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Supplementary Methods 21 

Indications for Endoscopic retrograde cholangiography in patients and controls 22 

Indications for endoscopic retrograde cholangiography (ERC) in both PSC patients and controls 23 

are listed in Supplementary Table 1. 24 

 25 

Supplementary Table 1: Indications for ERC in PSC patients and controls 26 

PSC (n=43) Controls (n=22) 

ERC indication Intervention ERC indication Intervention 

Biliary stricture(s) 
visible on MRCP 

(n=34) 
 
 
 

Increased 
cholestasis 

parameters + 
pruritus (n=4) 

 
Increased 

cholestasis 

parameters + right 
upper quadrant pain 

(n=2) 
 

Bile duct stone 
visible on MRCP 

(n=3) 

Bile duct dilation 
(n=21), 

bile duct dilation + 
cytology (n=5) 

 
 

Bile duct dilation 
(n=3) 

 
 
 

Bile duct dilation 
(n=1) 

 
 
 
 

Stone removal 
(n=2), 

Stent implantation 
(n=1) 

Choledocholithiasis 
(n=7) 

 
 
 
 

Papillary adenoma 
(n=5) 

 
 

Chronic pancreatitis 
(n=2) 

 

 
 

Cholangiocarcinoma 
(n=2) 

 
 

Gallbladder hydrops 
(n=1) 

 
Biliary pancreatitis 

(n=1) 
 

Nodular regenerative 
hyperplasia (n=1) 

 

Pancreatic cyst (n=1) 
 

Papillary sclerosis 
(n=1) 

 
Bile duct dilation due 

to severe scoliosis 

(n=1) 

Stone removal 
(n=3) 

 
 
 
 

 
Removal (n=3) 

 
 
 

Pancreatic duct 
dilation + stent 

implantation (n=2) 
 
 

Bile duct dilation + 
cytology (n=2) 

 
 

Stent implantation 

(n=1) 
 

Stone removal 
(n=1) 

 
 
- 

 
 
- 
 
- 
 
 

- 

ERC: endoscopic retrograde cholangiography; MRCP: magnetic resonance 27 

cholangiopancreatography; PSC: primary sclerosing cholangitis.  28 

29 
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Endoscopic retrograde cholangiography procedure and biospecimen acquisition 30 

All endoscopic procedures were performed under conscious sedation. Prior to the procedure, 31 

buccal swab specimens were obtained from each individual (eSwab, Copan Diagnostics, 32 

Murrieta, California, USA). Endoscopic retrograde cholangiography (ERC) was performed 33 

with standard video duodenoscope (TFJ 160-R, Olympus, Hamburg, Germany). Duodenal fluid 34 

and mucosal biopsy specimens were obtained. Terumo guidewire (Terumo, Tokyo, Japan) was 35 

used for selective cannulation of the bile duct. A bile sample was aspirated before application 36 

of contrast media. Antibiotic prophylaxis was applied intravenously after bile samples were 37 

obtained (either with sultamicillin 3g or ciprofloxacin 400mg), according to local standard 38 

procedure. Biospecimens were snap-frozen in liquid nitrogen immediately after sampling and 39 

stored at ─80 °C until transfer to the sequencing facility. 40 

 41 

Bile acid assay 42 

Quantitative bile acid measurement was performed in the Institute of Biochemistry, University 43 

Medical Center Hamburg-Eppendorf, using PLC-ESI-QqQ system in multiple reaction 44 

monitoring (MRM) mode (HPLC: 1200 Infinity Quaternary LC System (Agilent); column: 45 

Accucore Polar Premium (2.6 μm, 150 mm × 2.1 mm inner diameter, Thermo Fisher Scientific, 46 

Inc.); QqQ: API 4000 Qtrap (ABSCIEX)). Peak bile acid identification and quantification was 47 

conducted by comparing retention times, as well as MRM transition and peak areas, 48 

respectively, to corresponding standard chromatograms, essentially as described.1 49 

