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Abstract Decomposition studies of vertebrate remains pri-
marily focus on data that can be seen with the naked eye,
such as arthropod or vertebrate scavenger activity, with little
regard for what might be occurring with the microorganism
community. Here, we discuss the necrobiome, or communi-
ty of organisms associated with the decomposition of re-
mains, specifically, the “epinecrotic” bacterial community
succession throughout decomposition of vertebrate carrion.
Pyrosequencing was used to (1) detect and identify bacterial
community abundance patterns that described discrete time
points of the decomposition process and (2) identify bacte-
rial taxa important for estimating physiological time, a time–
temperature metric that is often commensurate with mini-
mum post-mortem interval estimates, via thermal

summation models. There were significant bacterial com-
munity structure differences in taxon richness and relative
abundance patterns through the decomposition process at
both phylum and family taxonomic classification levels. We
found a significant negative linear relationship for overall
phylum and family taxon richness as decomposition
progressed. Additionally, we developed a statistical model
using high throughput sequencing data of epinecrotic bac-
terial communities on vertebrate remains that explained
94.4 % of the time since placement of remains in the field,
which was within 2–3 h of death. These bacteria taxa are
potentially useful for estimating the minimum post-mortem
interval. Lastly, we provide a new framework and standard
operating procedure of how this novel approach of using
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high throughput metagenomic sequencing has remarkable
potential as a new forensic tool. Documenting and identify-
ing differences in bacterial communities is key to advancing
knowledge of the carrion necrobiome and its applicability in
forensic science.
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Carrion . Decomposition . Epinecrotic communities

Introduction

One biological component of decomposing vertebrate re-
mains that has received little study for use in minimum post-
mortem interval (PMImin) estimates is that of the
microorganismal communities (e.g., bacteria and fungi), as
part of the “necrobiome” as defined by Benbow et al. [1].
The necrobiome is the community of prokaryotic and eu-
karyotic species associated with decomposing heterotrophic
biomass, including animal carrion and human corpses.
There are many techniques employed for estimating
PMImin of vertebrate remains. In forensic entomology rela-
tive abundance [2], developmental stage [3-5], and succes-
sion [6, 7] of arthropod species associated with the remains
having been used to estimate a PMImin. Investigators can
assess the decomposition stage of remains and make broad
estimations of exposure within a given environment, which
can, but does not necessarily, correspond to PMImin (e.g.,
remains frozen placed into the environment could skew
estimates) [8]. The decomposition process is variable
depending on biotic (e.g., scavenging, insect activity) and
abiotic (e.g., temperature, barriers preventing access) factors
[9]. Vertebrate carrion decomposition is commonly charac-
terized into decomposition stages, ranging from two [7, 10]
to eight [11], based on the physical appearance of the re-
mains and associated arthropod arrival patterns. However,
regardless of the number of stages, the process from fresh to
skeleton stage follows the same sequence. Typically, fresh
carrion remains begin to bloat shortly after death due to a
proliferation of enteric bacteria. The remains then putrefy
and either vertebrate scavengers or necrophilous arthropods
consume the soft tissue until the carcass is reduced to bone,
cartilage, and any unconsumed tissue or hair.

There has yet to be a study incorporating bacterial com-
munities in estimating carrion decomposition processes and
PMImin in terrestrial ecosystems. There are only a few
studies in aquatic systems that used algal and diatom [12],
bacterial [13], and fungal communities [14] to predict the
post-mortem submersion interval. This lack of production is
surprising given the recent technological genomic advances
that have made it possible to identify even non-cultural
microbial taxa and communities from the environment.
Next generation sequencing has led to significant gains in

the knowledge of bacterial communities in decomposition,
but has been overlooked in forensic sciences. Massively
parallel high throughput sequencing technology, such as
pyrosequencing, is based on sequence-by-synthesis theory
[15], which generates large amounts of data and obtains
sequences for microbial taxa that are new to science and/or
unculturable [16, 17]. This technology has been used to
characterize bacterial communities in habitats ranging from
the human gut [18] to deep mines [19]. Pyrosequencing
methods allow for the study of the microbiome in living
humans [20], and have demonstrated that humans maintain
a high degree of taxon diversity and richness [18, 20-23].
For example, pyrosequencing of microbial samples collect-
ed from 27 body regions (e.g., forehead, sole of the foot,
oral cavity, and gut) produced 4,949 species-level
phylotypes out of a total of 250,000 16S rRNA sequences
[24].

In this study, we used pyrosequencing to describe tem-
poral changes during carrion decomposition and to identify
members of the epinecrotic communities, which are part of
the necrobiome, which had the potential to be useful in
PMImin estimates. We define the epinecrotic community as
those organisms residing, or moving, on the surface of
decomposing remains, whether it is the skin or mucous
membrane of a cavity (e.g., mouth), and is primarily repre-
sented by prokaryotes, protists, and fungi. Utilizing high
throughput sequencing is a novel approach to characterize
bacterial community composition and succession during
vertebrate decomposition. Quantifying such change in com-
bination with understanding its relationship with decompo-
sition physiological time (h °C) could potentially be used to
more accurately and reliably estimate the PMImin for a
decedent while accounting for biological variation in such
communities. Our objective was to determine how next
generation technology could be used to describe bacterial
community composition and succession, and to evaluate
how such data can be used to make estimates of the
PMImin in death investigations.

