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There is a significant difference in prognosis among different risk groups. Therefore, it is of great significance to correctly identify the risk grouping of children. Using the genomic data of neuroblastoma samples in public databases, we used GSE49710 as the training set data to calculate the feature genes of the high-risk group and non-high-risk group samples based on the random forest (RF) algorithm and artificial neural network (ANN) algorithm. The screening results of RF showed that EPS8L1, PLCD4, CHD5, NTRK1, and SLC22A4 were the feature differentially expressed genes (DEGs) of high-risk neuroblastoma. The prediction model based on gene expression data in this study showed high overall accuracy and precision in both the training set and the test set (AUC = 0.998 in GSE49710 and AUC = 0.858 in GSE73517). Kaplan–Meier plotter showed that the overall survival and progression-free survival of patients in the low-risk subgroup were significantly better than those in the high-risk subgroup [HR: 3.86 (95% CI: 2.44–6.10) and HR: 3.03 (95% CI: 2.03–4.52), respectively]. Our ANN-based model has better classification performance than the SVM-based model and XGboost-based model. Nevertheless, more convincing data sets and machine learning algorithms will be needed to build diagnostic models for individual organization types in the future.
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INTRODUCTION

Neuroblastoma (NB) is an embryonal tumor derived from immature embryonic cells of paravertebral sympathetic ganglia or adrenal medulla, accounting for 15% of all childhood cancer deaths (1, 2). The biological heterogeneity of NB is very obvious, and some cases can regress spontaneously, but most of the tumors show occult onset and progress rapidly (3). The International Neuroblastoma Staging System (INSS) divides patients into low, intermediate, and high-risk groups based on prognostic factors (4). There is a significant difference in prognosis among different risk groups (5). The overall survival rate of patients in the low-moderate risk group could be greater than 95% by surgery alone (6), while high-risk children have a poor prognosis, the long-term disease-free survival rate is less than 50%, and the risk of later metastasis and recurrence is higher (7). Therefore, it is of great significance to correctly identify the risk grouping of children. The development and use of the INSS guideline have provided consistency in the staging of NB patients around the world, but the guideline staging is postoperative, and the level of surgery can affect the staging grade of the tumor.

With the rapid development of bioinformatics technology, we have a deeper understanding of neuroblastoma. A large amount of biological data has exploded, various biological databases have been established, and various prediction models can be established using mathematical knowledge (8–11). But there are thousands of genetic data, and screening out the signature genes will help us more quickly and easily distinguish between high-risk and non-high-risk neuroblastoma patients. In order to improve the accuracy and efficiency of tumor pathological diagnosis, Marya et al. (12) proposed an artificial intelligence diagnostic model to identify benign and malignant tumors. Experimental studies found that the diagnostic model had an accuracy of 90% in identifying benign and malignant tumors.

Both random forest (RF) (13) and artificial neural network (ANN) (14) algorithms belong to machine learning. RF algorithm can filter eigengenes and calculate the importance of each eigengene to classification and is suitable for processing large amounts of data (15). RF algorithm is an ensemble machine learning algorithm and an extended variant of bagging (16). First, use the random resampling method Bootstrap and node random splitting method to generate multiple decision trees, and on the basis of building Bagging ensemble with decision tree as the base learner, further introduce random attribute selection in the training process of decision tree, and then adopt the classification results are obtained by voting. Moreover, RF has the ability to analyze complex interaction classification features, has good robustness to data with missing values, and has a very fast learning speed. Its feature importance measure can be used to perform feature selection on high-dimensional data, which has been widely used in various data classifications (17). ANN is a non-linear function model that imitates the behavioral characteristics of biological neural networks and has strong self-learning and adaptive capabilities. There is also a layer of hidden neurons between the input and the output in ANN. Each input node is assigned a weight, and then the sum of the weighted values is added to calculate the output amount for discrimination (18).

Based on the genomic data of neuroblastoma samples in public databases, we used the training set data to calculate the differential genes of the high-risk group and non-high-risk group samples, performed biological function analysis, and assessed the differences in the tumor microenvironment of the two groups of patients, and subsequently, we used RF to find the feature genes of high-risk group in the DEGs between high and non-high risk neuroblastoma, and then used ANN to build a disease prediction model, and then used the test set to verify the accuracy of the model. In addition, we also validated the prognosis of the groupings according to our model, including overall survival (OS) and progression-free survival (PFS), with a dataset with survival data.



MATERIALS AND METHODS


Datasets

The gene profiles of GSE49710 (19) and GSE73517 (20) [GPL16876, Agilent-020382 Human Custom Microarray 44k (Feature Number version)] were obtained from Gene Expression Omnibus (GEO1), which is an open functional genomics database. We set GSE49710 as the training cohort, including 176 primary neuroblastomas samples with high-risk category and 322 primary neuroblastomas samples with low-risk category, and we set GSE73517 as the test cohort, including 56 primary neuroblastomas samples with high-risk category and 49 primary neuroblastomas samples with low-risk category. The gene profiles of GSE85047 (21) (GPL5175 Affymetrix Human Exon 1.0 ST Array [transcript (gene) version]) with survival data were also obtained as validation data to validate the prognosis of the groupings according to our model. GSE85047 included 283 primary neuroblastoma samples, of which 276 had overall survival data and 275 had progression-free survival data.



Identification of Differentially Expressed Genes

After processed and standardized raw data, DEGs between low-risk category and high-risk category primary neuroblastomas samples in the training cohort were identified by “limma” R package (22). The threshold for significant DEGs was as follows: |log2 fold change (FC)| > 2 and adjusted p-value < 0.05. A volcano plot and a heatmap were drawn to visualize the analysis results.



Functional Enrichment Analysis

The “clusterProfiler” R package (23) was applied to carry out Gene Ontology (GO) which included biological process (BP), cellular component (CC), molecular function (MF), and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis for DEGs. Besides, we used metascape.org2 to perform GO and KEGG analyses for DEGs again. A p < 0.05 was considered as the threshold. The bar plot was generated to visualize the enrichment analysis results and a Network Diagram was generated to visualize the relationship between enriched terms.



Construction of Protein–Protein Interaction Network

STRING database3 (24) was used to construct the Protein–Protein Interaction (PPI) network to analyze the functional interactions of DEGs. An interaction score > 0.9 was set as significant differences and isolated nodes were removed.



