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CRIMINALISTICS
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Next-Generation Sequencing of the Bacterial
16S rRNA Gene for Forensic Soil Comparison:
A Feasibility Study*

ABSTRACT: Soil has the potential to be valuable forensic evidence linking a person or item to a crime scene; however, there is no established soil individualization technique. In this study, the utility of soil bacterial profiling via next-generation sequencing of the 16S rRNA gene
was examined for associating soils with their place of origin. Soil samples were collected from ten diverse and nine similar habitats over time,
and within three habitats at various horizontal and vertical distances. Bacterial profiles were analyzed using four methods: abundance charts
and nonmetric multidimensional scaling provided simplification and visualization of the massive datasets, potentially aiding in expert testimony,
while analysis of similarities and k-nearest neighbor offered objective statistical comparisons. The vast majority of soil bacterial profiles
(95.4%) were classified to their location of origin, highlighting the potential of bacterial profiling via next-generation sequencing for the forensic analysis of soil samples.

KEYWORDS: forensic science, soil evidence, bacterial profiling, soil profiling, bacterial abundance charts, nonmetric multidimensional
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Soil can become evidence in a criminal investigation when a
crime occurs in an outdoor location or is collected from clothing,
shoes, tires, or other items associated with a crime. In these
instances, soil can reveal information about the location where a
crime was committed or link a suspect or victim to the scene
(1). Soil was involved in criminal investigations as far back as
the 1800s, when a visual comparison of sand was used to trace
a barrel that had once been filled with silver to a specific train
station on the Prussian railroad, resulting in a conviction (2).
Traditional forensic techniques for soil analysis involve the
examination of class characteristics such as grain size, pH, and
moisture content (3,4). Conclusions drawn based on these characteristics may vary from one expert to the next, and unless the
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soil contains very rare attributes, it often does not carry much
probative value. Given such shortcomings, the need for an
overarching, objective technique for soil identification and
comparison is evident. Bacterial profiling, already widely used
by microbiologists to characterize varied soil samples, holds the
potential for the individualization of soil for forensic purposes.
Bacterial Profiling of Soil
One gram of soil contains 4 9 107–2 9 109 bacteria, which
vary widely in species diversity and abundance (5). For over a
century, attempts have been made to detect and quantify bacteria
from an array of sample types, dating as far back as Koch’s (6)
isolation of bacteria from blood via culture on Petri plates.
Culturing can be used to quantify bacteria, but only viable cells
under suitable growth conditions develop colonies, resulting in a
steep underestimation of diversity, limiting the applicability of
bacterial culture methodologies for forensic purposes (7). Techniques developed for bacterial identification beyond culturing
also generally fail to capture the diversity and abundance of bacteria present in soils, as they cannot differentiate many bacteria
either because they do not detect certain species or they lack
resolving power so that different species categorize as the same.
Woese and Fox (8) pioneered the use of 16S ribosomal RNA
(rRNA) gene analysis for constructing bacterial phylogenies.
This marker is conserved across bacteria and archaea, but contains nine variable regions that can be used for identification,
often to the species level. Two decades later, Liu et al. (9)
described terminal restriction fragment length polymorphism (TRFLP) analysis, which generates 16S bacterial profiles via locus
amplification, restriction enzyme digestion, and electrophoretic
separation of the products. The resultant bands or peaks are
compared to estimate bacterial similarities among samples. Since
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then, T-RFLP has been widely used in both the microbiological
(e.g., 10) and forensic (e.g., 11–13) fields. Unfortunately, as
noted above for other techniques, the massive number of bacterial species in soil and the limited resolving power of T-RFLP
diminishes its forensic utility.
Given this, it is clear that successful forensic analysis of soils
based on their bacterial makeup requires the production of more
complete, higher resolution data. Next-generation sequencing of
the 16S rRNA gene, first described by Jonasson et al. (14), may
fill this role, as it is an extremely robust methodology for bacterial identification. Next-generation sequencing is currently being
used extensively by microbiologists for bacterial community
analysis (e.g., 15,16), and large bacterial sequence reference
databases have been created (17,18), allowing classification of
bacteria at taxonomic levels from phylum to species. Several
next-generation sequencing platforms are available, including ion
semiconductor sequencing (Life Technologies, Carlsbad, CA),
pyrosequencing (e.g., Roche, South San Francisco, CA), and
Illumina sequencing by synthesis (San Diego, CA). Loman et al.
(19) compared the performance of these three platforms in
sequencing an E.coli isolate and found the latter produced the
lowest error rate and highest throughput. The Illumina methodology has been successful for generating bacterial profiles collected from a variety of environments such as the human gut
and lake sediment (20), but its value for forensic characterization
of soil has not been documented.
Analysis of Soil Bacterial Profiles Generated via NextGeneration Sequencing
Next-generation sequencing can produce hundreds of thousands
of sequence reads per soil sample, which results in tremendous
amounts of potential identification data, but at the same time creates unique challenges for forensic applications. Microbiologists
have used myriad methods for analyzing these massive datasets,
including bacterial abundance charts (e.g., 21,22), pairwise comparisons (e.g., 23,24), hierarchical cluster analysis (e.g., 25,26),
nonmetric multidimensional scaling [NMDS (e.g., 10,13)], analysis of similarities [ANOSIM (27)], and supervised classifications
(e.g., 28). All of these techniques have been useful for understanding bacterial community structure and function; however, the
criminal justice system has somewhat different data analysis
demands, as its main goal is to associate or differentiate soil samples. This can potentially be performed visually using next-generation sequencing data, although the 2009 National Academy of
Sciences (NAS) report on forensic science (29) called for “the
development and establishment of quantifiable measures of the
reliability and accuracy of forensic analyses,” meaning that simply
stating the bacterial profile of a questioned and known soil appear
similar or dissimilar is not an adequate forensic conclusion. On the
other hand, forensic scientists may be required to present their data
to a judge or jury in an easily understood fashion, which is often
best accomplished through demonstrative charts or diagrams,
which again are visual. All factors taken together, it is not clear if
the analysis techniques currently used by microbiologists will
meet the demands of forensic science, but they represent viable
starting points, as some produce a visual output (albeit one that is
subjectively interpreted), while others result in specific, objective
measures of similarity.
Hopkins (30) examined the utility of several soil bacterial profile analysis techniques for forensic application, eliminating
some while finding others quite useful. Using 16S rRNA
sequence data produced through pyrosequencing, it was deter-

