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ABSTRACT 

Modern paediatric cancer management needs improved methods for forecasting patient outcomes to enable 

tailored risk grouping. However, research evaluating the effectiveness, makeup, and shortcomings of current 

prognostic tools remains limited. This study sought to evaluate the predictive performance of conventional and 

more sophisticated prognostic approaches. This systematic review and meta-analysis (registered as 

CRTN42022370251) involved a comprehensive literature search across PubMed, Embase, Scopus, and the 

Cochrane Library, completed on 28 June 2024. Eligible investigations examined the precision of prognostic 

indicators or algorithms in paediatric blood cancers, central nervous system (CNS) tumours, or non-CNS solid 

tumours (NCNSST). Three main model types were examined: those based on (1) clinical variables, (2) genomic 

and transcriptomic information, and (3) artificial intelligence (AI) techniques. Key endpoints included the area 

under the receiver operating characteristic curve (AUROC) with 95% confidence intervals (CI) for different 

overall survival (OS) periods and event-free survival (EFS). Study selection and data gathering were carried out 

independently by two teams. Analyses drew on published results and open-access repositories 

[CRTN42022370251]. From 12,982 screened records, 358 studies contributed to the meta-analysis and 27 to the 

systematic review, though information on AI methods was scarce. The largest body of evidence concerned 

NCNSST patients at the 5-year OS mark. Here, Category-1 models achieved a pooled AUROC of 0.75 (CI: 0.72–

0.79), which was significantly lower than Category-2 models at 0.85 (CI: 0.82–0.88) (p < 0.001). No significant 

difference emerged between Category-2 and Category-3 models (p = 0.2834; pooled AUROC 0.82, CI: 0.77–

0.88). Investigations relying on internal validation demonstrated markedly higher performance than those with 

external validation, underscoring elevated risk of bias (RoB) associated with internal approaches. The most 

frequent RoB concerns appeared in the outcome measurement and statistical analysis domains, evaluated via 

PROBAST and QUIPS tools. Incorporating Category-2 and Category-3 models into routine practice is 

recommended, particularly for NCNSST cases to support better risk classification. Although AI-based forecasting 

in childhood cancer is still developing, its capabilities warrant continued investigation. Achieving this will demand 

systematic collection and responsible sharing of high-quality data from sufficient numbers of paediatric oncology 

patients. 
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Introduction 

Paediatric cancers display varied biological features, causes, and disease progressions [1-3]. In wealthy nations, 

cure rates surpass 80% [4]; yet outcomes worsen considerably after adverse events (for instance, the 5-year 
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survival after relapse of acute lymphoblastic leukaemia reaches only 0.58 in Nordic data) [5]. This underscores 

the need to distinguish patients likely to follow different clinical paths [6]. The limited size of paediatric groups 

restricts robust scientific publications and reliable data for treatment choices. Globally, roughly 400,000 new 

paediatric cancer diagnoses occur annually [7]. 

These cancers fall into three primary groups according to tumour origin, each with distinct treatments, predictive 

instruments, and results. Haematological malignancies (HM) and CNS tumours are the most frequent. Non-CNS 

solid tumours (NCNSST) encompass many uncommon histological subtypes. Worldwide age-adjusted incidence 

for common leukaemias is 5.41 per 100,000, while brain tumours stand at 2.04 per 100,000—contrasting sharply 

with rarer types such as liver cancer at 0.19 per 100,000 [8]. Although uncommon, NCNSST remain important; 

for example, 2020 US figures showed 5-year OS below 70% for bone tumours, soft tissue sarcomas, and 

hepatoblastoma [9]. 

Even with recent therapeutic advances, individualised treatment planning and high-risk patient handling continue 

to pose difficulties, highlighting the value of clinical decision aids. Intensive multi-arm regimens are often 

necessary, yet inadequate initial risk assessment can result in overtreatment for some and disease advancement 

for others [10, 11]. 

In the past ten years, prognostic instruments in paediatric oncology have progressed from basic reliance on visible 

characteristics [12-14] toward incorporation of detailed molecular data through next-generation sequencing 

(NGS) [15-17], thereby refining risk grouping [18]. AI-supported methods hold potential for modelling intricate 

relationships among diverse data types and facilitating their integration [19, 20]. 

