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Background: Fusion genes are considered to be one of the major drivers behind cancer initiation and progression. Meanwhile, non-acute promyelocytic leukemia (APL) pediatric patients with acute myeloid leukemia (AML) in children had limited treatment efficacy. Hence, we developed and validated a simple clinical scoring system for predicting outcomes in non-APL pediatric patients with AML.

Method: A total of 184 non-APL pediatric patients with AML who were admitted to our hospital and an independent dataset (318 patients) from the TARGET database were included. Least absolute shrinkage and selection operation (LASSO) and Cox regression analysis were used to identify prognostic factors. Then, a nomogram score was developed to predict the 1, 3, and 5 years overall survival (OS) based on their clinical characteristics and fusion genes. The accuracy of the nomogram score was determined by calibration curves and receiver operating characteristic (ROC) curves. Additionally, an internal verification cohort was used to assess its applicability.

Results: Based on Cox and LASSO regression analyses, a nomogram score was constructed using clinical characteristics and OS-related fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10), yielded good calibration and concordance for predicting OS of non-APL pediatric patients with AML. Furthermore, patients with higher scores exhibited worse outcomes. The nomogram score also demonstrated good discrimination and calibration in the whole cohort and internal validation. Furthermore, artificial neural networks demonstrated that this nomogram score exhibits good predictive performance.

Conclusion: Our model based on the fusion gene is a prognostic biomarker for non-APL pediatric patients with AML. The nomogram score can provide personalized prognosis prediction, thereby benefiting clinical decision-making.
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1. Introduction

Acute myeloid leukemia (AML) is one of the most prevalent types of hematopoietic malignancies, and while there are promising therapies being tested in clinical trials for AML, patient responses remain heterogeneous and the trials lack biomarkers (1). This disease consists of a diverse range of molecular changes; there are only a small number of prototypic genetic lesions in AML patients, and traditional classification is primarily based on morphology (2, 3). Treatment of childhood AML has improved significantly over the past few decades through hematopoietic stem cell transplantation (HSCT), chemotherapy, targeted therapy, optimal risk stratification, and supportive care. However, AML patients treated with the above therapies have unsatisfactory clinical outcomes (4–6). As a result, accurately predicting patients’ prognosis is necessary to improve patient survival.

Fusion genes, as the primary molecular biological anomaly in AML, play a pivotal role in tumor development (7). Currently, fusion genes have been used as molecular markers for leukemia diagnosis, classification, minimal residual disease (MRD) monitoring, risk stratification, and targeted therapy (8). For example, RUNX1::RUNX1T1 [t (8, 21) (q22; q22)] rearrangement, the most frequently observed chromosomal translocation in AML, results in the expression of a transcriptionally repressive fusion protein that functions through the DNA-binding ETO domain (9). RUNX1::RUNX1T1 made EGR1 overexpressed to inhibit cell proliferation and promoted apoptosis, which has a relatively favorable outcome in RUNX1::RUNX1T1-positive AML (10). Additionally, the fusion gene CBFβ::MYH11 is caused by central inversion of chromosome 16 inv. (16) (p13.1q16) or t (16; 16) (p13.1; q16). The rearrangement disrupts CBF function, leading to blocked myeloid differentiation and ultimately leukemia (11, 12). The connection between fusion genes and the development of AML establishes a theoretical foundation for employing fusion genes in determining clinical outcomes.

In recent years, many studies have developed risk-scoring systems to assess the prognosis of AML. One example is the score established by Schnittger et al. (13), which is based on the expression level of fusion genes. Their findings indicate that fusion transcript levels at diagnosis have a significant impact on the overall survival (OS) and event-free survival (EFS) of AML. Interestingly, the study by Wang (14) showed that the presence of a TEL/AML-1 fusion gene was statistically significant in predicting both OS and EFS, indicating that TEL/AML-1 is a useful biological variable for risk stratification in future clinical trials. Therefore, we believe that the involvement of fusion genes and clinical characteristics in constructing prognostic assessment models could potentially enhance the accuracy of predicting clinical outcomes for AML patients.

In our study, we explored and constructed a scoring nomogram using fusion genes to predict the OS of non-APL pediatric patients with AML. Significantly, we developed a fusion gene-based prognostic signature that showed great potential as a predictor for the prognosis of non-APL pediatric patients with AML. We have highlighted the clinical importance of fusion genes and their potential as promising biomarkers for pediatric non-APL AML patients.



2. Materials and methods


2.1. Patients and study design

We retrospectively analyzed the clinical data of 184 newly diagnosed non-APL pediatric patients with AML who received continuous treatment at the Children’s Hospital of Zhejiang University School of Medicine (Hangzhou, China) from January 2015 to December 2020 to construct the predictive model. Treatment was performed according to the modified NPCLC-AML97 protocol (15). For patients, induction therapy used either daunorubicin/cytarabine (DA) or daunorubicin/cytarabine/etoposide (DAE). When CR was achieved, the same cycle was repeated for non-APL as consolidation therapy. Intensification therapy consisted of three cycles of intermediate- or high-dose cytarabine (ID/HD Ara-C) every other month for all subtypes of AML. During the intervals of ID/HD Ara-C, DA, homoharringtonine/cytarabine (HA), and etoposide/cytarabine (EA) were given alternatively. Maintenance therapy was given monthly by sequential HA, EA, and doxorubicin/paclitaxel (AT) cycles, and ID/HD Ara-C was administered every 6 months. Central nervous system (CNS) prophylaxis was performed with intrathecal chemotherapy alone. Ara-C, methotrexate (MTX), and dexamethasone (DXM) were administered every 2 weeks during induction, every 2 months during the first year, and every 3 months thereafter. The dosing of MTX, Ara-C, and DXM was different according to the age group: <12 months, MTX 5 mg, Ara-C 12 mg, and DXM 2 mg; up to 23 months, MTX 7.5 mg, Ara-C 15 mg, and DXM 2 mg; up to 35 months, MTX 10 mg, Ara-C 25 mg, and DXM 5 mg; ≥36 months, MTX 12.5 mg, Ara-C 30 mg, and DXM 5 mg. The total course was 2.0 (girls)–2.5 (boys) years from CR. The last date for follow-up was on 31 March 2022, and the median time for follow-up was 2.16 years, ranging from 0.63 to 4.14 years. This study was approved by the Ethics Committee of the Children’s Hospital of Zhejiang University (Approval number: 2022-IRB-130).

An independent dataset containing 318 patients from the TARGET database was used as the target cohort. Case selection criteria for data extraction included patients diagnosed with AML, OS and survival status, WBC, BM blast, PB blast, age, gender, relapse, MRD, mutation gene status, and fusion gene status. For fusion genes and mutation analysis, the bone marrow blood is sent to the company for diagnosis. All treatment regimens adhered to the guidelines stated in the Declaration of Helsinki and received approval from the Institutional Review Board. Informed written consent has been signed by guardians.



2.2. Molecular analysis

The French–American–British (FAB) classification system was conducted according to the standard of the World Health Organization (WHO) classification of tumors of the hematopoietic and lymphoid tissues (2020) (16). The diagnosis of fusion genes and mutation genes in bone marrow samples was determined centrally using reverse-transcriptase polymerase chain reaction (RT-PCR), following the standard techniques (17). The process of Ficoll–Hypaque gradient centrifugation was used to concentrate mononuclear cells, which were sent to the company for analysis. The ReverTra Ace qPCR RT kit (Toyobo, Osaka, Japan) was used to reverse transcribe total RNA, which was extracted from leukemic cells at diagnosis. PCR for fusion genes and mutation genes was performed using the primers and procedure according to the published literature (18–21).