There were three goals in this study: (1) describe the
epinecrotic bacterial community composition and succes-
sion that occurs during decomposition of vertebrate carrion;
(2) identify important bacteria taxa from these communities
useful in estimating physiological time, which we use as a
surrogate of PMImin estimations; and (3) understand how
quantifications of the human necrobiome, and specifically,
the epinecrotic communities, over time can potentially be
used in forensic investigations.

Materials and methods

Using replicate swine carcasses (n=3) as models of human
decomposition [25], we studied the epinecrotic bacterial
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community over the course of decomposition in a Midwestern
temperate forest habitat surrounded by agricultural fields in
Xenia, OH, USA (39.6375° N, 84.0270° W) in August 2010.
The dominant tree fauna consisted of oaks (Quercus spp.) and
maples (Acer spp.). The canopy cover was relatively homog-
enous (approximately 95%) over all carcasses [1]. Three male
swine ranging from 13.7–30.1 kg, euthanized by cranial blunt
force at approximately 16:30 h, were purchased from a local
farm on 5 August 2010. Carcasses were double-bagged,
transported for approximately 1 h, and randomly placed at
least 20 m apart along three transects, as previously described
[26], on a flat terrain at approximately 19:00 h on 5 August,
which was 2 h before the US National Oceanic and
Atmospheric Administration defined sunset. All carcasses
were oriented with heads to cardinal north and the dorsal side
of the carcass towards the east. Carcasses were covered with
anti-scavenging cages (0.9×0.6×0.6 m) constructed of wood-
en frames enclosed with poultry netting. We categorized de-
composition of the remains according to the stages as defined
by Payne [6]: fresh, bloat, active decay, advanced decay, and
dry. NexSens DS1923 micro-T temperatures loggers
(Fondriest Environmental, Inc., Alpha, OH, USA) were
placed within 0.6 m of each carcass approximately 0.3 m
above the ground and temperature was recorded every
15 min. Temperature data were later converted into physio-
logical time (h °C) using thermal summation models with a
base temperature of 0 °C, which accounts for temperature
variation over decomposition [27]. This measure is commonly
used in forensic applications when extrapolations are made
from experimental (i.e., lab) to field data of carrion under
different or highly variable thermal environmental conditions
[27-29].

Bacterial community sampling protocol

Epinecrotic bacterial communities were sampled immedi-
ately after carcass exposure in the environment (0) and then
at 1, 3, and 5 days thereafter based on preliminary data (not
shown). Sterile cotton applicators were used to sample the
communities from two regions on each carcass for 60 s: the
buccal cavity (the top area of the mouth and under the
tongue) and the skin, which consisted of combining three
areas (approximately 2.54×15.24 cm) along a single tran-
sect of the carcasses, while taking caution not to sample the
same areas throughout decomposition. Samples were stored
at 4 °C until further processing took place within 12 h of
sampling.

DNA extraction

DNA extraction took place using a modified chloroform-
phenol extraction. Briefly, samples were placed in 1.5-ml
microcentrifuge tubes with Tris-EDTA buffer, 10 % SDS,

proteinase K (100 μg/ml), and lysozyme (2 mg/ml).
Samples were homogenized and incubated at 56 °C for 1 h
while shaken at 900 rpm. Sodium chloride buffer (NaCl, 5 M)
was added to bring the total concentration above 0.5 M.
Cetyltrimethylammonium bromide/NaCl buffer was added
and the sample was thoroughly mixed and incubated at
65 °C for 10 min. Sequential extraction in a ×1 volume was
performed using phenol/chloroform/isoamyl alcohol
(25:24:1) then chloroform/isoamyl alcohol (24:1). DNA was
precipitated with isopropanol by centrifugation at 4,000×g for
2 min, followed by two washes in 70 % ethanol, then
dissolved in nuclease-free water, and quantified by
NanoDrop spectrophotometer (Nyxor Biotech, Paris,
France). DNA products from the three replicate carcasses
were mixed in equal concentrations and aliquoted for analysis
by pyrosequencing.

Pyrosequencing

Bacterial community structure was determined by modified
bacterial tagged encoded FLX amplicon pyrosequencing.
Extracted DNA from each sample (∼100 ng) was sent to
the Research and Testing Laboratory (Lubbock, TX). PCR
amplification of V1–3 regions of 16S rDNAwas performed
using the primers for bacterial populations Gray28F (5′
TTTGATCNTGGCTCAG) and Gray519r (5′GTNTTAC
NGCGGCKGCTG), as previously described [30-33]. Initial
generation of the sequencing library occurred with a one-step
PCR using a mixture of Hot Start and HotStar high-fidelity
Taq polymerases. PCR clean-up was performed with an
UltraClean® PCR Clean-Up Kit (MO BIO Laboratories, Inc.
Carlsbad, CA). Amplicons were obtained from the Gray28F
for bacterial diversity. A Roche 454 FLX instrument with
Titanium reagents and Titanium procedures were
employed to perform the tag-encoded FLX amplicon
pyrosequencing analyses based on RTL protocols
(www.researchandtesting.com). The sequences have been
deposited in the Sequence Read Archive at EBI with
study accession number ERP001998.

