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Publication Date: December 27, 2027 are recoverable from open lung adenocarcinoma metabolomics and whether their
Keywords: enzymes are altered in tumor tissue. Method: Serum GC-TOF MS data from the
Machine Learning; ST000385 ADC2 cohort (43 cases, 43 controls, 152 compounds) were reanalysed in
Metabolomics; MetaboAnalyst 6.0 using PLS-DA with permutation testing, multivariate ROC,
SDG Target 3.4. and KEGG enrichment. Enzymes were examined in TCGA-LUAD (483 tumor, 347

normal) with GEPIA2 and survival analysis, and the cohort ST000386 underwent
metadata testing. Results: The one-component model separated the groups (R? =
0.492, Q= 0.302, permutation p <5 x 10 =% and reached an AUC of 0.882 on five
metabolites, which a sensitivity analysis showed to rest on one correlated axis.
Twenty metabolites passed a 5% FDR, and arginine biosynthesis was the most
enriched pathway (FDR = 5.8 x 1079, whereas the TCA cycle and taurine
metabolism did not survive correction. LDHA, PKM and CDO1 predicted survival.
ARG1, OTC and CPS1 medians fell in tumor while ASS1 and ARG2 rose modestly.
ST000386 carried subject-level metadata that does not associate with its own
metabolome. Novelty: The dominant pathway is arginine biosynthesis rather than
the Warburg axis of eatlier readings, and the enzyme layer shows a dysregulated
rather than silenced urea cycle.

INTRODUCTION

Sustainable Development Goal (SDG) target 3.4 commits member states to cutting
premature mortality from non-communicable diseases by one third by 2030, and cancer
is the component of indicator 3.4.1 making the least progress (Frieden et al., 2020; Liu et
al., 2021; De Camargo Cancela et al., 2023). Lung cancer dominates that shortfall, with
2.48 million new cases and 1.8 million deaths estimated for 2022 (Zhou et al., 2024), and
it is the leading cause of cancer death among Indonesian men, while the regional burden
concentrates rather than eases (Dee et al., 2025, Asmara et al, 2023). Lung
Adenocarcinoma (LUAD) is the commonest subtype of Non-Small Cell Lung Cancer
(NSCLC) and is heterogeneous in driver mutation and metabolic phenotype (Travis et
al., 2015; Herbst et al., 2018). The gap to the SDG trajectory largely stems from late-stage
diagnosis, since stage III or IV presentation drives excess mortality in low- and middle-
income settings (Henke et al, 2023; Hanafi et al.,, 2024). Low-Dose Computed
Tomography (LDCT) screening lowers lung cancer mortality by approximately 20% in
heavy smokers (National Lung Screening Trial Research Team, 2011) but flags most
benign findings as positive (Mazzone et al., 2021) and presumes imaging capacity that
cannot be assumed where the burden grows fastest, whereas no blood-based marker yet
refines risk well enough to deploy (Seijo et al., 2019).
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Metabolomics integrates genetic, transcriptional, and environmental input into one
phenotypic readout (Wishart, 2019), and Gas Chromatography-Time-Of-Flight Mass
Spectrometry (GC-TOF MS) resolves the primary metabolites that shift under
oncometabolic adaptation (Fiehn, 2016). Recent lung cancer panels report area-under-
curve values of 0.87 to 0.95 while leaving the biochemistry under-interpreted (Qi et al.,
2021; Lietal., 2022; Liu et al., 2023). Fahrmann and colleagues deposited two case-control
cohorts, ST000385 and ST000386, in the NIH Common Fund Metabolomics Workbench
and built classifiers from them (Fahrmann et al., 2015); current workflows can use the
same data for pathway-level interpretation (Pang et al., 2024).

