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Chapter 1

Introduction and aims of the thesis




Chapter 1

My herewith presented PhD thesis deals with analysing the human microbiome for addressing
forensically relevant questions commonly encountered in forensic casework practise. These
guestions are: How did the crime happen? When did the crime happen? Who is the perpetrator
of the crime? To answer these important forensic questions by use of the human microbiome,
| applied state of the art lab methods to de novo generate human microbiome data such as
massively parallel sequencing, collected and used publicly available human microbiome data
such as from the Human Microbiome Project, and developed and applied new methods for
microbiome data analysis and interpretation such as deep learning neural networks. In the
following, | will provide introductory background information on the main topics of this thesis.

The human microbiome

The microorganisms that live in and on the human body, including bacteria, archaea, lower
and higher eukaryotes and viruses, are referred as the human microbiota (1, 2). The term
microbiome refers to these microorganisms, their genomes and the surrounding
environmental conditions (2). However, the term microbiome is also employed to refer to the
collection of genes and genomes of the microbiota (2). This thesis focuses on the bacterial
component of the microbiota, though in principle many of the discussed aspects apply more
generally.

Microorganisms are found in almost every part of the body, from which the gut hosts
the most complex and abundant microbial community and has been the focus of the majority
of the human microbiome studies so far (3). Some researchers are also currently focusing on
traditionally considered sterile body sites in medicine, like blood (4, 5) and placenta (6, 7),
though much rigorous analysis pipelines are still needed to confirm the existence of
indigenous microbial communities in such sites. Regarding the magnitude of human
microbiota, initial estimates suggested that microbial cells surpass human cells by a factor of
ten, although a recent revised estimate suggests a ratio closer to 1:1 (8). The genetic diversity
of the human microbiome is estimated to surpass the human one by several orders of
magnitude (1). For instance, just the gut microbiome is estimated to contain at least 100 times
as many genes as the human genome (9), even though more dedicated studies are still
needed to accurately quantify this. The human microbiota has co-evolved with humans over
thousands of years to form a complex mutualistic relationship (10-12), providing essential
functions that humans did not need to evolve in their own (9). The general interest in studying
the human microbiome is greatly due to its key role in essential processes such as nutrient
absorption (13, 14), immune system development (15-17) and protection against pathogens
(18-20), among others. The ubiquity and main functions of the microbiome open up new
possibilities in understanding health and disease, searching for potential preventive
interventions and treatments, as well as new non-clinical applications such as in forensics.

Advances in high-throughput sequencing and bioinformatics analysis tools allowed for
population-level surveys of the human microbiome. The Human Microbiome Project (HMP)
Consortium was an initiative launched in 2007 funded by the United States National Institutes
of Health (NIH) (21, 22). The first phase (HMP1) aimed to comprehensively characterize the
human microbiome by means of 16S rRNA gene amplicon sequencing and whole genome
shotgun (WGS) sequencing. For that, 300 healthy 18- to 40-years-old adults were sampled at
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five major body sites (gastrointestinal tract, oral cavity, nasal cavity, skin and urogenital tract,
primarily vaginal) with a total of 15 or 18 body sites depending on individual’s sex. Individuals
were sampled at one to three times, for a total of over 11,000 samples (21, 22). The second
phase, the integrative Human Microbiome Project (iHMP), aimed to characterize the
microbiome in three cohorts of microbiome-associated conditions: pregnancy and preterm
birth, inflammatory bowel disease (IBD) and type 2 diabetes mellitus (T2DM) (23). This second
phase was a multi-omics effort that integrated 16S rRNA gene, WGS, metatranscriptomics
and metabolomics data. Over the course of the HMP, more than 3,000 microbial genomes
from the human body were isolated and sequenced to also serve as reference in future studies
(24, 25). Moreover, the Data Analysis and Coordinating center (DAAC) (26) was established
for the development of new experimental and computational tools as well as resource
repositories. Also in 2007, the European Union launched the project on Metagenomics of the
Human Intestinal Tract (MetaHIT) (27). This project specifically focused on the gut microbiome
of 124 subjects through WGS sequencing, exploring host-microbiome associations as well as
potential treatments in various cohorts of different health statuses, including IBD and obesity
(27, 28). These big projects did not only boost the knowledge on the human microbiome, but
they also developed standard sampling and sequencing protocols as well as standards and
quality-control guidelines to guide other future studies to produce accurate, comparable and
reliable data (29).

Human microbiome variation

Across body sites

The human microbiome is body site-specific with striking differences, for instance in the
communities inhabiting the gut, skin, vagina and oral sites (30, 31) (Figure 1). All body sites
have the dominance of one to several genera, together with many less abundant taxa (32).
Within a single body site, there are also notorious community differences based on sub-site’s
characteristics (30, 33). This can be expected in sites like skin, with large dimensions (around
25 square meters) of epithelial surface interacting with microbes (34) and differentiated
physiological characteristics dominated by different taxa (30). For example, sebaceous areas
on the face are dominated by Propionibacterium and Staphylococcus species, whereas moist
sites like the armpit is dominated by Corynebacterium species (35). On the contrary, dry sites
like the forearm is dominated by a diverse community of pB-Proteobacteria and
Flavobacteriales (35). Notably, there are even differences between the right and left skin sites
of the same individual (36, 37). Costello et al. (36) reported that the right and left hands of the
same individual share on average only 17% operational taxonomic units (OTUs) at species
level, whereas Fierer et al. described an average of 13.5% for the right and left forearms of
the same individual (37). Other sites with a much smaller microbial-interacting surface like the
oral cavity also presents unique microbial assemblies on different sites (38, 39). For instance,
buccal mucosa, keratinized gingiva and hard palate are dominated by Streptococcus species
(40). Other oral niches such as saliva, tongue, tonsils, throat and gingival plague are not
dominated by a single genus but present a mixed microbial population that is evenly
distributed (40). These body site differences are closely related with the microbial functions
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that promote the host’'s well-being. For example, the vaginal microbiome is distinctly
composed of lactic acid-producing bacteria, which prevent infectious diseases by lowering the
pH of the vaginal environment, by producing antimicrobial compounds and through
competitive exclusion (41, 42).

Actinobacteria
B Corynebacterium
Nares W Propionibacterium
I Other Actinobacteria

1 Bacteroidetes

Firmicutes
W Lactobacillus
B Staphylococcus
[0 Streptococcus
mm Other Firmicutes

mm Fusobacteria
mm Proteobacteria

Mouth: saliva

Mouth: gingiva

Skin:
retroauricular

Mouth: tongue crease

Mouth: tonsils

Gut: stool

)
antecubital fossa ”

Vagina

Figure 1. Human microbiome variation across body sites. Body site differences are related to specific microbial functions
that promote the host's well-being. There are community differences within a single body site (e.g. oral cavity, skin)
based on each sub-site’s physiological characteristics. (Picture courtesy of Darryl Leja, National Human Genome
Research Institute, NHGRI).

Among individuals

The high specificity of the human microbiome to different body sites leads to the definition of
a ‘core’ microbiome which refers to those microbes shared among unrelated individuals (39).
These core taxa have traditionally been described as highly prevalent (common in the
population) and abundant (43). This is the case of Fusobacterium, Streptococcus,
Pasteurellaceae and Veillonella in the oral cavity; Propionibacterium and Staphylococcus in
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skin sites; and Lachnospiraceae, Faecalibacterium, Oscillibacter and Bacteroides in the gut
(44). However, a minor core exists, although prevalent but less abundant, and should not be
confused with transient microbes (45). The percentage of the entire microbial community that
constitutes the core differs among body sites, with the highest number in the oral cavity,
followed by the gut, skin and vagina (30, 43). The magnitude of the core also depends greatly
on the analysed taxonomic level, where the taxa shared among individuals diminish down to
the genus, species and strain levels (46). Moreover, individuals can be categorized into
clusters based on the abundance of key ‘core’ bacteria for a particular body site (47). For
example, stool samples can be categorized into four community types based on the relative
abundance of five main genera: Bacteroides, Prevotella, Ruminococcus, Alistipes and
Faecalibacterium (14, 48). Interestingly, Ding et al. (48) showed that the community type in
one body site can be predictive of the community type at other body site. In particular, subjects
with high Prevotella abundances in saliva were also likely to present the stool community type
with the highest levels of that genus.

Nevertheless, there are also taxa present at low prevalence and low abundance, which
also makes the human microbiome, at least to some extent, individual-specific (30, 49, 50);
even between monozygotic twins (51). Inter-individual variation is higher in skin and vaginal
sites compared to oral and gut sites (32). For instance, vaginal Lactobacillus can be the only
detected genus in some individuals, while being absent in others (0-100% relative abundance
range) that present a community dominated by other genera such as Atopobium, Prevotella,
Bifidobacterium and unclassified members of the Firmicutes phylum (48). In the case of oral
microbes the relative abundance range narrows down, e.g. Prevotella that presents a 2-47%
relative abundance range (32). To note, despite individual-specific, co-habiting individuals
have more similar microbiomes based on direct or indirect microbial transfer as well as shared
environments and habits that shape their microbiota (52, 53).

Over time

The development and foundation of the human microbiome is a dynamic process parallel to
host aging. Sequential succession of taxa occurs through infancy, childhood, adulthood and
elderly with differences in terms of diversity and variation between the developmental stages
(54). The first human colonizers depend on birth mode originating from the mother’s vagina in
case of naturally (vaginally) delivered babies or from the mother’s skin in case of caesarean
deliveries (55). From then on, the microbiome evolves until it converges on the adult one,
though this process is body site-specific. For example, the phylogenetic diversity in the infant’s
gut microbiota is enriched linearly, resembling the adult’s gut microbiome by the age of 2-3
years (56). However, the process is slowed down in the oral microbiome, where differences
with the adult microbiome are still notorious by the age of 18 (57).

One of the pioneering and most comprehensive studies of the natural time series
variation of the human microbiome at adulthood was carried out by Caporaso et al. (31). The
authors took daily samples of the gut, skin and oral sites of the study participants for months,
which were then analysed at a high-resolution species level. The authors reported that only a
small fraction of the species found within a body site were present across all time points for
an individual. This ‘temporal core’ was bigger in the analysed oral sites, followed by the gut
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and skin sites. Other studies have reported similar results where the oral cavity presented the
highest time-wise stability, followed by the gut and then less stable sites such as the skin,
nares and vagina (30, 32, 49, 58-60). Remarkably, even though taxa preserve through time,
their relative abundances change considerably (30, 59, 61). The least stable taxa are normally
of low prevalence (rare in the population), which suggests that they are transient microbes
(32, 58). This is particularly well-observed in the skin sites as these transient taxa could result
from environmental exposure, such as transfer from other skin sites from the individual itself
(skin-to-skin contact), between individuals (52, 62) or the built environment (63, 64). Apart
from site-dependent, temporal stability is also individual-specific, especially in less stable sites
like skin and vagina (32, 65). Nonetheless, intra-individual differences at different time points
are smaller than inter-individual differences as observed in the oral cavity (31, 61), gut (31,
59) and skin sites (36, 37, 50).

In addition to the time stability of the human microbiome in vivo, some studies have
also investigated its stability ex vivo, since sample storage and transportation can influence
to some degree the microbial communities after leaving the human body, ultimately affecting
the accuracy of the observations. When targeting specific species, oral Streptococci have
been detected using quantitative PCR (gPCR) up to 92 days after deposition on cardboard or
cotton fabric (66), and up to 62 days on other fabric types (67). At the community level, a
couple of studies reported substantial changes in the community composition of faecal
samples stored at room temperature for 72 h, particularly in the Actinobacteria and Firmicutes
phyla abundances (68, 69); though these observations were not reproduced by a different
study (70). For skin communities, time stability have been reported up to two weeks on swabs
stored at room temperature (71). In ‘touched’ objects temporal stability is highly affected by
environmental factors, such as season (52). However, a study analysing the microbial
communities from surfaces in public spaces (e.g. floor, soap dispenser, toilet seat), mainly
comprised of skin and gut associated taxa, reported community stability up to eight weeks
(72). Lastly, the communities associated with pubic hair have been reported to be stable at
room temperature for up to six weeks (73).

Associated with host’s and environmental factors

Host’s genetics play a role in shaping the microbiome (51, 74). Using the WGS sequencing
data produced in the HMP, Blekhman et al. (75) reported host's genetics-microbiome
interactions in ten out of the 15 analysed body sites. These were mainly induced by genetic
variation in immunity-related pathways and occurred in genomic regions different among
human populations, which indicate potential adaptation to environment-specific microbes.
Also, host’'s sex (36, 76, 77) and ancestry (78-80) are factors associated with observed
differences in microbial communities. One study analysing the vaginal microbiome found that
women of European ancestry are more likely to present a Lactobacillus-dominated
community, whereas women of African ancestry are more likely to have a much diverse
community dominated by Gardnerella vaginalis and the uncultivated bacterial vaginosis-
associated bacterium-1 (BVAB1) (81). A different study analysing the oral microbiome in
individuals from Congo found that a high percentage of the community consisted of
Enterobacter, while this genus was absent in individuals from China, Germany, Poland,

Turkey and California (82).
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An individual’s lifestyle choices can also induce qualitative and quantitative changes in
the microbiome with positive or negative effects. Diet in particular is one of the most powerful
influences on the gut microbial communities (83); for example, the Western-like high-fat diet
has been associated with an increased Firmicutes:Bacteroidetes ratio associated with weight
gain and obesity-related pathologies (84, 85). However, exercise alone have the opposite
effect in the gut microbiome (86, 87), not only affecting the Firmicutes:Bacteroidetes ratio, but
also by the presence of other taxa directly associated with a low body mass index and a
healthy metabolic profile, such as the genus Akkermansia (88).

The consumption of certain substances has also been associated with changes in the
microbial communities. For instance, cigarette smoking is well-associated with alterations in
the oral microbiota. More precisely, lower diversity and enrichment of taxa that lead to shifts
in functional pathways have implications in smoking-related diseases (89-91). Also, alcohol
can have a beneficial or detrimental effect in the microbiome depending on the alcoholic
beverage and quantity. On the one hand, moderate and chronic alcohol consumption has
been associated with altered gut microbial communities (92, 93). On the other hand, moderate
intake of specific red wine polyphenols, even for only four weeks can have a prebiotic effect
in the gut microbiome (94).

Shifts in the microbial composition has also been associated with multiple diseases
such as inflammatory bowel disease (IBD) (95), obesity (96), type 2 diabetes mellitus (T2DM)
(97), atherosclerosis (98), asthma (99) and autism (100), among others. However, it still
remains unclear whether the differences in the microbiota observed in many diseases are a
symptom of the disease or a contributing factor (101). Nevertheless, what is certain is that the
treatment drugs have an impact on the microbial communities. Probably, the most obvious
example is the use of antibiotics, which are broad-range drugs that do not only get rid of the
pathogen, but also of an important percentage of the healthy bacterial community (102).
Interestingly, the effect of antibiotics also depends on the body site, with the throat and saliva
communities recovering faster than the gut (103, 104). Other broadly used drugs have also
been associated with microbial shifts, such as non-steroid anti-inflammatory drugs (NSAIDs)
(e.g. celecoxib, ibuprofen). These have effects on the gut microbiome, with a higher effect
observed with the type of NSAID than with the number of drug administrations (105). There
are even discriminatory taxa for individuals using NSAIDs alone or NSAIDs in combination
with antidepressants and laxatives (105).

Generating human microbiome data

Traditional microbiology studies individual species as isolated units. However, only a very
small percentage of the vast microbial diversity has been successfully isolated as viable
specimens for analysis. This is because microbes need very specific environmental conditions
to growth which are extremely difficult, or cannot be, experimentally reproduced. Advances in
high-throughput sequencing in the mid 2000’s was a key contributor to the development of the
new field of metagenomics, allowing for the analysis of the whole microbial communities and
moving beyond culture-based methods.

13



Chapter 1

In DNA-based human microbiome studies, sample collection is performed via a low-
invasive procedure whenever possible (e.g. swabbing), which ensures sufficient amounts of
recovered microorganisms for downstream analysis (106). For DNA isolation, there is a great
variety of protocols for different sample types (106). Regarding the sequencing platform,
different options for insert size, read length, depth, sequence accuracy and cost exits (107).
Since the Roche 454 pyrosequencing platform (used in the HMP) become outdated in 2013,
lllumina platforms are the preferred ones in microbiome studies based on their high throughput
and typical low error rates, even though there are other alternatives, such as the lon Torrent
S5 and S5 XL instruments (108). Also, long-read sequencing technologies, including Oxford
Nanopore MinlON and Pacific Biosciences Sequel platforms, have recently gained popularity
based on the huge amounts of throughput data they can produce, though further lowering
their current error rates is an ongoing task (108). DNA-based microbiome studies normally fall
in one of the two following categories: (a) targeted amplicon sequencing studies targeting one
or a few marker genes to characterize the microorganisms present in a sample and (b) whole
genome shotgun (WGS) sequencing studies which also reveal the genetic content in a
sample. Both approaches have been proven to be very useful and the choice of one or the
other depends on the aims and applications of a study. (Figure 2).

Targeted amplicon sequencing

Targeted amplicon sequencing technique is based on the amplification of small fragments of
one or a few marker genes. The sequences from these fragments are obtained via high-
throughput sequencing and compared against a reference for taxonomy assignation. By this,
researchers can characterize the microorganisms present in a sample. The prokaryotic
ribosomal small subunit - 16S ribosomal RNA (rRNA) - gene is the most-widely used
phylogenetic marker for the characterization of bacteria and archaea in a sample. Other taxa
such as fungi can also be targeted by using other markers, such as the eukaryotic 18S rRNA
gene (109) or the internal transcribed spacer (ITS) (110). These ribosomal genes are essential
and hence, present in all living organisms. Furthermore, they contain conserved (slowly
evolving) regions that can be used to design broad-spectrum PCR amplification primers and
hypervariable (fast evolving) regions that can be used to classify organisms (106). However,
the amplification PCR primer set of choice can be a source of technical bias (111). For
example, the V2 and V4 hypervariable regions of the 16S rRNA gene have been proven to be
much more taxonomically informative than the V6 hypervariable region (112). Also,
commonly-used primer pairs lack sensitivity for some taxa, such as the F27-R338 for
Bifidobacterium (113), which is an important community member of the gut microbiota.
Regarding classification there are a number of large databases of data produced for 16S rRNA
gene and other marker genes that facilitate the process, such as Greengenes (114), SILVA
(115), the Ribosomal Database Project (RDP) (116) as well as more specialised ones like the
Human Oral Microbiome Database (HOMD) (117). With a targeted approach, classification
resolution normally goes down to the genus level (118). Other limitations of this approach
include copy number variation (119) and horizontal transfer of the entire marker gene region
(120).
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After PCR amplification, short indices (or tags) are attached to the PCR amplicons
specific to a given sample. This strategy allows for the parallel sequencing of a certain number
of samples and the subsequent assignment of the generated sequences to each sample
(121). Following sequencing, the traditional approach is to minimize sequencing errors and
PCR-based chimeric sequences by clustering similar sequences together based on a percent
dissimilarity threshold, normally 3% for species and 5% for genus (122); generating the so-
called Operational Taxonomic Units (OTUs). These OTUs can be defined by one of the
following three clustering methods: (i) the closed reference method in which sequences are
clustered against a reference database (114-117), where sequences that do not match the
database are discarded; (ii) the de novo method in which sequences are grouped into OTUs
as a function of their pairwise similarities independently of any external database; and (iii) the
open reference method which combines the closed reference method first followed by the de
novo method, so sequences that do not match the reference database are not discarded (123,
124). However, in the last few years, the microbiome community is moving towards single-
nucleotide resolution methods to deal with errors, particularly Amplicon Sequence Variants
(ASVs) (125), which distinguish sequences that differ in as little as one nucleotide. This
method builds an error model in which real biological sequences are discriminated from error
sequences based on frequency probabilities. ASV methods allow for higher resolution than
OTU methods and have been proven to be better at discriminating ecological patterns (125,
126). In studies focusing on either OTUs or ASVs, the subsequent step is generally taxonomy
assignation, by which each OTU or ASV is labelled with a taxonomy label (i.e. kingdom,
phylum, class, order, family, genus — sometimes also species) (Figure 2).

Whole genome shotgun sequencing

The information provided by WGS sequencing is much broader than with targeted approaches
since observations are not based on a single or a few marker genes, but in an overview of the
gene composition of a microbial community (127). However, in WGS additional mechanical or
chemical steps should be taken during sample processing to ensure that minimal host
(human) DNA is obtained, which could ‘overwhelm’ the microbial fraction of interest during the
sequencing process (127, 128). For those samples that yield very small amounts of DNA (e.g.
biopsies), the amplification of the starting material might be required to comply with the library
production DNA amount requirements from the majority of the sequencing technologies (127).
For that, one method is multiple displacement amplification (MDA) that employs random
hexamers and phage phi29 polymerase (129). As with any amplification method, sequence
bias in the amplification and chimera formation can introduce undesired variation on
subsequent analysis.

Particularly, WGS sequencing consists on the untargeted (‘shotgun’) sequencing of all
the genomes present in a sample (108). In this method, the DNA present in the sample is
randomly breaking up in smaller fragments prior to sequencing. The resulting sequences can
be used directly as short fragments or they can be assembled to obtain longer genomic
regions (contigs). Similarly to what is done in targeted amplicon sequencing, assembly can
be reference-based or de novo (127). Assembly allows for longer sequences; hence, more
information provided. It also results in a higher quality of information since multiple reads cover

15



Chapter 1

Micrabial community / ——) DNA extraction

sample

Targeted amplicon

|
B Whole genome shotgun

sequencing (WGS) sequencing
-
-
EEEe— — — -_—
———
PCR amplification of target gene(s) Random
e.g. 16S, , TS fragmentation
——
—— — —
LI | — —
—
l —
Sequencing of l
amplicon fragments
Sequencing of
l random fragments

OTUs clustering / ASVs inference
* Database / reference genome
= Database .
o | Taxonomy assignation,
genes & pathways

. ) identification
Taxonomy assignation
———— —
— —
— — —
—— —
— — —
—
I
— '\_ Known Known genome

——
genome

Y

! I
Lo o

—
G

&

A B c [

Genes or Strain

Communi
pl pathways variation

composition

L I

Translational applications
e.g. prediction In clinical diagnosis, forensics @

Machine learning
algorithm

Phylogeny

Input data

Figure 2. Overview of experimental and analytical tools for studying the human microbiome from obtaining microbial
DNA of a sample to its translational applications. A. Targeted amplicon sequencing. B. Whole genome shotgun (WGS)
sequencing. (Picture created with BioRender).

16



Introduction

the same segment of genetic information in those cases where sequencing depth allows for it
(127). Moreover, the sequences can be sort into groups that might represent an individual
genome or genomes from closely related organisms in a process known as binning. The
sequences are annotated to identify which species, or even strains, are present in a sample
(106, 108) by comparison to reference databases of whole genomes (e.g. Kraken (130)) or
selected marker genes (e.g. MetaPhlAn (131), mOTU (132)). The sequences can also be
used to perform other analyses, such as metabolic function profiling and antibiotic resistance
gene profiling, which are indispensable to uncover the immensity of microbial diversity (106,
108) (Figure 2).

Analysing and interpreting human microbiome data

The data obtained from a microbiome study can have many forms, such as matrices of taxa
abundances, diversity measures within (i.e. alpha-diversity) and between (i.e. beta-diversity)
samples and PCs of principal coordinates analysis (PCoA) (123). All these can reveal
microbial ecology patterns that might be associated with certain health and physiological
states (123, 133). It is important though to consider the particular characteristics of high-
throughput sequencing microbiome data, particularly when analysing OTUs/ASVs or taxa
abundances. The microbiome data typically presents a zero-inflated distribution, since many
taxa are not shared among the majority of the analysed samples. Moreover, the highly
dimensional microbiome data is of compositional nature. This means that its component taxa
compete to make up the constant sum constraint (134), which is determined by the
sequencing depth (135). In other words, the sequencing platforms have a fixed number of
‘slots’ that limits how many sequencing reads they can deliver (136). The absolute number of
sequencing reads obtained for each taxa is irrelevant since the count cannot be related back
to the actual number of microbial cells in the original sample. The actual information is in the
proportions between the counts where the change in the relative abundance of one taxon
inevitably affects the relative abundance of others based on the constant sum constraint (135,
136).

Nowadays, the microbiome field is moving from characterization and association
towards translational applications. These include clinical diagnosis (137-140), outcome
prediction in personalised interventions (141, 142) as well as more specialized applications
such as forensics (73, 143-145). This current trend stems in the advances in high-throughput
sequencing technologies, the development of analysis tools and the increasing availability of
public microbiome data. For such applications, machine learning (ML) methods are commonly
employed, not only to identify microbial community differences between groups of samples
(e.g. control vs. disease), but also to learn from the data and predict which group a new sample
belongs to (123, 146) (Figure 2). In supervised ML a known dataset (training set) is used to
develop the predictive model. Each training data point consists of a set of input features (e.g.
relative taxa abundances) and a dependent variable giving the correct classification (i.e.
gualitative variable) or regression (i.e. quantitative variable) of that data point (133). The
prediction model is developed on the basis of learning the relationships between the input
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features including their discriminatory power for the dependent variable. The prediction
performance of the developed model is then assessed in new (unknown) data (test set).

The microbiome field tends to use complex models, such as random forest (RF) (73,
138, 139, 142, 145, 147) and neural networks (NN) (140, 141), because of their ability in
capturing nonlinear relationships in the data. However, these models are considered as ‘black
boxes’, offering very limited interpretability. RF is a tree-based ensemble method that
combines several models to improve the outcome predictions. It generates a large number of
decision trees on different subsamples and combines their outputs using averages at the end
of the learning process. For example, Rohit et al. (147) used RF based on 37 bacterial species
for the accurate diagnose (AUC=0.94) of advanced fibrosis in non-alcoholic fatty liver disease.
NN consist of interconnected groups of nodes that mimic the neurons in a brain in a simplified
manner in order to recognize patterns in the data. Ashwin et al. (141) employed a NN algorithm
that combined microbiome and clinical data to predict patient responses to inflammatory bowel
disease (IBD) treatment with high accuracy (AUC=0.87). Other simpler models like logistic
regression (LR) (143, 148) and support vector machine (SVM) (139, 149) are not so popular,
even though they have previously shown high performance in different prediction problems
and are easier to interpret. LR is a parametric method that assumes a linear dependency
between the input features and the categorical outcome. The output of the LR linear function
is a probability (x) between 0 and 1, where if x<0.5 the categorical outcome is one class,
otherwise the other class. Beck et al. (148) used LR for the classification of bacterial vaginosis
with a 95% of accuracy. SVM methods can support linear and non-linear solutions. These
methods take the data points and find a separating hyperplane between them. For example,
Lan et al. (149) employed SVM for host's age prediction from gut metagenomes with an
accuracy of 65%.

Previous applications of the human microbiome in forensic science

The human microbiome presents features relevant for forensics, such as ubiquity (8),
response to changes in the environment (83, 89) and capacity of being shed, deposited and
exchanged (62, 150). Various studies have analysed the microbiome in different forensically
relevant human samples like vaginal secretions (151), saliva (152), skin (52) or hair (73), in
order to answer relevant forensic questions, such as individual identification (52, 63) and post-
mortem interval estimation (153, 154), among others (Figure 3). However, the use of the
human microbiome in forensic science is in its infancy. When this thesis work started, the use
of complete microbiome information, instead of selected candidate species, was limited in
some applications, such as in tissue and body fluid identification. With further research and
appropriate forensic validation, forensic microbiome can be a very useful investigative tool,
especially in cases where traditional non-microbial (human) biomarkers present limitations.
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Figure 3. Applications of the human microbiome in forensic science when this thesis work started. (Picture created with
BioRender).

Individual identification

The incredible variation in the microbial community among individuals (30, 50) and particularly
the one that is also relatively stable over time (30, 32), open up the possibility of exploring the
human microbiome as a ‘fingerprint’ to distinguish individuals among populations. Notably,
humans shed around 30 million bacterial cells per hour in their surroundings (150), which can
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be transmitted by direct contact to objects (155, 156) and other individuals (62), or on indoor
surfaces in the form of aerosols (157). This can be especially relevant in investigations where
the recovered human DNA is not of sufficient quantity and/or quality to obtain a full
individualized DNA profile based on short tandem repeats (STRs); for example, when dealing
with ‘touched’ samples (158).

Franzosa et al. (58) analysed gut metagenomes at the strain-level resolution and
developed a model of matching probabilities that resulted in the identification of 80% of the
studied individuals (N=242) after a period of a year. To note, the authors of that study raised
privacy concerns for individuals enrolled in microbiome research projects. Moreover, using
16S rRNA gene amplicon sequencing various studies have linked objects (e.g. mobile phones,
computer equipment) with their owners by comparing the similarities in the microbial
composition of the ‘touched’ sample with the one obtained on the skin of the study individuals
(52, 63, 71, 156). For instance, Wilkins et al. (52) reported a 67% of accuracy when linking
individuals with household surfaces. However, accuracy diminished as the time span between
sample deposition and sample collection increased, due to the loss of individualised taxa on
the surfaces. Leake et al. (159) demonstrated that the saliva microbiome is also capable of
differentiating individuals by using a combined amplicon sequencing approach of the 16S
rRNA, rpoB genes and hierarchical clustering. Streptococcal DNA from teeth has also being
used to identify individuals from bite marks using logistic regression with the highest possible
probability of correct identification being reported for the rpoB gene amplicon sequencing
(143). Additionally, the microbiome of pubic hair has also been investigated in this context
based on its relevance in alleged sexual assaults. Williams et al. (73) built a RF model using
16S rRNA gene data from pubic hairs and predicted both the individuals and their gender. A
different study even linked sexual partners when the collection of pubic hair samples
happened up to 18 h after intercourse and both individuals had showered in the interim time
(53). Overall, individual identification has been investigated so far on the basis of comparing
individuals in the same study; however, for real forensic value microbiome ‘fingerprints’ should
be able to individualise any random person from the population, which would require
appropriate statistical frameworks.

Post-mortem interval estimation

The succession of the human microbiome after death has been proposed as a suitable
biomarker for the post-mortem interval (PMI) estimation of cadavers. Using 16S rRNA gene
amplicon sequencing various studies have characterized the microbiome composition at
different body sites during the decay process, including spleen, liver, brain, heart, blood,
bones, gut, skin and oral cavity (144, 145, 153, 154, 160-162). Some of these studies have
reported confounding effects of the individual (162), sex (160) and abiotic factors (e.g. ambient
temperature, solar irradiance) (161, 162) on the microbiome succession. Johnson et al. (144)
sampled four decomposing human cadavers at the nasal and ear canals every two-three days
until the tissues were too decomposed for being accessed (500 accumulated degree days
(ADD), a time measurement that accounts for temperature effects on decomposition rate).
The authors built a k-nearest neighbor (KNN) regression model using the skin microbiome
data and reported an estimation error of +55 ADD. In a later study, Metcalf et al. (145)
analysed the microbial succession on skin and cadaver-associated soil in two human corpses
20
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left outdoors in winter and other two corpses in spring. The microbial succession seemed to
be robust across soil types and seasons. In the winter experiment, daily sampling provided
the most accurate PMI estimation - root-mean-square error (RMSE) of 4 days.

Geolocation

Geolocation can be performed from body samples as well as from human microbiome traces
left on objects and surfaces (‘touched’ samples). Regarding the former, higher ratios of
Firmicutes:Bacteroidetes phyla in the gut have been associated with higher latitudes, an
observation robust to both sex and age (163, 164). Also, community composition differences
between developed and underdeveloped countries, as well as urban and rural populations,
have been described for the gut, skin and oral microbiomes (165-168), although cultural and
societal components are cofounded with the observed geographical differences (169).
Remarkably, differences between people in developed countries and uncontacted indigenous
people are dramatic, with the second presenting communities of the highest diversity and
genetic functions reported so far (167). In a forensic case context, the geographic emergence
of the strains of the stomach commensal Helicobacter pylori (170, 171) was proved useful to
identify the geographical origins of unidentified cadavers (172). Regarding ‘touched’ samples,
community composition of objects from owners living in the same city were more similar
between them compared to objects from owners living in different cities (63, 64, 173).

Tissue and body fluid identification

Identifying the tissue/body fluid that a biological crime stain originated from can be very helpful
in reconstructing the crime scene and associated sequence of events. The human microbiome
can be an outstanding tissue/body fluid biomarker based on the differences of microbial
communities across body sites (30, 33) and because the intra-individual differences among
body sites are larger than the inter-individual differences for the same body site (30, 31). Most
studies so far have focused on the identification of vaginal secretions by targeting vaginal
commensals via gPCR, capillary electrophoresis or microarray analysis, mainly Lactobacillus
species such as L. crispatus and L. gasseri (151, 174-177). Fleming et al. (151) detected
those two Lactobacillus species in 14 women with very different hormonal conditions
(pregnant, pre-menstrual, post-menstrual and hysterectomy). However, other studies failed to
detect the same two species in all participants (174-176), as they were replaced by other
bacteria performing the same lactic-acid producing function (78, 175). Also, the targeted
species were detected in other body fluids, such as female urine (probably as a result of
contamination from vaginal secretions), semen, gastric mucosa and anorectal mucosa (174,
176), which can ultimately lead to false positive results. From those studies, only the one
carried out by Benschop et al. (175) had a relatively big sample size (N=240).

Other studies have attempted to identify other body fluids using PCR and qPCR
approaches. For instance, streptococcal DNA has been used to identify saliva (152) as well
as expirated blood (forced by airflow out of the nose or mouth) (66, 67). However, as with the
previous vaginal examples, not all the targeted Streptococcus species were detected in all the
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20 participants (152). A different study targeting Bacteroides species to identify faeces also
reported inter-individual variation in the 20 analysed subjects (178).

Other forensic applications

Other microbiome applications in forensic medicine that have been reported in the literature
include identification of the manner of death. For example, the presence of candidate oral
commensals or water faecal pollutants in heart blood can serve as indicators of drowning
(179, 180). On a different point, genotyping microbes responsible for sexually transmitted
diseases can be useful to trace the source of infection, when no samples are taken at the
immediate time of an alleged sexual assault or in cases where DNA evidence is not
incriminating (181). By this, the suspect and victim can be linked, which has proven useful in
child abuse investigations (182, 183).
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Aims of this thesis and summary per chapter

In the last years, the acquired knowledge regarding the human microbiome has resulted from
advances in high-throughput sequencing, analysis tools and increasing publicly available
data. The microbiome field is very active, regarding not only biological-based research, but
also experimental and analytical tools. The microbiome insights have brought new
perspectives and possibilities to many fields, including forensic science. This thesis aims to
investigate novel uses of the human microbiome in forensic science, both by shedding light in
novel unsolved forensic questions and by assessing new approaches for common forensic
guestions where other non-microbiome methods show limitations.

This thesis is divided into three main parts. Part | describes the use of the human
microbiome to infer the body site of origin of single-source human biological traces found at
crime scenes. This was achieved based on a taxonomy-independent microbiome approach
and deep neural networks for classification purposes, together with a laboratory tool suitable
for forensics. Chapter 2 focuses on human biological traces of epithelial origin; namely, saliva,
skin and vaginal secretions. Chapter 3 focuses on blood traces of different sites of origin;
namely, nasal blood, menstrual blood, fingerprick blood and venous blood. Part Il describes
the use of the human microbiome for estimating the time since deposition of human biological
traces. Chapter 4 describes the time since deposition estimation of dried saliva stains. This
was achieved by analysing time-wise informative bacterial species using gPCR and the
development of individualised multiple linear regression models for the time prediction. Part
Il describes the use of the human microbiome to infer an individual’s lifestyle habits from
human biological traces. Particularly, Chapter 5 describes the prediction of an individual’s
current cigarette smoking habit from saliva microbiome data. This was achieved by following
a generalizable strategy to deal with the common problem of imbalanced data in supervised
binary classification. Finally, Chapter 6 provides a general discussion on the research
presented in Chapters 2-5 as well as future perspectives and various considerations in the
research and application of the human microbiome in forensic science.
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Chapter 2

ABSTRACT

Correct identification of different human epithelial materials such as from skin, saliva and
vaginal origin is relevant in forensic casework as it provides crucial information for crime
reconstruction. However, the overlap in human cell type composition between these three
epithelial materials provides challenges for their differentiation and identification when using
previously proposed human cell biomarkers, while their microbiota composition largely differs.
By using validated 16S rRNA gene massively parallel sequencing data from the Human
Microbiome Project of 1,636 skin, oral and vaginal samples, 50 taxonomy-independent deep
learning networks were trained to classify these three tissues. Validation testing was
performed in de novo generated high-throughput 16S rRNA gene sequencing data using the
lon Torrent™ Personal Genome Machine from 110 test samples: 56 hand skin, 31 saliva and
23 vaginal secretion specimens. Body-site classification accuracy of these test samples was
very high as indicated by AUC values of 0.99 for skin, 0.99 for oral, and 1 for vaginal secretion.
Misclassifications were limited to 3 (5%) skin samples. Additional forensic validation testing
was performed in mock casework samples by de novo high-throughput sequencing of 19
freshly-prepared samples and 22 samples aged for 1 up to 7.6 years. All of the 19 fresh and
20 (91%) of the 22 aged mock casework samples were correctly tissue-type classified.
Moreover, comparing the microbiome results with outcomes from previous human mRNA-
based tissue identification testing in the same 16 aged mock casework samples reveals that
our microbiome approach performs better in 12 (75%), similarly in 2 (12.5%), and less good
in 2 (12.5%) of the samples. Our results demonstrate that this new microbiome approach
allows for accurate tissue-type classification of three human epithelial materials of skin, oral
and vaginal origin, which is highly relevant for future forensic investigations.
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INTRODUCTION

The gold standard in routine forensic investigations is DNA profiling based on short tandem
repeats (STRs) to determine if a known suspect is the sample donor, or not (1). However, for
evaluating the crime relevance of the biological trace used for DNA-based individual
identification, as well as to reconstruct the events taken place at the crime scene, it is
necessary to establish the cell or tissue type a biological trace belongs to. Currently applied
(mainly biochemical) test systems used for forensic tissue identification only provide
presumptive answers, since substances other than the indicated body fluid can also provide
positive test outcomes (with the exception of microscopic sperm cell identification) (2).
Recently developed test systems based on human mRNA, miRNA, and DNA methylation
markers are generally more specific (2, 3), but the overlap of cell types between different
forensically-relevant tissues provides challenges. Tissue misclassification has been
particularly noted for those forensically relevant tissues that contain epithelial cells from
different body sites, such as skin, saliva, and vaginal secretion samples, which are often
collected from crime scenes (2, 3). However, these different body sites harbor specialized
microbial communities (4), and microbial cells are found in equal or larger quantities than
human cells at the respective body sites (5). Therefore, the human microbiome is expected to
provide a suitable resource for correctly identifying the body site source of such challenging
epithelial samples.

Previous attempts to identify forensically relevant tissue types via microbial DNA
analysis focused on a limited number of microbial species (2, 6, 7), sometimes in combination
with human RNA (8) or DNA methylation (9) markers. The main limitation of specifically
targeting a limited number of bacterial species for forensic tissue identification is their large
variation in frequency composition within (such as over time) and between individuals,
typically not sufficiently quantified in small-sized studies (10, 11). Moreover, some target
species occupy a specific niche within a body site (i.e. Streptococcus mutans inhabits dental
plaques within the oral cavity) that may not always be represented in the sample collected
from a crime scene (i.e. saliva sample) (6). Another limitation is that for some of those
microbial target species, non-specific signals have been reported in non-target tissues (12-
15), in food (7), and in other animal species (16), which can lead to false positive results. In
addition, bacterial-specific nucleic acids isolation methods are not usually employed in
forensics, which can complicate the detection of certain species such as gram-positive
bacteria (17). Furthermore, sample size in previous forensically-oriented microbial DNA
studies was typically small, in principle not allowing for obtaining reliable outcomes.

The limitations of target species for differentiating among epithelial materials from
different body sites, together with the availability of multi-tissue data from the Human
Microbiome Project (HMP) (18), prompted us to investigate the use of microbiome profiling for
the identification of skin, saliva and vaginal secretions. In contrast to previous studies, we
aimed to take advantage of the full spectrum of the microbial community present in a sample
(not only a limited number of target species) by applying a taxonomy-independent microbiome
approach, and used a large number of reference data from the HMP, which both - to our
knowledge - has not been previously reported for this purpose. To achieve tissue classification
from microbiome composition, we first developed a new taxonomy-independent deep learning
(DL) approach for tissue classification based on 16S ribosomal RNA (rRNA) gene sequencing
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data, and trained the DL networks with HMP data from a total of 1,636 skin, oral and vaginal
samples. Next, we validated this novel approach in 110 newly-collected test samples from
skin, saliva, and vaginal secretion, for which we de novo generated high-throughput 16S rRNA
gene sequencing data using the lon Torrent™ Personal Genome Machine (PGM) and finally
explained the rarely observed classification outliers by subsequently applying a taxonomy-
based approach (QIIME). Moreover, we assessed the robustness and forensic suitability of
our new microbiome approach in mock casework samples by using freshly-prepared mock
samples as well as mock samples aged for 1 up to 7.6 years. In the study design and
execution, we paid particular attention towards harmonizing newly and previously generated
microbiome data in terms of DNA extraction and 16S rRNA gene sequencing to allow their
combined use.

MATERIALS AND METHODS

Reference data preparation

16S rRNA gene sequencing data from the Human Microbiome Project 16S production phase
| (16S-PP1) were obtained from the HMP data analysis and coordination center (DACC)
website (19). Sequencing data from skin, oral and female urogenital sites were obtained in
FASTA file format. Files were validated to contain both V1-3 and V3-5 16S rRNA gene
hypervariable regions target sequences. Validated data comprised a total of 1,636 samples
(Supplementary File S1) that were assigned to three main body sites categories as described
in Table 1.

Table 1. HMP reference samples with 16S rRNA gene sequencing data used for DL training purposes.

Body site category  Body site Number of validated samples
Left antecubital fossa 172
Right antecubital fossa 176
Skin Left retroauricular crease 88
Right retroauricular crease 98
Total 534
Buccal mucosa 98
Hard palate 96
Keratinized gingiva 98
Palatine tonsils 101
Oral Saliva 83
Subgingival plague 103
Supragingival plaque 105
Throat 163
Tongue dorsum 104
Total 951
Mid vagina 52
Vagina Postlerior fornix 51
Vaginal introitus 48
Total 151

The sequencing reads were aligned to the Escherichia coli str. K 12 substr. MG1655
(nc_000913.3) 16S rRNA gene using BWA-MEM (20) aligner software with parameters: -B1,
-01, -E1 and -L1 to allow mapping of sequencing reads that have many variations compared
to the reference. SAMtools (21) was used to convert the SAM files to sorted BAM files.
SAMtools mpileup command was used to pile up all aligned positions. From each sample and
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position of the 16S rRNA gene, the number of reads with adenine (A), guanine (G), thymine
(T), cytosine (C), insertion (+) and deletion (-) were retrieved. Subsequently, a matrix of
individuals by sites was generated by merging all positions detected at least in one sample,
representing 1,166 positions. In order to select the most informative sequence positions, we
applied Correspondence Analysis (CA) technigue by displaying the available 1,166 sequence
positions in a contingency table for all the 1,636 reference samples from the HMP dataset.
Subsequently, sequence positions showing low inertia (<0.6) were filtered out using the R
package ca (22). The excluded sequence positions were highly similar among the three body
site categories (skin, oral and vagina), being no informative for the purpose of differentiating
the three epithelial materials. The final input matrix for DL consisted of 1,636 samples and
240 sequence positions (inertia>0.6), each position representing six cells (A, G, T, C, +, -).

Test samples and mock casework samples for validation

Biological samples including hand skin, saliva and vaginal secretion were collected from a
total of 32 donors, 24 females and 8 males. An overview of the collected 110 test samples is
provided in Table 2. Participants were asked to follow specific instructions before sample
donation in order to minimize potential inter-individual variation. Similarly, to diminish both
inter-individual and study-to-study systematic protocol biases, sample collection procedures
were adapted to be as similar as possible to those specified by the Manual of Procedures for
HMP (23) and are detailed in Supplementary Material S2. In the case of hand skin specimens,
the index fingers from both hands were sampled, with the difference that the skin of one hand
was ‘protected’ from the surrounding environment by a sterile glove worn for a specific time
(1 hour) before removal and sample collection. This was to test whether body site classification
was influenced by the presence (hand without glove) or absence (hand with glove) of potential
microbiota picked up from the environment in hand skin samples.

Table 2. Type and number of test samples for validation purposes.
Hand skin (without glove)  Hand skin (with glove) Saliva  Vaginal secretion

Female 20 20 23 23
Male 8 8 8 -
Total 28 28 31 23

In addition, a total of 19 mock casework samples, mimicking realistic and often
encountered forensic scenarios, were freshly prepared: 4 skin, 10 saliva and 5 vaginal
secretion samples. Biological material was deposited on different substrates (fabric, eating
and office utensils) and exposed to various environmental conditions, including temperature
and relative humidity. DNA isolation was performed in fresh and 48 hours old samples. More
detailed information on mock casework sample preparation and collection procedures are
available in Supplementary Material S3.