Pyrosequencing data analysis

Following sequencing, all failed sequence reads, low-
quality sequence ends, and tags and primers were removed,
and sequences depleted of any non-bacterial ribosome se-
quences and chimeras using B2C2 [34], as previously de-
scribed [35-39]. Sequences were aligned, using the
Ribosomal Database Project (RDP) under tool Aligner
(accessed on September 27, 2012), based on the 16S
rRNA secondary structure in Infernal aligner [40, 41].
Taxonomic classification of 16S rRNA sequences were
performed using Naïve Bayesian rRNA classifier version
2.2 in RDP (accessed on September 27, 2012) according

Int J Legal Med (2014) 128:193–205 195

http://www.researchandtesting.com


to Bergey’s bacterial taxonomy [42, 43]. Only sequences
having ≥80 % bootstrap support were considered classified
at a given taxonomic rank (phylum to family). Bacterial
taxon richness and relative abundance was determined for
each sampling region (i.e., buccal and skin) at each taxo-
nomic rank. “Rare taxa” represented those with <3 % of
total abundance.

Bacterial community analyses

Bacterial communities were analyzed at both phylum and
family taxonomic resolutions as defined by Wang et al. [43].
Taxon richness was analyzed using linear regression over
physiological time. Physiological time (h °C) was calculated
by summing average daily temperature over the course of the
study. Because we were only interested in how bacterial
communities (not insects) changed with physiological time,
0 °C minimum threshold was employed in this calculation.
Many bacterial species that cannot be cultured continue to
grow and reproduce even under cold temperatures, thus, mak-
ing a minimum threshold estimate difficult for community
data. To further analyze differences in taxon richness, permu-
tational multivariate analysis of variance (PERMANOVA)
was tested using the adonis function in the vegan 2.0–3 library
in the R statistical package [44, 45]. PERMANOVA is a
nonparametric technique used to differentiate groups based
on a Bray–Curtis dissimilarity matrix [45]. Bray–Curtis dis-
tance with nonmetric multidimensional scaling (NMDS)
using the vegan library in the R statistical package and PC-
ORD 5 (MjM Software, Gleneden Beach, OR, USA) [46] was
used to analyze operational taxonomic units, determined in the
pyrosequencing analyses, over decomposition. NMDS is a
nonparametric ordination technique that avoids assuming lin-
earity among community variables [47]. Multi-response per-
mutation procedure (MRPP) in PC-ORD 5 was employed for
testing statistical differences between covariates (i.e., decom-
position day and region of sampling) of bacterial community
composition within the ordination using methods described
elsewhere [48]. Indicator species analysis (ISA) in PC-ORD 5
complemented MRPP by assigning significant indicator
values to bacteria taxa (phylum or family) that were indicative
of community structure separation between sampling regions
(i.e., buccal and skin) and over decomposition after
Bonferroni corrections [47]. We used indicator values to iden-
tify bacterial taxa that best represented communities of each
sampling region and during decomposition based on phylum
or family classification, with 0 representing no indication and
100 being a perfect indication of each grouping [47].

A tiered statistical approach was used to estimate decom-
position time, as determined from physiological time, using
bacterial community composition. Random forest models
were used to identify taxa that contributed most to variation
in physiological time. The highest-ranking predictor taxa

from the random forest algorithm were then evaluated as
factors that significantly varied over time as measured by
physiological time using either generalized additive models
(GAMs) or generalized linear models (GLMs). Random
forest models were constructed using the randomForest
4.6–6 library in the R statistical package [44]. The mgcv
1.7–13 library in the R statistical package [44] was used to
construct both GAMs and GLMs. Evaluation of the models
was performed using a Gaussian distribution with an iden-
tity link function as determined from residuals plots of the
model. Using a combination of either indicator taxa from
ISA or taxa identified in the random forest analysis we
constructed competing models that used bacterial taxa to
estimate physiological time [49]. Because bacteria can sur-
vive within a wide range of temperatures, even demonstrat-
ing growth below freezing [50], bacterial growth was
presumed to be associated with decomposition under the
environmental temperature ranges of this study. This as-
sumption was based on reported understanding of
psychrotrophic and mesophilic bacteria [51], which were
common in this study and were not expected to grow in
freezing conditions. Since the bacterial communities identi-
fied in the study belonged to these well-described commu-
nities, a minimum base temperature of 0 °C was assumed for
these analyses.

