore, the presence of non-circulating, active but decreasing host apoptotic cells and neutrophils along with increased immunity gene transcripts between early and late timepoints could also potentially account for fluctuations in S. aureus KUB7 concentrations (Heimesaat et al., 2012; Pozhitkov et al., 2017). All organs returned to bacterial levels either similar to or below 1 h postmortem levels by the end of 7 d.

The bone marrow and heart trends are interesting as they do not represent locations where colonization should have occurred from initial host inhalation, and in fact should represent sterile locations during life that are colonized through transmigration after death. Interestingly, S. aureus KUB7 was detected within the first hour in the bone marrow, possibly resulting from rapid transmigration or an artifact from the skin when the femur was cut. If rapid transmigration occurred, then S. aureus KUB7 was not able to thrive in the early bone marrow environment leading to the immediate decrease at 3 h. However, transmigration began slowly around 5 h until reaching its highest concentration after 7 d. The heart had no detection of S. aureus KUB7 until 7 d postmortem and reached maximum detected abundance at 14 d. Suggesting S. aureus KUB7 migrated to the heart sometime after 24 h, though it is not clear exactly when it occurred. The 14 d peak may be due to the lag in time between transmigration and heart colonization, as the organ is presumed sterile during host life. The decline seen at the later timepoints is likely due to nutrient limitations or toxicity. However, determining the window where migration into the heart can be pinpointed may serve as a useful biological marker for narrowed PMI estimation ranges.

Bacterial community and differential expression analyses aimed to (1) strengthen existing knowledge of community shifts in vertebrate intestines, (2) provide data toward community shifts in underexplored organs, and (3) identify cellular processes and metabolic changes taking place from early to late decomposition. We provide one of the first sets of metatranscriptomic analyses of these communities showing genes active across decomposition time. Functional analyses performed by other groups have been based on 16S rRNA predictive function, but it is important to study active gene function because, while it may be predicted a gene is expressed, it must be confirmed by expression data if functional biomarkers can be discovered. Additionally, the ability to determine functional activity in a microbial community has the opportunity to by-pass one of the main concerns of solely monitoring the postmortem microbial structure. This concern focuses on the fact that human microbial profiles are unique to the individual and while one individual may carry a certain species of bacteria, another person may not. This can be concerning if using detailed species markers that may not be found ubiquitously across human populations. Monitoring the function of microbes during decomposition may circumvent this concern because, while the individual species may change between people, the functions needed to survive during each PMI should be redundant. For example, the functional pathways needed to utilize decomposition nutrients and survive oxygen fluxes will be highly expressed no matter the individual organism. Another consideration is that species in microbial communities may have dissimilar functional roles during decomposition, that might be obscured while analyzing functional potential from metagenomic data. Therefore, integrating community composition with active gene function may provide evidence to the state of the microbial decomposition ecology across PMIs that are more concrete and less biased to the individual. This coupling of structure and function data, as we have shown, may also yield a predictive framework for determining associations between community structure and function during decomposition, with utility for forensic science. Therefore, we suggest that more empirical data should be gathered linking microbial functional groups and genes with community structure in studies of decomposition ecology.

Our data suggest genera richness and Shannon diversity indices vary by organ. Bray–Curtis and Jaccard indices were affected by both organs and postmortem time. This is not surprising as the intestines are a natural location of high levels of microbial diversity compared to other organs, and as decomposition occurs these less diverse organs begin to increase in diversity as transmigrations occur due to the increase of nutrients and lack of immune system after 24 h (Pechal et al., 2014; Guo et al., 2016). These microbial shift trends have been shown in both animal and human models (Heimesaat et al., 2012; Hyde et al., 2013). We found that Bray–Curtis dissimilarity index ordination fit the community profile and genera environmental fit better than Jaccard (Figure 5). Jaccard indices treat data as presence–absence, while Bray–Curtis indices accounts for genera richness, which is needed when comparing organs and postmortem times that have been previously shown to vary drastically in their diversity and richness.

We detected distinct microbial changes in the community structure, which corroborate shifts seen in other studies (Metcalf et al., 2013; Tuomisto et al., 2013; Pechal et al., 2014; Hauther et al., 2015). In particular, the ratio decreased of Parabacteroides and increase of Lactobacillus in the first 24 h followed by the increased ratio of Enterococcus and Clostridium in late stages is a common postmortem trend (Figure 4B). The Bray–Curtis ordination (Figure 5A) similarly shows the transition of the intestinal community from Parabacteroides to Clostridium. However, we did not detect any significantly differential expressed transcripts within the timepoint group comparisons for the intestine microbial communities (Table 2). The cellular pathways needed to survive in the intestines may be relatively consistent during the first 7 d, but then community turnover in the intestines may be attributed to factors involved in abilities to use alternate sources to maintain existing pathways, outcompete for nutrients, or replicate faster.

