Articles

Check for
updates

From simple factors to artificial intelligence: evolution of
prognosis prediction in childhood cancer: a systematic review
and meta-analysis

Petra Vargc(,“’b Mahmoud Obeidat,® Vanda Mdté® Tamds Kéi,*® Szilvia Kiss-Dala,® Gréta Szilvia I\/Iajor,a"’ Agnes Eszter Timar,*° Ximeng Li,®
Addm Szildgyi,* Zséfia Cski® Marie Anne Engh,* Miklés Garami,* Péter Hegyi,a’e’f Ibolya Tdri,"? and Eszter Tubolya’h"f‘ oa

®Centre for Translational Medicine, Semmelweis University, Budapest, Hungary

PHeim P4l National Pediatric Institute, Budapest, Hungary

“Pediatric Center, Semmelweis University, Budapest, Hungary

dDepartment of Stochastics, Institute of Mathematics, Budapest University of Technology and Economics, Budapest, Hungary
®Institute of Pancreatic Diseases, Semmelweis University, Budapest, Hungary

fnstitute for Translational Medicine, Medical School, University of Pécs, Pécs, Hungary

9Petd Andras Faculty, Semmelweis University, Budapest, Hungary

PHungarian Pediatric Oncology Network, Budapest, Hungary

Summary eClinicalMedicine
Background Current paediatric cancer care requires innovative approaches to predict prognosis that facilitates per- 2024;78: 102902
sonalised stratification, yet studies on the performance, composition and limitations of contemporary prognostic ~ PuPlished Online o0

models are lacking. We aimed to compare the accuracy of traditional and advanced prognostic models. ;‘(t)tlpg/ f dT_i'orgz/ 3)2’4
j.eclinm. .

102902
Methods A systematic search for this systematic review and meta-analysis (CRTN42022370251) was conducted in

PubMed, Embase, Scopus, and the Cochrane Library databases on 28 June 2024. Studies on the accuracy of
prognostic markers or models used in paediatric haematological malignancies, central nervous system (CNS), or
non-CNS solid tumours (NCNSST) were included. Three model categories were defined using: 1-clinical
parameters, 2-genomic-transcriptomic data, and 3-artificial intelligence (AI). Primary outcomes were area under
the receiver operating characteristic curve with a 95% confidence interval (CI) for various overall survival intervals
and event-free survival. Two independent groups performed selection and data extraction. We used data published
by the authors and publicly available databases.

Findings Of 12,982 studies, 358 were included in the meta-analysis and 27 in the systematic review, with limited data
on Al-approaches. Most data were reported on NCNSST at 5-year OS, where a statistically significant difference was
observed between Category-1 (0.75 CI: 0.72-0.79) and Category-2 (0.85 CI: 0.82-0.88) (p < 0.001), but not between
Categories-2 and -3 (p = 0.2834) (0.82 CI: 0.77-0.88). Internal validation studies showed significantly better
performance compared to those using external validation, highlighting the high risk of bias (ROB) inherent in
internal validation. High ROB was most commonly experienced in the outcomes and statistical analysis domains,
assessed using PROBAST and QUIPS.

Interpretation It is advisable to introduce Category-2 and -3 models in a clinical setting, especially for NCNSST
prognostic for aiding risk-stratification. Although Al-supported predictions in paediatric oncology are at an early
stage of development, it is imperative to further explore their potential. This requires structured data collection
and ethical sharing from paediatric oncology patients in sufficient quantity and quality.
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Abbreviations: Al artificial intelligence; AUROC, area under the receiver operating characteristic curve; C, composite (validation); C-index, concordance
index; CI, confidence interval; CNS, central nervous system; CNST, central nervous system tumours; CSS, cancer-specific survival; E, external
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Preferred Reporting Items for Systematic Reviews and Meta-Analyses; PROBAST, Prediction model Risk Of Bias Assessment Tool; QUIPS, Quality In
Prognosis Studies; RoB, risk of bias; SD, standard deviation; SE, standard error; SEER, Surveillance, Epidemiology, and End Results; TARGET,
Therapeutically Applicable Research to Generate Effective Treatments
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Research in context

Evidence before this study

There is no available evidence on the accuracy of various
prognostic approaches for predicting paediatric cancer
outcomes. Our aim was to provide a comprehensive review of
the available literature on predicting a wide range of
outcomes of paediatric and adolescent (<21 years) patients
with primary malignant tumours, using models classified into
three categories (1-clinical data-based; 2-robust genomic-
transcriptomic; 3-artificial intelligence-based models) assessed
with direct statistics on the accuracy of the models. A
systematic search of four databases (PubMed, Embase,
Scopus, and Cochrane Library) was conducted on the 22nd of
November 2022, and references of eligible full texts were
checked as well, without language limitations. The search was
updated on the 28th of June 2024. The search key consisted
of four domains: paediatric, cancer, prognosis, and accuracy.
The risk of bias was assessed using two tools: the Quality in

Introduction
Paediatric cancers (PC) are characterised by diverse bio-
logical behaviour, aetiology, and clinical trajectories.”” In
high-income countries, more than 80% of patients can be
cured’; however, survival rates drop following unfav-
ourable events (e.g., 0.58 5-year survival rate for acute
lymphoblastic leukaemia after relapse in Nordic coun-
tries),” which requires differentiation between patients
with various clinical courses.® The scarcity of paediatric
cohorts limits the availability of scientific reports and high-
quality data for valid clinical decisions. Approximately
400,000 new PC cases are diagnosed worldwide each year.”

