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Abstract: Cancer progression is a complex, multi-stage development process characterized
by dynamic changes at the molecular level. Understanding these changes may provide new
insights into tumorigenesis and potential therapeutic targets. This study focuses on the
evolutionary transcriptomics of cancer, specifically analyzing the Transcriptome Age Index
(TAI) across different pathological stages. By examining various cancers at four distinct
pathological stages, we identify a significant «hourglass» pattern in TAI indices of ductal
carcinoma of the breast, bladder carcinoma, and liver carcinoma, suggesting a conserved
evolutionary trajectory during tumor development. The results reveal that early and late
stages of these cancers exhibit higher TAI values, indicative of more novel gene expression,
while intermediate stages show a dip in TAI, reflecting a more ancient evolutionary origin
of expressed genes. This «hourglass» pattern underscores the evolutionary constraints and
innovations at play during tumor progression. Our findings contribute to the growing body
of evidence that evolutionary principles are deeply embedded in cancer biology, offering
new perspectives on the dynamics of gene expression in tumors.
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1. Introduction

The mechanisms underlying the development of cancer have long been studied from
a molecular and clinical perspective. Recently, however, there has been a surge of research
demonstrating that cancerous tumors can also be analyzed through the lens of gene evo-
lution, focusing on genes that control their progression [1-7]. By analyzing the origins of
genes and pathways associated with malignant tumors, we can infer why certain genes
acquire oncogenic properties and how tumor cells develop their characteristic behavior.
As a result, the evolutionary analysis of genes associated with cancer has emerged as
an increasingly important field, using molecular phylogenetic and comparative genomic
approaches to determine how malignant cells acquire their distinctive properties and adapt
to different tumor microenvironments, nutrient scarcity, and immune surveillance [8].

One common study approach to the molecular evolution of genes is phylostratigraphic
analysis, which maps each gene to its earliest identifiable ancestor on the taxonomic tree.
This assigns genes to specific phylogenetic time intervals (phylostrata) in which they are
estimated to have originated [9,10]. This method has revealed that genes involved in
fundamental cellular processes often date back to ancient evolutionary epochs, reflecting
the conservation of key biological functions.

Building on phylostratigraphic analysis, Domazet-Lo$o and colleagues [11], as well as
Drost, Grosse, and Quint [12], introduced specialized indices to quantify the contribution
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of genes of different “evolutionary ages” to the active transcriptome. The first metric, the
Transcriptome Age Index (TAI), reflects the average evolutionary age of genes expressed
under specific conditions. The second, the Transcriptome Divergence Index (TDI), describes
the average degree of transcriptome divergence, indicating whether more conserved or
more divergent genes are preferentially activated [12].

An example of a successful application of phylotranscriptomic analysis is the study
of the evolutionary features of embryogenesis. This method integrates experimental gene
expression data with evolutionary age data to reveal patterns of gene activity across
embryonic stages. The results of the analysis show that early and late embryonic stages in
Arabidopsis thaliana, Danio rerio, and Drosophila melanogaster are predominantly characterized
by the expression of evolutionarily less conserved and older genes, whereas intermediate
stages show increased activity of more conserved and younger genes [12-14]. This pattern
aligns with the previously proposed molecular “hourglass model” of embryogenesis [15].

Later, phylostratigraphic analysis was applied in the study of pathological processes,
including oncological diseases [10]. It has been shown that some genes involved in cancer
development also have ancient evolutionary origins. Further evidence supporting the evolu-
tionary differences in genes involved in tumor progression has been provided by [16], who
used phylostratigraphic analysis of co-expression networks in ovarian cancer. They showed that
functional modules associated with tumor progression are not uniformly distributed across gene
evolutionary ages. Ancient gene clusters were found to regulate key metabolic and signaling
pathways essential for basic cellular functions, while younger genes modulate interactions
within the tumor microenvironment and influence metastasis and drug resistance mechanisms.

In the context of cancer research, TAI and TDI metrics allow the identification of stage-
specific expression patterns in pathological processes. Specifically, they can demonstrate
how the balance between the activity of “ancient” and “young” genes shifts in oncological
diseases. Despite high tumor heterogeneity, cancers show convergent evolutionary trends
toward a limited set of cellular states. Phylostratigraphic analysis suggests that this shift
is driven by the activation of ancient genetic programs and the inhibition of genes that
emerged during the evolution of multicellularity [17].

