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Abstract

Recurrent copy number alterations (CNAs) are fundamental drivers of tumorigenesis, yet identifying them reliably remains a challenge due
to the extreme variability in their genomic scale and context. Current methods often struggle to balance sensitivity across focal, segmental,
and arm-level events. Here, we present CRESCENT, a deep learning framework designed to detect recurrent CNAs by integrating multi-scale
sampling with convolutional neural networks and self-attention mechanisms. By processing copy number profiles from 7689 cases across
20 The Cancer Genome Atlas (TCGA) cancer projects, CRESCENT learns to distinguish recurrent drivers from background noise through
parallel feature fusion. In rigorous leave-one-project-out cross-validation, the model demonstrated robust generalization, achieving area
under the curves of 0.894-0.967 for amplifications and 0.804-0.929 for deletions in representative cohorts (Bladder Urothelial Carcinoma,
Sarcoma, Glioblastoma Multiforme, Uterine Corpus Endometrial Carcinoma). Finally, extending beyond the TCGA-specific cross-validation,
we trained a unified pan-cancer model to assess CRESCENT's generalizability on simulated datasets and independent, non-TCGA cancer
cohorts (CGCI and TARGET). Benchmarking against standard tools, including GISTIC2 and RUBIC, reveals that CRESCENT offers superior
detection balance, identifying the highest total number of significant events across focal and broad scales. Moreover, extensive focal gene
expression validation and pathway annotation, coupled with survival analysis, highlight that CRESCENT identifies critical oncogenic drivers
and prognostic markers that conventional statistical methods often overlook. In all, CRESCENT provides a highly sensitive, generalized
approach for decoding tumor evolution.
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Introduction o N ‘ .
Historically, the identification of recurrent CNAs has relied on statis-

Copy number alterations (CNAs) are a hallmark of the cancer genome,
playing a pivotal role in tumorigenesis by amplifying oncogenes
and deleting tumor suppressor genes [1, 2]. Unlike single nucleotide
variants, CNAs affect large segments of the genome, ranging from
focal events spanning a few kilobases to broad alterations affecting
entire chromosomal arms [3-6]. Identifying recurrent CNAs—
alterations that appear across a significant proportion of patients—is
critical for distinguishing driver events from random “passenger”
mutations [7]. Recent studies have underscored the complexity of
these alterations, revealing their role not only in cancer [1, 8, 9]
but also in neurodevelopmental disorders and mosaicism in healthy
tissues [10, 11]. Consequently, the accurate detection of recurrent CNAs
is fundamental to understanding disease etiology and identifying
therapeutic targets.

tical frameworks. Early approaches focused on identifying recurrent
breakpoints or common regions of overlap based on frequency and
amplitude thresholds [12, 13]. These methods laid the groundwork
for industry-standard tools such as GISTIC2.0 [7], which identifies
significant peaks of alteration by evaluating both the frequency and
amplitude of events. Moreover, RUBIC [14] focuses on identifying
recurrent breakpoints to define focal events. However, these con-
ventional methods face significant limitations regarding the scale of
detection. CNAs exhibit extreme heterogeneity in size [3]; GISTIC2.0
tends to bias towards broad, large-scale events, often obscuring focal
drivers in noise, whereas RUBIC effectively captures focal events but
frequently fails to detect broad chromosomal alterations [14].

This dichotomy forces researchers to rely on ensemble approaches
or manual curation to obtain a complete genomic landscape.
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Furthermore, traditional statistical models often struggle with the
“noisy” nature of cancer genomic data [7, 12-14], where complex,
non-linear patterns and boundary effects can lead to false positives
or fragmented calls. The emergence of deep learning in genomics
offers a promising alternative. By treating genomic data as visual or
sequential patterns, neural networks can learn to recognize the “peak-
like” signatures of recurrence without rigid, pre-defined statistical
assumptions [15].

To address the limitations of scale-specific detection, we introduce
CRESCENT, a deep learning framework equipped with a multi-scale
attention mechanism. Unlike previous methods that favor detecting
genomic regions at a specific resolution, CRESCENT employs a sliding-
window strategy with parallel convolutional neural network (CNN)
branches to process genomic contexts at varying resolutions simul-
taneously. A multi-head self-attention (MHA) mechanism then inte-
grates these features, allowing the model to distinguish focal drivers
from broad background alterations dynamically. By training on a
comprehensive dataset of 7689 cases across 20 The Cancer Genome
Atlas (TCGA) projects, CRESCENT demonstrates superior sensitivity
and robustness compared to existing benchmarks, effectively bridg-
ing the gap between focal and broad CNA detection. We further
validate the robustness of our approach by moving beyond cohort-
specific models; we developed a unified pan-cancer model and bench-
marked its performance against ground-truth simulated datasets and
four independent external cancer cohorts (CGCI-HTMCP-CC [Cancer
Genome Characterization Initiative — HIV+ Tumor Molecular Char-
acterization Project, Cervical Cancer], CGCI-HTMCP-DLBCL [Diffuse
Large B-Cell Lymphomal], TARGET-ALL-P2 [Therapeutically Applicable
Research to Generate Effective Treatments — Acute Lymphoblastic
Leukemia, Phase II], and TARGET-AML [Acute Myeloid Leukemia]).
Moreover, extensive focal gene expression validation and pathway
annotation, coupled with survival analysis, highlight that CRESCENT
identifies critical oncogenic drivers and prognostic markers that con-
ventional statistical methods often overlook.

