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Abstract: Epigenetic dysregulation, quantified by DNA methylation entropy and the methylation-derived stemness in-
dex (mDNAsi), has been proposed as a marker of tumor aggressiveness; however, its prognostic relevance
in established cancers remains unclear. It was examined whether epigenetic instability represents a hall-
mark of malignant transformation and whether its variation is associated with tumor outcomes. A three-state
Markov model of unmethylated/intermediate/methylated (U–I–M) transitions was fitted to raw β values from
275 paired tumor–normal samples across four representative TCGA cohorts, and the overall adjacent switch-
ing rate (sany) was compared between tissues. Consistently higher local switching was observed in tumors
than in matched normal tissues, and a strong correlation between genome-wide Shannon entropy and sany was
detected. In 2,661 primary tumors, z-scored entropy and mDNAsi were evaluated in multivariable models of
primary lymph-node positivity, fraction genome altered (FGA), and overall survival (OS), with adjustment for
age and cancer type. After adjustment, independence association of entropy or mDNAsi with nodal involve-
ment was identified (entropy OR per 1-SD ≈ 1.14, p = 0.466), and survival effects were found to be limited
and cancer-type dependent. In linear models of FGA, entropy contributed little after covariate adjustment,
whereas higher mDNAsi remained positively associated with increased copy-number burden. Mantel tests
further indicated that epigenetic/genomic distance structures aligned with hypoxia but were largely uncoupled
from nodal-status distances. These findings suggest that methylation entropy is unlikely to serve as a universal
marker of aggressiveness in established tumors and may instead reflect evolutionary history and microenvi-
ronmental stress.

1 INTRODUCTION

Cell identity emerges from gene-regulatory networks
(GRNs), whose behavior depends on specific combi-
nations of genetic and epigenetic features. Genetic
and epigenetic states jointly modulate network activ-
ity and effective connectivity by altering regulatory-
element function and the ability of regulators to
access and bind DNA. Among epigenetic mecha-
nisms, DNA methylation is the most common co-
valent DNA modification, involving the addition of
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a methyl group to cytosines in CpG dinucleotides
(Vaidya et al., 2023; Lee et al., 2023). The re-
sulting CpG-methylation patterns form part of an
“epigenetic code” that is mitotically heritable but
not encoded in the primary DNA sequence (Vaidya
et al., 2023). By establishing tissue-specific DNA-
methylation patterns, cells with the same genetic
background can adopt distinct phenotypes. Conse-
quently, DNA methylation plays a key role in cel-
lular differentiation, repression of transposable ele-
ments, transcriptional regulation, and developmental
programming (Sheffield et al., 2017), and these pat-
terns are written and maintained by DNA methyl-
transferases, DNMTs. When this epigenetic machin-
ery becomes dysregulated, the balance between DNA
methylation and demethylation is disrupted, creating
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a permissive landscape for cancer development. The
disruption commonly manifests itself as promoter hy-
permethylation of tumor-suppressor genes, leading
to their silencing and uncontrolled proliferation, to-
gether with global hypomethylation, which destabi-
lizes the genome, contributes to chromosomal insta-
bility, and can activate oncogenes (Vaidya et al., 2023;
Lee et al., 2023).

As tumors evolve, epigenetic dysregulation is
closely related to changes in cellular identity. Cancer
progression is often accompanied by a gradual loss
of differentiated identity and the acquisition of pro-
genitor or stem-cell–like features. Therefore, stem-
ness indices derived from epigenetic data, such as
methylation-based stemness (mDNAsi), have been
proposed to quantify oncogenic dedifferentiation,
capture intratumoral heterogeneity, and highlight po-
tential therapeutic vulnerabilities (Vaidya et al., 2023;
Chan et al., 2025). According to this view, undiffer-
entiated primary tumors are more prone to metastasis
and form therapy-resistant metastases, which are typi-
cally associated with a poor prognosis (Monyak et al.,
2025). Although stemness indices summarize how
“stem-like” a tumor is, they mainly reflect dedifferen-
tiation rather than dysregulation of methylation pat-
terns in the cell mixture in a bulk sample. Thus, stem-
ness and methylation heterogeneity represent distinct
and potentially decoupled axes of tumor biology, mo-
tivating the use of multiple complementary metrics
when characterizing tumor aggressiveness.