Due to poor sequence coverage or bacterial abundance lower than the needed threshold for quality sequencing, only two lung samples (MG36 and MG60) and two heart samples (MG30 and MG34) from the first 24 h could be classified for structure profiles (Figures 4A,C). The two 5 h cardiac samples were drastically different because MG30 only has a single genus detected (Escherichia), while MG34 and contained six genera that were not considered rare taxa. The 7 d heart samples were mostly predominated by Clostridium with one sample containing Lactobacillus and Peptostreptococcaceae; all of which are common Gram-positive gut bacteria associated with decomposition (Pechal et al., 2014; Javan et al., 2017). The heart contained the most differentially expressed transcripts (Table 2). Over 99% of the transcripts were up-regulated from ≤24 h to 7 d postmortem. This activity is likely due to the influx of microorganisms from transmigration leading to an increased usage of motility and metabolism pathways to use nutrients in the new environment (Figure 6A) as some organisms, such as some species of Clostridium, are motile and replicate extremely fast. These organisms could also have migrated to the heart between 24 h and 7 d, leading to nutrient depletion after 7 d with an increased stress response and sporulation to prepare for dormancy.

The bone marrow had bacterial classifications in five samples ≤24 h postmortem (Figure 4D). The majority of these early-detected genera are associated with the skin microbiome. Since early timepoints contained multiple genera associated with the skin microbiome, it is likely early bone marrow samples obtained these genera during dissection, but it cannot be fully ruled out that early transmigration took place. As with the heart, the bone marrow 7 d samples were dominated by Clostridium. However, opposed to the heart, the bone marrow’s differentially expressed transcripts were predominately down-regulated (312 of 322 classified genes) (Table 2). These down-regulated transcripts were primary attributed to energy metabolism, carbohydrate metabolism, and transport and catabolism (Figure 6B). The early bone marrow genera can survive in oxygenated environments (i.e., Propionibacterium) so that anaerobic shifts would cause oxidative energy metabolism pathways to be down-regulated as they switch to the preferred anaerobic energy metabolism pathways. Additionally, these profiles could result from late-arriving genera (i.e., Clostridium) having to use carbohydrates not available in the early stages of decomposition, and obtaining energy anaerobically as the oxygen availability shifted from aerobic to anaerobic.

We also detected up-regulation of sporulation in marrow samples during late decomposition, suggesting a need to prepare for dormancy, similar to the heart community. The Bray–Curtis ordination (Figure 5A) separated the early bone marrow samples from the rest of the organs due to the early classification of potential skin microbes, but showed similarities in bone marrow and heart microbial communities. A homogenization of microbial communities (Clostridium begins to dominate) probably occurs as organ communities become more similar due to the decomposition process. However, a similar trend was not clearly visualized by the Jaccard ordination (Figure 5B), as early bone marrow and late intestines were similar in Jaccard distance though not reflected in the detected microbial communities from each organ at those times. These conflicting data reflect an important point of consideration when dealing with different organ ecosystems using a presence–absence model, as opposed to taking in account the genera richness. This suggests comparing ecosystems suspected to vary in microbial abundance and diversity should be compared using methods that take into account richness, to not overinflate rare taxa (Lozupone et al., 2007).

Additionally, it is important to note that the decomposition process is highly affected by environmental factors and host individuality. In this study, many of these factors were controlled by using a genetically identical model, eliminating scavengers, and maintaining ambient temperature/moisture. But in a more natural setting these factors alter decomposition rates making PMI estimation more difficult. Although the time it takes a cadaver to progress through the stepwise patterns of decomposition can vary, the process itself is rather ubiquitous, with the exception of extreme cases. Because of this, it is suspected that metabolic activities of microorganisms associated with decomposition may be similar across ecosystems and individuals during decomposition with little variance. For example, the need to transcribe genes for survival during oxygen fluxes is universal no matter the specific species present. Our data show that the functional profiles of these microbial communities are PMI dependent and coupled with community structural data may provide better insight on the mechanisms of microbially mediated decomposition, though the impact of environmental factors on these functional changes are still poorly understood.

