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Abstract 

Fanconi Anemia (FA) is a heritable syndrome characterized by DNA damage repair 

deficits, frequent malformations and a significantly elevated risk of bone marrow 

failure, leukemia, and mucosal head and neck squamous cell carcinomas (HNSCC). 

Hematopoietic stem cell gene therapy can prevent marrow failure and lower leuke-

mia risk, but mucosal gene therapy to lower HNSCC risk remains untested. Major 

knowledge gaps include an incomplete understanding of how rapidly gene-corrected 

cellular lineages could spread through the oral epithelium, and which delivery param-

eters are critical for ensuring efficient gene correction. To answer these questions, 

we extended an agent-based model of the oral epithelium to include the delivery of 

gene correction in situ to FA cells and determine the competitive dynamics between 

cellular lineages with and without gene correction. We found that only gene-corrected 

lineages with substantial proliferative advantages (probability of resisting displace-

ment out of the basal layer ≥ 0.1) could spread on clinically relevant timelines, and 

that these lineages were initially at high risk of loss in the generations following 

correction. Delivering gene correction to many cells minimizes the risk of loss, while 

delivery to many distinct locations within a tissue maximizes the rate of spread. To 

determine the impact of mucosal gene therapy in preventing the clonal expansion of 

pre-cancerous mutations, we compared the expected burden of TP53 mutations in 

simulated tissue sections with and without gene correction. We found that when FA 

cells have elevated genome instability or a TP53-dependent proliferative advantage, 

gene correction can substantially reduce the accumulation of pro-tumorigenic muta-

tions. This model illustrates the power of computational frameworks to identify critical 

determinants of therapeutic success to enable experimental optimization and support 

novel and effective gene therapy applications.
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Author summary

We investigated factors influencing the success of oral mucosal gene therapy 
for Fanconi Anemia (FA), a genetic syndrome marked by DNA repair defects in 
conjunction with a heightened risk of cancer. We used a computational model of 
the oral epithelium to determine how gene therapy corrected cells compete with 
FA background cells and the best gene delivery approaches to promote effective 
tissue replacement by gene-corrected cells. We find that gene-corrected cells 
require strong proliferative advantages to spread effectively, and that initially 
delivering gene correction to more cells reduces the chance that these cells are 
stochastically eliminated before they can spread. We also demonstrate that gene 
correction reduces the accumulation of pro-tumorigenic TP53 mutations in an FA 
context, where genomic instability can elevate the mutation rate and FA- 
specific selective pressures could favor accelerated TP53 clonal expansion. This 
research provides a useful framework for guiding mucosal gene therapy exper-
iments and the development of effective oral gene therapy protocols for cancer 
prevention in FA.

Introduction

Fanconi Anemia (FA) is an inherited genetic disorder and cancer predisposition 
syndrome linked to increased risk of bone marrow failure, leukemia, and epithelial 
cancers. FA arises from biallelic pathogenic mutations in any of 23 FANC genes that 
work in concert as a pathway (the ‘FA pathway’) to detect and coordinate the repair of 
many types of DNA damage including DNA interstrand crosslinks and double-strand 
breaks [1–3]. This compromised repair capacity is associated with an elevated risk of 
certain cancers, particularly head and neck squamous cell carcinomas (HNSCC). FA 
patients experience HNSCC rates several hundred to over a thousand fold greater 
than the general population [4–8], and a corresponding elevation in mucosal ano-
genital squamous carcinomas. These cancers often contain pathogenic mutations in 
TP53, a crucial tumor suppressor gene [9–11], and are genomically unstable. Further, 
they are difficult to treat via standard care chemotherapy and radiation due to the 
FA-associated constitutional DNA repair defect [8,12–14].

Given these challenges, corrective gene therapy represents a promising strat-
egy for the prevention of FA-associated HNSCC. This strategy has already shown 
success in FA-associated bone marrow failure, where gene-corrected hematopoietic 
stem cells (HSCs) can reverse marrow failure and suppress the risk of developing 
leukemia: HSCs are removed, the specific mutant FANC gene is corrected ex vivo, 
and corrected cells are re-implanted into the bone marrow (Fig 1A). Recent FA gene 
therapy clinical studies have found that gene-corrected FA HSCs possess a prolifera-
tive advantage over uncorrected FA HSCs (Fig 1B, [15–19]). As a result, small num-
bers of implanted corrected HSCs have been shown to expand over time to reverse 
FA-associated bone marrow failure.
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The success of HSC gene correction in treating marrow failure suggests that oral gene correction may provide a paral-
lel way to prevent FA-associated HNSCC. However, gene correcting mucosal epithelial cells may prove more challenging 
than HSCs due to the constraints of tissue architecture. Epithelial tissues are tightly organized, which could limit corrected 
cell expansion when compared with HSCs in bone marrow (Fig 1C). Numerous theoretical and empirical studies have 
suggested that cells growing under spatial restriction grow more slowly than their unstructured counterparts [20–25]. How-
ever, cellular lineages can clearly expand within epithelial tissues, e.g., those lineages harboring cancer driver mutations 
[23,26,27], or spontaneous revertant mutations in the context of heritable skin diseases such as epidermolysis bullosa 
[28–30]. Thus understanding the degree of proliferative advantage required for FA-corrected oral epithelial cells to expand 
and persist will be essential in devising mucosal gene correction protocols for FA epithelium.

A second major challenge of preventative gene therapy against FA-associated HNSCCs is that oral epithelial cells must 
be corrected in situ rather than removed and reimplanted (Fig 1C). This will require identifying efficient mucosal gene cor-
rection protocols that favor the expansion and persistence of gene-corrected epithelial cells. One promising new approach 
is to adapt microneedle arrays originally developed for mucosal vaccination to deliver gene correction reagents [31–36]. 
Microneedle arrays can deliver customizable doses of correction reagents in different spatial configurations, but the opti-
mal array configurations and microneedle properties required to achieve efficient delivery will need to be determined.

Computational modeling provides an efficient framework in which to integrate both different delivery approaches and 
the effect of epithelial structure on gene correction to optimize therapeutic success. Agent-based models have a long 
history of providing valuable insight into cell-cell competition and the emergent spatial dynamics shaping tissue behavior 
[37–39]. We therefore extended an existing agent-based model of squamous epithelium [40] to include gene correction 
delivered by arrays of diffusible microneedles in order to answer several key questions: 1) what degree of proliferative 
advantage must corrected cells possess to persist and spread effectively in the oral epithelium; 2) how do different gene 
correction efficiencies and spatially-structured delivery strategies such as microneedle arrays affect long-term gene 
correction success; and 3) can mucosal gene correction prevent the clonal spread of pathogenic TP53 mutations and the 
progression to oral cancer in individuals with FA? Our results provide a framework for understanding the dynamics of gene 

Fig 1.  Modeling gene therapy in FA HSCs and oral epithelium.  (A) Hematopoietic stem cell (HSC) gene therapy in FA. FA HSCs (grey) are har-
vested from FA patient bone marrow, corrected ex vivo (green), then re-implanted to expand in vivo. (B) Corrected HSCs (green) have a proliferative 
advantage compared to FA HSCs (grey) and outcompete uncorrected HSCs over time in vivo. (C) Oral mucosal gene therapy in FA. In situ gene delivery 
(here via microneedles) into oral epithelium to correct the underlying FANC gene defect. Over time, corrected cells (green) may or may not clonally 
expand within FA oral epithelium to replace FA host cells (grey). (D) In our model, FA epithelial cells (light grey) are displaced (light grey with bands) by 
dividing FA cells (dark grey, top), in contrast to gene-corrected epithelial cells (green) that can resist displacement by dividing neighbors (dark grey) to 
persist and expand in the basal layer proliferative niche (bottom).

https://doi.org/10.1371/journal.pcbi.1012915.g001

https://doi.org/10.1371/journal.pcbi.1012915.g001
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therapy in FA oral epithelium, and how best to use mucosal gene correction to reduce cancer risk and improve FA patient 
health outcomes.