Metabolic reprogramming is a hallmark of cancer (Hanahan & Weinberg, 2011) and
the Warburg effect still anchors the field (Pavlova & Thompson, 2016; Liberti & Locasale,
2016), with LDHA elevated in most NSCLC tumors (Xie et al., 2014) and the pyruvate
kinase M2 dimer-tetramer switch itself regulated in this tumor type (Christofk et al.,
2008; Anastasiou et al., 2011; Liang et al., 2024). Nitrogen metabolism has drawn less
attention despite carrying several of the strongest lung-specific dependencies. Oncogenic
KRAS reroutes glutamine through a cytosolic NADPH-generating cycle (DeBerardinis &
Cheng, 2010; Son et al., 2013), KEAP1/NRF2-mutant LUAD leans on it hardest (Romero
et al,, 2017; Lu et al., 2024), glutaminase inhibition is in trial (Harding et al., 2021), and
KRAS also silences argininosuccinate synthase 1 (ASS1), the enzyme condensing
aspartate with citrulline, which diverts aspartate into pyrimidine synthesis and creates
arginine auxotrophy (Gai et al., 2024). A serum readout of that rewiring would involve
aspartate, glutamate, glutamine, ornithine, and citrulline rather than lactate alone. Loss
of a single enzyme is not the usual pattern, however. Lee and colleagues found that most
urea cycle enzymes change expression in many tumors, a hallmark named urea cycle
dysregulation, which diverts nitrogen toward pyrimidine synthesis and produces
measurable shifts in nitrogen metabolites in patient biofluids (Lee et al., 2018). In lung
cancer specifically, KRAS and LKB1 co-mutant tumors express carbamoyl phosphate
synthetase 1 and route ammonia nitrogen into pyrimidines (Kim et al., 2017), arginase
activity in tumor myeloid cells depletes arginine and suppresses T cells (Miret et al.,
2019), and arginine availability governs nitric oxide synthesis (Keshet & Erez, 2018),
while ASS1 expression itself stratifies response to arginine deprivation (Barnett et al.,
2023). Tumors also remodel the Tricarboxylic Acid (TCA) cycle (Metallo et al., 2012;
Sciacovelli & Frezza, 2016). A third axis is sulfur amino acid metabolism, where Cysteine
Dioxygenase 1 (CDO1) is silenced by promoter hypermethylation (Brait et al., 2012;
Jeschke et al., 2013), shielding NSCLC cells from sulfite toxicity and NADPH depletion
(Kang et al., 2019), with plasma CDO1 methylation proposed for early detection (Wang
et al., 2020) and taurine itself active in immune evasion and glycolysis (Cao et al., 2024;
Sharma et al., 2025).

Public deposits are increasingly reused, and the quality of their metadata determines
whether that reuse is meaningful. The two Fahrmann cohorts were designed as a
discovery set and a test set, making them an obvious pairing for replication; however,
whether the deposited files support that pairing has not been examined. This study
therefore re-derives the discriminating serum metabolites and enriched pathways of
LUAD from ST000385 without inheriting earlier interpretations, tests whether the
catalyzing enzymes are dysregulated and prognostic in TCGA-LUAD, attempts external
validation in ST000386, and asks what such a workflow can and cannot contribute where
LDCT screening is unavailable.
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RESEARCH METHOD

Data sources and metabolomic processing

This is an integrative in silico reanalysis using only MetaboAnalyst 6.0 and GEPIA2. No
new human samples were collected, and no identifiable participant data were accessed,
so institutional ethical approval was not required. We imported study ST000385 into
MetaboAnalyst 6.0 through the Metabolomics Workbench accession interface (Pang et
al., 2024). The deposit holds 192 samples across serum, plasma, and pooled quality-
control aliquots, annotated for matrix, diagnosis, smoking status, and sex. Retaining
serum cases and healthy controls gave 43 against 43 across 152 annotated compounds,
with no missing values. This composition identifies the deposit as the ADC2 cohort of
Fahrmann et al. (2015) rather than ADC1, and earlier descriptions of ST000385 as ADC1
with 52 cases and 31 controls do not match the file.

