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1 Abstract

Merkel Cell Carcinoma (MCC) is an aggressive neuroendocrine (NE) skin cancer frequently associated with

Merkel Cell Polyomavirus (MCPyV) integration. Current treatments remain limited and fail to speci�cally

target MCC’s underlying regulatory mechanisms. Reversing the neuroendocrine di�erentiation characteristic of

MCC could induce terminal di�erentiation or enhance sensitivity to existing therapies. Here, we employed com-

putational modeling and single-cell RNA sequencing data from two independent datasets of MCPyV-positive

MCC tumors. Analysis with CytoTRACE2 revealed distinct subpopulations with varying neuroendocrine dif-

ferentiation states, characterized by di�erential expression of key transcription factors. We constructed a reg-

ulatory network of these transcription factors and using BooleaBayes, we identi�ed �ve transcription factors

(FOS, KLF4, ATOH1, RBPJ, and EGR1 ) as key regulators whose inhibition signi�cantly shifts MCC cells

toward a more di�erentiated and potentially more therapeutically responsive state. Future experimental work

will validate these in silico predictions by targeting these transcription factors in MCC cell lines, aiming to

uncover novel therapeutic targets in MCC.

2 Introduction

Neuroendocrine (NE) cancers are a heterogeneous group of neoplasms that arise from cells with both neuronal

and endocrine features, and are often associated with neural lineage genes and hormone producing markers.1

NE tumors, particularly poorly di�erentiated NE carcinomas are characterized by high proliferation, drug

resistance, and a poor prognosis.2,3 Poor di�erentiation refers to the loss of tissue-speci�c features and a shift

toward a more stem-like or developmentally plastic state.1 Although the incidence rate of these cancers is

increasing, current therapeutic options remain limited in producing durable responses, highlighting an urgent

need for novel therapeutic strategies and improved understanding of the molecular mechanisms driving NE

tumor progression.1,4{6

Our study focuses on Merkel cell carcinoma (MCC), a neuroendocrine skin cancer commonly associated

with Merkel cell polyomavirus (MCPyV) integration.6,7 This strong association with a virus makes MCC a

compelling model for study as it limits the genomic complexity compared to other NE tumors and facilitates

the study of oncogenic pathways through model cell lines transduced with viral genes.8 MCC is highly metastatic

and it is thought to have a disease-speci�c mortality rate between 33-46%.6 The current standard of care is

immunotherapy, which only about 50% of patients respond to, and among responders, only a fraction achieve a

durable response.5 Given that MCPyV is present in most MCC cases, immunosuppressed patients-who represent

a highly vulnerable group for infection-are often ineligible for immunotherapy, underscoring the critical need

to develop alternative therapies that target MCC-speci�c regulatory mechanisms.6 Recent studies highlight
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promising approaches by selectively targeting speci�c tumor subpopulations or molecular mechanisms that

drive lineage plasticity in lung, breast, and prostate cancers.9{14 However, the regulatory mechanisms underlying

lineage plasticity in MCC remain poorly characterized, limiting the development of targeted strategies to reverse

the NE phenotype.

Neuroendocrine cancers often arise through a process of evolution and di�erentiation that is termed \lineage

plasticity".10,12,15 Lineage plasticity refers to a cell’s ability to transition between di�erent developmental path-

ways.10,11 Under typical conditions, once a cell has di�erentiated, it is committed to that developmental pathway

or lineage. Some cells undergo terminal di�erentiation, whereby they reach a speci�ed state and undergo perma-

nent cell cycle arrest, rendering them non-proliferative.3 Lineage plasticity allows di�erentiated cells to escape

their committed fate and undergo phenotypic changes. This process often involves a shift in developmental

potency-the ability of a cell to generate various cell types. At the highest level of the hierarchy are totipotent

and pluripotent stem cells, which can give rise to all or most cell types. In contrast, multipotent, oligopotent,

and unipotent cells are progressively more restricted in what lineages they can form, while di�erentiated cells

have reached their �nal state.16{18

In cancer, reactivation of developmental programs can enable cells to increase their potency and re-enter a

more plastic and proliferative stem-like state. This allows tumors to adapt to environmental pressures, resist