 50 

DNA preparation and sequencing 51 

Microbial DNA was extracted using the QIAamp DNA Stool Mini kit from Qiagen on a 52 

QIAcube system. The V1─V2 variable region of the 16S rRNA gene was sequenced on 53 

Illumina MiSeq (Illumina Inc., San Diego, California, USA), using the 27F─338R primer pair 54 

and dual MID indexing (8 nt each on the forward and reverse primers), as described.2  55 

Sequencing was performed with MiSeq Reagent Kit v2. After sequencing, MiSeq fastq files 56 

were derived from base calls for read 1 and 2 (R1 and R2), as well as both indices (I1 and I2), 57 

applying Bcl2fastq module in CASAVA (v1.8.2). Stringent demultiplexing was carried out by 58 

allowing no mismatches in either index sequence.   59 
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Bioinformatic processing of 16S rRNA sequences 60 

Bioinformatic processing was entirely conducted within the R environment (v3.4.3; R 61 

Foundation for Statistical Computing). DADA2 was used to infer the exact ribosomal sequence 62 

variants (RSVs) abundant in each sample.3 Exact sequence variants provide a more accurate 63 

and reproducible account of amplicon-sequenced communities than operational taxonomic 64 

units (OTUs) defined at a constant level (e. g., 97%) of sequence similarity.4 We essentially 65 

followed the DADA2 workflow for big data (https://benjjneb.github.io/dada2/bigdata.html). 66 

Forward/reverse read pairs were trimmed and filtered, with forward reads truncated at 220 nt 67 

and reverse reads at 140 nt, no ambiguous bases were allowed, and each read required to have 68 

less than two expected errors based on their quality scores. RSVs were independently inferred 69 

from the forward and reverse reads of each sample using the run-specific error rates, afterwards 70 

read pairs were merged. Chimeras were identified in each sample, and RSVs were removed if 71 

identified as chimeric by consensus decision. Singletons (i.e., RSVs with a single count entry) 72 

were pruned to reduce bias of downstream analyses by rare or spurious sequences. 73 

For bile fluid microbiome a median RSVs count of 44,087 was retrieved (minimum 7,938). For 74 

oral and duodenal fluid communities the median RSVs counts were 45,325 and 35,300, 75 

respectively. As sequencing depth of mucosal samples is typically sparser, for duodenal biopsy 76 

specimens a minimum count threshold ≥800 was accepted (median=2,349). 77 

RSV abundance tables were normalised according to the Geometric Mean of Pairwise Ratios 78 

(GMPR) method, which was recently proposed for zero-inflated count data.5 79 

Taxonomic assignment was performed against database SILVA database (v132) using the 80 

implementation of the RDP naive Bayesian classifier available in DADA2.6, 7 81 

Tax4Fun was applied to predict functional genetic content of microorganisms 82 

(http://tax4fun.gobics.de).8 83 

Normalised RSV tables were used for computing metabolic capabilities using ultrafast protein 84 

classification against Kyoto Encyclopaedia of Genes and Genomes (KEGG).9 85 

86 

https://benjjneb.github.io/dada2/bigdata.html
http://tax4fun.gobics.de/
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Statistical analysis 87 

All analyses were performed with R libraries. Probability distribution was determined visually 88 

(histograms) and analytically (Kolmogorov-Smirnov test). Differences regarding continuous 89 

variables were either tested with Welch’s t-test or the non-parametric Wilcoxon test, or 90 

Kruskal-Wallis test for multi-level comparison, respectively. Differences of categorical data 91 

were tested either by χ2 test or Fisher’s test (for sparse data). 92 

Community ecology analysis mainly relied on the vegan library (v2.5.3).10 To analyse within-93 

sample diversity (α-diversity) Shannon diversity index was calculated. To investigate between-94 

sample diversity (β-diversity) we used constrained analysis of principal coordinates on the 95 

