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Chapter 8

Metagenomic biomarkers of dental
plaque accumulation

8.1 Introduction and background
Oral health is an important part of general health. The oral cavity is the first entry point
of the human digestion and respiratory systems. Despite all the progress made in oral hy-
giene methods and on the prevention of common dental diseases, maintaining good oral
health still requires quite a lot of effort for many people, including tooth-brushing, period-
ical checkups and dental cleaning procedures. Whereas most studies on oral health have
mainly focused on the progression and treatment of oral disease, a little is known about
intrinsic biological parameters which provide resilience of the oral ecosystem against per-
turbing challenges, e.g., a period of suboptimal oral hygiene regime. Experimental data as
well as some isolated evidences in the scientific literature, suggest that biological interac-
tions between salivary components, the oral microbiota and the host defense system actively
promote the oral health status [85, 45, 48, 239]. This may be an indication that oral health
is the ability of the oral ecosystem to counteract perturbing stresses, i.e, a healthy individual
should demonstrate resilience towards perturbations in oral health status. These perturbing
conditions could include metabolic, inflammatory as well as oxidative stresses, induced by
diet, lifestyle and environment. To uncover interactions between these stress factors, one
should apply a perturbation to the oral ecosystem and explore how biological parameters in
the collected data change during this perturbation. From a computational point of view, the
latter step is done by using an appropriate statistical data analysis technique such as principal
component analysis or partitioning around medoids clustering [93, 114]. In this chapter a su-
pervised feature selection technique is applied to the microbial data collected during clinical
intervention study. In the biomedical domain, feature selection methods are often referred to
as biomarker selection methods.

The goal of supervised feature selection is to select a subset of input features, which can
efficiently describe the input data while reducing effects from noise or irrelevant features
and still provide good prediction results [80]. Selecting a smaller subset of features helps
to reduce training time, gain new insights about the studied phenomena, and reduce costs of
future data collection by removing redundant, irrelevant features. Useful predictive features
are the ones that allow predictions with low generalization error, using only these important
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features instead of a full feature set. Generalization error is an error on a new dataset which
was not seen by a model during training [86]. Hence, lower generalization error indicates
predictive power of selected features.

To perform supervised feature selection in oral health datasets, it is necessary to use la-
bels reflecting oral health status. It is known that oral diseases like caries and periodontitis
are caused by interactions between the host and dental plaque [136]. A correct assessment
of dental plaque aids the dental experts in the appropriate prognosis of a patients gingival
condition, their commitment to an oral hygiene programme [156]. Previous study by van
der Veen et al. [212] indicated that the red fluorescent plaque (RFP) provided an objective
measure of oral hygiene status and the amount of RFP after 24 hours plaque accumulation
was indicatory for the inflammatory response during a prolonged period of no oral hygiene.
Based on the resilience hypothesis mentioned above, it is expected that the oral microflora
should contain certain microbial biomarkers associated with the differences in oral hygiene
status of an individual and thus indirectly with the amount of red fluorescent dental plaque.
The main goal of the study described in this chapter is to find important biomarkers of the
oral microbiota with respect to dental plaque using feature selection technique applied to oral
metagenomics and red fluorescent plaque datasets. These biomarkers are expected to influ-
ence an individual’s ability to have a sufficient oral resilience to dental plaque accumulation.

The study described in this chapter is a proof of concept technology demonstration study,
aimed to show applicability of feature selection techniques to microbial data. Therefore, the
main focus is given to computational aspects of the model performance and a biological
interpretation of the study results is not provided.

8.2 Materials and methods

8.2.1 Dataset
The analyzed datasets were sequenced from samples collected during a clinical interven-
tion study which was conducted jointly at two departments: the Department of Preventive
Dentistry and the Department of Periodontology of the Academic Centre for Dentistry Am-
sterdam. During this intervention study which followed an experimental gingivitis protocol
[131], 61 systemically and orally healthy individuals were requested to refrain from any form
of oral hygiene for two weeks. The intervention aimed to study the dynamic changes in the
oral ecosystem, including but not limited to changes in red fluorescent plaque accumulation
levels [212] and shifts in oral microbiota. Both microbial and red fluorescent plaque datasets
were used in the feature selection simulations described in this chapter.

