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Abstract

The traditional paradigm of gene expression dysregulation emphasizes log-fold
differential expression, with differentially expressed genes presumed to play
key roles in relevant biological processes. In cancer, where normal tissue and
tumors occupy non-overlapping regions in gene expression space, we propose an
alternative and broader framework based on differentially expressed only-tumor
genes (T-genes) and non-differentially dysregulated only-normal genes (N-genes).
N-genes exhibit expression intervals found exclusively in normal samples, while
T-genes display intervals exclusive to tumor samples. These N- and T-genes serve
as markers that can be combined into small gene panels capable of perfectly
discriminating between normal and tumor tissues. In most cases, these panels
highlight biologically significant properties, such as altered glutamine metabolism
in tumors. We provide an inventory of perfect gene panels for 12 cancer types, with
potential applications in diagnostics and immunotherapy. Significance: Highly
specific and sensitive combinatorial gene panels for the identification of 12 types
of solid tumors in humans were derived from RNA sequencing expression profiles
reported by The Cancer Genome Atlas network (https://www.cancer.gov/ccg/
research/genome-sequencing/tcga). The corresponding software is available at the
GitHub repository https://github.com/gabriel-gil/GenePan. This study revisits the
concept of cancer-related gene expression dysregulation by introducing N-genes
and T-genes as novel dysregulation patterns that can be leveraged in diagnosis,
tumor classification, and therapeutic interventions.

Keywords: Cancer; Combinatorial gene panel; Expression dysregulation; Only-normal
genes; Only-tumor genes

1. Introduction

The Human Genome Project of the 1990s opened the door to many large-scale omics
catalogs.! In the following decade, the field advanced further with the advent of
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high-throughput microarrays and next-generation RNA
sequencing (RNA-seq).”? These technologies enabled
the development of increasingly specialized databases
with a focus on biomedical applications.> A prominent
example is The Cancer Genome Atlas (TCGA), which
provides potentially crucial information on cancer
detection, treatment, and the fundamental biology
of oncogenesis.*> TCGA hosts extensive genomic,
epigenomic, transcriptomic, and proteomic data on tumor
and normal tissue samples for 33 cancer types.® All of
this data are publicly available for mining and analysis
in pursuit of discovering specific genetic markers and
targets.® As expected, the current analyses of TCGA data
reflect the scale and complexity of this experimental feat
of collecting such a vast amount of data.”® However, a
definitive consensus on the most adequate set of genes for
diagnosis and therapy remains elusive.

Gene discovery relevant to carcinogenesis and tumor
progression is partially guided by the assessment of gene
dysregulation based on both statistical and biological
significance.’ The paradigmatic kind of gene dysregulation
is differential expression,'® whereby a gene is expressed
differently in a tumor compared to a normal tissue.
Conventionally, differential expression is associated with
cancer only when there is a marked deviation from normal
expression levels, typically defined in terms of average
values across tumor and normal samples. However, as
emphasized by several authors,"*** framing gene expression
dysregulation solely in terms of central tendency can
hinder gene discovery in translational cancer research.
Indeed, gene expression levels in tumor or normal tissue
samples may differ in their variance or distribution, even
when mean values remain unchanged. Consequently, the
detection of differential dispersion'** and differential
distribution' provides a broader perspective on human
cancer-related genes by addressing the shortcomings of
standard differential expression protocols. Despite their
important contributions, these alternative techniques often
rest on distributional assumptions that may not reflect
the regulatory dynamics of many genes, such as those
involved in circadian rhythm control.® To the best of our
knowledge, the field still lacks sufficiently flexible methods
to detect diverse patterns of gene expression dysregulation
beyond changes in central tendency.

In this context, we identify novel candidate genes for
cancer therapy and diagnostics by applying an original
non-parametric approach to gene expression profiles
from the TCGA database. Rather than relying on uniform
characterizationsbased onaveragesorspecificdistributional
shapes, we explore gene-dependent definitions of normal
and tumor-like expression using intervals that encompass

either all normal or all tumor samples. This allowed us to
identify genes that serve as classifiers without false positives
or false negatives when distinguishing tumor and normal
tissue within the training data. We refer to these as T-genes
(differentially expressed only-tumor genes) and N-genes
(non-differentially dysregulated only-normal genes). These
genes are characterized by specific expression intervals
that are exclusively populated by tumor and normal tissue
samples, respectively. By combining N- or T-genes, we
constructed compact gene panels — referred to as “perfect
gene panels” - that perfectly discriminate between tumor
and normal samples within the training data.