Results

In silico model of gene correction in the oral epithelia

In order to simulate the impact of gene therapy in epithelial tissues we employed the HomeostaticEpidermis model, a 
three-dimensional lattice-based hybrid cellular automaton originally developed to model epidermal dynamics over human 
lifespans [40]. In this model, each epithelial cell is an independent agent whose rate of division and death are determined 
by a diffusible growth factor emanating from the basal layer. Dividing cells reside on a basal layer where the resultant 
progeny are displaced upward, undergo terminal differentiation and are eventually shed at the epithelial surface. This 
model robustly captures key epithelial features including structure, homeostasis with cell turnover, and realistic clonal 
expansion of cells that resist death or differentiation. We modified cellular turnover rates to adapt the epidermal model 
to better recapitulate properties of the oral mucosa (see Discussion and Materials and Methods). We further adapted 
the HomeostaticEpidermis model to explore FA oral gene therapy by introducing simulated gene correction to confer 
a potential proliferative advantage over uncorrected FA cells. In stratified squamous epithelium, clonal expansion may 
result from a bias in basal layer cell fate decisions that favors the production of progenitor over differentiated cell prog-
eny [41–43]. While the mechanisms driving a potential epithelial proliferative advantage in the context of FA gene cor-
rection are unknown, evidence from FA HSC correction experiments shows that a selective advantage can be driven by 
resistance to apoptosis, increased survival in the presence of DNA damaging agents, and longer-term maintenance of 
self-renewal capacity [1,3,44–47]. All of these factors would contribute to longer-term residence of corrected cells in the 
basal layer, allowing them to retain proliferative capacity. We therefore modeled a proliferative advantage as a persistence 
coefficient, pcorr, which represents the probability that a corrected cell resists displacement out of the basal layer during 
neighboring cell divisions (Fig 1D). This mirrors the approach from Schenck et al. for modeling the proliferative advantage 
of NOTCH1 mutations in skin [40], and permitted us to explore the potential effect of gene correction in an FA background, 
where gene-corrected cells had anywhere from no advantage (or a neutral pcorr = 0) to an extremely strong advantage 
(pcorr = 1). We first investigated the proliferative advantage necessary to promote reliable expansion of corrected cellular 
lineages in an FA mucosal background.

Gene correction requires a strong proliferative advantage to spread over clinically relevant time periods

We hypothesized that gene-corrected cells will require a proliferative advantage compared to uncorrected FA cells to 
spread through FA oral mucosa. To set baseline expectations for cellular competition without a proliferative advantage, 
we first considered the case in which a corrected cell has equivalent division behavior to the FA background: that is, when 

pcorr = 0. We simulated 0.67 mm2 (100 x 100 cells) FA tissue sections and delivered gene correction to 10 cells clustered 
in the tissue center (mirroring single microneedle delivery, Fig 2A). Because the median age at which FA patients develop 
solid tumors is ~30 years [5,7], we reasoned that corrected cells would need to displace FA cells in the first decade or 
two after gene correction to be most clinically impactful. We thus followed simulated tissue sections for up to 50 years to 
determine the fate of corrected cells and their descendants (Fig 2A). We considered three fates: all corrected cells could 
be displaced from the basal layer (i.e., “loss”); corrected cells could overtake 80% or more of the basal layer (i.e., “conflu-
ence”); or neither of these outcomes might be reached (i.e., “ongoing” dynamics). Note, our use of the word confluence 
parallels its standard definition as the percentage of a culture dish covered by a cellular population, as we are interested 
in the state of gene correction reaching widespread basal layer coverage (a metric for therapeutic success). Under neutral 
conditions in which corrected cells have no replicative advantage over uncorrected cells (pcorr = 0), nearly all simulations 
(97%) led to the loss of corrected cells by 50 years (Fig 2B) with most corrected cell loss occurring within months of cor-
rection (Fig 2C). In the remaining 3% of simulations, neutral corrected patches remained, but were of modest size with the 
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largest corrected clone reaching only 0.15 mm2. Thus, in the absence of a proliferative advantage, gene correction will not 
be able to efficiently convert FA epithelium.

We next investigated how increasing the proliferative advantage might enable more efficient spread of corrected cells 
through epithelium on clinically-relevant timelines. While we have strong evidence that FANC gene reversions possess a 
proliferative advantage in non-epithelial contexts (e.g., HSCs), we have little direct knowledge about the degree of pro-
liferative advantage conferred by FANC gene correction in epithelial tissues. We therefore investigated a wide range of 
persistence coefficients ranging from unlikely to guaranteed persistence (pcorr = 0.001, 0.01, 0.1, 0.2, 0.5, 1) to identify 
how strong a proliferative advantage must be to ensure durable spread. More biological context for the strength of these 
persistence coefficients is given in S1 Table. In all experiments, FA cells did not resist displacement (i.e., had a per-
sistence coefficient of 0).

As expected, larger persistence coefficients decreased the probability of corrected cell loss (Fig 2B), with a pcorr ≥ 0.1 
required to avoid most loss events. When loss did occur at large persistence coefficients, it occurred early with 88% of 
losses within the first year after gene correction (Fig 2C). This is analogous to the establishment frequency in population 
genetics, where once beneficial mutations reach a certain frequency, loss becomes increasingly unlikely. In contrast, 
gene correction with persistence coefficients closer to neutrality can persist for years or decades before loss though rarely 
expand to any significant degree. Full clone size distributions one year after correction are shown in Fig 2D as a function 
of pcorr.

For gene-corrected cells that escape loss, larger persistence coefficients also increased the speed of corrected 
cell spread. Corrected cells with smaller persistence coefficients (pcorr < 0.1) that escaped loss almost never reached 
confluence in the tissue sections by 50 years. In contrast, gene correction with pcorr ≥ 0.1 that avoided early loss 
always reached confluence by 50 years (Fig 2B). As the persistence coefficient increased, corrected cell confluence 

Fig 2.  Mucosal gene therapy depends on a strong proliferative advantage of gene-corrected cells. (A) 10 gene-corrected cells (green) were 
tracked over 50 years in a 0.67 mm2 FA mucosal tissue section (100 replicate simulations per condition). The gene correction fates were tracked to 
identify simulations reaching confluence (80% of basal layer cells corrected, red box) or loss (no remaining gene-corrected cells, blue box). (B) Number 
of simulations achieving confluence (red), loss (blue), or ongoing expansion (orange) at 50 years as a function of persistence coefficient (pcorr = 0, 0.001, 
0.01, 0.2, 0.5, 1). (C) Time at which simulations reached confluence or loss as a function of persistence coefficient, with mean times for each pcorr indi-
cated in black (+) and outcome of individual simulations as points. Gene-corrected patches not reaching confluence or loss by 50 years are not plotted. 
(D) Number and size of gene-corrected patches at 1 year as a function of persistence coefficient pcorr. (E) Average area of confluent gene-corrected 
patches as a function of time and persistence coefficient pcorr. Bars indicate interquartile ranges.

https://doi.org/10.1371/journal.pcbi.1012915.g002

https://doi.org/10.1371/journal.pcbi.1012915.g002
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was achieved at progressively earlier times (Fig 2C), with pcorr = 1 growing at approximately five times the speed of 

pcorr = 0.1 (0.25 ± 0.027 SE mm2/year versus 0.048±2.0 · 10–3 SE mm2/year, Fig 2E). These results indicate that effec-
tive oral mucosal gene correction must confer a substantial proliferative advantage (pcorr ≥ 0.1) to ensure persistence 
and spread on clinically-relevant timescales.