Materials and methods
Data collection

We analyzed integer-valued total copy number profiles derived
from allele-specific copy number segment data generated via whole-
genome sequencing (WGS). The primary cohort included 7689
cases from 20 TCGA projects, downloaded via the Genomic Data
Commons (GDC) portal [16] (https://portal.gdc.cancer.gov/) on 12 June
2024 (see Fig. 1a for dataset distribution). To validate the model’s
generalizability beyond TCGA, we subsequently incorporated data
from four non-TCGA projects, including CGCI-HTMCP-CC, CGCI-
HTMCP-DLBCL, TARGET-ALL-P2, and TARGET-AML, retrieved from
the GDC portal on 6 February 2026. Furthermore, to benchmark
performance against ground truth, we utilized simulated BRCA copy
number profiles obtained from the RUBIC repository hosted on GitHub
(https://github.com/ewaldvandyk/RUBIC-datasets/tree/master/TCGA_

SNPE/BRCA_sim). The real datasets were provided in the human
reference genome hg38 version. All data handling adhered to GDC
usage policies. The complete set of CNAs is now freely available for
download from CNAScope [8].

Data preprocessing

Each TCGA project encompasses multiple cases, where each case may
include several samples identified by unique GDC Aliquot identifiers.

To align with the model’s per-chromosome analysis, data for each sam-
ple were segmented by chromosome. The raw data, depicted in Fig. 1b,
adhere to the BED format and specify the chromosome, start and
end positions, and copy number for each segment. For every unique
GDC Aliquot, BED files from potentially multiple workflow types (e.g.
ASCAT2, ASCAT3 [17, 18]) were merged. This process entailed sorting
segments by position and consolidating adjacent ones. Specifically for
the deletion detection task, as shown in the bottom panel of Fig. 1b,
segments with copy numbers greater than 2 were ignored, and the
remaining values were converted to their absolute deviation from
the diploid state (i.e. |C.N. — 2|). These processed segments were then
mapped to fixed genomic bins to construct an initial sample-by-bin
matrix (Fig. 1c). Figure 1d and e illustrate the normalization of this
CNA matrix to satisfy the model’s input requirement of 40 channels.
If the number of samples (m) was greater than 40 (Fig. le), a folding
strategy was applied where samples were averaged in a modulo man-
ner (e.g. averaging samples at indices i, i+40, 1+80. . .) to compress the
data into 40 channels. Conversely, if m < 40 (Fig. 1d), the matrix was
padded with pseudo-samples containing a constant diploid value of 2
toreach the required dimension. As shown in Fig. 1f, the resulting 40 x
n matrix was transposed to serve as the final model input, with rows
representing the 40 standardized channels and columns denoting
genomic bins. For a detailed justification regarding the selection of
40 channels and the use of padding with a value of 2, please refer to
Supplementary Notes 1.1, Supplementary Fig. 1, and Supplementary
Tables 1 and 2. Finally, the non-TCGA datasets and simulated data were
processed using an identical pipeline to ensure consistency across all
analyses.

Dataset preparation and empirical basis

To develop a robust dataset for training and evaluating our model
in detecting recurrent CNAs, we started with an empirical analysis
of the preprocessed data. The input comprises chromosome-specific
CNA matrices derived from TCGA projects following our preprocessing
pipeline. In these matrices, rows represent genomic bins, and columns
correspond to the 40 channels as described in the previous section.
Each entry encodes the copy number state, enabling visualization
of CNAs as patterns across samples. The model’s task is to classify
whether a target genomic bin exhibits recurrence, defined by coor-
dinated alterations across multiple samples.

We developed an interactive visualization tool that renders each
chromosome matrix as a heatmap, facilitating systematic exploration
of CNA patterns. This tool uncovered key characteristics: CNAs vary
dramatically in scale, from tens to thousands of bins, and recurrent
events often manifest as distinct “peak-like” signatures with clear
boundaries and amplitudes. Optimal detection requires capturing the
entire event within a centered window; undersized windows truncate
boundaries, while oversized ones introduce noise from surrounding
non-recurrent areas. These insights motivated a multi-scale approach
for both dataset sampling and model architecture, ensuring adaptabil-
ity to heterogeneous CNA sizes.