Our core procedure resembles formal concept
analysis'®* and rough set theory (RST),** both with a
growing number of applications in omics. The main scope
of these techniques is to discover patterns (namely, formal
concepts or rough sets) in multivariate data, where a set of
attributes is made to correspond to a set of objects through
a specific relation.***! This is precisely the framework
under consideration, with the following mapping: genes
take the role of attributes, clinical samples correspond to
objects, and gene expression profiles define the relation
between them."® Our sets of N-genes and T-genes define
both formal and attribute-oriented concepts,***! where the
extents of these concepts correspond to either tumor or
normal samples, depending on the concept type. Moreover,
the perfect gene panels align with the notion of a reduct in
RST,** in the sense that none of their gene members can
be removed without compromising the panels ability to
perfectly classify samples.

Perfect gene panels appear in various forms, depending
on the location of tumor-exclusive or normal-exclusive
intervals within the gene expression space. Some of these
panels have a clear interpretation within the state-of-the-
art taxonomy of driver genes, provided an interventionist
proof of their causal power. For instance, certain panels
feature a single gene whose over-expression signals a
tumor - a behavior akin to oncogenes. Conversely, for
other panels, a single non-silenced gene is an indication of
a tumor-free sample, which fits our current understanding
of tumor suppressor genes. Other panels may include
cooperative tumor suppressor genes, oncogenes, and
oscillatory genes.

In this paper, we explore 12 solid tumors among the
33 cancer types in TCGA. For each tissue analyzed, we
identify perfect gene panels with potential applications in
diagnosis and therapy. By design, perfect panels achieve
zero false positives or false negatives within the training
data. Notably, one T-gene panel for lung adenocarcinoma
(LUAD) also demonstrated high sensitivity and specificity
in an external dataset.
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The remainder of the article is structured as follows.
Section 2 (Materials and Methods) provides a detailed
and thorough account of our methodology. In Section 3
(Results), we illustrate our workflow for a case in point
(namely, LUAD) and summarize our findings for the
other selected cancer types. In addition, we provide a
validation analysis of our gene panels in different datasets.
Section 4 (Discussion) addresses gene dysregulation as
conceptualized in this study, highlighting how it enables us
to better understand homeostasis and cancer. We further
examine potential applications of the proposed gene panels
and their role in tumorigenesis. Section 5 (Conclusion)
summarizes the key findings and offers an outlook for
future translational research based on this framework.

2. Materials and methods
2.1.Data

TCGA is a publicly accessible database of gene expression
profiles drawn from cohort studies involving hundreds of
normal tissue and solid tumor biopsy samples, classified
by histopathological techniques.® Expression profiles were
obtained through RNA-seq, capturing 60,483 genes per
sample. TCGA reports gene expression values using the
standard units of fragments per kilobase of transcript per
million mapped reads. The size of the dataset varies with
the cancer type and is consistently skewed toward tumor
samples.

We selected 12 cancer types from TCGA for a systematic
analysis (Table 1). These cancers manifest as solid tumors,
particularly affecting the liver, breast, colon, head and neck,

Table 1. Cancer types, the cancer genome atlas abbreviations,
and the number of samples

Cancer types Abbreviation Normal Tumor
samples samples
Breast invasive carcinoma BRCA 112 1,096
Colon adenocarcinoma COAD 41 473
Head and neck squamous cell HNSC 44 502
carcinoma
Kidney renal clear cell carcinoma KIRC 74 539
Kidney renal papillary cell KIRP 32 289
carcinoma
Liver hepatocellular carcinoma LIHC 50 374
Lung adenocarcinoma LUAD 59 535
Lung squamous cell carcinoma LUSC 49 502
Prostate adenocarcinoma PRAD 52 499
Stomach adenocarcinoma STAD 32 375
Thyroid carcinoma THCA 58 510
Uterine corpus endometrial UCEC 23 552

carcinoma

kidneys, lungs, prostate, stomach, thyroid, and uterus. We
included five (out of six) of the most common cancer types
(breast, lung, colon, prostate, and stomach), each with
an incidence of over a million cases in 2020. Among the
selected cancer types, there were also the most common
causes of cancer death (lung, colon, liver, stomach, and
breast), each accounting for over half a million deaths in
2020 (worldwide statistics reported by the World Health
Organization®).