Optimizing transgene delivery for maximal corrected tissue coverage

Having demonstrated above that individual gene-corrected patches with a strong proliferative advantage could spread 
locally, we next considered how patch spread was determined by transgene dose and the spatial distribution of corrected 
cells, where microneedle delivery allows gene dose, spacing, and in-tissue diffusibility to be modified as part of micronee-
dle design and fabrication.

We first investigated how a greater number of corrected cells, equated here to transgene dose, affected the probability 
of corrected cell loss and time to confluence when delivered in a single compact patch (Fig 3A). As expected, correcting 
more cells decreased the probability of loss across persistence coefficients (Fig 3B), where 30 as opposed to 10 corrected 
cells decreased the probability of loss for pcorr = 0.1 from 50% to 10%, but not the time to confluence under favorable 
conditions (Fig 3C). This reflects that the time needed to grow from 3 cells to 30 is short, compared to the longer period 

Fig 3.  Higher corrected cell numbers and optimal spacing can increase the likelihood of tissue replacement despite clonal interference. 
Gene-corrected patch loss probability and time to confluence as a function of corrected cell number (A-C) and spatial delivery distribution (D-F). 100 
simulations/condition were run for each persistence coefficient pcorr, with error bars indicating binomial errors (B,E) or interquartile ranges (C, F). (A) Ini-
tial spatial distribution of gene-corrected cells (k = 3, 10, 30 cells, in green) with a constant diffusion coefficient (D = 2). Probability of gene-corrected 
patch loss (B) and time to confluence (C) as a function of persistence coefficient (pcorr) and initial corrected cell number (k ). (D) Initial spatial distribution 
of ten gene-corrected cells (green) as a function of diffusion coefficient (D = 2, 10, 20, corresponding to low, medium and high diffusion).  
Probability of gene-corrected patch loss (E) and time to confluence (F) as a function of persistence coefficient (pcorr) and diffusion coefficient (D). Visual-
izations of gene-corrected cell patches ten years after correction as a function of microneedle spacing (G) or density (H) on 10.67 mm² tissue sections. 
Initial arrayed delivery shown in panel insets, and each color represents the descendants of a single microneedle that corrects k = 30 cells with D = 2. 
Areas of corrected cell patches at ten years are quantified in the lower right corner of each tissue section.

https://doi.org/10.1371/journal.pcbi.1012915.g003

https://doi.org/10.1371/journal.pcbi.1012915.g003
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needed to replace a majority of cells in a target tissue of size 0.67 mm2 (circa 10 years for pcorr = 0.1). Avoiding early 
corrected cell loss is the primary advantage conferred by a larger dose at a single injection site.

We next investigated how transgene diffusion from a microneedle injection site might improve corrected cell spread 
by distributing a fixed number of corrected cells over a larger tissue area. We reasoned that more spatially distributed 
delivery might allow corrected cells to more effectively compete for space and replace FA cells. We modeled transgene 
diffusion from a point of delivery with an approximation to Brownian diffusion. The diffusion constant D (see Materials and 
Methods) was examined for D ∈ (2, 10, 20) to capture low, intermediate and high degrees of spatial diffusion from 10 
initial corrected cells (Fig 3D). Surprisingly, increased diffusibility did not affect the probability of corrected patch loss or 
its rate of spread (Fig 3E and 3F). One explanation is that early stochastic loss of individual corrected cells is more likely 
driven by being displaced by neighboring cells (regardless of correction status), rather than a failure to displace cor-
rected neighboring cells when dividing. These results indicate that efforts to enable wider transgene diffusion from single 
microneedles is unlikely to improve the spread of corrected cell patches.

A key advantage of microneedles is their ability to be arrayed in different configurations to optimize transgene delivery. 
In light of finding that transgene diffusibility minimally affected the rate of spread from single needles, we investigated how 
microneedle arrays could be used to optimize transgene delivery and tissue correction over a 10 year period.

We first asked how needle spacing might be configured to avoid competition and promote spread within a tissue  
section. We reasoned that individual microneedles could be designed to minimize loss, with interference between 
microneedle sites a potentially more important determinant of the spread of corrected cells as illustrated in Fig 3D-3F. 
We investigated the impact of needle spacing on transgene delivery, corrected cell persistence and rate of spread using 
a 4x4 array of 16 low diffusibility (D = 2) microneedles in which each needle corrected 30 cells to confer a strong pro-
liferative advantage (pcorr = 0.1). The needle spacings we explored, of 175 µm, 350 µm, and 700 µm, reflect commonly 
engineered interneedle distances, where our target for gene correction and spread was a 10.67 mm2 tissue section (Fig 
3G). We found that the most widely spaced microneedle arrays corrected more than five times as much tissue area in a 
10 year period than the most tightly spaced arrays for a given number of microneedles. In tightly spaced arrays, corrected 
cells at the perimeter expanded more than those in the interior; this apparent competition among corrected cells was not 
observed in the most widely spaced arrays. Thus appropriate transgene delivery spacing has the potential to minimize 
interference or competition of corrected cells and maximize the area of corrected tissue.

Microneedle arrays can be engineered with substantially higher densities than the ones we examined above. Although 
tightly spaced arrays led to a slower rate of confluence, they achieved greater localized tissue coverage than did widely 
spaced arrays (Fig 3G). We found that further increasing needle densities led to more complete conversion of a given 
tissue area, but did not limit the approach to confluence (Fig 3H). For example, increasing microneedle density to 8x8 on 
a fixed backing size of 4.43 mm2 increased tissue correction by ~25%, whereas decreasing microneedle density to 2x2 
on the same backing patch size decreased the tissue correction by ~70%. These results indicate that dense microneedle 
array transgene delivery in conjunction with a strong proliferative advantage can provide widespread tissue level correc-
tion even when promoting potential spatial competition among corrected cells and clones. Thus our model should be use-
ful for testing a broad array of potential gene correction arrays to optimize gene delivery under different clinical constraints 
(see Discussion).

Gene correction reduces TP53– clonal expansion in genomically unstable FA epithelium

If FA gene-corrected cells can spread through an FA oral epithelium, how might this counter HNSCC risk or progression? 
An early stage in the development of FA-associated and sporadic HNSCCs is the clonal expansion of pathogenic mucosal 
TP53 mutations [9–11]. We thus asked if FA gene correction could counter the spread of TP53 mutations in oral epithe-
lium. In our model, mutations in a single copy of TP53 can occur in either corrected (here denoted FANC+) or FA (here 
denoted FANC–) cells according to mutation rates µFANC+ and µFANC– (Fig 4A), with TP53 mutations conferring persistence 
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coefficient advantages of pTP53
–

FANC+ and pTP53
–

FANC–, respectively. As before, corrected FANC+ cells without TP53 mutations have 
a persistence coefficient of pcorr, so corrected FANC+ cells with a TP53 mutation have a total persistence coefficient of 
pcorr + pTP53

–

FANC+ (Fig 4B). We estimated a mutation rate (µFANC+) and persistence coefficient (pTP53
–

FANC+) of TP53 mutations in 
a FANC+ background based on the rate of occurrence and size of TP53 clones in healthy human esophageal tissue (see 
Materials and Methods). In the absence of direct measures, we initially assumed that the rates of occurrence and clonal 
expansion of TP53 mutations were similar in FANC+ and FANC– tissues (i.e., µFANC+ = µFANC– and pTP53

–

FANC+ = pTP53
–

FANC–). We 

Fig 4.  Gene correction reduces spread of TP53 mutations through FA tissue. (A) Model of four cellular genotypes at two loci: FA cells (FANC–

