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SUMMARY

Genomic information from human patient samples of pediatric neuroblastoma cancers and known 

outcomes have led to specific gene lists put forward as high risk for disease progression. However, 

the reliance on gene expression correlations rather than mechanistic insight has shown limited 

potential and suggests a critical need for molecular network models that better predict 

neuroblastoma progression. In this study, we construct and simulate a molecular network of 

developmental genes and downstream signals in a 6-gene input logic model that predicts a 

favorable/unfavorable outcome based on the outcome of the four cell states including cell 

differentiation, proliferation, apoptosis, and angiogenesis. We simulate the mis-expression of the 

tyrosine receptor kinases, trkA and trkB, two prognostic indicators of neuroblastoma, and find 

differences in the number and probability distribution of steady state outcomes. We validate the 

mechanistic model assumptions using RNAseq of the SHSY5Y human neuroblastoma cell line to 

define the input states and confirm the predicted outcome with antibody staining. Lastly, we apply 

input gene signatures from 77 published human patient samples and show that our model makes 

more accurate disease outcome predictions for early stage disease than any current neuroblastoma 

gene list. These findings highlight the predictive strength of a logic-based model based on 

developmental genes and offer a better understanding of the molecular network interactions during 

neuroblastoma disease progression.
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INTRODUCTION

Neuroblastoma is a pediatric, often fatal tumor of the sympathetic nervous system derived 

from embryonic neural crest cells that fail to properly migrate and differentiate. Prognosis in 

children is typically based on age at diagnosis, stage, histology, chromosomal aberrations 

and amplification of the N-myc proto-oncogene MYCN. In addition, the comparison of 

published gene expression patterns from human neuroblastoma patient-derived tissues have 

produced sets of high risk genes put forward as prognostic indicators of disease outcome (1–

8). However, this approach has shown limited prognostic potential since it is based on the 

correlation of gene expression profiles of effectual rather than causal genes. Thus, there is a 

critical need for better predictive models of neuroblastoma progression and disease outcome 

that are based on the developmental gene and signaling pathways involved in neuroblastoma 

pathogenesis.

During embryonic development multipotent trunk neural crest cells migrate ventral and 

differentiate into neurons to assemble the sympathetic nervous system (SNS). Sympathetic 

neurons regulate several biological processes including heart rate and blood pressure, and 

the fight or flight response (9). But, mistakes in developmental signals that direct neural 

crest cells to precise locations and regulate cell differentiation may lead to neuroblastoma 

pathogenesis. Recently, we discovered a crucial role for the receptor tyrosine kinase, trkB 

and its ligand brain-derived neurotrophic factor (BDNF) to direct trunk neural crest cells in 

chick to ventral sites during SNS formation (10). When trkB is blocked or BDNF secretion 

is inhibited by microsurgery, or chemically, neural crest cells fail to migrate to the secondary 

and final location of the sympathetic ganglia. The microenvironmental signals that initiate 

the neural crest cell migration and regulate trkB expression during SNS development remain 

unclear but provide a molecular inroad to neuroblastoma pathogenesis.

Intriguingly, trkB is a well-established marker of poor human neuroblastoma prognosis, with 

approximately 36% of neuroblastoma cells expressing trkB (11, 12). In addition, another 

receptor tyrosine kinase analymplastic lymphoma kinase (ALK) regulates the proliferation 

of immature sympathetic neurons (13). ALK has been shown to be mutated in 6–10% of 
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neuroblastoma tumors (14, 15). Lastly, MYCN overexpression combined with activated 

ALK is sufficient to induce the neuroblastoma phenotype in mouse sympathoadrenal cells 

(16). In contrast, another family member, trkA, is a good prognosis marker and is 

preferentially expressed by neuroblastoma tumors that naturally regress (17). Thus, receptor 

tyrosine kinase signaling is critical to normal sympathetic nervous system development, but 

it remains unclear how the dysregulation of an underlying molecular network leads to 

neuroblastoma pathogenesis.

Computational methods, such as discrete Boolean logic (18) have emerged as a means to 

rapidly identify the regulatory structure of dysregulated networks that would enable the 

rational development of more precise therapeutic avenues. For example, Wynn and 

colleagues (19) develop a network model of Notch signaling in colon cancer using a novel 

reverse engineering Boolean-based method and discover potential mechanisms of actin for 

honokiol as an anti-cancer drug. Boolean models are also specifically suited to capturing the 

qualitative features of interacting components, such as T cell receptor signaling, cell cycle 

transition between the G1/S phases and hepatocellular specification (20–23). Equally, 

stationary states of Boolean networks have been used to understand how distinct phenotypes 

arise in many developing systems (24–27). Thus, logic-based models based on specific 

disease signaling networks may lead to a predictive tool for more informed prognoses.

