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 Background
T-lineage acute lymphoblastic leukemia (T-ALL) is an 

aggressive hematologic malignancy with poor treatment 

outcome compared to B-lineage ALL [1, 2]. In contrast 

to the extensively characterized B-ALL, which has well 

defined genetic biomarkers that guide risk stratifica-

tion and therapy, the molecular heterogeneity of T-ALL 

remains poorly characterised [3]. At present, the World 

Health Organization (WHO) and International Con-

sensus Classification (ICC) recognize only early T-cell 

precursors ALL (ETP-ALL) as a distinct subtype [4], yet 

multi-omics studies have now substantially refined our 

understanding of T-ALL heterogeneity by defining up to 

17 genomic subtypes with growing evidence of prognos-

tic relevance [5–7].

Translating high dimensional multi-omics discover-

ies into clinical practice remains challenging. However, 

recent advances in machine learning (ML) have begun 

to bridge this gap in pediatric ALL. For example, several 

ML-based subtype classifiers have been developed that 

integrate one or multiple layers of genomic, transcrip-

tomic or epigenomic features to define ALL molecular 

subtypes with increasing accuracy [8–12]. In addition, 

multi-omics data have been used for cause-specific sur-

vival modeling to identify patients with poor outcomes 

[7, 13, 14]. Although such cause-specific approaches can 

determine high risk groups, they do not explicitly predict 

which clinical endpoint is most likely to occur [15]. �e 

endpoint specific prediction is critical in T-ALL, which 

contains distinct treatment outcome events, such as 

induction failure, relapse, toxic death and others, reflect-

ing complex interaction between different biological 

mechanisms and insufficiently refined treatment options 

in driving these unfavorable events [16]. Accordingly, 

competing-risks methods, rather than single-event sur-

vival models, are required to enable accurate and event-

specific outcome prediction.

Here we present clinTALL, an ML-based framework 

that integrates clinical and multi-omics data to enable 

both subtype classification and treatment outcome pre-

diction in pediatric T-ALL. Multimodal tabular data 

from 1309 pediatric T-ALL samples from a recent pub-

lication [7] were used to train a TabM-derived architec-

ture for downstream multi-task learning [17], including 

genetic subtype identification and competing-risks mod-

eling. Our framework achieves high accuracy of global 

subtype classification (91.7%), outperforming available 

tools, and demonstrates strong prediction accuracy in 

independent external cohorts (81.8%). �e competing 

risk-based modeling enables event-specific risk predic-

tion, and accurately identifies patients with increased 

risk for induction failure or second malignant neoplasm. 

Notably, it is able to determine patients with increased 

likelihood of relapse, who showed significantly reduced 

5-years event free survival (EFS) probability (75.5% vs 

85.7%, p = 7.03 × 10
−5). By making clinTALL publicly 

available, we aim to facilitate diagnostic standardization, 

support translational efforts, and accelerate the incorpo-

ration of molecular subtype information into pediatric 

T-ALL biology and patient management.

Methods
Datasets

Training cohort

�e training cohort (n = 1309, mean age = 9.4 years, age 

1 - 29 years) was derived from the dataset published by 

Pölönen et al. [7] (Children’s Oncology Group (COG) 

AALL0434 trial). �e data were accessed via Synapse 

(ID: syn54032669; https:/ /doi.or g/10.73 03/s yn54032669). 

Whole-genome sequencing data and clinical annotations 

were extracted from the supplementary tables of the 

original publication.

Validation cohort I (AIEOP-BFM ALL 2017)

�e first validation cohort comprised 120 diagnostic 

samples (age 1.2 - 17.9 years) from patients with child-

hood T-ALL enrolled in the Italian AIEOP-BFM (Asso-

ciazione Italiana Ematologia Oncologia Pediatrica 

– Berlin-Frankfurt-Münster) ALL 2017 (EudraCT Num-

ber: 2016-001935-12; NCT 03643276) treatment study. 

RNA from patients was extracted from bone marrow 

samples collected at the time of ALL diagnosis. Libraries 

were prepared using the Universal Plus Total RNA-Seq 

with NuQuant kit (Tecan) and sequenced in paired-end 

mode on Illumina platforms (NextSeq550 and Next-

Seq2000). Whole-transcriptome sequencing was per-

formed according to the manufacturer’s guidelines. Raw 

sequencing reads were quality-tested with FastQC [18] 

and aligned against the GRCh38/hg38 reference human 

genome with STAR aligner (v2.7.10b) [19]. �e gene level 

count matrix was generated using featureCounts (v2.0.0) 

[20] for downstream clinTALL based prediction. GRCh38 

Ensembl Release 108 annotation was used as reference 

[21]. Fusion gene analysis was performed with 4 indepen-

dent pipelines with the primary purpose to detect fusion 

genes (Dragen RNA (Illumina) [22], STAR-fusion [23], 

Fusion-Catcher [24], Arriba [25]). All identified fusion 

genes were validated by RT-PCR.

