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Cancers share common cellular and physiological features. Little is known about whether distinctive gene
expression patterns can be displayed at the single-cell level by gene families in cancer cells. The expression of
gene homologs within a family can exhibit concurrence and exclusivity. Concurrence can promote all-or-none
expression patterns of related genes and underlie alternative physiological states. Conversely, exclusive gene

Protocadherin i s . . .
Odorant receptor families express the same or similar number of homologs in each cell, allowing a broad repertoire of cell
Tumorigenesis identities to be generated. We show that gene families involved in the cell-cycle and antigen presentation are

expressed concurrently. Concurrence in the DNA replication complex MCM reflects the replicative status of cells,
including cell lines and cancer-derived organoids. Exclusive expression requires precise regulatory mechanism,
but cancer cells retain this form of control for ion homeostasis and extend it to gene families involved in cell
migration. Thus, the cell adhesion-based identity of healthy cells is transformed to an identity based on migration

in the population of cancer cells, reminiscent of epithelial-mesenchymal transition.

1. Introduction

Despite the diversity of cancers, they have common metabolic, his-
topathologic and genetic properties [1]. For example, the metabolism of
cancer cells is characterized by a hyperactive glucose uptake, followed
by a preferential fermentation into lactate, a phenomenon known as the
Warburg effect [2]. In terms of cell behavior, six hallmarks distinguish
cancer cells from healthy cells: they grow independently of growth
signals (i.e. cells can grow without growth factors), resist anti-growth
signals from contact inhibition and cell adhesion, avoid apoptosis,
possess limitless replicative potential, induce angiogenesis, and invade
tissues [3].

Genetic alterations, such as point mutations and copy number al-
terations, affect only a few common oncogenes and proto-oncogenes,
which act as early clonal drivers [4]. Half of early clonal driver muta-
tions are located in less than ten driver genes, whereas subclonal mu-
tations affect four times more genes, indicating a progressive increase in
genetic heterogeneity during tumorigenesis [4]. Many mutations are
mutually exclusive or co-occurrent (concurrent) in pathways or gene
families of individual patients [5,6], indicating the importance of het-
erogeneity in the genetic signatures of cancer.

Non-genetic processes also contribute to heterogeneity. For example,
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tumor expansion leads to cell crowding, which in turn alters gene
expression by increasing heterogeneity (noise) in the expression of genes
involved in the epithelial-mesenchymal transition [7]. Phenotypic het-
erogeneity can have multiple sources [8,9], making it challenging to
identify differentially expressed genes in tumors in bulk assays [10,11].
Therefore, spatial or single-cell analysis is likely to help identify relevant
alterations. Gene expression heterogeneity in cancer cells can affect
their response to therapy [12], underscoring the importance of
analyzing heterogeneity in single-cell expression, which we explored in
this study.

To identify gene expression patterns in populations of single cancer
cells, we analyzed stochastic gene choice in gene families, focusing on
exclusivity and concurrence [13]. Gene families are groups of homolo-
gous genes within a species, originating from a common gene ancestor,
typically through gene duplications. This process can occur surprisingly
rapidly during evolution [14,15]. Homologous genes may have distinct
tissue-specific expression, or encode enzymes with different catalytic
activities and substrate specificities. For instance, the largest gene family
in mammals encodes a thousand or more odorant receptor homologs
[16], each recognizing a specific odor. Each olfactory neuron expresses a
single odorant receptor homolog, exemplifying exclusive stochastic gene
choice. Similarly, each T-cell chooses one gene homolog from the
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repertoire of T-cell receptor genes, determining the type of antigen the
cell will react to [17-19].

Exclusive gene choice from a large repertoire requires precision and
complex control mechanisms that enable the simultaneous activation of
a single gene, its long-term stability of expression, and the suppression of
all other related genes [20]. Other gene (sub)families, like the clustered
protocadherin-alpha, also achieve exclusivity but typically two gene
homologs are chosen for expression, which shows that exclusivity is not
necessarily synonymous with the expression of a single gene homolog
[13]. Furthermore, not all cells express the same number of homologs. In
a broader probabilistic (stochastic) sense, exclusivity implies that most
cells express a specific number of gene homologs, with some cells
deviating from this number. The result is a small variance in the number
of expressed homologs (Fig. 1a, left panel).

In contrast, a large variance in the number of expressed gene ho-
mologs in the cell population indicates concurrence (co-occurrence)
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(Fig. la, right panel). Few families display exclusive gene choice, as
most homologous genes retain co-regulation [17]. If the genes are
co-regulated, they will tend to display concurrent, and in extreme cases,
all-or-none expression patterns, which can create alternating physio-
logical states. On the other hand, exclusive expression serves as a source
of phenotypical diversity in the context of a single physiological state.
For example, all clustered protocadherins share the same physiological
role of mediating cell-cell adhesion, but the expression of different ho-
mologs in each cell and their varying binding with neighboring cells
confer distinct cell identities, which underlies the formation of neuronal
networks.