mined that hierarchical cluster analysis and pairwise comparisons
were problematic in that slight procedural modifications often
resulted in different outcomes for the same set of soil samples;
such results would be decidedly detrimental in a forensic context, where definitive answers are sought. In contrast, the author
found that results based on three methods—bacterial abundance
charts, NMDS, and supervised classification—remained consistent throughout, fulfilling a primary requirement of forensics.
Bacterial abundance charts are generated from taxonomic data,
categorizing and quantifying the bacteria that make up a profile.
The charts can be depicted at any taxonomic level, however, if
too many groups exist, such as when considering genera or species, the charts may be largely uninterpretable; therefore, most
microbiologists build abundance charts at the phylum or class
level. Such charts present an easy to understand display of bacterial profile members, and researchers have used them to assess,
for instance, the influence of environmental stressors such as
repeated wetting and drying (31) or diesel fuel contamination
(26) on the bacterial makeup of soil. Abundance charts have also
been proposed for the forensic assessment of changing bacterial
levels on and within decomposing bodies (32). In court, abundance charts could potentially provide the expert witness with a
useful visualization tool for a jury; however, they do not allow
for a numerical or statistical measure of relative similarities
among bacterial profiles; therefore, further analysis methods are
necessary.
NMDS provides a measure of relative association among samples by orienting the datasets in multidimensional space based
on their similarity or dissimilarity. For soil analysis, such values
would be calculated between each pair of bacterial profiles in a
given sample set, either based on DNA sequences or at a given
taxonomic level. The location of a soil bacterial profile within a
plot, represented by a single point, reveals its relative similarity
to the other profiles being ordinated. Groups, or clusters, of similar profiles are identified, and further statistical analysis, such as
ANOSIM (27), can be employed to compare them. Increasing
the number of dimensions in a NMDS plot can tease out subtle
differences among soil profiles; however, visualization becomes
more difficult at these higher levels, while two-dimensional plots
are easier to interpret. A goodness of ordination measure, termed
stress, accompanies a NMDS plot (33), wherein the lowest stress
value obtained indicates the best fit of the data. Multidimensional scaling has been employed forensically when comparing
soil bacterial profiles generated via T-RFLP analysis (10,13),
showing that profiles from the same habitat cluster together in
multidimensional space; however, intermingling of profiles
among habitat types occurred, precluding clear differentiation of
them based on T-RFLP data. A drawback of NMDS is that it
has subjective components (e.g., determining the number of
dimensions to use or defining a cluster), but in spite of this, the
data depiction that NMDS plots provide may have substantial
value for jury comprehension of soil bacterial profiling.
Supervised classification techniques have the potential to produce a more objective assignment of bacterial profiles to a location of origin (34). These techniques build models from groups
of known samples collectively called training sets. Unknowns
are then introduced and assigned to the closest group or, depending on the technique, to no group at all. Yang et al. (28) used
supervised classification techniques to assign soil microbial communities to their location of origin with approximately 90%
accuracy, based on length differences in 16S rRNA variable
regions 1, 2, 3, and 9. This methodology does not hold nearly
the resolving power of next-generation sequencing; thus, the
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accuracy might be increased; however, it does highlight the utility of supervised classifiers for bacterial profile analysis.
The research presented here was designed to examine the feasibility of using next-generation sequencing of the 16S rRNA
gene to individualize soil samples for forensic purposes. Sensabaugh (35) noted that for a soil microbial profiling method to
achieve forensic utility, two locations must be differentiable, the
technique must be robust and repeatable, and objective statistical
measures must be implemented to assess similarities and differences among samples. Minding these recommendations, in this
study variation among bacterial profiles from differing habitat
types, similar habitat types, and time and space within a habitat
was assessed based on next-generation sequencing of the 16S
rRNA gene. Bacterial abundance charts and NMDS allowed
visual comparison of bacterial profiles, ANOSIM was used to
statistically compare clusters of profiles from the same location,
and bacterial profiles were assigned to a location of origin based
on the supervised classification technique k-nearest neighbor
(k-NN). The forensic utility of these analysis techniques
was examined, focusing on their ability to accurately trace soil
to its point of origin, their objectivity, and their capacity for
facilitating jury understanding.
Materials and Methods
Soil samples were collected in 2013 and 2014 using a garden
trowel that had been rinsed with deionized water and wiped with
a paper towel. Approximately 100 g of surface soil from a 1-ft2
area was homogenized in an 18 oz Whirl-Pakâ bag (Nasco Fort,
Atkinson, WI) and stored at 20°C until DNA extraction. Habitat types and GPS coordinates obtained from Google Maps
(Mountain View, CA) are shown in Table 1.
The influence of time on bacterial profiles both within and
among habitat types was examined by collecting soil samples
from 10 diverse habitats every 3 months for 1 year. Soils were
also collected from nine locations of the same habitat type
(woodlots 1–9, Table 1) once every 2 weeks over an 8-week
period in the summer of 2014, totaling five samples per location.