Results

Decomposition progression

The local mean daily ambient temperature among carcasses
was 23.2±2.1 °C and physiological time (h °C) increased
linearly throughout decomposition (Fig. S1). Fresh stage
began at time of death (0±0 h °C) with no odor emitted,
no visual indication of decomposition and no observed
arthropod colonization. Bloat stage occurred within 24 h
(544±3 h °C) of field placement and was characterized by
expansion of the body torso with color changes resulting
from tissue marbling associated with gas accumulation.
Calliphorid eggs were documented in large masses on the
head of each carcass. Active decay stage was indicated by
soft tissue removal by Calliphoridae (from eggs to third
instars) with the remainder of the carcass beginning to
deflate on the third day (1,540±5 h °C). All larval activity
was primarily located on the head region. Advanced decay
stage was documented on the fourth day of decomposition
(2,780±4 h °C) and was similar to the active decay stage,
but most soft tissue had been removed by calliphorid larval
masses (potentially thousands of larvae as a collective ag-
gregation) [26]. Carcasses decomposed to the dry stage,
which represented the end of decomposition with no soft
tissue remaining and calliphorid larvae dispersing from the
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resource, between the sixth (3,308±16 h °C) and seventh
day (3,912±19 h °C) of decomposition.

Epinecrotic bacterial community composition
during decomposition

The bacterial communities demonstrated marked differ-
ences in taxon richness and relative abundance patterns
through the decomposition process at both phylum and
family taxonomic classification levels. Carcasses decom-
position to the dry stage occurred within 5 days
(2,692 h °C) of field placement, and each decomposition
stage had a unique profile of 4 dominant bacteria com-
munity phyla and 20 families that changed during carrion
decomposition.

Phylum level taxonomic resolution

A total of 137,181 sequences were obtained throughout
decomposition from the samples of all three carcasses com-
bined. There were notable trends and changes in bacterial
taxon relative abundance, excluding rare taxa (<3 % relative
abundance), at phylum level throughout decomposition
(Fig. 1, Table S2). Over the course of decomposition (via
h °C), Proteobacteria was the dominant phylum (70.4±
1.6 %) with Firmicutes being the next most abundant,
representing 20.1±6.6 % of the community. Proteobacteria
decreased over time, changing from the dominant phylum

on the first (41.9±10.3 %) and third (30.9±44.9 %) days to
only 2.5±2.2 % by the fifth day. Firmicutes became the
dominant taxon as decomposition progressed comprising
of 36.2±9.6, 57.3±38.6, and 96.6±1.3 % on the first, third,
and fifth sampling day, respectively. Rare phyla accounted
for less than 0.5 % of the total relative abundance across
decomposition (Fig. 1).

There was a significant negative linear relationship of phy-
lum taxon richness over the course of decomposition (Fig. 2).
Phylum richness decreased by 30.6 % (y=−0.007x+5.95,
R2=0.40, P=0.0002) when all phyla were included and by
53.6 % when rare phyla (<3 % relative abundance) were
removed (y=−0.001x+2.94, R2=0.53, P <0.0001).

At phylum level, there was a significant difference in
the epinecrotic bacterial communities among sampling
days, but there was no significant differences among
replicate carcasses, nor were there significant interac-
tions (Table S3, S4). A two-dimensional NMDS ordina-
tion explained 95.6 % (stress=0.11) of bacterial
community structure (Fig. S2) with significant differ-
ences between the earliest days of decomposition and
the last day (Table S5).

Fusobacteria was a significant indicator phylum of the
overall epinecrotic community on the first sampling day,
while Actinobacteria significantly represented the skin com-
munities (Table S5). There were no other significant indica-
tor phyla. Five phyla were determined to be important
predictors of estimating physiological time from random

Fig. 1 Bacterial community-relative abundance at a phylum and b
family taxonomic level with rare taxa cut off at <3 % relative abun-
dance on decomposing swine carcasses. Carcasses transitioned from

fresh (initial placement–0 h °C) to bloat (Day 1–541 h °C) to active
decay (Day 3–1,535 h °C) to dry (Day 5–2,692 h°C) decomposition
within 5 days of placement in the field
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forest analyses, and explained 62.1 % of the variation in
physiological time throughout decomposition (Fig. S3).

Family level taxonomic resolution

Over the course of decomposition, Moraxellaceae was the
most dominant (51.3±23.2 %) with Pasteurellaceae,
Enterobacteriaceae, and Aerococcaceae representing 8.9±
4.9, 7.9±13.8, and 6.8±3.0 % relative abundance, respective-
ly (Fig. 1, Table S2). On the first sampling day (Fig. 1, Table
S2), Moraxellaceae was reduced (11.2±5.5 %) and was not
present on either the third or fifth sampling day. However,
Aerococcaceae increased throughout decomposition until the
third sampling day and then was not present on the fifth day.
Enterobacteriaceae followed a similar trend increasing in
relative abundance until the third day of decomposition with
no presence after 5 days. Planococcaceae was the most dom-
inant family (49.2±12.3 %) on the fifth day (Fig. 1, Table S2),

which was about a 20-fold increase from the previous three
sampling time points. The next two dominant families on the
fifth day were Clostridiales incertae sedis XI (26.3±17.2 %)
and Clostridiaceae (6.4±8.2 %). Rare families accounted for
12.7, 15.2, 8.5, and 8.0 % of the total relative abundance on
initial placement and 1, 3, and 5 days of decomposition,
respectively (Fig. 1).

