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Chapter 3

Personalized microbial network inference
via co-regularized spectral clustering

3.1 Introduction and background
Although oral health has a great influence on an individual’s quality of life [184], dental
medicine has focused mainly on disease states, comparing healthy and unhealthy individuals
([1], [78]). While this approach has proved its practical usefulness, it has not explained why
certain healthy individuals are prone to disease than others. Recent changes in computational
biology methods now provide oral health scientists with access to large amounts of -omics
data, which promise potentially novel insights into the underlying patterns of the healthy oral
state. A rapid reduction in costs and the rapid development of computational algorithms now
allow oral microbiota to be analyzed at a metagenomics level. However, mining metage-
nomics datasets is not a trivial task, and there are many questions on how to get a general
overview of microbial communities on the OTU (Operational Taxonomical Unit) level.

We aim to answer an important question in the study of metagenomics: whether micro-
bial species are present either in a single homogenous population in their own ecological
niche, or in several distinct interacting communities. Understanding such interactions could
lead to more effective treatment strategies of dental diseases in which microorganisms play
role in their progress. We see three main challenges on the way to achieve goal of having
novel insights in microbial network interactions of bacterial communities. The first concerns
the best method of finding groups or clusters hidden behind the data. Publicly available
datasets such as those collected during the Human Microbiome Project (HMP) [153] pro-
vide excellent opportunities to test the applicability of various clustering approaches. For
instance, it is possible to incorporate existing knowledge about phylogenetic tree-based dis-
tances [176]. However, a single method can have disadvantages, and it is sometimes better
to combine several clustering algorithms to get more accurate results [94].

The second challenge is that although clustering by itself provides better understanding
of the groupings of microbial communities, a more comprehensible means of visualization is
frequently required. A microbial network is one such mean because a network representation
of bacterial community gives an intuitively better way of understanding interactions between
microbial groups. This understanding may lead to better treatment procedures and results.
When we talk about networks we mean all biological networks in a wide range. They include
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protein, gene or microbial interaction networks. Such networks could be constructed at
multiple levels, such as cellular, ecological and supra-organismal [20]. Biological networks
provide many advantages like, for example, identification of early-warning signals associated
with the critical transition in disease progression [128]. By analyzing them it is also possible
to discover robust and specific biomarkers of disease [140]. Due to their visual simplicity,
biological networks reveal important components of biological systems such as essential
genes by identifying important topology nodes such as bottlenecks in regulatory networks
[236].

Thirdly, it is possible to build a network based on a single individual’s data and apply
specific treatment per individual based on his or her -omics profile. Such personalized ap-
proach allows applying the right treatment on the right cause at the right moment of time for
the particular patient [73], [63]. Thus, clustering algorithms can be combined with network
visualization methods to use personalized medicine in any medical field.

Taking into account all these challenges, one might wonder if it is practically possible
to combine clustering algorithms, biological networks, complex metagenomics data, and
personalized clinical treatment. To support our claim that the answer is ”Yes”, we wished to
establish whether there are any differences in microbial interactions on personalized network
level in healthy oral samples acquired from various niches during HMP study. Firstly, we
were inspired by Huttenhower et al. [95] who demonstrated the value of Nearest Neighbor
Networks (NNN) for generating clusters of genes with similar expression profiles. NNN
is a graph-based algorithm which prompted us to use the graph-theory-based clustering
method to reveal clusters in metagenomics data. To reveal co-occurence relationships among
OTU, we used adapted spectral clustering algorithm [222], particularly suited for complex
metagenome data [203] because it outperforms other clustering algorithms such as K-means
and hierarchical clustering. Furthermore, Faust et al. [67] provided a concise review of
co-occurence and correlation networks among bacterial communities derived from 16s py-
rosequencing data. On the basis of HMP data in their other work, Faust et al. [68] also
demonstrated how and what kind of co-occurrence relationships can be found in microbial
networks in healthy individuals.