/TP53+) in grey; FA cells with TP53 mutations (FANC–/TP53–) in magenta; gene-corrected cells (FANC+/TP53+) in green; gene-corrected cells with 
TP53 mutations (FANC+/TP53–) in cyan. Arrows indicate transitions that can occur via mutation or gene correction. (B) Genotype-specific persistence 
coefficients for (A). (C-H) TP53– tissue coverage as a function of gene correction at 46 years in 0.33 mm2 simulated tissue sections, comparing no 
correction (Ø) to correction with pcorr = 0.01 or pcorr = 0.1. Panels used 100 simulations at a given persistence coefficient except in panels C,F where 
300 simulations were performed. C-E show the proportion of tissue coverage at 46 years with (C) comparable TP53 mutation rates and persistence 
coefficients regardless of FA genotype, (D) an elevated TP53 mutation rate in FANC– cells (µFANC– = m · µFANC+, m = (1.5, 2, 4, 8)) and equivalent 
TP53 persistence coefficients or (E) equal TP53 mutation rates in FANC– and FANC+ cells with elevated TP53 persistence coefficients in FANC– cells 
(pTP53

–

FANC– = r · pTP53
–

FANC+ , r = (1.5, 2, 4)). Error bars represent standard errors. Yellow bars represent TP53 tissue coverage range from Martincorena et 
al. [48] for normal esophagus. (F-H): six representative tissue sections at 46 years from C-E, with colors corresponding to genotypes shown in (A). (G) 
Consequence of an 8-fold increase in µFANC–, and (H) a 4-fold increase in pTP53

–

FANC– .

https://doi.org/10.1371/journal.pcbi.1012915.g004

https://doi.org/10.1371/journal.pcbi.1012915.g004
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reasoned that even if FA gene-corrected and uncorrected cells produced the same number of TP53 mutations with com-
parable proliferative advantages, gene correction might make TP53 mutant cells less able to displace FANC+ as opposed 
to FANC– cells, thus restricting their expansion potential.

To test this idea, we asked if gene correction could limit TP53 mutational prevalence in FA tissue when TP53 mutation 
rates and proliferative advantages were comparable for FANC– and FANC+ cells (Fig 4C and 4F). We simulated 0.33 mm2 
(70x70 cells) tissue sections in which a single microneedle gene corrected 30 cells (D = 2) with persistence coefficients 
of pcorr = 0.01 or pcorr = 0.1 at the tissue center, then followed these sections up to 50 years. We compared these 
corrected tissue sections to uncorrected tissue section controls, and also plotted TP53– expansion in healthy esophageal 
tissue as a reference [48]. We found that TP53 mutations reached similar tissue frequencies over 46 years regardless of 
gene correction status (Fig 4C and 4F), as might be expected under an additive fitness model. Gene correction restricted 
TP53– spread in FANC– cells, while mutations still arose and expanded within corrected FANC+ cells leading to similar 
overall tissue frequencies (compare cyan FANC+/TP53– cells with pcorr = 0.1 in Fig 4F tissue sections to uncorrected 
magenta FANC–/TP53– cells). Gene correction might be beneficial if FANC–/TP53– double mutants are more likely to prog-
ress to cancer than FANC+/TP53– mutants. However, this is unlikely to lower the overall TP53– burden if TP53 mutation 
rates and proliferative advantages are comparable between corrected and uncorrected tissue. Full 46-year tissue cover-
age trajectories from these simulations are shown in S1A-S1C Fig, and demonstrate that TP53– tissue coverage over time 
is similar for each value of pcorr.

The above results assumed that the TP53 mutation rate and mutant proliferative advantage are identical regardless of 
FANC genotype. However, the dramatically increased risk of HNSCC in FA individuals likely reflects genomic instability in 
FA that could generate and promote the spread of pathogenic mutations through FA epithelia. We therefore investigated 
how FA genotype affects the rate of TP53 mutation generation and spread, and thus could determine the outcome of FA 
gene correction.

We first considered that FANC– cells have a higher mutation rate than FANC+ cells [49–51]. As there have been a range 
of values reported for this increase (up to 8-30x), we reran the experiments above to determine outcomes with TP53 
mutation rates in uncorrected FANC– cells (µFANC–) of 1.5-, 2-, 4-, or 8-fold higher than in corrected FANC+ cells (µFANC+

, Fig 4D and 4G). In the absence of FA gene correction, µFANC– increased by a factor of eight led to a corresponding 
increase in the tissue burden of TP53– cells to cover 23% of tissue sections at 46 years, or nearly 10-fold higher than the 
coverage estimate of 2.7% under the background mutation rate (Fig 4D). While elevated mutation rates produced more 
TP53– clones, individual clone sizes remained similar to those under baseline mutation rates (S2A and S2B Fig). We 
found that by introducing gene correction with a small persistence coefficient (pcorr = 0.01, Fig 4D), TP53– tissue cover-
age was modestly reduced compared to uncorrected tissue (a reduction of 42% in simulations where FANC– cells had a 
8x elevated mutation rate). In contrast, gene correction with a larger persistence coefficient (pcorr = 0.1, Fig 4D) resulted 
in tissue sections with almost no additional TP53 mutations above baseline simulations that used background mutation 
rates. This effect depended on gene-corrected FANC+ cells replacing more mutable FANC– cells: in the 2% of pcorr = 0.1 
simulations in which gene corrected cells were stochastically lost, FANC–/TP53– cells expanded as if they were in uncor-
rected tissue (see panel inset in Fig 4G). Full 46-year tissue coverage trajectories from these simulations are shown in 
S1D-S1F Fig.

We next considered that TP53 mutations might confer a stronger proliferative advantage in FA cells than in 
gene-corrected cells (i.e., pTP53

–

FANC+ < pTP53
–

FANC–). The basis of this assumption is observed non-additive effects on the 
rate of cell turnover and tumor formation in cells harboring both TP53 mutations and FA mutations (see Discussion, 
[52–55]). We parameterized possible fitness advantages using human lymphoblastoid and mouse HSC experi-
mental data (see Materials and Methods). To test the impact of this effect, we reran the experiments above with 
identical FANC– and FANC+ mutation rates, but with pTP53

–

FANC–  increased by a factor of 1.5-, 2-, or 4-fold compared to 
pTP53

–

FANC+ (Fig 4E and 4H). In the absence of gene correction, when pTP53
–

FANC–  was increased by a factor of 4, there was 
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a corresponding increase in the tissue burden of TP53– cells to cover 33% of tissue sections at 46 years, compared 
with 2.7% under the background proliferative advantage. In contrast to the mutation rate experiments, increased 
TP53– coverage was driven primarily by larger clones in conjunction with a more modest increase in clone number 
(S2C and S2D Fig). As was the case for gene correction affecting mutation rates, gene correction with a small per-
sistence coefficient (pcorr = 0.01, Fig 4E) modestly reduced the TP53– tissue burden by ~31% among cells with a 
4x elevated proliferative advantage compared to uncorrected tissue. Gene correction with a large persistence coef-
ficient (pcorr = 0.1, Fig 4E) resulted in tissue sections with almost no excess TP53– mutational coverage beyond 
baseline simulations in which FANC– and FANC+ cells have identical persistence coefficients associated with TP53 
loss. Again, the rapid spread of gene-corrected cells largely abrogated the proliferative advantage of TP53 muta-
tions in a FANC– background. Full 46-year tissue coverage trajectories are shown in S1G-S1I. These results col-
lectively indicate that FA-directed mucosal gene therapy has the potential to reduce TP53-associated HNSCCs in 
FA, and that likely mechanisms include a suppression of FA-associated genomic instability and the strong selective 
pressure for loss of TP53 function.

Discussion

We extended an agent-based model of squamous epithelial clonal competitive dynamics [40] to study epithelial gene 
correction in oral mucosa. We chose this approach over the more analytically-tractable branching-process models 
widely used to study tumorigenesis [56,57] because it permitted us to more faithfully capture biologically important spa-
tial constraints on the spread of mutations and gene correction in an epithelial context. These constraints are critical to 
understand in order to develop highly effective gene correction protocols for FA or other epithelial diseases, as spatial 
and non-spatial growth patterns have well-characterized diverging dynamics [20–25]. This approach recapitulated cer-
tain results well-appreciated from branching process models (i.e., correcting more cells limits stochastic loss, cells with 
small fitness advantages can persist at low frequencies at length), but it also provided practical observations into poten-
tial spread rates of corrected patches, optimal strategies for designing correction arrays (see more below), and the role 
of interference both among patches and with pathogenic clones, all of which rely on incorporating spatial competition 
explicitly.