PC can be divided into three main categories by the
origin of the tumour, which are characterised by very
different therapies, prognostic tools, and outcomes. The
most common are haematological malignancies (HM)
and central nervous system (CNS) tumours (CNST).
Non-CNS solid tumours (NCNSST) consist of a variety
of rare histological types. The age-standardized inci-
dence rates for more common leukaemias and brain
tumours worldwide are 5.41 and 2.04 per 100,000,
respectively, in sharp contrast with, e.g., 0.19 per
100,000 of liver cancer.® Despite being rare, NCNSSTs
are relevant, as — based on a study from the United
States written in 2020- the 5-year OS of, for example,
bone tumours, soft tissue sarcomas, and hepato-
blastoma is less than 70% in the US.’

Despite recent breakthroughs in therapeutic ap-
proaches, tailoring treatments to patients individually,

Prognosis Studies (QUIPS) and the Prediction model Risk Of
Bias Assessment Tool (PROBAST).

Added value of this study

Our extensive analysis of different outcomes and subgroups
highlights the superior predictive power of genomic-
transcriptomic and artificial intelligence-based models.
Subgroup analysis showed that the method of validation can
lead to significant differences in accuracy, and internal
validation can lead to better but biased results.

Implications of all the available evidence

In clinical settings, more modern, genomic-transcriptomic
data-based models are recommended. Artificial intelligence is
a promising approach in model development, and external
validation should be chosen to obtain objective and
generalizable models.

and high-risk case management remain a challenge,
raising awareness of clinical decision support. Often,
burdensome multiple-arm therapeutic protocols are
required, but with poor upfront risk stratification, some
patients may receive excessive therapies, others may
face disease progression.'*!!

Over the last decade, prognostic tools in paediatric
oncology (PO) have evolved from early models using
observable traits*'* to integrating comprehensive mo-
lecular profiling via next-generation sequencing
(NGS),””"” improving accurate risk stratification.” Arti-
ficial intelligence (Al)-driven prognostic approaches
show promise in capturing the complex interactions
between various data modalities and enabling adequate
data integration.”>*

Despite recent milestones, without prior meta-
analyses, objective evidence on the performance of
these models in PO is lacking. The aim of this sys-
tematic review and meta-analysis was to provide a
comprehensive overview of the evolution of prognostic
modelling in PC, revealing novel insights into the con-
struction of accurate prognostic models and their clin-
ical impact, facilitating the development of more
accurate and robust prognostic tools.

Methods
Our study followed the recommendations of the
Preferred Reporting Items for Systematic Reviews and
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Meta-Analyses (PRISMA) 2020 guidelines,”’ and the
Cochrane Handbook.” The protocol was registered on
PROSPERO (CRTN42022370251). After a systematic
search, we deviated slightly from the protocol, extending
our analysis to include additional outcomes beyond
those initially defined.”

Eligibility criteria

To formulate our clinical question, we utilised the PICO
framework (patients, intervention, control, outcomes).*
Studies with PC patients were included, and various
prognostic prediction approaches were considered as
‘intervention’ and ‘control’. The area under the receiver
operating characteristic curve (AUROC) of 1- (short-
term), 2-, 3- (mid-term), S-year (long-term) OS and
event-free survival (EFS), 10-year OS, non-time depen-
dent OS and EFS prediction were the primary outcomes.
The concordance index (C-index) of OS, EFS, and
cancer-specific survival (CSS) predictions were selected
as secondary outcomes.

Peer-reviewed studies were included if patients were
younger than 21 years (more than half of them/mean/
median age) and were diagnosed with a primary ma-
lignant tumour. The AUROC or C-index had to be
presented on the accuracy of a prognostic model or
factor, with additional statistical data (standard error
(SE), standard deviation (SD), 95% confidence interval
(CI), sensitivity, specificity, positive/negative predictive
value, true/false positive/negative cases, number of
dead/alive or event/no event patients) either numeri-
cally or as figures. If a study analysed training and
validation sets, it was included if statistical data were
provided in the validation set. For more details see
Supplementary Methods S3.

Information sources

Our systematic search was conducted in four main da-
tabases: Embase, MEDLINE (via PubMed), Cochrane
Central Register of Controlled Trials (CENTRAL), and
Scopus, on 22 November 2022. In addition, a backward
citation search was performed using a reference-
checking tool” on 7 June 2023 to identify all potential
references of the originally included articles that met
our eligibility criteria. We have updated our search on
28 June 2024 to find studies published after the original
date of the search. No language restrictions were
applied.

Search strategy

Our search key included four main domains: paediatric,
cancer, prognosis, and accuracy (see the whole search
key in Supplementary Table S1).