small-molecule drugs, and metastasize.10,16,19,20 One well reported example of this in cancer is the epithelial-to-

mesenchymal transition (EMT). Through this process, mutations in epithelial cells can cause a loss of adhesion

and thus a loss of their well-de�ned, block-like morphology. This transition is driven by a down-regulation

of E-cadherin and an up-regulation of N-cadherin, which induces a spindle-like morphology that allows for

migration.21,22 Similarly, lineage plasticity is highly involved in NE tumorigenesis, where cells upregulate NE

markers and lineage-determining factors such as ATOH1 and promote stemness via over-expression of MUC1

and suppression of TP53 in di�erentiated epithelial tissue.19,23{25 Evidence is mounting that this transition to

an NE phenotype allows tumor cells to more e�ectively metastasize and evade immune response and clinical

treatment. Conversely, recent studies have shown that reversing the NE signature can drive tumor cells toward

terminal di�erentiation and quiescence, or sensitize them to a wider range of anticancer therapies.9{13

Here, we take a systems-based approach to integrate these concepts and identify mechanisms driving lineage

plasticity and neuroendocrine di�erentiation within MCC tumors. We analyzed single-cell RNA-seq data from

twelve MCC tumors (6 virus positive from the DeCaprio lab and Das et al. each) to identify distinct subpop-

ulations displaying varying levels of stemness and NE di�erentiation using CytoTRACE2,17 a computational

tool for predicting cellular developmental potency. We then identi�ed key transcription factors (TFs) that were

di�erentially expressed between these subpopulations. Using these TFs, we de�ned a regulatory network for

the system that was further pruned by the probabilistic Boolean network inference algorithm, BooleaBayes.14
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By modeling gene regulation probabilistically, BooleaBayes helps identify stable attractor states and prioritize

perturbations likely to shift the system’s behavior. We developed additional methods based on the BooleaBayes

algorithm to determine which TF knockdowns would push MCC cells into a more di�erentiated and less stem-

like state. Through our analysis, we identi�ed �ve TFs with the potential to reverse MCC lineage plasticity:

FOS, KLF4, ATOH1, RBPJ, and EGR1. We hypothesize that in vitro stable knockout of one or more of these

genes in MCC tumor cells will reduce the cells’ NE signature and induce a more treatable cell state.

3 Methods

Single cell RNA-seq data processing. Our primary dataset for this study was obtained through collaboration

with the DeCaprio Lab at Harvard Medical school. This dataset consisted of scRNA-seq data from nine MCC

tumors. The data was loaded into R version 4.4.3 using Seurat,26 then subset to include only six MCPyV

positive (VP) tumors. The data was then �ltered to only include cells with at least 250 detected genes, 500

transcripts, and at most 5% mitochondrial genome. Genes detected in less than 50 cells were removed. The data

was then normalized using SCT normalization from the Seurat library and adjusted for cell cycle variations.

The 3,000 most variable features were used to anchor and integrate the samples using SCT normalization. The

secondary data set (from Das et al.) consisted of eleven tumors, of which six were virus positive and selected for

further analysis. The dataset was loaded similarly; however, due to its size, we subsampled the cells in order to

run Boolean network inference. When there were di�erences in the parameters used above and those outlined

by Das et al. the more stringent was chosen. Thus, the secondary dataset was �ltered to cells with at least 500

transcripts, between 1,000 and 10,000 unique genes detected, and less than 5% mitochondrial genome. Genes

found in less than 50 samples were removed, and the 2,000 most variable features were used for anchoring and

integration.

Clustering and dimensionality reduction. First, principal component analysis (PCA) was run on the data

using the top variable features. The �rst thirty principal components (PCs) were used to construct a shared

nearest-neighbor graph. Community detection was then done on this graph using the Louvain algorithm with

a resolution of 1.0, creating distinct clusters. Finally, uniform manifold approximation and projection (UMAP)

embedding was calculated over the same 30 PCs.