TABLE 1––GPS coordinates of sampling sites.
Site Name
Marsh*
Field*
Coniferous Forest*
Beach*
Corn Agricultural Field*
Fallow Agricultural Field*
Road Side*
Dirt Road*
Yard* (Depth and Spatial)
Deciduous Woodlot* (Depth and Spatial)
Chemically Treated Yard (Spatial)
Chemically Treated Yard (Depth)
Woodlot 1
Woodlot 2
Woodlot 3
Woodlot 4
Woodlot 5
Woodlot 6
Woodlot 7
Woodlot 8
Woodlot 9
*Denotes the 10 diverse habitats

GPS Coordinates
42°420 32.0″N
42°420 38.9″N
42°410 11.9″N
42°450 13.9″N
42°420 33.5″N
42°450 06.4″N
42°480 03.4″N
42°480 17.2″N
42°420 39.0″N
42°420 33.7″N
42°430 26.6″N
42°430 44.0″N
42°420 50.8″N
42°410 25.6″N
42°410 03.3″N
42°400 57.2″N
42°420 00.8″N
42°420 33.7″N
42°430 38.9″N
42°440 38.9″N
42°440 28.2″N

84°300 53.4″W
84°310 15.4″W
84°380 05.1″W
84°240 16.5″W
84°280 17.5″W
84°390 42.8″W
84°110 10.1″W
84°090 33.5″W
84°300 53.5″W
84°310 01.3″W
84°280 02.5″W
84°280 23.4″W
84°280 38.5″W
84°270 41.2″W
84°310 26.1″W
84°280 05.6″W
84°310 35.0″W
84°310 00.6″W
84°300 08.8″W
84°280 57.9″W
84°270 09.8″W
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The influence of space on bacterial profiles was examined by
collecting soil samples from three different habitats: a deciduous
woodlot, a chemically treated (herbicides and fertilizer) yard,
and an untreated yard, in October 2013 and March 2014. Surface
soil was collected at a center sampling site and 5, 10, 50, and
100 ft (1.5, 3.0, 15.2, and 30.5 m) distant in each of the cardinal
directions. Depth (vertical) samples were collected from 1, 2, 5,
10, 20, and 60 in (2.5, 5.1, 12.7, 25.4, 50.8, and 152.4 cm)
using a soil corer and mud auger (AMS, Inc. American Falls,
ID) and from the surface with a trowel in a deciduous woodlot,
chemically treated yard, and untreated yard in October 2013
(excluding the treated yard vertical space samples for technical
reasons) and April 2014. The deepest collection obtainable in
the treated yard was 25 in (63.5 cm) due to obstructions at
greater depths.
DNA Extraction, Amplification, and Quantification
DNAs were extracted using a PowerSoilâ DNA Isolation Kit
(MoBio, Carlsbad, CA) following the manufacturer’s instructions
with one additional ethanol wash. Bacterial 16S rRNA gene variable regions 3 and 4 were amplified with a forward primer
[357F (36)] and one of 96 bar-coded reverse primers (806R)
from the Caporaso et al. (37) primer set, producing a bacterial
16S rRNA gene product of approximately 450 bp. Fifteen
microliter reactions contained 1 lL of template DNA, 1 lL of
10 lM forward and reverse primers, 1 U AmpliTaq Goldâ DNA
Polymerase (Applied Biosystems, Foster City, CA), 1.5 lL of
the accompanying 10X PCR buffer II, 1.5 lL of 25 mM MgCl2,
1.5 lL of 2.0 mM nucleotide triphosphates, and 1.5 lL of
4.0 lg/lL bovine serum albumin. Reactions included a 10-min
94°C initial denaturation/enzyme activation step, followed by 35
cycles of 30-s 94°C denaturation, 45-s 60°C primer annealing,
and 1-min 72°C extension, followed by a final 10-min 72°C
extension.
Four microliters of the PCR product were electrophoresed on
a 1% agarose gel alongside 2 lL of a 2-log ladder (New
England Biolabs, Ipswich, MA), followed by ethidium bromide
staining and UV visualization. A Quant-iTTM PicoGreenâ dsDNA
Assay Kit (Life Technologies) was used for quantification and
PCR products were pooled so that each soil DNA sample totaled
6 ng/lL. Pooled products were purified using Agencourt
AMPure XPTM beads (Beckman Coulter, Brea, CA) at 60% of
the total volume.
Next-generation Sequencing of Soil Bacterial DNA
The quality of pooled, purified PCR product was assessed on
a 2100 BioAnalyzer (Agilent Technologies, Santa Clara, CA).
Samples were sequenced if the DNA integrity number was ≥7.
Pooled sequences were loaded on an Illumina MiSeq v2 flow
cell along with a 10% PhiX Control (Illumina) and sequenced
using a 2x250 bp v2 Reagent Kit (Illumina). Base calling was
completed with Real Time Analysis software v1.18.54 (Illumina), and the output was demultiplexed and converted to FastQ
files with Bcl2fastq Conversion Software v1.8.4 (Illumina).
Sequence Analysis
The open source software mothur (38) was used to make a
single sequence file from the forward and reverse reads of all
sequence libraries with a MiSeq quality score >25. Sequences