Data extraction

Relevant data from eligible studies were extracted
independently by two groups (P.V. and T.K.+Sz.K.D.).
Disagreements were resolved by the corresponding
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author (E.T.). All data were manually collected and
entered into an Excel spreadsheet (Office365, Microsoft,
Redmond, WA, USA). Prognostic factors and models
were divided into distinct categories. In Category-1,
models rely on conventional clinical and genetic
factors, whereas those in Category-2 utilise NGS.
Category-3 models can use both clinical and NGS-based
genomic-transcriptomic factors but during the model
building, =~ machine-learning (ML) and Al
(Supplementary Fig. S1) methods are implemented for
choosing the most appropriate set of factors. In order to
obtain a comprehensive overview of the evolution of
childhood cancer prognostics, we added Category-0:
factors with weak prognostic power present in certain
studies as a comparison to the models developed by the
authors without the intention of using these factors for
prognosis prediction. Screening, selection, and data
items are explained in Supplementary Methods S1.

Study risk of bias assessment

The risk of bias assessment (ROB) was independently
conducted by two groups (P.V. and A.T.+G.M.). For
studies focusing on a single prognostic factor, the
Quality in Prognosis Studies (QUIPS) tool was
employed,” whereas for studies analysing complex
prognostic models using several factors combined, the
Prediction model Risk Of Bias Assessment Tool (PRO-
BAST) tool was chosen.” In case of disagreement,
consensus was reached after discussion with the corre-
sponding author (E.T.).

Synthesis methods

Statistical analyses were performed using R statistical
software (version 4.1.2.).** A p-value of less than 0.05
was considered significant for all statistical analyses.
Due to the large number of performed statistical tests,
false significant results can be present in the manu-
script. The p-value has an important role in this respect:
the smaller the significant p-value the less likely that the
finding is false. We separately analysed the AUROC
values of the predictions corresponding to different time
points. We estimated the SDs of the AUROC values
using the CIs. If no CI was available, based on published
KM curves and scatter plots, we estimated the number
of patients with and without the investigated event and
using the formula published by Hanley and McNeil.*
The results were visualised in forest plots.

We also meta-analysed C-index statistics analogously
to AUROC, using the advice of Debray et al. We
assessed publication bias by creating funnel plots. Due
to the complexity of the data the conventional hetero-
geneity analysis is not appropriate. Nevertheless, to get a
glimpse into the heterogeneity, we calculated conven-
tional heterogeneity statistics in a few cases. See details
in the Supplementary Methods S4.

Studies were classified primarily by the disease of
interest (HM, CNST, NCNSST) and the category of the
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model (Categories-1-2-3). To address confounding bias
caused by certain study characteristics, we sorted the
articles into subgroups, considering validation type (in-
ternal/external/composite) and whether the proposed
model included the success or failure of treatment as a
prognostic factor (yes/no). To assess whether a specific
dataset could provide advantage in model construction,
we compared commonly used, publicly available
training and validation dataset pairs containing NB*'**
or osteosarcoma’*** patients with each other (within
tumour type) and with other datasets (patients of the
authors or less common public databases).

Role of the funding source

There was no funding source for this study. The corre-
sponding author, M.O., T.K,, Sz.K.D. and V.P. had ac-
cess to all the data and had responsibility for the
decision to submit the study for publication.

Results

Altogether, 10,870 applicable studies were identified by
our systematic search of four databases, an additional
7986 were found eligible among the references and
1252 during the updated search. In total 385 articles
were included, 358, 92 of which was included during the
updated search, in the meta-analysis and 27 additional
ones in the systematic search (PRISMA Flowchart
Fig. 1).

Most (379) included studies were retrospective
cohort studies and we had 5 eligible prospective cohort
studies and 1 cross-sectional study, covering the period
from 1991 to 2024. Studies from various regions were
included, with the largest proportion (73.25%) from
China. Of the included studies, most (272 studies)
aimed to predict the prognosis of NCNSST, whereas
only 81 and 32 focused on HM and CNST, respectively.
In the articles included in the meta-analysis, the pre-
dominant prediction approach was Category-2 (168
studies), followed by Category-1 (145 studies) and
Category-3 with significantly fewer, only 45 studies. The
ratio of the included studies during the updated search
was similar to the original one, both in the aspect of
model categories and tumour types. The basic charac-
teristics of the included studies are presented in
Supplementary Table S2.

As for NCNSST, consistent pooled AUROC
(PAUROC) values characterized 1-year OS predictions
across all model categories: 0.8 (CI: 0.75-0.85) in
Category-1, 0.85 (CI: 0.80-0.91) in Category-2 and 0.81
(CI: 0.74-0.88) in Category-3. No significant differences
were shown between any of the 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 mark, Category-2 models
demonstrated robust performance with a pAUROC of
0.80 (CI: 0.72-0.89), whereas Category-3 models showed
a decrease to 0.76 (CI: 0.64—0.88) but the difference was
not significant (p = 0.659).