Nevertheless, absent previous meta-analyses, impartial data on the real-world effectiveness of these tools in 

paediatric oncology is missing. The purpose of this systematic review and meta-analysis was to deliver a thorough 

summary of prognostic modelling progress in childhood cancer, offering fresh understanding of how to build 

precise models and their practical consequences, ultimately supporting creation of stronger prognostic resources. 

Materials and Methods  

The investigation adhered to PRISMA 2020 standards [21] and Cochrane guidance [22]. The protocol was 

preregistered on PROSPERO (CRTN42022370251). Following the initial search, the analysis was modestly 

expanded beyond the original protocol to cover extra endpoints [23]. 

Eligibility criteria 

The PICO framework guided the clinical question [24]. Investigations involving paediatric cancer patients were 

accepted. Different prognostic strategies served as the intervention and comparator. Primary outcomes were 

AUROC values (with 95% CI) for 1-, 2-, 3-, and 5-year OS and EFS, plus 10-year OS, and non-time-specific 

OS/EFS predictions. Secondary outcomes included C-index statistics for OS, EFS, and cancer-specific survival. 

Included studies involved patients younger than 21 years (more than half, or mean/median age criterion) diagnosed 

with primary malignant tumours. Reports had to supply AUROC or C-index measures of prognostic model or 

marker performance, along with supporting statistics (SE, SD, 95% CI, sensitivity, specificity, predictive values, 

or case counts). When training and validation cohorts were analysed, data from the validation set were required. 

Further details appear in Supplementary Methods S3. 

Information sources 

Searches were executed in Embase, MEDLINE/PubMed, Cochrane CENTRAL, and Scopus on 22 November 

2022. Backward citation screening of included articles was performed on 7 June 2023 using a reference tool [25]. 

An update search was completed on 28 June 2024. No language filters were used. 

Search strategy 

The query strategy merged four core domains: paediatric, cancer, prognosis, and accuracy. 

Data extraction 

Two independent teams (P.V. and T.K.+Sz.K.D.) extracted information, with discrepancies settled by the 

corresponding author (E.T.). Data were recorded in an Excel file (Microsoft Office 365). Prognostic elements and 

models were grouped into categories. Category-1 relied on standard clinical and basic genetic variables; Category-
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2 employed NGS-derived genomic-transcriptomic data. Category-3 integrated clinical and NGS information but 

applied machine-learning and AI techniques to select optimal variables. Category-0 was introduced for weakly 

predictive single factors reported in studies for comparative purposes. Screening and selection processes are 

detailed in Supplementary Methods S1. 

Study risk of bias assessment 

Two teams (P.V. and Á.T.+G.M.) independently judged risk of bias. QUIPS was applied to single-factor studies 

[26], while PROBAST was used for multi-variable prognostic models [27]. Disagreements were resolved through 

discussion with the corresponding author (E.T.). 

Synthesis methods 

Analyses were conducted in R version 4.1.2 [28]. Statistical significance was set at p < 0.05. Given the high 

volume of tests, some false-positive findings may exist; smaller p-values reduce this likelihood. AUROC values 

were analysed separately by time horizon. Standard deviations were derived from reported CIs or estimated via 

Hanley and McNeil’s method [29] using survival curves and patient counts when necessary. Results were 

displayed in forest plots. 

C-index values were meta-analysed following Debray et al. [30]. Publication bias was examined with funnel plots. 

Conventional heterogeneity metrics were computed in selected instances (details in Supplementary Methods S4). 

Studies were grouped mainly by tumour type (HM, CNST, NCNSST) and model category. Subgroup analyses 

addressed validation method (internal/external/composite) and inclusion of treatment response as a predictor. 

Public datasets for neuroblastoma [31-33] and osteosarcoma [31, 34-37] were compared internally and against 

other sources. 

Role of the funding source 

No external funding supported this work. M.O., T.K., Sz.K.D., and V.P. had full data access and responsibility 

for submission decisions. 

Results and Discussion 

The systematic searches identified 10,870 relevant records from the four databases, plus 7,986 from reference lists 

and 1,252 from the update. In total, 385 articles qualified: 358 (including 92 from the update) entered the meta-

analysis, and 27 additional studies were included in the systematic review (Figure 1). 