There was a significant negative linear relationship for
overall family taxon richness over the course of decompo-
sition (Fig. 2). Family richness decreased 60.2 % by the end
of the fifth sampling day (y=−0.010x+44.41,
R2=0.74, P <0.0001), but only decreased by 17.5 % when
rare taxa were removed (y=−0.0003x+4.10, R2=0.049,
P=0.3071).

There was a significant difference in the epinecrotic
bacterial community among days, with no significant dif-
ferences among replicate carcasses or significant interac-
tions; however, there was a significant difference between

Fig. 2 Taxon richness of bacterial communities decreased linearly
over decomposition (h°C). Phylum richness decreased by a
30.6 %when all taxa were present (y=−0.007x+5.95, R2=0.40, P=
0.0002) and b 53.6 % when rare taxa were removed (y=−0.001x+2.94,
R2=0.53, P <0.0001). Family richness decreased by c 60.2 % when all
taxa were present (y=−0.010x+44.41, R2=0.74, P <0.0001), however,

once rare taxa were removed richness decreased d by only 17.5 % (y=
−0.0003x+4.10, R2=0.049, P=0.3071). Each dark filled circle (all
taxa present) and light filled circle (rare taxa removed) represent the
bacterial community of a single sampling region (i.e., head or skin
region) from an individual carcass; n=6 for each sampling time point
(h°C). The dotted lines represent the 95 % confidence intervals
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sampling regions (i.e., buccal and skin bacterial communi-
ties) and a significant interaction effect with sampling day
(Table S7, S8). A two-dimensional NMDS ordination
explained 75.2 % (stress=0.24) of bacterial community
structure at the family taxonomic level (Fig. S2) with sig-
nificantly different epinecrotic communities among sam-
pling days (MRPP: T=−5.50, P <0.0001). Pair-wise
comparisons indicated significant differences in bacterial
community composition between all pairs of sampling days
(initial placement, 1, 3, and 5 days) except between initial
placement and day 1, and days 1 and 3 (Table S5).

There were 17 indicator families across decomposition
(Table S9). However, after Bonferroni correction (adjusted
α=0.0029) there were only four significant indicators of
decomposition. During the initial sampling, Bacteroidaceae
and Moraxellaceae were significant indicators, while
Bacillaceae and Clostridiales Incertae Sedis XI were signifi-
cantly represented the communities after on sampling day 5.
There were three indicator families representing the skin com-
munities before Bonferroni correction (Table S9). Ten families
were determined to be important for estimating physiological
time from random forest analyses and explained 78.5 % of the
variation in physiological time throughout decomposition
(Fig. S4).

Models estimating significant predictors of physiological
time

Using indicator phyla or families from either ISA or random
forest analysis we developed models that best described
variation in physiological time. The ISA significant indica-
tor taxon (Fusobacteria) provided the poorest model for
estimating physiological time (15.1 % of the variation;
Table 1). The full model using all five phyla from the

random forest analysis explained 84.1 % (generalized
cross-validation score (GCV)=4.60e+05) of the variation
in physiological time (Table 1). However, there were four
phyla from the random forest analysis that provided the best
model and explained the most variation in physiological
time (84.4 %, GCV=4.16e+05). Those four phyla were:
Bacteroidetes, Proteobacteria, Actinobacteria, and Firmicutes.
These phyla showed substantial shifts in relative abundance
over decomposition (Fig. 1).

Significant epinecrotic family indicators from the ISA
results provided the best models for estimating physiologi-
cal time (Table 2). The full model using 17 families identi-
fied from random forest explained 96.0 % (Akaike
information criterion (AIC)=345.3) of physiological time
variation, while a reduced model with only 10 taxa
(Table 2) was the most informative and explained the most
amount of variation in physiological time (94.4 %, AIC=
343.2). At family level of identification, the taxa identified
by random forest analyses produced the poorest models
(Table 3) explaining 62.3–92.3 % in physiological time
variation. Overall, family level taxa from indicator species
analysis produced the best model for explaining the varia-
tion in physiological time.