The simulations were performed using the labels derived from indirect visual planimet-
ric assessment of Quantitative Light-induced Fluorescence (QLF) images. This plaque as-
sessment methodology calculates RFP percentage [212] using the RFP analysis software
QA2 V1.25 (Inspektor Research Systems BV, Amsterdam, the Netherlands). Microbiolog-
ical shifts in the oral cavity were assessed by measuring changes in the microbiota of the
different niches of the oral cavity. These niches included dental plaque (interproximal, sub-
gingival, supragingival), unstimulated saliva and soft tissue plaque (tongue posterior plaque).

Microbial DNA was extracted by bacterial DNA isolation amplification of the 16S rRNA
gene, a component of the small subunit of prokaryotic ribosomes [108] sequenced on the Il-
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lumina MiSeq platform. The sequences were processed using with mothur package v.1.31.2
[174] and later grouped using Minimum Entropy Decomposition (MED) algorithm that clus-
ters 16S rRNA gene amplicons in a sensitive manner. MED provides a computationally
efficient means to partition marker gene datasets into ”MED nodes”, which represent homo-
geneous operational taxonomic units [64]. One group of participants (n=20) was requested
to take six doses of erythritol per day during the entire duration of the study. This group
was excluded from the feature selection simulations, resulting in a dataset with maximum
41 examples referring to a control group of participants who did not take erythritol. More-
over, dropout samples were removed, because of the lack of enough biological material for
sequencing.

The microbiological data collected at day 0 of the experimental period were regressed
to RFP labels data collected 14 days later. Hence, the goal of the regression model was
to predict the plaque labels 14 days before the actual plaque accumulation, using as few
microbiological features as possible.

8.2.2 Ethics approval and consent to participate
This prospective cohort study was performed in accordance with the ethical principles of the
64th WMA Declaration of Helsinki (October 2013, Brazil) and the Medical Research Involv-
ing Human Subjects Act (WMO), approximating Good Clinical Practice (CPMP/ICH/135/95)
guidelines. The clinical trial was approved by the Medical Ethical Committee of the VU
Medical Center (2014.505) and registered at the public trial register of the Central Commit-
tee on Research Involving Human Subjects (CCMO) under number NL51111.029.14. All
volunteers received oral and written information about the study and signed the informed
consent form.

8.2.3 Stability selection
In this chapter, elastic net regression was used as the feature selection model, which aims
to minimize the loss function as indicated in equation8.1. This model is parameterized by
tuning of the coefficient α, which modulates the emphasis of either the L1 or L2 norm reg-
ularizations. This coefficient and multiplication factor λ influence the number of features
selected [245].

L(α, λ,w) =
1

2n
‖y −Xw‖2

2 + λ(α‖w‖1 + (1− α)‖w‖2) (8.1)

Stronger L1 norm regularization results in a lower false discovery rate, but may miss real
associated features; while stronger L2 norm regularization detects more real associated fea-
tures, but also admits more false positives. Thus, the choice of the right values of the regu-
larization parameters λ and α becomes critical, and one has to make sure that a model con-
sistently selects truly relevant features. To minimize the influence of such a critical choice
on the model performance, a stability selection procedure was used.

Stability selection [141] is a technique designed to improve the performance of a feature
selection algorithm based on the sub-sampling of the examples. The general idea of stability
selection is to select only those features that are consistently selected throughout multiple

89



runs of a feature selection model. In this study, this is done by running elastic net regression
many times on randomly subsampled data and choosing those features that are selected most
frequently across all sample partitions.

8.2.4 Data pre-processing and setup for simulations
The dataset of MED counts was pre-processed by removing rare MED nodes (species).
Namely, all nodes which had count values less than 5 in less than 10 individuals were re-
moved. Afterwards, the dataset was normalized example-wise so that the total sum of counts
per example was set to be equal to a constant value. To compensate for variance in feature
amplitudes, all input features were zero-mean unit-variance scaled, while output label values
were zero-mean centered only. The overview of the datasets, oral niches, and dimensionality
of each dataset after pre-processing are provided in Table 8.1.

Table 8.1: Overview of the metagenomics datasets.