Comparison of 22 Tumor Immune Cell Subtypes Between Low- and High-Risk Category Groups

“CIBERSORT” R package (25) was used to determine the proportions of 22 tumor immune cell (TIC) subtypes of each sample, and we set the perm at 1000. A p-value < 0.05 was considered a significant result. A violin plot and a bar plot were drawn to show the differences in relative expression of 22 TICs between low- and high-risk category groups. The correlation between TICs in TME of primary neuroblastomas was visualized by “corrplot” R package.



Feature Genes Screened by Random Forest

A balanced iterative random forest algorithm was constructed by “randomForest” R package (26) to select the feature genes from DEGs for the high-risk category of primary neuroblastomas. For the first step, we calculated the average model miscalculation rate of all DEGs. Six nodes was selected as the best variable number for the binary tree, and the best number of trees contained in the random forest was set at 500. For the second step, we used the decreasing accuracy method, also called the Gini coefficient method, to construct a random forest model and obtain the dimensional importance value from the model. The DEGs with an importance value > 2 were chosen as the high-risk category of primary neuroblastomas feature genes for the subsequent analysis. A heatmap was drawn to show the result of the unsupervised hierarchical clusters of the feature genes in the training cohort using “pheatmap” R package. Subsequently, we converted the expression data of the feature genes into a score table called Gene Score. the expression value of feature genes will be converted to 1, when the expression value of an upregulated/downregulated gene in a certain sample is higher/lower than the median expression value of the gene in all samples, otherwise 0.



Construction of Artificial Neural Network Model

We used “neuralnet” R package (27) to construct an artificial neural network model of the feature genes (important variables), which was composed of one input layer, one hidden layer, and one output layer, to be used in classification and prediction of the high-risk category of primary neuroblastomas. Five hidden nodes were set and rectified linear unit was exploited as an activation function in the hidden layer. And two nodes (Low-/high-risk category of primary neuroblastoma) were set and a softmax function was the activation function of each node in the output layer. In this ANN model, the high-risk category classification score was represented by the sum of the expression levels of the feature genes multiplied by the product of the weight scores. Area under ROC curve (AUC) (28) was calculated using “pROC” R package (29) to assess the discriminative ability of the model. AUC values vary from 0.5 to 1.0, where 0.5 represents random chance and 1.0 indicates a perfect fit. Typically, AUC values greater than 0.70 suggest a reasonable estimation (30).



Verification of Artificial Neural Network Model

The training cohort (GSE49710) was used to train the ANN model, and the test cohort (GSE73517) was used to test the model. Next, we verified the prognostic effect of the ANN model. According to this model, the validation set (GSE85047) was divided into two groups, which were, respectively, defined as high-risk subgroup and low-risk subgroup. Kaplan–Meier analysis (31) was performed for the high-risk and low-risk subgroups of the validation set using “survimer” R package, and log-rank tests were used to assess statistically significant differences. We evaluated the performance of the ANN model by comparing the predictive results of the extreme gradient boosting (XGBoost) model (32) and Support Vector Machines (SVM) (33) model. All the three classifiers employed in the study are state-of-the-art machine learning techniques that show good performances in various applications. Statistical analyses were conducted using R (version 4.0.5, R Core Team, Vienna, Austria). All machine learning modeling was performed using the Caret package, (34) and the application was built and deployed using the Shiny package and server (35).




RESULTS


Identification of Differentially Expressed Genes

After standardization of the microarray results from GSE49710, DEGs were identified. (|log2 fold change (FC)| > 2 and adjusted p-value < 0.05, Supplementary Table 1) Ultimately, 94 DEGs were detected, most of which (88/94) were downregulated genes in high-risk category primary neuroblastomas samples, while 6 were upregulated genes. The results were validated with a volcano plot of all downregulated genes and upregulated genes (Figure 1A). Figure 1B shows the DEG expression heatmap. The heatmap illustrates the expression profiles of the 94 DEGs in the low-risk and high-risk category groups, with red representing the high-risk category groups, green the low-risk category groups, red the upregulated DEGs, and blue the downregulated DEGs. The volcano plot validated all downregulated genes in the green plot and upregulated genes in the red plot.
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FIGURE 1. Identification of differentially expressed genes (DEGs) in the training dataset. (A) Heat map of the DEGs; (B) volcano map of the DEGs.




Functional Enrichment Analysis and Protein–Protein Interaction Network Construction

In order to further investigate the biological functions of the 94 DEGs, GO and KEGG analyses were performed. In GO functional enrichment analysis, the DEGs were highly enriched in the modulation of chemical synaptic transmission, regulation of transsynaptic signaling, and neurotransmitter transport/uptake/reuptake (BP); distal axon, vesicle, neuron projection terminus, axon terminus, and terminal bouton (CC); metal ion transmembrane transporter activity, sodium:chloride symporter activity, neuropeptide receptor binding, and organic cation transmembrane transporter activity (MF; Figure 2A). The shared term level and the cluster of the overlap between DEG lists are shown in circos (Figure 2B). In the KEGG enrichment analysis, the DEGs were highly enriched in Neuroactive ligand receptor interaction and Cocaine addiction (Figures 2C,D). Furthermore, the enrichment analysis of the DEGs was performed by metascape, which revealed that these DEGs were markedly enriched in chemical synaptic transmission, neurotransmitter transport, neuron projection morphogenesis, cell junction assembly, Neuroactive ligand-receptor interaction, and regulation of kinase activity (Figure 3A). The PPI network of the DEGs was analyzed by using STRING. The PPI analysis of the DEGs was performed by STRING, which revealed that there were 84 nodes and 46 edges (Figure 3B).
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FIGURE 2. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and Gene Ontology (GO) functional enrichment analysis. (A) Biological process, cellular component and molecular function annotation diagram of differentially expressed genes (DEGs); (B) ring plot showing GO enrichment. The left side indicates the DEGs, the red gene band indicates upregulation, and blue indicates downregulation. The band on the right with different colors represents different GO terms. The connecting line indicates that the gene is included in the GO term; (C) KEGG annotation diagram of the DEGs; (D) ring plot showing KEGG enrichment. The left side indicates the DEGs, the red gene band indicates upregulation, and blue indicates downregulation. The band on the right with different colors represents different KEGG terms. The connecting line indicates that the gene is included in the KEGG term.
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FIGURE 3. The enrichment analyses in metascape and protein–protein interaction (PPI) analyses in STRING. (A) Detailed information relating to changes in the biological function of DEGs in datasets through the enrichment analyses. Network of enriched terms colored by cluster identity, where nodes that share the same cluster identity are typically close to each other; (B) PPI network of DEGs. An interaction score > 0.9 was set as significant differences and isolated nodes were removed.




