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[bookmark: _Ref516213671]Figure S 1: Schematic of the composition of the cohort data taken from (9, 10) (the scheme is adapted from Figure E1 in (10)) and of the main analysis steps performed in this work. Note that all CAP samples and the controls were analyzed together in one SOM training in order to identify all relevant expression modules (‘spots’) that constitute sets of co-expressed genes identified as described in (12) and implemented in (24). The new stratification of the CAP samples makes use of these expression modules. It takes into account the multidimensional nature of the expression landscape. Preprocessed gene expression data were downloaded from the ArrayExpress database under accession numbers E-MTAB-5273 for the discovery cohort and E-MTAB-5274 for the validation cohort. Preprocessing included background signal subtraction, outlier sample removal, inclusion of probes exceeding a detection rate threshold and normalization using the variance stabilization and normalization method (10).
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[bookmark: _Ref501825032]Figure S 2: SOM portraits of the samples studied. Samples were grouped according to the classification provided in (9, 10) (part A) and according to the novel stratification scheme suggested by us (part B).
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[bookmark: _Ref504061073]Figure S 3: Independent component analysis (ICA) of the cases studied: A) The plot of the first three independent components (IC1 – IC3) shows that IC1 describes the variability along the controls and the two CAP groups and thus the severity axis, while IC2 captures the variability introduced by the two cohorts, which differ by the amount of viral infections. B) The same plot as in part A, where however, only samples with activated spots A – L were colored in each of the plots. One sees for example that spot A is activated predominantly in the healthy controls while spot L is upregulated in group 1 severe CAP cases. 
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[bookmark: _Ref502533607]Figure S 4: GSZ-heatmap of the gene expression-modules determined in WPB in (20) in the data set studied here. Selected gene sets were mapped into the SOM where the respective genes strongly accumulate in distinct regions of the map (right part, see red frames). These areas agree with distinct spot modules (see letters and Figure 1B). Hence, the different branches of hierarchical clustering tree transform into different spots in the SOM. 
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[bookmark: _Ref502959068]Figure S 5: Correlation structure of the SOM: Positive and negative correlations between the spots are shown by blue and read lines, respectively. The two main dimensions of heterogeneity were characterized by negative correlations between the respective spots.  Correlation measures were calculated using the weighted-topology-overlap (wto) algorithm (19).
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[bookmark: _Ref502598252]Figure S 6: Heatmap of the expression of gene sets of the category hallmarks of cancer (27).  The ‘hallmarks of cancer’ gene sets characterize dysfunctional cellular programs in general, i.e. they are applicable beyond cancer biology. Most of them gain in activity in CAP because they are linked to inflammatory processes. A smaller fraction of processes mainly related to proliferation (MYC-targets), energy metabolism (oxphos) and transcription (DNA-repair) decay in CAP. A third group shows more scattered profiles and relates to erythrocytes (heme metabolism) and viral infections (interferon response). 
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[bookmark: _Ref516667342]Figure S 7: The pathway activity heatmap divides into two major clusters of pathways of decaying activity in CAP and pathways, which become activated. The heatmap shows the mean PSF-value averaged over the genes of each pathway in all samples of each group as a measure of the mean pathway activity.
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[bookmark: _Ref503712027]Figure S 8: Pathway signal flow (PSF) analysis of the T-cell receptor signaling pathway (TCR). The figure shows the pathway graph, the map of the pathway genes, the mean, group-averaged maximum activity of a node as boxplot in the part above. In the part below the nodes are colored according to their PSF-activity. The genes accumulate in spot A, which reflects their deactivation in CAP. First of all the call adhesion gene CD247, the NFkappaß- and MAPK-signaling branches of the pathway are active in the controls and become deactivated in CAP.
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[bookmark: _Ref503785704]Figure S 9: Pathway signal flow (PSF) analysis of Fc-gamma R-mediated phagocytosis. See Figure S 8 for details. 
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[bookmark: _Ref503785708]Figure S 10: Pathway signal flow (PSF) analysis of GnRH signaling pathway. See Figure S 8 for details.
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[bookmark: _Ref503789782]Figure S 11: Pathway signal flow (PSF) analysis of Toll-like receptor signaling pathway. See Figure S 8 for details. The MYD88-, Nfkappaß- and MAPK-signaling branches become activated in CAP.
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[bookmark: _Ref516499250]Figure S 12: Pathway signal flow (PSF) analysis of the cytosolic DNA-sensing pathway. See Figure S 8 for details.
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[bookmark: _Ref503789931]Figure S 13: Pathway signal flow (PSF) analysis of the B-cell receptor (BCR) pathway. See Figure S 8 for details.
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Figure S 14: Pathway signal flow (PSF) analysis of the complement and coagulation cascades pathway. See Figure S 8 for details.
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[bookmark: _Ref503788769]Figure S 15: Pathway signal flow (PSF) analysis of the HIF1 signaling pathway. See Figure S 8 for details.
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[bookmark: _Ref503798256]Figure S 16: Pathway signal flow (PSF) analysis of the NFkappaB pathway. See Figure S 8 for details.
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[bookmark: _Ref503718496][bookmark: _Ref504630294]Figure S 17: Pathway signal flow (PSF) analysis of the MAPK signaling pathway. See Figure S 8 for details.

