GFPT2-Mediated O-GlcNAcylation Enhances Bladder Cancer Progression by Stabilizing c-Myc

Supplementary Information 

Supplementary methods
1. Step-wise construction of the metabolic gene-interaction perturbation network
Gene-gene interactions (edges) are defined as pairs of genes that exhibit a direct functional or physical association within established biological pathways or interaction networks [1,2]. 

1.1 Definition and weighting of gene-gene interactions
The background interactome was assembled by intersecting the Reactome functional-interaction network (169710 high-confidence edges among 7360 unique genes) [1] with 41 KEGG metabolic pathways catalogued in MsigDB (948 metabolic genes). After retention of genes expressed in bladder urothelium, the final metabolic background network comprised 763 genes linked by 1989 edges. Edges are topologically unweighted; their quantitative contribution is dynamically determined from the rank-transformed expression data of each individual sample, as detailed in the following section.

1.2 Quantification of edge-specific perturbation
Step 1: Rank transformation
For every sample S, the expression vector was converted to a rank vector Rg,s (minimum expression = 1, maximum = G).

Step 2: Delta-rank matrix
A ranked gene expression matrix was created by ordering genes within each sample according to their expression values. Ri,s denotes the rank of gene Gi in sample S. Rows of the Delta rank matrix represent interactions from the background network, and columns represent samples. Each element 𝛿E equals the Delta rank, defined as the difference in rank between genes Gi and Gj for a given sample, where Gi and Gj are connected by interaction E in the background network. For each edge Ei,j ∈ background network, the delta-rank was computed:
[bookmark: _Hlk201871188]
Step 3: Baseline establishment
Gene interactions are relatively stable in normal tissues, while they are generally disrupted in tumor tissues [3]. Therefore, we used the delta rank of the mean gene expression in normal tissue samples within the background network as the baseline vector, and we compared each tumor sample’s gene interactions to that baseline; the difference between them represents the perturbation of gene interactions in that sample [4,5]. Using the nine normal urothelial samples (GTEx), the mean delta-rank across normals was calculated for each edge:

Step 4: Perturbation matrix
The edge-specific perturbation score for any tumour sample S was defined as the signed deviation from the baseline:

Consequently, ΔE,s quantifies the extent to which the relative ordering of genes i and j is disrupted in sample S compared with normal urothelium.

Step 5: Feature selection for clustering
To capture the most heterogeneous interactions, edges were concurrently filtered by
(i) Kruskal-Wallis p-value (cancer vs normal) and (ii) standard deviation across all tumour samples.
The intersection of the top 25 % quantiles yielded 1989 edges that were submitted to consensus clustering to define metabolic subtypes.

2. GSVA analysis of subtypes
To further characterize metabolic subtypes of bladder cancer, we downloaded KEGG metabolic pathway and Hallmark gene sets from the KEGG and MSigDB databases and performed GSVA enrichment analysis of the subtypes using the R package GSVA. Differences were considered statistically significant at P < 0.05. GSVA is a nonparametric, unsupervised method commonly used to assess changes in pathway and biological process activity across dataset samples [6].

3. Machine learning to construct prognostic risk models
We identified the intersection for machine learning by screening differentially expressed genes between the C3 and C6 subtypes and integrating genes from the GSE13507, GSE32548, and TCGA bladder cancer cohorts with 599 metabolism-related genes from 24 KEGG metabolic pathways (Supplementary data, Supplementary Figure 2). Using a machine learning approach, we screened metabolism-related prognostic genes (MRPGs) in bladder cancer and then performed Kaplan–Meier survival analysis on the metabolic signature genes with the highest prognostic contributions.

4. Clinicopathological characterization of the bladder cancer cohort
We analyzed the cohort’s clinicopathological characteristics using univariate and multivariate Cox regression and applied Kaplan-Meier survival analysis to validate and confirm GFPT2’s prognostic value in bladder cancer patients.

