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Abstract

Blood cancers are common, affecting over 10 million individuals worldwide. Ge-
nomic approaches have shown promise in better diagnosing and risk-stratifying
these cancers, but scaling up those approaches with machine learning has been chal-
lenging due to a lack of sufficient training data and robust classification approaches.
Current models ignore disease taxonomies, underrepresent the full diversity of diag-
noses, and fail to handle out-of-distribution (OOD) subtypes. We sought to leverage
the largest ever multi-omic blood cancer dataset of over 5,000 genomically-profiled
tumors that span more than 160 distinct subtypes to develop BLOOM, a deep
learning pipeline that learns stable embeddings across transcriptomic, mutational,
and fusion inputs. These embeddings enable taxonomy-aware, OOD-robust diag-
noses with high validation performance (97.9% diagnostic precision) and strong
cross-institution generalization (95.1% diagnostic precision). BLOOM’s embed-
dings also transfer to survival prediction, attaining validation c-indices of 0.739
and 0.690 for overall and progression-free survival respectively. Through these
information-rich representations of diverse genomic inputs, BLOOM highlights
the clinical utility of transfer learning for blood cancer diagnosis and prognosis.

1 Introduction

Blood cancers account for roughly 10% of all cancer cases and affect over 10 million patients globally,
presenting a major clinical challenge due to their high mortality and extreme biological heterogeneity
[, 2]. There are more than 160 distinct subtypes of blood cancer, organized into a four-level
taxonomy by the World Health Organization (WHO) Classification System for Hematolymphoid
Tumors [3]. Yet, accurate diagnosis remains difficult as traditional workflows are time-consuming,
resource-intensive, and often limited by incomplete profiling or subjective interpretation.

Most prior machine learning approaches for blood cancer diagnosis rely on images or single genomic
data-types and span a narrow range of diagnoses, limiting their performance and clinical utility
[4-6]]. Moreover, nearly all published classifiers directly predict across diagnotic classes, ignoring
the inherent hierarchical relatedness among subtypes [7H9]]. Such flat frameworks cannot leverage
shared lineage features linking related diseases and lack mechanisms for handling cases with OOD
subtypes, making them unreliable in real-world clinical settings. In contrast, multi-omic embeddings
that encode diverse genomic modalities better reflect the breadth of disease biology. Passing such
embeddings into a hierarchy-aware model allows for flexible, OOD-robust predictions that account
for the relationships between genomic features and disease lineages.

Another critical clinical need is predicting prognosis. Current risk models rely on broad clinical
features or limited genomic data-types and cover small subsets of diagnostic categories. Such models
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often fail to capture the complexity of factors underlying patient outcomes, which limits their clinical
applicability [[10H13]]. Generalizable multi-omic embeddings can allow models to connect genomic
features with outcome-relevant biology, improving prognostic predictions. Such approaches can
stratify patients into clinically meaningful risk groups, informing personalized treatment regimens.

We present Blood cancer Learning via Omics and Ontology-aware Modeling (BLOOM), a transfer
learning framework that learns stable multi-omic embeddings with effective application to diagnostic
and prognostic tasks. Our study draws on the Atlas of Blood Cancer Genomes (ABCG), a dataset
generated from over 5,000 patients that is the largest, most comprehensive multi-omic blood cancer
cohort to date [[14]. It spans 163 blood cancer subtypes we profiled with matched gene expression,
mutations, and fusion calling. To our knowledge, no prior study has integrated such diverse omics
data-types across this broad a spectrum of blood cancers. In BLOOM, we use a source model to
encode these multi-omic inputs into a low-dimensional embedding. We show this embedding leads
to hierarchical, OOD-robust diagnoses and accurate prognoses across institutions when passed into
specialized target models, establishing a foundation for multi-omic transfer learning in precision
hematologic oncology.

2 Methods

2.1 BLOOM Pipeline

The ABCG cohort (n=5,476; 163 diagnoses) was processed through bioinformatic pipelines for gene
expression, variant calling, and fusion detection (Figures 1a,52). The cohort was then divided into an
in-distribution (ID) set (n=4,081) from 34 well-represented diagnoses and an OOD set (n=1,395) of
129 rare entities (Figure S1). We randomly split the ID set into train, validation, and test sets with
the test and OOD sets used solely for post-training evaluation. To determine model robustness to
batch effects, we also used leave-one-hospital-out cross-validation (LOHOCYV) on models trained
both with and without clinical data evaluating performance on the hold-out set (Figure S6).

2.2 Source Model: Diagnosis-Aligned Multi-Omic Embedding

Our source model converts high-dimensional transcriptomic, mutation, and fusion features into
low-dimensional, information-rich representations using an expression encoder and integration head
(Figure 1b, Table S1). The expression encoder manages the high dimensionality of the transcriptomic
input (12,438 genes), learning a 256-dimensional embedding that preserves relevant expression
patterns. This embedding is concatenated with mutation and fusion features which is then processed
by the integration head, a multilayer perceptron (MLP) that classifies among the 34 ID blood cancer
subtypes, outputting a 34-dimensional vector of class scores. These class scores are temperature-
scaled and concatenated to a 256-dimensional learned feature vector from the integration head’s
penultimate layer to produce a diagnosis-aligned multi-omic embedding (DAME) that captures the
holistic genomic landscape of each sample. DAME is the BLOOM pipeline’s source embedding that
is transferred to the hierarchical diagnosis and survival prediction target tasks. Importantly, both
components of the source model are jointly learned during training, allowing the expression encoder
to generate embeddings directly informed by the diagnostic objective.

2.3 Hierarchical Softmax: Hierarchical Diagnosis Classification

DAMEs are inputted to a specialized Hierarchical Softmax model (HSM) that outputs a structured
diagnosis aligned to the WHO-defined taxonomy. DAMEs first pass through the HSM’s shared
encoder, an MLP projecting them into a shared embedding space. This embedding enters a Softmax
tree in which each internal node of the WHO taxonomy is represented by a dedicated linear layer
whose Softmax output defines a conditional probability distribution over its children (Figure 1c).

Post-training, we define minimum confidence thresholds at each internal node. During inference,
if the model’s confidence for all child nodes under a parent falls below its threshold, prediction
halts at that parent node. This mechanism allows classifications to degrade gracefully on uncertain
or OOD samples, outputting higher-level predictions for safe and robust clinical deployment. We
select a conservative threshold as misclassifications in a clinical setting can have severe treatment
consequences. In other words, we allow frequent higher-level predictions to ensure deeper predictions
are of the highest confidence and precision (Table S3, Figure S4).