 
Figure 1. PRISMA diagram illustrating the study selection procedure. 
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The majority (379) of the selected investigations were retrospective cohort designs, supplemented by 5 

prospective cohort studies and 1 cross-sectional study. These publications spanned the years 1991 to 2024. 

Contributions came from multiple geographic areas, with the greatest share (73.25%) originating from China. 

Among the included papers, 272 primarily addressed prognosis in NCNSST, while 81 focused on HM and 32 on 

CNST. Within the meta-analysis subset, Category-2 approaches were most common (168 studies), followed by 

Category-1 (145 studies), and Category-3 with notably fewer reports (only 45 studies). The distribution of studies 

added during the updated search closely mirrored the original set with regard to both model categories and tumour 

types. 

Regarding NCNSST, pooled AUROC (pAUROC) estimates for 1-year OS remained comparable across model 

types: 0.8 (CI: 0.75–0.85) for Category-1, 0.85 (CI: 0.80–0.91) for Category-2, and 0.81 (CI: 0.74–0.88) for 

Category-3. No statistically meaningful differences were detected between categories (Category-1 vs. -2: p = 

0.169; Category-1 vs. -3: p = 0.831; Category-2 vs. -3: p = 0.245). At the 2-year interval, Category-2 models 

performed strongly with a pAUROC of 0.80 (CI: 0.72–0.89). Category-3 models declined slightly to 0.76 (CI: 

0.64–0.88), yet the comparison did not reach significance (p = 0.659). 

Beyond 3 years, Category-1 performance fell to 0.77 (CI: 0.73–0.80), while Category-2 sustained a strong 

pAUROC of 0.84 (CI: 0.81–0.86). Category-3 yielded 0.77 (CI: 0.73–0.80). A significant advantage was observed 

only between Categories 1 and 2 (p = 0.035), favouring the latter (Category-1 vs. -3: p = 0.552; Category-2 vs. -

3: p = 0.061). 

For 5-year OS predictions — regarded as the benchmark outcome in paediatric cancer prognosis and therefore 

featured as the primary forest plot in the main document (Figure 2) — Category-2 demonstrated solid results with 

a pAUROC of 0.85 (CI: 0.82–0.88). Category-3 achieved 0.82 (CI: 0.77–0.88), while Category-1 dropped to 0.75 

(CI: 0.72–0.79). As seen at 3 years, a clear statistical difference existed between Category-1 and Category-2 (p < 

0.001), again favouring Category-2. Category-3 models showed nearly significant superiority over Category-1 (p 

= 0.0511). Category-2 models continued to exhibit strong performance even at the 10-year time point (pAUROC: 

0.79, CI: 0.74–0.85). 
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Figure 2. Forest plot displaying area under the receiver operating characteristic curve (AUROC) estimates 

along with their 95% confidence intervals (CI) for forecasting 5-year overall survival among paediatric cases 

involving non-CNS solid tumours, blood cancers, and CNS tumours, grouped according to the three 

prognostic model types. 

1, 2, 3 I-internal validation, E-external validation, C-composite validation. 

Analysis of how well the models performed for haematological malignancies (HM) was restricted due to scarce 

available information. Regarding 1-year OS, pooling was possible exclusively with Category-2 publications, 



Ben Youssef et al., Progression of Prognostic Prediction in Pediatric Cancer from Conventional Factors to Artificial 

Intelligence: A Systematic Review and Meta-Analysis 

 

 

260 

producing a pAUROC of 0.71 (CI: 0.63–0.79). For 3-year OS, outcomes from Category-1 and Category-2 were 

closely aligned, recording pAUROC figures of 0.73 (CI: 0.69–0.77) and 0.75 (CI: 0.67–0.82), respectively 

(Category-1 vs Category-2: p = 0.824). Turning to the 5-year timeframe shown in Figure 2, Category-1 recorded 

a pAUROC of 0.76 (CI: 0.69–0.83) compared with 0.74 (CI: 0.71–0.77) for Category-2 (Category-1 vs Category-

2: p = 0.562). 

