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SUMMARY
Neuroblastoma exhibits two cellular phenotypes: therapy-sensitive adrenergic (ADRN) and therapy-resistant
mesenchymal (MES). To understand treatment response, it is important to elucidate how these phenotypes
impact the dynamics of cancer cell populations andwhether they represent distinct cell types or dynamic cell
states. Here, we use an integrated experimental and mathematical modeling approach. We experimentally
measure the fractions of ADRN and MES phenotypes under baseline (untreated) conditions and under
repeated treatment cycles. We develop evolutionary game theoretic models predicting how the populations
would respond if ADRN and MES phenotypes (1) are distinct cell types or (2) represent dynamic cell states
and fit these models to the experimental data. We find that, although cells may undergo an ADRN to MES
phenotypic switch under treatment, the best-fit model sees ADRN andMES as distinct cell types. Differential
proliferation and survival of these two cell types, and not cell-state switching, drive therapeutic response.
INTRODUCTION

Neuroblastoma is a malignancy of the sympathetic nervous sys-

tem. As one of the most common and deadliest pediatric can-

cers, neuroblastoma shows a range of clinical outcomes, from

spontaneous regression to metastatic, therapy-resistant cancer

with poor patient outcomes. However, the mechanisms underly-

ing the initiation, progression, and emergence of therapeutic

resistance in neuroblastoma are not fully understood. Neuro-

blastoma cells can develop resistance via mutations in specific

pathways (primarily the Ras/mitogen-activated protein kinase

signaling pathway1), but it has also been shown that mutation-in-

dependent phenotypic plasticity in cell state transitions may

allow for adaptation to stressful environments.

In recent years, experimental studies using RNA sequencing

and epigenetic profiling have found two cancer cell phenotypes

in neuroblastoma with divergent gene expression profiles:

adrenergic (ADRN) and mesenchymal (MES).2–6 The differenti-

ated ADRN phenotype is more sensitive to therapy than the un-

differentiatedMES phenotype but comprises a higher proportion

of the population under baseline conditions.2 How ADRN- and
iScience 27, 111433, Decem
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MES-phenotype cells respond to repeated cycles of treatment

has not been investigated. Although tumors in patient most

commonly present with an ADRN phenotype, using protein

markers, epigenetic analyses, or bulk RNA sequencing, studies

have identified MES cells in patients. A fraction of tumors even

present with a preponderance of the MES phenotype.2,7–10

Furthermore, evidence suggests that cells may switch between

these phenotypes; i.e., a cell with a MES phenotype may adopt

an ADRN phenotype and vice versa.2,8,11 In response to chemo-

therapy or (anaplastic lymphoma kinase (ALK) inhibitor treat-

ment, this phenotypic plasticity by which cells in the ADRN state

facultatively switch to the MES state could play a key role in the

ability of neuroblastomas to develop therapy resistance, where

the fraction of cells with an adopted MES phenotype quickly

expand and constitute the majority of the complete cell popula-

tion in response to chemotherapy or ALK inhibitor treatment.2,5

However, the field lacks a consensus on the classification of

these phenotypes. The ADRN and MES phenotypes are some-

times treated as separate cell types and cell states, or the distinc-

tion is ignored altogether by classifying cells as ADRNorMES like.

In fact, these terms are often used interchangeably within the
ber 20, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
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Figure 1. The SK-N-BE(2) cell line is domi-

nated by CD44low cells

(A) Schematic image of the experimental setup.

(B) Percentages of live CD44high and CD44low SK-

N-BE(2) cells as determined by flow cytometry for

two independent biological repeats.

