Supplementary Methods
In this study, we grouped together metabolite sets that had differential metabolomic profiles in common using the iDMET approach. The overall workflow is shown in Supplementary Figure 1, the details of which are described below.
Using all 130 studies, we first converted metabolome data reported in each study into differential metabolomic profiles [1-85]. Then, pairs of differential metabolomics profiles with increased or decreased metabolites in common were extracted based on the following criteria: ratios of metabolite levels in both differential profiles are above the threshold of 1.2 (i.e., commonly increased metabolites) or below the threshold of 1/1.2 (i.e., commonly decreased metabolites). We also performed the same process with thresholds of 1.5 and 1/1.5, respectively.
From the 1,111 differential metabolomic profiles generated through the above iDMET analysis, we selected pairs of differential metabolomic profiles where two profiles in each pair came from different studies and had at least five increased and five decreased metabolites in common. The selected pairs were further filtered based on the significance of the number of differential metabolites in common using the following criteria: p-value < 0.05 (chi-square test) and odds ratio > 4. The 1,428 pairs meeting these criteria were manually curated, and comparisons involving similar conditions (e.g., Control 1 vs. Control 2, Treatment 1 vs. Treatment 2) in each differential profile were excluded. Pairs with interpretable biological significance were retained, resulting in a final set of 25 differential metabolomic profiles [12], [13], [17], [18], [21], [24], [31], [47], [58], [59], [61], [65], [69], [71], [72], [76], [78], [79], [80], [83]. Based on these profiles, metabolite sets grounded in the results of iDMET analysis were created, dividing the metabolites into increased and decreased sets.
Next, we briefly describe the 25 differential metabolomic profiles used for biological interpretation. The comparisons PID017-1 [17] and P024-1 [24] both represent differential metabolomic profiles between tumor and normal tissues in clear cell renal cell carcinoma (ccRCC). Notably, the log2 odds ratio for this comparison was as high as 11.97 (p-value = 6.20×1038), indicating a striking contrast at the metabolite level. Although derived from independent studies, the two comparisons involve the same cancer type, and the high concordance in observed metabolic alterations highlights the reproducibility and biological relevance of the findings.
As with the comparison between PID017-1 [17] and PID024-1 [24], several significant positive associations were observed between studies targeting the same cancer type (Table S2), including comparisons between PID010-4 [13] and PID080-1 [58], PID010-2 [13] and PID080-1 [58], PID010-3 [13] and PID080-1 [58], PID010-2 [13] and PID081-A-45 [59], and PID010-4 [13] and PID106-D-2. Among these, the pair with the highest log2 odds ratio was the comparison between PID010-4 [13] and PID080-1 [58] (log2 odds ratio = 9.20, p-value = 9.80 × 10⁻⁹). In addition, significant associations were identified between datasets involving the same cancer type (lung cancer) but different subtypes (Table S2), such as PID081-C-1 [59] vs. PID088-1 [61], PID010-4 [4] vs. PID081-A-45 [59], PID080-1 [58] vs. PID081-A-45 [59], and PID010-3 [4] vs. PID081-A-1 [59]. 
The comparison between PID031-1 [31] and PID081-C-1 [59] is also notable. Both datasets represent metabolomic profiles comparing tumor and normal tissues. PID031-1 compares post-gastrectomy patients with healthy controls in gastric cancer, while PID081-C-1 compares tumor and normal tissues in small cell lung cancer (SCLC). Although the cancer types differ, several metabolites showed consistent increases or decreases in tumor tissues relative to the levels in normal tissues in both cases. These findings suggest that certain metabolic features may be commonly altered across different types of cancer.
The comparisons between PID107-10 [80] and PID105-E-1 [78], as well as PID107-19 [80] and PID105-E-1, are based on studies investigating the impact of drug resistance on metabolic alterations in cancer cell lines. PID107-10 involves malignant pleural mesothelioma cells, in which upregulation of thymidylate synthase has been associated with pemetrexed resistance, and acetylation of H3K27 has been implicated in this process. In PID105-E-1, suppression of glutamine synthetase in ovarian cancer cells is linked to cisplatin resistance, and epigenomic changes are suggested to induce resistance via metabolic reprogramming. Notably, acetylation of H3K27 has also been reported to regulate the expression of cancer-related genes and contribute to tumor progression in breast cancer cells [86]. These findings collectively suggest that common epigenetic modifications may lead to shared metabolic alterations across different cancer types and drug resistance mechanisms.