Validation cohort II (NOPHO ALL2008)

�e second validation cohort was derived from the study 

by Hackenhaar et al. [26] and included 108 diagnostic 

T-ALL samples (mean age = 7 years, ages 1 - 17 years) 

from the Nordic Society of Paediatric Haematology and 

Oncology (NOPHO) ALL2008 trial. Gene expression 

data were retrieved from the Gene Expression Omnibus 

(GEO) under accession number GSE272023.



Page 3 of 14Stoiber et al. Genome Medicine          (2026) 18:108 

Data preprocessing

Cohort and data modalities

Multi-omics data integration was performed using a 

cohort of 1309 T-ALL samples [7]. Four data modali-

ties were included: gene expression (GEX), copy number 

variation (CNV), DNA variants (SNV/SV), and clinical 

data (Clin).

Sample filtering and label harmonization

Samples lacking outcome labels or survival information 

were excluded from all analyses. Two samples originally 

annotated as “induction death” and nine samples anno-

tated as “death, not otherwise specified (NOS)” were 

reassigned to an “other” category. �is reassignment 

was defined a priori to ensure numerical stability during 

model training and downstream analyses.

Feature construction and preprocessing

Gene expression (GEX) Gene expression features 

consisted of transcript-level expression values. Gene 

expression features were subjected to supervised feature 

selection to constrain dimensionality and reduce down-

stream model complexity. A random forest classifier (Ran-

domForestClassifier, scikit-learn; 100 trees, maximum 

depth = 10; [27]) was trained to predict disease subtypes. 

Feature importance was quantified using SHAP (SHap-

ley Additive exPlanations; [28]) with the TreeExplainer 

framework. Class-specific mean absolute SHAP values 

were used to rank features.

�e 100 highest SHAP-value genes per subtype were 

selected, yielding 474 unique genes across all subtypes 

(Supplementary Table S1). �ese genes represent those 

contributing most to model predictions, including 

potential nonlinear and interaction effects. To mitigate 

information loss from aggressive filtering and facilitate 

learn- ing of nonlinear feature interactions, 526 highly 

variable genes were reintroduced. �is combined gene 

set was used for both gene expression–only and multi-

modal models.

Copy number variation (CNV) CNV features were 

derived from Supplementary Table 19 of the Pölönen et 

al. study [7] by aggregating CNV events per megabase. 

Features were stratified by CNV type (e.g., deletion, loss, 

gain) and size category (e.g., focal, small, broad). Low-

information features were removed by excluding features 

with low variance (< 0.1) or fewer than 10 unique values, 

yielding a total of 458 CNV features.

DNA variants (SNV/SV) Variants features were obtained 

from the Synapse R dataset (Data_1309Samples.
RData, https:/ /doi.or g/10.73 03/s yn54032669) and aug-

mented with variants from Supplementary Table 11 of 

Pölönen et al. [7], resulting in 608 variant features, includ-

ing 70 CNV features. A total of 341 features were overlap-

ping between the Synapse R dataset and Supplementary 

Table 11, while 43 and 224 variants are unique to the Syn-

apse R dataset and Supplementary Table 11, respectively.

Clinical data (Clin) In order to develop a model that 

enables unbiased prediction based on available features 

prior to outcome assessment, four post-induction clinical 

variables that encode or depend on treatment outcomes 

(“Day 29 morphology”, “treatment arm”, “standard induc-

tion”, and “HSCT” (hematopoietic stem cell transplanta-

tion)) were excluded, resulting in a total of 42 encoded 

clinical features.

Model construction

Unimodal models were trained separately for gene 

expression, DNA variants, CNVs, and clinical data using 

the corresponding feature sets described above. �e clin-

ical-only model used all retained clinical variables, the 

variant-only model used all available variant features, and 

the CNV-only model used all filtered CNV features.

For multimodal integration, gene expression, DNA 

variant, and clinical features were combined. CNV fea-

tures were excluded from the multimodal model due to 

consistently poor performance observed in unimodal 

CNV models, indicating limited predictive utility in this 

setting. For a detailed overview of features per model see 

Supplementary Tables S2 and S3.

