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Supplementary Figures
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Figure S1: Taxonomic overview derived from metagenomic data. a) Phylum-level
microbial community structures based on the mapping of metagenomic data to marker genes
of metagenomic operational taxonomic units (mOTUs). b) Most abundant mOTUs in the

metagenomic dataset. Letters above the bars indicate clustering of genus-level profiles from



mapping the metagenomic reads against an external reference gene catalogue' with
metagenomic datasets from previous studies'. a & b) Bars represent relative abundances of
the indicated taxa in each sample. The colour-coded boxes indicate the different study
participants who donated the samples. The colour-scheme is identical to that used in the other

figures as defined in Figure 1a.
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Figure S2: Jensen-Shannon divergence-based ordinations of metagenomic,
metatranscriptomic and metaproteomic data. Displays of the first two principal
components from principal coordinate analyses of distances between a) mOTU abundance
profiles within the metagenomes, b)mOTU abundance profiles within the
metatranscriptomes, c¢) relative abundances of binned population-level genomes within the

metagenomes, d) metagenomic functional profiles, e) metatranscriptomic functional profiles,



f) metaproteomic functional profiles, g) human protein abundances. a - g) Samples of the
same individual are connected by lines and every individual is represented by the same
symbols as in all figures, see legend and Figure 1a; the colours of the boxes around the plots
are consistent with the colour schemes for taxonomic and functional profiles at the

metagenomic, metatranscriptomic and (meta-)proteomic levels (as defined in Figure 1b).
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Figure S3: Comparison of metagenomic, metatranscriptomic and co-assemblies.
a) Percentages of metagenomic reads mapped to contigs and metatranscriptomic reads
mapping in sense-direction to protein-coding genes, b) total assembly lengths, total lengths of
contigs >= 1 kbp, N50, and maximal contig lengths, ¢) number of genes annotated with a KO,
d) number of different annotations, e) histograms of obtained contig lengths, f) histogram of
obtained gene lengths using five different assembly strategies on one sample (M1.1-V1). a -
f) metaG: assembly of metagenomic reads, metaT: assembly of metatranscriptomic reads;

metaGT.idba: co-assembly of metagenomic and metatranscriptomic reads using IDBA-UD?;



metaGT.velvet: co-assembly of metagenomic and metatranscriptomic reads, and contigs from
IDBA-UD as long-read input, in velvet’; metaGT.final: co-assembly of metagenomic and
metatranscriptomic reads using IDBA-UD, velvet and Newbler®, as used in the rest of the

manuscript.

10



1Y
o
(1]

500
1000 4.00+08] Mo1-1

450 9009 ¥ o
] 3.56+08 MO2-1
e 500 800 * °

4007 o P 700 © 3.0e+08] o

[}
o®
eOm
<
o
N
A

o4 600 ©

°
<
S
?
IN

350 256408 © = &® * M03-5

]
"o
[ ]

R 500

© M04-3

— [ ]
300 400 2.0e+08-] o M04-4
I I

average contig length [nt]
N50 [nt]
&
total assembly length [nt]

I I I I I I I I I
100 150 200 100 150 200 12000 16000 20000 O MO04-6

mOTU richness mOTU richness functional richness

Figure S4: Taxonomic and functional diversity and assembly. a) Average contig lengths
and b) N50 plotted against taxonomic richness (number of distinct mOTUs in the
metagenomic data) in the same sample. ¢) Total assembly length compared to functional
richness (number of different functional annotations) in the same sample. The colour/symbol-
scheme denoting the individuals is identical to that used in the other figures as defined in

Figure 1a.
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Figure S5: Proportion of genes with functional annotations. Means of the percentages of
genes annotated with a functional category from the five indicated HMM databases used, as
well as a break-down of the databases delivering the best annotations (yellow - KEGG, green
- MetaCyc, pink - Swiss-Prot, blue - Pfam, orange - TIGR-Pfam). Error bars indicate the

standard deviation among all samples (n = 36).
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Figure S6: Broad taxonomic view of the omic datasets. Log-scaled mean proportions of
reads in all metagenomic and metatranscriptomic dataset which mapped to human, non-
human eukaryotic, bacterial and archaeal (prokaryotes) and viral genes, as well as for
metaproteomic datasets the areas under the ion-chromatography curve of the respective

proteins. Error bars represent one standard deviation of all samples (n = 36).
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Figure S7: Results of contig binning and comparison of taxonomic composition derived

from read-based, assembly-dependent and binning-dependent approaches. a) Length,

metagenomic coverage and completeness of all binned population-level genomes with at least

one essential gene in all 36 samples. Colours of the dots represent completeness, see colour

key in top right corner of the figure. b) Metagenomic mOTU abundances calculated from
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reads mapped against a collection of phylogenetic marker genes compared to the abundances
calculated based on reads mapping to assembled genes annotated with the taxonomy of the
most similar marker gene. ¢) Heatmap of numbers of phylogenetic marker genes within
binned population-level genomes with association to mOTUs, see lower colour key in top-
right corner of the figure. The two columns furthest to the right represent contigs too short to
be binned (S) and contigs that were annotated as noise by the binning algorithm (N). All
other columns represent single population-level genomes, while rows represent single
mOTUs. The uppermost coloured bar on top of the heatmap represents the completeness of
the genomes based on the presence of essential genes (see top-most colour key), the middle
bar represents the total numbers of phylogenetic marker genes in the genomes (see lower
colour key), the bar below represents whether all marker genes in the bin-genomes have the

same taxonomic annotation (grey) or not (white).
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Figure S8: Examples for linking specific functional genes to microbial populations.
a, ¢ & e) Correlation-based approach. Transcript abundances of a) Pfam domain of unknown
function DUF1152, ¢) K06669 (SMC3, CSPG6; structural maintenance of chromosome 3

(chondroitin sulphate proteoglycan 6)), e) KO1624 (fructose-bisphosphate aldolase, class II)
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are plotted against relative abundances inferred from metagenomic data of the most strongly
correlated mOTUs, a) a Clostridiales mOTU, ¢) Bacteroides uniformis, e) Prevotella copri.
Examples are chosen from pairs of correlating mOTUs and metatranscriptomic functions.
a, ¢ & e) The colours and symbols denoting the individuals is identical to that used in the
other figures, see Figure 1a. See Supplementary Table 1A for total number of samples per
individual. b, d & f) Bin-genome-based approach. Normalized transcript abundances of the
same functional genes (b)Pfam domain of unknown function DUF1152, d) K06669,
f) K01624) and the taxonomy of the expressing binned population-level genomes.
“uncertain” summarizes values for all binned population-level genomes without unanimously

annotated taxonomy and contigs carrying genes of interest which could not be binned.
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Figure S9: Relationship between metagenomic, metatranscriptomic and metaproteomic
abundance of predicted genes. Data from the assembly of sample M01.2-V1 are shown.
a) Density representation of distributions of metagenomic and metatranscriptomic depths of
coverage of all predicted open reading frames (ORFs). ORFs of 7 reconstructed genomes are
highlighted in colours according to their respective genome completenesses. b) Density
representation of distributions of metagenomic and metatranscriptomic depths of coverage of
all predicted ORFs. Brown circles connected by dotted lines represent different phylogenetic
marker genes of common phylogeny, with the highest, lowest and closest to the average
relative variation in metagenomic depths of coverage. c¢) Density representation of
distributions of metagenomic and metatranscriptomic coverage depths of all predicted ORFs.
Lines represent linear regressions of the metagenomic and metatranscriptomic abundances of
predicted genes with the same functional annotation; red lines: house-keeping (essential)
genes; green lines: other functional categories. Functional categories with the lowest and
highest correlations between metagenomic and metatranscriptomic coverage, as well as the
correlation closest to the average, were selected. Red stars indicate genes annotated as rpoB
(TIGR02013, representative of essential housekeeping genes), and blue crosses indicated
genes with the annotation of K00603, a formiminotransferase. Coefficients of the linear
regressions varied between 0.002 and 0.248. d) Density representation of distributions of
metagenomic depths of coverage and relative metaproteomic abundances of predicted ORFs
with uniquely identified proteins. e) Density representation of distributions of
metatranscriptomic depths of coverage and relative metaproteomic abundances of predicted
ORFs with uniquely identified proteins. d & e) Lines represent linear regressions of the
metagenomic or metatranscriptomic depths of coverage with the relative protein abundances

of all predicted genes with the same functional annotation; red lines and symbols: house

19



keeping (essential) genes; blue lines and symbols: other functions. The functional categories
with the lowest and highest correlations between metagenomic or metatranscriptomic and
metaproteomic abundances were selected, and (in the case of the non-essential functional

categories) the correlation closest to the average of all correlations, presented by the transport

protein K02027.
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Figure S10: Intra-individual and intra-family similarities of faecal microbial
communities and community members. a)Efficiency of metagenomic and
metatranscriptomic codes based on mOTU abundances for recognizing samples of the same
individuals’. Results of all combinations of codes and recognized samples are displayed. The
four bars on the left (“between samples”) represent the coding results whereby the code was
derived from a different sample than the test samples; metaG.metaG: metagenomic codes as

applied to metagenomic profiles; metaG.metaT: metagenomic codes as applied to
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metatranscriptomic profiles; metaT.metaG: metatranscriptomic codes as applied to
metagenomic  profiles; metaT.metaT: metatranscriptomic codes as applied to
metatranscriptomic profiles. The two bars on the right (“same samples”) represent the coding
results whereby the code was derived from the same sample it was applied to; metaG.metaT:
metagenomic codes as applied to metatranscriptomic profiles; metaT.metaG:
metatranscriptomic codes as applied to metagenomic profiles. TP: true positive, FP: false-
positive; FN: false-negative; NA: no code could be generated. b) Presence (black) and
absence (white) of functional categories encoded in closely related genomes reconstructed
from different faecal samples. The chosen genomes represent Eubacterium rectale, the
mOTU with the highest difference between intra- and inter-individual concordances. Only
genomes with > 67 % essential unique genes were evaluated. Hierarchical clustering is based
on Soerensen dissimilarity indices. ¢) Heatmap of functional expression profiles of closely
related population-level genomes reconstructed from different faecal samples. The chosen
genomes represent the mOTU with the highest difference between intra- and inter-individual
correlations (Clostridiales mOTU linkage group 126). Only genomes with > 67 % essential
unique genes were assessed. Hierarchical clustering is based on Spearman’s correlation
coefficient. b & ¢) Colours at the top of the heatmaps indicate the sample donors. The colour-
scheme denoting the individuals is identical to that used in the other figures, see Figure 1a.
d) Comparisons of intra-individual, intra-family and inter-family Soerensen dissimilarity
indices of functional categories within closely related reconstructed binned population-level
genomes. e) Comparison of intra-individual, intra-family and inter-family Spearman’s
correlation coefficients of the expression profiles of functional categories present in all
analysed genomes. d & e) Only genomes with > 67 % essential unique genes were evaluated.

Only mOTUs whose occurrence allowed comparisons between all cases are displayed. *
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significant direct comparison (P value < 0.05, Wilcoxon rank sum test). Pink, purple and blue
numbers provide the numbers of compared genomes. Boxes span the first to third quartiles,
the central thick bars represent the medians, whiskers extend to 1.5 times the interquartile

ranges and points outside these ranges are represented as outlier points.

23



- ns. =

—_— N.S. —
T
|
B
L

- (pelejeu) snyeis—NQ kL-48Ml
|- sennejas Ayyesy
FNQLL yim seanelal

- sared pliyo-iayye}
I sured pjiyo-sayjow
|- sasnods—eJjul

|- sBuijqis—enul

- Anwej—eaul

I Awey—1ayul

- renpiaipui—souy

- renpiapui—eauy

T T T I T
< @ © b N
- (=} (=} (=} o

Aje[iwISSIp UssUBI80S

- (peyejes) sniels—NQ L L-18ul
|- seniejas Ayyeay
FNQLL yim sennelal

- sured pjiyo—iayyey
|- sured pjiyo-iayiow
|- sesnods—euul

|- sbuiiqis—enul

I Ajlwey—enul

I Awey—iayul

- lenplAlpul-Jiajul

- lenplAlpul-eaul

© ©9ousbianip uouueyS-uasu

|
<
S
or

—_— .S, —
T

L (porejay) snyeis—NQ L L—solul

I senne|as Ayyeay
NG L Yyim saaiejal

- sured pjiyo—iayyey
I sired pjiyo-sayjow
|- sasnods—esul

|- sbuijqis—eaul

- Anwey—enul

I Anwey—iayul

- renpiaipui—soiuy

I
H{H - lenpiAlpul—esul
T T T T T T
v ¥ ® § = Q9
o o o o o o
- AjJewissip uasualaos
L bl ]-4 | (peieey) snreis-N@ L L8l
¢ 11+ |-sennejas Ayjeay
' o HIh QL Yum seniejel
| k- {1+ |[sied o-Jayie}
& {11+ |-sired pyo—isyow
c HIH |- sesnods—euul
| r-@F4 |-sBunas—enu
— F-[} -4 FArwe—enu
*x
—
._. - ._ I Ajlwey—iaul
3
- [enplAlpul—iajul
- [enpiAlpul—equl
T T T T T T
v Y ® § = 9
o o o o o o
o 9ouabianip uouueys-uasus|