A major difference between our study and that of other authors is personalization of a
microbial network and the use of state-of-the-art unsupervised machine learning methods.
Unlike in previous studies, we first merged niche-based samples to represent human individ-
uals. Only then did we apply statistical machine learning algorithms to stratify individuals
according to their oral microbiota. Once such personalized stratification has been completed,
we clustered microbial species per group to examine them more closely on different micro-
bial networks that can be visualized in various ways, such as these described by Tumminello
et al. [206] or by Shannon et al. [182]

3.2 Materials and methods

3.2.1 Co-regularized spectral clustering algorithm
In this chapter we used an adapted version of the multi-view clustering method described
in [203]. Consider we are given a dataset containing multiple representations. Let X(v) =

{x(v)
i }ni=1. Note that here superscript v denotes the representation for a single view. Let A(v)
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denote an adjacency matrix of the graph constructed using the data representation in a view
v. We can write the normalized Laplacian matrix as L(v) = D(v)−1/2A(v)D(v)−1/2, where
D(v) is the corresponding degree matrix. Following [146] the standard special clustering
problem (or single view spectral clustering [110]) solves the optimization problem

argmin
Q(v)∈Rn×c

tr
(
Q(v)TL(v)Q(v)

)
, s.t. Q(v)TQ(v) = I (3.1)

where Q(v) ∈ Rn×c denotes the cluster assignment matrix and c is number of predefined
clusters. In standard spectral clustering the final cluster membership is obtained by applying
the k-means algorithm on the rows of the matrix Q(v).

In our work we follow derivation described in [203] to obtain cluster assignment matrix

Jc =
M∑
v=1

c∑
l=1

‖H(v)q
(v)
l − q

(v)
l ‖

2 =

=
M∑
v=1

c∑
l=1

[q
(v)T
l ((H(v) − I)T (H(v) − I))q

(v)
l ] =

= tr[QT ((H− I)T (H− I))Q],

where Q is a (Mn × c) matrix containing the cluster assignments for all views and H is a
(Mn ×Mn) matrix containing predictions of the linear classifiers. Thus, the optimization
problem we solve to determine cluster assignment matrices for all views is

argmin
Q∈RMn×c

tr[QT ((H− I)T (H− I))Q] s.t. QTQ = I (3.2)

The above problem is closely related to the standard spectral clustering and the solutions are
given by top-c eigenvectors of the matrix L = (H− I)T (H− I).

3.2.2 Dataset description and preprocessing
The selected clustering approach was tested on publicly available dataset. The dataset was
downloaded from Human Microbiome Project website ([145, 153]). Namely, we used V35
Mothur Output File originally containing 27483 OTU counts for 5372 samples collected
from eighteen body locations. We subsampled the dataset so that it includes only nine oral
samples referring to following niches: saliva, buccal mucosa (cheek), keratinized gingiva
(gums), hard palate, palatine tonsils, tongue dorsum, throat, supra- and subgingival dental
plaque (tooth biofilm above and below the gum). The choice of those particular sites is de-
termined by clinical relevance in understanding mechanisms of oral diseases such as caries,
gingivitis and periodontitis.

Then we created a dataset which represents individual persons by their oral samples. In
this dataset each row is constructed by stacking all nine oral niches together so that it would
be possible to apply clustering on individual level, not on OTU level. Not all individuals
had all nine oral niches sampled. Since we were not interested in such individuals, we
did not include them in the personalized dataset. Some individuals were sampled in a few
visits. For such individuals we took only samples collected during the first visit. As a result
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we obtained a dataset including 177 individuals. To improve speed of calculations and to
consider only most abundant OTU, we reduced the amount of features by removing those
in which amount of non zero counts per feature was below 60 (roughly one third amount of
individuals). Resulting dataset contained 635 most abundant OTU found in all 9 locations
for 177 individuals. Then, we normalized the dataset by forcing row-wise sum to be equal
to one. Next, all features were linearly scaled between 0 and 100.

3.2.3 Personalized network inference and visualization
Network inference and visualization procedure consists of three subsequent steps. In the first
step we stack all oral samples together such that each individual will be represented by his
oral microbiota as a row in the dataset. The second step is to cluster individuals based on
their microbiota to find groups with similar microbial composition. Also, in this step we
transpose the dataset per each cluster we found. Next, we again perform clustering but now
on OTU level. Clustering and construction of co-occurence matrix is based on the work of
Luxburg [222] and Tsivtsivadze et al. [203]. In the third step we visualize resulting co-
occurence matrices as a network of interactions. In such networks OTU are represented by
network nodes while similarities between them are represented by connecting edges. Short
summary of the method workflow is depicted in Figure 3.1.