A compelling biological rationale for extending the HomeostaticEpidermis (HE) model is the many shared features 
of oral mucosa and epidermis. These tissues are contiguous at the proximal end of the GI tract, and share common 
embryological origins, many biological features and pathogenic mechanisms. Alterations in progenitor cell dynamics in 
these epithelia can promote both pre-neoplastic and neoplastic disease by facilitating the expansion of mutant clones 
[23,26,27,58–60]. Nevertheless, tissue-specific differences do exist between the oral mucosa and the epidermis, which 
could affect specific quantitative conclusions reached by our model, especially related to rate of spread of gene correction 
through tissue. To minimize these effects, we modified the HE model to incorporate oral mucosa-specific data where they 
exist (e.g., oral mucosal turnover, cellular density) and further note that many epidermis-specific features (e.g., keratini-
zation, presence of hair follicles, certain wound healing properties) are not represented in the HE model and thus do not 
impact our findings.

Implementation of our adapted HE model provided several important insights into oral mucosal dynamics, and the 
potential to counter cancer risk in individuals with FA: 1) gene correction needs to confer a strong proliferative advantage 
to escape stochastic corrected cell loss, and to promote tissue replacement on clinically-relevant decadal timescales; 2) 
tissue replacement success can be maximized by increasing delivery dose and by distributing tissue delivery spacing to 
speed tissue replacement while reducing competitive interference among corrected lineages; and 3) gene correction has 
the substantial potential to reduce the high risk of HNSCC in FA if it lowers the mutation rate and/or proliferative advan-
tage of oncogenic mutations. Each of these results and their translational importance are discussed in greater detail 
below.
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We found that gene corrected cells will require a strong proliferative advantage (i.e., pcorr ≥ 0.1) and rapid spread 
within the oral epithelium for effective FA oral gene correction. Whether FA gene correction can confer a strong prolifera-
tive advantage has been most convincingly demonstrated in the hematopoietic system [15–19], and is plausible though 
less well-documented in oral mucosa. The potential for persistence and rapid spread in related squamous epithelia is 
exemplified by heritable skin diseases such as epidermolysis bullosa, where patients may display mutationally revertant 
skin patches 2 cm2 or larger, even at ages as young as 8, and with geometries inconsistent with emergence during devel-
opment [28–30]. Similar data exist from individuals with ‘ichthyosis-with-confetti’, who have large revertant skin patches 
caused by mitotic recombination that can reach up to 4 cm2 in size and have been documented in individuals as young as 
18 [61]. Comparably rapid tissue replacement may occur in the oral mucosa, which has faster measured cell turnover than 
does epidermis [41,62–64]). If FA gene correction confers only a weak intrinsic mucosal fitness advantage, this might be 
augmented by engineering additional genetic alterations. For example, recent studies have found that NOTCH1 mutations 
can confer a fitness advantage that promotes clonal expansion while minimally affecting cancer risk [26].

Our model predicts that gene correction will be most beneficial at suppressing cancer risk in FA if it reduces genomic 
instability or counters the spread of pathogenic epithelial mutations. There is a strong biological rationale for these sup-
positions. FA cells accumulate chromosomal aberrations due to a DNA damage sensing and repair deficit [9,65–67], 
and tumors that arise on this background are further mutated and chromosomally rearranged [9]. Complementing the FA 
defect suppresses these phenotypes, whether by gene correction [15–19] or spontaneous genetic reversion [68–74], in FA 
patient HSCs. The restoration of FA function reduces DNA damage markers, restores chemoresistance and suppresses 
genomic instability. Moreover, FA gene correction also has the potential to suppress the spread of pathogenic mutations 
and tumor progression. The plausibility of these additional effects has been observed in Fancd2/Tp53, Fancc/Tp53 and 
Fanca/Tp53 double knock-out mice: all have significantly lower rates of cancer-free survival than either single mutant 
or control mice for epithelial as well as non-epithelial tumors [54,55,75]. The importance of the FA-Tp53 interaction is 
illustrated in mouse HSCs, where Tp53 elimination on a Fanca mutant background increases cellular turnover rates to a 
greater extent than on a Fanca-competent background [53]. A potential mechanism for this increased fitness advantage 
is that persistent DNA damage in FA activates TP53 to arrest cell cycling for DNA damage repair [52,76]. TP53 loss, in 
contrast, confers a growth advantage by suppressing proliferation arrest to allow continued cell division in genomically 
unstable or mutant cells [52,53,77]. Gene therapy to restore FA pathway function could thus suppress multiple FA- 
dependent mechanisms that promote genomic instability, and that provide strong selective pressure for the emergence of 
TP53 mutations.

Our oral mucosal epithelial agent-based model could be extended or improved in several ways. First, we could 
more explicitly model the basal layer stem cell hierarchy. This would likely improve the biological accuracy of the 
model without substantially altering global tissue dynamics [40]. Second, our use of a persistence coefficient could be 
improved using experimental data that quantify the survival benefits of gene correction in an FA background, when 
such data become available in an epithelial context. In FA-corrected HSCs, proliferative advantage appears to reflect 
a combination of reduced apoptosis, increased survival after DNA damage, and/or improved self-renewal capabilities 
[44–46]. Better characterization of these potential mechanisms in FA epithelia should improve modeling insight and 
predictive outcomes. Third, we used existing related data outside FA oral mucosa to fit certain model parameters. We fit 
the fitness benefits of TP53 mutations using clonal expansion data from the esophagus. Oral and esophageal mucosa 
are contiguous and related, but we note that TP53 mutations can expand differentially across more distinct tissue types 
[48,78]. We also approximated the potential fitnesses of epithelial TP53/FA double mutants and FA mutation rate eleva-
tion using non-epithelial cell type data (see Methods), although we explored a wide range of potential interaction effects 
for both of these experiments (Fig 4D and 4E). Direct measures of these parameters in their exact tissue contexts 
would improve specific quantitative model predictions, but would be unlikely to qualitatively change the patterns that we 
observe.
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More sophisticated genetic models of FA or other diseases could also be developed to provide additional mechanistic 
insight while capturing between-individual differences. For example, we explored only the effects of single deleterious 
TP53 mutations as some Tp53 mutations exhibit dominant-negative effects with heterozygous clonal expansion in mice 
[27,79,80]. A second way to more accurately model FA would be to incorporate loss of FA function with loss of function 
variants in ADH5 and ALDH2. These two genes are key members of aldehyde detoxification pathways that limit the 
toxicity of formaldehyde and acetaldehyde, both common and unavoidable sources of endogenous and exogenous DNA 
damage that activate TP53-dependent DNA damage signaling and FA pathway activity [81]. Our modeling approach can 
be extended to predict a range of fitness effects of these inputs in both FA and FA gene-corrected cells. A final note is that 
our modeling framework can accommodate a wide range of new data from many gene delivery platforms in addition to 
microneedle-mediated gene delivery [31–36].

Gene therapy represents a promising approach to treat or prevent a growing number of disease states and predisposi-
tions. Computational modeling, as illustrated here, can provide a useful framework that identifies important determinants 
of therapeutic success across many diseases and their target cells, tissues or organs. A critical next step in determining 
the potential of FA oral epithelial gene therapy is to quantify the proliferative advantage of gene-corrected cells in FA 
epithelia. It may be possible to estimate proliferative advantages now for a subset of FA patients using deep sequencing 
of oral mucosal biopsies to estimate reversion rates and the likely revertant proliferative advantage for FA-revertant cells. 
Several new mouse models of FA (see, e.g., [75]) should soon allow modeling predictions to be tested directly by lineage 
tracking to quantify the fitness effect of FA gene correction. These mouse models have the advantage of adding spatial 
distribution data on the spread of FA-corrected cells. All of these approaches should provide new insight into the competi-
tive dynamics of FA gene-corrected cells.