Encoding

Categorical variables (e.g., CNS status) were one-hot 

encoded. Continuous variables (e.g., white blood cell 

count) were not standard-scaled; instead, they were pro-

cessed using piecewise linear embeddings (PLE; [29]) 

which represent scalar features through learnable piece-

wise linear transformations, improving numerical stabil-

ity and expressiveness.

Deep learning architecture

We employed a TabM-derived architecture ([17]), a deep 

learning framework optimized for tabular data that uti-

lizes a mini-ensemble technique within network layers. 

�e architecture consisted of three components:

Embeddings

Numerical features were transformed using PLE with 

learnable quantiles, enabling modeling of nonlinear rela-

tionships without explicit pre-normalization.

Backbone

�e core network used the TabM structure, param-

eterized by number of network layers (nblock) and layer 

dimension (dblock, width of layers).
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metrics were computed using scikit-survival ([35]). 

Experiments were run on a CUDA-enabled GPU. Per-

formance was reported as mean C-index and accuracy 

across the five cross-validation folds. Analyses were con-

ducted in Python using SciPy [36], lifelines [37], scikit-

survival [35], matplotlib [38], and seaborn [39].

Competing-risk cumulative incidence analysis

Cause-specific cumulative incidence functions were esti-

mated for five mutually exclusive event types: relapse, 

toxic death, induction failure, second malignant neo-

plasm, and other using scikit-survival’s cumulative_
incidence_competing_risks function. Patients 

were stratified into high- and low-risk groups based on 

predicted cause-specific risk scores, using percentile-

based thresholds corresponding to observed event 

incidences.

Event-free survival analysis

Event-free survival (EFS) was analyzed to assess the prog-

nostic relevance of predicted relapse risk. Patients were 

stratified into high- and low-risk groups using the upper 

decile of predicted relapse risk. Survival time was admin-

istratively censored at five years. Kaplan–Meier curves 

[40] were estimated using lifelines KaplanMeierFit-
ter, and differences between groups were evaluated 

using the log-rank test [41].

Benchmarking clinTALL and TALLSorts

To establish baseline performance, we evaluated the 

TALLSorts classifier [8] using repeated cross-validation. 

A custom Python wrapper enabled automated training 

and evaluation via the TALLSorts command-line inter-

face. Only SHAP-preselected genes were used to limit 

runtime.

Five-fold cross-validation was repeated for 10 inde-

pendent iterations with distinct random seeds (50 total 

evaluations). Models were trained using default TALL-

Sorts parameters and evaluated on held-out test sets. 

�e clinTALL architecture was evaluated using identical 

splits, default TabM parameters, inverse class-frequency 

weighting, PLE-transformed numerical features, and 

AdamW optimization with early stopping.

Performance metrics were aggregated across all folds. 

Overall accuracy and a cumulative confusion matrix 

were computed to identify systematic misclassification 

patterns.

External validation

For external validation, the clinTALL model was trained 

using the set of expressed genes shared between the 

training and validation cohorts, corresponding to the 

final gene set defined above. Hyperparameter tuning was 

performed exclusively on the training data. Raw RNA-seq 

Multi-task competing risk head

�e network was designed for multi-task learning, simul-

taneously predicting:

  • Competing-risk survival, modeled using a cause-

specific Cox proportional hazards framework, 

producing K log-hazard outputs corresponding to 

distinct event types (e.g., relapse).

  • Subtype classification, modeled as a multi-class 

classification task.

Training and stratification strategy

Model training employed a custom relaxed stratified 

5-fold cross-validation scheme. To address class imbal-

ance and correlations between subtypes and survival out-

comes, a hierarchical stratification strategy was applied. 

Samples were initially stratified by a composite Subtype_

EventStatus label; rare categories were pooled into an 

“other” group when necessary.

Data were split into outer 5-fold cross-validation sets, 

with each training fold further divided into training and 

validation subsets (80%/20%). Training used the AdamW 

optimizer [30] with full-batch gradient descent. �e 

global loss was defined as:

 L = αLsurv + (1 − α)Lcls

where Lsurv denotes the sum of cause-specific Cox par-

tial likelihood [31] losses (Breslow method for ties [32]) 

and Lcls denotes the cross-entropy loss. Inverse class-

frequency weights were (optionally) applied to both loss 

components. Early stopping was based on the sum of val-

idation accuracy and concordance index (C-index) with a 

patience of 50 epochs.