Additionally, a total of 22 aged mock casework samples that were used in previous
mRNA-based tissue identification studies (24-27) were tested: 7 skin, 9 oral and 6 vaginal
secretion samples. The tissue materials from which these samples were obtained for the
present study had previously been included in collaborative exercises with a validation focus
on human mRNA-based tissue identification organized on behalf of the European DNA
Profiling Group (EDNAP) (24-26) and also by the European Forensic Genetics Network of
Excellence (EUROFORGEN_NoE) (27). Tissue materials were initially stored at room
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conditions in the dark for a time period of up to a maximum of 6 months before RNA extraction
on parts of the material were carried out for use in the previous studies. The excess material
remained stored at room conditions in the dark for an additional 6 months to 7.1 years
depending on the sample before DNA extraction was carried out for the purpose of this study,
using the same protocol as applied for the test samples and the freshly-prepared mock
samples. Hence, the total storage time for the aged mock samples used in the present study
ranged from 1 to 7.6 years. All these samples were analyzed without prior knowledge of their
body site origin (‘blind’ testing). Detailed information on sample features, collection procedures
and EDNAP/EUROFORGEN_NOE exercises is available in Supplementary Table S4.

All samples for de novo microbiome analysis were obtained with informed consent.
The Kantonale Ethikkommission Zirich (KEK) approved the sample collection for this study.
Declaration of no objection N0.24-2015.

DNA isolation and quantification

DNA isolation was performed using the DNeasy PowerSoil kit (Qiagen, Germany), following
the manufacturer’s instructions, but only modified at two points for maximizing DNA yield.
Firstly, as proposed by Castelino et al. (28), the 2 mL PowerBead tubes containing 750 pl
solution and the saliva or swab head (skin and vaginal secretion samples) were incubated for
15 minutes at 70°C at the cell lysis step after the addition of PowerSoil® Solution C1. In
addition, as recommended by the Manual of Procedures for HMP (23), centrifugation time in
step 12 was increased from 1 to 2 minutes. A blank swab was included with each extraction.
Isolated bacterial DNA was quantified with the Femto™ Bacterial DNA Quantification kit
(Zymo Research, CA, USA) following the manufacturer’s instructions on the C1000 Touch™
Thermal Cycler (Bio-Rad).

Library preparation from test samples and mock casework samples

This study was based on a target amplicon approach of hypervariable regions of the 16S
rRNA gene. Since the freely available dataset from the HMP was used as a reference, the
same primers suggested by the 16S 454 Sequencing Protocol from the HMP Consortium (29)
were used in this study: V1-3 region of the 16S rRNA gene was amplified using the F27/R534
combination (5’-AGAGTTTGATCCTGGCTCAG-3’, 5- ATTACCGCGGCTGCTGG-3') and the
V3-5 region using the F357/R926 combination (5-CCTACGGGAGGCAGCAG-3,
5-CCGTCAATTCMTTTRAGT-3’). Using the same primers reduces amplification biases
observed with different sets of primers and increases the compatibility of the results obtained
in different studies.

Library preparation was performed following the Prepare Amplicon Libraries without
Fragmentation Using the lon Plus Fragment Library Kit protocol for 400 bp target read length
from the lon Community webpage using the lon Plus Fragment Library Kit (Thermo Fisher
Scientific, USA). The total amount of bacterial DNA template used for the amplicon generation
in the test samples was between 0.07-2.64 ng for hand skin without glove, 0.01-0.60 ng for
hand skin with glove, 0.06-2 ng for saliva and 4-32 ng for vaginal secretion samples. For the
mock casework samples, bacterial DNA template was between 0.05-36.71 ng for freshly-
prepared samples and 0.01-29.03 ng for the aged samples. An annealing temperature of 58°C
was settled for V1-3 region and 50°C for V3-5 region. Amplicons were quantified with Quant-
iT™ PicoGreen™ dsDNA Assay Kit (Thermo Fisher Scientific) following the manufacturer’s
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instructions and equimolar amplicon pools were prepared (30 ng of the amplicon pool in a
total volume of 50 pL). Libraries were quantified using the lon Library Tagman® Quantitation
Kit (Thermo Fisher Scientific) following manufacturer’s instructions and diluted accordingly
down to 50 pM. The diluted libraries harboring different barcodes were pooled together in an
equal concentration.

Template preparation and massively parallel sequencing

Template preparation was performed using the lon PGM Hi-Q View OT2 kit and loaded onto
the lon One Touch™ 2 (OT2) instrument for emulsion PCR following the manufacturer’s
protocol (Thermo Fisher Scientific). Subsequently, samples were enriched with template-
positive ion sphere particles (ISPs) on the lon Torrent™ Enrichment System (ES) following the
manufacturer’s protocol (Thermo Fisher Scientific). Sequencing was performed using the lon
PGM Hi-Q View Sequencing kit and lon 318™ v2 chip on the lon Torrent™ PGM (Thermo Fisher
Scientific) according to the supplier's instructions. We used 850 flows in order to get
sufficiently long sequencing reads. Sequencing data was obtained from the Torrent server as
FASTQ file format using the FastgCreator (v3.4.56313) plugin. On average, test samples
sequencing runs generated ~3.65 million of total reads after removal of sequencing adapters
and barcodes. On average, mock casework samples sequencing runs generated ~4.78 million
of total reads. Sequencing reads were trimmed by quality (Q<20) and length (<100 bp) using
Trimmomatic (30).

Deep learning implementation

The deep learning (DL) artificial neural network (ANN) for human epithelial material
identification was implemented in Tensorflow (31) and Keras (32). Input data comprised 1,440
features (six nucleotide categories — A, G, T, C, (+), (-) — by 240 retained sequence positions).
Output was the classification into one of the three body site categories skin, oral, or vagina.
The DL consisted on a four layer ANN, with two hidden layers of ten neurons each one using
the hyperbolic tangent function (TANH) (33) and a softmax activation function as output. The
TANH activation function is a rescaling version of the Sigmoid function showing a more
efficient convergence during the training.

The training algorithm of the neural network was performed using Adam optimizer (34)
and drop out (35) at a rate of 0.1 to regularize the model. The DL was trained for 10,000
generations or until the categorical accuracy error was smaller than 0.001.

Given that the number of features was relatively large compared to the number of
training samples, a model averaging/bagging was implemented (35) by independently training
50 DL networks with the above proposed neural architecture. Test and mock samples were
given assigned probabilities to each site category (skin, oral, vagina) by means of averaging
the output from the different 50 DL networks.

Area under the receiver operating characteristic curve (AUC) values from the
classification performed by the 50 DL networks in the test samples were calculated using the
scikit-learn (36) package. Two-dimensional plots from principal component analysis (PCA),
using the activation values of the hidden neurons of each network ((10+10)*50 neurons per
sample), were generated using ggplot2 R package (37).
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Taxonomic profiling of classification outliers

16S rRNA gene sequencing data for each analyzed sample was obtained from the Torrent
server as FASTQ files. Chimera reads, reads shorter than 100 bp and reads with total
expected error higher than 1% were removed from the files using UCHIME version 8.1 (38).
Remaining reads were then mapped to the SILVA rRNA database version 128 (39) using RDP
Naive Bayesian Classifier (40) in QIIME environment using the closed-reference method (41).
The final Operational Taxonomic Unit (OTU) table was divided into 5 sub-tables at different
taxonomic levels (in QIIME environment): phylum, class, order, family and genus.

RESULTS

Training of taxonomy-independent deep learning approach

Overall, 16s rRNA gene V1-3 and V3-5 hypervariable sequences of 1,636 samples from the
HMP 16S-PP1 with skin, oral and vaginal sites origin were validated. This sample set was
used to train 50 DL networks independently from each other (see Materials and Methods
section for network architecture). The output consisted of the probability of assignment of each
sample to each of the three body site categories skin, oral and vagina. In order to provide a
visual summary of the DL performance, principal component analysis (PCA) using the
activation values of the hidden neurons of each network ((10+10)*50 neurons per sample)
was performed on the HMP training dataset. The first two principal components explained
92% of the variation present in these data. As evident from Figure 1, the 1,636 training HMP
samples appeared to cluster in three main groups, corresponding to the three body sites from
which these samples were initially obtained i.e. skin, oral cavity and vagina.
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Figure 1. Principal component analysis (PCA) of the deep learning (DL) training samples from HMP. Projection of the

activation values of the hidden neurons of each DL using the HMP training samples (Oral_HMP, Skin_HMP,

Vagina_HMP) in the first two dimensions of a PC space together explaining 92% of the total variation. Three distinct data

groups correspond to the three body site categories from where the samples were collected.
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Validation of taxonomy-independent deep learning approach using test samples

The 50 DL networks that were trained based on HMP reference data were subsequently
applied to the 16S rRNA gene sequencing data de novo generated with the lon Torrent™
PGM from the 110 newly-collected test samples: 56 hand skin - with and without glove, 31
saliva and 23 vaginal secretion specimens. Each sample was given a probability of
assignment to each of the three body site categories by means of averaging the output from
the 50 DL networks. A probability of assignment threshold of 0.7 was used for considering
conclusive (20.7) or inconclusive (<0.7) classifications. The resulting AUC values were very
high at 0.99 for oral, 0.99 for skin and 1 for vagina, demonstrating that the trained DL networks
had very high classification power. Overall, 95% (53/56) of the skin samples were correctly
classified to the skin category, 100% (23/23) of the vaginal specimens were correctly classified
to the vagina category and 100% (31/31) of the oral samples were accurately assigned to the
oral category (Table 3).

Table 3. True (rows) versus estimated (columns) body-site classification of 110 test samples obtained with the novel
taxonomy-independent deep learning microbiome approach.

Skin Oral Vagina
Skin (n=56) 53 (95%) 3 (5%) 0
Oral (n=31) 0 31(100%) O
Vagina (n=23) 0 0 23 (100%)

Body site misclassification i.e. samples with a probability of assignment 20.7 in a
category other than the true body site of origin, was limited to three skin samples only (5% of
total skin samples), which were all misclassified as oral (explaining the AUC of 0.99 for skin
and oral). Without considering the three misclassifications, skin samples were correctly
classified with an average probability of assignment at 0.99885 (SD+8.25E-03). No substantial
differences in the probabilities of assignment were noted for the correctly-classified skin
samples with and without the usage of gloves for the same donors (Supplementary Figure
S5). Oral samples presented an average probability of assignment at 0.99602 (SD+1.31E-02)
and vaginal samples at 0.99939 (SD+2.77E-03). All probabilities for each of the test samples
are shown in Supplementary Table S6.

Next, the de novo analyzed test samples were superimposed on the principal
component analysis defined by the activation values of each of the 50 DL networks of the
training HMP dataset (Figure 2). When considering the first two PCs (explain 92% of variation),
the test samples largely overlap with the HMP training samples for all of the three groups,
respectively. Exceptions were the three misclassified skin samples: d18_Swo (A), d19_Swo
(B) and d23_Sw (C) (Figure 2), which did not cluster in the skin body site group, but in the oral
group instead.

Forensic validation of taxonomy-independent deep learning approach using mock
casework samples

As additional forensic validation step, we applied our new microbiome approach to freshly-
prepared and aged mock casework samples mimicking realistic and often encountered
forensic scenarios. From the 41 mock casework samples used in total across all three tissue
types, our microbiome approach classified 39 (95%) correctly and only one was classified
incorrectly (2.5%) while one (2.5%) was inconclusive (Table 4).

43



Chapter 2

40

*

30

Site

20 Oral_HMP

®  Oral_study
Skin_HMP

®  Skin_study(wi)

®  Skin_study{wia)
Vagina_HMP

® \Vagina_study

10

Aw

PC2 (22% variance explained)

& ﬁiﬂ

*z
-10

-20 -10 0 10 20 30
PC1 (70% variance explained)

Figure 2. Principal component analysis (PCA) of the deep learning training samples from HMP with superimposed de
novo analyzed test samples. All de novo analyzed test samples cluster with the HMP training samples in agreement with
the respective body-site sample category except for the three misclassified skin samples d18_Swo (A), d19_Swo (B)
and d23_Sw (C) that have assigned probabilities of 0.98324, 0.99999 and 0.99992 to the oral category, respectively.

Regarding the freshly-prepared mock casework samples, all 19 were correctly
classified to the respective body site they were collected from with probabilities of assigned to
the correct body-site category >0.9999. In particular, freshly-prepared mock casework skin
samples were correctly classified with an average probability of assignment at 0.99999
(SD+6.84E-0.7), oral samples at 0.99999 (SD+2.99E-08), and vaginal samples at 0.99997
(SD+0.2.88E-06) (Table 4). Notably, accurate body-site classification was obtained
independently of the substrate of the sample (fabric, eating and office utensils), storage time
until DNA isolation (fresh or 48 hours) and storage conditions (room temperature, 30°C, 4°C
or 50% relative humidity), as considered in the design.

Regarding the 22 aged mock casework samples, all the 7 skin mock samples were
correctly classified to the skin category with an average probability of assignment at 0.99998
(SD+3.67E-06). Out of the 9 aged oral mock samples, 8 were classified correctly, while one
was misclassified as skin, with an assigned skin probability of 0.99977. The correctly-
classified aged oral mock samples (8/9) presented an average probability of assignment at
0.99999 (SD+9.93E-06). Out of the 6 aged vaginal mock samples, 5 (83%) were correctly
classified with an average probability of assignment at 0.94966 (SD+1.06E-01) using the 0.7
threshold. Of those, 4 (67%) had probabilities of vagina assigned = 0.99339 while one had a
probability of vagina assignment of 0.76002 (together with a probability of skin assignment of
0.16395 and oral assignment of 0.07602). The remaining one aged vaginal mock sample
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yielded inconclusive results following the 0.7 probability threshold used, with a probability of
vagina assignment of 0.55730 and a probability of skin assignment of 0.44223 (Table 4).

Table 4. Body site assignment probabilities of the freshly-prepared and aged mock casework samples obtained with the
novel taxonomy-independent deep learning microbiome approach.

True Sample s-trc:?;ge Predicted site probabilities
site ID (;ggfs) Skin Oral Vagina
F3A 0 7.44E-06 | 6.29E-06
F3B 0 7.44E-06 | 6.26E-06 »
Fac 0 7.53E-06 | 6.32E-06 Probability of
F3D 0 8.65E-06 | 6.46E-06 assignment
- ZHF12 1 7.76E-06 | 6.45E-06 —1
2 ZHF8 2 7.38E-06 | 6.29E-06
ZHF4 4.9 7.66E-06 | 6.44E-06
ZHF21 5 7.36E-06 | 6.38E-06
ZHF22 5 1.66E-05 | 7.11E-06
ZHF23 5 8.06E-06 | 7.07E-06
ZHF25 5 7.47E-06 | 6.27E-06
F2A 0 3.64E-06
F2B 0 3.59E-06
F2C 0 3.69E-06 — 07
F2D 0 3.62E-06
F2E 0 3.58E-06
F2F 0 3.61E-06
F2G 0 3.58E-06
F2H 0 3.62E-06
= F2i 0 3.70E-06 05
5 F2J 0 3.60E-06
ZHF10 1 3.64E-06
ZHF5 2 3.87E-06
ZHF6 2 3.72E-06
ZHF24 5 3.61E-06
ZHF2 7 3.66E-06
ZHF17 7 3.18E-05
ZHF18 7 4.11E-06
ZHF14 7.6 3.61E-06
ZHF15 7.6
F1A 0 1.92E-05 \
F1B 0 1.87E-05 | 1.12E-05 \
F1C 0 1.67E-05 | 1.24E-05 |
F1D 0 1.79E-05 | 1.15E-05 \
© F1E 0 2.57E-05 | 1.03E-05 | 0
S ZHF11 1 1.87E-05 | 1.12E-05 | -
> ZHF7 2 1.64E-01 | 7.60E-02 |
ZHF3 5.9 0.44223 | 4.73E-04
ZHF20 6 2.00E-05 | 1.05E-04 |
ZHF19 6.6 4.95E-03 | 1.51E-05 |
ZHF16 7 6.44E-03 | 1.77E-04 \

P=0.7 threshold for conclusive classification. Misclassified and inconclusively classified samples are highlighted in bold.

Understanding classification outliers by subsequent taxonomic profiling

We aimed at finding an explanation for the misclassified samples. For this, we performed
taxonomy identification from the microbiome data of these samples, by mapping the
sequencing reads to the SILVA rRNA database in QIIME (41) environment using the closed-
reference method. Operational Taxonomic Unit (OTU) tables at the phylum and genus levels
were used to compare the retrieved microbiome profiles (Supplementary File S7).
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From the three misclassified test samples, two misclassified skin test samples
(d19_Swo and d23_Sw) that had a probability of assignment to oral at 0.99999 and 0.99992,
respectively, revealed at the phylum level a reduced relative abundance of Actinobacteria and
Proteobacteria, and an increased relative abundance of Firmicutes, when compared to the
correctly classified skin samples (Figure 3a). At the genus level, these samples showed a
reduced relative abundance of Propionibacterium and the uncultured genus of the
Neisseriaceae family, and an increased relative abundance of Streptococcus (Figure 3b). The
DL approach considering three sites resulted in the classification of these skin samples to the
closest oral cluster that also showed low relative abundances of Propionibacterium and the
uncultured genus of the Neisseriaceae family. For the third misclassified skin test sample
(d18_Swo) that had a probability of assignment to oral at 0.98324, we noted an insufficiently
low quality of the sample reads to perform taxonomic analyses.

Same procedure was followed for the one misclassified and one inconclusively
classified mock casework samples. The misclassified oral sample (ZHF15) that had a
probability of assignment to skin at 0.99977 revealed at the phylum level a reduced relative
abundance of Firmicutes and an increased relative abundance of Actinobacteria and
Proteobacteria when compared to the correctly classified oral samples (Figure 4a). At the
genus level, this sample revealed a reduced relative abundance of Streptococcus, Veillonella,
Haemophilus, Fusobacterium, Neisseria, Blautia and Lactobacillus compared to the correctly-
classified oral samples. Interestingly, the most abundant genera present in this sample were
Ralstonia, Microbacterium, Phyllobacteriae family and Corynebacterium (Figure 4b). These
genera were almost absent in the correctly-classified samples from all the three categories
(skin, oral and vagina). Corynebacterium was also present in the correctly-classified skin
samples in a similar abundance which, together with the decreased abundance of oral-
associated genera, could explained the assignation of this sample to the skin category.

The inconclusively classified mock vaginal sample (ZHF3) and the correctly-classified
vaginal sample (ZHF7) that had a reduced (but still above the 0.7 threshold) vagina
assignment probability of 0.76, both showed a slightly reduced relative abundance of
Firmicutes at the phylum level. The former one also showed an increased relative abundance
of Actinobacteria (Figure 4a). At the genus level, both samples showed decreased relative
abundance of Lactobacillus while other genera appeared to be more abundant than in the
correctly-classified vaginal samples. The inconclusively-classified vaginal sample (ZHF3)
showed an increased relative abundance of Staphylococcus and Corynebacterium, while
Streptococccus was more abundant in the correctly-classified one (ZHF7) (Figure 4b). These
particular observations resembled to the relative abundances of these genera in the correctly-
classified skin samples and could explain the probability of assignment of the two samples to
the skin category.
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Figure 3. Taxonomic profile of misclassified skin samples at the phylum (a) and genus (b) level. (A) Overview of the
relative abundance of the bacteria present in the correctly classified newly-analyzed test and mock skin samples. (B)
Relative abundance of the bacteria in the misclassified hand skin sample without glove (d19_Swo) with a probability of
assignment of 0.99999 to oral site. (C) Relative abundance of the bacteria in the well-classified skin sample with glove
(d19_Sw). (D) Relative abundance of the bacteria in the misclassified hand skin sample with glove (d23_Sw) with a
probability of assignment of 0.99992 to oral site. (E) Relative abundance of the bacteria in the well-classified skin sample
without glove (d23_Swo). (F) Overview of the relative abundance of the bacteria present in the correctly classified newly-
analyzed test and mock oral samples. Asterisks (*) refer to misclassified samples.
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Figure 4. Taxonomic profile of mock samples outliers at the phylum (a) and genus (b) level. (A), (B) and (C) Overview
of the relative abundance of the bacteria present in the correctly classified newly-analyzed test and mock oral, skin and
vaginal samples, respectively. (D) Relative abundance of the bacteria in the misclassified oral sample (ZHF15) with a
probability of assignment of 0.99977 to skin site. (E) Relative abundance of the bacteria in the inconclusively classified
vaginal sample (ZHF3) with a probability of assignment of 0.55730 and 0.44223 to vagina and skin site, respectively. (F)
Relative abundance of the bacteria in the correctly-classified vaginal sample (ZHF7), though with a low-probability of
0.16395 of assignment to the skin site. Asterisk (*) refer to misclassified sample, double-asterisk (**) refer to

inconclusively classified sample.
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Comparison of new microbiome with previous human mRNA tissue classification

The 22 aged mock casework samples had previously been included in collaborative inter-
laboratory exercises on human mRNA-based tissue identification organized by the EDNAP
group (24-26) and the EUROFORGEN_NoE Consortium (27) (Supplementary Table S4). For
three out of the 22 samples mRNA-based tissue identification data were not available for
comparison. Additionally, three samples were human RNA-based analyzed to test cross-
reactivity with other tissue types rather than for their respective true tissue type (ZHF16,
ZHF19, ZHF24). For the remaining 16 aged mock samples, the comparison of tissue
classification based on the new microbiome approach and the previously applied human
mMRNA approach revealed clearly improved classification for 12 (75%) of the 16 samples as
achieved with our microbiome approach. One aged oral mock sample (ZHF2, 5uL saliva on
paper) was found challenging with the mRNA approach since saliva human mRNA markers
were detected in 4 or less of the 13 participating laboratories (24). However, with our
microbiome approach accurate classification to the oral category was achieved by obtaining
a high probability of assignment at 0.99999. On another aged oral mock sample (ZHF6, buccal
swab), mRNA outcomes concluded the presence of saliva, as well as a possible minor
contribution of vaginal secretion, the latter being incorrect based on the sampling set-up (27).
With our microbiome approach, we achieved correct oral assignment with a high probability
of 0.99999. For three oral samples, better outcomes were obtained with our microbiome-
based approach than with mRNA-based analyses: for ZHF14 (1/4 chewing gum), ZHF17 (5
pl saliva on glass slide) and ZHF18 (licked plastic spoon) saliva mRNA markers were detected
in 8 or less of the 18 participating laboratories for the former and in 9 or less of the 13
participating laboratories for the other two samples (24). We achieved correct oral assignment
with a high probability of 20.99997 for the three of them. Additionally, 87% of the target mMRNA
MPS reads in ZHF5 (50 pl saliva) concluded saliva (27); however, our microbiome approach
assigned the sample to the oral category with a probability of 0.99999. In one of the aged oral
mock samples our microbiome approach revealed problems not seen with the previous human
MRNA approach. In the aged oral mock sample (ZHF15, 5uL saliva on pad) that was
misclassified as skin with our microbiome approach with a probability of 0.99977, the previous
MRNA data concluded saliva. However, in the previous mRNA studies the sample was only
tested for saliva mRNA markers, but not for mRNA markers for skin and vaginal secretion
(24); hence the comparison is not completely fair.

Overall, for the aged skin mock samples (ZHF4, ZHF21, ZHF22, ZHF23 and ZHF25,
small swab from palm, hand print on glossy paper, key from computer keyboard, finger print
on glass slide and scraped skin from back of hand, respectively), the mRNA-based approach
performed poorly (26, 27) whereas our microbiome approach achieved correct skin
assignment with high probabilities at 20.99998 for all of them. In the remaining aged skin mock
sample (ZHF8, skin swab (27)) both approaches showed correct results. The improved tissue
identification achieved with the microbiome approach in these samples may be explained by
higher tissue specificity of our microbiome approach compared to the previously used mRNA
approach, a higher abundance of microbial over human cells in the analyzed samples, sample
degradation impacting on human mRNA but not microbial DNA, or a combination of these
possible factors.

One aged vaginal mock sample (ZHF20) was classified with our microbiome
approach at the vagina category with a probability of 0.99987, improving the mRNA-based
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results (25). Another aged vaginal mock sample (ZHF7) was correctly assigned to the vagina
category with our microbiome approach with a probability of 0.76002, with similar performance
to previous RNA approaches. The human RNA massively parallel sequencing (MPS)-based
results for this sample showed true vaginal classification (78% of target reads), though with
minor contributions from other tissues than vaginal secretion such as blood (9%), semen (3%),
saliva (7%) and skin (2%) (27). For the inconclusively classified aged mock vaginal sample
with the microbiome approach (ZHF3; 0.55730 probability of assignment to the vagina
category and 0.44223 to the skin category), human vaginal mMRNA markers were detected in
6 or more of the 22 participating laboratories (25).

DISCUSSION

Tissue identification in a forensic investigation allows for the evaluation of the crime relevance
of the biological trace found at a crime scene and used for DNA-based individual identification
and may provide crucial information about the activity level of the DNA-identified trace donor.
Previous attempts on forensic tissue identification using human biomarkers highlighted
difficulties when dealing with human epithelial materials derived from skin, oral and vaginal
sites, which is explained by the overlap in human cell composition between these different
epithelial materials, leading to cross-identification, reduced specificity and thus limited forensic
use (2). The human microbiome, however, provides a suitable resource to overcome this
limitation, since many body sites including oral cavity, skin and vagina harbor distinctive
microbial communities (4, 42, 43).

Here, we introduce a novel taxonomy-independent deep learning microbiome profiling
approach for identifying skin, oral and vaginal samples that uses sequence information from
all the bacteria represented in a DNA sample. Moreover, our new approach that is based on
massively parallel sequencing uses a large number of reference samples for training
purposes, which allows us to achieve reliable and accurate tissue identification in different
sets of validation samples, for which we de novo generated microbiome data in a way that
allows combined use together with the reference data established by the HMP.

Our taxonomy-independent approach represents a single-test approach applicable for
all three different tissue types simultaneously, which is decisive in forensic investigations
where the biological material is often limited. A general advantage of microbiome-based tissue
identification relative to human mRNA-based methods currently in forensic use in some
countries (3, 44) is that STR profiling for individual identification (1) and tissue identification
can be performed on the very same DNA extract. By using bacterial-specific nucleic acids
isolation methods, both human and microbial DNA are obtained for downstream analyses.
Although the combination of STR-based individual identification and mRNA-based tissue
identification from the same human biological sample was demonstrated recently via
DNA/RNA co-isolation and simultaneous DNA/RNA targeted massively parallel sequencing,
this approach required independent treatment of the RNA and DNA fractions before
sequencing (45).

A limitation of previous microbial genetic attempts on forensic tissue identification is
the small study sample size leading to unreliable outcomes due to under-powered detection
of individual variation. Here, we aimed to overcome this limitation by using a large reference
dataset from the HMP for training the deep learning neural networks. By harmonizing DNA
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extraction and 16S rRNA gene sequencing protocols we made sure that the previously
established HMP dataset used here for training purposes and the de novo generated datasets
used for validation purposes could indeed be combined in the data analysis. To represent skin
in the reference dataset, we used samples from four skin HMP categories i.e. right and left
antecubital fossa, and right and left retroauricular crease. We are aware of the fact that these
specific skin areas represented in the training sample set do not overlap with those
represented in the test sample set (i.e. hand skin, more specifically the down side of the distal
phalange of the index fingers). However, as implied by the high skin probabilities we achieved
in the skin test samples, these skin HMP categories are good proxies for hand skin.

To test for the influence of touching other body parts or other objects, we used hand
skin samples with gloves worn for one hour before sampling, and without gloves. We saw,
however, that the probabilities of assignment to skin from samples with and without glove use
were nearly the same for all the donors, excluding misclassified and inconclusively classified
skin samples (Supplementary Figure S5). This indicates that with the microbiome approach
we introduce here, the possible pick-up of non-authentic microflora (which would be reduced
by wearing gloves) is not a serious problem for most of the cases. This agrees with a previous
study in which participants were asked to wash their hands one hour before sampling,
resulting in a minimal but insignificant community difference compared to non-washed hand
samples (46).

Regarding oral HMP samples used for DL training purposes, all nine oral categories
present in the HMP dataset (Table 1) were used. Though dissimilarities in the microbial
communities between saliva and dental sites have been reported (47, 48), in our analysis all
oral HMP samples used cluster together and separately from the samples of the other two
body sites (Figure 1). This suggests that microbial differences between the different oral
categories represented by the HMP samples are much smaller than those between oral and
the other two body sites. Similar findings were obtained for the samples from the three vaginal
sample HMP categories used (Table 1, Figure 1).

With our novel approach, we achieved highly reliable and accurate tissue identification
from epithelial materials collected at the three body sites: skin, oral and vagina.
Misclassifications achieved in the test samples were very low (3 skin samples). In the oral-
classified skin sample (d19_Swo) Streptococcus was the dominant genus, while the correctly-
classified skin sample with glove from the same donor (d19_Sw) presented very low levels of
this genus (Figure 3b). Thus, it could be argued that the origin of Streptococcus in the oral-
classified skin sample without glove came from an environmental source, such as commonly-
consumed fermented products (49), leading to the Streptococcus overrepresentation in this
sample. In contrast, in the case of the inconclusively classified skin sample with glove
(d23_Sw), both skin samples from donor 23, with and without glove usage, showed high levels
of Streptococcus (Figure 3b), which suggests that the high skin load of this bacteria genus
was of different than external origin (or the external Streptococcus sources was introduced to
the skin prior to glove usage). Given the distinct general taxonomic profiles, this individual
could suffer from any common skin disorder, in agreement to that reported by other studies
(50). This particular case points out the necessity of establishing a more diverse DL training
dataset that includes different skin microbiota states (i.e. common skin disorders) that can
ultimately allow for correct assignation of such samples to the skin category in the future.
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The highly accurate tissue-type classification our novel microbiome approach achieved
in the test samples was also seen in the forensic mock casework samples (39 of 41 samples
correctly classified). Here we used freshly-prepared mock samples as well as aged mock
samples, the latter to additionally investigate the impact of sample storage time on the tissue-
classification outcome. In the freshly-prepared mock samples, we varied sample substrate
(fabric, eating and office utensils), storage condition (temperature or relative humidity) or
minor storage time until DNA isolation (fresh or 48 hours). Given the completely accurate
tissue-classification our microbiome approach revealed for all of the 19 freshly-prepared mock
casework samples from all three body sites, we conclude that these external parameters have
no significant impact on the performance of our approach. This observation agreed with
previous reports in which bacterial communities were largely unaffected by differences in
short-term storage conditions (51). Moreover, the average probabilities of assignment at each
body-site category obtained for these freshly-prepared mock samples were very similar to
those obtained in the 110 test samples, which provides further confidence in our approach.

The good performance of our proposed approach as revealed in the test samples and
the freshly prepared mock casework samples was further supported by the results obtained
in the aged mock casework samples, where 20 (91%) of the 22 samples tested were tissue-
type classified correctly and only one was incorrectly classified, while one was inconclusive.
Notably, in contrast to the test samples and the freshly-prepared mock casework samples, the
aged mock samples were analysed in blind way, since these samples were prepared in a
different laboratory (Zurich) than were the DNA testing was performed (Rotterdam). The
proportion of correctly tissue-type assignment was similar in samples stored for 1 year and
those stored for 27 years, underlining that storage time is not a major factor impacting on the
performance of our microbiome approach.

The one aged mock sample misclassified with our microbiome approach was a sample
prepared by putting 5 pl saliva on a pad (ZHF15), which our microbiome approach classified
as skin sample with a high probability of 0.99977. This misclassification might be caused by
the long storage time (7.6 years). However, that storage time alone cannot explain
misclassification or inconclusive classification is indicated by our findings for yet other four
aged oral mock samples stored similarly long (=7 years) were correctly classified high
probabilities for oral assignment of 0.99999. The taxonomic analysis revealed increased
presence of Ralstonia, Microbacterium, Corynebacterium and Phyllobacteriae family at the
genus level (Figure 4b), as well as decrease relative abundance of oral-associated genera. In
any case, one shall keep in mind that it is not typical that a human biological crime scene trace
is recovered for forensic analysis many years after sample deposition at the crime scene.

For the vaginal samples, we noted that the probabilities for correct vaginal assignment
in two of the aged mock samples (ZHF7 and ZHF3, 5x5 mm piece of worn underpants and %
vaginal swab, respectively ) were lower than for the other ones; where for one sample (ZHF7)
the vagina probability was still above the 0.7 threshold used, resulting in correct assignment,
while for the other (ZHF3) it was well below, leading to an inconclusive classification outcome.
As the taxonomic analysis revealed, some genera in these two samples resembled to those
in the correctly-classified skin samples (Streptococcus in ZHF7 and Corynebacterium and
Staphylococcus in ZHF3) (Figure 4b). This could be explained by the swabbing collection
procedures applied for these vaginal samples, being difficult to avoid any contact with the
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closest skin areas, hence with the skin microbiome, resulting in some low probability of
assignment to the skin category.

Overall, a successful microbiome application depends on both technical and biological
issues. Especially when microbiome profiles from different data sources are aimed to be
combined, as done here for training and validation samples, care needs to be applied on
method homogenization. Previous studies demonstrated that DNA extraction methods impact
on outcomes of microbiome profiling (17). In this study, sample collection, DNA isolation and
16S rRNA gene amplification primers used to generate the validation data were adapted to
be as similar as those previously used to generate the HMP data we applied here for training
purposes to reduce technical biases. Because of these method homogenizations steps, an
important quality of our study is that de novo generated data from our validation samples, in
contrast with other reports (52), clustered with the previous generated data from the reference
samples used here for training purposes (Figure 2). Moreover, data from the HMP training
and the validation samples were largely comparable with each other, even though different
MPS technologies were used to generate these two datasets. We therefore demonstrate that
although these different MPS technologies generate sequences of different length and depth,
no significant impact was noted as long as other methodological points are homogenized.

Regarding future work, from the technical side, further forensic validation testing of our
new microbiome approach shall be performed in more complex mock casework samples, such
as mixed multi-tissue samples, to establish data evidence and guidelines for interpreting data
for mixed tissue samples. Additionally, from a biological side, potential host’s factors affecting
specific body sites microbial communities shall be further investigated to better characterize
the whole picture of microbial inter- and intra-individual variation, including microbiome
consequences of disease conditions. Depending on the outcomes of such studies, the training
dataset of the DL approach may need to be revised to consider such outcomes in future tissue
identification using our microbiome approach.

CONCLUSION

We introduce a novel microbiome approach that is based on massively parallel sequencing of
the 16S rRNA gene and taxonomic-independent deep learning networks trained with large
reference data, for body source identification of skin, oral and vaginal samples that are difficult
to differentially identify with human cell biomarkers. The results of the de novo analysed
validation test samples demonstrate the accuracy and robustness of our microbiome
approach. The forensic suitability of this new approach is highlighted by the outcomes of the
de novo analysed forensic mock casework samples. We envision this novel microbiome
approach introduced here to be applied for identifying human epithelial materials in future
forensic casework and any other applications where tissue-type knowledge is unavailable but
required. The 16S rRNA gene sequencing data generated in this study as well as the codes
and executables of the taxonomy-independent deep learning approach, and a user manual
are all publicly available through the website of the Department of Genetic Identification,
Erasmus MC, University Medical Center Rotterdam (https://www.erasmusmc.nl/genetic_
identification/resources/).
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SUPPLEMENTARY MATERIALS

Supplementary File S1. SRA numbers of the 1,636 skin, oral and vaginal samples retrieved from HMP 16S-PP1 and
validated for V1-3 and V3-5 target sequences. These samples comprise the training set of the 50 DL neural networks.
This file can be found in the online version of the manuscript (doi: 10.1016/j.fsigen.2019.03.015).

Supplementary Material S2. Sample collection procedures and instructions for participants before sample donation.

Skin samples: One hour before sample collection donors were asked to wash both hands with water, no hygienic
products and immediately afterwards to wear a nitrile powder-free examination glove in one of the two hands (the non-
dominant hand). After one hour and removal of the glove, two skin samples were collected from each donor, down side
of the distal phalange of the index finger from both right and left hands. This was to test whether body site classification
was influenced by the presence (hand without glove) or absence (hand with glove) of potential microbiota picked up from
the environment in hand skin samples. To avoid sample cross-contamination, the person in charge of sample collection
used a new pair of gloves with each collected specimen. Skin surface specimens were collected using PurFlock Ultra 6”
sterile standard flock swabs (Puritan, USA) moistened with sterile SCF-1 solution (50mM Tris buffer (pH7.6), 1mM EDTA
(pH8.0), and 0.5% Tween-20). Swab shaft was hold parallel to the skin surface and swab head was rubbed back and
forth approximately 50 times along the sample site, applying firm pressure.

Vaginal secretion samples: Female donors were asked not to have sexual vaginal activity, use genital wipes, feminine
sprays or spermicides 48 hours before vaginal fluid collection. Participants were provided with the previously mentioned
swabs to collect the specimen by themselves in private. They were asked to place the swab at the vaginal introitus and
rotate it along the lumen with a circular motion 5 times.

Saliva samples: One and a half hours prior to saliva collection donors were requested not to brush their teeth, use
mouthwash, eat any food, use chewing gums and drink any other drinks than non-sparkling water. Participants were
asked to collect saliva in the mouth for at least one minute and spit into a sterile tube and repeat the process multiple
times up to 5mL of saliva.

Immediately after sample collection, the swab head (skin and vaginal secretion samples) was broken off into a 2mL
PowerBead tube containing 750pl solution (Qiagen, Germany) in those cases in which DNA isolation was carried out
straightaway. For those samples not directly processed, swab head was broken off into a 1.5mL Eppendorf tube and
stored at -80°C until DNA isolation. In the case of saliva samples, tubes were centrifuged at 2600g for 15 minutes at
room temperature to separate solid from liquid material. Saliva supernatant (500ul) was transferred to a 2mL PowerBead
tube containing 750ul solution (Qiagen, Germany). In those cases in which the saliva specimens were not directly
processed, collection tubes were stored at -80°C until DNA isolation.

Supplementary Material S3. Freshly-prepared mock casework samples collection procedures.

Skin samples: A total of 4 mock casework skin samples were prepared. A keyboard, a light switch, a door latch and a
key were firstly treated with DNA Away™ Surface Decontaminant (Thermo Fisher Scientific). After 48 hours being
normally touched by people, sample sites were swabbed. Before sample collection, the key was kept into a plastic box
for 48 hours under controlled relative humidity conditions (50% RH) as described by Forney et al. (1992).

Saliva samples: A total of 10 mock casework saliva samples were prepared, 5 using aluminium spoons and 5 using glass
cups as sample substrates. Eating and drinking actions using the spoons and cups were mimicked for approximately 2
minutes in order to obtain realistic saliva samples. For each substrate type, one sample was immediately collected after
preparation and processed for DNA isolation (fresh). The four remaining spoons/cups were stored at different conditions
(storage at room temperature, into an incubator at 30°C, into a fridge at 4°C, and into a plastic box at 50% RH (Forney
et al. (1992))) and were swabbed at the sample area and processed for DNA isolation 48 hours afterwards.

All mock casework skin and saliva samples were collected using PurFlock Ultra 6” sterile standard flock swabs (Puritan,
USA) moistened with sterile SCF-1 solution (50mM Tris buffer (pH7.6), 1mM EDTA (pH8.0), and 0.5% Tween-20). In the
case of the skin samples, sample area comprised the entire surface of the target objects. For the saliva samples, both
sides of the head of the spoons as well as the rim surface in the cups were swabbed. The swab shaft was hold parallel
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to the sample area and swab head was rubbed applying firm pressure while rotating to ensure the entire swab surface
made contact with the sample site. The swab was not rotated more than once to avoid redepositing biological material.
Immediately after collection, the swab head was broken off into a 2mL PowerBead tube containing 750pl solution
(Qiagen, Germany) and processed or stored at -20°C until DNA isolation.

Vaginal secretion samples: A total of 5 mock casework vaginal secretion samples were collected in private by the donor
herself by using PurFlock Ultra 6” sterile standard flock swabs (Puritan, USA). The swab head was placed at the vaginal
introitus and rotated along the lumen with a circular motion five times. Samples were collected at intervals of 45min
during the same day to allow for enough biological material to be loaded in all samples. Immediately after sample
collection, fresh vaginal secretion was deposited on a fabric by holding the swab shaft parallel to it and rubbing the swab
head with a circular motion applying firm pressure along the fabric sample site (square of 4 cm?). Sterile scissors were
used to cut a square of approximately 1 cm? of the sample area on the fabric. Afterwards, one sample was immediately
processed for DNA isolation (fresh). The other four mock casework samples were stored at different conditions (storage
at room temperature, 30°C, 4°C, and 50% RH, as previously mentioned) immediately after preparation and were
processed for DNA isolation 48 hours afterwards.

Forney CF, Brandl DG. 1992. Control of humidity in small controlled environment chambers using glycerol-water
solutions. HortTechnology 2:52-54.
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Supplementary Table S4. Aged mock casework samples description, collection procedures and EDNAP/
EUROFORGEN_NOE exercises references (in ascendant age order).

worn for 1 day, the
closest part in
contact with the
vaginal introitus
was cut into pieces
(5x5 mm) using a
sterile blade.

Sample Body Description Age Sample collection Sex EDNAP/ EDNAP/
ID site (years) | specifications of EUROFOR- | EUROFOR-
category donor GEN GEN
exercise sample ID
(reference)
ZHF10 Oral 50 pL saliva 1 Saliva collected in F * -
sterile microtube.
ZHF11 Vagina Y vaginal 1 Vaginal secretion F * -
swab taken using sterile
cotton swab.
ZHF12 Skin Skin swab 1 Hand rubbed using F * -
a moistened
(RNase-free H20),
sterile cotton swab.
ZHF5 Oral 50pL saliva 2 Saliva collected in F MPS1 (27) 15
sterile microtube.
ZHF6 Oral Buccal swab 2 Buccal sample F MPS1 (27) 16
taken using sterile
cotton swab.
ZHF7 Vagina Y vaginal 2 Vaginal secretion F MPS1 (27) 19
swab taken using sterile
cotton swab.
ZHF8 Skin Skin swab 2 Forearm rubbed F MPS1 (27) 23
using a moistened
(80% ethanol),
sterile cotton swab.
ZHF4 Skin Swab from 4.9 Palm rubbed using M 6 (26) 1
palm a moistened
(RNase-free H20),
sterile cotton swab.
ZHF21 Skin Hand print 5 Moistened swab M 6 (26) 2
on glossy used over the entire
paper surface of the
glossy paper.
ZHF22 Skin Key from 5 Moistened swab Mix 6 (26) 3
computer used over the
keyboard upward side of the
key.
ZHF23 Skin Fingerprint 5 Moistened swab M 6 (26) 4
on glass used over the
slide upward side of
glass slide.
ZHF24 Oral Saliva swab 5 Saliva collected in F 6 (26) 7
sterile microtube.
ZHF25 Skin Scraped skin | 5 Hand rubbed using M 6 (26) 8
from back of a moistened
hand (RNase-free H
H20), sterile cotton
swab.
ZHF3 Vagina 5x5 mm 5.9 Underpants already | F 5 (25) 10
piece of in use for some
worn time and washed as
underpants usual. After being
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ZHF20 Vagina 5x5 mm from 6 After wearing a F 5 (25) 16
sanitary sanitary towel for 1
towel day, the closest part
in contact with the
vaginal introitus was
cut into pieces (5x5
mm) using a sterile
blade.
ZHF19 Vagina Y vaginal 6.6 Vaginal secretion F 4 (25) 5
swab taken using sterile
cotton swab.
ZHF2 Oral 5uL salivaon | 7 Saliva collected in F 3(24) 11
paper sterile microtube and
5 uL spotted on
paper.
ZHF16 Vagina Y vaginal 7 Vaginal secretion F 3(24) 13
swab taken using sterile
cotton swab.
ZHF17 Oral 5uL salivaon | 7 Moistened swab F 3(24) 14
glass slide used over the glass
surface.
ZHF18 Oral Licked plastic | 7 Moistened swab M 3(24) 19
spoon used over both sides
of the head of the
spoon.
ZHF14 Oral Y4 chewing 7.6 Chewed chewing F 3(24) 6
gum gum.
ZHF15 Oral 5 pL saliva 7.6 Saliva collected in M 3(24) 10
on pad sterile microtube and
5 L spotted on pad.

Asterisks (*) refer to samples part of the MPS2 exercise which have not been analyzed for mRNA-based tissue
identification yet.

Where required, samples were collected using PurFlock Ultra 6” sterile standard flock swabs (Puritan, USA) moistened
with sterile SCF-1 solution (50mM Tris buffer (pH 7.6), 1mM EDTA (pH 8.0), and 0.5% Tween-20). Immediately after
collection, the swab head or the available sample material was deposited into a 2mL PowerBead tube containing 750pl
solution (Qiagen, Germany) and processed or stored at -20°C until DNA isolation.
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Probability of assignment to the skin category
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Supplementary Figure S5. Classification of the newly-analyzed test hand skin samples. No substantial differences in
the probabilities of assignment are noted for the majority of the skin samples with and without glove for the same donor.
Exceptions are misclassified skin samples (d18_Swo, d19_Swo and d23_Sw) that are assigned to the oral category.
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Supplementary Table S6. Probabilities of assignment of the 110 test samples to each body site category (skin, oral,

vagina) with the proposed taxonomy-independent DL approach. Misclassified samples are highlighted in gray.