In adult mice, gene families other than the above prototypical gene
families can exhibit exclusivity, and they typically function in cell
adhesion and ion homeostasis. Little is known about how stochastic gene
choice is controlled in cancer cells.
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Fig. 1. Patterns of stochastic gene choice in cancers. a, Gene choice in a gene family with four homologs. Each homolog’s expression is indicated by a circle in one of
four colors. The cell’s background color (gray scale) shows the number of expressed homologs per cell. The exclusive pattern mainly features cells expressing a single
gene. The concurrent pattern shows most cells expressing either no genes or all four, with a few cells expressing three genes (created with biorender.com). b, Each
black line corresponds to a single cell, with cells expressing the same number of homologs sharing the same field color in the heatmap for an exclusive gene family in
the Glioblastoma MGH151 dataset. Less than 5 % of the cells express more than two genes (typically the fixed pair of NKAIN3 and 4). ¢, Heatmap of a concurrent
family. d, The 95 %CI of the IC of the TCL breakpoint-associated target 1-related (TCBA) and the RFC/DNA polymerase III y-t subunit (RFC) families. The horizontal
dashed line denotes IC = 1. (e-f), The number of expressed homologs per cell is calculated from (b, ¢) (blue histogram). The histogram with the black edges denotes
the Poisson-binomial distribution calculated from the gene expression frequency. The arrows show the difference between the modes of the two distributions.

2535



S. Mondal and A. Becskei

2. Materials and methods
2.1. Datasets and cell classification

Cancer datasets, along with the tissue of origin and the condition
(cancer/normal), are described in Table S1 [21-32]. It contains also
datasets of two melanoma cell lines [33,34]. Cells were classified with
MarkerCount [35], which requires a marker gene set. For this purpose,
CellMarker 2.0 was used [36]. Cells not endogenous to the cancer and
unidentified cell were filtered out (Table S2).

Each dataset must contain a total number of N; >100 cells after the
eliminations. To ensure robust inference, we excluded datasets from
further data analysis if the 10th percentile of the number of the detected
genes per cell (dgpc) did not exceed 2000 genes. If dgpc <2000, we
eliminated cells with the lowest coverage from the dataset to reach the
2000 dgpc threshold.

2.2. Dichotomization of gene expression

After the cell classification and filtering, a specific threshold was
calculated for each gene family, which was used to dichotomize the RNA
count into binary on/off expression states [17]. The gene family list was
obtained from PANTHER 15.0 [37].

First, we assembled an RNA count distribution that is composed of all
genes in the specific gene family. The geometric trimmed mid-extreme
(GTME) threshold was applied for datasets with TPM units:

V/X0.025°X0.975, N > 120
GTME =

> XY X N < 120

if g is the set of all genes in a gene family (GF), then, xo975 =
max(Xg 0075 : 8¢GF), where xg 0975 is the 97.5 percentile expression
value of a gene in a cell population. Correspondingly, X 25
min(Xg o025 : §¢GF). N is the number of cells with TPM >0.5.

The fraction of the maximum (FM) threshold was applied for datasets
with Unique Molecular Identifier (UMI) counts since it approximates
better the fitted probability mass functions [17].

X0.975
, N > 120
10 ° -

FM =

Zﬁ\iNfzxi
===—=_'N < 120
10
N is the number of cells with count >0.

When N < 120, x; is the expression value of the cells with ordered
TPM / UMI values.

2.3. Interdependence coefficient (IC) calculation and classification of
gene families

IC is the ratio of the observed variance of the number of gene ho-
mologs chosen to be expressed in a family to the variance of the Poisson-
binomial distribution expected from the on-state frequencies [13,38]:

No

where 62, = Z (1—-pi)pi

i=1

2
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IC =

The Poisson-binomial distribution is also known as the generalized
binomial distribution. p; is approximated by the on-state frequency for
N, > 100, where N,is the number of cells in the sample.

Bootstrapping was performed to calculate the 95 % confidence in-
terval (CI) of IC by resampling of cells with replacement. Resampling
was performed 10,000 times for each family and IC was calculated for
each resampling.
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Gene families that fulfilled two criteria, non-zero genes >3 and mean
gene per cell (mgpc) > 0.1, were selected for further analysis. The first
criterion ensures sufficient diversity in the gene repertoire, and it is
motivated by the four-color theorem according to which four genes are
sufficient to impart unique identities among neighboring cells in a plane
[17]. The second criterion excludes gene families with scarce
expression.

Gene families with a 95 %CI of the IC less than 1 were classified as
exclusive. Gene families with a 95 %CI of the IC greater than one were
classified as base concurrent.

The gene families were ranked according to their mgpc values to
select families with excess concurrence. The ten nearest neighbors of
every candidate family, 5 on each side, were analyzed. If at least nine of
the ten nearest neighbor families have non-overlapping 95 %ClIs, the
candidate family is considered concurrent in excess. For the five families
with the lowest mgpc levels, the candidate families had more neighbors
with higher ranks than with lower ranks. The five families with the
highest ranks were not included in the analysis due to the concomitant
surge in both mgpc and IC values. Further subclasses of concurrent
families are described in Table S3.

2.4. Statistical analysis of contingency tables

The odds ratio and the P-value for the Fisher’s exact test were
calculated with the R function fisher.test.

In the first type of contingency table, two different properties (cat-
egories) were compared to assess, for example, whether exclusivity
(exclusive vs non-exclusive families) is associated with pathology
(families in healthy versus tumor cells). Thus, the contingency table is
defined by two categories.