We have also shown community structure results in our system that correlate with results that have been shown in work by other researchers using animal and human models in multiple geographic locations (Pechal et al., 2014; Guo et al., 2016; Metcalf et al., 2016; Javan et al., 2017). This corroboration by multiple, independent sources is a critical step for future implementation of microbiological assessment to the PMI in forensic cases (Burcham et al., 2016). However, abiotic factors not measured in this study, such as pH and oxygen levels, should be assessed in further studies to expand on the microbial physiological responses of these communities. Lastly, we have performed one of the first studies combining bacterial taxonomic and metatranscriptomic analyses as decomposition occurs, which includes detailed exploration of both commonly and underreported microbial communities of the postmortem microbiome. From these, we have shown distinct changes in microbial community structure and function during decomposition succession. Microbial community structure in conjunction with community functioning are imperative to understand as we explore in-depth analysis of transmigration and microbial succession of commensal organisms in response to environmental disturbances within the once living host. We have provided a broad overview of the metabolic and stress response changes taking place during decomposition, along with the individual transcript fold changes, so that future research can narrow its scope to clusters of genes, along with associated community composition, with potential for biomarkers to aid in PMI determination.

ETHICS STATEMENT

This study was carried out in accordance with the principles of the Basel Declaration and recommendations of the Mississippi State University Institutional Animal Care and Use Committee approved (protocol 14–102), Institutional Biosafety Committee (protocol 009–14), and approved by both the University Institutional Animal Care and Use Committee and Institutional Biosafety Committees.

AUTHOR CONTRIBUTIONS

ZB performed quantitative and computational analysis. JP, CS, MB, and HJ conceived of the presented idea, obtained funding for the project, and supervised the findings of this work. JB created the fluorescent strain utilized in this project. JR was responsible for obtaining the metagenomic and metatranscriptomic sequencing data. All authors discussed the results, reviewed, and contributed to the final manuscript.

FUNDING

Funding was provided by Mississippi State University and the National Institute of Justice (2014-DN-BX-K008). Opinions or points of view expressed represent a consensus of the authors and do not necessarily represent the official position or policies of the United States Department of Justice. All demultiplexed raw sequence reads are available on the NCBI Short Read Archive (SRP158407) through BioProject (PRJNA485410).

ACKNOWLEDGMENTS

We would like to thank Courtney Baugher, Caitlyn Cowick, and Andrew Bryant for their work assisting in nucleic acid extractions and quantitative PCR.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2019.00745/full#supplementary-material

REFERENCES

Belay, N., and Rasooly, A. (2002). Staphylococcus aureus growth and enterotoxin a production in an anaerobic environment. J. Food Prot. 65, 199–204. doi: 10.4315/0362-028X-65.1.199

Benbow, M., Barton, P., Ulyshen, M., Beasley, J., DeVault, T., Strickland, M., et al. (2018). Necrobiome framework for bridging decomposition ecology of autotrophically and heterotrophically-derived organic matter. Ecol. Monogr. 89:e01331. doi: 10.1002/ecm.1331

Bolger, A. M., Lohse, M., and Usadel, B. (2014). Trimmomatic: a flexible trimmer for Illumina sequence data. Bioinformatics 30, 2114–2120. doi: 10.1093/bioinformatics/btu170

Buchfink, B., Xie, C., and Huson, D. H. (2015). Fast and sensitive protein alignment using DIAMOND. Nat. Methods 12, 59–60. doi: 10.1038/nmeth.3176

Burcham, Z. M., Hood, J. A., Pechal, J. L., Krausz, K. L., Bose, J. L., Schmidt, C. J., et al. (2016). Fluorescently labeled bacteria provide insight on post-mortem microbial transmigration. Forensic Sci. Int. 264, 63–69. doi: 10.1016/j.forsciint.2016.03.019

Can, I., Javan, G. T., Pozhitkov, A. E., and Noble, P. A. (2014). Distinctive thanatomicrobiome signatures found in the blood and internal organs of humans. J. Microbiol. Methods 106, 1–7. doi: 10.1016/j.mimet.2014.07.026

Carter, D. O., Yellowlees, D., and Tibbett, M. (2007). Cadaver decomposition in terrestrial ecosystems. Naturwissenschaften 94, 12–24. doi: 10.1007/s00114-006-0159-1

Coleman, G., Garbutt, I. T., and Demnitz, U. (1983). Ability of a Staphylococcus aureus isolate from a chronic osteomyelitic lesion to survive in the absence of air. Eur. J. Clin. Microbiol. 2, 595–597. doi: 10.1007/BF02016574

Crippen, T. L., Benbow, M. E., and Pechal, J. L. (2015). “Microbial interactions during carrion decomposition,” in Carrion Ecology, Evolution, And Their Applications, eds M. E. Benbow, J. K. Tomberlin, and A. M. Tarone (Boca Raton, FL: CRC Press), 31–64. doi: 10.1201/b18819-5

Damann, F., and Carter, D. (2013). “Human decomposition ecology and postmortem microbiology,” in Manual of Forensic Taphonomy, eds S. A. Symes and J. T. Pokines (Boca Raton, FL: CRC Press).