Immune Cell Infiltration in Primary Neuroblastomas

We investigated the difference in immune infiltration between high-risk category and low-risk category primary neuroblastomas tissues by using the CIBERSORT algorithm. Figure 4A shows the proportion of 22 subpopulations of immune cells in individual samples, which revealed that there are differences in the infiltration of each sample. Figure 4B shows that compared with low-risk category primary neuroblastomas tissues, a higher proportion of Plasma cells, memory B cells, activated memory CD4 T cells, Neutrophils, and a lower proportion of resting memory CD4 T cells, M2 macrophages, activated mast cells were generally contained in high-risk category primary neuroblastomas tissues. Subsequently, we explored the relationship between each immune cell subtype in the tumor microenvironment (TME; Figure 4C).
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FIGURE 4. The landscape of immune infiltration between low- and high-risk category groups. (A) The relative percentage of 22 subpopulations of immune cells in the training cohort; (B) the difference in immune infiltration between low- and high-risk category groups. (The low-risk category group was marked as blue color and the high-risk category group was marked as red color; p-values < 0.05 were considered as statistically significant.); (C) The correlation of 22 subpopulations of immune cells. Red represents positive correlation; blue represents negative correlation.




Feature Genes Screened by Random Forest

Next, the 94 DEGs wad input into the RF classifier. The relationship plot between the number of decision trees and the model error is shown in Figure 5A; 500 trees were selected as the parameter of the model. Finally, we chose 290 trees which showed a minimum error in the model. And then, 32 DEGs with an importance greater than 2 were identified as the candidate genes for further analysis. Among the 32 variables, EPS8L1, PLCD4, CHD5, NTRK1, and SLC22A4 were the most important (Figure 5B). The k-means unsupervised clustering was performed in the training cohort based on these 32 important variables. Figure 5C displays that the 32 feature genes could be used to distinguish between the low- and high-risk category samples in 498 samples.


[image: image]

FIGURE 5. The results of the top 30 genes screened by random forest. (A) The plot of performance in log scale against epoch number; (B) the importance of the top 30 genes ranked by the mean decrease of accuracy; (C) heat map of the top 30 genes.




Construction and Validation of Artificial Neural Network Model

We used a training cohort to construct an ANN model based on the ANN algorithm by using “neuralnet” R package (Figure 6A). First, the expression data of feature genes were normalized. And then, the weight value of each feature gene was converted into Gene Score. Supplementary Table 2 shows the Gene Weight of each feature gene. One hidden layer and five neurons were selected in the model. Using the “ROCR” R package, the model classification performance was displayed by the receiver operating characteristic (ROC) curve (Figure 6B). The areas under the ROC curves (AUC) of our model were close to 1 (AUC: 0.998 95% CI: 0.995–1.000), confirming the robustness of the model.
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FIGURE 6. Construction of artificial neural network (ANN) model. (A) ANN model has 30 inputs, 5 hidden neurons, and 2 outputs. In this case, the 30 inputs represent the category values of 30 feature DEGs; (B,C) the receiver operating characteristic curve of the predictive model in (B) training dataset and (C) validation dataset.




Verification of Artificial Neural Network Model

We used another dataset as the testing cohort to verify the classification efficiency of the model score. In the same way as the training cohort (GSE73517), the gene score of the testing cohort was calculated. The AUC was 0.858 (95% CI: 0.774-0.931), which indicated the stability and validity of the ANN model (Figure 6C). Subsequently, we divided the validation set into two groups according to the ANN model, and evaluated the disease progression and overall survival of the two groups. Kaplan–Meier plotter was used to analyze the subgroups, named low-risk subgroup and high-risk subgroup, and the results showed that the overall survival of patients in the low-risk subgroup was significantly better than those in the high-risk subgroup [log rank test, HR: 3.86 (95% CI: 2.44–6.10), p < 0.001; Figure 7A]. And there was a statistically significant difference in the cumulative risk of OS between the two subgroups (log-rank test, p < 0.001; Figure 7B). Additionally, the progression-free survival was further assessed in the validation set. The results showed that the high-risk subgroup had significant short progression-free survival time [log rank test, HR: 3.03 (95% CI: 2.03–4.52), p < 0.001; Figure 7C]. And there was a statistically significant difference in the cumulative risk of PFS between the two subgroups (log-rank test, p < 0.001; Figure 7D).
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FIGURE 7. The Kaplan–Meier survival analysis for neuroblastoma patients divided into high-risk subgroup and low-risk subgroup. (A) Kaplan–Meier survival curves (log-rank test, HR: 3.86 (95% CI: 2.44–6.10), p < 0.001) and (B) cumulative risk curves (log-rank test, p < 0.001) of OS for high-risk and low-risk subgroup in validation set; (C) Kaplan–Meier survival curves [log-rank test, HR: 3.03 (95% CI: 2.03–4.52), p < 0.001] and (D) cumulative risk curves (log-rank test, p < 0.001) of PFS for high-risk and low-risk subgroup in validation set.


The ROC plots of the SVM-based and the XGBoost-based models in the training and test datasets are shown in Figures 8A–D, respectively. Using bootstrapping validation, the area under the ROC curve values for the SVM model were found to be 0.988 (95% CI: 0.980–0.995) and 0.795 (95% CI: 0.730–0.860) in the train and test groups, respectively. The area under the ROC curve values for the XGBoost model were found to be 1 (95% CI: 1–1) and 0.638 (95% CI: 0.568–0.708) in the train and test groups, respectively. This indicates the two models performed well in the train groups, but not in the test groups.
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FIGURE 8. Receiver operating characteristics (ROCs) curve for the SVM-based and the XGBoost-based model in the training and test datasets. (A) The ROC curve for SVM-based model in training set; (B) the ROC curve for SVM-based model in test set; (C) the ROC curve for XGBoost-based model in the training set; (D) the ROC curve for XGBoost-based model in the test set.