Tumor cell classi�er. In order to classify tumor versus non-tumor cells across our data sets, we trained a

LASSO (least absolute shrinkage and selection operator) regression classi�er on our primary data set and used

it to predict the label of the cells in our secondary data set. For the training set, calculated tumor markers and

cell-type signatures from ClusterMole27 were used to classify each cluster as tumor cells or immune/stromal

cells. Then, we trained the model using the 3,000 most variable features, performed 10-fold cross validation

to �nd an optimal value for �, and trained an optimal model with this �. LASSO regression was chosen to
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eliminate as many irrelevant features as possible.28 The optimal model contained 631 parameters and exhibited

an accuracy of 0.933 on the test set. Once the model was de�ned, predictions were made for the cells of the

secondary data set. For any gene used in the training data but not found in the data set to be predicted, the

gene was added with all zero values to satisfy the predictor.

CytoTRACE2. Data sets were �rst �ltered to only include tumor classi�ed cells. Once �ltered, PCA, SNN,

and UMAP were carried out as above. Clustering was changed to a resolution of 0.4 in order to focus on

biologically relevant communities. CytoTRACE2 was run on the SCT normalized tumor cell data, and absolute

score, relative score, and predicted potency were added to the Seurat object.

Prior network construction. First, all di�erentially expressed genes were found between cells labeled by

CytoTRACE2 as "Di�erentiated" and "Multipotent". Cells were grouped by potency, both positive and negative

markers were included, a minimum of 10% of cells in either group had to express a gene for it to be considered, a

minimum log fold-change of 0.25 was required, and the Wilcoxon Rank Sum test was used for statistical testing.

Next, the set of di�erentially expressed genes was �ltered to only include transcription factors with Padj < 0:05.

Our lab had previously characterized an ARACNe29 regulon for VP MCC, which was �ltered to interactions

where both the target and the source are in our list of transcription factors. The DoRothEA30 network was

�ltered to interactions with at least a con�dence of C, and then to edges where the source and target were in

our list of transcription factors. Both of these lists of sources and targets were combined to generate a prior

network of regulatory interactions among transcription factors. For both data sets, this was followed by network

pruning through BooleaBayes. To create a common network supported by both data sets, the intersection was

taken of the pruned networks for the primary and secondary data sets. This last network is pruned one last

time by each data set.

BooleaBayes Processing. The prior network was de�ned as described above, and clusters were de�ned as the

potency states "Di�erentiated" (0), "Unipotent" (1), "Oligopotent" (2), and "Multipotent" (3). BooleaBayes

was run using default parameters on the SCT normalized data from the primary data set. Sinks and sources

were kept, with a self-loop being added to the sources. Data was not normalized further and binarization31 was

done as

bin(x) =

8>><>>:
1; x > 10� 5;

0; x � 10� 5:

The threshold for rules was set at 0.1, that is, if

max
inputs i;j

di�er only in regulator r

jP (target = 1 j input = j) � P (target = 1 j input = i)j < 0:1

then that regulator is deemed irrelevant and the edge is pruned. Here, P (target = 1 j input) is estimated from
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the learned Boolean rule vector V , and i and j index input states that di�er only in the value of regulator r. In

other words, if changing the state of r has a negligible e�ect on the predicted target output, the edge between

them is removed.

Boolean Network. The Boolean Network model is de�ned with each edge representing a regulatory relation-

ship and each node representing a transcription factor. The Boolean function of a node with K inputs is a

function F : f 0; 1gK ! f 0; 1g. The domain of F has 2K elements, corresponding to each possible input combi-

nation. The set of Boolean rules in the network can then be used to simulate network dynamics by iteratively

updating the nodes and their targets. It would be very unlikely to be able to fully capitulate the 2K mappings

from steady-state data, so BooleaBayes limits F to the collection of states observed in the single-cell expression

data. Each output value in the resulting truth vector V is a probability v 2 [0; 1], re
ecting con�dence in the

relationship: v = 0:5 indicates maximum uncertainty, whereas values near 0 or 1 re
ect strong support from

the data. Let M be the number of observations and N be the number of nodes in the network; BooleaBayes

constructs the M � N input matrix R, where the columns in R correspond to each input regulator and the rows

correspond to the observations, and Ri;j is the quanti�cation of an input regulator j in observation i. There is

another vector of length M made, T , that is a quanti�cation of the output variable for each observation m. R

and T are each transformed to probability matrices R0 and T 0 by zero-thresholding (OFF = 0 if the value = 0;

ON = 1 if > 0), and those 0/1 entries are then taken directly as the posterior probabilities of OFF or ON for

each regulator and for the target in every observation.

