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[ Abstract] Objective Genome-scale metabolic model ( GEM) is currently a commonly used tools for
cancer metabolism research. High-quality cancer metabolism models can help us understand the metabolic
characteristics of cancer. In pan-cancer analysis we need to reconstructed connected genome-scale metabolic
models for each cancer. However, the traditional way based on gene expression or protein data to construct

metabolic network lead to the metabolic characteristics of

ESTE 15 6 5 LR FIT %5 JE -] (2017YFA0505502) cancer tissue, which influence understanding the

LB B RBFEIE 4 (1508085MF128) %5 B metabolic characteristics of disease. In order to eliminate
ﬂs%iﬁ’qﬂﬂ%ﬁ*ﬁ%ﬁ%jfnﬂigﬁﬁiﬁ(ﬁ% the influence of tissue metabolism on the research and
230027
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to normal tissues, we propose a pan-cancer metabolic
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analysis method based on differential metabolic networks. Methods Taking 17 cancers in The Cancer Genome
Atlas (TCGA) as the analysis objects, we used the linear models for microarray analysis ( Limma) toolkit to
determine genes that were differentially expressed between cancer and benign tissue. Then we combined
differential genes, reference generic human GEM named Recon3D and metabolic network reconstruction
algorithm FASTCORE to build differential metabolic networks for each cancer. Flux balance analysis ( FBA)
was used for metabolic flux analysis and gene knockout on a variety of cancer networks to study the common
features of cancer metabolism and potential drug targets. Results In the experiments, we obtained differentially
expressed genes, differential metabolic network models, and potential drug targets for each type of
cancer. Through the analysis of all cancers, seven potential pan-cancer drug targets were obtained, including
CRLS1, CTH, PTDSS1, SLC6A14, SGMS1, PKM, and PLD2. Five of the seven drug targets had already been
used in different cancer treatment strategies, while the remaining drug targets represent new potential
drugs. Conclusions The differential metabolic network model proposed in this paper can effectively eliminate the

differences between different tissues, which is helpful to studying the metabolic characteristics of pan-cancer.
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Figure 2 Scale of 17 cancer

differential metabolic network
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