Dataset labeling integrated manual curation with established
computational tools to produce high-quality annotations. Positive
instances (recurrent CNAs) were identified through: (i) manual
selection using the heatmap tool, focusing on regions with evi-
dent peak-like patterns indicative of recurrence; and (i) apply-
ing GISTIC2.0 and RUBIC with default parameters to the same
matrices, incorporating regions detected by both tools as well as
those unique to one but visually confirmed. This hybrid strategy
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Figure 1 Workflow of CRESCENT. (a) TCGA data from 20 projects (7689 cases) are utilized, primarily for training, with a LOO validation strategy. (b) Data
preprocessing converts raw copy number segments; specifically for deletion detection, segments with copy number > 2 are ignored, and others are
converted to the absolute deviation from diploidy (abs(C.N.-2)). (c) These segments are mapped to genomic bins to construct an initial sample-by-bin
matrix. (d-f) To ensure a fixed input dimension of 40 channels: (d) if the number of samples (m) is < 40, the matrix is padded with pseudo-samples
(value of 2); (e) if m > 40, samples are folded and averaged into 40 channels. (f) The resulting 40 x n matrix is transposed to serve as the standardized
input for the model. (g) Three windows per genomic position are sampled for model input, classifying CNA regions. (h and i) Model structure includes

CNN and MHA modules.

leveraged algorithmic efficiency while mitigating tool-specific biases
via expert validation. Crucially, this curation pipeline was applied
identically to the external non-TCGA datasets (CGCI and TAR-
GET) to ensure consistent evaluation benchmarks across real-
world cohorts. For a detailed rationale of this hybrid strategy
and a quantitative assessment of label uncertainty, please refer to
Supplementary Notes 1.2, Supplementary Fig. 2, and Supplementary
Table 3.

Negative instances (non-recurrent regions) were curated to encom-
pass both straightforward and challenging cases: a portion was ran-
domly sampled from areas lacking CNA signals, while others were
manually selected as “hard negatives,” such as regions adjacent to
positives or those with globally elevated copy numbers but lacking
peak-like recurrence features. This approach aimed to enhance the
model’s robustness against false positives.

For the simulated datasets, a distinct labeling strategy was necessi-
tated by the nature of the data. We utilized five independent sets of
1000 simulated breast cancer copy number profiles from the RUBIC
study [14]. Since explicit ground-truth labels for recurrent CNAs were
not available for these simulations, we established the results identi-
fied by the RUBIC algorithm as the reference standard (pseudo-ground
truth). This setup provided a controlled environment to benchmark

CRESCENT against GISTIC2.0 by measuring the recovery of these
RUBIC-defined events.

For each labeled bin, which serves as the center of a target window,
we applied multi-scale sampling (detailed in the following section) to
generate input instances.

Multi-scale sampling strategy

To address the empirical scale variability of CNAs, we implemented
a multi-scale sliding-window sampling strategy. For each target bin,
we center three predefined window sizes on it to extract submatrices
from the chromosome matrix: 50x40, 100x40, and 2000x40 (rows
x columns) for amplifications; and 20x40, 50x40, and 400x40 for
deletions. These window sizes were determined based on a statisti-
cal analysis of recurrent CNA segment lengths across major cancer
cohorts, which revealed distinct length distributions for amplifications
and deletions (see Supplementary Note 1.3 and Supplementary Fig. 3).
Each submatrix symmetrically encompasses rows above and below
the target, thereby preserving local genomic context at varying res-
olutions. The resulting triplet of matrices serves as input to parallel
branches in our CNN, enabling the model to fuse multi-scale features
for effective classification.
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Boundary management is essential near chromosome ends, where
centering full windows is infeasible. Rather than using constant-value
padding (e.g. with 2, which could create artifacts such as artificial
contrasts), we duplicate and concatenate the adjacent matrix segment.
This approach maintains genuine texture patterns and minimizes
false positives.

Overview of CRESCENT model architecture

We developed a multi-branch CNN, named CRESCENT, to process the
multi-scale sampled submatrices. The architecture, as illustrated in
Fig. 1, consists of parallel processing branches for each input scale,
a cross-branch fusion module employing self-attention, and a final
classification head. This design empowers CRESCENT to extract and
integrate features across diverse genomic resolutions, enabling effec-
tive identification of recurrent CNA patterns.

Each branch handles an input submatrix of shape (B,1,H, W),
where B denotes the batch size, H the number of genomic bins (rows),
and W the number of samples (columns). Feature extraction initiates
with a projection module: a 2D convolution (Conv2D) followed by
batch normalization (BN), rectified linear unit (ReLU) activation, and
max pooling to condense spatial dimensions while preserving initial
patterns. This is followed by a stack of residual networks (Residu-
alNets), each featuring two convolutional blocks (Conv2D-BN-ReLU)
augmented with skip connections and summation to alleviate gradient
vanishing and support deeper feature learning. The branch culmi-
nates in a downsampling and projection phase, involving flattening,
average pooling, max pooling, and a linear layer with ReLU activation,
producing a compact feature vector of uniform dimension d per scale.

Feature vectors from the N branches (typically N = 3) are stacked
into a tensor of shape (B, N, d), treating scales as a sequence. To capture
inter-scale dependencies, we employ a MHA mechanism: the stacked
features are concatenated and duplicated to form query (Q), key (K),
and value (V) projections through distinct linear layers. The MHA
generates attention-weighted representations, modeling high-order
interactions across branches, followed by a residual connection and
a feed-forward network (FFN) for additional refinement, reminiscent
of a Transformer encoder.