The deposited intensities are already total-quantity normalized, since every sample
summed to approximately 2,000,000 at a coefficient of variation of 0.0%. Sample
normalization was therefore None, transformation log,o, and scaling Pareto, with no
feature filtering because 152 features fall below the threshold MetaboAnalyst
recommends. PLS-DA used 10-fold cross-validation and 2000 label permutations, with
tfeatures ranked by Variable Importance In Projection (VIP) on component 1. Multivariate
exploratory receiver operating characteristic (ROC) analysis used PLS-DA for
classification and ranking, with Monte Carlo cross-validation and balanced subsampling
over panels of 5 to 100 features. Univariate statistics used Welch t-tests on the same matrix
with Benjamini-Hochberg correction across all 152 features, and fold changes as the ratio
of group medians on the raw scale. Salicylic acid, lactamide, and the analytical standard.
Standard 3 passed the 5% false discovery rate but were excluded from biological
interpretation.

Pathway, sensitivity, and metadata analyses

The 39 features with VIP > 1.0 were submitted to the Pathway Analysis module as a
compound list, of which 34 mapped to KEGG. Enrichment used the hypergeometric test
against the Homo sapiens library, with all library compounds as the reference
metabolome, and impact was computed by relative-betweenness centrality, with
enrichment claimed only below a 5% false discovery rate. Because aspartate, glutamate,
taurine, and lactate are the metabolites most sensitive to hemolysis and delayed serum
separation (Yin et al., 2013) and all four ranked among the strongest discriminators, their
tirst principal component was taken as a pre-analytical proxy axis; every feature was
regressed on it, and the comparison was repeated on the residuals.

Study ST000386 was imported by the same route as a candidate validation cohort. Its
serum stratum holds 49 cases and 31 controls, matching the published description of
ADCI1. We first tested metadata integrity by asking whether each annotation associates
with the metabolome at all. Diagnosis, sex, and smoking status are properties of the
subject, whereas the matrix is a property of the aliquot. We ran Welch t-tests for each
annotation across all features in both cohorts, compared the p-value distributions to a
uniform distribution using the Kolmogorov-Smirnov test, and retested metabolites
associated with sex in one cohort at p < 0.001 in the other.

Transcriptomic analysis
Enzyme expression was examined in TCGA-LUAD (483 tumors, 347 normal samples)
using GEPIA2 (Tang et al., 2019) in Expression DIY, Box Plot mode, with matched TCGA
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normal and GTEx data checked, log scale on, and |log,FC| > 0.5 with p < 0.01 as the
reporting threshold. We assembled the panel in two stages. Eleven enzymes were
selected from the pathways treated as enriched in an earlier reading of this dataset, by
listing two to three enzymes catalyzing the reactions in which the matched metabolites
participate: GOT1, GOT2, and GLS for transamination and glutaminolysis; IDH1, OGDH,
and SDHA for the TCA cycle; LDHA, PKM, and PDHA1 for pyruvate handling; and
CDO1 and CSAD for cysteine-taurine biosynthesis. After arginine biosynthesis emerged
as the leading pathway in the corrected analysis, we added six urea cycle enzymes and
queried them under identical settings: ASS1, ASL, ARG1, ARG2, OTC, and CPS1. We
assessed overall survival using median expression cutoffs, Cox proportional-hazards
models, and log-rank tests.

RESULTS AND DISCUSSION

Results

Multivariate discrimination

Cross-validation selected a one-component PLS-DA model returning R? = 0.492, Q2 =
0.302, and a cross-validated accuracy of 0.740 (Figure 1B). Permutation testing placed the
observed statistic outside the entire null distribution, with no permutation of 2000
reaching the observed value (Figure 1C). The score plot shows partial but systematic
separation along component 1 (Figure 1A), and 39 features exceeded the VIP threshold
of 1.0 (Figure 1D).