2.4 DeepHit: Survival Prediction

DeepHit, a neural network for survival analysis, leverages DAMEs to model time-to-event risk
for patient outcome prediction [13]. DAMEs are passed into two parallel DeepHit networks, one
modeling overall survival (OS) and the other progression-free survival (PFS), that each output a
T-dimensional vector containing risk scores for each time interval (Figure 1d, Table S4).
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Figure 1: (a) BLOOM pipeline. (b) Source model. (¢) HSM. (d) DeepHit for OS and PFS.
3 Results

3.1 Source Task: Creating DAMEs

We first evaluated the discriminative quality of DAMEs before transferring them to the target
tasks. The source model effectively classified over the 34 ID diagnoses with validation, test, and
LOHOCYV hold-out macro-averaged AUROCs of 0.975£0.1%, 0.981+0.1%, and 0.967+1.2% which
corresponded to accuracies of 74.64+1.0%, 75.14+0.8%, and 70.2+4.4% respectively (Figures S3,S6).
t-SNEs of the source model’s learned features reveal clear separation in the ID set among cells-of-
origin (COOs), diagnoses, and DeepHit 3-year OS risk tertiles demonstrating the source model’s
greater ability to capture clinically-relevant genomic structure compared to raw gene expression
(Figures 2a-b,S2-3) [16]]. Our source model achieved significantly higher diagnostic accuracy than
one using a Graph Neural Network (GNN) integration head (p<0.01) and outperformed Decision
Tree, Random Forest, and XGBoost classifiers in COO and diagnostic macro-averaged AUROC and
accuracy (p<le-4) (Figure S3) [17].

3.2 Target Task 1: Hierarchical Blood Cancer Diagnosis

The HSM achieved validation precisions of 98.2+0.1% and 97.9£0.6% in classifying COO (level 1)
and specific diagnoses (level 4) respectively as well as high ROC separation across all internal nodes
of the hierarchy (Figures 2¢,S4). This strong ID performance extended to the OOD set, classifying
COO with a precision of 91.6+£0.4% and achieving a hierarchically-weighted precision of 89.3+1.3%.
Robust performance on OOD cases is due to effective threshold calibration causing the HSM to
halt predictions at higher taxonomic levels, only predicting to the diagnosis level in 2.294+1.1%



of OOD cases. Conversely, the HSM predicted to the diagnosis level in 11.54-1.6% of validation
cases, revealing significantly different diagnostic behaviors for ID and OOD samples that match our
desiderata (p=1.06e-6). LOHOCYV hold-out performance was similar with COO, diagnostic, and
weighted precisions of 98.1+£1.0%, 95.1£4.2%, and 97.9£1.0% respectively (Figures 2¢,S6).

3.3 Target Tasks 2 & 3: Overall and Progression-Free Survival Analysis

Kaplan-Meier (KM) curves of DeepHit-predicted PFS and OS 3-year risk tertiles show significant
stratification (p<le-6) (Figures 2d—e). The validation concordance indices (c-indices) of the DeepHit
OS and PFS models were 0.739+3.0e-3 and 0.690+6.1e-3 respectively, significantly outperform-
ing age at diagnosis Cox models as well as DeepHit models trained on clinical diagnostic labels,
raw genomic inputs, and the source model’s learned features (p<0.05) (Figure S5). High OOD
and LOHOCYV hold-out performance were also achieved with OS c-indices of 0.69741.1e-2 and
0.742+£2.5e-2 and PFS c-indices of 0.634+1.6e-2 and 0.665+2.4e-2 respectively (Figures S5-6).
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Figure 2: Learned feature t-SNEs colored by (a) COO and (b) DeepHit 3-year OS risk tertiles. (c)
HSM performance. Validation set KM curves of DeepHit (d) PFS and (e) OS 3-year risk tertiles.

4 Discussion

BLOOM establishes a unified transfer learning framework that generates embeddings from transcrip-
tomic, mutation, and fusion data for two clinically impactful tasks: diagnosis and risk stratification
of blood cancers. The high ID precision and robust OOD-handling of our HSM and the DeepHit
models’ significant ability to stratify prognostic subgroups highlight the predictive value of DAMEs.
The target models’ consistent LOHOCYV hold-out performance when trained both with and without
clinical data strongly suggests DAMEs capture true predictive signal rather than institution-dependent
batch effects. Future extensions could incorporate additional data modalities such as copy-number
alterations, viral detection, and biopsy site images to maximize the breadth of information encoded by
DAME:s. Additionally, fine-tuning the source model while training the target models could enhance
the specialization of the embeddings for the specific task. Finally, alternative source embeddings such
as a contrastive model that maps multi-omic data to textual descriptions of each malignancy could be
explored. Overall, the BLOOM pipeline highlights the value of transfer learning: rich, multi-omic
source embeddings can be the foundation for clinically impactful precision oncology.



S Supplementary Methods

5.1 Blood Cancer Taxonomy

Tumor samples in the ABCG cohort were mapped to the taxonomy defined by the WHO Classification
System for Hematolymphoid Tumors (5th ed.). Adding a root (blood cancer), this taxonomy forms
a rooted directed acyclic graph (DAG) spanning five levels, from the root through level 1 (COO)
all the way down to the leaf nodes representing specific subtypes (Figure S1a). Consistent with
population frequencies, mature B-cell neoplasms, acute myeloid leukemia (AML), and mature T/NK-
cell neoplasms are the most common subcategories for B, myeloid, and T/NK-cell malignancies
respectively, underscoring both the depth and breadth of the ABCG dataset (Figures S1b—c) [T} 2]
Sample counts for level 3 and ID diagnosis categories are also provided (Tables S5-6).
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The ABCG cohort’s genomic data is highly diverse and concordant with the published literature.
Mutation profiles show recurrent alterations in known oncogenic genes such as KMT2D, TP53, BCL2,
and NPM1 and a distribution of variants consistent with the literature such as the overrepresentation
of TET? alterations in T/NK-cell cancers (p=1.01e-7) (Figure S2a) [18]. t-SNE visualization of
transcriptomic profiles confirms this heterogeneity, revealing clear separation between myeloid and
lymphoid malignancies as well as isolated clustering within lineages (Figure S2b). This indicates the
hierarchical structure of subtype relatedness is represented within the genomic data. Fusion analysis
reveals extensive heterogeneity across and within these lineages while confirming known tumor
biology (Figure S2c¢). For instance, we observe that 32 of 34 (94.1%) of cases with PML-RARA occur
in Acute Promyelocytic Leukemia (APL), a myeloid malignancy characterized by that fusion [19].



