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Supplementary Fig. 1 | The comparison between microsampling and intravenous blood sampling 
approaches. a, 34 participants were recruited and collected for blood microsample and intravenous blood 
samples, respectively. Then all the samples were used to acquire metabolomics and lipidomics data. b, The 
pathway enrichment result of metabolites that are not correlated well (Spearman correlation < 0.5) between 
the two approaches. c, The enrichment result of lipids that are not correlated well (Spearman correlation < 
0.5) between the two approaches. The icons used in this figure are from iconfont.cn/. 



 

 

 
 
Supplementary Fig. 2 | Demographics of participants and omics data acquisition for samples. a, 
Demographics of 21 out of 28 participants. SSPG (steady-state plasma glucose), age, BMI (body mass 
index), sex, and ethnicity are shown using a circular plot. b, Omics data acquisition for each participant. 
Each row is a participant, and each column is a time point. The colors of the pie chart mean the omics data 
collection. Blue represents the lipidomics data, green represents the metabolomics data, and purple 
represents the cytokine data. Grey means the corresponding omics data is not acquired c, Pathway 
enrichment result of metabolites in cluster 1. d, Different classes of lipids responding to the ensure shake 
consumption. e, TAGs change after consuming ensure shake. g, The overlap of compounds from Ensure 
shake and participants’ microsamples. 



 

 

 
Supplementary Fig. 3 | Outlier participant detection in the ensure shake study. a, PCA score plots to 
show outlier participants for each time point. The ellipse represents the confidence interval of 95%. b, 
Molecular intensity (scaled) distribution for all the participants in time point 0 (baseline). Colors represent the 
class of molecules. The bottom whisker represents the minimum, the top whisker represents the maximum, 
and the square in the box represents the 25%, 50%, and 75% quantile. 
 
 
 
 
 
 
 



 

 

 
Supplementary Fig. 4 | Five metabolic scores. The normalized scores for each carbohydrate (a), fat (b), 
amino acid (c), insulin secretion (d), and insulin sensitivity (e) in each participant. The relative standard 
deviation (RSD) for each participant is labeled. The bottom whisker represents the minimum, the top whisker 
represents the maximum, and the square in the box represents the 25%, 50%, and 75% quantile. 
 
 
 
 
 
 



 

 

 
Supplementary Fig. 5 | Metabolic scores and association between metabolic scores and 
demographics of participants. a, The boxplot to show the metabolic scores for each participant. b, The 
correlation (Spearman) between metabolic scores and age, BMI, and SSPG. The correlation between insulin 
sensitivity (free fatty acid) is significant, with a correlation of -0.7 and a p-value < 0.001. Some studies have 
demonstrated that elevated plasma levels of free fatty acids are associated with and cause insulin resistance 
(ref, Elevated free fatty acid level is associated with insulin-resistant state in nondiabetic Chinese people). 
SSPG (steady-state plasma glucose) is inversely related to insulin sensitivity (SSPG is higher in insulin-
resistant subjects and lower in insulin-sensitive subjects). So the negative correlation between SSPG and 
insulin sensitivity score (calculated using the free fatty acid) is expected. BMI: body mass index. The bottom 
whisker represents the minimum, the top whisker represents the maximum, and the square in the box 
represents the 25%, 50%, and 75% quantile. 



 

 

 
Supplementary Fig. 6 | The wearable and omics data in 24/7 study. a, The distribution of blood 
microsamples for the participant. b, The sampling frequency for continuous glucose monitor glucose (CGM), 
heart rate (HR), step count, and blood microsamples. c, The plots to show wearable data (CGM, heart rate, 
and step count) each day. The icons used in this figure are from iconfont.cn/.  



 

 

 
Supplementary Fig. 7 | LOESS regression to smooth multi-omics data in 24/7 study. a, The food 
logging data (Carbohydrates) of the participant. b, The Carbohydrate metabolites (Fructose, Pyruvic acid) 
intensity distribution on two days. The bottom whisker represents the minimum, the top whisker represents 
the maximum, and the square in the box represents the 25%, 50%, and 75% quantile. c, The Spearman 
correlations between real intensity and predicted intensity for all the molecules. Most of the correlations > 
0.8. The dot color represents the molecular class. d, Seven examples for LOESS smoothing for each day. 
Blue is the predicted data, and orange is the real data. 



 

 

 
Supplementary Fig. 8 | Wearable data can predict the internal molecules (multi-omics data) on an 
hourly scale. a, Heatmap to show the wearable data to predict internal molecules in different time windows. 
b, Lipid enrichment result. c, Wordcloud to show the importance of wearable features in the prediction model 
to predict lipids. d, The importance of wearable features in the prediction model to predict C peptide, GIP, 
insulin, and PP, respectively.  
 



 

 

 
 
Supplementary Fig. 9 | Lagged correlation network between wearable and muti-omics data. a, Lagged 
correlation between step and HR (heart rate). b, The whole causal association network between wearable 
and internal molecules (multi-omics). c, The class of molecules connected to the step, HR and CGM, 
respectively. d, The overlap between molecules connected to CGM, heart rate, and step count. e, Pathway 
enrichment results for proteins negatively correlated with CGM. f, Pathway enrichment results for metabolites 
positively correlated with CGM. g, Lipid class enrichment results for lipids that positively correlated with 
CGM. h, Pathway enrichment results for metabolites positively correlated with heart rate (HR). i, Pathway 



 

 

enrichment results for proteins positively correlated with heart rate (HR). j, Pathway enrichment results for 
proteins negatively correlated with heart rate (HR). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 
Supplementary Fig. 10 | Examples of lagged correlations between CGM and muti-omics data. a, 
Laggeted correlation between CGM and C peptide. b, Laggeted correlation between CGM and insulin. c, 
Lagged correlation between CGM, FLT3L, IL15, and TGF-α.  
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locale: 
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[101] ncdf4_1.17               crayon_1.4.1             shadowtext_0.0.8         htmltools_0.5.2          
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