For central nervous system tumours (CNST), adequate data for 1-year OS estimation was limited to Category-2 

studies, which delivered a strong pAUROC of 0.8 (CI: 0.71–0.88). Assessments covering both Category-1 and 

Category-2 were feasible for the 3-year and 5-year OS endpoints. Category-1 achieved pAUROC values of 0.74 

(CI: 0.71–0.77) at 3 years and 0.75 (CI: 0.72–0.78) at 5 years. Category-2, however, showed lower performance 

with 0.69 (CI: 0.63–0.76) at 3 years and 0.64 (CI: 0.63–0.65) at 5 years. The comparison between Category-1 and 

Category-2 for 3-year OS was not significant (p = 0.282), whereas the difference proved statistically meaningful 

for 5-year OS (p = 0.0141) (Figure 3a). 

 
a) 

 
b) 

Figure 3. Consolidated forest plot illustrating the precision of the three prognostic model groups (1, 2, 3) in 

estimating 1-, 2-, 3-, 5-, and 10-year overall survival rates for paediatric oncology patients diagnosed with 

haematological malignancies, non-CNS solid tumours, or CNS tumours. 

a) Core evaluation stratified according to tumour group and model classification. 
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b) Additional subgroup evaluation that accounts for the type of validation performed and whether therapy 

response was included as a predictive variable. 

 

AUC= area under the receiver operating characteristic curve. N= count of studies within each group. N (AUC)= 

count of AUC measurements within each group. CI= confidence interval. OS= overall survival. var.= variable. 

I=internal validation. E= external validation. C= composite validation. Non-CNS= non-central nervous system 

solid tumours. Hemat= haematological malignancies. CNS= central nervous system tumours. White= Category-

1. Red= Category-2. Green= Category-3. 

A clear statistically meaningful distinction appeared in the performance of Category-2 models when predicting 1-

year OS, with NCNSST outperforming HM (NCNSST vs HM: p = 0.046). Category-2 approaches also 

demonstrated substantially stronger predictive capability for 5-year OS in NCNSST patients compared with those 

having CNST (NCNSST vs CNST: p = 0.003).Further subgroup examinations divided the data beyond model 

categories to include validation strategy (internal, external, or composite) and the incorporation of treatment 

outcome as a prognostic element (yes or no). Within CNST patients, direct contrasts were feasible solely between 

the 2-no-I and 2-no-E subsets, yet these yielded no notable disparities at any examined interval (1-year OS: p = 

0.691; 3-year OS: p = 0.694; 5-year OS: p = 0.556) (Figure 4a). In HM cases, likewise, neither model category 

nor validation approach produced any significant distinctions among the subgroups (for 3-year OS: 1-no-I vs 2-

no-I, p = 0.501 and 2-no-I vs 2-no-E, p = 0.520; for 5-year OS: 1-no-I vs 2-no-I, p = 0.995 and 2-no-I vs 2-no-E, 

p = 0.448) (Figure 4b). 

 
a) 

 
b) 

Figure 4. a) Area under the receiver operating characteristic curve (AUC) estimates with 95% confidence 

intervals (CI) for 5-year overall survival prediction in children diagnosed with central nervous system (CNS) 

tumours. I = internal validation, E = external validation, C = composite validation. 

b) Area under the receiver operating characteristic curve (AUC) estimates with 95% confidence intervals (CI) 

for 5-year overall survival prediction in children with haematological malignancies. I = internal validation, E 

= external validation, C = composite validation. 
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For non-CNS solid tumours (NCNSST), available information was too limited to allow reliable comparisons at 

the 10-year OS mark. Nevertheless, clear statistical advantages emerged for 3-year and 5-year OS predictions 

when contrasting the 2-no-I subgroup against the 1-no-I subgroup (p < 0.001 for both time points), with superior 

results from the former. A comparable benefit was detected between the 2-no-I and 2-no-C subgroups specifically 

for 3-year OS forecasting (p = 0.0074). In addition, for 3-year and 5-year OS predictions displayed in Figure 5, 

analogous significant improvements were noted when comparing 2-no-I against 2-no-E subgroups (p < 0.001 in 

both cases). 

 
Figure 5. Plot displaying area under the receiver operating characteristic curve (AUC) figures with 

accompanying 95% confidence intervals (CI) for the prediction of 5-year overall survival in paediatric cases 
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of non-central nervous system (non-CNS) tumours. I-internal validation, E-external validation, C-composite 

validation. 