In the second type of contingency table, the same property (category)
was compared in two different samples or conditions. For instance, it
was used to assess whether exclusive families in two different tissues co-
occur beyond random coincidence.

The two-tailed Fisher test was used and the significance level was
a = 0.05 for both cases.

2.5. Differential gene expression analysis

In differential gene expression analysis, the expression of genes was
compared between tumor and healthy samples after cell type classifi-
cation and selection. Wilcoxon test (Mann-Whitney U) was used for
asserting significant change, following the method described in [39].
For this purpose, TPM values were normalized resulting in TMM
normalized TPM (Supplementary Methods), before applying the Wil-
coxon test.

The log2 fold change is equal to:
og < mean(tumor TMM normalized TPM) + 1 )

2\ mean (periphery TMM normalized TPM) + 1
2.6. Multiple testing correction for differential gene expression analysis

For multiple testing correction, we utilized a step-down multiple
testing procedure, termed minP [40], which yields adjusted P-values.

After obtaining the original Wilcoxon (Mann-Whitney U) two-tailed
P-values, they are arranged in ascending order as p1,p2,...,px, where k
stands for the total number of genes. Next, the cells were shuffled
randomly between the two conditions and a permuted healthy and
tumor expression data was obtained. After calculating Wilcoxon (Mann-
Whitney U) two-tailed P-values for the permuted set, they are arranged
in order of the original ascending P-values. Since these permuted P-
values are out of order, g-values are obtained by defining successive
minima as follows

p; are the permuted P — values
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The g-values for all the k genes are obtained for N = 10,000 per-
mutations of the cells and whenever, g; < p;, COUNT; is increased by 1.
Then, another set of P-values (denoted as ﬁgg’) for gene i) is obtained by
dividing the final value of COUNT; by N (for all the genes). To obtain the
final adjusted P-value, successive maximization is used to enforce
monotonicity as follows

~(N) ~(N) ~(N)
P <MmaX\Pu):P(

=) ~(N)  (N)
Dy <MaAX\P-1): Pk

)

2.7. Permutation test for the change in IC between healthy and tumor
samples

We carried out a permutation test to assess if the change in IC was
purely by chance (null hypothesis). Dichotomized data were shuffled
between the two conditions, and IC was recalculated for the permuted
tumor and healthy samples.

100,000 permutations were performed. The two-tailed P-values for
the IC change were calculated based on the Monte Carlo sampling per-
mutation test method [41]:

1+ Z?il“ti

1+N

>t -t |

The squared brackets denote the index function, where t* is the original
IC change, t; is the IC change of the ith permutation, t is the mean of all
the shuffled IC changes, and N = 100,000. A pseudo-count of 1 is used to
prevent p = 0. Therefore, the smallest P-value is 0.00001.

After obtaining the P-value using the permutation test, multiple
testing correction was applied using the Bonferroni-Holm method to
control the family-wise error rate.

2.8. Assessment of overrepresentation of concurrent and exclusive gene
families

The binomial test for overrepresentation was employed to identify
conserved families across all tumor samples or within specific cancer
types. The P-value was calculated from the one-tailed binomial test, with
the significance level described below:

P —value = Z Pr(X =1i)

.

n is the total number of cancer samples. n, is the average frequency of
the concurrent / exclusive families across the cancer samples:

n

>

i=k

n

= )ﬂoi(l - ﬂu)nii

i
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To

d is the total number of detected exclusive or concurrent families,
whereas fi, is the total number of families with more than 3 genes in the
PANTHER dataset [37]; fror = 1144.

For all cancer samples, ny,; = 76. When enrichment in specific types
of cancer was calculated, then the number of samples in that cancer type
was utilized.

Each exclusive/concurrent family has a number of occurrence, k. The
maximum possible k = n. For all possible values of k, the P-value (p) is
calculated. Since this is equivalent to performing the calculation f,,
= 1144 times, the significance level is adjusted with Bonferroni multiple
testing correction: o = 0.05/1144 = 4.3-10~>. This correction for mul-
tiple testing is very stringent [42].

2.9. Gene ontology (GO) enrichment

We obtained GO enrichment with the enrichGO command in Clus-
terProfiler version 4.8.2 in R (Bioconductor version 3.17) [43]. We used
Human annotation found in org.Hs.eg.db [Carlson M (2019). org.Hs.eg.
db: Genome wide annotation for Human. R package version 3.8.2.],
along with GO information from GO.db [Carlson M (2019). GO.db: A set
of annotation maps describing the entire Gene Ontology. R package
version 3.8.2.] for the enrichGO function. False discovery rate (FDR) is
calculated using the Benjamini-Hochberg method [44]. After obtaining
the results from enrichGO, filtering was applied to obtain a subset of
interest for this study.

GO enrichment was calculated for the families that were over-
represented in either all cancers or a specific cancer type (Section 2.8).
Any gene that is not expressed in any cell is excluded from the GO
analysis (e.g. OPN1MWS3 in exclusive families). Separate GO enrichment
analyses were run for exclusive and concurrent families. After obtaining
the GeneRatio and BgRatio from enrichGO, fold enrichment is calculated
by dividing the GeneRatio (ratio of the number of genes in the list
associated with a GO term to the total number of genes in the list) by the
BgRatio (ratio of the number of genes in a GO term to the total number of
genes in the genome). In Tables S6 and S7, GO terms with adjusted
p < 0.05 are listed that meet the criteria regarding the number of fam-
ilies associated with a GO (fago).