Here, we asked whether a signaling network that includes trkA and trkB signaling more 

accurately assesses the biological activity of neuroblastoma cells and thus better predicts 

neuroblastoma disease progression. We also asked to what extent the down-regulation of 

trkB or the over-expression of trkA would alter the outcome of neuroblastoma progression. 

To address these questions, we constructed a logic-based model based on receptor tyrosine 

kinase signaling trkA, trkB, and ALK to predict 4 key states of neuroblastoma: 

differentiation, apoptosis, angiogenesis, and proliferation. To test the predictive value our 

model, we collected the transcriptomic signature of the human neuroblastoma cell line 

SHSY5Y and confirmed the input genes by antibody staining. We then predicted which 

steady state outcomes of the logic-based model map to the 6-gene input signature of the 

SHSY5Y cell line. We then confirm the predicted states on SHSY5Y using antibody 

labeling. Lastly, to address the relevance of our studies to the human disease population, we 

gathered the 6 input gene states from 77 patient-derived samples with known outcomes (28) 

and let the model predict a favorable versus unfavorable outcome for comparison. Our 

results offer a detailed picture of the molecular interactions of receptor tyrosine kinase 

signaling in neuroblastoma and provide a framework for linking genomic profiling data with 

neuroblastoma disease progression.

MATERIALS AND METHODS

Logic network model construction

To begin to construct a logic based model of neuroblastoma, we focused on normal 

developmental signaling pathways of sympathetic neurogenesis centered around tyrosine 

receptor kinase (trk) receptors/ligands and downstream signals and curated data from the 

published literature. Based on these data, we constructed a biological signaling network of 

developmental genes (involved in sympathetic neurogenesis and neuroblastoma) and adapted 
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the approach used in (29) to convert the molecular interactions into logical functions using 

known outcomes. That is, developmental genes were represented as either active or inactive 

and the dynamics of the system evolved from downstream interactions of components (e.g., 

feed forward, feedback) that resulted in a particular outcome(s) (e.g., proliferation, 

apoptosis, differentiation, vasculogenesis). We considered all four outcomes biologically 

compatible and consistent with our hypothesis that uncontrolled signaling events during 

normal sympathoadrenal development leads to neuroblastoma progression. The initial model 

was simulated and verified that there were no contradictions with current literature.

Logic network model simulation and data post-processing

The 18 inputs were initially fixed to some combination of zeros and ones. Specifically, for 

completeness, we considered all 2∧18 possible initial configurations, from (000…000) to 

(111…111). For each initial condition the network rules from Figure 1B were applied to the 

initial states, and the states were updated synchronously to their new values. The application 

of the network rules was repeated until either the system reached a steady state, or the 

system began to oscillate. After all 2∧18 simulations had terminated we tallied all the 

simulations that ended in a steady state and all of those that oscillated and divided these 

numbers by 2∧18. These ratios are the probabilities that any uniformly randomly generated 

input would lead to either a steady state, or an oscillatory state. Since there were very few 

final oscillatory, or steady states we were further able to analyze each state individually. 

Specifically, for each steady state, we tallied how many initial conditions led to that steady 

state and divided this number by the total number of initial conditions that led to any steady 

state to provide a conditional probability. Namely, given that a state is stable, this ratio is the 

probability that it is a specific steady state. The oscillatory states were treated similarly, in 

that we tallied up all the initial conditions that led to a particular oscillatory state and divided 

this number by the total number of initial conditions that led to any oscillatory state. In the 

case that a particular input was fixed on, or off, the procedure is practically identical to the 

above description. However, we note that the system is run with fewer inputs to account for 

the fixed setting. Equally, the network structure was altered to ensure that each iteration did 

not change the fixed value.

Discretization of Data

Because logic models are qualitative models based on digital signals, they are well suited for 

qualitative data. A two-state logic model assumes that for each node in a network, there is a 

threshold above which the node is active (ON) and below which it is mostly inactive (OFF). 