Comparisons between the 1-yes-I and 1-no-I subgroups — differentiated solely by the presence or absence of 

treatment response information as a predictor — revealed no notable variations for either 3-year OS (p = 0.479) 

or 5-year OS (p = 0.276). In contrast, a clear statistical distinction surfaced in 2-year OS forecasting that involved 

both the model category and the validation method applied (specifically, 2-no-E versus 3-no-E: p = 0.031; and 2-

no-E versus 2-no-I: p < 0.001). Across the remaining subgroup analyses, Categories 2 and 3 showed no significant 

performance gaps (1-year OS: 2-no-I vs 3-no-I, p = 0.983; 3-year OS: 2-no-E vs 3-no-E, p = 0.126 and 2-no-I vs 

3-no-I, p = 0.617; 5-year OS: 2-no-E vs 3-no-E, p = 0.2997 and 2-no-I vs 3-no-I, p = 0.353) (Figure 3b).Turning 

to NCNSST patients, pooled estimates from Category-2 models for 1-year event-free survival (EFS) produced a 

pAUROC of 0.70 (CI: 0.60–0.80). Data for 3-year EFS permitted analysis of both Category-1 (pAUROC 0.69, 

CI: 0.66–0.73) and Category-2 (pAUROC 0.76, CI: 0.72–0.80), though the difference between them did not reach 

statistical significance (p = 0.065). Similarly, 5-year EFS results were close between Category-1 (pAUROC 0.74, 

CI: 0.68–0.80) and Category-2 (pAUROC 0.77, CI: 0.74–0.81), with no significant divergence (p = 0.32). For 

haematological malignancies (HM), Category-2 models achieved a pAUROC of 0.73 (CI: 0.68–0.79) when 

predicting 1-year EFS. At the 2-year EFS mark, Category-1 recorded 0.67 (CI: 0.52–0.82) while Category-2 

reached 0.77 (CI: 0.71–0.82); the comparison was not significant (p = 0.302). Only Category-1 data were present 

for 5-year EFS in HM, yielding a pAUROC of 0.77 (CI: 0.66–0.88) (Figure 6a). 

 
a) 

 
b) 

Figure 6. Consolidated forest plot presenting the predictive capability of the three prognostic model groups 

(1, 2, 3) for 1-, 2-, 3-, and 5-year event-free survival in paediatric cancer patients diagnosed with either 

haematological malignancies or non-central nervous system solid tumours. 

a) Main evaluation divided by tumour category and model classification. 

b) Additional subgroup evaluation that includes validation strategy and whether treatment results served as a 

prognostic element. 
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AUC= area under the receiver operating characteristic curve. N= number of articles in a certain group. N 

(AUC)= number of AUC values in a certain group. CI= confidence interval. EFS= event-free survival. var.= 

variable. I= internal validation. E= external validation. C= composite validation. Non-CNS= non-central 

nervous system solid tumours. Hemat= haematological malignancies. White= Category-1. Red= Category-2. 

Green= Category-3. 

Substantially fewer records were accessible in the various subgroups for these particular endpoints, making it 

impossible to perform any informative statistical tests. A minor variation stood out in the 2-no-E subset for 

NCNSST cases, in which the pAUROC for 1-year EFS prediction stood at 0.74 (CI: 0.54–0.95) — lower than the 

figures obtained for 3-year EFS at 0.77 (CI: 0.69–0.85) and 5-year EFS at 0.77 (CI: 0.73–0.81) (Figure 6b). 

In the analysis of non-time-dependent overall survival for NCNSST patients, models from Category-3 led the way 

with a pAUROC of 0.85 (CI: 0.83–0.87). Category-1 and Category-2 delivered nearly equivalent results of 0.76 

(CI: 0.71–0.81) and 0.78 (CI: 0.73–0.83), respectively (Category-1 vs -2: p = 0.578). However, both were 

surpassed in a statistically meaningful manner by Category-3 (Category-1 vs -3: p = 0.014; Category-2 vs -3: p = 

0.035). For HM, the two categories performed on a similar level, recording pAUROC values of 0.74 (CI: 0.64–

0.84) for Category-1 and 0.72 (CI: 0.67–0.77) for Category-2 (Category-1 vs -2: p = 0.805). 