Clinical outcomes were measured by PFS and OS. Across the full cohort, the median survival time
was 4.2 years (95% CI 3.7-4.7) with 1362 (52.7%) events and 16 years (95% CI 15-21) with 830
(26.7%) events for PFS and OS respectively. KM curves reveal notable stratification across COOs,
with B-cell malignancies exhibiting broadly better PFS (p=2.16e-42) and OS (p=1.11e-70) than
myeloid and T/NK-cell malignancies (Figures S2d-e).
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5.2 Sequencing

Our study uses cases from the ABCG dataset, an international collaborative effort from over 25
clinical sites in which we aimed to collect and sequence cases that represent the full blood cancer
family. The study cohort spans 163 hematologic malignancies and includes 5,476 formalin-fixed,
paraffin-embedded tumor biopsies collected in accordance with an IRB-approved protocol. All
tissue biopsies were deidentified and diagnoses were confirmed by expert panel-based pathology
review using purpose-built tools. Each tumor biopsy has gene expression and fusion calls from
whole transcriptome sequencing as well as matched gene mutation data from whole exome and
targeted panel sequencing. All nucleic acid extractions and sequencing library preparations were
performed with Duoseq (Research Kit EPXv3, Data Driven Bioscience, Durham, NC) following
the manufacturer’s protocol. All libraries were sequenced on the Illumina platform according to
manufacturer recommendations.



5.2.1 DNA Sequencing Analysis

FASTQ files containing DNA sequencing reads were trimmed using Trimmomatic (v0.39) in paired
end mode to remove adapter sequences and low-quality reads [20, [21]. Using Sentiecon BWAmem
(v201911) with the default settings, DNA reads were aligned to the human genome (GRCh38.p12,
with a PAR mask on chrY) [22]. PCR duplicate reads were marked using Picard (v2.8.1) [23]. Picard,
FASTQC (v0.11.8), and samtools (v1.13) were used to extract quality control metrics [24].

5.2.2 Variant Calling Analysis

Variant calling analysis was performed using DNA reads from exome samples and targeted panel
sequencing where available. Variants were called using a pipeline that uses the union of variants
called by each of Strelka2 (v2.9.10), Deep Variant (v1.1.0), and Sentieon Haplotyper (v201911)
[25} 126} 22]]. Synonymous single nucleotide variants (SNVs), variants found in the separate panel of
263 normal control samples, and variants with a population frequency of greater than 0.01 reported
in the gnomAD [27] databases were excluded. We only included variants included in the union of
genes previously described by three major blood cancer genomics profiling studies [28H30].

Variant calling results were split into two components: insertions and deletions (indels) and pathogenic
SNVs. For each patient, indels were summarized as a row vector of indel counts across 188 genes,
each of which contained at least 1 indel in a minimum of 10 cases. These counts were standardized
in the ID (train, validation, test) and OOD sets to the train set distribution upstream of training. We
identified pathogenic SNVs among the called variants using a curated list of genomic loci with known
relevance in hematological malignancies. We excluded any SN'Vs in this set found in fewer than 10
cases across the cohort leaving a set of 48 recurrent pathogenic SNVs. We represent this data for
each patient as a binary row vector indicating presence or absence of each SN'V.

5.2.3 RNA Sequencing & Gene Expression Analysis

FASTAQ files containing RNA-Seq reads were trimmed using Trimmomatic (v0.39) in paired end mode
to remove Illumina specific adapter sequences and low-quality reads [21]. STAR aligner (v2.7.1)
was utilized for mapping RNA reads to the human genome and transcriptome (GRCh38.p12, with a
PAR mask on chrY) [31]]. Reads that had at least one primary alignment to the human genome were
extracted using samtools (v1.13) and additionally filtered based on manufacturer recommendations
using GATK (v4.1.2.0) [24}132]). Transcript quantification was performed using salmon (v1.2.1), and
the transcript-level data were summarized to the gene level using the tximport (v1.14.2) library in
R [33}134]. The result was a matrix representing raw read counts per gene per patient sample. This
matrix was restricted to include only the expression of the protein-coding genes captured by exome
sequencing. Genes with missing or uniformly low expression were excluded from further analysis
and the remaining expressed genes were log2-normalized in R using the DESeq2 (v1.40.2) tool [35]].
In all, we had expression values for 12,438 genes for each patient. These expression values were
standardized in the ID and OOD sets to the train set distribution upstream of training.

5.2.4 Fusion Analysis

Fusions were identified using Arriba (v2.1.0) [36]. To retain high-confidence fusion events for
downstream analysis, we applied a multi-step filtering strategy. First, we selected fusions annotated in
Mitelman, a curated database of recurrent, cancer-associated fusions, or with an automated confidence
label of high [37]. We then excluded fusion events lacking annotated transcript IDs for either fusion
partner. To ensure we selected only biologically and technically supported events, we calculated
a total support metric for each fusion as the sum of split reads from both partners and discordant
mate-pair support. Fusions with fewer than 5 supporting reads were excluded from further analysis.
We identified 10 unique fusion pairs (e.g. BCR-ABLI) and 28 single genes (e.g ALK) involved in
fusions with different partners in at least 10 cases in the cohort. We represented these 38 fusion
features per patient as a binary row vector indicating presence or absence.

5.3 Model Development

After samples were processed through bioinformatic pipelines for gene expression, variant calling,
and fusion detection, the cohort was divided into an ID set (n=4,081) of 34 diagnoses that had



at least 50 representative cases and an OOD set (n=1,395) of 129 rarer entities. The ID set was
randomly divided with a 90/10 train/test split and the resulting train set underwent a random 80/20
train/validation split with ID diagnostic categories stratified across all splits. We ensured the same
samples were in each of the train, validation, and test sets for both source and targets models to
prevent data leakage. The train and validation sets were used for all model training and development
while the test and OOD sets were used only for post-training evaluation.

5.3.1 Source Model

The source model is composed of an expression encoder and integration head implemented and
trained end-to-end in PyTorch [38]]. Both of these components were jointly learned during training.
We performed 1000 trials of Bayesian Optimization (BO) with Optuna to identify optimal architec-
tures and hyperparameters for both source model elements [39]] (Table S1). For consistent DAME
generation for the target tasks, we trained the source model once with the optimized architectures and
hyperparameters and froze the weights.