Bray-Curtis dissimilarity (capscale). Statistical significance of differences in β-diversity 96 

were tested using ANOVA-like permutation test (anova.cca), differences according to 97 

disease status were adjusted for potential confounders by multivariate testing including sex, 98 

age, body mass index (BMI) and grade of cholestasis reflected by alkaline phosphatase (ALP) 99 

levels. 100 

Core microbiota analysis was conducted by illustration of core heatmaps as introduced by 101 

Shetty et al.11  102 

To identify clinical variables associated with α-diversity, we applied best subset selection by 103 

leaps algorithm to linear regression of the Shannon index against a variety of clinical variables 104 

(see main manuscript), as implemented in the bestglm library.12 In order to detect clinical 105 

variables with significant association to variation of the community structure (β-diversity) in 106 

the PSC cohort, we used stepwise forward selection for constrained ordination (vegan 107 

function ordistep). 108 

Differential abundance of single bacteria was conducted for all sampled sites after aggregating 109 

RSVs according to the genus and the species taxonomic hierarchy level. Statistical testing was 110 

performed with either negative-binomial generalised linear models from the MASS library 111 

(glm.nb) or truncated negative-binomial hurdle models implemented in the pscl package 112 

(hurdle).13 We regressed raw counts including the GMPR size factor as an offset  to account 113 

for differences in library size.5 For each microorganisms, the best fitting model was selected 114 

according to Akaike’s Information Criterion. All models were adjusted for sex, age, BMI and 115 

ALP levels. Additionally, to account for potential bias through microbial contamination via the 116 

endoscopic route, if the respective microorganisms were present in the proximal body sites, the 117 

models were adjusted for its normalised abundance in the respective body sites, e.g.:  118 
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hurdle(MicroorganismA: bile
 ~ diagnosis + age + sex + BMI + ALP + 119 

MicroorganismA: duodenal fluid + MicroorganismA: oral cavity, offset = 120 

log(size factor), dist = “negbin”).  121 

Co-variate adjusted log2 fold changes (log2FC) were calculated with DESeq2 package14 using 122 

the GMPR normalisation instead of the default variance stabilising transformation (see, 123 

https://github.com/jchen1981/GMPR/blob/master/GMPR.Example.R). 124 

Only genera that were present in at least 20% of samples of the respective body site were 125 

considered for differential abundance testing. On the even sparser species level, we accepted a 126 

bacterial prevalence threshold of 10%. Additionally, only microorganisms with an absolute 127 

log2FC≥1 were considered significantly differentially abundant. 128 

Differential expression of predicted KEGG pathways was tested with the gage package. This 129 

approach utilises gene set differential expression tests based on one-on-one comparison 130 

between samples from the two experimental conditions followed by calculation of a global P-131 

value based on a meta-test on the negative log sum of p-values from all one-on-one comparisons 132 

for each gene set.15 To explore potential microbial pathway alterations relevant for dysregulated 133 

mucosal immunity and inflammation-driven carcinogenesis we applied Bayesian generalised 134 

linear modelling to selected inferred bacterial genes after a literature search. 135 

To explore correlations between microorganisms and bile acids, data transformations were 136 

applied. Bile acids concentrations measured in µg/l were scaled. To reduce the burden of heavy 137 

tails normalised microorganism abundances were subjected to inverse hyperbolic sine 138 

transformation: log(xi + √xi
2 + 1). Sparse canonical correlation analysis was applied as 139 

implemented in the PMA library to select the variables which maximise the correlations between 140 

both biological domains.16,17 Tuning parameters were selected automatically using penalised 141 

matrix decomposition (CCA.permute) with 999 permutations. We tested partial correlations 142 