2.3. Establishment of the predictive nomogram

Prognostic values for clinical characteristics were initially calculated by univariate Cox analysis. We used LASSO-Cox regression models to define risk factors for individual operating systems. A nomogram was created by R (R version 4.0.2) “rms,” “survival” package (22), using clinical characteristics with p < 0.05 in the multivariate Cox regression model. Patients were divided into low- and high-risk groups using the optimal cutoff value determined by the X-title method (23). The “rms package” was utilized to create nomograms and calibration plots. Nomogram measurements were performed using calibration curves (24, 25). Calibration plots are used to analyze observed and predicted nomogram probabilities. The R package “survival ROC” was employed to conduct a comparison of accuracy and accuracy predictions using receiver operating characteristic (ROC) curve analysis (26). The accuracy of nomogram survival was assessed by ROC curves (27). Artificial neural network was performed using the “NeuralNetTools” package.



2.4. Statistical analyses

The overall survival (OS) was defined as the time period from the date of diagnosis to either the date of death or the last interaction date with the patient. Similarly, event-free survival (EFS) was defined as the time period from the date of first complete remission (CR) until either relapse, death, and second malignancy or the last interaction date with the patient. The differences between the two groups were assessed using the t-test, Mann–Whitney U test, or chi-square test. The survival functions were estimated using the Kaplan–Meier method and compared using the log-rank test. All calculations were performed using SPSS 25.0 software (SPSS Inc. Chicago, IL, United States). A significance level of p < 0.05 was used, with an evaluation of p-values from both sides.




3. Results


3.1. Clinicopathological and genetic characteristics of non-APL pediatric patients with AML

A total of 184 non-APL pediatric patients with AML from our hospital were collected as a Chinese cohort; of them, 117 were male, accounting for 63.59% of the patients. The median age was 6 years (range: 3–11 years). The median WBC count of these patients was 15.09 × 109/L (range: 6.20 × 109/L–46.79 × 109/L), while the median peripheral blood (PB) blast count was 36% (range: 8%–58%). The levels of bone marrow (BM) blast were 61% (range: 41%–78%). Additionally, the number of patients with M0, M1, M2, M4, M5, M6, and M7 types was 7, 2, 53, 33, 85, 1, and 3, respectively. Table 1 shows the clinical features of non-APL pediatric patients with AML. Additionally, we found that 13 patients (7.07%), 37 patients (20.11%), 11 patients (5.98%), and 6 patients (3.26%) were positive for the fusion genes CBFβ::MYH11,RUNX1::RUNX1T1, KMT2A::MLLT3, and KMT2A::MLLT10, respectively. The results of the fusion genes are presented in Table 2. Of all the patients enrolled in this study, 104 cases (56.52%) were of adverse risk and the CR at the end of course 1 was 83.15% (153 cases). Most of the patients (131 cases, 71.20%) had a day 16 measurable residual disease (MRD) <0.1%. There were 136 patients (73.91%) who developed EFS.



TABLE 1 Clinical characteristics of non-APL pediatric patients with AML.
[image: Table1]



TABLE 2 Status of fusion genes of patients with non-APL pediatric patients with AML.
[image: Table2]

We downloaded 318 cases of non-APL pediatric patients with AML from the TARGET database. Comparing the clinicopathological and genetic characteristics of the Chinese cohort and TARGET cohort, we found that there were significant differences between the two cohorts in age, WBC count, PB blasts, BM blasts, and FAB types (p < 0.001, Table 1). In addition, for fusion genes, we discovered significant differences in CBFβ::MYH11 (p < 0.001, Table 2). Meanwhile, the favorable/intermediate/adverse rates in the TARGET cohort were 52.83% (168/318), 32.39% (103/318), and 14.78% (47/318), respectively, which were significantly different compared with the Chinese cohort (p < 0.001, Table 3). However, the Chinese cohort and TARGET cohort demonstrated similar population distributions in CR status at the end of course 1, day 16 MRD, and relapse rate (p > 0.05, Table 3).



TABLE 3 Treatment outcome of non-APL pediatric patients with AML.
[image: Table3]



3.2. Development of the prognostic signatures for non-APL pediatric patients with AML

We screened the prognostic factors for OS in non-APL pediatric patients with AML, and the workflow of the study is presented in Figure 1. By performing univariate Cox regression analysis, survival-related factors were examined from the entire cohort. Using a cutoff point of p < 0.2, we identified 11 factors. Among them, 7 potential risk factors (FAB category, WBC count, risk group, NUP98::KDM5A, KMT2A::ELL, KMT2A::MLLT3, and KMT2A::MLLT10) and 4 potential protective factors (BM, PB, CBFβ::MYH11, and RUNX1::RUNX1T1) were included. The survival-related factors were evidenced by the forest plot (Figure 2A).

[image: Figure 1]

FIGURE 1
 Flowchart of this study.


[image: Figure 2]

FIGURE 2
 Identification of a prognostic risk model based on fusion genes in the whole cohort. (A) Through univariate Cox analysis, the forest plot illustrates the top 11 factors related to survival that were found to be significant. (B) The selection of the tuning parameter (lambda) in the LASSO model involved 10-fold cross-validation using the minimum criteria. Dotted vertical lines are drawn at the optimal values determined by the minimum criteria and the standard error of the minimum criteria. (C) The LASSO coefficient profiles of the 10 factors related to survival are displayed. (D) The results of the multivariate Cox analysis are presented in the forest plot. Six fusion genes were identified as candidates for constructing the risk model in the multivariate Cox analysis.


Using LASSO regression, a predictive model was created from 11 survival-related factors based on the results of the univariate Cox regression. The model selected 10 survival-related factors with non-zero coefficients, following the minimum criteria (Figures 2B,C). Among them, 6 survival-related fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, NUP98::KDM5A, KMT2A::ELL, KMT2A::MLLT3, and KMT2A::MLLT10) were inspected with multivariate Cox regression analysis. Eventually, based on the minimum Akaike information criterion (AIC) value, a risk model was obtained using four fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10), of which, CBFβ::MYH11 and RUNX::RUNX1T1 were potential protective genes and KMT2A::ELL, and KMT2A::MLLT10 were potential risk genes (Figure 2D). We then obtained risk scores for the fusion genes, which are presented in Table 4.



TABLE 4 Risk score of fusion genes.
[image: Table4]



3.3. Construction of the nomogram score

To enhance the quantitative method used for predicting the prognosis of non-APL pediatric patients with AML, we developed a nomogram score that incorporates age, gender, WBC count, BM blasts, PB blasts, FAB type, risk group, and risk scores of fusion genes. This nomogram has been designed to depict the aforementioned model, with assigned scores given to each term (Figure 3).

[image: Figure 3]

FIGURE 3
 A nomogram is available for predicting the overall survival (OS) of patients at 1, 3, and 5 years.