Table S1: Hyperparameters for source model

Expression Encoder

Component Value

Architecture

Input feature dimension 12,438

Encoder layers 1 (Linear)

Output embedding dim 256

Activation function ReLU

Regularization

Dropout rate 0.5
Integration Head

Component Value

Architecture

Input feature dimension 256

Hidden layers 1 (Linear)

Hidden layer embedding dim 256

Output dim 34

Activation function ReLU

Regularization

Dropout rate 0.5

Training

Optimizer Adam

Learning rate 2.24 x 1075

Weight decay (L.2) 1.68 x 1073

Batch size 64

BO rounds 1000

Max epochs per trial 250

Early stopping patience 5

Loss function Cross Entropy Loss

Performance The source model has strong predictive performance especially considering it clas-
sifies across 34 diagnoses. The validation confusion matrix reveals most of the misclassifications
are reasonable mistakes (Figure S3a). For instance, a plurality of misclassifications occur across 3
highly related Diffuse Large B-cell Lymphoma, not otherwise specified (DLBCL, NOS) subtypes:
Activated B-cell (ABC), Germinal Center B-cell (GCB), and unclassified [40]. When one considers
the unclassified category can actually include ABC or GCB DLBCL, NOS cases simply because
ABC and GCB status were not tested for that patient, the misclassifications are even more reasonable.



t-SNE vizualization of the learned features from the frozen source model’s penultimate layer colored
by diagnosis further confirms its discriminative ability across the 34 ID subtypes, revealing strong
separation even among granular subtypes not just higher-level COO categories (Figure S3b). Finally,
ROC curves of the 10 diagnoses with the most representative cases and the micro-averaged ROC
curve further highlight the frozen source model’s high diagnostic performance (Figure S3c).

Comparison to alternative models We compared the mean predictive performance of our source
model trained with 5 different random states in classifying diagnosis and COO to the following
classifiers (Figure S3d):

1. Decision Tree (DT)

2. Random Forest (RF)

3. XGBoost (XGB)

4. BLOOM source model with a GNN integration head

We implemented the DT and RF baselines using scikit-learn’s DecisionTreeClassifier and
RandomForestClassifier, and the XGB baseline using the XGBoost Python package [41 42].
We train these classifiers on the same mutation and fusion features passed into our source model, but
replace the raw expression features with tumor microenvironment (TME) proportions deconvoluted
from the full transcriptomic data using FARDEEP [43]. These TME proportions correspond to the
relative fractions of immune cells in a given patient, which are highly relevant in blood cancers
diagnosis, especially in determining COO. This controlled dimensionality vastly reduces the size
of the feature space, improving these classifiers’ computational efficiency. We train separate DT,
RF, and XGB models for diagnosis and COO classification with the same train/validation/test split
used for source model development. Using 10-fold grid search CV with cross-entropy loss as the
evaluation metric, we optimize the hyperparameters of the DT (cost-complexity parameter), RF
(number of estimators, maximum depth, and minimum samples per leaf), and XGB (number of
estimators, learning rate, maximum depth, minimum child weight, and the L2-regularization).

An alternative to using an MLP as the integration head of the BLOOM source model is a GNN,
which integrates multi-omic features while explicitly modeling the hierarchical relationships among
diagnostic categories [17]. Each node represents a disease entity, and edges encode hierarchical
dependencies between parent and child classes. The GNN receives the multi-omic feature vector and
propagates it through this hierarchical graph, producing hierarchy-aware multi-omic embeddings
(HAMES) informed by both molecular similarity and taxonomic proximity. We identify optimal
expression encoder and GNN architectures and hyperparameters using the same BO protocol as for
the original source model.

While the DT, RF, and XGB classifiers significantly outperformed random-chance performance
(p<le-4), the BLOOM source model achieved significantly higher validation and test classification
accuracy and macro-averaged AUROC for both diagnosis and COO (p<le-4). The BLOOM source
model also significantly outperformed the GNN-based source model in both validation and test
diagnostic accuracy (p<0.01), but had no significant difference in COO classification or diagnostic
macro-averaged AUROC (Figure S3d). Note that COO predictions for the BLOOM and GNN source
models were obtained by grouping diagnoses in these models’ respective prediction spaces by their
mutually exclusive COO categories and summing the classification probabilities of these groups
rather than retraining them to directly classify COO as done for the DT, RF, and XGB classifiers.



AML(NPM1-mut) - 1 32
APL (PML-RARA) -
AML,NOS (M2)- >
AML,NOS (1) - s < EmzL
ALCL, ALK - a 8. : f DLBCL, NOS
ALCL ALK+ - Bl Nos (80)
ATL- N

DL
cHL (M
MCL

B-ALU/LBL, NOS - DLBCLNOS (6cB)

CML (BCRABLI)

Diagnosis
.MM
2

CML (BCR-ABL1) -
-
cm.-
cHL (MC) -
- . 'E ;B
g oisctnos e - ;e
2 olscnosicen i
DLBCL, NOS -
ozt :
FL- LY - |
Heacton - ] e
LBL(WM)-
[
MDS-MLD -
mcL-
PTLD (monomorphic) -
izt

)
NoS
related MN

© TALULBL

© AMLNPMIT-mut)
o LBL(WM)

+ AMLNOS (M2)
<+ ALCL ALK

= AW NOS (M1)
 PTLE (monomorphic)
© APL{PMLRARA)

NLPHL-
PTCL NOS -

MM -

PBL-

PCNSL -

TALLLBL-
Therapy-related MN - 3

Therapy-related MN -

— FL(AUC=0.

~— DLBCL,NOS (ABC) (AUC=0953)
-+ Micro-averaged (AUC=0,981)
Macro-averaged (AUC=0975)

o
Val Diagnosis ~ Test Diagnosis  Val COO Test COO 00DCOO  ValDiagnosis ~ Test Diagnosis
Accuracy Accuracy Accuracy Accuracy Accuracy AUROC AUROC

00 02 04 Epg 06 08 10

Figure S3: (a) Confusion matrix of the frozen source model’s validation set predictions. (b) t-SNE of
the frozen source model’s learned features colored by ID diagnostic class. (c) Frozen source model
ROC curves of the 10 diagnoses with the most representative cases and the micro-averaged ROC
curve. (d) BLOOM source model, DT, RF, XGB, and source model with GNN integration head
comparative diagnostic and COO classification macro-averaged AUROC and accuracy. ** indicates
p<0.01, **** indicates p<le-4.

