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Introduction

Peripheral T-cell lymphomas (PTCLs) encompass a wide variety of
uncommon diseases with indolent or aggressive clinical course.
PTCLs-not otherwise specified (PTCLs-NOS) are among the most
frequent PTCL entities. They include a heterogeneous group of
lymphomas lacking clear diagnostic criteria for distinct subtypes,
and they are ultimately designated by exclusion. Nevertheless, a
more granular stratification is achieved by reclassifying
morphologically diagnosed PTCLs-NOS using gene expression data
[1]. However, a significant challenge remains in accurately diagnosing T-
cell lymphomas, underscoring the need for improved diagnostic
methods. Here, we developed an expression-based classifier that
improves the subtyping and clinical diagnostics of PTCLSs.

Methods

A machine-learning (ML)-based classifier based on the LightGBM
algorithm was trained and validated on multiple internal and
public RNA-seq and microarray datasets encompassing major PTCL
entities: nodal T-follicular helper (TFH) cell lymphomas (nTFHLS),
anaplastic large cell lymphomas (ALCLs), primary cutaneous T-cell
lymphomas (CTCLs), extranodal NK/T-cell lymphomas (ENKTLs),
and PTCLs-NOS [1, 2, 3, 4] (Figure 1A). The classifier was trained
using subtype annotations provided by a physician.

To reduce the number of initial gene features, we selected
differentially expressed genes for each model using the limma
package from Bioconductor. Batch effect correction was performed
using rank transformation of expression values. The training
process included hyperparameter tuning and the search for an
optimal set of gene features via the SHAP approach, ultimately
aiming to maximize the predictive performance of the subtyping
models. Finally, the optimal probability threshold for each model
was determined through ROC curve analysis on cross-validation
test fold predictions during training.

List of abbreviations:

ALCL Anaplastic large cell ymphoma

CTCL Primary cutaneous T-cell ymphoma

ENKTL Extranodal NK/T-cell lymphoma

nTFHL Nodal T-follicular helper (TFH) cell ymphoma
PTCL Peripheral T-cell lymphoma

PTCL-NOS  PTCL-not otherwise specified
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Results

Figure 1. Architecture and performance of the classifier
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Figure 1. A: The classifier consists of four independent binary models, each predicting one PTCL subtype or the 'Other' class.
The diagram shows an example for the CTCL model. PTCL-NOS samples were included in the training set of each model as part
of the 'Other’ class, enhancing specificity of the model. B: Validation metrics of independent binary models, obtained for each
model using a test cohort. PTCL-NOS samples were excluded from the test cohort due to expectation that cases from this group
could be reclassified and their true labels are unknown.

Figure 3. Classification of PTCL-
NOS samples as predicted by
the classifier
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Figure 2. Workflow for model application
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Figure 2. The two-stage classification procedure of an RNA-seq PTCL clinical
sample. A: Class assignment according to probabilities obtained from four
individual models. B: Final class determination using the solving rule.

Figure 4. Similar gene expression patterns for reclassified PTCL-NOS
cases and samples of specific diagnoses

Robust Z-score

15 -10 -05 00 05 10 15

Figure 4. Heatmap of scaled gene expression values. The x-axis represents samples from test and re-diagnosed cohort. The y-axis

Figure 3. The predicted classifications of PTCL-NOS samples
from the re-diagnosed cohort (N =310).

represents genes selected during training for each model. Each gene group consists of genes with high and low expression. Samples with
ambiguous prediction were excluded from this analysis. The black boxes highlight the expression patterns of the corresponding class.

Figure 5. Assessing the overall robustness of PTCL-
NOS reclassification based on levels of nTFHL and
ALCL hallmarks
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Figure 5. A. The TFH-cell signature score distribution across nTFHL samples from the test cohort,
PTCL-NOS samples reclassified as nTFHLs, and PTCL-NOS samples that retained their subtype.
Signature scores were calculated using ssGSEA.

B. Ranked TNFRSF8 (CD30) expression across ALCL samples from the test cohort, PTCL-NOS samples
reclassified as ALCLs, and PTCL-NOS samples that retained their subtype.

Conclusions

The developed expression-based ML classifier accurately predicted
specific PTCL diagnoses, enhancing our ability to reclassify
additional PTCL-NOS cases into specific subtypes (45.8 %, 142/310).
The expression of TFH cell markers in nTFHLs was not
distinguishable from PTCL-NOS samples reclassified as nTFHL,
supporting the overall robustness of the PTCL-NOS reclassification
(Figure 5A). Similarly, statistical analysis revealed no significant
difference in CD30 expression between ALCL samples, where CD30
overexpression is a hallmark of tumor cells, and relabeled PTCL-
NOS samples as ALCLs (Figure 5B). Our new classification
approach provides a powerful diagnostic tool for routine clinical
practice. Furthermore, the classifier includes gene features to
support the implementation of targeted investigations and that
may improve our understanding of PTCL pathogenesis.
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