Predicted site

sample ID | True site | Skin Oral Vagina

do1_sS oral 1.33E-05 | 0.999984 | 3.13E-06
do2_s oral 3.67E-06 | 0.999994 | 2.82E-06
do3_S oral 3.97E-06 | 0.999993 | 2.75E-06
do4_s oral 4.45E-06 | 0.999993 | 2.78E-06
do5_S oral 3.87E-06 | 0.999993 | 2.79E-06
do6_S oral 7.26E-06 | 0.999989 | 3.72E-06
do7_S oral 4.03E-06 | 0.999993 | 2.78E-06
dog_sS oral 3.85E-06 | 0.999993 | 2.76E-06
do9_sS oral 3.28E-02 | 0.967154 | 5.04E-05
di0_Ss oral 6.43E-05 | 0.999932 | 3.96E-06
d11_S oral 3.13E-03 | 0.996765 | 1.06E-04
di2_s oral 3.65E-06 | 0.999994 | 2.86E-06
d13_S oral 3.68E-06 | 0.999994 | 2.80E-06
di5_S oral 4.15E-06 | 0.999993 | 2.83E-06
di6_S oral 6.28E-02 | 0.936968 | 2.02E-04
di7_S oral 9.68E-06 | 0.999987 | 3.74E-06
d18_Ss oral 2.40E-02 | 0.975876 | 1.37E-04
dig s oral 3.69E-06 | 0.999994 | 2.77E-06
d20_S oral 3.63E-06 | 0.999994 | 2.86E-06
d21 S oral 1.34E-05 | 0.999982 | 4.94E-06
d22_S oral 4.09E-06 | 0.999993 | 2.78E-06
d23_S oral 3.81E-06 | 0.999994 | 2.76E-06
d24_ s oral 1.12E-05 | 0.999986 | 2.99E-06
d25_S oral 3.69E-06 | 0.999994 | 2.79E-06
d26_S oral 3.72E-06 | 0.999994 | 2.76E-06
d27_s oral 3.69E-06 | 0.999993 | 2.82E-06
d28_S oral 3.73E-06 | 0.999994 | 2.76E-06
d29_S oral 3.69E-06 | 0.999994 | 2.85E-06
d30_S oral 3.72E-06 | 0.999994 | 2.79E-06
d31_S oral 4.06E-06 | 0.999993 | 2.69E-06
d32_s oral 3.62E-06 | 0.999994 | 2.91E-06
do1_Swo skin 0.99999 7.32E-06 | 6.36E-06
dol_Sw skin 0.99999 7.52E-06 | 6.35E-06
d02_Swo skin 0.99999 7.36E-06 | 6.34E-06
do2_Sw skin 0.99999 7.23E-06 | 6.47E-06
do3_Swo skin 0.99999 8.13E-06 | 6.22E-06
do3_Sw skin 0.99999 7.68E-06 | 6.20E-06
do4_Swo skin 0.99999 8.36E-06 | 6.27E-06
do4_Sw skin 0.99999 8.17E-06 | 6.24E-06
d05_Swo skin 0.99999 7.22E-06 | 6.51E-06
do5_Sw skin 0.99999 7.33E-06 | 6.35E-06
d06_Swo skin 0.99999 7.28E-06 | 6.41E-06
do6_Sw skin 0.99999 7.25E-06 | 6.44E-06
do7_Swo skin 0.99999 7.25E-06 | 6.45E-06
do7_Sw skin 0.99999 7.27E-06 | 6.41E-06
do8_Swo skin 0.99999 7.28E-06 | 6.39E-06
do8_Sw skin 0.99999 7.34E-06 | 6.35E-06
d10_Swo skin 0.99999 7.28E-06 | 6.40E-06
d10_Sw skin 0.99999 8.06E-06 | 6.41E-06
dll_Swo skin 0.99999 7.24E-06 | 6.48E-06
d11_Sw skin 0.99999 7.22E-06 | 6.48E-06
d12_Swo skin 0.99999 7.28E-06 | 6.40E-06
d12_Sw skin 0.99999 7.29E-06 | 6.39E-06
d13_Swo skin 0.99999 7.26E-06 | 6.42E-06
d1i3 Sw skin 0.99999 7.38E-06 | 6.32E-06
d15_Swo skin 0.99999 7.49E-06 | 6.29E-06
d15_Sw skin 0.99999 7.24E-06 | 6.44E-06
di8_Swo skin 3.51E-03 | 0.98324 1.32E-02
d18_Sw skin 0.99999 7.31E-06 | 6.38E-06
d19_Swo skin 4.53E-06 | 0.99999 2.60E-06
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d19_Sw skin 0.99999 8.77E-06 | 6.29E-06
d20_Swo skin 0.99999 7.67E-06 | 6.27E-06
d20_Sw skin 0.99999 8.33E-06 | 6.21E-06
d21_Swo skin 0.99999 7.69E-06 | 6.24E-06
d21_Sw skin 0.99999 7.52E-06 | 6.47E-06
d22_Swo skin 0.99999 7.27E-06 | 6.41E-06
d22_Sw skin 0.99999 7.47E-06 | 6.26E-06
d23 Swo skin 0.93994 6.01E-02 | 1.28E-05
d23 sw skin 7.76E-05 | 0.99992 2.92E-06
d24 Swo skin 0.99999 7.24E-06 | 6.44E-06
d24_Sw skin 0.99999 7.24E-06 | 6.45E-06
d25_Swo skin 0.99999 7.25E-06 | 6.44E-06
d25_Sw skin 0.99999 7.54E-06 | 6.29E-06
d26_Swo skin 0.99999 7.29E-06 | 6.38E-06
d26_Sw skin 0.99999 7.49E-06 | 6.31E-06
d27_Swo skin 0.99999 7.23E-06 | 6.48E-06
d27_Sw skin 0.99999 7.53E-06 | 6.32E-06
d28_Swo skin 0.99992 7.45E-05 | 6.62E-06
d28_Sw skin 0.99996 3.42E-05 | 5.95E-06
d29_Swo skin 0.99999 7.25E-06 | 6.43E-06
d29_Sw skin 0.99999 7.27E-06 | 6.41E-06
d30_Swo skin 0.99999 7.23E-06 | 6.52E-06
d30_Sw skin 0.99999 7.10E-06 | 6.90E-06
d31_Swo skin 0.99999 7.25E-06 | 6.45E-06
d31_Sw skin 0.99998 9.35E-06 | 6.22E-06
d32_Swo skin 0.99999 7.25E-06 | 6.45E-06
d32_Sw skin 0.99999 7.25E-06 | 6.45E-06
do1l_V vagina 1.76E-05 | 1.15E-05 | 0.99997
doz_Vv vagina 1.76E-05 | 1.16E-05 | 0.99997
do4_Vv vagina 1.70E-05 | 1.17E-05 | 0.99997
dos_V vagina 1.70E-05 | 1.17E-05 | 0.99997
doé_V vagina 1.78E-05 | 1.15E-05 | 0.99997
do7_V vagina 1.72E-05 | 1.16E-05 | 0.99997
dog_Vv vagina 1.73E-05 | 1.16E-05 | 0.99997
dog_V vagina 1.79E-05 | 1.14E-05 | 0.99997
dio_Vv vagina 1.33E-02 | 8.30E-06 | 0.98667
dil Vv vagina 1.70E-05 | 1.17E-05 | 0.99997
di3 Vv vagina 1.73E-05 | 1.17E-05 | 0.99997
di4 v vagina 1.71E-05 | 1.17E-05 | 0.99997
die_V vagina 1.78E-05 | 1.15E-05 | 0.99997
di7_Vv vagina 1.72E-05 | 1.16E-05 | 0.99997
dig Vv vagina 1.84E-05 | 1.15E-05 | 0.99997
di9_ Vv vagina 1.75E-05 | 1.16E-05 | 0.99997
d21 v vagina 1.74E-05 | 1.17E-05 | 0.99997
d23 Vv vagina 1.75E-05 | 1.15E-05 | 0.99997
d28_Vv vagina 1.77E-05 | 1.20E-05 | 0.99997
d29 v vagina 1.93E-05 | 1.21E-05 | 0.99997
d30_V vagina 1.89E-05 | 1.33E-05 | 0.99997
d31_V vagina 1.83E-05 | 1.13E-05 | 0.99997
d32_Vv vagina 1.76E-05 | 1.14E-05 | 0.99997

Supplementary File S7. Operational taxonomic unit (OTU) tables of the 109 test samples (skin sample d18_Swo no
analyzed due to insufficiently low quality reads) and 41 mock casework samples (skin, oral, vagina). This file can be
found in the online version of the manuscript (doi: 10.1016/j.fsigen.2019.03.015).
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ABSTRACT

Human blood traces are amongst the most commonly encountered biological stains collected
at crime scenes. ldentifying the body site of origin of a forensic blood trace can provide crucial
information in many cases, such as in sexual and violent assaults. However, means for reliably
and accurately identifying from which body site a forensic blood trace originated are missing,
but would be highly valuable in crime scene investigations. With this study, we introduce a
taxonomy-independent deep neural network approach based on massively parallel
microbiome sequencing, which delivers accurate body site of origin classification of
forensically-relevant blood samples, such as menstrual, nasal, fingerprick, and venous blood.
A total of 50 deep neural networks were trained using a large 16S rRNA gene sequencing
dataset from 773 reference samples, including 220 female urogenital tract, 190 nasal cavity,
213 skin, and 150 venous blood samples. Validation was performed with de novo generated
16S rRNA gene massively parallel sequencing (MPS) data from 94 blood test samples of four
different body sites, and achieved high classification accuracy with AUC values at 0.992 for
menstrual blood (N=23), 0.978 for nasal blood (N=16), 0.978 for fingerprick blood (N=30), and
0.990 for venous blood (N=25). The obtained highly accurate classification of menstrual blood
was independent of the day of the menses, as established in additional 86 menstrual blood
test samples. Accurate body site of origin classification was also revealed for 45 fresh and
aged mock casework blood samples from all four body sites. Our novel microbiome approach
works based on the assumption that a sample is from blood, as can be obtained in forensic
practise from prior presumptive blood testing, and provides accurate information on the
specific body source of blood, with high potentials for future forensic applications.
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INTRODUCTION

Forensic cell type or tissue identification is a key topic of interest in crime scene investigation,
as it allows for establishing the crime relevance of human biological evidence found at crime
scenes and for crime scene reconstruction. Blood is one of the most commonly encountered
body fluids at crime scenes, and represents an important type of human biological evidence
because it can serve as indicator of violent crime. Several mainly biochemical tests are
available for the presumptive detection of blood in general (1). However, many forensic cases,
where the presence of blood has been concluded from such presumptive testing, would
benefit from more detailed knowledge of the particular body site the recovered bloodstain
originated to provide additional crime-relevant information. Obvious scenarios are the
differentiation between menstrual blood and venous blood in alleged sexual assault cases,
and between nasal blood and venous blood in alleged violent assault cases.

For the identification of menstrual vs. venous blood, human RNA-based methods had
been introduced using RNA markers with gene expression differences between blood from
these two different sources, including messenger RNA (MRNA) (2-5), microRNA (miRNA) (6-
8), circular RNA (circRNA) (9, 10), and piwi-interacting RNA (piRNA) (11) markers. The major
challenge with such mostly qualitative mRNA-testing for forensic tissue identification is the
complex composition of menstrual blood, containing different cell types i.e. blood cells, vaginal
epithelium cells, and skin epithelium cells, which can show different expression patterns at the
applied mRNA markers. Moreover, certain previously suggested mRNA markers
demonstrated instable expression patterns towards the end of menstruation (12), which can
lead to misclassifications. Previously suggested miRNA markers for menstrual and venous
blood still require validation testing regarding their expression stability during menses and
further development of current laboratory and data analysis workflows (13). Knowledge about
more recently introduced circRNA (9, 10) and piRNA markers (11) for menstrual and venous
blood is even more limited thus far, requiring more research to investigate their suitability for
reliably identifying these two blood sources separately. For differentiating nasal vs. venous
blood, a combination of nasal mucosa and venous blood mMRNA markers have been previously
proposed (14, 15). However, their reported time-wise stability is limited, which provides
challenges for forensic tissue identification in aged blood samples (14). In a different study, a
nasal mucosa mRNA marker was proposed (15), but was not detected in all the nasal blood
samples analyzed. Moreover, the majority of the analyzed nasal blood samples in this study
(15) were wrongly classified as saliva based on the mRNA multiplex employed, with some
sporadic signals of vaginal secretion and menstrual blood.

DNA methylation markers have also been proposed for the differentiation of menstrual
vs. venous blood (16-18). However, their methylation levels between these two tissues
overlap, which provides challenges for correct classification (18). Moreover, there are
discrepancies in the performance of certain menstrual blood DNA methylation markers
between different studies (16, 17, 19, 20), which may be explained by intra- and inter-
individual variation, given the aforementioned complex nature of menstrual blood, and thus,
requires further research before practical forensic applications.

On the other hand, the human microbiome is expected to serve as a promising forensic
resource for classifying human biological samples, including blood samples, according to their
body site of origin, because different human body sites constitute niches for specialized
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microbial communities (21). Previous microbial studies dealing with blood are of limited use,
because of the targeted microbial species approach they applied. For instance, it had been
reported that the use of DNA markers for particular bacterial species found in the vaginal
environment i.e. Lactobacillus crispatus, Lactobacillus gasseri, Lactobacillus jensenii and/or
Lactobacillus iners, in combination with human mRNA (15) and DNA methylation (22)
markers, can identify menstrual blood by using multiplex PCR systems. However, for some
analyzed menstrual blood samples, no DNA of the target bacterial species was detected with
this method, while in other samples only some of the bacterial target species were detected
(15, 22), which might be caused by intra- and inter-individual variation of the bacterial target
species considered. Moreover, some Lactobacillus species, including L. crispatus and L.
gasseri, have been detected on the penile environments independent of prior vaginal contact
(23), which can lead to wrong conclusions.

The disadvantage of applying a species-targeted microbial approach is that typically
only a small number of bacterial species is targeted, which can be overcome by applying a
microbiome-based approach covering the majority of the microbial genetic information a
sample contains. However, microbiome-based studies of forensically relevant blood samples
are scarce and are yet unavailable regarding blood source classification. A previous
microbiome study assessed the stability of the microbial community in menstrual and
peripheral blood samples exposed to indoor conditions for 30 days based on a 16S rRNA
gene target sequencing approach (24). In this study, all but one peripheral blood sample
yielded no bacterial DNA, making their approach not suitable at least for venous blood.

Since previous studies demonstrated that the human microbiome of the vagina, nasal
mucosa and skin are largely different (21), it can be expected that blood samples originated
from such body sites (menstrual, nasal and fingerprick blood) can be differentiated and
identified by use of a suitable microbiome approach. To the best of our knowledge, there is
no published study demonstrating the feasibility and performance of such microbiome
approach for identifying different forensically relevant blood samples. To overcome previous
limitations, we developed and tested a taxonomy-independent deep neural network (DNN)
microbiome method for classifying forensically relevant blood samples according to their body
site of origin, by using the principle of our recently published microbiome approach for
identifying forensically relevant epithelial materials (25), which showed high performance for
our purpose. This required i) a new selection of the bacterial 16S rRNA gene sequence
positions for the DNN building, ii) a newly ascertained large reference dataset set from
samples of all relevant body sites for DNN training that we partly established de novo and
partly took from publicly available sources of the Human Microbiome Project (HMP), and iii) a
large test dataset from blood samples of all relevant body sites for DNN validation that we
established de novo, as well as the testing of forensic mock casework blood samples of
different sources. Finally, using taxonomic profiling, we explained the misclassified and
inconclusively classified test and mock casework blood samples that our new microbiome
DNN method rarely delivered.
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MATERIALS AND METHODS

Reference samples and data

16S rRNA gene sequencing data from female urogenital, nasal cavity, and skin sites from the
HMP 16S production phase | (16S-PP1) were obtained from the HMP data analysis and
coordination center (DACC) website (26) in FASTA file format. Data comprised a total of 623
samples containing both V1-3 and V3-5 16S rRNA gene hypervariable regions. Additionally,
16S rRNA gene sequencing reference data from 150 venous blood samples were produced
in-house, following the same procedure as with the test and mock casework blood samples.
We used blood samples donated by healthy blood donors, who gave consent for their blood
to be used for biomedical research purposes. Samples were used completely anonymously.
The study was carried out in accordance with the Code of Conduct of the Federation of
Medical Scientific Societies in the Netherlands (http://www.fmwv.nl). The total set of 773
reference samples used for model training were assigned to four main body site categories:
vaginal epithelium (VE), nasal mucosa (NM), skin epithelium (SE), and venous blood (VB), as
described in Table 1.

Table 1. Samples of which 16S rRNA gene sequencing data were used as reference data for the DNN training.

Body site category Original body site Number of samples
Skin epithelium (SE) Left antecubital fossa 45
Right antecubital fossa 44
Left retroauricular crease 54
Right retroauricular crease 70
Nasal mucosa (NM) Anterior nares 190
Vaginal epithelium (VE) Mid vagina 73
Posterior fornix 71
Vaginal introitus 76
Venous blood (VB) Venous blood 150
Total 773

Test and mock casework samples

The testing set comprised a total of 180 blood samples, including 109 menstrual blood (MB),
16 nasal blood (NB), 30 fingerprick blood (FB), and 25 venous blood (VB) samples collected
from volunteers with informed consent and ethical approval. More specifically regarding the
MB samples, 23 female volunteers were asked to collect a sample swab every day during
their menses (ranging between 2-10 days depending on the donor), resulting in 109 MB
samples in total of which 23 (i.e. one randomly drawn sample per female individual) were used
for model testing and the remaining 86 for investigating the impact of menses day on body
site classification accuracy.

Additional freshly-prepared mock casework blood samples were employed to mimic
realistic and often encountered forensic scenarios. These consisted of 24 specimens: 6 MB,
6 NB, 6 FB and 6 VB samples. The biological material was deposited on different substrates
(nylon swabs, fabric, tissue paper) and exposed to various temperatures (4°C, room
temperature, 37°C) for 48 hours before DNA isolation was performed. Further, a total of 21
aged mock casework samples previously used in human mRNA-based tissue identification
studies (4, 12, 27, 28) were analyzed with our approach: 6 MB, 2 NB and 13 VB samples (with
the second not being included in the previously published reports). These mock casework
blood samples had been previously included in collaborative exercises with a focus on
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validating human mRNA-based tissue identification organized on behalf of the European DNA
profiling Group (EDNAP) (12, 27, 28) and also by the European Forensic Genetics Network
of Excellence (EUROFORGEN_NOE) (4). Prior to DNA extraction for the purpose of the
present study, bloodstains were stored in the dark at room conditions for a time period from
1.1 years to 21 years depending on the sample. More detailed information on all mock
casework blood samples is available in Supplementary Table S1.

Ethical approval for the study was obtained from the Kantonale Ethikkommission
Zirich (KEK) (declaration of no objection No. 24-2015) and the Medische Ethische Toetsings
Commissie Erasmus MC (MEC-2018-1731).

DNA isolation and quantification

DNA was isolated using the DNeasy PowerSoil kit (Qiagen, Germany), according to the
manufacturer’s instructions but with two adjustments in order to maximize DNA yield. Firstly,
as proposed by Castelino et al. (29), the 2 mL PowerBead tubes containing both 750 pl
PowerSoil® Solution C1 and the sample were incubated at 70°C for 15 minutes during cell
lysis. Additionally, as recommended by the Manual of Procedures of the HMP Consortium
(30), the centrifugation time in step 12 was increased from 1 to 2 minutes. Isolated bacterial
DNA was quantified with the Femto™ Bacterial DNA Quantification kit (Zymo Research, CA,
USA\) following the manufacturer’s instructions on a C1000 Touch™ Thermal Cycler (Bio-Rad).

Library preparation

Since data from the HMP was used as reference data, and in order to both reduce
amplification biases reported by different primer sets and increase concordance in the results
between studies, the same primers employed by the 16S 454 Sequencing Protocol of the
HMP Consortium (31) were used for de novo MPS in this study. The V1-3 region of the 16S
rRNA gene was amplified using the F27/R534 combination (5-AGAGTTTGATCCTGGCTCA
G-3', 5-ATTACCGCGGCTGCTGG-3') and the V3-5 region using the F357/R926 combination
(5'-CCTACGGGAGGCAGCAG-3’, 5-CCGTCAATTCMTTTRAGT-3).

Library preparation was performed following the Prepare Amplicon Libraries without
Fragmentation Using the lon Plus Fragment Library Kit protocol for 400 bp target read length
(Thermo Fisher Scientific, USA). An annealing temperature of 58°C was settled for the V1-3
region and 50°C for the V3-5 region, according to the 16S 454 Sequencing Protocol of the
HMP Consortium (31). Amplicons were quantified with the Quant-iT™ PicoGreen™ dsDNA
Assay Kit (Thermo Fisher Scientific) following the manufacturer’s instructions, based on which
equimolar amplicon pools were prepared. Libraries were quantified using the lon Library
Tagman® Quantitation Kit (Thermo Fisher Scientific) following manufacturer’s instructions.
Libraries harboring different barcodes were diluted and pooled together in equal
concentrations of 100 pM.

Template preparation and massively parallel sequencing

Emulsion PCR, bead enrichment, and chip loading were automatically performed on an lon
Chef™ instrument (Thermo Fisher Scientific) using lon 520™ & lon 530™ EXT Kits (Thermo
Fisher Scientific). lon 530™ chips were used (Thermo Fisher Scientific). Sequencing runs for
each chip were planned within the lon Torrent Suite™ Software v.5.10.1 (Thermo Fisher
Scientific). From the pooled libraries, 50 pL were transferred to the library sample tubes of the
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lon Chef™ reagent cartridges (Thermo Fisher Scientific). The lon Chef™ instrument was
loaded as recommended by the manufacturer.

Templates were sequenced on an lon S5™ sequencer (Thermo Fisher Scientific) using
the lon S5 EXT Sequencing Kit (Thermo Fisher Scientific) with a number of flows set at 1,350.
Sequencing data were obtained from the S5 Torrent Server (Thermo Fisher Scientific) in
FASTQ file format. Sequencing reads were trimmed by quality (Q<20) and length (<100bp)
using Trimmomatic (32).

Ascertaining gene positions for deep neural network building

The sequences of all 773 reference samples were aligned to Escherichia coli str. K 12 substr.
MG1655 (nc_000913.3) 16S rRNA gene using BWA-MEM (33) with parameters: -B1, -O1,
-E1 and -L1. SAM files were converted into BAM files using SAMtools (34) and mpileup
command was used to pile up all aligned positions. From each sample and position of the 16S
rRNA gene, the number of reads with adenine (A), guanine (G), thymine (T), cytosine (C),
insertion (+) and deletion (-) were retrieved. We decided to maximize the informative positions
employed in the DNN training given that the microbial communities found on the NM and SE
have many commensals in common, making it more challenging to distinguish between each
other. To this, it has to be added that the reference samples obtained from the HMP and our
validation samples (test and mock casework blood samples) originated from the same body
site but did not represent exactly the same tissue, meaning they did not necessarily contain
the exact same human or microbial cells (vaginal epithelium vs. menstrual blood, nasal
mucosa vs. nasal blood, and skin epithelium vs. fingerprick blood). Firstly, we selected the
most representative positions among all samples and subsequently, a matrix of individuals by
sites was generated by merging all positions detected in at least one sample, representing a
total of 920 positions. The final input matrix consisted of 773 samples and 920 positions, each
position representing six cells — A, G, T, C, (+), (-). The input matrix was preprocessed with a
min-max normalization (35) using the scikit-learn package (36), in order to improve the
gradient algorithm during optimization and converge more efficiently, by scaling the features
within a range of [0-1] for each sample.

Developing deep neural network classifier

The deep neural network (DNN) classifier for the body site of origin of human blood traces
being vaginal epithelium, nasal mucosa, skin epithelium and venous blood were implemented
in Tensorflow (37) and Keras (38). Input data comprised 5,520 features (six nucleotides
categories - A, G, T, C, (+), (-) - multiplied by 920 retained sequence positions). The DNN
architecture was based on four layers: an input, two 10-neuron hidden layers (HLs) and an
output. The input-HL1 and HL1-HL2 connections consisted of a hyperbolic tangent activation
function (TANH) (39), while the HL2-output was a softmax activation function. The DNN
algorithm was trained using the Adam optimizer (40) at a learning rate of 0.001. Given that
the number of features was much larger than the number of reference samples, we took
measures to promote regularization; hence, preventing overfitting. Namely, a 5-fold stratified
cross-validation was implemented to validate the loss and accuracy of our model. Moreover,
to reduce the natural variance of the DNN model, we independently trained each fold 10 times
(averaging/bagging) (41). Finally, we used a hidden layer dropout (41) at a rate of 0.2 and
early stopping (42) with a patience parameter of 50. As a result, a total of 50 independent
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DNN models were obtained. The DNN output consisted of the four assigned probabilities to
each of the four body site categories vaginal epithelium (VE), nasal mucosa (NM), skin
epithelium (SE), and venous blood (VB).

Statistical testing of classification accuracy

The performance of the DNN approach was evaluated based on the body site classification
results of 94 blood test samples using the scikit-learn package (36). The area under the
receiving operating characteristic (AUC) values shows the sensitivity of the classifier,
considering both true and false positives. The precision, or positive predictive value (PPV),
scores the probability that a positive prediction made by the classifier is actually true. The
recall refers to the fraction of false negatives in the prediction rate (used instead of sensitivity
in multi-class classifications). The F1 score considers both precision and recall. The negative
predictive value (NPV) scores the probability that a negative prediction made by the classifier
is actually negative. All these classification metrics were scored [0-1] in each of the four
categories (MB, NB, FB, and VB), with 0 being the worst score and 1 being the best score
(43). Lastly, the Mathews correlation coefficient (MCC) that takes into account all four possible
categories (MB, NB, FB, and VB) considering true positives, false positives, true negatives,
and false negatives, was estimated where -1 being the worst score and 1 being the best score
(36). Regarding menstrual blood test samples used for classification accuracy testing, the
sample() function in R was used to randomly select a single sample per each donor (total of
23 samples) from the several samples we had available per donor (the remaining menstrual
blood samples were used to investigate the effect of menstruation day on menstrual blood
classification, see below). Two-dimensional plots from the principal component analysis (PCA)
based on the first and the second principal components (PCs) using the activation values of
the hidden neurons of each network ((10+10)*50 neurons per sample) were generated with
the ggplot2 R-package (44).

Taxonomic profiling

For misclassified and inconclusive samples, initial filtering and de-noising steps were carried
out from the 16S rRNA gene sequencing data obtained from the S5 Torrent Server (Thermo
Scientific) as FASTQ files using the DADA2 R-package (v.1.6.0) (45) with parameters
maxN=0 and maxEE=2, preventing unambiguous nucleotides and setting the maximum
number of ‘expected errors’ allowed in a read to 2. After sample inference of true sequence
variants, an amplicon sequence variants (ASVs) table was constructed and chimeric
sequences were removed. The IdTaxa taxonomic classification method (46) was used for
assigning taxonomy via the DECIPHER Bioconductor package (v.2.6.0) (47) at taxonomic
ranks of interest (domain, phylum, class, order, family and genus) using the SILVA SSU r132
database as reference (48). In the venous blood reference samples used for DNN building,
those sequencing reads assigned as ‘NA’ (not assigned) at the domain level were further
investigated using standard nucleotide blast and the nucleotide collection database from the
National Center for Biotechnology Information (NCBI).
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RESULTS

Training taxonomy-independent deep neural networks

16S rRNA gene sequencing data from a total of 773 reference samples i.e. 220 VE, 190 NM,
213 SE and 150 VB samples were employed for training 50 DNNSs in classifying blood samples
according these four body sites of origin (see Materials and methods for network architecture).
The performance of the DNNs in the reference dataset was visualized by generating two-
dimensional PCA plots in which the first two principal components explained a large proportion
of 60% of the variation present in the dataset. As evident from Figure 1a, these 773 reference
samples clustered in four well-defined and largely separated data groups that correspond to
the four body sites of origin of these samples i.e. VE, NM, SE, and VB.

Validating taxonomy-independent deep neural networks

The trained DNN classifier was subsequently applied to de novo generated 16S rRNA gene
sequencing data from 94 human blood test samples from four different body sites used for
validation purposes i.e. 23 MB, 16 NB, 30 FB and 25 VB samples. Based on the DNN
outcomes, each of these blood samples was given a probability of assignment to each of the
four body site categories VE, NM, SE and VB. The resulting classification performance metrics
for each of the four blood categories are provided in Table 2. AUC values were very high at
0.992 for MB, 0.978 for NB, 0.978 for FB and 0.990 for VB (Figure 2a) . When applying the
principle of our recently published approach (25) and thus excluding 11 inconclusively
classified samples with probabilities of assignment below the 0.7 conclusive classification
threshold at any of the four categories (Figure 2b), the resulting AUC values remained almost
the same (Supplementary Table S2, Supplementary Figure S3).

Table 2. DNN classification performance metrics in 94 blood test samples.
Menstrual blood (MB) Nasal blood (NB) Fingerprick blood (FB)  Venous blood (VB)

AUC 0.992 0.978 0.978 0.990
Precision 0.955 0.750 0.897 0.957
Recall 0.913 0.938 0.867 0.880
F1score 0.933 0.833 0.881 0.917
NPV 0.972 0.986 0.938 0.958
Support 23 16 30 25
McC 0.858

AUC=area under the receiver operating characteristic curve; NPV=negative predictive value; MCC=Mathews correlation
coefficient.

To test if the day of the MB sample donor’s menses impacts on the microbiome-based
VE classification accuracy, the DNN classifier was applied to de novo generated 16S rRNA
gene sequencing data of 86 additional MB test samples collected from 23 donors at different
menses days. Their obtained high probabilities of assignment to the VE category, and their
consequent correct identification as MB for the majority of these samples, suggests that the
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day of the menses was not a determinant factor of the performance of the DNN classifier
regarding MB assignment to the correct VE category (Supplementary Figure S4).

When combining all test samples, from the total number of 180 blood samples included
in this test dataset, the output of the DNN approach comprised eight (4%) misclassified
samples i.e. samples with a probability of assignment = 0.7 at a category other than the true
body site of origin (Figure 2c). In particular, five MB samples and one FB sample were wrongly
assigned to the NM category, and one NB as well as one VB sample were wrongly assigned
to the SE category (see below for their taxonomy-based explanations). When the test dataset
was superimposed on the two-dimensional PCA plot of the reference dataset (61% variation
explained by PC1 and PC2 together for the combined dataset), the test samples largely
overlapped well with their body site corresponding reference samples (Figure 1b). Rarely
observed exceptions were 17 (9%) test samples placed in-between reference sample clusters,
which correspond to the inconclusively classified ones, and eight (4%) test samples were
grouped in the wrong cluster, which correspond to the misclassified samples. Body site
assignment probabilities of all 180 human blood test samples obtained with the DNN approach
are available in Supplementary Table S5.

Forensic validation using mock casework blood samples

The performance of the DNN classifier was further validated from a forensic standpoint using
24 freshly prepared and 21 aged mock casework blood samples (ranging 1.1 - 21 years)
produced from blood collected from all four body sites (see Materials and methods for sample
details). Applying the probability assignment threshold of 0.7 led to 6 (13%) inconclusively
classified mock casework blood samples (Figure 2d). From the 24 freshly prepared mock
casework blood samples, 4 (17%) samples were misclassified i.e. one FB sample and three
VB samples were wrongly assigned to the VE category. Moreover, from the 21 aged mock
casework sample set, 13 (62%) samples were misclassified i.e. one MB, two NB and nine VB
samples were wrongly assigned to the SE category, while one MB sample was wrongly
assigned to the NM category. Body site assignment probabilities of all 45 mock casework
samples resulted from the DNN approach are available in Supplementary Table S6.

Explaining classification outliers by taxonomic profiling

Next, we aimed at finding an explanation for the misclassified and inconclusively classified
test and mock casework blood samples and therefore performed taxonomic profiling in these
samples. For this, an ASVs table was constructed from the de novo generated 16S rRNA
sequencing data using the DADA2 R-package (45) and the IdTaxa taxonomic classification
method (46) was used at different taxonomic levels.

From the seven test and mock casework MB misclassified samples, six were wrongly
assigned to the NM category, which might be explained by a commonly observed decrease
in the relative abundance of the Firmicutes phylum (Figure 3a), which corresponds to the VE-
specific Lactobacillus at the genus level (Figure 4a). These samples also showed an increase
in the relative abundances of common NM commensals, such as Staphylococcus,
Corynebacterium 1, and Anaerococcus at the genus level (Figure 4a). The three misclassified
NB samples were wrongly assigned to the SE category. Although not very clear at the phylum
level (Figure 3b), these samples showed a decrease or absence in the relative abundances
of common NM commensals at the genus level, such as Corynebacterium 1 and Moraxella,
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Figure 1. (a) Two-dimensional plot from principal component analysis (PCA) of the deep neural network (DNN) reference
samples from four body sites. Projection of the activation values of the hidden neurons of each DL using the reference
samples in the first two PCs together explain 60% of the total variation. Four distinct and largely separated clusters
corresponding to the four body site categories from where the reference samples originated i.e. vaginal epithelium, nasal
mucosa, skin epithelium and venous blood highlighted in light color shades. (b) Two-dimensional plot from principal
component analysis (PCA) of the DNN reference samples (squared symbols in light color shades) with superimposed
de novo analyzed blood test samples from four body sites (round symbols in dark color shades). The first two PCs explain
61% of the total variation. The vast majority of de novo analyzed blood samples cluster closely together with their body
site corresponding reference samples. Exceptions are misclassified blood test samples (red continuous line) and
inconclusively classified (black discontinued line) blood test samples based on the probability of assignment threshold
of 0.7 for conclusive classification.
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Figure 2. (a) Area under the receiver operating characteristic curve (AUC) of the 94 blood test samples analyzed with
the deep neural network classifier. Confusion matrix of (b) the 94 blood test samples, (c) the 180 blood test samples
including the 94 blood test samples together with 86 additional menstrual blood samples, and (d) 45 mock casework
blood samples, all analyzed with the deep neural network classifier. “Inconclusive” represents those samples with
probabilities of assignment below the 0.7 conclusive classification threshold at any of the four categories.

which increased their resemblance to the SE category (Figure 4b). Of the two misclassified
FB samples, the NM-misclassified test sample (FB_D11) presented an increase in the relative
abundances of Actinobacteria and Firmicutes at the phylum level (Figure 3c), corresponding
to Corynebacterium 1 and Staphylococcus at the genus level, respectively (Figure 4c), which
resulted in its increased similarity to the composition of the NM category. The VE-misclassified
mock casework FB sample (FB_F13) showed an increase in the relative abundance of
Firmicutes at the phylum level (Figure 3c), corresponding to Lactobacillus at the genus level
(Figure 4c), which resulted in its increased similarity to the composition of the VE category. A
very distinctive profile was observed in the ten SE-misclassified VB samples, in which an
increase in the relative abundances of Actinobacteria, Bacteriodetes and Firmicutes among
other minor phyla was observed (Figure 3d). At the genus level an increase in the relative
abundances of skin commensals, such as Cuticubacterium, Corynebacterium 1 and
Staphylococcus, among others was seen (Figure 4d). The three remaining VE-misclassified
VB samples showed a slight increase of the VE-specific Lactobacillus genus (Figure 4d).
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Overall, the eleven inconclusively classified MB test and mock casework samples
showed a clear decrease in the relative abundance of Firmicutes and an increase of
Bacteriodetes at the phylum level, corresponding to Lactobacillus and Prevotella genera,
respectively. The inconclusively classified NB test sample showed a taxonomic profile in-
between the samples correctly assigned to the NM and SE categories. The four inconclusively
classified FB test and mock casework samples presented a taxonomic profile in-between the
SE and NM categories. Finally, the taxonomic profiles of the seven inconclusively classified
VB test and mock casework samples revealed the presence of typical SE commensals in the
majority of them. Taxonomic profiles of all inconclusively classified test and mock casework
blood samples at the phylum and genus level are available at Supplementary Figures S7 and
S8, respectively.

Comparison with previous human mRNA classification

Out of the 21 aged mock casework samples, 19 had been previously analyzed for human
mRNA markers for the purpose of forensic tissue identification as part of collaborative inter-
laboratory exercises organized by EDNAP group (12, 27, 28) and the EUROFORGEN_NoE
Consortium (4) (Supplementary Table S1), whereas two aged mock casework nasal blood
samples were not included in the previously published reports. The overlapping 19 aged mock
casework samples ranged from 1.1 years to 21 years old when analyzed with our DNN
approach, while they had been less than 6 months old at the time of the previous human
mRNA analysis, except for VB_B10, VB_B11 and MB_B14 that were 3, 11 and 5 years old,
respectively. Despite the large sample storage time increase between the time of mRNA
analysis and the time of our microbiome analysis, three out of six MB samples (MB_B12,
MB_B14 and MB_B20) were classified to the VE category. The other three MB samples where
either misclassified or inconclusively classified with our microbial approach. Based on
previous human mRNA analysis, all these samples were classified as MB (12). Additionally,
the analysis of MB_B20 using a MPS approach also showed some signals of venous blood.
Regarding the 13 aged mock casework VB samples one (VB_B9) was correctly assigned to
the VB category with our microbiome approach, whereas nine were misclassified to the SE
category. The remaining three VB samples were inconclusively classified with our approach,
with high probabilities assigned to the VB and SE categories (but still below the probability of
conclusive assignment threshold of 0.7). In the previous human mRNA study using four of the
aged mock casework VB samples, 8 to 15 laboratories of the 16 participators detected venous
blood human mRNA markers (27). In a second previous mRNA study using six of the aged
mock casework VB samples, 0 to 18 laboratories of the 18 participators detected venous blood
human mRNA markers (28). In the previous MPS study using three of the aged mock
casework VB samples, venous blood mRNA reads ranging from 92% to 99.5% of total reads
were reported (4). (See Supplementary Table S1 for further sample’s details). However, a
direct comparison between the classification outcomes of the new microbiome approach and
the human mRNA approach previously applied to the overlapping mock casework samples is
not possible, because of the largely increased storage time of the samples when used for the
two approaches. It may be expected that a similarly long sample storage time as applied here
for the microbiome analysis may have caused issues for the mMRNA approach due to RNA
degradation.
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Figure 3. Taxonomic profiles at the phylum level of the DNN-misclassified blood test samples and mock casework blood
samples. (a) menstrual blood, (b) nasal blood, (c) fingerprick blood, (d) venous blood samples. First four columns
represent the average taxonomic profiles of the correctly classified samples. Sample IDs are colored according to the
category they are assigned to: pink for vaginal epithelium, blue for nasal mucosa, green for skin epithelium, and purple
for venous blood.
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Figure 4. Taxonomic profiles at the genus level of the DNN-misclassified blood test samples and mock casework blood
samples. (a) menstrual blood, (b) nasal blood, (c) fingerprick blood, (d) venous blood samples. First four columns

79



Chapter 3

represent the average taxonomic profiles of the correctly classified samples. Sample IDs are colored according to the
category they are assigned to: pink for vaginal epithelium, blue for nasal mucosa, green for skin epithelium, and purple
for venous blood.

DISCUSSION

Confirmatory forensic tissue identification of human biological evidence is relevant for crime
scene reconstruction and particularly important for differentiating and identifying forensic
blood traces originating from different body sites. Here, we introduced and tested a taxonomy-
independent deep neural network microbiome method to identify the body site of origin of
different forensically relevant human blood traces, i.e. menstrual blood, nasal blood,
fingerprick blood and venous blood. Given its underlying principle and training data used, our
MPS-based DNN method relies on a priori knowledge that the sample analyzed contains any
type of human blood. In forensic practice, knowledge of blood presence can be delivered by
presumptive blood testing using commercial kits together with visual aids (dark/red color).

For building and training our DNN method, we employed a large 16S rRNA gene
sequencing reference dataset publicly available from the HMP, which was comprised of
microbiome data representative of three body sites from which forensic blood stains could
originate i.e. vaginal epithelium (for menstrual blood), nasal mucosa (for nasal blood) and skin
epithelium (for bloodstains originated with major skin contact). Due to the absence of suitable
publicly available microbiome sequencing data from venous blood samples as required for
DNN building and training purposes, we de novo generated 16S rRNA gene sequencing data
from 150 venous blood samples. In line with previous studies (49, 50), we revealed by
dedicated data analysis that the majority of the sequencing data we obtained from venous
blood samples corresponded to non-specific, co-amplified human host DNA products. These
findings were in agreement with the low bacterial DNA quantification values we obtained from
the venous blood samples. Nevertheless, the number of sequencing reads obtained from
microbiome sequencing of venous blood samples was similar to the expected average. At first
glance, this appeared puzzling, but could finally be explained by assigning most of the venous
blood sequencing data to non-specific, co-amplified human host sequences. The observed
low abundance of bacterial taxa in venous blood was in agreement with previous reports on
a healthy blood-associated microbiome (50-52). Sequencing data from MB, NB, and FB also
contained human host DNA originating from their human blood component. However, in these
non-venous blood samples, the human host DNA component was of much lower abundance,
whereas the microbial DNA component was of much higher abundance. Given the high and
highly specific bacterial load in MB, NB and FB samples we identified, our use of large HMP
reference data from non-blood samples of the three relevant body sites VE, NM and SE, and
our observation that VB contains very limited microbial DNA but instead large amounts of
human sequence data used in the DNN, all together, allowed us to accurately classify MB,
NB, FB (as proxy for blood with major skin contact) and VB (as proxy for blood without major
skin contact) samples.

Because of our findings and under the assumption that the tested sample is from blood,
we regard it as justified to conclude that a blood sample showing a higher than threshold
probability for the VE category it most likely represents MB, for the NM category it most likely
represents NB, for the SE category it most likely represents FB or other blood mixed with skin
80



Microbiome-based body site of origin classification of human blood samples

cells e.g. caused by a bleeding skin injury, and for the VB category it most likely represents
VB or any blood with none or minor skin contact.

Overall, test MB samples presented a taxonomic profile dominated by the
Lactobacillus genus (Figure 4a), in agreement with previous vaginal microbiome (53, 54) and
menstrual blood (24) analysis. We should highlight that accurate body site classification was
observed independently of the day of the menses (ranging from one to ten days, depending
on the donor) (Supplementary Figure S4). The stability of vaginal microbiome during menses
has been previously reported (55), and it is especially noticeable in microbial communities
dominated by the Lactobacillus genus (56), corresponding to the overall MB communities in
the present study (Figure 4a). This is a clear advantage of our DNN microbiome approach
over previously reported approaches, such as human mRNA-based ones, in which certain
menstrual blood markers are not stable during menses (12). It must also be noted that
misclassified and inconclusively classified MB test samples corresponded in their majority to
samples of different menstruation days from the same donors. These samples presented a
common decrease in the relative abundance of the Lactobacillus genus, replaced by other
genera, such as Staphylococcus or Prevotella (Figure 4a and Supplementary Figure S8a),
which could be an indication of healthy women with microbial communities other than the
mostly represented in this study (53, 54). Given these taxonomic profiles, these women could
also suffer from bacterial vaginosis (BV) (57), a condition with varying prevalence by ethnic
group within countries (ranging from 0.4 to 60.8%, although BV tends to be of higher
prevalence in sub-Saharan Africa and lower in Asia/Australia/western Europe, there are
populations with high and low BV prevalence in all of these regions) (58), and in which half of
the BV-positive individuals are asymptomatic (59).

The average taxonomic profiles observed in the correctly classified test NB samples
(Figure 3b and 4b) agreed with previous nasal mucosa microbiome studies (60, 61). It has
been reported that the relative proportions of NM commensals can vary substantially among
individuals (60), which might be the underlying explanation for the misclassified and
inconclusively classified NB test samples in this study. The time between nose-blowing and
sample collection could also explain the similarity of these NB samples to the SE category.
Nose-blowing pushes out the mucus dragging out some nasal bacteria, while leaving, for a
time, other commensals in closer contact with the nasal epithelium more exposed for sample
collection. Unknown nose-blowing activities prior to nasal blood donation can provide a source
of skin-misclassification of nasal blood samples collected at crime scenes.

The taxonomic profiles observed in the correctly classified test FB samples (Figure 3c
and 4c) agreed with previous reports (62, 63). The misclassification of one test FB sample
(FB_D11) to the NM category is not surprising given the similar bacterial communities in the
SE and NM. Regarding the VE-misclassified sample (FB_F13), the presence of the
Lactobacillus genus has previously been reported in skin samples (62, 64), though not in such
a high relative proportion. Its high abundance in the FB sample could be explained by an
external source of contamination occurring before sample collection.

Regarding the mock casework blood samples, in the three VE-misclassified fresh VB
mock samples (VB_F22-24) the Lactobacillus genus was observed in their taxonomic profiles
(Figure 4d), though in low relative abundance, which might explain their assignation to the VE
category. This genus has not been reported in previous blood microbiome studies (50-52, 65),
and its presence due to external contamination during sample processing cannot be excluded.
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The sample collection itself could also be the main factor explaining the majority of
misclassified and inconclusively classified aged mock casework NB and VB samples. For
example, skin commensals present in the skin areas surrounding the nasal cavities could be
dragged into the NB samples by using a tissue paper to collect them. Additionally,
‘contamination’ of VB samples with skin can also occur via venipuncture for sample collection.