Discussion

We developed a model using high throughput metagenomic
sequencing of bacterial communities on vertebrate remains
that explained 94.4 % of the time since placement of re-
mains in the field (as measured by physiological time),
which was within 2–3 h after death. Ambient air tempera-
tures were consistent across carcasses since the remains
were located in the same habitat and thus physiological time

Table 1 Generalized additive models estimating physiological time (h °C) using bacteria community phyla indicators from either random forest or
indicator species analysis results

Model Indicator taxa
source

Physiological time (h °C) = R2

(adj.)
Percent
(%)

GCV

1 Random forest s(Bacteroidetes) + s(Proteobacteria) + s(Actinobacteria) + s(Firmicutes) +
s(Fusobacteria)

0.754 84.1 4.60e+
05

2 Random forest s(Bacteroidetes) + s(Proteobacteria) + s(Actinobacteria) + s(Firmicutes) 0.768 84.4 4.16e+
05

3 Random forest s(Bacteroidetes) + s(Proteobacteria) + s(Actinobacteria) 0.709 78.5 4.75e+
05

4 Random forest s(Bacteroidetes) + s(Proteobacteria) 0.430 50.5 7.91e+
05

5 Random forest s(Bacteroidetes) 0.154 20.9 1.09e+
06

6 ISA s(Fusobacteria) 0.088 15.1 1.18e+
06

Each model is accompanied by the R2 (adj.) value, the percent variation of physiological time (%) explained by each model and the generalized
cross-validation score (GCV), in which a lower value indicates a better model
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was equivalent to temporal age (Fig S1). Frequently in
forensic entomology, physiological time calculated by ther-
mal summation models is estimated from developmental
data sets where temperature was stable (i.e., laboratory
studies) for each replicate [3-5]. We are not aware of other

empirical studies in forensics that provide a tool for estimat-
ing physiological time, as a surrogate of PMImin, using
bacterial communities. Previous studies examining decom-
position have primarily focused on larger-scale observable
data such as insects [52] or vertebrate scavengers [53] with

Table 2 Generalized linear models estimating physiological time (h°C) using bacteria community family indicators from the indicator species
analysis results

Model Indicator taxa
source

Physiological time (h °C) = Percent
(%)

AIC

11 ISA Campylobacteraceae + Enterococcaceae + Prevotellaceae + Moraxellaceae +
Hyphomicrobiaceae + Clostridiales Incertae Sedis XI + Porphyromonadaceae +
Pasteurellaceae + Bacillales Incertae Sedis XI + Brucellaceae + Neisseriaceae +
Rhodocyclaceae + Streptococcaceae + Fusobacteriaceae + Bacteroidaceae +
Xanthomonadaceae + Bacillaceae 2

96.0 345.3

12 ISA Campylobacteraceae + Enterococcaceae + Prevotellaceae + Moraxellaceae +
Hyphomicrobiaceae + Clostridiales Incertae Sedis XI + Porphyromonadaceae +
Pasteurellaceae + Bacillales Incertae Sedis XI + Brucellaceae + Neisseriaceae +
Rhodocyclaceae

94.8 345.3

13 ISA Campylobacteraceae + Enterococcaceae + Prevotellaceae + Moraxellaceae +
Hyphomicrobiaceae + Clostridiales Incertae Sedis XI + Porphyromonadaceae +
Pasteurellaceae + Bacillales Incertae Sedis XI + Brucellaceae

94.4 343.2

14 ISA Campylobacteraceae + Enterococcaceae + Prevotellaceae + Moraxellaceae +
Hyphomicrobiaceae + Porphyromonadaceae + Pasteurellaceae + Bacillales Incertae Sedis XI +
Brucellaceae

92.9 346.3

Each model is accompanied by the percent variation of physiological time (%) explained by each model and the Akaike information criterion (AIC),
which was used to select the best model

Table 3 Generalized additive models estimating physiological time (h°C) using bacteria community family indicators from random forest results

Model Indicator
taxa source

Physiological time (h °C) = R2

(adj.)
Percent
(%)

GCV

1 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI) + s(Comamonadaceae) + s(Fusobacteriaceae) +
s(Veillonellaceae) + s(Lachnospiraceae) + s(Neisseriaceae)

0.817 91.3 4.61e+
05

2 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI) + s(Comamonadaceae) + s(Fusobacteriaceae) +
s(Veillonellaceae) + s(Lachnospiraceae)

0.827 91.4 4.19e+
05

3 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI) + s(Comamonadaceae) + s(Fusobacteriaceae) +
s(Veillonellaceae)

0.841 91.6 3.60e+
05

4 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI) + s(Comamonadaceae) + s(Fusobacteriaceae)

0.851 92.3 3.46e+
05

5 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI) + s(Comamonadaceae)

0.836 90.2 3.33e+
05

6 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) +
s(Clostridiales Incertae Sedis XI)

0.847 90.2 2.90
+05

7 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) + s(Micrococcaceae) 0.745 81.8 4.30e+
05

8 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) + s(Aerococcaceae) 0.763 79.4 4.08e+
05

9 Random
forest

s(Campylobacteraceae) + s(Moraxellaceae) 0.740 78.5 3.81e+
05

10 Random
forest

s(Campylobacteraceae) 0.587 62.3 5.44e+
05

Each model is accompanied by the R2 (adj.) value, the percent variation of physiological time (%) explained by each model and the generalized
cross-validation score (GCV), which a lower value indicates a better model
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little regard for what might be occurring with the microbial
communities; despite implications of the microbial commu-
nity function in key decomposition processes (e.g., volatile
organic compound production) [54, 55]. No experiment can
a priori account for temperature fluctuations throughout
larval development, therefore forensic practitioners use,
and expect, physiological time values (e.g., h °C or ADH)
[8]. It is clear from our data that there are temporally distinct
bacterial communities over time as decomposition visually
progresses (e.g., fresh vs. advanced decay). However, we
found the ability to differentiate bacterial communities
throughout physiological time depends on the level of tax-
onomic resolution.