DISCUSSION

Early and accurate differentiation of neuroblastoma patients between high-risk and non-high-risk groups has good clinical value, as there are significant differences in treatment and prognosis between the two groups (36). At present, the grouping is mainly based on histology and immunohistochemistry, but such diagnosis is often based on surgery and the accuracy is still insufficient (37). In addition, the changes in cancer first appear at the gene level, and histological changes are always a dynamic process, so the results are prone to bias. In recent years, the development of machine learning algorithms and the explosion of gene expression data in public databases have provided new biomarker approaches to disease diagnosis or prognosis. In this study, we established a disease grouping model based on high-risk grouping characteristic genes using random forest combined with the artificial neural network, providing a complementary tool for elucidating the biological process of high-risk neuroblastoma and risk stratification of cancer. Our goal is to establish a prediction model that can accurately assess the risk of patients before treatment, accurately predict the prognosis of patients, help us develop a more appropriate self-management program, and rationally allocate medical resources.

First, we identified 88 down-regulated DEGs and 6 up-regulated DEGs in the dataset GSE49710 between the high-risk and non-high-risk samples. GO and KEGG enrichment analysis revealed that high-risk neuroblastoma-associated DEGs were involved in multiple GO terms and pathways, reflecting the dynamics and complexity of their pathogenesis, modulation of chemical synaptic transmission, regulation of transsynaptic signaling, and neurotransmitter transport/uptake/reuptake. The modulation of chemical synaptic transmission, regulation of transsynaptic signaling, and neurotransmitter transport/uptake/reuptake are important in the function of the nervous system. We assessed differences in immune cells in the tumor microenvironment between high-risk and non-high-risk groups and found a higher proportion of Plasma cells, memory B cells, activated memory CD4 T cells, Neutrophils and a lower proportion of resting memory CD4 T cells, M2 macrophages, activated mast cells were generally contained in high-risk category primary neuroblastomas tissues, suggesting that this is an immune apathetic tumor (38). We then identified 32 characteristic genes for high-risk neuroblastoma based on random forest algorithm, among which CHD5 is a tumor suppressor at 1P36, which is often lost or silenced in poor prognostic neuroblastoma (NB) and many adult cancers (39). A recent study has confirmed that CHD5 is a metastasis suppressor in NB. It is well known that amplification of myC-N proto-oncogene (MYCN) is a major driver of NB aggressiveness and that high expression of neurotrophic factor receptor NTRK1/TrkA is associated with mild disease course (40). However, the roles of most of the signature genes in neuroblastoma are still unclear and require further study. Next, we used the artificial neural network algorithm to calculate the weight value of 32 features, and calculate the gene score of each tumor through the weight value of each feature gene of each patient, to distinguish tumors in high-risk and non-high-risk groups samples.

The biggest highlight of this study is the innovative combination of random forest and artificial neural network, which improves the predictive ability of the high-risk neuroblastoma prediction model, and creatively achieves good results in terms of predictive ability. The prediction ANN model based on gene expression data in this study showed high overall accuracy and precision in both the training set and the test set (AUC = 0.998 in GSE49710 and AUC = 0.858 in GSE73517). Moreover, the SVM-based and the XGBoost-based model performed well in the train groups, but not in the test groups (AUC = 0.795 and 0.638, respectively). This indicated that the classification accuracy of the ANN-based model had a better predictive ability and generalization ability. In addition, the ANN-based model divided the validation set into high-risk subgroup and low-risk subgroup, and survival analysis results show that OS and PFS of high-risk subgroup were significantly worse, and cumulative risks were significantly higher. This proved that our model can predict the prognosis of patients well. Machine learning is more reliable and accurate in data analysis. The collection of gene expression profiles of neuroblastoma is easier than clinical patient information, more objective, and more cost-effective. The AUC of the independent validation set prediction model reached 0.858, which also confirmed the universal applicability of the scoring system we established. The screening results of the RF classifier showed that EPS8L1, PLCD4, CHD5, NTRK1, and SLC22A4 were the most characteristic DEG genes among high-risk neuroblastoma-related genes (39, 41–44). It is worth noting that the role of these genes in the occurrence and development of neuroblastoma is still unclear, and more basic studies are needed in the future to clarify the mechanism of these genes in neuroblastoma, which will help us to have a deeper and more accurate understanding of the disease and may find therapeutic targets for the disease. Importantly, future work will focus on the application of a disease risk grouping scoring system based on feature genes in neuroblastoma.

However, there are still some limitations to our study. First of all, our training set and verification set are small sample data. Due to the limited sample size, we did not perform 10-fold cross-validation in the neural network analysis. In addition, these data are from retrospective studies. Nevertheless, our model has good classification performance, and more convincing data sets and machine learning algorithms will be needed to build diagnostic models for individual organization types in the future. Furthermore, we used microarray data but not RNA sequencing (RNA-seq) for validation, but we did not find RNA-seq data available for analysis. As RNA-seq is more likely to find novel genes, it should be included in our future work. Last but not the least, we have evaluated the performance of the ANN model by comparing the predictive results of the XGBoost model and SVM model. All the three classifiers employed in the study are state-of-the-art machine learning techniques that show good performances in various applications. However, some recent machine learning or feature selection methods are not discussed in our study, for example, Huang et al. proposed a novel method for gene selection and phenotype classification and an efficient tool for survival analysis and biomarker selection (8, 9).
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3https://string-db.org/


REFERENCES

1. Newman EA, Abdessalam S, Aldrink JH, Austin M, Heaton TE, Bruny J, et al. Update on neuroblastoma. J Pediatr Surg. (2019) 54:383–9. doi: 10.1016/j.jpedsurg.2018.09.004

2. Greengard EG. Molecularly targeted therapy for neuroblastoma. Children. (2018) 5:142. doi: 10.3390/children5100142

3. Aygun N. Biological and genetic features of neuroblastoma and their clinical importance. Curr Pediatr Rev. (2018) 14:73–90. doi: 10.2174/1573396314666180129101627

4. Monclair T, Brodeur GM, Ambros PF, Brisse HJ, Cecchetto G, Holmes K, et al. The International Neuroblastoma Risk Group (INRG) staging system: an INRG task force report. J Clin Oncol. (2009) 27:298–303. doi: 10.1200/JCO.2008.16.6876

5. Tolbert VP, Matthay KK. Neuroblastoma: clinical and biological approach to risk stratification and treatment. Cell Tissue Res. (2018) 372:195–209. doi: 10.1007/s00441-018-2821-2