For classification, the fused features are globally averaged across
the branch dimension to yield a vector of shape (B, d). This feeds into a
classifier head, which is a multi-layer perceptron (MLP) incorporating
layer normalization, linear mapping, ReLU activation, and dropout.
This head outputs a single logit. CRESCENT is trained using binary
cross-entropy with logits loss (BCEWithLogitsLoss) for binary classi-
fication of recurrent versus non-recurrent CNAs.

Training and evaluation

We trained the CRESCENT model using a binary classification objec-
tive with BCEWithLogitsLoss. Optimization employed the Adam opti-
mizer, initialized with a learning rate of 1 x 10~5 and a weight decay
of 3 x 1072, To dynamically adjust the learning rate, we incorporated a
ReduceLROnPlateau scheduler that monitored validation loss, apply-
ing a reduction factor of 0.5, a patience of 3 epochs, and a minimum
learning rate of 1 x 10~7. Each training run extended over 50 epochs
with a batch size of 8, utilizing GPU acceleration where available.
To enhance stability, we implemented mixed-precision training via
automatic mixed precision and dynamic loss scaling, complemented
by gradient clipping with an ¢, max-norm of 0.9. For reproducibility,
we generated and logged random seeds for NumPy [19], and PyTorch
[20], while enabling deterministic cuDNN operations.

For evaluation, we utilized a leave-one-project-out cross-validation
strategy across TCGA projects. In each fold, one project served as
the test set, with the remaining projects forming the training set. We
selected the optimal model checkpoint based on the validation area
under the curve (AUC) and reported key performance metrics for the
held-out project, including AUC, F1 score, accuracy, precision, and
recall. Additionally, we generated receiver operating characteristic
(ROCQ) curves from validation predictions to evaluate model discrim-
ination.

Positive and negative instances for training and validation
were chosen according to the labeling guidelines outlined in
the preceding section, with detailed instance counts provided in
Supplementary Tables 4 and 5.

Benchmarking settings

For benchmarking, we configured three distinct approaches: GISTIC2
[7], RUBIC [14], and our CRESCENT model. Each underwent tailored
preprocessing to ensure compatibility with TCGA data and subsequent
gene annotation.

GISTIC2 requires non-overlapping input CNA segments. Given that
TCGA provides ASCAT2- and ASCAT3-derived files where segments
from the same sample may overlap, we used a publicly available R
script to merge these overlapping segments by averaging their copy-
number values [21]. We omitted marker information, leaving the
marker file empty, and set all other parameters to the defaults of the
run_gistic_example script. Results were directly retrieved from the
GISTIC output files amp_genes.conf 90.txt and del_genes.conf 90.txt.

For RUBIC, we applied the same deduplication procedure to manage
overlapping segments. Since RUBIC mandates a marker input, we
supplied a placeholder file that assigned a value of 1 to each segment,
ensuring copy number was the only varying factor. All other parame-
ters remained at their default settings, and results were extracted from
the specified output files.

In contrast, CRESCENT conducts chromosome-wide segmentation
internally. For each window, it calculates copy-number values as
averages of overlapping segments, thereby handling deduplication
automatically. This enabled direct utilization of raw TCGA files without
extra preprocessing.

Prioritization of focal CNAs with TCGA gene
expression support

We employed the hg38 genome build “gencodev46.annotation.gtf”
(https://www.gencodegenes.org/human/release_46.html) for gene
annotation, utilizing PyRanges [22] to identify protein-coding genes
overlapping with focal CNAs.

To further refine the detected focal CNAs, we evaluated their concor-
dance with matched TCGA gene expression data. For each gene located
within a focal region, we performed a one-sample t-test comparing
its mean expression against a cohort-specific baseline, defined as the
median of all gene means within that cohort. We computed one-sided
P-values to identify significantly over- or under-expressed genes rela-
tive to this background, applying the Benjamini-Hochberg procedure
to control for multiple testing.

We subsequently applied a filtering strategy to retain only those
focal CNAs with transcriptional support. Focal amplifications were
retained only if they overlapped with at least one significantly upregu-
lated gene (Pyg; < .05) and contained zero significantly downregulated
genes. Focal deletions were retained only if they overlapped with at
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least one significantly low expressed gene (Pqg; < .05) and contained
zero significantly high-expressed genes.

This approach ensures that the prioritized focal events are not
only recurrent at the genomic level but also demonstrate consistent
transcriptional consequences characteristic of driver alterations.

Pathway annotation for focal genes

We performed pathway enrichment analysis on focal amplified genes
with significant overexpression and focal deleted genes with signif-
icant underexpression in TCGA. Using GSEApy [23], we interrogated
the built-in “KEGG 2021 Human” and “WikiPathway 2023 Human”
libraries. Significant pathways were identified using filtration criteria
of an adjusted P-value <.05 and a minimum gene overlap of 3.

Clinical validation of focal amplified genes via survival
analysis

To assess the prognostic significance of focal amplified genes, we
integrated TCGA gene expression profiles with matched clinical over-
all survival (OS) data. Patients were stratified into two groups based
on gene expression levels: a “High Expression” group (expression >
median) and a “Low Expression” group (expression < median).

