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Abstract

Uterine corpus endometrial carcinoma (UCEC) is the most common gynecologic malig-
nancy, and aberrant canonical NF-«B signaling is implicated in uterine corpus endometrial
carcinoma (UCEC), yet the expression, epigenetic, and prognostic profile of IkB kinase
(IKK) complex subunits CHUK (IKK«), IKBKB (IKKf{3), and IKBKG (NEMO) remains un-
defined. This study assessed expression, methylation, miRNA regulation, and clinical
relevance of IKK-complex genes in UCEC using public datasets. RNA-seq expression
(TCGA-UCEC; GEPIA2) showed significant downregulation of IKBKB in tumors versus
normal endometrium (unpaired Wilcoxon), whereas CHUK and IKBKG showed non-
significant increases; immunohistochemistry (Human Protein Atlas) illustrated heterogene-
ity and suggested possible mRNA-protein discordance for IKBKB. Promoter methylation
analysis (UALCAN; Illumina 450K) identified CHUK hypomethylation and IKBKG hy-
permethylation in tumors, with no significant change for IKBKB. Stratification showed
IKBKB suppression across clinicopathological strata and TP53 mutant/wild-type tumors;
IKBKG decreased across subtypes and stages. Pan-cancer profiling (TIMER2.0) highlighted
IKBKB as the broadly dysregulated IKK member across malignancies. STRING networks
indicated connectivity with NF-xB mediators (e.g., RELA, NFKB1, TRAF6). miRNA pre-
dictions (miRDB/TargetScan) revealed shared regulation (CHUK-IKBKB: 14 miRNAs;
CHUK-IKBKG: 2; IKBKB-IKBKG: 0). Kaplan—Meier analysis indicated that elevated IK-
BKG expression correlated with reduced overall survival (HR = 1.85, p = 0.0037), while
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a candidate negative prognostic marker and indicator in UCEC, warranting experimen-
This article is an open access article

distributed under the terms and tal validation.
conditions of the Creative Commons

Attribution (CC BY) license.

Biomolecules 2026, 16, 1296 https:/ /doi.org/10.3390/biom16091296


https://crossmark.crossref.org/dialog?doi=10.3390/biom16091296&domain=pdf&date_stamp=2026-09-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/biomolecules
https://www.mdpi.com
https://orcid.org/0009-0007-3296-0232
https://orcid.org/0000-0003-1459-0606
https://orcid.org/0000-0003-1708-3036
https://orcid.org/0000-0003-2615-8474
https://doi.org/10.3390/biom16091296

Biomolecules 2026, 16, 1296

20f27

Keywords: UCEC; IKK complex; IKBKG; NF-«B; CHUK; IKBKB; bioinformatics; prognosis;
promoter methylation; miRNA regulation

1. Introduction

Endometrial cancer, specifically uterine corpus endometrial carcinoma (UCEC), repre-
sents the most prevalent gynecological malignancy, with over 60,000 new cases and more
than 10,000 deaths reported annually on a global scale [1]. The morbidity and mortality
rates are disproportionately elevated in developing nations [2]. Traditionally, endometrial
cancer is classified into two subtypes based on histopathological and clinical characteristics.
Type I tumors are generally low-grade, exhibit endometrioid histology, and frequently
occur in younger women, with a mean age of 61 years at diagnosis. These tumors are
often linked to prolonged exposure to unopposed estrogen and originate from precursor
lesions such as endometrial hyperplasia or endometrial intraepithelial neoplasia (EIN) [3,4].
Conversely, Type II or non-endometrioid tumors account for 10-20% of sporadic ECs and
are more aggressive, often arising from endometrial intraepithelial carcinoma [4]. Sev-
eral non-genetic risk factors, particularly pertinent to Type I endometrial cancer, have
been identified, including obesity, physical inactivity, exogenous estrogen use, insulin
resistance, and tamoxifen therapy in breast cancer patients [5]. Emerging evidence in-
dicates that NF-«kB-related signaling pathways play a critical role in endometrial cancer
progression; the ERK5/NF-«B axis has been shown to regulate proliferation and survival
through NEMO/IKKy-dependent mechanisms, and inhibition of the AKT/NF-«kB path-
way via TBK1 suppression has demonstrated significant anti-tumor effects in endometrial
cancer models [6,7]. One such pathway is the nuclear factor kappa-light-chain-enhancer
of activated B cells (NF-«kB) pathway, a critical regulator of inflammation, proliferation,
angiogenesis, and cell survival [7]. Immunohistochemical studies have demonstrated
increased nuclear NF-«B (p65/RelA) expression in endometrial cancer tissues compared to
benign and hyperplastic endometria. Nuclear p65 positivity has been reported in 68% of
endometrial carcinomas vs. 12% of normal endometria, with higher expression correlating
with advanced stage and poor differentiation. Clinical evidence supports the prognostic
significance of NF-«B activation in UCEC. It is reported that nuclear p65 expression was
significantly associated with advanced FIGO stage, high tumor grade, deep myometrial
invasion, and reduced overall survival in a cohort of 120 endometrial carcinoma patients [8].
Constitutive NF-«B activation has been reported in 72% of endometrioid adenocarcinomas
and was associated with resistance to progesterone therapy. These findings suggest that
aberrant NF-«B activation is a frequent event in UCEC and may contribute to malignant
transformation and therapeutic resistance [9]. Similar associations have been observed in
other gynecological malignancies, including ovarian and cervical cancers [6]. The NF-«B
pathway can be activated through canonical and non-canonical routes, with the canonical
pathway predominantly triggered by external inflammatory stimuli. Central to this acti-
vation is the IkB kinase (IKK) complex, which comprises two catalytic subunits—CHUK
(IKKa) and IKBKB (IKKf)—and a regulatory subunit, IKBKG (NEMO) [10,11]. The IKK
complex is essential for canonical NF-kB activation in response to inflammatory cytokines,
growth factors, and stress signals. Importantly, aberrant IKK activity has been implicated
in endometrial cancer. It has been demonstrated that IKBKG (NEMO) is required for ERK5-
mediated NF-«B activation and that NEMO depletion significantly reduces proliferation
and survival of endometrial cancer cells [6]. Pharmacological inhibition of IKKf with
amlexanox has been shown to suppress AKT/NF-«B signaling and induce apoptosis in
endometrial carcinoma cell lines [10]. These findings suggest that the IKK complex is a
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functionally critical node in UCEC and a potential therapeutic target. Upon activation, the
IKK complex phosphorylates inhibitors of NF-«B (IkBs), leading to their degradation and
facilitating the nuclear translocation of NF-kB dimers to initiate gene transcription [12].
Beyond its role in NF-«kB activation, the IKK complex may contribute to tumorigenesis
through NF-kB-independent mechanisms. For instance, CHUK has been implicated in
oncogenic signaling downstream of mutant BRAF in colorectal cancer cells [11]. It has
been shown in various cancer types that the three subunits of the IKK complex (CHUK,
IKBKB, and IKBKG) play distinct and sometimes independent roles in tumor biology.
IKBKB (IKKf) is the main catalytic subunit of the canonical NF-kB pathway and plays a
critical role in regulating inflammatory cytokine production and immune response. CHUK
(IKK ) can function in both canonical and non-canonical NF-«kB pathways and may assume
NF-kB-independent roles in epithelial-mesenchymal transition (EMT) and cell invasion.
IKBKG (NEMO), as the regulatory subunit, is essential for IKK complex activation and
has been reported to play a central role in chemoresistance and tumor cell survival in
ovarian and cervical cancers. Although NF-«B pathway activation is known in endometrial
cancer, the expression profiles, epigenetic regulation, and prognostic significance of each
IKK complex component have not yet been systematically investigated. In light of this
information, our study’s hypothesis is that CHUK, IKBKB, and IKBKG genes are differ-
entially regulated in UCEC and that this regulation is associated with tumor progression,
clinicopathological features, and patient survival. The specific aims of this study are to
characterize the epigenetic profiles of these three genes in UCEC tumor tissues, to correlate
expression levels with clinicopathological parameters, to determine their prognostic value
through survival analysis, and to map protein—protein interaction networks and microRNA
regulatory mechanisms. However, to date, no comprehensive study has systematically
investigated the expression and potential role of all IKK complex components in UCEC. It
should be noted that the present study is intentionally restricted to the three subunits that
form the canonical IKK complex CHUK (IKK«), IKBKB (IKK (), and IKBKG (NEMO) which
function as a stable heterotrimeric unit required for classical NEMO dependent IkBox phos-
phorylation and canonical NF-«kB activation [10,12]. The IKK related kinase IKBKE (IKKe),
although implicated in breast cancer as an amplified oncogene [13] and more recently in
progestin resistance in UCEC [14], is structurally and functionally distinct: it does not incor-
porate into the canonical NEMO-containing complex and instead signals primarily through
IRF3/IRF7 and non-canonical NF-«kB/AKT pathways [15]. IKBKE was therefore excluded
from the primary gene set but is acknowledged as an interaction partner in our STRING
network analysis. Therefore, this study aims to explore the expression profiles and clinical
significance of CHUK, IKBKB, and IKBKG in UCEC using a bioinformatics-based approach.

2. Materials and Methods

This study utilized a comprehensive bioinformatics framework to examine the prog-
nostic significance and molecular characteristics of CHUK, IKBKB, and IKBKG in uterine
corpus endometrial carcinoma (UCEC). The research did not involve experimental proce-
dures; instead, all analyses were conducted using publicly accessible datasets and online
analytical platforms.