were filtered to remove all ambiguous bases, trimmed to a maxi-
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mum length of 475 bp, and aligned to the SILVA v119 reference bacterial sequences (18). Sequences were subsampled to
3000 and any bacterial libraries containing fewer than 3000
sequences were excluded from further analysis. Sequences were
binned into operational taxonomic units (OTUs) at a 97% similarity cutoff. Dissimilarity values for NMDS and k-NN were calculated from OTUs using both Bray–Curtis dissimilarity (39)
and the Sørensen–Dice coefficient (40,41). Square symmetric
matrices were entered into the XLSTAT Pro (Addinsoft, New
York, NY) expansion for Microsoft Excel (Microsoft, Redmond,
WA). Two-dimensional NMDS was run with 500 iterations, each
stopping at a convergence of 0.00001, using the scaling by
majorizing a complicated function algorithm. Random starting
configurations were used, and Kruskal’s stress (42) was measured for each plot. Habitat clusters were statistically compared
using ANOSIM (a = 0.05) in PAST v.2013 (43). k-NN was run
in Pirouette 4.0 (Infometrix Inc, Bothell, WA) using the square
symmetric matrices as the input. Training and test sets used for
k-NN are outlined in Table 2. OTUs were also grouped at the
taxonomic class level based on SILVA reference sequences (18),
and abundance charts of each soil bacterial profile were
produced in Excel.

Results
Sequencing Efficiency, Taxonomic Class Diversity, and
Dissimilarity Matrices
An average of 134,000 sequence reads of the target DNA was
produced per soil sample processed. The dirt road sample collected in February 2014 was the only one that did not produce
the minimum of 3000 sequences necessary to continue alignment
and thus was excluded from further analysis. The remaining dirt
road samples contained the fewest bacterial taxonomic classes
with an average of 26.8, while the yard samples contained the
most with an average of 56.2. The roadside samples also contained relatively few, having an average of 40.6 bacterial classes.
The remaining locations averaged 47.0–52.8 classes. Unclassified sequences made up 2–4% of bacterial abundance charts.
Overall, Sørensen–Dice dissimilarity matrices performed better
than Bray–Curtis when used as input for NMDS, resulting in
tighter clusters of bacterial profiles from the same location and

clearer separation of profiles from different locations. Sørensen–
Dice matrices also produced higher overall classification
accuracy when used for k-NN analysis (95.4%) compared to
Bray–Curtis (91.0%); thus, only results using Sørensen–Dice dissimilarities are presented. A summary of the k-NN results for all
experiments conducted is displayed in Table 3, with assignment
accuracies ranging from 87.5 to 100%.
Diverse Habitat Differentiation
Diverse habitat soils (Fig. 1) shared the same major bacterial
classes up to approximately 75% based on their abundance charts,
with the exception of the dirt road, which had substantially higher
levels of Gammaproteobacteria, Flavobacteria, Clostridia, and
Bacilli, and lower levels of Acidobacteria and Betaproteobacteria
relative to the other habitats. Bacterial profiles generated from soil
collected within a habitat clustered together in NMDS plots
(Fig. 2), but some intermingling occurred among the ten habitats.
When only three habitats were oriented at a time, the clusters separated in all cases (e.g., Fig. 3) and stress was reduced (e.g., from
0.165 in Fig. 2 to 0.133 in Fig. 3). Complete ANOSIM pairwise
results can be found in Table S1. All habitat clusters were significantly different except the yard cluster compared to the deciduous
woodlot and field, and the fallow agricultural field cluster compared to the marsh. k-NN exhibited an 88% assignment accuracy
(Table 3) when all habitats were analyzed together. Misassignments occurred between the marsh and fallow agricultural field
bacterial profiles and between the deciduous woodlot and yard
profiles, although all were correctly assigned when analyzed as
pairs in a k-NN model.
Similar Habitat Differentiation
The nine woodlot soils shared bacterial classes up to approximately 80% abundance (Fig. 4). Bacterial profiles generated

TABLE 3––k-NN summary findings using Sørensen–Dice matrices.
Study
Diverse
Habitats

TABLE 2––Training and test sets for k-NN.