Code Niche Examples Features

TP Tongue posterior 41 151
PI Plaque interproximal 30 126
PL Supragingival plaque lower jaw 39 87
SL Subgingival plaque lower jaw 40 158
US Unstimulated saliva 41 169

The feature selection was performed by applying regularized elastic net regression imple-
mented in Scikit-Learn Python package v0.17.1 [152]. The features were selected based on
their stability after 50 random shuffles using the stability selection procedure. The predictive
performance of the model was assessed by calculating the Normalized Root Mean Squared
Error (NRMSE) between measured and predicted RFP values. Model parameters were esti-
mated using exhaustive grid search within a 10-fold cross-validation procedure [86] on 80%
of the training dataset, and the model’s generalization error was assessed on the remaining
20% test dataset.

8.3 Results and discussion
The aggregated results of elastic net regression for all five niches are summarized in Ta-
ble 8.2. This table indicates the predictive performance of all shuffles performed during
stability selection for both training and test datasets as well as the predictive performance of
a single run on the top 5 selected features of the full dataset. These results indicate either
moderate or large overfitting, because the average error values on the test sets are almost
three to seven times larger than the ones on the training sets. Therefore, the predictive per-
formance of the selected features is considered to be moderate or poor depending on the
niche. The largest difference between training and test errors is found for the PI niche, while
the smallest one was found for the TP niche. When the dataset was reduced to the top 5 most
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Table 8.2: Overview of the model’s predictive performance.

Niche Training Test R2 all examples, NRMSE all examples,
NRMSE NRMSE Top 5 features Top 5 features

SL 0.11 ± 0.04 0.41 ± 0.08 0.48 0.19
US 0.07 ± 0.05 0.39 ± 0.12 0.36 0.21
PL 0.09 ± 0.06 0.40 ± 0.21 0.74 0.14
TP 0.10 ± 0.06 0.36 ± 0.07 0.52 0.18
PI 0.07 ± 0.06 0.52 ± 0.19 0.57 0.19

stable features and the entire dataset was used for both training and testing, the predictive er-
ror was reasonably small. The smallest difference between training and test NRMSE values
was observed for the TP niche, and for this niche the error for full top five features was the
smallest across all niches except the overfitted PL niche. Therefore, the most reliable predic-
tive feature set was acquired for the TP niche and one should ignore the highest explained
variances R2 for PI, SL and PL niches and consider R2=0.52 for the TP niche as the best
possible predictive performance on the top 5 selected features among all five niches.

Overview of the top five most stable features selected for the US, SL, PL, PI, and TP
niches are presented in Tables 8.3, 8.4, 8.5, 8.6, 8.7, respectively. Results shown in these
tables indirectly reflect the fact that there is a moderate overfitting in predictive model’s
performance, because only a minority of the features is really stable since their stability
coefficients exceed 0.90. Moreover, the standard deviation of the weighting coefficients w is
almost as large as the half of their average values.

Table 8.3: Overview of the stability selection results for the data sampled from unstimulated
saliva.

Feature ID Stability Weight

MED Node #5 0.92 1.03 ± 0.62
MED Node #85 0.82 0.80 ± 0.68

MED Node #104 0.82 0.79 ± 0.61
MED Node #24 0.80 -0.40 ± 0.34

MED Node #115 0.78 0.73 ± 0.58

Since the predictive performance of the model applied to the TP niche dataset was the
highest, it is interesting to visualize the selected features, and to visually compare the pre-
dicted versus the measured label values. The comparison between predicted and measured
plaque values for full example set is depicted in Figure 8.1. The comparison between each
of the smoothed top four selected features and the plaque values is depicted in Figure 8.2.

The elastic net regression model is an intrinsically multivariate model. Therefore, not
a single, but a combination of selected features contribute to the final prediction outcome.
This may explain why univariate plots like the ones depicted in Figure 8.2 cannot illustrate
an obvious mutually increasing or decreasing trend between the feature and the label values.
Also, the plot of the MED Node #49 at the top right corner of the Figure 8.2 is not smooth.
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Table 8.4: Overview of the stability selection results for the data sampled from subgingival
plaque lower jaw.

Feature ID Stability Weight

MED Node #155 0.88 1.16 ± 0.72
MED Node #49 0.86 1.32 ± 0.64
MED Node #42 0.74 0.68 ± 0.52
MED Node #7 0.72 0.78 ± 0.58
MED Node #99 0.70 -0.47 ± 0.43

Table 8.5: Overview of the stability selection results for the data sampled from supragingival
plaque lower jaw.