2.1. Gene Expression Profiling

The expression levels of CHUK, IKBKB, and IKBKG were evaluated utilizing the
GEPIA2 platform (http://gepia2.cancer-pku.cn/, accessed on 7 January 2025), which en-
ables extensive transcriptomic comparisons between tumor and normal tissues. GEPIA2
facilitates detailed transcription quantification and subtype-specific assessments [16]. In
this study, we analyzed RNA-sequencing data from the TCGA-UCEC cohort (project ID:
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TCGA-UCEC), consisting of 174 primary tumor samples and 91 normal endometrial tissues,
accessed via GEPIA2 on 7 January 2025. Unpaired Wilcoxon rank-sum test was used to ac-
count for independent sample structure. To determine whether the expression of canonical
IKK complex components differs according to the molecular classification of UCEC, molec-
ular subtype annotations and batch-normalized RNA-seq expression data were sourced
from the TCGA UCEC PanCancer Atlas cohort via cBioPortal. The cases were categorized
into the four recognized TCGA molecular subtypes: POLE-ultramutated, microsatellite
instability (MSI)-hypermutated, copy-number-low (CN-low), and copy-number-high (CN-
high). Cases without molecular subtype information were excluded from the analysis. The
expression levels of CHUK, IKBKB, and IKBKG were compared across these four molecular
subtypes. Given that expression values were analyzed using a non-parametric method,
overall differences among groups were evaluated using the Kruskal-Wallis test. If the
overall test indicated significance, pairwise comparisons were conducted using Dunn’s
post hoc test. p values from these pairwise comparisons were adjusted for multiple testing
using the Benjamini-Hochberg false discovery rate (FDR) procedure, with an FDR-adjusted
p value of less than 0.05 considered statistically significant.

2.2. Promoter Methylation and Clinical Correlation Analysis

To investigate epigenetic modifications and their clinical associations, the UALCAN
web portal (https:/ /ualcan.path.uab.edu/, accessed on 7 January 2025) was utilized. UAL-
CAN facilitates the examination of promoter methylation patterns and gene expression in
relation to patient demographics and clinicopathological variables [17]. Promoter methyla-
tion data for CHUK, IKBKB, and IKBKG were obtained from TCGA-UCEC via UALCAN
(n =438 tumors, n = 46 normal tissues), measured using the Illumina HumanMethyla-
tion450 BeadChip (Illumina, Inc., San Diego, CA, USA). Beta-values were calculated as the
ratio of methylated probe intensity to total signal intensity. Further stratified analyses were
performed based on cancer stage, age, race, menopausal status, histological subtype, and
body weight using one-way ANOVA for normally distributed data or Kruskal-Wallis test
for non-normal distributions, as determined by Shapiro-Wilk test.

2.3. Gene Correlation and Mutation-Expression Association Analysis

The expression profiles of CHUK, IKBKB, and IKBKG in tumor tissues and their
corresponding normal counterparts were examined utilizing the TIMER 2.0 platform
(http:/ /timer.cistrome.org/, accessed on 7 January 2025). The differential expression of
these three genes was assessed through the Gene DE module, which employs data sourced
from The Cancer Genome Atlas (TCGA). Boxplots were constructed to compare gene
expression levels across various tumor types and matched non-tumorous tissues, where
available [18]. Statistical analysis was conducted using the Wilcoxon rank-sum test, with
p-values denoted by asterisks: for * p < 0.05, ** for p < 0.01, *** for p < 0.001. For pan-cancer
analyses involving multiple tumor types Benjamini-Hochberg FDR correction at q < 0.05
was applied.

2.4. Gene Interaction Network Analysis

To elucidate the functional and physical interaction networks of CHUK, IKBKB, and
IKBKG, we employed the STRING database (https:/ /string-db.org/, accessed on 7 January
2025). This resource compiles protein—protein interaction data from diverse sources, includ-
ing experimental repositories, co-expression analyses, and automated literature mining.
Interactions were assessed and scored using confidence metrics and were mapped through
orthology-informed networks [19]. In this study, the STRING network was employed not
as a discovery tool but as a contextual framework to confirm that CHUK, IKBKB, and
IKBKG are functionally embedded within the core NF-«B signaling machinery. To provide
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disease-specific evidence, we additionally assessed pairwise co-expression correlations
among IKK complex genes and key NF-«kB pathway mediators (RELA, NFKB1, TRAF6) in
the TCGA-UCEC cohort using TIMER 2.0 (purity-adjusted partial Spearman correlation)
and GEPIA?2 (Pearson correlation on logy[TPM + 1] values).

To further analyze the structural organization of the interaction network, a network
topology analysis was conducted utilizing the protein—protein associations documented
in the STRING-derived network. The network was considered as an undirected graph,
with duplicate interactions removed prior to analysis. Metrics such as degree, degree
centrality, betweenness centrality, and closeness centrality were computed for each node.
Additionally, global network properties, including network density, average clustering
coefficient, network diameter, and average shortest path length, were assessed. Network
topology metrics were calculated using NetworkX version 3.4.2.

2.5. MicroRNA Target Prediction

Potential microRNA regulators of CHUK, IKBKB, and IKBKG were identified using
MicroRNA Target Prediction Database (miRDB) (https:/ /mirdb.org/, accessed on 7 January
2025) [20] and TargetScan 8.0 (https:/ /www.targetscan.org/vert_80/, accessed on 7 January
2025) [21,22]. This algorithm predicts miRNA binding sites based on sequence complemen-
tarity and evolutionary conservation, aiding in the identification of miRNA-gene regulatory
relationships. To substantiate the computationally predicted miRNA-mRNA regulatory
interactions through expression data, miRNA-sequencing data from TCGA-UCEC were
integrated with the corresponding mRNA expression dataset. This analysis utilized Level
3 Illumina HiSeq miRNA-seq isoform quantification data. As the candidate miRNAs iden-
tified via TargetScan Human 8.0 and miRDB were specified at the mature miRNA strand
level (e.g., -3p or -5p), mature miRNA expression was extracted from isoform-level data
using the corresponding MIMAT accession identifiers, rather than precursor-level miRNA
measurements. Expression values for the same mature miRNA were aggregated at the
sample level when applicable. TCGA sample identifiers were harmonized between the
miRNA and mRNA datasets, and tumor samples from the same patients were matched us-
ing TCGA patient identifiers. A total of 329 UCEC tumor cases were successfully matched
between the two datasets, with 328 cases having complete expression data available for
correlation analysis. Correlations were evaluated exclusively for miRNA-target gene pairs
previously predicted by TargetScan Human 8.0 and /or miRDB for CHUK, IKBKB, and
IKBKG. Associations between mature miRNA expression and the corresponding target-
gene mRNA expression were assessed using two-sided Spearman rank correlation analysis.
To account for multiple comparisons across the evaluated miRNA-target pairs, p values
were adjusted using the Benjamini-Hochberg false discovery rate (FDR) procedure. An
FDR-adjusted p value of less than 0.05 was considered statistically significant. Given the
anticipated inhibitory relationship between miRNAs and their target transcripts, signif-
icant inverse correlations were regarded as expression-based support for the predicted
regulatory relationships.

2.6. Differential Expression Analysis Using GEO Datasets

To further substantiate expression trends, microarray datasets GSE7305 [23] and
GSE25628 [24] from the Gene Expression Omnibus (GEO) database were subjected to
analysis. These datasets were generated using the Affymetrix Human Genome U133 Plus
2.0 Array platform. Raw CEL files were preprocessed using background correction and
quantile normalization via GEO2R default parameters. Differentially expressed genes
(DEGs) were identified through GEO2R (https:/ /www.ncbi.nlm.nih.gov/geo/geo2r/, ac-
cessed on 7 January 2025), using the limma moderated t-test with Benjamini—-Hochberg
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correction for multiple testing. Genes with adjusted p-values less than 0.05 and absolute log,
fold changes greater than 1 were categorized as significantly upregulated or downregulated.

2.7. Independent RNA-Seq Validation and Batch Correction

To strengthen the robustness of our findings, expression of CHUK, IKBKB, and IKBKG
was re-examined in independent, more recent RNA-seq cohorts in addition to TCGA-
UCEC. The CPTAC-3 UCEC dataset was used as the principal proteogenomic validation
cohort [25]. The endometrial cancer cohort GSE119041 served as an external transcriptomic
validation set. Where datasets generated on different platforms or in different batches
were combined, batch effects were corrected using ComBat-seq for raw counts [26], and,
for cross-platform microarray /RNA-seq integration, distributions were harmonized using
Training Distribution Matching or quantile normalization [27]; alternatively, the batch term
was modeled as a covariate within the limma linear-model framework [28].

2.8. Survival Analysis Using Kaplan—Meier Plotter

The prognostic implications of CHUK, IKBKB, and IKBKG gene expression in UCEC
were assessed utilizing the Kaplan-Meier Plotter tool (https:/ /kmplot.com/analysis/, ac-
cessed on 7 January 2025). Overall survival (OS) was examined by categorizing patients into
high and low expression cohorts based on the median expression value of each gene. The
platform’s best automated cutoff option was employed to establish thresholds and array
quality control was activated to exclude biased datasets. Patients with missing survival data
were excluded. Differences in survival between groups were evaluated using the log-rank
test, with p-values less than 0.05 deemed statistically significant [29]. Furthermore, a Cox
proportional hazards regression analysis was conducted to determine whether IKBKG ex-
pression independently correlated with overall survival. IKBKG expression was classified
into high- and low-expression groups based on the median expression value. Initially, a
univariate Cox regression was performed for IKBKG expression. Subsequently, a multi-
variable Cox proportional hazards model was developed, incorporating IKBKG expression
along with age at diagnosis, histological type, histological grade, and TCGA molecular sub-
type. Histological type was categorized as endometrioid versus non-endometrioid, while
histological grade was classified as low grade (G1/G2) vs. high grade (G3/high grade).
The TCGA molecular subtype was included as a categorical variable, with the CN-low
subgroup serving as the reference category. Hazard ratios (HRs), 95% confidence intervals
(CIs), and p values were calculated, with p < 0.05 considered statistically significant.