Delgado-Baquerizo, M., Giaramida, L., Reich, P., Khachane, A., Harmonts, K., Edwards, C., et al. (2016). Lack of functinoal redundancy in the relationship between microbial diversity and ecosystem functioning. J. Ecol. 104, 936–946. doi: 10.1111/1365-2745.12585

Finley, S. J., Benbow, M. E., and Javan, G. T. (2015). Microbial communities associated with human decomposition and their potential use as postmortem clocks. Int. J. Legal Med. 129, 623–632. doi: 10.1007/s00414-014-1059-0

Fox, J., and Weisbert, S. (2011). An R Companion to Applied Regression. Thousand Oaks, CA: SAGE publications.

Guo, J., Fu, X., Liao, H., Hu, Z., Long, L., Yan, W., et al. (2016). Potential use of bacterial community succession for estimating post-mortem interval as revealed by high-throughput sequencing. Sci. Rep. 6:24197. doi: 10.1038/srep24197

Hauther, K. A., Cobaugh, K. L., Jantz, L. M., Sparer, T. E., and DeBruyn, J. M. (2015). Estimating time since death from postmortem human gut microbial communities. J. Forensic Sci. 60, 1234–1240. doi: 10.1111/1556-4029.12828

Heimesaat, M. M., Boelke, S., Fischer, A., Haag, L. M., Loddenkemper, C., Kuhl, A. A., et al. (2012). Comprehensive postmortem analyses of intestinal microbiota changes and bacterial translocation in human flora associated mice. PLoS One 7:e40758. doi: 10.1371/journal.pone.0040758

Herve, M. (2018). RVAideMemoire: Testing and Plotting Procedures for Biostatistics. R package Version 0.9-69-3 ed. Available at: https://cran.r-project.org/web/packages/RVAideMemoire/RVAideMemoire.pdf (accessed March 26, 2019).

Hyde, E., Metcalf, J., Bucheli, S., Lynne, A., and Knight, R. (2017). “Microbial communities associated with decomposing corpses,” in Forensic Microbiology, ed. D. O. Carter (Hoboken, NJ: Wiley). doi: 10.1002/9781119062585.ch10

Hyde, E. R., Haarmann, D. P., Lynne, A. M., Bucheli, S. R., and Petrosino, J. F. (2013). The living dead: bacterial community structure of a cadaver at the onset and end of the bloat stage of decomposition. PLoS One 8:e77733. doi: 10.1371/journal.pone.0077733

Janaway, R. C., Percival, S. L., and Wilson, A. S. (2009). “Decomposition of Human Remains,” in Microbiology and Aging, ed. S. L. Percival (Berlin: Springer), 313–334. doi: 10.1007/978-1-59745-327-1_14

Javan, G. T., Finley, S. J., Can, I., Wilkinson, J. E., Hanson, J. D., and Tarone, A. M. (2016). Human thanatomicrobiome succession and time since death. Sci. Rep. 6:29598. doi: 10.1038/srep29598

Javan, G. T., Finley, S. J., Smith, T., Miller, J., and Wilkinson, J. E. (2017). Cadaver thanatomicrobiome signatures: the ubiquitous nature of clostridium species in human decomposition. Front. Microbiol. 8:2096. doi: 10.3389/fmicb.2017.02096

Kalvari, I., Argasinska, J., Quinones-Olvera, N., Nawrocki, E. P., Rivas, E., Eddy, S. R., et al. (2018). Rfam 13.0: shifting to a genome-centric resource for non-coding RNA families. Nucleic Acids Res. 46, D335–D342. doi: 10.1093/nar/gkx1038

Kanehisa, M., and Goto, S. (2000). KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 28, 27–30. doi: 10.1093/nar/28.1.27

Kellerman, G. D., Waterman, N. G., and Scharefenberger, L. F. (1976). Demonstration in vitro of postmortem bacterial transmigration. Am. J. Clin. Pathol. 66, 911–915. doi: 10.1093/ajcp/66.5.911

Kopylova, E., Noe, L., and Touzet, H. (2012). SortMeRNA: fast and accurate filtering of ribosomal RNAs in metatranscriptomic data. Bioinformatics 28, 3211–3217. doi: 10.1093/bioinformatics/bts611

Krueger, F. (2015). TrimGalore: A Wrapper Around Cutadapt and FastQC to Consistently Apply Quality and Adapter Trimming to Fast Q Files. Available at: http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/. (accessed January 12, 2017).