To our knowledge, this is the first study using a microbiome-based approach for the
identification of the body site of origin of human blood samples, which based on the
performance outcome presented here has high potentials for future casework applications
provided further validation work. From the technical side, more samples should be used for
training the DNN classifier, such as VE samples from donors suffering from BV or with
microbial communities less frequent in the general population. This can ultimately account for
intra- and inter- individual variation, increasing the accuracy of our approach when these type
of samples are analyzed. Additionally, formal forensic developmental validation should be
performed on the laboratory tool including sensitivity testing, concordance testing and
including more mock casework samples mimicking realistic and often encountered forensic
scenarios. It shall be emphasized again that the microbiome-based approach we introduced
here for body site of origin identification of blood samples fully relies on the assumption that
an analyzed sample is from or at least contains blood, an information that in practical forensic
applications can be obtained from presumptive blood testing. In the future, we envision to
combine our recently reported DNN microbiome approach for saliva, vaginal secretion and
skin identification with our newly introduced DNN microbiome approach for menstrual blood,
nasal blood, fingerprick blood and venous blood identification into a single taxonomy-
independent DNN-based MPS microbiome approach for the identification of the body site or
origin of forensically relevant human biomaterials.
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SUPPLEMENTARY MATERIALS

Supplementary Table S1. Detailed information of mock casework samples: sample ID, description, age and EDANP/

EUROFORGEN exercise.

Freshly-prepared mock casework blood samples

Sample ID Description Age EDNAP/EUROFORGEN
exercise (reference)

MB_F1 Menstrual blood swab at room temperature 48 h

MB_F2 Menstrual blood swab at 4 °C 48 h

MB_F3 Menstrual blood swab at 37 °C 48 h

MB_F4 Menstrual blood swab at room temperature 48 h

MB_F5 Menstrual blood swab at 4 °C 48 h

MB_F6 Menstrual blood swab at 37 °C 48 h

VB_F7 50 pl of venous blood on fabric at room temperature 48 h

VB_F8 50 pl of venous blood on fabric at 4 °C 48 h

FB_V9 50 pl of venous blood on fabric at 37 °C 48 h

FB_F10 Fingerprick blood swab at room temperature 48 h

FB_F11 Fingerprick blood swab at 4 °C 48 h

FB_F12 Fingerprick blood swab at 37 °C 48 h

FB_F13 Fingerprick blood on glass at room temperature 48 h he
FB_F14 Fingerprick blood on glass at 4 °C 48 h

FB_F15 Fingerprick blood on glass at 37 °C 48 h

NB_F16 Nasal blood on tissue at room temperature 48 h

NB_F17 Nasal blood on tissue at 4 °C 48 h

NB_F18 Nasal blood on tissue at 37 °C 48 h

NB_F19 Nasal blood on tissue at room temperature 48 h

NB_F20 Nasal blood on tissue at 4 °C 48 h

NB_F21 Nasal blood on tissue at 37 °C 48 h

VB_F22 100 pl of venous blood on fabric at room temperature 48 h

VB_F23 100 pl of venous blood on fabric at 4 °C 48 h

VB_F24 100 pl of venous blood on fabric at 37 °C 48 h

87



Chapter 3

Aged mock casework blood samples

Sample ID Description Age EDNAP/EUROFORGEN
exercise (reference)

NB_B21 Nasal blood in tissue (1x1 cm) 11yr NA
VB_B19 50 pl of venous blood in swab 1.8yr NA
NB_B22 Nasal blood in tissue (1x1 cm) 1.9yr NA
MB_B20 %, menstrual blood swab 2yr 4)
VB_B16 50 pl of venous blood in swab 29yr 4)
VB_B17 50 pl of venous blood in cellulose swab 29yr 4
MB_B18 ¥ menstrual blood swab 29yr 4)
MB_B15 ¥ menstrual blood swab 7.2yr 12)
MB_B13 Y. menstrual blood swab 7.3yr 12)
MB_B12 Menstrual blood on sanitary towel 8.4yr 12)
VB_B9 Non-EDTA venous blood on t-shirt (2 mm circle) 10yr (28)
VB_B8 10 pl EDTA-venous blood on swab 10 yr (28)
VB_B7 10 pl EDTA-venous blood on a bandage 10 yr (28)
VB_B6 Non-EDTA venous blood on t-shirt (5 mm circle) 10 yr (28)
VB_B5 10 pl EDTA-venous blood on swab 10 yr 27)
VB_B3 10 pl EDTA-venous blood on swab 11lyr 27)
VB_B2 10 pl EDTA-venous blood on swab 11yr (27)
VB_B1 10 pl EDTA-venous blood on swab 11 yr (27)
MB_B14 Menstrual blood on sanitary towel 12 yr (12)
VB_B10 10 pl non-treated venous blood on swab 13yr (28)
VB_B11 EDTA-blood on cotton cloth 21yr (28)

NA (not applicable).
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Supplementary Table S2. DNN classification performance metrics of the 83 blood test samples — excluding the
inconclusively classified samples with probabilities of assignment below the 0.7 conclusive classification threshold at any
of the four categories.

Menstrual blood (MB)

Nasal blood (NB)

Fingerprick blood (FB)

Venous blood (VB)

AUC 0.996 0.983 0.987 0.994
Precision  1.000 0.875 0.929 1.000
Recall 0.947 0.933 0.963 0.955
F1 score 0.973 0.903 0.946 0.977
NPV 0.985 0.985 0.982 0.984
Support 19 15 27 22
Mcc 0.935

AUC=area under the operating characteristic curve; NVP=negative predictive value; MCC=Mathews correlation

coefficient.
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Supplementary Figure S3. Area under the receiver operating characteristic curve (AUC) of the 83 blood test samples
— excluding the inconclusively classified samples with probabilities of assignment below the 0.7 conclusive classification

threshold at any of the four categories.
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Supplementary Figure S4. Overview of probabilities of assignment to vaginal epithelium (VE) category of the 109
menstrual blood test samples from different menses days from the participating female donors.
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Supplementary Table S5. Body site of origin assignment probabilities, i.e. vaginal epithelium, nasal mucosa, skin
epithelium and venous blood, of the 180 human blood test samples resulted from the DNN approach. Green indicates
correctly assigned samples (threshold 20.7); yellow indicates inconclusively classified samples (<0.7 in any category);
red indicates misclassified samples (20.7 in any category other than the true body site of origin). Asterisk (*) indicates
menstrual blood samples randomly selected for classification performance metrics calculations.

Sample ID Blood type Venous Vaginal Nasal Skin
blood epithelium mucosa epithelium
FB_DO01 fingerprick 0.0008 0.0002 0.0007 0.9983
FB_D02 fingerprick 0.0029 0.0003 0.0015 0.9953
FB_DO05 fingerprick 0.0014 0.0002 0.0009 0.9974
FB_DO07 fingerprick 0.0010 0.0002 0.0010 0.9979
FB_D08 fingerprick 0.0008 0.0002 0.0008 0.9982
FB_D09 fingerprick 0.0042 0.0002 0.0060 0.9896
FB_D10 fingerprick 0.0016 0.0002 0.0014 0.9967
fingerprick 0.0264 0.0006 0.9207 0.0523
FB_D12 fingerprick 0.0443 0.0009 0.2328 0.7220
FB_D13 fingerprick 0.0010 0.0002 0.0008 0.9980
FB_D14 fingerprick 0.0511 0.0009 0.5451 0.4029
FB_D15 fingerprick 0.0006 0.0002 0.0004 0.9988
FB_D16 fingerprick 0.0014 0.0002 0.0013 0.9970
FB_D17 fingerprick 0.0218 0.0004 0.0774 0.9004
FB_D18 fingerprick 0.0011 0.0002 0.0012 0.9976
FB_D19 fingerprick 0.0771 0.0054 0.5453 0.3721
FB_E5 fingerprick 0.0088 0.0003 0.0075 0.9834
FB_E6 fingerprick 0.0786 0.0160 0.6595 0.2460
FB_E7 fingerprick 0.0549 0.0011 0.1886 0.7555
FB_ZH01 fingerprick 0.1640 0.0020 0.0206 0.8133
FB_ZH02 fingerprick 0.0005 0.0002 0.0004 0.9989
FB_ZH04 fingerprick 0.1427 0.0010 0.0300 0.8263
FB_ZHO05 fingerprick 0.0009 0.0002 0.0011 0.9978
FB_ZH07 fingerprick 0.0006 0.0002 0.0005 0.9987
FB_ZHO08 fingerprick 0.0010 0.0002 0.0010 0.9978
FB_ZH10 fingerprick 0.0006 0.0002 0.0004 0.9988
FB_ZH16 fingerprick 0.0727 0.0006 0.0276 0.8991
FB_ZH19 fingerprick 0.0905 0.0008 0.0836 0.8251
FB_ZH21 fingerprick 0.0325 0.0007 0.0173 0.9494
FB_ZH25 fingerprick 0.0023 0.0002 0.0035 0.9940
MB_01_DO01 menstrual 0.0003 0.9992 0.0003 0.0002
MB_01_D02 menstrual 0.0003 0.9992 0.0003 0.0002
MB_01_DO03 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_D04 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_D05 menstrual 0.1929 0.6369 0.0007 0.1696
MB_01_ZHO01 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZH02 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZH04 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZH05 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZHO07 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZH08 menstrual 0.0002 0.9993 0.0003 0.0002
MB_01_ZH10 menstrual 0.0082 0.9800 0.0017 0.0101
MB_01_ZH16 menstrual 0.0003 0.9992 0.0003 0.0002
MB_01_ZH19 menstrual 0.0003 0.9992 0.0003 0.0002
MB_01_ZH21 menstrual 0.0003 0.9992 0.0003 0.0002
*MB_01_ZH25 | menstrual 0.0002 0.9993 0.0003 0.0002
*MB_02_D01 menstrual 0.0005 0.9988 0.0004 0.0003
*MB_02_D02 menstrual 0.1529 0.4461 0.0013 0.3997
*MB_02_D03 menstrual 0.0020 0.9961 0.0010 0.0008
*MB_02_D04 menstrual 0.1265 0.4431 0.2142 0.2162
*MB_02_D05 menstrual 0.2100 0.4372 0.0008 0.3520
*MB_02_ZH01 | menstrual 0.0002 0.9993 0.0003 0.0002
MB_02_ZH02 menstrual 0.0029 0.9887 0.0081 0.0003
*MB_02_ZH04 | menstrual 0.0003 0.9991 0.0003 0.0002

91



Chapter 3

*MB_02_ZHO5 | menstrual 0.0003
*MB_02_ZHO7 | menstrual 0.0003
MB_02_ZH08 menstrual 0.0002
*MB_02_ZH10 | menstrual 0.0293
*MB_02_ZH16 | menstrual 0.0003
MB_02_ZH19 menstrual 0.0003
*MB_02_ZH21 | menstrual 0.0003
MB_02_ZH25 menstrual 0.0002
MB_03_D01 menstrual 0.0101
MB_03_D02 menstrual 0.0004
MB_03_D03 menstrual 0.0722
MB_03_D04 menstrual 0.0003
MB_03_D05 menstrual 0.0620
MB_03_ZHO01 menstrual 0.0002
*MB_03_ZHO02 | menstrual 0.0003
MB_03_ZH04 menstrual 0.0003
MB_03_ZHO05 menstrual 0.0003
MB_03_ZHO07 menstrual 0.0003
*MB_03_ZHO08 | menstrual 0.0002
MB_03_ZH10 menstrual 0.0622
MB_03_ZH16 menstrual 0.0003
MB_03_ZH19 menstrual 0.0003
MB_03_ZH21 menstrual 0.0003
MB_03_ZH25 menstrual 0.0002
MB_04_D01 menstrual 0.0006
MB_04_D02 menstrual 0.0006
MB_04_D03 menstrual 0.0046
MB_04_D04 menstrual 0.0003
MB_04_D05 menstrual 0.0500
MB_04_ZHO01 menstrual 0.0002
MB_04_ZH02 menstrual 0.0003
MB_04_ZH04 menstrual 0.0003
MB_04_ZHO05 menstrual 0.0003
MB_04_ZH07 menstrual 0.0002
MB_04_ZH08 menstrual 0.0002
MB_04_ZH10 menstrual 0.0240
MB_04_ZH16 menstrual 0.0003
*MB_04_ZH19 | menstrual 0.0003
MB_04_ZH21 menstrual 0.0003
MB_05_D02 menstrual 0.0007
MB_05_ZH02 menstrual 0.0002
MB_05_ZH04 menstrual 0.0003
MB_05_ZH07 menstrual 0.0003
MB_05_ZH08 menstrual 0.0002
MB_05_ZH10 menstrual 0.0151
MB_05_ZH19 menstrual 0.0003
MB_06_ZH02 menstrual 0.0002
MB_06_ZH08 menstrual 0.0002
MB_06_ZH19 menstrual 0.0003
MB_07_ZH02 menstrual 0.0003
MB_07_ZH08 menstrual 0.0002
MB_07_ZH19 menstrual 0.0003
MB_08_ZH19 menstrual 0.0003
MB_09_d5 menstrual 0.0004
MB_09_ZH19 menstrual 0.0003
MB_10 ZH19 menstrual 0.0003
MB_01_d13 menstrual 0.2946
MB_01_d15 menstrual 0.0002
! menstrual 0.0334
*MB_02_d13 menstrual 0.3590
*MB_02_d15 menstrual 0.0002
menstrual 0.0146 0.0012
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0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.1296 0.0100
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0010 0.0020
0.0003 0.0003
0.3767 0.0139
0.0003 0.0002
0.0007 0.0727
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0345 0.0295
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0004
0.0004 0.0003
0.0009 0.0020
0.0003 0.0002
0.0007 0.0537
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0193 0.0119
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0004
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0069 0.0092
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0002
0.0003 0.0003
0.0003 0.0002
0.0003 0.0002
0.0258 0.0293
0.0003 0.0002

0.0094
0.2653 0.0345
0.0003 0.0002

0.0027
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MB_03_d13 menstrual 0.2671 0.1806
menstrual 0.0511 0.0250
menstrual 0.0218 0.0038
menstrual | 0.2996
menstrual 0.0587
MB_04_d16 menstrual 0.0170
MB_05_d15 menstrual 0.3112
MB_05_d16 menstrual 0.0013
MB_06_d1 menstrual 0.0003
MB_06_d15 menstrual 0.1788
*MB_06_d2 menstrual 0.0075
MB_06_d3 menstrual 0.0002
MB_06_d4 menstrual 0.0002
*MB_07_d1 menstrual 0.0003
MB_07_d2 menstrual 0.0003
MB_08_d1 menstrual 0.0002
*MB_08_d2 menstrual 0.0002
MB_08_d3 menstrual 0.0002
MB_08_d4 menstrual 0.0002
MB_09 d1 menstrual 0.0010
*MB_09_d2 menstrual 0.0002
MB_09 d3 menstrual 0.0027
MB_09 d4 menstrual 0.0003
NB_DO1 nasal 0.0108
NB_D03 nasal 0.0416
NB_DO7 nasal 0.0002 0.0003
NB_DO08 nasal 0.0032 0.0003
NB_D10 nasal 0.0002 0.0003
NB_D12 nasal 0.0061 0.0003
NB_D13 nasal 0.0173 0.0006
NB_D14 nasal 0.0004 0.0003
NB_D15 nasal 0.0003 0.0003
NB_D16 nasal 0.0002 0.0003
NB_D19 nasal 0.0012 0.0003
NB_D21 nasal 0.0071 0.0003
NB_D23 nasal 0.0003 0.0003
NB_E5 nasal 0.0142 0.0004
NB_E6 nasal 0.0002 0.0003
nasal 0.0044 0.0002
VB_047 venous 0.0006
VB_054 venous 0.7548 0.0010 0.0978 0.1464
VB_060 venous 0.3009 0.0154 0.0009 0.6828
venous 0.0290 0.0040 0.0006
VB_075 venous 0.0032 0.0005 0.0194
VB_082 venous 0.0031 0.0004 0.0181
VB_094 venous 0.3839 0.4810 0.0009 0.1342
VB_107 venous 0.0005 0.0004 0.0009
VB_113 venous 0.0006 0.0012 0.0031
VB_125 venous 0.0006 0.0206 0.0048
VB_135 venous 0.0004 0.0003 0.0003
VB_142 venous 0.0004 0.0003 0.0004
VB_150 venous 0.0004 0.0003 0.0005
VB_151 venous 0.0021 0.0005 0.0266
VB_153 venous 0.0003 0.0004 0.0006
VB_154 venous 0.0004 0.0004 0.0004
VB_155 venous 0.0006 0.0006 0.0038
VB_156 venous 0.4696 0.0010 0.2897 0.2398
VB_157 venous 0.0006 0.0004 0.0020
VB_158 venous 0.0004 0.0003 0.0003
VB_159 venous 0.0007 0.0006 0.0003
VB_160 venous 0.0005 0.0004 0.0014
VB_161 venous 0.0004 0.0003 0.0009
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VB_162 venous 0.0003 0.0003 0.0003
VB_163 venous 0.0004 0.0005 0.0017

Supplementary Table S6. Body site of origin assignment probabilities, i.e. vaginal epithelium, nasal mucosa, skin
epithelium and venous blood, of the 45 human blood mock casework samples resulted from the DNN approach. Green
indicates correctly assigned samples (threshold 20.7); yellow indicates inconclusively classified samples (<0.7 in any
category); red indicates misclassified samples (20.7 in any category other than the true body site of origin).

Sample ID Mock type Blood type | Venous Vaginal Nasal Skin
blood epithelium mucosa epithelium
aged venous 0.0679 0.0024 0.0059
aged venous 0.5802 0.0024 0.0075
aged venous 0.0017 0.0002 0.0016
aged venous 0.2195 0.0038 0.0088 0.7680
aged venous 0.2219 0.0009 0.0934 0.6838
aged venous 0.0181 0.0004 0.0141
aged venous 0.0010 0.0003 0.0005
aged venous 0.0184 0.0016 0.0009
aged venous 0.0402 0.0010 0.0212
aged venous 0.1643 0.0005 0.1461
aged venous 0.0725 0.0030 0.0019
aged venous 0.0098 0.0005 0.0042
aged venous 0.7192 0.0016 0.0526 0.2265
fresh venous 0.0426 0.0018 0.0060
fresh venous 0.0599 0.0027 0.0073
fresh venous 0.2194 0.0097 0.0051
VB_F7 fresh venous 0.0019 0.0011 0.0288
VB_F8 fresh Vvenous 0.0089 0.1574
VB_F9 fresh venous 0.5856
MB_B12 aged menstrual 0.0002 0.0003
H aged menstrual 0.0526
MB_B14 aged menstrual 0.0015
MB_B15 aged menstrual 0.0342
aged menstrual 0.0144
MB_B20 aged menstrual 0.0003
MB_F1 fresh menstrual 0.0002
MB_F2 fresh menstrual 0.0002
MB_F3 fresh menstrual 0.0002
MB_F4 fresh menstrual 0.0003
MB_F5 fresh menstrual 0.0003
MB_F6 fresh menstrual 0.0003
aged nasal 0.0429
aged nasal 0.0235
NB_F16 fresh nasal 0.0120
NB_F17 fresh nasal 0.0082
NB_F18 fresh nasal 0.0119
NB_F19 fresh nasal 0.0002
NB_F20 fresh nasal 0.0041
NB_F21 fresh nasal 0.0002
FB_F10 fresh fingerprick 0.0036
FB_F11 fresh fingerprick 0.0012
FB_F12 fresh fingerprick 0.0007
fresh fingerprick 0.0083 0.0004 0.0040
FB_F14 fresh fingerprick 0.1749 0.0010 0.2325
FB_F15 fresh fingerprick 0.0079 0.0021
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Supplementary Figure S7. Taxonomic profiles at the phylum level of the inconclusively classified test and mock
casework blood samples; (a) menstrual blood, (b) nasal blood, (c) fingerprick blood, (d) venous blood.
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Supplementary Figure S8. Taxonomic profiles at the genus level of the inconclusively classified test and mock casework
blood samples; (a) menstrual blood, (b) nasal blood, (c) fingerprick blood, (d) venous blood.
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ABSTRACT

Information on the time when a human biological stain was deposited at a crime scene can
be valuable in forensic investigations. It can help link a DNA-identified stain donor with a crime
or provide with post-mortem interval estimation in cases with human cadavers. Available
methods for estimating stain deposition time so far have limitations of different types and
magnitudes. In this proof-of-principle study we investigated the use of microbial DNA for this
purpose in human saliva stains. First, we identified the most abundant and frequent bacterial
species in saliva using publicly available 16S rRNA gene next generation sequencing (NGS)
data from 1,848 samples. Next, we assessed time-dependent changes in 15 identified species
using de novo 16S rRNA gene NGS in saliva stains of two individuals exposed to indoor
conditions up to 1 year. We selected four bacterial species i.e. Fusobacterium periodonticum,
Haemophilus parainfluenzae, Veillonella dispar, and Veillonella parvula, showing statistically
significant time-dependent changes and developed a 4-plex qPCR assay for their targeted
analysis. Then, we analysed saliva stains of 15 individuals exposed to indoor conditions up to
1 month. We observed that bacterial counts generally increased with time, which explained
54.9% of the variation (p=<2.2E-16). Time since deposition explained 286.5% and =88.9% of
the variation in each individual and species, respectively (p=<2.2E-16). Finally, based on
sample duplicates we built and tested multiple linear regression models for predicting the time
since deposition at an individual level, resulting in an average mean absolute error (MAE) of
5 days (ranging 3.3-7.8 days). Overall, the deposition time of 181 (81.5%) stains was correctly
predicted within 1 week. Prediction models were also assessed in stains exposed to the same
conditions seven months later, resulting in an average MAE of 8.8 days (ranging 3.9-16.9
days). Our proof-of-principle study suggests the potential of DNA profiling of human
commensal bacteria for estimating time since deposition of saliva stains in the forensic
scenario, which may be expanded to other forensically relevant tissues. Before our novel
approach is considered for practical applications, forensic developmental validation and
implementation criteria need to be met via future more dedicated studies.
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INTRODUCTION

In routine forensic investigations, DNA profiling based on short tandem repeats (STRs) is the
gold standard for identifying individuals who left a biological sample at the crime scene (1).
However, the presence of a person’s DNA at a crime scene does not necessarily allow us to
conclude that the sample donor is the perpetrator, which is typically done in court using
additional (non-genetic) information. One important additional information that can be crucial
to solve a case is knowledge on (the time frame) when the DNA-identified person left the
biological stain behind at the scene. Knowing the time since deposition of a crime scene stain
can help the police assessing alibis given by known suspects or provide investigative
information to search for the right suspect. Moreover, when multiple biological traces
belonging to different donors are found at a scene, information on their time since deposition
may help investigators select the ones with the highest investigative value for further analysis,
in cases where the time of the crime is known. Furthermore, in some missing person cases,
such knowledge on the time of stains deposition on relevant items (such as clothing) might
also be linked with the time gone missing if this is unknown. Lastly, in crime scenes involving
(parts of) a corpse, estimation of the time since deposition of stains found around/on the body
can serve as an additional method to determine the time since death i.e. post-mortem interval
(PMI).

For estimating the time since deposition of human biological stains, the most studied
molecular approach so far has been the differential time-dependent degradation of human
RNA; mainly mRNA markers (2-7) but also miRNA markers (4, 8). In principle, RNA decay
continues ex vivo after a stain has been deposited, even if the biological material is dehydrated
(9). However, not all markers investigated for their potential time-dependent degradation
turned out informative in published studies due to their reported time-stability for months (4,
8, 10) or even a year (8). Nevertheless, the majority of studies to date have reported time-
dependent decay of selected RNA markers and a few have also attempted to use this for
estimating the time since deposition of body fluid stains.

A gPCR-based study on degradation profiles of two human hypoxia sensitive mRNA
markers up to a month obtained mean absolute error (MAE) values of 2.7, 3.5 and 6.4 days
in blood, saliva and semen stains, respectively (2). However, sample size was small (n=5 for
each body fluid) and stain exposure did not mimic realistic forensic scenarios. In the cases of
saliva and semen, fluids were left in tubes until swabbed rather than left to dry as stains. Bauer
et al. (7) analysed two mRNA markers in dried bloodstains using qPCR under the hypothesis
that the 5’-end degrades at a faster rate than the 3’-end in mMRNA and that relative degradation
could be used to estimate the time since deposition of the stains. Significant levels in mRNA
degradation were only reported in stains with large deposition time differences of at least 4-5
years, resulting in very large estimation intervals of several months or even a few years.
Another gPCR-based study analysed four mRNA markers in dried bloodstains under the same
previous hypothesis and reported a time estimation error of 2-4 weeks for stains exposed less
than six months and 4-6 weeks for stains exposed between six and twelve months (6).
Furthermore, Alshehhi et al. (8) employed qPCR targeting two and four mRNA/mMiRNA
markers in dried saliva and semen stains, respectively, up to a year. On the one hand, the
MRNA markers showed large fluctuation, no degradation or were not detected at all due to
the assay’s sensitivity past 90 days. On the other hand, the miRNA markers remained stable
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across all analysed time points, making them not suitable to investigate time-dependent
changes. Lastly, another study employed RNA next-generation sequencing (NGS) to analyse
potential time-dependency of transcripts present in dried blood, saliva, semen and vaginal
fluid stains up to a year (3). Particularly for the saliva transcripts, abundance values decreased
rapidly and erratically; hence, no comprehensive analysis could be performed. For other stains
the time-dependency of transcripts was useful for a limited time period less than a year.
Overall, an RNA-based approach for estimating the time since deposition of stains could be
promising but suffers from significant drawbacks including inter-individual degradation
variation.

The human microbiome has been recently proposed as a promising tool in forensic
science, especially for forensically relevant topics for which other approaches present
challenges and limitations. For example, the human microbiome has proven to be a promising
forensic tool for post-mortem interval (PMI) estimation based on predictable succession and
colonization of microorganisms over time at different body sites (11-14). However, caution
must be taken due to environmental (11, 15) and individual-specific (11) factors affecting time-
dependent changes. The human microbiome, particularly the skin microbiome, can also serve
as a kind of ‘fingerprint’ that is transferred to touched objects, promising for individual
identification in cases where recovered human DNA is not sufficient for obtaining an STR
profile (‘touched’ samples) (16-18). Additionally, we also showed that the human microbiome
is suitable for the identification of the body site of origin of human body fluid stains, which can
be of great value in crime scene reconstruction. For instance, when it comes to crime scene
stains that contain epithelial cells from different body sites of origin including skin, saliva and
vaginal fluids (19), and bloodstains from different body sites of origin including venous/arterial
blood, menstrual blood, nasal blood or blood from skin injuries (20), where previous molecular
approaches such as RNA-based ones have limitations (21-23). On top of these previously
investigated forensic microbiome applications, we envisioned it a promising tool for estimating
the time since deposition of human biological stains at a crime scene, which has not been
studied yet.

Particularly, the oral human microbiome has been extensively characterized (24) and
microorganisms living in the oral cavity comprise the second largest and most diverse
microbial community of the human body (25) after the gut. Notably, one millilitre (mL) of saliva
in healthy adults is estimated to contain approximately 100 million bacterial cells (26).
Considering the normal salivary flow rate to be around 750 mL/day, 8x10%° bacterial cells are
shed daily from the oral surfaces (26). As a result, human saliva samples are likely to contain
a high number of bacterial cells, including dried saliva stains found at crime scenes that often
are small and based on just a few microliters (uL) of liquid saliva. Additionally, it has been
shown that the ‘core’ oral microbiome, which can be defined as the taxa shared among
unrelated individuals (27), is quite large; actually larger than in other body sites such as the
gut or skin (28). Finally, the oral microbiome has shown a high degree of in vivo time-wise
stability within an individual, with no significant changes over months (28-30) and even a few
years (31). Time-stable biological information of any biomarker used in forensics is crucial in
investigations, especially in approaches where old crime scene samples may be used
retrospectively, such as for estimating the time since stain deposition. So far, only a few
studies investigated time-dependent microbiome changes in dried saliva samples exposed to
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indoor conditions (32, 33) and due to their small sample size no meaningful conclusions could
be made on how suitable the approach is for forensic purposes.

In this proof-of-principle study, we investigated for the first time the potential of genetic
profiling of human saliva commensal bacteria for estimating the time since deposition of saliva
stains, with promises in a future forensic scenario. To achieve this, we first identified the most
abundant and most frequent bacterial species in saliva from a large publicly available 16S
rRNA gene next-generation sequencing (NGS) dataset. Next, we assessed time-dependent
changes in the relative abundance of the top identified bacterial target species in 16S rRNA
gene NGS data we produced from dried saliva stains exposed to indoor long-term conditions
up to 1 year. Based on the observed significant time-dependent changes, we further selected
four bacterial species for which we developed a multiplex gqPCR assay. Finally, we used this
assay to analyse dried saliva stains exposed to indoor short-term conditions with various
sample storage times up to 1 month.

MATERIALS AND METHODS

Saliva microbiome datasets

Publicly available human saliva 16S rRNA gene next generation sequencing (NGS) data from
two previously published studies were obtained from the European Bioinformatics Institute
(EMBL-EBI). These studies included data from three cohorts: the American Cancer Society
Cancer Prevention Study Il (ACS CPS-II) (N=543) (34) and the Prostate, Lung, Colorectal and
Ovarian (PLCO) Cancer Screening Trial (N=661) (34) from which the produced microbiome
data was published as part of the same study; and the American Gut Project (AGP) (N=1,089)
(35). Accession numbers were PRJINA434300, PRJNA434312 and PRJEB11419,
respectively. The studies’ metadata were accessed via the National Center for Biotechnology
Information (NCBI) and matched to the corresponding sample identifiers using custom Python
scripts to create flat metadata tables. In the first study (ACS CPS-II/PLCO), quality control
sample replicates were removed to avoid data redundancy. We also discarded samples with
missing metadata information for age, sex and/or ethnicity. We also removed samples
obtained from donors less than 15 years old given that differences between adult and youth
saliva microbiomes are expected (36).

Most abundant and frequent bacterial species in saliva

We analyzed the above-mentioned human saliva 16S rRNA gene NGS data to identify the
most abundant and frequent bacterial species across individuals included in the two selected
studies (Figure 1A). Primer sequences were obtained from the original studies and were
removed from the raw sequencing reads using cutadapt (v2.6) (37) by setting the minimum-
length to 100 to discard processed reads shorter than 100 bp. The resulting FASTQ files were
quality-filtered and de-noised using DADA2 (v1.12.1) (38). Parameter maxN was set to O in
the ACS CPS-II/PLCO study to prevent unambiguous nucleotides in the sequencing reads,
whereas maxN was set to 1 in the AGP study to avoid too few reads passing the filtering.
Parameter maxEE for the maximum number of ‘expected errors’ in the reads was set to 2 in
the two studies. Parameter truncLen was set based on the read quality profiles ensuring to
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maintain an overlap between forward and reverse reads to be merged later. Following sample
inference of true sequence variants, an amplicon sequence variants (ASV) table was
constructed and chimeric sequences were removed. At this point, only high-coverage samples
(>1,000 reads) were chosen for downstream analysis resulting in 525 (ACS CPS-Il), 452
(PLCO) and 871 (AGP) samples. To assign taxonomy the ASV table was processed via the
assignTaxonomy function in DADA2 at taxonomic ranks of interest (phylum, class, order,
family, genus, species). The expanded Human Oral Microbiome Database (eHOMD) (v15.2)
(24) was transformed to a DADA2-compatible training format and used as the reference
database. Since the eHOMD database is bacteria-exclusive, the ASV table was further
compared against the SILVA SSU r132 database (39) to check for sequences assigned to
Eukarya, mitochondria or chloroplasts, which were subsequently filtered out. We additionally
filtered out taxa present in less than 0.005% of relative abundance. Finally, in each study, we
ordered the bacterial species according to their relative abundance (number of bacterial
species sequencing reads divided by the total number of sequencing reads) and frequency
(number of samples in which the bacterial species is reported divided by the total number of
samples). As abundant and frequent bacterial species in saliva we selected the top 15
common ones across the studies. The processed NGS data in the form of relative abundance
tables of the identified taxa can be found in Supplementary Data Sheet 1.

Saliva collection

Sample collection, handling and subsequent analysis adhered to the Medische Ethische
Toestsings Commissie Erasmus MC (MEC-2018-1731). All individuals who donated saliva
provided signed informed consent for the purpose of this study. One individual included in the
long-term experiment (individual No 1) was also included in the short-term one (individual No
2) with a time span of two years between saliva collection for each of the experiments. In
summary, we included 11 females and 5 males with an average age of 26.3 years and from
various ethnic backgrounds, but mainly white Europeans (13/16). Information on our donors’
sex, age, ethnicity and sample donation can be found on Supplementary Table S1. In brief,
as part of donating saliva, individuals were asked to avoid all of the following at least for one
hour before saliva donation: brushing their teeth, use mouthwash, eat food, use chewing gum
and drink nothing but non-sparkling water. Individuals were independently asked to collect
saliva in their mouth for a minute and spit into a sterile tube, repeating the process several
times until reaching ~5 mL of saliva. Subsequently, for each individual, we prepared all stains
per time point each consisting of 150 pL of saliva deposited on a sterile swab (PurFlock Ultra
6” sterile standard flock swabs, Puritan, Guilford, ME, USA). Therefore, for each individual all
saliva stains were individual samples, though collected at the same time point. As substrate,
we chose sterile swabs that are routinely used in forensics, for example to collect suspected
saliva stains from objects found at the crime scene for molecular analysis. Also, their sterile
nature allows us to conclude the absence of microbial contamination introduced before the
saliva was deposited.

Dried saliva stains

With the exception of fresh (t0) saliva swabs that were processed straightaway, the prepared
swabs were dried and directly exposed to our laboratory’s environment apart from each other
for a specific time prior to bacterial DNA isolation. The swabs were stored at standard room
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temperature (20-25 °C), with relative humidity (30-50 %) and daily ambient light (8-11 hours).
Ambient light included both artificial and natural light sources as the swabs were placed four
meters away from a window (though not directly hit by the sun). First, for the long-term time-
dependent bacterial composition analysis, saliva was collected from two individuals (Figure
1B). To sufficiently cover selected time points over a one-year period, seven saliva swabs
were prepared per individual (single sample replicates per time point) and processed at day
1 (t1), 7 (t2), 30 (t3), 120 (t4), 180 (t5) and 365 (t6) after deposition. Second, for the short-
term time-dependent bacterial marker analysis, saliva was collected from 15 individuals
(Figure 1C). To sufficiently cover selected time points over a one-month period, 32 saliva
swabs were prepared per individual (double replicates per time point); with the exception of
one individual (No 1) for which there was insufficient volume of saliva to prepare the last time
point. In this case, dried saliva swabs were processed at day 2 (t1), 4 (t2), 6 (t3), 8 (t4), 10
(t5), 12 (t6), 14 (t7), 16 (t8), 18 (t9), 20 (t10), 22 (t11), 24 (t12), 26 (113), 28 (t14) and 30 (t15)
after deposition. Additionally, six of these fifteen individuals also donated saliva seven months
after the first collection date (Figure 1D). For this, eight saliva swabs were prepared per
individual (single replicates per time point) and processed at day 2 (t1), 6 (t2), 10 (t3), 14 (t4),
18 (t5), 22 (t6), 26 (t7), 28 (t8 for individual No 1) and 30 (t8 for the rest of individuals) after
deposition, corresponding to one-month time frame as in the first collection date. Additionally,
swabs with no biological material were prepared as background blanks in both the long-term
and short-term experiments and were exposed and processed in parallel at the same time
points as the dried saliva stains.

Bacterial DNA isolation and quantification

Bacterial DNA isolation was performed with the QIAamp DNA Mini Kit (Qiagen, Germany)
following the buccal swab spin protocol to simplify the isolation of DNA from human saliva
samples deposited on a swab. We chose a kit that can co-isolate both bacterial and human
DNA present in the sample to simultaneously allow for short tandem repeats (STR) profiling,
necessary to identify the sample’s donor; therefore, increasing the forensic applicability of the
proposed approach. After appropriate optimization, we slightly modified the manufacturer’s
instructions for maximizing DNA yield. More specifically, the incubation time in step four was
increased from 10 to 30 minutes, the elution was performed with nuclease-free water using a
reduced 50 pL elution volume, spin columns were incubated for 5 minutes at room
temperature following the addition of nuclease-free water and before centrifugation, the
centrifugation time and speed were increased to 2 minutes and 12,000 rpm and finally, a
second elution step using the eluate was added. Isolated bacterial DNA was quantified with
the Femto™ Bacterial DNA Quantification kit (Zymo Research, Irvine, CA, USA) following the
manufacturer’s instructions on a CFX38 Touch™ Real-Time PCR System (Bio-Rad, Hercules,
CA, USA).

Library preparation and sequencing

For the long-term time-dependent bacterial composition analysis we sequenced the obtained
bacterial DNA from the dried saliva stains of the two individuals (N=14) as well as the
background controls (N=7). Additionally, to assess the performance of the workflow we
sequenced one negative control sample, one smart control (SC) sample for monitoring the
library construction process and potential introduced contamination and one positive control -
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a commercial microbial community DNA standard sample (ZymoBIOMICS™ Microbial
Community DNA Standard, ZymoResearch). Library preparation was performed using the
QlAseq™ 16S/ITS Panel Kit (Qiagen) for sequencing the V4-V5 regions of the 16S rRNA
bacterial gene. Library quality control was performed with the Agilent 2100 Bioanalyzer
(Agilent Technologies, Palo Alto, CA, USA) using a high sensitivity DNA chip following the
manufacturer’s instructions. Library quantification was performed using the KAPA Library
Quantification Kit (Kapa Biosystems, Inc. Wilmington, MA, USA) following the manufacturer’s
instructions on a CFX384 Touch™ Real-Time PCR System (Bio-Rad). Libraries where diluted
down to 2 nM, or to the highest possible concentration in case the library concentration was
<2 nM and pooled together for 2x276 bp paired-end sequencing on a MiSeq platform using
the MiSeq v3 Reagent Kit (Illumina, San Diego, CA, USA).

Long-term time-dependent differential bacterial abundance analysis

We performed differential abundance analysis to identify changes in the relative abundance
of bacterial species over time in the 16S rRNA gene NGS data derived from the long-term
dried saliva stains. Phased primer sequences were removed from the raw sequencing reads
using a custom Python script. Subsequent filtering, de-noising, ASV table construction and
taxonomy annotation was carried out as previously described for the publicly available saliva
microbiome datasets. We chose gneiss (40) for the differential abundance analysis since it
acknowledges the compositional nature of microbiome data. Based on this compositional
nature it is only possible to infer relative, but not absolute, abundance changes with time since
abundance change of one species influences the abundance changes in the other species.
Gneiss was run using the g2-gneiss plugin in QIIME2 (v.2019.10) (41). Input data comprised
of a microbial profile sub-selection of the 15 most abundant and most frequent bacterial
species in saliva as previously identified. First, a bifurcating tree is built relating bacterial
species to each other based on how they co-occur by using Ward’s hierarchical clustering via
the correlation-clustering command. Each balance (internal nodes in the tree) is calculated by
taking the log ratio of geometric means of subtrees via the ilr-transform command. Each
balance is indicated as ‘y’ followed by an ordinal number, being y0 the first balance in the root
of the constructed tree. The taxa on one side of the balance are termed as numerators and
on the other side as denominators. Each log ratio’s numerical value depends on the balance
between the numerator’s and denominator’s taxa, and can be either positive, negative or null.
Differences in the log ratio balances can be compared between sample groups to infer relative
changes in the microbial composition. These log-transformed balances were used to construct
a multivariate response linear model using the time since deposition and the individual ID as
covariates using the ols-regression command where 10-fold cross validation of 10 partitions
showed no overfitting. The regression summary showed the contributions of the covariates to
the abundances of the selected bacterial species. Balances significantly affected by the
covariates were determined with a p value cutoff at 0.05 after Bonferroni correction. These p
values were based on relative, rather than absolute, values resulting from inter-dependent
taxa. Significant balances for time since deposition but not for individual ID were selected as
the most informative for the purpose of this study and used to analyze the informative bacterial
species via qPCR in the short-term dried saliva stains.
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4-plex qPCR assay design and optimization
Based on the differential abundance analysis results in total four bacterial species were
selected for qPCR analysis in the short-term dried saliva stains. The selected species were
Fusobacterium periodonticum, Haemophilus parainfluenzae, Veillonella dispar and Veillonella
parvula. We aimed to design a suitable 4-plex qPCR assay based on TagMan probe
technology that would allow for the simultaneous analysis of all four selected bacterial species
using species-specific primers that target single-copy genes. For F. periodonticum, V. dispar
and V. parvula we chose the beta subunit of RNA polymerase gene (rpoB) as the target gene;
for H. parainfluenzae we chose the translation initiation factor IF-2 gene (infB). A literature
search was conducted to find previously designed suitable primers resulting in the reverse
primers for V. dispar and V. parvula (42). The rest of primer sequences as well as the probe
sequences were manually designed using the PrimerQuest Tool (Integrated DNA
Technologies, IDT, Coralville, 1A, US). The fluorescent dyes labeled to the 5’-end of the probe
sequences were: 6-carboxyfluorescein (6-FAM) for F. periodonticum, cyanine 5 (Cy5) for H.
parainfluenzae, Texas red-615 (TEX-615) for V. dispar, and hexachloro-fluorescein (HEX) for
V. parvula. To test primer pair specificity each pair was compared against the nucleotide
collection database from the National Center for Biotechnology Information (NCBI) using
Primer BLAST. The Autodimer software (43) was also used to assess the potential formation
of primer dimers and hairpins under our experimental conditions. Final primer and probe
sequences are summarized in Supplementary Table S2.

The 4-plex gPCR assay was developed based on the CFX384 Touch™ Real-Time
PCR System (Bio-Rad). The assay was optimized according to various parameters including
annealing temperature and primer/probe concentrations. The optimal oligo concentrations
varied for each bacterial target and were determined as follows (primers/probe): F.
periodonticum (0.7/0.5 uM), H. parainfluenzae (0.6/0.5 pM), V. dispar (0.2/0.05 pM) and V.
parvula (0.9/0.5 pM). Synthetic double stranded DNA fragments (gBlocks, IDT) for each of the
bacterial target gene fragments were used as standard samples (positive controls)
(Supplementary Table S2). Concentrations were converted to copy numbers by using the
formula:

(C) * (M) * (1*10°*® mol/fmol) * (Avogadro’s number) = copy number/uL

where C is the concentration of the gBlock gene fragment in ng/uL and M is the molecular
weight in fmol/ng. gBlocks were mixed in known concentrations ranging from 125,000 down
to 61 copies per each bacterial target gene fragment. The assay was performed in a 20 pL
reaction in triplicate, including 10 pL of iQ Multiplex Powermix (Bio-Rad), 4 pL of each primer
(forward and reverse) and probe mix (5X), 1 pL of 25 uM of MgCl2 (Thermo Fisher Scientific,
Waltham, MA, USA), 0.5 pL of 20 mg/mL of bovine serum albumin (BSA) (New England
Biolabs, Ipswich, MA, USA), 1 uL of bacterial DNA (corresponding to 2 ng) and 3.5 pL of
nuclease-free water. The thermocycling program included an initial denaturation and
polymerase activation step at 95 °C for 3 min, followed by 35 PCR cycles of 95 °C for 10 s
and an extension step of 60 °C for 45 s.

gPCR data analysis

Using our developed and optimized 4-plex qPCR assay we analyzed the short-term dried
saliva stains of 15 individuals. The standard samples with known concentrations per bacterial
target gene fragment (gBlocks) were used to create the best-fitted linearity curve. The
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efficiency of each qPCR assay was calculated from the slope of the serially diluted standard
samples according to the equation (44):
E=10 —(1/s|0pe)_

For each reaction we obtained the quantification cycle (Cq) value, the point at which
fluorescence above the threshold level is detectable. To standardize, the threshold was set to
100 relative fluorescence units (RFU) for all reactions and fragments. The copy number (cn)
for each bacterial target gene fragment was calculated according to the equation:

cn=e®‘q,

Since we target single-copy genes, reported copy numbers can be translated to
bacterial cell counts. Between-plate variation was removed using the Factor-gPCR tool (45)
in the stains produced at the first donation time point and seven months later for six individuals.
We set the qPCR plate ID as the variable causing the variation to be removed, while the
bacterial marker and time since deposition as the variables for which preserve their effects.
Resulting between-plate correction can result in negative count values in some cases.

Short-term time-dependent bacterial analysis

We aimed to investigate the statistical relationship between the time since deposition and the
four selected bacteria cell counts in the short-term dried saliva stains. Since the focus was on
dried saliva stains, fresh (t0) samples were excluded from this analysis. Sample duplicates
collected at each time point for each donor were analysed independently from each other to
assess the magnitude of sample variation. For each analysed stain gPCR triplicates were
considered as separate samples to account for potential reaction variation. Various linear
regression models were built using the Im() function in the Ime4package (v.1.1.20) (46) in R
(v.3.6.1 [2019-07-05]). The linear models were based on the functions below, where C refers
to the bacterial cell count, | to the individual, S to the bacterial species and finally, T to the
time since deposition (in days). Interactions between variables are indicated with an asterisk
(*). The statistical relationship between each bacterial species cell count for each individual
and the time since deposition was calculated based on the function:

Im (C~T).

The statistical relationship between the four species cell count and the time since
deposition, species and their interaction for each individual was calculated based on the
function:

Im (C~T*S).

The statistical relationship between each species cell count and the time since

deposition, individual and their interaction was calculated based on the function:
Im (C~T*I).

Finally, the statistical relationship between the four species cell count and the time
since deposition, species, individual and their interaction was calculated based on the
function:

Im (C~T*S + T*I).