To determine these input states for our SHSY5Y human neuroblastoma cell line, we 

separately stained cells for MDK, ALK, BDNF, trkA, trkB, NGF. The model output 

parameters were determined by protein labeling for differentiation-TuJ1 (30), apoptosis-

caspase3 (31), angiogenesis-mTOR (32), proliferation-H3 (33). In order for a protein to be 

considered ON using antibody expression analysis, in an experimental condition, the total 

signal for the protein in a given condition was expressed by at least 50% of the cells 

analyzed.
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Human SHSY5Y neuroblastoma cell line

The human SHSY5Y neuroblastoma cell line was obtained from ATCC (CRL-2266) and 

maintained in 1:1 mixture of Eagles’s Minimum Essential Medium (ATCC, 30-2003) 

supplemented with 10% FBS (VWR, 97068-085). Cells were plated in 8-well chamber 

slides (ThermoFisher, 177402) for Immunohistochemistry. All cultures were determined to 

be free of mycoplasma contamination using a polymerase chain reaction-based detection 

system (Roche, 0518424001).

Immunohistochemistry

Cultured cells were fixed in 4% PFA for 20min. Immunocytochemistry on fixed cells were 

processed as in (34) and (35). Primary antibodies included: Midkine (MDK; ThermoFisher, 

PA5-19640), ALK (Cell Signaling Technologies, 3633), BDNF (ThermoFisher, 

OSB00017W), trkB (Santa Cruz, sc-377218), trkA (Cell Signaling Technologies, 2505), 

NGF (Cell Signaling Technologies, 2046), Tuj1 (R and D Systems, MAB1195), Caspase3 

(Cell Signaling Technologies, 9662), mTOR (ThermoFisher, PA5-518) and H3 (Novus 

Biologicals, NB100-747).

RNA-seq of SHSY5Y neuroblastoma cell line

Total RNA was isolated from three, separate T25 flasks of adherent SHSY5Y cells at 

approximately 60% confluency using Sigma’s GenElute mammalian Total RNA miniprep 

kit (Millipore Sigma, RTN70) per the manufacturer’s recommendations. Total RNA was 

quantified on an Agilent Bioanalyzer 2100 using a Eukaryote Total RNA Nano chip 

(Agilent, 5067-1511) as well as a Nanodrop spectrophotometer (ThermoFisher Scientific, 

ND-1000). Libraries were made from 500ng of total RNA according to the manufacturer’s 

directions for the TruSeq Stranded mRNA LT– set A and B (Illumina, Cat. No. RS-122-2101 

and RS-122-2102) kit. Resulting short fragment libraries were checked for quality and 

quantity using the Bioanalyzer High Sensitivity DNA assay (Agilent; 5067-4626) and Qubit 

Fluorometer (Life Technologies). Libraries were pooled, re-quantified and sequenced as 50 

base pair, single reads on the Illumina HiSeq 2500 instrument to a depth of at least 20 

million reads per sample using HiSeq Control Software 2.2.58.

Bioinformatics analysis

Following sequencing, Illumina Primary Analysis version RTA 1.18.64 and bcl2fastq2 were 

run to demultiplex reads for all libraries and generate FASTQ files. FASTQ files were 

mapped to the human genome hg38 from UCSC using Tophat (2.1.1) with options –

segment-mismatches 1 -x 1 -g 1. Ensembl 87 annotations were used to define gene 

coordinates. Quality of the samples was assessed using FastQC (0.10.1). The R (3.3.1) 

environment was employed for the statistical analysis of the data. RPKM values were found 

using edgeR (3.12.0).

Confocal Imaging

Images were collected on an inverted laser scanning confocal microscope (LSM5 Pascal, 

Carl Zeiss, Thornwood, NY) using either a Plan-Neofluar 10X/0.3, Plan-Neofluar 40X/0.75 

or C-Apochromat 40X/1.2W objective (Carl Zeiss, Thornwood, NY). The GapYFP was 
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excited with the 488 nm laser line using the FITC filter and all other imaging parameters 

were as described in (36). Images were collected, processed and analyzed using AIM 

software (Carl Zeiss, Thornwood, NY).

Human Neuroblastoma patient data and logic model comparison

Patient data was taken from (28). All data is publicly available on the NCBI Gene 

Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/, GSE3960). Raw CEL files were 

downloaded and processed using the R package affy (version 1.50.0). Presence or absence of 

a gene was determined using the mas5calls function. This performs a Wilcoxon signed rank-

based gene expression detection algorithm that was first used in Affymetrix Microarray 

Suite version 5. A table was then generated of the expression (presence or absence) of the 6 

input genes: MDK, ALK, trkA, NGF, trkB and BDNF with outcome status for each patient. 

For each patient sample, the input genes status was aligned to the logic model predictions 

and a steady state was assigned and compared to the actual patient outcome from (28). That 

is, we did not convert the scoring used by Wang et al (28) into a phenotypic output. The 

logic model outcomes of Differentiation, Angiogenesis, Proliferation and Apoptosis were 

categorized as good, poor or intermediate outcome. Histological characteristics and 

prognosis assignments were taken from cancer.gov assignments for neuroblastoma of 

proliferation as unfavorable (apoptosis as favorable) and differentiation as favorable. 