Feature ID Stability Weight

MED Node #14 0.98 2.14 ± 0.99
MED Node #42 0.94 2.24 ± 1.09
MED Node #26 0.78 0.61 ± 0.56
MED Node #37 0.78 0.87 ± 0.54
MED Node #18 0.70 -0.40 ± 0.49

Table 8.6: Overview of the stability selection results for the data sampled from plaque inter-
proximal.

Feature ID Stability Weight

MED Node #25 0.86 2.17 ± 1.33
MED Node #118 0.86 1.37 ± 0.83
MED Node #42 0.84 1.84 ± 0.99

MED Node #120 0.84 -1.00 ± 0.88
MED Node #67 0.82 -0.73 ± 0.61

Table 8.7: Overview of the stability selection results for the data sampled from tongue pos-
terior.

Feature ID Stability Weight

MED Node #69 0.92 1.31 ± 0.78
MED Node #49 0.90 -1.07 ± 0.79

MED Node #116 0.86 1.15 ± 0.80
MED Node #117 0.76 0.72 ± 0.64
MED Node #148 0.70 0.51 ± 0.56
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Figure 8.1: Comparison plot for predicted and measured red fluorescent plaque for the tongue
posterior data.
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Figure 8.2: Comparison plot for red fluorescent plaque and each of the smoothed top four
selected biomarkers for the tongue posterior data.
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This may be explained by the large standard deviation compared to the average value in the
weighting coefficient w (-1.07 ± 0.79). These facts indicate that none of the selected MED
nodes should be considered as a single biomarker, but only as a part of the biomarker set
selected during the stability selection. As seen in Figure 8.1, the model accurately predicts
moderate plaque values for most of the examples, while only for some of the examples with
extreme values predictions are accurate enough.

Even though the sample size was small, microbial biomarkers could be extracted from
the metagenome dataset with predictive value towards plaque accumulation label values after
14 days abstaining from oral hygiene regime. The smaller sample size may explain why
extreme values are poorly predicted, because there are not enough examples in the training
set to predict those values in the validation set during the cross-validation procedure. From
a computational point of view, the results of this study demonstrate the importance of the
stability selection procedure. As shown in Tables 8.3, 8.4, 8.5, 8.6, 8.7, average values of the
weighting coefficients of the models can vary greatly and results of a single feature selection
run may be misleading.

The associations between RFP obtained by taking QLF-photographs and microbial data
have also been reported in scientific literature [221, 120]. However, previous studies were
applied to in-vitro grown biofilms, thus important in-vivo interactions were missed. Since
oral health is hypothesized as a multi-factorial resilience against perturbing stresses, the cur-
rent study results are more realistic in finding biomarkers of oral health resilience. Usually,
in dental care the patient population is treated as if patients are all at risk for developing
disease, hence patients are asked to brush their teeth twice a day, to limit carbohydrate con-
sumption frequency etc. This is caused due to the lack of good prediction models. Currently
used risk prediction models rely on symptoms of a present or previous dental diseases, e.g.
caries, gingivitis, periodontitis etc. The elastic net model used in this study predicts the
response to a disease challenge based on biomarkers in the healthy situation. That is why,
conceptually, the computational method presented in this chapter is more appropriate in a
way how to approach prognosis of a disease development.

8.4 Conclusions
In this chapter, the associations between red fluorescent plaque and microbial data were eval-
uated. Stability selection with the elastic net regression was applied to oral microbial data
which resulted in selecting smaller subsets of the most important features per each oral niche.
Results suggested that it is possible to predict an individual’s plaque accumulation level 14
days before the actual plaque measurement. These predictions can be achieved by using a
small subset of original features. The predictive power of those features is considered to be
moderate for some oral niches such as tongue posterior plaque, because the average test er-
ror was only three times higher than the training error. Experiments applied to data collected
from different niches provided distinct microbial profiles per each niche. The best predic-
tive performance with the lowest overfitting was obtained on the tongue posterior plaque
data, while the highest overfitting was obtained on the data collected from the interproximal
plaque.
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