Entropy provides a complementary view of epige-
netic dysregulation by summarizing how methylation
states are distributed throughout the cell population in
bulk methylation profiles (Vaidya et al., 2023; Chan
et al., 2025). In any given genomic region, methy-
lation can range from fully methylated to fully un-
methylated (β from 0 to 1) with intermediate β-states
indicating cell-to-cell variability (Vaidya et al., 2023).
DNA methylation heterogeneity at a specific locus is
defined as variation in methylation patterns at that lo-
cus within a cell population and can arise from ge-
netic and epigenetic factors (Lee et al., 2023; Chan
et al., 2025). By tracking variation in methylation
patterns, methylation heterogeneity captures the “fin-
gerprints” of epigenetic influences throughout devel-
opment and disease (Sheffield et al., 2017; Ma et al.,
2024). Intratumoral heterogeneity, therefore, reflects
the combined effects of genetic and epigenetic insta-
bility, and can be summarized at the sample level by
epigenetic randomness measures, such as Shannon
entropy (Chan et al., 2025), which quantify the de-
gree of unpredictability in methylation patterns within
a cell population. Shannon entropy typically ranges
from 0 to 1, with values closer to 1 indicating higher

randomness or variability. This quantitative approach
may allow us to compare the epigenetic instability be-
tween different samples and conditions.

An additional local descriptor of epigenetic
dysregulation can be obtained by summarizing
local methylation instability using a three-state
Markov model with statesunmethylated (U),
intermediate/partially methylated (I), and methylated
(M), which estimates transition probabilities between
adjacent CpGs and thereby captures fine-scale state
switching along the genome. These epigenetic
features may related to clinical hallmarks of aggres-
siveness, as clinical behavior is shaped by genomic
instability, primary lymph-node involvement, and
microenvironmental stressors such as hypoxia
(Bakhoum and Landau, 2017; Teng et al., 2020;
Hosea et al., 2024). Jointly considering entropy,
mDNAsi, local switching, and genomic instability
therefore enables integrated comparisons across
tumors and facilitates interpretation in clinically
relevant contexts (Vaidya et al., 2023; Monyak et al.,
2025).

In this study, an entropy–stemness framework
is developed to quantify epigenetic dysregulation in
cancer, treating genome-wide methylation entropy
and mDNAsi as core covariates in multivariable clini-
cal–genomic models with local switching as a com-
plementary descriptor. The first objective was to
determine whether epigenetic instability formalized
as genome-wide methylation entropy and local U–I-
M transition rates, distinguishes tumors from their
patient-matched normal tissues. A second objective
was to characterize how the variation in entropy and
mDNAsi between tumors is related to nodal invasion,
chromosomal instability, survival, and hypoxia, thus
defining the contexts in which these epigenetic read-
outs act as markers of tumor aggressiveness.

The rest of the paper is organized as follows. Sec-
tion 2 details the data sources, preprocessing, feature
construction (U/I/M transition metrics, entropy, mD-
NAsi), and modeling procedures. Section 3 reports
tumor–normal analyses and associations with lymph-
node status, chromosomal instability, survival, and
hypoxia. Section 4 provides biological and clinical
interpretationsons. Conclusions recap the main con-
tributions and future directions.
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2 METHODS

2.1 Study Cohort and Data
Preprocessing

DNA methylation and clinical data were obtained
from The Cancer Genome Atlas (TCGA) (National
Cancer Institute and National Human Genome Re-
search Institute, 2006). We analyzed pan-cancer
cohorts with a focus on lung adenocarcinoma
(LUAD), breast carcinoma (BRCA), thyroid carci-
noma (THCA), and kidney renal clear-cell carcinoma
(KIRC) as representative tumor types. Primary tu-
mor samples with complete information on age at di-
agnosis, lymph-node status (node-positive vs. node-
negative), overall survival time and status (OS), frac-
tion of genome altered (FGA), and Ragnum hypoxia
scores were retained (Ragnum et al., 2015). The four-
cancer tumor cohort comprised 2,661 primary tumors
(BRCA = 1,084; LUAD = 566; THCA = 499; KIRC
= 512), with the effective sample size varying by end-
point. For analyses requiring matched tumor–normal
DNA-methylation β-value matrices, the subset with
paired samples was used (BRCA = 90 pairs; KIRC
= 158; LUAD = 23; THCA = 56; total = 275 pairs).
All continuous variables were z-standardized before
modeling.

2.2 Markov Model of Methylation
Dynamics

For each tumor–normal sample, β-values were cate-
gorized into three methylation states: unmethylated
(U, β < 0.20), intermediate (I, 0.20 ≤ β ≤ 0.60), and
methylated (M, β > 0.60). These thresholds were
selected based on established literature, as the 0.20
and 0.60 boundaries are widely recognized for their
biological relevance and consistency across samples
(Novakovic et al., 2011; Shao et al., 2017). A first-
order Markov model estimated transition probabili-
ties between consecutive CpGs, yielding a 3×3 tran-
sition matrix (PXY , X ,Y ∈ {U, I,M}). Summary in-
stability metrics were calculated, including any state
change (sany), defined as the sum of off-diagonal tran-
sition probabilities. Differences in switching metrics
and transition probabilities between tumor and nor-
mal samples were tested within each cancer type us-
ing a two-sided Mann-Whitney U.