Multivariate ROC analysis returned an AUC of 0.882 (95% CI 0.751-0.968) for a five-
metabolite panel and 0.882 for ten, declining monotonically to 0.838 for 100 metabolites
(Figure 2A), with predictive accuracy reaching 81.1% at five features (Figure 2B) and
aspartate, glutamate, and maltose selected in more than 90% of Monte-Carlo iterations
(Figure 2C). These values are substantially higher than the 0.676 to 0.692 reported in an
earlier reading of this dataset, which used a cohort description that does not match the
deposited file.
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Figure 1. Multivariate model for LUAD discrimination in ST000385. (A) PLS-DA
score plot with 95% confidence ellipses. (B) Accuracy, R? and Q? by number of
components; the red asterisk marks the selected model. (C) Permutation test over 2000
label permutations. (D) VIP scores on component 1.
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Figure 2. Classification performance. (A) Multivariate exploratory ROC curves for
panels of 5 to 100 features. (B) Cross-validated predictive accuracy by panel size. (C)
Selection frequency across Monte-Carlo iterations.

Differentially Abundant Metabolites

Twenty features passed a 5% false discovery rate, of which seventeen are endogenous
metabolites (Table 1, full list in Supplementary Table S1). Aspartate carried the largest
effect at 3.55-fold higher in cases, followed by glutamate and maltose, while glutamine
and inosine were the most strongly reduced and ornithine, lactate, and pyruvate were all
elevated.

Table 1. The ten most significant endogenous serum metabolites differing between
LUAD cases and healthy controls in ST000385

Metabolite VIP Fold change log,FC FDR Direction

Aspartic acid 3.98 3.55 1.83 1.4 x10® Higherin
LUAD

Glutamic acid 3.01 2.30 1.20 1.8 x1077 Higherin
LUAD

Maltose 3.00 1.91 0.93 9.0x107® Higher in
LUAD

Taurine 211 1.55 0.63 20x10™* Higher in
LUAD

Lactic acid 2.30 1.69 0.76 25x10™* Higherin
LUAD

Glutamine 2.10 0.58 -0.79 6.0x10™*  Lower in
LUAD

Ornithine 1.72 1.50 0.59 1.5x10 Higher in
LUAD

Inosine 2.32 0.41 -1.27 29x10 Lowerin
LUAD

D-Tagatose 2.04 0.65 -0.61 0.010 Lowerin
LUAD
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Metabolite VIP Fold change log,FC FDR Direction
Hippuric acid 1.54 1.20 0.27 0.012 Higherin
LUAD

Table 1 shows the ten most significant endogenous serum metabolites differing
between LUAD cases and healthy controls in STO00385. All seventeen are listed in
Supplementary Table S1. Fold change is the ratio of group medians on the raw intensity
scale. VIP is the component 1 score from the PLS-DA model. FDR is Benjamini-Hochberg
adjusted across all 152 features.

Pathway enrichiment

Three pathways survived correction (Table 2 and Figure 3). Arginine biosynthesis was
the most strongly enriched, with five of its fourteen compounds matched, a false
discovery rate of 5.8 x 1075, and a topology impact of 0.426. The matched compounds
were aspartate, glutamate, glutamine, ornithine, and citrulline. Glyoxylate and
dicarboxylate metabolism followed, although its impact of 0.087 places the matched
compounds at the periphery of that network, and alanine, aspartate and glutamate
metabolism was third with the highest impact in the analysis at 0.534.

Nitrogen metabolism and pyruvate metabolism fell just outside the threshold. Two
pathways emphasised in earlier readings did not survive correction, since the
tricarboxylic acid cycle returned 0.216 on two of twenty matched compounds and taurine
and hypotaurine metabolism returned 0.400 on a single matched compound. Both results
are partly a matter of platform coverage, because 152 compounds cannot populate those
maps densely, but a single hit cannot support a pathway-level claim either way.