The input-output relationship is organized as a binary tree with 2N leaves, each leaf j corresponding to one

entry of V . A weight matrix W of size M � 2N is de�ned by wi;j = Pj(R0
i), the probability that observation i

maps to leaf j; these weights sum to 1 across j for each i. An uncertainty vector U is computed by:

uj = 1 � max
i2 1:::M

wi;j ;

preventing overcon�dence in under-determined leaves. The output vector V is then:

vj =

PM
i=1 wi;j t

0
i + 0:5ujPM

i=1 wi;j + uj

which weights each target observation by W and penalizes underdetermined leaves via U .

Limited pseudo-attractor search. Pseudo-attractors are de�ned as strongly connected components (SCCs)

of the state transition graph (STG) whose transition probabilities exceed a threshold PT . Let the initial state

be S 2 f 0; 1gN , the probabilistic update function f : f 0; 1gN ! [0; 1]N , the Hamming distance d(�; �), and the

search radius R. A dummy vertex oob represents all states outside the radius. States with d(state; S) > R

connect to oob with weight 1 and are not expanded further. The search proceeds by adding S to the STG
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A. B.

C. D.

E. F.

Figure 1: UMAP plots show distinct cell populations within tumor microenvironment A,D. UMAP
colored by tumor classi�cation from LASSO classier prediction. B,E. UMAP �ltered to only tumor cells.
Clustering reveals distinct subpopulations even within only tumor cells. C,F. UMAP colored based on potency
calculated by CytoTRACE2. D-F. Dataset from Das et al.
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and to a pending set P. While P is nonempty, a state is removed; if within radius R, each single-gene neighbor

is generated, added to STG and P if new, and connected by an edge weighted by its 
ip probability. After

exploring all reachable states within radius, edges with weight below PT are pruned. SCCs not containing oob

and with no outgoing edges form the pseudo-attractors.

Parallelization. BooleaBayes was implemented using the Python library graph-tool,32 which is built in C++.

Because of this, integers are limited to a maximum of 64 bits. Larger networks quickly exceed this limit as the

state space spans to 2N where N is the number of nodes. To overcome this, we implemented a new function

that maps each state in the sample to a unique integer, thereby limiting the state ID to S number of cells, where

S << 264. To accelerate the pseudo-attractor search, every state within the designated radius is precomputed

and mapped in parallel. The runtime of the pseudo-attractor search is dependent on the number of cells in

the data set and the number of nodes in the network, so with large data sets or networks this runtime quickly

becomes unmanageable. To mitigate this, we implemented a parallelized version of the pseudo-attractor search,

thereby constructing multiple STGs concurrently. The runtime of the rule determination algorithm, was also

highly dependent on the size of the network, leading us to parallelize this process as well to construct the rules

for multiple genes at the same time. Finally, a set of new parallelized functions were added for conducting

perturbation analysis. These functions allow the user to quickly simulate the trajectory of each cell state

following a perturbation (forcing a gene into the ON or OFF state).

4 Results

Subpopulations with distinct di�erentiation states exist in MCC tumors. In an e�ort to better understand

the poorly di�erentiated phenotype of MCC, we �rst sought to characterize the heterogeneity in developmental

potency of the sampled tumor cells. Following tumor cell selection (Figure 1, A and D) we used the CytoTRACE2

deep learning framework to calculate absolute potency scores for each cell (Figure 1, C and F). This revealed

cells categorized as Di�erentiated, Unipotent, Oligopotent, and Multipotent in both data sets. In the primary

data set the percent of cells in each category was 23%, 56%, 16%, and 5% respectively. For the secondary data

set these percentages were 49%, 21%, 27%, and 7%. These observations are in line with what we expect from

poorly di�erentiated tumors, since the majority of tumor cells in each data set (77% and 51% respectively)

do not present as di�erentiated cells.23 Di�erences in proportions could be due to expected variation between

data sets, but it is worth noting that one of the patients from the Das et al. data set had already begun

immunotherapy via pembrolizumab treatment when the sample was collected.

