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Supplementary Figure 1. Linear changing molecules during human aging. a, The Spearman
correlations highly correlate with the beta coefficients from linear regression models for each type of

omics data. The shaded area around the regression line represents the 95% confidence interval. b, Linear
changing molecules for different types of omics data using the Spearman correlation approach
(FDR-adjusted p-values < 0.05).
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Supplementary Figure 2. LOESS smoothing for omics data and Fuzzy C-clustering. a, LOESS
smoothing for protein IGFALS with parameter Span from 0.1 to 0.7 (step = 0.1). b, LOESS smoothing for
protein IGFALS with best span 0.6. ¢, The predicted data and raw data have high correlations for all the
omics data (Spearman correlation: 0.71, p-value < 2.2 x 10°). d, The optimization of the number of

clusters. e, The correlation matrix of 11 clusters for all the omics data. f, The classes of all the molecules
in all the clusters. g, The molecules in clusters 2, 4, and 5 at individual levels.
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Supplementary Figure 3. Waves of molecules and microbes during aging. a, The waves disappeared when
the phenotypes of the individuals were randomly permuted. b, The waves for different types of omics data across the
human lifespan.
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Supplementary Figure 4. DE-SWAN age effect for multiple g-values cutoffs, windows size, and after
phenotypes permutations. a, Different g-value cutoffs are used for each type of omics data, respectively.
b, Different windows are used for each type of omics data. ¢, The crests disappeared when the sample
labels were randomly shifted for each type of omics data respectively. d, The distribution of insulin
sensitivity, gender, and ethnicity across ages.
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Supplementary Figure 5. The overlap of all types of omics data between crests 1 and 2.




Regulation(Gfj Gﬁalestero@i’@?”yr@lesis by, SREBP (SREBF)
M JToll Like‘Receptor AYMLRAY) Cascade
Purinergic s'gnal'ngs',rggﬁngmﬁgsﬁ%'nf:r‘g?ﬁ]A, fusions F’Iatele "Aggregation (Plug Formation)

Death Rec ptor Signalling
Mitotic Metaphase a%' d\Anaphase

Jaccard index

. ) - . 2
Signaling by~ALK fusions(@nd activatedép
[ 0‘ " GEEN
%

ining receptor (NLR) S|gnaﬂQg pathways

— 06
VEGFAY, VE’GFth.Pavthway
N — 07
HMOX1
RAC2 GTl,ase cycle — 08
Regulation of mRNA stability by proteinsithatibine, MAPK familyasi allngImscades - 09
NA Spllcm ajor Pathway
IntrasG olgl ant%trogugg gj.\‘toj—ER traffic 10
IJ'traceIIuIar Si Qallng by second me$sengers
C 10|
Fc epsilon receptordl i i RIPK1-mediated(fe egHIated necr05|s ! .
P PIg Regulation| of necroptotic cell death ) /Autop a0y . . -log(adjusted p, 10)
trans3Golgi’Netwark Vesicle Budding o 2
Signaling by CSFS (GCSF) O 4

N-glycan trimmirig\in ths\ER@‘nd Calnexm/Ca gtlculln cycle
Unfolded ProtelrI,/esp onse (VPR) /
[DAP12 signaling]

FLT3 signaliflg in disease  Cyclin D associated events in"G1 I 9-(
Interleukin— signaling .\ @Gl;glysis
<1 c tls@gp%ngent phagocytosis

Signaling by@GE*! bg't,a Reegptor Complex
RAC1 G11Ra e cycle
Nbly Ofglihe HIV Virion TNF Signalifg
Cellular respon’sfe te:heat stress &

Beta—ca eninie esphorylatlon lcascade

(s

Homo sapiens : Sighaling by RAS mutants

Jaccard index
— 08
— 09
- 10

Signaling
e inaclive BRAF

mutants ., RAS
MAP2K

Gene count

downstream  gctivity

hign-kinase  activation HOIMO
O 2 Homo sapiens”. RAF1
i / inactive BRAF
-log(adjusted p, 10) (00 sapiens ASignaling \ . _ kinase RAF
. signaling
moderate )
mutants Paradoxical

sapiens

o 28 Hoino sapieris : MAP2K and MAPK activation

Homo sapiens : Signaling by moderate kinase activity BRAF mutants

T
~iog10(FDR adjusted P value)

Supplementary Figure 6. The community analysis to reduce the redundancy of enriched GO terms

and pathways. a, The similarity network and molecule detection. b, One example module detected from
the similarity network.



Supplementary Note

R Packages used in the study

[1] stats graphics grDevices utils datasets methods base
loaded via a namespace (and not attached):

[1] tidyselect 1.2.0  viridisLite 0.4.2 dplyr 1.1.2

[4] farver 2.1.1 viridis_0.6.3 ggraph 2.1.0

[7] tweenr 2.0.2 XML 3.99-0.14 digest 0.6.31
[10] lifecycle 1.0.3 cluster 2.1.4 ProtGenerics_1.32.0

[13] magrittr_2.0.3 compiler 4.3.0 rlang 1.1.1

[16] tools 4.3.0 igraph 1.4.3 utf8 1.2.3

[19] graphlayouts 1.0.0 plyr 1.8.8 BiocParallel 1.34.2
[22] withr 2.5.0 purrr_1.0.1 BiocGenerics_0.46.0
[25] grid 4.3.0 polyclip 1.10-4  stats4 4.3.0

[28] preprocessCore 1.62.1 fansi_1.0.4 colorspace 2.1-0

[31] extrafontdb 1.0  ggplot2 3.4.2 scales 1.2.1

[34] iterators_1.0.14  MASS 7.3-58.4 cli 3.6.1

[37] mzR 2.34.0 crayon 1.5.2 generics_0.1.3

[40] remotes 2.4.2 Rdisop 1.60.0 rstudioapi 0.14
[43] readx]l 1.4.2 ncdf4 1.21 pbapply 1.7-0

[46] affy 1.78.0 ggforce 0.4.1 stringr 1.5.0

[49] zlibbioc 1.46.0  parallel 4.3.0 ggplotify 0.1.0

[52] impute 1.74.1 cellranger 1.1.0  BiocManager 1.30.21
[55] vsn_3.68.0 yulab.utils 0.0.6  vctrs 0.6.2

[58] shadowtext 0.1.2  gridGraphics 0.5-1 IRanges 2.34.0
[61] S4Vectors 0.38.1 MALDIquant 1.22.1 ggrepel 0.9.3

[64] clue 0.3-64 foreach 1.5.2 limma 3.56.2



[67] tidyr 1.3.0 affyio 1.70.0 ggVennDiagram 1.2.2
[70] glue 1.6.2 MSnbase 2.26.0 codetools 0.2-19
[73] stringi_1.7.12 gtable 0.3.3 RVenn 1.1.0

[76] mzID_1.38.0 extrafont 0.19 munsell 0.5.0

[79] tibble 3.2.1 pillar 1.9.0 pcaMethods 1.92.0
[82]R6 2.5.1 doParallel 1.0.17 tidygraph 1.2.3

[85] lattice 0.21-8 Biobase 2.60.0 masstools 1.0.10
[88] openxlsx 4.2.5.2  ggsci 3.0.0 zip 2.3.0

[91] Repp _1.0.10 gridExtra 2.3 Rttf2ptl 1.3.12

[94] MsCoreUtils 1.12.0 pkgconfig 2.0.3
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