Table 2. KEGG pathway enrichment for the 39 metabolites with VIP > 1.0

KEGG pathway Hits Raw p FDR Impact
Arginine biosynthesis 5/14 73 x107 58x107° 0.426
Glyoxylate and dicarboxylate metabolism 6/32 32x10° 1.3x10™* 0.087
Alanine, aspartate and glutamate metabolism 4/28 54 x10™* 0.014 0.534
Nitrogen metabolism 2/6 29x107 0.058 0.000
Pyruvate metabolism 3/23 39x107° 0.062 0.220
Glycine, serine and threonine metabolism 3/33 0.011 0.145 0.239
Citrate cycle (TCA cycle) 2/20 0.032 0.216 0.090
Taurine and hypotaurine metabolism 1/8 0.110 0.400 0.429

Table 2 shows the KEGG pathway enrichment for the 39 metabolites with VIP > 1.0.
Hits are matched compounds across pathway. Impact is relative betweenness centrality.
The first three pathways survive a 5% false discovery rate.
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Figure 3. KEGG pathway enrichment

In Figure 3, pathway impact on the horizontal axis against is plotted against —~log10(p)
on the vertical axis. Point size scales with pathway size, and colour scales with
significance.

Sensitivity to pre-analytical structure

The four hemolysis-sensitive metabolites form a tight block on the log scale, with Pearson
correlations of 0.80 between aspartate and glutamate, 0.86 between aspartate and taurine,
and 0.60 between aspartate and lactate. Their first principal component captures 73.9%
of their joint variance and separates cases from controls on its own (AUC of 0.852 and p
= 1.5 x 1071%). That axis does not track analytical run date (ANOVA p = 0.204) and
separates the groups consistently within each of the four run days, so instrument drift
does not explain it. After regressing every feature on that axis, no metabolite retained a
false discovery rate below 0.05, and only three of 152 reached a raw p below 0.05, where
7.6 would be expected. The case-control difference in this dataset is therefore essentially
one-dimensional. This does not by itself distinguish a biological axis from a pre-analytical
one, since adjusting for an axis that is itself the signal will always remove the signal, and
this point is developed in the Limitations.

External validation attempt

Replication in ST000386 was not attainable. Its serum stratum holds 49 cases and 31
controls, matching the published description of ADC1, but none of its three subject-level
annotations associate with the metabolome. Diagnosis returned seven features at p < 0.05
where 9.1 were expected, sex returned three and smoking status nine, and no p-value
distribution departs from uniformity in the direction of signal. The matrix annotation, a
property of the aliquot rather than of the subject, behaves entirely differently in the same
tile and returns 85 features at a Kolmogorov-Smirnov p-value of 4.6 x 1073, whereas in
ST000385 all four annotations behave as expected and sex alone returns 33 features. Five
metabolites associated with sex in ST000385 at p < 0.001 are present in ST000386, and
none reaches p < 0.05 there, with the correlation of sex effect sizes between cohorts at
—0.08 in serum. Sex differences in the serum metabolome are established biology and
independent of disease, so a correctly aligned annotation at n = 80 would recover them,
and randomized labels destroy signal rather than create it. Consistent with this, aspartate,
reported by Fahrmann and colleagues as their best individual serum classifier from
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ADCI1, reaches only p = 0.026 at a false discovery rate of 0.98 in the deposited ADCl1 file.
The cohort was therefore withdrawn; all results reported here are based on ST000385
alone, and the full test is provided in Supplementary Table S4.

Urea Cycle Enzymes in TCGA-LUAD

The six urea cycle enzymes were not altered in one direction (Figure 4). ARG1 was the
only enzyme in the group to meet the reporting threshold, and it was strongly reduced
in tumor, with a median close to zero against a normal median near 2.1 on the
log,(TPM+1) scale. OTC and CPS1 medians were also lower in tumor, whereas ASS1 and
ARG2 were modestly higher and ASL was unchanged. CPS1 showed the most distinctive
distribution, as its tumor median fell below the normal median. In contrast, a substantial
minority of tumors expressed it far above any normal sample, reaching values above 10

on the same scale. ASS1 was therefore not silenced at the level of bulk tumor messenger
RNA.
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Figure 4. Expression of six urea cycle enzymes in TCGA-LUAD (483 tumor in red,
347 normal in grey), from GEPIA2 with matched TCGA and GTEx normal tissue.

Figure 4 shows the expression of six urea cycle enzymes in TCGA-LUAD (483 tumor
in red, 347 normal in grey), from GEPIA2 with matched TCGA and GTEx normal tissue.
The red asterisk in panel C marks the only comparison meeting |log,FC| =1 with p <
0.01 at the GEPIA2 display cutoff.