Although the GNN-based source model exhibited lower classification accuracy than the BLOOM
source model, the resulting HAMESs offer several potential advantages over DAMEs. HAMEs
are 70-dimensional, corresponding to the GNN’s logits for each of the 36 internal nodes in the
WHO-defined taxonomy for the 34 ID diagnostic leaves. This means HAMEs explicitly encode
hierarchical dependencies and intermediate category representations captured by the GNN. By
embedding information from both fine-grained diagnoses and higher-order taxonomic levels, HAMEs
may enhance downstream target model performance. This makes using a GNN integration head
in the source model a promising avenue for future exploration despite the BLOOM source model
performing best on the source task.

5.3.2 Hierarchical Softmax

Loss function Because the WHO-defined taxonomy is a rooted DAG, there exists a unique path
from the root to each leaf. At each internal node of this hierarchy, the HSM has a linear layer with
a Softmax activation function that outputs the conditional probability distribution across its child
nodes. During inference, the model computes the joint probability of each diagnosis as the product of
conditional probabilities along the corresponding taxonomic path, enabling consistent predictions
that respect the blood cancer ontology.

Given this nested prediction task reliant on conditional probabilities, we implemented a loss function
that balances confidence along the true diagnostic path with calibrated behavior at off-path nodes
(Equation 1) [44] 43]]. The loss includes a path-specific cross-entropy term that encourages high
confidence along the ground truth hierarchical path (Equation 2). It also weighs prediction errors at
internal nodes with many descendant nodes more than errors at internal nodes with fewer descendants
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as higher-level misclassifications lead to a greater number of downstream predictions being incorrect
(Equation 3). In addition, for all internal nodes not on the sample’s path, we apply a term that penalizes
deviations from a uniform distribution over those nodes’ children (Equation 4). This prevents the
HSM from becoming overconfident in branches outside the true prediction path, improving calibration
and robustness, which is particularly important when handling samples from OOD subtypes.

L= aLsoft + (1 - a)Lother (n

Loogt =Y _ W, > Hlonehot,(y)||pn(z)] @)

nez (z,y)€EDn

Hje{l,...N}:n €anc(j)}|
1Z|

Loner =3 S HU(Ich(n)])]pa () @)

ne€Zz (z,y)€D-p

W, =

3)

where n is a node in the set Z of all internal nodes with ancestors anc(n) and children ch(n). D,, is
the set of tuples (z;, y;) of samples whose ancestors contain n in which z; represents sample ¢’s input
features and y; is its ground-truth leaf node label. H|[s||t] is the cross-entropy from s to t. p,,(z;)
is the model’s predicted probability distribution over ch(n) for sample i. « is a hyperparameter
dictating the relative weight of L, ¢ to Logpe, in the cumulative loss function L.

Per o model optimization Since « has a large impact on what the model prioritizes in the
prediction task, we performed BO to identify optimal HSM architectures and hyperparameters for
each a € [0.05, 1] with a step size of 0.05. For each BO study, we ran 100 trials with the maximum
epoch count per trial set to 250 with a patience of 5 epochs. We optimized the following parameters in
the HSM’s shared encoder: number of hidden layers, number of nodes per layer, and the regularization
of these layers. We also optimized five key hyperparameters: learning rate, weight decay, batch size,
and the temperature-scaling factor applied to the 34-dimensional vector of class scores outputted
by the source model before concatenation with the integration head’s penultimate layer features.
This process returned an optimized HSM for each of the 20 o parameters explored. All HSMs were
implemented and trained end-to-end in PyTorch [38].

Adaptive confidence thresholding To mitigate overconfident misclassifications, we evaluated a
node-specific confidence threshold parameter 7. We first computed node-level confidence scores by
evaluating the HSM’s predicted path probabilities along all possible root-to-leaf paths and recording,
for each node, the probability of selecting its correct child (Equation 5). For each n, this produced a
set of scores {s;(n, ¢),y; } X, Ve € ch(n) where s; is sample i’s cumulative predicted path probability
from the root to one of n’s children ¢ and y; € {0, 1} indicates whether the child lies along the true
path for the set of samples V,, at node n.

-1

si(n,¢) = ([ Pwjsalvj, 2:)Pleln, z:) ®)

J=1

where the path to n is y(n) = (V1=root, V2, -.., Un ). We then used these node-wise data to estimate
the threshold 7,, that ensures minimal desired precision 7 € [0, 1] at n (Equations 6-7).

- 1(si(n,c) > )y
Precision,, (t Z Z —>t) (6)
c€ch(n) i€Np
Tn = min{t|Precision, (t) > 7} (7

During inference, the classifier traverses the taxonomy top-down. Starting at the root, it selects
the child (COO) with the highest conditional probability and continues along that path greedily

11



selecting the most probable child at each internal node, updating the cumulative path probability. If
the cumulative probability at a given n’s prediction over ch(n) along this path falls below 7,,, the
model halts prediction and returns n, the last confidently assigned taxonomic class. This adaptive
thresholding causes the HSM to produce shallower, higher-level classifications for ambiguous or
OOD samples while maintaining high precision in confident cases.

Selecting « and 7 The goal is to find a (v, 7) pair that has high validation and OOD performance in
the following metrics: per-hierarchy level precision (Equation 8), hierarchically-weighted precision
(Equation 9), prediction depth (Equation 10), and A-weighted hierarchical distance (Equation 11). We
performed a grid search over («, 7) pairs and selected candidate configurations with high validation
and OOD performance in these metrics from which we selected our final model (Table S2).

1 .
Prec; = N Z Hgi1 = yia} (3)
|| >1
7]
mPrec N,
Wprec = %77ﬁ = Wl &)
D1l
N il
i=1
N
Z |’7®| - DCA '7%7'71 ) + A("?l' - DCA(’Y%'%))] (] 1)

where NV is the number of samples that are predicted at level [ of a hierarchy and ) is the penalty
assigned to misclassifications due to overconfidence relative to early stopping. DC A(~;,7;) is the
deepest common ancestor between the ground truth root to leaf path v; and the predicted path +;
for sample i: DCA(v;,V:) = mazx{k € {0,1, ..|%|} : vi,; = %i,;Y1 < j < k}. Note that for this
hierarchy, |;| is fixed at 5 as that is the number of levels from root to leaf in the WHO taxonomy.