[image: ]
[bookmark: _Ref516482574]Figure S 18: Spot expression in the novel CAP groups: The expression level is coded in blue (low), grey (medium) and red (high). The groups are characterized by upregulation of spot L (HS), A (LS), D and L (IFN HS), D only (IFN LS), H (MS) and J (BD) as indicated by the black frames.
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Figure S 19: Class-stability was estimated in terms of A) the fraction of class-stable samples using bootstrapping (20% leave out, 1000 repeats). More than 85% of the samples keep their class label on the average also for leave-out rates up to 40 % (data not shown). B) The silhouette plot of the novel classes reveals solely positive values for all samples thus indicating adequate clustering (compare with the silhouette plot in Figure 1D). Both methods reveal highest stability for LS and BD while IFN-LS shows lowest stability.
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[bookmark: _Ref517091225]Figure S 20: Dynamics of gene expression of sepsis due to CAP of patients with serial samples collected at day 1, 3 and 5 after admission to ICU: A) Individual transcriptome portraits of selected serial samples and time courses of their transcriptomic severity, IFN-response and erythrocyte scores. The severity of CAP decays in most cases while the erythrocyte score increases in part of the samples possibly because of enhanced oxygen requirements. B) Mean SOM portraits of samples measured at day 1, 3 and 5 indicate high expression of the IFN- and high severity-related spots D and L at day 1, of spots A (low severity), E and K at day 3 and of spot J (erythrocytes) at day 5. C) Flow (Sankey-) plot of the class composition of serial samples at day 1, 3 and 5. The amount of patients increases in the low severity classes LS and IFN-LS at day 5 indicating partial recovery from sepsis while the number of patients in BD gains at day 3 and 5 possibly due to respiratory problems. D) The distribution of samples in the sample similarity net shows no clear trend except the accumulation near the low severity end at day 5. Note that time course data of the same patient are collected only in the discovery cohort that occupies mostly the right part of the network.


[bookmark: _Ref516223157][bookmark: _Ref504629868]Table S 1: Gene sets of different functional categories used in this publication
Attached as Excel table.

[bookmark: _Ref516670219]Table S 2: Lists of genes of spot-modules A – L
Attached as Excel table.

[bookmark: _Ref516670053]Table S 3: Stratification of patient characteristics according to the novel CAP groups
	group
	Number of samples
	28-days survival, % a
	Age a
	Sex b
f       m

	Low severity LS
	46
	89
	59±17
	18
	28

	Medium severity MS
	23
	78
	67±13
	4
	19

	High severity HS
	59
	76
	65±12
	30
	29

	Blood disturbances BD
	20
	80
	68±17
	9
	11

	IFN LS
	11
	100
	71±15
	5
	6

	IFN HS
	21
	62
	58±19
	13
	8



enrichment analysis (red arrays: p < 0.05, grey arrays: 0.05 < p < 0.1):
a	survival and age: two-sided Wilcoxon test 
b	sex (f/m…female/male): Fisher’s exact test 


[bookmark: _Ref512062763]Table S 4: Stratification of the 28-days survival rate and of the number of samples of the novel CAP groups with respect to the discovery and validation cohorts.

	Cohort
	Discovery
	Validation

	group
	28-days survival, %
	Number of samples
	28-days survival, %
	Number of samples

	Low severity LS
	87
	39
	100
	7

	Medium severity MS
	56
	9
	93
	14

	High severity HS
	69
	39
	90
	20

	Blood disturbances BD
	80
	15
	80
	5

	IFN LS
	100
	10
	100
	1

	IFN HS
	67
	15
	50
	6
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