This hypothesis was further supported by the phylotranscriptomic analysis of multiple solid
tumors, which showed that the transition from normal to malignant cell states involves a shift in
gene expression: ancient genes associated with processes originating in unicellular organisms are
activated, while genes associated with multicellular regulatory processes are repressed [18].

Thus, phylotranscriptomics extends traditional phylostratigraphic analysis by pro-
viding quantitative metrics to study not only the origins of genes but also their functional
activity in evolutionary and pathological contexts.

In this work, we build on these concepts by integrating phylostratigraphic approaches, selec-
tive pressure metrics based on dn/ds ratios, and RNA-sequencing data from The Cancer Genome
Atlas (TCGA). This combined framework allows us to correlate tumor progression dynamics with
changes in the evolutionary age and evolutionary conservation of actively expressed genes.

Applying these methods to nine tumor types—liver carcinoma, lung adenocarcinoma,
kidney adenocarcinoma, colorectal adenocarcinoma, breast ductal carcinoma, prostate
adenocarcinoma, thyroid carcinoma, bladder urothelial carcinoma, and endometrioid carci-
noma of the uterus—as well as to corresponding healthy tissues from the same patients, we
aim to identify universal patterns linking gene evolutionary age to malignant progression.

2. Results
2.1. Analysis of the Evolutionary Characteristics of Transcriptomes

To identify potential evolutionary patterns across pathological tumor stages, we
employed the Transcriptome Age Index (TAI) and Transcriptome Divergence Index (TDI).
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In parallel, we performed differential gene expression analysis to compare tumor samples
at various stages with healthy tissues.

TAI values were calculated using the myTAI software package (see “Methods” section) [19].
For each cancer type, we evaluated TAI profiles across pathological stages of tumor develop-
ment. The majority of tumor-derived samples exhibited lower TAI values compared to their
corresponding “normal” tissue samples. TAl reflects the average evolutionary age of genes with
the highest expression levels in a given biological process. Thus, lower TAI values in tumor
samples from various tissue types are associated with elevated expression of ancient genes.

When examining TAI value distributions (Table S1) across several carcinoma types—liver
carcinoma, bladder urothelial carcinoma, and breast ductal carcinoma—a distinct pattern
emerges. Early and late stages of tumor progression (stages I and IV, respectively) show
increased activity of evolutionarily recent genes, whereas intermediate stages (stages II and
IIT) show increased activity of genes belonging to more ancient evolutionary groups (Figure 1).
These patterns are consistent with the “hourglass” model previously observed in embryonic
development, as described by phylotranscriptomics [12-14]. The statistical significance of this
pattern was confirmed using the ReductiveHourglassTest (p = 0.00531 for liver carcinoma,
p = 0.0337 for bladder carcinoma, and p = 0.0107 for breast ductal carcinoma). Notably, TAI
distributions in colorectal adenocarcinoma and clear cell renal carcinoma exhibit a significant
“reverse hourglass” pattern (p = 2.41 x 107 and p = 0.00684, respectively), reflecting an
opposite trend. Here, evolutionarily younger genes show higher activity during intermediate
stages, followed by the increased expression of ancient genes in late or early stages. In
contrast, thyroid carcinoma, lung adenocarcinoma, prostate adenocarcinoma, and uterine
corpus carcinoma showed no statistically significant patterns.
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Figure 1. Distribution of TAI values across tumor development stages. Statistically significant hourglass
patterns of the Transcriptome Age Index (TAI) are observed in three cancer types: breast ductal carcinoma
(BRCA), bladder urothelial carcinoma (BLCA), and hepatocellular carcinoma (LIHC). A statistically
significant “reverse hourglass” pattern is observed in colorectal adenocarcinoma (COAD) and clear cell
renal carcinoma (KIRC).
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When examining TDI value distributions (Table 52) in lung adenocarcinoma and
prostate adenocarcinoma samples, statistically significant hourglass patterns are also ob-
served (p = 0.0423 and p = 0.017, respectively) (Figure 2).
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Figure 2. Distribution of TDI values across tumor development stages. Statistically significant
hourglass patterns of the Transcriptome Divergence Index (TDI) are observed in two cancer types:
lung adenocarcinoma (LUAD) and prostate adenocarcinoma (PRAD).

