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Figure S1: Histologic examination of representative terminal ileum samples.
Hematoxylin and eosin staining of A. control, and B. inflamed (CD patient) terminal ileum

samples. Original magnification X40.
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Figure S2: Technical quality controls of samples used in this study
A. Plot showing Log2 number of sequences (X axis) of each repertoire in our new cohort, and
Log2 number of clones in each repertoire (Y axis). No difference was seen between healthy

controls and CD patients. B. Plot showing Log2 number of sequences in each repertoire of our
new cohort (right), showing no differences in the number of sequences between CD patients

and controls. Similar numbers are also seen in the Bashford cohort (left).
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Figure S3: ML algorithm results on shuffled labels data
A. The same ML algorithm trained on the true data was trained on shuffled labels data of the
DNA cohort. F1 scores of the different runs are shown in barplots. B. Boxplot summarizing
the results shown in panel A. C. The same ML algorithm trained on the true data was trained
on shuffled labels data of our RNA blood cohort. F1 scores of the different runs are shown in

barplots. D. Boxplot summarizing the results shown in panel C.
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Figure S4: ML algorithm trained on specific V genes
The same algorithm used for classification based on SHM patterns in figure 2A was trained on
partial data containing only antibodies compromising the indicated V families. Shown are F1
scores estimations based on leave one out. Error bars show the confidence interval of 95%, as

calculated using a binomial distribution.
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Figure S5: ML algorithm trained on SHM patterns calculated using linage trees
The same algorithm used for classification based on SHM patterns in figure 2A was trained on

a matrix summarizing SHM targeting, which was calculated according to the ancestor
sequence in the linage tree of that clone. Matrices were calculated for the whole sequence as

well as for the indicated CDR sequences only. For comparison, the left F1 scores were
calculated by SHM, which was calculated compared to the germline. Error bars show the

confidence interval of 95%, calculated using a binomial distribution.
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Figure S6: Allele presence in the RNA-blood cohort
. Allele presence or absence in each repertoire from the RNA-blood dataset was discovered
using the VDJbase pipeline. A heatmap showing alleles present in at least 10 percent of the
repertoires, but not in all of them, is shown. Each row represents one allele, each column
represents one repertoire. In red are CD patients’ repertoires, and in green are controls.7
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Figure S7: ML algorithm results for a union of the two cohorts
Boxplots showing estimations of F1 score, accuracy, specificity, and sensitivity of an ML

algorithm trained on an SHM matrix from both datasets. As this combination contains data
from 103 repertoires, instead of leave one out, we used 100 random splits on a 93 train

repertoire group, and a 10 test repertoire group.
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Figure S8: Connection between CDR3 AA 3-mers and D genes
Boxplots showing the relative frequency of each CDR3 AA 3-mer in all D genes. Indicated D
genes are genes with relative frequency of above 0.15 (close values were merged). In panel A,

frequencies were calculated using data from the entire healthy repertoires. In panel B,
frequencies were calculated using data from all individuals with CD.
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