6. Pinto NR, Applebaum MA, Volchenboum SL, Matthay KK, London WB, Ambros PF, et al. Advances in risk classification and treatment strategies for neuroblastoma. J Clin Oncol. (2015) 33:3008–17. doi: 10.1200/JCO.2014.59.4648

7. Park JR, Kreissman SG, London WB, Naranjo A, Lerner Cohn S, Hogarty MD, et al. Effect of tandem autologous stem cell transplant vs single transplant on event-free survival in patients with high-risk neuroblastoma: a randomized clinical trial. JAMA. (2019) 322:746–55. doi: 10.1001/jama.2019.11642

8. Huang HH, Peng XD, Liang Y. SPLSN: an efficient tool for survival analysis and biomarker selection. Int J Intell Syst. (2021) 36:5845–65. doi: 10.1002/int.22532

9. Huang HH, Wu NQ, Liang Y, Peng XD, Shu J. SLNL: a novel method for gene selection and phenotype classification. Int J Intell Syst. (2022). doi: 10.1002/int.22844

10. Türk D, Fuhr LM, Marok FZ, Rüdesheim S, Kühn A, Selzer D, et al. Novel models for the prediction of drug-gene interactions. Expert Opin Drug Metab Toxicol. (2021) 17:1293–310. doi: 10.1080/17425255.2021.1998455

11. Aromolaran O, Aromolaran D, Isewon I, Oyelade J. Machine learning approach to gene essentiality prediction: a review. Brief Bioinform. (2021) 22:bbab128. doi: 10.1093/bib/bbab128

12. Marya NB, Powers PD, Fujii-Lau L, Abu Dayyeh BK, Gleeson FC, Chen S, et al. Application of artificial intelligence using a novel EUS-based convolutional neural network model to identify and distinguish benign and malignant hepatic masses. Gastrointest Endosc. (2021) 93:1121–30.e1. doi: 10.1016/j.gie.2020.08.024

13. Savargiv M, Masoumi B, Keyvanpour MR. A New random forest algorithm based on learning automata. Comput Intell Neurosci. (2021) 2021:5572781. doi: 10.1155/2021/5572781

14. Kriegeskorte N, Golan T. Neural network models and deep learning. Curr Biol. (2019) 29:R231–6. doi: 10.1016/j.cub.2019.02.034

15. Rodríguez-Pérez R, Bajorath J. Prediction of compound profiling matrices, part II: relative performance of multitask deep learning and random forest classification on the basis of varying amounts of training data. ACS Omega. (2018) 3:12033–40. doi: 10.1021/acsomega.8b01682

16. Alaa AM, Bolton T, Di Angelantonio E, Rudd JHF, van der Schaar M. Cardiovascular disease risk prediction using automated machine learning: a prospective study of 423,604 UK Biobank participants. PLoS One. (2019) 14:e0213653. doi: 10.1371/journal.pone.0213653

17. Rigatti SJ. Random forest. J Insur Med. (2017) 47:31–9. doi: 10.17849/insm-47-01-31-39.1

18. Mousavi H, Darestani SA, Azimi P. An artificial neural network based mathematical model for a stochastic health care facility location problem. Health Care Manag Sci. (2021) 24:499–514. doi: 10.1007/s10729-020-09533-1

19. Munro SA, Lund SP, Pine PS, Binder H, Clevert D-A, Conesa A, et al. Assessing technical performance in differential gene expression experiments with external spike-in RNA control ratio mixtures. Nat Commun. (2014) 5:5125. doi: 10.1038/ncomms6125

20. Henrich KO, Bender S, Saadati M, Dreidax D, Gartlgruber M, Shao C, et al. Integrative genome-scale analysis identifies epigenetic mechanisms of transcriptional deregulation in unfavorable neuroblastomas. Cancer Res. (2016) 76:5523–37. doi: 10.1158/0008-5472.CAN-15-2507

21. Rajbhandari P, Lopez G, Capdevila C, Salvatori B, Yu J, Rodriguez-Barrueco R, et al. Cross-cohort analysis identifies a TEAD4-MYCN positive feedback loop as the core regulatory element of high-risk neuroblastoma. Cancer Discov. (2018) 8:582–99. doi: 10.1158/2159-8290.CD-16-0861

22. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

23. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS. (2012) 16:284–7. doi: 10.1089/omi.2011.0118

24. Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, et al. The STRING database in 2021: customizable protein-protein networks, and functional characterization of user-uploaded gene/measurement sets. Nucleic Acids Res. (2021) 49:D605–12. doi: 10.1093/nar/gkaa1074

25. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Profiling tumor infiltrating immune cells with CIBERSORT. Methods Mol Biol. (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12

26. Díaz-Uriarte R, Alvarez de Andrés S. Gene selection and classification of microarray data using random forest. BMC Bioinformatics. (2006) 7:3. doi: 10.1186/1471-2105-7-3

27. Beck MW. NeuralNetTools: visualization and analysis tools for neural networks. J Stat Softw. (2018) 85:1–20. doi: 10.18637/jss.v085.i11

28. Muschelli J. ROC and AUC with a binary predictor: a potentially misleading metric. J Classif. (2021) 37:696–708. doi: 10.1007/s00357-019-09345-1

29. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez J-C, et al. pROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinformatics. (2011) 12:77. doi: 10.1186/1471-2105-12-77

30. Linden A. Measuring diagnostic and predictive accuracy in disease management: an introduction to receiver operating characteristic (ROC) analysis. J Eval Clin Pract. (2006) 12:132–9. doi: 10.1111/j.1365-2753.2005.00598.x

31. Lira RPC, Antunes-Foschini R, Rocha EM. Survival analysis (Kaplan–Meier curves): a method to predict the future. Arq Bras Oftalmol. (2020) 83:V–VII. doi: 10.5935/0004-2749.20200036

32. Chen TQ, Guestrin C. Xgboost: a scalable tree boosting system. Proceedings of the 22nd ACM SIGKDD International 2016. New York, NY: Association for Computing Machinery (2016). p. 785–94. doi: 10.1145/2939672.2939785

33. Maktabi M, Köhler H, Ivanova M, Neumuth T, Rayes N, Seidemann L, et al. Classification of hyperspectral endocrine tissue images using support vector machines. Int J Med Robot. (2020) 16:1–10. doi: 10.1002/rcs.2121

34. Kuhn M. Building predictive models in R using the caret package. J Stat Softw. (2008) 28:1–26. doi: 10.18637/jss.v028.i05