Table S2: HSM candidate configurations

« T A Highly performing metrics

0.15 0.982 OOD Minimazg, VA
02 0991 20  Val & OOD d)
02 0995 50  Val & OOD d)

0.25 0.593 OOD Wy & D Fl-score
0.3 0924 2 Val & OOD d,,
0.5 0.654 Val Wy, & D Fl-score

0.5 0907 1.25 Val& OOD d)

0.5 0908 1.5 Val& OOD dy

07 0905 1 Val & OOD d)

0.75 0915 1.75 Val & OOD d)

08 099 10 Val & OOD d)

09 099 100 Val & OOD dy, Val & OOD W, Fl-score
095 0987 5 Val & OOD d,

1 0979 3 Val & OOD d

1 0.992 Val Minimaxq, VA

For our final model selection, we first filtered out any candidate configurations with OOD weighted
precisions of less than 80% to ensure our model effectively handles OOD samples. We then prioritized
precision because misclassifications at any taxonomic level risk severe patient consequences in a
clinical setting. However, once precision was high, we used prediction depth to assess the model’s
ability to return granular classifications. Given these criteria, we selected the HSM with a («, 7)
configuration of (0.95, 0.987) (Table S3).
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Table S3: Hyperparameters for the selected HSM

Component Value
Architecture

Input feature dimension 290

Shared encoder layers 1 (Linear)
Shared encoder embedding dim 2048
Activation function ReLU
Regularization & Threshold

Dropout rate 0.15
Confidence threshold (7) 0.987
Training

Class score temperature-scaling 2

Optimizer Adam
Learning rate 1.00 x 1074
Weight decay (L2) 7.71 x 1073
Batch size 128

BO rounds 100

Max epochs per trial 250

Early stopping patience 5

Loss function Equation 1 (o = 0.95)

HSMs with comparable validation precisions either underperformed on OOD cases or produced
vastly shallower predictions too generic to be clinically useful (Figures S4a-b). Micro-averaged ROC
curves highlight the selected HSM’s high predictive discrimination at each internal node (Figure S4c).
Overall, our selected HSM configuration balances high precision with meaningful depth on both
validation and OOD sets.

10 ) [lasd nage s 0] .- . - B (e, 7)
] s f ‘ all
I . i & I . y (0.15,0.982)
:
o ' .
gos 0s I ‘ ‘ (0.20,0.991)
S
a @
- s (0.20,0.995)
Z os ;06
"
5 kA (0.80, 0.990)
) A .
=1 i
L] 04 | 8 04 . . (0.90, 0.996)
2 "
s ° i | (0.95,0.987)
02 02
(1.00, 0.979)
00 00 (1.00,0.992)
[€ele] Level 2 Level 3 Diagnosis Weighted Depth [€ele] Level 2 Level 3 Weighted Depth
Precision Precision Precision Precision Precision Precision Precision Precision Precision
Blood Cancer (Root) B-cell (COO) L HLG) Mature 8-cell neoplasms 2) Y [ @ o 3) e
AUC = 0.991 AUC = 0.992 AUC = 0991 AUC = 0.989 AUC = 0.987 AUC = 0.966 AUC = 0.998 AUC = 0.958 AUC = 0.990
WZIT LX) L4 <) Plasia cellfeoplasms 0"~ Plasma cell eoplasms (" Precarsor B-cell neopl BALELTY TRR-EITCO0]
os
- AUC = 0.989 AUC = 0.968 AUC = 0998 AUC = 0.998 AUC = 0.840 AUC = 0840 AUC - 0.965 AUC = 0.965 AU = 0870
& * Mture TINK-eel meoplasms 2) ALCLET RIFALTE OiherPICLCL PrecursorT-cel eoplm 7] TALILGT Wyeloid el (00 AWML W {geneties] 3
os
AUC = 0.953 AUC = 0,930 AUC = 0988 AUC = 0.975 AUC = 0.997 AUC = 0997 AUC = 0,979 AUC = 0977 AUC = 098¢
o AWML @erenaon B WS 2 DS Trerpholeay B WP () PR ] MDS/WPN (2] WDS/RPN 3 SR 2] W (prediposed (3
os
AUC = 0.955 AUC = 0.943 AUC = 0936 AUC = 0.993 AUC = 0.993 AUC = 0.983 AUC = 0.983 AUC = 0,953 AUC = 0,953
0 To 0% 7 To 03 o To 6% 0 To 0% o To 6% 75 To 0% wF To 0% T

FPR
Figure S4: (a) Candidate models’ (a) validation and (b) OOD performance metrics. (c) Selected
HSM'’s micro-averaged validation ROC curves at each internal node of the taxonomy.

A limitation of the selected HSM is the relatively low rate of diagnosis-level predictions, driven
by a high fraction of higher-level outputs (Figures 2c, S4a-b). While this was expected given our
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conservative thresholding, future work would focus on improving prediction depth. First, we will
enhance DAMEs by incorporating additional data-types and test alternative embedding strategies
such as using a GNN integration head in our source model as previously discussed. Another idea is to
train a contrastive model that creates a shared embedding between the multi-omic data and subtype-
specific textual descriptions potentially yielding richer, more discriminative embeddings. Second, we
will explore other hierarchical classification methods. Because hierarchical classifications form a
taxonomic path, we can cast prediction as a sequence generation problem and evaluate transformers
or other attention-based models that condition each child decision on prior taxonomic choices [46].

5.3.3 DeepHit

DeepHit is a neural-network—based survival model that directly learns the joint distribution of event
occurrence and time through discrete-time likelihood estimation. In our implementation, we used
DeepHitSingle from the pycox library to model PFS and OS [15}/47]. Our DeepHit models output
a discrete probability mass function over 1" pre-specified time intervals (0 to 20 years with a step size
of 1 month) corresponding to the conditional event-time distribution P(T = t|X).

We performed 100 trials of BO to identify optimal architectures and hyperparameters for both DeepHit
models’ MLP backbones. We optimized the following parameters: number of hidden layers, number
of nodes per layer, regularization, learning rate, weight decay, batch size, and the temperature-scaling
factor applied to the source model’s 34-dimensional vector of class scores (Table S4).

Table S4: Hyperparameters for DeepHit models

DeepHit OS DeepHit PFS
Component Value Component Value
Architecture Architecture
Input feature dimension 290 Input feature dimension 290
Hidden layers 4 (Linear) Hidden layers 3 (Linear)
Output embedding dim 32 Output dim 64
Activation function ReLU Activation function ReLU
Regularization Regularization
Dropout rate 0.35 Dropout rate 0.5
Training Training
Logits temperature scaling  0.25 Logits temperature scaling 2
Optimizer Adam Optimizer Adam
Learning rate 1.32 x 1073 Learning rate 3.86 x 1074
Weight decay (L2) 6.75 x 107° Weight decay (L2) 5.80 x 107°
Batch size 128 Batch size 128
BO rounds 100 BO rounds 100
Max epochs per trial 1000 Max epochs per trial 1000
Early stopping patience 5 Early stopping patience 5
DeepHit loss function « 0.2 DeepHit loss function « 0.2

Comparison to alternative models We compared DAME-trained DeepHit models to alternative
survival models and different feature sets to test if DAMEs optimally capture prognostic signal.