The selection of cancer types for our systematic study
was motivated by the number of normal samples available
in the data. For the cases under study, TCGA reports more
than 20 normal samples per cancer type. Notably, achieving
a reliable discrimination between normal and tumor
tissues based on gene expression profiles required both
normal and tumor samples to be adequately represented
in the datasets.

2.2. Pre-processing of data

Gene expression distributions tend to be heavy-tailed,
with many low-frequency outliers.”” RNA-seq is known to
be inaccurate at detecting low expression levels and may
produce spurious null readings for genes that are nearly
silenced.®® To avoid artifacts associated with the low-
expression region, we set all values below 0.1 fragments per
kilobase of transcript per million mapped reads to zero.
Moreover, we excluded all genes with non-zero expression
in fewer than 5% of normal samples and fewer than 10% of
tumor samples from the analysis.

2.3. Expression dysregulation patterns

We searched for genes that exhibit specific dysregulation
patterns. In our framework, a gene conforms to a
“differential expression” pattern if all normal samples
express it in a certain manner (specified below), while a
significant number of tumor samples exhibit a distinctly
different expression. Conversely, a gene conforms to a “non-
differential dysregulation” pattern if all tumor samples
express it in a certain way, while a substantial number of
normal samples express it differently. Non-differential
dysregulation can be interpreted as the dual category of
differential expression, achieved by swapping the roles of
normal and tumor samples. By monitoring the expression
values of a differentially expressed or non-differentially
dysregulated gene, we can classify samples with no type I
errors — i.e., no false positives for tumors in the case of
differential expression and no false positives for normal
samples in the case of non-differential dysregulation.

For simplicity, this study focuses on four types of gene
sets, each named to reflect the classificatory potential of its
individual gene members. Let x represent a class of samples,
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either normal (N) or tumor (T). Genes that are only intervals may not be sufficient to be included in the only-
expressed above or below a threshold level for class x are N-below class.
referred to as “only x above” or “only x below;” respectively.

» o«

Specifically, we examined the “only-T-above,” “only-T- 2.5. statistically significant expression

below;” “only-N-above,” and “only-N-below” gene sets. By dysregulations

combining the “above” and “below” within the same class, The significance of dysregulation patterns within the
we obtained the full sets of T-genes and N-genes. Notably, T-only and N-only sample subsets can be assessed using
a single gene may simultaneously belong to both the only- Fisher’s exact test” to filter out genes exhibiting such
T-above and only-N-below groups. patterns by chance.

2.4. Data digitalization Verifications show that with a p=0.01 and the sample

sizes in Table 1, a dysregulation pattern is significant
when observed in approximately 5% of normal samples
(N-only subset) or 10% of tumor samples (T-only subset).
We applied these thresholds, respectively, across all cancer
types. This threshold justifies the exclusion of certain genes

from analysis and explains why some genes identified in

Figure 1 shows the distribution of expression values for the previous subsection do not appear in the only-N-below
PYCRI1, ALDHI8A1, and TRIM27 genes in normal lung set.

and LUAD samples. Notably, all three genes contain only-T
intervals above the common N-T region. The number of 2.6. Expression dysregulation matrix
tumor samples in the only-T interval is significant (above
90% of the tumor population). Thus, they may be included
in the only-T-above set of genes.

We explicitly defined normal and tumor expression
intervals for each gene. In each case, the populated
expression space can be segmented into three regions:
“N-only,” “N-T,” and “T-only” subintervals, which were
associated with the ternary values -1, 0, and 1, respectively.

Gene expression profiles were encoded into a matrix where
each column corresponded to a clinical sample and each
row represented a significantly dysregulated gene. The

These genes also show N-only intervals below the N-T matrix entries, derived from the prior data digitalization
region. However, the number of samples in the N-only step, were assigned values of -1, 1, and 0, indicating
ALDH18A1 TRIMZ7
PDF PDF
0.25
0.4
0.20
03 f—
0.15 Normal
~—— Tumor
0.10 2% 4
0.05 0.1
:
000 FPKM 00 5 1 15 20 2
PYCR1
PDF No of samples
0.35¢
030! 400
0.25}
300
0.20}
0.15! 200
0.10;
100
0.05}
89 2 % ) so M 10 15 20 25 30 35 40 o0

Figure 1. The Cancer Genome Atlas-Lung adenocarcinoma gene expression data for three “only-T-above” genes forming a perfect panel. Smooth
probability density functions (PDF) are shown as solid lines, whereas the maximum of the normal set of values (the threshold) is marked by a dashed line.
There are intervals for each gene common to both normal and tumor samples (expression values below the threshold), and “T-only” intervals populated
only by tumor samples (expression above the threshold). The histogram shows that there is at least one dysregulated gene, i.e., with expression above the
threshold, for each tumor sample; thus, the panel correctly classifies all of the normal samples with 0 dysregulated genes and all of the tumors, which show
at least one dysregulated gene.