[}

- ns. —

—_— .S, —

*

i
=

- (pelejeu) sneis—NQ kL-1oMl
|- seAnejal Ayyesy
FNQLL yum seanelal

- sared pjiyo—sayye;
I sared pjiyo-Jsayjow
|- sasnods—eul

|- sbuijqis—esul

- Anwej—eaul

I Awey—J1ayul

- renpiapui—souy

L renpiapui—eauy

e @ © ¥ a <
— o o o o o
Ayse[iwIssIp uasuala0s
| W - (poreal) snjeis—NQg | 1L—sa3ul
2 -+ I seaie|al Ayyeay
1 I+ FINA L Yum sennelal
1] - sared pjiyo—iayyey
_ 101 |- sared pjiyo—iayiow
¥ oD |- sasnods—e.ul
_ rO-+ |- sBuyqis—enul
- _.-_H=.._ . L Ajwey—enur
E3
= o_. ._ - Alwey—sayul
x
+ -1l T o I renpiaipui—Jajul
—
x
/’_| HL L fenpinpui-esur
T T T T T T
e @ © ¥ q o
— o o o o o

Aje|lwISSIp UBsUa180S

24



Figure S11: Comparisons of intra-individual and inter-individual distances and
distance between intra-family-groups based on multi-omic datasets. a) Jensen-Shannon
divergences based on metagenomic taxonomic profiles. b) Soerensen dissimilarity indices
based on metagenomic mOTU occurrences. c¢) Jensen-Shannon divergences based on
metatranscriptomic functional profiles. d) Soerensen dissimilarity indices based on
metatranscriptomic occurrences of functional categories. e) Soerensen dissimilarity indices
based on metaproteomic occurrences of functional categories. f) Soerensen dissimilarity
indices based on metaproteomic occurrences of human proteins. a - f) * indicates P value <
0.05 in Wilcoxon rank sum test of the dissimilarity indices between the indicated groups; n.s.
indicates P value >= 0.05 of Kruskal-Wallis tests of the indicated groups. Boxes span the first
to third quartiles, the central thick bars represent the medians, whiskers extend to 1.5 times
the interquartile ranges and points outside these ranges are represented as outlier points. The
colours of the boxes are consistent with the colour schemes for taxonomic profiles at the
metagenomic level and functional profiles at the metatranscriptomic and (meta-)proteomic

levels (see Figure 1b).
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Figure S12: Family-specific nutritional patterns and differences in diet with respect to
individuals with TIDM. Family-specific nutrient-uptake patterns based on a) 6 months and
b) means from 24 h recall questionnaires. a & b) Only data with FDR-adjusted P values <

0.05 for the main effect of family membership in an ANOVA with TIDM and family
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membership as factors are displayed. TIDM-specific nutrient-uptake pattern based on ¢) 6
months and d) means from 24 h recall questionnaires. ¢ & d) None of the differences were
significant after multiple testing adjustment. Only data with unadjusted P values < 0.02 for
the main effect of family membership in an ANOVA with TIDM and family membership as
factors and/or a Wilcoxon rank sum test between individuals with TIDM and their healthy
relatives are displayed. a - d) Colours at the top of the heatmaps indicate the sample donors.
The colour-scheme denoting the individuals is identical to that used in the other figures as
defined in Figure 1a. Black boxes at the top of the heatmap indicate individuals with TIDM.

See Supplementary Table 1A for total number of samples per individual
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Figure S13: Correlation between (family-specific) food intake and microbial transcript
abundances. a) Transcripts coding for potential archaea-derived proteins with a nucleolar-
like protein domain versus estimated vitamin B2 (riboflavin) intake relative to total energy
content of the diet. b) Transcripts coding for proteins with a FG-GAP domain plotted against
consumption of fruit relative to total energy uptake. ¢) Transcripts for the type VI secretion
protein K11893 plotted against estimated maltose intake. d) Transcript abundances for
Nopl10p proteins, grouped by families. Transcript abundances of family-specific functional
categories, e) FG-GAP domain proteins and f) K11893, grouped by family membership.
d, e & f) Boxes span the first to third quartiles, the central thick bars represent the medians,
and whiskers extend to 1.5 times the interquartile ranges; all data points are represented; see

Supplementary Table 1A for total number of samples per individual. a, b, d, e & f) The
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colour/symbol-scheme denoting the individuals is identical to that used in the other figures,

see Figure 1a.

29



Firmicutes/Bacteroidetes

Simpson's diversity

Soerensen's dissimilarity

Simpson's diversity

functional richness

b
5.0 :@
(]
S
o ° [e]
E=] ° o
S 2.0+ o £
c ©
8 . @
S | o I}
3 10 . 8
€ ° a -5
0.5 o, E
T T T T T 17T %
0 10 30 50 70
age [years]
d
1.00 . o >
o =
5 095 Lo . © 2
2 0.90 . =
(o}
S 0.85-] o <
3 2
g 0.80 o
0.75 n
T T T T T T 1
0 10 30 50 70
age [years]
f
2
0.40 =
o I
0.35 £
8 0.30 . 2
c o ©
= 0.25- P
8 _ ° ° o S
IS 0.20 o
0.15 . &
[m] o o B
0.10] o
T T T T T T 1®0
0 10 30 50 70
age [years]
h
1.004 " o z
o 0.95 & S ®
= 0.85-] o o
S 0.80 5
o o é
0.70 P}
T T T T T T 1
0 10 30 50 70
age [years]
j
17000 7]
[%2]
16000 Q
g 15000 o ° é
5 14000 % o =
[} L] ©
£ 13000+ . S
12000 B
11000} ° E
10000 | e
0 10 30 50 70
age [years]
MO1-1 e M0O1-4 M02-2 e M02-5
M01-2 o M01-5 = M02-3 © MO03-1
o M01-3 M02-1 o M02-4 M03-3

5.0

median ratio

0.5

e O o
oe

o

15 20 25 30 35 40

BMI
1.00]
@
5 0957 " Op o ®
2 0.90 .
o]
& 0.85-] o
?
2 0.80
0.75
I I I I I I
15 20 25 30 35 40
BMI
0.40
0.35 °
x o
g 0.30
£ 0.25 ©
o]
S 0.20] ¢ ®
015
o104 o ®
I I I I I I
15 20 25 30 35 40
BMI
1.00
o 0.95- % e o
8 0.90
£ ° .
c 085 o
5 080
g 0757 o
0.70
I I I I I
20 25 30 35 40
BMI
17000
16000
c 150004 © .
©
5 14000 :. ° o
& 13000}
[0 0]
12000
(o]
11000
10000~ —————7
20 25 30 35 40
BMI
e M03-4 = M04-2 © M04-5
e M03-5 = M04-3 O M04-6

M04-1 o MO4-4

30



Figure S14: Associations between donor age, body mass index (BMI), Firmicutes-to-
Bacteroidetes ratio and microbial diversity. Ratios of the median relative abundances of
Firmicutes and Bacteroidetes in the metagenomes versus the a) ages and b) BMIs of the
donors. Median taxonomic diversity indices of the metagenomes versus the c¢) ages and
d) BMIs of the donors; Simpson’s diversity indices based on mOTU abundances correlated
with donor age (Spearman’s p = 0.55, P value = 0.01). Total Soerensen diversities (measure
of diversity between samples or variability over time) of metagenomic taxonomic
composition within samples of each individual versus their e) ages and f) BMIs; the temporal
variability was correlated with BMI (Spearman’s p = 0.67, P value = 0.004). Taxonomic
diversity indices of the metatranscriptome versus the g) ages and h) BMIs of the donors.
Functional richness of the metatranscriptome versus the i) ages and j) BMIs of the donors.
b,d, f,h & j) BMIs are only displayed for individuals of at least 12 years of age.
a,b,d,e f, g h, i&j) See Supplementary Table 1A for the total number of samples per
individual. The colour/symbol-scheme denoting the individuals is identical to that used in the

other figures, see legend below and as defined in Figure 1a.
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Figure S15: TIDM and microbial community structures. Distribution of a) BMI and
b) age in the individuals with TIDM and their healthy relatives. ¢) mOTU richness,
d) diversity, e) temporal variability of the faeccal microbiota of individuals with TIDM and of
the healthy relatives. f) Firmicutes-to-Bacteroidetes ratios in the faecal microbiota of
individuals with TIDM compared to their healthy relatives. g)The Firmicutes-to-
Bacteroidetes plotted against the glycation status of haemoglobin (HBA) in blood of

individuals with TIDM, and h) the blood glucose levels of individuals with TIDM; grey
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areas indicate values outside the healthy norm. i) Median metagenomic abundances of E.
coli, the species in the metagenomic data set with the greatest difference between individuals
with TIDM and their healthy family members (FDR-adjusted P value of main effect of
T1IDM in DESeq analysis of TIDM status and family membership = 0.09). j) Median
metagenomic and metatranscriptomic abundances of [Ruminococcus] torques in individuals
with TIDM (no significant difference). k) Metatranscriptomic representation of an
unclassified mOTU of the order Clostridiales, the only mOTU with a significantly higher
abundance in individuals with TIDM compared to the healthy family members (FDR-
adjusted P value of main effect of TIDM in DESeq analysis of TIDM status and family
membership < 0.05). a, b, ¢, d, e, f, i, j & k) Boxes span the first to third quartiles, the central
thick bars represent the medians, and whiskers extend to 1.5 times the interquartile ranges; all
data points are represented. ¢, d, e, f, g, h, i, j & k) see Supplementary Table 1A for total
number of samples per individual. a, b, ¢, d, e, f, g, h, i, j & k) The colour/symbol-scheme

denoting the individuals is identical to that used in the other figures, see Figure 1a.
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Figure S16: Differential analysis of functional metatranscriptomic profiles with respect
to family membership and T1DM. a) Relative expression of KOs with a significant main
effect of family membership are displayed (FDR-adjusted P value < 0.05). KOs belonging to
pathways significantly enriched (FDR-adjusted P value < 0.05) with significantly
differentially abundant KOs are connected to the names of the pathways. The KOs belonging

to the “Staphylococcus aureus infection” pathway were not transcribed by S. aureus, and are
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most likely surface proteins of other Gram-positive bacteria. b) Normalized abundances of
differentially abundant functional transcripts (FDR-adjusted P value of main effect of TIDM
in DESeq2 analysis of TIDM status and family membership < 0.05). The transcripts
annotated as Glycogen synthesis protein (Pfam GlgS), are likely involved in regulation of
motility rather than glycogen synthesis’ and the transcripts annotated as Zot (Zonula
occludens toxin) likely code for bacteriophage components and lack the active region of
Zonula occludens toxin. The transcription elongation factor and the putative anhydrosylase
functions may be related to diet rather than TIDM (see Supplementary Note 17).
a & b) Colours at the top of the heatmaps indicate the sample donors, see Supplementary
Table 1A for total number of samples per individual. The colour-scheme denoting the
individuals is identical to that used in the other figures as defined in Figure 1a. Black boxes

at the top of the heatmap indicate individuals with TIDM.
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Figure S17: Metaproteomic differences in TIDM. a) Relative abundances of microbial

proteins with the highest significance in a differential analysis of TIDM (unadjusted P value

of Wilcoxon rank sum test < 0.05). b) Relative abundances of human proteins with the

highest significance in a differential analysis of TIDM (unadjusted P value of Wilcoxon rank

sum test < 0.05). a & b) Individuals with TIDM have a black box in the upper line on top of

the columns. In the second line, the colour scheme denoting the individuals is identical to that

used in the other figures, see Figure 1a. See Supplementary Table 1A for the total number
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of samples per individual. Colour keys for the relative protein abundances are provided above

each plot.
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Figure S18: Identification of microbial populations contributing to elevated levels of
CBM X2, a structural domain in cellulose-degrading cellulosomes, in the
metatranscriptomes of individuals with TIDM. a)Relative metatranscriptomic
abundances of differentially abundant functional transcripts with a CBM_X2 domain. Boxes
span the first to third quartiles, the central thick bars represent the medians, and whiskers
extend to 1.5 times the interquartile ranges; all data points are represented, see
Supplementary Table 1A for the total number of samples per individual.
b) Metatranscriptomic depths of coverage of CBM X2 genes in the different samples.
¢) Relative abundances of Coprococcus eutactus, based on assembly-independent mOTU
analyses. d) Depths of coverage of genes of interest with metagenomic reads in different

samples. Samples are sorted by transcript abundance, as in b. Orange numbers indicate
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number of genes of interest associated with C. eutactus in the respective samples. b & d) The
genomic context of each gene is displayed for genes making up at least 10 % of the total
transcript abundance — remaining genes are gathered in “others”. a & ¢) The colour/symbol-

scheme denoting the individuals is identical to that used in the other figures, see Figure 1a.
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Figure S19: Identification of populations contributing to elevated levels of K00091, a

dihydroflavonol-4-reductase, in the metaproteomes of individuals with T1DM.
a) Relative protein abundances of K00091. b) Relative protein abundances in the different

samples with the taxonomy of genomes of origin indicated. ¢) Relative metatranscriptomic

abundances of the Clostridiales mOTUs expressing K00091. d) Depth of coverage of genes
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of interest with metatranscriptomic reads in different samples with the taxonomy of genomes
of origin indicated. e) Relative metagenomic abundances of the Clostridiales mOTUs
expressing K00091. f) Depth of coverage of genes of interest with metagenomic reads in
different samples with the taxonomy of genomes of origin indicated. d & f) Samples are
sorted by protein abundances or transcript abundances, as in b. a, ¢ & e) The colour/symbol-
scheme denoting the individuals is identical to that used in the other figures, see Figure 1a.
Boxes span the first to third quartiles, the central thick bars represent the medians, and
whiskers extend to 1.5 times the interquartile ranges; all data points are represented, see
Supplementary Table 1A for the total number of samples per individual. b, d & f) The
genomic context of each gene is displayed for genes making up at least 10 % of the total

transcript abundance — remaining genes are gathered in “others”.
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Figure S20: Correlation of AMY2 proteins in stool with transcript abundances of genes

involved in thiamine metabolism.

metabolism”

a) The KEGG pathway ko00730

“thiamine

is displayed and enzymes are coloured according to their correlation
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(Spearman’s p, see colour key at top-right corner of the plot) between their transcripts and the
relative abundances of AMY2A and AMY2B. Thiazole synthase (ThiG, K03149) is the
central enzyme with EC 2.8.1.10. The graphics were rendered using the pathview’ package in
R. b) Relative transcript abundances of thiG (K03149) plotted against AMY2 protein
abundances. c¢) Depths of coverage of thiG genes with metagenomic reads in different
samples. d) Depths of coverage thiG genes with metatranscriptomic reads in different
samples. ‘P’s indicate samples with uniquely identified ThiG proteins. ¢ & d) The genomic
context of each gene is represented by colours (see legend on the right hand side) for genes
making up at least 10 % of the total transcript abundance - others are gathered in “others”;
likewise, the colours of the letters P indicate the genomic context. e) Relative transcript
abundances of thiG grouped by families and T1DM status. f) Thiamine levels measured in
plasma of individuals from families with at least one healthy member and one member with
T1DM who did not take thiamine supplements; only individuals who did not take vitamin
supplements are shown. e & f) Boxes span the first to third quartiles, the central thick bars
represent the medians, and whiskers extend to 1.5 times the interquartile ranges; all data
points are represented. b, e & f) the same colours and symbols are used to represent
individuals as throughout (see Figure 1a), see Supplementary Table 1A for the total

number of samples per individual.