3. Results

3.1. Detection of exclusive and concurrent gene families in single-cell
RNA-seq datasets

Single-cell RNA-seq data were pre-processed to select the appro-
priate cells for the data analysis. Cells not endogenous to the cancer,
such as immune cells, endothelial cells, fibroblasts, etc. were removed.
Some of the cells have low gene coverage, and consequently, the number
of detected marker genes is insufficient to identify the cell type. The
exclusion of unidentifiable cells can improve the gene coverage in the
remaining population (Supplementary Fig. 1), and they were also
excluded. After these exclusions, 76 higher quality datasets remained
that met the conditions for sufficient cell number and gene coverage
(Section 2.1); most of these datasets were obtained from brain tumor
samples.

After dichotomizing the RNA counts, each gene was assigned to a
binary (on/off) expression state from which the interdependence coef-
ficient (IC) was calculated (Sections 2.2, 2.3, Fig. 1b-c, Supplementary
Fig. 2) [13,38]. The 95 % confidence interval (95 % CI) of the IC is
below one for exclusive gene families and above one for concurrent
families (Fig. 1d). For example, gene choice in the T-cell lymphoma
breakpoint-associated (TCBA) family is exclusive in a glioblastoma
dataset: IC = 0.66 (95 % CI, 0.53-0.80). This family encodes four gene
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homologs, NKAIN1-4 [45]. Most cells express one homolog, approxi-
mately one-third of the cells express none, and less than 5 % of the cells
express more than two homologs (Fig. 1b). The number of homologs
each cell expresses is more narrowly distributed than expected from a
Poisson-binomial distribution (Fig. 1e). This peaked distribution in-
dicates the precision of regulation in this gene family, ensuring that each
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cell expresses a similar number of gene homologs with a mean number
close to one (mean gene per cell = 0.77).

A similar mean number of homologs is expressed by the RFC/DNA
polymerase III family (mean gene per cell = 0.82), but the cells express a
broadly varying number of homologs, with many cells expressing either
all four RFC genes or none at all (Fig. 1c, f). Consequently, gene choice is
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Fig. 2. Concurrence in the DNA replication licensing factor MCM family. a, The MCM family (arrow) displays excess concurrence in 61 out of 76 cancer datasets
(frequency = 80 %). The histogram shows the binned frequencies of all concurrent (gray) and exclusive (yellow) families. b, Single-cell expression heatmap of the
MCM family in the MGH151 glioblastoma dataset ¢, The MCM2-7 genes of the family encode the proteins that form the hexa-dimeric replication complex. (d-g) The
95 %CI of the IC of the MCM (blue) and the 5-5 neighboring families (gray) ranked according to an ascending value of mean gene per cell. CRC S3 healthy (g) stands

for healthy colon tissue obtained from a patient with colorectal cancer.
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concurrent: IC = 1.66 (95 % CI, 1.34-1.98).

These two families well illustrate the biological basis of concurrence
and exclusivity, as detailed below. The expression of all homologs of the
RFC family in a single cell is meaningful since all homologs of the
Replication Factor C comprise the hetero-pentameric protein complex,
consisting of RFC2 (40 kDa), RFC3 (38 kDa) RFC4 (37 kDa) RFC5
(36 kDa) and the non-family-member RFC1 (140 kDa) [46]. The for-
mation of a single protein complex from five different proteins defines a
single physiological state, the ability of the cell to replicate. In contrast,
the NKAIN genes encode a protein that interacts with the bl subunits of
Na'/K'-ATPase, and only one protein interacts with the ATPase,
modulating its activity. Thus, the complexation of NKAIN genes serves
to increase the diversity of ATPase function in the cell population.

Most gene families are concurrent, which is likely explained by two
factors, specific and inherent correlations. Firstly, homologs derived
from a single gene ancestor often retain their original regulation, and
genes and mRNAs regulated by the same pathway show coherent
expression states [17,47-49]. Secondly, homologs have similar lengths,
which entail common modes of control in transcription or mRNA
degradation [47,50], as well as similar susceptibility to technical noise
in the measurement of RNA [50], which introduce inherent correlations
to most homologs. Therefore, we aimed here to identify true concurrent
families that surpass the base concurrence due to the inherent correla-
tion of homologous genes.

Inherent correlations of the homologs add up, as evidenced by the
positive correlation between the mean gene per cell and the IC of each
family (Pearson correlation, p = 0.76 and 0.54 for the S2 glioblastoma
tumor and healthy cells, Supplementary Fig. 3 and Text). Therefore, we
introduced the concept of excess concurrence that indicates the degree
by which the IC of a family exceeds the IC of families with a similar
number of expressed homologs. In the glioblastoma tumor and healthy
cells, 52 % and 27 % of families displayed base concurrence (95 % CI of
IC > 1), respectively. Next, we ranked families according to their mean
number of expressed homologs, and compared the 95 % confidence in-
tervals of the ICs of the 10 nearest neighbors (Section 2.3). If the 95 %CI
of a given family surpassed that of all or all but one of its neighbors, we
classified them as exhibiting excess concurrence. In this manner, only
1.9 % and 1.4 % of the families showed excess concurrence (Supple-
mentary Fig. 3e, f), representing a small fraction of families with base-
line concurrence.