Abbreviation: FPKM: Fragments per kilobase of transcript per million mapped reads.
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whether the gene’s expression interval was N-exclusive,
T-exclusive, or shared by N and T. This matrix structure
provided all the necessary information for constructing
perfect gene panels.

2.7. Perfect panels

Differentially =~ expressed  and  non-differentially
dysregulated genes often form large pools containing over
a thousand members, which are impractical for real-world
applications. In genetic-based hereditary risk assessment,
diagnostics, and therapy, smaller gene panels (comprising
5 - 50 genes) are often preferred.”

Due to the low dimensionality of the gene expression
data,” it is possible to extract compact panels from these
large gene sets. In particular, panels can be designed
to perfectly classify all normal and tumor samples
collectively, with the additional requirement that removing
any member from the panel would compromise this
classification accuracy.

These panels can be identified using a concept similar
to, but distinct from, reducts in RST,*>** which we termed a
formal-concept reduct. To the best of our knowledge, this is
the first presentation of formal-concept reducts,* although
more stringent related concepts have been proposed by
Zhang.*®

Our algorithm for constructing perfect panels is based
on progressively maximizing sensitivity. At each step, we
iteratively add the differentially expressed genes that are
most dysregulated in tumor samples not yet identified by
the current panel (i.e., those samples where the included
genes show no dysregulation), until all tumor samples are
discovered.

The equivalent procedure involves iteratively adding
the non-differentially dysregulated gene that most
frequently exhibits normal regulation in the remaining
undiscovered normal samples (i.e., those in which the
genes already included are dysregulated) until all normal
samples are discovered. If, at any iteration, there is gene
selection ambiguity, we prioritize the most redundant
candidate - ie., the gene whose dysregulation pattern
overlaps maximally with existing panel members across
already classified samples. Further ambiguities are resolved
by arbitrarily selecting the first candidate in the list.

Panels constructed this way are minimal: no gene can
be removed without compromising perfect classification.
However, they are not necessarily the smallest collection of
genes achieving such goal nor are they necessarily unique.
Modifying ambiguity-resolution criteria may give rise to
different and/or smaller gene sets that can achieve perfect
discrimination between normal and tumor samples, while

remaining irredundant. In practice, these panels comprise
1 - 20 genes, making them suitable for cancer diagnostics.*

In the example considered in Section 2.4, the three-gene
set constitutes a perfect panel for the only-T-above class. In
its expression dysregulation matrix, normal samples show
expression values of —1 or 0. Every tumor sample has at
least one dysregulated gene (value 1) in the panel, as shown
in the histogram of Figure 1. Thus, this panel exhibits no
false negatives or false positives.

3. Results

First, we note that, in the average cancer type, only nearly
3% of the genes qualify as N-genes. The observation that
more than one-third of the genome, and the vast majority
of classifier genes, fall within the T-gene category aligns
with cancer’s characterization as a high-entropic state of
gene regulatory networks>* and is an indication of the
abundance of potential genetic triggers for cancer.

Perfect panels constructed according to our procedure
are summarized in Table 2. When no perfect panel exists,
we reported the size of the minimal gene set that classifies
the largest sample subset. Notably, only-T-above and
only-T-below panels may include oncogenes and tumor
suppressors, respectively. As shown in Table 2, all 12 cancer
types exhibit perfect panels of both T-types.

Conversely, perfect panels with only-N-above or only-
N-below genes appear irregularly in some tissues (Table 2).
Specifically, breast invasive carcinoma (BRCA), head and
neck squamous cell carcinoma, kidney renal clear cell
carcinoma, kidney renal papillary cell carcinoma, LUAD,
prostate adenocarcinoma, and thyroid carcinoma contain
only only-N-above, uterine corpus endometrial carcinoma,
colon adenocarcinoma (COAD), lung squamous cell
carcinoma, and stomach adenocarcinoma contain both
N-types, while liver hepatocellular carcinoma contains
only only-N-below.