We documented how using high throughput
metagenomic sequencing can describe the epinecrotic bac-
terial communities of the necrobiome in a way that is pos-
sible to estimate the stages of carrion decomposition, but
that this ability was dependent on the taxonomic scale of
resolution. Interestingly, all non-rare taxa (>3 % relative
abundance) have been documented in the human microbiome
[20, 56-59]. Other microorganisms present on a carcass as
decomposition progresses such as fungus [60], or bacteria
transported to a carcass or corpse via flies, could be affecting
taxon richness through processes like competition [61, 62].
Additionally, the decrease in taxon richness over time could
result from insect colonization and utilization of the remains.
Insect colonizers (e.g., blow flies and necrophilous or ne-
crophagous beetles) use carrion as a nutrition source, mating
or oviposition site. Subsequent larval development may dis-
rupt established microbial communities through direct or in-
direct competitive interactions on the carcass. Insects have
many strategies for combating microbial communities includ-
ing initiating immune responses after pathogen detection
[63-65], pathogen avoidance as seen in honey bee colonies
rejecting nest mates whom have been infected or parasitized
[66, 67], and insects producing secretions containing antibi-
otic properties [68-70]. Blow flies may directly impact micro-
bial species through chemical secretions while consuming
carrion tissue [71, 72].

Additionally, blow flies may be using bacterial quo-
rum sensing communication as signals for arrival pat-
terns and behavior such as oviposition [73, 74]. Further
analysis is needed to determine how changes in the
bacterial community structure alter insect arrival and
colonization patterns of carrion once microbial prolifer-
ation has occurred. This information could also be use-
ful in estimating the PMImin using the necrobiome either
with insects or microbes, and especially useful in in-
stances where insects do not immediately colonize the
remains. However, the base temperature utilized in our
study would not be appropriate for those bacteria in
other categories occurring outside of the 0 °C (our base
temperature applied in this study) and 60 °C range. We

selected 0 °C as our base temperature as it was well
below the minimum temperature experienced in our
study and would represent a minimum temperature that
would support the bacteria identified in our study. Since
the base temperature influences the slope associated
with the physiological time, selection of an erroneous
base temperature could result in an over or under esti-
mation of the degree of accuracy of the resulting model
for predicting a PMImin. Future research should examine
the microbial communities that are stable on carrion as
it decomposes over time and determine specific ranges
of base temperatures that would allow for the refine-
ment and increased accuracy of our model. Without
knowing the true base temperatures of the microbial
communities identified in this study, our model is a
starting point of investigation, which will be improved
as more details regarding bacterial base temperatures are
determined from empirical studies.

We demonstrate with this study that understanding differ-
ences in carrion, or human, epinecrotic bacterial communities
is important for advancing knowledge of the necrobiome and
its applicability in forensics. Specifically, we provide some of
the first empirical evidence that bacterial communities can be
used to estimate physiological time as a surrogate of decom-
position. A tiered approach using GAMs and GLMs was
employed to assess if coarse-scale indicator taxa (i.e., results
from ISA representing physiological time throughout decom-
position) or fine-scale indicator taxa (i.e., results from random
forest analysis) would be best for estimating physiological
time. Accuracy of GAMs to predict blow fly age in association
with developmental and gene expression data has been exam-
ined in previous forensic research [75, 76].

Using phylum level data, random forest indicator phyla
explained 92.3 % of the variation in physiological time, but
ISA indicator taxa at the family level explained the overall
greatest amount of variation (94.4 %) in physiological time.
However, one must keep in mind that overfitting is always
possible with multivariate models. The addition of a term
(e.g., bacteria taxon) must overcome the natural increase in
precision expected by adding an additional covariate, and
thus, adding a term must improve a model considerably to
make it worth keeping or one risks making predictions with
a model that is not generalizable [49]. Ultimately, the pa-
rameters identified here can be utilized in alternative statis-
tical methods (e.g., inverse prediction models) to determine
PMImin estimates in the future [77]. Any such model would
need to be tested in field conditions, thus blind testing of
these models is necessary for validation [49]. If blind studies
fail to validate the models then additional environmental
observations are required and a recommendation for
regional-, local- and seasonal-models would be warranted.

Depending on the scale of information required in an
investigation, there are two approaches using epinecrotic
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bacteria community data to be useful in estimating a
PMImin. We found that phylum level taxonomic resolu-
tion was best to distinguish between days of decompo-
sition. But family level indicator taxa were best at
estimating variation in physiological time, a finer tem-
poral scale surrogate for decomposition time. The ap-
proach of using bacteria community data is similar to
PMImin estimates using blow fly development data.
There are numerous data sets available for blow fly
development at constant temperatures [76, 78-80], which
are then used to estimate a PMImin.