Survival analysis was performed using the lifelines Python package
[24]. For each candidate gene, we estimated survival probabilities
using the Kaplan-Meier estimator (KaplanMeierFitter). Differences in
survival curves between the high and low expression groups were
evaluated using the log-rank test. Additionally, we quantified the
magnitude of the risk associated with high gene expression by calcu-
lating the Hazard Rratio (HR) and its 95% confidence interval using
a univariate Cox Proportional Hazards model. Genes were consid-
ered statistically significant prognostic markers if the log-rank P-value
was < .05.

Result
Overview of CRESCENT

We developed CRESCENT, a novel deep learning framework designed
to detect recurrent copy number alterations (CNAs) by seamlessly inte-
grating multi-scale genomic contexts, thereby addressing the inher-
ent variability in CNA scales observed across diverse cancer types
(Fig. 1). Leveraging copy number profiles from TCGA, the workflow
commences with the aggregation of high-resolution CNA data from
7689 cases spanning 20 distinct TCGA projects (Fig. 1a; Methods: Data
collection). This comprehensive dataset encompasses a wide spectrum
of solid tumors, providing a robust foundation for model training and
evaluation.

To facilitate chromosome-specific analysis, we first group the raw
CNA segments (which are characterized by genomic intervals and
integer-valued copy numbers) by sample (defined by unique GDC
Aliquot identifiers) and chromosome (Fig. 1b). Specifically for the
deletion detection task, segments with copy numbers greater than 2
are ignored, and the remaining values are converted to their absolute
deviation from the diploid state. These processed segments are then
mapped to fixed genomic bins to construct an initial sample-by-bin
matrix (Fig. 1c). To standardize input dimensions for the neural net-
work while preserving signal integrity, the matrix is normalized to a
fixed depth of 40 channels: for cohorts exceeding 40 samples, a folding
strategy is applied where samples are averaged in a modulo manner;
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for those with fewer samples, padding with diploid values (value of 2)
is employed (Fig. 1d—e). Finally, the matrix is transposed so that rows
represent the 40 standardized channels and columns denote genomic
bins (Fig. 1f, Methods: Data preprocessing).

Empirical analysis of the input matrices, visualized as heatmaps,
revealed that recurrent CNAs manifest as “peak-like” signatures with
varying scales, from focal events spanning tens of bins to broad
alterations encompassing thousands (Methods: Dataset preparation
and empirical basis). This necessitates a multi-scale approach for
accurate detection. Accordingly, CRESCENT employs a sliding-window
sampling strategy at each genomic bin, extracting submatrices cen-
tered on the target position using three predefined window sizes
(e.g. 50x40, 100x40, and 2000x40 for amplifications; adjusted for
deletions) to capture local contexts (Fig. 1g; Methods: Multi-scale sam-
pling strategy). Boundary effects near chromosome ends are mitigated
through duplication and concatenation of adjacent regions, avoiding
artifactual padding.

These multi-scale inputs are processed through a parallel neural
network architecture comprising dedicated CNN branches for feature
extraction (Fig. 1h). Each branch incorporates an initial projection
module (2D convolution, BN, ReLU activation, and max pooling) fol-
lowed by a stack of residual blocks to enable deep, stable learn-
ing of hierarchical patterns (Methods: Overview of CRESCENT model
architecture). Extracted features from all branches are then fused
via a MHA mechanism, which models inter-scale dependencies by
computing attention-weighted representations, followed by a FFN and
residual connections for refined synthesis (Fig. 1i). The fused features
are globally averaged and passed through a compact MLP classifier
to output a probability score for recurrence (binary classification:
recurrent versus non-recurrent).

Datasetlabeling for training integrates manual curation of peak-like
patterns with outputs from established tools (GISTIC2 [7] and RUBIC
[14]) to generate high-quality positive (recurrent) and negative (non-
recurrent) instances (Methods:Dataset Preparation and Empirical
Basis). Model training utilizes binary cross-entropy loss with Adam
optimization, mixed-precision techniques, and adaptive learning
rate scheduling, evaluated via leave-one-project-out cross-validation
across TCGA cohorts (Methods: Training and evaluation). For an
exhaustive account of preprocessing, architecture, and evaluation
protocols, refer to the Methods section. This multi-scale paradigm
enables CRESCENT to achieve high sensitivity and generalizabil-
ity In detecting recurrent CNAs, as demonstrated in subsequent
evaluations.

Evaluation of CRESCENT using leave-one-out
cross-validation across 20 TCGA cancer types

We use a leave-one-out (LOO) cross-validation strategy to evaluate
the performance of CRESCENT in detecting recurrent amplification
(Fig. 2a-h) and deletion (Fig. 2i-p), respectively. Specifically, for each
experiment, one TCGA cancer type was held out as the test set, while
the remaining 20 cancer types were used as the training dataset
(Supplementary Tables 4 and 5). The recurrent amplification and
deletion events inferred from the held-out cancer type were used as
the ground truth labels for performance evaluation (Methods: Dataset
preparation and empirical basis).