10 Diverse Habitats*
9 Similar Woodlots*
Deciduous Woodlot,
Yard, and Treated
Yard Distance

Deciduous Woodlot,
Yard, and Treated
Yard Depth

Training Set

Test Set

N = 4 per habitat
N = 4 per woodlot
Center, 5 ft N, 5 ft S,
5 ft W, 5 ft E
Center point plus
5 ft E, 10 ft N, 50 ft W,
and 100 ft S†
Center 100 ft N,
100 ft S, 100 ft W,
100 ft E
Surface, 2 in, 10 in,
and 60 in

N=1
N=1
All other distance
samples
All other distance
samples

Similar
Habitats

Horizontal
Space

All other distance
samples
All other depth
samples

*Analyzed via the Jackknife resampling method (55) in which each of
the five samples was systematically left out and tested against the other four
samples
†
Three additional spiral training sets were developed at the other starting points (i.e., 5 ft W, N, and S), always in a counterclockwise circle.

Vertical
Space

Training Set
All Habitat
Samples*

Accuracy, %
88

Marsh and Fallow
Ag Field*
Deciduous Woodlot
and Yard*
All Location Samples*

100

Woodlots 1,
3,4,6,7,8, and 9
Center, 5 ft N,
5 ft S, 5 ft W, 5 ft E
Center point plus
5 ft E, 10 ft N,
50 ft W, and 100 ft S‡
Center 100 ft N,
100 ft S, 100 ft W,
100 ft E
Surface, 2 in, 10 in,
and 60 in

100

Misclassified Samples
Marsh with Fallow
Ag† Field and
Deciduous
Woodlot with Yard
–
–

100
87.5

94.4
97.2
94.4

All samples from
Woodlot 5 and one
sample from
Woodlot 2
–
Yard 100 ft N,
Woodlot 100 ft S
Woodlot 100 ft N
Yard 5 ft E, Yard
10 ft N

100

*Analyzed via Jackknife Method (55).
Ag = Agricultural
‡
Other spiral training sets produced similar results.
†

–
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FIG. 1––Average (n = 5) bacterial class abundance of ten diverse habitats. The dirt road clearly differed from the other habitats, containing higher levels
of Gammaproteobacteria, Flavobacteria, Clostridia, and Bacilli (denoted by arrows in ascending order on the right) along with lower levels of Acidobacteria
and Betaproteobacteria (denoted by arrows in ascending order on the left). The 23 most abundant bacterial classes are listed on the right. Ag = Agricultural.
(An interactive, color version of this chart is available as Fig. S1.)

FIG. 2––NMDS plot of the ten diverse habitat bacterial profiles generated
via a Sørensen–Dice dissimilarity matrix. Profiles from the same habitat
formed clusters, but intermingling occurred among some of the habitats.
Kruskal’s stress was 0.165. Ag = Agricultural.

FIG. 3––NMDS plot of the agricultural field, beach, and roadside bacterial
profiles generated via a Sørensen–Dice dissimilarity matrix. Profiles from
these locations were intermingled when all habitats were ordinated together,
but were resolved when analyzed as pairs or triads in NMDS plots. Kruskal’s stress was 0.133. Ag = Agricultural.
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FIG. 4––Average (n = 5) bacterial class abundance of woodlot locations. The soils shared major bacterial classes up to approximately 80%. The 23 most
abundant bacterial classes are listed on the right. (An interactive, color version of this chart is available as Fig. S2.)

FIG. 5––NMDS plot of the nine woodlot location bacterial profiles generated from a Sørensen–Dice dissimilarity matrix. Profiles from the same location formed clusters, but intermingling occurred among some of the location
clusters. Woodlot five profiles clustered relatively poorly, intermingling with
several other woodlots. Kruskal’s stress was 0.165.