Langenheder, S., Lindstrom, E. S., and Tranvik, L. J. (2006). Structure and function of bacterial communities emerging from different sources under identical conditions. Appl. Environ. Microbiol. 72, 212–220. doi: 10.1128/AEM.72.1.212-220.2006

Legendre, P., and Anderson, M. J. (1999). Distance-based redundance analysis: testing multispecies responses in multifactorial ecological experiments. Ecol. Monogr. 69, 1–24. doi: 10.1890/0012-9615(1999)069[0001:DBRATM]2.0.CO;2

Louca, S., Polz, M. F., Mazel, F., Albright, M. B. N., Huber, J. A., O’Connor, M. I., et al. (2018). Function and functional redundancy in microbial systems. Nat. Ecol. Evol. 2, 936–943. doi: 10.1038/s41559-018-0519-1

Love, M. I., Huber, W., and Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15:550. doi: 10.1186/s13059-014-0550-8

Lozupone, C. A., Hamady, M., Kelley, S. T., and Knight, R. (2007). Quantitative and qualitative beta diversity measures lead to different insights into factors that structure microbial communities. Appl. Environ. Microbiol. 73, 1576–1585. doi: 10.1128/AEM.01996-06

McCarthy, D. J., Chen, Y., and Smyth, G. K. (2012). Differential expression analysis of multifactor RNA-Seq experiments with respect to biological variation. Nucleic Acids Res. 40, 4288–4297. doi: 10.1093/nar/gks042

Melvin, J. R. Jr., Cronholm, L. S., Simson, L. R. Jr., and Isaacs, A. M. (1984). Bacterial transmigration as an indicator of time of death. J. Forensic Sci. 29, 412–417. doi: 10.1520/JFS11687J

Metcalf, J. L., Wegener Parfrey, L., Gonzalez, A., Lauber, C. L., Knights, D., Ackermann, G., et al. (2013). A microbial clock provides an accurate estimate of the postmortem interval in a mouse model system. eLife 2:e01104. doi: 10.7554/eLife.01104

Metcalf, J. L., Xu, Z. Z., Weiss, S., Lax, S., Van Treuren, W., Hyde, E. R., et al. (2016). Microbial community assembly and metabolic function during mammalian corpse decomposition. Science 351, 158–162. doi: 10.1126/science.aad2646

Oksanen, J., Blanchet, F. G., Friendly, M., Kindt, R., Legendre, P., McGlinn, D., et al. (2018). vegan: Community Ecology Package. R Package Version 2.5-2 ed. Available at: https://cran.r-project.org/web/packages/vegan/vegan.pdf (accessed February 4, 2019).

Pechal, J. L., Crippen, T. L., Benbow, M. E., Tarone, A. M., Dowd, S., and Tomberlin, J. K. (2014). The potential use of bacterial community succession in forensics as described by high throughput metagenomic sequencing. Int. J. Legal Med. 128, 193–205. doi: 10.1007/s00414-013-0872-1

Pechal, J. L., Schmidt, C. J., Jordan, H. R., and Benbow, M. E. (2018). A large-scale survey of the postmortem human microbiome, and its potential to provide insight into the living health condition. Sci. Rep. 8:5724. doi: 10.1038/s41598-018-23989-w

Pozhitkov, A. E., Neme, R., Domazet-Loso, T., Leroux, B. G., Soni, S., Tautz, D., et al. (2017). Tracing the dynamics of gene transcripts after organismal death. Open Biol. 7:160267. doi: 10.1098/rsob.160267

Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., et al. (2013). The SILVA ribosomal RNA gene database project: improved data processing and web-based tools. Nucleic Acids Res. 41, D590–D596. doi: 10.1093/nar/gks1219

R Core Team (2013). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing.