Hyperparameter optimization

Hyperparameter tuning was conducted using Optuna 

[33] with 75 trials per dataset configuration. Optimized 

parameters included learning rate (10
−5 – 10

−2), weight 

decay (10
−6 – 10

−3), architecture dimensions (block 

sizes: 128, 256, 512; embedding sizes: 8, 12, 16), number 

of PLE bins (16, 32, 64), PLE function usage (true/false), 

loss weighting parameter α (0.1–0.9), and inverse class-

frequency weighting (true/false). A list of final model 

parameters can be found in Supplementary Table S4.

�e objective function was a weighted average of three-

fold cross-validation C-index and classification accuracy, 

with equal weight assigned to each metric. For an over-

view of final model parameters after tuning see Supple-

mentary Table S4.

Statistical analysis and implementation

Models were implemented in PyTorch [34] using the rtdl-

num-embeddings and TabM library ([17, 29]). Survival 



Page 5 of 14Stoiber et al. Genome Medicine          (2026) 18:108 

counts were normalized using variance-stabilizing trans-

formation (VST) implemented in pyDESeq2 [42], with 

normalization parameters estimated exclusively from the 

training cohort and applied to validation cohorts without 

refitting.

Five models trained during cross-validation were used 

to generate predictions for external cohorts, and final 

predictions were obtained by averaging outputs across 

models.

Other prediction tools

Predictions for TASC [43] and ALLCatchR [44] were 

generated via the local web-app interface (TASC) and 

the R-interface (ALLCatchR, package version 1.1) respec-

tively, as per their description on the respective GitHub 

pages.

Assigning proxy labels

Among the 20 fusion gene types identified in the in-

house AIEOP-BFM cohort, 12 were also reported in 

the Pölönen et al. study, allowing manual assignment of 

transcriptional subtypes based on their definitions in 33 

samples. For the analysis of fusion–subtype associations, 

we prioritised recurrent mappings supported by multiple 

samples. Fusion–subtype combinations represented by 

a single sample were included only when no other sub-

type assignment was observed for that fusion event. 

When a fusion was associated with multiple subtypes, 

only the predominant mappings (i.e., those supported by 

the largest number of samples) were retained, while iso-

lated single-sample associations were omitted to improve 

interpretability and reduce the influence of potentially 

non-representative assignments.

Estimating training data requirements via cross-subtype 

scaling

To estimate data requirements to improve the prediction 

performance of rare subtypes, we applied a cross-subtype 

scaling approach in which each subtype was treated as 

an observation linking training sample size to classifica-

tion performance. A three-parameter power-law func-

tion (f(n) = a − b · n−c) was fitted across subtypes to 

model the relationship between sample size and F1 score 

or recall. �is fitted curve was then used to estimate the 

minimum number of training samples required to reach 

a predefined performance threshold (F1/recall ≤ 0.80): 

nreq =
(

b
a−scoretarget

)1/c

. Estimates assume comparable 

data distributions across subtypes and should be inter-

preted as lower bounds.

Results
Input of multimodal data achieves high performance 

of T-ALL subtype classification and treatment outcome 

inference

clinTALL is a multitask learning pipeline that integrates 

multimodal input data for pediatric T-ALL subtype clas-

sification and treatment outcome prediction (Fig. 1A). 

�e model was trained on 1309 T-ALL samples from 

a recently published well-curated cohort of pediatric 

T-ALL patients [7]. Multimodal inputs contained a total 

of 2108 features collected at diagnosis, including 41 base-

line clinical parameters and day-29 minimal residual 

disease (MRD), 1066 whole genome sequencing (WGS) 

derived genomic alterations and 1000 gene expression 

features from whole transcriptome sequencing (WTS, 

Supplementary Table S3). To process this heteroge-

neous tabular data, we utilized TabM ([17]), a modern 

deep learning architecture that employs piecewise linear 

embeddings and batch ensembling to learn robust feature 

representations. A neural network (NN) based architec-

ture was employed to generate a shared latent embed-

ding for jointly learned dual prediction of subtypes and 

risk scores (Fig. 1B). A softmax classification head was 

used for subtype prediction optimized via cross-entropy 

loss, whereas a cause-specific Cox proportional haz-

ards (adapted from the DeepSurv implementation of the 

pycox package [45, 46]) approach was employed to gener-

ate risk scores, explicitly modeling competing risks (e.g., 

relapse vs. death) within a unified framework. SHAP 

values were generated for a more detailed overview of 

feature contributions to each modality (Supplementary 

Tables S5).