Records removed before
screening:
Duplicate records removed
(n = 3378+860)
Records marked as ineligible
by automation tools (n = 0)
Records removed for other
reasons (n = 0)

Records identified from*:
Databases (PubMed =
3044+590; Embase = -
6260+1131; Central = 625+0;
Scopus = 941+391)
Registers (n = 0)

Records identified from:
Websites (n = 0)
Organisations (n = 0)
Citation searching (n = 7986)
etc.

]

Records excluded™
(n = 6328+987)

Records screened
(n =7492+1252)

}

Reports sought for retrieval

Reports not retrieved
(n = 1164+265) =

(n = 9+16)

Reports sought for retrieval Reports not retrieved

(n=2)

A4

!

(n=693)
|

Reports excluded:

> Adults (n = 27+23)

No accuracy (n = 312+49)
Indirect (n = 20+8)
Conference abstract (n
=421+31)

Duplicate (n = 18+5)
Not suitable disease, or
outcome (n= 104+24)
Statistical problem (n =
33+17)

Reports assessed for eligibility
(n = 1155+249)

Studies included in systematic
review

Reports assessed for eligibility
(n=691)

Reports excluded:
No accuracy (n =410)
Adult (n = 108)
Not suitable disease, or
outcome (n =74)
Indirect (n = 10)
Not suitable publication type
(n=16)

(n=27)

Studies included in meta-
analysis

(n =266+92)

Fig. 1: PRISMA flowchart of the article selection process.
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After 3 years, Category-1 decreased to 0.77 (CI:
0.73-0.80), whereas Category-2 maintained its high
PAUROC of 0.84 (CI: 0.81-0.86), while Category-3 pre-
sented a pAUROC of 0.77 (CI: 0.73-0.80), respectively.
The difference was statistically significant only between
Categories- 1 and -2, favouring the latter (p = 0.035)
(Category-1 VS -3 p = 0.552; Category-2 VS -3 p = 0.061).

For 5-year OS predictions, which can be considered a
gold standard in PC prognosis prediction and was
therefore chosen as a key Forest plot that we included in
the main text (Fig. 2), a good performance was man-
ifested in Category-2 with pAUROC values of 0.85 (CI:
0.82-0.88) and 0.82 (CI: 0.77-0.88) in Category-3, while
Category-1 showed a decreased value, 0.75 (CL:
0.72-0.79). Similarly to 3-year OS, in the case of 5-year
OS, we could show a significant difference between
Category-1 and -2, also favouring the latter (p < 0.001).
Considering this outcome, the performance of Category-
3 models was nearly significantly better than Category-1
models (p = 0.0511). Category-2 models still showed
remarkable efficacy over the 10-year horizon (pAUROC:
0.79 (CI: 0.74-0.85)).

The assessment of prediction model efficacy for HM
was hindered by limited data. For 1-year OS, sufficient
data could only be pooled from Category-2 articles, with
a pAUROC value of 0.71 (CI: 0.63-0.79). In addition,
predictions for 3-year OS revealed comparable perfor-
mance between Category-1 and Category-2 models, with
corresponding pAUROC values of 0.73 (CI: 0.69-0.77)
and 0.75 (CI: 0.67-0.82) (Category-1 VS -2 p = 0.824). At
the 5-year mark (Fig. 2), a pAUROC value for Category-1
was 0.76 (CI: 0.69-0.83), and for Category-2 0.74 (CI:
0.71-0.77) (Category-1 VS -2, p = 0.562).

For CNST, only Category-2 provided sufficient data
to predict 1-year OS, yielding a high pAUROC of 0.8 (CI:
0.71-0.88). Both Category-1 and -2 predicting 3- and 5-
year OS could be analysed, with similar pAUROC
values predicting both outcomes, Category-1 yielded
0.74 (CI: 0.71-0.77) and 0.75 (CI: 0.72-0.78), while
Category-2 presented worse pAUROC values, 0.69 (CI:
0.63-0.76) and 0.64 (CI: 0.63-0.65) (Category-1 VS -2,
3-year OS p = 0.282; the difference was significant in the
case of 5-year OS, p = 0.0141) (Fig. 3A).

A statistically significant difference was also shown
between predicting 1-year OS with Category-2 models in
NCNSST and HM, favouring NCNSST (NCNSST VS
HM p = 0.046). Category-2 models could predict 5-year
OS significantly better in NCNSST than CNST
(NCNSST VS HM p = 0.003).

In the subgroup analysis, in addition to model types,
groups were further subdivided according to validation
type (I-internal/E-external/C-composite) and treatment
outcome as a prognostic factor (yes/no). For CNST, we
could compare 2-no-I and 2-no-E subgroups but we
found no significant differences (1-year OS, p = 0.691;
3-year OS, p = 0.694; 5-year OS, p = 0.556) (Fig. 4A),
whereas for HM, no significant differences were

www.thelancet.com Vol 78 December, 2024

detected between the subgroups, based on neither
model nor validation type (3-year OS: 1-no-I VS 2-no-I,
p =0.501, 2-no-1 VS 2-no-E, p = 0.520; 5-year OS: 1-no-I
VS 2-no-l, p = 0.995, 2-no-I VS 2-no-E, p = 0.448)
(Fig. 4B).