35. Wen X, Gao L, Song T, Jiang C. CeNet omnibus: an R/Shiny application to the construction and analysis of competing endogenous RNA network. BMC Bioinformatics. (2021) 22:75. doi: 10.1186/s12859-021-04012-y

36. Utnes P, Løkke C, Flægstad T, Einvik C. Clinically relevant biomarker discovery in high-risk recurrent neuroblastoma. Cancer Inform. (2019) 18:1176935119832910. doi: 10.1177/1176935119832910

37. Chami R, Marrano P, Teerapakpinyo C, Arnoldo A, Shago M, Shuangshoti S, et al. Immunohistochemistry for ATRX can miss ATRX mutations: lessons from neuroblastoma. Am J Surg Pathol. (2019) 43:1203–11. doi: 10.1097/PAS.0000000000001322

38. Li W, Zhang Z, Wang ZM. Differential immune cell infiltrations between healthy periodontal and chronic periodontitis tissues. BMC Oral Health. (2020) 20:293. doi: 10.1186/s12903-020-01287-0

39. Laut AK, Dorneburg C, Fürstberger A, Barth TFE, Kestler HA, Debatin KM, et al. CHD5 inhibits metastasis of neuroblastoma. Oncogene. (2022) 41:622–33. doi: 10.1038/s41388-021-02081-0

40. Floros KV, Cai J, Jacob S, Kurupi R, Fairchild CK, Shende M, et al. MYCN-amplified neuroblastoma is addicted to iron and vulnerable to inhibition of the system Xc-/glutathione axis. Cancer Res. (2021) 81:1896–908. doi: 10.1158/0008-5472.CAN-20-1641

41. Qiu L, Zhang X, Chen Z. Screening and functional analysis of glioma-related genes induced by candoxin. Mol Med Rep. (2014) 10:767–72. doi: 10.3892/mmr.2014.2311

42. Li Y, Luan C. PLCE1 promotes the invasion and migration of esophageal cancer cells by up-regulating the PKCα/NF-κB pathway. Yonsei Med J. (2018) 59:1159–65. doi: 10.3349/ymj.2018.59.10.1159

43. Funke L, Bracht T, Oeck S, Schork K, Stepath M, Dreesmann S, et al. NTRK1/TrkA signaling in neuroblastoma cells induces nuclear reorganization and intra-nuclear aggregation of lamin A/C. Cancers. (2021) 13:5293. doi: 10.3390/cancers13215293

44. Buelow DR, Anderson JT, Pounds SB, Shi L, Lamba JK, Hu S, et al. DNA methylation-based epigenetic repression of SLC22A4 promotes resistance to cytarabine in acute myeloid leukemia. Clin Transl Sci. (2021) 14:137–42. doi: 10.1111/cts.12861


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Yang, Zeng, Jin, Lin and Song. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fmed-09-882348-g008.jpg
Sensitivity (%)

40

Sensitivity (%)

100

80

60

20

100

80

60

40

20

Confidence intervals

/

Ac: 98.8% (98.0%—99.5%)

l I I | l
80 60 40 20 0

Specificity (%)

Confidence intervals

_“AUC: 100.0% (100.0%—100.C

100

l | l l |
80 60 40 20 0

Specificity (%)

Sensitivity (%)

40

Sensitivity (%)

100

80

60

20

100

80

60

40

20

Confidence intervals

AUC: 79.5% (73.0%—86.0%)

100

80

I | I |
60 40 20 0

Specificity (%)

Confidence intervals

/ AUC: 63.8% (56.8%—70.8%)

100

80

l I l |
60 40 20 0

Specificity (%)






OPS/images/fmed-09-882348-g004.jpg
A 100%;

Fraction

80%

Relative Percent

20%:

60%

40%

W

I

1

H

\

1

H
H

‘ \

M
|

:l
\
l

[l \
|

\l'

1
!

H\ 1 W

\

H '

0.7 - B
p=0.388 = Treat
0.6 -
0.5
U p=0.585 p=0.009
> = p=0.029
0.3
p=0445  hc0.001 PO pe.070 -
& p=0508 |~ . 2
- p=0.573
0.2 - p=0.020 »
p=0.014 a PR
i -~ p=0.125 p=0.361 p=0.870
i ™ = i = = =0.004
p=0.785 p—0;276 N B
=0.964 |
0 0 l /K 4L .|.l ‘ ‘l p. g ll .I.l . .l
d & A Q N S & &
@40 6‘06 &\\ & @& °}\Q 4’3’&6 ?}Qz «@@ @\ 6\& & 06 c§ S fo\& e& %.QQ @\0 2y 4’0\0 Q(% Q§
& o @ & & 8 r & N & & @ & N @ N & QO
> & & g & ¢ & e P F PP P e ¢ & &5
F 0NN e VT T S e &
. # ¢ ¢ & & ¢ ¢ & &E @ B G O e P
g & & © Qq" N SRS @ & & F o & 9
SR QR S & & N ¢
\\c_, @) A o?/ OQ,
& ¥
¢

| H]\ "

i

B cells naive

B cells memory

Plasma cells

T cells CD8

T cells CD4 naive

T cells CD4 memory resting

l

" w

\

T cells follicular helper

T cells regulatory (Tregs)

T cells gamma delta

NK cells resting

" NK cells activated
Monocytes
Macrophages MO
Macrophages M1
Macrophages M2
Dendritic cells resting
Dendritic cells activated
Mast cells resting
Mast cells activated
Eosinophils
Neutrophils

‘

H H B B B E EEEE

3
g s
> @ B8
8 g % g s B
- S > -3 = > s 2
=1 3 2 o o 2 - g,_o,ﬁﬁ 2
S © & © = = o ) q,z_g:?.’>3_’
£ ) E £ o o L - E o @ o 5 8
% b 1) 2 = g © E = =
2 o v 2 5 5 2 28 v o 2 + 5 S £ B E B o
» £ Q € ¢ @ ®® £ Q0 Q2 QO @ »v g ® ® FE
3T 5 8802552008 00 £ 3 2 E o &
O%Ol"gool’ﬂﬂl’l’gl’oul"cl’gg
= £ 2 g g g2 223 E 23 & . = 2 £
§ 2 8 x s S 8 8 3 8 8 8 8 5 8 v 2
2 2 0 Z - Z2 2 2 O F + FF F QO F 2 2 0 o Z W