3. Results
3.1. Differential Expression and Methylation Patterns of CHUK, IKBKB, and IKBKG in UCEC

Transcriptomic profiling utilizing GEPIA2 revealed a significant reduction in the ex-
pression of IKBKB (p < 0.05) in UCEC tumor tissues compared to normal endometrial
controls. In contrast, the expression of CHUK and IKBKG (p < 0.05) exhibited a modest yet
statistically non-significant increase (Figure 1A). The expression of CHUK protein in UCEC
tissues displayed considerable variability, with most samples showing high to medium
staining. However, a subset of cases exhibited low or undetectable levels, indicating sub-
stantial intertumoral heterogeneity at the protein level. IKBKB protein levels ranged from
high to undetectable across patient samples. Although IKBKB mRNA was significantly
downregulated in tumor tissues (Panel A), protein staining remained detectable in several
cases. However, because HPA immunohistochemistry provides only semi-quantitative,
qualitative assessment based on a limited number of representative tissue sections, this
observation should be interpreted with caution and does not permit reliable conclusions
regarding mRNA-protein discordance or post-transcriptional regulation. IKBKG predomi-
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nantly exhibited medium to low immunohistochemical staining, with some samples lacking
detectable expression. While this pattern appears broadly consistent with the transcrip-
tomic data showing no significant mRNA difference between tumor and normal tissues, the
qualitative nature and limited sample coverage of HPA immunohistochemistry preclude
definitive assessment of mRNA-protein concordance for IKBKG in UCEC (Figure 1B). The
transcriptomic findings were substantiated.
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Figure 1. (A) mRNA Expression of CHUK, IKBKB, and IKBKG in Uterine Corpus Endometrial
Carcinoma. Boxplots show the transcript levels (logx[TPM + 1]) of CHUK, IKBKB, and IKBKG in
tumor (T, n = 174) versus normal (N, n = 91) tissues. Asterisks (*) denote statistically significant
differences (unpaired Wilcoxon rank-sum test, p < 0.05). (B) Representative Immunohistochemical
Staining Patterns of CHUK, IKBKB, and IKBKG in UCEC Tissues (Human Protein Atlas; qualitative
assessment). Representative immunohistochemical staining images obtained from the Human Protein
Atlas (HPA version 24.0, accessed 7 January 2025) illustrate staining patterns of CHUK, IKBKB, and
IKBKG across UCEC patient samples. Images represent primary endometrial carcinoma surgical
specimens. Staining intensity is categorized as high, medium, low, or not detected based on HPA
scoring criteria. Patient ID numbers correspond to HPA database identifiers and are indicated
below each image. Analysis of promoter methylation using UALCAN revealed that CHUK is
hypomethylated in tumor tissues (p = 0.000360), whereas IKBKG is hypermethylated in the same
tissues (p = 0.000395). In contrast, IKBKB displayed relatively stable methylation patterns between
normal and tumor samples (p = 0.378) (Figure 2).
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Figure 2. Promoter Methylation Levels of CHUK, IKBKB, and IKBKG in Uterine Corpus Endome-
trial Carcinoma (UCEC) Based on TCGA Data. Boxplots display the promoter methylation levels
(B-values) of CHUK, IKBKB, and IKBKG in normal endometrial tissues (1 = 46) and primary UCEC
tumors (1 = 438). Promoter methylation analysis revealed gene-specific patterns: CHUK exhibited
significant hypomethylation in tumor samples, IKBKB showed no significant methylation differ-
ence between tumor and normal tissues, and IKBKG displayed significant hypermethylation in
tumors. These group-level comparisons do not establish within-sample methylation expression
correlations. Statistical significance was assessed; significant p-values are indicated above each
comparison. (-values represent the ratio of methylated probe intensity to total signal intensity
(methylated + unmethylated), ranging from 0 (unmethylated) to 1 (fully methylated).

CHUK expression remained relatively stable across all clinicopathological categories,
with no significant differences observed between tumors and normal samples. Although
a slight reduction was seen in certain subgroups, such as Stage IV and post-menopausal
patients, these differences did not reach statistical significance. However, none of these
were statistically significant (p > 0.05). In weight-related subgroups CHUK expression was
found to increase in cancer patients with normal weight (p = 3.94 x 10~2) compared to
normal healthy individuals, while it was found to be decreased in extreme weight patients
(p = 4.47 x 1072) (Figure 3A).

IKBKB expression was consistently and significantly downregulated in UCEC tu-
mor samples compared to normal tissues across multiple subgroups. IKBKB expressions
were markedly downregulated in endometrioid and serous subtypes (p = 6.63 x 107°,
4.41 x 1074, respectively). Similarly, IKBKB levels were significantly downregulated in
stages I and IIT compared to normal tissue (p = 3.50 x 10~7, p = 7.20 x 1077, respectively),
indicating early and sustained suppression during tumor progression. This trend was
further evident in-patient subgroups based on age, with significant downregulation ob-
served in the 21-40, 41-60 and 61-80 age groups (p = 2.12 x 1072, p = 4.81 x 10~ and
p=6.63 x 1078, respectively). Weight-related subgroups (including normal weight, ex-
treme weight, obese, and extremely obese patients) also showed significantly decreased
IKBKB expression relative to controls (p = 1.71 x 1072, p =2.06 x 107>, p = 1.17 x 1077
and p = 1.12 x 1078, respectively). Additionally, IKBKB expression was significantly de-
creased in pre-, peri-, and post-menopausal patients (p = 1.55 x 1077, p = 2.76 x 10~2 and
p=9.85 x 1078, respectively), and was suppressed in both TP53-mutant and wild-type
(p=5.56 x 1073 and p = 1.02 x 10717, respectively) tumors compared to normal samples
(Figure 3B).

IKBKG expression was statistically significant decreased in endometrioid and serous
histological subtypes (p = 2.29 x 107% and p = 4.34 x 1072, respectively) and in all stages
(1-4) (p=3.24 x 107%,3.59 x 1072, 1.05 x 102 and 6.54 x 10~3, respectively) compared
to normal tissue. In age-stratified analysis, IKBKG levels were decreased 21-40, 41-60,
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Figure 3. Differential expression of the CHUK gene (A), the IKBKB gene (B), the IKBKG gene (C) in
Uterine Corpus Endometrial Carcinoma (UCEC) based on clinicopathological variables. Boxplots
illustrate the mRNA expression levels (transcripts per million, TPM) of CHUK, IKBKB, and IKBKG in
UCEC samples from TCGA database across various clinical and demographic subgroups: Histological
subtypes (endometrioid, serous, mixed, etc.), Cancer stages (Stage I-IV), Patient age groups, Patient
weight categories, Menopause status, and TP53 mutation status. Statistical significance between
groups was assessed using ANOVA or Kruskal-Wallis tests as appropriate. Box plots show median
(line), interquartile range (box) and 5-95 percentile (whiskers), ** p < 0.05.

3.2. Pan-Cancer Expression Profiling of CHUK, IKBKB, and IKBKG

Analysis of CHUK expression revealed no statistically significant differences between
UCEC tumor tissues and their corresponding normal samples, indicating that CHUK may
not be actively dysregulated at the transcriptional level in UCEC. Conversely, IKBKB was
found to be significantly downregulated in UCEC tumors compared to normal tissue
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(p < 0.001). Given the established role of IKBKB in canonical NF-kB signaling, its decreased
transcriptional abundance suggests an alteration in the regulation of this pathway com-
ponent. However, this does not directly indicate a reduction in NF-kB pathway activity.
Additionally, IKBKG expression exhibited no significant difference between tumor and
normal tissues in UCEC, implying that IKBKG expression remains relatively stable in this
cancer type.

The pan-cancer expression analysis revealed that CHUK is significantly dysregulated
in several malignancies, including CHOL, ESCA, KICH, KIRC, KIRP, LIHC, PCPG, READ,
SKCM, STAD, and THCA (Figure 4A). These findings suggest that CHUK may have
tumor-type specific roles beyond endometrial cancer. IKBKB showed the most extensive
dysregulation among the three genes, with statistically significant expression differences
observed in 15 tumor types. These included BRCA, CHOL, COAD, ESCA, GBM, KICH,
KIRC, KIRP, LIHC, LUAD, READ, STAD, and THCA (Figure 4B). This widespread alteration
suggests that IKBKB may represent a recurrently dysregulated gene across diverse cancer
types. IKBKG showed significant dysregulation in eight types of cancer, namely BLCA,
BRCA, CHOL, COAD, ESCA, GBM, HNSC, KICH, KIRP, LIHC, LUSC, READ, STAD,
and THCA. Although less broadly affected than IKBKB, its recurrent downregulation in
gastrointestinal and thoracic cancers points to a potentially conserved role in epithelial
tumor biology. In summary, IKBKB appears to be the most consistently dysregulated
gene across tumor types, with CHUK and IKBKG also exhibiting significant but more
selective alterations. These findings may reflect their unique and overlapping functions in
tumorigenesis through NF-«kB pathway regulation.