Additionally, angiogenesis is given a poor outcome based on (37). Based on how many 

outcomes the model predicts as ON or OFF, the sum of outcomes is categorized i.e. 2 good 

outcomes and 1 poor outcome would give an overall intermediate outcome. If the sum of the 

good and poor outcomes is equal, an intermediate outcome is assigned.

RESULTS

Model development of a neuroblastoma interaction network based on receptor tyrosine 
kinase and downstream signals

Some signals in neuroblastoma disease progression have been identified, however their 

precise molecular interactions are unclear. This includes the receptor tyrosine kinase family 

of signaling molecules, such as trkA and trkB that more recently have been shown to play 

important roles in sympathetic nervous system development. The molecular interactions of 

these signals may be specified as active, or inhibitory, but definite rate parameters are 

missing. Thus, instead of considering the temporal evolution of the molecular 

concentrations, the interaction network may be abstracted as a Boolean network with genes 

and signals in one of two possible expression states: active (1 or ON) or inactive (0 or OFF). 

This provides a general idea of activation states that can be logically maintained (30) that in 

turn suggest favorable or unfavorable outcomes associated with disease progression.

To address this, we constructed a logic network based on trkA, trkB, and ALK signaling that 

contains 16 species; 3 out of the 16 species are pure input parameters, including ALK, 

Midkine (MDK), and Nerve Growth Factor (NGF) (Fig. 1A, B). There are four outputs from 

the network that predict the outcomes of differentiation, proliferation, angiogenesis, and 

apoptosis. These include: (1) MAPK, a reporter of cell differentiation based on several 

studies of neuroblastoma differentiation (38,39,40,41) and normal receptor tyrosine kinase 
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signaling (42,43); (2) mTOR, was selected as a reporter of angiogenesis from studies in 

neuroblastoma (44,45,46) and as a target of anti-angiogenesis drug therapies (47,48), and; 

(3–4) Apop and Prolif, reporters of apoptosis and cell proliferation, respectively (Fig. 1A, 

B). The logic functions are explicitly indicated and biologically justified (Table 1).

There are 262,144 (2∧18) possible states for the network. However, most of these states are 

unstable and will transition to other states as the network rules are applied through 

synchronous iteration. The applied rules are represented by AND, OR and NOT interactions 

illustrated in Figure 1B. These interactions were obtained by a systemic analysis of the 

literature following the approach proposed in (29). Since there are nearly 300,000 possible 

states, randomly generating initial conditions will lead to a lot of wasted effort and 

reproduction of states. Thus, we simulated all states once and then collated the information 

from all possible different states. Although this seems like a large number of simulations the 

network state rapidly tends to a steady or oscillatory state after a small number of iterations. 

Using a parallelized approach, all 2∧18 initial conditions can be simulated in just over two 

minutes.

Model simulations show that all initial conditions terminated in a steady state with p27 and 
trkA in synchrony in 70% of outcomes

Model simulations show that from random initial conditions the simulations are most likely 

to converge to a steady state in nearly 70% of simulations (Fig. 1C); including to one of 9 

steady states (Fig. 1C, Supplementary Fig. S1; steady state numbers 1, 3, 7, 11, 13, 17, 21, 

23, 27) with a combined total of approximately 30% probability; and to a lesser extent to 

converge to one of 9 steady states with approximately 20% (Fig. 1C, Supplementary Fig. S1; 

steady state numbers 2, 4, 8, 12, 14, 18, 22, 24, 28). We observed that p27 (an indicator of 

cell cycle inhibition) expression exactly matches trkA expression at 32 out of 46 of the 

steady states (Supplementary Fig. S1). That is, p27 is activated if, and only if, trkA is 

activated (Supplementary Fig. S1). Also, AKT, IP3, mTOR and Proliferation expression all 

match one another at steady state (Supplementary Fig. S1). For example, steady state 

number 33 has AKT = mTOR = Proliferation = 1, but IP3 = 0 (Supplementary Fig. S1). 

AKT and mTOR track one another, but not IP3 or Proliferation (Supplementary Fig. S1). 