Adjusted R? and p values were evaluated for all the linear models. Sample variation
was assessed by testing for equality between the coefficients in the linear regression models
of each of the sample duplicate sets using the Chow test implemented in the gap R-package
(v.1.2.2) (47). Significant p values were determined with a value cutoff at 0.05 following
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Benjamini-Hochberg (BH) correction. All plots were generated with the ggplot2 R-package
(v.3.3.2) (48).

Time since deposition prediction modelling

We further investigated the possibility to predict the time since deposition in the short-term
dried saliva stains. We once again excluded fresh (t0) samples based on the notion that it is
not feasible to collect a purely fresh saliva sample at a real crime scene. We first attempted a
generalized time since deposition prediction model based on random forest (RF) regression
using the randomForest R-package (v.4.6.14) (49). To evaluate the generalizability of this
approach and to avoid prediction biases, we built a model based on the average detected
microbial DNA cell counts of the four targeted species per time point. We then used data from
all time points from 14 of the analysed individuals as the training set, while keeping all the time
points of the remaining individual as the testing set. By this, the tested individual was not
present in the training set to mimic real-life applications. We repeated this process 15 times
given the 15 individuals in our dataset. The 15 RF models were based on a 5-fold cross-
validation repeated for three times and 500 trees with the four variables (targeted bacterial
species) sampled at each split. NA values were replaced with column medians using the
na.roughfix command. The average performance of the generalized RF models was assessed
using the mean absolute error (MAE) that measures the discrepancies between predicted and
real values according to the formula below:

n
1
MAE =— | —
nz lyi — |
i=1

where n is the total number of data points, yiis the real value and y is the predicted value.
Pearson’s correlation was used to calculate the correlation (r) between real and predicted
values. MAE and r were calculated with the Metrics R-package (v.0.1.4) (50).

For the individualized modelling approach, sample duplicates collected at each time
point for each donor were considered separately; namely, one duplicate was used as the
training sample, while the other was used as the testing sample, mimicking a potential future
forensic scenario of having both references and crime scene samples. As predictors we chose
the bacterial cell counts of the four selected species at each time point. Multiple linear
regression (MLR) models were built using the Im() function in the Ime4 R-package (46) based
on the function below:

Im (T ~C1+ Cz2+ C3+ Ca)
where C refers to each bacterial species cell counts, and T to the time since deposition in
days. Additionally, the follow-up dried saliva stains of the selected six individuals were also
analysed as testing samples. In this case, as time since deposition predictors we did not only
consider the bacterial cell counts for the four selected species but all the possible
combinations of also one, two and three predictor species in order to select the model with
the lowest error for each individual. The donor-specific prediction models were evaluated
based on the adjusted R? and p values, where significant p values were determined with a
value cutoff at 0.05 following Benjamini-Hochberg (BH) correction. The average model
performances were assessed using the mean absolute error (MAE) and Pearson’s correlation
was used to calculate the correlation (r) between real and predicted values. All plots were
generated with the ggplot2 R-package (v.3.3.2) (48). The processed gPCR data used to build

and test the prediction models can be found in Supplementary Data Sheet 1.
109



Chapter 4

@

n=1848

samples o

f \65 rRNA gene m Cand:?a(e

‘ es
NGS data Speci

2individuals 150 pL X Collection days
Ie) - saliva since deposition. 4
~ —. Exposedtolab = 0,1,7,30, 120,160,
ks * environment ™ and 365 day -~ —  candidate
‘, L) A Time-dependent ~ SPEcies
Each collection point abundant

Salivadonation 7 stains per 7 blank 1 stain per individual 16S rRNA species
individual  swabs +1 blank swab amplicon
soquencing
(©) [0

15 individuals — g

et Collection da 5 2 l =)
ys ‘ d
O v o ) Prind
T E: d to lab 02468‘0‘2‘4‘6‘8 7 -
’I‘m‘l\ J * 5§ T = ehvironment ™ 20, 22,24, 26,28, and 30 days o -
)
A Each collection point 4-plex qPCR

°
M/H\ T Saliva donation 32 stains per 16 blank 2 stains per individual analysis
individual swabs (stain 1 train & stain 2 test) C

+ 1 blank swab

individual-specific time since
deposition prediction model

Multiple Linear Regression

D
(0) 6 individuals on Collection days
- since deposmo
i\ N —~ + ——, Exposed to lab — 2.6,10,14,18, 22,26, and 30 days
" s environment Each coflect .
L) ach collection poin
¥ 1 stain per individual (test)
"H\’H\/H\ Saliva donation ~ 8stainsper 8 blank +1 blank swab.
individual swabs
Real time since deposition
(€) Indoor crime
scene investigation
ﬁ TEST Individ 2diction of
=k [ / time since depusq jon — _ crime stain
r— b prediction model deposition time
storage conditions gt I
0
- X gt
Exposed to Collection at -
— —* —  casespecific —— differentdays —* o L=
J ) storage conditions since deposition . e N==
Preparation of reference
Supect Saliva donation  gyinic based on suspected 4plex qPCR

crime time frame analysis

Figure 1. Overview of the study. (A) Identification of the most abundant and frequent bacterial species in saliva from
publicly available 16S rRNA gene next-generation sequencing (NGS) data. (B) Long-term (up to 1 year) time-dependent
differentially abundance analysis in saliva stains from two individuals. The individuals are color-coded; black is female
and orange is male. (C) Short-term (up to 1 month) targeted analysis of species informative for time since deposition of
saliva stains from 15 individuals and (D) from six individuals re-sampled seven months later. (E) Hypothesized
individualized solution to saliva trace timing as viewed in our dataset.

RESULTS

Selection of most abundant and most frequent bacterial species in human saliva from
large 16S rRNA gene sequencing data

Publicly available 16S rRNA gene NGS data from 1,848 human saliva samples were analysed
to identify the most abundant and most frequent bacterial species across the studies they
were retrieved from (34, 35). A total of 10,326,403 sequencing reads were retrieved from the
ACS CPS-II/PLCO study and 31,046,365 sequencing reads from the AGP study. In the ACS
CPS-II/PLCO study, 218 bacterial species from 35 families were identified, while in the AGP
study 471 bacterial species from 88 families were found. We then selected the top 15 most
abundant and most frequent bacterial species from a total of 10 families that were common
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across these studies, namely Actinomyces sp. HMT 180, Fusobacterium periodonticum,
Granulicatella adiacens, Haemophilus parainfluenzae, Leptotrichia sp. HMT 417,
Porphyromonas pasteri, Prevotella melaninogenica, Prevotella salivae, Prevotella veroralis,
Rothia mucilaginosa, Streptococcus oralis subs. dentisani clade 058, Streptococcus
parasanguinis clade 411, Streptococcus salivarus, Veillonella dispar and Veillonella parvula
(Figure 2A). These 15 identified common species accounted for 66.0% (6,817,142) of the
sequencing reads in the ACS CPS-II/PLCO study and 55.1% (17,095,402) of the sequencing
reads in the AGP study. In the ACS CPS-II/PLCO study, S. oralis subs. dentisani clade 058
was the most abundant species accounting for 24.9% (2,567,719) of the reads, whereas L.
sp. HMT 417 was the least abundant accounting for 0.59% (61,475) of the reads. In the AGP
study, R. mucilaginosa was the most abundant species accounting for 10.7% (3,305,923) of
the reads, whereas P. salivae was the least abundant accounting for 0.47% (146,083) of the
reads. Overall, these 15 common species were similar in abundance across the analysed
studies, with the exception of S. oralis subs. dentisani clade 058 which was markedly more
abundant in the ACS CPS-II/PLCO than in the AGP study (24.9% vs. 9.1% of total reads) and
R. mucilaginosa which was more abundant in the AGP than in the ACS CPS-II/PLCO study
(10.6% vs. 5.4% of total reads). The most frequent species was S. oralis subs. dentisani clade
058 present in 97.0% (948) of the ACS CPS-II/PLCO study’s individuals and in 95.2% (829)
of the AGP study’s individuals. The less frequent species in the ACS CPS-1I/PLCO study was
L. sp. HMT 417 present in 46.2% (451) of the individuals, whereas in the AGP study it was P.
veroralis present in 33.9% (295) of the individuals.

Selection of bacterial species with time-dependent relative abundance in long-term
dried saliva stains using de novo 16S rRNA gene sequencing

Dried saliva stains produced from two individuals and exposed to indoor conditions for
different time periods up to 1 year were analysed. The obtained 16S rRNA microbial profiles
were clearly distinct from the background blanks (empty swabs) for each time point, indicating
a low level of bacterial contamination (Supplementary Figure S1). We then extracted the data
of the 15 most abundant and most frequent bacterial species identified in our previous in silico
analysis (Figure 2A) to identify for which species their relative abundance significantly
changed over time. The fit of the overall multivariate response linear model was R?=0.21, with
the time since deposition accounting for 7% and the individual person accounting for 15% of
the bacterial variation.

A total of 13 log ratio balances (from y0 to y12) were generated as internal nodes in
the built tree. Log ratio balances y4 (p=0.008), y5 (p=0.004) and y7 (p=0.022) were
significantly different for the time since deposition (Table 1). Balance y4 was composed of A.
sp. HMT 180, S. oralis subsp. dentisani clade 058, S. parasanguinis clade 411, P. pasteri, P.
melaninogenica and P. veroralis as numerator's taxa; and F. periodonticum, P.
melaninogenica, V. dispar and V. parvula as denominator’s taxa. Balance y5 was composed
of F. periodonticum, H. parainfluenzae and V. dispar as numerator’s taxa; and V. parvula as
denominator’s taxa. Balance y7 was composed of F. periodonticum and H. parainfluenzae as
numerator’s taxa; and V. dispar as denominator’s taxa. It has to be noted that balance y7 is a
subdivision of balance y5 numerator (Table 1). An overview of the generated log ratio
balances, intercept and p values for the time since deposition and individual person can be
found in Supplementary Table S3.
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Table 1. Significant log ratio balances for time since deposition in the differential abundance analysis. The top 15 most
abundant and frequent bacterial species in human saliva were sub-selected from the de novo generated 16S rRNA gene
NGS data obtained from the long-term dried saliva stains. Each balance is composed of the numerator’s bacterial taxa
and the denominator’s bacterial taxa.

Balance |[Bacterial species p value; Time since deposition [p value; Individual person

. sp. HMT 180

. oralis subsp. dentisani clade 058
parasangunis clade 411

pasteri

. melaningenica

veroralis 0.008 0.390

y4numeralor

ToIO0O» >

. periodonticum
. melaningenica
. dispar

parvula

y4denominator

<< Tm

F. periodonticum
Y5numerator ~ |H. parainfluenzae
V. dispar 0.004 0.911

Y5denominator |V. parvula

F. periodonticum
H. parainfluenzae

y7numeralor

0.022 0.022

Y7 denominator |V. dispar

For the purpose of this study we sub-selected the log ratio balance y5 as our reference
because of its strongest significant time dependency (p=0.004) in both individuals. We
preferred y5 over its subdivision y7 since balances toward the root of the tree capture more
information as they contain more tree tips. Furthermore, three of the four bacterial species in
y5 were also present in y4, which also showed strong significant time dependency (p=0.008),
albeit less strong than y5 (Table 1). For both individuals there was a similar pattern in the log
ratio evolution of balance y5 through time since saliva stain deposition, though the rate of
change was individual-specific (Figure 2B). From 7 to 365 days, the general trend was the
increase of the log ratios’ values for both individuals. Looking at the relative abundances of
the four species from balance y5 at day 7 and day 365 since deposition we observed that for
H. parainfluenzae relative abundance increased in both individuals, for V. dispar and V.
parvula relative abundances decreased in both individuals and for F. periodonticum relative
abundance increased in individual 1, whereas it slightly decreased in individual 2 (Figure 2C).
Based on these results, the four species composing balance y5 were selected for developing
a 4-plex gPCR assay for their targeted analysis in the short-term dried saliva stains. Parallel
to the NGS analysis, the relative abundance of the four selected species in the background
(blank) swabs was very low (£1%) on average (meanzstandard deviation), as follows: F.
periodonticum (0.008+0.010), H. parainfluenzae (0.010+0.009), V. dispar (0.005+0.006) and
V. parvula (0.006+0.009).
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Figure 2. (A) Relative abundances of the 15 most abundant and frequent bacterial species in human saliva from adults
across the analysed publicly available 16S rRNA gene NGS datasets (N=1,848). Highlighted in red are the four bacterial
species subsequently included in the 4-plex gPCR assay. (B) Log ratio balance y5 significantly different for the time
since deposition in the de novo generated 16S rRNA gene NGS data from the long-term (up to 1 year) dried saliva stains.
Time since deposition days (x-axis) were log-transformed to facilitate the visualization of the earliest time points. Each
dot represents a long-term dried saliva stain with its corresponding time since deposition. (C) Relative abundances of
the four bacterial species from balance y5 (Fusobacterium periodonticum, Haemophilus parainfluenzae, Veillonella
dispar and Veillonella parvula) in the long-term (up to 1 year) dried saliva stains at day 7 and day 365 since stain
deposition for both analysed individuals.
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Relationship between bacterial abundance and time since deposition in short-term
dried saliva stains using multiplex gPCR

Dried saliva stains from 15 individuals up to 1 month since deposition were analysed using
our developed 4-plex gPCR assay. Parallel to the gPCR analysis, no signal above the set
threshold was reported in the background (blank) swabs for any of the four bacterial markers
and time point. The qPCR results obtained from the fresh (t0) samples confirmed that the four
selected bacterial species were abundant and frequent in the saliva of all 15 individuals,
although we observed high inter-individual variation within and between species. For each of
the four species, the average and standard deviation (mean+SD) as well as the minimum and
maximum value (range) of gPCR-derived cell counts in 1 pL of isolated bacterial DNA solution
(equivalent to 2 ng of total bacterial DNA) were as follows: F. periodonticum (23,386+24,598;
range 2,698-105,567), H. parainfluenzae (83,854 + 80,412; range 13,167-331,667), V. dispar
(20,071+27,406; range 399-91,937) and V. parvula (9,825+21,354; range 309-92,347). A
figure of the bacterial cell count distribution in fresh saliva samples for each of the four species
can be found in Supplementary Figure S2.

We first investigated the time dependency of each of the four species in each individual
in the dried saliva stains ranging from 2 days (t1) up to 30 days (t15) since deposition. The
Chow test for equality showed no significant differences in the great majority of the compared
time point swab duplicates’ regressions. Exceptions were the univariate linear regressions for
F. periodonticum in individual 2 (p=0.010), individual 7 (p = 0.005) and individual 15 (p = 0.020)
and for H. parainfluenzae in individual 6 (p=0.020). We observed high inter-individual
differences in terms of the amount of variation explained by time for each species’ cell count
(Figures 3, 4, 5, 6). For example, in individual 5 the variation explained for F. periodonticum
cell count was high in both duplicates (R?=0.663, p=1.06E-10 in duplicate 1; and R?=0.522,
p=6.92E-08 in duplicate 2) (Figure 3). However, the variation explained for V. parvula was
much lower, even close to zero (R?=0.001, p=0.374 in duplicate 1; and R?=0.062, p=0.092 in
duplicate 2) (Figure 6). The univariate regression results including R? values, BH-corrected p
values and significance testing can be found in Supplementary Table S4.

For F. periodonticum, the qPCR-derived cell count increased over time for most
individuals except individual 11, although at different rates in the different individuals. The
average and standard deviation fold-change between day 2 (t1) and day 30 (t15) was 2.0+0.6,
range 1.1-3.3. The highest time-dependent bacterial increase was reported for individual 2
(R?=0.825, p=2.59E-14, sample duplicate 1) (Figure 3). For H. parainfluenzae, the time-
dependent behavior varied in an individual-specific manner meaning either increasing
(individuals 1, 4, 5, 6, 7, 10, 13, 14), decreasing (individuals 9, 11) or barely changing
(individuals 2, 3, 8, 12, 15) (Figure 4). For V. dispar, the cell count increased with time in the
majority of the individuals at different rates except individual 11. The average and standard
deviation fold-change between day 2 (t1) and day 30 (t15) was 1.7+1.1, range 1.1-7.0. The
highest time-dependent bacterial increase was reported for individual 14 (R?=0.623, p=8.70E-
10, sample duplicate 1) (Figure 5). Lastly, for V. parvula, cell count increased with time for
some individuals (individuals 1, 2, 4, 7, 10, 13, 14), whereas for others it decreased
(individuals 11, 12, 15) or barely changed (individuals 3, 5, 6, 9) (Figure 6).
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Figure 3. Time-dependency of gPCR-based Fusobacterium periodonticum cell count for each individual in the short-
term (up to 1 month) dried saliva stains from 15 individuals. Sample duplicate set 1 is indicated in gray and sample
duplicate set 2 in orange. Each dot represents a gPCR-run sample triplicate. R? values indicate the variation explained
by the time since deposition in the bacterial cell count. Asterisks indicate the significance level of the Benjamini-Hochberg
corrected p values as follows: 0.001 ***, 0.01 ** and 0.05 *.
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Figure 4. Time-dependency of gPCR-based Haemophilus parainfluenzae cell count for each individual in the short-term
(up to 1 month) dried saliva stains from 15 individuals. Sample duplicate set 1 is indicated in gray and sample duplicate
set 2 in orange. Each dot represents a qPCR-run sample triplicate. R? values indicate the variation explained by the time
since deposition in the bacterial cell count. Asterisks indicate the significance level of the Benjamini-Hochberg corrected
p values as follows: 0.001 ***, 0.01 ** and 0.05 *.
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Figure 5. Time-dependency of gPCR-derived Veillonella dispar cell count for each individual in the short-term (up to 1
month) dried saliva stains from 15 individuals. Sample duplicate set 1 is indicated in gray and sample duplicate set 2 in
orange. Each dot represents a gPCR-run sample triplicate. R? values indicate the variation explained by the time since
deposition in the bacterial cell count. Asterisks indicate the significance level of the Benjamini-Hochberg corrected p
values as follows: 0.001 ***, 0.01 ** and 0.05 *.
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Figure 6. Time-dependency of gPCR-derived Veillonella parvula cell count for each individual in the short-term (up to 1
month) dried saliva stains from 15 individuals. Sample duplicate set 1 is indicated in gray and sample duplicate set 2 in
orange. Each dot represents a gPCR-run sample triplicate. R? values indicate the variation explained by the time since
deposition in the bacterial cell count. Asterisks indicate the significance level of the Benjamini-Hochberg corrected p
values as follows: 0.001 ***, 0.01 ** and 0.05 *.
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We next investigated the time dependency of the four bacterial species altogether in
each individual (Table 2). The variation explained by time in the four species cell count varied
among individuals but it was very high in the majority of them with R? values ranging between
0.865 and 0.979 (p=<2.20E-16). The individual with the highest variation explained on
average was individual 5 (R?=0.964 in sample duplicate 1, R?=0.979 in sample duplicate 2,
p=<2.20E-16). The individual with the lowest variation explained on average was individual 8
(R?=0.874 in duplicate 1, R?=0.908 in duplicate 2, p=<2.20E-16). We also investigated the
time dependency of each bacterial species considering the 15 individuals altogether (Table
2). The variation explained by time for each of the four bacterial species cell count in all
individuals together was very high and significant. The strongest time dependency variation
on average (R? in duplicate 1, R? in duplicate 2, p value) was observed for V. parvula
(R?=0.969, R?=0.948, p=<2.20E-16), followed by H. parainfluenzae (R?>=0.964, R?=0.920,
p=<2.20E-16), V. dispar (R?=0.959, R?=0.906, p=<2.20E-16) and finally, F. periodonticum
(R?=0.941, R?=0.889, p=<2.20E-16). Finally, we investigated the time dependency of the four
bacterial species together in the 15 individuals altogether (Table 2) resulting in a significant
variation explained in the dataset of R?=0.544 in duplicate 1 and R?=0.548 in duplicate 2,
p=<2.20E-16.

Table 2. Time-dependency of the bacterial marker cell counts in the dried saliva stains exposed to indoor conditions up
to 1 month for sample duplicate sets 1 and 2. Im(C~T*S): time-dependency of the four selected bacterial species
altogether in each individual, Im(C~T*I): time-dependency of each selected bacterial species considering the 15
individuals altogether and Im(C~T*l + T*S): time-dependency of the four selected bacterial species and 15 individuals
altogether. R? values indicate the variation explained by the time since stain deposition in the gPCR-derived bacterial
cell counts. Asterisks indicate the significance level of the Benjamini-Hochberg corrected p values as follows: 0.001 ***,
0.01 ** and 0.05 *.

Sample duplicate 1 Sample duplicate 2
Linear regression analysis R? p value R? p value
Individual 1 0.922 0.865
Individual 2 0.952 0.948
Individual 3 0.940 0.907
Individual 4 0.955 0.966
Individual 5 0.964 0.979
Individual 6 0.968 0.962
Individual 7 0.973 0.966
Individual 8 0.874 0.908
Im(C~T"S) Individual 9 0.065 | <22E-16™" 7546 | <22E16™"
Individual 10 0.953 0.950
Individual 11 0.912 0.927
Individual 12 0.936 0.946
Individual 13 0.968 0.937
Individual 14 0.959 0.905
Individual 15 0.968 0.902
F. periodonticum 0.941 0.889
Im(C~T*1) H. parainfluenzae 0.964 0.920
V. dispar 0.959 0.906
V. parvula 0.969 0.948
Im(C~T*1 + T*S) Overall 0.546 0.551
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Estimating the time since deposition of dried human saliva stains based on bacterial
DNA

We finally investigated the possibility to estimate the time since deposition of the dried saliva
stains exposed to indoor short-term conditions up to 1 month using a generalized RF
regression model. The correlation between real and predicted time since deposition values
was very low (r=0.11) (Supplementary Figure S3) and the average MAE was 8 days. The real
and predicted times since deposition for each individual are summarized in Supplementary
Table S5. From these predicted values it is clear that the generalized approach is unable to
discriminate between early and late times since deposition in the analysed interval of 1 month.
This is clear, for instance, in individual 4 for whom all times since deposition are predicted as
either 20 or 21 days and individual 7 for whom all times since deposition were predicted as
16, 17 or 18 days (Supplementary Table S5). Hence, the time-dependent variation in the four
targeted bacterial species was surpassed by the high inter-individual variation in our dataset.
The high inter-individual variation can be clearly observed using principal component analysis
(PCA) (Figure 7) where the saliva stains cluster based on the individual. Hence, because of
the high inter-individual variation we observed, also as described in section 3.3, which limited
the implementation of a generalized model in our dataset, we built individual-specific models.

g
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Figure 7. Two-dimensional plot from principal component analysis (PCA) of the short-term dried saliva stains from 15
individuals. Projection of the counts of our four targeted species in the first two PCs together explain 97.7 % of the total
variation. The stains cluster based on the individual which highlights the high inter-individual variation in the dataset.

With this individual-specific modelling approach, we presented an individualized
solution to saliva trace timing in our dataset where the model training and testing data are
obtained from the individual's reference saliva stored under the same environmental
conditions for a specific time period (Figure 1E). We hypothesize that for certain indoor crimes,
where environmental conditions are rather stable, various parameters (temperature, humidity,
etc.) could be measured at the crime scene when the stain is collected and applied to the

reference saliva stains used to generate the model underlying data with flexibility on the time
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window. Consequently, in our experiments we applied the same environmental parameters to
saliva samples stored up to 1 month that we used for model training and for model testing.
The R? and BH-corrected p values of each individual-specific model can be found in
Supplementary Table S6. Overall, the average model fit was R?=0.752. The best model fit
was obtained for individual 11 (R?=0.921, p=4.80E-05), whereas for individual 1 the model
barely fit (R>=0.178, p=0.233).

Considering the testing stains of all 15 individuals, the average correlation between the
true and predicted time since deposition was r=0.742, while the average MAE was 5 days
(16.7% of the analysed time frame of 1 month). The model for individual 8 presented the
lowest MAE of 3.3 days with a correlation between real and predicted values of r=0.905
(Figure 8). The model for individual 14 presented the highest MAE of 7.8 days with a
correlation between real and predicted values of r=0.235 (Figure 8). The real and predicted
times since deposition for each individual are summarized in Supplementary Table S5. We
further investigated errors in the time since deposition prediction in the individual-specific
approach (Supplementary Figure S4). There was no clear pattern relating certain individuals
or time points with lower errors. The time since deposition of eleven stains (5.0%) was
correctly predicted with zero days error. In the rest of the predictions, there was a similar
distribution in the stains in which time since deposition was underestimated (113 stains,
50.9%) or overestimated (98 stains, 44.1%). In 81.5% of the cases (181 stains) the error of
the predicted time since deposition fell within 1 week (up to +/- 7 days error). From those,
more than half of the samples fell within three days (+/- 3 days error). More precisely, 16.7%
(37 stains) were predicted with +/- 1 day, 17% (38 stains) with +/- 2 days and 9% (20 stains)
with +/- 3 days error.

Additionally, we estimated the time since deposition of short-term dried saliva stains
from six individuals that we collected and exposed to indoor conditions seven months after
the first collection time point. Considering the tested stains of all six individuals, the average
MAE was 8.8 days (29.3% of the analysed time frame of 1 month). The one-variable predictor
model for individual 1 presented the lowest MAE of 3.9 days. The four-variable predictor model
for individual 2 presented the highest MAE of 16.9 days. The MAE values of all the individual-
specific models of one, two, three and four species as predictors for time since deposition can
be found in Supplementary Table S7.
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Figure 8. Individual-specific model performance for the prediction of the time since deposition of saliva stains using data
of the short-term (up to 1 month) stored saliva stains based on four bacterial species from 15 individuals. Data from
sample duplicates 2 were used for model testing while data from sample duplicates 1 were used for model building. The
mean absolute error (MAE) measures the discrepancies between the real and the predicted time since deposition values.
The correlation between real and predicted values is indicated with r.
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DISCUSSION

Knowledge on the time when a human biological stain was left at a crime scene — also known
as time since deposition — can be of great forensic value in assessing alibis of known suspects,
searching for suspects, selecting the stains with the highest informative value for further
analysis, helping in missing person cases when the time gone missing is unknown and in
estimating PMI in scenes involving a corpse or parts thereof. In this study, we evaluated for
the first time a microbial DNA-based approach for estimating the time since deposition of dried
saliva stains exposed to indoor conditions.

First, we identified the most abundant and most frequent bacterial species in human
saliva samples from two publicly available 16S rRNA gene sequencing datasets (34, 35). On
the one hand, we looked for abundant species to ensure their detection in forensic-type saliva
samples, which are often as small as a few microliters (uL) in volume. On the other hand, we
also looked for frequent species, meaning that they are more likely to be present in the general
population; hence, in the great majority of saliva stains found at crime scenes. For our final
choice, we focused on species that are both abundant and frequent at the same time since
taxa ‘exclusive’ to an individual often account for a significant percentage of an individual's
microbiome profile (27-29, 51-55). The top 15 bacterial species identified as both most
abundant and most frequent in our samples belonged to genera previously reported to be
predominant taxa in saliva and part of the so-called ‘core’ oral microbiome (27-29, 51-55). Our
observations agreed with these previous studies, reporting that the saliva microbiome is
dominated by just a few taxa, while most of the taxa detected per individual are rare.

Secondly, we analysed microbiome profiles of dried saliva stains exposed to our
laboratory environment long-term (up to 1 year) and focused our time-dependent analysis on
the previously selected 15 most abundant and frequent bacterial species. Based on differential
abundance analysis, we identified four species the abundance of which significantly changed
over time since deposition: Fusobacterium periodonticum, Haemophilus parainfluenzae,
Veillonella dispar and Veillonella parvula. It is noted that three of the species are obligate
anaerobes (F. periodonticum, V. dispar, V. parvula), while the fourth one is a facultative
anaerobe (H. parainfluenzae). Theoretically, obligate anaerobes might be depleted upon
exposure to an oxygen-rich environment such as our laboratory, as a previously study also
reported this for the case of Veillonella genus (32). We hypothesize that the selected bacterial
species co-aggregate ex vivo with other saliva microbes forming biofilms and having access
to nutrients and molecules for survival and protection. The removal of oxygen by aerobic and
facultative anaerobes could create ‘pockets’ of anoxia that support the growth of obligate
anaerobes, similarly to what happens in the human dental plaque both in vivo (56) and ex vivo
(57).

Also, obligate anaerobic organisms can metabolize oxygen and produce protective
enzymes in response to oxidative stress (58, 59). Additionally, the bacterial ex vivo co-
aggregates could be advantageous for a more efficient utilization of nutrients and molecules
found in saliva, as previously reported (60-62). The method we employed reported only
relative abundance changes of the four species over time, though different scenarios could
explain the direction of these changes. For example, the increase in the selected reference
log ratio balance from 7 to 365 days since deposition could be explained by one of the
following five scenarios of absolute abundance changes: i) the numerator’s taxa increased on
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average; ii) the denominator’s taxa decreased on average; iii) a combination of the previous
two happened; iv) both the numerator's and denominator's taxa increased, but the
numerator’s taxa increased more compared to the denominator’s taxa; v) the numerator’s and
denominator’s taxa both decreased, but the denominator’s taxa decreased more compared to
the numerator’s taxa.

In line with our findings, other published studies have also indicated time-dependent
microbiome changes in dried saliva samples exposed to indoor conditions. Though not the
main aim of their study, Salzmann et al. (32) analysed the microbial communities in both fresh
and dried saliva samples exposed to their laboratory environment for both five and nine
months. Via differential abundance analysis using DESeq2 (63) they showed that four
facultative and obligate anaerobic bacteria were significantly depleted upon exposure to
indoor conditions: Actinomyces, Staphylococcus, Veillonella and an unclassified genus from
the Leptotrichiaceae family. However, no definitive conclusions could be drawn due to the
small sample size in the study (n=4, two fresh and two dried saliva stains). Moreover, the
analysis employed for the differential abundance testing (DESeq2 (63)) was originally
developed for RNA-Seq data and requires further development for general use on microbiome
data (64). While the authors did not report their results at the species level, looking at the
genus level two of the four bacterial species we selected as time-dependent markers belong
to the genus Veillonella and one of the 15 species identified as most abundant and most
frequent belong to the Actinomyces genus and another to the Leptotrichiaceae family.

We are aware of the limitation that only two individuals were studied in the differential
abundance analysis of the long-term dried saliva stains. This was mainly due to technical and
financial restrictions of our NGS analysis, but we consider it sufficient for a proof of principle
study. In the future, analysis of more individuals for targeted time periods will add on our
results and perhaps reveal additional promising biomarkers. Also, in our study we only
analysed the four most promising bacterial species via a targeted analysis. However, based
on the promising reported follow-up results, future work could focus on the analysis of all the
top 15 most abundant and frequent species as identified from the publicly available adult
human saliva 16S gene NGS datasets. It could be expected that the other eleven bacterial
species similarly participate in an ex vivo microbial consortium (65). Hence, potential time-
dependent changes in their abundance might additionally serve as powerful estimators of the
time since deposition of saliva stains.

Based on the four differentially abundant and frequent bacterial species, we developed
a 4-plex gPCR assay to test the forensic applicability in dried saliva stains exposed to indoor
short-term conditions up to 1 month. A prerequisite for applying such gPCR assay in a stain
would be to confirm its body fluid source being saliva. For this, it is possible to apply another
microbiome-based approach for the conclusive identification of saliva stains, as we recently
showed in a previous study (19). The four species targeted with the 4-plex gPCR assay were
detected in the fresh saliva (t0) of all 15 analysed individuals, confirming that they are
abundant and frequent enough for forensic use. Interestingly, the qPCR-reported cell counts
of our four targeted bacterial species increased with time since deposition for the majority of
the analysed individuals. However, high inter-individual differences were observed in the
variation explained by time in the species abundance. Nevertheless, there was no clear
relationship between a higher explained variation and initial species abundance (t0). We are
not very surprised by this, as this variation between individuals could be explained by bacterial
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interactions. For example, other bacteria taxa present in the sample might have interacted
with our targeted species in different ways (i.e. mutualism, syntrophism, commensalism,
proto-cooperation, antagonism, competition, parasitism, predation). Also, the presence and
abundance of certain nutrients and molecules in the saliva at the time since deposition could
favour or impair some of these interactions. Finally, while qPCR is a well-established and
suitable method for the purpose of this study, it will be possible to transfer the protocol to
newer, more sensitive methods, such as digital droplet PCR (ddPCR), in the future.

For estimating the time since deposition of our saliva stains, we first built a generalized
prediction model. By this, we attempted to estimate the time when an ‘unknown’ test stain was
deposited based on a previously established model. However, the high inter-individual
variation in our dataset limited the possibility of implementing such a model. Though time-
dependent changes in the four targeted bacteria occurred in the short-term dried saliva stains
(up to 1 month) from all the 15 analysed individuals, the magnitude and evolution through time
of those changes were very specific to each individual. As a result, the estimation of the time
since deposition of an individual’s stains based on a model trained with stains from other
individuals was not feasible with our dataset. In order to further explore the possibility of a
generalized model, future studies might employ a much bigger sample size; not only regarding
the number of individuals but also regarding the tested environmental conditions. This could
allow to better understand whether a broad range of inter-individual and different
environmental effects can be captured during model building. These effects, together with the
bacterial-based time-dependent information, might result in a generalized model being
applicable to unknown stains originated from any random individual in the population and
exposed to different environmental conditions.

Based on the limitation of applying a generalized model in our dataset, we decided to
build individual-specific models to predict the time since deposition of these short-term dried
saliva stains. For each individual, we employed the first sample duplicate set for model training
and the second for model testing. With this, we aimed to mimic forensic investigations with
our dataset, where the estimation of the time since deposition of one or various stains is
possible based on a model built from a reference set of dried saliva stains from the same
individual exposed to adequate storage conditions and time frames (e.g. indoor storage
conditions for a particular period of time) (Figure 1E). We acknowledge that different factors
might affect the model building and accuracy; particularly, the environment the stain is
exposed to; i.e. temperature, relative humidity, ambient light, availability of nutrients and
molecules, the template bacterial community present in the stain at the time of deposition
(which seems to be affected by individual characteristics) and the time since deposition itself.
All these factors are expected to influence the time-dependent changes in the bacterial
biomarkers, which could be accounted for by an individualized solution as we do in our dataset
in more dedicated future studies. The reported mean absolute error (MAE) values in these
individual-specific models further highlighted the observed inter-individual differences, ranging
from 3.3 to 7.8 days (average of 5 days). In contrast to RNA-based studies, we did not observe
increased prediction errors with increased storage times. There is only one published RNA-
based study so far on time since deposition estimation of dried saliva stains we can compare
our results with (2). That study reported a slightly lower MAE value than ours (3.5 vs. 5 days);
however, sample size was much larger in our study (222 samples from 15 different individuals
vs. 5 samples). A different study analysing dried blood stains reported a time estimation error
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of 2-4 weeks for stains exposed less than six months, which we improved in our study for
dried saliva stains (6).

We observed an increase in the MAE values in the short-term dried saliva stains
collected seven months later, ranging from 3.9 to 16.9 days (average of 8.8 days) compared
to a range of 3.3 to 7.8 days (average of 5 days) from the first sample collection. In the same
way that different environmental factors can affect PMI of human cadavers (11, 66), the time
since deposition estimation of dried body fluid stains could be affected by variations in the
exposure conditions. We hypothesize that one factor affecting our predictions might be the
season, since the first round of stains were collected and exposed during spring and the
second round during autumn with the consequent differences in average temperatures
(slightly lower in autumn) and daylight duration (8 vs.11 hours), even in indoor conditions
(since stains were placed four meters away from a window). It could also happen that the in
vivo abundance of some or the four selected bacterial species varied between the two saliva
collection time points, seven months apart from each other, which could happen due to
changes in an individual's health status or lifestyle habits affecting the subsequent time-
dependent bacterial abundance changes in the prepared stains. However, given the more
extensive previous datasets demonstrating time-wise microbiome stability in saliva in vivo (28-
31) and the absence of available information on potential changes in our volunteers’ health
status and lifestyle habits, our preliminary data need to be considered with care and larger
data evidence needs to be established in the future.

More dedicated future research might focus on increasing the reliability of the
individual-specific prediction models for example, by increasing the model training sample
size. For instance, instead of preparing and collecting dried stains every two days, shorter
time frames could be analysed (i.e. daily or every a few hours), which may better reflect the
rapid division rates of bacterial cells when the conditions are favourable. A bigger training set
would also mean the possibility of investigating more complex prediction models that can
capture other time-dependent changes than linear. Additionally, DNA-based analysis can be
reliable in time-dependent bacterial ‘growing’ patterns but might present limitations in
‘decaying’ patterns since living and dead cells cannot be distinguished. An alternative could
be bacterial RNA-based analysis in which only the live bacterial fraction is analysed or a
combined approach of bacterial DNA/RNA analysis. Before our proposed approach is
considered for future forensic applications various forensic developmental and
implementation criteria will need to be met. For instance, future research should deal with the
suitability of the approach under different scenarios, such as sample volume and sample
substrate (e.g. cigarette butts, chewing gums, food utensils, fabrics) as well as environmental
factors (e.g. average temperature, percentage of air humidity, ambient daylight hours).

CONCLUSION

To summarize, this research shows from a forensic standpoint and to the best of our
knowledge, the first time using commensal human bacteria absolute abundance changes to
estimate the time since deposition of dried saliva stains. We focused on abundant and
frequent commensal bacterial species of the saliva of human adults, aiming for applications
in forensic-type saliva stains from the general population. We observed that, though high inter-
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individual variation was found, the four selected bacterial species present a high and
significant correlation between their abundance in saliva stains and the time since deposition
of saliva stains. We present an individual-specific solution on estimating stain time since
deposition in our dataset. We hypothesize that this might be forensically feasible when a saliva
reference sample is used to produce the prediction model underlying data. This would be
based on samples stored for different time intervals under specific environmental conditions
that resemble those to which the crime scene stain was exposed, such as in cases of indoor
crimes, though more dedicated future research is needed to confirm our hypothesis. While we
consider 1 month as a forensically realistic time frame between stain deposition at a crime
scene and reference sample collection from potential suspects for the majority of forensic
cases, shorter or longer time spans could be studied in more detail to analyse the extended
potential forensic utility of our approach. Our proof-of-principle study suggests that like in other
forensic applications, the human microbiota offers high promises on the future forensic
application of our findings for estimating the time since deposition of a saliva stain at a crime
scene. In the future this novel approach may be expanded to other forensically relevant human
stains containing microbial DNA. Before such microbiome-based stain timing can be further
considered for practical forensic applications, further microbiome research is needed to better
understand and model all the factors contributing to the bacterial time-dependent changes.
Additionally, various forensic developmental and forensic implementation criteria will need to
be met via future more dedicated studies.
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SUPPLEMENTARY MATERIALS

Supplementary Table S1. Information on sex, age, ethnicity and sample collection of saliva donors. Asterisks (*) indicate
that the individual is the same with a time span of two years between the two saliva donation time points.

Saliva samples | Individual | Sex Age Ethnicity Second saliva donation 7
ID (years) months after first
donation time point
Long-term £ F 2 Wh?te
2 M 21 White
1 M 32 Admixed (Black-White) | X
2* F 29 White X
3 F 25 White X
4 M 31 Hispanic X
5 M 25 Asian
6 F 28 White
7 F 27 White
Short-term 8 M 25 White X
9 F 33 White X
10 F 23 White
11 F 26 White
12 F 25 White
13 F 24 White
14 F 23 White
15 F 25 White
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Supplementary Table S2. Primers, probes and gBlocks used in the 4-plex qPCR approach to analyse the short-term
dried saliva stains. In the gBlocks, forward and reverse primer sequences are highlighted in red and probe sequences
are highlighted in blue. Asterisks (*) at the 5'-end of the gBlocks indicate that additional nucleotides had to be added to

the sequence for successful production as required by Integrated DNA Technologies (IDT, Coralville, 1A, US).
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Supplementary Table S3. Log ratio balances, intercept and coefficient FDR p values for time since deposition and
individual person in the multivariate linear model using gneiss analysis in the long-term dried saliva stains exposed to
indoor conditions for up to 1 year. Balances significantly affected by the covariates time since deposition and individual
person were determined with a p value cutoff at 0.05. Log ratio balances significant for time since deposition are

highlighted in gray.

It_)g%r:ggs Intercept p value; Time since deposition | p value; Individual person [T.individual-2]
y0 0.005 0.558 0.387
yl 0.138 0.475 0.018
y2 0.248 0.414 0.294
y3 0.462 0.462 0.462
y4 0.690 0.008 0.390
y5 0.911 0.004 0.911
y6 0.645 0.645 0.008
y7 0.001 0.022 0.022
y8 0.000 0.397 0.078
y9 0.836 0.958 0.836
y10 0.040 0.316 0.891
yl1l 0.000 0.416 0.718
yl12 0.628 0.766 0.142
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Supplementary Table S4. Univariate linear regression results for each of the four species cell count and the time since

deposition (Im(C~T)) for each individual and sample duplicate set. Results include adjusted R? values, Benjamini-

Hochberg (BH) corrected p values and significance testing. Significance codes: 0.001 ***, 0.01 ** and 0.05 *.
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Supplementary Table S5. Real and predicted time since deposition values (in days) in the short-term dried saliva stains
for each individual based on the generalized random forest (RF) approach and the individualized multiple linear
regression (MLR) approach.

Predicted time since
deposition (days)
Individual Real time since | Generalized Individualized
deposition approach approach
(days) (RF) (MLR)

1 2 9 10
1 4 11 6
1 6 15 9
1 8 22 13
1 10 21 12
1 12 21 18
1 14 19 32
1 16 18 8
1 18 11 1
1 20 20 15
1 22 20 25
1 24 20 22
1 26 19 13
1 28 18 39
2 2 13 7
2 4 10 11
2 6 9 10
2 8 11 10
2 10 11 10
2 12 11 10
2 14 11 13
2 16 11 21
2 18 12 16
2 20 13 16
2 22 11 20
2 24 11 22
2 26 11 24
2 28 11 22
2 30 11 23
3 2 19 1
3 4 11 5
3 6 13 18
3 8 13 13
3 10 14 30
3 12 12 23
3 14 13 13
3 16 17 20
3 18 13 15
3 20 14 19
3 22 14 22
3 24 13 20
3 26 15 26
3 28 19 16
3 30 16 29
4 2 21 1
4 4 20 6
4 6 20 5
4 8 21 12
4 10 20 9
4 12 20 19
4 14 20 11
4 16 20 15
4 18 20 11
4 20 20 15
4 22 20 24
4 24 20 17
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4 26 20 22
4 28 20 17
4 30 20 28
5 2 16 -2
5 4 12 6

5 6 14 14
5 8 17 11
5 10 16 10
5 12 19 19
5 14 13 8

5 16 17 17
5 18 17 20
5 20 17 18
5 22 17 20
5 24 17 25
5 26 16 22
5 28 17 21
5 30 20 37
6 2 17 0

6 4 18 10
6 6 18 15
6 8 18 2

6 10 18 11
6 12 18 16
6 14 18 5

6 16 18 15
6 18 17 24
6 20 18 29
6 22 18 28
6 24 18 24
6 26 18 29
6 28 20 42
6 30 19 29
7 2 18 7

7 4 17 14
7 6 17 4

7 8 17 9

7 10 17 21
7 12 17 7

7 14 17 15
7 16 17 16
7 18 17 10
7 20 17 15
7 22 17 15
7 24 17 26
7 26 17 28
7 28 17 10
7 30 16 36
8 2 21 4

8 4 22 2

8 6 21 10
8 8 22 9

8 10 20 12
8 12 21 12
8 14 22 16
8 16 24 12
8 18 24 22
8 20 24 30
8 22 24 18
8 24 24 26
8 26 26 27
8 28 24 23
9 2 6 -2
9 4 9 13
9 6 8 5
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9 8 7 6

9 10 8 -3

9 12 8 4

9 14 8 9

9 16 10 10
9 18 8 12
9 20 8 13
9 22 8 23
9 24 8 26
9 26 8 23
9 28 8 13
9 30 8 29
10 2 12 5

10 4 12 -5

10 6 14 4

10 8 18 15
10 10 14 12
10 12 18 9

10 14 19 13
10 16 17 19
10 18 18 16
10 20 19 24
10 22 19 18
10 24 18 33
10 26 16 32
10 28 18 27
10 30 18 21
11 2 19 5

11 4 17 -11
11 6 14 0

11 8 17 6

11 10 20 8

11 12 15 7

11 14 19 11
11 16 22 17
11 18 21 21
11 20 21 13
11 22 21 21
11 24 21 23
11 26 21 21
11 28 22 21
11 30 21 20
12 2 4 7

12 4 5 8

12 6 4 12
12 8 3 15
12 10 4 6

12 12 7 14
12 14 3 13
12 16 5 22
12 18 4 19
12 20 5 20
12 22 6 22
12 24 11 30
12 26 12 21
12 28 4 25
12 30 6 23
13 2 14 5

13 4 6 1

13 6 11 10
13 8 8 14
13 10 13 11
13 12 10 11
13 14 9 29
13 16 9 24
13 18 9 21
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13 20 8 15
13 22 9 18
13 24 11 26
13 26 11 28
13 28 8 5

13 30 9 24
14 2 13 8

14 4 13 2

14 6 13 9

14 8 13 12
14 10 11 53
14 12 13 11
14 14 13 7

14 16 12 23
14 18 13 15
14 20 12 21
14 22 13 10
14 24 14 22
14 26 13 27
14 28 12 12
14 30 13 21
15 2 26 2

15 4 26 4

15 6 26 9

15 8 26 16
15 12 24 5

15 14 26 7

15 16 26 15
15 18 26 16
15 20 26 21
15 22 26 12
15 24 26 23
15 26 26 20
15 28 26 15
15 30 26 18

Supplementary Table S6. Individual-specific multilinear regression model results (Im(T~C1 + C2 + C3 + C4)). Results
include adjusted R? values, Benjamini-Hochberg (BH) corrected p values and significance. Significance codes: 0.001

*** 0.01 ** and 0.05 *.

Individual R? adj. p value (BH FDR) Significance
1 0.178 0.233

2 0.887 1.42E-04 il
3 0.663 0.004 **
4 0.722 0.002 **
5 0.850 4.04E-04 el
6 0.786 7.47E-04 il
7 0.775 8.35E-04 il
8 0.820 1.59E-04 rkk
9 0.636 0.006 **
10 0.849 2.01E-04 il
11 0.921 4.82E-05 il
12 0.862 1.59E-04 sl
13 0.866 1.59E-04 rkk
14 0.678 0.004 **
15 0.785 7.47E-04 il
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Supplementary Table S7. Mean aboslute error (MAE) values of the individual-specific time since deposition prediction
models of one, two, three and four species as predictors. The dried saliva stains tested were collected from six individuals
(Ind) and exposed short-term (up to 1 month) to indoor conditions seven months after the first collection time point. The
model with the lowest MAE value is highlighted in gray for each individual.