2.3 Methylation Entropy and Stemness
Index

For each CpG probe, the β-value (the proportion of
methylated DNA intensity over total intensity) was
treated as a per-sample estimate of the probability
that the CpG is methylated. To avoid undefined loga-
rithms at β = 0 and β = 1, we clipped β to the interval
[10−6,1− 10−6]. The Shannon entropy for a single
CpG i in sample j (Hi j) was then computed acom-
puted from the methylation β-value (βi j) as:

Hi j =−
[
βi j log2(βi j)+(1−βi j) log2(1−βi j)

]
.

Sample-level global methylation entropy H j was de-
fined as the mean Hi j across all autosomal CpG
probes with non-missing β in that sample j. mD-
NAsi scores were obtained from the Pan-Cancer Atlas
publication (Malta et al., 2018). The published mD-
NAsi values were matched to the TCGA barcodes.
To determine whether this global entropy measure
aligns with local methylation instability, the associa-
tion between sample-level entropy and the three-state
Markov switching metric (sany) was assessed using
Spearman’s rank correlation.

2.4 Statistical Analyses

2.4.1 Lymph-Node Involvement

A multivariable logistic regression model was fit-
ted to predict primary lymph-node positivity (node-
positive vs node-negative). Predictors were z-scored
entropy and the DNA methylation–based stemness in-
dex (mDNAsi); age and cancer type were included
as categorical covariates. Effect sizes are reported as
odds ratios (ORs) per 1-standard deviation (SD) in-
crease with 95% confidence intervals (CIs). Model
discrimination was assessed using the area under
the receiver operating characteristic curve (AUC-
ROC), and calibration was evaluated with the Hos-
mer–Lemeshow test.

2.4.2 Chromosomal Instability

The association between epigenetic instability and
chromosomal instability was examined by regressing
fraction genome altered (FGA) on z-scored entropy,
mDNAsi, and age, with cancer-type fixed effects, us-
ing ordinary least-squares regression (OLS) with ro-
bust standard errors. Coefficients are expressed per
1-SD increase.

2.4.3 Overall Survival

Cox proportional-hazards models were fitted sepa-
rately for each cancer type, with overall survival
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(OS) time and status as the outcome and z-scored
entropy, mDNAsi, and age as covariates. Hazard
ratios (HR) per 1-SD increase, 95% confidence in-
tervals, and concordance indices (C-index) are re-
ported. Proportional-hazards assumptions were eval-
uated with Schoenfeld residuals.

2.4.4 Mantel Tests

Euclidean distance matrices were constructed from
z-standardized entropy, FGA, and hypoxia scores.
The Hamming distance matrix was built from bi-
nary node status. Pairwise Spearman Mantel tests
were performed to assess correlations between epi-
genetic/genomic and clinical distance structures in
the pan-cancer cohort and within each cancer type.
Across the five variables (entropy, mDNAsi, FGA,
hypoxia, node status) we evaluated eight pairwise
Mantel tests per analysis and controlled multiple test-
ing using the Benjamini–Hochberg false discovery
rate (FDR). Unless stated otherwise, p-values for
Mantel tests are FDR-adjusted. We report the Man-
tel correlation coefficient (r), the permutation p-value,
and the FDR-adjusted p-value.

3 RESULTS

3.1 Tumors Exhibit Increased
Methylation Switching

To characterize dynamic, state-switching features of
DNA methylation, a three-state Markov model was
applied to paired normal and tumor β -value profiles,
with states defined as U (unmethylated), I (intermedi-
ate or partially methylated), and M (methylated). In-
stability was quantified for each sample using com-
plementary switching metrics, including sany, which
represents the probability of transition to any other
state (U↔I, I↔M, U↔M). Tumor-normal differences
were summarized as ∆s = stumor − snormal for each
cancer type. Among the four cancer types analyzed
(BRCA, KIRC, LUAD, and THCA), tumors showed
higher switching rates than matched normal tissues,
reflecting more frequent local-state changes and re-
duced methylation stability. Stratification by cancer
type revealed a significant tumor–normal increase in
sany for each cancer, with the most pronounced dif-
ference in KIRC and significant effects in BRCA,
LUAD, and THCA (Figure 1,Table S1). Statistical
significance for tumor–normal comparisons was de-
termined using a two-sided Mann–Whitney U test.
Collectively, these findings indicate that local methy-
lation state switching is consistently elevated in tu-