(C) Representative dot plots illustrating SK-N-BE(2)

cells 48, 72, and 96 h post seeding. Q1 and Q2

represent dead cells remaining after washing, Q3

CD44high cells and Q4 CD44low cells.
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same study. It is critical to make a distinction between cell types

and cell states, as this has important implications for the eco-

evolutionary dynamics of neuroblastoma cell populations under

therapy. Cell types refer to heritably distinct cellular ‘‘species’’ in

which progeny resemble their parents; cell states refer to transient

phenotypes that cells can adopt and dynamically shift between in

a phenotypically plastic manner. Although some studies attempt

to develop methods to delineate this difference, they have mainly

taken a gene-centric approach to this problemof distinction, omit-

ting broader implications at the population level.12,13

In this paper, we address the question of whether ADRN and

MES phenotypes represent distinct cell types or dynamic cell

states. To do this, we run experiments to measure the fraction

of ADRN and MES cells in a population under untreated condi-

tions and under repeated treatments. We then create evolu-

tionary game theoretic mathematical models of the cell type

and cell state hypotheses under untreated and treated condi-

tions. We fit these models to our experimental data to under-

stand whether cell type interactions or cell state transitions

explain therapeutic response.

RESULTS

CD44low cells comprise the majority of the population
under baseline conditions
Neuroblastoma cell lines and patient-derived tumors vary in their

composition of ADRN- and MES-phenotype cells. Using neuro-

blastoma SK-N-BE(2) cells, we experimentally measured ADRN

vs. MES dynamics under baseline conditions. Subclone SK-N-

BE(2)c cells have previously been described as primarily present-

ing with an ADRN phenotype2,14; however, the fraction of each

population has not previously been determined. A recent study

identified CD44 as a strong and specific proxy marker for MES
2 iScience 27, 111433, December 20, 2024
cells.15 We therefore used CD44 to distin-

guish ADRN (CD44low) and MES (CD44high)

cells from each other. We seeded 100,000

cells and measured frequencies of ADRN

andMEScellsat48,72,and96h (Figure1A).

We found that the majority of SK-N-BE(2)

cells presented with the ADRN phenotype

(CD44low) at baseline (Figures 1B and 1C).

Treatment cycles alter ADRN vs.
MES proportions in the population
Next, we examined how the frequencies of

ADRN and MES cells change during pro-
longed treatment. We set up an experimental plan including

two rounds of cisplatin chemotherapy treatment with a seven-

day drug holiday in between (Figure 2A). We used the same

SK-N-BE(2) neuroblastoma cells as in Figure 1 and employed

CD44-based flow cytometry analysis to determine the propor-

tion of CD44low ADRN andCD44highMES phenotypes in the pop-

ulation. Consistent with data in Figure 1B, the ADRN fraction was

higher at baseline (Figures 2B and 2C). After 72 h of cisplatin

treatment, the MES phenotype instead constituted 60% of the

population (Figures 2B and 2C). We allowed the cells to recover,

employing one week of treatment holiday, after which the ADRN

phenotype resumed being the most common with nearly 70%

ADRN vs. 30% MES cells (Figures 2B and 2C). Following a sec-

ond round of 72 h of cisplatin treatment, the frequency of MES

cells increases while the frequency of ADRN cell decreases, re-

sulting in the two phenotypes ending up close to equilibrium

(Figures 2B and 2C).

Model construction and data fitting
The data include the proportions of CD44high and CD44low cells

over time in untreated and treated conditions. We aimed to

determine whether cell type or cell state dynamics best

describe frequency dynamics and therapeutic responses. To

do this, we created mathematical models of cellular dynamics

for our two hypotheses: (1) ADRN and MES phenotypes as

distinct cell types and (2) ADRN and MES phenotypes as cell

states. The cell type hypothesis presumes that there is negli-

gible inter-conversion between ADRN and MES cells. The cell

state hypothesis assumes a stress-induced transition from

the ADRN to the MES state under therapy, and the opposite

switching in the absence of therapy. The cell state hypothesis

may also include background phenotype-switching rates be-

tween ADRN and MES cells under baseline conditions. For
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Figure 2. Repeated treatment with cisplatin affects CD44 expression of SK-N-BE(2) cells

(A) Schematic image of the experimental setup.