To determine whether expression of the canonical IKK complex components differs
according to the molecular classification of UCEC, along with the expression of CHUK,
IKBKB, and IKBKG, was assessed across the four TCGA molecular subtypes: POLE-ultra
mutated (n = 49), MSI-hypermutated (n = 148), copy-number-low (CN-low; nn = 147), and
copy-number-high (CN-high; n = 163). Significant overall differences among molecular
subtypes were identified for CHUK (Kruskal-Wallis p = 0.026), IKBKB (p = 7.05 x 1079),
and IKBKG (p = 1.65 x 10~*). IKBKB exhibited the most pronounced subtype-dependent
variation, with the highest median expression observed in CN-high tumors (944.69), fol-
lowed by CN-low (824.85), POLE (765.21), and MSI tumors (752.77). After applying the
Benjamini-Hochberg correction, IKBKB expression remained significantly elevated in
CN-high tumors compared to POLE (FDR = 7.68 x 10~°), MSI (FDR = 5.78 x 10~8), and
CN-low tumors (FDR = 0.0016). IKBKG expression also varied significantly among molecu-
lar subtypes, with higher levels in CN-high compared to MSI (FDR = 0.00063) and CN-low
tumors (FDR = 0.013), while POLE tumors exhibited higher IKBKG expression than MSI
tumors (FDR = 0.0094). For CHUK, the overall subtype effect was less pronounced, with
only the CN-low versus CN-high comparison remaining significant after multiple-testing
correction (FDR = 0.041). These results indicate that the expression of canonical IKK com-
plex components, particularly IKBKB and IKBKG, is influenced by the molecular subtype
of UCEC.

3.3. Protein Interaction and Regulatory Network Analysis

STRING analysis illustrated strong functional interaction networks among CHUK
(Figure 5A), IKBKB (Figure 5B), IKBKG (Figure 5C), and known mediators of the NF-«B
pathway, including RELA, NFKB1, and IKBKE. High-confidence scores indicated conserved
signaling relationships (Table 1).

STRING analysis revealed a highly interconnected network that links the canonical IKK
complex with established components of NF-kB and TNF signaling. To extend the analysis
beyond mere visualization of known protein—protein associations, a quantitative network
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network consisted of 19 nodes and 29 unique edges, exhibiting a network density of 0.170,
an average clustering coefficient of 0.399, a network diameter of 3, and an average shortest
path length of 2.064. Among the three canonical IKK components, IKBKG demonstrated the

topology analysis was conducted using the interactions detailed in Table 1. The resulting
highest degree (12), degree centrality (0.667), betweenness centrality (0.595), and closeness

Biomolecules 2026, 16, 1296
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Figure 4. The expression levels of (A) the CHUK gene, (B) the IKBKB gene, and (C) the IKBKG gene in
pan-cancer using TIMER2.0, which showed expression in TCGA cancers (red box), the corresponding
normal tissues (blue box) and metastasis tissue (purple box); * p < 0.05; ** p < 0.01; *** p < 0.001 (Data

for UCEC is marked with red frames).
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Figure 5. (A—C) STRING network analysis showing predicted and known protein—protein interactions
of CHUK (A), IKBKB (B), and IKBKG (C). Nodes represent proteins, and edges indicate associations
based on various sources: experimentally validated (pink), curated databases (blue), co-expression

(black), text mining (yellow), and predicted associations including gene neighborhood (green), gene

fusions (red), and gene co-occurrence (dark blue). Interaction partners shown include NF-«B pathway
components (RELA, NFKB1, NFKBIA), TNF signaling mediators (TNF, TNFRSF1A, TRAF6), and
upstream kinases (MAP3K7/TAK1). Combined interaction scores are listed in Table 1.

Table 1. Combined score results of gene—gene interactions.

Gene-1 Gene-2 Protein Annotation Combined Score
TNFRSF1A CHUK Tumor necrosis factor receptor superfamily member 1A 0.999
NFKBIA CHUK NF-kappa-B inhibitor alpha 0.999
NFKB1 CHUK Nuclear factor NF-kappa-B p105 subunit 0.999
IRAK1 CHUK Interleukin-1 receptor-associated kinase 1 0.999
RELA CHUK Transcription factor p65 0.999
TNF CHUK Tumor necrosis factor 0.999
IKBKB CHUK Inhibitor of nuclear factor kappa-B kinase subunit beta 0.999
TRAF6 CHUK TNF receptor-associated factor 6 0.999
IKBKG CHUK NF-kappa-B essential modulator 0.999
RIPK1 CHUK Receptor-interacting serine/threonine-protein kinase 1 0.998
TNFRSF1A IKBKB Tumor necrosis factor receptor superfamily member 1A 0.999
NFKBIA IKBKB NF-kappa-B inhibitor alpha 0.999
NFKB1 IKBKB Nuclear factor NF-kappa-B p105 subunit 0.999
CHUK IKBKB Inhibitor of nuclear factor kappa-B kinase subunit alpha 0.999
RELA IKBKB Transcription factor p65 0.999
TNF IKBKB Tumor necrosis factor 0.999
TRAF6 IKBKB TNF receptor-associated factor 6 0.999
IKBKG IKBKB NF-kappa-B essential modulator 0.999
NFKBIB IKBKB NF-kappa-B inhibitor beta 0.997
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Table 1. Cont.

Gene-1 Gene-2 Protein Annotation Combined Score
KEAP1 IKBKB Kelch-like ECH-associated protein 1 0.997
TNFRSF1A IKBKG Tumor necrosis factor receptor superfamily member 1A 0.999
TAB1 IKBKG TGF-beta-activated kinase 1 and MAP3K7-binding protein 1 0.999
NFKBIA IKBKG NF-kappa-B inhibitor alpha 0.999
NFKB1 IKBKG Nuclear factor NF-kappa-B p105 subunit 0.998
TRAF2 IKBKG TNF receptor-associated factor 2 0.999
TANK IKBKG TRAF family member-associated NF-kappa-B activator 0.999
RIPK1 IKBKG Receptor-interacting serine/threonine-protein kinase 1 0.999
RNF31 IKBKG E3 ubiquitin-protein ligase RNF31 0.999
RBCK1 IKBKG RanBP-type and C3HC4-type zinc finger-containing protein 1 0.999
ERC1 IKBKG ELKS/Rabé-interacting/CAST family member 1 0.999

3.4. MicroRNA Target Analysis Result

The miRNAs associated with CHUK, IKBKB and IKBKG are listed in Table 2. Ac-
cordingly, miRNAs were grouped as a combination of TargetScan Human 8.0 and miRDB
databases. (Figure 6). It should be noted that these predictions represent computational
hypotheses requiring experimental validation; the biological discussion therefore focuses
on candidates with existing functional evidence.

Table 2. The miRNAs are associated with CHUK, IKBKB and IKBKG with combination of TargetScan-
Human8.0 and miRDB databases.

Predicted miRNAs for CHUK

hsa-miR-493-5p hsa-miR-340-5p hsa-miR-323a-3p hsa-miR-377-3p hsa-miR-23a-3p
hsa-miR-23b-3p hsa-miR-23c hsa-miR-655-3p hsa-miR-374c-5p hsa-miR-6810-5p
hsa-miR-625-5p hsa-miR-1275 hsa-miR-4665-5p hsa-miR-29b-2-5p hsa-miR-3136-5p
hsa-miR-4439 hsa-miR-6875-3p hsa-miR-4659b-3p hsa-miR-4659a-3p hsa-miR-103b
hsa-miR-4652-3p hsa-miR-5680 hsa-miR-3192-3p hsa-miR-22-5p hsa-miR-5480-3p
hsa-miR-1323 hsa-miR-888-5p hsa-miR-6866-5p hsa-miR-5699-3p hsa-miR-4421
hsa-miR-4799-5p hsa-miR-4272 hsa-miR-6074 hsa-miR-7-2-3p hsa-miR-7-1-3p
hsa-miR-1322 hsa-miR-605-3p hsa-miR-2681-5p hsa-miR-33a-3p hsa-miR-3154
hsa-miR-376¢-3p hsa-miR-3117-5p hsa-miR-548at-5p hsa-miR-942-5p hsa-miR-3662
hsa-miR-3173-3p hsa-miR-6891-5p hsa-miR-4457 hsa-miR-4801 hsa-miR-4731-3p
hsa-miR-148b-3p hsa-miR-152-3p hsa-miR-148a-3p hsa-miR-4276 hsa-miR-5693
hsa-miR-30a-3p hsa-miR-30e-3p hsa-miR-30d-3p hsa-miR-892¢c-3p hsa-miR-452-5p
hsa-miR-4676-3p hsa-miR-3179 hsa-miR-6770-5p hsa-miR-5003-5p hsa-miR-8485
hsa-miR-126-5p hsa-miR-4795-3p hsa-miR-656-3p hsa-miR-4528 hsa-miR-3671
hsa-miR-607 hsa-miR-1305 hsa-miR-3646 hsa-miR-153-5p hsa-miR-641 hsa-miR-3617-5p
hsa-miR-3149 hsa-miR-6759-3p hsa-miR-5683 hsa-miR-6504-3p hsa-miR-4275
hsa-miR-1290 hsa-miR-5004-3p hsa-miR-3942-3p hsa-miR-3688-3p hsa-miR-4760-5p
hsa-miR-8061 hsa-miR-4694-3p hsa-miR-224-3p hsa-miR-522-3p hsa-miR-216b-3p
hsa-miR-1468-3p hsa-miR-548p hsa-miR-545-3p hsa-miR-16-5p hsa-miR-195-5p
hsa-miR-15a-5p hsa-miR-6838-5p hsa-miR-15b-5p hsa-miR-497-5p hsa-miR-424-5p
hsa-miR-2113 hsa-miR-5010-3p hsa-miR-4766-5p hsa-miR-146a-3p hsa-miR-374c-3p
hsa-miR-4422 hsa-miR-548e-5p hsa-miR-548aj-3p hsa-miR-548x-3p hsa-miR-548;j-3p
hsa-miR-548ae-3p hsa-miR-548aq-3p hsa-miR-548ah-3p hsa-miR-548am-3p
hsa-miR-520h hsa-miR-520g-3p hsa-miR-548h-3p hsa-miR-548d-3p hsa-miR-548ac
hsa-miR-548bb-3p hsa-miR-548z hsa-miR-5585-3p hsa-miR-29a-5p

miRDB databases
TargetScanHuman8.0
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Table 2. Cont.