To evaluate the contribution of each data modality, we 

benchmarked single-modality data models. Among these, 

the transcriptome-only model showed the strongest 

predictive performance for both subtype classification 

(92.2%) and event-free survival (EFS) prediction (65.9%) 

(Fig. 1C, Supplementary Table S6). �e high subtype-

classification accuracy is expected, given that these sub-

types were originally defined using gene expression based 

clustering [7]. WGS derived alterations also achieved 

good performance for both tasks. Clinical parameters 

demonstrated relatively low subtype classification accu-

racy (52.4%), however displayed good concordance for 

EFS prediction (63.0%). Together, these data indicate that 

the transcriptome-only model outperforms models solely 

based on genomic or clinical features across both tasks.

Integration of all data modalities preserves the high 

accuracy of subtype classification, and also achieves 

high accuracy at the individual subtype level (Fig. 1D). 

Among the 17 T-ALL subtypes, nine achieved an accu-

racy greater than 90%. Four subtypes (TME-enriched, 

KMT2A, MLLT10 and HOXA9 TCR) showed moder-

ate accuracy (< 75%) due to overlapping features among 
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these subtypes (Supplementary Table S7), while the 

TME-enriched subtype was further affected by reduced 

sample quality, with a lower blast percentage compared 

to the overall cohort (51.2% vs. 84.2%). �ree sub-

types (NKX2-5, NUP98 and NUP214) exhibited very 

low accuracy (40%), which is likely due to the limited 

number of samples for training, in line with the power 

analysis indicating that at least 84 samples per subtype 

are required to reliably achieve a recall ≥ 0.80.

Instead of classical single-event based survival analy-

sis, clinTALL employs a competing risk-based frame-

work to generate event-specific risk predictions. �e 

cause-specific competing risk model achieved an overall 

concordance-index (C-index) of 0.602, and demonstrated 

distinct predictive capabilities across event types (Fig. 1E, 
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Fig. 1 Overview and performance of the clinTALL multimodal framework. A Overview of the clinTALL framework. The model integrates clinical, genomic, 
transcriptomic, and CNV data and predicts both T-ALL molecular subtype and event-specific risk scores. B Schematic overview of the model architecture. 
C Performance comparison across different data modalities indicates that a multimodal data model outperforms unimodal data models. The central 
heatmap defines the input data configuration for each experiment, where cells colored in grey indicate the inclusion of a specific data modalities (Copy 
number variation (CNV), clinical data, genomic alterations (SNV/SV), or gene expression). The left bar chart displays the mean concordance index (C-
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Table 1). Performance was the strongest for induction 

failure, where the model maintained high discrimination 

(C-index 0.960; mean AUC 0.965). Secondary outcomes, 

including relapse and second malignant neoplasm, 

showed moderate discriminative ability (C-indices of 

0.577 and 0.621, respectively) accompanied by low Brier 

scores, indicating low overall prediction error despite the 

low event frequency.

Together, by integrating clinical features and multi-

omics data, clinTALL enables high performance sub-

type classification, and allows for event-specific risk 

prediction.

Competing risk-based modeling determined patients at 

high risk for individual events

Pediatric T-ALL outcome data contain a set of mutually 

competing events, such as induction failure, toxic death 

and relapse. �us, a competing risk-based survival anal-

ysis is required for accurate analysis of treatment out-

come. Accordingly, clinTALL models survival of pediatric 

T-ALL using a competing risk structure and generates 

event specific risk scores. Using cumulative incidence 

functions we confirmed the model’s ability to distinguish 

high-risk patient groups across key clinical endpoints 

(Fig. 2A). �e most pronounced risk stratification was 

observed for induction failure, where the model achieved 

near-perfect separation, isolating virtually all events 

within the predicted high-risk group. Second malignant 

neoplasm events showed moderate separation consistent 

with their lower baseline frequency, with the high-risk 

group consistently tracking above the low-risk group. 

Conversely, stratification for the ‘other’ group was unsuc-

cessful (no patients with events ended up in the high-risk 

group), likely reflecting the heterogeneous nature of this 

small catch-all category.

When applied to a multimodal dataset, our event-spe-

cific model enables a more refined characterization of 

patient outcomes and improved discrimination among 

samples experiencing different clinical endpoints. For 

example, previous studies using simple event-censor-

based survival models have suggested that SPI1 and 

LMO2 γδ-like subtypes are associated with poor treat-

ment outcome [7, 47]. In our competing risk-based 

model, we observed that cases with LMO2 γδ-like sub-

type show specific increased risk scores for induction 

failure and relapse, whereas cases with SPI1 subtype were 

associated with second malignancy and toxic death (Fig. 

2B). �is is in line with the enriched frequency of these 

specific clinical events in cases harbouring LMO2 γδ-like 

and SPI1 T-ALL subtypes (Fig. 2C). Together, this high-

lights the superior accuracy and resolution of clinTALL 

in event-specific outcome inference.