FIG. 6––NMDS plot of woodlots 3, 7, and 9 bacterial profiles generated
from a Sørensen–Dice dissimilarity matrix. These clusters were intermingled
when all woodlots were ordinated together, but were resolved when they
were analyzed alone in a NMDS plot. Kruskal’s stress was 0.107.

from soil collected in the same woodlot clustered together in
NMDS plots, but intermingling occurred among several of the
clusters (Fig. 5). The most substantial overlap involved woodlot

5, whose profiles were interspersed with several other clusters.
By ordinating the woodlot profiles in pairs or triads, separation
of woodlots occurred (e.g., Fig. 6) and stress was reduced (e.g.,
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from 0.165 in Fig. 5 to 0.107 in Fig. 6). All woodlot clusters
were significantly different except woodlot 5, which did not differ significantly from woodlots 3, 7, 8, and 9. k-NN was accurate in its assignment of the woodlot bacterial profiles 87.5% of
the time (Table 3). All profiles from woodlot 5 and one profile
from woodlot 2 were incorrectly assigned, and when removed
from the model, 100% assignment accuracy was achieved.
The Influence of Horizontal and Vertical Space on Bacterial
Profiles
Surface soils varying distances apart shared the same major
bacterial classes up to approximately 80% within and between
habitats (data not shown). Bacterial profiles generated from soil
collected from the same habitat across horizontal space loosely
clustered together in NMDS plots (data not shown), with profiles
50 and 100 ft from the center sampling site being the farthest
from the center of the clusters. The treated yard cluster was
completely separated from the woodlot and yard, but the latter
two intermingled slightly, although all three clusters differed significantly. k-NN accurately assigned bacterial profiles 94.4–
97.2% of the time (Table 3) depending on the profiles used for
the training set (see Materials and Methods). The most accurate
classification occurred when using the center plus one profile
each from 5, 10, 50, and 100 ft distances in a counterclockwise
spiral pattern. Misclassifications were always at least 90 ft distant from the nearest training sample regardless of the starting
position of the 5-ft training sample.
Abundance charts generated from the depth samples revealed
taxonomic class differences as depth increased (Fig. 7), although

.
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the number of classes remained similar. The most substantial
class abundance differences, which existed in all habitats, were
higher amounts of Clostridia, Nitrospira, and SHA-26 as depth
increased. Bacterial profiles generated from the treated yard clustered separately in NMDS plots, while the deciduous woodlot
and yard profiles intermingled (data not shown). A trend existed
when habitats were ordinated individually, where bacterial profiles were progressively farther away from the surface sample in
multivariate space as depth increased (data not shown). April
and October clusters within each habitat were not significantly
different. Clusters among the three habitats were significantly
different with the exception of the yard in both months compared to the deciduous woodlot cluster in April. k-NN accurately
assigned 100% of the bacterial profiles when the surface, 2, 10,
and 60 inch profiles made up the training set.
Discussion
The three criteria described by Sensabaugh (35) that must be
met for the application of any microbial-based technique in the
forensic analysis of soil were all examined in this study. The
first was the differentiation of two or more locations, in which a
soil bacterial profile from one area is unique enough that it can
be distinguished from another. Second, the technique must have
high enough discriminatory power such that similar ecological
habitats can be differentiated, but not so high that bacterial
heterogeneity results in soil samples from the same location
being deemed unique. And third, analysis techniques used to
assess similarities or differences between soil bacterial profiles
should possess a high level of objectivity. All three criteria were

FIG. 7––Bacterial class abundance of woodlot depth samples in October 2013. As depth increased, substantial differences in Clostridia, Nitrospira, and
SHA-26 (denoted by arrows in ascending order) existed in all habitats. The 23 most abundant bacterial classes are listed on the right. (An interactive, color
version of this chart is available as Fig. S3.)
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met through the research presented here, in that next-generation
sequencing of the bacterial 16S rRNA gene from soil samples
produced highly discriminating data both within and among
habitat types, which were conducive to objective analyses.
The most basic requirement of a bacterial profiling technique
for forensic soil analysis is that it differentiates diverse habitats. In
previous soil studies, researchers were often able to distinguish a
small number of habitats in multidimensional space or through the
presence or absence of specific bacteria (10,13,44–46), but overlap among habitats often occurred. In the current research, similar
distinguishability and overlap in NMDS plots existed when examining many habitats simultaneously, but it was resolved when
pairs or triads were compared. This increased resolution was
accompanied by a decrease in stress, signifying the results better
represented the bacterial profile associations that existed.
Once it was evident that diverse habitat types could be differentiated based on bacterial profiles, the next step was to determine whether the same was true for similar habitats. This
presents a much larger challenge, as similar habitats are likely to
share many of the same physical and chemical characteristics
that can affect bacterial communities. Most of the researchers
who have collected soil from similar habitats (e.g., 10,44–46)
generally pooled ecologically similar habitats together for diverse
habitat comparison rather than attempting to differentiate the
similar ones. Although pooling soils is useful for microbiologists
attempting to define basic bacterial properties of soil types,
forensic scientists need to distinguish both ecologically diverse
and similar locations. The latter, more challenging task was largely achieved in the current research through differentiation of
several woodlot sites within close proximity. The exception was
woodlot 5, which exhibited substantial intralocation variation
over the eight-week period. Further investigation revealed that
this location was directly adjacent to a large gravel pit that had
been recently converted to a park (47), which may explain why
it exhibited such a large amount of spatial heterogeneity.
With next-generation sequencing of soil bacteria’s potential
for differentiating diverse and similar habitats established, factors
that could influence bacterial profiles within a location were considered. It is fundamentally impossible to collect known soil
samples precisely when a crime occurs; consequently, temporal
changes in bacterial makeup must be assessed. Past studies of
temporal change have shown substantial differences in bacterial
profiles collected over time based on T-RFLP or pyrosequencing
of the 16S locus (12, 45 respectively), resulting in intermingling
of habitats in multidimensional space and different levels of bacterial diversity over time, although there was no indication of
seasonal or other temporal trends. Temporal fluctuations were
evident in the current study as well, but again there were no predictable seasonal changes. More importantly, bacterial profiles
produced through next-generation sequencing remained stable
enough to correctly classify to their location of origin the vast
majority of the time. These results indicate that bacterial profiles
generated from soil collected weeks or months after a crime
occurred will likely be representative of the location where the
soil transfer took place, allowing for accurate association
between evidentiary profiles and a location of origin.
It is also unlikely that known soil samples will be collected
from the exact spot to which the evidentiary item was exposed,
but instead could be collected feet, yards, or greater distances
away, highlighting the importance of considering spatial variability of soil within a location. Bacterial variation over small distances has been attributed to microenvironmental factors such as
foliage, pH, and nutrient supply (48,49), although in reality, an