Mast cells activated 0.04 0.07 0.22 0.11 -0.1 -0.03 0.12 =0.3 -0.1 -0.21-0.22~0.41-0.19-0.05-0.26-0.41 0 -0.06-0.11 0.06 0.16

Monocytes 0.04 0.2 0.27 0.12 0.25 ~0.13-0.14-0.08-0.01-0.06 -0.06 -0.03 0.01 0.18 0.08 0.02 -0.11-0.02 0.02 -0.1 0.12
Dendritic cells activated 0.07 0.2 ~0.01-0.02 0.02 -0.03-0.05-0.04 -0.02~-0.06 -0.06 0.04 0.04 -0.05-0.03-0.02-0.02 0 =-0.05 0.07
Neutrophils 0.22 0.27 0.11 0.29 0.04 -0.03~0.17~0.15-0.07 ~0.24 ~0.23 0.05 0.16 -0.05-0.04-0.03-0.03 0.03 0.02 0.23
T cells CD4 memory resting 0.41 0.12 -0.01 0.11 0.3 -0.05 0.01 -0.04-0.05-0.14~0.34 ~0.22 ~0.16 ~0.09~0.17 -0.09 0.03 -0.05 0.02 -0.1 -0.01
NK cells resting -0.1 0.25 -0.02 0.29 0.3 0.03 -0.08 0.08 -0.03 0.02 ~0.18-0.05-0.02 0.01 -0.04 0.14 -0.05-0.05-0.04 -0.25-0.06
Macrophages MO -0.03-0.13 0.02 0.04 -0.05 0.03 0.17 =0.51-0.45-0.29-0.42-0.19 -0.27-0.44 -0.04 0.03 -0.13 0 =-0.07-0.03-0.19
Macrophages M2 0.12 -0.14-0.03-0.03 0.01 -0.08 0.17 ~0.34~0.39-0.21-0.37 -0.4 -0.14-0.08-0.17 0.05 0.01 -0.22 0.07 -0.02 0.02

B cells naive -0.3 -0.08-0.05-0.17-0.04 0.08 =0.51-0.34 M 0.24 0.24 033 015 01 0 =-0.02 0.05 -0.1 -0.24 -0.2 -0.14

o

T cells follicular helper -0.1 -0.01-0.04 ~0.15-0.05~0.03~0.45~0.39 PAO 0.47 0.23 0.09 0.12 0.04 -0.02-0.13 0.16 0.09 0.04 -0.1 -0.07

T cells CD4 naive -0.21-0.06-0.02-0.07-0.14 0.02 ~0.29-0.21 0.24 0.17 0.18 0.28 -0.03 0.1 -0.1 0.07 -0.06-0.04-0.06-0.14 -0.1
T cells CD8 -0.22-0.06-0.06 ~0.24~0.34 -0.18=0.42-0.37 0.24 0.23 0.18 {oj{: 0.04 0.05 0.01 -0.04 0.01 0.15 ~0.14-0.06-0.05
T cells regulatory (Tregs) =0.41-0.03-0.06-0.23-0.22-0.05-0.19 0.4 0.33 0.09 0.28 ,&44 -01 -0.14 0 0.09 -0.08 0.09 0.03 -0.1 -0.13
Plasma cells -0.19 0.01 0.04 0.05 -0.16-0.02-0.27-0.14 0.15 0.12 -0.03 0.04 -0.1 0.35 0.09 0.14 -0.03 0.02 0.21 0 0.23
T cells CD4 memory activated -0.05 0.18 0.04 0.16 -0.09 0.01 ~0.44-0.08 0.1 0.04 01 0.05 -0.14 0.35 0.24 0.15 -0.02 0.01 0.04 -0.02 0.23
Macrophages M1 -0.26 0.08 -0.05-0.05-0.17-0.04-0.04-0.17 0 =-0.02-0.1 0.01 0 0.09 0.24 0.23 006 007 0 041 -0.06
Mast cells resting =0.41 0.02 -0.03-0.04-0.09 0.14 0.03 0.05 ~0.02-0.13 0.07 -0.04 0.09 0.14 0.15 0.23 -0.08-0.07 0.18 0 -0.06
Tcellsgammadelta 0 -0.11-0.02-0.03 0.03 -0.05-0.13 0.01 0.05 0.16 -0.06 0.01 -0.08-0.03-0.02 0.06 -0.08 -0.05-0.04 0.04 0
Dendritic cells resting -0.06-0.02-0.02-0.03-0.05-0.05 0 =0.22 -0.1 0.09 -0.04 0.15 0.09 0.02 0.01 0.07 -0.07-0.05 0.03 0.07 0.43

B cells memory -0.11 0.02 0 0.03 0.02 -0.04-0.07 0.07 ~0.24 0.04 -0.06-0.14 0.03 0.21 0.04 0 0.18 -0.04 0.03
NK cells activated 0.06 -0.1 -0.05 0.02 -0.1 ~0.25-0.03-0.02 ~0.2 -0.1 -0.14-0.06 -0.1 0 =-0.02 04 0 0.4 0.07 0.18

Eosinophils 0.16 0.12 0.07 0.23 -0.01~0.06-0.19 0.02 ~0.14-0.07 -0.1 -0.05-0.13 0.23 0.23 -0.06-0.06 0 0.13 0.14 0.31

T cells CD4 memory activated






OPS/images/fmed-09-882348-g005.jpg
Random forest

2ozt %

wH o
o 4
o :.
N s .
o | 20 .
PR
§ +§
w2
o
=
o
I T ' ' I |
0 100 200 300 400 500
trees
C

B e T

Gl

TN

"r‘u

IH
|

e

PLXNA4

PLCD4

PLXNA4A
PLXNA4B

LOC100127887

T ' ;1 »ll III \I

| |] DUXAP10
11 Nmy

| BMP7
| NTS

O
|
20
Type
con
treat
2
0
-2
-4





OPS/images/fmed-09-882348-g006.jpg
Test group

AUC: 0.858
95% CI: 0.774-0.931

| | | | |
80 90 v0 20 00
Aynjisuag

Train group

O NMIFNONODNOT™

N s o i g i e g O

— OO SO ON 0D

52
EOCONOT

—OINN—FO—t E—ON N
O oWILLO~Y

-1.000
|

AUC: 0.998
Cl: 0.995

95%

0 OZZZ GTLOILX

0 NCCCBT
L
o< Oo O

| | | | |
80 90 70 20 00
ISTTSIVETS

0.6 0.8 1.0

1 - Specificity

0.4

0.2

0.0

1.0

0.8

0.6

0.2 0.4
1 - Specificity

0.0





OPS/images/fmed-09-882348-g007.jpg
A Overall survival B
risk —— low risk = hight risk risk === low risk == hight risk