3.4. Predictive value of the nomogram

To evaluate the predictive significance of the nomogram, 502 patients were divided into high-risk and low-risk groups based on their individual nomogram scores (threshold: nomogram score = 0.4639), as shown in Figure 4A. Patients with higher risk scores had shorter overall survival and a higher number of deaths (Figures 4B,C). Moreover, higher positive rates (KMT2A::ELL and KMT2A::MLLT10) and lower positive rates (CBFβ::MYH11 and RUNX1::RUNX1T1) were found in high-risk groups (Figure 4D).

[image: Figure 4]

FIGURE 4
 In the whole cohort, the distribution of the nomogram score, patients’ survival status, and fusion gene signature were distributed. (A) The patients are divided into two groups equally based on the median risk score threshold, with the low-risk group shown in green and the high-risk group shown in red. (B) The survival status of pediatric AML patients without APL in the high-risk and low-risk groups is portrayed, with green representing survival and red representing death. (C) The study investigates the association between risk scores and survival times. (D) The occurrence of the four fusion genes is illustrated through a heatmap, where the low-risk group is displayed in pink and the high-risk group is displayed in bright blue.


Subsequently, a Kaplan–Meier survival analysis was conducted on the whole cohort, which revealed that patients categorized as high-risk had a significantly worse prognosis (p < 0.001; Figure 5A). Furthermore, an ROC analysis was performed to assess the accuracy of this signature in predicting survival rates at 1, 3, and 5 years, resulting in AUC values of 0.769, 0.743, and 0.737, respectively. These findings suggest that this signature demonstrates high sensitivity and specificity (Figure 5B). Additionally, calibration curves were generated to demonstrate a strong agreement between the nomogram model and the actual survival outcomes of patients with non-APL pediatric AML (Figure 5C).

[image: Figure 5]

FIGURE 5
 The predictive efficiency of the nomogram. (A) Non-APL pediatric patients with AML are divided into high-risk and low-risk groups based on the nomogram score. The Kaplan–Meier plots show the overall survival (OS) of patients in the high-risk and low-risk groups. (B) Receiver operating characteristic analysis is utilized to assess the predictive ability of the nomogram score for 1, 3, and 5 years OS in patients. (C) Calibration curves are employed to predict the 1, 3, and 5 years OS of patients.




3.5. Subgroup-based predictive value of the nomogram

To further validate the prognostic value of the nomogram in different subgroups, the patients were grouped according to age and gender. When considering gender subgroups, there were 307 males and 195 females in the whole cohort. Significant differences were observed in the OS between the low-risk and high-risk groups in both the male and female cohorts. Specifically, high-risk patients in both the male and female cohorts exhibited significantly shorter OS (p < 0.001, Figures 6A,B). Furthermore, we also found that the patients who were at high risk had notably shorter OS in both the younger group (≤8 years, N = 250) and older (>8 years, N = 252) patients (p < 0.001, Figures 6C,D). These data demonstrate the strong discrimination ability of our nomogram score.

[image: Figure 6]

FIGURE 6
 Predictive efficiency of the nomogram score in the subgroups. Kaplan–Meier analysis is performed to evaluate the overall survival (OS) of male patients (A) and female patients (B). Identification and verification of the predictive nomogram score in younger (≤8 years, C) and older (>8 years, D) patients.




3.6. Internal validation of the nomogram

We internally verified the nomogram score in both the Chinese cohort and the TARGET cohort. In the Chinese cohort, the AUC values for 1, 3, and 5 years intervals were 0.700, 0.686, and 0.711, respectively, indicating a significant level of accuracy (Figure 7A). Furthermore, OS was obtained by plotting a survival curve using the nomogram score scale. The prognosis worsened with an increase in the total score (Figure 7B). In addition, the calibration curves showed that the nomogram closely corresponded to the real-life survival rates of pediatric patients with non-APL AML (Figure 7C). Furthermore, we conducted a comparable analysis procedure in the TARGET cohort, whereby we determined the AUC value for the nomogram score, demonstrating 0.738, 0.744, and 0.731 for 1, 3, and 5 years survival, respectively (Figure 7D). According to the OS curves, patients belonging to the high-signature score group demonstrated considerably poorer overall survival compared with those in the low-signature score group (Figure 7E). Finally, the calibration curve demonstrates that the predicted values aligned with the observed values for the probabilities of 1, 3, and 5 years OS (Figure 7F).

[image: Figure 7]

FIGURE 7
 The internal validation of the nomogram score. Receiver operating characteristic analysis for the nomogram score in predicting the patients of 1, 3, and 5 years overall survival (OS) in the Chinese cohort (A) and the TARGET cohort (D). The Kaplan–Meier plots are used to present the OS of the patient cohort divided into high-risk and low-risk groups based on the nomogram score in both the Chinese cohort (B) and the TARGET cohort (E). Additionally, calibration plots are utilized to predict the 1, 3, and 5 years OS of patients in both the Chinese cohort (C) and the TARGET cohort (F).




3.7. Construction and evaluation of artificial neural network prediction model

Taking clinicopathological characteristics and fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10) as input variables and OS of non-APL pediatric patients with AML as an output variable, a neural network prediction model is constructed to evaluate the accuracy of risk score prediction for OS. The results demonstrated that the area under the ROC curve predicted by the model for OS was 0.811 (95% CI: 0.770–0.844, Figure 8).

[image: Figure 8]

FIGURE 8
 Construction of a neural network prediction model (A) and evaluation of the accuracy of the risk score in predicting overall survival (OS) by the ROC curve (B).




3.8. The comparison of three models in prognostic prediction

Here, we compared the differences among the models from the whole cohort, the Chinese cohort, and the TARGET cohort. First, we identified significant variables through univariate Cox analysis, LASSO analysis, and multivariate Cox analysis using the Chinese cohort. These included three OS-related fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, and KMT2A::ELL). We then built a nomogram score using these fusion genes and clinical characteristics (Figures 9A,B). Furthermore, using the same method as constructing the nomogram score from the whole cohort, we constructed a model using the Chinese cohort. This score included four fusion genes (CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10), as shown in Figures 9C,D. Interestingly, for the Chinese cohort, Kaplan–Meier analysis displayed that patients in the high-risk group had significantly worse OS than those in the low-risk group (Figure 10A). Meanwhile, the AUC values for 1, 3, and 5 years survival reached 0.755, 0.730, and 0.756, respectively, indicating a significant level of accuracy in the Chinese cohort (Figure 10B). Furthermore, the calibration curve shows that concerning the probabilities of 1, 3, and 5 years OS, the predicted values are consistent with the observed values (Figure 10C). Additionally, we validated the robustness of the nomogram score model in the TARGET cohort. The Kaplan–Meier curve showed that the OS of non-APL pediatric AML patients with a high nomogram score was significantly worse than that of patients with a low nomogram score (Figure 10D). Moreover, the ROC analysis revealed that the AUC values of the nomogram score for 1, 3, and 5 years OS were 0.762, 0.752, and 0.742, respectively (Figure 10E). Calibration curves were conducted to visualize the performance of 1, 3, and 5 years nomograms, indicating that the nomogram performed well (Figure 10F). We calculated the C-index using the restricted mean survival package. The results demonstrated that the C-index derived from the three cohorts was similar to the values of 7.14 in the whole cohort, 7.19 in the Chinese cohort, and 7.18 in the TARGET cohort (Figure 10G).