A final important point is that many gene therapy or editing protocols are now focused on in vivo gene delivery, where 
success will depend on integrating target cell and tissue type-specific features with delivery method-specific details 
[82,83]. Our approach allows many of these protocol-, patient- and disease-specific details to be captured and explored in 
silico, and to aid the design of clinical protocols with the highest likelihood of success [84]. Modeling also has the poten-
tial to minimize excessive animal testing and patient sampling. Key protocol details (delivery vehicle, delivery route, dose 
and timeline) can be identified and then tracked to measure protocol effectiveness. Clinical data from small n trials - or 
even single patients - can then be used to improve protocol design, implementation and tracking of patient-specific out-
comes (see, e.g., the recent n = 1 in vivo editing of CPS1 deficiency [85]). All of these efforts should substantially improve 
the design, implementation and eventual success of gene therapy protocols to treat or prevent a wide range of human 
diseases.

Materials and methods

Overview of the model

Model framework.  We extended a cellular automaton model of epithelial cell division and homeostasis in the Hybrid 
Automata Library [86], HomeostaticEpidermis (HE) [40], to simulate the dynamics of oral epithelial cells and corrective 
gene therapy. Briefly, HE simulates cells as independent agents on a three dimensional lattice that divide and die 
according to the available concentration of a growth factor diffusing from the basal layer (see [40] for full parameterization 
of this growth factor gradient). During a cellular division event, one daughter cell occupies the location of the parent 
cell, while the other is positioned either vertically above or in one of the four orthogonal neighboring positions within the 
basal layer Von Neumann neighborhood. The placement of this second daughter cell is governed by the division location 
probability ω, where ω = 0.2518617 represents the probability of vertical placement, and each orthogonal direction has a 
probability of (1 – ω)/4. If a daughter cell occupies a neighboring position within the basal layer, the displaced cell stratifies 
out of the basal layer and all cells above it are displaced upwards. The epithelial dynamics of this study focus only on the 
basal layer, as once a cell stratifies to the suprabasal layers, cells do not de-differentiate and re-enter the basal layer. 
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Cells can mutate during division, which we examine in the latter half of our study. This model reproduces key behaviors of 
epithelial tissues, including the distribution of mutated clone sizes over time. As such, most existing model parameters are 
kept at their default values to preserve homeostatic tissue function. New functions and parameters specific to our model 
are described below.

In our model, all cells begin with mutant FANC gene function (i.e., an FA phenotype), as expected in an inherited disor-
der. Throughout most of the analyses, this FA phenotype does not affect the normal maintenance of homeostatic equilib-
rium or cellular behavior, although in section Lineage competition between gene-corrected cells and TP53 mutants, we 
describe how uncorrected FA cells may affect genome stability and control of TP53– mediated clonal expansions.

Adaptation of epidermal model for the oral epithelium

We sought to preserve homeostatic behavior of the HE model while accounting for the increased turnover rate of oral epi-
thelial cells compared to epidermal cells. Under the default parameters in the HE model, basal cells divide on average 0.4 
times per week (S3 Fig). However, basal cells in the oral epithelium and esophagus divide approximately twice per week 
[27,41,62]. We therefore rescaled time in our model such that each reported year of simulation time in the oral epithelium 
corresponds to 4.5 years of simulation time in the HE model.

To reflect the higher density of cells in the oral epithelium versus epidermal tissue, tissue section sizes are determined 
using a density of 15,000 basal layer cells/mm2 [23,41], instead of 10,000 basal layer cells/mm2 in the HE model [40,87].

Gene correction

To mimic in vivo microneedle gene delivery that corrects FA oral epithelial cells, we allowed FA cells to be transformed into 
corrected cells by exposure to a simulated transgene at a pre-specified treatment time. We apply the in silico transgene delivery 
to the center of simulated tissue sections except when otherwise noted at the start of the simulation. Transgene spread through 
the tissue is governed by an approximation to Brownian diffusion away from the injection site. Specifically, for each cellular posi-
tion on the tissue basal layer, we determine the relative probability of correction by integrating the PDF of a bivariate Gaussian 
distribution over the cell’s x and y coordinate boundaries on the lattice. We then sample k cell coordinates for correction from 
this probability distribution without replacement. To simulate a transgene injection with greater or lesser diffusion, we examine 
Gaussian distributions with different variances (D) centered on the injection site coordinates (xinj, yinj) as follows:

	
µ =

(
xinj
yinj

)
, Σ =

(
D
0
0
D

)
.
	

Corrected cells can have altered dynamics in the basal layer that may allow them to spread, in analog to the ability of 
gene-corrected cells to spread in the hematopoietic compartment. In stratified squamous epithelium, clonal expansion 
occurs due to an imbalance in the fate of progenitor cells in the basal layer [23,41,43]. We model this mechanism via a 
persistence coefficient (pcorr), which prevents a cell from being displaced by its neighbor cell’s division. Specifically, when 
a cell divides and randomly chooses to displace a neighboring cell possessing a persistence coefficient pcorr, the neigh-
boring cell will not be displaced vertically with probability pcorr, and will be displaced vertically with probability 1 - pcorr. If 
the neighboring cell is not displaced, the dividing cell instead places its daughter cell vertically and does not displace any 
neighboring cells. This mirrors the implementation of NOTCH1 mutations in Schenck et al. ([40]. FA cells are assumed to 
have pcorr = 0 throughout.

Interrogating clonal expansion of corrected cells in an FA background

To investigate the spread of gene correction through the oral epithelium, we simulated FA tissue sections of size 0.67 mm2 
(100 cells x 100 cells). We introduced a single corrected patch of k cells with persistence coefficient pcorr in the center of 
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the basal layer of the tissue as described above and recorded tissue states longitudinally for up to 50 years at six month 
intervals. Unless otherwise noted, k = 10 and D = 2, reflecting a tightly clustered patch of few corrected cells. Simu-
lations were stopped if no corrected cells remained in the basal layer (‘loss’) or if the corrected patch of cells occupied 
80% of the basal layer (‘confluence’). Simulations reaching neither endpoint in 50 years were designated as ‘ongoing’. 
We ran 100 correction replicates for pcorr = (0, 0.001, 0.01, 0.1, 0.2, 0.5, 1.0) and recorded the proportion of simula-
tions in which correction was lost or reached confluence and the time at which that event occurred. We repeated these 
analyses examining different numbers of corrected cells (k = 3, 10, 30) and different degrees of transgene diffusion 
(D = 2, 10, 20). Clone size distributions were determined by computing the number of cells associated with each of the 
corrected patches for each persistence coefficient after one year. To determine the expansion rates of corrected patches, 
we examined only simulation replicates reaching confluence and converted the number of corrected cells at each time-
point (six-month intervals) into area assuming each cell was 66.7 µm2 [23,41].