2.2. Differential Gene Expression Analysis in Malignant Tumors

In addition to the TAI/TDI analysis, we performed a differential gene expression
analysis of malignant tumors using DESeq?2 to identify statistically significant expression
changes in samples at each pathological stage compared to corresponding healthy tissue
samples (Figure 3). The analysis revealed a significant enrichment of differentially ex-
pressed genes belonging to phylostrata PAI (Phylostratigraphic Age Index) = 6,7, and 9
(Vertebrata, Euteleostomi, and Eutheria, respectively) in human carcinoma tissues com-
pared to the expected distribution of all human genes (p-value < 10~°) [20]. This result
indicates that a greater-than-expected number of novel genes arising in later evolutionary
stages undergo significant expression changes during tumorigenesis.

We further analyzed the distribution of log2FC values for DEGs across each phylostrati-
graphic rank at different pathological stages of tumor progression. The analysis revealed
that the median log2FC values for DEGs belonging to the most ancient phylogenetic groups
(PAI 1, 2: Cellular Organisms and Eukaryota) trend toward upregulation in most analyzed
tumor types and stages (Figures S1-518). Median log2FC values for genes with PAI = 3-7 are
predominantly negative, indicating a tendency toward suppressed expression. In contrast,
genes with PAI = 8-14 exhibit the most pronounced expression changes.

To identify specific functional changes in gene expression during tumor progression,
we applied the FoldGO tool [21] (Figure 4). This method detects Gene Ontology (GO)
terms enriched in gene sets that show consistent expression shifts (fold change, FC) across
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tumor developmental stages. Among the results, categories reflecting key aspects of
carcinogenesis were of particular interest (Supplementary Table S3).
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Figure 3. Gray bars represent the distribution of phylostrata among all protein-coding human genes
included in the analysis. Colored lines indicate the difference between the frequency of phylostrata
in the list of differentially expressed genes (DEGs) for each cancer type and the frequency of the same
phylostrata among all human protein-coding genes.

GO analysis performed with FoldGO revealed that, irrespective of tumor stage or
organ, there is a consistent upregulation of genes associated with cell cycle regulation
(including G1/S and G2/M transitions and mitosis). This finding aligns with the well-
known hallmark of accelerated division in malignant cells [22-26]. In a similar manner,
increased expression was observed in genes involved in DNA integrity maintenance,
particularly error-prone DNA repair pathways such as nonhomologous end joining (NHE]),
including genes such as PRKDC [27-29], MAD2L2 [30,31], and POLQ [32,33]. Furthermore,
the majority of tumors exhibited elevated expression of genes implicated in translation,
transcription, and epigenetic regulation. These changes are likely indicative of the elevated
metabolic activity observed in tumors, which necessitates increased protein and RNA
synthesis for rapid cell proliferation [23,34-36].

At the same time, a decline in the expression levels of genes associated with Gene
Ontology (GO) terms related to apoptosis and other forms of programmed cell death is
observed in all samples. The suppression of apoptosis is a well-established mechanism
through which cancer cells evade programmed death, enabling mutant cells to continue
proliferating [22,37,38]. A similar trend is observed for genes associated with intercellular
adhesion and cell motility [39-42].