Predicted miRNAs for IKBKB

hsa-miR-199a-5p hsa-miR-199b-5p hsa-miR-15b-5p hsa-miR-424-5p hsa-miR-16-5p
hsa-miR-497-5p hsa-miR-195-5p hsa-miR-6838-5p hsa-miR-15a-5p hsa-miR-200c-3p
hsa-miR-200b-3p hsa-miR-429 hsa-miR-6798-5p hsa-miR-3189-5p hsa-miR-1913
hsa-miR-4645-5p hsa-miR-4673 hsa-miR-6776-3p hsa-miR-6165 hsa-miR-3619-5p
hsa-miR-214-3p hsa-miR-761 hsa-miR-148b-3p hsa-miR-152-3p hsa-miR-148a-3p
hsa-miR-4640-5p hsa-miR-4726-5p hsa-miR-7160-5p hsa-miR-6742-3p hsa-miR-4302
hsa-miR-1825 hsa-miR-3925-3p hsa-miR-7154-3p hsa-miR-345-3p hsa-miR-5195-5p
miRDB databases hsa-miR-3139 hsa-miR-708-5p hsa-miR-28-5p hsa-miR-6859-5p hsa-miR-3125
TargetScanHuman8.0 hsa-miR-3916 hsa-miR-644a hsa-miR-4766-5p hsa-miR-7976 hsa-miR-874-3p
hsa-miR-3173-5p hsa-miR-6799-3p hsa-miR-18a-3p hsa-miR-4768-3p hsa-miR-4722-5p
hsa-miR-6510-5p hsa-miR-3120-5p hsa-miR-4519 hsa-miR-4524b-5p hsa-miR-4524a-5p
hsa-miR-374b-3p hsa-miR-2116-3p hsa-miR-6513-5p hsa-miR-4291 hsa-miR-3662
hsa-miR-3659 hsa-miR-3130-5p hsa-miR-4482-5p hsa-miR-1284 hsa-miR-3185
hsa-miR-218-5p hsa-miR-1250-3p hsa-miR-330-3p hsa-miR-3942-3p hsa-miR-8087
hsa-miR-1-3p hsa-miR-206 hsa-miR-613 hsa-miR-6753-5p hsa-miR-3156-3p
hsa-miR-24-3p hsa-miR-5693

Predicted miRNAs for IKBKG

hsa-miR-518d-3p hsa-miR-518c-3p hsa-miR-518b hsa-miR-939-3p hsa-miR-324-5p
hsa-miR-4283 hsa-miR-4267 hsa-miR-4650-5p hsa-miR-1276 hsa-miR-6750-5p

T;f“fgiggi‘f:ﬁ; 0 hsa-miR-6822-5p hsa-miR-7515 hsa-miR-766-5p hsa-miR-7847-3p hsa-miR-7106-5p
& ' hsa-miR-5685 hsa-miR-7156-3p hsa-miR-4694-3p hsa-miR-6504-5p hsa-miR-3064-5p
hsa-miR-3912-5p hsa-miR-4457
Predicted common miRNAs for CHUK vs. IKBKB
miRDB databases hsa-miR-3662 hsa-miR-148b-3p hsa-miR-152-3p hsa-miR-148a-3p hsa-miR-5693
TareetScanHuman8.0 hsa-miR-3942-3p hsa-miR-16-5p hsa-miR-195-5p hsa-miR-15a-5p hsa-miR-6838-5p
& ’ hsa-miR-15b-5p hsa-miR-497-5p hsa-miR-424-5p hsa-miR-4766-5p
Predicted common miRNAs for CHUK vs. IKBKG
miRDB databases

TargetScanHuman8.0 hsa-miR-4457 hsa-miR-4694-3p

TargetScan 8.0 miRDB TargetScan 8.0 miRDB

CHUK IKBKB CHUK IKBKB

63
(30.4%)

8

TargetScan 8.0 miRDB

IKBKG

IKBKG

Figure 6. Venn diagram of overlapping numbers of miRNAs that are potential targets of CHUK
vs. IKBKB (n = 14), CHUK vs. IKBKG (1 = 2), IKBKB vs. IKBKG (1 = 0) according to miRDB and
TargetScanHuman8.0.
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3.5. The CHUK and IKBKB Are Affected by the Largest Number of Common miRNAs (n = 14),
This Is Followed by the Common miRNAs (n = 2 Impacting CHUK and IKBKG) (Figure 6)

Integration of patient-matched TCGA-UCEC miRNA and mRNA expression data
revealed a subset of computationally predicted miRNA-target relationships exhibiting
significant inverse expression correlations. Following Benjamini-Hochberg correction for
multiple comparisons, three predicted miRNA-mRNA pairs maintained significant inverse
correlations. Among the predicted CHUK-targeting miRNAs, hsa-miR-625-5p demon-
strated the strongest inverse association with CHUK expression (Spearman p = —0.185,
p=7.67 x 107*, FDR = 0.0314). Additionally, hsa-miR-23a-3p was inversely correlated
with CHUK expression (p = —0.174, p = 0.00153, FDR = 0.0325). Regarding IKBKB, hsa-
miR-148a-3p exhibited a significant inverse correlation with IKBKB mRNA expression
(p = —0.174, p = 0.00159, FDR = 0.0325). Conversely, none of the evaluated predicted
IKBKG-targeting miRNAs showed a significant inverse correlation with IKBKG expression
after FDR correction. Although the observed correlations were modest in magnitude,
the direction and statistical significance of these associations provide expression-based
support for the predicted hsa-miR-625-5p—CHUK, hsa-miR-23a-3p—~CHUK, and hsa-miR-
148a-3p-IKBKB relationships in UCEC. These associations should, however, be interpreted
as supportive evidence rather than confirmation of direct miRNA-mediated regulation.

3.6. Validation in GEO Datasets

To provide a broader molecular context, IKK complex gene expression was also exam-
ined in two publicly available endometriosis-related GEO datasets. GSE7305 comprises
endometriosis versus normal endometrium samples (n = 20; GPL570) [23] and GSE25628
contains ectopic endometrium, eutopic endometrium from women with endometriosis, and
normal-donor endometrium samples (n = 22; GPL571) [24]. In GSE7305, IKBKB was mod-
estly but significantly upregulated in disease tissue (adjusted p = 0.0357, log, FC = +0.23), a
direction opposite to its downregulation in the TCGA-UCEC analysis. CHUK and IKBKG
showed no significant changes (adjusted p = 0.924, log,FC = —0.02; adjusted p = 0.281,
logoFC = —0.104, respectively). In GSE25628, CHUK was significantly downregulated
(adjusted p = 0.00831, logo FC = —1.05), IKBKG was significantly upregulated (adjusted
p = 0.00771, log, FC = +0.45), and IKBKB did not reach significance (adjusted p = 0.112,
log, FC = —0.32) (Figure 7).

3.7. Survival Analysis Results Using Kaplan—Meier Plotter

There is no statistically significant difference in overall survival between high and low
CHUK expression groups (p = 0.76). The HR is close to 1 and the confidence interval crosses
1, suggesting no strong prognostic value of CHUK expression in this cohort. Although
there is a trend toward worse survival with higher IKBKB expression, it is not statistically
significant (p = 0.23). The HR indicates a 29% increased risk of death with high expression,
but the CI includes 1. Thus, no definitive conclusion can be drawn about its prognostic
relevance. IKBKG shows a statistically significant association with poor overall survival
(p = 0.0037). Patients with high IKBKG expression had markedly shorter survival (37.57
vs. 111.63 months), and the HR of 1.85 indicates an 85% higher risk of death in the high
expression group. This is consistent with IKBKG being a candidate negative prognostic
indicator in this cancer cohort negative prognostic biomarker in this cancer cohort (Figure 8).