Interestingly, there is only 1 out of 46 steady states in which MAPK, Apop, mTOR and 

Prolif are all activated (Fig. 1C, Supplementary Fig. S1; steady state number 45). This 

implies that the four outcomes including Angiogenesis, Proliferation, Differentiation and 

Apoptosis all occur in this steady state. However, this steady state (Supplementary Fig. S1; 

number 45) is only reachable around 1% of the time from uniformly random initial 

conditions and is thus a very rare event (Fig. 1C, Supplementary Fig. S1). Moreover, it 

should be noted that Apoptosis, mTOR and Proliferation are only active together in 4 out of 

46 steady states (Fig. 1C, Supplementary Fig. S1; 9, 19, 29, 45; with a combined probability 

of 4%). Thus, the probability of reaching a state where 3 or 4 out of outcomes are all active 

is very low.
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Continuous overexpression of trkB by fixing trkB ‘ON’ reduced the number of steady 
states and led to fewer favorable outcomes

To address how the model network reacts to changes in trkB, we initially overexpressed trkB 

in silico by fixing trkB to be ‘ON’ as an initial input in the model (Fig. 2A, B). When trkB is 

fixed ‘ON’, the model predicts a reduction in the number of steady states to 26 from 46, 

compared to the wildtype network (Fig. 2A, B). There are 6 out of 26 steady states with the 

highest probability (Fig. 2B; steady state numbers 1,2,7,8,13 and 14) of occurrence (30%) 

and correlate with high FOXO expression (neuroblastoma differentiation state; (37)) and low 

AKT and IP3 expression (Supplementary Fig. S2). We also observe that forcing trkB ‘ON’ 

shifts towards more poor outcomes as compared to the wildtype network (37% good, 53% 

poor, and 10% intermediate). Furthermore, when trkB is fixed ‘ON’, the model network 

predicts only favorable outcomes with Apoptosis (Supplementary Fig. S2; steady states 

1,7,13) or Differentiation (Supplementary Fig. S2; steady states 2,8,14) in 3 out of 26 of the 

steady states with 11% probability of occurrence (Supplementary Fig. S2).

Knockdown of trkB by fixing trkB ‘OFF’ led to more favorable disease outcomes

When trkB is knocked down by fixing trkB to ‘OFF’ in the model, there is an increase in the 

probability of ending in a steady state (70%; Fig. 2A) and there are fewer steady states than 

compared with the trkB ‘ON’ simulations (Fig. 2B, C). With trkB fixed ‘OFF’, the model 

predicts that the steady states with the highest probability of occurrence (Fig. 2C; steady 

states 1–12) correlate with high FOXO expression and low AKT expression (differentiation). 

Steady states 1,3,5,7,9,11 (~36% probability of occurrence) all show Apoptosis ‘ON’ and 

steady states 2,4,6,8,10,12 (21% probability of occurrence) all show MAPK ‘ON’ (Fig. 2C, 

Supplementary Fig. S3). Therefore, by forcing trkB ‘OFF’, as should occur during normal 

sympathoadrenal development we see a dramatic increase in good outcome states 

(Supplementary Fig. S3; 79% good, 4% bad, 17% intermediate).

Continuous overexpression of trkA by fixing trkA ‘ON’ led to dramatic changes in the 
number of steady states and a favorable outcome in 75% of all simulations

When we simulated the model network with trkA ‘ON’, there was a significant increase in 

the probability of ending in a given steady state to 100% (Fig. 2A) and a reduced number of 

steady states (Fig. 2D; 32 steady states) compared to the wildtype network (Fig. 1C). All 32 

steady states have the same probability of occurring (Fig. 2D) and 24 out of 32 steady states 

produced a favorable outcome (Supplementary Fig. S4; 75%). Interestingly, trkA ‘ON’ only 

produced states with MYCN ‘OFF’ (Supplementary Fig. S4), a correlation not observed in 

other simulations, suggesting a possible link between non-amplified MYCN tumors and 

spontaneous regression through trkA expression.

The model accurately predicted a steady state outcome with the human SHSY5Y 
neuroblastoma cell line

To test our model network with a realistic scenario, we took advantage of the human 

SHSY5Y neuroblastoma cell line. In order to define the state (ON or OFF) of the 6-gene 

input (ALK/MDK, trkA/NGF, trkB/BDNF), we generated an RNAseq transcriptional profile 

of the SHSY5Y cell line (Supplemental Information). We further confirmed our RNAseq 
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data by immunolabeling the SHSY5Y cells for protein expression of the 6-gene inputs (Fig. 