43



reads '
(trimmed and filtered)

Assembly

v
4

contigs — extended and joined |_>

Barrnap:
rRNA gene calling

1
|
1
Prodigal: gene calling .
1
1
1

mOTU: coverage of marker gene sets
for taxonomic composition
Kraken: taxonomic assignment

Bowtie2: coverage
Kraken: taxonomic assignment

length

rRNA genes

| S

cut rRNA genes from
contigs, as long as contigs
stay >1000nt

A4

>
gene predictions _>
ﬁ

predicted amino acid sequences

contigs without or
with reduced rRNA genes

Bowtie2: coverage (DNA and RNA)
length
position and orientation on contig

database for proteomics

HMMer: KO assignment, essentiality,
marker (mOTU) genes, Pfam, metacyc,
Swissprot and TIGR assignment
Amphora2: marker genes for
phylogenetic annotation

BH-SNE: coordinates for clustering and
visualisation

Figure S21: Workflow for taxonomic and functional annotation of different omic

datasets. Different sequence datasets are indicated in boxes with solid lines, while annotation

tools are listed in boxes with dashed lines on the right.
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Figure S22: Co-assembly workflow for the

integration of metagenomic and

metatranscriptomic data. Contigs were co-assembled from metagenomic and

metatranscriptomic reads. Reads mapping to the human genome or transcriptome (grey) were

removed prior to assembly.
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Figure S23: Algorithm for automatic binning of contigs based on coordinates from non-

linear dimension reduction of pentamer-frequencies, presence of essential single-copy

genes and metagenomic depths of coverage. The different sets of bins formed during the

process are represented by boxes with solid lines, with the final population-level genome

reconstructions highlighted with a thicker line. Information used by the algorithm is indicated

in boxes with dashed lines. Criteria for selecting genomes of interest are highlighted in the

box with the dashed/pointed outline.
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annotations, depths of coverage and sequence characteristics. Obligatory fields are
marked with an asterisk and a solid line, while facultative fields are connected by a dashed

line.
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Figure S26: Taxonomic origins of proteins represented by protein groups. The mean
ratio of observed to expected co-occurrences of protein predictions with the displayed
taxonomic origins in protein groups over all samples (n = 36) is displayed (see colour key in
top-left corner). White fields indicate that insufficient occurrences were present to judge co-
occurrence. The coloured sidebars represent taxonomic ranks - P: phylum (red -
actinobacteria; blue - Bacteroidetes; green - Firmicutes), C: class, O: order, F: family, G:
genus, S: species, with white boxes representing unclassified mOTUs. Colour shading is
identical for mOTUs classified to the same taxon at the given taxonomic rank (red shades -

Actinobacteria, blue shades - Bacteroidetes, green shades - Firmicutes).
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Figure S27: Diversity and temporal variability of the microbiome. Total Soerensen
dissimilarity indices of the metagenomic taxonomic profiles for two or three samples (see
Supplementary Table 1A for total number of samples per individual) are plotted against
median a) Simpson’s diversity and b) Pielou’s evenness indices for metagenomic taxonomic
profiles of the same samples. c¢) Pielou’s evenness and Soerensen dissimilarity indices,
adjusted for potential unseen metagenomic mOTUs using an ACE model®. Total Soerensen
dissimilarity indices of the metatranscriptomic taxonomic profiles for two or three samples
are plotted against median a) Simpson’s diversity and b) Pielou’s evenness indices for
metatranscriptomic taxonomic profiles of the same samples. a, b, ¢, d & e) The same symbol
and colours represent individuals as in the other figures, see legend in bottom-right corner of

the plot and as defined in Figure 1a.
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metabolic sub-network for metabolic KOs with a significant main effect of the sample being
derived from family M04. Sizes of nodes in the big networks reflect metatranscriptomic
abundances, while the corresponding smaller networks represent metaproteomic abundances.
Slices of pies indicate transcript abundances derived from different population-level
reconstructed genomes; colours indicate completeness of population-level genomes. Colour
of node label indicates fold change between family M04 and the others. One representative
sample each, a) M1.2-V2 and b) M4.4-V3, of 27 and 9 samples, respectively, are displayed.
Note: the colours of the slices of pies in the upper and lower panel do not indicate the same

taxa.
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Figure S29: The top-scoring module of metabolic functions in a community-wide
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metabolic network reconstruction, based on differential metatranscriptomic abundance
between individuals with TIDM and healthy relatives. The module was identified at an
FDR of 0.2 using BioNet’. The sizes of the nodes in the networks reflect metatranscriptomic
abundances, while the small networks represent metaproteomic abundances. Slices of pies
indicate transcript abundance derived from different bin-genomes; colours indicate
completeness of bin-genomes. The colour-coding of the node labels represents fold change
(red - higher in group of displayed sample; green - lower in group of displayed sample). One
representative sample each, a) M1.2-V1 (healthy) and b) M2.3-V1 (T1DM), of 16 and 20
samples, respectively, are displayed. Note: the colours of the slices of pies in the upper and

lower panel do not indicate the same taxa.
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Legends for Supplementary Tables

Supplementary Table 1: Anthropometric, demographic, medical and nutritional
information on the study cohort. a) Cohort overview with demographics, medical history
and anthropometric data. b) Overview of sampling and inquiry dates. ¢) Information from
food frequency questionnaires. d) Calculated intakes of nutrients and food classes. e)
Explanation of foods in ¢). f) Medication taken by members of the cohort, including insulin

doses. g) Auto-antibody status of the cohort. h) Other medically relevant blood values.

Supplementary Table 2: Taxonomic and functional profiles based on the metagenomic,
metatranscriptomic and metaproteomic data. a) Per-sample relative mOTU'® abundances
from metagenomic data. b) Per-sample relative mOTU' abundances from
metatranscriptomic data. ¢) Per-sample DESeq2''-normalized abundances of functional
transcripts. d) Per-individual DESeq2''-normalized abundances of transcripts representing
KOs in a metabolic network reconstruction. e) Per-sample relative abundances of functions in

the metaproteomic dataset. f) Per-sample relative abundances of human proteins.

Supplementary Table 3: Statistics on metagenomic, metatranscriptomic and
metaproteomic data, as well as human whole genome sequencing data. a) Sizes of
metagenomic, metatranscriptomic and metaproteomic raw data sets, and statistics on
assemblies, identified proteins and recovered population-level genomes (mean and standard
deviation). b) Statistics on human whole genome sequencing. c¢) Statistics on identified

proteins and protein groups.
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Supplementary Table 4: Population-level genomes recovered from combined
metagenomic and metatranscriptomic data by binning. Information on the genome
length, number of contigs, read coverage, numbers of genes and taxonomy, along with the
RAST'? accession ID are given for the 200 population-level genomes with >93 %

completeness.

Supplementary Table 5: Human stool proteins and microbial functional transcripts
correlating to alpha-amylase levels. a) Results of differential analysis of human stool
proteome. b) Results of correlation analysis of expression of metabolic functions on the

metatranscriptomic level to human alpha-amylase levels.

Supplementary Table 6: Results of differential analyses of metatranscriptomic and

metaproteomic functions.

Supplementary Table 7: List of sets of open reading frames predicted on assembled

contigs with MG-RAST" accession IDs.

Supplementary Table 8: Results of comparison of correlation analysis with binning for

tracing functions to taxonomic entities.
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Supplementary Notes

Supplementary Note 1: Cohort description - case descriptions of TIDM, occurrence of other
diseases and nutritional data of all individuals

The cohort consisted of 20 individuals from four families (Figure 1a, Supplementary Table
1). 10 individuals in the cohort were diagnosed with T1DM and were treated with insulin (see
Supplementary Table 1). Metabolic control, as assessed by glycation status of haemoglobin,
was in most patients within the target range (glycated haemoglobin < 7,5%) in at least one of
the three samples, except in individual MO03.5 (only one sample, 83 % glycated
haemoglobin) and individual M04.2, who maintained glycated haemoglobin > 9,6%, despite

intensified continuous subcutaneous insulin administration (see Supplementary Table 1).

C-peptide, a marker for endogenous insulin secretion, was negative in most patients with
T1IDM except for MO1.1, M03.4 and M04.3. Insulin-directed auto-antibodies were still
detectable in all but two patients (Supplementary Table 1). One was a patient with long
standing diabetes (M02.5). The second case had more than five years diabetes, but still
detectable C-peptide levels (M04.3). Of the individuals with detectable auto-antibodies,
MO1.1 and M01.4 had very high levels of the GAD2 and Zn8T auto-antibodies at several or
all sampling dates. In one healthy individual (M04.1), the GAD2 auto-antibody level was
significantly elevated at a single sampling time point (Supplementary Table 1). As first-
degree relatives of individuals with TIDM with this auto-antibody have been found to have a
10-year risk of developing TIDM of 22 %", this indicates a relatively small increase in the
risk of developing TIDM in this individual'>'®, whose risk is also increased due to an earlier

17,18

episode of gestational diabetes and having two sons with TIDM. All other healthy
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relatives did not exhibit significantly increased auto-antibody levels, indicating that their risk
of still developing TIDM not further increased above the level assumed for first degree

relatives of individuals with TIDM®.

Screening for known genetic causes of different types of maturity onset diabetes of the young
(MODY types 1, 2 and 3; HNF4A, GCK, and HNF1A, respectively) in individuals M04.2

and M04.3 was negative.

None of the individuals in the cohort had bowel complaints and/or coeliac disease. Auto-
immune thyroiditis was diagnosed in four patients with TIDM (MO01.3, M02.2, M02.3,
MO02.5), and one family member without TIDM (M04.4). These individuals were treated
with thyroid replacement therapy (see Supplementary Table 1), and the individual without
T1DM had temporarily increased liver enzyme values (M04.4-V1), due to non-adherence to
thyroid replacement treatment. Epilepsy was diagnosed in one of the patients with TIDM
(M04.2), necessitating a treatment with valproic acid. One individual (M01.2) presented high

cholesterol values.

All participants in the study supplied records on food intake, estimating their usual diet in the
last six months. For most sampling dates, records of the food intake during the last 24 hours
were also provided. Nutrient contents of the diets were estimated using FETA software™ (see
Supplementary Table 1). Analysis of both datasets showed family-specific nutritional
patterns (Supplementary Figure S12 a&b, see also Supplementary Note 16). For example,
family M04 in particular followed a different diet from the other families, comprising more
fruit and fish and less white bread. Consequently, the estimated nutrient intake over the last
six months indicated that the members of this family ingested more vitamins and had a

different profile in terms of consumed carbohydrates, with higher levels of fibre and fructose,
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while the diets of families M02 and MO03 contained more maltose, galactose and lactose.
When analysing the dietary records of the 24 hours prior to faecal sampling, similarities and
differences to the long-term estimates were obvious. For example, family M04 had ingested
more fruit than other families, but on the other hand, on those specific dates, they did
consume similar amounts of potatoes as families MOl and M02. Despite the fact that M04
usually ate more oily fish on the days where diet was recorded, this family’s diet consisted of

comparably little fat.

