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Supplementary Material 12 

Beta Diversity 13 

The difference between plaque samples, between toothpastes and across assessments was 14 

visualised using non-metric multidimensional scaling (NMDS). A random forest dissimilarity measure 15 

was employed [1,2,3].  This classifies samples based on their species profiles and will separate the 16 

groups if possible.  This dissimilarity produces a good rank order to distance relationship between 17 

sample groups.  As the raw count table was sparse, having a wide range of library sizes, the species 18 

table was normalised prior to analysis.  A variance stabilising transformation (VST) was employed 19 

which corrects for the unequal library sizes and heteroscedasticity [4].   20 



NMDS is an ordination technique suitable to visualise microbial community beta diversity as it only 21 

uses rank information to map into the ordination space and can handle a non-linear species 22 

response, robustly finding the underlying gradient.  The plot axis scales are unit less.  However, the 23 

function used, metaMDS (vegan R package [6]) rotates the NMDS solution so that the largest 24 

variation in sample scores will be on the first axis and scales so that one unit corresponds to halving 25 

the community similarity. 26 

Dissimilarity between Samples 27 

The random forest dissimilarity matrix was generated from the normalised species table.  The VST 28 

was applied using the R package DESeq2, varianceStabilizingTransformation [5].  The random forest 29 

model and dissimilarity was constructed using cforest from the R-package party [1,2,3]. 30 

A summary of fit is summarised in Table S1 and Table S2. These show the classification of the 31 

samples compared to that observed.  Overall the classification is very good when considering the ‘in 32 

bag’ classifications.  When trees that did not contain a given sample in its bootstrap sample are 33 

considered (‘out of bag’) the classification is poorer.  However, the test toothpaste, 14-week samples 34 

are classified well compared to the other sample groups, emphasising a difference in taxonomic 35 

composition. 36 

  Control toothpaste Test toothpaste 

Observed  Baseline 14-Weeks Baseline 14-Weeks 

Control 

toothpaste 

Baseline 43 3 2 2 

14-Weeks 0 48 0 2 

Test 

toothpaste 

Baseline 2 2 44 4 

14-Weeks 0 3 1 48 

 37 

Table S1 - Confusion Table (In bag classification error) 38 



 39 

  Control toothpaste Test toothpaste 

Observed  Baseline 14-Weeks Baseline 14-Weeks 

Control 

toothpaste 

Baseline 5 34 6 5 

14-Weeks 30 10 3 7 

Test 

toothpaste 

Baseline 15 9 18 10 

14-Weeks 3 10 10 29 

 40 

Table S2 - Confusion Table (Out of bag classification error) 41 

42 



Multidimensional Scaling 43 

Figure S1 shows the scree plot for the nonmetric fit (Stress) values against the dimension of the 44 

representation space, for the species data.  The following are guidelines for the quality of the fit,  45 

 46 

> 0.2 poor 47 

0.10 fair 48 

0.05 good 49 

0.025 excellent 50 

0.00 perfect 51 

A two and three dimensional representation space provide a poor fit whereas a six dimensional fit is 52 

fair.  However, the two and three dimensional models differentiate the sample groups providing an 53 

easy to interpret exploratory visualisation.  Figure S2 shows the Shepard plot for the three 54 

dimensional representation space. 55 

 56 

Figure S1 - Scree plot showing the stress values against embedded dimension for the random forest 57 

dissimilarity 58 



 59 

 60 

Figure S2 - Shepard Plot showing the relationship between the 3D ordered distances obtained from 61 

the random forest against the observed dissimilarities 62 

 63 

Multivariate Analysis of Variance 64 

The analysis was performed using a permutation based, nonparametric multivariate analysis of 65 

variance (PERMANOVA) using the adonis function from the R-package vegan [6]. The distance matrix 66 

was constructed using the Canberra distance.  The F-tests may be biased if the dispersions within 67 

groups of samples are inconsistent [7].  These within group dispersions were compared statistically  68 

(Table S3 and Table S4) and this analysis did not provide evidence to invalidate an analysis of 69 

variance.  The Canberra distance weights towards rarer species and is metric.  No VST was applied as 70 

this can result in distances that are meaningless.   71 



 Df Sum Sq Mean Sq F Value Pr(>F) 

Visit*Product 3 0.004 0.0014 0.52 0.66 

Residuals 200 0.534 0.0027   

Table S3- Beta Dispersion between Visit and Product groups (using the Canberra distance between 72 

samples based on genera) 73 

 Df Sum Sq Mean Sq F Value Pr(>F) 