3). Since the logic model is based on single cells, in order to take the population of cells into 

consideration we assigned an input gene to be ‘OFF’ if it was expressed in less than 50% of 

the population and ‘ON’ if expressed in greater than 50% (Fig. 3). In the SHSY5Y cell line, 

we found ALK/MDK, trkA/trkB/NGF to be ‘ON’ and BDNF, ‘OFF’ (Fig. 3). Based on this, 

the SHSY5Y input genes align to one of the logic model steady states (Fig. 3; steady state 

number 38). This predicts an outcome in which Differentiation and Angiogenesis are ‘ON’ 

and Apoptosis and Proliferation are ‘OFF’ (Fig. 3). To determine whether this predicted 

outcome is a steady state of the SHSY5Y cell line, we examined the 4 outcome states by 

protein expression and confirmed that the SHSY5Y cells are >50% TuJ1-positive 

(Differentiation ‘ON’) and mTOR-positive (Angiogenesis ‘ON’), and <50% caspase3-

negative (Apoptosis ‘OFF’) and H3-negative (Proliferation ‘OFF’) (Fig. 3). Thus, our model 

accurately predicted the steady state outcome of a human neuroblastoma cell line based on a 

6-gene input signature.

The model predicted the outcomes of 77 human neuroblastoma patient samples and is 
highly accurate in the case of children less than two years of age

To broaden our model application and test its accuracy to predict the outcomes of human 

patient data, we extracted the 6-gene input signatures from published neuroblastoma patient 

samples (n=77 patients) with known clinical outcomes (28) (Fig. 4A). Each patient sample 

6-gene input signature was aligned to the wildtype network (Fig. 4). Based on the outcomes 

from the model predictions, a favorable or unfavorable result for each patient was assigned 

(Fig. 4). We then compared our results to the clinical outcomes (28), alive or succumbed. 

That is, our criteria for calling “correctly predicted” by the simulations was a match of either 

‘favorable’ prediction with ‘alive’ clinical outcome or ‘unfavorable’ prediction with 

‘succumbed’ clinical outcome (28). Of the 77 patient samples analyzed, our model correctly 

predicted the clinical state approximately 80% of the time (Fig. 4). Interestingly, when we 

subcategorized the patient sample results, the model correctly predicted the outcome of 

neuroblastoma stages 1–3, International Neuroblastoma Staging System (INSS), 100% of 

the time (Fig. 4B). Of patient’s less than one-year of age, we observed a 96% correct 

prediction rate and in children less than 2 years of age, a 91% correct prediction rate (Fig. 

4C). In contrast, we only see a 55% correct prediction rate in patients over 4 years of age 

(Fig. 4B). Thus, our logic model was able predict the outcome of younger neuroblastoma 

patients (<2 yrs of age) with high accuracy.

DISCUSSION

We were motivated to perform this study by the lack of information about the molecular 

circuitry underlying neuroblastoma disease progression and inefficient predictive capabilities 

of current models. Without this information, therapy strategies developed in conjunction 

with initial diagnoses rely on a historical and general set of criteria that may or may not 

result in an individual patient’s favorable outcome. Furthermore, models based on gene 

expression correlations between neuroblastoma patient samples have shown that pooling 

information from as many as 23 published signatures does not improve the accuracy of 

predicting a favorable or unfavorable disease outcome (50). By constructing a logic model 
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network based on developmental genes and signaling pathways, including the receptor 

tyrosine kinase family, we suggest our results offer unique insights into the molecular 

network of neuroblastoma pathogenesis and a better predictive tool to assess human patient 

disease progression.

Our logic-based model was constructed with a 6-gene input signature based on genes 

involved in sympathetic nervous system development (ALK/MDK, trkA/NGF, trkB/BDNF). 

By centering our predictions on the biological signaling features of receptor tyrosine kinase 

signals rather than on an array of effectual genes derived from expression correlations of 

human neuroblastoma patient samples, we learned specific characteristics of the molecular 

circuitry of neuroblastoma disease pathogenesis. First, we found that all initial conditions of 

the wildtype model network led to 36 distinct steady states with p27 activated if and only if 

trkA was activated in 32 out of 36 states. Second, when we continuously overexpressed or 

knocked down the expression of trkA or trkB by fixing their model inputs, we could shift the 

probability of favorable versus unfavorable disease outcomes. Third, when we simulated the 

model using a realistic 6- gene input signature determined by transcriptome profiling and 

confirmed by protein expression analysis of the human neuroblastoma SHSY5Y cell line, 

we found the results accurately predicted disease outcome. Strikingly, our model more 

accurately predicted the outcomes of 77 young neuroblastoma patients, less than 2 years of 

age, based on their published 6-gene input signatures.

Manipulation of trkB input dramatically changed the number of steady states suggesting 

trkB signaling is a critical node of the neuroblastoma pathogenesis molecular network. 