To assess the prognostic significance of IKBKG, a Cox proportional hazards regression
analysis was conducted. The univariate analysis revealed that elevated IKBKG expres-
sion correlated with reduced overall survival (HR = 1.62, 95% CI 1.04-2.52, p = 0.034).
Upon adjusting for age, histological type, histological grade, and TCGA molecular sub-
type, high IKBKG expression continued to show a significant association with decreased

https://doi.org/10.3390 /biom16091296


https://doi.org/10.3390/biom16091296

Biomolecules 2026, 16, 1296 16 of 27

overall survival (adjusted HR = 1.58, 95% CI 1.00-2.47, p = 0.048). Additionally, a high
histological grade was independently linked to an increased risk of mortality (HR =3.17,
95% CI 1.54-6.53, p = 0.0018), while the POLE molecular subtype was associated with a re-
duced mortality risk compared to the CN-low reference group (HR = 0.19, 95% CI 0.04-0.90,
p = 0.036). These results underscore an independent association between increased IKBKG
expression and adverse overall survival, as demonstrated by the variables included in the
multivariable model (Table 3).
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Figure 7. External validation of IKK complex subunits expression using GEO datasets. Expression
levels of CHUK, IKBKB, and IKBKG were validated in two independent datasets. Upper panels
represent results from the GSE7305 dataset for (A) CHUK, (B) IKBKB, and (C) IKBKG. Lower panels
represent results from the GSE25628 dataset for (D) CHUK, (E) IKBKB, and (F) IKBKG. Red bars
indicate individual sample expression values within UCEC (green background) and control (purple
background) groups. Statistical significance was determined using the GEO2R tool.
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Figure 8. Kaplan-Meier survival curves evaluating the prognostic significance of IKK complex gene
expression (CHUK, IKBKB, and IKBKG) in Uterine Corpus Endometrial Carcinoma (UCEC).
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Table 3. Univariate and multivariable Cox proportional hazards regression analysis for overall
survival in UCEC.

Variable HR 95% CI p Value

Univariate analysis

IKBKG high vs. low 1.62 1.04-2.53 0.033

Multivariable analysis

IKBKG high vs. low 1.58 1.00-2.47 0.048

Age, per year 1.00 0.98-1.03 0.793

Non-endometrioid vs. endometrioid histology 1.19 0.67-2.11 0.554

High vs. low histological grade 3.17 1.54-6.52 0.002

CN-high vs. CN-low 1.66 0.75-3.70 0.214

MSI vs. CN-low 1.09 0.51-2.34 0.830

POLE vs. CN-low 0.19 0.04-0.90 0.036

Table Legend: Table 3 presents the results of a univariate and multivariable Cox proportional hazards
regression analysis concerning overall survival in patients with UCEC. The expression of IKBKG
was dichotomized at the median expression level of 439.297. The multivariable model incorporated
variables such as IKBKG expression, age at diagnosis, histological type, histological grade, and
TCGA molecular subtype. Histological type was classified into endometrioid and non-endometrioid
categories, while histological grade was divided into low grade (G1/G2) and high grade (G3/high
grade). The CN-low category served as the reference for the TCGA molecular subtype. Abbreviations:
HR, hazard ratio; CI, confidence interval; CN, copy-number; MSI, microsatellite instability.

4. Discussion

The present study conducts a comprehensive bioinformatics analysis of the IkB ki-
nase (IKK) complex—comprising CHUK (IKKe), IKBKB (IKKf), and IKBKG (NEMO)—in
uterine corpus endometrial carcinoma (UCEC). The canonical NF-«B pathway, facilitated
by this complex, has been extensively associated with inflammation-related tumorigen-
esis; however, its specific role in endometrial cancer remains insufficiently investigated.
Our findings characterize transcriptional dysregulation, prognostic relevance, protein ex-
pression levels, molecular interactions, and miRNA regulatory networks of IKK genes,
providing an initial computational characterization of their potential function in UCEC.

Gene expression analysis indicated a significant upregulation of all three IKK complex
members in UCEC tissues compared to normal endometrial controls. Whether these mRNA-
level alterations are accompanied by corresponding changes in IKK protein abundance,
kinase activity, or downstream NF-«B transcriptional output remains to be determined.
Notably, despite the overall upregulation of the NF-«B pathway, IKBKB was significantly
downregulated, suggesting a distinct regulatory mechanism or feedback control. Further-
more, IKBKG expression was downregulated in advanced-stage tumors and high-grade
histological subtypes. A pan-cancer overview was included to place the UCEC findings
within the broader landscape of human malignancies. Rather than serving as a separate
analytical objective, this comparison was intended to determine whether CHUK, IKBKB,
and IKBKG exhibit a universal pattern of dysregulation or displays tumor-specific expres-
sion characteristics. The observed heterogeneity across different cancer types suggests that
CHUK, IKBKB, and IKBKG are regulated in a tissue-dependent manner, supporting the
notion that its biological significance in UCEC should be interpreted within the unique
molecular and cellular environment of the endometrium. Such pan-cancer comparisons are
increasingly incorporated into integrative bioinformatics studies to provide biological con-
text and improve interpretation of cancer-specific findings. In line with this approach, our
pan-cancer expression analysis (Figure 4) underscores the distinct regulatory landscape of
the IKK complex in UCEC compared to other malignancies. The observed downregulation
of IKBKG (also known as NEMO, NF-kB essential modulator) in advanced-stage tumors
and high-grade histological subtypes may appear paradoxical, given its well-established
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role in the canonical NF-kB signaling pathway, which typically supports tumor progression
by promoting inflammation, proliferation, and resistance to apoptosis [30,31]. Recent re-
search suggests that the role of IKBKG in tumor biology is highly dependent on the specific
context, with its expression potentially varying across different tumor stages, subtypes,
and microenvironmental conditions [32,33].

In aggressive and poorly differentiated tumors, the downregulation of IKBKG expres-
sion could hypothetically reflect a biological transition from canonical NF-«B signaling to
alternative survival pathways, such as the non-canonical NF-«B (RELB/p52 axis), STAT3,
or MAPK pathways [34,35]; however, this hypothesis remains to be tested experimentally.
It is tempting to speculate that this may represent an adaptive mechanism through which
tumor cells sustain growth and survival via IKBKG-independent pathways, although direct
evidence for such a pathway switch in UCEC is currently lacking.

Moreover, epigenetic modifications, such as promoter hypermethylation, or genomic
alterations, including deletions or mutations affecting IKBKG, may contribute to its silenc-
ing in high-grade tumors [36]. Tumors characterized by high genetic instability frequently
demonstrate extensive deregulation of regulatory genes, including those implicated in
immune and inflammatory signaling pathways. Notably, the downregulation of IKBKG
has been hypothesized to be linked to mechanisms of immune evasion in other con-
texts. Although NF-«kB activation is typically oncogenic, it can paradoxically facilitate
immune surveillance by augmenting the expression of pro-inflammatory cytokines and
chemokines [37]. Based on this rationale, it is conceivable that the reduction in IKBKG
expression could diminish immune activation; however, whether this translates into im-
mune evasion in UCEC requires validation through immune cell infiltration and functional
immune profiling studies.

The reduced expression of IKBKG in late-stage and high-grade tumors may suggest
a tumor-driven mechanism to diminish immune detection and leverage alternative onco-
genic pathways. These findings are consistent with, but do not definitively establish, the
hypothesis of a dual role for IKBKG, which may function as a tumor promoter in early
stages and potentially as a tumor suppressor or immunogenic modulator in advanced
disease. Functional studies are needed to confirm this stage-dependent model. Further
research is necessary to fully elucidate the role of IKBKG in tumor progression. With
respect to therapeutic targeting, no direct NEMO inhibitor has been tested in UCEC models
to date. The most disease-relevant functional evidence comes from the ERK5-NEMO-
NF-«B axis, where ERKS inhibition or depletion reduced NEMO levels and NF-«xB/p65
activity, increased apoptosis, and enhanced chemosensitivity in endometrial cancer cells
and xenografts [6]. In parallel, preclinical studies in non-UCEC systems have explored
direct NEMO-targeting approaches, including peptides that disrupt the NEMO-binding
domain (NBD) on IKKf{ and small molecules that block the IKK3-NEMO protein—protein
interaction. However, these strategies remain at the proof-of-concept stage and have not
been validated in endometrial cancer. Given the essential role of NEMO in normal immune
signaling, any NEMO-directed strategy would need to demonstrate an adequate therapeu-
tic window between tumor cells and the host immune system. Accordingly, IKBKG should
be regarded as a candidate warranting experimental validation in biomarker-stratified
UCEC models rather than a clinically actionable therapeutic target.

The pharmacological landscape of NEMO-directed strategies includes NBD-based
peptides, IKK-NEMO interaction disruptors, and NEMO-ubiquitin binding inhibitors, all
of which remain at the proof-of-concept stage in non-UCEC models. In UCEC, the ERK5-
NEMO-NEF-«B axis represents the most advanced preclinical rationale, as ERK5 inhibition
indirectly reduced NEMO-dependent NF-«B signaling and synergized with paclitaxel in
xenograft models [6]. This indirect approach may offer a more tractable strategy while
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avoiding the immunosuppressive consequences of systemic NEMO blockade. Importantly,
patient selection should not rely solely on IKBKG mRNA levels; biomarker-stratified
approaches incorporating NEMO protein quantification, phospho-IKK, phospho-p65, and
NF-«B transcriptional output assessment will be essential for identifying responsive tumors.

The comprehensive transcriptomic analysis revealed a consistent and statistically
significant downregulation of IKBKB expression in UCEC tumor samples compared to
normal endometrial tissues across multiple independent clinical subgroups. Within the
TCGA-UCEC cohort, this observation was internally reproducible across multiple clini-
copathological subgroups, supporting its robustness as a cohort-level finding. Notably,
IKBKB expression was markedly suppressed in both endometrioid and serous subtypes, as
well as in early (Stage I) and advanced (Stage III) stages, suggesting that IKBKB repression
is not only an early molecular event but also sustained during tumor progression. Further-
more, this trend persisted across diverse patient demographics, including age (21-80 years),
weight categories (normal to extremely obese), and menopausal status (pre, peri-, and
post-menopausal), indicating that IKBKB suppression is largely independent of hormonal
or metabolic influences and may represent a core feature of UCEC pathophysiology.