Shifting focus to event-free survival in the NCNSST population, information covered all model categories and 

produced closely matching outcomes: 0.77 (CI: 0.74–0.81) for Category-1, 0.81 (CI: 0.74–0.89) for Category-2, 

and 0.78 (CI: 0.75–0.82) for Category-3 (Category-1 vs -2: p = 0.377; Category-1 vs -3: p = 0.715). In HM 

patients, Category-1 achieved a pAUROC of 0.81 (CI: 0.74–0.88) compared with 0.78 (CI: 0.74–0.81) for 

Category-2 (p = 0.454) (Figure 7a). 

 
a) 

 
b) 

Figure 7. Overview forest plot highlighting the effectiveness of the three prognostic model classes (1, 2, 3) 

when estimating overall survival and event-free survival in paediatric oncology patients affected by 

haematological malignancies or non-central nervous system solid tumours. 
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a) Core evaluation organized by tumour category and model type. 

b) Extended subgroup evaluation that factors in the validation technique and the role of treatment outcome as 

a predictive element. 

AUC= area under the receiver operating characteristic curve. N= number of articles in a certain group. N (AUC)= 

number of AUC values in a certain group. CI= confidence interval. OS= overall survival. EFS= event-free 

survival. var.= variable. I= internal validation. E= external validation. C= composite validation. Non-CNS= non-

central nervous system solid tumours. Hemat= haematological malignancies. White= Category-1. Red= Category-

2. Green= Category-3. 

Limited data on non-time-dependent event-free survival restricted the subgroup analysis to a single feasible 

comparison, which did not demonstrate any meaningful distinction (1-no-I vs 1-no-C: p = 0.62). For overall 

survival forecasting, the 2-no-E and 3-no-E subgroups showed no significant separation (p = 0.063), mirroring 

the results from time-dependent assessments. A visible though non-significant pattern favoured Category-1 over 

Category-2 for OS prediction in both HM and NCNSST cohorts. In HM cases, Category-1 tended to yield stronger 

outcomes relative to Category-2 (1-no-C vs 2-no-C: p = 0.339), while a parallel non-significant trend was noted 

in NCNSST patients (1-no-C vs 2-no-C: p = 0.345) (Figure 7b).Serving as an additional endpoint, the 

concordance index supplies extra detail on the reliability of predictions for overall survival (OS), event-free 

survival (EFS), and cancer-specific survival (CSS). Among NCNSST patients, all model categories delivered 

solid OS performance. Category-3 stood out with a pooled C-index (pC-index) of 0.81 (CI: 0.74–0.80), surpassing 

Category-1 at 0.74 (CI: 0.71–0.76) and Category-2 at 0.77 (CI: 0.74–0.80). OS estimates for HM and CNST were 

largely based on Category-1 models, producing pC-index figures of 0.73 (CI: 0.68–0.78) for HM and 0.69 (CI: 

0.63–0.75) for CNST. Category-2 models were also applied to OS in HM, resulting in a pC-index of 0.71 (CI: 

0.64–0.78). For EFS in NCNSST, Category-1 models generated a pC-index of 0.75 (CI: 0.68–0.80). In HM, 

Category-1 reached 0.67 (CI: 0.63–0.71) while Category-2 performed better at 0.74 (CI: 0.67–0.80). CSS 

prediction via Category-1 models in NCNSST patients achieved a pC-index of 0.76 (CI: 0.71–0.79) (Figure 8a). 

 
a) 
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b) 

Figure 8. Consolidated forest plot illustrating the performance of the three model types (1, 2, 3) for 

predicting overall survival, event-free survival, and cancer-specific survival in paediatric cancer patients with 

haematological malignancies, non-central nervous system solid tumours, or central nervous system tumours. 

a) Primary analysis stratified by tumour type and model category. 

b) Subgroup analysis incorporating validation method and inclusion of treatment outcome as a prognostic 

variable. 

C-index: concordance index. N: number of articles in a certain group. N (C-index): number of C-index values in 

a certain group. CI: confidence interval. OS: overall survival. EFS: event-free survival. CSS: cancer-specific 

survival. var.: variable. I: internal validation. E: external validation. C: composite validation. Non-CNS: non-

central nervous system solid tumours. Hemat: haematological malignancies. CNS: central nervous system 

tumours. White: Category-1. Red: Category-2. Green: Category-3. 