1. Cox proportional hazards: age at diagnosis

2. DeepHit: 1-hot encoded ID diagnosis labels (Figure S5a)

3. DeepHit: multi-omic data passed into the source model (Figure S5b)

4. DeepHit: learned features from the integration head’s penultimate layer (Figure S5c¢)
To ensure fair comparison, all above DeepHit models were optimized with the same BO protocol
used for the DAME-trained DeepHit models. The Cox model was trained using the CoxPHFitter

method from the 1ifelines library [48]]. All comparison models were trained and evaluated using
the same train/validation/test split used for BLOOM source and target model development.
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For both PFS and OS, the DAME-trained DeepHit models significantly outperformed the age at
diagnosis Cox, the DeepHit diagnosis, and the genomics DeepHit models on the validation and test
sets (p<le-3) (Figures S5c—d). The DAME-trained DeepHit models also significantly outperformed
the age at diagnosis Cox and the genomics DeepHit models on the OOD set(p<0.05). We did not
evaluate OOD for the diagnosis-label models because its ID only inputs are undefined for OOD
samples. The DAME-trained DeepHit model achieved significantly higher validation c-indices than
the DeepHit model trained on the integration head’s learned features for both PFS and OS (p<0.05).
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Figure S5: (a) Diagnosis-label DeepHit models. (b) Genomic data DeepHit models. Note that the
expression encoder and DeepHit model are jointly optimized during training. (c) Learned feature
DeepHit models. (d) PFS and (e) OS DeepHit model performance comparisons. * indicates p<0.05,
** indicates p<0.01, *** indicates p<le-3, and **** indicates p<le-4.

DAMEs captured prognostic-relevant information more effectively than age at diagnosis, a key
clinical baseline. DAME-trained DeepHit models’ outperformance of diagnosis-labeled DeepHit
models demonstrates that despite being diagnosis-mapped, DAMEs effectively embed multi-omic
signals associated with patient risk even within diagnoses. Additionally, their improvement over
models trained only on the integration head’s learned features validates that the class scores carry
prognostic signal. DAME-trained DeepHit models also surpassed models trained on the complete
genomic feature space likely because DAMEs effectively condense the high-dimensional multi-omic
features. This is evidenced by the notably higher train set performance of DeepHit models trained
on all multi-omic features relative to their poorer validation, test, and OOD results, suggesting the
DAME-trained models are less overfit as a result of their focus on the strongest, most biologically
relevant signals, which improves their generalizability.

5.4 Leave-One-Hospital-Out Cross-Validation

To assess whether source, HSM, and DeepHit model performance is robust to hospital-specific
technical variation, we employed a LOHOCYV strategy across the 28 institutions represented by our
ID cohort (Figure S6a). In each iteration, all ID samples from one institution formed the hold-out
test set while samples from the remaining institutions were randomly split into 80/20 train/validation
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sets and trained using our previously described protocols. We computed performance on the internal
validation and held-out test sets for every fold and report their averaged values (Figures S6b-c).

Clinical data We previously excluded clinical data because reporting can vary between institutions,
potentially leading to institutional-dependent, non-random missingness that compounds batch effects.
However, given their known importance, we repeated LOHOCYV after appending a small set of
low-missingness demographic features (sex, race, ethnicity, and age at diagnosis) to DAMEs. The
source model received no demographic inputs because these features’ relationship with diagnosis
is vastly different from their association to prognosis opting us to directly expose the target models
to the clinical data. Categorical clinical features were one-hot encoded, missing age values were
imputed from the fold’s train set mean, and age data was standardized to the train set distribution.
Each feature had a dummy variable indicating missingness. All these preprocessing steps were
performed on the training portion of each LOHOCYV fold and applied to the validation and hold-out
test sets to avoid leakage.

Computational budget and inclusion criteria To evaluate the generalizability of fixed architec-
tures and minimize computational cost, we did not run BO on the source and target models within
each fold instead retaining our previously described model architectures (Tables S1,S3-4). For
consistent estimates, we excluded 12 institutions with fewer than 50 cases with PFS labels from our
reported average hold-out test set performance metrics.

Results Across institutions, validation and hold-out test performance were closely matched for the
source and target models trained both with and without clinical data, indicating good generalizability
across sites. Target models trained with appended demographics did not materially outperform
DAME-only models. This likely reflects the strong baseline established by DAMEs, our use of a
narrow demographic feature set prioritized for low missingness rather than the full clinical space,
and architectures and hyperparameters tuned for DAMEs alone, which may be suboptimal for the
combined feature space.
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Figure S6: (a) LOHOCYV process with clinical data. (b) Source model and HSM LOHOCYV per-
formance metrics. Note that AUROC refers to macro-averaged AUROC (c) PFS and OS DeepHit
models’ LOHOCYV c-indices.
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5.5 Compute Resources

For model development, BO studies were run on the Google Cloud Platform using a single
nl-highcpu-96 virtual machine (96 vCPUs, 86.4 GB RAM). This machine type was chosen
to maximize parallel CPU throughput for Optuna’s evaluator. The main computational load was
from performing HSM BO in which we performed a BO study for each of the 20 o hyperparameters
evaluated. During this, we sharded studies by hyperparameter o launching one independent worker
per . With one study per each of the 20 a parameters evaluated, and 1 thread per trial, memory use
still remained well below the 86.4 GB ceiling, as our per-trial footprint was modest with tabular/tensor
batches kept in RAM.

5.6 Significance Tests

Categorical association test significance values were evaluated using 2-tailed Fisher’s exact tests.
Significance of KM curve stratification was evaluated using 2-tailed multivariate log-rank significance
tests. 95% confidence intervals comparing model performance were calculated using a t-distribution.