The observed bulk-tissue downregulation of IKBKB in UCEC could reflect a tumor-cell-
intrinsic mechanism limiting NF-kB-mediated expression of pro-inflammatory cytokines
and antigen-presenting molecules; however, because the TCGA-UCEC RNA-seq data repre-
sent a mixture of malignant, immune, and stromal cells, the contribution of altered cellular
composition to this expression difference cannot be excluded without purity-adjusted or
deconvolution-based analyses [37]. although this putative immune evasion mechanism
has not been directly demonstrated in endometrial carcinoma. The observation that IKBKB
suppression was evident in both TP53-mutant and wild-type tumors is noteworthy and
may suggest a shared regulatory alteration, though the underlying mechanism remains to
be elucidated.

Furthermore, it is plausible that the persistent downregulation of IKBKB could result
in a compensatory transition towards alternative oncogenic signaling pathways, such as
non-canonical NF-«B signaling, PI3K/AKT, or IL-6/STAT3 axes, as has been reported in
other malignancies [34,38]. Whether such pathway switching occurs in UCEC warrants ex-
perimental investigation. Epigenetic dysregulation is an established feature of endometrial
carcinogenesis and may affect gene expression through promoter-associated CpG methyla-
tion as well as alterations in distal regulatory elements and chromatin organization [39—-41].
In the present study, UALCAN-based promoter methylation analysis revealed gene-specific
patterns: CHUK was significantly hypomethylated in tumors with a non-significant mRNA
increase, IKBKB showed no significant promoter methylation difference despite significant
mRNA downregulation, and IKBKG was significantly hypermethylated with a nonsignif-
icant mRNA increase. It should be noted that these methylation and expression results
represent independent tumor versus normal group comparisons conducted on nonidenti-
cal sample sets and do not constitute within-sample methylation—expression correlations.
Accordingly, a direct regulatory relationship between promoter methylation and transcript
levels cannot be inferred from these findings alone. The unchanged aggregate promoter
methylation of IKBKB does not support promoter hypermethylation as the principal mech-
anism underlying its reduced transcript abundance; alternative explanations, including
regulation at distal enhancer elements, chromatin remodeling, copy-number alterations, or
post-transcriptional mechanisms, remain to be investigated. Similarly, the observation that
IKBKG promoter hypermethylation was not accompanied by a corresponding decrease in
mRNA levels suggests that a simple one-directional promoter-silencing model is insuffi-
cient to account for the observed expression patterns, and that other regulatory layers may
modulate the transcriptional output independently of aggregate promoter methylation
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status. These observations underscore the gene- and region-specific nature of methylation
alterations in UCEC and highlight the need for future probe-level, matched-sample correla-
tion studies to determine whether the observed methylation differences are functionally
linked to transcriptional regulation.

Collectively, these bulk-tissue findings suggest that IKBKB expression is consistently
lower in UCEC across multiple clinicopathological subgroups; however, persistence across
clinical strata does not establish independence from cellular composition, as those strata
may themselves differ in tumor purity and immune/stromal abundance. Therefore, IK-
BKB’s candidacy as a computational prognostic indicator remains contingent on confirma-
tion through purity-adjusted analyses or cell-type-resolved expression data.

Molecular subtype analysis further revealed that the expression patterns of canoni-
cal IKK complex components vary across UCEC. The most notable subtype-dependent
variation was identified for IKBKB, which exhibited significantly higher expression in CN-
high tumors compared to POLE-ultramutated, MSI-hypermutated, and CN-low tumors,
following correction for multiple comparisons. IKBKG also demonstrated significant molec-
ular subtype-associated variation, with elevated expression in CN-high tumors relative
to MSI and CN-low tumors, whereas CHUK displayed a comparatively weaker subtype-
dependent pattern. These findings are particularly significant as the TCGA molecular
classification captures major biological differences among UCEC tumors that are not fully
represented by conventional histopathological stratification. The enrichment of IKBKB and
IKBKG expression in the CN-high subgroup suggests that alterations in canonical IKK/NF-
kB signaling may vary according to the molecular context of UCEC and may be particularly
pertinent to tumors with a copy-number-high phenotype. However, these expression-based
associations do not confirm subtype-specific pathway activation or functional dependency
and thus require validation in molecularly annotated experimental and clinical cohorts.

The inclusion of independent GEO datasets provides valuable cross-disease molecular
context for IKK complex gene expression. However, several factors should be considered
when interpreting the observed discrepancies between the TCGA-UCEC and GEO analyses.
First, GSE7305 and GSE25628 are endometriosis cohorts rather than endometrial carcinoma
series; consequently, the biological contrast in these datasets (endometriosis versus normal
endometrium) differs fundamentally from the TCGA-UCEC tumor-versus-normal com-
parison. Endometriosis is a benign, estrogen-dependent inflammatory condition with a
distinct molecular landscape, and a gene may exhibit divergent expression behavior across
these two pathobiological contexts without contradiction. This biological non-equivalence
is likely the primary contributor to the observed directional discordance, particularly for
IKBKB, which was upregulated in the GSE7305 endometriosis comparison but consistently
downregulated across UCEC subgroups in TCGA. Second, RNA-seq and Affymetrix mi-
croarray platforms differ in their fundamental measurement principles: microarrays are
hybridization-based and possess a limited dynamic range (typically 100- to 1000-fold),
rendering them susceptible to signal saturation and background noise, whereas RNA-seq
is a digital [42—46], count-based method with a dynamic range exceeding 10,000-fold and
superior sensitivity for lowly expressed transcripts [47,48]. Because microarray probes can-
not always distinguish between splice isoforms and are susceptible to cross-hybridization,
discordance between platforms tends to be greatest for low-abundance or alternatively
spliced signaling genes such as the IKK complex members [49]. Third, differences in sample
size and statistical power (20 samples in GSE7305, 22 in GSE25628, versus hundreds in
TCGA-UCEC) can influence the detection and direction of modest expression changes.
Furthermore, integrating heterogeneous cohorts introduces batch effects—systematic non-
biological variation that can mimic or mask true differences, particularly when confounded
with the biological variable of interest [50]. Because biological condition, platform, and
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cohort structure change simultaneously across these comparisons, the contribution of each
factor cannot be isolated without a controlled cross-platform study.

Despite these considerations, the cross-disease analysis is informative. The divergent
IKBKB behavior between endometriosis and UCEC may itself carry biological significance,
potentially reflecting disease-specific regulatory programs within the NF-kB signaling axis.
Within the TCGA-UCEC cohort, IKBKB downregulation was consistently observed across
histological subtypes, disease stages, age groups, weight categories, and menopausal status,
supporting its robustness as an internal finding. Consistent with published observations
that cross-platform concordance for differentially expressed genes in endometrial cancer is
approximately 77% [51] we interpret the partial discordance as a combined consequence of
biological and technical heterogeneity rather than a refutation of the UCEC-specific findings.
Importantly, the observed transcript-level variability does not contradict the functional
activation of the IKK/NF-«B axis, which is further supported by phosphoproteomic (NF-
kB-p65_pS536) and functional evidence [6,25]. Nevertheless, independent validation in a
dedicated endometrial carcinoma cohort with a comparable tumor-versus-normal design
remains warranted and is acknowledged as a limitation of the present study.

The prognostic significance of these findings was further assessed using Kaplan—-Meier
survival analysis. Although the expression levels of CHUK and IKBKB did not exhibit a
significant correlation with overall survival, increased expression of IKBKG was associated
with a poor prognosis. This observation is consistent with its clinicopathological distribu-
tion and suggests a role in disease progression, although a direct causal relationship and any
association with therapeutic resistance remain to be established through functional studies.
These results corroborate previous studies in ovarian and cervical cancers, which identified
NEMO/IKBKG as a contributor to tumor cell survival, chemoresistance, and immune
evasion [6,52,53]. The association between elevated IKBKG expression and poorer overall
survival remained significant after adjusting for age, histological type, histological grade,
and TCGA molecular subtype in a multivariable Cox regression analysis. High IKBKG
expression correlated with an approximately 1.6-fold increase in mortality risk, indicating
its potential prognostic significance beyond these clinicopathological and molecular factors.
However, the clinical dataset available did not allow for the inclusion of all potentially rele-
vant prognostic covariates, particularly the overall disease stage. The borderline statistical
significance of the adjusted IKBKG association necessitates cautious interpretation. There-
fore, validation in independent, comprehensively annotated clinical cohorts is essential
before IKBKG can be considered an established independent prognostic biomarker.

As qualitative supporting evidence, immunohistochemical images obtained from the
HPA showed cytoplasmic and occasional nuclear staining of IKBKG in a subset of UCEC
samples, with comparatively weaker staining in the limited normal endometrial sections
available. This cytoplasmic pattern is broadly consistent with the known scaffolding role
of IKBKG in proximal NF-«B signaling, and the occasional nuclear staining may reflect
reported co-activator functions. However, it must be emphasized that HPA-derived IHC
data are based on a small number of representative tissue sections with semi-quantitative
scoring and cannot reliably quantify protein abundance or serve as independent validation
of the transcriptomic findings. Tissue heterogeneity, fixation variability, and anti- body-
dependent staining differences further limit the interpretive scope of these observations.