3.2. The excess concurrence of the MCM gene family reflects the
replicative status of cells

We identified gene families with excess concurrence across all cancer
samples. The replication-licensing factor MCM family emerged as the
most prevalent concurrent family, exhibiting excess concurrence in
80 % of the samples (Fig. 2a-c). Therefore, we conducted a more
detailed analysis of this family. One of the glioblastoma datasets pre-
sents a unique opportunity to compare cancer cells with healthy cells in
the tumor periphery in two different patients (S2, S4) [21]. In healthy
cells (S2), the MCM family displayed an IC comparable to neighboring
families, indicating no excess concurrence (Fig. 2d). In contrast, the
MCM family exhibited strong concurrence in tumor cells, with no
overlap of confidence intervals relative to neighboring families (Fig. 2e).
Another glioblastoma (S4) had an intermediate concurrence (Fig. 2f)
with two overlaps, which may indicate a lower grade of this tumor.

Since neurons and glia in adult human do not replicate or do so
minimally, while tumor cells replicate frequently [51-53], the above
results suggest that the excess concurrence reflects the replicative po-
tential of the cells. We examined other cell types, as well. Healthy colon
cells had an IC 1.8 times higher than the average of the neighboring
families, but the confidence intervals overlapped with more than three
families, indicating a borderline concurrence (Fig. 2g, Table S3). Thus,
the concurrence level of the MCM family in the normally proliferating
colon cells is intermediate between postmitotic neurons and rapidly
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proliferating tumor cells in glioblastoma. While the MCM family was
concurrent in most tumors, it was not so in half of the oligoden-
drogliomas. This aligns with the fact that patients with oligoden-
droglioma have the longest survival rates among the brain tumors
analyzed [54]. Thus, excess concurrence is a useful metric, reflecting the
replication potential of cells.

In the subsequent text in this section, excess concurrence is simply
referred to as concurrence. To identify all other conserved concurrent
families, we calculated the average frequency of concurrent families
across all cancer samples. We applied the binomial test to define the
overrepresentation threshold, which required each concurrent family to
be present in no fewer than eight cancer samples. Additionally, we
identified families overrepresented in specific cancers. In this way, 43
out of the 286 concurrent families were overrepresented (Section 2.8,
Table S4, Supplementary Fig. 4). Given that the MCM proteins are
involved in the replication phase of the cell cycle, we quantified the
enrichment of the cell cycle and related functions (DNA replication) in
these concurrent families. Interestingly, the above cell cycle related
functions were present in around half of the families (20/43, Fig. 3a).
The concurrent MCM and RFC gene families display a significant overlap
across the cancer samples (OR=4.74, p = 0.04, Fisher-exact test), indi-
cating the coordinated concurrence of these two families.

While the MCM family ranked first and the Metallothionein family
second in frequency of concurrence, the most enriched biological pro-
cess among the conserved concurrent families was antigen processing
and presentation (Fig. 3b). Antigen presentation is mediated by both
MHC class I and class II molecules. Interestingly, the concurrent MHC I
and Metallothionein families overlap significantly in the cancer samples
(OR=4.47, p =0.002, Fisher-exact test). Additionally, extracellular
matrix disassembly, which is crucial for cell invasion and metastasis,
was significantly enriched due to its association with multiple families.

3.3. Excess concurrence as a metric to assess the extent to which cell lines
and organoids represent the original tissue

Interestingly, hierarchical clustering of cancers based on the fre-
quency of concurrence in gene families arranges the cancers correctly
according to their histological origin, such as estrogen dependent tissues
(endometrial, ovarian cancers, DCIS) and brain tumors (oligoden-
droglioma, astrocytoma, glioma, glioblastoma) (Supplementary Fig. 4).
Therefore, we used concurrence to assess how cancer cell lines and
cancer organoids represent the cellular heterogeneity of the original
cancers. In the colorectal cancer datasets, cancers and cancer organoids
were compared (Section 2.1). In two of the four pairs, the concurrent
families significantly overlapped between the cancer and organoids
(Supplementary Fig. 5a). In the melanoma dataset, two distinct cell lines
had a significant overlap with distinct cancer samples (Supplementary
Fig. 5b).

3.4. Healthy cells in the tumor periphery express cell adhesion and ion
homeostasis genes exclusively

Following the analysis of concurrence, we turned our attention to
exclusivity. In the glioblastoma dataset, a significant number of exclu-
sive families (n; = 5), are conserved between the healthy peripheral
tissues of the two patients (Odds ratio (OR) = 12, P-value, p = 0.0002,
two-tailed Fisher exact test, Fig. 4a). Two out of the five families are
involved in ion transport and homeostasis, including the Sodium/Po-
tassium transporting ATPase unit Gamma, and the carbonic anhydrase.
Further two families, the fibrillin and the multicopper oxidase related
genes are involved in cell adhesion.