MAE
Number of Predictor bacterial Ind 1 Ind 2 Ind 3 Ind 4 Ind 8 Ind 9
predictors species
1 predictor F. periodonticum 23.7 38.9 8.9 23.8 7.2 8.1
H. parainfluenzae 3.9 47.9 8.2 15.3 8.7 14.9
V. dispar 12.1 37.0 135 13.8 33.8 333
V. parvula 6.8 82.7 8.0 17.9 111.8 | 66.1
2 predictors F. periodonticum + 21.7 30.3 5.0 50.4 7.4 31
H. parainfluenzae
F. periodonticum + 9.8 38.6 3.7 54.7 7.1 29.3
V. dispar
F. periodonticum + 14.2 27.7 10.5 29.3 23.4 57.8
V. parvula
H. parainfluenzae + 16.3 56.5 7.4 14.5 26.1 14.2
V. dispar
H. parainfluenzae + 4.3 85.2 8.2 19.4 86.9 43.4
V. parvula
V. dispar + 10.6 79.3 8.0 18.3 104.6 65.3
V. parvula
3 predictors F. periodonticum + 8.7 29.6 5.7 65.6 7.0 18.4
H. parainfluenzae +
V. dispar
F. periodonticum + 13.9 17.7 21.7 57.4 22.0 25.7
H. parainfluenzae +
V. parvula
F. periodonticum + 9.6 27.3 15.3 52.2 28.4 57.9
V . dispar +
V. parvula
H. parainfluenzae + 12.8 82.0 9.4 195 92.0 23.3
V. dispar +
V. parvula
4 predictors F. periodonticum + | 10.0 16.9 22.4 63.5 27.5 17.2
H. parainfluenzae +
V. dispar +
V. parvula
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Supplementary Figure S1. Number of 16S rRNA gene (V4-V5 hypervariable regions) next-generation sequencing reads
obtained from the long-term dried saliva stains which were exposed to indoor conditions up to 1 year. The bar plot
includes the background blanks (empty swabs) and the saliva stains produced from the two individuals analysed.
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Supplementary Figure S2. Violin plot of the bacterial cell counts for each of the four species in the fresh (t0) short-term
dried saliva stains using our developed 4-plex qPCR approach. Each black dot corresponds to a sample duplicate for
each of the 15 individuals analysed. Red dots indicate the average cell count for each bacterial marker considering the
15 individuals altogether. The violin plot reveals high inter-individual variation within and between the bacterial markers.

143



Chapter 4

304
. . . ° . . . . . . . . . .
. . . . . . .
. .
9Q . . . . .
= . . . . . . . . . . .
= 20 . . . . . . . . . . . . .
2 . . . ° . . . .
a . . . . . . . . . . . . . . .
2 . . . ° . . . . . . . . . .
=] . . O .
b O .
% . . . [} . 3
® . . . . . . . . . . . . .
E . . . . . . . .
= . . . . . . . . . . . . .
% 104 . . .
5 . . . . . . . .
g . . . . . . . . . . . .
o
. .
. . . .
. . .
. . . . .
° .
0+ _ _
MAE =8, r=0.11

10 20 30
Real time since deposition (days)

Supplementary Figure S3. Generalized random forest model performance for the prediction of the time since deposition

of saliva stains using data of the short-term (up to 1 month) experiment based on four bacterial species from 15

individuals. The mean absolute error (MAE) measures the discrepancies between the real and predicted values of time
since deposition. The correlation between real and predicted values is indicated with r.
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Supplementary Figure S4. Error (in days) from individual-specific stain estimation time since deposition using data of
the short-term (up to 1 month) stored saliva stains based on four bacterial species from 15 individuals. Data from sample
duplicates 1 were used for model training, while data from sample duplicates 2 were used for model testing. Each bar
represents the error in days from O (exact time predicted) up to +/- 8 or more days of error in the predicted time. The
height of each bar corresponds to the number of stains that fall within the specified error.
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Chapter 5

ABSTRACT

Human microbiome research is currently moving from characterization and association
studies to translational applications, including human trait predictions in medical research,
clinical diagnostics, and other practical applications. Machine learning (ML) methods are often
employed for such predictions, which face practical challenges. Class imbalance in the
available microbiome data is one of them, leading to spurious prediction accuracies and
limiting the classifier's generalization. Here, we introduce a novel analytical approach based
on data augmentation and ML to address the class imbalance problem in microbiome-based
classification, using smoking habit prediction as prominent example. We collected publicly
available saliva 16S rRNA gene sequencing data and smoking habit metadata with an
unavoidable class imbalance problem i.e. 175 current vs.1,070 non-current smokers. Three
data augmentation techniques: synthetic minority oversampling technique (SMOTE), adaptive
synthetic (ADASYN), tree-based associative data augmentation (TADA) were applied
together with seven ML methods: logistic regression, k nearest neighbors, support vector
machine with linear and radial kernels, decision trees, random forest, extreme gradient
boosting. K-fold nested cross-validation was used with the different augmented data types
and baseline non-augmented data to validate the prediction outcome. We found that
combining data augmentation with ML generally outperformed baseline methods. The final
prediction model combines prior feature selection with TADA and support vector machine with
linear kernel. Our approach successfully addresses the class imbalance issue in microbiome
data for reliable classification and is generalizable to other data. Moreover, we present the
first solution for microbiome-based prediction of smoking habits from saliva despite the
unavoidable class imbalance issue.
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INTRODUCTION

In the recent years, human microbiome research has elucidated the importance of microbes
in the host’s well-being and their interplay with different phenotypes (1, 2). Human microbiome
research is currently moving from characterization and association studies towards
translational applications. These include diagnosis of metabolic diseases such as type 2
diabetes (3-5), chronic inflammation disorders (4, 6, 7) and cancer (4, 6, 8, 9), among others;
as well as the prediction of the likely outcomes in personalised interventions such as
therapeutic response (7, 10) and nutrition (11, 12). In more specialized applications such as
forensics, novel uses of the human microbiome have been reported to help in crime scene
reconstruction (13, 14), estimating the post mortem interval (PMI) (15) or identifying potential
perpetrator(s) (16, 17). This current trend is possible due to advances in high-throughput
sequencing technologies and bioinformatics analysis methods, together with the large amount
of microbiome data that become available from public repositories. Often, machine learning
(ML) methods are preferred for data analysis, with the random forest standing out as often
used method so far. ML methods have shown to be sufficiently robust to the statistical
challenges inherent to microbiome data, such as their compositional nature by which they
carry relative information (18) and their over-dispersed and zero-inflated distribution, since
many taxa are not shared among samples.

Despite the great promises of ML methods in microbiome research in general, and its
application in trait prediction in particular, including microbiome-based ones (5, 6, 8), they also
face practical challenges. Heterogeneity in methods, such as nucleic acids isolation or target
region of the marker gene, are often encountered in cumulative microbiome datasets and are
an obstacle for cross-study applications due to introduced study-specific technical variation
(19). Avoiding pooling data from different studies can bypass the study-specific effect issue,
though greatly reducing the statistical power with negative effects on the reliability of the
outcome. Additionally, microbiome data commonly suffer from imbalanced sample distribution
(20-23); particularly in (binary) classification applications, it is commonly the case that one
class is overrepresented (majority class) while the other is underrepresented (minority class).
This class imbalance leads to spurious high classification accuracy favouring the majority
class, while research often focuses on the minority class, and also limits the classifier's
generalization (20-23). Therefore, class imbalance should be considered in the data analysis
approach. However, in many occasions collecting data from more samples is unfortunately
not viable and therefore, many public datasets come with serious class imbalance problems.
Thus, researchers have to explore novel methods for solving the class imbalance at the data
and/or algorithm level (21-23).

At the data level, synthetic sampling methods have been suggested for microbiome
research (24), though studies applying them are scarce. With these methods, to balance the
classes, new samples are synthesized in silico based on existing minority class samples and
added to the training dataset, an approach referred to as data augmentation. For example,
the synthetic minority over-sampling technique (SMOTE) (25) is one of the most widely used
methods to deal with the class imbalance problem in real-life applications, and has been
employed in some microbiome studies (26-30). An alternative is the adaptive synthetic
sampling approach for imbalanced learning (ADASYN) (31). More recently, the tree-based
associative data augmentation (TADA) method (32) has been proposed as a microbiome-
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specific data augmentation method, since it takes into account the phylogenetic relationship
between the microbial taxa, but has not been widely applied by the microbiome community as
of yet.

One potential practical classification application of microbiome data, where typically
class imbalance is unavoidable, is the microbiome-based prediction of smoking habits, which
is relevant in medical, diagnostic and even forensic scenarios. Previous association studies
have stablished the relationship of saliva microbiota with the host’s tobacco smoking habit
(33-38). These studies found that some bacteria such as those from the Proteobacteria
phylum are decreased in abundancy in the saliva of smokers, while others such as from the
Actinobacteria phylum are increased. However, at the lower taxonomic levels there are some
discrepancies between studies as well as study-specific associations. Notably, the largest
available studies suffer from an imbalance ratio of about 1:5 between the minority class of
current smokers and the majority class of non-smokers (33, 37). Moreover, since tobacco
smoking has been linked to several systemic diseases (39), applying the association results
for predicting individuals’ smoking habits based on microbiome data is expected to be useful
in medical applications. For example, microbiome-based smoking prediction from easily
accessible, non-invasive saliva samples may be applicable in epidemiology and public health
research when these data are unavailable or not reliable. Typically, smoking data are collected
for research purposes via self-reported questionnaires that are known to be unreliable, which
could be overcome by microbiome-based prediction of smoking habits. Additionally, such
knowledge can add valuable information on the long-term lifestyle habits of a patient in a
diagnostic setting or could even help finding unknown perpetrators of crime by providing an
investigative lead, as an unknown person cannot be identified with forensic DNA profiling (40,
41). However, ML methods have not been applied for microbiome-based smoking habit
prediction from saliva as of yet.

In this study, we aimed to develop an analytical approach that allows to deal with class-
imbalanced data and apply it to the prediction of human traits from unavoidable class-
imbalanced human microbiome data using smoking habit prediction as relevant example. Our
strategy consists of i) optimization and validation of different data augmentation and ML
methods using nested cross-validation based on class-imbalanced microbiome data with the
option of prior feature selection, and ii) identifying the best-performing approach for realistic
prediction of an individual’s smoking habit from class-imbalanced microbiome data. The novel
analytical approach we introduce here is generalizable, allowing its use on different class-
imbalanced microbiome datasets for the prediction of other host’s traits as well as for other
research purposes and practical applications.

METHODS

Datasets

Publicly available 16S rRNA gene amplicon sequencing data and associated metadata from
two different studies were obtained from the European Bioinformatics Institute (EMBL-EBI).
The first study (33) (dataset S1 as referred in this paper) included two cohorts: the American
Cancer Society (ACS) Cancer Prevention Study Il (CPS-Il) Nutrition cohort (N=543) (42) and
the National Cancer Institute (NCI) Prostate, Lung, Colorectal and Ovarian (PLCO) Cancer
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Screening Trial cohort (N=661) (43). The second study (34) (dataset S2 as referred in this
paper) included a single cohort from the New York City Health and Nutrition Examination
Survey (NYC HANES) (N=297) (44). We discarded samples based on the following criteria:
(i) samples lacking metadata information for age, sex and/or ethnicity; (ii) samples from donors
less than 15 years old based on microbial community differences between youth and adults
(45); (iii) duplicate samples from the dataset S1 to avoid data redundancy; and (iv) samples
from non-smokers with second-hand exposure and ‘alternative’ smokers from the dataset S2.
Selected characteristics of the two studies are described in Table 1. The setup of the
experimental studies is described in further detail in Supplementary Table S1.

Table 1. Characteristics of the two microbiome datasets used in this study.

Dataset S1°  Dataset S2”
(N=1,088) (N=157)

Smoking status, N (%)

Never smoker 473 (43.5) 39 (24.8)
Former smoker 519 (47.7) 39 (24.8)
Current smoker 96 (8.8) 79 (50.4)
Sex, N (%)

Female 429 (39.4) 88 (56.1)
Male 659 (60.6) 69 (43.9)

Age group, N (%)

20-29 - 20 (12.7)
30-39 - 31 (19.8)
40-49 - 40 (25.5)
50-59 147 (13.5) 29 (18.5)
60-69 505 (46.4) 21 (13.4)
70-79 377 (34.7) 9(5.7)
80-89 59 (5.4) 6 (3.8)
290 - 1(0.6)

Ethnicity, N (%)

European 1,028 (94.5) 59 (37.6)

Non-European 60 (5.5) 98 (62.4)

* Wu J, Peters BA, Dominianni C, Zhang YL, Pei ZH, Yang LY, Ma YF, Purdue MP, Jacobs EJ, Gapstur SM, Li HL,
Alekseyenko AV, Hayes RB, Ahn JY. 2016. Cigarette smoking and the oral microbiome in a large study of American
adults. ISME J 10:2435-2446.

** Beghini F, Renson A, Zolnik C, Geistlinger L, Usyk M, Moody TU, Thorpe L, Dowd JB, Burk R, Segata N, Jones HE,
Waldron LD. 2019. Tobacco exposure associated with oral microbiota oxygen utilization in the New York City Health and
Nutrition Examination Study. Ann Epidemiol 34:18-25.

Processing of 16S rRNA gene amplicon sequencing data
Data from the two selected studies were processed separately. Primer sequences were
obtained from the original studies and were removed from the raw sequencing reads using
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cutadapt (v.1.15) (46) by setting minimum length to >100 bp. The resulting FASTQ files were
quality-filtered and de-noised using DADA2 (v.1.12.1) (47). Briefly, in both studies parameters
maxNN and maxEE were set to 0 to avoid unambiguous nucleotides and ‘expected errors’ in
the sequencing reads, respectively. Additionally, in dataset S1 (single-end) parameter
maxLen was set to 500 and in dataset S2 (paired-end) parameter truncLen was set to 200-
150 based on the read quality profiles, making sure to maintain overlap between forward and
reverse reads to merge them later. After sample inference of true sequence variants, an
amplicon sequence variants (ASVs) table was constructed for each study and chimeric
sequences were removed using the command removeBimeraDenovo() with default
parameters. Subsequently, the naive Bayesian classifier method was employed for taxonomy
assignation using the expanded Human Oral Microbiome Database (eHOMD) (v.15.2) (48) as
reference. At this point, only high-coverage samples (>1,000 reads) were kept for downstream
analysis and species with mean relative abundance < 1E-04 across samples were discarded.
Taxa counts were normalized using total-sum scaling (TSS) for relative abundance (49).
Moreover, microbiome datasets are normally sparse and characterized by a zero-inflated
distribution, where most taxa are not shared among the majority of the samples. This is
magnified in cross-study applications with study-specific taxa which can limit the
generalizability of the applications. Based on this, we merged the two ASVs tables from the
two analysed studies and filtered out study-specific taxa. Afterward, we assessed potential
introduced cross-study technical variation using guided principal component analysis (gPCA)
(50).

Statistical analyses

The overall differences in the saliva microbial communities between the smoking classes were
calculated in QIIME 2 (v.2019.10) (51): current vs. never vs. former, and current vs. non-
current (combined never and former). For this, the weighted UniFrac distance matrix was
analysed by analysis of similarities (ANOSIM) and permutation multivariate analysis of
variance (PERMANOVA) where g values (g<0.05 for significance) were obtained with default
999 permutations.

Consensus feature selection

Feature selection was performed in the baseline non-augmented data; particularly in the outer
k-folds of training datasets (Figure 1D1-D7) prior to nCV procedure. Differences between
smoking classes (smokers vs. non-smokers) across bacterial species were measured using
the two-sided Mann-Whitney U test. In each k-fold of training dataset (k=5), significant features
were identified after Benjamini-Hochberg (BH) correction for significant p values (p<0.05 for
significance). This process was repeated for ten times to control for introduced variation by
data partitions, resulting in a total of 50 (5*10) lists of significant features. Significant features
in at least 90% of the k-folds of training datasets (45 out of 50 folds) were selected as
consensus features.

Data augmentation techniques

For the prediction of an individual’s current smoking habit (smoker vs. non-smoker) we aimed
to employ a binary machine learning (ML) classifier. For that, data imbalance was a marked
issue in our dataset with a ratio of about 1:6 between the minority class (N=175 smokers) and

the majority class (N=1,070 non-smokers) (Table 1). The problem stems from the ML
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algorithms that assume equal number of samples for each class which would lead to spurious
high classification accuracy, favouring the majority class and limiting the classifier's
generalization. Therefore, we applied different data augmentation techniques to overcome the
data imbalance issue at the data level in our dataset. We used two techniques commonly
employed in different fields to handle data imbalance named synthetic minority over-sampling
technique (SMOTE) (25) and adaptive synthetic sampling approach (ADASYN) (31), as well
as a recently-introduced technique specific for microbiome data named tree-based associative
data augmentation (TADA) (32).

The general approaches to deal with data imbalance are over-sampling (increase the
minority class), under-sampling (decrease the majority class) or a combination of the two.
Particularly, SMOTE and ADASYN techniques differ on the generation of synthetic samples
in the minority class (over-sampling). For that, SMOTE over-sampling pinpoints the samples
belonging to the minority class in an Euclidean space and a random sample is first chosen for
which k of its nearest neighbors are found. A line is drawn between the original sample and
one randomly chosen neighbor, where a new synthetic sample is generated at a random point
along the line (linear combination of samples). The process is repeated generating the same
number of synthetic samples for each original minority sample until a specific ratio between
the minority and majority classes is reached or to equal the majority class. On the other hand,
ADASYN adds random small values to the neighbor samples; hence, they are not linearly
correlated to the original sample. By this, ADASYN considers a density distribution between
the original sample and its neighborhood, which acts as the criterion to set the number of
synthetic samples to be generated from each original sample. On another point, with the
under-sampling approach random majority class samples are dropped out until a specific ratio
between the classes is reached. Both SMOTE and ADASYN techniques were implemented
using the imbalanced-learn Python toolbox (v.0.6.1) (52) with default parameters. We
employed a combination of over- and under-sampling, indicated as SMOTE-1 and ADASYN-
1 in this study. In order to set the final ratio between the minority and majority classes we used
the following equation:

t = = |Cpin — Cimax|, Over-sampling = % under-sampling = %
where Cnmin is the number of the minority class samples and Cmax is the number of the majority
class samples.

We also used the over-sampling approach alone, indicated as SMOTE-2 and
ADASYN-2 in this study, by which the number of the samples in the minority class was
equalled to the majority class.

The microbiome-specific TADA technique generates minority class synthetic samples
based on a statistical generative model that takes into account the phylogenetic relationships
between microbial taxa. We implemented TADA with default parameters which equals the
number of samples in the minority class with the majority class. For the rooted phylogenetic
tree required as input we used the merged ASVs table of the two studies to obtain a single
consensus sequence for all those sequences assigned to the same taxa at the species level.
For that, we used the ConsensusSequence function in DECIPHER (v.2.12.0) (53) and
subsequently we performed multiple sequence alignment of the consensus sequences using
MAFFT with auto parameter (v.7.310) (54). A rooted phylogenetic tree was obtained using
FastTree (v.2.1.11) (55) with generalized time-reversible (GTR) model.
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Machine learning algorithms

We evaluated seven different ML methods for binary classification (0: smoker, 1: non-smoker)
included in the scikit-learn (v.0.23.2) Python package (56): logistic regression (LR), k nearest
neighbors (KNN), support vector machine with linear (SVML) and radial (SVMR) kernels,
decision trees (DT), random forest (RF) and extreme gradient boosting (XGBoost). LR is a
parametric ML model that assumes a linear dependency between the input features (taxa)
and the categorical outcome. The output of the logistic regression linear function is a
probability x between 0 and 1, where if x<0.5 the categorical outcome is 0 (smoker), otherwise
1 (non-smoker). KNN is a non-parametric model and as such supports non-linear solutions. It
finds the Euclidean distances between a query sample and a k number of its closest samples
(nearest neighbors) in the feature space and identifies their most frequent class label. SVM
models take the data points and find a separating hyperplane between the two classes. SVML
is a linear method that looks for linear dependencies among the input features to separate
classes. SVMR is a non-linear method that adds an extra dimension to the data (kernel) so
they become linearly separable and then projects back the decision boundary to the original
dimension using the dot product of two vectors in the feature space known as the kernel
function. DT is a tree-based ML algorithm that mimics a decision diagram. Each input feature
constitutes a node in the tree, where based upon a certain condition or rule splits into sub-
nodes and extends until the leaf node that represents the classification decision (0 for smoker
or 1 for non-smoker). Finally, RF and XGBoost are tree-based ensemble models that combine
several models to improve their outcome predictions. RF generates a large number of decision
trees on different subsamples and combines their outputs using averages at the end of the
learning process. On the contrary, XGBoost combines the decision trees during the learning
process for which it uses a gradient descent algorithm. By this, the mistakes done in a previous
model are learnt and improved in the subsequent model until no further improvement can be
achieved. Hyperparameter optimization for all the ML models was performed using nested k-
fold cross-validation (Figure 1F).

Nested k-fold cross-validation

Nested cross-validation (nCV) is a resampling procedure that enables both model optimization
and evaluation (57). The difference between non-nested and nested CV approaches is that
the former use the same cross-validation dataset for hyperparameter optimization and model
evaluation which biases the model to the dataset and leads to optimistically biased classifier’s
performance; in other words, over-fitting in model selection. The nCV approach overcomes
this by evaluating the ML algorithm and the model hyperparameters separately in multiple
randomised partitions of the data (58), though it requires more computational time. In nCV,
apart from splitting the original training set into k folds of training and test sets (outer folds)
(Figure 1E), each k training fold is at the same time split into n folds of training and validation
sets (inner folds) for model hyperparameter tuning (Figure 1F). The optimized model is then
validated in the corresponding k test fold (Figure 1G). We employed a 5x2 (kxn) nCV where
each of the first splits is named outer-fold (k) and each of the inside splits for hyperparameter
tuning inner-fold (n). Hyperparameter optimization for the seven ML models was performed
using the RandomizedSearchCV() function in scikit-learn.
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Validation of data types with machine learning methods

Since most ML algorithms operate trying to maximize the classification accuracy, spurious
high classification occurs in imbalanced datasets by correctly classifying all or almost all the
samples from the majority class at cost of misclassifying many samples from the minority
class. Hence, performance metrics such as accuracy or F1 score alone can lead to misleading
results in imbalanced datasets (59). In contrast, the Mathew’s correlation coefficient (MCC)
offers a balanced metric by considering the four confusion matrix categories: true positives
(TP), true negatives (TN), false positives (FP) and false negatives (FN), according to the
following equation:

TP XTN —FP xXFN

Mcc =
J(TP+FP) x (TP + FN) X (TN + FP) x (TN + FN)

For a high MCC score the classifier has to correctly predict a high percentage of the samples
in both the majority and the minority classes, independent of their ratios in the overall dataset;
hence, independent of data imbalance. MCC gives a score ranging [-1, +1], where 1 means
perfect prediction, 0 random prediction and -1 perfect inverse prediction. Based on this, in
order to compare all the possible combinations of input data type, including original non-
augmented data, (Figure 1, d = 6) and ML method (Figure 1, m = 7) we used the MCC metric.
However, we also reported the AUC metric to show potential misleading results in those
models with baseline non-augmented data (highly imbalanced). Comparisons among the
different data types with a given ML method were performed in R environment (v.3.6.1) using
the Kruskal-Wallis and Wilcoxon tests. Significant p values were determined with a value cut-
off at 0.05 following Benjamini-Hochberg (BH) correction.

Approach setup

The original dataset (N=175 smokers, N=1,070 non-smokers) was split into training (80%) and
test (20%) sets maintaining the sample ratio between the classes (FigurelA, B, C). Data
augmentation techniques were applied to the training split: ADASYN-1 (over- and under-
sampling), ADASYN-2 (over-sampling alone), SMOTE-1 (over- and under-sampling),
SMOTE-2 (over-sampling alone) and TADA. We evaluated a total of six training data types
(d=6), including the original non-augmented and the five augmented data types (Figure 1B).
We performed the proposed strategy without feature selection and filtering by previously
identified consensus significant features (Figure 1D) (for details on feature selection
procedure, see the Consensus feature selection in the Methods section ; Figure 1D1-D7).
Considering each data type separately, we optimized and evaluated seven ML methods (LR,
KNN, SVML, SVMR, DT, RF and XGBoost) (m=7) using a nCV approach as explained before
(Figure 1E, 1F, 1G). This entire process was repeated ten times (j=10) (Figure 1I) aiming to
avoid introduced variation by the original data partitions. The performance metrics (MCC and
AUC) resulted from the validation of each optimized model in the five outer test folds (k) over
ten times (j=10) (total of 50 (5*10) resulting values for each metric) (Figure 1H). The best
performing data type with ML method was based on the highest resulting MCC value (Figure
1H) and the final classifier trained in the whole original training set (Figure 1B, J) was validated
in the original test set (Figure 1C, K).
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Figure 1. Overview of the study’s analytical strategy. A, B, C. The original dataset was split into training (80%) (purple
box in B) and test (20%) (red box in C) sets by maintaining the original ratio between classes in the partitions. Data
augmentation techniques were applied to the training set, making a total of six different input data types (d=6), including
baseline non-augmented and differently augmented data types. D. The proposed strategy was performed both without
feature selection (f=124) and with prior feature selection at the species level (f=19). D1, D2, D3, D4. Prior feature
selection was carried out in the outer k-folds of the training datasets (orange boxes in D4). D5. Significant features were
identified in each k-fold training dataset. D6. Repetition (D1)-(D5) 10 times (i=10) to control for introduced variation by
data partitions. D7. Identified consensus significant features were kept for the downstream analysis steps (E-H) when
feature filtering option was chosen (D). E. For the nested cross-validation (nCV) approach, the training set was split into
5 outer k-folds of training (80%) (orange box in E) and test (20%) (blue box in E) datasets each one. F. Each outer k-fold
was split into 2 inner n-folds of training (50%) and validation (50%) datasets (orange box in F) in which seven different
machine learning (ML) models (m=7) were optimized and validated (inner models). G. The best performing n-fold inner
model (green box in G) was applied to the corresponding k-fold test set (green arrow to blue box in E). H. For each k-
fold test set, two performance metrics were obtained: Mathews correlation coefficient (MCC) and area under the receiver
operating characteristic curve (AUC). Repetition (E)-(H) for all the input data types (d=6) with ML method (m=7) (total of
42 different approaches). |. Repetition (A)-(H) 10 times (j=10) to control for introduced variation by data partitions. J.
Selection of the best performing data type with ML method based on MCC metric and training on full original training
dataset (purple box in C) to create the final prediction model. K. Validation of final prediction model on original test
dataset (red box in D).
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RESULTS

Saliva microbiome data

Data comprised saliva 16S rRNA gene amplicon sequencing data and associated metadata
from two different studies referred in this research as dataset S1 (33, 42, 43) and dataset S2
(34, 44) (see the Datasets in the Methods section for more details). Filtering samples for
guality-controlled metadata, de-noising of sequencing reads, and sequencing depth filtering
resulted in 1,245 total samples (N=1,088 from dataset S1 and N=157 from dataset S2). In the
whole dataset, class imbalance in smoking habits was large regarding current smokers, with
512 (44.1%) never smokers, 558 (44.8%) former smokers, but only 175 (14.1%) current
smokers. Female samples accounted for 41.5% of the total and the average age (+ standard
deviation) was 65.2 (+11.0) years. European ancestry of the saliva sample donors was
overrepresented (87.3%), as typically encountered in human microbiome data available thus
far. Selected characteristics of the two datasets are described in further detail in Table 1.

Microbial taxonomy assignment using the expanded Human Oral Microbiome
Database (eHOMD) (v.15.2) (48) as reference (see Processing of 16S rRNA gene amplicon
sequencing data in the Methods section for more details) resulted in 591 species from 94
families in dataset S1, and 356 species from 67 families in dataset S2. For downstream
analyses, we selected the 124 species from 30 families that were common between the two
datasets, to ensure that our proposed strategy was generalizable for the prediction in samples
from both datasets. These common species accounted for 86% of the sequencing reads in
dataset S1 and 61% in dataset S2.

We assessed potential study-specific introduced technical variation in a total of
12,570,370 sequencing reads from the final 1,245 samples of both datasets i.e. 11,835,011
sequencing reads from 1,088 samples in dataset S1 and 735,359 sequencing reads from 157
samples in dataset S2. Notably, the two studies used different DNA isolation kits and different
NGS platforms, and also targeted different amplicons of the 16S rRNA gene while overlap
existed in the V4 hypervariable region (Supplementary Table S1). However, no statistically
significant study-specific variation was reported using generalized principal component
analysis (gPCA) (p=0.24), where the two studies clustered together in the first two principal
components (PC) (Supplementary Figure S1).

Classification of smoking habits

The overall saliva microbial communities differed with statistical significance between current
and never smokers (ANOSIM R=0.04, g=0.03; PERMANOVA pseudo-F=11.37, gq=0.002),
current and former smokers (ANOSIM R=0.04, g=0.03; PERMANOVA pseudo-F=11.91,
g=0.002), but not between never and former smokers (ANOSIM R=0, g=0.51; PERMANOVA
pseudo-F=0.64, q=0.63). Therefore, we grouped the never and former smokers into a single
category of non-current smokers, which when compared with the current smokers showed
statistically significant differences in the overall microbial communities (ANOSIM R=0.04,
g=0.02; PERMANOVA pseudo-F=13.26, q=0.001). Based on these results, we used two
classes of non-current and current smokers in all downstream analyses.
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Validation of data types and machine learning models for smoking habit prediction
based on all microbiome features

A step-by-step overview of our analytical setup can be found in Figure 1. For each
input data type (d=6), including augmented data and baseline non-augmented data, and each
ML model (m=7), the resulting classifiers’ performance metrics expressed as Mathew’s
correlation coefficient (MCC) and area under the receiver operating characteristic curve (AUC)
are summarized in Figure 2 and Supplementary Table S2. Overall, data augmentation
techniques with ML methods outperformed baseline methods, with the exception of the KNN
method. Briefly, the MCC values resulting from the baseline non-augmented methods
increased on average when applying data augmentation techniques with percentages of
increase as follows: XGBoost (99.8%), SVMR (92.7%), DT (48.9%), RF (30.6%), LR (8.8%).
The highest increase was observed with SVML where the baseline non-augmented method
resulted in random prediction (MCC equal or close to zero), which was highly improved with
data augmentation techniques (MCC values 0.31-0.33). Notably, the AUC baseline values did
not change so drastically when applying data augmentation techniques (percentage increase
or decrease (-)): XGBoost (15.8%), SVML (8%), SVMR (null increase/decrease), RF (-1.0%),
KNN (-4.6%), DT (-6.1%), LR (-10.4%).

The SVML method performed the best in predicting smoking habits from microbiome
data based on the MCC metric. As the reference metric for comparison purposes, we chose
the MCC, since it is independent of data imbalance, which is not the case for the AUC metric.
MCC values were significantly higher with each of the five augmented data types compared
to non-augmented data (Wilcoxon test, BH-adjusted p=9.93E-20) (Supplementary Table S3).
However, there were no statistically significant differences in the MCC metric between the
augmented data pair comparisons (Wilcoxon test, BH-adjusted p values between p=0.392
and p=0.882) (Supplementary Table S3). From these results we concluded that SVML with
augmented data performed better than with imbalanced non-augmented data.

Validation of data types and machine learning models for smoking habit prediction
based on prior selected microbiome features

Feature selection is a commonly used approach to improve the performance of the prediction
model by only retaining the features with the highest predictive power and eliminating useless
or redundant features (60). It also avoids the computational cost associated with measuring
all the features (60). Applying a feature selection analysis in smokers vs. non-smokers
identified 19 statistically significant differences of the 124 tested features (BH-p<0.05 in at
least 90% of the k-folds of the training datasets; for further details, see the Consensus feature
selection in the Methods section) (Supplementary Table S4). These 19 significant features
accounted for 14% of the sequencing reads in dataset S1 and 9% of the sequencing reads in
dataset S2. The majority of the significant features belonged to the Firmicutes phylum
(36.8%), followed by Bacteroidetes (31.6%), Proteobacteria (15.8%) and Actinobacteria
(15.8%) phyla. The features most associated with smokers were: Streptococcus
parasanguinis clade 411, Prevotella veroralis, Gemella morbillorum, Prevotella nigrescens,
Alloprevotella tannerae, Neisseria cinerea and Prevotella intermedia. The features most
associated with non-smokers were: Actinomyces sp. HMT 180, Neisseria NA,
Corynebacterium durum, Lachnoanaerobaculum umeaense, Abiotrophia defectiva,

Capnocytophaga leadbetteri, Lachnospiraceae [G-2] bacterium HMT 096, Veillonella
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Figure 2. Validation of data types with machine learning (ML) methods for microbiome-based prediction of smoking
habits based on the S1 and S2 datasets together. For each ML method, we evaluated six types of input data: baseline
non-augmented, and five augmented datasets based on different methods ADASYN-1, ADASYN-2, SMOTE-1, SMOTE-
2 and TADA. A. Mathews correlation coefficient (MCC) and B. area under the receiver operating characteristic curve
(AUC) values from the five-fold nested crossed-validation repeated for ten times (5*10). For MCC, +1 represents perfect
prediction, 0 random prediction and —1 perfect inverse prediction. For AUC, 1 indicates perfectly accurate prediction and
0.5 indicates random prediction. ML method abbreviations: DT, decision trees; KNN, k nearest neighbors; LR, logistic
regression; RF, random forest; SVML, support vector machine with linear kernel; SVMR, support vector machine with
radial kernel; XGBoost, extreme gradient boosting.

rogosae, Rothia aeria, Capnocytophaga granulosa, Neisseria oralis and Lactobacillus iners.
An overview of the distribution of the significant features across the smoking habit classes can
be found in Figure 3.

The resulting classifiers’ performance metrics with prior feature selection — MCC and
AUC — are summarized in Figure 4 and Supplementary Table S5. Overall, the general
performance trend for each input data type with ML method with this reduced number of 19
features was similar to that observed with the whole set of 124 features where data
augmentation techniques with ML methods generally outperformed baseline methods (see
the Validation of data types with machine learning models for smoking habit prediction in the
Results section before). Considering all input data types, MCC values changed based on ML
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Figure 3. Violin box plots of the relative abundance of the significant 19 differences of the 124 tested features. Smoking
class is shown in the x-axis where blue indicates smoker and green indicates non-smoker. Relative abundance is shown
in the y-axis.

method when prior feature selection was applied (percentage increase or decrease (-)): LR
(58.3%), DT (23.6%), SVMR (14.9%), RF (8.9%), SVML (1.6%), XGBoost (-5.5%) and KNN
(-8.8%). AUC values also changed based on the ML method when prior feature selection was
applied (percentage increase or decrease (-)): LR (14.4%), SVMR (8.8%), DT (0.4%), RF (-
1.4%), KNN (-1.5%), SVML (-1.6%), XGBoost (-2.1%). Overall, data augmentation techniques
with ML methods outperformed baseline methods, with the exception of the DT and KNN
methods. Briefly, the MCC values resulting from the baseline non-augmented methods
increased on average when applying data augmentation techniques, with percentages of
increase as follows: XGBoost (130.8%), LR (126.0%) and RF (38.8%). The highest increase
was observed with SVM methods, where the baseline non-augmented method resulted in
random prediction (MCC equal or close to zero), but was highly improved with data
augmentation techniques (MCC: 0.31-0.33 in SVML, MCC: 0.26-0.30 in SVMR). Notably, the
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Figure 4. Validation of data types with machine learning (ML) methods for microbiome-based prediction of smoking

habits based on the S1 and S2 datasets together after initial feature selection. For each ML method, we evaluated six
types of input data: baseline non-augmented, and five augmented dataset based on different methods ADASYN-1,
ADASYN-2, SMOTE-1, SMOTE-2 and TADA. A. Mathews correlation coefficient (MCC) and B. area under the receiver
operating characteristic curve (AUC) values from the five-fold nested crossed-validation repeated for ten times (5*10).
For MCC, +1 represents perfect prediction, 0 random prediction and —1 perfect inverse prediction. For AUC, 1 indicates
perfectly accurate prediction and 0.5 indicates random prediction. ML method abbreviations: DT, decision trees; KNN, k
nearest neighbors; LR, logistic regression; RF, random forest; SVML, support vector machine with linear kernel; SVMR,
support vector machine with radial kernel; XGBoost, extreme gradient boosting.

AUC baseline values did not change so drastically when applying data augmentation
techniques (percentage increase or decrease (-)): SVML (13.6%), SVMR (13.2%), XGBoost
(12.8%), LR (null increase/decrease), KNN (-2.9%), RF (-3.5%) and DT (-7.6%).

As without prior feature selection, the SVML method performed the best in predicting
smoking habits from microbiome data based on the MCC metric. MCC values were
significantly higher with each of the five augmented data types compared to baseline non-
augmented data (Wilcoxon test, BH-adjusted p=9.93E-20) (Supplementary Table S3).
However, there were no statistically significant differences in the MCC metric between the
augmented data pair comparisons (Wilcoxon test, BH-adjusted p values between p=0.739
and p=0.983) (Supplementary Table S3). From these results we conclude that SVML with
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augmented data performed better than with imbalanced non-augmented data. For the final
model training (Figure 1J) and final model validation in the test set (Figure 1K), we selected
SVML method with TADA and initial feature selection. We based our decision on the following:
i) the SVML method performed the best in predicting smoking habits from microbiome data
based on the MCC metric with and without initial feature selection (not statistical difference);
i) we selected TADA as the data augmentation technique since it takes into account the
phylogenetic relationship between the microbial taxa; and iii) we selected the approach with
initial feature selection as it allows for shorter computational time. The average model
performance (standard deviation) metrics were 0.33 (0.07) MCC and 0.75 (0.05) AUC in the
training dataset as well as 0.32 (0.06) MCC and 0.75 (0.03) AUC in the test set.

DISCUSSION

With this study, we introduce a generalized strategy to deal with the common issue of data
imbalance in human microbiome binary classification with the aim of unlocking the prediction
of human host’s traits. By applying this strategy, we - for the first time — succeeded in
realistically predicting a person’s smoking habit from saliva using unavoidable class-
imbalanced 16S rRNA gene amplicon microbiome sequencing data, which in the future may
become useful in medical and forensic settings.

We selected publicly available saliva microbiome data from two studies that differed in
their experimental setup (Supplementary Table S1). We only included studies targeting the
saliva microbiome. We did not use data from microbiome-smoking association studies
targeting other niches in the oral cavity due to known diverse microbial assemblies on different
oral sites (61-63). We only included these two studies based on their big sample sizes,
discarding other studies with very small sample sizes that could be source of variation rather
than useful information for the prediction. The lack of widespread consensus on microbiome
analysis methods, together with the variation introduced at each step of the microbiome
pipeline, constitute hurdles for cross-study applications. This lack can sometimes outweigh
the factor(s) of interest as well as limit the statistical power and generalization of the
application (64-67). Though we could not control for any potential variation introduced during
the experimental analysis, we aimed to apply the same or the most similar bioinformatics
analysis to the raw sequencing data to avoid study-specific computational variation, from
which quality control choices are amongst the largest sources of variation (64, 65). Moreover,
we only selected the species common between the two datasets for downstream analyses.
On one hand, we are aware that this might have reduced the power of our prediction by
discarding informative species in each of the two datasets separately. On the other hand, this
procedure ensured that the approach is generalizable for the prediction in samples from both
datasets.

Our observations in the overall saliva microbial composition were in agreement with
the two original studies (33, 34), where microbiome variation did not significantly differ
between never and former smokers (ANOSIM R=0, q=0.51; PERMANOVA pseudo-F=0.64,
g=0.63), but significantly differed between never and current (ANOSIM R=0.04, g=0.03;
PERMANOVA pseudo-F=11.37, gq=0.002), and between former and current smokers
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(ANOSIM R=0.04, g=0.03; PERMANOVA pseudo-F=11.91, g=0.002). One of the two studies
(33) also reported significant differences between current smokers and non-current smokers
(combined never and former) as we did here (ANOSIM R=0.04, q=0.02; PERMANOVA
pseudo-F=13.26, q=0.001).

The problem of data imbalance, which is commonly encountered in microbiome
datasets and in many other real-life applications, is the main focus of our proposed strategy.
Our dataset suffered from highly imbalanced data with a ratio of about 1:6 between the
minority class (current smokers) and the majority class (non-smokers) (Table 1). Imbalanced
data can lead to spurious high accuracy based on the correct classification of the majority of
the samples from the majority class at the cost of misclassifying many or even the majority of
the samples from the minority class (20-23). This would be translated in the lack of
generalizability of our prediction based on the classifier's inability to correctly predict the
positive observations for current smoking habits (minority class). A clear example of this was
the baseline non-augmented data with the SVML method (Figure 2, Supplementary Table S2),
where we obtained a MCC of zero but a relatively high AUC of 0.7. This spurious high AUC
occurs in the baseline imbalanced dataset by correctly classifying almost all the samples from
the majority non-smoker class at cost of misclassifying most of the samples from the minority
smoker class. This highlights the necessity of future studies not relying only on a single
accuracy score for model validation when dealing with imbalanced data (59).

The MCC performance metric allowed us for fair comparisons of the validated ML
methods for both non-augmented and augmented data, since this performance metric is
independent of data imbalance (68, 69). For the great majority of the ML methods, augmented
data resulted in higher MCC scores compared to imbalanced non-augmented data; hence,
improved classification performance. This demonstrates that microbiome-based classification
problems can benefit from data augmentation techniques when needed, in line with previous
suggestions (24). In our dataset, the combined over- and under-sampling approach generally
performed slightly better (though not statistically significantly) than the over-sampling
approach alone (Supplementary Tables S3 and S5). However, we acknowledge that in other
datasets under-sampling might be detrimental since, although dropped samples belong to the
majority class, they might still be useful for the learning process of the ML method.

The variation in the performance metric values for each input data type with ML method
(Figures 2 and 4) highlights the variation introduced in the optimization and validation
procedures (Figure 1). This underlines the necessity for a nCV approach for overall model
validation and selection that is independent from the different data partitions (57, 58). In our
final selected and validated classifier, we confirmed generalization; hence, avoiding overfitting
in model selection as demonstrated by the very similar performance metrics between the final
training (MCC: 0.33+£0.07, AUC: 0.75+0.05) and test (MCC: 0.32+0.06, AUC: 0.75+0.03)
datasets, which were very similar to those of the folds in the nCV (MCC: 0.33+£0.07, AUC:
0.75+0.05). As it has been suggested before (70), with our strategy, we report the variation in
the predictive performance on the different folds of nCV, as well as on both the final training
and test datasets, which unfortunately it is not very common practice in microbiome-based
trait prediction.

To the best of our knowledge, our study provides the first-of-its-kind solution to predict
individuals’ smoking habits from saliva 16S rRNA gene microbiome data and despite the class
imbalance problem of the data used. Previously, Sato et al. (38) predicted smoking habits
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from tongue metagenomics data with class imbalance (N=234 never, N=52 current smokers)
using a RF approach and conventional non-nested k-fold CV. The authors only reported AUC
from the testing dataset (AUC=0.75+0.10). This prediction was improved when using single-
nucleotide variants of single species as input data (AUC=0.80-0.93) instead of relative
abundances of all species. More recently, Carrieri et al. (71) predicted smoking habits from
leg skin 16S rRNA gene amplicon sequencing data based on a very small dataset (N=43
never, N=19 current smokers) using the XGboost method and conventional non-nested k-fold
CV. In this case, the authors reported the F1 performance metric in the CV folds
(F1=0.72+0.12), training dataset (F1=0.98) and test dataset (F1=0.85). The noted differences
in the F1 scores might be an indication of introduced variation by the different data partitions
and bias towards model selection, which can be overcome using a nCV approach as proposed
by us and others. The methods applied in both of these previous studies did not take the class
imbalance problem in the used data into account. Therefore, because of the small sample
size the prediction accuracies reported in these two studies are not expected to be completely
reliable.