Individuals with TIDM did not consume a different diet than their healthy family members,
in accordance with medical recommendations. None of the differences in the diet of
individuals with TIDM were significant after multiple-testing adjustment (Supplementary
Figure S12 c¢&d). The most significant differences in diet were likely independent of health
status, in that individuals with TIDM consumed more beer and veal in the last 6 months, and
more white bread in the last 24 hours, while more grapes and poultry were eaten by the
healthy individuals prior to the sampling (unadjusted P values of Wilcoxon rank sum test <
0.02); see Supplementary Table 1). Consequently, alcohol and alcoholic beverages were
among the nutrients and food classes with the highest differences between individuals with
T1DM and their healthy relatives (unadjusted P values of Wilcoxon rank sum test < 0.02),
while higher levels of phosphorous and pyridoxine were calculated for the diets of the
healthy individuals based on the 6 months dietary data (unadjusted P values of Wilcoxon
rank sum test < 0.02). In addition, “nuts and seeds” as a food class were found to have been
eaten more often by individuals with TIDM 24 hours before sampling. Although all
differences were relatively small, the records on nutrition were compared to the results of the
differential analyses of the microbial data to detect potentially confounded results (see

Supplementary Notes 16-18 for further details).
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Supplementary Note 2: Gastrointestinal microbial community structures in the cohort

To obtain an overview of the microbial community structures in the faecal samples, we used
metagenomic reads from 53 samples of the 20 study participants to calculate relative
abundances of previously published'® metagenomic operational taxonomic units (mOTUs).
As expected, microbial communities were dominated by bacteria, especially of the phyla
Bacteroidetes and Firmicutes (Supplementary Figure S1 a and Supplementary Table 2).
Although faecal microbiota are among the best studied human-associated microbiota, the
proportion of unknown organisms (which have not yet been isolated and sequenced) is still
high'®. To assess this proportion in the present dataset, we calculated the sum of the relative
abundances of mOTU linkage groups, which are mOTUs that are best described by
phylogenetic marker genes not found in sequenced isolate genomes but consistently found in
metagenomic sequences (referred to as mOTUyer in the original publication'®). 13 % of the
mOTUs defined the original publication'’, and 43 % of the mOTUs detected in this study,
have no closely related sequenced isolates. The combined relative abundances of such
mOTUs in the analysed communities were 36 +/- 12 %, with the most abundant mOTUs
without closely related sequenced isolates accounting for 7.8 +/- 4.4 % of the detected
prokaryotes in each sample. Furthermore, 27 +/- 12 % of the communities were made up of
organisms unclassified at the genus level and 3 +/- 3 % were not even annotated at the
phylum level. In particular, single mOTUs not classified at the phylum level reached up to
9 % relative abundance in individual samples. These values illustrate that large fractions of
the studied microbiota consist of microorganisms that are hardly described and understood.
Therefore, analytical approaches purely based on isolate reference genomes would be

relatively limited. The elucidation of the functional potential and associated activities related
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to of distinct microbiota should therefore rely on reference-independent de novo analytical

approaches.

Ordination of samples based on Jensen-Shannon divergences of abundances of mOTUs
(Supplementary Figure S2 a) revealed that in most cases, intra-individual variability of
community structures was lower than inter-individual variability (see Supplementary Note
12) and samples from some of the families formed distinct groups (see Supplementary Note
13). The samples were part of a continuum with one extreme group of communities
dominated by Prevotella spp. while in another group Bacteroides spp. were most abundant.
This pattern is often observed in faecal microbial communities and has been conceptualized
as enterotypes”. To assign enterotype-like groups to the present samples, genus-level
abundance profiles of 1,267 publicly available metagenomic datasets' and genus-level
abundance profiles from the present metagenomic dataset mapped to the same reference gene
catalogue' were classified together, as described in the publication of the reference gene
catalogue'. The results are indicated in the mOTU-based abundance profiles in
Supplementary Figure S1 b. In two of four families (M02 and M03) all individuals from a
family were part of the same enterotype-like group. In families MO1 and M04, samples from
both ends of the enterotype-spectrum were observed. In addition, in four of the twenty
individuals of the cohort a shift from one group to the other within 2 to 3 months was
observed (MO1.1, MO1.4, and most obviously M04.4 and M04.5; see Supplementary
Figures S1 b and S2 a). The relative abundance of Prevotella spp. fluctuated strongly in
these individuals. Intriguingly, the dominance of Prevotella spp. in samples from several co-
habitating individuals in family M04 peaked at one sampling point, indicating that this

change may have been caused by a common environmental factor, in particular diet.
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However, careful analysis of the nutritional and medical information given by the members

of this family could not explain the cause for this change.

No significant correlation between the abundances of any mOTUs and estimated dietary
intake of macro- or micronutrients, or broader of classes of food, e.g. “fruit”, “fish”, “eggs
and egg dishes” (see Supplementary Table 1) during the last 24 hours were observed. To
account for the importance of specific nutrients within the diets of the individuals instead of
the total intake, nutrients and food types were also analysed after normalisation to calorific
intake. No significant correlations were apparent from this analysis either. Therefore, no
strong influence of estimated dietary intake levels on the gut microbial community structure
was detected here. Detection of such influences may require more rigorous and frequent
documentation of nutrition and more frequent analysis of microbial community structure* or

controlled environment>.

Differences in the ratio of Firmicutes to Bacteroidetes were among the first community traits
linked to host phenotype, i.e. obesity, by 16S rRNA amplicon-sequencing mouse studies and
were even observed in small human cohorts*, although contradictory observations have also
been reported”. We were therefore interested whether this ratio varied with BMI in the
present cohort. While the BMIs of adult individuals in the present cohort ranged from 18 to
38, the Firmicutes-to-Bacteroidetes ratios were not significantly lower in the lean individuals
(Wilcoxon rank sum test P value = 0.4; Supplementary Figure S14) and were not

significantly correlated to BMI (Spearman’s p =-0.23, P value = 0.44).
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Supplementary Note 3: Details on assembly statistics

In order to integrate metagenomic and metatranscriptomic data and to maximize the usage of
the sequencing data in general, we set up an assembly pipeline which co-assembles
metagenomic and metatranscriptomic read data. To assess our strategy in comparison to
single-ome assemblies and other combined metagenomic and metatranscriptomic assembly
strategies, we evaluated numbers of reads mapping back to the assemblies, total lengths of
assembled contigs, numbers of contigs greater 1 kbp, which are needed for the binning
approach used, length distributions of contigs and predicted open reading frames (ORFs), as

well as the numbers and diversity of functional annotations.

When comparing the number of reads mapping back to the assemblies (see Supplementary
Figure S3 a), the pure metagenomic assembly recruited more metagenomic reads than the
metatranscriptomic assembly or any of the co-assemblies. On the other hand, the
metatranscriptome was not so well represented by the metagenomic assembly and, more
importantly, co-assembling both types of reads achieved an even greater recovery of
metatranscriptomic reads than the purely metatranscriptomic assembly. The chosen co-
assembly workflow also used the maximum combined number of metagenomic and
metatranscriptomic reads.

4,26,27 and

Different assemblers for metagenomic data have complementary strengths
combining several assemblers is one approach to optimizing the usage of currently available
assembles®. In this study, the combination of multiple assemblers (IDBA-UD?, Velvet® and
Newbler from MeGAMerge®) led to longer total assembly lengths, more contigs greater
1 kbp and more predicted ORFs and predicted complete ORFs (see Supplementary Figure

S3 b - f). These ORFs could also be annotated with a greater diversity of functions (see

Supplementary Figure S3 d).
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Per sample, an average of 287 +/- 43 Mbp of assembled sequence, comprising 730,000 +/-
140,000 contigs was finally obtained by co-assembly of metagenomic and
metatranscriptomic reads using multiple assemblers (Supplementary Table 3). The contigs
had a minimal length of 125 bp, an N50 of 660 +/- 130 bp, and the longest contig in each
assembly reached 310 +/- 170 kbp. On average, 88 +/- 4 % of the trimmed and filtered
metagenomic reads and 88 +/- 2 % of the trimmed and filtered metatranscriptomic reads
could be mapped back to the assembled contigs, which compares very favourable to
previously reported mapping rates, i.e. 74%-81% of human metagenomic data is typically

represented within an integrated gene catalogue'.

The reconstruction of long contigs usually depends on sequencing depth by which longer
fragments are typically reconstructed from organisms in higher abundance. We found a dual
relationship between taxonomic richness (determined based on reads, see above) and
assembled sequences: the apparent quality of assemblies suffered from high taxonomic
richness, as the N50 and average contig length were lower in samples with high mOTU
richnesses (Supplementary Figure S4 a), likely reflecting insufficient coverage for
assembly of mOTUs with lower abundance. Conversely, total assembly lengths were higher
in samples with higher mOTU richnesses (Supplementary Figure S4 b). Overall, the
numbers of complete genes called were also higher in samples with higher microbial
richnesses. The numbers of different functional categories, i.e. KEGG orthologous groups
(KOs), Pfam and TIGRfam families, MetaCyc and Swiss-Prot enzymes, assigned to the genes
in one assembly ranged between 12,548 and 18,053. In accordance with the higher number of
genes, the apparent functional richness was also positively correlated to assembly length and

taxonomic richness (Spearman’s p = 0.57 and 0.40, respectively; Supplementary Figure
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S4 ¢). This indicates that despite the challenging taxonomic diversity encountered in some

samples, the functional diversity could be successfully recovered in most cases.
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Supplementary Note 4. Identified protein groups and proteins

920 +/- 570 microbial proteins were uniquely identified from the peptide mass spectra in each
sample while a further 6,600 +/- 3,700 proteins were putatively represented by the 1,400 +/-
1000 protein groups comprising several members that were indistinguishable from each other
based on the identified peptides (see Supplementary Table 3). Unsurprisingly, overall fewer
different microbial functions were detected in the metaproteome than in the
metatranscriptome (4.9 +/- 1.8% of the functional categories detected in the
metatranscriptome, see also Figure 3f). In addition, the number of different proteins
representing these functional categories reflected only a small proportion of the detected
transcripts for proteins of these functions. Nonetheless, the proteomic data gives valuable

insight into abundant functions.

To achieve an overview of the identified proteins, common functional categories were
determined. The 79 functional categories identified in all samples included ribosomal
proteins, outer membrane proteins, chaperones, elongation factor Tu, flagellin and proteins
involved in carbohydrate uptake and metabolism. These functional categories were also
generally more abundantly represented on the metatranscriptomic level than functions that
were not represented by identified proteins in any or some samples (Figure 3e;

Supplementary Table 2 and 3).

Because protein-coding taxonomic marker genes were used throughout this study for the
analysis of community structure and identification of taxa (see Supplementary Notes 2, 3, 6,
7, 10, 12, 13, 14, 15, 16 and 18), we analysed how well these genes were represented in the
metaproteome and whether community structure could be inferred from their presence. The
analysis of the presence and abundance of metagenomic operational taxonomic units

(mOTUs) based on mapping metagenomic reads to the marker genes had revealed the
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presence of 150 +/- 30 mOTUs in each sample (see Supplementary Table 2), out of which
on average 42 +/- 14 were represented by assembled marker genes. Representation of the
marker genes in the metaproteome (3 +/- 1 %) was higher than the representation of other
genes (~0.1 %, see Supplementary Table 3), likely due to the fact that being ribosomal
proteins, these proteins were expressed constitutively and at relatively high levels.
Nevertheless, only one of each kind of marker proteins was on average uniquely identified
per sample, representing only a single mOTU. Therefore, the depth of the metaproteomic
measurement was not sufficient for the accurate determination of the taxonomic composition
based on the metaproteome. Consequently, taxonomic analyses based on the protein-coding
taxonomic marker genes were limited to the metagenomic and metatranscriptomic data in the
remainder of the study and metaproteomic data were analysed in terms of expressed

functions.

On average, 650 +/- 230 different microbial functions were represented in each
metaproteomic dataset, either by proteins that were uniquely identified or by protein groups
whose members were all annotated with the same functional category (see Supplementary
Table 3). To understand the origin of proteins within protein groups comprising a single
functional category, the members of such protein groups were further analysed with respect
to the taxonomic annotation of their genomic context (see Supplementary Notes 6 and 7).
The co-occurrence of taxa was evaluated using a hypergeometric model as implemented in
the cooccur package in R (function cooccur). Taxa co-occurring in functionally homogenous
protein groups significantly more often than expected from a random distribution were
usually closely related, such as several strains or species of Prevotella or Bacteroides, or
Bacteroides and Parabacteroides (see Supplementary Figure S26). Similarly, taxa co-

occurring in such protein groups significantly less often than expected from a random
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distribution were usually from different phyla, such as Prevotella spp. and Ruminococcus
spp. (Supplementary Figure S26). The origin of protein groups therefore reflects

conservation of proteins between related organisms.

The analysis of human genomic data was integrated within the analysis of the metaproteomic
data to increase the number of peptide spectral database matches and avoid false positive
matches of human protein-derived peptides to microbial protein predictions. Therefore, we
generated personalized human proteome databases by extending the human genome reference
hgl9 protein database (RefSeq) by adding personalized human protein sequences including
homozygous and heterozygous SNVs and small indels from human whole genome sequence
data for each individual. 90 +/- 30 different human proteins could be uniquely identified in
every sample, of which 11 were found in all samples (Supplementary Table 2). 11+/-3
individual-specific proteins were found. For every sample, we could detect on average one
protein with two haplotype forms representing heterozygous variants (Supplementary Table
3). Among the most abundant and frequently identified proteins were digestive enzymes, as

well as immunoglobulin J (IgJ).