[image: Figure 9]

FIGURE 9
 Constructing the nomogram score in the Chinese cohort and the TARGET cohort using fusion genes and clinical characteristics. (A) Fusion gene signature selected by multivariate Cox regression in the Chinese cohort. (B) Nomogram score for predicting 1, 3, and 5 years OS of non-APL pediatric patients with AML in the Chinese cohort. (C) Fusion gene signature selected by multivariate Cox regression in the TARGET cohort. (D) Nomogram score for predicting 1, 3, and 5 years OS of non-APL pediatric patients with AML in the TARGET cohort.


[image: Figure 10]

FIGURE 10
 The predictive efficiency of the nomogram score in the Chinese cohort and the TARGET cohort. Kaplan–Meier curves (A), ROC curves (B), and Calibration curves (C) of OS in the Chinese cohort. Kaplan–Meier curves (D), ROC curves (E), and Calibration curves (F) of OS in the TARGET cohort. (G) The C-index of the nomogram score in the whole cohort, the Chinese cohort, and the TARGET cohort.





4. Discussion

The treatment of childhood acute myeloid leukemia (AML) has made significant progress in recent decades, but the overall survival rate for children is still below 70%. With continuous improvement in diagnosis and treatment levels, the long-term survival rate of children has improved significantly. However, after the initial remission, the recurrence rate is still 15%–20% (4). In relation to disease progression, recurrence, or death, prognostic biomarkers have the potential to offer valuable insights into the likely outcome of cancer. This knowledge could significantly assist in patient stratification, treatment administration, and disease monitoring within clinical practice, consequently enhancing patient prognosis.

In this study, we retrospectively analyzed the clinical data from 502 patients with non-APL pediatric AML from our hospital and the TARGET database. In the Chinese cohort, the statistical results showed that the prevalence (63.74%) in males is higher than in females, which is in line with the relevant literature (28). In this study, first, we screened out 11 survival-related factors using univariate Cox analysis, most of which are potential risk factors (7 out of 11) that may contribute to the development of AML. Gender and age are the prognostic factors affecting the prognosis of children with AML. Boys have a worse prognosis than girls; additionally, less than 1 year old or more than 10 years old is a poor prognostic factor (29). Although our study has no statistical significance on the correlation analysis of gender, age, and prognosis, considering the small sample size, the statistical analysis of large samples still needs to be further clarified.

Subsequently, we analyzed the factors related to OS in these patients using LASSO regression and multivariate Cox regression. We identified a scoring system based on CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10 that was significantly associated with the OS of patients with non-APL pediatric AML. This is consistent with the findings by Hornung et al. (30), who reported that the RUNX1::RUNX1T1 fusion is associated with a more favorable outcome compared with AML patients without fusion. In addition, Kadkol et al. (31) found that patients who express CBFβ-MYH11 fusion transcripts respond favorably to high-dose chemotherapy and are generally spared allogeneic bone marrow transplantation. These previous studies provide theoretical support for our use of CBFβ::MYH11 and RUNX1::RUNX1T1 for prognostic evaluation of OS. However, Ishikawa pointed out that the positivity of CBFβ::MYH11 and the positivity of RUNX1::RUNX1T1 were associated with poorer prognosis (32). Therefore, it is necessary to conduct in-depth mechanism exploration in future to help reveal the role of CBFβ::MYH11 and RUNX1::RUNX1T1 in AML progression and their association with prognosis. Recently, the findings by Zhang et al. (33) inferred that the concurrent AML might be attributed to the fusion mutation in the KMT2A::ELL gene, which further enhances the credibility of our results. Although the duplication of KMT2A is a rare molecular event in childhood leukemia, multiple case reports showed that patients with KMT2A::MLLT10 duplication remained in first complete remission with negative minimal residual disease at 3.5 years from diagnosis (34, 35). Constructing prognostic models with this cryptic translocation may shed more light on the management of AML.

Nomograms can provide more accurate predictions by being simple, easy to understand, and easy to use in clinical procedures (36, 37). There is limited data available on the nomogram for predicting the prognosis of pediatric acute myeloid leukemia patients using fusion genes and clinical factors. Therefore, we generated a nomogram that incorporates fusion genes and clinical characteristics as prognostic indicators, revealing the factors that affect survival. Kaplan–Meier survival analysis, ROC curve, and calibration curve were performed, and the results showed that the risk score of the nomograms could effectively predict OS of patients with non-APL pediatric patients with AML. This research provided the first evidence that the nomogram score, which included fusion genes and other clinical information, is a promising independent predictor of survival. To assess the generalizability of the nomogram score, we extended the nomogram score to various subgroups, and those nomogram scores still demonstrated high predictive power among populations of different genders and ages. Furthermore, we conducted validation in the Chinese cohort and the TARGET cohort, further confirming the accuracy of the model. The result of internal validation provided evidence supporting the usefulness of the nomogram score. The validation results show that the model has outstanding predictive ability for prognosis. Additionally, the findings from the artificial neural network analysis supported the results obtained through other analyses, further emphasizing the value of this scoring system in evaluating the prognosis of non-APL pediatric AML patients.

Using the method of generating a nomogram score for the whole cohort, we generated new nomogram scores for the Chinese cohort and the TARGET cohort, respectively. Interestingly, although the fusion genes involved were slightly different, the predictive abilities of the nomogram scores established by the Chinese cohort were similar to those of the nomogram scores established by the TARGET cohort, confirmed by Kaplan–Meier curves, ROC curves, and calibration curves. However, Liu et al. (38) found a substantially distinct genomic alteration profile by comprehensively comparing the Chinese cohort with the western AML cohort. In addition, this distinct driver profile is clinically relevant. Unlike the RNA-seq analysis in the study by Liu et al. (38), in this study, we analyzed nine fusion genes that co-exist in both the Chinese cohort and the TARGET cohort. These nine fusion genes are relatively common and are associated with prognosis. Therefore, the fusion genes screened in the Chinese cohort (CBFβ::MYH11, RUNX1::RUNX1T1, and KMT2A::ELL) are similar to those screened in the TARGET cohort (CBFβ::MYH11, RUNX1::RUNX1T1, KMT2A::ELL, and KMT2A::MLLT10). Due to the limited number of fusion genes included, the predictive ability of the model constructed by the Chinese cohort was similar to that of the model constructed by the TARGET cohort. Our findings not only demonstrate the high universality of nomogram scores generated using fusion genes but also expand the knowledge of fusion genes in the prognostic evaluation of AML patients. Moreover, these findings also prove that the nomogram score we generated is credible. Although the prognostic evaluation of these four fusion genes is widely known, our research, for the first time, integrated four fusion genes and incorporated clinical data to predict patients’ overall survival, which provides more data support for the use of fusion genes in prognostic assessment. Moreover, obtaining more fusion genes and mutation genes from AML patients through RNA-seq analysis will be more helpful in building more accurate predictive models for OS.

AML is a highly aggressive hematological malignancy with a poor prognosis. Therefore, prognostic prediction may contribute to better therapeutic response. Growing evidence has proposed the notion that fusion genes provide new insights into the mechanisms of molecular events implicated in AML. To the best of our knowledge, we first provide clear evidence supporting fusion genes in prognostic analysis for non-APL pediatric patients with AML using published data and the Chinese cohort, which provides a foundation for the development of future treatment strategies and targeted therapies for AML. Furthermore, our study provides a new model based on fusion genes for prognostic analysis of AML, which helps guide the development of treatment strategies and the implementation of personalized treatment. Notably, the strong predictive power of our model confirms the significance of fusion genes as vital factors in the prognosis analysis of AML. This serves as a foundation for integrating additional fusion genes into the prognosis analysis of AML.