5. Lentiviral Infection and Stable Transfection of Cell Lines
Lentiviral vectors for GFPT2 knockdown and overexpression were developed by Sangon Biotech (Shanghai, China). Bladder cancer cells were infected with these lentiviruses, and stable cell lines with either GFPT2 knockdown or overexpression were established following puromycin selection. Specifically, the UM-UC-3 cell line was used to create a stable transfection line with GFPT2 knockdown, while the T24 cell line was utilized to construct a stable transfection line with GFPT2 overexpression (Supplementary Fig. 4).
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Supplementary Figures
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Supplementary Fig. 1 GSVA analysis of subtypes.
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Supplementary Fig. 2 Volcano plot of differentially expressed genes between C3 and C6 subtypes.
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[bookmark: _Hlk213547180]Supplementary Fig. 3 Kaplan-Meier survival analysis of MRPGs.
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Supplementary Fig. 4 GFPT2 expression following knockdown in the UM-UC-3 cell line and overexpression in the T24 cell line. (A, B) RT-qPCR quantified mRNA expression levels. (C, D) Western blot assessed protein expression levels.


Supplementary Tables

Supplementary Table 1 Correlation Between GFPT2 and Clinical Pathological Characteristics in 70 Bladder Cancer Patients
	Variables
	Total (n = 70)
	GFPT2
	
	

	
	
	Low (n = 25)
	High (n = 45)
	Statistic
	P

	Age, Mean ± SD
	67.66 ± 11.59
	66.84 ± 10.25
	68.11 ± 12.36
	t=-0.44
	0.663

	Survival time, M (Q₁, Q₃)
	40.00 (29.75, 63.00)
	60.00 (39.00, 86.00)
	34.00 (17.00, 49.00)
	Z=-3.40
	<.001

	Gender, n (%)
	
	
	
	χ²=0.05
	0.831

	  Male
	61 (87.14)
	21 (84.00)
	40 (88.89)
	
	

	  Female
	9 (12.86)
	4 (16.00)
	5 (11.11)
	
	

	Recurrence, n (%)
	
	
	
	χ²=0.08
	0.779

	  No
	62 (88.57)
	23 (92.00)
	39 (86.67)
	
	

	  Yes
	8 (11.43)
	2 (8.00)
	6 (13.33)
	
	

	Grade, n (%)
	
	
	
	χ²=1.16
	0.281

	  High
	59 (84.29)
	19 (76.00)
	40 (88.89)
	
	

	  Low
	11 (15.71)
	6 (24.00)
	5 (11.11)
	
	

	Infiltration, n (%)
	
	
	
	χ²=0.02
	0.887

	  Yes
	58 (82.86)
	20 (80.00)
	38 (84.44)
	
	

	  No
	12 (17.14)
	5 (20.00)
	7 (15.56)
	
	

	Muscle-invasive, n (%)
	
	
	
	χ²=6.59
	0.010

	  Yes
	34 (48.57)
	7 (28.00)
	27 (60.00)
	
	

	  No
	36 (51.43)
	18 (72.00)
	18 (40.00)
	
	

	Radical cystectomy, n (%)
	
	
	
	χ²=1.33
	0.249

	  Yes
	40 (57.14)
	12 (48.00)
	28 (62.22)
	
	

	  No
	30 (42.86)
	13 (52.00)
	17 (37.78)
	
	

	Lymph Node Metastasis, n (%)
	
	
	
	χ²=1.56
	0.212

	  Yes
	14 (20.00)
	3 (12.00)
	11 (24.44)
	
	

	  No
	56 (80.00)
	22 (88.00)
	34 (75.56)
	
	

	Metastasis, n (%)
	
	
	
	χ²=1.63
	0.201

	  Yes
	9 (12.86)
	1 (4.00)
	8 (17.78)
	
	

	  No
	61 (87.14)
	24 (96.00)
	37 (82.22)
	
	

	T, n (%)
	
	
	
	-
	0.070

	  Ta
	5 (7.14)
	3 (12.00)
	2 (4.44)
	