almost unlimited number of factors could come into play. In a
forensic study, Meyers and Foran (12) described variability,
sometimes substantial, among soil samples collected 10 feet away
from one another within habitats. Similar variation or patchiness
was reflected in soil samples collected in the current research;
however, this was overcome through the collection of multiple
samples across a habitat to capture the variability that inherently
exists. In this study, misclassified soils were always 90 or more
feet away from all or four of the five training profiles, with the
highest classification success utilizing a range of samples in a spiral pattern across the surface of a habitat. Representative training
sets were also essential when analyzing soils collected at different
depths within a habitat. Depth-based bacterial profiles were visually different in both abundance charts and NMDS plots, but
accurate assignment to a habitat of origin was still achieved using
k-NN when the training set was built from a range of soil depths.
In contrast, training sets comprised of bacterial profiles from the
top three or bottom three depth samples resulted in lower assignment accuracy of the remaining depth samples from that site (data
not shown), again accenting the importance of collecting a range
of samples to capture bacterial variation for a training set.
The second major goal of this research was to investigate varied techniques for analyzing next-generation sequencing-based
bacterial profile data, which ideally possess objective qualities to
meet the recommendations in the 2009 NAS report (29), while
being comprehensible to a trier of fact. The massive amount of
data produced via next-generation sequencing makes meeting
these requirements challenging, as it is impossible to simply look
at hundreds of thousands of DNA sequences and come to a
definitive conclusion regarding the soil’s origin. Therefore, techniques that can sort and display these datasets are vital. In reality, it is unlikely a single analysis technique will encompass
both forensic needs; thus, it is quite possible more than one technique will be necessary for effective forensic purposes.
The most basic strategy for simplifying the massive datasets
produced in studies such as this is to group them based on bacterial reference sequences and visualize them via abundance
charts. These charts provide a graphic quantification of what
bacteria are present in a profile, which should facilitate expert
witness testimony and draw attention to profile variances. For
instance, the dirt road ordinated separately from all other habitats
in NMDS plots, but the extent and bacterial cause of that difference was not realized until abundance charts were examined.
Upon further investigation, it was established that the road was
treated with calcium chloride twice each summer to reduce dust
levels (Shiawassee County Road Commission, personal communication, 2015), which apparently strongly impacted the bacterial
community, and indeed some of the bacterial classes that existed
at unusually high levels (e.g., Gammaproteobacteria and
Flavobacteria) are known to thrive in such halophilic conditions
(50,51). Scientists and nonscientists alike would be able to easily
perceive these distinct differences based on abundance charts,
allowing the expert witness to better explain their results and
conclusions. However, we cannot rely solely on visual comparisons of abundance charts to associate soil bacterial profiles, as
such assessments would be subjective, a forensic science weakness emphasized in the 2009 NAS report (29).
An attempt to objectively analyze and compare bacterial profiles may begin with numerically measuring how similar or dissimilar the profiles are. In this research, two dissimilarity
indices, Sørensen–Dice and Bray–Curtis, were calculated for use
in NMDS and k-NN analysis. The former index outperformed in
all facets of analysis, resulting in tighter location of origin clus-
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tering in NMDS plots and higher classification accuracy with
k-NN. This likely resulted from how the two indices’ are
generated, where Sørensen–Dice is calculated based only on
how many unique sequences are shared across two profiles,
while Bray–Curtis is calculated based on both the number and
abundance of shared sequences between two bacterial profiles.
Misassignments of bacterial profiles using Bray–Curtis may have
resulted from small bacterial abundance fluctuations that occur
over time and space, an obvious detriment for forensic analyses.
Sørensen–Dice is not sensitive to bacterial abundance fluctuations, which in this study resulted in more accurate assignment
of soils to their location of origin.
NMDS was highly beneficial for analyzing soil data based on
its success in clustering bacterial profiles from a given location,
while simultaneously distinguishing profiles that were distinct
from that cluster, both of which were easily visualized. However, NMDS clusters are formed via the rank order of dissimilarities for all soil bacterial profiles being compared, meaning a
single highly dissimilar profile or set of profiles can force unrelated samples together, potentially resulting in misleading indications of similarity among them. This was exemplified in the
diverse habitat study, in which the dirt road profiles clustered
away from the other habitats, while apparently forcing all the
rest into close proximity. This is a potential danger of comparing
too many habitats at a time using NMDS, and indeed when
fewer habitats were ordinated, they readily formed separate clusters, and stress was lowered. The same was true in the similar