Considering NCNSST, for 10-year OS, we had
insufficient data for meaningful comparisons. However,
a statistically significant difference was found when
predicting 3- and 5-year OS between the 2-no-I and 1-no-
I groups (p < 0.001 for both outcomes), with the former
performing better. A similar difference was observed
between the 2-no-I and —C groups in predicting 3-year
OS (p = 0.0074). Regarding the prediction of 3- and
5-year OS (Fig. 5), we found similar differences between
2-no-I and -E (p < 0.001 for both outcomes).

We have found no differences between 1-yes-I and
1-no-I subgroups that differed based on the inclusion of
therapy details as prognostic factors (3-year OS,
p = 0.479; 5-year OS, p = 0.276). We found statistically
significant difference in the prediction of 2-year OS
regarding both model categories and validation types
(2no-E VS 3-no-E, p = 0.031; 2-no-E VS 2-no-l,
p < 0.001). No significant difference was observed be-
tween Categories-2 and -3 in the rest of the subgroups
(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; 2-no-1 VS 3-no-I, p = 0.617; 5-year
OS: 2-no-E VS 3-no-E, p = 0.2997; 2-no-I VS 3-no-I,
p = 0.353) (Fig. 3B).

Amongst NCNSST, data for 1-year EFS Category-2
models could be pooled, resulting in a pAUROC of
0.70 (CI: 0.60-0.80), while for 3-year EFS, enough data
was available for both Category-1 and -2 models yielding
PAUROCs of 0.69 (CL 0.66-0.73) and 0.76 (CI:
0.72-0.80), respectively (no statistically significant dif-
ference, p = 0.065. For 5-year EFS, both Category-1 and
Category-2 models showed similar performance, with
PAUROC values of 0.74 (CI: 0.68-0.80) and 0.77 (CI:
0.74-0.81), respectively (no statistically significant dif-
ference, p = 0.32). In terms of HM, a pAUROC of 0.73
(CI: 0.68-0.79) for Category-2 models predicting 1-year
EFS, 0.67 (CI: 0.52-0.82) and 0.77 (CI: 0.71-0.82) was
observed for Category-1 and -2 models (Category-1 VS -2
difference was not significant, p = 0.302), respectively,
predicting 2-year EFS and 0.77 (CI: 0.66-0.88) for
Category-1 predicting 5-year EFS (Fig. 6A).

We had markedly less data available for each sub-
group for these outcomes and were unable to make any
meaningful statistical comparisons. There is a slight
difference in 2-no-E subgroup results in NCNSST pa-
tients, as the pAUROC value of 1-year EFS prediction
(0.74 (CI: 0.54-0.95)) is smaller than 3- and 5-year EFS
(0.77 (CI: 0.69-0.85) and 0.77 (CI: 0.73-0.81)) (Fig. 6B).

In terms of non-time dependent OS of NCNSST,
Category-3 models emerged as frontrunners with a
pAUROC value of 0.85 (CI: 0.83-0.87), whereas
Category-1 and 2 performed similarly, resulting in
PAUROC values of 0.76 (CI: 0.71-0.81) and 0.78 (CI:
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Fig. 2: Area under the receiver operating characteristic curve (AUC) with 95% confidence interval (Cl) of predicting 5-year OS in paediatric
patients with non-central nervous system (non-CNS), haematological malignancies, central nervous system (CNS) tumours with three model
categories. |-internal validation, E-external validation, C-composite validation.