(B) Percentages of live CD44high and CD44low SK-N-BE(2) cells as determined by flow cytometry for two independent biological repeats.

(C) Representative dot plots illustrating SK-N-BE(2) cells at treatment start (day 1), after 72 h of treatment (day 4), after 7 days of treatment holiday (day 11), and

after a second round of 72 h of treatment (day 14). Q1 and Q2 represent dead cells remaining after washing, Q3 CD44high cells and Q4 CD44low cells.
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both hypotheses we assume that MES cells are entirely resis-

tant to therapy.

The modeling framework we used is that of evolutionary game

theory, specifically replicator dynamics. Since our data measure

the frequencies of the ADRN andMES cells instead of their abun-

dances, this framework is more apt than classical Lotka-Volterra

competition systems. The general form of the replicator equation

is given by the following differential equation:

dxi
dt

= xi½fiðxÞ � fðxÞ�;

where xi is the frequency of phenotype i in the population, fiðxÞ
captures its fitness, and fðxÞ = P

j

xjfjðxÞ represents the average

population fitness, given as the weighted average of the fitness

of all phenotypes in the population. In this way, phenotypes

with a higher fitness will increase in frequency in the population

at the expense of less fit phenotypes.

First, we constructed amodel of cell dynamics in the untreated

case. To test for state transitions between ADRN and MES phe-

notypes under baseline conditions, we create two models: one

without background transitions between ADRN andMES pheno-

types and another with these background transitions. We start

with the former. Our model consists of two coupled differential

equations, one to track the change in frequency of the ADRN
(xA) phenotype and one to track frequency dynamics of the

MES (xM) phenotype.

dxA
dt

= xA½rð1 � xA � axMÞ � fðxÞ�

dxM
dt

= xM½rð1 � bxA � xMÞ � fðxÞ�

The intrinsic growth rate was determined from the doubling

time of SK-N-BE(2) cells of 27 h by the formula

r =
ln ð2Þ

27 hours
z0:026

�
hour

To determine the interaction coefficients (a and b), we fit this

model to data comprising our control data and the experimental

data when treatment was off. We used least-squares minimiza-

tion with the Levenberg-Marquardt algorithm (Figure 3A). When

we did this, we found that az0:484 and bz1:00 (R2z0:994;

AICz � 47). There are two things to note in estimating the inter-

action coefficients. First, they are bounded to be no greater

than 1; thus, the frequency effect of ADRNonMES hits this upper

bound, leaving the frequency effect of MES on ADRN to be %1.

In the event, a is substantially less than 1 meaning that ADRN

cells have a fitness advantage over MES cells in untreated

conditions, in accordance with our experimental findings in
iScience 27, 111433, December 20, 2024 3
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Blue (orange) circles and crosses denote ADRN (MES) frequency measures from the two experimental replicates. Blue and orange lines represent the ADRN and

MESmodel fits, respectively. (A) Fit of baseline model in untreated control. (B) Fit of baseline model in untreated control with state transitions. In accordance with

data from Figures 1B and 1C, the ADRN cells have an advantage over the MES cells under baseline conditions.
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Figure 1B. Similarly, if a is bounded to less than or equal to 1, and

b unbounded, then a = 0:99 and b = 1:26, leaving the qualita-

tive results and outcomes unchanged.

The model with background transitions is given by

dxA
dt

= xA½rð1 � xA � axMÞ � t1xA + t2xM � fðxÞ�

dxM
dt

= xM½rð1 � bxA � xMÞ + t1xA � t2xM � fðxÞ�

To determine the competition coefficients (a and b) and back-

ground transition rates (t1 and t2), we again fit this model to our

experimental untreated and control data using least-squaresmini-

mization with the Levenberg-Marquardt algorithm (Figure 3B).

When we did this, we found virtually no change in the interaction

coefficients az0:485 and bz1:00 and estimates for transition

rates that were negligible in size t1 = 7:36E � 14 and t2 =

1:64E � 5 (R2z0:994; AICz � 43). Due to the lower AIC and

lack of improvement in model fit, we conclude that background

transition rates are inconsequential. For the subsequent analyses

of cells under therapy, we set background transition rates to zero.