The above findings are in agreement with the finding that cell
adhesion and ion homeostasis are highly enriched among the exclusive
families in healthy mouse cells [17]. Just as in mouse cells, the gene
families can contribute to cell adhesion directly or indirectly. The
binding of fibrillins to integrins promotes cell adhesion in a variety of
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(fold enrichment in parentheses) for antigen processing and presentation (12.1), cell cycle (2.0), DNA replication is (2.2), and extracellular matrix disassembly (7.9).

tissues [55], while fibulin-2, which also belongs to this family, binds to marginally or not significant (Fig. 4c). To assess this trend in more
proteoglycans in the extracellular matrix and mediate synapse forma- detail, we analyzed the direction of changes in the ICs of the families.
tion [56,57]. Among the multicopper oxidase related genes, EDIL3 binds The families have a significantly higher ICs in the tumors than in healthy
integrin [58], and retinoschisin, a lectin, mediates cell-cell adhesion cells (sign-test; p = 2.2.10716 (S2), 6.2.10°% (S4); Fig. 4e, f). For

[59]. Several genes couple cell adhesion with ion homeostasis. For example, antigen processing by the MHC class II-related family profits
instance, retinoschisin binds to the extracellular domain of from this change displaying excess concurrence in tumor cells (S4, IC
Na/K-ATPase subunit 2 [60]. (healthy)= 1.51 and IC(tumor)= 3.87, permutation test p = 0.0015).
There was no significant overlap between the exclusive families of We examined the changes of specific gene families that show ex-
the periphery and tumors within the same patient (Supplementary clusivity in many cell types in mouse [17]: the Na/K transporting
Fig. 6a, b), which suggests that gene families can lose or gain exclusivity ATPase subunit gamma and the protocadherin (Fig. 4d). Both of these
during tumorigenesis. The number of exclusive families reduces in the families shift toward concurrence in tumors. For the protocadherin

tumors of both patients, by a factor of 2 and 1.4, with the changes being alpha-array, the IC is significantly higher in tumor (S2) than in the
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tumors of the two patients; N = 880. ¢, The P-value for the association between the exclusivity and pathology (glioblastoma tumor/healthy cells) is calculated with
the two-tailed Fisher exact test for patients S2 and S4. d, IC as a function of mean gene per cell for two families in samples from Glioblastoma patients S2 and S4. The
error bars represent the 95 %CI of the IC. The P-values (permutation test) for the IC fold change (fc) between tumor and healthy samples are given in parentheses
along with stars: Na/K transporting ATPase subunit vy, fc = 1.73 (10~°)* ** for $2 and fc = 1.62 (10~°)* ** for S4. For Protocadherin-o, fc = 1.26 (0.01)* * for S2 and
fc = 1.03 (0.85) for S4. e, For patient S2, 25 families had a significantly higher IC in the tumor of than in the healthy cells, and only two families had a lower IC. The
P-value is calculated with permutation test. The significance level is determined with the Bonferroni-Holm correction (o = 6-107°). The families exclusive in either
healthy or tumor cells are indicated by Panther numbers. f, For patient S4, only 3 families have a significantly higher IC in cancer cells, and none of them lower.

healthy periphery despite the fact that the expression declines (from
mgpc = 0.49 to mgpc = 0.22). Thus, a shift toward concurrence is
coupled with a reduction in the number of expressed gene homologs,
showing that exclusivity does not necessarily profit from a lower number
of chosen genes. In addition to the involvement of Na/K transporting
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ATPase gamma in ion homeostasis, it acts also in cell adhesion, indi-
cating a decline of exclusivity in both gene families involved in cell
adhesion in glioblastoma.

Not only do gene choice patterns change, but also the expression of
individual genes change in each family, exemplified by the carbonic
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anhydrases (Car). Many catalytic Car genes increase their expression in
cancer (Car2, 3, 9, 12). Some Cars are acatalytic (Car10, Carll) and
Car10 is involved in cell-cell adhesion. Car10 expression drops to zero in
tumors of both patients (Table S5), suggesting that the cell adhesion
property of this family is lost in cancer.

3.5. Changes in gene expression drive changes in gene choice pattern in
some gene families

In essence, stochastic gene choice can change with or without sig-
nificant changes in average gene expression. In the latter case, the
expression states of the genes are simply rearranged among the indi-
vidual cells. To explore these scenarios, we compared cancer and
healthy cells, using the Wilcoxon test to calculate the P-value for the

Computational and Structural Biotechnology Journal 23 (2024) 2534-2547

differential expression of each gene. To assess the significance level due
to multiple testing of genes, we calculated the minP adjusted P-values
because it accounts for the single-cell distribution of gene expression
(Section 2.6).