The first enzyme panel and overall survival
In the eleven-enzyme panel assembled from the earlier pathway ranking, only LDHA,
CDO1 and CSAD met the GEPIA2 display threshold, LDHA higher in tumor and the two
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cysteine-taurine enzymes lower, with CDOIL falling from a normal median near 3.5 to a
tumor median near 0.9 (Supplementary Figure S2 and Supplementary Table S3). GOT1,
GOT2, PKM and IDH1 were higher in tumor without reaching that threshold, whereas
GLS was lower in tumor, and OGDH, SDHA and PDHAT1 differed little between groups.
Three enzymes were prognostic for overall survival (Table 3 and Figure 5): LDHA at a
hazard ratio of 1.9 with log-rank p = 3 x 1075, PKM at 1.4 with p = 0.017, and CDOL1 at
0.69 with p = 0.017, where a ratio below one means that patients with high expression
survived longer.

Table 3. Overall survival analysis in TCGA-LUAD (GEPIA2, median cutoff, 239
patients per group, except where noted)

Gene Metabolic role HR (high) Log-rank p Interpretation
LDHA Pyruvate to lactate 1.9 3x10™® Poor prognosis
PKM Glycolytic PKM2 isoform 1.4 0.017 Poor prognosis
CDO1 Cysteine to taurine 0.69 0.017 Protective
IDH1 a-Ketoglutarate metabolism 1.3 0.13 Not significant
CSAD Hypotaurine to taurine 0.98 0.86 Not significant

Table 3 reports the overall survival analysis in TCGA-LUAD (GEPIA2, median cutoff,
239 patients per group, except where noted). Hazard ratios are for the high expression

group.
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Figure 5. Kaplan-Meier overall survival curves in TCGA-LUAD by median
expression, for the five enzymes taken to survival analysis

Figure 5 shows Kaplan-Meier overall survival curves in TCGA-LUAD by median
expression for the five enzymes used in the survival analysis; blue denotes the low-
expression group and red denotes the high-expression group, with dotted lines showing
95% confidence bands. Hazard ratios and log-rank p-values are printed within each
panel.
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Discussion

Nitrogen handling rather than glycolysis

The pathway results reorder the biological interpretation of this dataset. Arginine
biosynthesis is the strongest enrichment by four orders of magnitude in raw p, driven by
five compounds each independently altered or close to it. ASS1 consumes aspartate and
citrulline, so any change in urea cycle flux would be expected to move exactly this set of
metabolites, and elevated serum aspartate with elevated ornithine and reduced
glutamine fits a rewired nitrogen-disposal axis. However, serum abundance cannot
resolve which tissue the change originates in. Higher GOT1 and GOT2 in tumor are
consistent with increased aspartate transamination, which is the step the KRAS,
glutamine, and aspartate axis predicts (Son et al., 2013; Romero et al., 2017; Lu et al., 2024).
GLS, however, was lower in tumor rather than higher, so the glutaminolysis arm of that
axis is not supported at the transcript level here, and the serum fall in glutamine cannot
be attributed to tumor glutaminase on this evidence. This differs from earlier readings of
the same deposit, which placed Warburg metabolism first. Lactate and pyruvate are
elevated, and both LDHA and PKM are elevated and prognostic. However, only LDHA
met the expression threshold, so the glycolytic component is real but modest, and
pyruvate metabolism did not survive correction, and the TCA cycle returned a false
discovery rate of 0.216 on two matched compounds. The honest ordering places nitrogen
handling first, glycolysis second as a single-metabolite observation, and the TCA cycle
nowhere.