Figure 2 focuses on four representative cancer types: BLCA
(Bladder Urothelial Carcinoma), SARC (Sarcoma), GBM (Glioblastoma
Multiforme), and UCEC (Uterine Corpus Endometrial Carcinoma). As

920z 1y g} uo sasn Aseuqr ABojouyos | g sousiog [euoneN Aq 9/+8598//91 64 z/2z/l01e/q1q/Wwoo"dno"o1Wapeo.//:Sd)Y WOy papeojumod


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag167#supplementary-data

6 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 2

a BLCA — Loss ¢ SARC — Loss e GBM — Loss g UCEC — Loss
0.70 4 = train_loss 074 = train_loss —— train_loss = {rain_loss
\\ === val_loss \ === val_loss ‘\ ==+ val_loss 0.71 ==+ val_loss
0.651 Y !
0.60 1 0.6
2 4 2
5 0.554 3 3
0.5
0.501 a s
W"‘/\-w/\\ N
AAMYASy
0.451 L 0.4
0.40 ML AT R TR P 4
0 20 40 60 0 20 40 60 0 20 40 60 0 20 4 60
b BLCA —ROC d f h
1.0 1.04 1.0 1.0
0.8 0.8 1 0.8 0.8
0.6 0.6 0.6 0.6
e e =4 =4
o & A o
2 ; = =
0.44 0.44 0.4 0.4
0.24 ,// AUC =0.959 0.24 ¥ AUC=0.967 0.2 ,/, AUC=0.936 0.2 /r/ AUC = 0.894
b —— ROC g —— ROC rd —— ROC i —— ROC
0.04 / ==+ random 0.0 (o ===+ random 0.0 ~ == random 0.04 7 ==+ random
0.00 025 0.50 075 1.00 0.00 025 050  0.75 1.00 0.00 025 050 075 1.00 0.00 025 0.50  0.75 1.00
FPR FPR FPR FPR
i BLCA — Loss k SARC — Loss m GBM — Loss ° UCEC — Loss
0.65 = train_loss 0.65 = train_loss 0.65 1 1 = ftrain_loss 0.65 ,; = ftrain_loss
===+ val_loss ==+ val_loss i == val loss ) Ul —== val loss
0.60 o 0.60
0.55 0355 0.60
o 058 - - %
H g 0.50 8 2
s} = = 0.50 = 0.554
0.50 0.45
0454 it A [
1y 1A tak It
045 0401 050 L e
Vo 0401 o RS
0.35 1 VM des ey, ’ 4
0.40 T g T T v T g T y T T r y r N
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
i 1 SARC —ROC P UCEC —ROC
1.0 1.0 1.0
0.8 0.8 0.8
0.6 0.6 0.6 1
g & g
= =
0.4 0.41 041
02 oL AUC = 0.886 0.2 /’ AUC = 0.929 0.2 o AUC = 0.920 0.2 0% AUC = 0.804
L, — ROC — ROC 7 — ROC L — ROC
0.0 7 ==+ random 0.04 4 —=- random 0,04 Z ==+ random 0.04 o ==+ random
000 025 050 075 1.00 0.00 025 050 075 1.00 0.00 025 050 075 1.00 0.00 025 050 075 1.00
FPR FPR FPR FPR

Figure 2 Performance of CRESCENT Using LOO Cross-Validation. (a, ¢, e, g) Training and validation loss curves for recurrent amplification prediction
in four TCGA cancer types (BLCA, SARC, GBM, and UCEC). (b, d, f, h) ROC curves for recurrent amplification prediction in four cancer types, with high
AUC values (BLCA: 0.959, SARC: 0.967, GBM: 0.936, UCEC: 0.894). (i, k, m, o) Training and validation loss curves for recurrent deletion prediction in BLCA,
SARC, GBM, and UCEC. (j, |, n, p) ROC curves for recurrent deletion prediction, with corresponding AUCs of 0.886 (BLCA), 0.929 (SARC), 0.920 (GBM), and
0.804 (UCEC). BLCA: Bladder Urothelial Carcinoma. SARC: Sarcoma. GBM: Glioblastoma Multiforme. UCEC: Uterine Corpus Endometrial Carcinoma.

illustrated in Fig. 2a-g, both the training and validation losses
decreased and converged over epochs, indicating effective learning
and the absence of overfitting. The ROC curves in Fig. 2b-h demon-
strate high prediction accuracy for recurrent amplifications in test
sets, with the AUC values of 0.959 for BLCA, 0.967 for SARC, 0.936 for

GBM, and 0.894 for UCEC.

Similarly, for recurrent deletion prediction, the training and vali-
dation losses shown in Fig. 2i-0 also converge over epochs, further
supporting the robustness and generalizability of the model. The ROC
curves in Fig. 2j-p show that the model achieved AUCs of 0.886 for
BLCA, 0.929 for SARC, 0.920 for GBM, and 0.804 for UCEC, respectively.