As the human genome contains protein families of paralogous proteins, which may not be
uniquely identifiable due to high similarity, we searched for protein groups consisting of
multiple human proteins. 24 +/- § protein groups with multiple human proteins were found in
each sample. For 15 +/- 6 of the multi-locus protein groups, the genes were part of proteins
families as annotated by the HUGO Gene Nomenclature Committee®”. In most cases (90 +/-
7 % of the groups) all proteins within a protein group were members of one protein family,
confirming our suspicion about paralogous protein groups. Therefore, we also analysed the

abundance of protein families in addition to single proteins.
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We were further interested in the origin of non-uniquely identifiable proteins in protein
groups. In all datasets together, there were 353 protein groups identified which contained
proteins encoded by both the human genome sequence and the microbial data. While 14,445
proteins were part of protein groups entirely made up of human proteins, and 238,574
proteins from the assemblies were part of entirely non-human protein groups, only 12 of the
proteins in the ambiguous protein groups were most similar to human or other metazoan gene
sequences. These results indicate efficient removal of human sequences prior to assembly and
the ability to unambiguously differentiate molecules of human and microbial origin. Proteins
in protein groups made up of proteins from both the host and the microbiota often were

highly conserved proteins, such as ribosomal proteins, chaperones and ATP synthase units.
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Supplementary Note 5: Binning results

To link genes of interest to their genomic contexts, we devised an automated binning
approach for contigs based on nucleotide signatures, presence of single-copy essential genes
and metagenomic depth of coverage (see Supplementary Figure S23 and Methods). In
every sample, 6 + 2 nearly complete and homogenous population-level genomes were
recovered which contained more than 93 % of the single-copy essential genes and less than
10 % of these genes in multiple copies (see Supplementary Table 4). A further 9 + 3 binned
genomes per assembly were at least 67 % complete with less than 20 % multiple essential
gene copies. 370 = 70 less complete bins of genome fragments were observed in each
assembly (including 200 + 40 bins without any essential bacterial genes). 70 + 13 of the bins
contained at least one phylogenetic marker gene also used for the analysis of mOTUs, while
only 12 + 4 population genomes contained at least partial 16S rRNA genes, which are
otherwise frequently used for phylogenetic analyses. We therefore based phylogenetic

analyses of the reconstructed genomes on these protein-coding marker genes.

Among the contigs that were not binned because the binning approach, which is based on
DBSCAN-based”, classified them as noise, viral sequences were strongly enriched
(hypergeometric test P value 5 x 10"-143). Bacteriophage genes were additionally sometimes
found in binned population-level genomes, and they were enriched in bins without essential
genes (hypergeometric test over all genes; P value < 10™*) and in nearly complete and
homogenous reconstructed genomes (hypergeometric test over all genes; P value < 107).
This reflects that bacteriophage genomes could be well recovered but were not usually
assembled with the bacterial host genomes, except in few cases where their bacterial host

genome was extremely well recovered.
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Supplementary Note 6: Consistency between assembly-independent and -dependent
approaches

As discussed above (see Supplementary Note 3), metagenomic coverage was important for
the assembly of long contigs. However, other factors contributed greatly to the successful
binning, as there were several sequences forming incomplete reconstructions of genomes
although their metagenomic coverage was high and vice versa (Supplementary Figure
S7 a). Factors facilitating contig binning can be the absence of closely related organisms,
unusual and very stable genomic signatures, absence of repetitive and mobile genomic

elements and high and even metatranscriptomic coverage.

To evaluate whether assembly-independent taxonomic data was nonetheless congruent with
data derived from the binned contigs, metagenomic coverage of marker genes from the
assemblies was assessed. While lowly abundant mOTUs were missed in the assembly-based
analysis of the community structures, the overall profiles were very similar (see
representative sample in Supplementary Figure S7 b). For 54 +/- 12 bins in every sample, a
unanimous taxonomic annotation at the mOTU level could be achieved for all marker genes
(62 +/- 8 % of the bins with more than one marker gene; Supplementary Figure S7 c).
When the metagenomic depths of coverage of the annotated binned genomes were compared
to assembly-independent data, similar abundance profiles were observed (see representative
sample M01.2-V1 in Figure 2 d). Accordingly, ordination of mOTU-wise aggregation of the
metagenomic depths of coverage of the unanimously annotated binned population-level
genomes yielded a very similar picture as the assembly- and binning-independent mOTU

analysis (Supplementary Figure S2 a & c).
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Supplementary Note 7: Comparison of correlation- and binning-based approaches to relate
function with taxonomy

To link genes with functions of interest to the genomic context of the microbes expressing
them, we used an approach of linking genes to contigs and then associating these contigs with
their wider genomic context by binning. To determine if this approach could reveal more
informative links than simpler methods, we compared it to the previously suggested approach
of correlation®’. Using the latter approach, we were able to identify 14 significant positive
correlations between metagenome-based abundances of mOTUs and metatranscript
abundances of certain functions (Supplementary Table 8). For the correlating functions, our
approach allowed the identification of population-level genomes containing expressed genes
with those functions in most cases. Notably, most binned population-level genomes
expressing the genes with the highest transcript abundances were annotated as the mOTUs
that were also found to correlate with the functions (see Supplementary Table 8 and
example in Supplementary Figure S8 a & b). However, in most cases, additional taxa were
found to contribute to the transcription of the functions of interest (Supplementary Figure
S8 ¢ & d). Functions of interest expressed by different taxa in different samples could also be
linked to different binned genomes (see Supplementary Figure S8 e & f), in contrast to the
correlation-based approach, which can only shed light on functions that are specifically
expressed by a single taxon. Therefore, our chosen approach is capable of linking more
functions to their genomic context than correlation, which is not only dependent on large
numbers of independent samples, but also the chosen method of normalization. Our approach

proved in particular more useful, when functions were expressed by multiple taxa.
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Supplementary Note 8: Eukaryotic taxa and genes

In addition to genetic material from prokaryotes and viruses, eukaryotic sequences were also
retrieved. To analyse these, Refseq-based annotations for each gene within the assemblies
were downloaded from MG-RAST". Multiple annotations with bit scores within 80 % of the
best hit were traced to their lowest common ancestor. Genes with a lowest common ancestor
from the kingdom Eukaryota were retained for the analysis, unless they were annotated as
human. Between 359 and 11,060 different eukaryotic genes were found in each sample,
indicating great variability in terms of eukaryotic representation in the faecal samples. These
genes recruited between 0.01 and 0.22 % of the metagenomic reads and between 0.03 and
3.76 % of the metatranscriptomic reads (Supplementary Figure S6). In addition, proteins
were uniquely identified for 1 to 72 of these genes in each sample (mean 15). The total area
under the ion-chromatography curve related to these proteins also varied greatly, accounting
for up to 12.6 % of the total area under the curve in a few samples (Supplementary Figure
S6). Three eukaryotic families were responsible for the majority of these proteins (with
varying proportions in different samples): Saccharomycetaceae, Poaceae and
Trichomonadidae. The Poaceae proteins were most likely food-derived, as the most abundant
proteins were annotated as storage proteins, such as prolamins and cupin. The yeast family of
Saccharomycetaceae may be both food-derived as well as human commensals or
opportunistic pathogens. Their most abundant identified proteins were annotated as enolase
and  alcohol dehydrogenase, followed by other enzymes involved in
glycolysis/gluconeogenesis including glyceraldehyde 3-phosphate dehydrogenase, fructose-
bisphosphate aldolase, pyruvate kinase, phosphoglycerate mutase, and glucose-6-phosphate
isomerase. This indicates metabolic activity of yeasts, which may play an important role with

respect to the carbohydrate metabolism in the gastrointestinal microbiota.
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The protist family of Trichomonadidae contains several member taxa which reside in the
human gastrointestinal tract. In the largest group of samples (14 samples of 8 individuals
from 4 families), the eukaryotic taxon recruiting most metagenomic reads was Trichomonas
vaginalis. As Trichomonas vaginalis does not reside in the gastrointestinal tract, this is likely
a wrong assignment and the sequences in truth originate from a related commensal intestinal
flagellate, such as Pentatrichomonas hominis, the genome of which, in contrast to
Trichomonas vaginalis™, has not yet been sequenced. Transcripts of genes of this organism
were also relatively common (recruiting the highest number of metatranscriptomic reads in
five samples). In addition, several of its proteins were uniquely identified in the same
samples. The high activity of a gastrointestinal protist, which may be inferred from the
abundance of its transcripts and proteins in some samples, suggests that further study of the

genomes and functional roles of commensal protists would be a worthwhile effort.

A direct relationship between the documented food intake and the origin of identified
eukaryotic sequences or proteins could not be established. This is likely due to varying

passage times and degradation efficiencies of food in different individuals.
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Supplementary Note 9: Viral genes

Despite the dominance of bacteria in faecal samples, other gastrointestinal agents, such as
viruses can play an important role in human health. For example, a putative role for
Coxsackie-viruses, enteric ssSRNA viruses, in the development of TIDM has been

investigated in other studies™ >’

. We therefore analysed the viral component of the omic
datasets by screening contigs and genes for potential viral genomes or genes. For this,
Refseqg-based annotations for each open reading frame (ORF) were retrieved from MG-
RAST". Multiple annotations with bit scores of within 80 % of the best hit were traced to
their lowest common ancestor. ORFs from the kingdom of Viruses were retained for the

subsequent analyses. As the X174 genome is used as a spike-in control in the sequencing

process, genes recognized as belonging to this sequence were ignored.

For the 160 +/- 110 genes per assembly annotated as viral, the relationship between the
metagenomic and metatranscriptomic coverage was assessed. Viral genes were mapped by
0.02 +/- 0.04 % of the metagenomic reads and 0.02 +/- 0.05 % of the metatranscriptomic
reads, respectively (Supplementary Figure S6). The taxonomies of the best-hit annotations
of the viral genes represented 54 +/- 14 different viral taxa in each sample (430 in total).
Further analyses revealed that bacteriophages made up a large part of the diversity (70 +/- 8
% of the taxa) and contributed a large proportion to the viral ORFs (65 +/- 20 %).
Furthermore, 92 +/- 10 % of the metagenomic and 47 +/- 31 % of the metatranscriptomic
reads mapping to viral sequences in each sample could be mapped to bacteriophage ORFs. 51
+/- 14 % of the bacteriophage genes were found to be expressed (i.e. were genes to which

metatranscriptomic reads were mapped).

As most of the viral metagenomic reads could be mapped to bacteriophage genes, but many

metatranscriptomic reads mapped to other viral genes, we further analysed the viral genes
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mapped by metatranscriptomic but not metagenomic reads. These genes constituted 41 % of
all viral genes. In 25 out of the 36 analysed samples (provided by 14 individuals), potentially
human-associated viral genes were detected at the metatranscriptomic but not the
metagenomic level. The most common of these human viruses was the human picobirnavirus,

. . . . .. . . 36.3
a gastrointestinal virus with unclear association with diarrhoea®®’

, which was present in 19
samples (9 individuals in 3 families; 6 with TIDM vs. 3 healthy). The metatranscriptomic
reads which mapped to genes linked to this viral species accounted for 99 % of the reads
mapping to potential human-associated viral genes identified in the metatranscriptome.
Picobirnaviridae have dsSRNA genomes, which explains why these were not detected at the
metagenomic level. Close to 40 % of the human picobirnavirus genes mapped by
metatranscriptomic reads were also mapped in the anti-sense direction and usually at lower
levels, indicating that both genomes and transcripts of the human picobirnavirus were
present, with the majority of detected RNA sequences being transcripts. In contrast to other
viruses from the order Picornavirales, Coxsackie-viruses, which have been implicated in the
development of TIDM>™, were not detected in this study. This would not be surprising,
even if the TIDM in individuals in this cohort had been caused by Coxsackie-viruses, since
these viruses do not usually persist in the gastrointestinal tract. None of the other detected

viruses were found to be differentially abundant between the individuals with TIDM and the

healthy family-members.

In addition to human viruses, genes assigned to plant-associated ssRNA viruses were
common among the viral genes mapped by metatranscriptomic reads, but not metagenomic
reads. Metatranscriptomic reads mapping to these genes accounted for 61 +/- 35 % of the
reads mapping to viral genes with a species annotation. One of the most highly abundant

genes assigned to a plant virus (a coat protein from Cucumber green mottle mosaic virus, the
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genome of which was completely recovered in one contig) was also detected in the
metaproteome. None of the plant-associated viral taxa were detected in all samples, reflecting
that these viruses are likely ingested with the food and pass through the gastrointestinal tract

without becoming a resident.
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Supplementary Note 10: Comparison of abundance and activity of community members

To assess the relationship between the abundance and activity of distinct community
members, relative abundances of mOTUs were inferred from the representation of marker
genes within the metagenomic and the metatranscriptomic data, respectively. In order to do
this, metatranscriptomic data of 36 samples (Supplementary Table 1) were subjected to the
same taxonomic analysis as the metagenomic data derived from the same samples (see
Supplementary Table 2). Similar mOTUs were detected in the metagenomic and
metatranscriptomic datasets, but a higher number of distinct mOTUs were represented in the
metagenomic data when compared to the metatranscriptomic dataset (Figure 3 a). The
abundance distributions of metagenomic and metatranscriptomic community profiles were
similar (data not shown), with the exception of the metagenomic data containing slightly
more mOTUs with low abundances. Correlation between the average metagenomic and
metatranscriptomic mOTU abundances was high (Spearman’s p = 0.95; P value < 2.2*¥107'°),
as was the correlation of individual metagenomic and metatranscriptomic mOTU abundances
over all samples (Spearman’s p = 0.75 +/- 0.24; 93 % of the mOTUs with FDR-adjusted
P value < 0.05; Figure 3 b). An exception to this was Ruminococcus sp. 5 1 39BFAA (with a
mean metagenomic abundance of 1 %) indicating that this population was more active in
some samples than in others, as well as several lowly abundant mOTUs, whose levels are

more likely to be affected by small technical variations.