Outcomes for relapsed pediatric T-ALL remained poor 

[47], therefore identification of patients at high risk for 

relapse is critical to enable precise therapeutic stratifica-

tion. At present, minimal residual disease (MRD) remains 

the only prognostic marker applied across pediatric 

T-ALL clinical trials [48, 49]. In our competing risk-based 

model, although C-index (57.7%) for relapse is modest 

relative to other events, it demonstrates strong short-

term discrimination (180-day AUC = 0.669), with attenu-

ation over longer horizons (1-year AUC = 0.647, 3-year 

AUC = 0.572, Table 1). �e relapse risk score derived 

from our model shows a statistically significant but 

weak positive correlation with day-29 MRD (r = 0.116, 

p = 2.66 × 10
−5; Fig. 2D). Moreover, our competing risk-

based model successfully delineated two distinct relapse 

risk groups, with the high-relapse-risk group exhibiting 

a significantly steeper accumulation of early events and 

a higher cumulative incidence plateau (∼20% vs. ∼10%; 

Fig. 2A, relapse panel). Consistently, high-risk patients 

Table 1 Comprehensive performance metrics of competing risk models by event type
Metric Overall Relapse Toxic death Induction failure Second malignant neoplasm Other*

C-Index ↑ 0.602 0.577 0.541 0.960 0.621 0.368

AUC Mean 0.657 0.613 0.592 0.965 – 0.329

AUC 180d 0.701 0.669 0.558 0.965 – 0.355

AUC 365d 0.663 0.647 0.618 0.966 0.877 0.246

AUC 1095d 0.606 0.572 0.568 0.966 0.689 0.344

IBS ↓ 0.099 0.059 0.018 0.017 0.005 0.008

Brier 180d 0.048 0.018 0.005 0.018 0.000 0.004

Brier 365d 0.082 0.042 0.017 0.018 0.003 0.006

Brier 1095d 0.134 0.089 0.022 0.017 0.008 0.011

Performance metrics for the competing risk model across pooled predictions from the final model and individual event types. C-Index represents the concordance 

index for discrimination across all time points. AUC (Area Under the Receiver Operating Characteristic Curve) is reported as the mean across all time points (AUC 

Mean) and at specific landmarks: 180 days, 365 days (1 year), and 1095 days (3 years) post-baseline. Time-dependent AUCs were computed at fixed landmark times 

using predictions from cause-specific hazard models, with competing events treated as censoring. IBS (Integrated Brier Score) summarizes overall prediction error 

across the study period, while time-specific Brier scores quantify prediction error at each landmark. (↓) Lower Brier scores and IBS values indicate lower prediction 

error; (↑) higher C-Index and AUC values indicate better discrimination (with 0.5 representing random prediction and 1.0 representing perfect prediction for AUC). 

– indicates insufficient events at that time point for metric calculation. * “Other” contains samples assigned to “death, not otherwise specified (NOS)” and “induction 

death”



Page 8 of 14Stoiber et al. Genome Medicine          (2026) 18:108 

showed significantly lower 5-year EFS (75.5% vs. 85.7%, 

p = 7.03 × 10
−5; Fig. 2E). Together, these findings indi-

cate that the competing risk-based model is able to iden-

tify patients at high-risk to relapse.

High accuracy was observed in external cohorts

To estimate the performance of clinTALL on real-world 

clinical data, we applied the tool to two independent 

RNA-sequencing datasets from diagnostic pediatric 

T-ALL samples. �e Hackenhaar dataset comprises 108 

T-ALL samples from the Nordic Society of Paediatric 
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Haematology and Oncology (NOPHO) ALL2008 T-ALL 

study cohort [26]. However, the absence of publicly avail-

able clinical or cytogenetic annotations prevented the 

direct assessment of prediction accuracy. �e second, 

in-house RNA-seq dataset consists of 120 diagnostic 

samples from patients with T-ALL enrolled in the Italian 

AIEOP-BFM ALL 2017 treatment study. In this cohort, 

the exact fusion gene was assessed positive for 41 sam-

ples, whereas the others were negative. Given the fact 

that the 17 subtypes defined in the Pölönen study [7] are 

derived from integrated whole-transcriptome and whole-

genome analyses, the lack of definitive ground truth sub-

type information in these two independent RNA-seq 

datasets closely mirrors the incompleteness and hetero-

geneity of real-world diagnostic data.