www.thelancet.com Vol 78 December, 2024


http://www.thelancet.com

Articles

073—083) (Category-l VS -2, P = 0578), respectively. A Model category N N (AUC) Pooled AUC (95% Cl)
The difference was statistically significant as well Non-ONS 1-year 0
(Category-1 VS -3, p = 0.014; Category-2 VS -3, p = 0.035) v — . JNGee
Category-1 and Category-2 models performed compa- 3 1B 1 —— 081(07410088)
rably in HM, with pAUROC values of 0.74 (CI: S — —
0.64-0.84) and 0.72 (CI: 0.67-0.77) (Category-1 VS -2, e ryeos ¢ reses
p = 0.805), respectively. 2 48 —— 080(0.71100.88)
When we examined EFS, the NCNSST cohort pro- ke . e
vided data across all model categories. The results were 3 5 7 e — 076 (0.64 0 0.88)
similar, 0.77 (CI: 0.74-0.81), 0.81 (CI: 0.74-0.89), and NomGNS year 08
i 1 >20  >20 —— 0.7 (0.73 to 0.80)
0.78 (CI: 0.75-0.82) for Categories-1 to —3 (Category-1 2 20 520 = 084 (081 100.86)
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. Hemat3-year 0OS
tively. In HM, pAUROC values of 0.81 (CI: 0.74-0.88) T i o SR
and 0.78 (CI: 0.74-0.81) were estimated in Categories-1 2 o1 —— 0.75 (067 100:82)
and -2 (p = 0.454), respectively (Fig. 7A). S s 4 "y 07407110071
For the non-time dependent EFS in the subgroup 2 4 9 —— 0,69 (0,63 100.76)
analysis, we could only make one meaningful statistical Non-CN3 S:year 03
. . . 1 >20  >20 - 0.75(0.72 0 0.79)
comparison, due to the scarcity of data, which resulted ) o o T
in no significant difference (1-no-I VS 1-no-C, p = 0.62). 8 1B >0 —— 082(0.77 10 0.88)
L) . . . Hemat 5-year 0S
The prediction of OS showed no significant difference A s e 076(06910085)
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time-dependent OS. However, we did see a notable, ONg Eyenr.Os
L. L. . . 1 4 5 - 0.75 (0.72 0 0.78)
although not statistically significant, difference in the 2 s -> 0,65 (0,630 0.67)
prediction of OS, between Categories-1 and -2 in both Non-CNS 10-year 0S
HM and NCNSST patients. Interestingly, for HM pa- : L , | — ; HRGI 0P
. 05 0.6 0.7 0.8 0.9
tients, Category-1 methods produced better results B -
(1-n0—c VS 2.no.C, p _ 0339) Compared ‘tO NCNSST x::z;:i?;zros Treatment var. Validation N N (AuC) Pooled AUC (95% ClI)
patients (1-no-C VS 2-n0-C, p = 0.345) (Fig. 7B) ekl S
As a s.econd.lary outc.or.ne, the C-index provides 2 ro £ 22D —— e
further insights into predictive efficacy across OS, EFS, rp—— c 616 —&—  0830760091)
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observed across all model categories for OS predictions, e . e e 0m(sT0m)
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Category-2. For OS-predictions for HM and CNST, 1 no | o 9 -, 074 (0.70100.77)
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For CSS, we could not make comparisons due to Homet Eyearos. \ W s R 075 (06710083
scarce data, whereas for EFS, we could make one com- 2 o 1 y s ey
parison without statistical significance (NCNSST pa- CNs 5-year OS
. 2 no | 4 4 —— 0.62 (0.58 to 0.66)
tients 1-no-C VS 1-no-I, p = 0.277). 2 no E a7 == 065 (06110069)
. Non-CNS 10-year OS
In the subgroup analysis, the most common SR B 7oL e ewonoss
outcome measured with C-index was OS. We could not 05 fosl 0 08 09

detectE any dstatlstlcal d]lgffe?ence betw;en categort}i;l Fig. 3: Summary forest plot demonstrating the accuracy of three model categories'= predicting
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latter even showing a slightly worse performance malignancies, non-central nervous system solid tumours or central nervous system tumours.

www.thelancet.com Vol 78 December, 2024 7


http://www.thelancet.com

Articles

(pC-index of 0.81 (CL: 0.75-0.94) VS 0.74 (CI:
0.68-0.80), p = 0.1916). We also did not observe the
marked differences between validation methods pre-
sented earlier, with studies using external validation
performing better on Category-1 models than internal
validation users (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). We
examined the effect of using therapy details as prog-
nostic factors, the inclusion of these factors provided
better results, but we found no statistically significant
difference (1-no-I VS 1-yes-I pC-index 0.72 (CL:
0.69-0.76) VS 0.75 (CI: 0.72-0.76), p = 0.059). Sufficient
articles focusing on HM were identified with this
outcome for statistical comparison between validation
types, but the difference was not significant (1-no-E VS
1-no-I, p = 0.5553) (Fig. 8B).

The ROB assessment showed low (ROB) in the
participants and outcome domains due to strict inclu-
sion criteria. However, high ROB was identified in the
Predictors and Analysis domains, mainly due to inap-
propriate variable handling, use of univariable analysis,
and internal validation methods. Further details and the
results of the ROB assessment are presented in
Supplementary Fig. S41 (QUIPS) and Supplementary
Fig. $42 (PROBAST).

See results for Category-0, subgroup analysis of
specific training and validation dataset pairs, systematic
review studies in the Supplementary Results.

Discussion
Our study provides the first Level II evidence® on the
predictive accuracy of prognosis in PO. We examined
385 studies for short-, mid-, and -long-term survival and
various unfavourable events. The superior performance
of progressive, Category-2 and-3 models was shown in
case of 5-years OS in NCNSST (Category-1 VS -2,
p < 0.001; Category-1 VS -3 p = 0.0511), with Category 3
proven to be the best-performing predictor for non-time
dependent OS (Category-1 VS -3, p = 0.014; Category-2
VS -3, p = 0.035). The strong signifying effect of the
validation method was also demonstrated by comparing
model performance after internal and external valida-
tion (3- and 5-year OS, 2-no-I VS 2-no-E (p < 0.001 for
both outcomes).