Organisms with a relatively high mean activity (determined by calculating the ratio of the
mOTU abundances inferred from the metatranscriptomic and metagenomic reads) included
Lactobacillus  delbrueckii, Prevotella disiens, Clostridium saccharolyticum, and
Anaerotruncus colihominis, while organisms with a low mean relative activity included

Clostridium perfringens, Streptococcus pneumoniae and Streptococcus australis, an oral
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Veillonella sp. (taxon 158), as well as Haemophilus influenzae, and several less well
classified Firmicutes mOTUs (Figure 3 b). While the highly active organisms were known
residents of the gastrointestinal tract, several of the low-activity organisms are more
commonly associated with the oral cavity and the upper respiratory tract. This pattern of
activity, which relates for each organism to the distance of the rectum to the site of highest
activity along the gastrointestinal tract, has previously been established®® and suggests that
the organisms with low activity in faecal samples are transferred to the large intestine where

they remain relatively inactive.
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Supplementary Note 11: Relationship between gene copy numbers and relative abundances
of transcripts

A high level of correlation was found between the representations of mOTUs on the
metagenomic and the metatranscriptomic levels (see Figure 3 b, Supplementary Note 10).
However, the functional profiles in both datasets were less strongly correlated. Relative
abundances of some functional categories within the metagenomes and metatranscriptomes
were also correlated over the samples, as approximately 10 % of all functional categories
showed strong correlations (Spearman’s p > 0.9; FDR-adjusted P value < 2*10°°; Figure
3 g). To assess which functions were most stably expressed, KOs that were present in all
samples on both metagenomic and metatranscriptomic levels and significantly correlated
were analysed for module/pathway membership. Ribosomal and flagellar proteins, as well as
those related to LPS-synthesis were enriched (FDR-adjusted P value < 0.05) within these
functional categories, indicating that these functions were most stably expressed in different

bacterial populations.

To further assess the dependence of transcript abundances on metagenomic gene copy
numbers at the single gene level, depths of coverage of the predicted open reading frames by
reads at both omic levels were assessed. Metatranscriptomic reads could be mapped to
approximately 39 +/- 6 % of the predicted genes in each sample. As the assemblies were
derived from co-assembled metagenomic and metatranscriptomic reads, open reading frames
without metagenomic coverage were also resolved (24 +/- 5 %; see also Figure 3 ¢ & d).
These likely originated from genes of lowly abundant organisms with a high transcriptional
activity (and to a certain degree from genomes of RNA viruses, see Supplementary Note 8).
To evaluate this assumption, the functional annotations of such genes were analysed.

Approximately half of these genes could be annotated with a functional category. Among the
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genes annotated with a KEGG orthologous group (KO), modules were enriched (false-
discovery-rate (FDR) adjusted P value of hypergeometric test < 0.05) which are usually

highly expressed, e.g. ribosomal proteins and enzymes from amino acid metabolism.

For genes covered by both types of reads, the metagenomic and metatranscriptomic depths of
coverage were found to be very weakly correlated (average Spearman’s p = 0.06 +/- 0.09; see
also Supplementary Figure S9 b & ¢ and Figure 3 ¢). No correlation was also found for
most functional genes (average Spearman’s p = 0.1 +/- 0.1; 25 +/- 15% of functional
categories had FDR-adjusted P values < 0.05) except for house-keeping genes, such as
essential single-copy genes’ whose depths of coverage were more decisively correlated
(average Spearman’s p = 0.4 +/- 0.2; 70 +/- 21 % with FDR-adjusted P values < 0.05;
Supplementary Figure S9 ¢). This is likely due to the fact that a certain functional repertoire
is present in a given observed sample, which is for the most part expressed to different levels
in different taxa, while housekeeping genes are more stably expressed across the different

bacterial populations.
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Supplementary Note 12: Whole community-based analyses of individuality

At the level of metagenomic taxonomic profiles, faccal communities in samples from the
same individual were more similar to each other than to samples from other individuals (see
Supplementary Note 2 and Supplementary Figure S2 a). To assess whether this was also
true for the other omic levels, distances between all possible pairs of samples were grouped
by individuals, and intra- and inter-individual medians of all distances were compared. The
determined intra-individual distances were significantly lower than the corresponding inter-
individual distances (Wilcoxon rank sum test P values < 0.05). This was reflected in the
Jensen-Shannon divergences and (binary) Soerensen dissimilarity indices (Figure 4 a and
Supplementary Figure S11) for metagenomic and metatranscriptomic taxonomic profiles,
as well as for the functional metagenomic, metatranscriptomic and metaproteomic profiles,
and even human protein profiles. The apparent individuality of protein secretion into the
gastrointestinal tract may well be an important shaping factor of the gastrointestinal and
faecal microbiota, leading to the observed individuality on all omic levels. Detailed future
work is required to ascertain the impact of the human gastrointestinal secretome on microbial

communities.

Similar to the above analysis, permutational multivariate analysis of variance (MANOVA) of
Bray-Curtis and Soerensen dissimilarities and Jensen-Shannon divergences of mOTU
abundance profiles showed significant differences between the individuals (P values <
0.001). Analogous to the taxonomic results, permutational MANOVA of inferred transcript
and protein abundances of microbial functions revealed significant groups formed by samples

from the same individuals (P values 0.001 and 0.03, respectively).

A further indicator regarding the stability of gastrointestinal microbial communities is the

fact that it is often possible to identify the donor of one sample within a number of samples
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from an earlier (or later) sample, by building sets of specific taxonomic or functional units
(“codes™)’. This was also possible using our data based on mOTU abundances inferred from
metagenomic reads (see Supplementary Figure S10a). In accordance with the high
correlation between the mOTU profiles at the metagenomic and metatranscriptomic levels,
metagenomic codes reliably identified metatranscriptomic profiles of the same samples and
vice versa (see Supplementary Figure S10a). Metagenomic codes could identify
metatranscriptomic profiles of different samples of the same individual similarly well as their
corresponding metagenomic profiles (Supplementary Figure S10 a). Metatranscriptomic
codes did however result in a higher number of false negatives, both in terms of identification
of metagenomes and metatranscriptomes (Supplementary Figure S10 a), which shows the

higher variance in metagenomes compared to metatranscriptomes.

Stability of the microbiota was higher in individuals who had more diverse (Supplementary
Figure S27 a) and more even (Supplementary Figure S27 b) gut microbial communities
(Spearman’s correlation coefficients between median Simpson’s diversity indices and
Pielou’s evenness to total Soerensen indices (temporal variation) -0.6 and -0.7, respectively,
P values 0.004 and 0.0004, respectively), similar to observations on diversity and stability in
a larger study cohort analysed by 16S rRNA gene amplicon sequencing®. This observation
was robust to adjustment of mOTU profiles by ACE-estimated® numbers of unobserved, yet
present, mOTUs (Supplementary Figure S27 ¢). A similar trend was observed for the
metatranscriptome-based mOTU abundances, but the correlation was not significant
(Supplementary Figure S27 d & e). Within the functional datasets, no correlation between

richness or diversity and temporal stability was observed (data not shown).
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Supplementary Note 13: Assessment of similarity of microbial community structure and
functional profiles in families, spouses and siblings

While microbial community structures and functional profiles were most similar among
samples from the same individual (see Supplementary Note 12), samples from individuals
of the same family also displayed more similar community structures and functional profiles
when compared to those from members of different families (Figure 4 a and Supplementary
Figure S2). To obtain a quantitative assessment of this observation, we grouped all possible
distances between pairs of samples into one of the following groups: two samples from the
same individual (intra-individual distances), two samples from two individuals from the same
family (intra-family distances), or two samples from two individuals from two distinct
families (inter-family distances). Intra-family distances between the community structures
were smaller than the intra-individual distances, but smaller than inter-family distances
(comparisons individual to families and families to unrelated individuals by Jensen-Shannon
divergence or Soerensen dissimilarity: P value of Wilcoxon rank sum test < 0.05; Figure 4 a
and Supplementary Figure S11 b). For the functional metatranscriptome, the same pattern
was observed (Figure 4a), except that the Soerensen dissimilarities between
metatranscriptomic functional profiles of family members and metatranscriptomic functional
profiles of unrelated individuals were not significantly different, indicating that family-
specific characteristics of the functional metatranscriptome were quantitative and a similar
functional potential was present also in unrelated individuals (Supplementary Figure
S11 d). Also at the metaproteomic level a similar trend was observed, although here, intra-
family distances were not significantly different from intra-individual distances (Figure 4 a).
This was likely due to the great variability within the degrees of closeness in intra-family

groups. Finally, the profiles of human proteins displayed lower intra-individual distances than
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distances between individuals, but distances between samples from one family were not
significantly smaller than between unrelated individuals (Figure 4 a). Similar results were
obtained by permutational MANOVA of Jensen-Shannon divergences between the
individual-wise medians of samples (metagenomic community structure P value = 0.001,

functional metatranscriptome and metaproteome P values = 0.002).

Similarities of the microbial community structures and functional profiles between spouses
and siblings varied between families, with some spouse- and sibling-pairs having very similar
microbiota and others diverging strongly (no significant differences between
similarities/distances between spouse- and sibling-pairs except on the metaproteomic level;
Supplementary Figure S11). Similarly, permutational MANOVA of Jensen-Shannon
divergences of individual-wise medians indicated that neither the three spouse-pairs nor the
groups of siblings were significantly different from each other at the level of community
structure. At the metaproteomic level, the groups of siblings were more similar to each other
than most other groups of related or unrelated individuals, when comparing Soerensen
dissimilarities (Supplementary Figure S11 e). This was also reflected by permutational
MANOVA of Soerensen dissimilarities between the individual-wise medians of

metaproteomic profiles of siblings compared to other groups (P value = 0.025).

Neither Jensen-Shannon divergences (Supplementary Figure S11a) nor Soerensen
dissimilarities (Supplementary Figure S11b) were different between the fathers’ or
mothers’ and their respective children’s microbial community structures compared to the
corresponding distance measures for the individuals in the same families. As related
individuals within the families (siblings or mother/father-children couples) did not have more

similar faecal microbiota than the (unrelated) parents, these data point to a smaller genetic
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effect and a higher impact of the shared environment including most likely diet as a major

common factor driving these trends.
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Supplementary Note 14: Individuality of recovered genomes

In addition to the whole community analysis (see Supplementary Note 12), we were
interested in assessing whether individuality was also a feature of the binned population-level
genomes. Seven mOTUs were represented by well-reconstructed population-level genomes
(at least 67 % of essential single-copy genes™ recovered) derived from enough different
individuals to allow at least three intra-individual and inter-individual comparisons.
Soerensen dissimilarities between the genome reconstructions based on the presence and
absence of functional annotations were calculated (see for example Supplementary Figure
S10 b; the displayed genome represents Eubacterium rectale, the mOTU with the most
significant difference between intra- and inter-individual concordance). In analogy to the
community-wide analysis (Supplementary Note 12; Figure 4 a), dissimilarities between
genomes reconstructed from samples of the same donor (intra-individual dissimilarities) were
compared to dissimilarities between genomes reconstructed from samples of different
individuals (inter-individual dissimilarities). Intra-individual dissimilarities were usually
lower than inter-individual dissimilarities (Figure 4 c¢). A Wilcoxon signed rank test between
Soerensen dissimilarity indices of all tested groups of genomes revealed the same trend
(P value < 0.05). In addition to groups of genomes formed by the unanimous assignment of
the same mOTU to the phylogenetic marker genes in the reconstructed genomes, groups of
genomes based on similarity of single phylogenetic marker genes were analysed and

analogous results were found (data not shown).

In conclusion, genomes reconstructed from samples of the same individual were more similar
to each other than to closely related genomes reconstructed from the samples from other

individuals. Therefore, the relative temporal stability of the faecal microbiota could not only
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be observed on the whole community level, but also at the level of the genomes of specific

microbial populations common to multiple individuals.

Besides individuality in the functional potential of reconstructed genomes, we mined the
expression patterns of these genomes for patterns of individuality. Well-reconstructed
(> 67 % of essential unique genes™) genomes were again grouped by their assignment to
mOTUs, as described above. The number of metatranscriptomic reads mapping to genes with
functions found in all genomes assigned to the same mOTU were normalised using DESeq*'
(see Supplementary Figure S10c¢ as an example). Pairwise Spearman correlation
coefficients of the resulting expression profiles were calculated. Intra-individual and inter-
individual correlation coefficients were compared, in analogy to the analysis of dissimilarities
described above. Correlations of expression profiles were usually higher between genomes
reconstructed from samples of the same individual (Figure 4 d), and a Wilcoxon signed rank
test between the correlation coefficients of all tested organisms was significant (P value <
0.05). The differences between intra-individual and inter-individual correlations were even
more pronounced than in the analysis of the encoded functionalities above, as significant
differences were found not only over the whole set of tested groups of reconstructed genomes
or transcriptomes, but also within two further distinct groups of genomes, representing
Parabacteroides distasonis and a Clostridiales mOTU (Figure 4 d). Analogous to the
functional content of the reconstructed genomes, similar findings were made when genomes
were analysed together which were selected because a single phylogenetic marker gene was

very similar in all of them (data not shown).