An inventory of perfect gene panels for the 12 types of
cancer under study is presented in the Supplementary File.
Notably, some cancer types can be perfectly classified using
a single gene. This is the case for COAD with SCARAS5,
kidney renal papillary cell carcinoma with UMOD, and
uterine corpus endometrial carcinoma with either PLSCR4
or TBCI1D7.

4, Discussion

4.1. Gene expression dysregulation

Dysregulation in gene expression can promote cancer.”
Within this phenomenon, differential expression — where
genes show altered expression in tumors versus normal
tissues — represents the most extensively studied subset."

Volume 4 Issue 3 (2025)

62

doi: 10.36922/TD025190035


https://dx.doi.org/10.36922/TD025190035

Tumor Discovery

Highly accurate gene panels for cancer screening

Table 2. Summary of classifier genes per tissue

Set of genes LIHC BRCA COAD HNSC KIRC KIRP LUAD LUSC PRAD STAD THCA UCEC
Only-T-above *3/23,986 *6/15,361 ®2/17,536 °4/13,293 °4/22,654 *3/11,447 *3/20,274 *2/19,596 *8/8,093 °3/13,773 °5/5,744 *1/7,825
Only-N-above 11/40 210/739 *1/876 28/1,903 3/780 1/1,140 5/613 23/1,198  °14/1,415 °5/1,244 *11/794  *1/993
Only-T-below  *5/3,812  %6/6,701  °1/8,418  °5/2,093  °3/9,132 °1/10,263 *4/8,285  *2/9,404 *°15/3,865 °5/1,499 ?6/5,376 *1/7,443
Only-N-below *5/1,246 12/682 *2/297 6/1,339 8/191 5/214 8/449 *3/985 15/915  *5/2,536 17/92 *1/506

Note: Each column identifies a cancer type based on The Cancer Genome Atlas terminology. Each row represents a different set of classifier genes
(see main text for shorthand notation). Within each cell, we show the minimal number of genes that classify the largest number of samples, together
with the total number of genes of the same sort. *marks the minimal gene sets that constitute perfect panels.

Abbreviations: BRCA: Breast invasive carcinoma; COAD: Colon adenocarcinoma; HNSC: Head and neck squamous cell carcinoma; KIRC: Kidney
renal clear cell carcinoma; KIRP: Kidney renal papillary cell carcinoma; LIHC: Liver hepatocellular carcinoma; LUAD: Lung adenocarcinoma;
LUSC: Lung squamous cell carcinoma; N: Normal; PRAD: Prostate adenocarcinoma; STAD: Stomach adenocarcinoma; T: Tumor; THCA: Thyroid

carcinoma; UCEC: Uterine corpus endometrial carcinoma.

In cancer research, differential expression is often
deemed significant only when the deviation from
normal expression is substantial, consistent (i.e., always
upregulated or downregulated), and present across most
tumors.® A common practice is to define the lower and
upper bounds of normal gene expression as x0.5 and x2
a reference level, respectively.* Therefore, a gene can be
differentially expressed only if most tumors express either
>x2 or <x0.5 the reference value. In turn, any such gene
is considered differentially expressed when its expression
level crosses the specific threshold above or below which
most tumors are expressed.

From the outset, we contend that gene expression
dysregulation = comprises broader patterns than
conventional differential expression. Certain dysregulation
forms do not conform to either our definition of differential
expression or the conventional one used in the field. As a
result, these patterns are often overlooked in the analysis of
gene expression data.

For example, consider a gene with bimodal expression
distribution under normal conditions, such as those
governed by circadian oscillations. If these oscillations
are lost in tumor tissue, the gene may fall into the only-T-
inside category. While such genes were identified through
our data mining, they are not reported in this paper. Other
underreported categories, like the only-T-outside genes,
were also encountered.

Conversely, what we term as non-differential
dysregulation, corresponding to N-genes, is typically
overlooked. In our study, we focused on the only-N-above
and only-N-below classes, although the only-N-outside
and only-N-inside groups may likewise be present in
specific tissues.

It is worth emphasizing that in single-cell RNA-seq
expression analyses,® gene markers are routinely identified
for individual cell types under normal conditions.
However, to the best of our knowledge, this is the 1% time

that markers are introduced specifically for whole normal
tissue samples.