A dysregulated urea cycle rather than a silenced enzyme

The enzyme result refines the mechanism rather than confirming it. If serum aspartate
rose because KRAS silenced ASS1, ASS1 messenger RNA should be lower in the tumor,
but it is not. The six enzymes show a cycle pulled apart, with ARG1, OTC, and CPS1
medians down while ASS1 and ARG2 rise modestly. That is the pattern Lee and
colleagues termed urea cycle dysregulation, in which most enzymes change expression,
nitrogen is diverted toward pyrimidine synthesis, and nitrogen metabolites shift
measurably in patient biofluids (Lee et al., 2018). The account predicts a serum signature
dominated by aspartate, glutamate, glutamine, ornithine, and citrulline, and it fits these
data better than a single silencing event. The bimodal CPS1 distribution adds a second
reading, since a minority of tumors express CPS1 far above any normal sample, which is
the behavior reported for KRAS and LKB1 co-mutant lung tumors that route ammonia
nitrogen into pyrimidines (Kim et al., 2017). The ASS1 silencing described by Gai and
colleagues is specific to KRAS-mutant cells (Gai et al., 2024). In contrast, TCGA-LUAD
mixes genotypes, so a restricted effect could be masked, and mutation-stratified analysis
would be needed to test this.

ARGI1 needs the most caution despite being the only enzyme meeting the threshold.
Arginase 1 in lung tissue is expressed mainly by granulocytic myeloid cells rather than
by epithelium, and its activity in lung tumors has been reported as elevated at the protein
level in exactly those cells (Miret et al., 2019). A fall in bulk messenger RNA against GTEx
normal lung therefore reflects cell composition at least as much as tumor-cell biology,
and the same caution applies to any bulk comparison of a lineage-restricted gene. What
can be said is that arginine availability is under regulation from several directions at once,
through synthesis, catabolism, and nitric oxide production (Keshet & Erez, 2018), and
that ASS1 expression already stratifies patients for arginine deprivation therapy in
another tumor type (Barnett et al., 2023).
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Taurine

Taurine was elevated 1.55-fold, and CDO1 and CSAD were the most strongly
downregulated enzymes in the eleven-enzyme panel, with CDO1 also protective for
survival, which is consistent with the tumor-suppressor behavior of CDO1 and with the
account in which silencing shields NSCLC cells from sulfite toxicity and NADPH
depletion (Brait et al., 2012; Jeschke et al., 2013; Kang et al., 2019). Pathway-level
enrichment cannot be claimed, since taurine was the only compound of the eight in that
KEGG map present on this platform, and recent findings complicate a simple reading in
any case (Cao et al., 2024; Sharma et al., 2025).

Open-data reuse and implications for SDG target 3.4

The metadata defect documented here is not peripheral. Any group attempting the
obvious biological reuse- validation of an ADC2 finding in ADC1- would obtain a null
result and could reasonably report it as a failure to replicate. That would be wrong, and
wrong in a direction that discourages further reuse of a valuable deposit. The test is
cheap, since running the disease comparison alongside a biological control annotation
costs one additional analysis and settles whether a null result is informative. The point
generalizes to machine-learning practice on public repositories. Where a deposit is used
to benchmark algorithms, shuffled subject labels are harmless, because only the relative
ranking of methods is at stake and every method is handicapped equally, whereas
biological reuse has no such protection. Reporting a biological control annotation
alongside the disease label costs nothing. It would flag deposits that cannot support
downstream biological claims, and this check is recommended as routine before using
any public deposit as a validation cohort.

Two implications follow for the SDG 3.4 agenda. Where LDCT screening is
unavailable, the binding constraint on earlier diagnosis is infrastructure rather than
analytic sophistication (Asmara et al., 2023; Hanafi et al., 2024), and a blood-drawn assay
shifts that constraint to laboratory capacity, which is more widely distributed. An AUC
of 0.882 on five metabolites falls within the range reported by dedicated cohorts (Qi et al.,
2021; Li et al., 2022), but it should be read as an upper bound. The classification layer here
is a supervised machine-learning pipeline, and PLS-DA on high-dimensional data with
few samples is prone to over-optimistic estimates under internal cross-validation, with
the size of that bias set by the resampling scheme (Rodriguez-Pérez et al., 2018).
Performance also declined from five to one hundred features, which marks features that
add variance without adding information, and the sensitivity analysis found a single
correlated axis carrying almost the whole separation. A more expressive learner such as
a random forest or a neural network (Galal et al., 2022) would therefore change the
reported number without changing what it means, since the limiting factor is sample
provenance rather than model capacity, and the panel is not a candidate assay. This
analysis contributes a prioritized target set with a specific mechanistic hypothesis about
ASS1. The second implication is methodological. Every dataset and tool used here is free,
and the analysis required no sample collection, mass-spectrometry facilities, or licensed
software. Hence, this class of reanalysis converts existing global data into locally directed
hypotheses at minimal cost and can be taught. The ST000386 finding shows the other half
of that argument, since groups working from public deposits must test what they inherit
rather than assume it (Liu et al., 2021; De Camargo Cancela et al., 2023; Dee et al., 2025).