In recent years, better biological understanding due
to genetic and molecular data collection has improved
histological classification, prognosis prediction and risk

A: main analysis based on tumour type and model category. B: Subgroup analysis with the
addition of model validation and the use of therapy outcome as prognostic factor. 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. Cl: 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: cen-
tral nervous system tumours. White: Category-1. Red: Category-2. Green: Category-3.

stratification.*” Extensive research on this was observed
in the literature, as 161 of our included studies used
modern, Category-2 and -3 methods. Classic Category-1
modelling with robust statistics was already present
before 2000, with the earliest eligible articles from the
1990s. After 2020, the number of articles has multiplied,
with Category-2 being the most prevalent study type in
this period (56.5% of 184 studies from the 2020s) as the
use of NGS became more widespread. We note that
Category-1 is still popular, with almost half of Category-
1 articles (45.45%) written after 2020. Category-3 has not
seen a significant increase over time. Although studies
employing this approach date back to as early as 2004,
we could identify only a total of 50 (45 for the meta-
analysis and 5 for the systematic review) articles, har-
nessing Al

We observed a rapid evolution in model building
from Category-0 to -3, with next-generation methods
such as NGS (present in both Categories-2 and -3)
examining hundreds of factors, compared to traditional
clinical models (Category-1) which consider significantly
fewer factors. Starting from the origin, the authors of
these papers also considered basic prognostic factors,
which were typically employed as a comparison to the
scoring systems developed by themselves (categorised as
Category-0). These generally tend to perform signifi-
cantly lower than the actual models (data not shown).
However, the established clinical scoring systems
continue to provide a solid foundation in paediatric
cancer care for the upcoming decades® to date. We
observed that Category-1 models that included patho-
logical (e.g., histology, stage) or radiomic characteristics
performed particularly well. Indeed, for non-time-
dependent OS, Category-1 showed better results than
Category-2 in HM. Given the relative prevalence of
HMs* compared to other pediatric oncology complica-
tions, even Category-1 models in this subgroup are
already well-developed and incorporate more accurate
predictive factors. In our analysis, the majority of arti-
cles fell into Category-2, where models frequently
derived prognostic scores from thousands of genes or
RNA sequences, integrated with clinical factors or
staging systems. This combination resulted in more
accurate and comprehensive models. Nonetheless,
Category-3 models, which integrate clinical characteris-
tics, biomarkers, and genomic-transcriptomic data us-
ing an Al approach, were less common in the articles,
they still showed comparable efficiency to Category-2
models.

The rarity of PC occurrences’ and the limited avail-
ability of data are major obstacles in developing accurate
prognostic models. Enriching data sources with the least
prevalent paediatric tumours, such as those in the
NCNSST*“! subclass focusing on predicting OS may be
a deliberate strategy. Unlike HMs, where OS rates are
relatively high,” the recommended prediction targets are
EFSs, which correlates not only with survival but also
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Fig. 4: A: Area under the receiver operating characteristic curve (AUC) with 95% confidence interval (Cl) of predicting 5-year OS in paediatric
patients with central nervous system (CNS) tumours. I-internal validation, E-external validation, C-composite validation. B: Area under the
receiver operating characteristics curve (AUC) with 95% confidence interval (Cl) of predicting 5-year OS in paediatric patients with haema-
tological malignancies. I-internal validation, E-external validation, C-composite validation.

with quality of life. In terms of short-, mid- and long-
term predictions for patients with NCNSST, all model
categories accurately predicted OS after one year, but
differences emerged after 3 and 5 years, with Category-1
models showing a decline. Interestingly, this difference
was not observed for HM, although this finding should
be treated with caution, based on the significant bias-
effect of the type of validation. Category-1 models may
have shown an advantage in HM for both OS and EFS-
predictions, but in most of the articles these models
were subject to internal validation. These results are
therefore skewed towards appearing better or similarly
good than the almost exclusively externally validated
advanced models. The best practice in today’s prog-
nostic model building is the use of separate external
validation sets, which was confirmed by our meta-
analysis.

As already highlighted, advanced prognostic models
have demonstrated greater effectiveness in NCNSST
prognostics, especially in predicting OS, which remains
the gold standard in oncology prognostic practice. Risk-
stratification upon this outcome is essential for opti-
mizing complex treatment protocols for each individual
cases.'™'"" Our analysis demonstrated statistically signif-
icant superiority in 5-year OS prediction using both

www.thelancet.com Vol 78 December, 2024

Category-2 and Category-3 models, with Category-3
outperforming Category-2 in non-time dependent OS
predictions. However, our updated systematic search
conducted in late June revealed that many studies
published within the past 1.5 years still relied on
Category-1 (30 new articles found) prognostics for OS
prediction, even in NCNSST. Given these insights, we
advocate for the inclusion of second- or third-generation
sequencing advantages for improving paediatric cancer
prognostics, whenever the resources allow for it. While
Al-driven models leveraging comprehensive sequencing
datasets hold the potential for even greater accuracy, the
current meta-analysis lacks a sufficient number of
studies to fully validate this hypothesis (Category-2 VS
Category-3168 VS 45 studies in the meta-analysis alto-
gether). Moreover, there has been a marked increase in
the number of published articles on HM predictions
utilising Category-2 models between 2022 and 2024 (10
articles added to the previous 17), underscoring this as a
rapidly evolving research area. These models, however,
statistically not proven, appeared to provide more accu-
rate EFS estimates compared to OS predictions. How-
ever, as previously noted, no studies have yet assessed
the performance of Category-3 models in this tumour
subclass. Given the increasing body of evidence
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Fig. 5: Area under the receiver operating characteristic curve (AUC) with 95% confidence interval (Cl) of predicting 5-year OS in paediatric
patients with non-central nervous system (non-CNS) tumours. I-internal validation, E-external validation C-composite validation.
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Fig. 6: Summary forest plot demonstrating the accuracy of three model categories' predicting 1-, 2-, 3-, 5-year event-free survival of paediatric
cancer patients, with haematological malignancies or non-central nervous system solid tumours. A: main analysis based on tumour type and
model category B: subgroup analysis with the addition of model validation and the use of therapy outcome as prognostic factor. 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. Cl:
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.

supporting EFS as a reliable surrogate endpoint in
various HMs"”* it is strongly recommended that
research efforts now focus on evaluating the potential of
Category-3 models.