Lineage competition between gene-corrected cells and TP53 mutants

We investigated how gene correction might decrease the prevalence of TP53 mutant cells in the oral epithelium of peo-
ple with FA. To run these analyses, we expanded our model to permit cells to acquire TP53 inactivating mutations at 
cell division in both FANC– (FA) and FANC+ (corrected) cells. Each cell division, each FANC– and FANC+ cell acquires 
an expected number of TP53 inactivating mutations, µFANC– and µFANC+, respectively. We determined the probabil-
ity of TP53 inactivation to be 7.48 ∗ 10–7 division–1 as the product of the normalized genewide TP53 mutation rate 
2.99 ∗ 10–6 division–1 [40,88] and the probability of gene inactivation conditional on mutation as determined from deep 
mutational scanning data (~0.25, [89]). More information on this calculation is available in ‘Parametrizing the prolifera-
tive advantage and mutation rate of TP53– mutations’. A Poisson number of inactivating mutations with λ = µFANC–  or 
λ = µFANC+ is drawn for each cell division and cells gain a fitness advantage if an inactivating mutation occurs. Acquir-
ing multiple mutations in TP53 did not alter clonal fitness beyond a single hit (see Discussion). FANC– and FANC+ cells 
containing a TP53 inactivating mutation had an additional increase in their persistence coefficient of pTP53

–

FANC–  and pTP53
–

FANC+, 
respectively. Initially, we assumed that pTP53

–

FANC– = pTP53
–

FANC+ = 0.01, based on model fitting to the prevalence of TP53 muta-
tions in noncancerous tissue (see section ‘Parametrizing the proliferative advantage and mutation rate of TP53– mutations’ 
for full details).

We considered three experimental conditions in which gene correction could slow the rate at which TP53 mutations 
accumulated in tissue:

1.	 If FANC+ cells were more difficult to displace than FANC– cells, but were otherwise identical in terms of the TP53 
mutation rate and clonal expansion speed. In this case, we examined simulation runs in which µFANC– = µFANC+ and 
pTP53

–

FANC– = pTP53
–

FANC+.

2.	 If FANC+ cells were more genetically stable than FANC– cells and thus acquired fewer TP53 mutations. In this case, we 
examined simulations in which µFANC– = m · µFANC+and pTP53

–

FANC– = pTP53
–

FANC+, where m = (1.5, 2, 4, 8).

3.	 If FANC– cells permitted a faster rate of clonal expansion of TP53 inactivating mutations than FANC+ cells. In this case, 
we examined simulations in which µFANC– = µFANC+ and pTP53

–

FANC– = r · pTP53–
FANC+, where r = (1.5, 2, 4).

We conducted 300 replicates of experimental condition 1 and 100 replicates of experimental conditions 2 and 3, both with 
and without gene correction. Among simulations with gene correction, we examined small and large persistence coef-
ficients for corrected cells (pcorr = 0.01 and pcorr = 0.1, respectively). We ran simulations on 0.33 mm2 (70 x 70 cells) 
tissue sections for up to 50 years with k = 30 initially corrected cells distributed with D = 2. Simulations without correc-
tion ran uninterrupted for the full 50 years. Simulations with correction were run for up to 50 years, but were stopped if all 
corrected cells were lost from the basal layer. This stoppage criterion reflects our assumption that once all corrected cells 
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are lost from the basal layer, the tissue behaves similarly to one never having undergone correction. To address variation 
in replicate numbers caused by early stoppage, mutational characteristics for samples in which gene correction was lost 
were sampled from a random replicate that did not undergo correction at each timepoint. We then quantified the propor-
tion of the tissue with at least one TP53 mutation at six month intervals for up to 46 years.

Parametrizing the proliferative advantage and mutation rate of TP53– mutations

To quantify how gene correction could disrupt TP53 mutation clonal expansions in FA oral epithelium, we first parameter-
ized TP53– mutation rates (µFANC+) and proliferative advantages (pTP53

–

FANC+) in the context of our model. We estimated these 
parameters via comparison to a published study of TP53 mutational expansion in healthy (i.e., non-FA) esophagus [48], 
another non-keratinized stratified squamous epithelium that is spatially-contiguous with the oral mucosa.

Martincorena et al. [48] collected 2 mm2 sections of esophageal tissue from study participants of different ages and 
deep sequenced each section to measure the number of unique TP53 mutations and their corresponding variant allele 
frequencies (VAFs). Because 2 mm2 tissue sections are computationally expensive to simulate under the HE model, we 
simulated smaller tissue sections (70 x 70 cells or ~0.33 mm2) and compared them to a spatially downsampled version of 
[48], intended to mimic results from Martincorena et al. if smaller sections were sequenced.

To approximate downsampling of the clinically-derived 2 mm2 samples, we first spatially reconstructed possible tissue 
sections that reflect the mutation data observed in each full 2 mm2 sample (i.e., each tissue section at a given age has i  
distinct TP53 mutations indexed 1, ..., i, at frequencies f1, ... , fi). With our expected cellular density, each 2 mm2 tissue 
section is represented by a 173 x 173 cellular grid. We then place i  mutations in cells on the grid such that each mutation 
is spatially contiguous and at its observed frequency, fi . Specifically, starting with the most frequent mutation, we choose 
a random starting point on the grid to assign the mutation and then mutate a random neighboring cell of the currently 
mutated cells to extend the spatially contiguous mutational patch until the mutation reaches its observed frequency fi . This 
process is repeated serially for each additional mutation observed in a tissue section, with the additional constraint that if 
the frequency of total mutations reaches 0.5 or more, the mutation that would exceed this threshold is instead assigned to 
an existing mutant clone background of higher frequency. After reconstructing potential tissue sections that could produce 
the correct number of TP53 mutations and their VAFs in the 2 mm2 sections, we randomly sampled a 0.33 mm2 (70 x 70 
cell) square subsection from each larger reconstructed sample and counted the number of mutations and their VAFs in 
this subsection. To align with Martincorena et al. [48], who excluded mutations sampled at frequencies below 0.0018 (108 
genomic copies/(29929 cells * 2 genomic copies/cell)) in 2 mm2 tissue sections, we applied the equivalent threshold in our 
0.33 mm2 sections, corresponding to a frequency 0.011 (i.e., 108 genomic copies/(4900 cells * 2 genomic copies/cell)).

To identify the TP53 persistence coefficient value that most accurately reflects the mutation patterns observed in 
empirical data, we simulated 70x70 tissue sections across a range of pTP53

–

FANC+ values and compared the simulated data 
with the downsampled empirical observations. Martincorena et al. [48] collected 844 samples from nine donors of varying 
ages. We examined the 560 samples from the six donors aged 20 to 55 to match the correction timescales profiled in this 
study. 177 samples contained detectable TP53 mutations, which were spatially reconstructed and then downsampled as 
described above. Only TP53 nonsense, missense and synonymous SNV mutations were included, with non-SNV and 
splice mutations excluded. Total empirical mutational prevalences (i.e., the number of unique TP53 mutations per tissue) 
were computed by combining the downsampled tissue sections and the tissue sections containing no TP53 mutations.

We conducted 100 simulation replicates for each pTP53
–

FANC+ = (0, 0.007, 0.01, 0.0125, 0.015) and matched two metrics 
between the simulated and observed data: the number of unique TP53 mutations in the tissue and the average mutational 
VAF of an observed TP53 mutation. Using the default mutation rate of the HE model resulted in an excess number of 
TP53 mutations compared to empirical data, even when these mutations conferred no proliferative advantage (S4A Fig). 
To better align the number of mutations in a tissue sample with observed data, we reasoned that the mutation rate produc-
ing mutations capable of expanding was likely lower than expected from the gene length and average mutation rate alone. 
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To compute an adjusted mutation rate, we referenced deep mutational scanning data of TP53 and found that approxi-
mately 25% of TP53 mutations were expected to confer a selective benefit [89]. We therefore reduced the model’s default 
expected number of TP53 mutations by a factor of four, and found that this reduced mutation rate (7.48 ∗ 10–7 division–1

) was capable of producing mutation counts and sizes that roughly matched Martincorena et al. [48], as shown in S4 and 
S4B Fig.