The strongest limitation concerns pre-analytical variation. The four metabolites
dominating the signal are the most sensitive to hemolysis and to delay between blood
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draw and separation of serum from cells (Yin et al., 2013); they define a single axis
carrying 73.9% of their joint variance, and that axis alone reaches an AUC of 0.852. A 3.55-
fold difference in serum aspartate exceeds what whole-body tumor metabolism would
be expected to produce, and cases and controls in a hospital-recruited study are
frequently sampled in different clinical settings. The deposit records no collection time,
processing delay, or hemolysis index, so the explanation cannot be confirmed or
excluded. This does not invalidate the results, and the original authors reported aspartate
independently, but any prospective evaluation must standardize sample handling and
record a hemolysis index.

Six further limitations apply. External validation could not be completed, so all
metabolomic results rest on 43 cases and 43 controls with internal cross-validation only.
The pathway analysis used the VIP > 1.0 list rather than the false-discovery-rate list
(MetaboAnalyst default), a more permissive input, and five of 39 names did not map to
KEGG. Platform coverage constrains which pathways can be detected, so absence of
enrichment is not evidence of absence of involvement. The transcriptomic layer relies on
GEPIA2 summaries of bulk tissue, which cannot separate tumor cells from stroma and
immune infiltrate. It cannot be stratified by KRAS, LKB1, EGFR, or TP53 status, which
matters directly because both mechanisms invoked here are genotype-restricted. The
metabolomic and transcriptomic layers derive from different individuals, so the enzyme
findings corroborate the pathway inference without confirming it within the same
patients, and all correlation and survival findings are associative. Residual confounding
from medication, fasting state, and comorbidity could not be addressed, and salicylic acid
and naproxen among the discriminating features show that medication differences
between the groups are real.

CONCLUSION

Fundamental Finding : Reanalysis of the ST000385 serum cohort places arginine
biosynthesis and nitrogen handling, not the Warburg axis, at the centre of the LUAD
serum metabolomic signature, and five compounds of that pathway are altered with an
enrichment that survives correction by four orders of magnitude; the urea cycle enzymes
in TCGA-LUAD are dysregulated rather than switched off, since ARG1, OTC and CPS1
medians fall while ASS1 and ARG2 rise modestly and CPS1 is expressed far above normal
in a minority of tumors. Implication : Glycolytic change stands only as a single-
metabolite observation supported by elevated and prognostic LDHA and PKM, while
claims about the tricarboxylic acid cycle and taurine biosynthesis are not supported at
pathway level, so an open deposit can redirect a mechanistic reading for groups without
cohort access, which is where the wider value for SDG target 3.4 lies. Limitation : The
five-metabolite panel reached an AUC of 0.882 under internal cross-validation, but the
separation is one-dimensional and dominated by metabolites sensitive to sample
handling, so the figure is an upper bound rather than a candidate assay and no additional
model capacity would change it; external validation could not be completed because the
subject-level metadata of the companion deposit ST000386 does not associate with its
own metabolome, a defect documented here for the first time. Future Research :
Mutation-stratified testing of the urea cycle in LUAD, in cohorts with verified metadata
and controlled pre-analytical handling, is the priority, alongside a metadata-integrity
check as a routine first step before any public deposit is reused.
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