Using epinecrotic communities in forensic investigations

With the documentation of bacterial succession over
decomposition and evidence of estimating physiological
time from bacterial taxa, the following question arises:
How useful will these data be in a forensic application?
Therefore, we propose a framework (Fig. 3) of how
epinecrotic bacterial community data would be used in
casework. Once remains have been located, investigators
would swab the buccal and skin using sterile cotton-
tipped swabs. This approach would provide the crime
scene evidence collection that could be used to describe
an overall bacterial community profile of the remains at
time of discovery. Samples are then stored individually
in separate containers and placed at −20 °C until further
analysis. Metagenomic sequencing is performed once
the DNA from each sample has been extracted and
processed for sequencing (as described in this paper).

High throughput sequencing techniques currently avail-
able are pyrosequencing and Illumina with new tech-
niques continuously being developed (e.g., ion torrent).

For this study, pyrosequencing was the preferred se-
quencing method; however, as technologies improve, there
may be more efficient and cost-effective sequencing ap-
proach for detecting and identifying bacterial communities.
After sequencing, the sequences must be classified and the
overall bacterial community assessed by determining taxon
richness and relative abundance at the preferred level of
taxonomic resolution. These data are necessary for the final
step of estimating the number of days of decomposition or
the physiological time. Bacterial communities from samples
are then compared to reference data from similar environ-
ments, such as those of this study, including taxon richness
and relative abundance. The bacterial community-relative
abundance can be compared to the known ratios of domi-
nant taxa across decomposition (Fig. 1). Finally, data from
the nearest weather station can be collected and used to back
calculate the estimated physiological time range based on
bacterial communities. However, there is a caveat with this
approach since the reference data have an upper threshold of
approximately 3,000 h at approximately 23 °C during de-
composition of swine remains. However, insect activity
usually occurs within this temperature range and represents
a quantified method for estimating time of colonization and
thus a PMImin.

The approach of this framework is similar to methods
used by forensic entomologists. For example, insect samples
collected on remains can be compared to known develop-
ment data sets with established physiological time ranges
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Fig. 3 Framework for utilizing
bacterial communities to
estimate physiological time
(h °C)
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associated with each insect development stage.
Physiological time estimates based on thermal summation
models can then be provided based on temperature data
collected from a weather station in the surrounding area.
As opposed to growth rates of specific bacterial taxa, we are
suggesting that overall abundance or relative abundance of
specific taxa, within the epinecrotic community can estimate
physiological time and thus the PMImin. These bacterial
communities are functioning partly as would gene expres-
sion levels in blow fly analyses [81] and partly as succession
data [82]. This would be a productive avenue for future
studies.

There are limitations to the reference data set provided in
this paper. Despite the wealth of information provided by
pyrosequencing, a lack of known reference genomes for se-
quence comparisons, an increased error rate with sequencing
insertions–deletions, and the expense of utilizing the technol-
ogy current limits its widespread use in forensics [83].
Additionally, computation limitations of pyrosequencing in-
clude cost, the need for sufficient computing power, and lim-
itations in algorithms capable of analyzing the output in a
biologically relevant manner [16, 23]. Due to the novel ap-
proach of this forensic method, more data is needed to further
account for variation in epinecrotic bacterial communities as-
sociated with human remains in different habitats, geographic
regions, and seasons. The spatial and temporal differences in
bacteria communities could be analogous to insects of forensic
importance where a single blow fly species, e.g., Cochliomyia
macellaria (Fabricus) (Diptera: Calliphoridae), demonstrates
variation in development among geographic regions [84, 85]
and ambient temperature regimes [4, 86].

Although done in one location and one season in Ohio, to
the best of our knowledge, this study documents for the first
time a metagenomic approach to analyze distinct bacterial
communities throughout carrion vertebrate decomposition
and the potential use of bacterial communities to estimate
physiological time with decomposing vertebrate remains
(e.g., human). We advocate for future studies to use this
proposed framework in other biomes and during different
seasons to add to a larger database with the potential to use
bacterial communities in estimating the PMImin of carcasses or
corpses, in a range of environmental conditions. Additionally,
our study demonstrates how epinecrotic community structure
can be used to discriminate decomposition time via both
simple (e.g., relative abundance) and sophisticated modeling
(i.e., GAMs and GLMs) approaches. Epinecrotic bacterial
communities had distinct profile shifts within 1 day of decom-
position, and this may prove useful in scenarios where other
forensic evidence is lacking: for example, when forensically
important insects have not yet colonized the remains at the
time of discovery. There is tremendous potential in the future
for utilizing epinecrotic bacterial communities as a tool in
forensics. Additionally, these data contribute to the growing

knowledge base of the overall dynamics of the necrobiome
and decomposition ecology. The linkage of the necrobiome to
decomposition ecology could identify critical community in-
teractions important to the decomposition process, mecha-
nisms governing attraction of non-microbes to carrion, and
effects of the decomposition processes in nature along with
forensic relevance and potential application.
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