To elucidate the broader functional implications of IKK gene dysregulation, we per-
formed a STRING-based protein—protein interaction (PPI) network analysis. Although
the STRING-derived interaction network reflects general protein—protein associations
rather than UCEC-specific experimental data, the co-expression correlations observed
in the TCGA-UCEC transcriptome and the elevated phospho-p65 abundance in the CP-
TAC/TCGA proteome collectively suggest that these interactions are operationally relevant
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in endometrial carcinoma. The STRING network therefore serves as a validated pathway
scaffold onto which our UCEC-specific expression, methylation, and survival findings
are mapped. This analysis uncovered extensive interactions between the IKK complex
and several key signaling molecules, including RELA (p65), NFKBIA, TRAF6, MAP3K7
(TAK1), and TNFRSF1AAlthough numerous STRING-derived interaction partners are
recognized components of the NF-«B pathway, the network topology analysis yielded
additional quantitative insights into the relative structural positions of the three canonical
IKK components. IKBKG demonstrated the highest values in degree, degree centrality,
betweenness centrality, and closeness centrality. Notably, its elevated betweenness central-
ity indicates a more prominent bridging role within the analyzed network, in contrast to
CHUK and IKBKB, which, despite their high connectivity, exhibited lower betweenness
centrality. These results quantitatively differentiate the network position of IKBKG from
those of the other canonical IKK components. However, as these topology metrics are
derived from a knowledge-based STRING interaction network, they should be regarded
as indicators of network structure rather than as evidence of UCEC-specific functional
dependency. The PPI map positions the IKK complex as a central regulatory hub for
immune response, cell proliferation, and apoptosis evasion. Notably, IKBKG emerged as a
primary interaction node, linking NF-«B signaling to additional oncogenic pathways such
as TNF, IL-1, and TLR cascades. This extensive connectivity may underscore its stronger
phenotypic associations in UCEC, distinguishing it from CHUK and IKBKB.

Furthermore, miRNA-target predictions have identified several tumor-associated miR-
NAs that may regulate the IKK complex, including miR-340-5p and miR-23a-3p, which are
reportedly downregulated in endometrial and other gynecologic malignancies [54,55]. The
dysregulation of these miRNAs may lead to changes in the transcriptional regulation of IKK
complex components. However, the functional implications for NF-kB pathway activity
cannot be determined solely from expression data. For example, miR-23a-3p is known to
influence epithelial-to-mesenchymal transition (EMT), invasion, and chemoresistance, all
of which are characteristic of advanced UCEC [54]. The loss of such regulatory miRNAs
may therefore act synergistically with genetic and epigenetic alterations to enhance the
oncogenic effects of IKK signaling.

Among the predicted miRNAs, the strongest direct evidence for IKK-subunit tar-
geting comes from extra-UCEC experimental models demonstrated that miR-15a-5p and
miR-16-5p directly regulate CHUK/IKK« during human monocyte-macrophage differ-
entiation, using 3'UTR luciferase reporter assays with target-site mutations alongside
mRNA and protein-level verification. These two miRNAs also appear among the 14 shared
CHUKNIKBKB candidates in our prediction set (Table 2, Figure 6), suggesting a potential
dual regulatory role. Separately showed that miR-148a-3p directly represses IKBKB/IKKf
in human aortic-valve interstitial cells through seedmutant 3'UTR reporter assays, with con-
cordant reductions in IKKf protein, phospho-p65, and down- stream inflammatory gene
expression. As miR-148a-3p likewise falls within our shared CHUKNIKBKB prediction
set, it represents a second mechanistically supported candidate. Importantly, these inter-
actions have not yet been validated in endometrial carcinoma; their extrapolation to UCEC
therefore remains a testable hypothesis rather than an established mechanism [56,57].

Several microRNAs (miRNAs) have been identified as potential common regulators
of both CHUK and IKBKB, including the well-documented tumor-suppressive miRNAs
such as miR-15a-5p, miR-16-5p, and miR-497-5p [58,59]. These miRNAs are members of
the miR-15/16 family, which is recognized for its involvement in cell cycle arrest, apop-
tosis induction, and NF-«B inhibition across various cancer types, including gynecologic
malignancies [59,60]. Additionally, miR-148a-3p and miR-148b-3p, also predicted to target
both CHUK and IKBKB, have been associated with the regulation of immune checkpoint
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molecules and TGF-$ signaling, thereby playing dual roles in tumor suppression and
immune modulation [61-63]. Notably, miR-424-5p and miR-497-5p have been reported
to enhance tumor sensitivity to chemotherapy by targeting pathways such as NF-«xB and
PI3K/AKT [64,65]. Conversely, the miRNAs predicted for CHUK and IKBKG, specifically
miR-4457 and miR-4694-3p, are less well-characterized but may represent novel regulatory
miRNAs warranting experimental validation, particularly in the context of inflammation-
driven tumor microenvironments where CHUK and IKBKG participate in the regulation of
canonical NF-«B signaling.

The integration of TCGA-UCEC miRNA and mRNA expression data substantiated
a subset of the predicted regulatory relationships through expression-based evidence.
Notably, significant inverse correlations were identified between hsa-miR-625-5p and
CHUK, hsa-miR-23a-3p and CHUK, and hsa-miR-148a-3p and IKBKB following FDR
correction. While these results enhance the biological relevance of the computational
predictions, the relatively modest correlation coefficients necessitate cautious interpretation.
Furthermore, no significant inverse correlation was detected for the predicted IKBKG-
targeting miRNAs, indicating that experimental validation is essential to confirm direct
regulatory effects.

Collectively, these findings indicate that the IKK complex, particularly IKBKG, may
play a significant role in the pathobiology of UCEC. Its transcriptional overexpression,
correlation with advanced disease stages and poor survival outcomes, qualitative immuno-
histochemical staining patterns consistent with protein expression, extensive interaction
network, and miRNA deregulation collectively underscore IKBKG as a candidate prognos-
tic indicator warranting experimental validation. Conversely, although CHUK and IKBKB
are established components of canonical NF-«B signaling, the functional consequences of
their altered expression in UCEC remain to be determined.

From a translational standpoint, our findings raise the possibility that targeting the NF-
kB/IKK axis, particularly IKBKG, may constitute a novel therapeutic strategy for high-risk
UCEC, especially in molecularly defined high-risk UCEC; however, functional pathway
activity will need to be established using appropriate protein- and phosphorylation-based
biomarkers. Several IKK{3 inhibitors and NF-«B antagonists have demonstrated preclinical
efficacy in other malignancies, and the potential repurposing of these agents for UCEC
merits further investigation. Additionally, the restoration of tumor-suppressive miRNAs
may offer a complementary approach to indirectly inhibit IKK activity.

In conclusion, our in silico analyses underscore the pivotal role of IKBKG within the
IKK complex in facilitating aggressive phenotypes of UCEC. These findings establish a
foundation for further experimental exploration of the IKK/NF-«kB axis in UCEC, partic-
ularly through direct evaluation of functional pathway activity. It is crucial to recognize
that changes in the transcriptional levels of CHUK, IKBKB, and IKBKG do not constitute
direct evidence of functional NF-«B pathway activation. The canonical NF-«B signaling
pathway is subject to extensive regulation at the post-translational level, involving IKK
phosphorylation, IkB degradation, and the phosphorylation and nuclear translocation of
NEF-«kB subunits. Given that these functional markers were not directly evaluated, our
results suggest transcriptional and network-level dysregulation of the IKK/NF-kB axis
rather than confirming pathway activation.

5. Conclusions

In conclusion, this study elucidates the distinct roles of CHUK, IKBKB, and IKBKG in
the pathogenesis of UCEC. Notably, IKBKG demonstrates the most significant correlation
with poor prognosis, indicating its potential among the three genes examined, suggesting
its candidacy as a prognostic indicator pending experimental confirmation. The varied
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expression and regulation of these canonical NF-kB components underscore the complexity
of their involvement in endometrial carcinogenesis and highlight the necessity for further
mechanistic and translational research.
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The following abbreviations are used in this manuscript:

UCEC Uterine Corpus Endometrial Carcinoma

IKK IkB Kinase

CHUK Conserved Helix-Loop-Helix Ubiquitous Kinase (also known as IKK )

IKBKB Inhibitor of Nuclear Factor Kappa B Kinase Subunit Beta (also known as IKK(3)

IKBKG Inhibitor of Nuclear Factor Kappa B Kinase Regulatory Subunit Gamma (also known
as NEMO)

NF-«B Nuclear Factor kappa-light-chain-enhancer of activated B cells

EMT Epithelial-to-Mesenchymal Transition

PPI Protein—Protein Interaction

miRNA MicroRNA

HPA Human Protein Atlas

STRING Search Tool for the Retrieval of Interacting Genes/Proteins

TCGA The Cancer Genome Atlas

GEPIA2 Gene Expression Profiling Interactive Analysis 2
TIMER2.0  Tumor Immune Estimation Resource 2.0
RNA-seq RNA Sequencing

FC Fold Change

log,FC Log base 2 Fold Change
FDR False Discovery Rate
PM Transcripts Per Million
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KEGG Kyoto Encyclopedia of Genes and Genomes

GO Gene Ontology

IL Interleukin

TLR Toll-like Receptor

TNF Tumor Necrosis Factor

STAT3 Signal Transducer and Activator of Transcription 3
MAPK Mitogen-Activated Protein Kinase

PI3K/AKT  Phosphatidylinositol 3-Kinase/Protein Kinase B pathway
H&E Hematoxylin and Eosin

oS Overall Survival
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