However, there are several shortcomings in this study. First, we developed a nomogram score model to predict OS in non-APL pediatric patients with AML. However, this model has not been explored for predicting patient relapse and CR and MRD levels. Second, the mutation gene status is also not included, for example, FLT3-ITD, WT1, TET2, TP53, and CEBPA, which is highly related to chemotherapy resistance and clinical outcomes. Although our study has limitations, it still provides a reference value to adjust management strategies for the high-risk prevention and control of AML patients.



5. Conclusion

In conclusion, using the Chinese cohort and the TARGET cohort, we have established a nomogram scoring system based on fusion genes and clinical characteristics, which showed sufficient predictive power for the OS of non-APL pediatric patients with AML. Importantly, our data showed that this nomogram scoring system has sufficient predictive power. This scoring system could provide clinicians with useful information for managing measures and making individualized risk predictions of clinical events. This nomogram score helps identify patients with a poor prognosis and improve treatment strategies.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.



Ethics statement

The studies involving humans were approved by the Ethics Committee of the Children’s Hospital of Zhejiang University (Approval number: 2022-IRB-130). The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participants’ legal guardians/next of kin.



Author contributions

WW: Conceptualization, Data curation, Investigation, Resources, Supervision, Validation, Visualization, Writing – original draft. YC: Data curation, Investigation, Resources, Supervision, Validation, Visualization, Writing – original draft. YW: Data curation, Investigation, Resources, Supervision, Validation, Visualization, Writing – original draft. PY: Data curation, Investigation, Resources, Software, Validation, Visualization, Writing – original draft. XG: Data curation, Investigation, Resources, Validation, Visualization, Writing – original draft. JR: Data curation, Investigation, Resources, Validation, Visualization, Writing – original draft. HS: Data curation, Investigation, Methodology, Validation, Visualization, Writing – original draft. WX: Conceptualization, Investigation, Validation, Visualization, Writing – original draft. JZ: Data curation, Investigation, Visualization, Writing – original draft. XX: Conceptualization, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Visualization, Writing – review & editing. YT: Conceptualization, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Visualization, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was supported by grants from the National Natural Science Foundation of China (81770202), the Zhejiang Provincial Science and Technology Department (2019C03032), and the Natural Foundation of Zhejiang Province (LY20H080007).



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.



References

 1. Zeng, AGX, Bansal, S, Jin, L, Mitchell, A, Chen, WC, Abbas, HA , et al. A cellular hierarchy framework for understanding heterogeneity and predicting drug response in acute myeloid leukemia. Nat Med. (2022) 28:1212–23. doi: 10.1038/s41591-022-01819-x 

 2. Wen, XM, Xu, ZJ, Jin, Y, Xia, PH, Ma, JC, Qian, W , et al. Association analyses of TP53 mutation with prognosis, tumor mutational burden, and immunological features in acute myeloid leukemia. Front Immunol. (2021) 12:717527. doi: 10.3389/fimmu.2021.717527 

 3. Awada, H, Durmaz, A, Gurnari, C, Kishtagari, A, Meggendorfer, M, Kerr, CM , et al. Machine learning integrates genomic signatures for subclassification beyond primary and secondary acute myeloid leukemia. Blood. (2021) 138:1885–95. doi: 10.1182/blood.2020010603 

 4. Willier, S, Rothämel, P, Hastreiter, M, Wilhelm, J, Stenger, D, Blaeschke, F , et al. CLEC12A and CD33 coexpression as a preferential target for pediatric AML combinatorial immunotherapy. Blood. (2021) 137:1037–49. doi: 10.1182/blood.2020006921 

 5. Bednarski, JJ, Zimmerman, C, Berrien-Elliott, MM, Foltz, JA, Becker-Hapak, M, Neal, CC , et al. Donor memory-like NK cells persist and induce remissions in pediatric patients with relapsed AML after transplant. Blood. (2022) 139:1670–83. doi: 10.1182/blood.2021013972 

 6. Kapadia, B, Shetty, AC, Bollino, D, Bhandary, B, Lapidus, RG, Mahmood, K , et al. Translatome changes in acute myeloid leukemia cells post exposure to pegcrisantaspase and venetoclax. Exp Hematol. (2022) 108:55–63. doi: 10.1016/j.exphem.2022.01.006 

 7. Chen, Y, Wang, Y, Chen, W, Tan, Z, Song, Y, Chen, H , et al. Gene fusion detection and characterization in long-read cancer transcriptome sequencing data with FusionSeeker. Cancer Res. (2023) 83:28–33. doi: 10.1158/0008-5472.CAN-22-1628 

 8. Chen, X, Wang, F, Zhang, Y, Ma, X, Cao, P, Yuan, L , et al. Fusion gene map of acute leukemia revealed by transcriptome sequencing of a consecutive cohort of 1000 cases in a single center. Blood Cancer J. (2021) 11:112. doi: 10.1038/s41408-021-00504-5 

 9. Schnoeder, TM, Schwarzer, A, Jayavelu, AK, Hsu, CJ, Kirkpatrick, J, Döhner, K , et al. PLCG1 is required for AML1-ETO leukemia stem cell self-renewal. Blood. (2022) 139:1080–97. doi: 10.1182/blood.2021012778 

 10. Fu, L, Huang, W, Jing, Y, Jiang, M, Zhao, Y, Shi, J , et al. AML1-ETO triggers epigenetic activation of early growth response gene l, inducing apoptosis in t(8; 21) acute myeloid leukemia. FEBS J. (2014) 281:1123–31. doi: 10.1111/febs.12673 

 11. Opatz, S, Bamopoulos, SA, Metzeler, KH, Herold, T, Ksienzyk, B, Bräundl, K , et al. The clinical mutatome of core binding factor leukemia. Leukemia. (2020) 34:1553–62. doi: 10.1038/s41375-019-0697-0 

 12. Rowe, D, Cotterill, S, Ross, F, Bunyan, D, Vickers, S, Bryon, J , et al. Cytogenetically cryptic AML1–ETO and CBFβ–MYH11 gene rearrangements: incidence in 412 cases of acute myeloid leukaemia. Br J Haematol. (2000) 111:1051–6. doi: 10.1111/j.1365-2141.2000.02474.x 

 13. Schnittger, S, Weisser, M, Schoch, C, Hiddemann, W, Haferlach, T, and Kern, W. New score predicting for prognosis in PML-RARA+, AML1-ETO+, or CBFBMYH11+ acute myeloid leukemia based on quantification of fusion transcripts. Blood. (2003) 102:2746–55. doi: 10.1182/blood-2003-03-0880 

 14. Wang, R, Li, M, Bai, Y, Jiao, Y, and Qi, X. CALCRL gene is a suitable prognostic factor in AML/ETO+ AML patients. J Oncol. (2022) 2022:1–7. doi: 10.1155/2022/3024360