Robinson, M. D., McCarthy, D. J., and Smyth, G. K. (2010). edgeR: a bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics 26, 139–140. doi: 10.1093/bioinformatics/btp616

The UniProt Consortium (2017). UniProt: the universal protein knowledgebase. Nucleic Acids Res. 45, D158–D169. doi: 10.1093/nar/gkw1099

Truong, D. T., Franzosa, E. A., 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

Tuomisto, S., Karhunen, P. J., Vuento, R., Aittoniemi, J., and Pessi, T. (2013). Evaluation of postmortem bacterial migration using culturing and real-time quantitative PCR. J. Forensic Sci. 58, 910–916. doi: 10.1111/1556-4029.12124

Westreich, S. T., Treiber, M. L., Mills, D. A., Korf, I., and Lemay, D. G. (2018). SAMSA2: a standalone metatranscriptome analysis pipeline. BMC Bioinformatics 19:175. doi: 10.1186/s12859-018-2189-z

Williamson, H. R., Mosi, L., Donnell, R., Aqqad, M., Merritt, R. W., and Small, P. L. (2014). Mycobacterium ulcerans fails to infect through skin abrasions in a guinea pig infection model: implications for transmission. PLoS Negl. Trop. Dis. 8:e2770. doi: 10.1371/journal.pntd.0002770

Yilmaz, P., Parfrey, L. W., Yarza, P., Gerken, J., Pruesse, E., Quast, C., et al. (2014). The SILVA and “all-species living tree project (LTP)” taxonomic frameworks. Nucleic Acids Res. 42, D643–D648. doi: 10.1093/nar/gkt1209

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 Burcham, Pechal, Schmidt, Bose, Rosch, Benbow and Jordan. 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/fmicb-10-00745-g001.jpg
2.8x108 CFU/mL e 2.24x107 CFU/mL

S. aureus KUB7 /X C. perfringens

~JIN=42Q ! N¢ —~J N=21 S

AN —— T _—
S AN A R

o T
Na® F'o / X \
« = N=21 ¢ \x '~ — N=21 X { ~— N=21 ( \,"
SSC NSSC CON

Sampled: 1H, 3H, 5H, 24H, 7D,
14D, 30D PMI
3 Mice per PMI per Group

Heart, Intestines, Lungs, Bone Marrow Extraction

\

DNA/RNA Extraction & Library Prep/Sequencing

¥

S. aureus KUB7 gqPCR Analysis

\

MetaPhlAn2/DESeq2/EdgeR Analyses





OPS/images/fmicb-10-00745-g002.jpg





OPS/images/fmicb-10-00745-g003.jpg
301

log Genomic Units

301

log Genomic Units

—

S. aureus KUB?7 Detection in Lungs over Decomposition

0.

L ] L ]
1H 3H 5H 24H 7D 14D 30D
Postmortem Time
S. aureus KUB7 Detection in Heart over Decomposition
@
L ]
@
L ]
TS . 23 « ] . —_——
1H 3H 5H 24H 7D 14D 30D

Postmortem Time

log Genomic Units

log Genomic Units

251

20+

S. aureus KUB7 Detection in Intestines over Decomposition

24H 7D 14D 30D
Postmortem Time

1H 3H 5H

S. aureus KUB7 Detection in Bone Marrow over Decomposition

s
L ]
° L ]
. -
L ]
L ]
L ] e———
| (— *
L ] ¥ L ] L ] L ]
1H 3H 5H 24H 7D 14D 30D

Postmortem Time





OPS/images/fmicb-10-00745-g004.jpg
A Lungs Genera

Sample

0 25 50 75 100
Percent Abundance

C Heart Genera

25 50 75 100
Percent Abundance

Sample

Sample

B Intestines Genera

Percent Abundance

D Bone Marrow Genera

25 50 75
Percent Abundance

Genera

. Acinetobacter

[ Anaerostipes

Anaerotruncus

[]Blautia

E] Candidatus_Arthromitus

[ Clostridium

. Dorea

. Enterococcus

B Enterorhabdus

. Escherichia

[ Lactobacillus

D Mucispirillum

[[] Parabacteroides

[l Peptostreptococcaceae_sp.

& Propionibacteriaceae_sp.