Supplementary Tables 4 and 5 present CRESCENT’s performance for
all 20 TCGA cancer types. These results collectively demonstrate that
CRESCENT provides accurate and generalizable predictions for both
recurrent amplification and deletion events across diverse cancer

types.

Detection of focal, medium, and broad CNAs by
CRESCENT, GISTIC2, and RUBIC

To assess CRESCENT’s performance in detecting recurrent CNAs, we
benchmarked it against two baseline tools, GISTIC2 [7] and RUBIC
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Figure 3 Comparative summary of recurrent CNA calls across tools. (a) Bar plots showing the count of recurrent CNA events detected by each tool
(CRESCENT, GISTIC2, and RUBIC) within every cancer type x CNA type combination. Bars are stratified by CNA size range (Broad, Focal, Medium, Total),
allowing direct comparison of event yields across tools. (b) Histogram plots depicting the log, O-transformed recurrent CNA segment lengths for each
tool. These panels highlight how length profiles differ across tools and ranges. (c) Heatmap of pairwise Jaccard similarities (overlap/union of recurrent
CNA base-pairs) between tools for each cancer-type x CNA-type category. Values inside tiles indicate the Jaccard index; yellow shading corresponds to

stronger agreement.

[14], using copy number profiles from four representative TCGA
cohorts: BLCA (Bladder Urothelial Carcinoma), SARC (Sarcoma), GBM
(Glioblastoma Multiforme), and UCEC (Uterine Corpus Endometrial
Carcinoma). Baseline methods were run with default parameters (see
Methods: Benchmarking settings), and detected events were stratified
into focal CNAs (<3 Mb), medium CNAs (3-10 Mb), and broad CNAs
(>10 Mb) for scale-specific analysis [3].

Quantitative comparisons across the cohorts (Fig. 3) underscore
CRESCENT’s robust detection capabilities. In (Fig. 3a), CRESCENT con-
sistently identifies the highest total number of recurrent CNAs in all
four datasets. Both CRESCENT and RUBIC predominantly detect focal
and medium CNAs, with RUBIC reporting no broad events at all (result-
ing in their absence from the broad panel in Fig. 3b) and CRESCENT
yielding only a minimal number of broad CNAs. In contrast, GISTIC2
focuses primarily on medium and broad CNAs, accounting for nearly
all broad events across cohorts, while detecting very few focal ones.
This pattern reveals that CRESCENT and RUBIC favor smaller-scale
alterations, whereas GISTIC2 biases toward larger ones. Notably, for
focal and medium CNAs, CRESCENT detects more events than the other
tools in almost all cases, with exceptions only in medium-scale BLCA
deletions and GBM deletions. These trends demonstrate CRESCENT’s
enhanced sensitivity, particularly for finer-scale recurrent CNAs that
may be underrepresented by baselines.

This scale-specific performance is further illustrated in the segment
length distributions (Fig. 3b), where CRESCENT exhibits a broader
spread of logl0-transformed lengths, effectively bridging the short-
fragment skew of RUBIC (e.g. median <1 Mb in GBM) and the long-
segment bias of GISTIC2 (e.g. median >10 Mb in SARC and UCEC).

Pairwise Jaccard similarity analysis (Fig. 3¢) reinforces CRESCENT’s
integrative advantages, as its overlap with RUBIC and GISTIC2 gen-
erally exceeds the overlap between RUBIC and GISTIC2 across most
datasets and categories. For example, in UCEC amplifications, CRES-
CENT n RUBIC reaches 0.11 and CRESCENT N GISTIC2 reaches 0.18,

both surpassing RUBIC N GISTIC2 at 0.05; similar superiority holds in
UCEC deletions (CRESCENT N RUBIC: 0.04; CRESCENT n GISTIC2: 0.18;
versus RUBIC N GISTIC2: 0.01). Exceptions occur in GBM amplifications
(CRESCENT n RUBIC: 0.06; CRESCENT N GISTIC2: 0.06; slightly below
RUBIC N GISTIC2: 0.08) and SARC amplifications (CRESCENT N RUBIC:
0.15; CRESCENT n GISTIC2: 0.18; on par with RUBIC n GISTIC2: 0.17).
Overall, these indices indicate that CRESCENT captures consensus
events while expanding coverage to scales overlooked by the other
tools.

Chromosome-level heatmaps (Fig.4) provide visual evidence of
CRESCENT’s advantages in resolving complex recurrent patterns.
These maps overlay CRESCENT’s probability scores (upper panels)
with observed copy number values (lower panels) for selected
chromosomes, juxtaposed against GISTIC2 and RUBIC calls (Fig. 4a).
For straightforward focal CNAs with prominent recurrent signals
and minimal surrounding noise, such as the amplification in GBM
chr7 (Fig.4b), all three tools successfully identify the event. In
more complex regions with substantial upstream or downstream
noise (Fig. 4c—i), CRESCENT consistently outperforms the baselines,
showcasing greater robustness. For amplifications, consider SARC
chrll (Fig. 4d): at the central position, a clear recurrent signal is
detected by CRESCENT and GISTIC2 but missed by RUBIC; conversely,
on the right side, a continuous prominent signal is captured by
CRESCENT and RUBIC, yet overlooked by GISTIC2. For deletions, in
GBM chr9 (Fig. 4h), the evident signal in the middle region is identified
by CRESCENT and GISTIC2, but not by RUBIC. These examples, along
with others like BLCA chr13 deletions (Fig.4f) and UCEC chr10
deletions (Fig. 4g), illustrate CRESCENT’s ability to resolve intricate
patterns across a spectrum of scales while mitigating noise-induced
misses or fragments seen in GISTIC2 and RUBIC.