mors across these cancer types.
To assess whether the local switching metric (sany)

reflected broader methylation heterogeneity, its rela-
tionship with genome-wide entropy was examined.
Entropy showed a strong positive correlation with
three-state Markov switching (Spearman ρ = 0.634,
Pearson r = 0.622; (Figure 1), suggesting that in-
creased global methylation randomness is accompa-
nied by increased local U–I–M state switching. Given
its sample-level interpretability and suitability for
global trend analyses, entropy was prioritized in sub-
sequent multivariable models, with Markov switching
used as a complementary local measure.

3.2 Epigenetic Dysregulation and Early
Metastatic Spread

Among 327 primary tumors in the matched-pairs
subset with available entropy and mDNAsi values
(BRCA = 90; KIRC = 158; LUAD = 23; THCA
= 56), 275 had both primary lymph-node status and
age recorded and were therefore eligible for multi-
variable logistic regression. As summarized in Ta-
ble 1 and visualized in Figure 3, completeness was
high for THCA (55/56) and KIRC (154/158), moder-
ate for BRCA (66/90), and absent for LUAD (0/23),
such that LUAD did not contribute node-labeled cases
to this analysis.

In unadjusted comparisons pooling all cancers,
node-positive (N+) tumors showed higher distribu-
tions of methylation entropy and mDNAsi than node-
negative (N0) tumors (Figure 2), consistent with
greater epigenetic heterogeneity and stemness-like
profiles in the N+ group at the descriptive level. How-
ever, these differences were not retained as indepen-
dent predictors after accounting for cancer type. A
multivariable logistic regression model was fitted to
predict primary lymph-node positivity (N+ vs N0) us-
ing z-scored entropy, mDNAsi, and age as continu-
ous covariates and cancer type as a categorical co-
variate; because LUAD had no node-status labels,
the fitted model effectively included BRCA, KIRC,
and THCA only. After adjustment, neither methyla-
tion entropy (OR = 1.14 per SD, 95% CI 0.80–1.64,
p = 0.466) nor mDNAsi (OR = 0.93 per SD, 95%
CI 0.68–1.26, p = 0.629) was significantly associated
with node-positive status, and age was also not signif-
icant (OR = 0.99, 95% CI 0.68–1.44, p = 0.940) (Ta-
ble 1). In contrast, cancer type showed strong associa-
tions with nodal involvement: relative to BRCA (ref-
erence), the odds of nodal positivity were markedly
lower in KIRC (OR ≈ 0.0095, 95% CI 0.0020–0.045,
p < 0.001) and THCA (OR ≈ 0.087, 95% CI 0.017–
0.456, p = 0.004), indicating that nodal status in this
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Figure 1: U↔I↔M switching rate by cancer. Boxplots show the distribution of the 3-state Markov switching rate sany (any
change among unmethylated U , intermediate I, and methylated M states) for normal (blue) and tumor (orange) samples across
BRCA, KIRC, LUAD, and THCA. Boxes indicate the median and interquartile range; whiskers extend to 1.5×IQR. Asterisks
denote the significance of tumor–normal differences within each cancer (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, ∗∗∗∗p < 10−4;
Mann–Whitney U test).

Table 1: Logistic regression for primary lymph-node positivity (N+ vs. N0).

Predictor OR 95% CI p-value
Entropy (z) 1.14 0.80–1.64 0.466
mDNAsi (z) 0.93 0.68–1.26 0.629
Age (z) 0.99 0.68–1.44 0.940
KIRC vs. BRCA (ref.) 9.50×10−3 2.00×10−3–0.045 < 0.001
THCA vs. BRCA (ref.) 0.087 0.017–0.457 0.004

Figure 2: Entropy and mDNAsi by primary lymph-node sta-
tus. Boxplots compare methylation entropy (left) and mD-
NAsi (right) between node-negative (N0) and node-positive
(N+) primary tumors. Boxes indicate the interquartile range
with the median shown as a horizontal line; whiskers extend
to 1.5×IQR. Colors denote nodal status (N0, blue; N+, or-
ange).

cohort is dominated by cancer-type-specific baseline
differences rather than a universal, feature-driven ef-
fect of entropy or mDNAsi. Overall model fit was
moderate (Cox–Snell pseudo-R2 ≈ 0.39), and dis-
crimination was good (5-fold CV AUC = 0.83±0.11;
however, given the absence of LUAD labels and the
strong cancer-type coefficients, this discrimination is
expected to reflect primarily between-cancer separa-
tion, with minimal incremental contribution from en-
tropy or mDNAsi beyond cancer type.