. Propionibacterium
Pseudomonas

[ staphylococcus

[ subdoligranulum

[E unclassified

. Rare.Taxa





OPS/images/fmicb-10-00745-g005.jpg
CAP2 (Porportion Explained: 12%)

CAP2 (Porportion Explained: 12.4%)

1.5 20

1.0

0.5

0.0

-0.5

1.0

1.0

0.5

-1.0 -0.5 0.0

-1.5

Bray-Curtis dbRDA of Mouse Microbiome by PMI:Organ

B @ 1 Hour
: » & 3 Hours
: a “ 5 Hours
: Dactenaceac o 24 Hours
t o (r2=0.68,p=0002) @ 7 Days
: ® Intostines
: A Heart
Propionibacterium » BoneMarrow
(r2=0.31,p=0.001)
R - 8 A A A R s
(r2=0.42,p=0.006)
Peptostre,
Paradacteroides ° (r2#0.23 p0.04)
(r220.65.p=0.001) E
H A
¢ Ciostndium
s (r220.76 p=0.001)
T T T T T T T
-3 -2 -1 0 1 2 3
CAP1 (Porportion Explained: 22.7%)
Jaccard dbRDA of Mouse Microbiome by PMI:Organ
Eubacternum Mucspiniium :
(22025p:0024) (220 550001} : of 8 1 Hour
L] ° ! Peplostreplococcaceas_sp. @ 3 Hours
Parabacterodes . (r2=0.24 p=0.034) i © 5 Hours
({r2#0.75.p%0.001) lostridum
(2=0.75,9=0.001) : g‘o';;“'s
® |ntestines
4 Heart
--------------------------------------------------------------------------------------------------------- . mh‘ar'ow o3
Lactobacilus :
(2:0399<0003) ¢ :
v
T T T T T T
-2 -1 0 1 2 3

CAP1 (Porportion Explained: 24.3%)






OPS/images/fmicb-10-00745-g006.jpg
t

ignifican
Pathways by Comparison

Heart S

Color Key

200 400

0

Count

dnouo julodawi
| -
> >

w =
|

wsioqela peorg
Jenpeoenx3

Avnow 120

asuodsay ssans

wsijoqejed puy uodsues |
wsijoqelapy ajeiphyoqied
wsiogeldyy ABiau3z

wsijogela prY Aned

DOUINIA

BUISS3901d UOHEWIOJUJ [EIUIWUONAUT
Aunwwo) senjie

Buissao0.d UoHEWIOJU| MU
washs LVONAINAS eudey
WSI0qelay puy sisayiuksorg ueak|o
wsijoqejed puy podsues |
uononpsues) jeubis

uonepeiBaq puy ‘Bunios ‘Buipioy
wsioqelap pidn

uonduosues)

washs asuajeq

Avow 120

uonejsuesy

wsi|0qela 2pNoANN
uone|jnieds

yodsues] aueIquapy

asuodsay ssang

$9859201d JRINIDD

sieday puy uoneanday
wsfoqelop arepAyoqied
wsijoqeio ABrauz

wsijoqelap peoig

wsiogejajy pioy oulwy

y

Pathwa

t

ignifican

Bone Marrow S

Color Key

Pathways by Comparison

20

-40

-80

Count

dnoug) jutodawi
oo | -
> >
L =

podsues| dueiquay

Buiss300.g UOCRBULIOJU] DGIUID)

BLISS8001d UORBULIOU] [EIUBIUOIAUT

0UAIA

uonepesbaq puy Bunsos “Bupioy

Jeday puy uogednday
Aunow 130
WSHOGEI PRV ouRuy
asuodsay ssans
uogonpsues) [eubis

uogepesBaq puy ‘Bunsos ‘Buipioy

uogersues)
wsHogelew peosg
595530014 20D
wsioqeje) puy podsues)
wsoqew Aesphycqied
wsioqelapy ABou3
neday puy uogeonday
599530014 JeINIRD
wstoqeop ajesphycqied
WSIOGEID POV OUIWY
uogejniods

Pathway





OPS/images/cross.jpg
3,

i





OPS/images/cover.jpg


OPS/images/fmicb-10-00745-t001.jpg
Sample Treatment Colonized Sterilized PMI Organ Number of Number of Genera