	

	  T1
	34 (48.57)
	16 (64.00)
	18 (40.00)
	
	

	  T2
	12 (17.14)
	4 (16.00)
	8 (17.78)
	
	

	  T3
	11 (15.71)
	1 (4.00)
	10 (22.22)
	
	

	  T4
	8 (11.43)
	1 (4.00)
	7 (15.56)
	
	

	N, n (%)
	
	
	
	-
	0.148

	  N0
	57 (81.43)
	23 (92.00)
	34 (75.56)
	
	

	  N1
	8 (11.43)
	2 (8.00)
	6 (13.33)
	
	

	 N 2
	5 (7.14)
	0 (0.00)
	5 (11.11)
	
	

	M, n (%)
	
	
	
	χ²=1.63
	0.201

	  M0
	61 (87.14)
	24 (96.00)
	37 (82.22)
	
	

	  M1
	9 (12.86)
	1 (4.00)
	8 (17.78)
	
	

	AJCC, n (%)
	
	
	
	-
	0.023

	  0a/0is
	4 (5.71)
	3 (12.00)
	1 (2.22)
	
	

	  Ⅰ
	34 (48.57)
	16 (64.00)
	18 (40.00)
	
	

	  Ⅱ
	11 (15.71)
	4 (16.00)
	7 (15.56)
	
	

	  Ⅲ
	12 (17.14)
	1 (4.00)
	11 (24.44)
	
	

	  Ⅳ
	9 (12.86)
	1 (4.00)
	8 (17.78)
	
	

	Status, n (%)
	
	
	
	χ²=19.29
	<.001

	  Alive
	40 (57.14)
	23 (92.00)
	17 (37.78)
	
	

	  Dead
	30 (42.86)
	2 (8.00)
	28 (62.22)
	
	

	Ki67, n (%)
	
	
	
	χ²=0.06
	0.807

	  Low
	18 (25.71)
	6 (24.00)
	12 (26.67)
	
	

	  High
	52 (74.29)
	19 (76.00)
	33 (73.33)
	
	

	t: t-test, Z: Mann-Whitney test, χ²: Chi-square test, -: Fisher exact.
SD: standard deviation, M: Median, Q₁: 1st Quartile, Q₃: 3st Quartile












Supplementary Table 2 Univariate and multivariable cox regression analysis for overall survival in bladder cancer patients
	Variables
	Univariate Analysis
	
	Multivariable Analysis

	
	β
	S.E
	Z
	P
	HR (95%CI)
	
	β
	S.E
	Z
	P
	HR (95%CI)

	Age
	0.02
	0.02
	1.52
	0.128
	1.02 (0.99 ~ 1.06)
	
	
	
	
	
	

	Gender
	
	
	
	
	
	
	
	
	
	
	

	  1
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	

	  2
	-0.57
	0.61
	-0.94
	0.349
	0.57 (0.17 ~ 1.87)
	
	
	
	
	
	

	Recurrence
	
	
	
	
	
	
	
	
	
	
	

	  1
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	

	  2
	0.37
	0.54
	0.68
	0.499
	1.44 (0.50 ~ 4.16)
	
	
	
	
	
	

	Grade
	
	
	
	
	
	
	
	
	
	
	

	  1
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	

	  2
	-1.95
	1.02
	-1.92
	0.055
	0.14 (0.02 ~ 1.04)
	
	
	
	
	
	

	T
	
	
	
	
	
	
	
	
	
	
	

	  0
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	1.00 (Reference)

	  1
	-0.86
	0.82
	-1.05
	0.293
	0.42 (0.09 ~ 2.10)
	
	-1.41
	0.83
	-1.70
	0.089
	0.24 (0.05 ~ 1.24)

	  2
	0.08
	0.84
	0.10
	0.923
	1.08 (0.21 ~ 5.60)
	
	-1.43
	1.00
	-1.43
	0.153
	0.24 (0.03 ~ 1.70)