Notably, during intermediate tumor stages, these broad trends are accompanied
by heightened activity of evolutionarily conserved (“ancient”) genes, which drive fun-
damental cellular processes critical to malignant progression. For instance, genes that
demonstrate significant upregulation at intermediate stages (log2FC > 2) include: AMPK
(PAI 2: Eukaryota), a key kinase in ATP-phosphorylation cascades [43-45]; MSH2 (PAI 2:
Eukaryota), responsible for the mismatch repair of nucleotides [46]; PKM2 (PAI 2: Eukary-
ota), a pyruvate kinase catalyzing aerobic glycolysis [47-50]; and IDH2 (PAI 1: Cellular
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2-hydroxyglutarate [51-53] (PAI 1: Cellular Organism). Simultaneously, genes associated
with maintaining cell population balance, such as SPNS2 (PAI 6: Vertebrata) [54,55] and
STAT5B (PAI 6: Vertebrata) [56,57], as well as xenobiotic response genes like CYP3A4 (PAL 7:
Euteleostomi) [58,59] and GLYAT (PAI 9: Eutheria) [60-62] and UGT1 family glucurono-
syltransferases (PAI 7: Euteleostomi) [63,64] show down-regulation in the intermediate
tumor stages.
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Figure 4. Changes in gene expression levels enriched with GO terms of biological processes associated
with cancer hallmarks.

3. Discussion

A comprehensive analysis of phylotranscriptomic indices across 5057 carcinoma tissue
samples at various pathological stages and 498 corresponding healthy tissue samples from
TCGA reveals a correlation between the evolutionary age of genes and their expression
changes during tumor development. Our approach leverages the Transcriptome Age Index
(TAI), a metric quantifying the weighted evolutionary age of expressed genes across clinical
stages. Our observations of consistently lower TAI values in carcinomas compared to
healthy tissues align with the atavistic hypothesis of cancer, which posits that malignant
transformation involves the reactivation of evolutionarily ancient programs [8,17,65-68].
This model further suggests that, under conditions of carcinogenic stress or mutation, cells
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undergo a reversion to “ancient” molecular phenotypes [5,18,69], which prioritize prolifer-
ation and survival, similar to unicellular organisms [2,10]. Consequently, tumors display
population dynamics broadly similar to that of unicellular life, including high adaptability
and rapid clonal expansion [3,5]. This reversion to ancestral programs may enable cancer
cells to thrive in the hypoxic, nutrient-poor tumor microenvironment, effectively bypassing
the regulatory constraints imposed by multicellularity. Our findings further demonstrate
that genes originating at later evolutionary stages (PAI 6: Vertebrata; PAI 7: Euteleostomi;
PAI 9: Eutheria) are significantly overrepresented among differentially expressed genes
(DEGs) in carcinomas compared to healthy tissues. While the lower TAI suggests a global
transcriptional “aging” of tumors toward ancient programs, the enrichment of younger
genes in DEGs highlights that novel genetic innovations acquired during vertebrate and
mammalian evolution also play outsized roles in cancer progression. The distribution of
expression changes across phylostrata further clarifies this tension. Ancient genes (PAI 1:
Cellular Organisms, PAI 2: Eukaryota) tend toward upregulation, reactivating deeply
conserved pathways linked to proliferation and stress response—processes essential for
unicellular survival. Conversely, metazoan genes (PAI 3-7: Multicellular Organisms to
Euteleostomi) are broadly suppressed, reflecting their incompatibility with tumor plasticity.

The atavistic hypothesis has previously been discussed in the context of tumor gene
expression as a reversion to a “unicellular-like” state [17,18]. However, a thorough ex-
amination of the values of the Transcriptome Age Index uncovers a previously unrecog-
nized complexity: tumor progression involves a dynamic interplay between ancient and
evolutionarily younger genes, characterized by a distinctive “hourglass” pattern in TAI
distributions across specific cancers (e.g., liver adenocarcinoma, bladder carcinoma, breast
ductal carcinoma). This parallels the developmental hourglass model, in which mid-stages
are dominated by ancient, highly conserved genes, suggesting that tumors transiently
reactivate ancestral programs before recruiting newer genes for advanced malignancy.
This challenges the paradigm of a unidirectional regression to unicellularity, proposing
instead an alternation between ancestral survival programs and newer genes enabling
advanced malignancy.