Overexpression of trkB by fixing trkB ‘ON’ led to fewer favorable outcomes (53% poor 

versus 37% good and 10% intermediate) (Fig. 2 and Supplementary Information). This 

makes logical sense since trkB ‘ON’ led to activation of mTOR and Proliferation in 18 out 

of 26 steady states (70%) with a high probability of landing in one of these states. In 

contrast, knockdown of trkB signaling by fixing trkB ‘OFF’ led to more favorable disease 

outcomes. Of interest, only 20% of outcomes gave MYCN ‘OFF’ when trkB was ‘OFF’ 

aligning with literature showing a strong correlation between MYCN amplified metastatic 

tumors and trkB expression (12, 51). Results showed that overexpression of trkA in silico 

led to a substantial number (24 out of 32; 75%) of steady states with a favorable outcome 

(Fig. 2). Furthermore, all steady states had MYCN ‘OFF’ and p27 ‘ON’, identifiers of less 

aggressive and more differentiated tumors, respectively (52,53).

Testing the model with a 6-gene input signature derived from the human neuroblastoma 

SHSY5Y cell line accurately predicted the steady state outcome. Transcriptional profiling 

determined the 6-gene input signature for the human neuroblastoma SHSY5Y cell line that 

was confirmed by assessing the ‘ON’ versus ‘OFF’ state of each of the 6 input genes 

signature by protein expression (Fig. 3). When we examined the predicted outcome 

(Differentiation, ‘ON’; Angiogenesis, ‘ON’; Apoptosis, ‘OFF’; Proliferation, ‘OFF’) by 

antibody staining, we confirmed the result (Fig. 3). Together, this confirmed the unfavorable 

outcome of this cell line and suggested that our model offers a rapid assessment of disease 

state. That is, human neuroblastoma cell lines or patient derived tissue whose 6-gene input 

signature is determined by transcriptome and confirmed by protein expression is easily 

tested in our logic model to rapidly determine the baseline 4 outcome states.
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Our model was very successful at predicting the outcome of younger neuroblastoma patients 

(less than 2 years of age) based on a 6-gene input signature of their patient sample data (Fig. 

4). To explain this, we suggest that neuroblastoma cancer in younger patients has a stronger 

link to developmental signaling pathways (Fig. 4; 91% prediction accuracy) than in older 

patients (Fig. 4; 55% prediction accuracy). This makes logical sense since neuroblastoma 

pathogenesis results from inaccuracies in developmental signaling events and these data 

provide further evidence for targeting developmental genes and signaling pathways in 

younger patients. Future studies may build on the strength of our logic model as a predictive 

tool to rapidly assess output states based on the 6-gene input signature derived from human 

neuroblastoma patient samples. For example, if angiogenesis is a predicted outcome from 

mTOR activation, then we would suggest that angiogenic inhibitors be added to this 

patient’s therapy regime. If proliferation is activated, then an approach focusing on anti-

proliferative agents may be helpful. Alternatively, if differentiation is not observed, then 

retinoids to induce differentiation may be taken into consideration. By taking the 4 model 

outcomes into consideration, it is possible to determine the correct balance of therapy for 

each individual neuroblastoma patient.

In summary, we have gained new insights into the molecular network and predictive value of 

analyzing a subset of developmental genes and signals involved in neuroblastoma 

pathogenesis by developing and simulating a logic-based model. The simplicity of a 6-gene 

input signature and 16 species network allowed us to more easily assess the molecular 

interactions in the wildtype and manipulated network than other significantly larger gene 

regulatory networks. The simplicity of the model did not limit the strength of its predictive 

capability since we more accurately predicted the disease outcome of younger (less than two 

years of age) neuroblastoma patients than pooled or randomly generated genomic signatures 

(50). Future studies will exploit this logic model’s predictive capabilities and rapidly assess 

a personalized neuroblastoma patient’s molecular circuitry.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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• We construct and simulate a molecular network model of neuroblastoma

• This logic model uses a 6-gene input to predict outcome of four cell states

• The four cell states predict favorable/unfavorable neuroblastoma outcome

• We simulate the mis-expression of tyrosine receptor kinases trkA and trkB

• trkA and trkB are prognostic indicators of neuroblastoma

• We validate the model using RNAseq of SHSY5Y human neuroblastoma cell 

line

• We use 77 published human patient sample signatures to predict disease 

outcome

• The model is a more accurate predictor of early stage disease than any current 

gene list
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Figure 1. Development of logic model to predict neuroblastoma states
A. Logic model inputs (green) included the tyrosine kinase receptor/ligand pairs ALK/

MDK; trkA/NGF and trkB/BDNF, and model outcomes states (red) included differentiation, 

proliferation, angiogenesis and apoptosis. B. Logic model construction using ‘AND’ and 

‘OR’ gates. Green boxes indicate input genes, red boxes indicate output states, black boxes 

indicate gene nodes in network, grey boxes indicate AND/OR gates. C. Graph on left shows 

the probability of ending in a steady state using the wild-type network (shown in B). Graph 

on right shows the probability (percent chance) of ending in the different steady states 

generated by the model (1–46).