0.76 4

0.60 4

Cumulative sunvival (percentage)

0264

HR : 3.86
(95%C1:2.44-6.10) -
P < 0.001
0.00 4
0O 500 1000 1500 2000 2500 3000 3500 4000 4500 S000 5500 6000
Time (Days)
Number at risk
low risk 190 146 125 106 83 57 34 26 17 g 1] o 6 2
0.0+
hight risk 79 50 33 15 13 & 5 5 4 3 (o] o o
0 2000 4000 6000
Time
c Progression—Free Survival D risk ' low risk . hight risk
FISK =+ 1Ow risk == hight risk
100+
1.51
078 4
E 0.60 - E 10
=
§ $
i)
-
0254 g
@)
HR : 3.03
(95%C1:2.0344.52) 054
P < 0.001
0.00 4
O 65600 1000 1500 2000 2500 3000 3500 4000 4500 6000 6500 ©GO00
Time (Days)
Number at risk
low risk 189 - 131 110 93 74 52 31 23 14 8 6 4 2
<0.0001
00l #F p<0.000
hight risk 79 42 24 15 g ) 5 4 4 3 2 (o] (o] o} . L . .
0 2000 4000 6000






OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Feature Genes in Neuroblastoma Distinguishing High-Risk and Non-high-Risk Neuroblastoma Patients: Development and Validation Combining Random Forest With Artificial Neural Network



		INTRODUCTION



		MATERIALS AND METHODS



		Datasets



		Identification of Differentially Expressed Genes



		Functional Enrichment Analysis



		Construction of Protein–Protein Interaction Network



		Comparison of 22 Tumor Immune Cell Subtypes Between Low- and High-Risk Category Groups



		Feature Genes Screened by Random Forest



		Construction of Artificial Neural Network Model



		Verification of Artificial Neural Network Model







		RESULTS



		Identification of Differentially Expressed Genes



		Functional Enrichment Analysis and Protein–Protein Interaction Network Construction



		Immune Cell Infiltration in Primary Neuroblastomas



		Feature Genes Screened by Random Forest



		Construction and Validation of Artificial Neural Network Model



		Verification of Artificial Neural Network Model







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fmed-09-882348-g001.jpg
Type Type .
. Con 80 ®
E Treat I

=
)
X
.

OWZWD

cr==>
Q=T
£

=B

o=

60

Sig

¢ Down

1
N e — — N
e et
_— E
- -
e
<ONXDVONZWNT M=X0
NZOXRP6) S —00ONTO
SMZIBHZVQTODM =ie)
575;' ©SReMA. o2
> > B
1
S
N t 4
k3
@ ‘.
Y -
» @
S - .f
82,2 -
&

. e Not

e
——
—_—
ngg;go

<Om9
225

=
R

w0

—log10(adj.P.Val)
S
L3
@

|3 IL i I‘ Il 11 PKIB 20 - @

I|| i\ I‘r' | MG%%457 N BN e O e . L = = L - A EE e ..
| ]
1L L ‘ | % | |

¥ [ s -5.0 -25 0.0 25 5.0

5
Z

TR e AshAl Al

[ o] =
P
R3S
.
=}
@
T
O





OPS/images/fmed-09-882348-g002.jpg
A modulation of chemical synaptic transmission 1
regulation of trans—-synaptic signaling -
cell junction assembly ‘
positive regulation of synaptic transmission 1 ‘
neurotransmitter transport - .
regulation of axon extension 1 :
regulation of extent of cell growth 1
neurotransmitter reuptake 1
neurotransmitter uptake -
sympathetic nervous system development @

d9

transport vesicle 1 ‘

distal axon - ]
axon terminus 1
neuron projection terminus A
synaptic vesicle 1
exocytic vesicle
terminal bouton 1
synaptic vesicle membrane 1
exocytic vesicle membrane -
catenin complex 1 ]

00

metal ion transmembrane transporter activity - ‘

active ion transmembrane transporter activity 1 @
sodium ion transmembrane transporter activity - &

organic cation transmembrane transporter activity 1

neuropeptide receptor binding

sodium:chloride symporter activity 1

anion:sodium symporter activity

heparan sulfate sulfotransferase activity -

cation:chloride symporter activity -

ephrin receptor activity -

4N

POF1B
NTRKA1

. logFC
coll juncson assembly

0.05 0.10 0.15 —_— B e [ [
Gene Rat io . neurctransmitier reuptake . neurctransmitier uplake . neuro¥ ansmitier transport . reguiation of axon extension -3 3

Neuroactive ligand-receptor interaction - ‘ Count

CTIK
(o)}

qvalue
0.005

0.010
0.015
0.020
0.025

Cocaine addiction{ @

)
0
O
14

IOQFC GO Terms . Cocaine addcson . Newroacive bgand-receptor merachon

0.125 0.150 0.175 [
GeneRatio





OPS/images/fmed-09-882348-g003.jpg
B chemical synaptic transmission
M neurotransmitter transport
B neuron projection morphogenesis
M cell junction assembly
M positive regulation of synaptic transmission
- NABA MATRISOME ASSOCIATED
M brain development
I sympathetic nervous system development
M regulation of ion transport
I neural retina development
- cell-cell junction assembly
e — N " Neuroactive ligand-receptor interaction
"\" ‘A 4\ . W respiratory system process
7 ’m e M regulation of kinase activity
: ‘ I brown fat cell differentiation
" Neurexins and neuroligins
sodium ion homeostasis
negative regulation of neurogenesis
M regulation of cell shape
- positive regulation of ion transport

created by
http://metascape.org
B FAM19A1
SEMAIE
ey S~ PLXMNA4
PRUNEZ2 ’ .
NTRK —
e ;
3 TRPWV2
o \ .
KIRREL3





OPS/images/cover.jpg
& frontiers | Frontiers in Medicine

Feature Genes in
Neuroblastoma Distinguishing
High-Risk and Non-high-Risk

Neuroblastoma Patients:
Development and Validation
Combining Random Forest With
Artificial Neural Network









OPS/images/logo.jpg
¥ frontiers | Frontiers in Medicine