The comparison between PID096-A-5 [69] and PID103-5 [76] involves differential metabolomic profiles between tumor and normal tissues in colorectal cancer and lung cancer, respectively. Although these studies focus on different cancer types, both demonstrate that several metabolites show consistent increases or decreases in tumor tissues compared with the levels in normal tissues, suggesting shared metabolic alterations across cancer types.
The comparison between PID021-1 [21] and PID110-1 [83] involves differential metabolomic profiles between tumor and normal tissues related to liver cancer, both measured using CE-TOFMS. PID021-1 compares hepatocellular carcinoma with normal tissue, while PID110-1 compares intrahepatic cholangiocarcinoma with surrounding non-tumor tissue. The log2 odds ratio for the comparison was 5.009 (p-value = 3.0 × 10⁻⁵). Metabolites commonly elevated in tumor tissues across both datasets included 1-methylnicotinamide, L-arginine, hypotaurine, kynurenine, L-methionine, and N6-acetyllysine. Conversely, commonly decreased metabolites included betaine, carnitine, choline, nicotinamide, AMP, ATP, and NAD⁺. These results suggest consistent metabolic alterations between tumor and non-tumor tissues, potentially reflecting shared metabolic features characteristic of liver cancer.
The comparison between PID017-1 [17] and PID018-3 [18] yielded a negative association, with a log2 odds ratio of 4.32 (p-value = 0.003). Both metabolomic analyses were conducted using GC-MS and LC-MS. PID017-1 represents the metabolomic profile comparing tumor and normal tissues in ccRCC. PID018-3 represents the metabolomic profile of L428 cells (a human Hodgkin lymphoma cell line) treated with MN4 (tetra-O-methyl nordihydroguaiaretic acid). Several metabolites that increased following MN4 treatment overlapped with those elevated in normal tissues in PID017-1. This suggests that MN4 treatment may shift the metabolic state of L428 cells toward a more normal profile.
PID018-3 [18] also showed a negative association with both PID006-A-1 [12] and PID006-B-1 [12], with a log2 odds ratio of 4.29 (p-value = 0.002) in each case. The PID006 study investigated differential metabolomic profiles between renal cancer and normal tissues using multiple types of biospecimens: PID006-A-1 represents serum samples, while PID006-B-1 represents tissue samples. Metabolites increased by MN4 treatment overlapped with those elevated in normal samples (compared with the levels in cancer) in both serum and tissue datasets from PID006. These findings suggest that differential metabolomic profiles can capture cancer-specific metabolic alterations consistently across different sample types, highlighting their potential utility for understanding disease-associated metabolic changes.
Significant positive associations were observed in the comparisons between PID088-1 and PID096-A-3 (log₂ odds ratio = 5.41, p-value = 0.0001) and between PID088-1 and PID096-A-4 (log₂ odds ratio = 5.64, p-value = 3.6 × 10⁻⁶). PID088-1 corresponds to a comparison between lung tumor tissue and normal lung tissue, analyzed by CE-TOFMS. In contrast, PID096-A-3 and PID096-A-4 represent comparisons between tumor and stage-matched normal tissues in stage 0 and stage I colorectal cancer, respectively, which were analyzed using both CE-TOFMS and LC-MS/MS. Despite the differences in organ and cancer type—lung and colorectal cancer—these datasets shared commonly altered metabolites, suggesting the presence of metabolic changes common to early-stage cancer lesions.
A significant positive association was observed between PID047-1 and PID107-1 (log₂ odds ratio = 4.59, p-value = 0.008). PID047-1 represents a comparison between MDA-MB-231 breast cancer cells 24 h after arginine deprivation and untreated control cells, measured by LC-LTQ-MS. PID107-1 corresponds to a comparison between anticancer drug-treated and control MSTO-211H malignant pleural mesothelioma cells, analyzed by CE-TOFMS. This result indicates that certain metabolites commonly increased or decreased in response to drug treatment were shared between the two datasets.
