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Abstract

In omics studies using mass spectrometry, including metabolomics, it is challenging to detect
all metabolites, leading to potential biases when performing traditional enrichment analyses.
In this study, we applied a single sample enrichment analysis to the metabolome data of fasting
mice. This method, distinct from conventional approaches, utilizes information from both
detected and undetected metabolites. It is particularly useful for omics data from mass
spectrometry where it is difficult to comprehensively capture all metabolites and where there

are many missing values.
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Introduction

GSVA (Gene Set Variation Analysis)[1]% i3 U ® & 3% Single sample enrichment analysis
(ssEA)[2]ClE, ZNnZNDY v I itk L CRIZFRBEORE S CHIFEA K, 2D
HORE I LTy ) v FAY METZITW, oz )y F XY PR3 T 21T
BT —2& L., D%, MatfREUIRE L Z 2T, BNEE R o EET 2175, —
FAZERB I 7 AT, HEMAED L IIHENHEEE?S T —2 & LTSNS 2 e03% <,
Z DAEIZ Y DRI & H B 0T O RE DM T IR L, BWHE O IR D R/NBER % B
RLTWDELEFEARVWI LD, ZOHOREI TN L BLTLOEYLIZF L
72\,

DI, AXKRB I A% I LD LT 2ERDTEM VT4 Iy 7 AL TR, BIETR
WEFREY, 2CoOVEZMBEN I T 2 2 LidHkR v, Z DR, Bt S 725
MB% L GEn 2@y PR 2 A ) e DBL2EETN 2 WREY 2 v b
PRIEL, EBRICZ v Y v F A v MENT 21T - 728, &R 1 v M ior3 2 e
DANAT A ER L CTRERZ RT3 L8HDH 5 L v o BRI N Tz,

%z T CARIE T, #H L \» Single sample enrichment analysis & L C, ¥ ¥ 7 VEIc i
INWE EZ NS %E 2L LT Over representation analysis(ORA)[3]%21T7->7-, Zh
XY I NEYER L Ry b2 KE B E=WE R G2 v
FENSKKRFTRaTeT =2 L. @2y FORY 2 X aTIicllAit 2 LT, HR
#Y ey b3 2 RHYE B OR Y ORFE%Z BLREEH K 2 WTREME2 B 5, ERRICA X R
— LT — RICARFEZEA L, pERE4] L IR L 28R ICow TN T 5,

Methods
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Results and Discussion
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LAY = 4 2R L 7. 5 1 TR ARMED p HICK L T Benjamini-Hochberg %12
X BMIEZIT> T b N7z q DS 0.05 FKii D5t % i 72 3G Y2 7 = 41X, Glycolysis
(R=-0.910, p=0.000257, q=0.00334), Pentose phosphate pathway (R=-0.786, p=0.00707,
q=0.0368). Alanine, aspartic acid and asparagine metabolism (R=-0.850, p=0.00186,
q=0.0121), Valine, leucine and isoleucine metabolism (R=-0.862, p=0.00134, q=0.0117),
Taurine metabolism (R=-0.917, p=0.000187, q=0.00334) & 7z > 7=, #EKDFTIETH 5,
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Conclusion
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