3.2.4 Methods summary
To summarize the method description we point out following details. As an input for our
method we use HMP data on OTU counts. As an output we get a network of OTUs according
to the personalized profile of individuals. This network is visualized by a figure where OTUs
are nodes and their mutual co-occurence scores are edges. We used HMP database ([145,
153]) to get OTU counts dataset. As a clustering tool we used spectral clustering based
on the work of Luxburg [222] and Tsivtsivadze et al. [203]. Visualization of clustering
as a network was done via using two different tools, such as filtering complex information
systems by Tumminello et al. [206] and Cytoscape by Shannon et al. [182].

3.3 Results

3.3.1 Clustering of individuals and defining groups with similar micro-
bial composition

To construct co-occurence matrix per individual, the co-regularized algorithm was applied
to the preprocessed dataset. We ran clustering with predefined number of clusters ranging
from 2 to 5. Next, we compute the co-occurrence matrix according to consensus algorithm
described by Grotkjaer et. al. [79]. Afterwards, resulting co-ooccurence matrix was rear-
ranged so that the clusters of co-occurences would be seen immediately. Heatmap plot of the
ordered co-occurence matrix is depicted in Figure 3.2.

The co-occurence matrix is a representation which summarizes multiple clustering results
into a single array. In symmetric case it has as many rows and columns as examples in the
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Figure 3.1: Workflow of the method. The workflow consists of three steps. In the first
step we stack all oral samples together such that each individual will be represented by his
oral microbiota. The second step is to cluster individuals based on their microbiota to find
groups with similar microbial composition, and later to transpose the dataset per each cluster
to perform clustering again, but on OTU level. In the third step we visualize resulting co-
occurence matrices as a network of interactions.
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clustered dataset. Element Ai,j of a co-occurence matrix A represents co-occurence score
of examples i and j. Co-occurence score is calculated as a total count of how many times
these two examples were labeled with the same clustering label divided by the total count
of clustering runs. Obviously, if two examples are labeled by the same arbitrary label in
all simulations then co-occurence score has a value of 1. For the same reason all diagonal
elements of the matrix are always equal to 1. Normally co-occurence score varies between
1 and 0, and some sorting of both rows and columns is required for the better visualization.
The best way to visualize co-occurence matrix is to plot a heatmap of the sorted co-occurence
matrix where axes represent indices of examples. This was done in Figures below.
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Figure 3.2: Sorted co-occurence matrix of clustering of individuals. This plot displays
two groups of individuals. Group 1 clusters about 61 individuals together and it is located
in the upper left corner of the heatmap. Group 2 clusters about 116 individuals together and
it is located in the lower right corner. Numbers on axes are symmetrical and they represent
sorted indices of individuals.

Based on Figure 3.2 we see two groups of individuals. Group 1 clusters about 61 individ-
uals together and Group 2 clusters 116 individuals. It is assumed that within each of these
two groups individuals share similar microbial composition while individuals in different
groups have distinct microbial composition. Therefore, we can split initial dataset into two
groups and apply co-regularized spectral clustering on OTU per each group of individuals
treating them as separate datasets. These datasets were used in the next experiment reported
in the following subsection.

3.3.2 Clustering of microbial species per cluster of similar individuals
After clustering individuals, we need to examine a difference in microbial compositions
between group 1 and group 2. Therefore, we repeated co-regularized spectral clustering
experiment as we did in previous subsection. However, the datasets were transposed so
that the clustering was done on OTU level. Figures 3.3, 3.4 depict heatmaps of sorted co-
occurence matrices of these experiments.
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Figure 3.3: Sorted co-occurence matrix of clustering of OTU per group 1. This plot do
not display clearly distinctive clusters of OTU having only a large cluster of OTU in the
centre and two smaller clusters in the upper left and lower right corners. Numbers on axes
are symmetrical and they represent sorted indices of OTU.
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Figure 3.4: Sorted co-occurence matrix of clustering of OTU per group 2. This plot
displays two distinct OTU clusters with roughly equal size. Similarity scores within clusters
are very high suggesting that intracluster similarity between OTU is high. Numbers on axes
are symmetrical and they represent sorted indices of OTU.
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Figures 3.3, 3.4 allow us to zoom into the differences between groups. We see that the
plot depicted on Figure 3.3 is different from the one depicted on Figure 3.4. On the group
1 plot we do not see clearly distinctive clusters of OTU although we see a big group in the
centre of the Figure 3.3. The Figure 3.4, however, has two distinct OTU clusters with roughly
equal size. Thus, we expect the networks visualized from such personalized datasets to be
very different from each other. We expect to have two distinct clusters in network for group
2 and one cluster for the network visualized from the data of group 1. Those assumptions
were checked and reported in the next subsection.