Simple network of positive multipotent markers is insu�cient to capture data. A Boolean network is a

directed graph in which each node is an element (e.g. transcription factor) and the edges represent the regulatory

relationships between the nodes (e.g. activation or inhibition).33 Each node has a binary state 0 (false/o�) or 1
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A. B.

C.

D.

E.

Figure 2: Network of positive multipotent markers. A. Original marker network: nodes are top multi-
potent markers, edges from DoRothEA and ARACNe interaction data. B. Pruned network after BooleanBayes
�ltering of edges not supported by our expression data. C. Cluster-wise average activation state heatmap for
each marker gene. States are encoded as ON (black) or OFF (white), with numeric cluster labels: Di�erenti-
ated (0), Unipotent (1), Oligopotent (2) and Multipotent (3). D. Cluster-wise heatmap of BooleaBayes-�ltered
attractor states. State IDs of the form \3 0" denote attractors shared by clusters 3 and 0; ON (black) and
OFF (white) encoding follows panel C. E. Jaccard similarity heatmap between all attractor states. Cooler
colors (purple) indicate lower similarity, warmer colors (yellow) higher similarity; attractors are hierarchically
clustered by similarity.

8



(true/on), and the network itself has 2N possible states, where N is the number of nodes in the network. The

state of each node is determined by the state of its input nodes through a Boolean rule or logical function using

the AND, OR, and NOT operators. For example, if B promotes A and C inhibits A, the state of A could be

de�ned by B AND NOT C, where B and C are the binary state of the respective nodes. The set of Boolean rules

in the network can then be used to simulate the dynamics of the network by iteratively updating the nodes and

their targets (the nodes they regulate). There exist a �nite number of achievable states in the system based on

the rules, so the system often converges to a speci�c state within state space known as an attractor state. An

attractor state is stable in that once that state is reached, any small 
uctuations over time will consistently be

pushed back to that same state.

To limit the number of nodes in our prior network, we �rst focused on the positive markers of the multipotent

state (genes that are up-regulated in multipotent cells versus di�erentiated cells). Network construction by

adding edges between these nodes using the DoRothEA and ARACNe interactions led to very few edges, so

TFs that were known targets or sources of these nodes were added as well. This generated a network of

12 transcription factors and 12 edges (Figure 2A) which was pruned to 8 transcription factors and 6 edges

by BooleaBayes (Figure 2B). There were two sinks connected to the main circuitry, HES6 (a known MCC

marker)20 and NFIA (NFI family down-regulation implicated in many cancer types).34 While the average state

of the clusters did not fully capture the trends we observed in the data, the attractor states for "3" and "3 0"

best match the multipotent state (Figure 2, C and D). "3 0" is an attractor state found for both di�erentiated

and multipotent cells. These states are most similar to each other, de�ning the multipotent state, while the

di�erentiated attractor states are least similar (Figure 1E).

To evaluate this network, we looked at the sinks mentioned above and the rules regulating them. The

BooleaBayes analysis determined that EGR1 inhibits NFIA expression (Figure 3A). This follows the expression

patterns in each cluster, with EGR1 being upregulated and NFIA being downregulated in the multipotent

population (Figure 3, C and D). However, when looking at the Boolean rule for HES6, it remains in the ON

state regardless of the state of its regulator EGR1 (Figure 3B). In contrast, the cluster-wise expression patterns

show that HES6 is down-regulated in the multipotent cells compared to the rest of the cells, suggesting that our

analysis is limited in its ability to capture the di�erence between multipotent and di�erentiated cells (Figure

3E). Furthermore, in the secondary data set, EGR1 and HES6 show similar relative expression patterns, but

NFIA is highly upregulated in multipotent cells (Figure 3, F-H), suggesting that while loss of NFIA may be

involved in tumorigenicity, it is not strictly necessary for dedi�erentiation to a multipotent state. Therefore, we

conclude that a network built of only positive markers of multipotency is not su�cient to model the transition

between di�erentiated and multipotent cells in a way that is consistent between di�erent datasets.