Due to insufficient data, no comparisons could be performed for cancer-specific survival (CSS). For event-free 

survival, only one comparison was possible and it showed no statistical significance (NCNSST patients: 1-no-C 

vs 1-no-I, p = 0.277). 

In the subgroup analysis, overall survival was the most frequently reported outcome measured by C-index. No 

statistically significant difference was found between Category-1 (1-no-E) and Category-2 (2-no-E) models in 

NCNSST patients; in fact, Category-2 performed slightly worse (pC-index 0.81, CI: 0.75–0.94 vs 0.74, CI: 0.68–

0.80; p = 0.1916). The previously observed strong effect of validation type was not evident here. External 

validation studies using Category-1 models tended to outperform those with internal validation (1-no-I vs 1-no-

E: pC-index 0.72, CI: 0.69–0.76 vs 0.81, CI: 0.75–0.94; p = 0.11). When assessing the impact of including therapy 

response as a prognostic factor, its incorporation yielded modestly improved results, although the difference did 

not reach statistical significance (1-no-I vs 1-yes-I: pC-index 0.72, CI: 0.69–0.76 vs 0.75, CI: 0.72–0.76; p = 

0.059). For HM, enough studies allowed comparison of validation types, but no significant difference emerged 

(1-no-E vs 1-no-I: p = 0.5553) (Figure 8b). 

The risk of bias (RoB) evaluation indicated low risk in the participant selection and outcome domains thanks to 

strict eligibility standards. In contrast, high RoB was common in the predictor and analysis domains, primarily 

stemming from problematic variable selection, reliance on univariable methods, and the frequent use of internal 

validation. 

Results concerning Category-0, specific training/validation dataset pair comparisons, and studies included only in 

the systematic review are provided in the Supplementary Results. 

This work represents the initial Level II evidence [38] regarding the accuracy of prognostic tools in paediatric 

oncology. It synthesised data from 385 investigations covering short-, intermediate-, and long-term survival as 

well as different adverse events. Superior performance of more advanced Category-2 and Category-3 models was 

evident for 5-year OS in NCNSST patients (Category-1 vs -2: p < 0.001; Category-1 vs -3: p = 0.0511). Category-

3 models proved most effective for non-time-dependent OS (Category-1 vs -3: p = 0.014; Category-2 vs -3: p = 

0.035). The substantial influence of validation strategy was confirmed through direct comparisons of internal 

versus external validation (3- and 5-year OS: 2-no-I vs 2-no-E, p < 0.001 for both). 
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Advances in biological knowledge through genetic and molecular profiling have enhanced tumour classification, 

outcome forecasting, and risk grouping [39]. This progress is reflected in the literature, where 161 included studies 

employed contemporary Category-2 or -3 approaches. Traditional Category-1 models with solid statistical 

foundations existed prior to 2000, with the oldest qualifying publications dating to the 1990s. Publication numbers 

surged after 2020, during which Category-2 studies became dominant (56.5% of 184 studies from the 2020s) 

alongside wider adoption of NGS. Category-1 remains widely used, accounting for nearly half (45.45%) of its 

articles published after 2020. Category-3 has shown limited growth over time. Although such studies first 

appeared in 2004, only 50 articles in total (45 in the meta-analysis and 5 in the systematic review) utilised AI 

methods. 

Model development has evolved rapidly from Category-0 to Category-3. Next-generation techniques involving 

NGS (featured in both Category-2 and -3) evaluate hundreds of variables, far exceeding the limited factors 

considered in conventional clinical models (Category-1). Authors often began with standard prognostic elements, 

using them as benchmarks against their own developed systems (classified as Category-0). These basic factors 

generally underperformed compared with dedicated models (data not shown). Nevertheless, established clinical 

scoring systems retain their value as a reliable basis for paediatric cancer management [40]. Category-1 models 

incorporating pathological features (such as histology or stage) or radiomic data performed especially strongly. 

For non-time-dependent OS in HM, Category-1 even surpassed Category-2. Given the higher frequency of HM 

[8], Category-1 approaches in this area are mature and utilise more refined predictors. Most studies fell under 

Category-2, where models typically combined thousands of genes or RNA profiles with clinical variables or 

staging information, producing more precise and holistic tools. Category-3 models, which merge clinical, 

biomarker, and genomic-transcriptomic information through AI, were rarer but achieved performance comparable 

to Category-2. 