The regression to “ancient” phenotypes in mid-stages during tumor progression
(e.g., stage II-1II carcinomas) directly corresponds to core hallmarks of cancer, including
sustained proliferative signaling, genome instability, and deregulated cellular energetics
(Warburg effect) [23]. These ancient pathways prioritize rapid proliferation and stress
adaptation, mirroring strategies employed by early eukaryotes under resource-limited
conditions. However, this reversion to “ancient” states may carry inherent evolutionary
trade-offs: while reactivating ancient genes enhances survival and growth, it also rein-
troduces vulnerabilities tied to genomic instability (e.g., mismatch repair deficiencies) or
metabolic dependencies. For instance, mismatch repair deficiencies—a hallmark of ancient
replication systems—create therapeutic opportunities via synthetic lethality (e.g., PARP
inhibitors), as observed in BRCA-mutated cancers [70]. Similarly, the activation of aerobic
glycolysis, an evolutionarily conserved energy pathway, increases the susceptibility to
PKM2 modulators in disrupting tumor metabolism [71-73]. The simultaneous downregu-
lation of vertebrate-specific genes involved in cell population balance—such as xenobiotic
detoxification (CYP3A4, UGT1) and intercellular signaling (SPNS2, STAT5B)—further re-
flects a regression to autonomous, unicellular-like behavior [54-57,60-62].

In contrast to mid-stage dynamics, advanced tumors exhibited increased TAI values
driven by the activation of evolutionarily younger pathways associated with microen-
vironment remodeling and metastasis. These include angiogenesis, invasion, immune
evasion, and extracellular matrix reorganization—processes requiring multicellular coordi-
nation [74].
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The increase in TAI values at late-stage pathological tumor development can be ex-
plained by the reactivation of evolutionarily younger genes that promote aggressive growth,
invasion, and metastasis. These genes encompass those implicated in angiogenesis, im-
mune suppression, and metabolic reprogramming. Specifically, genes such as STC1 (PAI 6:
Vertebrata), VCAN (PAI 7: Euteleostomi), and SPP1 (PAI 9: Eutheria)—key regulators
of such hallmarks of cancer as angiogenesis and metastasis in tumors [75-82]. These
genes, upregulated >3.5-fold in advanced lung, prostate, and breast carcinomas, repre-
sent evolutionary innovations critical for metastatic dissemination. These genes represent
evolutionary innovations absent in unicellular life, underscoring that metastasis requires
multicellularity-derived tools. Their activation suggests that tumors co-opt later-emerged
genes to overcome multicellular constraints, such as immune surveillance or stromal bar-
riers. However, this adaptability comes at a cost: the reliance on late-evolving pathways
may expose vulnerabilities. For instance, therapies targeting angiogenesis (e.g., beva-
cizumab) [83] or immune checkpoints (e.g., anti-PD-1) [84] exploit these very mechanisms.

It is important to emphasize that our TAl-based approach captures gene expression
dynamics but does not directly assess mutations affecting protein function independently
of transcriptional changes (e.g., hyperactivating variants or loss-of-function alleles with
unaltered expression) or post-transcriptional regulation by miRNA. Mutation biases, such
as hyperactivating KRAS mutations driving proliferation without upregulating mRNA,
further complicate interpretation. Tissue-specific effects also emerge; hepatocellular car-
cinomas showed higher TAI values, likely due to the liver’s inherent metabolic activity.
The future integration of somatic mutation data with phylotranscriptomic indices could
further disentangle how regulatory and coding genomic alterations collectively shape
cancer progression. Also, while our study identifies compelling patterns, the reliance on
bulk RNA-seq data may obscure intra-tumor heterogeneity. Single-cell TAI/TDI profiling
could resolve whether evolutionary signatures are uniform or confined to subclones.

Thus, our results suggest that tumor progression in at least several cancers does not
involve a direct transition to a “unicellular” state but rather reflects a complex dynamic
switch between evolutionarily ancient and more recent genes. Our findings suggest that
tumors exploit deeply conserved genetic pathways to meet core metabolic and proliferative
demands while co-opting younger genes to navigate the complex challenges of tissue
invasion, immune evasion, and metastasis.