3.3 Association with Chromosomal
Instability

Next, it was evaluated whether epigenetic instability
was associated with chromosomal instability, quanti-
fied as the fraction of genome altered (FGA). After
stratification by cancer type (Figure 3), the associa-
tion between Shannon entropy and FGA was found
to be heterogeneous: a weak positive slope was ob-
served in BRCA, whereas KIRC and LUAD exhibited
flat to mildly negative slopes, and THCA was charac-
terized by uniformly low FGA values with little ap-
parent dependence on entropy. By contrast, mDNAsi
was more consistently positively associated with FGA
within BRCA, KIRC, and LUAD, while THCA again
remained near the floor of the FGA distribution with
minimal variation. In accordance with these strati-
fied patterns, the multivariable ordinary least-squares
model adjusted for age and cancer type indicated
that any independent contribution of entropy to FGA
was small and not robust after adjustment, whereas
higher mDNAsi was retained as a modest positive
correlate of increased FGA (Figure 3). Collectively,
these results suggest that copy-number burden is more
closely aligned with stemness-related dedifferentia-
tion than with global methylation disorder, and that
the pooled relationship is strongly shaped by cancer-
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Figure 3: Cancer-stratified associations of epigenetic instability and stemness with chromosomal instability. Scatter plots of
FGA versus Shannon entropy (top row) and FGA versus mDNAsi (bottom row) are shown for BRCA, KIRC, LUAD, and
THCA (left to right). The red line denotes the within-cancer ordinary least-squares fit and the shaded band indicates the
95% confidence interval. THCA is characterized by uniformly low FGA values, whereas more variable FGA distributions are
observed in BRCA, KIRC, and LUAD.

specific structure, including the low-FGA distribution
observed in THCA.

3.4 Impact on Overall Survival

To examine the association between global methy-
lation dysregulation and clinical outcome, we per-
formed Kaplan–Meier (KM) overall-survival (OS)
analyses in four TCGA cohorts by dichotomizing pa-
tients into low vs high groups using a within-cohort
median split of Shannon entropy and mDNAsi (Fig-
ure 5). Consistent with the KM curves, the entropy-
based stratification did not yield statistically signif-
icant OS differences in any cohort (BRCA log-rank
p = 0.411, KIRC p = 0.261, LUAD p = 0.607,
THCA p = 0.348). For mDNAsi, separation was
also generally weak, with only a borderline trend
in BRCA (log-rank p = 0.055), while KIRC (p =
0.181), LUAD (p = 0.216), and THCA (p = 0.845)
showed no evidence of group-wise OS differences
(Figure 5).

We then fitted cancer-specific Cox proportional-
hazards models with OS time and status as the out-
come and within-cancer z-scored entropy, mDNAsi,
and age as covariates. The resulting hazard-ratio pat-
terns were modest in magnitude and clearly cancer-
dependent (Figure 4). For entropy, LUAD showed
the largest positive association (HR > 1 per SD),
BRCA showed a smaller positive association, KIRC
was approximately neutral (HR ≈ 1), and THCA
showed an inverse association (HR < 1). For mD-

NAsi, BRCA showed a positive association (HR > 1),
whereas LUAD showed a negative association (HR
< 1), and KIRC/THCA were closer to null with wide
uncertainty (Figure 4). Overall, these results indi-
cate that neither entropy nor mDNAsi behaves as a
consistent pan-cancer prognostic marker in this four-
cohort set; instead, their associations with OS are
weak-to-moderate and heterogeneous across tumor
types, in agreement with the largely non-significant
KM median-split comparisons.

Finally, to probe whether any single cohort
could drive apparent nonlinear/pan-level shapes, we
performed leave-one-cancer-out sensitivity analyses
(Figure 4). The entropy curve retained a similar over-
all shape across exclusions, suggesting that the pan-
level nonlinear pattern is not dominated by a sin-
gle cancer. In contrast, the mDNAsi curve changed
more noticeably when BRCA was excluded, indicat-
ing greater sensitivity of the pan-level mDNAsi pat-
tern to cohort composition (Figure 4). These sensi-
tivity results reinforce that any pooled interpretation
should be treated cautiously and that cohort-specific
biology can strongly influence apparent prognostic
shapes.