 15. Xu, X-J, Tang, Y-M, Song, H, Yang, S-L, Shi, S-W, and Wei, J. Long-term outcome of childhood acute myeloid leukemia in a developing country: experience from a children’s hospital in China. Leuk Lymphoma. (2010) 51:2262–9. doi: 10.3109/10428194.2010.518653 

 16. Bruneau, J, and Molina, TJ. WHO classification of tumors of hematopoietic and lymphoid tissues. Hema. (2020):501–5. doi: 10.1007/978-3-319-95309-0_3817

 17. Jia, M, Hu, BF, Xu, XJ, Zhang, JY, Li, SS, and Tang, YM. Clinical features and prognostic impact of TCF3-PBX1 in childhood acute lymphoblastic leukemia: a single-center retrospective study of 837 patients from China. Curr Probl Cancer. (2021) 45:100758. doi: 10.1016/j.currproblcancer.2021.100758 

 18. Shiba, N, Ichikawa, H, Taki, T, Park, MJ, Jo, A, Mitani, S , et al. NUP98-NSD1 gene fusion and its related gene expression signature are strongly associated with a poor prognosis in pediatric acute myeloid leukemia. Genes Chromosomes Cancer. (2013) 52:683–93. doi: 10.1002/gcc.22064 

 19. Matsuo, H, Iijima-Yamashita, Y, Yamada, M, Deguchi, T, Kiyokawa, N, Shimada, A , et al. Monitoring of fusion gene transcripts to predict relapse in pediatric acute myeloid leukemia. Pediatr Int. (2018) 60:41–6. doi: 10.1111/ped.13440 

 20. LaFiura, KM, Edwards, H, Taub, JW, Matherly, LH, Fontana, JA, Mohamed, AN , et al. Identification and characterization of novel AML1-ETO fusion transcripts in pediatric t(8, 21) acute myeloid leukemia: a report from the Children’s Oncology Group. Oncogene. (2008) 27:4933–42. doi: 10.1038/onc.2008.134 

 21. Chen, X, Wang, F, Zhang, Y, Wang, M, Tian, W, Teng, W , et al. Panoramic view of common fusion genes in a large cohort of Chinese de novo acute myeloid leukemia patients. Leuk Lymphoma. (2019) 60:1071–8. doi: 10.1080/10428194.2018.1516876 

 22. Zhang, T, Bao, X, Qiu, H, Tang, X, Han, Y, Fu, C , et al. Development of a nomogram for predicting the cumulative incidence of disease recurrence of AML after Allo-HSCT. Front Oncol. (2021) 11:732088. doi: 10.3389/fonc.2021.732088 

 23. Yang, Z, Shang, J, Li, N, Zhang, L, Tang, T, Tian, G , et al. Development and validation of a 10-gene prognostic signature for acute myeloid leukaemia. J Cell Mol Med. (2020) 24:4510–23. doi: 10.1111/jcmm.15109 

 24. Jiang, F, Yu, X, Wu, C, Wang, M, Wei, K, Wang, J , et al. A simple-to-use nomogram for predicting survival in children with acute myeloid leukemia. Biomed Res Int. (2021) 2021:1–8. doi: 10.1155/2021/7264623

 25. Wu, LX, Jiang, H, Chang, YJ, Zhou, YL, Wang, J, Wang, ZL , et al. Risk stratification of cytogenetically Normal acute myeloid leukemia with Biallelic CEBPA mutations based on a multi-gene panel and nomogram model. Front Oncol. (2021) 11:706935. doi: 10.3389/fonc.2021.706935 

 26. Mao, R, Hu, S, Zhang, Y, Du, F, Zhang, Y, Liu, Y , et al. Prognostic nomogram for childhood acute lymphoblastic leukemia: a comprehensive analysis of 673 patients. Front Oncol. (2020) 10:1673. doi: 10.3389/fonc.2020.01673 

 27. Wang, J, Zhuo, Z, Wang, Y, Yang, S, Chen, J, Wang, Y , et al. Identification and validation of a prognostic risk-scoring model based on ferroptosis-associated cluster in acute myeloid leukemia. Front Cell Dev Biol. (2021) 9:800267. doi: 10.3389/fcell.2021.800267

 28. Lustosa de Sousa, DW, de Almeida Ferreira, FV, Cavalcante Félix, FH, and de Oliveira Lopes, MV. Acute lymphoblastic leukemia in children and adolescents: prognostic factors and analysis of survival. Rev Bras Hematol Hemoter. (2015) 37:223–9. doi: 10.1016/j.bjhh.2015.03.009 

 29. Zheng, R, Peng, X, Zeng, H, Zhang, S, Chen, T, Wang, H , et al. Incidence, mortality and survival of childhood cancer in China during 2000–2010 period: a population-based study. Cancer Lett. (2015) 363:176–80. doi: 10.1016/j.canlet.2015.04.021 

 30. Hornung, R, Jurinovic, V, Batcha, AMN, Bamopoulos, SA, Rothenberg-Thurley, M, Amler, S , et al. Mediation analysis reveals common mechanisms of RUNX1 point mutations and RUNX1/RUNX1T1 fusions influencing survival of patients with acute myeloid leukemia. Sci Rep. (2018) 8:11293. doi: 10.1038/s41598-018-29593-2 

 31. Kadkol, SS, Bruno, A, Dodge, C, Lindgren, V, and Ravandi, F. Comprehensive analysis of CBFbeta-MYH11 fusion transcripts in acute myeloid leukemia by RT-PCR analysis. J Mol Diagn. (2004) 6:22–7. doi: 10.1016/S1525-1578(10)60487-4 

 32. Ishikawa, Y, Kawashima, N, Atsuta, Y, Sugiura, I, Sawa, M, Dobashi, N , et al. Prospective evaluation of prognostic impact of KIT mutations on acute myeloid leukemia with RUNX1-RUNX1T1 and CBFB-MYH11. Blood Adv. (2020) 4:66–75. doi: 10.1182/bloodadvances.2019000709 

 33. Zhang, S, Qiao, S, Han, W, Hu, R, Du, Z, Bai, J , et al. Acute lymphocytic leukemia with KMT2A-ELL fusion mutation in a patient with untreated chronic lymphocytic leukemia: a case report and literature review (2021). Available at: https://doi.org/10.21203/rs.3.rs-290097/v1

 34. Fukushima, H, Nanmoku, T, Hosaka, S, Yamaki, Y, Kiyokawa, N, Fukushima, T , et al. The partial duplication of the 5′ segment of KMT2A revealed KMT2A-MLLT10 rearrangement in a boy with acute myeloid leukemia. Case Rep Pediatr. (2017) 2017:6257494. doi: 10.1155/2017/6257494

 35. Ries, RE, Leonti, AR, Triche,TJ Jr, Gerbing, RB, Hirsch, BA, Raimondi, SC , et al. Structural variants involving MLLT10/AF10 are associated with adverse outcome in AML regardless of the partner gene-a COG/Tpaml study. Blood. (2019) 134:461. doi: 10.1182/blood-2019-125943

 36. Zhang, Y, Liu, L, Zhang, K, Su, R, Jia, H, Qian, L , et al. Nomograms combining clinical and imaging parameters to predict recurrence and disease-free survival after concurrent chemoradiotherapy in patients with locally advanced cervical cancer. Acad Radiol. (2023) 30:499–508. doi: 10.1016/j.acra.2022.08.002 

 37. Rajakannu, M, Cherqui, D, Cunha, AS, Castaing, D, Adam, R, and Vibert, E. Predictive nomograms for postoperative 90-day morbidity and mortality in patients undergoing liver resection for various hepatobiliary diseases. Surgery. (2023) 173:993–1000. doi: 10.1016/j.surg.2022.11.009 

 38. Liu, T, Rao, J, Hu, W, Cui, B, Cai, J, Liu, Y , et al. Distinct genomic landscape of Chinese pediatric acute myeloid leukemia impacts clinical risk classification. Nat Commun. (2022) 13:1640. doi: 10.1038/s41467-022-29336-y 



OPS/images/fmed-10-1258038-t003.jpg
Favorable
Risk, (%) Intermediate
Adverse
Yes
CRstatus at end of course 1, 1 (%)
No
20.1%
Day 16 MRD, 1 (%)
<0.1%

Yes
EFS, n (%)

MRD, measurable residual disease; CR, complete remission; EFS, event-free survival.