De�ning a common regulatory network for developmental potency in VP MCC. To capture robust features
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A. B.

C. D. E.

F. G. H.

Figure 3: Analysis of predicted regulatory rules versus RNA expression reveals network insuf-
�ciency. A{B. Sample-level heatmaps relating EGR1 regulator states to target expression of NFIA (A) and
HES6 (B). Regulator and target expression are encoded blue = OFF, red = ON; each row is one sample, each
column a speci�c combination of regulator states. The grayscale overlay shows goodness-of-�t of each state
combination to the observed sample (white = poor, black = excellent). Panel A indicates that EGR1 alone can
inhibit NFIA, whereas in B EGR1 is insu�cient to explain HES6 expression. C{E. Violin plots of the original
dataset showing expression distributions for (C) EGR1, (D) NFIA, and (E) HES6. Predicted Boolean rules and
attractor states align closely with observed data. F{H. Violin plots for the Das et al. dataset for (F) EGR1,
(G) NFIA, and (H) HES6. Here, NFIA expression (G) deviates from the trend predicted by the network.
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from both data sets, we set out to de�ne a common regulatory network. First, a prior network was obtained for

each data set. This consisted of taking all di�erentially expressed TFs (both up-regulated and down-regulated)

and adding edges based on DoRothEA and ARACNe interactions (Figure 4, A and C). For both data sets,

this produced a graph containing disconnected subgraphs of 2-3 nodes. These subgraphs have trivial dynamics

and so were removed, with only the connected component of the graph being kept for subsequent analysis.

Next, each graph was run on its corresponding data set through BooleaBayes to remove edges not supported

by the data (Figure 4, B and D). Finally, a new network was created as an intersection of both �ltered graphs

(Figure 4E). This new network was pruned with each data set by removing edges not supported by the data (See

Methods) and then validated for each to ensure all remaining nodes and edges are relevant to both data sets,

producing a common regulatory network with 37 TFs and 65 interactions (Figure 4F). This conserved network

represents a shared mechanism driving the di�erentiated to multipotent cell state transition. Thus, identifying

the key regulators of this network could elucidate therapeutic targets.14,22

There is signi�cant variation between the data sets, with a Hamming distance of 13 between the average

states of the multipotent populations of each study (Figure 5, A and B). The primary data set produced 896

attractor states; 580 attractor states were for the unipotent state only, 279 for the oligopotent state only, 17

were shared by the unipotent and di�erentiated state, 14 were unique to the di�erentiated state, and 6 attractor

states were identi�ed for the multipotent state. To model the di�erentiated and multipotent states, we exclude

all other attractors (Figure 5C). The secondary data set produced 1287 attractor states; 454 were for the

di�erentiated cluster only, 422 were for the unipotent cluster only, 238 were unique for the oligopotent cluster,

108 for the multipotent cluster, 60 were shared by the di�erentiated and oligopotent clusters, and 5 were shared

by the di�erentiated and multipotent populations. None of the attractor states were preserved between data

sets and there is a low Jaccard similarity between the same cluster compared across datasets (Figure 5D). These

di�erences suggest considerable variability in attractor landscapes between datasets, despite the presence of a

conserved core regulatory network.

In silico gene knockout reveals potential targets for treatment. Previous studies have demonstrated that

pushing de-di�erentiated cells towards terminal di�erentiation can sensitize them to treatment. 3,10{12 In order

to identify genetic perturbations that would push a multipotent cell to a more di�erentiated state, we simulated

the dynamics of each multipotent cell by starting in its initial state as measured by scRNA-seq, �xing a single TF

in the OFF state, and advancing the state of the cell according to the probabilistic Boolean rules predicted by

BooleaBayes. Throughout the trajectory, we computed the average Hamming distance between the multipotent

cell and a chosen di�erentiated attractor state to determine which genes have the largest impact when 'knocked

out'. As the reference, we chose the di�erentiated attractor state with the greatest Hamming distance from the

average multipotent state for each dataset. This was done to allow the greatest dynamic range and highlight
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