First, despite missing ground truth labels, we sought to 

estimate whether subtypes predicted by clinTALL aligned 

with the structure of the training cohort. To this end, we 

embedded both the query and reference samples into a 

shared UMAP (uniform manifold approximation and 

projection) space. As a result, we observed strong con-

cordance between the predicted subtypes and their cor-

responding reference regions (Fig. 3A), indicating that 

clinTALL maintains robust performance when applied to 

real-world data.

Next, we evaluated the prediction accuracy using the 

available fusion gene information in the AIEOP valida-

tion cohort. RNA-seq-based fusion detection identified 

fusions in 41 out of 120 samples, while 2/3 of the sam-

ples were fusion-negative. �is is likely because T-ALL 

rearrangements frequently involve non-coding regions, 

as shown from the WGS data (Pölönen et al), which are 

difficult to capture using RNA-seq. Among the 20 fusion 

gene types determined in the in-house cohort, twelve 

were also reported in the Pölönen study, allowing us to 

manually assign subtypes according to their definition in 

33 samples (Supplementary Tables S8 and S9). Of these 

samples, clinTALL correctly predicted subtypes in 27 

samples, corresponding to an accuracy of 81.8 % (Fig. 

3B). �e false predicted samples are mainly from a clus-

ter of subtypes (related to NUP, KMT2A, MLLT10, ETP-

like and HOXA subtypes) which is hard to differentiate, 

mainly due to lack of unique transcriptional profile (Sup-

plementary Table S10) and the low number of samples in 

the training data (Fig. 3B).

Lastly, we assessed the accuracy of predicting treat-

ment outcomes in the Italian validation cohort with only 

RNA-sequencing data available. We determined two 

patients with a high risk score for second malignant neo-

plasm (one SPI1 and one TAL1 αβ -like) and one ETP-

like patient with a high risk score of induction failure 

(Fig. 3C). In addition, five patients were classified as high-

risk to relapse (Fig. 3C). Following treatment outcome 

assessment, these predicted outcomes were confirmed 

in all eight patients (�ese sample-level outcome events 

were used solely as ground-truth labels for model valida-

tion rather than as an analysis of trial-defined endpoints).

�ese findings demonstrate that clinTALL accurately 

predicts molecular T-ALL subtypes using real-world 

RNA-sequencing data and allows for determination 

of patients with high risk for induction failure, second 

malignancy and relapse.

clinTALL demonstrates competitive performance among 

available tools

We next compared the performance of clinTALL with 

previously published tools. To our knowledge, no existing 

model provides both subtype classification and outcome 

prediction for pediatric T-ALL. For outcome predic-

tion alone, PredicTALL has been reported [14], but its 

source code is not publicly available, preventing direct 

comparison with clinTALL. Several AI-based tools have 

been published for ALL subtype prediction, though most 

address pan-ALL subtype classification and do not spe-

cifically resolve the complex heterogeneity of T-ALL [9, 

13, 50]. By contrast, ALLCatchR, TASC, TALLSorts and 

Tallforest were reported to capture the complex sub-

type architecture of T-ALL [8, 12, 43, 44]. Among these, 

TALLSorts provides accessible source code that allows 

for model benchmarking, whereas ALLCatchR and 

TASC offer pre-trained models for subtype prediction. 

�erefore we benchmarked the model performance of 

clinTALL relative to TALLSorts, and further compared 

the subtype predictions of clinTALL, ALLCatchR and 

TASC using the AIEOP-BFM ALL 2017 cohort.

�e original TALLSorts classifies samples into only 8 

subtypes, rather than the current 17 subtypes framework. 

To enable a fair and direct comparison with TALLSorts 

that only uses gene expression data as input, we retrained 

its model using the same cohort of 1309 T-ALL samples 

and the same 17 subtype output as applied in clinTALL. 

Under these harmonized conditions, clinTALL outper-

formed TALLSorts, with an overall accuracy of 95.0 % 

versus 93.4 % (Fig. 4A). Furthermore, clinTALL showed 

higher per-class accuracy (macro recall of 86.1 % vs. 

83.4 %; Fig. 4B), with notably improved performance for 

LMO2 γδ-like (90.0 % vs. 82.0 %) and MLLT10 (90.0 % vs. 

86.0 %) subtypes (Fig. 4 C).

Next, we compared the subtype prediction of clinTALL, 

ALLCatchR and TASC using the 33 samples with avail-

able fusion genes in the AIEOP cohort. TASC uses the 

same output subtype definitions as clinTALL, enabling 

direct comparison of subtype predictions between the 

two tools. Among the 33 samples, 26 showed concordant 

subtype assignments (Fig. 4D; Supplementary Table S9). 