In addition, a similar correlation analysis of gene expression profiles was carried out by
mapping metatranscriptomic reads from different samples to well-reconstructed population-

level genomes. For this, metagenomic reads of all samples were first mapped against all well-
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reconstructed population-level genomes (> 67 % of essential unique genes’ ). For this, the
average depth of coverage was used as a proxy for estimating the abundance of a genome in a
given sample. If the metagenomic depth of coverage of a genome by reads from one sample
was at least eight fold, the metatranscriptomic reads of this sample were also mapped against
the genes of the genome. The threshold of eight fold coverage was chosen because if we
assume that coverage of a genome follows a Poisson distribution*’, we would not expect to
miss more than 1/1000 of the genome in the metagenomic reads. Numbers of mapping reads
were normalized using DESeq*' and correlation coefficients of the expression profiles of
genes mapped by metatranscriptomic reads in all compared samples were calculated. Again,
intra- and inter-individual correlations were compared. This analysis confirmed that gene
expression profiles for reconstructed population-level genomes were more correlated, if reads
from samples of the same individual were used. The higher intra-individual correlations at
the level of gene expression represent another level of individual-specificity observable in

multi-omic datasets.

Comparisons of functional potential and expression profiles of closely related genomes were
also of interest in the context of families. To perform this comparison, we required several
closely related, well-reconstructed genomes in samples of several members of all four
families. Only two mOTUs were represented by such genomes, allowing for comparisons of
intra-individual, intra-family and inter-family distances as performed for the whole
community profiles (compare Supplementary Note 13). One of these mOTUs (Eubacterium
rectale) displayed greater intra-family than inter-family differences in functional potential of
the reconstructed genomes (Supplementary Figure S10 d), while the other (Alistipes
putredinis) did not. In addition, the expression profiles of reconstructed genomes assigned to

the two mOTUs showed similar trends (Supplementary Figure S10 e). In order to ascertain
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whether differences between intra-family-groups, such as mother- or father-child pairs,

siblings or spouses exist, a future study with a larger cohort will be necessary
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Supplementary Note 15: Additional discussion of family-specific differences in the
gastrointestinal microbiota and faecal human proteome

As family-membership greatly influenced the faecal community structures and functional
omes (see Supplementary Note 13), we assessed differences in the datasets between the
families. As discussed in Supplementary Note 1, the families followed rather distinct diets,
which may be the cause for differences observed in the microbial communities, which we

will discuss first (see also Supplementary Figure S12 a&b).

Few correlations were observed between the reported intake of food or inferred intake of
nutrients and transcript abundances within the faecal microbiota. One correlation was
between inferred levels of riboflavin intake and transcript levels of genes coding for proteins
with a NoplOp domain (nucleolar RNA-binding protein, Supplementary Figure S13 a).
Riboflavin intake has been described previously to correlate with faecal abundance of
Prevotella®, which was not the case in this cohort on any omic level (data not shown). Here,
in most cases where the transcribing taxa could be found, these were Methanobrevibacter
smithii. This is in accordance with the facts that nucleolar-like RNAs and proteins have been
described in archaeca™, and M. smithii was often more abundant in faecal samples taken after
high estimated intake of riboflavin. However, a mechanistic link between riboflavin
availability and M. smithii growth has not yet been established, and M. smithii can likely
synthesize riboflavin®. The intake of riboflavin did not differ significantly between the
families, in contrast to the two other foods and nutrients (fruits and maltose) which correlated
to transcript abundances (Supplementary Figure S13 b, ¢, e & f). These data may suggest
that the eating habits of families shape their specific microbiota. Alternatively, the family-

specific characteristics of the microbiota may have different causes including genetics and
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the detected correlations were observed because the members of the families not only share

determinants of microbial function but also diet.

Out of the 500 mOTUs detected at the metagenomic level, 54 mOTUs showed statistically
significant differential abundances between the four families of the cohort when controlling
additionally for disease status (main effect with FDR-adjusted P value < 0.05 and fold
change of 2). In particular, many mOTU abundances differed in family M04. Similarly, 1,426
functions were found to have differentially abundant transcripts between the families (main
effect with FDR-adjusted P value < 0.05 and fold change of 2, Figure 6 a). 349 of these
functions were also measured in the metaproteome, with approximately 60 being specific to

the same families on both omic levels.

153 metabolic KEGG orthologous groups (KOs) from a reconstructed community-wide
metabolic network exhibited a significant main effect of membership in family M04. The
top-scoring module of this network (FDR = 0.0001; Supplementary Figure S28) was
enriched in nodes related to the biosynthesis of amino acids, in particular glycine, serine and
threonine. Further nodes were related to carbon-metabolism, such as fructose and mannose,
terpenoids, as well as methanogenesis from methanol and methylamine (which was less
abundant in the individuals from family MO04) in addition to genes from biosynthesis
pathways of pyrimidine and purines. In families M01 to M03 (and a sample of M04-6), the
enzymes of methanogenesis were transcribed by lowly abundant members of the community
such as Methanobrevibacter smithii, which was hardly detectable in the other samples. It is
notable that the majority of the functions with higher transcript abundances in family M04
were for the most part transcribed from genes binned to genomes of Prevotella copri, which
dominated the microbiota of most individuals in family M04. In contrast, the same functions

were transcribed by a large number of different organisms in the other samples. At the
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metaproteomic level (small networks in Supplementary Figure S27 b & d) this trend was
even more pronounced. These observations imply that the strongest functional traits of family
MO04 were linked to the dominance of Prevotella copri in the faecal microbiota of these

individuals.

Among the human proteins detected in the faecal samples, RETN and VNN1 were more
abundant in the individuals from family M04, and the annexin ANXA2 was only detected in
family MO03. In addition, the protein family of lipocalins was more abundant in the stool of
individuals from family M04, due to high levels of LCN2 and/or ORM1 or ORM2. ORM1/2
and LCN2 are markers of inflammation®® and LCN2 has been validated as a biomarker for
intestinal inflammation in mice*’. RETN is a pro-inflammatory secreted protein, which is
expressed in glandular cells along the gastrointestinal tract and plays a protective role against
cell stress™. As VNNI, a pantetheinase, is also involved in protection of tissue against
stress*’, these may be indicators of an inflammatory signature of the gut lining in family
MO04, which was not manifest in clinical symptoms. This family also harboured the mucin-
degrading Prevotella copri in high abundance, which has previously been linked to
inflammatory disease™. Therefore some of the observed differences in the human faecal
proteins may reflect the interaction of the microbiota with the gastrointestinal epithelium.
Links between inflammatory markers in human stool and specific taxa should be followed up

on in a dedicated study in a larger cohort.
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Supplementary Note 16: TIDM and microbial community structure

As age and BMI are known to affect the gastrointestinal microbiota, we took care to avoid
strong biases in these respects in the cohort. Age and gender distribution and body-mass-
index (BMI) of the individuals with TIDM were roughly matched by the healthy individuals
in the cohort (see Supplementary Figure S15a & b). Analysis of microbial diversity
revealed no statistically significant differences between the mOTU richness, diversity or
temporal variability of faecal microbiota of individuals with TIDM and their healthy
relatives (Supplementary Figure S15 ¢ - e). The microbial community structures apparent in
the context of TIDM were not more similar to those observed in other samples from
individuals with TIDM from the same family when compared to samples from healthy
family members. Likewise, samples from healthy individuals did not exhibit more similar
community structures compared to other samples from healthy individuals from the same

family (Supplementary Figures S2 a and S11 a & b).

In a study based on qPCR and PCR-denaturing gradient gel electrophoresis’', a decrease in
the Firmicutes-to-Bacteroidetes ratio in children with TIDM relative to healthy controls was
found, as well as a significant negative correlation between HbA1c levels and the Firmicutes-
to-Bacteroidetes ratio. In our cohort where TIDM was longer established in most cases
however, neither a significant difference in the Firmicutes-to-Bacteroidetes ratio between the
individuals with TIDM and their healthy relatives (Supplementary Figure S15f) nor a
significant correlation between the Firmicutes-to-Bacteroidetes ratio and HbAlc levels
(Supplementary Figure S15 g) were observed. In contrast, the level of glucose in the blood
of the individuals with TIDM correlated with the Firmicutes-to-Bacteroidetes ratio

(Spearman’s p = 0.8; P value = 0.007; Supplementary Figure S15 h).
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Differential analysis of the individual-wise median metagenomic abundances of mOTUs was
carried out using a model taking into account family membership, because family
membership accounted for large differences in the community structures (see
Supplementary Notes 13 & 15). At the species level, the organism with the greatest main
effect of TIDM (FDR-adjusted P value = 0.09; overall log, fold change of 1.4 comparing
individuals with TIDM to their healthy relatives) was Escherichia coli (Supplementary
Figure S151). E. coli has not before been found to be differentially abundant in individuals
with TIDM. Its enterotoxin EtxB (also referred to as EltB), however, was found to inhibit
development of autoimmune diabetes in NOD mice’>. In the present study, no amino acid
sequences with significant sequence identity to EItB (NC 014232, positions 2109 to 2483)
were predicted from the metagenomic and metatranscriptomic data. At the higher taxonomic

ranks (genera, families, orders, classes and phyla) no significant differences were detected.

Several recent studies™* have observed enrichments of Bacteroides spp. and in particular B.
dorei™ in children with TIDM compared to children without TIDM. The present cohort
included three children, two of whom had T1DM, but neither had high levels of B. dorei or
the closely related B. vulgatus. Generally, the abundance of the B. dorei/vulgatus mOTU
varied between 0.3 % and 31 % in the different individuals while staying constant over time
in the individuals. No enrichments in B. dorei/vulgatus were observed in the adults with
T1DM, either. Moreover, population-level genomes of B. dorei/vulgatus were reconstructed
from samples from individuals with TIDM (six largely complete, homogenous genomes; see
Supplementary Table 4), but, in accordance with the assembly-independent analysis, their
relative abundances were not higher than the less well assembled and binned representatives

from samples of healthy individuals.
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As expected from the close relationship between the metagenomic and metatranscriptomic
representations of mOTUs, differences between the metatranscriptomic abundances of
microbial taxa in individuals with TIDM and their healthy relatives were likewise rare at all
analysed taxonomic ranks. The organism with the only significant main effect (P value =
0.01 in DESeq2 analysis) was an mOTU belonging to the order Clostridiales
(Supplementary Figure S15Kk). Based on the ratio of relative abundances at the
metatranscriptomic and the metagenomic levels, this mOTU was highly active (>90"
percentile). However, this mOTU is as yet uncharacterized and the present data did not allow
for a genomic reconstruction. In addition to the Clostridiales mOTU, [Ruminococcus] torques
was more highly (but not significantly) abundant in the individuals with T1DM, on both the
metagenomic and metatranscriptomic levels (Supplementary Figure S15j; the square
brackets indicate that the taxon usually referred to as Ruminococcus torques does not
phylogenetically belong to the genus Ruminococcus'®). Ruminococcus torques has previously
been proposed to be linked to irritable bowel syndrome and autism spectrum disorder®. In
another study, it was found at higher levels in unaffected family members of individuals with
Crohn's disease compared to healthy controls without close relatives with Crohn’s disease’’.
In conclusion, robust differences between taxonomic profiles of individuals with TIDM and
their healthy relatives were rare. However, functional differences may be independent of
taxonomic profiles, if the potential differentially expressed functions are encoded by different
organisms or if commonly present organisms regulate their expression levels according to the

disease state.
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Supplementary Note 17: Additional discussion of functional differences in microbiome of
individuals with TIDM

Differential analysis of the median community-wide transcript abundances of functions
within the individuals’ microbiomes was carried out using a model taking into account family
membership, in analogy to the taxonomic analysis. Transcripts with significantly higher
abundances in samples from individuals with TIDM included the cysteine protease
staphopain A, genes involved in the regulation of motility or biofilm formation and cell
surface structure, a putative cellulose degradation gene, ornithine cyclodeaminase,
methylaspartate mutase, a catalase, and genes related to mobile genetic elements or
bacteriophages. Transcripts of genes containing several domains of unknown functions were
found to be more abundant in the healthy individuals (Supplementary Figure S16 b). The
transcription elongation factor and the putative anhydrosylase functions with differential
abundance are not discussed in the following, as their transcript abundance was significantly
correlated with alcohol and white bread intake, respectively (data not shown), indicating that
these results may be confounded by diet rather than be the result of physiological differences

in TIDM.

As a Staphylococcus aureus virulence factor, staphopain A is capable of cleavage and
inactivation of several receptors of the innate immune system’>®>. Staphylococcus spp. were
not detected in the taxonomic analysis of the metagenome and in only three samples in the
metatranscriptome. Therefore, the presence of staphopain A transcripts in the
metatranscriptomes of twelve individuals was unexpected. However according to KEGG,
Enterococcus spp. and Roseburia hominis carry similar genes. The effect of these enzymes in
such non-pathogenic organisms is unknown but may well be immunomodulatory. For

instance, beneficial effects of other cysteine proteases have been demonstrated in mice™. The
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population-level genomes of organisms encoding staphopain A within this cohort could not
be reconstructed (which would be expected if they are indeed low abundant Staphylococcus

spp.), and therefore their phylogeny remains presently unknown.

Two putative negative regulators of motility (Pfam:Y1iH and Pfam:GlgS®) were expressed
almost exclusively from reconstructed population-level genomes of E. coli. The same
populations were also responsible for the higher levels of catalase transcripts.