A significant positive association was observed between PID018-3 and PID106-D-2 (log₂ odds ratio = 4.76, p-value = 0.0101). PID018-3 represents a comparison between MN4-treated and control L428 cells, analyzed by GC-MS and LC-MS. PID106-D-2 corresponds to a comparison between P4HA3-knockdown (shP4HA3) and control (shLacZ) A549 cells (a human lung adenocarcinoma cell line), measured by CE-TOFMS. The presence of commonly altered metabolites suggests that both MN4 treatment and P4HA3 knockdown may affect shared metabolic pathways or molecular networks. P4HA3 has been reported to regulate metabolism and epithelial–mesenchymal transition (EMT) in a TGF-β–dependent manner. MN4 is known to influence cancer metabolism through Sp1-mediated transcriptional regulation [87]. Sp1 has been identified as a transcriptional regulator of P4HA2 in colorectal cancer [88], and in lung and pancreatic adenocarcinomas, it has been reported to suppress EMT via the regulation of LOXL2 [89], [90]. These findings suggest that MN4-mediated suppression of Sp1 may affect EMT-related metabolic and transcriptional networks, potentially leading to metabolic changes similar to those observed in P4HA3 knockdown. Therefore, despite differences in cell type and treatment conditions, the significant association between PID018-3 and PID106-D-2 may reflect their common involvement in EMT suppression.
A significant negative association was observed between PID081-C-1 and PID099-A-1 (log₂ odds ratio = −5.89, p-value = 2.53 × 10⁻⁴). PID081-C-1 represents a comparison between tumor and non-tumor tissues in SCLC, analyzed by CE-TOFMS. PID099-A-1 corresponds to a comparison between LLGL2-knockdown and shGFP control breast cancer cells, analyzed by LC-MS/MS. The negative log₂ odds ratio indicates that metabolites increased in LLGL2-knockdown breast cancer cells overlapped with those decreased in SCLC tumor tissues.
A significant negative association was observed between PID017-1 and PID081-A-1 (log₂ odds ratio = −5.36, p-value = 0.004). PID017-1 represents a comparison between tumor and normal tissues in ccRCC, analyzed by GC-MS and LC-MS/MS. PID081-A-1 corresponds to a comparison between gedatolisib-treated and DMSO-treated control H446 SCLC, measured by CE-TOFMS. The negative log₂ odds ratio indicates that metabolites increased by gedatolisib treatment overlapped with those decreased in ccRCC tumor tissues. The PI3K/mTOR pathway is known to be activated in various cancer types and plays a key role in metabolic reprogramming. Inhibition of this pathway by gedatolisib may suppress or normalize cancer-specific metabolic alterations. Therefore, the observed negative association may reflect a partial restoration of tumor-associated metabolism in response to therapeutic intervention.
A significant negative association was observed between PID092-4 [65] and PID098-B-1 [71] (log₂ odds ratio = −4.27, p-value = 0.0074). PID092-4 represents a comparison between liver-specific Atg7-knockout mutant mice and control mice, analyzed by CE-TOFMS. PID098-B-1 corresponds to a comparison between PKM1-expressing (PkmM1) and PKM2-expressing (PkmM2) mouse embryonic fibroblasts treated with BEZ235 for 2 days, measured by CE-TOFMS and LC-MS/MS. Commonly altered metabolites included glycolysis-related compounds such as 3-phosphoglycerate, D-fructose 6-phosphate, and glucose 6-phosphate, as well as redox-related metabolites including ophthalmate and cysteine-glutathione disulfide. Previous studies have shown that PKM1-expressing cells exhibit higher autophagic activity than PKM2-expressing cells, and that PKM1 may drive elevated glucose metabolism and autophagy in tumor cells [71]. The present comparison highlights shared metabolic changes between two mouse models with contrasting autophagy states—autophagy-deficient mice (PID092-4) and PKM1-driven metabolic cells (PID098-B-1). These findings may offer new insights into the relationship between autophagy and tumor metabolism. Further elucidation of the mechanism by which PKM1 promotes autophagy may enhance our understanding of metabolic flexibility and adaptive strategies in cancer.
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Supplementary Figure 1. Overview of the analytical workflow.
[bookmark: _GoBack]This figure illustrates the[image: ] overall workflow of the analysis. It outlines the process of identifying commonly varying metabolite sets using the iDMET approach and integrating them into enrichment analysis.
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