	  3
	1.31
	0.78
	1.67
	0.094
	3.71 (0.80 ~ 17.28)
	
	-0.18
	0.84
	-0.22
	0.827
	0.83 (0.16 ~ 4.34)

	  4
	1.88
	0.80
	2.35
	0.019
	6.55 (1.37 ~ 31.38)
	
	0.81
	0.82
	0.99
	0.322
	2.26 (0.45 ~ 11.27)

	N
	
	
	
	
	
	
	
	
	
	
	

	  0
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	1.00 (Reference)

	  1
	1.16
	0.47
	2.46
	0.014
	3.18 (1.26 ~ 8.02)
	
	1.45
	0.64
	2.24
	0.025
	[bookmark: _Hlk197463326]4.25 (1.20 ~ 15.04)

	  2
	2.90
	0.58
	4.98
	<.001
	18.24 (5.81 ~ 57.26)
	
	1.90
	0.64
	2.99
	0.003
	[bookmark: _Hlk197463538]6.69 (1.92 ~ 23.27)

	M
	
	
	
	
	
	
	
	
	
	
	

	  0
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	

	  1
	2.05
	0.44
	4.69
	<.001
	7.77 (3.30 ~ 18.32)
	
	
	
	
	
	

	GFPT2
	
	
	
	
	
	
	
	
	
	
	

	  1
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	1.00 (Reference)

	  2
	2.47
	0.73
	3.36
	<.001
	11.78 (2.80 ~ 49.60)
	
	2.51
	0.79
	3.17
	0.002
	12.28 (2.61 ~ 57.84)

	Ki67
	
	
	
	
	
	
	
	
	
	
	

	  1
	
	
	
	
	1.00 (Reference)
	
	
	
	
	
	

	  2
	-0.36
	0.40
	-0.89
	0.372
	0.70 (0.32 ~ 1.53)
	
	
	
	
	
	

	HR: Hazards Ratio, CI: Confidence Interval



Supplementary Table 3 Primer and probes used in the experiments
	[bookmark: _Hlk207753772]Gene
	Sequence (5’- 3’)
	Application

	GFPT2
	Sense: ACAGAGACCATCGCCAAGCTG
Antisense: GCGAATGCACCTTCCAACTGC
	qRT-PCR

	GAPDH
	Sense: GTGGACCTGACCTGCCGTCTAG
Antisense: GAGTGGGTGTCGCTGTTGAAGTC
	qRT-PCR


	sh-GFPT2#1
	Sense: CCGGGCGGAATCTTTGCCTACATGATCTCTTGAATCATGTAGGCAAAGATTCCGCTTTTTTG
Antisense: AATTCAAAAAAGCGGAATCTTTGCCTACATGATTCAAGAGATCATGTAGGCAAAGATTCCGC
	shRNA

	sh-GFPT2#2
	Sense: CCGGGGAAATTTCTGGAAAGCAAAGTCTCTTGAACTTTGCTTTCCAGAAATTTCCTTTTTTG
Antisense: AATTCAAAAAAGGAAATTTCTGGAAAGCAAAGTTCAAGAGACTTTGCTTTCCAGAAATTTCC
	shRNA



Supplementary Table 4 Information about antibodies used in this study

	Antibody
	Brand
	Cat#

	GFPT2
	abcama
	ab190966

	Beta Actin
	Proteintech
	66009-1-Ig

	OGT
	Proteintech
	11576-2-AP

	GFPT2
	Thermo Scientific
	PA5-26290

	Ki67
	Santa Cruz
	sc-23900

	O-GlcNAc
	Proteintech
	65292-1-Ig

	c-Myc
	Proteintech
	67447-1-Ig

	Ubiquitin
	Proteintech
	10201-2-AP



Supplementary data

Supplementary data 1. The characteristic genes of 24 differential metabolic pathways.
Supplementary data 2. 106 machine learning modeling feature genes
Supplementary data 3. Differential genes between C3 and C6 subtypes
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