3.5 Correlation with the Tumor
Microenvironment

To relate global genomic/epigenomic disorder to clin-
ical and microenvironmental burden, we compared
pairwise distance matrices derived from tumor en-

BIOINFORMATICS 2026 - 17th International Conference on Bioinformatics Models, Methods and Algorithms

532



Figure 4: Cox forest plots for overall survival across four TCGA cohorts. Cancer-specific Cox proportional-hazards models
were fit with overall survival (OS) as the outcome and within-cancer z-scored entropy, mDNAsi, and age as covariates. Points
indicate hazard ratios (HRs) per +1 SD of the indicated marker; horizontal bars denote 95% confidence intervals. The red
dashed vertical line marks HR= 1 (no association).

tropy, mDNAsi, and fraction of genome altered
(FGA) against distance structures from Ragnum hy-
poxia scores and lymph-node status in the pooled
four-cancer cohort (N = 273) using Mantel tests (Ta-
ble S4; Figure 6). Entropy distance showed a mod-
est but significant alignment with hypoxia distance
(Mantel r = 0.156, permutation p = 0.001), whereas
FGA distance was more strongly concordant with hy-
poxia (r = 0.310, p = 0.001). mDNAsi distances also
tracked hypoxia significantly, but with a smaller ef-
fect size than FGA (Table S4; Figure 6). In con-
trast, lymph-node status was largely decoupled from
these global measures: node-distance was essentially
unrelated to entropy (Mantel r = 0.002, p = 0.589)
and only trivially associated with FGA (r = 0.022,
p = 0.002), consistent with a statistically detectable
but biologically very small effect at this sample size.
The Mantel link diagram summarizes this pattern,
showing strong links to hypoxia and weak or non-
significant links to node status (Figure 6). A comple-
mentary Pearson correlation heat map of the under-
lying variables recapitulates the same structure: en-
tropy and mDNAsi correlate moderately with hypoxia
(Pearson r = 0.42 and r = 0.34, respectively), FGA
correlates more strongly with hypoxia (r = 0.53),
while node positivity shows near-zero linear correla-
tions with entropy, mDNAsi, FGA, and hypoxia (all
|r| ≤ 0.09; Figure 6). Together, these analyses sug-
gest that global genomic and epigenomic disorder co-
vary with hypoxic tumor microenvironments, but are
largely uncoupled from early nodal spread in this pan-
four-cancer setting. Mechanistically, chronic hypoxia
may impair the fidelity of maintenance methylation
for example, via reduced DNMT1 and UHRF1 activ-
ity at hemimethylated CpGs thereby promoting pas-
sive demethylation, increased U-I-M switching, and

elevated methylation entropy in hypoxic tumor re-
gions (Skowronski et al., 2010; Wang et al., 2021).

4 DISCUSSION

Our entropy–stemness framework links DNA methy-
lation entropy (mDNAsi), chromosomal instability,
and hypoxia to clinical endpoints across four repre-
sentative TCGA cancers. Using a three-state Markov
model of unmethylated/intermediate/methylated
(U/I/M) dynamics, tumors exhibited consistently
higher local switching (sany) than matched normal
tissues across BRCA, KIRC, LUAD, and THCA,
with the most pronounced differences in KIRC.
Importantly, entropy tracked these local dynamics:
genome-wide entropy correlated strongly with sany,
supporting entropy as a global summary of methy-
lation “switching noise.” Collectively, these results
indicate that malignant transformation is generally
accompanied by reduced methylation stability,
consistent with epigenetic instability as a hallmark
of oncogenesis.Notably, LUAD still showed a sig-
nificant tumor–normal switching increase despite
its small matched-pairs sample size, suggesting that
limited power may primarily constrain downstream
clinical associations rather than the presence of
transformation-linked instability per sample.

In the multivariable logistic regression model
for primary lymph-node involvement, neither methy-
lation entropy nor mDNAsi showed a significant
independent effect after adjustment for age and
cancer type.Because LUAD contributed no node-
labeled cases, the adjusted model effectively com-
pared BRCA, KIRC, and THCA. Although node-
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Figure 5: Kaplan–Meier overall survival curves stratified by entropy and stemness across four TCGA cohorts. For each
cancer type (BRCA, KIRC, LUAD, THCA), patients were dichotomized into low vs high groups using a median split of the
corresponding marker (top row: Shannon entropy; bottom row: mDNAsi). Shaded regions indicate 95% confidence intervals,
and numbers at risk are shown below each panel. Log-rank p-values are reported within panels.