habitat study, with the exception of woodlot 5, as discussed
above. Thus, a caveat for evaluating these types of data via
NMDS is that analyzing too many locations at once has the
potential to skew results, particularly if one location plots well
away from all the others.
Another benefit of NMDS is that statistical analysis such as
ANOSIM can be performed based on the clusters identified in
the plots, providing a more objective statistical measure of soil
profile similarity/difference. However, designation of a cluster is
itself subjective, a characteristic that ideally is avoided. Also,
ANOSIM and related statistical measures require groups of samples, which will often not be available for evidentiary materials.
Thus, it seems best to use NMDS as a visualization method,
while using other strategies for purely objective analysis of the
data.
Supervised classification methods have the potential to act as
an objective measure for comparing soil bacterial profiles; thus,
a baseline version (52), k-NN, was tested in this research. k-NN
classification correctly assigned soils to their place of origin
95.4% of the time, and similar to NMDS, k-NN-based assignments were less likely to be in error when knowns from fewer
locations were used to produce the model. A drawback of k-NN
itself is that it is a hard classifier, meaning an assignment will
always be made for an unknown soil profile, even if it is not
similar to any samples in the training set. For forensic purposes,
this is certainly problematic, as it would result in an assignment
even when the actual evidentiary soil location of origin was not
represented in the knowns. In this regard, other supervised classifiers that provide a stronger statistical goodness of fit measure,
such as decision trees (53) or soft independent modeling by class
analogy (54), are likely better suited for forensic soil analysis.
However, the extremely high success rate of k-NN classification
in this study indicates these more complicated supervised classifiers could be expected to perform very well for forensic soil
analysis.
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There are obvious pros and cons associated with each of the
soil bacterial profile analysis techniques tested here, and based
on this research, it may be worthwhile to utilize more than one
when examining forensic soil evidence, integrating both
objective and visual interpretation of the data. Clear visual
representations of bacterial profiles that could aid the jury’s
understanding of soil evidence were generated through abundance charts and NMDS plots, which acted in a complementary
manner wherein the former provided a categorization and quantification of the copious sequences and the latter produced information on soil sample associations. Together, these or similar
data visualization techniques can then be used by the forensic
scientist to explain results obtained using more objective techniques, such as supervised classifiers. These varied analysis techniques demonstrate how a combination of methods can provide
both visual and statistical interpretation of data, offering an optimized avenue for forensic soil analysis to enter the courtroom.
Based on the research presented here, next-generation sequencing of the bacterial 16S rRNA marker shows tremendous potential
for forensic soil analysis. Key to this was establishing that soil
samples could be reliably and accurately differentiated or associated based on bacterial profiles. This was achieved for diverse
habitats, as well as for the vast majority of very similar habitats
that were all within close proximity. Further, spatial and temporal
factors, which will undoubtedly come into play for forensic soil
comparisons, had little negative influence on soil traceability using
this methodology. Overall, the DNA-based identification strategies
presented here demonstrate the utility of next-generation sequencing in producing soil bacterial profiles, helping to link a suspect,
victim, or evidentiary item to a crime scene.
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Supporting Information
Additional Supporting Information may be found in the online
version of this article:
Figure S1. Interactive, color version of Fig. 1. Average
(n = 5) bacterial class abundance of ten diverse habitats. The dirt
road clearly differed from the other habitats, containing higher
levels of Gammaproteobacteria, Flavobacteria, Clostridia, and
Bacilli (denoted by arrows in ascending order on the right) along
with lower levels of Acidobacteria and Betaproteobacteria
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(denoted by arrows in ascending order on the left). The 23 most
abundant bacterial classes are listed on the right. Hover over the
colored segments to reveal bacterial class identity. Ag = Agricultural.
Figure S2. Interactive, color version of Fig. 4. Average
(n = 5) bacterial class abundance of woodlot locations. The soils
shared major bacterial classes up to approximately 80%. The 23
most abundant bacterial classes are listed on the right. Hover
over the colored segments to reveal bacterial class identity.
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Figure S3. Interactive, color version of Fig. 7. Bacterial class
abundance of woodlot depth samples in October 2013. As depth
increased, substantial differences in Clostridia, Nitrospira, and
SHA-26 (denoted by arrows in ascending order) existed in all
habitats. The 23 most abundant bacterial classes are listed on the
right. Hover over the colored segments to reveal bacterial class
identity.
Table S1. ANOSIM pairwise p-values for diverse habitats
(A), similar habitats (B), and depth study habitats (C).