Kasemeier-Kulesa et al. Page 16

Biophys Chem. Author manuscript; available in PMC 2018 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. Perturbations to the network alter steady state distribution
A. Probability of ending in a given state when trkB is fixed ‘ON’ (60%; black bar), trkB is 

fixed ‘OFF’ (70%; dashed bar) and trkA is fixed ‘ON’ (100%; dotted bar). B–D. The 

distribution of the probability of landing in each steady state generated when (B) trkB is 

fixed ‘ON’ (n=26 possible steady states); (C) trkB is fixed ‘OFF’ (n=20 possible steady 

states); and (D) when trkA is fixed ‘ON’ (32 possible steady states).
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Figure 3. Application of logic model to the neuroblastoma cell line SHSY5Y
A. Schematic of workflow showing SHSY5Y cells were analyzed for the 6-gene input 

signature using RNAseq and Antibody staining, which were then put into the logic model to 

predict the output states. These predictions were then confirmed using both RNAseq and 

protein expression. B. 6-gene input signature expression based on SHSY5Y RNAseq data 

(top row) compared to the predicted state from the logic model (steady state 38; bottom 

row). White bare indicated ON (active state) and black bar indicated OFF (inactive state). C. 

Antibody expression (red) of the 6-gene input signature on SHSY5Y cells (green) in culture: 

MDK, ALK, BDNF, trkB, trkA and NGF. D. Input signature genes from logic model, 

SHSY5Y RNA and SHSY5Y antibody stains are similar. E. Model predictions 

(differentiation, apoptosis, angiogenesis and proliferation) for steady state 38 (top row), 

SHSY5Y RNA and SHSY5Y antibody protein expression. Asterisk/grey bar indicated 

indeterminant value based on inconclusive RNAseq value. F. Antibody expression of 

markers for the 4 readout states (red) on SHSY5Y cells (green). Scale bars=10um in C and 

F.
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Figure 4. Application of Logic model to mined patient sample data
A. Workflow of mining genomic profile of human neuroblastoma patient samples for the 6-

gene input signature, using the logic model to predict outcome and comparing it to known 

patient data outcome. B. Graph of the percent of correctly assigned patient neuroblastoma 

samples from logic model predictions. 78% of all patient samples were correctly predict 

(blue bar). Subcategorizing the patient samples gave the following correct predictions: 91% 

of event free patients (green) and 42% of death patients (green); 100% of stage 1–3 

neuroblastomas (orange, n=61 patients) and 53% of stage 4 neuroblastomas (orange, n=14 

patients). C. The entire patient sample study was further analyzed based on age of patient 

with 96% accuracy rate of prediction for patients <1 year of age (white bar, n=26 patients: 

10 stage 1, 10 stage 3 and 6 stage 4), 91% accuracy for patients <2 years of age (grey bar) 

and 55% accuracy for patients >4 years of age (black bar).
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Table 1

Indication of logic functions.

Rule Number Node Regulation rule

1 TrkB TrkBt+1 = TrkBt

2 BDNF BDNFt+1 = BDNFt

3 TrkA TrkA t+1 = NOT MYCNt

4 NGF NGF t+1 = NGFt

5 MDK MDK t+1 = MDKt

6 ALK ALK t+1 = ALKt

7 Ras Ras t+1 = NGFt AND TrkAt

8 AKT AKT t+1 = (BDNFt AND TrkBt) OR (MDKt AND ALKt)

9 MYCN MYCN t+1 = (Rast or AKTt) and not TrkAt

10 FOXO FOXO t+1 = not AKTt

11 P27 p27 t+1 = FOXOt OR (NOT MYCNt)

12 p53 p53 t+1 = p53t

13 MDM2 MDM2t+1 = p53t

14 IP3 IP3t+1 = BDNFt AND trkBt

15 Differentiation Differentiation t+1 = Rast OR (MDKt AND ALKt)

16 Apoptosis Apoptosis t+1 = (p53t AND NOT AKTt) OR (TrkAt AND NOT NGFt)

17 Angiogenesis Angiogenesis t+1 = AKTt

18 Proliferation Proliferation t+1 = IP3t OR (NOT p27t AND NOT p53t)
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