In constructing models of the populations under treatment, we

start with the model for the cell type hypothesis. Since we as-

sume that MES cells are fully resistant and that there is no

switching between cell phenotypes, the model remains the

same as for the untreated case, with an additional death term

due to therapy, gðtÞ, for the ADRN cells:

dxA
dt

= xA½rð1 � xA � axMÞ � gðtÞ � fðxÞ�

dxM
dt

= xM½rð1 � bxA � xMÞ � fðxÞ�

Note that under periods of no therapy, gðtÞ = 0 and the model

reduces to the untreated case. To determine the value of g under

therapy, we fit our model to our experimental data for periods

of on treatment (Figure 4). We set the intrinsic growth rate and

interaction coefficients to the values estimated from the un-
4 iScience 27, 111433, December 20, 2024
treated data: rz0:026=hour, az0:484 and bz1:00. As before,

we used least-squares minimization with the Levenberg-

Marquardt algorithm to estimate that gz0:01=day (R2z0:840;

AICz � 55).

Then, we modified the model for the cell state hypothesis.

Once again, we assume that MES cells are fully resistant to ther-

apy, and we allow for a facultative transition from ADRN to MES

cells under therapy. Our model is then given by

dxA
dt

= xA½rð1 � xA � axMÞ � gðtÞ � zðtÞ � fðxÞ�

dxM
dt

= xM½rð1 � bxA � xMÞ � fðxÞ�+ zðtÞxA

where z is the rate at which ADRN cells switch toMES cells under

therapy. Under periods of no therapy, gðtÞ = zðtÞ = 0, and the

model reduces to the untreated case. To determine the value of

g and z under therapy, we fit this model to our experimental

datawhen on treatment (Figure 5).We used least-squaresminimi-

zation with the Levenberg-Marquardt algorithm to find that

gz0:01=day and z = 3:15310� 4=day (R2z0:841;AICz � 52).

This suggests that cell state transitions contribute negligibly to

the frequency dynamics under therapy. Additionally, as thismodel

has a higher Akaike information criterion (AIC) than the cell type

model, it is a poorer model for capturing the relevant cell dy-

namics. To further explore this finding, we fixed z for a range of

parameter values between 0 and 0.02 and performed model fits

for g. As expected, forcing higher rates of cell state transitions

leads to poorer model fits with the data. Our modeling and ana-

lyses support the hypothesis that the two phenotypes represent

distinct cell types whose abundances are primarily determined

by survival and proliferation, and not phenotype switching.

DISCUSSION

The finding in 20172 that neuroblastomas are composed

of two distinct phenotypes, ADRN and MES, has shaped
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how the field views clinical outcomes and has influenced pre-

clinical experimental design and analysis. While many chemo-

therapeutics and targeted therapies used for neuroblastoma

patients are successful in the initial phase, the treatment

often fails eventually. In order to overcome this issue, it is

critical to understand the ecological and evolutionary

dynamics of tumor populations with ADRN and MES pheno-

types, particularly under therapy. In line with previously

published data, we experimentally show here that neu-

roblastoma cell populations treated with chemotherapy

in vitro shift from an ADRN phenotype-dominated compo-
sition to an MES phenotype. However, whether such a

shift is primarily driven by phenotype switching between

cell states or ecological interactions between cell types was

unknown.

We used our generated experimental cell population data to

test whether cell type interactions or cell state transitions drive

response to therapy. We created evolutionary game-theoretical

models for each hypothesis and fit them to our experimental

data. These results showed that cell state transitions whether

on or off therapy are likely negligibly small. Thus, frequency-

dependent interactions between the cell types, as evidenced

by the interaction coefficients, drive the frequency dynamics

whether on or off therapy.