4. Materials and Methods
4.1. Expression Data and Tumor Samples

Gene expression data for cancerous tissues were obtained from The Cancer Genome
Atlas (TCGA) “https:/ /www.cancer.gov/about-nci/organization/ccg/research/structural-
genomics/tcga (accessed on 6 March 2024)”. These data represent transcript counts mapped
to each gene, derived from transcriptome sequencing of tumor and matched healthy
tissue samples. TCGA and GDC harmonize raw sequencing data through standardized
preprocessing pipelines, including batch correction, platform-specific normalization, and
transcript quantification using unified workflows (e.g., STAR aligner), ensuring cross-
dataset comparability. In this study, we conducted an analysis of gene expression data from
the following cancers: hepatocellular adenocarcinoma, clear cell renal adenocarcinoma,
colorectal adenocarcinoma, breast carcinoma, prostate adenocarcinoma, thyroid carcinoma,
lung adenocarcinoma, bladder urothelial carcinoma, and endometrioid carcinoma of the
uterine corpus. The nine cancer types were selected based on their clinical relevance and
representation of diverse organ systems. To harmonize pathological stages across datasets,
we standardized tumor staging using the American Joint Committee on Cancer (AJCC)
TNM classification system [85]. Only samples with definitive staging (Stages I-IV) were
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included. The analysis was performed on corresponding healthy tissue samples from the
same patients (see Table 1 for details). In addition to the gene expression data, clinical
observations of patient and tumor characteristics were retrieved from TCGA.

Table 1. Number of samples with gene expression data retrieved from TCGA.

TCGA_id Tumor Tissue I Stage Il Stage  III Stage IV Stage NAT
LIHC Liver adenocarcinoma 255 3 79 3 50
UCEC Uterine carcinoma 338 53 84 29 35
COAD Colon adenocarcinoma 168 185 116 22 41
BRCA Breast carcinoma 215 639 249 13 112
PRAD Prostate adenocarcinoma 176 174 53 2 52
KIRC Kidney renal clear cell 417 123 124 84 72

carcinoma
LUAD Lung adenocarcinoma 298 127 84 27 59
BLCA Bladder urothelial 4 130 142 138 18
carcinoma
THCA Thyroid carcinoma 284 52 112 55 59

TCGA tissue samples are classified by cancer type and sample type (e.g., primary
tumor, normal tissue). Normal adjacent tissue (NAT) samples, defined as histologically
normal tissues adjacent to a tumor, are frequently utilized as controls in tumor comparisons.
Although, prior studies have demonstrated that gene expression levels in NAT may exhibit
slight discrepancies compared to those observed in truly healthy tissues based on the field
cancerization and exposure to chronic inflammation [86-89]. Field cancerization—a phe-
nomenon in which histologically normal tissues surrounding tumors harbor molecular or
genetic alterations due to shared exposure to carcinogenic insults—may confound compar-
isons between tumors and NAT. Similarly, chronic environmental exposures (e.g., chronic
inflammation) can induce transcriptomic or epigenetic changes in both tumor and adjacent
“normal” tissues, potentially reducing the contrast between disease and control groups.
Despite these limitations, we selected NAT samples as controls to mitigate the batch effects
and genetic variability that could arise when comparing tumors to healthy tissues collected
from distinct protocols or unrelated patients. While this approach prioritizes experimental
consistency, we acknowledge that field cancerization and shared environmental exposures
may introduce residual biological confounding.

4.2. Differential Expression Analysis

Differentially expressed genes (DEGs) were identified using the DESeq2 package [90].
The experimental design aimed to detect genes that exhibited differential expression be-
tween tumor samples at specific pathological stages and normal adjacent tissue (NAT)
samples from the same patients.

It is important to note that RNA sequencing (RNA-seq) experiments for differen-
tial expression analysis frequently involve systematic biases resulting from differences in
experimental conditions, sample processing, or sequencing platforms—known as batch
effects. The unaccounted batch effects can introduce significant distortions, which compli-
cates the interpretation of results. To mitigate possible technical variability, batch effects
were corrected by incorporating the tcga.cgc_case_batch_number variable into the DESeq?2
design model.

4.3. Phylostratigraphic Analysis

The Phylostratigraphic Age Index (PAI) [91] was developed as a metric for the eval-
uation of the evolutionary distance of a gene’s origin from the root of the phylogenetic
tree. The phylogenetic age of a gene, therefore, is defined as the taxon in which the studied
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species diverged from its most distant relative where a homolog of the gene was identified.
Higher PAI values thus indicate more recent evolutionary origins.