4.2. Panel validation

We provided two examples of panel validation using other
datasets. The first involves the SCARA5 gene in COAD.
Microarray readings from Khamas et al.”” demonstrate the
perfect classification capability of SCARAS5 (data available
at NCBI GEO,® accession GDS4382). Notably, this gene
has also been independently identified as a biomarker for
colorectal cancer.”

The second case concerns the LUAD dataset from a
comprehensive study of a Chinese cohort,® which includes
RNA-seq profiles from 51 tumor and 49 control samples.
We evaluated the performance of our perfect only-T-above
panel on this dataset. As shown in Figure S1, the genes
TRIM27, PYCRI, and ALDHI8AI fall within the only-
T-above class, as they exhibit significantly populated
T-exclusive intervals above the shared N-T expression
range. The histogram in Figure S1 confirms that the panel
remains perfect, achieving both maximal sensitivity and
specificity in classification. However, within this particular
cohort, the TRIM27 gene proves redundant and can be
removed without any loss in classification accuracy.

This finding raises an important question regarding the
minimal number of genes required to assemble a perfect
panel, and the extent to which that number remains robust
to variations in cohort size.

4.3. The minimal number of genes needed to
identify a tumor

The LUAD dataset® is particularly noteworthy, not only
because its cohort differs markedly from that of TCGA
but also due to its substantially smaller size, approximately
an order of magnitude fewer samples. Specifically, the
TCGA LUAD dataset comprises 59 normal and 535 tumor
samples. This prompts the question: how does the number
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of genes required for a perfect panel depend on the size of
the tumor sample set?

The results, summarized in Figure S2, revealed that in
the smaller external dataset, a single gene identifies 98%
of the tumor samples, and the addition of a second gene
completes the panel, achieving maximal sensitivity and
specificity without requiring TRIM27. In contrast, for
the larger TCGA dataset, the first gene alone covers only
95% of tumors, and the two-gene panel still leaves 1% of
samples unclassified. In that case, TRIM27 is necessary
to achieve full classification. These observations suggest
rare tumor variants emerge only in larger datasets. Their
low frequency means that they are often absent in smaller
cohorts, where simpler panels may suffice.

For illustration, a hypothetical cohort of 5,000 tumor
samples is also considered in Figure S2. In that scenario,
the 3-gene panel covers 99.7% of tumors, indicating that
a fourth gene would likely be needed to achieve complete
coverage. The figure also shows that saturation is reached
very quickly: the number of classified tumor samples
increases steeply with the addition of genes to the panel.
This strongly supports our assertion that a small number
of genes can effectively capture the global state of the Gene
Regulatory Network, consistent with the effective reduced
dimensionality of the tumor manifold.*

In summary, the expression distribution functions
used to define the panels depend on the sample set size.
When the sample size reaches the order of hundreds, the
distribution appears “saturated,” showing only minor
changes when the number of samples is further increased.

This insight allowed us to evaluate how our panels
would change with an increased number of normal
samples. For instance, assuming that the distribution
functions are saturated in BRCA (112 normal samples
and 1094 tumor samples), we performed re-sampling
to assess the performance of the six-gene only-T-above
panel found for BRCA (Supplementary File) under highly
imbalanced situations, such as 20 normal samples and 500
tumor samples. The results, shown in Figure S3, indicate
that while the panel size tends to decrease in the reduced
sets, notably, two genes from the original panel still classify
more than 95% of samples in all cases.

Thus, we expect, for example, that the single-gene
only-T-above panel found for uterine corpus endometrial
carcinoma (23 normal samples) may change as the normal
sample size grows, but the original gene will continue to
cover at least 85% of the tumor samples.

It is worth noting that Figure S3 can also be interpreted
as a form of validation of the six-gene only-T-above panel
for BRCA across different experimental conditions.

4.4. Cancer diagnosis, tumor taxonomy, and gene
therapy

Our construction of perfect gene panels follows a data-
driven approach to gene expression profiles that do
not require prior domain knowledge of the biological
relevance of individual genes in a given tissue. These
panels have an apparent value as candidate combinatorial
biomarkers for diagnosis, which could be further enhanced
by incorporating information about gene ontology and
function into our data mining process.