Regarding feature selection, we identified bacterial species that were more associated
with current smokers, such as species belonging to the Streptococcus and Lactobacillus
genera; as well as other species that were more associated with non-smokers, such as
species belonging to the Abiotrophia, Capnocytophaga and Corynebacterium genera, in
agreement with the original studies (33, 34). Although both original studies reported that
Neisseria genera was lower in smokers, we observed that, depending on the species,
Neisseria genus was more associated with non-smokers (i.e. non-identified species from the
Neisseria genus and Neisseria oralis) or with smokers (i.e. Neisseria cinerea) (Figure 3). This
further highlights the previously reported study-specific associations with smoking habits that
might be partly influenced by the taxonomic level of analysis (33-38).

In our dataset, we acknowledge some metadata-related characteristics that might limit
the generalizability of the microbiome-based smoking habits prediction, even when the data
imbalance issue is overcome. Precise phenotype descriptions were available in only one of
the two studies (Supplementary Table S1), which is a commonly encountered problem in
cross-study applications and can limit the interpretation of results (72). Also, the dataset is
overrepresented by the age range of 50-79 years old and European ancestry of the sample
donors (Table 1), which might result in different prediction performance in other age groups
(73, 74) and ethnicities (75, 76). To add, one limitation of the data augmentation techniques
is that synthesized metadata associated with the synthetically produced data is not reliable.
This limits the possibility of statistically adjusting for covariates (i.e. age, sex, ethnicity) in the
ML methods, which can ultimately improve the prediction performance. Hence, the ideal
scenario would be to start from a sample that is a good representation of the general
population, though this is challenging in real-life applications.

To conclude, our proposed strategy validates different ML methods based on the ‘no-
free-lunch’ theorem that states that there is no best method for classification (77) with the aim
for a generalizable strategy that other researchers can apply to different datasets and
prediction problems. In parallel, we believe that there is no best data augmentation technique
to deal with imbalanced data in our dataset at least; hence, we based our strategy on the
validation of different techniques with the aim of unlock the prediction of novel traits. We found
that combining data augmentation with ML generally outperformed baseline methods, as other
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researchers have also suggested before (24). With the example we chose, we present for the
first time a solution to predict a person’s smoking habit from saliva 16S rRNA gene microbiome
data. Future research might focus on unlocking the microbiome-based prediction of novel
traits, even when the issue of imbalanced data is unavoidable, as we did here. A bigger
emphasis on the report of the used prediction pipeline might ultimately help other researchers
to better assess the best approach for a given application and create awareness about the
challenges and limitations encountered with different data types and ML methods. Also, the
research community across different fields would benefit from improving some features of the
data augmentation techniques, such as reliable synthetized metadata where they are non-
available or non-standardized.
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SUPPLEMENTARY MATERIALS

Supplementary Table S1. Experimental characteristics of the two analysed studies.

Study ID

S1

S2

EMBL-EBI Accession Number

PRINA434300 (ACS CPS-ll cohort)
PRINA434312 (NCI PLCO cohort)

PRJINA484874

Current smokers definition

NA

>100 lifetime smoked cigarettes,
smoked a cigarette in the last 5
days and did not use any
alternative tobacco product in the
last 5 days

Never smokers definition

NA

<100 lifetime smoked cigarettes,
no usage of any tobacco product in
the last 5 days and serum cotinine
levels less than 0.05 ng/mg

Former smokers definition

NA

>100 lifetime smoked cigarettes,
currently not smoking, no usage of
any tobacco product in the last 5
days and serum cotinine levels less
than 0.05 ng/mL

DNA Isolation Kit

Mo Bio PowerSoil DNA Isolation Kit

(Mo Bio Laboratories)

QIAamp DNA Mini Kit (QIAGEN)

16S rRNA gene region(s)

V3-v4

V4

Sequencing Platform

454 Roche FLX Titanium

lllumina MiSeq

Sequencing reads

Single-end

2x300 paired-end
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Supplementary Table S2. Validation of data types with machine learning (ML) methods for microbiome-based prediction
of smoking habits based on the S1 and S2 datasets together. For each ML method, we evaluated six types of input data
as described in the study methods section: baseline non-augmented, and five augmented dataset based on different
methods ADASYN-1, ADASYN-2, SMOTE-1, SMOTE-2 and TADA. The Mathews correlation coefficient (MCC) and the
area under the receiver operating characteristic curve (AUC) values are the average (and standard deviation) of the
performance metrics resulting from the five-fold nested cross-validation repeated for ten times (5*10). For MCC, +1
indicates perfect prediction, 0 random prediction and —1 perfect inverse prediction. For AUC, 1 indicates perfectly
accurate prediction and 0.5 indicates random prediction. ML method abbreviations: DT, decision trees; KNN, k nearest
neighbors; LR, logistic regression; RF, random forest; SVML, support vector machine with linear kernel; SVMR, support
vector machine with radial kernel; XGBoost, extreme gradient boosting.

ML method | Data type MCC [average (sd)] | AUC [average (sd)]
Non-augmented | 0.09 (0.12) 0.65 (0.06)
ADASYN-1 0.13 (0.08) 0.61 (0.06)
bT ADASYN-2 0.14 (0.09) 0.59 (0.05)
SMOTE-1 0.14 (0.06) 0.61 (0.05)
SMOTE-2 0.13 (0.07) 0.59 (0.05)
TADA 0.13 (0.13) 0.65 (0.05)
Non-augmented | 0.25 (0.10) 0.70 (0.05)
ADASYN-1 0.19 (0.06) 0.67 (0.05)
KNN ADASYN-2 0.18 (0.07) 0.65 (0.05)
SMOTE-1 0.20 (0.06) 0.67 (0.06)
SMOTE-2 0.18 (0.06) 0.67 (0.05)
TADA 0.21 (0.09) 0.68 (0.06)
Non-augmented | 0.16 (0.11) 0.71 (0.07)
ADASYN-1 0.16 (0.09) 0.62 (0.07)
LR ADASYN-2 0.16 (0.06) 0.63 (0.05)
SMOTE-1 0.18 (0.09) 0.64 (0.06)
SMOTE-2 0.18 (0.08) 0.64 (0.06)
TADA 0.19 (0.07) 0.65 (0.06)
Non-augmented | 0.17 (0.10) 0.71 (0.05)
ADASYN-1 0.28 (0.08) 0.72 (0.04)
RE ADASYN-2 0.21 (0.07) 0.70 (0.05)
SMOTE-1 0.26 (0.09) 0.71 (0.06)
SMOTE-2 0.21 (0.08) 0.70 (0.05)
TADA 0.15 (0.09) 0.71 (0.05)
Non-augmented | 0.00 (0.00) 0.70 (0.06)
ADASYN-1 0.31 (0.07) 0.75 (0.05)
SUML ADASYN-2 0.31 (0.06) 0.76 (0.04)
SMOTE-1 0.33 (0.06) 0.76 (0.04)
SMOTE-2 0.32 (0.08) 0.76 (0.05)
TADA 0.31 (0.06) 0.75 (0.05)
Non-augmented | 0.11 (0.09) 0.67 (0.06)
ADASYN-1 0.22 (0.09) 0.67 (0.07)
SUMR ADASYN-2 0.19 (0.07) 0.65 (0.05)
SMOTE-1 0.22 (0.07) 0.67 (0.06)
SMOTE-2 0.22 (0.08) 0.67 (0.05)
TADA 0.21 (0.09) 0.66 (0.07)
Non-augmented | 0.11 (0.10) 0.61 (0.08)
ADASYN-1 0.26 (0.07) 0.70 (0.05)
ADASYN-2 0.21 (0.08) 0.70 (0.04)
XGBoost SMOTE-1 0.26 (0.08) 0.71 (0.05)
SMOTE-2 0.20 (0.08) 0.70 (0.06)
TADA 0.17 (0.08) 0.72 (0.06)
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Supplementary Table S3. Wilcoxon test pair comparisons between the different types of input data with the support
vector machine with linear kernel (SVML) method without feature selection (f=124) and with feature selection (f=19).
Comparisons are based on the Mathew's correlation coefficient (MCC) values resulted from the five-fold nested crossed-
validation repeated for ten times (5*10). Significant p values were determined with a value cut-off of 0.05 after Benjamini-
Hochberg (BH) correction.

Group 1 Group 2 BH p without feature selection | BH p with feature selection
(f=124) (f=19)
Non-augmented | ADASYN-1 9.93E-20 9.93E-20
Non-augmented | ADASYN-2 9.93E-20 9.93E-20
Non-augmented | SMOTE-1 9.93E-20 9.93E-20
Non-augmented | SMOTE-2 9.93E-20 9.93E-20
Non-augmented | TADA 9.93E-20 9.93E-20
ADASYN-1 ADASYN-2 0.595 0.983
ADASYN-1 SMOTE-1 0.518 0.799
ADASYN-1 SMOTE-2 0.682 0.739
ADASYN-1 TADA 0.882 0.799
ADASYN-2 SMOTE-1 0.124 0.799
ADASYN-2 SMOTE-2 0.416 0.739
ADASYN-2 TADA 0.682 0.799
SMOTE-1 SMOTE-2 0.741 0.825
SMOTE-1 TADA 0.392 0.960
SMOTE-2 TADA 0.595 0.799
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Supplementary Table S4. Feature selection analysis for differences between smokers vs. non-smokers across bacterial
species using the two-sided Mann-Whitney U test and Benjamini-Hochberg correction for significant p values (p<0.05)

in at least 90% of the k-folds of training datasets (45 of 50 total folds).
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0 2.02E-02 8.16E-06 5.84E-03 5.18E-03 5.78E-02 5.82E-06 4.35E-04 5.55E-03
1 5.15E-03 | 3.79E-05 | 4.02E-04 | 8.67E-04 | 2.81E-02 | 2.82E-05 | 1.68E-04 | 1.03E-03
2 1.05E-02 6.06E-08 1.19E-04 | 4.38E-04 6.55E-03 1.25E-08 3.43E-05 4.40E-03
3 1.14E-02 1.02E-06 2.60E-03 9.21E-03 3.51E-03 7.55E-07 2.41E-04 1.47E-03
4 1.90E-03 | 1.23E-05 | 4.72E-03 | 9.06E-04 | 6.50E-02 | 7.73E-06 | 1.19E-04 | 1.16E-02
5 1.73E-03 1.56E-07 8.14E-04 | 4.19E-03 1.51E-03 2.44E-06 6.35E-04 2.89E-04
6 6.67E-03 1.31E-06 9.03E-03 2.15E-03 | 4.81E-04 7.18E-06 5.42E-04 1.41E-04
7 1.13E-02 | 4.12E-06 | 6.46E-04 | 1.15E-02 | 9.70E-04 | 3.34E-05 | 3.36E-03 | 1.52E-04
8 2.11E-02 2.00E-07 1.09E-03 1.19E-03 5.50E-04 1.44E-05 6.17E-05 9.57E-05
9 1.03E-03 1.77E-07 1.02E-03 8.17E-03 1.57E-04 1.05E-07 1.19E-03 3.53E-04
10 8.97E-03 1.50E-05 3.36E-02 1.14E-02 9.31E-03 9.25E-07 1.05E-04 | 4.88E-03
11 3.33E-02 1.20E-05 6.14E-02 3.21E-02 1.09E-02 1.05E-05 5.92E-04 5.69E-03
12 | 1.07E-02 | 5.12E-07 | 2.88E-03 | 3.02E-02 | 6.49E-04 | 4.75E-07 | 4.00E-04 | 2.89E-03
13 9.58E-03 3.73E-05 1.12E-02 6.12E-03 1.27E-03 1.14E-07 4.33E-04 6.42E-04
14 2.57E-02 1.55E-07 1.53E-02 5.11E-03 9.34E-04 2.12E-09 2.24E-03 4.40E-03
15 | 1.32E-02 | 8.13E-07 | 1.80E-02 | 2.26E-03 | 6.75E-03 | 5.66E-09 | 7.36E-04 | 6.77E-04
16 3.67E-02 4.33E-06 1.11E-02 6.19E-04 5.31E-03 9.94E-08 1.85E-04 2.92E-03
17 | 3.18E-03 | 1.57E-06 | 2.64E-03 | 4.50E-03 | 5.68E-04 | 1.09E-05 | 2.88E-03 | 1.69E-03
18 | 5.69E-02 | 2.04E-06 | 2.08E-04 | 4.60E-03 | 9.88E-03 | 2.02E-06 | 3.78E-05 | 5.78E-03
19 1.45E-02 2.73E-04 3.16E-03 2.34E-02 6.32E-03 5.25E-04 7.38E-03 6.12E-03
20 | 6.71E-02 | 2.44E-07 | 3.72E-03 | 1.73E-03 | 3.47E-03 | 6.19E-08 | 6.83E-04 | 2.02E-02
21 1.95E-02 1.85E-06 4.19E-02 3.40E-03 2.43E-02 1.75E-04 2.30E-04 1.94E-02
22 | 2.88E-02 | 7.85E-07 | 1.37E-04 | 2.75E-03 | 4.98E-03 | 5.92E-07 | 4.79E-04 | 1.08E-02
23 | 1.46E-02 | 2.27E-06 | 1.24E-02 | 3.05E-03 | 1.17E-02 | 1.00E-06 | 5.00E-03 | 3.05E-03
24 3.13E-02 8.38E-08 4.63E-03 1.78E-04 3.60E-03 5.46E-09 1.86E-04 6.90E-03
25 | 3.08E-03 | 3.26E-08 | 5.04E-02 | 1.38E-02 | 7.24E-04 | 1.54E-05 | 1.92E-03 | 5.58E-03
26 6.04E-02 6.02E-08 1.11E-02 1.09E-02 2.78E-03 1.39E-07 1.32E-02 5.45E-04
27 5.75E-02 2.10E-07 1.84E-02 1.90E-02 6.93E-03 4.94E-08 4.32E-03 2.53E-03
28 | 3.14E-02 | 1.05E-06 | 2.69E-02 | 5.51E-03 | 1.65E-02 | 1.35E-08 | 2.60E-03 | 1.54E-04
29 7.57E-03 3.48E-08 9.70E-04 7.02E-03 1.88E-03 2.05E-09 9.75E-04 7.48E-03
30 | 2.48E-04 | 9.72E-10 | 8.15E-03 | 5.37E-05 | 3.58E-03 | 8.76E-07 | 3.02E-06 | 2.40E-04
31 | 6.30E-03 | 1.17E-06 | 1.19E-02 | 9.41E-03 | 8.89E-03 | 2.93E-05 | 7.93E-04 | 9.54E-04
32 1.66E-03 | 4.81E-06 7.14E-03 5.47E-03 1.71E-03 6.11E-04 1.12E-04 | 3.34E-04
33 | 1.13E-03 | 9.44E-07 | 8.48E-04 | 1.45E-02 | 1.29E-03 | 7.31E-06 | 4.06E-04 | 1.06E-03
34 | 1.38E-02 | 7.65E-08 | 5.26E-03 | 4.81E-03 | 6.65E-03 | 2.30E-08 | 3.91E-04 | 1.17E-03
35 5.64E-03 6.00E-06 8.72E-04 2.13E-03 5.50E-03 4.89E-07 9.47E-04 1.79E-03
36 | 1.24E-02 | 3.69E-07 | 1.21E-02 | 9.58E-04 | 1.10E-02 | 1.92E-06 | 8.78E-06 | 1.06E-02
37 3.43E-03 3.91E-07 2.24E-03 5.19E-04 5.32E-03 2.05E-07 7.48E-06 1.46E-03
38 | 6.85E-03 | 2.49E-06 | 1.90E-03 | 9.43E-04 | 1.24E-02 | 1.18E-06 | 3.88E-04 | 3.12E-03
39 | 1.63E-03 | 2.05E-07 | 4.50E-03 | 1.24E-04 | 2.92E-03 | 6.49E-05 | 8.50E-05 | 2.06E-03
40 7.19E-03 2.38E-07 6.10E-04 1.02E-02 5.67E-03 2.72E-07 3.84E-04 | 4.56E-03
41 | 8.07E-03 | 4.62E-06 | 4.99E-04 | 2.67E-03 | 5.69E-03 | 5.12E-06 | 2.02E-03 | 1.71E-03
42 7.23E-03 7.36E-07 1.45E-03 9.09E-03 6.76E-03 1.76E-06 3.89E-04 6.42E-03
43 | 5.09E-03 | 4.59E-07 | 4.25E-03 | 5.08E-03 | 5.91E-03 | 6.75E-06 | 2.17E-04 | 3.02E-03
44 | 2.10E-02 | 3.05E-06 | 1.39E-02 | 4.63E-03 | 4.51E-02 | 1.51E-05 | 6.77E-04 | 4.21E-03
45 1.72E-03 2.67E-06 3.84E-03 4.96E-02 1.15E-03 4.81E-05 1.14E-03 6.58E-03
46 | 6.12E-04 | 7.63E-09 | 9.51E-05 | 5.83E-02 | 1.55E-03 | 3.78E-05 | 4.02E-05 | 5.64E-03
47 3.29E-03 1.06E-07 1.01E-03 4.61E-02 2.32E-03 1.06E-06 3.35E-05 1.76E-03
48 9.52E-03 1.12E-07 1.11E-02 2.35E-02 6.39E-03 4.59E-07 2.90E-03 2.12E-02
49 | 1.02E-02 | 1.47E-06 | 1.81E-04 | 9.66E-03 | 3.41E-03 | 2.27E-06 | 8.56E-04 | 3.71E-03
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0 6.03E-06 | 3.11E-03 | 5.97E-02 | 9.50E-03 | 1.72E-02 | 5.71E-03 | 5.61E-03 | 1.47E-05
1 7.57E-05 | 5.85E-03 | 9.23E-02 | 5.40E-03 | 1.75E-02 | 1.19E-02 | 5.47E-04 | 3.39E-05
2 2.87E-05 1.09E-02 1.61E-02 3.17E-05 1.03E-02 2.04E-03 2.30E-04 | 8.11E-07
3 3.30E-05 | 1.43E-03 | 2.33E-02 | 3.84E-04 | 1.11E-02 | 1.38E-02 | 1.11E-02 | 2.10E-06
4 5.56E-04 6.59E-03 5.84E-02 1.05E-02 7.70E-02 6.58E-04 1.08E-02 | 4.91E-08
5 1.60E-04 6.28E-04 1.76E-03 1.39E-02 7.77E-03 1.23E-03 5.76E-04 1.25E-03
6 7.99E-06 | 1.47E-03 | 1.91E-03 | 2.29E-02 | 5.59E-03 | 6.03E-04 | 4.47E-04 | 1.60E-06
7 5.34E-05 | 1.01E-02 | 3.04E-03 | 5.68E-03 | 5.20E-03 | 3.09E-04 | 1.60E-03 | 6.25E-06
8 1.43E-05 1.17E-03 | 4.88E-03 | 4.50E-03 1.15E-03 1.91E-03 1.43E-05 1.57E-07
9 8.31E-05 | 2.56E-04 | 1.06E-03 | 3.72E-03 | 3.95E-03 | 3.39E-04 | 1.16E-04 | 7.73E-10
10 1.17E-03 1.21E-03 1.69E-02 1.19E-02 5.41E-03 | 6.13E-04 1.66E-03 1.40E-08
11 5.49E-03 | 9.93E-03 | 4.01E-02 | 3.78E-02 | 1.51E-02 | 2.96E-04 | 2.35E-03 | 2.22E-04
12 1.57E-03 7.25E-04 | 6.82E-04 | 6.74E-04 | 2.90E-03 | 8.79E-04 7.17E-04 | 2.04E-04
13 1.38E-04 | 4.66E-04 | 6.78E-03 | 6.13E-03 3.64E-03 1.19E-05 1.21E-04 | 4.50E-05
14 9.88E-04 | 4.10E-04 | 6.49E-03 | 4.07E-03 | 1.16E-02 | 2.62E-04 | 1.04E-03 | 1.43E-04
15 9.77E-04 | 5.03E-03 7.27E-02 8.66E-04 | 8.85E-04 | 4.27E-03 1.15E-02 1.25E-04
16 1.19E-04 | 3.15E-03 1.53E-02 1.37E-04 1.11E-02 1.32E-03 2.76E-03 5.65E-06
17 1.39E-05 | 2.33E-03 | 3.67E-03 | 7.01E-03 | 2.50E-03 | 2.16E-03 | 2.35E-03 | 1.04E-05
18 1.09E-04 | 9.50E-03 3.11E-02 7.11E-03 6.91E-03 | 5.73E-03 5.91E-03 3.06E-06
19 2.63E-03 | 2.19E-02 | 4.72E-02 | 1.47E-02 | 3.53E-02 | 6.00E-03 | 4.87E-03 | 2.29E-03
20 6.10E-04 | 1.50E-03 | 5.70E-03 | 4.07E-03 | 1.06E-02 | 1.56E-03 | 1.78E-03 | 9.76E-08
21 7.36E-04 | 2.00E-03 8.76E-03 1.60E-02 | 4.46E-02 8.58E-03 6.00E-03 6.35E-04
22 1.26E-04 | 8.98E-04 | 6.77E-03 | 3.18E-02 | 1.10E-02 | 4.15E-04 | 4.18E-04 | 9.78E-08
23 3.02E-03 | 5.04E-04 1.12E-02 1.22E-02 7.42E-03 1.85E-04 | 3.60E-04 | 4.14E-09
24 6.30E-05 | 5.52E-04 | 3.47E-03 | 1.84E-03 | 3.90E-02 | 1.29E-05 | 2.30E-03 | 2.09E-07
25 1.28E-03 | 7.61E-04 | 2.95E-03 | 1.38E-02 | 1.24E-02 | 1.01E-02 | 1.72E-03 | 7.00E-04
26 3.83E-04 | 5.52E-03 2.42E-03 | 2.01E-02 9.41E-03 1.50E-02 | 3.02E-04 | 2.32E-05
27 5.52E-04 | 5.44E-03 | 9.48E-03 | 1.85E-02 | 1.94E-02 | 2.98E-03 | 2.88E-03 | 3.96E-03
28 2.36E-04 | 2.21E-04 1.99E-02 2.62E-02 2.03E-02 3.77E-04 | 5.58E-04 1.12E-04
29 1.05E-03 | 3.67E-03 2.28E-02 1.97E-03 9.84E-03 | 6.23E-04 | 9.12E-05 5.24E-06
30 7.50E-07 | 9.61E-05 | 7.34E-04 | 6.22E-02 | 6.16E-03 | 6.36E-02 | 5.42E-04 | 5.39E-07
31 1.36E-04 | 2.09E-05 | 6.85E-03 | 1.00E-02 | 1.06E-02 | 1.50E-03 | 3.74E-03 | 1.01E-03
32 1.10E-04 | 4.93E-04 | 1.73E-04 | 4.18E-02 | 3.27E-02 | 4.99E-03 | 1.77E-03 | 6.51E-09
33 6.25E-05 | 5.83E-04 | 9.44E-04 | 5.11E-02 | 1.34E-02 | 1.51E-02 | 8.54E-03 | 9.98E-09
34 3.35E-04 1.79E-03 9.31E-03 | 3.78E-03 1.33E-02 1.34E-02 1.16E-02 8.04E-07
35 8.69E-05 | 4.68E-03 | 1.48E-02 | 9.27E-04 | 1.64E-03 | 1.87E-03 | 8.75E-03 | 1.32E-10
36 7.11E-05 | 6.67E-03 | 6.78E-03 | 6.02E-03 | 1.34E-02 | 7.08E-03 | 6.98E-03 | 6.10E-06
37 3.96E-04 1.93E-03 | 4.46E-03 | 2.26E-03 | 4.58E-03 1.50E-03 6.60E-04 1.49E-06
38 2.33E-04 | 1.75E-03 | 3.92E-02 | 1.81E-03 | 3.09E-03 | 1.81E-04 | 2.03E-03 | 3.46E-06
39 1.15E-05 | 1.09E-03 | 3.38E-03 | 3.34E-03 | 2.98E-03 | 3.47E-03 | 9.60E-04 | 3.72E-08
40 1.49E-04 | 5.68E-04 | 3.37E-02 | 4.26E-03 | 9.79E-03 | 5.69E-04 | 1.25E-04 | 3.40E-07
41 4.56E-04 | 9.50E-04 | 2.16E-02 | 5.51E-02 | 4.81E-03 | 5.30E-04 | 2.47E-03 | 4.89E-07
42 1.29E-04 1.24E-03 7.30E-03 | 4.62E-02 7.02E-03 1.10E-03 6.37E-03 5.98E-06
43 1.57E-05 | 2.98E-03 | 3.20E-02 | 3.73E-02 | 2.57E-03 | 1.07E-02 | 1.13E-02 | 1.68E-06
44 4.03E-04 | 4.23E-03 2.17E-02 2.41E-01 5.62E-03 1.09E-04 | 3.59E-03 6.91E-06
45 3.47E-04 | 3.32E-03 | 1.31E-03 | 2.60E-03 | 1.37E-02 | 1.74E-03 | 3.55E-03 | 6.97E-05
46 3.14E-05 | 5.53E-03 | 1.86E-04 | 3.68E-03 | 8.07E-04 | 3.72E-03 | 1.68E-03 | 2.83E-05
47 1.49E-06 | 5.04E-03 1.50E-03 | 5.51E-03 2.47E-02 9.18E-02 1.69E-03 1.27E-06
48 8.79E-05 | 9.34E-03 | 4.60E-03 | 1.71E-03 | 1.66E-02 | 1.05E-02 | 3.29E-03 | 1.33E-05
49 1.80E-04 | 8.70E-03 | 3.44E-03 | 9.27E-03 | 5.76E-03 | 3.56E-03 | 1.45E-03 | 7.38E-07
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0 1.84E-02 | 1.59E-02 1.35E-04
1 4.09E-04 1.14E-01 1.81E-03
2 1.13E-02 | 8.58E-04 | 1.80E-04
3 3.63E-03 | 2.22E-02 | 2.24E-04
4 3.87E-02 4.69E-03 9.03E-03
5 6.83E-04 | 2.08E-03 | 6.38E-04
6 4.57E-04 1.75E-02 2.39E-02
7 3.21E-05 9.85E-05 3.96E-03
8 1.37E-05 | 8.96E-03 | 5.19E-03
9 3.32E-04 3.39E-04 2.98E-04
10 5.89E-03 | 3.68E-03 1.30E-03
11 1.86E-02 | 1.76E-02 | 2.65E-02
12 2.68E-03 5.34E-03 6.95E-04
13 7.16E-03 1.48E-02 4.55E-03
14 3.11E-02 8.91E-03 2.94E-03
15 4.15E-03 3.54E-03 4.19E-03
16 2.02E-02 | 5.41E-05 | 2.17E-03
17 3.55E-03 | 3.85E-03 | 3.80E-03
18 2.26E-02 | 5.97E-03 | 5.62E-02
19 5.89E-03 | 6.41E-03 | 4.39E-03
20 1.03E-02 2.01E-03 2.63E-02
21 1.22E-02 | 1.16E-02 | 4.33E-02
22 6.06E-03 2.44E-03 6.53E-04
23 6.04E-03 1.48E-02 2.09E-03
24 7.07E-03 | 3.65E-03 | 4.17E-04
25 2.36E-02 1.17E-02 1.56E-02
26 4.27E-04 | 4.31E-02 1.06E-03
27 6.54E-03 | 6.85E-03 | 4.09E-03
28 1.97E-02 3.66E-03 2.02E-02
29 2.14E-02 | 7.97E-03 | 2.28E-03
30 9.40E-04 | 3.08E-02 | 3.08E-02
31 1.91E-03 1.50E-02 9.24E-02
32 1.87E-03 | 6.80E-02 | 3.14E-02
33 5.91E-03 5.44E-02 6.87E-02
34 4.75E-03 4.97E-03 1.37E-02
35 5.22E-03 | 3.71E-04 | 4.13E-04
36 8.98E-03 2.84E-03 6.29E-03
37 1.91E-04 | 4.08E-02 | 3.61E-03
38 2.25E-02 1.79E-02 2.89E-03
39 3.38E-03 | 1.15E-02 1.44E-02
40 6.15E-03 | 1.10E-03 1.10E-02
41 3.29E-02 9.22E-04 1.31E-02
42 1.28E-02 | 2.36E-03 | 5.32E-03
43 1.10E-02 2.83E-03 2.03E-02
44 2.36E-02 3.30E-03 3.47E-03
45 1.66E-02 | 2.69E-03 | 2.40E-02
46 5.56E-03 | 8.36E-03 1.07E-02
47 3.98E-03 | 3.22E-03 | 5.04E-03
48 2.77E-02 | 2.16E-02 | 3.71E-03
49 1.79E-02 3.78E-03 1.72E-03
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Supplementary Table S5. Validation of data types with machine learning (ML) methods for microbiome-based
prediction of smoking habits based on the S1 and S2 datasets together after initial feature selection (f=25). For each ML
method, we evaluated six types of input data as described in the study methods section: baseline non-augmented, and
five augmented dataset based on different methods ADASYN-1, ADASYN-2, SMOTE-1, SMOTE-2 and TADA. The
Mathews correlation coefficient (MCC) and the area under the receiver operating characteristic curve (AUC) values are
the average (and standard deviation) of the performance metrics resulting from the five-fold nested cross-validation
repeated for ten times (5*10). For MCC, +1 indicates perfect prediction, O random prediction and —1 perfect inverse
prediction. For AUC, 1 indicates perfectly accurate prediction and 0.5 indicates random prediction. ML method
abbreviations: DT, decision trees; KNN, k nearest neighbors; LR, logistic regression; RF, random forest; SVML, support
vector machine with linear kernel; SVMR, support vector machine with radial kernel; XGBoost, extreme gradient boosting.

ML method | Data type MCC [average (sd)] | AUC [average (sd)]
Non-augmented | 0.19 (0.09) 0.66 (0.06)
ADASYN-1 0.13 (0.07) 0.61 (0.04)
oT ADASYN-2 0.14 (0.08) 0.60 (0.06)
SMOTE-1 0.14 (0.08) 0.62 (0.05)
SMOTE-2 0.14 (0.09) 0.61 (0.06)
TADA 0.16 (0.07) 0.61 (0.05)
Non-augmented | 0.19 (0.08) 0.68 (0.07)
ADASYN-1 0.18 (0.06) 0.66 (0.05)
KNN ADASYN-2 0.16 (0.07) 0.64 (0.05)
SMOTE-1 0.20 (0.06) 0.68 (0.05)
SMOTE-2 0.18 (0.08) 0.66 (0.06)
TADA 0.19 (0.07) 0.66 (0.06)
Non-augmented | 0.13 (0.08) 0.74 (0.05)
ADASYN-1 0.29 (0.06) 0.74 (0.05)
LR ADASYN-2 0.28 (0.06) 0.74 (0.05)
SMOTE-1 0.30 (0.08) 0.74 (0.05)
SMOTE-2 0.31 (0.08) 0.74 (0.05)
TADA 0.29 (0.08) 0.74 (0.06)
Non-augmented | 0.17 (0.08) 0.72 (0.05)
ADASYN-1 0.24 (0.08) 0.69 (0.05)
RF ADASYN-2 0.21 (0.08) 0.68 (0.05)
SMOTE-1 0.26 (0.09) 0.70 (0.06)
SMOTE-2 0.24 (0.07) 0.69 (0.05)
TADA 0.23 (0.08) 0.71 (0.05)
Non-augmented | 0.00 (0.00) 0.66 (0.06)
ADASYN-1 0.31 (0.07) 0.75 (0.04)
SUML ADASYN-2 0.31 (0.08) 0.75 (0.05)
SMOTE-1 0.33 (0.07) 0.75 (0.05)
SMOTE-2 0.33 (0.07) 0.75 (0.04)
TADA 0.33(0.07) 0.75 (0.05)
Non-augmented | 0.01 (0.04) 0.65 (0.10)
ADASYN-1 0.29 (0.08) 0.74 (0.05)
SVMR ADASYN-2 0.26 (0.07) 0.73 (0.05)
SMOTE-1 0.30 (0.06) 0.74 (0.04)
SMOTE-2 0.30 (0.07) 0.74 (0.05)
TADA 0.29 (0.07) 0.74 (0.04)
Non-augmented | 0.09 (0.10) 0.61 (0.10)
ADASYN-1 0.21 (0.08) 0.68 (0.05)
ADASYN-2 0.19 (0.08) 0.68 (0.05)
XGBoost SMOTE-1 0.22 (0.08) 0.69 (0.05)
SMOTE-2 0.20 (0.07) 0.69 (0.06)
TADA 0.22 (0.10) 0.70 (0.05)
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Supplementary Figure S1. Two-dimensional plot from principal component analysis (PCA) of the microbiome data
comprising the 124 species in common between the two analysed studies. In the first two PCs, which together explain
3.56% of the total variation, the samples originating from the two studies cluster together.
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Chapter 6

This thesis was devised based on the motivation to investigate novel uses of the human
microbiome to address forensically relevant questions, commonly encountered in forensic
casework practice. These questions include ‘What happened at the crime scene?’ (Part 1),
‘When did the crime happened?’ (Part 1l) and ‘Who committed the crime?’ (Part Ill). This
motivation stemmed from the ample and rapid advances on the characterization of the human
microbiome at a wide variety of body sites (1-3) and their consequent association to the host’s
well-being and various different phenotypes (4-6). At the same time, the continuous
development and improvement of the experimental and analysis tools facilitated the potential
implementation of microbiome findings from a forensic standpoint. This thesis also benefited
from available microbiome data deposited in public repositories, some of which were analysed
as part of the presented studies.

Before starting this thesis, the forensic community had already pinpointed specific
features of the human microbiome relevant in a forensic context, such as ubiquity (7), ability
to response to changes in the environment (8, 9) and capacity of being shed, deposited and
exchanged between people and places (10, 11). Various studies had already focused on
different applications of the human microbiome in forensics, such as individual identification
(12-14), post-mortem interval estimation (15-17), geolocation prediction (18-20) and tissue
and body fluid identification (21-23), among others (24-27). However, some of these studies
suffer from particular limitations that I, together with my collaborators, identified as points to
consider and/or improve in our research. On the one hand, we aimed to assess the
investigative feasibility of the human microbiome in forensic questions where other molecular-
based approaches showed challenges and limitations (Part | and Part Il). On the other hand,
we aimed to explore the potential of the human microbiome as a novel tool in more recently
introduced applications (Part III).

Technical aspects of microbiome research

Based on my own experience and in agreement with the literature, biases can be introduced
at every step in the microbiome pipeline. Undesirable variation can originate from cofounding
factors of biological, technical and computational nature that are independent of the factor(s)
of interest but can sometimes have a comparable effect size (28-30). Such biases not only
need to be considered through good study design but also needs to be acknowledged by
detailed and fair reports in scientific publications. The Achilles’ heel of microbiome research
is with no doubt the long-lasting lack of consensus in both experimental and analytical
methods. Although there is a steady flow of newly published studies recommending the ‘best’
practises in microbiome research, these are usually true for a particular study and its aim, and
not necessarily transferable to other studies. More recently, multi-collaborative efforts such as
the Microbiome Quality Control project (MBCQ) (30) and the International Human Microbiome
Standards group (IHMS) (31), focus on the comprehensive evaluation of microbiome methods
to promote the best practices through the field and increase the comparability of the results
between studies. However, the ease of implementation of the identified practices in
laboratories around the globe and the integration of microbiome data produced with other
methods remain to be solved still.
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Figure 1. Steps and choices in the microbiome analysis pipeline that can introduce undesirable biases. (Picture created
with BioRender).

DNA isolation

The DNA isolation method of choice is the step in the microbiome pipeline that can introduce
the greatest variation in the obtained microbiome results (28, 32). This has been demonstrated
by numerous studies in which different DNA isolation methodologies led to differences in the
abundance of specific bacterial groups (33-36). The reason is that some bacterial cells are
harder to lyse than others, such as Gram-positive bacteria compared to Gram-negative
bacteria (37). One example is Actinobacteria (38), which is found in a variety of body sites
from the skin (39) to the gut (40). Moreover, the DNA isolation method of choice also affects
the yield and quality of the obtained microbial DNA (35, 41), as well as the presence of
inhibitors that can affect downstream PCR efficiency (42), leading to preferential amplification
and thus biased detection of taxa. However, this topic is not free of controversy since there
are also quite a few studies reporting no significant effects based on the DNA isolation method
(43-45). In our research (Chapters 2, 3 and 4), we made sure to employ a method that includes
a bead-beating step, which has been linked with higher bacterial diversity; a more efficient
DNA extraction from Gram-positive bacteria achieving higher DNA vyields (38, 46, 47). | also
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carried out an in-house optimization of the DNA isolation method to be used prior to analysis,
to ensure optimal DNA yield and quality.

Another factor is the contamination introduced by the DNA isolation method itself,
known as the ‘kitome’, which not only varies between kit manufacturers, but also between
batches (48). Hence, we always included negative controls (DNA isolation and PCR reaction
controls) in the experiments included in this thesis to monitor potential contamination.
However, how to best account for the results obtained from these negative controls is still
under debate. It is not a good practice to remove the taxa found in the controls since many
overlap with those in the study samples (49). As previously recommended (50), in our studies,
| combined data from quantitative PCR and sequencing to compare the absolute and relative
abundances of potential contaminating taxa.

Finally, the DNA isolation method of choice can also affect the percentage of co-
extracted human host DNA that is included in the obtained sequencing reads (35), which can
become an important issue in samples with a very big human to bacteria ratio, such as venous
blood (further details in Off-target amplification of human DNA later).

Gene target region(s)

Following the DNA isolation method of choice, the PCR is the step that can introduce the
second greatest variation in the microbiome pipeline (28, 32). A PCR amplification step of a
region within the gene of interest, such as the widely used 16S rRNA gene, is needed prior to
sequencing since the entire gene is too long to be sequenced using short-read second-
generation sequencing platforms. Although there is consensus in the suitability of the 16S
rRNA gene, there is none on the ‘best’ region(s) to be analysed within this marker gene.
Moreover, the PCR primer pair of choice affects the phylogenetic resolution, though there is
not a real ‘universal’ set, able to equally amplify all bacterial groups. Yang et al. (51) reported
that the V4-V6 regions are the most reliable to represent the full-length of the 16S rRNA gene.
In our first research (Chapter 2 and Chapter 3), we targeted the V1-V3 and the V3-V5 regions
in two different PCR reactions that we subsequently pooled together, based on the publicly
available reference microbiome data from the HMP. By this, we aimed to overcome the short-
read limitation and expand the informative positions in the 16S rRNA gene that we used as
input for the taxonomy-independent deep neural networks approach. In Chapter 5, the two
original studies from which we obtained the publicly available saliva microbiome data targeted
different regions within the 16S rRNA gene, but were overlapping at the V4 region. This,
together with other different experimental factors, might partly explain the study-specific taxa
we observed in Chapter 5.

Furthermore, in Chapter 4 we looked for alternative essential genes to target using
guantitative PCR (qPCR): beta subunit of RNA polymerase gene (rpoB) and translation
initiation factor IF-2 gene (infB). Those genes were highly informative allowing us for species-
level resolution, while targeting short amplicons. Nevertheless, targeting other genes than the
commonly analysed 16S rRNA gene is not such a common practice in the field as it is normally
necessary to design, optimize and validate the PCR primer sets.

184



General discussion

Off-target amplification of human DNA

Before this thesis, non-specific, co-amplification of human host DNA by 16S rRNA gene PCR
primers had been generally overlooked in the literature. However, the study in Chapter 3
highlighted this artefact when analysing human blood-type samples. At that time, only a couple
of studies mentioned this problem; one study that assessed the performance of 16S rRNA
gene PCR primers in human clinical specimens (52) and an another that analysed human
placenta biopsies (53). It is likely that researchers had not paid special attention to this issue
previously, since in 16S rRNA gene data analysis it is a common practice to simply remove
any sequencing read falling far from the average sequence length or not classified as of
bacteria origin (54).

More recently, some studies have focused on the issue of off-target amplification of
human host DNA in microbiome analysis. Sune et al. commented on the issue of co-
amplification of human mitochondrial DNA that contains variants of the 16S rRNA gene (55).
In a different study, Walker et al. (54) showed that, compared to the V3-V4 primers, the V1-
V2 primers on average diminish 80% of the reads aligning to the human genome. Moreover,
Pereira-Marques et al. (56) reported that this phenomena only occurred in samples with a very
high human to bacteria ratio, particularly in human biopsy samples. However, we observed
co-amplified human host DNA sequences in all human blood-type samples included in our
study (Chapter 3), which could be partly explained by the use of different 16S rRNA gene PCR
primers. The presence of sequencing reads aligning to the human genome reference
sequence was much more notorious in our analysed venous and fingerprick blood samples
than in the menstrual and nasal blood ones. This can be expected because the bacterial load
in menstrual and nasal blood samples is higher than in venous and fingerprick blood ones. In
other words, the lower the bacterial load, the more problematic these human genome-aligned
reads are. It is of high importance that the research community is aware of this problem,
especially since we used the 16S rRNA gene PCR primers recommended by the 16S 454
Sequencing Protocol of the Human Microbiome Project (HMP) Consortium (57), that other
researchers also use as reference.

Sequencing platform

The sequencing platform is an important choice with specific advantages and issues
associated with the insert size, read length, sequence accuracy and cost (58). Fortunately,
data is reproducible across sequencing runs within and between different sequencing
technologies (59). Even when obtained by different platforms, results have proven to be robust
when the datasets are generated following the same protocol (DNA isolation method and 16S
rRNA gene PCR primer pair) (60). We observed this in the research described in Chapter 2
and Chapter 3, where the reference data from the HMP was produced with the Roche 454
pyrosequencing platform while ours with lon Torrent instruments, despite keeping other
potential sources of technical bias homogeneous.

The lllumina MiSeq is currently the platform of choice in the majority of 16S rRNA gene
microbiome studies. This platform presents a high-throughput option that allows for high
sequencing depth (61), it is supposed to produce high-quality data and allows for strict quality
control parameters (60). However, even though the lllumina MiSeq errors are reported to be
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around 0.01%, Kozich et al. (62) described errors as high as 10% and recommended the
analysis of reads that provide with complete overlap between the forward and reverse paired-
end sequencing to correct for that. We did not carry out specific studies on sequencing
platform-specific errors but, from our experience, the lllumina MiSeq (Chapter 4) produces
higher throughputs than the lon Torrent instruments (Chapter 2 and Chapter 3). In our
research this was not a particular issue, since we followed a taxonomy-independent approach
and focused on large microbial community differences across body sites (Chapter 2 and
Chapter 3). However, a lower throughput might be relevant in other studies where the diversity
of the community is under-represented and especially in case informative rare taxa go
unnoticed.

Gene(s) reference databases

The marker gene(s) reference database of choice that is employed for OTU picking and/or
taxonomy assignation can sometimes affect the results. For instance, alignments by the
Greengenes database are sometimes of poor quality, resulting in artificially-inflated richness
and diversity estimates (63). Moreover, mistakes in the taxonomy assignment can occur due
to PCR and/or sequencing errors (64) or by incorrect taxa labelling (65). Also, commonly used
microbiome databases are biased towards the presence of clinically relevant taxa for humans,
with discrepancies observed in environmental bacteria depending on the reference database
used (66). This was not a particular issue in the research performed in this thesis, although it
might be relevant in future forensic research dealing with samples exposed to other
environmental conditions, where more than human-derived bacteria are expected.

Additionally, it has been shown that using niche-specific databases leads to an
increase in lower taxonomic assignments, probably due to less competition among sequences
than with larger databases (67), as we observed in Chapter 4 and Chapter 5 with the
expanded Human Oral Microbiome Database (eHOMD) (68). However, care should be taken
when using these types of databases, since they might not contain all the bacteria included in
commercial mock communities that are commonly used to assess bias during PCR, library
preparation, sequencing and initial analysis steps. An alternative would be to compare the
mock community with a larger database or use an in-house mock sample that better reflects
the bacteria of interest.

Prediction algorithms

Advances in high-throughput sequencing technologies have coincided with improvements in
machine learning (ML) and its shift to the biological field for natural, physiological, lifestyle or
disease trait prediction (69). Once the research community characterized the human
microbiome and learnt from the microbial differences between different health statuses, the
next step was to move to prediction. Most studies have focused so far on disease status
prediction in the clinic based on microbiome data (70-74), which have proven the promise of
ML methods for translational applications. However, one major issue is the lack of
generalizable prediction methods applicable to microbiome datasets other than the study-
specific one (3, 75, 76). For example, Kurilshikov et al. (77) analysed 16S rRNA gene faecal
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microbiome data from 24 cohorts (N=18,340) and reported that only 9 out of 410 genera were
detected in more than 95% of the samples. The total shared taxa is expected to be even
smaller when lower taxonomic levels (e.g. species, strains) are analysed (78). Consequently,
the missing data for the majority of the analysed subjects make it very complex to extend and
apply one model to other cohorts. The origin of the missing data might be attributable to
biological factors (e.g. young vs. elderly cohorts) or technical factors that can introduce biases
throughout the microbiome pipeline as explained previously. We experienced this issue in the
research described in Chapter 5, where the input features in the prediction model for smoking
habits were only taxa common between the two analysed studies. Altogether, this emphasizes
once again the need for standardization in microbiome research.

