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Variation in model R2 Variation in model Q2 Variation in feature selection

A) with Tucker3 imputed data B) with Tucker3 imputed data C) with Tucker3 imputed data
.
0.15 0.10 ' 100
P
'
| 95
0.08 |
0.10 _ 90
P
0.06 | :
5
2 5
H 5 E
g i b '
g 8 f
3 c k]
K 8
« =
0.04
0.05 | 80 —
j
:
'
' '
. ] —
B L
: ' ' 75 -
' .
—_— ' :
. T .
'
0.00 0.00 —— 70

GCTOF
GE
Neg_Lipid
Pos_Lipids <
GCTOF
GE
Neg_Lipid |
Pos_Lipids
GCTOF
GE
Neg_Lipid
Pos_Lipids <

Fig. S1: Evaluation of Tucker3 for missing value imputation. Tucker3 missing value
imputation imposes that predicted values have no effect on the multi-way model. From each of
the gene expression and metabolomics dataset, five mock datasets were simulated by introducing
the number of missing values in the original data at random positions. Tucker3 was used to
impute the 3-way tensors, NPLS-DA models were calculated, and variables were selected with
the same procedure as original data. Performance (R2) and (Q2) were calculated and the selected
feature sets were compared. A) Distribution of percentual differences in R2 between our data
model and the imputed datasets with random missing values. B) Distribution of differences in Q2
between our data model and the imputed datasets with random missing values. C) Coincidence in
variable selection between the true model and the model derived from imputed datasets with

random missing values.



A) Block X Mode 1 Gene selection B) Expl.var of Y by X: 94.02 %
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Fig. S2: NPLS-DA analysis of the gene selection data from TEDDY. A) NPLS-DA model mode
1 projection of the 862 genes selected through VIP, showing separation between cases and
controls. B) R?, Q? and element values for the NPLS-DA model. Each element is a triad that
contains the combination of mode components that captures the indicated explained variance. C)

NPLS-DA model mode 3 projection showing the information quantity per time point in the model.
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B) Expl.var of Y by X: 84.37 %
Q2:0.313
Element Weight SS Expl.Var
(2,2,2) 1.30 1.70 32.33
(1,1,1) 1.26 1.58 30.08
(2,2,1) -0.81 0.66 12.46
(2,1,1) 0.65 0.43 8.12
(1,1,2) -0.65 0.42 8.04
C) Block X Mode 3 GCTOF
0.8
.-3
0.6
~ ;9
=]
§ 04 @
O 0.2 0
o
£ -6
o O Q@
(&
-0.24
-12
-0.4 (0]
0.2 0.4 0.6 0.8 1.0

Component 1

Fig. S3: NPLS-DA analysis of the metabolites selected from GCTOF TEDDY data. A) NPLS-

DA model mode 1 projection of the 91 GCTOF metabolites selected through VIP, showing

separation between cases and controls. B) R?, Q? and element values for the NPLS-DA model.

Each element is a triad that contains the combination of mode components that captures the

indicated explained variance. C) NPLS-DA model mode 3 projection showing the information

quantity per time point in the model.
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B) Expl.var of Y by X: 54.47 %
Q2: 0.045
Element Weight SS Expl.Var
(2,1,2) 1.68 2.82 71.16
(1,1,1) 1.00 0.99 25.06
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Fig. S4: NPLS-DA analysis of the metabolites selected from negative ion lipids TEDDY data.

A) NPLS-DA model mode 1 projection of the 91 negative ion lipids metabolites selected through

VIP, showing certain separation between cases and controls. B) R%, Q? and element values for the

NPLS-DA model. Each element is a triad that contains the combination of mode components that

captures the indicated explained variance. C) NPLS-DA model mode 3 projection showing the

information quantity per time point in the model.
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Fig. S5: NPLS-DA analysis of the metabolites selected from positive ion lipids TEDDY data.
A) NPLS-DA model mode 1 projection of the 63 positive ion lipids metabolites selected through
VIP, showing certain separation between cases and controls. B) R%, Q? and element values for the
NPLS-DA model. Each element is a triad that contains the combination of mode components that

captures the indicated explained variance. C) NPLS-DA model mode 3 projection showing the

Component 1

B) Expl.var of Y by X: 40.25 %
Q2: 0.010
Element Weight SS Expl.Var
(2,2,2) 0.70 0.49 38.13
(1,1,1) 0.55 0.30 23.29
(1,2,1) -0.50 0.25 19.31
(2,1,2) -0.34 0.11 8.79
(2,2,1) 0.29 0.08 6.41
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Fig. S6: NPLS-DA analysis of the dietary biomarkers selected from TEDDY data. A) NPLS-
DA model mode 1 projection of the 3 dietary biomarkers selected through VIP, showing certain
separation between cases and controls. B) R?, Q? and element values for the NPLS-DA model.
Each element is a triad that contains the combination of mode components that captures the

indicated explained variance. C) NPLS-DA model mode 3 projection showing the information
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quantity per time point in the model.