In addition, the perfect T-gene panels could be leveraged
in tumor taxonomy. Typically, tumor classification and
the associated therapeutic decisions are made based on
the most frequently mutated genes in a given tumor (for
example, Ruiz-Cordero et al.,** for lung cancer). However,
the classification is often incomplete, with a subset of
tumors assigned to the so-called “wild-type” category,
meaning that none of the genes in the reference panel
are mutated. In our framework, any perfect T-gene panel
enables a complete classification of tumors by providing the
list of dysregulated genes in each tumor sample. Moreover,
since multiple perfect panels may exist for a given tissue,
tumors could be fully classified under different but equally
valid criteria.

Consider, for example, the only-T-above panel for
LUAD, examined above. Both ALDHI10A1 and PYCRI
genes, related to glutamine metabolism, are known to
play an important role in lung cancer.®*%® The taxonomy
based on this panel indicates that around 98 % of LUAD
tumors rely on glutamine metabolism to foster cell
proliferation and induce an immune-suppressive tumor
microenvironment. In the remaining 2% of tumors,
cell proliferation is regulated by TRIM27 through the
SIX homeobox 3-f-catenin signaling pathway.®* These
statements reflect the known role of these genes and their
dysregulation frequencies in the tumor subpopulation.
Nevertheless, further research is needed to validate
these findings and translate them into therapeutic
recommendations.

Moreover, N- and T-genes included in the perfect
panels may have important applications in gene therapy.
Consider, for instance, a gene belonging to both N- and
T-groups, such as the AGER gene in LUAD. This gene
is silenced in tumors and strongly expressed in normal
samples. What happens if, through a transfection vector,
its expression were shifted from the N-region to the
T-region or vice versa? Such an experiment has already
been conducted on cellular lines,* and the results indicate
a significant change in the proliferation rate and invasion
capacity of both tumor and normal cells. These astonishing
results warrant further investigation.
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4.5. Other challenges

Several other challenges remain, such as the role of low-
expressed genes, the method’s performance in highly
heterogeneous tumors, and the possible impact of batch
effects. In principle, our gene panels are robust against
these concerns. Specifically, our N- and T-genes exhibit
distinct expression intervals populated only by a significant
fraction of N and T samples, respectively. They are not low-
expressed genes. Regarding batch effects, the TCGA data
used for panel discovery is largely free from such biases, as
all samples were processed using a consistent technological
framework and standardized procedures. For each tissue,
there is a single batch of normal samples and a single batch
of tumor samples. Concerning tumor heterogeneity, because
the taxonomy derived from a panel is comprehensive, the
panel should be capable of detecting tumors regardless of
their mosaic composition or degree of heterogeneity.

5. Conclusion

We have shown that it is possible to construct a
combinatorial gene panel that acts as a perfect biomarker
for cancer. By monitoring the gene expression profile of
the panel members, samples can be accurately classified as
either normal or tumorous. In some cases, it is possible to
classify a sample as tumorous based on the overexpression
of a single gene. However, this represents just one example
among various panel types, all of which are highly sensitive
and specific.

Our study analyzed 12 cancer types from the TCGA
database, encompassing many of the most prevalent
cancers in the world. Panels are provided on a per-
cancer-type basis, tailored to each specific context.
A comprehensive inventory of these panels can be found in
the Supplementary Information. Despite the fact that other
panels combining classifier genes could be constructed,
these are not discussed in the present paper.

While a single gene can have sufficient discriminative
power in one tissue, other tissues require panels of up
to nine genes to achieve the same level of accuracy.
Figure S4 shows the relationship between panel length
and the distance between the centers of the normal and
tumor sample clusters in gene expression space.®®% It is
evident that the shorter inter-cluster distances correspond
to greater overlap between normal and tumor expression
profiles, complicating classification and necessitating
larger panels. The figure also suggests that the inter-cluster
distance in gene expression space functions as a global
tumor classifier, a factor often overlooked in tumor studies.

Our gene discovery framework extends beyond the
paradigm of differential expression by introducing the

concepts of N-genes and T-genes, characterized by gene
expression intervals populated only by normal and tumor
samples, respectively. The construction of perfect gene
panels represents the first practical application of these
concepts, which we anticipate can be translated into
flexible and effective diagnostic tools.

In addition, this paper presents arguments supporting
the use of perfect panels in tumor taxonomy and highlights
their gene members as candidate targets of therapeutic
applications. Other potential applications, such as early
diagnosis and efficacy monitoring, alongside challenges,
like technical standardization and cost considerations in
clinical implementation, are particularly important and
warrant further attention. Research in this direction is
currently in progress.
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