The low incidence of paediatric cancers [7] and consequent data scarcity represent key barriers to building reliable 

prognostic tools. Prioritising data enrichment for rarer NCNSST subtypes [20, 41] focused on OS prediction 

appears strategic. In contrast to HM, where survival rates are generally higher [5], EFS serves as a more suitable 

target as it reflects both survival and quality of life. Across short-, mid-, and long-term horizons in NCNSST, all 

model categories performed well for 1-year OS, but divergence appeared at 3 and 5 years as Category-1 accuracy 

declined. This pattern was absent in HM, though results must be interpreted cautiously due to validation-related 

bias. Category-1 models may appear advantageous in HM for both OS and EFS, yet most were internally 

validated, inflating performance relative to the predominantly externally validated advanced models. External 

validation on independent cohorts remains the recommended standard, as supported by this meta-analysis. 

Advanced models have shown particular strength in NCNSST prognosis, especially for OS — the established 

benchmark in oncology. Accurate risk stratification based on this endpoint is vital for tailoring intensive therapies 

[10, 11]. Significant superiority of Category-2 and Category-3 models was confirmed for 5-year OS, with 

Category-3 excelling in non-time-dependent predictions. However, the June 2024 update search identified 30 

additional Category-1 studies published in the last 1.5 years, even for NCNSST OS forecasting. These findings 

support broader adoption of NGS-based (Category-2 or -3) approaches when feasible. Although AI models using 

extensive sequencing data show promise for superior accuracy, the current evidence base remains limited (168 

Category-2 vs 45 Category-3 studies in the meta-analysis). Notably, HM research using Category-2 models has 

expanded rapidly (10 new articles added to the prior 17 between 2022 and 2024). These models, while not 

statistically superior, tended to predict EFS more accurately than OS. No Category-3 studies have yet addressed 

this tumour group. Given growing recognition of EFS as a valid surrogate in several HM [42-44], prioritising 

Category-3 evaluation in this setting is strongly advised. 

Data handling and variable selection are equally critical as the choice of predictors themselves. Common practices 

such as univariate followed by multivariate Cox regression can introduce bias by overlooking inter-variable 

relationships. This underscores the value of alternative statistical techniques. Internally validated models 

consistently outperformed externally validated ones, highlighting generalisability issues. Including treatment 

outcome as a predictor showed a positive but non-significant trend due to its infrequent application. 

High-quality, standardised biobanks are essential for advancing research and individualised care, yet they remain 

underused and poorly harmonised, particularly for paediatric populations [41, 45]. Public resources such as 

TARGET and SEER have proven invaluable for robust model development. Greater international collaboration 

on data sharing is needed to create large, high-quality repositories suitable for training AI systems. When paired 

with proper validation, modern models deliver enhanced clinical utility [46, 47]. 
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This review incorporated a broad array of studies and endpoints for comprehensive coverage, including recent 

cutting-edge research. Multiple subgroups were examined to mitigate heterogeneity and bias. The methodology 

followed established standards, and most studies drew on transparent, quality-controlled public datasets. 

Several analytical challenges were addressed, including estimation of missing standard errors for AUROC and C-

index values from available information. Persistent moderate-to-high RoB across studies represents a limitation. 

Rigorous quality measures and transparent bias reporting were maintained. The lack of tumour-specific 

breakdowns introduces heterogeneity that may obscure subtype-specific patterns better revealed through finer 

subgroup analyses. 

The findings highlight the enhanced predictive strength of genomic-transcriptomic and especially AI-supported 

models for NCNSST. Subgroup results confirmed important accuracy differences related to validation type, with 

internal validation producing optimistically biased estimates. Although AI methods are not yet standard in clinical 

workflows, they appear capable of matching or complementing NGS-based approaches in paediatric cancer 

forecasting. This emphasises the urgent need for systematic, ethical data collection and sharing to overcome 

current limitations, highlighting the value of well-curated paediatric cancer registries and biobanks. 

Conclusion 

In summary, while this systematic review and meta-analysis cannot offer conclusive guidance for every individual 

tumour type, it constitutes the most comprehensive and current synthesis in the domain. It delivers important 

observations and practical recommendations to guide subsequent research. 
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