For patients S2, 18 % of the genes showed significant changes in
expression. For the other patient (S4), only 8 % of the genes changed
(Fig. 5a-d), indicating a cancer with less progression, which may explain
its lower replicative potential (Fig. 2e, f, Table S3). We used the Fisher
exact test for the association between significant changes in gene
expression and IC. The odds ratio (OR) is around two for both patients,
which was significant for patient S2 (Fig. 5e, f). This shows that alter-
ations in the bulk gene expression are significantly associated with
changes in IC. The expression changes do not affect exclusivity more
than other forms of stochastic gene choice (Supplementary Fig. 6¢).
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Fig. 5. Change in gene expression and its association with stochastic gene choice. The significance of fold change in gene expression (minP adjusted) was calculated
for genes that belong to families with mean gene per cell > 0.1 and non-zero genes > 3. (a-b) 1517 out of 8331 (18.2 %) genes show a significant change in
expression (c,d) is 637 out of 7664 (8.31 %) genes show a significant change in expression. e, Association is calculated with two-tailed Fisher exact test; OR = 1.94,
p=19.010"7, N = 5981 genes change neither the expression nor the IC significantly. f, OR = 1.93, p = 0.20, N = 6391 (as in e).
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Notwithstanding, there are gene families with significant IC change
in which none of the genes showed a significant change in gene
expression, exemplified by the ATP-dependent RNA helicase (S2), and
the sodium/potassium-transporting ATPase unit gamma (S4) families.
In summary, changes in average gene expression and gene choice pat-
terns are significantly associated, but examples without such association
are also relevant for exclusive families.

3.6. Cancer cells express genes involved in ion transport, cell motility and
migration exclusively

While exclusive gene families in healthy cells are associated with cell
adhesion and ion homeostasis [17], their biological role in tumors is
unclear. The exclusive gene families in the tumors of the two glioblas-
toma patients do not show significant overlap (OR = 4.98, p = 0.20,
Fig. 4b), partly due to the slightly lower number of exclusive families in
cancer samples. Therefore, we analyzed comprehensively all tumor
datasets to identify conserved exclusive families using the binomial test.
This analysis identified eight exclusive families present in at least seven
datasets. We also included exclusive families overrepresented in specific
cancers, adding four other families (Fig. 6a).

Subsequently, we performed a gene ontology enrichment analysis of
these families (Section 2.9). We found enrichment in transport,
including transmembrane and metal ion transport in most families.
Seven families are associated with metal ion transport, such as the
NKAINS (Na'/K" transporting ATPase interacting 2) and the Sodium
glucose transporters (SGLTs) belonging to the mammalian solute carrier
family SLC5 (Fig. 6b). Furthermore, biological processes related to cell
migration, including actin-filament based movement, and regulation of
anatomical structure size, were enriched.

The lack of conservation of cell adhesion across the tumor samples
supports the observation that specific families involved in cell adhesion
increase their IC or lose exclusivity altogether in glioblastoma (Fig. 4d,
Table S6). The loss of cell adhesion and the increased motility of cells in
tumors are key aspects of the epithelial-mesenchymal transition (EMT).
Therefore, we examined the Glial fibrillary acidic protein (GFAP) family,
which includes important EMT marker genes, such as vimentin (VIM)
[61,62]. VIM participates in cell migration of mesenchymal cells. VIM
expression is higher in glioblastoma than in healthy periphery
(Table S5). Interestingly, the IC of the GFAP family decreases signifi-
cantly in the tumor (ICheaithy = 1.31 and ICymor = 1.07, p = 0.014,
permutation-test, S2), in agreement with the enrichment of exclusive
families involved in migration and-actin based motility, in tumors.

4. Discussion

Concurrence is concentrated in specific families, such as the MCM
family (Table S4). The MCMs form a protein complex that licenses
replication during the G1/S transition [63]. DNA replication, cell cycle
and division are in fact biological processes associated with about half of
the overrepresented concurrent families, like the replication factor C,
cell division protein kinase (CDK), cyclins, tubulin, and the recently
identified WBSCR19 family. The latter encodes the speedy/RINGO cell
cycle regulator, which can bind and activate the Cdk directly [64]. The
Ubiquitin-conjugating enzymes act in proteolysis, which drives the cell
cycle.

How do the above families benefit from concurrence? The cells with
zero and many expressed genes most likely correspond to non-dividing
and replicating cells, respectively. Alternatively, the all-or-none
expression can reflect mechanisms that drive alternating expression of
these genes during the different phases of the cell cycle. Concurrence in
gene expression is common across organisms, including even single-
celled organisms like yeast, where genes activated by the same
pathway exhibit correlated stochastic gene expression [65]. In this
study, we analyzed concurrence that exceeds inherent correlations,
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which may require additional mechanisms for coordination beyond the
co-regulation of shared targets. The pronounced concurrence seen in the
MCM family likely reflects a control mechanism that maintains a proper
stoichiometry of MCM components post-transcriptionally at both mRNA
and protein levels [66]. This form of dosage compensation ensures a
proper ratio of subunits in the replication licensing protein complex.

Replication rates vary widely in human cells. For example, brain cells
such as neurons, oligodendrocytes and astrocytes undergo little to no
detectable division in adults and are considered post-mitotic [51,52,67].
In contrast, the enterocyte population renews every 2-5 days [68].
Glioblastoma cells can divide very rapidly, with a rate of 0.1 to 1 divi-
sion per day [53]. Higher division rates may worsen the prognosis [69].
We found the following ascending order of concurrence in the MCM
family: healthy post-mitotic brain cells, healthy dividing cells (colon
epithelium), brain tumors with long survival (oligodendroglioma) and
brain tumors with lower survival rates (glioma, glioblastoma). Thus,
MCM concurrence is a good indicator of the replication potential and
cancer progression. Furthermore, concurrence can be used to cluster cell
types in functional groups and to decide if cell lines and organoids
reproduce the heterogeneity of the original cell population of tumors
(Supplementary Figs. 4 and 5).