Phylostratigraphic analysis was performed using the Orthoweb software (ver. 1.0.0)
“https:/ /orthoweb.sysbio.cytogen.ru/run.html (accessed on 19 March 2024)” [92]. PAI was
calculated via the Best Similarity Table KEGG method [93] with a 60% sequence identity
threshold for homologs.

In addition to evolutionary age, Orthoweb was used to compute the divergence index
(dn/ds) between hominid family members: western gorilla (Gorilla gorilla gorilla), Sumatran
orangutan (Pongo abelii), and common chimpanzee (Pan troglodytes).

To analyze the evolutionary age distribution of DEGs and all human protein-coding
genes across cancer stages, genes from all DEG lists and the complete human protein-coding
gene set were divided into groups by PAIL Contingency tables were constructed to compare
the observed proportions of genes in DEG lists against the background distribution derived
from the entire protein-coding gene set at distinct cancer stages. Fisher’s exact test was
applied to evaluate the statistical significance of differences in the distribution of genes by
PAI between DEG lists and the background gene set.

To further assess deviations in PAI distributions within DEG lists from the expected
distribution based on the human protein-coding gene repertoire, a chi-square test was
performed for each DEG list. Expected frequencies were calculated using the proportions
observed in the background gene set. To validate the significance of these deviations, a
bootstrap resampling procedure was implemented. Specifically, 100,000 random samples
were generated by drawing genes from the background set, with each resampled set
matching the size of the corresponding original DEG list. For each resampled set, the chi-
square statistic was computed against the expected distribution. The p-value for each DEG
list was defined as the proportion of bootstrapped samples in which the chi-square statistic
exceeded the value obtained from the original DEG list. This approach confirmed that the
majority of cancer types exhibited significantly higher chi-square values in their original
DEG lists compared to the bootstrapped distributions, reflecting strong statistical evidence
for divergent PAI patterns between cancer-associated DEGs and the global protein-coding
gene set.

4.4. Calculation of Transcriptome Age and Divergence Indices

Phylotranscriptomic indices were calculated using the myTAI package (ver. 0.9.3) [19].
This tool computes the Transcriptome Age Index (TAI) and the Transcriptome Divergence
Index (TDI) by integrating external Phylostratigraphic Age Index (PAI) and divergence
(DI) data from third-party software. It also assesses the statistical significance of observed
patterns. To ensure the proper functionality of the package, dx/ds divergence indices were
ranked by deciles (10% quantiles). The first decile (Divergence Stratum 1) included the 10%
smallest dyy/ds values, while the tenth decile (Divergence Stratum 10) captured the largest
dn/dg values (91-100% quantile).

Gene age data, divergence indices (from Orthoweb), and gene expression values for
different tumor stages were combined into two datasets for calculating phylotranscriptomic
indices. TAI and TDI profiles for each cancer type were visualized and evaluated using the
FlatLineTest to assess statistical significance. This method calculates the standard deviation
of TAI/TDI profiles and tests their deviation from a flat line (no pattern). When profiles
deviated significantly from a flat line, the ReductiveHourglassTest and Reverse Hourglass
Test [14] were applied to quantify the statistical significance of visual “hourglass” patterns.
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4.5. Functional Analysis

FoldGO [21] a web-based tool for functional transcriptome enrichment analysis “http:
/ /webfsgor.sysbio.cytogen.ru/ (accessed on 5 February 2024)”, was utilized to identify
Gene Ontology (GO) terms that were enriched in gene sets with consistent expression
changes across various conditions. FoldGO detects GO terms specifically overrepresented in
groups of genes sharing similar fold changes (FC) in expression. The Benjamini-Hochberg
correction (FDR < 0.05) was employed to adjust the enrichment significance thresholds for
multiple comparisons.

The results obtained from FoldGO were then visualized as a heatmap, where the x-axis
represents four tumor stages across nine cancer types and the y-axis lists the enriched GO
terms. Each cell displays the median logFC value, reflecting the direction and magnitude
of expression shifts within the corresponding functional category at a specific tumor stage.
The visualization was implemented using the Python package seaborn (ver. 0.13.2) [94].
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