To compare the number of distinct mutations arising, we calculated the squared differences between the mean number 
of mutations in the downsampled empirical data and the mean number of mutations in the simulated data for each time-
point and for each pTP53

–

FANC+ value. We then averaged these squared differences across all timepoints and identified which 
pTP53

–

FANC+ value minimized the mean squared error (S4 and S4D Fig).
To find the pTP53

–

FANC+ value best able to produce empirical TP53 mutational size distributions (i.e. VAFs), we took a two 
step approach. First, we fit exponential distributions that described the simulated VAFs for each pTP53

–

FANC+ value separately 
at each timepoint. We fit these distributions using the R fitdist function within the fitdistrplus package [90]. Before fitting, 
we recentered the simulated VAFs by subtracting off the lower limit of detection frequency (0.011) to better conform to the 
shape of the exponential distribution (i.e., bounded below at 0). Second, we then used the best fit λ at each time point and 
for each simulated pTP53

–

FANC+ to compute the probability that an interval encompassing each empirical downsampled VAF 
measurement was drawn from each of the best fit distributions. Specifically, for an observed VAF measurement f  and best 
fit parameter λ for a given age group and pTP53

–

FANC+, we computed the probability of the observed data as:

	
p(f | λ ) =

∫ f + ε

f – ε

λe–λxdx.
	

We used ε = 0.0002 although we found that results were robust to our choice of small ε. As when fitting the distribu-
tions initially to find the best fit λs, we recentered the observed VAFs by subtracting off the lower limit of detection before 
evaluating the probability expressions above. We then summed the log probabilities for a given pTP53

–

FANC+ across all age 
groups to find the pTP53

–

FANC+ that generates simulated data that best conforms to the empirical data through time (S2 Table 
and S4C- S4E Fig). We did not perform exponential best fit calculations to pTP53

–

FANC+ = 0 as there was only one observed 
mutation for the age ranges 20-23 and 24-27. Two outlier measurements diverging substantially from the overall temporal 
signal were excluded when determining the best fit parameters: the number of mutations in a heavy smoker aged 44-47 
and the variant allele frequencies among ages 20-23 (S4B-S4C Fig).

We found that pTP53
–

FANC+ = 0.01 both minimized the squared error for the number of mutations and minimized the nega-
tive log-likelihood fit to the mutational VAFs, so we proceeded with pTP53

–

FANC+ = 0.01 as our proliferative advantage of TP53 
mutations in healthy tissue.

Due to interactions between the FA and TP53 pathways, loss of TP53 function in cells already carrying FANC mutations 
is likely to confer a more extreme growth phenotype (i.e., pTP53

–

FANC– > pTP53
–

FANC+, see Discussion). To parameterize pTP53
–

FANC– , we 
drew on both in vitro and in vivo data from human lymphoblastoid and mouse HSC experiments [52,53] which provide con-
sistent, quantitative evidence that TP53 inactivation enhances proliferation to a greater degree in FA cells than non-FA cells:

1)	FA and non-FA lymphoblastoid cell lines, both with and without TP53 knockdown, were exposed to a pulse 
of interstrand crosslinking agents then grown in culture for 72 hours [52]. In non-FA cells, TP53 knockdown 
increased growth by 17%, but in FA cells, TP53 knockdown increased growth by 40%. These values were 
extracted from time point H72 in Fig 3C of the original publication [52] using WebPlotDigitizer [91]. This suggests 
pTP53

–

FANC– ≈ 0.4/0.17 · pTP53–
FANC+ = 2.35 · pTP53–

FANC+.

2)	HSCs from mice constructed with all combinations of Fanca+/+ or Fanca–/– and Tp53–/– or Tp53+/+ were tracked for 20 
weeks [53]. The depletion of HSCs was measured to track proliferative exhaustion due to more rapid cycling. Addi-
tion of Tp53–/– to a Fanca+/+ background resulted in a decrease in abundance of 35% between weeks 8 and 20, while 
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addition of Tp53–/– to a Fanca-/- background resulted in a decrease in abundance of 86% between weeks 8 and 20. 
These values were extracted from Fig 1D of the original publication [53] using WebPlotDigitizer [91]. This suggests 
pTP53

–

FANC– ≈ 0.86/0.35 · pTP53–
FANC+ = 2.45 · pTP53–

FANC+, although provides less direct evidence than the growth experiments 
described above.

The consistency between these two studies, in different cell types from different organisms, prompted our use of an 
increased proliferative advantage (i.e., r) in the range of ~2.4. Specifically, we tested r = (1.5, 2, 4) to explore potential 
increases or decreases in proliferative advantage that may accompany an epithelial context.

Supporting information

S1 Fig.  Gene correction reduces spread of TP53 mutations through FA tissue over time. (A-I) TP53– tissue cover-
age tracked over time for 46 years on 0.33 mm2 simulated tissue sections with or without single gene correction (k = 30 
cells and D = 2). Columns represent conditions with no correction, pcorr = 0.01 and pcorr = 0.1. Rows represent the 
experimental conditions as described in Fig 4. Black crosses represent TP53 tissue coverage ranges from Martincorena 
et al. [48] normal esophagus, with vertical lines indicating the observed range. 300 simulations were performed for each 
condition within each persistence coefficient for A-C and 100 simulations were performed for D-I.
(TIF)

S2 Fig.  Elevated mutation rates increase the number of TP53– clones, while increased persistence coefficients 
increase TP53– clone sizes. (A-D) The average number and size of TP53– clones after 46 years on 0.33 mm2 simulated 
tissue sections with (pcorr = 0.01 or 0.1) or without gene correction. The 1X condition in each panel (green) represents 
simulations where TP53 mutation rates and persistence coefficients are equal across FANC– and FANC+ cells. The empir-
ical condition in each panel (yellow) represents data from downsampled normal esophageal tissue in ages 36-55 from 
Martincorena et al. [48]. 300 tissue simulations of the 1X condition and 100 tissue simulations of all other conditions were 
performed. Bars indicate interquartile ranges. (A) Average number of distinct TP53– clones when the TP53 mutation rate 
is elevated in FANC– cells (µFANC– = m · µFANC+ , m = (1.5, 2, 4, 8)). (B) Median TP53– clone size under the same condi-
tions as (A). (C) Average number of distinct TP53– clones when TP53 persistence coefficients are elevated in FANC– cells 
(pTP53

–

FANC– = r · pTP53–
FANC+ , r = (1.5, 2, 4)). (D) Median TP53– clone size under the same conditions as (C).

(TIF)

S3 Fig.  Basal cell division rates in the default HomeostaticEpidermis model. Distribution of average cell division 
rates across basal layer positions in the HomeostaticEpidermis model over 100 model timesteps on a 50x50 cell grid. The 
red line indicates the mean division rate (0.4 divisions per week).
(TIF)

S4 Fig.  Parameterizing the proliferative advantage and mutation rate of TP53 mutations. (A) The num-
ber of TP53 mutations per 0.33 mm2 tissue sample in simulations with varying persistence coefficients 
(pTP53

–

FANC+ = 0, 0.007, 0.01, 0.0125, 0.015) using the default mutation rate of the HomeostaticEpidermis model (colored by 
persistence coefficient), compared to empirical data (grey). 100 tissue simulations were performed for each age range and 
persistence coefficient. (B) The number of TP53 mutations per sample in simulations with varying persistence coefficients 
using the calibrated mutation rate (FANC+). (C) Variant allele frequencies of mutation meeting the lower limit of detection in 
simulated (colored by persistence coefficient) and empirical (grey) tissue. (D) Mean squared error between the simulated 
and empirical data for the number of TP53 mutations across various pTP53

–

FANC+ values. Age range 44-47 was excluded from 
the mean squared error computation. (E) Negative log-likelihood comparisons of empirical variant allele frequencies against 
simulated distributions across pTP53

–

FANC+ values. Age range 20-23 was excluded from negative log-likelihood computation.
(TIF)

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012915.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012915.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012915.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012915.s004
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S1 Table.  Biological contextualization of persistence coefficient values (pcorr). 
(XLSX)

S2 Table.   Best-fit exponential parameters and corresponding negative log-likelihood values across pTP53
–

FANC+ condi-
tions and age ranges. 
(XLSX)
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