Antigen processing and presentation is the most enriched biological
process among the concurrent families, partly because multiple gene
families contribute to this gene ontology. While MHC-I homologs, such
as HLA-A, HLA-B and HLA-C, present antigens in somatic cells, including
groups of neurons [70], cancer cells of various origins can also present
antigens by MHC-II, which is normally restricted to professional immune
cells, such as dendritic cells [71]. The mechanism underlying concur-
rence in antigen presentation remains to be determined. Although a loss
of HLA heterozygotic expression, i.e. allele-specific expression loss [72],
has been observed in cancer cells, it is unclear if this contributes to the
concurrence.

The complex regulatory schemes that enable exclusive gene choice
are expected to be disrupted in the dysfunctional cells of cancers.
Indeed, exclusive patterns decline during tumorigenesis and exclusivity
is less concentrated in specific families than concurrence (Fig. 2a).
However, cancer cells maintain exclusive gene choice in transmembrane
ion transport but the involved families change during tumorigenesis.
The y-subunit of the Na™/K™ ATPase family (Fxyd genes) is one of the
most exclusive gene families in murine cells [17], and was also detected
in healthy cells in the tumor periphery (Fig. 4d). This family is, however,
replaced during tumorigenesis by a functionally similar exclusive fam-
ily, the T-cell lymphoma breakpoint associated (TCBA) family, encoding
the NKAIN proteins that interact with the b1 subunits of Na*/K-ATPase
[73]. Thus, they both function in ion transport. As its name suggests, the
TCBA family is frequently affected by chromosomal rearrangements.
The NKAIN genes may be oncogenic [45], just like another exclusive
family, the opsins [74].

Furthermore, exclusive patterns shift from cell adhesion of healthy
cells to migration and regulation of anatomical structure size. The loss of
cell adhesion is promoted by both the replacement of cell-adhesion
specific forms of some molecules, like carbonic anhydrase, as well as
by the reduction of exclusivity in the protocadherin alpha-array. Since
the homophilic interaction of protocadherin homologs leads to repulsion
[75], a shift toward concurrence can lead to the loss of cell adhesion
(Fig. 6¢). The loss of cell adhesion and acquisition of migratory ability of
cells is a key change during tumorigenesis that is termed the
epithelial-mesenchymal transition. Thus, this transition is regulated by
stochastic exclusive gene choice [62,76]. This transition can be further
promoted by the shift toward exclusivity in EMT families, like the GFAP
family. The role of ion transport remains to be determined but it may
contribute to epithelial-mesenchymal transition. Both cell adhesion and
cell migration can be affected by ion-mediated regulation of protein
interactions and cell protrusions [77]. Through the local regulation of
osmotic pressure, cell protrusions can develop, and ion homeostasis also
interacts with actin to facilitate actin-mediated protrusions (Fig. 6d)
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[77,78].

What are the advantages of exclusivity for the above families? In
higher organisms, prototypical exclusive families, like the odorant and
T-cell receptors, are involved in sensing external or internal environ-
ment. Likewise, ion channels may sense the local environment, assisting
migrating cells in adapting to the ever-evolving surroundings.

Our analysis is based on datasets primarily containing brain tumors,
so our conclusions will have to be evaluated in the context of other
cancer types since gene families can behave differently in different cell
types. For example, the protocadherin-alpha array is exclusive in some
cell types but not in others [17]. Additionally, we had only two datasets
that allowed for a comparison between healthy and tumor cells. How-
ever, the findings in healthy cells align well with those observed in
mouse cells. Further datasets that include both healthy and tumor cells
will be important to understand the details of how concurrence and
exclusivity change during tumorigenesis.

Since it can be advantageous to design therapies that take into ac-
count heterogeneity in cancer cell populations [79,80], gene choice
patterns are relevant in this respect. In a concurrent biological process,
such as replication, cell cycle or antigen presentation, it may be suffi-
cient to target a single component of the gene family / protein complex,
because the all-or-none response implies only two states and hitting a
single component can fully inhibit the process, such as replication or cell
division. By hitting this component, only cells not expressing the com-
plex or not replicating at the time of drug administration remain unaf-
fected. This cell subpopulation can be targeted by repeated application
of the drug so that ultimately most cells enter the relevant stages of the
cell cycle or when tumor cells present antigens. Indeed, such a dosing
constitutes the cornerstone of classical chemotherapy, which is typically
aimed at eliminating replicating cells. At the same time, exclusive gene
choice generates a larger repertoire of cell identities during
epithelial-mesenchymal transition, suggesting that a combinatorial
therapy with simultaneous targeting of multiple genes/proteins is likely
to be needed to block the transition to cell identities defined by migra-
tory ability.

5. Conclusions

Concurrence in the gene choice of the MCM and RFC families, which
underlie DNA replication, is prevalent in cancer samples. This pattern
can ensure proper stoichiometry of replication components, correlating
with higher replication rates and cancer progression. Antigen processing
and presentation are also enriched among concurrent families, though
the underlying mechanism is unclear. In tumor cells, ion transport
maintains its exclusivity, albeit with changes in the genes and gene
families involved. This resulting diversity may help migrating cancer
cells cope with their continually evolving surroundings.
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