In general, distinct cell types display slower evolutionary dy-

namics in a cell population, than do phenotypic switching.

Such features suggest that cell types are more responsive

to adaptive therapy, whereas phenotypic switching would

respond better to continuous therapy.16 That our data suggest

that ADRN and MES phenotypes are not cell states could

mean that the cancer cells cannot access rapid demographic

transitions as a source of evolutionary rescue. These results

suggest that neuroblastoma may be a prime candidate for

adaptive therapy where therapy is stopped before the ADRN

cells have been eliminated and restarted when the frequency

of ADRN reaches a threshold.

Limitations of the study
The experimental part of this study is limited to in vitro exper-

iments in one cell line. Although our experiments corroborate

with previously published data, our results should be validated

in additional cell lines and in an in vivo setting. The experi-

ments and models presented here do not account for the evo-

lution of resistance in ADRN cells; future work could expose

the population to several more rounds of therapy to probe

whether evolution of resistance is relevant on clinically real-

istic timescales.
Figure 5. Fits of cell statemodel to repeated

therapy cycles for a range of facultative

transition parameter values
Cell state transitions, if they occur at all, are likely

negligible and do not contribute meaningfully to

cell frequency dynamics under treatment. Forcing

higher inter-conversion rates leads to poorer

model fits.

iScience 27, 111433, December 20, 2024 5



Table 1. List of antibodies

Antibody Species Dilution Source Product #

Human/mouse CD44 Alexa Fluor 647-conjugated antibody rat 1:50 R&D Systems FAB6127R

Rat IgG2B Alexa Fluor 647-conjugated isotype control rat 1:50 R&D Systems IC013R
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Lead contact

Requests for further information and resources should be directed to and will

be fulfilled by the lead contact, Sofie Mohlin (sofie.mohlin@med.lu.se).

Materials availiability

This study did not generate new unique reagents.

Data and code availability

d This paper does not report original code.

d All data reported in this paper will be shared by the lead contact upon

request.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Human/Mouse CD44 Alexa Fluor� 647-conjugated Antibody R&D Systems Cat# FAB6127R; RRID: AB_3651395

Rat IgG2B Alexa Fluor� 647-conjugated Isotype Control R&D Systems Cat# IC013R; RRID: AB_3271567

DAPI Invitrogen D3571

Experimental models: Cell lines

SK-N-BE(2) ATCC (2022) Cat# CRL-2271; RRID: CVCL_0528
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The neuroblastoma cell line SK-N-BE(2) (acquired from and authenticated by ATCC, 2022) was cultured in MEM supplemented with

10% fetal bovine serum, 100 units penicillin and 10 mg/mL streptomycin. Cells were kept at 37�C, 21%O2 and 5%CO2 in a humidified

incubator and dissociated with trypsin. Cells were tested for mycoplasma at least trimonthly (Eurofins Genomics).

METHOD DETAILS

Cell counting
Cells were stained with Trypan blue and live cells were counted in two technical replicates with a TC20 Automated Cell Counter

(Bio-Rad).

Flow cytometry
100,000 cells were seeded to 35 mm wells and were either treated with 5 mM cisplatin (reconstituted in PBS with 140 mmol/L NaCl)

after 24 h or kept as untreated control. Cells were harvested with trypsin, washed once in PBS and stained with antibodies (Table 1) in

100 mL FACS buffer (PBS, 0.5% BSA, 4mM EDTA) at 4�C avoiding light. Cells were then washed again in PBS and FACS buffer, re-

suspended in FACS buffer with 1:3000 DAPI and subjected to flow cytometry in BD LSRII or BD LSR Fortessa. Compensation con-

trols, FMO controls and isotype controls were included in each run and samples were run in three technical replicates.

Data analysis
Flow cytometry data were analyzed with FlowJo v10. Cell debris and doublets were excluded by gating SSC-A against FSC-A fol-

lowed by FSC-A against FSC-W.Gating had to be adapted to each biological replicate as the autofluorescence varied between them.
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