Genes with the Pfam annotation CBM_X2 (Carbohydrate binding domain X2, a structural

Ca . 64,65
domain in in cellulose-degrading cellulosomes™™

) were expressed by Coprococcus eutactus
in three of the four samples with the highest expression of this gene (M1.1-V2, M2.3-V2 and
M2.3-V3; in the fourth sample, M1.1-V1, taxonomic annotation of the binned genome which
harboured the gene with the highest transcript level was ambiguous, but with 9 out of 10
phylogenetic marker genes most similar to Coprococcus eutactus, it likely belonged to the

same mOTU). C. eutactus is known to degrade different hemicelluloses®®®’

, which in part are
degraded also in cellulosomes®. Interestingly, C. eutactus was comparatively highly
abundant in other samples, such as M1.3-V2 and M2.4-V2 (both from healthy individuals), in
which hardly any transcripts of CBM_X2 domains were detected. What is more, a CBM_ X2
domain was detected in the reconstructed genomes of C. eutactus in these samples, but the
genes were not expressed (Supplementary Figure S18). As cellulose degradation can be

controlled by catabolite repression®, this may indicate a better accessibility of preferred

carbon sources.

Another functional category that was found to have more transcripts in the microbiota of the
individuals with TIDM was the KEGG orthologous group (KO) K10954, annotated as

Zonula occludens toxin (Zot). Zot was first described in Vibrio cholerae as secondary toxin,
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causing mild diarrhoea by interaction with intestinal tight junctions®’’. As a link between
zonulin, a human protein with a similar interaction with tight junctions as Zot, and T1DM has
been discussed’' and alterations in gut permeability have been observed in T1DM

patients’*"

, this would represent a very interesting finding. However, as we will discuss
here, the annotation is misleading, because the domain annotated as Zot is not the domain

shown to exert the Zot effect.

Already at the time of discovery of Zot in V. cholerae, similarities to a plasmid- and a
bacteriophage-encoded gene were recognized’’. The Zot-domain (in the KEGG database, but
also recognized by Pfam) is an ATPase-like domain in the N-terminal ~200 aa of the V.
cholerae Zot protein (in V. cholerae Zot, no ATPase activity was found™). In the
bacteriophage proteins, this cytoplasmic domain is involved in bacteriophage assembly. In
the V. cholerae Zot protein, this domain is followed by a transmembrane region and the C-
terminus of the protein is located in the periplasm. In the C-terminal domain, Zot contains an
octamer G*'RLCVQDG**, which is cleaved from the membrane-associated and cytoplasmic
parts of the protein and has been shown to be required for binding to epithelial cells and Zot
action on tight junctions’. None of the predicted proteins in our study contained this motive.
To assess whether the Zot-domain containing protein predictions may be associated with
bacteriophage genomes in our study, we screened the functional annotations of neighbouring
open reading frames. 25 open reading frames annotated as Zot had open reading frames with
functional annotations on the same contigs. Among these were one phage replication
initiation protein and one integrase/recombinase, which may point to integrated phage

genomes.

A similar situation was apparent for the case of Campylobacter concisus, for which several

isolates were also found to harbour genes for proteins with Zot domains’®. Authors of another
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study’” have argued that the C. concisus Zot protein may have a causal role in inflammatory
bowel disease (IBD), partially based on the fact that Zot-positive isolates were found more
often in individuals with IBD than healthy controls. Contrarily, in the first study’®, Zot-
positive isolates were found more often in healthy controls than diarrhoeic individuals. The
C. concisus Zot does not have the GRLCVQDG-octamer, but a sequence G'”’RFLSYHG '
with some alleged similarity to the octamer’’. The position of this sequence within the C.
concisus protein is however completely different from the V. cholerae protein, as the C.
concisus motive is positioned within the ATPase domain and not at the C-terminus of the
protein. One Zot-protein each was predicted on two contigs in our dataset which contained a
GRKAARTG motive C-terminal of the Zot-domain and a likely transmembrane domain
(predicted using the TMHMM web service at http://www.cbs.dtu.dk/servicess TMHMM/).
However, no transcripts or peptides were found indicating the expression of these genes. In
conclusion, until the existence of experimental proof of an effect of the non-V. cholerae-like
Zot proteins, we cannot assume their function to be Zot-like and to be involved in the TIDM
of the individuals in this cohort. As an additional note, human zonulin is processed from the
product of the haptoglobin gene (HP). The HP protein was uniquely identified in only one
sample (M01.1-V3) in the current study, so we could not assess if zonulin is more highly
expressed in the individuals with T1IDM here. Overall, the possible role of Zot-like proteins
in the context of TIDM (and potentially other diseases) requires additional detailed future

study.

From the analyses of metabolic functions, the top-scoring module of a metabolic
reconstruction based on KOs contained nodes related to carbon metabolism as well as amino-
acid metabolism (Supplementary Figure S29). The centre of this module was formed by

monoamine oxidase, which was more abundant in the individuals with TIDM. Higher
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abundance of monoamine oxidase may be related to the use of host-derived substances like
catecholamines or indolamines. Catecholamines, especially epinephrine, play an important
role in the regulation of blood glucose levels in TIDM, but there is contradictory data on
whether catecholamine levels are increased or decreased in T1DM, which likely depends on

78-80

the level of glycaemic control of the insulin treatment™ . Interesting, catecholamine levels

have also been linked to microbial iron uptake®**

, which is restricted by lactotransferrin
among others. Lactotransferrin was observed to be more abundant in some individuals with
TIDM (Supplementary Note 18). A side-product of monoamine oxidase is hydrogen
peroxide, which may explain the higher levels of catalase expression in the same samples.
Both monoamine oxidase and catalase also form part of the phenylalanine and tryptophan

metabolism, so these results may also indicate a change in microbial phenylalanine and/or

tryptophan accessibility.

While no conclusive picture emerges from the discussed functions, several of them suggest a
primed immune system and higher levels of reactive oxygen species (ROS) in the individuals
with T1DM that favour expression of catalases and immune-evasive genes like staphopain A.
The differences observed between individuals with TIDM and their healthy relatives at the
metatranscriptomic level were not represented at the metaproteomic level. In part this was
due to the fact that more than 70 % of the differentially abundant functions of the
metatranscriptome were not even detected or identified in the metaproteome (see

Supplementary Table 6).

Within the metaproteomic dataset, no microbial functional categories were significantly
differentially abundant between the individuals with TIDM and the healthy family members
when applying multiple-testing adjustment. However, among the proteins with the most

significant changes (P value of Wilcoxon rank sum test < 0.025; 11; see Supplementary
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Figure S17 a), three were likely involved in carbohydrate metabolism and transport. Another
difference was found in the protein EutM, which was more abundant in faeces of individuals
with TIDM. The organism producing this protein could not be conclusively determined from
our data. EutM is part of an organelle-like structure® essential for ethanolamine use™.
Ethanolamine metabolism can depend on tetrathionate®, which can be produced by reaction
of NO and ROS with thiosulfate, a side product of hydrogen sulphide detoxification in
colonic cells®®. The higher abundance of ROS is also indicated by the higher abundance of
NADH peroxidase and dihydroflavonol-4-reductase (K00091), which is involved in the
synthesis of a flavonoid antioxidant. This protein was uniquely identified from genes
belonging to several well-reconstructed genomes of mOTUs not classified beyond the order
Clostridiales (Supplementary Figure S19), which have not yet been linked to antioxidant
production. (These mOTUs did not include the mOTU found to be more abundant in the
metatranscriptomes of the individuals with TIDM.) Together, these results indicating higher
levels of ROS in individuals with TIDM somewhat resonate with the indications by the

metatranscriptome analysis above.

To conclude, we found diverse microbial functions with subtle differences in expression at
the metatranscriptomic or metaproteomic levels in individuals with TIDM compared to their
healthy family members. The differences were attributable to different microbial populations,
which were not differentially abundant between individuals with TIDM and healthy control
family members (with the possible exception of E. coli, see Supplementary Note 16). The
functions overall may reflect the consequences of inflammation and changes in exocrine

pancreatic function in the microbiome (Figure 6).
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Supplementary Note 18: Additional discussion of TIDM-related changes in human proteins
and repercussions on the gastrointestinal microbiome

Although none of them were statistically significant after multiple-testing adjustment,
differences between the human faecal proteome of individuals with TIDM and their healthy
family members were observed (see Supplementary Table 5). Among the proteins with the
strongest differences between individuals with TIDM and healthy individuals were some
which have also been observed to be auto-antigens in some cases of TIDM (a-amylase 2
(AMY2A) and lactotransferrin (LTF1))*". Lactotransferrin, which was more abundant in the
stool of individuals with TIDM, is an antimicrobial protein®™. It is secreted into several
bodily fluids and into the gastrointestinal lumen, and its expression by colonic epithelial cells
has been shown to be affected by its receptor intelectin (ITLN1)*, which we also found in
increased abundance in individuals with TIDM. Intelectin has been shown to be induced by
pro-inflammatory cytokines” while lactotransferrin has both pro-inflammatory as well as
anti-inflammatory properties (of which the anti-inflammatory properties are usually
considered more relevant)’’. Secretion of intelectin has also been shown to be down-
regulated in response to insulin in some cell types, independent of its function as a

lactotransferrin receptor’.

We found four proteins which are expressed preferentially by the exocrine pancreas’
(AMY2A, AMY2B, CPA1 and CUZDI; Figure 5 a & b and Supplementary Figure S17 b)
among the ten human proteins with the greatest decrease in abundance in the faeces of
individuals with TIDM. Due to the tissue-specificity of their expression, this decrease
possibly reflects a weakening of pancreatic exocrine function. We ascertained the human
origin of the pancreatic amylases (AMY2A and AMY2B) by comparing the identified unique

peptides from each of these proteins to sequences of plant amylases and microbial a-
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amylases, which are commonly used in food processing”. We found the identified unique
peptides to occur in none of the known a-amylases from plants or microbes. Comparing the
levels of amylases to the dietary records, we found no foods and nutrients to significantly
correlate with the amylase levels, indicating that the differences in amylase levels were not

related to the diet of the study participants.

Next we aimed to test whether potential repercussions of this TIDM-related decrease in a-
amylases, such as changed nutrient availability, would be reflected in the faecal microbiome.
No significant correlations between the protein abundances and the abundances of any
mOTUs were found. However, to test whether these differences may result in possible
metabolic differences in the respective microbiomes, we focussed on KEGG orthologous
groups (KOs) from which we inferred a generalized community-wide metabolic network.
Based on this network, we then calculated correlation coefficients between the transcript
abundances of the individual KOs and the abundances of the pancreatic proteins. We
uncovered 24 significant correlations between microbial functional transcripts and the
combined relative abundances of the a-amylase proteins AMY2A and AMY2B (P value <
0.05 after false-discovery-rate (FDR) adjustment; |Spearman’s p| > 0.75; Supplementary
Table 5). Overall, the functions of the positively correlating transcripts were enriched in
functions relating to microbial central carbon metabolism (Figure 5 c¢). In addition, transcript
levels of thiazole synthase, the central enzyme of the biosynthesis of thiamine (ThiG,
K03149; Supplementary Figure S20 a) were found to be positively correlated with amylase
abundances (Supplementary Figure S20 b). Thiamine is the precursor of an essential co-
factor in decarboxylation reactions and is therefore also linked to the central carbon
metabolism, especially the citric acid cycle. The most abundant transcripts of thiG were

expressed from contigs linked to Prevotella copri, but in samples without P. copri
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(Supplementary Figure S20 c¢), thiG was transcribed by various other populations (Figure
2 e, Supplementary Figure S20 d), including Bacteroides dorei or vulgatus and Alistipes
putredinis, among others. This observation illustrates once more that in mixed microbial
communities, functions of interest can be contributed by different organisms”. As AMY2A
proteins were more abundant in healthy individuals, thiG transcripts also tended to be more
abundant in healthy individuals (Supplementary Figure S20 e). In contrast, high thiamine
intake levels derived from the dietary and medication records did not correlate to low thiG
transcript levels (data not shown), which is line with the fact that dietary thiamine is known
to be taken up in the small intestine and would therefore not reach the colon’ and would

likely not affect microbial activity there.

Thiamine is known to counteract the formation of advanced glycation endproducts, a
common cause for complications in TIDM®” and low thiamine levels have been documented
in adults with TIDM”*'”', a situation which can be aggravated in adolescents with diabetic

102

ketoacidosis after insulin treatment -. While thiamine is absorbed from food in the small

103,104 .
7", which means

intestine”®, uptake transporters are also expressed in the large intestine
that microbiome-derived thiamine may also contribute to host thiamine levels. Therefore, we
were interested in the thiamine levels in human blood. In our cohort, several individuals took
vitamin formulations including thiamine (see Supplementary Table 1). The thiamine levels
in the blood plasma of the few individuals who did not take thiamine supplements were not
significantly different between individuals with TIDM and healthy family members, and the
thiamine plasma levels did not correlate with thiG transcript levels or AMY2 protein
abundances (Supplementary Figure S20 f). This may be due to sufficient dietary ingestion

and uptake of thiamine. Nevertheless, potential feedbacks between gastrointestinal starch

hydrolysis, sugar uptake into the human system and human metabolism on the one hand and
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microbial central carbon metabolism and thiamine synthesis, which may be taken up by the
human host, on the other hand, may also exist. In order to deconvolute these complex
relationships, a detailed follow-up in a dedicated study involving a larger cohort of families

which explicitly do not take thiamine supplements should be undertaken.
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