B) Expl.var of Y by X: 44.73 %
Q2: 0.055
Element Weight SS Expl.Var

(1,1,1) 1.05 1.10 77.51
(1,1,2) 0.36 0.13 8.96
2,1,1) 0.36 0.13 8.96
(2,2,2) -0.19 0.04 2.53
(1,2,1) 0.16 0.03 1.85
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Fig. S7: Model predictive capability evaluated by ten-fold or five-fold cross-validation.
Predictive capability (Q2) was calculated as a measure of the performance of the model. One
thousand iterations were performed for each (five-fold or ten-fold) cross-validation strategy. The
density distribution of the Q2 values demonstrates similar results amongst these two strategies

with the original evaluation strategy (leave-one-out) showed in figure 2 of the main article.
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Fig. S8: Evaluation of the predictive capability of the VIP-NPLS-DA selected variables. PLS-
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Classification Success

Classification Success

-6

DA analyses were performed per time points to predict the samples that were discarded to construct
the model due to incomplete time course data (patients with more than 2 missing time points).
These samples datasets were predicted using all 1,110 variables selected by the NPLS-DA model.
A) Prediction success of each time specific model predicting samples from the same time point.

B) Prediction success of the time specific models at samples from each time point.

10



Table S1: Selected biomarkers revealed by integrative PCoA of multi-omics data from TEDDY IA subjects. To avoid duplicated

information, nodes were located in the time frame before SC (in months) in which they converged to a remarkable joint function. (*)

Up: upregulated; Down: downregulated; Same: Similar levels, all between cases and controls at the end of the time period.

Time Genes Metabolit Diet [Ave. Level in
perio (%) :S ?0/: )' Bioms Corr. Node Name ca:es % Feature Function Joint Function
d ° (%) Value|
ggggg é} S%IEG Involved in RNA splicing (1) and metabolism (2).
SRPK3 U Involved in splicing factors activation related to cell
P growth (4, 5).
TIMP3 Down  Extracellular metalloprotease activity inhibitor (6). | q c
EML6 Up Microtubule elongation contributor (7). ncrease; rate o
. . alternative
Immunoglobulin superfamily related to macrophages- i d
SIGLEC1 Up cell and macrophages-lymphocytes adhesion. Lupus SP 101r.1g ,(3) an
. cytokinesis.
Biomarker (8).
Member of the I-kappa-B family of proteins located
NFKBIL1 D within the MHC class I region on chromosome 6. It is
9t 139 47 3 W involved in the negative regulation of innate immune
0
12 (B5%)  (49%) (Lew) 00 response (9). ___
APOAI Down Lipids and vitamins transporter from intestine to blood Suggests a
through chylomicrons (10). synchrony
) Product of fatty acid degradation indicating impaired f3- . .
Adipate Down oxidation (11) between impaired
sph.ingsol\r/lnyel D It is associated to several transmembrane and actin- lipid - metabolism,
( dlrl 2) A OWI interacting proteins like APOAL. impaired nutrient
) uptake and
L.};solpilloiph D It is positively correlated to sphng57, adipate and accumulation  of
aItjP}Cf (E 1%-1336 OWD APOAL. intermediate
metabolites.
6109 91 (58%) 64 2 10.992] myo-inositol U Component of the lipid membrane involved in cell
’ (40.8%) (1.2%) ’ (my-nstl) P signaling. In diabetes rodent models it is excreted by




urine. High levels in blood indicates enhancement of
disease progression (12, 13).

D-tagatosel

(D-tgtsl) Down Found in fruits, milk and sweeteners (14). Their
> . . Markers of
L-arabitol (1- consumption may be protective (15, 16). . .
arbl) Up decreased insulin
Positive correlation with adipate, phosphatidilcholines sensitivity.
I;}zis()lplﬁoiph D (phsph’s), ceramides (cermd’s), myo-inositol (my-nstl),
anP}C,(EI(S)'g;e own D-tagatosel (D-tgtsl), l-arabitol (l-arbtl) and benzoic
' acid (bnzcacd).
Produced by pancreatic  cells and immune system Th level
GABA cells. Although the mechanisms are unknown, high eset Teve 151
( ) Down  expression levels of GABA lead to partial inhibition of proiptf) et. e
ghm-mna T-cell proliferation in humans (17) and stimulation Pro ! er.a on,
(18) increasing the
' disease
progression
Lysophosph probability.
atidylcholine Down  Positive correlation with glycine and GABA.
LPC (20:5)
Ceramide Down
d38:1
Ceramide Down Lower levels of
d39:1 Cell recognition (19) and cell signaling (20). recognition  and
Lysophosph cell signaling
a]tdlg}cflclzlggne Down along with a
(20:3) — ra— 0 " reduced control
Stimu a{)o; 9 glucagon bre Zase, pl’ll'OV.I ing fa over blood
Glycine Up counterbalancing receptor-based mechanism for glucose levels.

controlling a-cell secretory response to glucose levels

21).
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