(according to Spearman’s rank correlation coefficient) between the selected variables, i.e. the 143 

specific portion of variance explained by eliminating the effect of other variables when 144 

assessing the correlation between two variables, using the pcor.test function in the ppcor 145 

package.18 We accounted for the potential confounders sex, age, BMI, ALP and transient 146 

elastography (TE) measures. 147 

An α-level <0.05 was accepted statistically significant. P-values were adjusted for the false 148 

discovery rate according to Benjamini and Hochberg,19 where appropriate. 149 

150 

https://github.com/jchen1981/GMPR/blob/master/GMPR.Example.R
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Supplementary Results 151 

Differential abundance in the upper gastrointestinal tract between PSC patients and controls 152 

Regarding the oral communities, despite overall ecologic differences, we observed no 153 

differentially abundant single bacteria according to our criteria (PFDR<0.05, log2FC≥1). In the 154 

duodenal fluid, we observed an increase of Neisseria (log2FC=2.0, PFDR=0.0472) in PSC 155 

patients. On the species level, Porphyromonas pasteri (log2FC=2.85, PFDR=0.0103) was 156 

increased in duodenal fluid samples of PSC patients, while Streptococcus christatus 157 

(log2FC=─2.25, PFDR=0.0103) was decreased. Regarding the mucosal microbiota of the 158 

duodenum, we detected an overrepresentation of the genus Escherichia/Shigella (log2FC=4.93, 159 

PFDR=0.0224) and a decrease of Acinetobacter (log2FC=─4.86, PFDR=0.0224) in PSC 160 

specimens. Examining the species level, we found a total of seven differentially abundant 161 

bacteria (Supplementary Figure 1). Among these, Escherichia coli (log2FC=4.19, 162 

PFDR=6.02×10─29) and Veillonella dispar (log2FC=1.7, PFDR=0.0034) were increased in 163 

biopsies from PSC patients. 164 

 165 

 166 

Supplementary Figure 1: Species detected differentially abundant between PSC patients and 167 

controls in the duodenal mucosa (Log2FC≥1, PFDR<0.05). A positive Log2FC indicates 168 

increase in PSC.  169 
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Comparison of relative bile acid concentrations between PSC patients and controls 170 

 171 

Supplementary Figure 2: Relative bile acid concentrations were mostly similar between PSC 172 

patients and controls (omitting conjugates of ursodeoxycholic acid), except for a decrease of 173 

taurodeoxycholic acid (TDCA) in PSC samples (Wilcoxon-test, P=0.02). 174 

TCA: taurocholic acid; TCDCA: taurochenodeoxycholic acid; TLCA: taurolithocholic acid; 175 

TDCA: taurodeoxycholic acid; GDCA: glycodeoxycholic acid; GCDCA: 176 

glycochenodeoxycholic acid; GCA: glycocholic acid; *: P<0.05; NS: not significant.  177 
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Comparison of bile acid concentrations with external Norwegian cohort 178 

To verify our observation of globally reduced bile acid concentrations and to exclude a bias by 179 

UDCA treatment we additionally analysed bile acid profiles of an external cohort of patients 180 

with PSC who did not receive UDCA (n=20 patients, n=3 women [15%], median age=41 years) 181 

from the Norwegian PSC Research Center (NoPSC). Results are shown in Supplementary 182 

Figure 3. 183 

 184 

 185 

Supplementary Figure 3: Comparison of absolute bile acid concentrations of the microbiota 186 

study cohort with an external cohort of Norwegian PSC patients (NoPSC) without 187 

ursodeoxycholic acid treatment (n=20). Here we confirmed the trend towards reduced bile acid 188 

concentrations in PSC samples. Differences in concentration between groups were tested with 189 

Kruskal-Wallis test. 190 

TCA: taurocholic acid; TCDCA: taurochenodeoxycholic acid; TLCA: taurolithocholic acid; 191 

TDCA: taurodeoxycholic acid; GDCA: glycodeoxycholic acid; GCDCA: 192 

glycochenodeoxycholic acid; GCA: glycocholic acid; *: P<0.05; **: P<0.01; ***: P<0.001; 193 

NS: not significant.  194 
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