3.3.3 Personalized network visualization of bacterial species within each
cluster

Network visualisation requires converting pairwise similarity matrix to a 2-dimensional graph.
Such graph can be plotted so that similar nodes will be closer to each other and dissimilar
nodes will be further away from each other. The connections are visualized by edges. In
this work we used algorithm by Tumminello et al. [206]. The algorithm filters complex
datasets by extracting a subgraph of representative links, giving filtered graphs that preserve
the hierarchical organization of the minimum spanning tree but containing a larger amount
of information in their internal structure. Network plots of co-occurence matrices for group
1 and group 2 are depicted in Figure 3.5. As we expected, there are indeed two distinct sub-
networks in network for group 2 and one main network for the network visualized from the
data of group 1.

Figure 3.5: Networks visualized from co-occurence matrices of clustering OTU per each
group. This plot displays two distinct subnetworks in network for group 2 (Right plot) and
one main network for the network visualized from the data of group 1 (Left plot)

To give a better visual impression to a reader we also provide Figures with zoomed in
network representation for each subnetwork in each group. The network nodes are formatted
according to niche so that nich-wise interactions are seen in a more convincing way. Figure
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3.6 depicts main network of group 1, Figure 3.7 depicts subnetwork 1 of group 2, and Figure
3.8 depicts subnetwork 2 of group 2.

Figure 3.6: Zoomed network visualized from co-occurence matrix of clustering OTU in
group 1. This plot displays main network of group 1. Nodes are coloured according to the
corresponding niche

Network of group 1 does not show any obvious patterns in network topology. There
are no obvious hubs and bottlenecks. All OTU are connected with each other without
any dominating niche or OTU name. Most frequent OTU are Prevotellaceae, Flavobac-
teriaceae, Lachnospiraceae, Leptotrichiaceae, Veillonellaceae, Neisseriaceae, Actinomyc-
etaceae, Campylobacteraceae, Porphyromonadaceae.

OTU-wise and niche-wise networks of subnetwork 1 of group 2 depict a cluster topol-
ogy with several OTU closely connected to each other. Prevotellaceae, Flavobacteriaceae,
Lachnospiraceae dominate in this subnetwork. Niche-wise, most of the OTU belong to the
following niches: Muccosa, Throat/Tonsils, Supra/Sub Plaque. Hub OTU in the centre of
the dense cluster belongs Supra/Sub Plaque OTU which is outside of top 10 OTU list.

OTU-wise and niche-wise networks of subnetwork 2 of group 2 show topology similar
to subnetwork 1. There is a cluster of similar OTU and several others which do not belong
to this cluster but have high similarity. Like in subnetwork 1, Prevotellaceae, Flavobacteri-
aceae, Lachnospiraceae dominate in this subnetwork. Niche-wise, most of the OTU belong
to the following niches: Throat/Tonsils, Supra/Sub Plaque, Tongue, Hard Palate. Hub OTU
in the centre of the dense cluster belongs to Supra/Sub Plaque OTU which is outside of top
10 OTU list.