Figure 6: Mantel links and Pearson correlations between genomic/epigenomic disorder and clinical features .Left: Mantel
test network comparing pairwise distance matrices derived from tumor entropy, mDNAsi and fraction of genome altered
(FGA) against distances from Ragnum hypoxia scores and lymph-node status (Node+). Edge colour encodes permutation
significance (red: p< 0.01; green: 0.01≤ p< 0.05; grey: p≥ 0.05), and edge width is proportional to |r| (Mantel correlation).
Right: Pearson correlation matrix of the same variables; numbers denote Pearson’s r and the colour scale indicates correlation
strength.

positive tumors showed higher entropy and mDNAsi
distributions descriptively, neither retained an inde-
pendent association with nodal positivity after adjust-
ment; instead, cancer type dominated nodal status.
Model discrimination was good, consistent with per-
formance largely driven by between-cancer separa-

tion rather than incremental signal from global epi-
genetic disorder. A plausible biological explanation
is that nodal spread at diagnosis is shaped primar-
ily by tissue-of-origin programs, anatomic drainage
constraints, and subtype-specific invasion dynamics,
which may not be encoded by a single bulk, genome-
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wide heterogeneity summary.
The relationship between entropy and chromoso-

mal instability (FGA) was modest and cancer-type
dependent. Stratified analyses showed a weak posi-
tive entropy–FGA trend in BRCA, flat to mildly neg-
ative trends in KIRC and LUAD, and uniformly low
FGA in THCA with minimal dependence on entropy.
In contrast, mDNAsi showed more consistently pos-
itive within-cancer associations with FGA in BRCA,
KIRC, and LUAD, while THCA remained near the
floor. In agreement with these patterns, multivari-
able OLS suggested that any independent contribu-
tion of entropy to FGA was small and not robust
after adjustment for age and cancer type, whereas
higher mDNAsi persisted as a modest positive corre-
late of increased FGA. One mechanistic interpretation
is that copy-number burden may align more closely
with dedifferentiation-related proliferative stress and
genome-maintenance failure than with the cumulative
“epigenetic drift” component summarized by entropy
(Malta et al., 2018; Baba et al., 2024).

Entropy also showed modest and heterogeneous
associations with overall survival. Median-split Ka-
plan–Meier analyses did not show statistically signif-
icant OS differences for entropy in any cohort, and
mDNAsi stratification was similarly weak overall.
Cox models nevertheless suggested cancer-dependent
continuous effects on entropy, reinforcing the no-
tion that the prognostic meaning of global entropy is
context-specific rather than universal. Given cohort-
specific event rates and the sensitivity of cohort-
level hazard ratio estimates to sparse events in some
strata, these survival findings should be treated as ex-
ploratory.

Global disorder measures were more closely
aligned with the hypoxic tumor microenvironment
than with nodal status. Mantel tests showed that en-
tropy distance aligned modestly with hypoxia dis-
tance, whereas FGA showed a stronger association;
node distance was essentially unrelated to entropy
and only trivially associated with FGA. These re-
sults support a model in which entropy reports cu-
mulative stress exposure and diversification history,
while FGA reflects concurrent genomic fragmenta-
tion in hypoxic tumors, rather than either metric serv-
ing as a direct readout of metastatic capacity. More
broadly, several non-mutually-exclusive factors could
explain weak and heterogeneous clinical associations:
entropy is a genome-wide aggregate that can dilute
locus and program-specific signals relevant to inva-
sion; bulk methylation entropy can be confounded by
variable tumor purity and immune/stromal admixture;
and dominant, cancer-type-specific biology, including
lineage programs, exposure-driven mutagenesis, and

hypoxia signaling, can overwhelm marginal effects of
global epigenetic disorder.

5 CONCLUSIONS

This study shows that global DNA methylation en-
tropy and U–I–M switching rates robustly distin-
guish tumors from matched normal tissues across
multiple cancer types, supporting epigenetic insta-
bility as a core feature of malignant transformation.
However, within established tumors, entropy pro-
vided only weak and cancer-type–dependent signal
for lymph-node involvement and overall survival af-
ter covariate adjustment. mDNAsi captured a com-
plementary axis of oncogenic dedifferentiation and,
together with FGA and hypoxia, supported a multidi-
mensional landscape of tumor disorder in which en-
tropy is best interpreted as a readout of evolutionary
history and cumulative stress exposure rather than a
standalone prognostic marker. These findings support
using entropy as one component in integrated models
that combine epigenetic, genetic, and microenviron-
mental features.Extending this framework to single-
cell and longitudinal data will be essential for translat-
ing entropy–stemness metrics into tools that can track
tumor trajectories, refine risk stratification, and de-
sign interventions that exploit vulnerabilities created
by epigenetic dysregulation.