51(27.72)
29(15.76)
104(56.52)
153 (83.15)
31(16.85)
53 (28.80)
131(71.20)
136 (7391)

48 (26.09)

168 (52.83)
103 (3239)
47 (14.78)
255 (80.19)
63 (19.81)
103 (32:39)
215 (67.61)
162 (50.94)

146 (49.06)

219 (43.63)

132(2630)
151 (30.07)
351(69.92)
94 (30.08)
156 (31.08)
346 (68.92)
308 (61.36)

194 (38.64)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A scoring system based on fusion genes to predict treatment outcomes of the non-acute promyelocytic leukemia pediatric acute myeloid leukemia



		1. Introduction



		2. Materials and methods



		2.1. Patients and study design



		2.2. Molecular analysis



		2.3. Establishment of the predictive nomogram



		2.4. Statistical analyses









		3. Results



		3.1. Clinicopathological and genetic characteristics of non-APL pediatric patients with AML



		3.2. Development of the prognostic signatures for non-APL pediatric patients with AML



		3.3. Construction of the nomogram score



		3.4. Predictive value of the nomogram



		3.5. Subgroup-based predictive value of the nomogram



		3.6. Internal validation of the nomogram



		3.7. Construction and evaluation of artificial neural network prediction model



		3.8. The comparison of three models in prognostic prediction









		4. Discussion



		5. Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		References



















OPS/images/fmed-10-1258038-t002.jpg
Characteristics Chinese cohort TARGET cohort Whole cohort

(N =184) (N =318) (N =502)
CBEp:MYHI1, n (%) Yes 13(7.07) 63 (19.81) 76 (15.14)
No 171 (92.93) 255 (80.19) 426 (84.86)
RUNXI:RUNXITI, 1 (%) Yes 37 (20.11) 71(22.33) 108 (21.51)
No 147 (79.89) 247 (78.67) 394 (78.49)
NUP98:NSDI, n (%) Yes 2(1.09) 13 (4.09) 15 (2.99)
No 182(98.91) 305 (95.91) 487 (97.01)
NUP98:KDMSA, 1 (%) Yes 1(0549) 3(0.94) 4(0.80)
No 183 (99.46) 315 (99.06) 498 (99.20)
KMT24zMLLTL, n (%) Yes 1(054) 2(0.63) 3(0.60)
No 183 (99.46) 316(99.37) 499 (99.40)
KMT2ASELL, n (%) Yes 2(1.09) 5(157) 7(1.40)
No 182 (98.91) 313 (98.43) 495 (98.60)
KMT24zMLLT3, n (%) Yes 11(598) 13 (409) 24(4.78)
No 173 (94.02) 305 (95.91) 478 (95.22)
KMT24:MLLT10, 1 (%) Yes 6(3.26) 11(3.45) 17(339)
No 178 (96.74) 307 (96.55) 485 (96.61)
DEK:NUP214, 1 (%) Yes 2(1.09) 8(252) 10 (1.99)
No 182 (98.91) 310(97.48) 492 (98.01)

CBE:MYH11, core-binding factor subunit beta-myosin heavy chain 11; RUNX1:RUNXITI, RUNXI partner transcriptional co-repressor 1; NUP9S, nucleoporin 98; KMT2AENL(MLLTI),
MLLTI super elongation complex subunit; KMT24ELL, elongation factor for RNA polymerase Il; KMT2AzAF9(MLLT3), MLLTS super elongation complex subunit;
KMT2A=AFI0(MLLT10), MLLT10 histone lysine methyltransferase DOT1L cofactor; DEK=CAN, DEK proto-oncogene.





OPS/images/fmed-10-1258038-t004.jpg
Characteristics
CBFf:zMYH11

RUNXI:RUNXITI

KMT2A:ELL

KMT2A:MLLT3

Yes
No

Yes

vel

Points
-1.945
00

-1.047

2049

0.856





OPS/images/fmed-10-1258038-t001.jpg
Characteristics Chinese ~ TARGET

cohort cohort
(N=184) (N =318)

Gender, n (%)
Male 117(6359) | 190(59.75) 307 (61.16)
Female 67 (36.41) 128 (40.25) 195 (38.84)
Age, years, median (range) | 6 (3-11) 10(5-13) 9(-13)
WG count X071 1509(62- | 3935(1368- | 2697 (962
46.79) 88.25) 76.75)
PB blasts, %, median 36(8-58)  535(29-76.25) 465 (20-69.25)
BM blasts, % 61(41-78) | 745(51-88) 71 (48-86)
FAB type, n (%)
Mo 7(3.80) 00 7(139)
M1 2(1.09) 59(18.55) 61(12.15)
M2 53 (28.80) 95 (29.87) 148 (29.48)
M4 33(17.93) 95 (29.87) 128 (25.50)
Ms 85 (46.20) 49 (15.41) 134(26.70)
M6 1(0.54) 7/(220) 8(1.60)
M7 3(163) 13(4.09) 16(3.19)

WBC, white blood cell; PB, peripheral blood; BM, bone marrow.





OPS/images/fmed-10-1258038-g010.jpg
1.0

Survival rate
00 02 04 06 08

1.0

Survival rate

00 02 04 06 08

B [
Survival curve (p=7.731-07) 2 =
—— high K
— lowrisk | @
3 3
© g,
£3 23
3 3 x
83 £3
o [}
S
e AUt 1y00rs:0755 — o
— AU at3 yours: 0730 — sy
g —Casymors| S —
00 02 04 06 08 10 00 02 04 06 08 10
[ Timée (ye‘la 0 587 1-Speciilty Nomogram-predicted OS (%)
E 2
Survivl curve (p=1.6180-09) e e
——Tigh ik
— i | @ & ﬂ{ t/i
£ <
e 83
§<
33 £
<]
o o8
S — AUCat 1072 | O ——
— AUGat3 yoars: 0752 -
2 — Aatsyears073| O =
3 3
] 2 ] ] ] 0 00 02 04 06 08 10 G0 G2 04 66 08 10
Time (year) 1-Specificity Nomogram-predicted OS (%)

714 719 718

Whole  Chinese TARGET
cohort  cohort  cohort





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

A scoring system based on fusion
genes to predict treatment
outcomes of the non-acute

promyelocytic leukemia pediatric

acute myeloid leukemia












OPS/images/crossmark.jpg
(®) Check for updates







OPS/images/logo.jpg
’ frontiers Frontiers in Medicine






OPS/images/fmed-10-1258038-g005.jpg
Survival rate
00 02 04 06 08

1.0

Survival curve (p=1.11e-16)