Moreover, microbiome studies should put more emphasis on the detailed and correct
report of the ML pipeline used, as we tried in the research conducted as part of this thesis
(Chapters 2, 3, 4 and 5). For example, the reasons for the ML of choice, the variation in the
performance of different folds of cross-validation, as well as between validation and test sets
(79). This can ultimately help other researchers better assess the most appropriate ML method
for a given application and create awareness about the challenges and limitations
encountered with different data types and ML methods, as we aimed in Chapter 5.

Microbiome data

The amount of microbiome data deposited in public repositories have increased exponentially
in recent years, especially since the advances introduced by big consortia such as the HMP
(80) in the mid 2000’s. These data originate from big multi-collaborative efforts (e.g. American
Gut Project (81)) as well as smaller studies analysing smaller sets of samples. So far, the gut
has been the focus of the majority of the microbiome studies. This can be partly explained
because the gut hosts the most complex and abundant microbial community in the body (82)
and plays a key role in physical (83, 84) and mental health (gut-brain axis) (85). The review
by Proctor et al. (86) on the microbiome research carried out at the United States National
Institutes of Health (NIH) during a 10 year period (2007-2016) is a good proxy of the overall
microbiome literature. According to the review, three quarters of the research has focused on
just four body sites: gastrointestinal (GI) tract, urogenital tract (primarily vaginal), oral cavity
and lung. From those, Gl tract corresponds to 40% of the total research, which mainly
analysed stool samples. Skin and nares microbiomes each represented 3% of the total
research. The remaining included other body sites, tissues and systems, such as ear, eye,
liver, blood, cardiovascular system and central nervous system.

This uneven research on different body sites limits the application of the human
microbiome in forensics, where other tissues and body fluids rather than the Gl tract are more
relevant. This pushed us to find alternative solutions in our forensically motivated research.
For instance, the HMP data repository we used as reference in Chapter 3 lacked forensically
relevant blood-type fluids. In consequence, as reference we used microbiome data from the
body sites from which forensic blood stains could originate i.e. vaginal epithelium for menstrual
blood, nasal mucosa for nasal blood and skin epithelium for fingerprick blood. In the case of
venous blood we had no other choice but to de novo generate the required data due to the
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absence of suitable publicly available microbiome sequencing data from venous blood that
we could homogenize with our experimental approach in order to avoid undesirable biases.
Nevertheless, in the future the forensic field will enormously benefit from public repositories
that also include microbiome data from sites not only relevant for the clinic, but also commonly
encountered in forensic investigations, such as sexually related stains (e.g. menstrual blood,
seminal fluid) that can also be useful in other areas of (medical) research.

Moreover, most microbiome studies so far have focused on studying samples from
individuals living in the USA and Europe. Whether their findings can be generalized to other
populations is still poorly understood (87). More recently, studies are emerging from a few
other countries with similar industrialization profiles and lifestyle including China, Japan and
Israel, though there is a clear underrepresentation of populations in Africa, South America and
other regions in Asia (e.g. India). These underrepresented regions possess distinct genetic
(88, 89), ethnic (90, 91), sociocultural (92, 93) and lifestyle (94, 95) backgrounds that shape
their microbiome. Other factors than the population of study are also uneven distributed across
the microbiome literature, such as the donors’ age. There are efforts from some cohorts to
have an evenly distributed age range among participants (96). Nevertheless, this is not the
case for the majority of the research, in which elderly people are over-represented based on
the interest of age-related disorders or phenotypes with onset at older ages (9, 97, 98). We
observed this age pattern in the study sample described in Chapter 5. From a forensic
standpoint, it is important to have microbiome information from as many diverse samples as
possible in order to assess the generalization of any proposed investigative tool. Future
research needs to establish whether such human population differences impact on the
forensic microbiome applications.

Another problem that needs to be pointed out is the high variability of metadata
between studies, as we observed in the research presented in Chapter 5, where we used
available 16S rRNA gene saliva microbiome data from two different studies. Though recent
efforts are trying to set standards to overcome the lack of unified metadata in the field (99),
the current situation makes sample reanalysis overly complex, since the available metadata
is often misannotated, misleading and non-standardized. Importantly, metadata does not only
refer to sample attributes, but also to sample preparation and processing (100). The variability
of metadata can limit the conclusions, since the observed patterns might not be attributable
to a certain factor(s) (101, 102) that should also not be ignored when selecting study subjects.
This metadata issue might also restrict the performance of machine learning algorithms,
where covariate adjustment (e.g. age, sex, ethnicity) can improve the predictions based on
known influences on the microbiome.

Moreover, metadata that can potentially identify the donor or are of sensitive content
(e.g. medical history) is usually kept confidential and only accessible to authorized users.
Hence, researchers need to wait some time until getting access to that metadata. This can be
a detrimental factor in cross-study applications where one should request metadata to several
different sources and face disparate legal and privacy constrains (103, 104). Also, recently,
the necessity of validating metadata submitted to public repositories by providing immediate
and informative feedback to the submitting researchers has been highlighted (100).
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Inter- and intra-individual variation of the human microbiome

In the studies carried out as part of this thesis and in agreement with the literature, we have
come across substantial variation in the microbiome between- and within-individuals, which
are discussed in this section. As described in the introduction of this thesis (Chapter 1), the
magnitude of inter- and intra-individual variation depends greatly on the body site where the
microbiome is studied (105). Thereby, variation is higher in skin and vaginal sites compared
to oral and gut sites (3, 106). This variation can be measurable at a species level, where the
same bacteria present different dynamics based on the body site they are detected (107, 108).
Moreover, within a single body site, variation is also niche-specific. For instance, the nares or
external auditory canal are more stable skin niches compared to the inner forearm (109). Here,
| focus on the three main body sites analysed in our research; namely vagina, skin, and oral
cavity, specifically saliva.

Regarding the human vagina, the most common microbial resident is Lactobacilli, as
we also observed in the majority of the vaginal samples we analysed (Chapter 2 and Chapter
3). Ravel et al. (110) analysed 396 women of reproductive-age and different ethnic groups
(white, black, Hispanic, Asian). Interestingly, the authors found that different Lactobacillus
species presented distinct prevalence (%) and dominance (%) in the study sample, as follows:
L. iners (83.5%, 34.0%), L. crispatus (64.5%, 26.2%), L. gasseri (42.9%, 6.3%) and L. jensenni
(48.1%, 5.3%). Moreover, 20-30% of healthy subjects were found to lack Lactobacillus and
were dominated by other array of genera. These genera included Corynebacterium,
Atopobium, Gardnerella, Anaerococcus, Prevotella and Sneathia, among others (110-112),
as we also observed in a few vaginal samples in our studies (Chapter 2 and Chapter 3). In a
forensic context, this ample inter-individual variation underlines the advantage of targeting the
entire microbial community, instead of just a few candidate bacteria. Using candidate bacteria,
one runs the risk of misclassifying a stain of vaginal origin in case it lacks some or all the
targeted bacteria. Moreover, females lacking Lactobacillus are more likely to be of African
ancestry (113), which is underrepresented in the microbiome literature (see Microbiome data
section before). This creates an imbalance in the available vaginal microbiome data, where
populations are not equally represented. This data imbalance can ultimately limit the
generalization of applications and even lead to confusing a healthy, low-prevalent microbial
community with a disease state.

Furthermore, the skin is another high-variable body site. To study individuality
contribution to skin microbial stability, Oh et al. (114) analysed samples over short (1-2
months) and long (1-2 years) time intervals from 12 donors at different skin sites. Samples
from the same individual at both the short- and long-time intervals were more similar than
those between individuals. At the species level, short-time interval samples were more similar
than the long ones. Notably, some species were site- and individual-dependent in multiple
individuals, such as the palm Propionibacterium acnes. This highlights again the advantage
of relying on the entire microbial community profiles rather than a few candidate bacteria that
are not prevalent in the entire population and/or might fluctuate over time for the same
individual, leading to misleading conclusions.

Finally, the oral microbiome, particularly saliva, presents less variation than the
previous two mentioned sites (3, 106). To characterise this, Hall et al. (115) analysed daily,
weekly and monthly variations of the 16S rRNA gene saliva microbiome of 85 subjects. The
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authors reported that the low prevalent microorganisms were highly variable over time within
a subject, whereas others were more stable, like the Fusobacterium and Haemophilus genera.
We made use of this and analysed these two genera in the research described in Chapter 4,
together with Veillonella genus, where we sampled the study participants twice within a time
interval of seven months between the two sample points. Our results confirmed that
Fusobacterium, Haemophilus and Veillonella were stable over time, since they were
successfully detected using gPCR seven months after the first sample point. However, their
absolute quantification varied between the two sample points in an individual-specific manner.
Our observations might also be based on the use of an absolute quantification method (QPCR)
rather than a method providing relative information only (16S rRNA gene amplicon
sequencing) and on the low taxonomic level we analysed (species level). Moreover,
researchers should keep in mind that the saliva microbiome is constantly exposed to external
environmental factors; for example, changes in the host’s lifestyle habits (e.g. opposite diet,
omnivorous vs. vegan) can lead to shifts in the microbial community (116) contributing to both
inter- and intra-individual variation.

Studying the human microbiome from a forensic perspective

The need to include microbiome analysis in routine forensic investigation has already been
pointed out by some authors (117). This is a result of the increasing flux of forensic microbiome
studies being published, especially in the last few years, as well as newly established
international consortia on the topic (e.g. Metagenomics and Metadesign of Subways and
Urban Biomes (MetaSUB) International Consortium, 2015 (118)). This trend in forensic
microbiome research resembles to that of the clinical microbiome research, although a few
years late, and can be graphically represented in a ‘hype’ cycle (Figure 2). Briefly, the
advances in high throughput sequencing technologies in the mid 2000’s and the subsequent
production of high amounts of microbiome data in the clinical field sowed interest in the
interdisciplinary application of the human microbiome, such as in forensics (innovation
trigger). Since then, more and more researchers from both within and outside the forensic
community turned their attention to the study of the microbiome to answer forensically relevant
guestions (peak of inflated expectation). Right now, although of great promise, the human
microbiome faces various hurdles in the forensic context that need to be considered and
further investigated to ultimately being overcome (slope of enlightenment). In addition to the
technical details, data considerations and microbiome features discussed above, particular
factors should be considered when analysing the human in forensic applications. Apart from
association and application-based studies, the forensic community needs to further carry out
specific forensic validation experiments with the final aim of introducing microbiome analysis
in the investigation toolkit (Figure 3).
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Figure 2. The ‘hype’ cycle describing the trends in forensic microbiome research in the last few years. (Picture created
with BioRender).

Sample deposition and collection

In a real forensic scenario sample deposition cannot be controlled; nevertheless, it can be
assessed in studies with controlled conditions. In our research, we observed that the type and
level of host’s activity before sample deposition may have an effect in the microbiome analysis
results. For instance, regarding the skin specimens in Chapter 2, both index fingers from
participants were sampled, with the difference that one hand was ‘isolated’ from the
surrounding environment by a sterile glove worn for a specific time (1 h). This difference
between hands did not affect the body site of origin classification to the skin epithelium with
our approach, meaning that potential transient microorganisms picked up from the
environment did not negatively contribute to the classification. However, environmental
microorganisms might detrimentally affect other applications such as individual identification,
where they can be confused with individualised taxa (12). Furthermore, in Chapter 3 we
discussed that the time between nose-blowing and nasal blood deposition might impact how
similar a nasal blood stain microbiome is to the reference nasal mucosa or skin epithelium
one. In other body sites highly exposed to external factors like the oral cavity (saliva), activities
like the time since last teeth brushing might also impact the microbiome results. Moreover, the
time during the day when the sample is deposited can additionally introduce variation, as
showed by Takayasu et al. (119) who reported global circadian rhythm in the saliva
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microbiome. Future forensic validation studies should further investigate the magnitude of the
impact of sample deposition on the microbiome and ways to deal with it during analysis.

Regarding sample collection, sterile swabs are a good option for sampling, since they
do not introduce undesirable contamination and in many cases they can also serve for the
collection of both crime and reference samples (e.g. ‘touched’ object at the crime scene and
suspect’s skin reference sample). Moreover, swabbing has proven to produce reliable results
in low-biomass samples, which are commonly encountered in forensic casework (35).

Sample deposition
- circadian rhytms
- host's activity (e.g., teeth brushing, nose-blowing)

biomass samples

of the human microbiome ex vivo
| factors (e.g., pH, ultraviolet radiation,
umidity)

the human microbiome in the forensic toolkit
d intra-individual variation

mples

testing framework (e.g. likelihood ratios)

Figure 3. Special considerations in the study of the human microbiome from a forensic standpoint. (Picture created with
BioRender).

Time-wise stability of the human microbiome ex vivo

In forensic investigations it is common that biological traces are exposed to the environment
for variable periods of time before sample collection and processing. On the one hand, for
certain applications it is of interest that the microbial communities remain stable once out of
the human body, like in individual and tissue/body fluid identification applications. On the other
hand, some traceable level of variation is desired in other applications, such as post-mortem
interval and time since stain deposition estimations. The balance between the former and the
later greatly falls on the analysed taxonomic level, by which only low-taxonomy analysis (e.g.
species level) might reflect ex vivo variation, whereas high-taxonomy analysis (e.g. phylum
level) might not. A few studies have assessed the time-wise stability of the microbiome ex vivo
using 16S rRNA gene amplicon sequencing. Fierer et al. (14) reported no or little sample
storage effect on microbial community composition on skin swabs exposed for two weeks at
indoor conditions (temperature of approximate 20 °C and fluorescent light for about 8 h per
day). Dobay et al. (120) analysed various sample types (saliva, skin, peripheral blood,
menstrual blood, vaginal fluid and semen) and showed that samples analysed straightaway
after collection and samples exposed to the lab environment for 30 days clustered together
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according to the body site of origin. In a different study, Williams et al. (121) described random
and no significant influence in the taxonomic profiles obtained from pubic hair stored at
different temperatures (i.e. 20 °C, refrigerated at 4 °C and frozen at -20°C). Recently,
Salzmann et al. (122) analysed stains from five body fluids (venous blood, menstrual blood,
saliva, semen and vaginal secretions) exposed to indoor conditions (dark and dry
environment, room temperature) at different time points, from fresh up to 1.5 years. The
authors analysed total RNA using NGS and reported very low variation in the RNA profiles of
the samples (domain and phylum level) across all the analysed time points. In Chapter 2 and
Chapter 3, we also reported stability, even for several years, in the overall microbial
communities of a very diverse set of mock casework samples (e.g. fabrics, food utensils,
hygiene products) using 16S rRNA gene amplicon sequencing. However, in Chapter 4 where
we employed gPCR for low-taxonomy level analysis, we confirmed traceable time-dependent
variation of the targeted bacterial species.

Moreover, the crime stain and reference sample it is compared to, are likely to be
obtained at different environmental conditions (e.g. chemical and physical agents, such as
pH, ultraviolet (UV) radiation, temperature and humidity) that can lead to different microbial
communities for each sample type. For instance, post-mortem interval estimation predictions
are influenced by the season, temperature or location of the cadaver (17, 123, 124). These
factors might not only have an influence on the microbial communities present in human
cadavers, but also in human-derived traces deposited at crime scenes. This was recently
reported in a study that analysed total RNA in different body fluid stains (venous blood,
menstrual blood, saliva, semen and vaginal secretions) exposed to outdoor conditions (flat
rooftop exposed to the sun and wind but protected from the rain) in which, after 6 months, the
prokaryotic RNA fraction decreased while the eukaryotic RNA fraction increased (mainly plant
RNA) (122). Nevertheless, this topic still remains to be further explored and might be solved
following approaches where reference samples are exposed to specific crime scene
conditions (like we did in Chapter 4) or investigating alternatives to converge both crime and
reference sample types. Moreover, future studies should include forensic validation
experiments on the influence of substrate type in the microbiome results. For example, the
material a body fluid stain is deposited on might prevent or inhibit the colonization of certain
bacterial groups, which are informative for a certain application or, on the contrary, might
favour the transfer and growth of others (125-127).

Future integration of the human microbiome in the forensic toolkit

The human microbiome can serve as a very useful investigative tool in those cases where
other human (non-microbial) molecular approaches present limitations. This does not mean
that those other approaches should be replaced by microbiome analysis but, where possible,
to sum forces with the aim of answering challenging forensic questions. For instance, bacterial
DNA seems to be more resistant compared to human DNA to harsh environmental conditions
(i.e. chemical and physical agents), based on the circular nature of the bacterial DNA molecule
and its localization within a cell furnished with a wall of peptidoglycan matrix (128). In our
studies on microbiome-based body site of origin classification of human traces (Chapter 2 and
Chapter 3), we observed that our proposed microbiome approach performed better than
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human RNA-based methods in challenging samples, such as for skin traces deposited on
‘touched’ objects and for body fluids of a complex nature, like menstrual blood. Moreover,
individualising microbiome ‘fingerprints’ could be useful in cases involving monozygotic twins,
since these are identical in their human genome component and indistinguishable using
standard short tandem repeats (STR) DNA-based profiling (129). There are even current
efforts on creating publicly available forensic microbiome databases like the one by Singh et
al. (130) for geolocation applications, that include a web interface with a total of 20,850
samples from 95 different projects, including 54 different body sites and individuals of 35
different countries.

However, before the introduction of microbiome analysis in the forensic toolkit, certain
hurdles should be overcome. Further research is needed on the influence on the microbiome
results of the time span between a trace is deposited at the crime scene and the collection of
a reference sample from a known suspect. As discussed before (Inter-individual and intra-
individual variation of the human microbiome), intra-individual variation in the microbial
community between the two time points (e.g. based on change in individual’s lifestyle habits,
disease onset) could make the comparison between crime and reference samples difficult or
not reliable. Additionally, the magnitude of the inter-individual variation on the applications
generalizability should be further assessed and tried to be solved at the data or analysis level.
Furthermore, most forensic microbiome studies are of small sample size. This can lead to big
differences between the analysed sample and the general population that arise simply by
chance, making it challenging to interpret the results and generalize the applications.
Regarding forensic validation, the analysis and deconvolution of mixed samples, from different
persons, is a pending task for the forensic microbiome community. This is already highly
complex when analysing mixed human DNA profiles of two or a few individuals and might be
much more tedious in microbiome profiles consisting of dozens or hundreds of
microorganisms. Lastly, in routine forensic investigations there is a very rigorous testing
framework in which the output is the likelihood ratio between the hypothesis being tested (e.g.
a known individual is the donor of a crime stain) vs. the null hypothesis (e.g. the crime stain
donor is any other random individual in the population). Same should be considered before
microbiome analysis is introduced in the forensic toolkit, though much further research and
validation into this is needed.

Conclusions and outlook

Besides the progress made with the research outcomes summarized in this thesis, and that
of others in recent years, the use of the human microbiome in forensic science is still in its
infancy. Nevertheless, as demonstrated here, with further research and appropriate validation
it holds a great promise in the forensic field, especially where other approaches show
limitations and challenges. With the studies performed as part of this thesis, we have proven
the potential of the human microbiome as a tool to answer relevant forensic questions. Firstly,
to answer the question ‘What happened at the crime scene?’, we have demonstrated the
forensic suitability of the human microbiome to accurately identify the body site of origin of
human biological stains by applying a novel taxonomy-independent deep learning approach
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(Chapter 2 and Chapter 3). Secondly, to answer the question ‘When did the crime happened?’,
we showed for the first time the future potential of targeting human bacteria for estimating the
time since deposition of saliva stains in the forensic scenario (Chapter 4). After further
research and appropriate forensic validation, this might be expanded to other forensically
relevant human stains than saliva ones. Lastly, to answer the question ‘Who committed the
crime?’, we introduced the use of the human microbiome for inferring host’s lifestyle habits
(e.g. cigarette smoking) in a forensic context. Moreover, we successfully applied a novel
analytical approach based on data augmentation and ML to address the class imbalance
problem commonly encountered in microbiome datasets, which is not only applicable in
forensics but generalizable to other microbiome-based prediction applications in other areas
of research (Chapter 5). Importantly, in our research we took special care to keep the
experimental and analytical analyses as homogenous as possible allowing for the comparison
between our studies and reference ones as well as data reanalysis.

Future forensic microbiome studies should carry out longitudinal experiments
evaluating the microbiome stability both in vivo (intra-individual variation) and ex vivo
(variation outside the human body after being deposited in the form of stains). With regard to
the former, the composition of the human microbiome is influenced by many factors, such as
environment (131, 132), health status (6), lifestyle habits (133, 134) or even human
relationships (135, 136). It remains to be further explored how these factors can influence the
comparison between the crime and reference samples in an investigation. Not only the
forensic community can benefit from this research, but it might help in some cases (e.g.
presence of disease) to unlock the paradigm whether intra-individual changes are a result of
the factor or the driving force of it, as well as how much time on average it takes for a complete
community shift under certain circumstances. Additionally, the stability of the microbiome ex
vivo is a main concern in forensics and may be desired depending on the application. The
study of this topic could also benefit other (medical) areas of research, where sample stability
(e.g. transportation, storage conditions) can introduce undesirable variation in the microbiome
results (137, 138).

Moreover, the forensic microbiome community should test multi-omics approaches for
answering relevant forensic questions. Studying ‘what organisms are present’ in a sample
(DNA-based analysis) is not enough to capture the entire complexity of the human
microbiome. It is known that community assembly is primarily mediated by functional niches
rather than a requirement for specific organisms (139, 140). Therefore, analysing ‘what the
microorganisms are doing’ from metatranscriptomics (141), metaproteomics (142) and
metabolomics (143) can help in adding new dimensions to the current knowledge. This can
be important, for example, in cases that we know that different bacteria can perform the same
function (e.g. lactic acid production in vagina), which based on DNA-based analysis might look
different, but not based on other data type, such as metabolomics data.

On another point, the research community should be aware of the ongoing
improvements of the long-read sequencing technologies, like Pacific Biosciences Sequel
(PacBio) and Oxford Nanopore MiniON platforms. These platforms are said to suffer from high
error rates in the range of 5% to 15% (37). However, a study was able to reduce the observed
error rate for the V1-V9 region of the 16S rRNA gene from 0.69 to 0.03% for PacBio data,
comparable to those of the lllumina systems (144). The long-read third-generation sequencing
platforms can offer several advantages over the short-read second-generation sequencing
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platforms, as they are able to sequence the full length of the genes of interest increasing
taxonomic resolution; hence, opening up new possibilities and applications options.

Finally, after considering the previous factors, the ultimate goal would be to develop
and carefully validate an all-in-one microbiome forensic tool. Current nucleic acids isolation
methods allow for the parallel extraction of both human and microbial nucleic acids. This is a
plus when, if enough material is available, both human- and microbial-based analysis can be
performed producing different pieces of information. From the microbial fraction, an all-in-one
tool could provide diverse facts based on the investigation questions. For instance, once the
microbiome data is produced, they could serve as the input for different prediction algorithms
for tissue/body fluid identification, estimation of the time since stain deposition and prediction
of the lifestyle habits (e.g. smoking) of the unknown donor of a trace, as we have investigated
in this thesis.
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Summary

SUMMARY

In the last few years, the human microbiome has attracted the attention of the forensic
research community as a promising tool to help answering questions in crime scene
investigation. Prerequisites were the previous developments and improvements of the
experimental and analytical tools for human microbiome analysis, the human microbiome
findings in the clinical field, and the increasing availability of microbiome data from different
locations of the human body in public repositories. The studies presented in this thesis were
some of the first to address forensic questions with the help of human microbiome analysis.
The questions addressed with human microbiome work in this thesis include ‘What happened
at the crime scene? (Part 1), ‘When did the crime happened?’ (Part Il) and ‘Who is the
perpetrator of the crime?’ (Part 111).

In Chapter 1 the overall topic and scope of this thesis is introduced. The chapter starts
with describing the concept of the human microbiome and its features relevant for the work
presented in this thesis. The chapter continues with the description, advantages and
limitations of the two most-widely used approaches to generate human microbiome data,
namely targeted amplicon sequencing and whole genome shotgun sequencing.
Subsequently, particular characteristics of human microbiome data are described, as well as
ways for analysing and interpreting such data. Lastly, | outline the applications of the human
microbiome in forensic science proposed prior to starting this thesis work and discuss some
caveats with previous studies that | aim to improve with my thesis work.

Part | introduces microbiome variation in vivo across human body sites for inferring the
body site of origin of forensically relevant, single-source human biological samples. When
applied to forensic practice in the future, this can help to evaluate the crime relevance of a
biological trace found at the crime scene as well as to reconstruct the events taken place at
the crime scene. Chapter 2 describes the body site of origin classification of epithelial
materials, namely saliva, skin and vaginal secretions. Our proposed approach is based on the
use of reference 16S rRNA gene sequencing data from the Human Microbiome Project (HMP)
of oral, skin and vaginal origin (N=1,636). These data covered the V1-V5 region of the 16S
rRNA gene from which we identified 240 nucleotide positions presenting high inertia among
the three reference body sites. The genomic information at those positions served to train 50
independent deep learning (DL) artificial neural networks (ANN) following a taxonomy-
independent approach. The output of the DL consisted of assigned classification probabilities
to each body site category (i.e. oral, skin, vagina) by means of averaging the output from the
50 DL networks. We validated our approach using 110 test samples from which we generated
de novo 16S rRNA gene sequencing data using the lon Torrent™ Personal Genome Machine
(PGM). Body site classification accuracy was very high for these test samples with AUC=0.99.
Additionally, we performed forensic validation in 41 mock casework samples mimicking
realistic and often encountered forensic scenarios (maximum sample age of 7.6 years). Our
taxonomy-independent DL approach also performed well in classifying these mock samples
to their corresponding body site of origin with AUC=0.99.

Chapter 3 describes the body site of origin classification of blood materials, namely
venous blood, menstrual blood, nasal blood and fingerprick blood. In this case, the HMP data
repository lacked reference data for these fluids. Consequently, we used as reference HMP
microbiome data from the body sites from which forensic blood stains could originate i.e.
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vaginal epithelium (for menstrual blood), nasal mucosa (for nasal blood) and skin epithelium
(for fingerprick blood) (N=623). Moreover, we generated de novo data for venous blood
(N=150) due to the absence of publicly available data suitable to be used as reference. The
lon S5™ sequencing platform was used for the de novo sequencing data generation. We
newly selected 920 nucleotide positions in the V1-V5 region of the 16S rRNA gene for DL
ANN training. We further validated our approach using 94 test samples from which high
classification accuracy was obtained for all the body site categories with AUC=0.98. We also
proved that the day of menses had no effect on the correct classification of menstrual blood
samples to the vaginal category. Last, we performed forensic validation in 45 mock casework
samples (maximum sample age of 21 years), from which correct body site classification was
also revealed for many of the samples with AUC=0.79-0.93.

Part Il introduces human microbiome variation ex vivo (i.e. once it is out of the human
body in the form of biological stains) for estimating the time since deposition of human
biological samples. When applied to forensic practice in the future, this can be valuable for
providing with clues on when a DNA-identified stain donor left the biological trace behind at
the crime scene. Such information can also be useful to find unknown perpetrators and can
help the police to assess alibis given by known suspects. Moreover, when multiple stains are
found at the scene belonging to different donors, information on their time since deposition
may aid investigators select the ones with the highest investigative value for further analysis,
if the time of the crime is known. In Chapter 4 we chose saliva as the human biological trace
for estimating the time since deposition based on its forensic relevance, its high loads of
bacteria and because it harbours one of the most stable microbiome communities in the
human body. Firstly, we identified the most abundant and prevalent bacterial species in
human saliva using publicly available 16S rRNA gene sequencing data from 1,848 samples.
Next, we assessed time-dependent changes in 15 identified species using de novo generated
16S rRNA gene sequencing data (lllumina Miseq) in saliva stains of two individuals exposed
to indoor conditions for different time intervals up to 1 year. From this data, we selected four
bacterial species i.e. Fusobacterium periodonticum, Haemophilus parainfluenzae, Veillonella
dispar, and Veillonella parvula showing statistically significant time-dependent changes and
developed a 4-plex qPCR assay for their targeted analysis. Then, we applied the assay to
saliva stains of 15 individuals exposed to indoor conditions for different time intervals up to 1
month. From this independent and enlarged dataset, we confirmed that the four targeted
bacteria presented significant time-dependent changes. Thereafter, based on the high inter-
individual variation observed, we built individual-specific linear regression models for
predicting the time since stain deposition, resulting in an average mean absolute error (MAE)
of 5 days. Overall, the deposition time of 181 (82%) stains was correctly predicted within one
week. Prediction models were also assessed in stains collected from the same individuals
seven months later and exposed to similar conditions, resulting in an average MAE of 9 days.
With this study, we demonstrated the potential of targeting human bacteria for estimating the
time since deposition of saliva stains in the forensic scenario, which in the future might be
expanded to human stains originating from other forensically relevant body sites.

Part 11l introduces the use of the human microbiome for inferring host’s lifestyle habits
from human biological traces, with the example of cigarette smoking. Typically, smoking data
are collected for medical/research purposes via self-reported questionnaires that might be
unreliable, which could be overcome by microbiome-based prediction of smoking habits. In
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addition, such knowledge can add valuable information on the long-term lifestyle habits of a
patient in a diagnostic setting. In a forensic setup, it could help finding unknown perpetrators
of a crime by providing an investigative lead; hence, reducing the suspect pool to those that
habitually smoke. In Chapter 5 we first introduced a novel analytical approach based on data
augmentation and machine learning (ML) to address the class imbalance problem in
microbiome-based classification and applied it to the question of smoking habits prediction as
example. For that, we collected publicly available 16S rRNA gene sequencing data and
associated smoking habits metadata from two studies where class imbalance was an
unavoidable issue i.e. 175 smokers vs. 1,070 non-smokers. Three different data augmentation
techniques: synthetic minority oversampling techniqgue (SMOTE), adaptive synthetic
(ADASYN) and tree-based associative data augmentation (TADA) were applied together with
seven ML methods: logistic regression, k nearest neighbors, support vector machine with
linear and radial kernels, decision trees, random forest, extreme gradient boosting. K-fold
nested cross-validation was used with the different augmented data types and baseline non-
augmented data to validate the prediction outcome. We found that combining data
augmentation with ML generally outperformed baseline methods and that combining TADA
and support vector machine with linear kernel achieved the best prediction outcome. In this
study, we successfully addressed the issue of class imbalance in microbiome data for reliable
classification and proposed a generalizable approach to other data and classification
problems. Moreover, we presented the first-of-its-kind solution for microbiome-based
prediction of smoking habits from saliva 16S rRNA gene sequencing data despite of the issue
of class-imbalanced data.

Chapter 6 provides a general discussion of the results presented in Chapters 2-5 of
this thesis. | discuss the technical side of the microbiome research, including the lack of
consensus in the field, potential biases introduced throughout different steps of the
microbiome pipeline and how to avoid or reduce them during microbiome analysis. | also
consider current hurdles in the microbiome research that stem from the underrepresentation
of certain microbiomes in the literature and the absence of metadata standardization. This
chapter also focuses on the effect of inter- and intra-individual variation in the microbiome
results. Finally, | discuss the specific forensic considerations that need to be further
investigated before the microbiome work performed as part of this thesis can be included in
the forensic toolkit for practical casework analysis, like sample collection and deposition and
stability of the microbiome in forensic traces.

With the research described in this thesis, |, together with my colleagues and co-
authors of the respective scientific publications, have proved the large potential of the human
microbiome to answer forensically relevant questions. Although the use of the human
microbiome in forensics is still in its infancy, the research presented in this thesis, and more
to come in the future, holds great promises that eventually human microbiome analysis will
become an integral part of forensic analysis, especially whenever other approaches show
limitations.
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SAMENVATTING

De laatste jaren heeft het humane microbioom de aandacht getrokken van de forensische
onderzoeksgemeenschap als een veelbelovend hulpmiddel dat een rol kan spelen bij het
beantwoorden van vragen in forensisch zaakonderzoek. Dit was alleen mogelijk door eerdere
ontwikkelingen en verbeteringen van de experimentele en analytische hulpmiddelen voor
humane microbioom analyse, uitkomsten van klinisch humaan microbioom onderzoek, en de
toenemende beschikbaarheid van openbare microbioom data van verschillende locaties in en
op het menselijke lichaam (‘body sites’). De studies die in deze thesis worden gepresenteerd
behoren tot de eerste die forensische vraagstellingen het hoofd bieden met behulp van
microbioom analyse. De vraagstellingen die in deze thesis worden behandeld zijn: ‘Wat is er
gebeurd op het plaats delict?’ (Deel 1), ‘Wanneer is de misdaad gepleegd?‘ (Deel Il) en ‘Wie
is de dader van het misdrijf?’ (Deel 111).

In Hoofdstuk 1 worden het onderwerp in brede zin en de reikwijdte van deze thesis
geintroduceerd. Het hoofdstuk begint met een beschrijving van het concept van het humane
microbioom en haar relevante eigenschappen voor het werk gepresenteerd in deze thesis. Dit
hoofdstuk gaat verder met een beschrijving van de twee meest gebruikte benaderingen voor
het genereren van humaan microbioom data, namelijk: ‘targeted amplicon sequencing’ en
‘whole genome shotgun sequencing’; van beide technieken worden ook de voordelen en de
beperkingen besproken. Vervolgens, worden bijzondere eigenschappen van microbioom data
beschreven, evenals manieren om dergelijke data te analyseren en te interpreteren. Tenslotte
schets ik de contouren van toepassingen van het humane microbioom in forensische
wetenschappen zoals beoogd voorafgaande aan de start van het onderzoek voor deze thesis.
Tevens bespreek ik enkele tekortkomingen van eerdere studies die ik tracht te ondervangen
met het werk gepresenteerd in mijn thesis.

Deel | introduceert microbioom variaties, in vivo, tussen verschillende plaatsen van
het lichaam welke kunnen worden gebruikt voor het afleiden van de oorsprong van forensisch
relevante, humane biologische monsters vanuit een enkelvoudige bron. Wanneer toegepast
in toekomstig forensisch zaakonderzoek, dan kan dit helpen om te relevantie van een
biologisch spoor gevonden op het plaats delict te beoordelen, alsmede helpen om een
reconstructie te maken van de gebeurtenissen die zich daar af hebben gespeeld. Hoofdstuk
2 beschrijft de classificatie van de oorspronkelijke body sites van epitheel materiaal, namelijk:
speeksel, huid en vaginale afscheiding. Onze voorgestelde aanpak is gebaseerd op het
gebruiken van referentie 16S rRNA gen sequentie data van het ‘Human Microbiome Project’
(HMP) van orale, huid en vaginale origine (N=1,636). Deze data omvatten de V1-V5 regio van
het 16S rRNA gen waaruit we 240 nucleotide posities hebben geidentificeerd die veelal
verschillen tussen de drie onderzochte plaatsen van het lichaam. De genomische informatie
op deze posities werd gebruikt om 50 onafhankelijke ‘deep learning’ (DL) artificiéle neurale
netwerken (ANN) te trainen, gebruikmakend van een taxonomie-onafhankelijke aanpak. De
output van het DL algoritme bestond uit toegewezen classificatie waarschijnlijkheden voor
elke body site categorie (d.w.z. speeksel, huid, en vaginaal), deze waarden werden bepaald
door het gemiddelde van de 50 DL netwerken te nemen. We hebben onze aanpak gevalideerd
gebruikmakend van 110 monsters waarvan we de novo 16S rRNA gen sequentie data hebben
gegenereerd met behulp van de lon Torrent™ Personal Genome Machine (PGM). De
nauwkeurigheid van de body site classificatie was hoog voor deze monsters met aan
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AUC=0.99. Daarnaast hebben we een forensische validatie uitgevoerd op 41 nagemaakte
forensische zaakmonsters, welke realistische en vaak voorkomende forensische scenario’s
vertegenwoordigden (maximaal 7.6 jaar oud). Onze taxonomie onafhankelijke DL aanpak
presteerde ook goed in de classificatie van deze samples aan hun respectievelijke body site
origine met aan AUC=0.99.

Hoofdstuk 3 beschrijft de classificatie van de body site origine van bloedmaterialen,
namelijk: veneus bloed, menstruatiebloed, nasaal bloed en vingerprik bloed. In dit geval waren
er geen publieke data gegenereerd vanuit deze vloeistoffen beschikbaar in de HMP
dataopslag. Daarom hebben we de HMP referentiedata van de body sites waar de forensische
bloedsporen vandaan kunnen komen gebruikt, d.w.z. vaginaal epithelium voor
menstruatiebloed, nasale slijmvliezen voor nasaal bloed en huid epitheel voor vingerprik bloed
(N=623). Daarnaast hebben we de novo data gegenereerd voor veneus bloed (N=150) omdat
geschikte referentiedata niet publiekelijk beschikbaar was. Het lon S5™ sequencing platform
is gebruikt om de de novo sequentie data te genereren. Deze keer hebben we 920 nucleotide
posities geselecteerd in de V1-V5 regio van het 16s rRNA gen voor de DL ANN training. We
hebben onze aanpak gevalideerd met behulp van 94 test monsters waaruit bleek dat een
hoge nauwkeurigheid van classificatie kon worden behaald voor alle categorieén van body
sites met een AUC=0.98. We hebben ook aangetoond dat de dag van de menstruatie geen
effect had op het correct classificeren van menstruatiebloed in de vaginale categorie.
Tenslotte, hebben we forensische validatie uitgevoerd in 45 nagemaakte zaakmonsters
(maximaal 21 jaar oude monsters), ook dit resulteerde in correcte classificatie van veel van
de monsters met aan AUC=0.79-0.93.

Deel Il introduceert humane microbioom variatie ex vivo (d.w.z. vanaf het moment dat
het zich buiten het menselijke lichaam bevindt in de vorm van een biologisch spoor) om de
tijd sinds de plaatsing van het humane biologische spoor in te schatten. Wanneer in de
toekomst toegepast in de forensische praktijk dan kan deze bepaling waardevol zijn om zo
aanwijzingen te geven over wanneer een d.m.v. DNA geidentificeerde donor het biologische
spoor heeft achtergelaten. Dergelijke informatie kan bruikbaar zijn om onbekende daders te
vinden en kan de politie helpen om alibi’'s van bekende verdachten te verifiéren. Tevens, als
meerdere sporen, die toebehoren aan verschillende donoren, zijn gevonden op het plaats
delict dan kan informatie over de tijd sinds de plaatsing van het spoor de onderzoekers helpen
om te beslissen welke van de sporen de meeste relevantie kunnen hebben voor het
onderzoek en verdere analyse behoeven, mits de tijd van het misdrijf bekend is. In Hoofdstuk
4 hebben we speeksel gekozen als het type humaan biologische spoor om de tijd sinds de
plaatsing van het spoor te bepalen. Deze keuze is gemaakt gezien de forensische relevantie,
de grote hoeveelheid aanwezige bacterién, en de relatief stabiele microbioom compositie
vergeleken met andere body sites, van dit type biologisch materiaal. Eerst hebben we de
meest voorkomende bacteriéle soorten in humaan speeksel geidentificeerd gebruikmakend
van publiekelijk beschikbare 16S rRNA gen sequentie data van 1,848 monsters. Daarna
hebben we de tijdsafhankelijke verandering van 15 geidentificeerde soorten beoordeeld
m.b.v. de novo gegenereerde 16S rRNA gen sequentie data (lllumina Miseq) vanuit speeksel
sporen van twee individuen die waren blootgesteld aan binnenshuise condities voor
verschillende intervallen met een maximum van één jaar. Vanuit deze data hebben we vier
bacteriéle soorten geselecteerd, namelijk: Fusobacterium periodonticum, Haemophilus
parainfluenzae, Veillonella dispar, en Veillonella parvula, die allen statistisch significante
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tijdsafhankelijke veranderingen toonde en voor deze vier soorten hebben we vervolgens een
4-plex gPCR test ontwikkeld voor een gerichte kwantitatieve analyse van deze soorten.
Daarna hebben we deze test toegepast op aan binnenshuise condities blootgestelde speeksel
monsters van 15 individuen die met verschillende intervallen van maximaal één maand zijn
verzameld. Met deze onafhankelijke en uitgebreidere dataset konden we bevestigen dat dat
de vier geselecteerde bacteriesoorten inderdaad tijdsafhankelijke verschillen vertoonden.
Hierna hebben we, gezien de hoge interindividuele variantie, individu-specifieke lineaire
regressie modellen gebouwd om de tijd sinds de plaatsing van het spoor te voorspellen, dit
resulteerde in een gemiddelde ‘mean absolute error’(MAE) van vijf dagen. De tijd sinds de
plaatsing van 181 sporen (82%) werden in de correcte week voorspeld. De
voorspellingsmodellen werden ook getoetst met sporen van dezelfde individuen zeven
maanden later en onder vergelijkbare condities bewaard, dit resulteerde in een gemiddelde
MAE van 9 dagen. Met deze studie hebben we de potentie aangetoond van een op humane
bacterién gerichte aanpak voor het schatten van de tijd sinds de plaatsing van speeksel
sporen in een forensisch scenario, hetgeen in de toekomst wellicht van worden uitgebreid
naar humane sporen die hun oorsprong vinden in andere forensisch relevante body sites.
Deel Il introduceert het gebruik van het humane microbioom voor het afleiden van
menselijke leefstijl vanuit humane biologische sporen, met als voorbeeld het roken van
sigaretten. Doorgaans wordt data omtrent rookgedrag verzameld voor medische/
onderzoeksdoeleinden d.m.v. zelf-gerapporteerde enquétes die onbetrouwbaar zouden
kunnen zijn, dit zou kunnen worden ondervangen door op het microbioom gebaseerde
voorspelling van rookgedrag. Daarnaast zou dergelijke kennis waardevolle informatie kunnen
bieden over de lange termijn leefstijl gewoonten van een patiént in een diagnostische setting.
In een forensisch scenario zou het kunnen helpen om onbekende daders van een misdrijf te
vinden door een aanknopingspunt voor het onderzoek te bieden, dus door de groep van
verdachten te beperken tot de rokers. In Hoofdstuk 5 introduceren we een nieuwe
analytische aanpak gebaseerd op data ‘augmentation’ en ‘machine learning’ (ML) om het
‘class imbalance’ probleem in op microbioom gebaseerde classificatie te adresseren en
hebben we het toegepast op de vraag omtrent het voorspellen van rookgedrag, als voorbeeld.
Daarvoor hebben we publiek toegankelijke 16S rRNA gen sequentie data en daaraan
verbonden metadata van rookgedrag van twee studies verzameld waar ‘class imbalance’ een
onontkoombaar probleem was, d.w.z. 175 rokers t.0.v. 1,070 niet-rokers. Drie verschillende
data ‘augmentation’ technieken: ‘synthetic minority oversampling technique’ (SMOTE),
‘adaptive synthetic’ (ADASYN) en ‘tree-based associative data augmentation’ (TADA) zijn
toegepast in combinatie met zeven ML methoden: ‘logistic regression’, 'k nearest neighbors’,
‘support vector machine with linear and radial kernels’, ‘decision trees’, ‘random forest’, en
‘extreme gradient boosting’. ‘K-fold nested cross-validation’, is gebruikt om met de
verschillende typen ‘augmented data’ en als nulmeting de ‘non-augmented data’ om de
predictie uitkomsten te valideren. We hebben gevonden dat het combineren van ‘augmented
data’ met ML over het algemeen de beter presteerde dan de nulpuntsmeting methoden en dat
TADA en ‘support vector machine with linear kernel’ de beste voorspelling opleverde. In deze
studie hebben we met succes het probleem van ‘class imbalance’ in microbioom data voor
betrouwbare classificatie geadresseerd en hebben we een voorstel gedaan voor een
gegeneraliseerde aanpak voor andere data en classificatie problemen. Hiernaast hebben we
een oplossing voor microbioom gebaseerde voorspelling van rookgedrag vanuit speeksel met
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Samenvatting

16S rRNA gen sequentie data ondanks het probleem met ’'class imbalance data’, deze
oplossing in de eerste van zijn soort.

Hoofdstuk 6 geeft een algehele discussie van de resultaten getoond in Hoofdstuk
2-5 van deze thesis. Ik bediscussieer de technische kant van microbiome onderzoek, inclusief
het gebrek van overeenstemming in het veld, potentiéle vooringenomenheden geintroduceerd
gedurende de verschillende stappen van de microbioom pipeline en hoe deze kunnen worden
voorkomen of verminderd tijdens microbioom analyse. Ik neem ook de huidige obstakels bij
microbioom analyse die voortkomen uit de onderrepresentatie van bepaalde microbiomen in
de literatuur en het gebrek aan standaardisatie van metadata in ogenschouw. Dit hoofdstuk
richt zich ook op het effect van inter- en intra-individuele variatie in microbioom resultaten. Tot
slotte, bediscussieer ik de specifiek forensische overwegingen die nader onderzoek behoeven
alvorens microbioom werk, zoals gepresenteerd in deze thesis, kan worden opgenomen in de
forensische gereedschapskist voor analyses in zaakwerk, zoals bemonstering, opslag en
stabiliteit van het microbioom in forensische sporen.

Met het onderzoek beschreven in deze thesis heb ik, samen met mijn collega’s en
coauteurs van de verschillende wetenschappelijke publicaties, bewezen dat humane
microbioom analyse een grote potentie heeft om forensisch relevante vragen te
beantwoorden. Ondanks het feit dat humane microbioom analyse in het forensische werkveld
nog in zijn kinderschoenen staat, zijn de onderzoeken in deze thesis en het onderzoek dat
hierop zal volgen veelbelovend. In het bijzonder waar andere typen analyse gebreken
vertonen, daar zal uiteindelijk humane microbioom analyse een integraal onderdeel van
forensische analyse kunnen worden.
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