6 FUTURE WORK

In future work, cohort size and diversity will be ex-
panded by combining bulk and single-cell data, im-
mune deconvolution will be integrated, and longitudi-
nal samples collected at recurrence or metastasis will
be analyzed. A broader feature set will be incorpo-
rated and cancer-specific models will be developed to
reflect distinct tumor origins and evolutionary trajec-
tories, while entropy and stemness will be evaluated
against additional endpoints, including immunother-
apy response and richer, tumor-type–specific clinical
covariates. Findings will be validated in independent
external datasets, and the resulting structured signals
will be used to train and benchmark LLM-assisted
pipelines for future clinical reporting and decision
support.
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APPENDIX

Supplementary Tables

Table S1: Three-state Markov model: switching rate sany (U/I/M) in normal vs. tumor.
Cancer Nnormal Ntumor Median sany (normal) Median sany (tumor) p-value
BRCA 90 90 0.2728 0.2824 0.0107
KIRC 158 158 0.2542 0.2802 1.55×10−13

LUAD 23 23 0.2703 0.2784 0.00603
THCA 56 56 0.2566 0.2698 0.0391

Table S2: Per-cancer logistic regression for node positivity (N+ vs. N0) using z-standardized entropy, mDNAsi, and age.
Cancer N NN+ Predictor OR 95% CI p-value
BRCA 66 64 Entropy (z) 3.15 0.134–73.8 0.477
BRCA 66 64 mDNAsi (z) 1.06 0.0611–18.3 0.969
BRCA 66 64 Age (z) 3.90×10−3 1.78×10−6–8.55 0.158
KIRC 154 34 Entropy (z) 1.08 0.73–1.60 0.700
KIRC 154 34 mDNAsi (z) 0.905 0.59–1.39 0.649
KIRC 154 34 Age (z) 1.20 0.815–1.76 0.359
THCA 55 39 Entropy (z) 1.08 0.598–1.96 0.795
THCA 55 39 mDNAsi (z) 0.873 0.481–1.59 0.656
THCA 55 39 Age (z) 0.981 0.548–1.76 0.950

Table S3: Cox models: hazard ratio for entropy per cancer type.
Cancer N HR (Entropy, z) 95% CI (lower) 95% CI (upper) p-value C-index
LUAD 22 1.60 0.98 2.61 0.06 0.63
BRCA 88 1.11 0.85 1.45 0.44 0.66
KIRC 155 0.98 0.76 1.27 0.88 0.59
THCA 55 0.57 0.37 0.87 0.009 0.93

Table S4: Mantel correlations between genomic/epigenomic disorder and clinical burden.
Comparison Mantel r Permutation p N
Entropy vs Hypoxia 0.1779659136 0.001 315
mDNAsi vs Hypoxia 0.1630901434 0.001 315
FGA vs Hypoxia 0.2871189631 0.001 315
Entropy vs Node+ 0.002270698151 0.585 272
mDNAsi vs Node+ 0.005814954402 0.077 272
FGA vs Node+ 0.0240629010 0.002 272
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Supplementary Figures

Figure 1: Entropy correlates with three-state Markov switch-
ing. Scatter plot of genome-wide methylation entropy versus
the three-state Markov switching rate sany (any adjacent state
change among unmethylated U, intermediate I, and methy-
lated M states), shown for normal and tumor samples. A fitted
linear trend is shown in black. Spearman and Pearson corre-
lation coefficients are reported in the inset.

Figure 2: Adjusted partial dependence of entropy and stem-
ness on chromosomal instability. Partial dependence plots
from the multivariable linear model of FGA, adjusted for
age and cancer type, are shown for Shannon entropy (left)
and mDNAsi (right). Curves represent the mean predicted
FGA across the four-cancer dataset as the corresponding z-
standardized predictor is varied, with shaded bands indicating
95% confidence intervals.

Figure 3: Availability of nodal status and age in the matched-
pairs subset. Bars show, for each cancer type, the frac-
tion of primary tumors with both primary lymph-node status
(N0/N+) and age at diagnosis recorded among tumors with
available entropy and mDNAsi in the matched tumor–normal
(paired) cohort. LUAD contributes no node-labeled cases,
whereas completeness is high for THCA and KIRC and mod-
erate for BRCA.

Figure 4: Leave-one-cancer-out sensitivity of the pan-4 strat-
ified spline Cox model. Partial hazard-ratio curves from the
pan-4 cancer Cox model with natural cubic splines are shown
for entropy (left; zEntropy) and stemness (right; zmDNAsi),
each plotted relative to the reference value 0. The blue curve
uses all cancers; additional curves show refits after excluding
one cancer cohort at a time, highlighting whether the overall
shape is dominated by a single cohort. Dashed lines indicate
HR= 1 and the reference point at 0.
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