DNA reads RNA reads richness

MGO1 C N N 1H BM 519 10642207 0
MG02 C N N 1H HT 141 9424377 0
MGO3 C N N H INT 6869462 11198249 5
MG04 C N N H LU 246592 NA 0
MG05 NS Y N 1H BM 12541054 6174562 4
MG06 NS Y N H HT 4069 4370991 0
MGO7 NS Y N H INT 13588235 9345718 9
MG08 NS Y N 1H L 7921779 NA 0
MG09 S ¥ ¥ H BM 12371788 NA 2
MG10 S Y Y H HT 114640 NA 0
MG11 S Y Y 1H INT 23356918 NA 14
MG12 S ¥ Y H LU 5764224 NA 0
MG13 C N N 3H BM 3085317 6966014 0
MG14 C N N 3H HT 68 6198445 0
MG15 C N N 3H INT 1619870 10637046 3
MG16 C N N 3H L 552826 NA 0
MG17 NS Y N 3H BM 9372874 6585375 2
MG18 NS ¥ N 3H HT 11238 8625237 0
MG19 NS Y N 3H INT 3748353 9724755 6
MG20 NS Y N 3H L 16267397 NA 0
MG21 S Y Y 3H BM 12034029 NA 0
MG22 S Y Y 3H HT 10885 NA 0
MG23 S Y Y 3H INT 3403829 NA 3
MG24 S Y Y 3H L 13384061 NA 0
MG25 C N N 5H BM 2082085 6939217 0
MG26 C N N SH HT 671145 7417681 0
MG27 C N N 5H INT 12924794 9506797 6
MG28 C N N 5H (V] 667927 NA 0
MG29 NS ¥ N SH BM 14411164 6502696 3
MG30 NS Y N 5H HT 1353231 6454480 1
MG31 NS Y N 5H INT 4597616 5133461 7
MG32 NS Y N SH L 12237082 NA 0
MG33 S Y Y 5H BM 12515226 NA 0
MG34 S Y Y 5H HT 14546830 NA 12
MG35 S b 2 Y SH INT 17560686 NA 10
MG36 S Y Y 5H L 20161875 NA 1
MG37 C N N 24H BM 5704975 3622308 0
MG38 C N N 24H HT 1683416 3309305 0
MG39 C N N 24H INT 9105711 5814593 2
MG40 C N N 24H L 654955 NA 0
MG41 NS Y N 24H BM 5137625 1608180 0
MG42 NS Y N 24H HT 5126506 5397803 0
MG43 NS Y N 24H INT 6336406 771048 3
MG44 NS Y N 24H L 11441973 NA 0
MG45 S Y Y 24H BM 13481461 NA 0
MG46 S Y Y 24H HT 4407690 NA 0
MG47 S Y b ¢ 24H INT 34742830 NA 4
MG48 S Y Y 24H LU 20444728 NA 0
MG49 C N N el BM 59684111 778479 2
MG50 C N N 70 HT 7277358 3818602 3
MG51 C N N 70 INT 142284 2124152 3
MG52 C N N el L 16679 NA 0
MG53 NS Y N el BM 63145271 537412 2
MG54 NS Y N 7D HT 10769919 3795345 1
MG55 NS Y N 70 INT 6286983 5305095 10
MG56 NS b & N 70 L 11484731 NA

MG57 S Y Y el BM 16535712 NA 1
MG58 S Y Y 7D HT 9303940 NA 1
MG59 S A ¢ Y 70 INT 27283847 NA 21
MG60 S x ¥ 70 LU 13993375 NA 3

Table demonstrates the sample identification with their treatment (C, control; NS, nonsurface sterilized: S, sterilized), if they were colonized (¥, yes; N, no), if they were
steriized (¥, yes; N, o), their PMI (1 h, 3 h, 5 h, 24 h, and 7 d), the organ the sample was obtained from (BM, bone marrow; HT, heart; INT, intestines; LU, lungs),
the average number of DNA reads between paired-end reads, the number of RNA reads after paired-end merging, and the genera richness. Read counts are after
quality control.
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Organ Time comparison Number of significantly Number of Number of significantly

up-regulated non-significantly down-regulated
transcripts expressed transcripts transcripts
DESeq2 EdgeR DESeq2 EdgeR DESeq2 EdgeR
Intestines Early vs. middie 0(0) 00) 26,563 26,500 00 2(0)
Middle vs. late 00) 0(0) 26,563 26,501 0(0) 1(0)
Early vs. late 0(0) 439(0) 26,563 26,055 00 8(0)
Heart Early vs. middie 86(0) 10) 27,968 24,623 52(0) 10)
Middle vs. late 6024(3774) 6358(3774) 27,968 17,740 41(14) 527(14)
Early vs. late 6023(3778) 8919(3778) 27,968 13,613 44(19) 2093(19)
Bone marrow Early vs. middie 10) 000) 14,329 10,416 687(0) 0(0)
Middle vs. late 36(3) 17(3) 10278 14,326 483(44) 121(44)
Early vs. late 16(7) 1022(7) 8632 14,689 704(268) 762(268)

Time comparisons are separated by their postmortem time groups: early (1 h, 3 h, 5 h), middle (24 h), and late (7 d). The number of significant transcripts from each
analysis method is shown with the number of common transcripts between the two methods being in parenthesis.
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