The method of data processing and factor selection is
as important in model building as the factors chosen.
Using univariate Cox regression and then multivariate
Cox regressions with the chosen variables, although
quite common, may introduce bias by ignoring re-
lationships between factors. This finding supports the
use of other mathematical methods to eliminate this
bias. In addition, internally validated models outper-
form externally validated ones, indicating reduced ac-
curacy when applied to different populations. A bias

www.thelancet.com Vol 78 December, 2024

from therapy outcome as a prognostic factor was
observed, but not statistically significant due to limited
use in articles.

Systematic, quality-assured bio-resources are crucial
for biomedical science and personalised therapies, yet
they are under-utilised and lack data harmonisation,
especially for vulnerable populations.*** Qur observa-
tions show that such databases (e.g., Therapeutically
Applicable Research to Generate Effective Treatments
(TARGET) and Surveillance, Epidemiology, and End
Results (SEER) Database) are fundamental for devel-
oping accurate prediction models. Further international
data collection and sharing is therefore necessary to
establish large, quality-assured databases for training
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Fig. 7: Summary forest plot demonstrating the accuracy of three model categories' predicting overall and event-free survival of paediatric
cancer patients with haematological malignancies or non-central nervous system solid tumours. A: Main analysis based on tumour type and
model category. B: Subgroup analysis with the addition of model validation and the use of therapy outcome as prognostic factor 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. Cl:
confidence interval. OS: overall survival. EFS: event-free survival. var.: variable. I: internal validation. E: external validation. C: composite vali-
dation. Non-CNS: non-central nervous system solid tumours. Hemat: haematological malignancies. White: Category-1. Red: Category-2. Green:

Category-3.

Al-driven algorithms. With emphasis on appropriate
validation, modern models offer improved prediction
accuracy in clinical settings.***

We included a large number of articles and out-
comes to provide a thorough review of the available
literature, including many up-to-date state-of-the-art
studies. Several subgroups were considered when per-
forming the analysis to address heterogeneity and bias.
A rigorous methodology was applied following well-
established guidelines. Most of the included studies

used publicly available quality-assured datasets, making
their work transparent and reliable.

We encountered a number of statistical challenges
requiring adequate resolution. Standard errors of
AUROC and C-index values were frequently missing,
necessitating estimation from various available data
types. The consistent presence of moderate-to-high ROB
is another limitation. Stringent quality control was
implemented throughout data collection and analysis,
accompanied by transparent reporting of biases. The
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Fig. 8: Summary forest plot demonstrating the accuracy of three model categories' predicting overall, event-free, and cancer-specific survival of
paediatric cancer patients with haematological malignancies, non-central nervous system solid tumours or central nervous system tumours. A:
Main analysis based on tumour type and model category. B: Subgroup analysis with the addition of model validation and the use of therapy
outcome as a prognostic factor. C-index: concordance index. N: number of articles in a certain group. N (C-index): number of C-index values in a
certain group. Cl: confidence interval. OS: overall survival. EFS: event-free survival. CSS: cancer-specific survival. var.: variable. I: internal vali-
dation. E: external validation. C: composite validation. Non-CNS: non-central nervous system solid tumours. Hemat: haematological malig-
nancies. CNS: central nervous system tumours. White: Category-1. Red: Category-2. Green: Category-3.

absence of individual tumour type analysis introduces
variability into the results, potentially masking associa-
tions existing in specific cancer subtypes, which can be
uncovered by conducting subgroup analyses for indi-
vidual tumour types.

Our results demonstrated the superior predictive
power of genomic-transcriptomic and principally,

www.thelancet.com Vol 78 December, 2024

Al-based prognostic models in the case of the NCNSST.
Our subgroup analysis clearly demonstrated significant
differences in accuracy based on validation type,
favouring internal validation for improved but poten-
tially biased results. While Al-based prognostic ap-
proaches have yet to be fully integrated into standard
practice, our results suggest they can achieve similar
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levels of accuracy to NGS-based prognostics, indicating
the additional benefit of Al in paediatric cancer outcome
prediction. This, however, urges the need for structured
data collection and their ethical exchange to address data
scarcity and limited availability, emphasizing the
importance of high-quality paediatric cancer registries
and biobanks.

Overall, while this systematic review and meta-
analysis does not provide definitive conclusions for
every tumour type, it remains the most extensive and
up-to-date meta-analysis in the field, offering valuable
insights and clear directions for future investigation.
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