5.7 Data Visualization

t-SNE plots were generated using the TSNE method from sklearn with perplexity parameters of
50 [41]. KM curves were generated using the KaplanMeierFitter and add_at_risk_counts
methods from the 1ifelines library [48]. Plots were generated using the matplotlib and seaborn
Python libraries except for the sunburst plot and oncoprint which were generated with the plotly
Python library and the ComplexHeatmap R package’s oncoPrint function respectively [49-52].
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Table S5: Description of hierarchy level 3 categories

Category Nip (%)  Noop (%)
Large B-cell lymphomas (LBCL) 840 (80%) 216 (20%)
Follicular lymphomas (FL) 557 (97%) 16 (3%)
Hodgkin lymphomas (HL) 479 94%) 29 (6%)
AML with defining genetic abnormalities 316 (76%) 101 (24%)
Marginal zone lymphomas (MZL) 237 (92%) 21 (8%)
Mantle cell lymphoma (MCL) 231 (99%) 2 (1%)
Plasma cell neoplasms 117 (80%) 45 (20%)
B-lymphoblastic leukemias/lymphomas (B-ALL/LBL) 83 (39%) 128 (61%)
AML defined by differentiation 123 (60%) 82 (40%)
Myeloproliferative neoplasms (MPN) 72 (40%) 109 (60%)
Myelodysplastic neoplasms (MDS) defined morphologically 133 (79%) 36 (21%)
(Pre)neoplastic small lymphocytic proliferations 138 98%) 3 (2%)
Lymphoid proliferations (LPD) from immune deficiency 105 (79%) 28 (21%)
Anaplastic Large-cell Lymphomas (ALCL) 120 (96%) 5 (4%)
T-lymphoblastic leukemia/lymphomas (T-ALL/LBL) 64 (63%) 38 (37%)
Nodal T follicular helper cell lymphomas (nTFHL) 90 (96%) 4 (4%)
Myelodysplastic/myeloproliferative neoplasms (MDS/MPN) 58 (712%) 22 (28%)
Other peripheral T-cell lymphomas (Other PTCL) 77 (100%) 0 (0%)
Primary cutaneous T-cell LPD and lymphomas (CTCL) 0 (0%) 74 (100%)
Lymphoplasmacytic lymphomas (LPL) 67 (100%) 0 (0%)
Prediscposed myeloid neoplasms (MN(predisposed)) 52 (83%) 11 (17%)
Burkitt lymphomas (BL) 62 (100%) 0 (0%)
Splenic B-cell lymphomas and leukemias (SBL) 0 (0%) 61 (100%)
Plasmacytoid Dendritic Neoplasms (pDC neoplasms) 0 (0%) 49 (100%)
Tumor-like lesions with B-cell predominance 0 (0%) 46 (100%)
EBV+ T/NK-cell lymphomas 0 (0%) 42 (100%)
Histiocytic neoplasms 0 (0%) 32 (100%)
Mature T/NK-cell leukemias 0 (0%) 30 (100%)
ALAL defined immunophenotypically 0 (0%) 26 (100%)
Cutaneous follicle center lymphomas (pcFCL) 0 (0%) 16 (100%)
Intestinal T/NK-cell LPD 0 (0%) 15 (100%)
Follicular dendritic cell neoplasms (FDCS) 0 (0%) 15 (100%)
Langerhans cell neoplasms (LC neoplasm) 0 (0%) 14 (100%)
MDS with genetic abnormalities 0 (0%) 13 (100%)
Mastocytosis 0 (0%) 13 (100%)
Myeloid sarcomas (MS) 0 (0%) 11 (100%)
Eosinophilic MLN (MLN-Eo) with tyrosine kinase (TK) fusions 0 (0%) 10 (100%)
ALAL with genetic abnormalities 0 (0%) 8 (100%)
Monoclonal gammopathies (MG) 0 (0%) 7 (100%)
HVVS8+ B-cell LPD 0 (0%) 6 (100%)
Hepatosplenic T-cell lymphoma (HSTCL) 0 (0%) 4 (100%)
Transformations of indolent B-cell lymphoma 0 (0%) 3 (100%)
Monoclonal immunoglobulin deposition diseases (MIDD) 0 (0%) 2 (100%)
Other dendritic cell neoplasms 0 (0%) 1 (100%)
Childhood EBV+ T/NK-cell LPD 0 (0%) 1 (100%)
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Table S6: Description of ID diagnoses

Category N
Follicular lymphoma (FL) 557
Diffuse large B-cell lymphoma, NOS (DLBCL, NOS) 289
Mantle cell lymphoma (MCL) 231
Nodular sclerosis classical Hodgkin lymphoma (cHL (NS)) 221
Germinal center B-cell type DLBCL, NOS (DLBCL, NOS (GCB)) 207
Nodular lymphocyte predominant Hodgkin lymphoma (NLPHL) 179
Plasma cell myeloma (MM) 177
Extranodal marginal zone B-cell lymphoma (EMZL) 174
Chronic lymphocytic leukemia/small lymphoctyic lymphoma (CLL/SLL) 138
Activated B-cell type DLBCL, NOS (DLBCL, NOS (ABC)) 136
AML with myelodysplasia-related changes (AML (MDS changes)) 135
Monomorphic post-transplant LPD (PTLD (monomorphic)) 105
Acute promyelocytic leukemia (APL (PML-RARA)) 98
Primary CNS DLBCL (PCNSL) 93
Angioimmunoblastic T-cell lymphoma (AITL) 90
B-lymphoblastic leukemia/lymphoma, NOS (B-ALL/LBL, NOS) 83
AML with NPM1 mutations (AML (NPM1-mut)) 83
MDS with excess blasts (MDS-EB) 83
Mixed cellularity classical Hodgkin lymphoma (cHL (MC)) 79
Peripheral T-cell lymphoma, NOS (PTCL, NOS) 77
Chronic myelogeneous lymphoma with BCR-ABL1 (CML (BCR-ABLI1)) 72
M2 AML, NOS with maturation (AML, NOS (M2)) 72
Lymphoplasmacytic lymphoma, Waldenstrom macroglobulinemia (LPL (WM)) 67
T-lymphoblastic leukemia/lymphoma (T-ALL/LBL) 64
Nodal marginal zone lymphoma (NMZL) 63
Burkitt lymphoma (BL) 62
Anaplastic large cell lymphoma, ALK+ (ALCL, ALK+) 61
High grade B-cell lymphoma with MYC, BCL2, and/or BCL6 (HGBCL-DH/TH) 61
Anaplastic large cell lymphoma, ALK- (ALCL, ALK-) 59
Chronic myelomonocytic leukemia (CMML) 58
Plasmablastic lymphoma (PBL) 54
Therapy-related myeloid neoplasms (therapy-related MN) 52
M1 AML, NOS without maturation (AML, NOS (M1)) 51
Myelodysplastic syndrome with multilineage dysplasia (MDS-MLD) 50
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