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Demographic characteristics predictive of periodontal disease  4 

We fitted a linear regression model to predict gingivitis severity using selected 5 
demographic variables (Table 2) for 946/962 women without any missing data. After 6 
backwards stepwise elimination of variables using AIC as a criterion for model 7 
selection (1), the best model (see Table S1a) showed that gingivitis was more 8 
severe in older women (OR 1·06 per year; 95% CI 1·03-1·08) with lower BMI (0·96; 9 
0·91-1·00), fewer years of education (0·91 per year; 0·87-0·95), a lower socio-10 
economic status (0·71; 95% 0·61-0·84), and no malaria (0·73; 0·53-1·00). HIV was 11 
not included in the best model, in agreement with previous research that found no 12 
association with periodontal disease (2, 3).  13 

We also applied the same procedure to predict (binary) periodontitis using a logistic 14 
regression model that included gingivitis severity. The best model (Table S2b) 15 
showed that periodontitis was more likely in women with more severe gingivitis (OR 16 
1·68 per BoP; 95% CI 1·53-1·84) who were older (1·09 per year; 1·06-1·12), had 17 
fewer years of education (0·95 per year; 0·90-1·00) and a lower socio-economic 18 
status (0·85; 0·68-1·05) (Table S2b).  19 

Addition of microbial community richness improves prediction of gingivitis but 20 
not periodontitis 21 

To see if adding information on the diversity of supragingival plaque microbial 22 
communities improved the models, we added in the calculated richness to the full 23 
model to predict gingivitis and periodontitis for 811/962 women with >5,000 reads 24 
and no missing data, then again performed stepwise reduction according to AIC. 25 
Evenness of microbial communities was not included in the model due to high 26 
collinearity with richness (Spearman’s rho=0·88). 27 

Richness was retained in the final model for gingivitis (Table S2a) but not 28 
periodontitis (Table S2b). In this reduced set of data, HIV was retained in the final 29 
model for periodontitis (Table S2b), hence its inclusion as a potential confounder in 30 
subsequent differential abundance analysis.  31 

Minimum Entropy Decomposition (MED) details 32 

The table below gives information on the number of reads at each point in the 33 
filtering process prior to analysis with MED (4).  34 

Criteria Reads remaining 

Maximum expected errors < 1  14,466,591 

Minimum length 350  14,466,222 



Maximum length 380  14,458,493 

Samples <1,000 reads discarded  14,449,794 

We than ran MED using the command: 35 

decompose -M 1444 -V 3 36 

The following table contains the output statistics: 37 

Number of raw nodes (before the 
refinement)  

 502 

Outliers removed due to -M   3,332,317 

Outliers removed due to -V   1,012,339 

Total number of outliers removed during 
the refinement  

 4,344,656 

Number of samples found   946 

Number of final nodes (after the 
refinement)  

 502 

Number of sequences represented after 
quality filtering  

 10,105,138 

Final number of outliers due to -M   3,332,317 

Final number of outliers due to -V   1,012,339 

Final total number of outliers   4,344,656 

Analyzing the same input data with de novo OTU picking with VSEARCH v1.11.1 (5), 38 
clustering at 97% similarity returned 809 OTUs.  39 

Primer mismatch and its effect on phylotype detection 40 

We used the 785F/1175R primer pair to amplify the V5-V7 region of the 16S rRNA 41 
gene, following a standard protocol developed and used in previous studies (6, 7). 42 
These primer pairs have several degenerate positions indicated in bold (R = A/G, B 43 
= C/G/T, D = A/G/T): 44 

785F:  GGATTAGATACCCBRGTAGTC 45 

1175R: ACGTCRTCCCCDCCTTCCTC 46 



It is well established that different primer pairs can differentially amplify DNA from 47 
different taxa, biasing detection and subsequent analysis (8–10). Therefore, care 48 
should always be taken in interpreting marker gene data obtained using this 49 
approach: most importantly, absence of evidence is not the same as evidence of 50 
absence.  51 

To identify phylotypes that we would expect to be less efficiently amplified by the 52 
primers, we searched all primers (2x3=6 possibilities for each primer) against the 53 
HOMD v13.2 database (11) with blastn v2.2.31 (12). This identified HOMD 54 
sequences that had mismatches with the primers. For the 785F and 1175R primers, 55 
there were 8 and 51 HOMD sequences respectively that did not have 100% similarity 56 
with one of the possible primers. These are given in Supplementary Dataset S3.  57 

A priori, we would therefore expect phylotypes corresponding to these sequences to 58 
be absent (or detected at misleadlingly low levels) in our dataset, even if they were 59 
present in the original sample.  60 

In particular, this list of phylotypes includes the well-established periodontal 61 
pathogens Porphyromonas gingivalis and Tannerella forsythia (13). Therefore, the 62 
fact that these pathogens are absent from our dataset is possibly due to the 63 
mismatch between the relevant regions of their 16S rRNA genes and the 1175R 64 
primer and should not be interpreted as proof that they are not associated with 65 
periodontal disease in Malawian women.  66 

Co-occurrence network preparation 67 

Co-occurrence network analysis using HOMD OTUs associated with periodontitis 68 
showed more connections in the network in women with periodontitis across 69 
gingivitis severities (Figure S1). However, we wanted to verify this result with MED 70 
analysis to ensure co-occurrence patterns were not due to the limited resolution of 71 
the OTU picking process.  72 

Therefore, we selected all 81 MED phylotypes with >98.5% sequence similarity to 73 
periodontitis-associated HOMD OTUs. However, this included 19 members of 74 
Streptococcus, despite the fact that only S. oligofermentans (HOT 886) was 75 
associated with periodontitis, due to the high sequence similarity of this genus in the 76 
V5-V7 region. When plotted as a co-occurrence network, these phylotypes clearly 77 
clustered away from the periodontitis-associated phylotypes and had negative 78 
correlations with the rest of the network. We therefore removed them when preparing 79 
Figure 4.  80 
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