Visit*Product 3 0.0009 0.0003 0.32 0.81 

Residuals 200 0.188 0.0009   

Table S4 - Beta Dispersion between Visit and Product groups (using the Canberra distance between 74 

samples based on species) 75 

 76 

Pre-planned contrasts between the 14-week and baseline samples for each toothpaste were tested 77 

at genus and species level.  A statistically significant difference was observed for the test toothpaste 78 

but not the control.  A difference in baseline diversity between the toothpastes was not supported.  79 

However, the toothpastes were statistically different at 14-weeks (not adjusted for baseline).  80 

 81 

Genus Level 82 

 83 

 Df SumsOfSqs MeanSqs F.Model Pr(>F) 

Visit 1 0.42 0.42 1.69 0.01 

Residuals 202 49.78 0.25   

Total 203 50.20    

Table S5 – Contrast between test toothpaste between baseline and 14 weeks 84 

 85 



 Df SumsOfSqs MeanSqs F.Model Pr(>F) 

Visit 1 0.17 0.17 0.70 0.97 

Residuals 202 50.03 0.25   

Total 203 50.20    

Table S6 - Contrast between control toothpaste between baseline and 14 weeks 86 

 87 

 Df SumsOfSqs MeanSqs F.Model Pr(>F) 

Product 1 0.26 0.26 1.05 0.36 

Residuals 202 49.94 0.25   

Total 203 50.20    

Table S7 - Comparison of toothpastes at baseline 88 

 89 

 Df SumsOfSqs MeanSqs F.Model Pr(>F) 

Product 1 0.38 0.38 0.0076 0.011 

Residuals 202 49.82 0.25 0.99  

Total 203 50.20    

Table S8 - Comparison of toothpastes after 14 weeks 90 

 91 

 92 

 93 

 94 



Species Level 95 

 96 

 Df SumOfSqs MeanSq F.Model Pr(>F) 

Visit 1 0.41 0.41 1.25 0.025 

Gender 1 0.35 0.35 1.08 0.20 

Residuals 202 66.24 0.33   

Total 203     

Table S9 - Contrast between test toothpaste between baseline and 14 weeks 97 

 98 

 Df SumOfSqs MeanSq F.Model Pr(>F) 

Visit 1 0.24 0.24 0.73 1.00 

Gender 1 0.35 0.35 1.30 0.20 

Residuals 202 66.41 0.33   

Total 203     

Table S10 - Contrast between control toothpaste between baseline and 14 weeks 99 

 100 

 101 

 Df SumOfSqs MeanSq F.Model Pr(>F) 

Product 1 0.35 0.35 1.10 0.23 

Residuals 202 66.30 0.33   

Total 203     

Table S11 - Comparison of toothpastes at baseline 102 

 103 



 Df SumsOfSqs MeanSqs F.Model Pr(>F) 

Product 1 0.48 0.48 0.007 0.003 

Residuals 202 66.17 0.33 0.99  

Total 203 66.65    

Table S12 - Comparison of toothpastes after 14 weeks 104 

 105 

Differences in Mean Relative Abundance 106 

To understand the differences observed with ordination and analysis of variance, the mean relative 107 

abundance was compared between sample groups at the species level.  Tables of species count can 108 

be modelled using a multinomial distribution.  However, over-dispersion is often observed.  109 

Additionally, the sampling model is such that zero counts are not truly zero and it is unlikely that all 110 

species will be observed in all samples (a multinomial model assumes a common underlying mean 111 

relative abundance vector across all samples).  A hypothesis test using the C(α)-optimal test statistics 112 

of Kim and Margolin implemented in the R package HMP [8,9], tests if a multinomial distribution 113 

provides a good fit to the data compared to a Dirichlet Multinomial distribution (DM). A DM does 114 

not assume a unique underlying mean relative abundance vector, instead the counts are smoothed 115 

using the parameters of the Dirichlet.  This adjusts for sparseness and unequal sample sizes.  In the 116 

event a multinomial distribution provided a poor fit it was rejected in favour of the DM. 117 

The approach taken to account for multiple test error was to control for the positive false discovery 118 

rate (pFDR) [10] using the q-value.   A q-value is an adjusted p-value optimised using the 119 

characteristics of the p-value distribution generated from all the statistical tests.   120 

 121 

 122 

 123 



Number of Subjects 

 

Number of 

Subjects 

Gender 

Female/Male 

Age (Years) 

Mean; Range 

Number of Subjects Screened 220 143/77 42 18-75 

Subjects Accepted 120 83/37 41 18-73 

Subjects Randomised 115 80/35 42 18-73 

Subjects Completed 111 78/33 42 18-73 

 124 

Table S13 - Table of Study Demographics 125 

 126 

127 
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