Of the 7 discordant cases, 5 were not assigned a subtype 

by TASC (labelled as “NA” in the output), while clinTALL 

correctly predicted 4 of these 5 cases according to the 
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proxy labels. In the remaining 2 cases, TASC correctly 

predicted the subtypes, whereas clinTALL misclassified 

them. In contrast, ALLCatchR was trained on a broader 

cohort comprising both pediatric and adult T-ALL cases, 

and defined subtypes that differ from Pölönen et al [7], 

preventing the direct one-to-one comparison of out-

put labels. Nevertheless, 27 of 33 samples were assigned 

high-confidence subtype predictions by ALLCatchR (Fig. 

4E). Among these, the subtype predicted by clinTALL 

matched at least one of the high-confidence subtypes.

Together, despite the fact that only RNA-sequenc-

ing data were used for training, clinTALL outperforms 

TALLSorts for subtype prediction and shows high con-

cordance with TASC and ALLCatchR for well-presented 

subtypes.
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Container-based implementation for clinical deployment

To enable clinical translation of clinTALL, we pro-

vide an interactive Docker-based application for sub-

type and risk prediction. �e application accepts 

standard clinical and/or molecular features and generates 

patient-specific predictions for each competing event. 

�e tool is designed for ease of use by clinicians with-

out programming expertise and supports both single-

patient queries and batch processing. Comprehensive 

documentation and example cases are provided to 
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facilitate interpretation of model outputs. �e clinT-

ALL application is freely accessible on github.com/

UKWgenommedizin/clinTALL.

Discussion
Despite the increasingly refined molecular classification 

of pediatric T-ALL, translating this knowledge into clini-

cally applicable tools remains challenging. In this study, 

we developed clinTALL, an ML-based framework that 

integrates multimodal data for both genetic subtype clas-

sification and treatment outcome prediction. By incor-

porating clinical, genomic, and transcriptomic features, 

clinTALL consistently outperformed single-modality 

models in both tasks. Notably, while we observed that 

transcriptomic features alone were central to capturing 

T-ALL biology, the integration of multi-omics data via 

the TabM architecture successfully leveraged comple-

mentary information without introducing noise. �is 

approach preserved the high fidelity of RNA-seq-based 

subtype classification while simultaneously enhancing 

survival prediction capabilities.

�e competing risk-based modeling provided a par-

ticularly effective approach for stratifying distinct clini-

cal endpoints, though performance varied by event type. 

clinTALL was highly effective at identifying induction 

failure and second malignant neoplasm, yet performance 

was lower for clinically heterogeneous categories such 

as toxic death. Regarding relapse, although clinTALL 

achieved strong concordance for early events, perfor-

mance gradually declined at later time points. �is trend 

likely reflects the temporal differences in these events: 

induction failure is defined at the end of the 4–6 week 

induction phase [51–53], whereas relapse events occur 

at a median of 13.8 months [54]. Nevertheless, the bio-

logical validity of the model was supported by a statisti-

cally significant, yet weak, correlation between predicted 

relapse risk and day-29 MRD. �is suggests that clinT-

ALL captures intrinsic components of early treatment 

response. While clinTALL preserves its predictive power 

for a disease typically associated to early events, however, 

the reduced accuracy at later time points indicates that 

early features alone may be insufficient to capture the bio-

logical process evolving during treatment, or processes 

that may drive late relapses, suggesting that incorporat-

ing longitudinal molecular or clinical measurements may 

be required to improve long-term predictive accuracy.

Although clinTALL achieved high subtype accuracy 

overall, four subtypes exhibited reduced performance 

due to lack of unique transcriptional profile and the lim-

ited number of samples in the training cohort. Expand-

ing the sample size to at least 84 for these rare subtypes 

is expected to further improve performance, reaching a 

recall ≥ 0.80. In addition, this study focuses on the 17 

major subtypes and does not capture finer stratification 

within ETP-like subgroups. Incorporating these sub-

groups in future work will be important to enhance pre-

cision of subtype classification in T-ALL. Furthermore, 

event-specific risk modeling would also benefit from 

validation in datasets with complete and accurately anno-

tated time of clinical events.

Conclusions
In summary, clinTALL provides a unified multimodal, 

multi-task framework that simultaneously delivers sub-

type classification and event-specific risk prediction in 

pediatric T-ALL. By offering a user-friendly web inter-

face, clinTALL facilitates the broader application of 

multi-omics-derived knowledge in clinical research. �is 

framework supports the integration of molecular infor-

mation into patient management, ultimately contributing 

to the development of more tailored treatment options 

and improved treatment outcomes.
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