Besides network visualization algorithm described in [206], we also used Cytoscape as a
tool to visualize niche-wise interactions [182]. We used the hierarchical layout algorithm for
visualization, because it is good for representing main direction or ”flow” within a network.
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Figure 3.7: Zoomed subnetwork 1 visualized from co-occurence matrix of clustering
OTU in group 2. This plot displays subnetwork 1 of group 2. Nodes are coloured according
to the corresponding niche

Nodes are placed in hierarchically arranged layers and the ordering of the nodes within each
layer is chosen in such a way that minimizes the number of edge crossings. Plots of network
visualized from niche-wise lumped co-occurence matrices of clustering OTU per group 1
and group 2 are depicted in Figures 3.9, 3.10. To plot these networks we lumped original
OTU similarity matrices to the niche-wise levels. For each OTU we have the assignment to
particular niche. We calculated sum for all normalized OTU abundances per each pair-wise
niche similarity score and divided these sum values by total count per each niche-wise pair
so that niche-wise similarities are normalized and can be comparable with each other. As a
result, we get 9 by 9 niche-wise co-occurence score matrix where each element represents
similarity between all possible pair-wise combinations of all 9 niches. Next, we exported
these matrices per each group and visualized network representation of similarities. For
better visualization purposes only similarities above certain threshold levels are depicted in
the networks. As a similarity measurement we use a co-occurence score, assuming that
maximum co-occurence score of 1.0 indicates perfect similarity and, vice versa, minimum
co-occurence score of 0.0 indicates perfect dissimilarity.

Figure 3.9 depicts a network for group 1 without a clear clustering topology and without a
clearly observed single hub, but Saliva, Tongue Dorsum and Gingiva have more connections
with Palatine Tonsils and Subgingival Plaque. Almost all nodes have connections with other
nodes and with comparable similarity measurement values around 0.63-0.67. Contrary to
that, network for group 2 depicted on Figure 3.10 has two distinct clusters and number of
connections for each node is less that that in group 1 network. Comparing to group 1 both
plaque nodes in group 2 have stronger connections with each other via Buccal Mucosa.
Also in left-hand cluster of group 2 Palatine Tonsils was not included because its similarity
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Figure 3.8: Zoomed subnetwork 2 visualized from co-occurence matrix of clustering
OTU in group 2. This plot displays subnetwork 2 of group 2. Nodes are coloured according
to the corresponding niche

was below the threshold and thus lower than for the other nodes. Again, as in Figure 3.9,
Saliva and Tongue Dorsum have more intermediate connections than other niches. Similarity
measurements are in average higher that that for group 1 and vary in the interval of 0.83-0.90.

3.4 Discussion
The results of our study of healthy oral samples acquired from various niches during HMP
study suggest that microbial interactions on personalized network level differ in several ways.
Co-regularized spectral clustering showed two groups of individuals with a different topol-
ogy of their microbial interaction network; the microbial network suggested that niche-wise
interactions differed between them. According to their oral microbiota, healthy individuals
have different microbial clusters.

Explaining differences between revealed clusters of individuals would be possible if we
had an access to additional metadata of individuals associated with their dental hygiene sta-
tus and oral health related lifestyle habits. In our case we can speculate about connections
between oral microbiota clusters and dental hygiene habits. For example, plaque-related
group differences may arise from the fact how often an individual uses toothpicks to remove
plaque between teeth or whether he/she uses an electric toothbrush instead of a mechanical
one. Although such type of dental metadata were not collected during HMP study, we know
that all participants of HMP study were screened for general health criteria but that does not
necessarily mean that they have perfect oral health. Antunes et al. [4] conducted a com-
prehensive epidemiological survey of oral health of 1,799 healthy adolescents. They used a
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Figure 3.9: Network visualized from niche-wise lumped co-occurence matrix of clus-
tering OTU per group 1. Abbreviations refer to the following niches: S - saliva, BM -
buccal mucosa, AKG - attached keratinized gingiva, HP - hard palate, PT - Palatine Tonsils,
TD - tongue dorsum, T - throat, SpP - supragingival dental plaque, SbP - subgingival dental
plaque. Edge labels refer to the mutual similarity score between nodes

Figure 3.10: Network visualized from niche-wise lumped co-occurence matrix of clus-
tering OTU per group 2. Abbreviations refer to the following niches: S - saliva, BM -
buccal mucosa, AKG - attached keratinized gingiva, HP - hard palate, PT - Palatine Tonsils,
TD - tongue dorsum, T - throat, SpP - supragingival dental plaque, SbP - subgingival dental
plaque. Edge labels refer to the mutual similarity score between nodes
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gingival bleeding as an indicator of oral health and they found that over a third of participants
had gingival bleeding or dental calculus. Maida et al. [135] conducted a full-mouth peri-
odontal and oral examination in 70 subjects and they found 44.8% bleeding on probing and
22.9% normal pocket depth prevalence at subject level. Moreover, they found a significant
linear trend across categories of gingival conditions (healthy, bleeding on probing, calculus
presence) for P. intermedia and A. actinomycetemcomitans. These results may suggest that
in our study we found different groups of individuals with different gingival bleeding with
corresponding microbial niche interactions.