Time (year)

— 0w risk - 2
o= highrisk | .
g 3
83
1
s
§3
o s
s e AUC at 1 years: 0.769 b} — 1-year
—AUC at 3 years: 0.743 —3-year
g = AUC at 5 years: 0.737 2 = 5-year
0 -} 4 6 8 10 0.0 02 04 086 08 10 00 02 04 06 08 10
1-Specificity Nomogram-predicted OS (%)





OPS/images/fmed-10-1258038-g006.jpg
Survival rate
00 02 04 06 08 1.0

1.0

Survival rate
00 02 04 06 08

Survival curve (p=4.863e-08)

Survival curve (p=7.997e-10)

Time (year)

S
@
o
)
83
L
go
P
«== high risk| e == high risk
— lOW risk o = OW risk
0 2 4 6 8 10 ° 2 4 6 8
Time (year) Time (year)
Survival curve (p=3.646e-07) N Survival curve (p=4.247e-11)
2
o
o
£o
83
24
2o
@
2]
wm=high risk = = high risk
— |OW risk o = |ow risk
S
0 2 4 6 8 10 2 4 6 8

Time (year)






OPS/images/fmed-10-1258038-g003.jpg
20 40 60 80 100

Points .

= [ B

Gender o
0

PB | L 80 400
FAB Cat Il
tegory s
WBC count* |
60 300 400 500
Risk™*
MB
R i 74 18 32 36 8
Total poi
012 PN 55280 300 320 340 360 380] 400 430 440 460 480
0447,
Pr(futime >5) 079 07 05 03 0714006
P(fuime>3) 553 5T
(5 67,95 03 016008

Pr( futime > 1) 09 08 07 06050403





OPS/images/fmed-10-1258038-g004.jpg
Risk score
05 1.0 1.5 20 25 30

OS (years)

75

50

25

0.0

@

Low Risk High risk
B 7
! &
-
o
E
g
5
@
[ 100 200 300 400 500 0 100 200 300 400 500
Patients (increasing risk socre) Patients (increasing risk socre)

D

46 p<2.20-16

[ IIHYIIFH\IFIH‘ \II“I!HIIII\IH‘ [

Risk group
| cerpaMyH1t
RUNX1:RUNXATH
KMT2A:ELL
KMT2A:MLLT10
Futime

Fustat

05 10 15
Risk score






OPS/images/fmed-10-1258038-g009.jpg
014
CBFRIMYHIT  (N=189) (0019~ 008 ——e—oi o048
033 i
RUNKIZRUNKITY (V=189 (0.153 0.79) —_— 0008
720
KMT2A:ELL (N=184) (1.747 - 30.43) | —— 0.006*
IR 002008 02 | 2 5102050
Tty )51
"z rato
Points [} ® 1w
Gender
B
Age
B
FAB Category
Risk™*
WBC count Low
780 290 300 400 500
Risk group*™* |
1 18 26
Total pints
Pr(fuime > 5) 320 340 30 380,400 420 440 460
. 0% 05 08,03 0750500750
Pr(fuime>3) 052088 08 05, 04 0150600150002
Pr(futime > 1) 092 088 08 06,,.04 0.150.060.0150.002

094 09 084 07

05 03

01003005

RUNXI:RUNXIT
KMTZAZELL

KMT2A:-MLLT10

028
(N=318) (0.13" 0.58)
040
N=318) (0.22- 0.75)
428
(N=318)(1.55 - 11.72)

384
(N=318) (1.90 - 7.76)

D
Points
FAB Category
PB
uB
WBC count*
Age
Gender
Risk*
Risk group™*

Total points
Pr(fuiime >5 )
Pr(fuime >3)
Pr(fuime > 1)

—_— <0001
—_— 0004
— o005
—_— oo
0102 051 2 5 10
Hazard rato
0o 60 8 10
1]

E

0 15 18 22 26 3

LI

09,08 07 0503 015 0060055002
R 08 08 0% TO%
0% 0% 0% 09 08 06 04 o2





OPS/images/fmed-10-1258038-g007.jpg
Sensitivity

04

08 10

08

02

00

B c
Survival curve (p=1.188e-05)
° o
e 2 l
s 3
e g 4
LB 83
] N
22 g
5o g 3
3
S i 3 —tyear
- e high risk. o
= AUC at 5 years: 0.711 o w— oW risk - —5-year
3 3
00 o0z ﬁgmmo;:{ 08 10 1 2 3 4 5 6 7 00 0z 04 06 08 10
Time (year) Nomogram-predicted OS (%)
E Survival curve (p=3.365e-10) F
] e v K
T
@ o
3 - |
£
2
$e 83 B
g H
s
$a <
§3 B
@ s
——AUC at 1 years: 0.738) N S e
— AUCat3yesrs:0Tad = high risk e
— AUC at 5 years: 0.731 o — low risk — 5-year
s 3
00 0z 04 06 08 10 00 02 04 06 08 10
1-Specificity 2 & 9 [ 49 Nomogram-predicted OS (%)

Time (year)





OPS/images/fmed-10-1258038-g008.jpg
Gender
Age

FAB Category
WBC count
BM

PB

Risk group
CBFB:MYH11

%m Alive
/ =

= ‘02 Dead

KMT2A:MLLT10

AUC: 0.811
> 95% CI: 0.770-0.848
00 02 04 06 08 10

1 - Specificity





OPS/images/fmed-10-1258038-g001.jpg
184 newly diagnosed non-APL
pediatric AML patients were
selected as Chinese cohort

An independent dataset containing 318
patients from TARGET database was
used as TARGET cohort

[ univariato cox anatysis |

¥

¥






OPS/images/fmed-10-1258038-g002.jpg
FAB Category
WBC count

PB
Risk group
CBFB:MYH11

Coefficients
-10 -05 00 05

1.0

pvalue  Hazard ratio

0003 1.151(1.050-1.262)
0001 1.002(1.001-1.004)
0,010 0.995(0.990-0.999)
0125 0.996(0.992-1.001)
<0.001 2.109(1.753-2.536)
<0.001 0.250(0.128-0.489)
<0.001 0.405(0.251-0.652)
0160 2.266(0.723-7.104)
<0.001 5.367(2.369-12.161)
0032 1.855(1.053-3.267)
KMT2A:MLLT10 <0001 2.695(1.495-4.856)

M 10 10 7 1
1
23
7-
- 5 -4 -3 -2

111111101010109996 41110

126

124

L

1

Partial Likelihood Deviance

120

0246 8 1012
Hazard ratio

CBFR:MYH11  (N=502) 0.22 (0.11-0.43)
RUNX1:RUNX1T1 (N=502) 0.36 (0.22 - 0.58)
KMT2AtELL  (N=502) 3.96 (1.74-9.01)

KMT2A:MLLT10 (N=502) 1.95 (1.08 - 3.54)

# Events: 169; Globalp-value (Log-Rank): 6.6145e~13
AIC: 1961.07; Concordance Index: 0.65

% 5 -4 -3
Log (A)

0102 051 2 5 10
Hazard ratio

<0.001

<0.001

0.001*

0027+