The idea that microbial network demonstrates organization among closely related indi-
vidual body sites such as those in oral cavity is not new and it was shown in Faust et al. [68].
However, unlike them, we have demonstrated personalized differences in such interactions.
Faust et al. used all samples in one network without distinguishing them on individuals. We
claim that due to this difference we found that Supragingival and Subgingival Plaque show
strong interactions with Throat/Tonsislis, Tongue, Hard Palate and Muccosa. In previous
studies Plaque was clustered separately and did not show interaction with other oral niches.
Another difference in our approach is the use of statistical machine learning techniques that
are applicable for analysis of complex metagenomic datasets.

If we lump all similarities on niche level, we found that Saliva, Palatine Tonsils and
Tongue Dorsum have the highest number of connections. The fact that Saliva has many
connections can be explained by the fact that it is a medium washing all niches. Higher con-
nections of Palatine Tonsils and Tongue Dorsum are not so straightforward to explain while
the fact that plaque is clustered separately could come from the nature of the environment,
because plaque is accumulated between tooth and gingiva. This ”hard tissue - soft tissue”
environment can create unique conditions resulting in unique microbial composition.

Our results are generally consistent with the earlier study of Segata et al. [176] in which
they show that Firmicutes, Bacteriodetes, Actinobacteria, Proteobacteria and Fusobacteria
are largely dominated in oral cavity. We found that there are three OTU dominating clusters
in group 2. They are Prevotellaceae, Flavobacteriaceae, Lachnospiraceae where the first
two belong to Bacteriodetes phylum and the last one belongs to Firmicutes phylum. Segata
et al. used clustering algorithm called linear discriminant analysis effect size (LEfSe). This
method is a feature selection method and it uses information about taxonomical differences
between bacteria. Unlike their method, we used clustering algorithm and it does not incor-
porate any taxonomical information into account. We consider the latter fact as an advantage
because our method is less biased and conclusions we found are based on the patterns hidden
behind the data.

We identified presence of network hubs in subnetworks 1 and 2 in group 2. Those hubs
belong to Supra- and Subgingival plaque OTU. Presence of plaque is an important part of
etiology of dental diseases such as periodontitis and gingivitis. If we consider biological
networks, Yu et al. [236] and J. Han et al. [83] showed that hubs in protein networks are
essential in functions of cell while Barabasi et al. [8] showed that the central elements of
biological networks in human disease are more important for the development of the dis-
ease than ones in the periphery of the network. Although, these findings suggest that hubs
of protein interactome networks are important in diseases progression, we can extend this
idea to metagenome networks, particularly in drug discovery process. Hopkins [91] sug-
gests that network methods can help to validate target combinations and optimize multiple

33



structure-activity relationships while maintaining drug-like properties in drug discovery in-
dustry. Based on our results, we claim that hubs found in our networks can be used as poten-
tial targets in treatment and/or prevention of oral diseases such as periodontitis, gingivitis,
caries.

In biomedical academic environment oral health has received less attention comparing to
other complex diseases such as cancer, diabetes, pneumonia or endocarditis. However, some
studies indicate that there is an association between oral infections and systemic diseases
e.g. [123]. Also, many academics involved in oral health research realize potential benefits
of -omics technologies in personalized dental treatment ([63], [160]). Such a personalized
treatment based on metagenomics data can shift treatment to more fine-tuned tailored ap-
proach.

3.5 Conclusions
We showed that application of our machine learning methods to complex -omics data can
lead to a personalized approach in oral health. Based on our results, we demonstrated that
co-regularized spectral clustering on oral metagenomics samples could discover personalized
microbial networks. Such networks provide important insights into microbial composition
and into understanding of complex microbial interactions, that can be successfully translated
into a clinical practice.
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