Further validation of CRESCENT’s multi-scale design comes
from Gradient-weighted Class Activation Mapping (Grad-CAM)
visualizations on positive validation cases (Supplementary Figs 4-5).
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Figure 4 Chromosome-level heatmaps illustrating predicted recurrent copy number amplifications and deletions across selected TCGA cancer
types. (a) BLCA amplifications on chr1; (b) GBM amplifications on chr7; (c) BLCA amplifications on chr8; (d) SARC amplifications on chr11; (e) UCEC
amplifications on chr17; (f) BLCA deletions on chr13; (g) UCEC deletions on chr10; (h) GBM deletions on chr9; (i) SARC deletions on chr13. Each heatmap
integrates CRESCENT's probability outputs (upper panel) with observed copy number values (lower panel), highlighting focal recurrent events. Overlaid
annotations from GISTIC2 and RUBIC demonstrate regions where CRESCENT identifies additional focal CNAs undetected by these methods. Centromeric

regions, which may introduce anomalous observations, are indicated.

These heatmaps, overlaid on multi-branch inputs, illustrate how
narrower windows (e.g. branch0:50x40) emphasize focal peaks
in BLCA amplifications (Supplementary Fig. 4), while broader
windows (e.g. branch2:2000x40) capture expansive signals in GBM
(Supplementary Fig. 5). To substantiate these qualitative observations

with systematic evidence, we further conducted a dataset-level
quantitative analysis comparing positive instances (n = 984)
against a negative noise baseline (n = 922). We evaluated the
attribution maps using localization consistency (quantifying focus
on the expected central region) and attribution concentration
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(top-k energy ratio). Positive instances exhibited significantly stronger
localization consistency (Central-mass ratio: AUC ~ 0.789, Cliff’s
0.578) and higher attribution concentration (AUC ~ 0.683,
Cliffs § ~ 0.367) compared to the baseline. These results confirm
that the model consistently prioritizes the intended central genomic
signal rather than background noise. Collectively, these visualizations
and quantitative metrics confirm that CRESCENT’s parallel branches
and attention mechanism enable robust integration of scale-varying
CNAs, outperforming the scale-specific limitations of GISTIC2 and
RUBIC.

S =

Comparative analysis of focal CNA detection by
CRESCENT, GISTIC2, and RUBIC

We performed a comprehensive comparative analysis and pathway
annotation of the focal CNA regions identified by CRESCENT, GISTIC2,
and RUBIC. Figure 5a illustrates the total count of focal amplified and
deleted genes detected by each method prior to expression filtering. In
general, CRESCENT consistently identified the highest number of focal
genes among the three tools. While RUBIC generally detected more
focal deletions than GISTIC2 across the cohorts, GISTIC2 showed lower
sensitivity in identifying focal events in this comparison. Importantly,
when filtering for genes with expression support (Fig. 5b, Methods:
Prioritization of focal CNAs with TCGA gene expression support), the
total number of candidates decreased substantially for all methods;
however, CRESCENT retained the highest volume of validated genes,
suggesting it captures a broader landscape of transcriptionally active
driver alterations.

We subsequently analyzed the overlap of expression-supported
genes across multiple cancer cohorts to evaluate consensus on canon-
ical cancer drivers. The concordance among the three tools is visu-
alized in Supplementary Fig. 6. In the amplification analysis, the
intersection of all three methods (CRESCENT n RUBIC N GISTIC2)
consistently captured well-established oncogenes and tumor suppres-
sors across cohorts. Specifically, the consensus set included critical
cell-cycle and signaling regulators such as CCNDI1 in BLCA, EGFR
and CDK4 in GBM, CCNE in UCEC, and MDM2 in SARC. This high
degree of overlap on known drivers suggests that CRESCENT is highly
effective at capturing biologically significant focal events validated
by established benchmarks. In the analysis of focal deletions, con-
cordance was primarily observed between CRESCENT and RUBIC,
as the majority of genes detected by GISTIC2 lacked transcriptional
support. We observed shared candidates such as OR4P4 (BLCA and
SARC) and RBFOX1 (UCEC). Notably, CRESCENT identified a signif-
icantly larger proportion of unique focal events compared to the
other tools (e.g. 87.9% and 93.9% unique amplifications in BL.CA and
GBM, respectively). These unique fractions contained potential drivers
like SDK1 (BLCA) and HSDL2 (GBM). Conversely, GISTIC2 and RUBIC
detected distinct but smaller sets of genes (e.g. CD24 and SOX4 in BLCA,
respectively), highlighting that while consensus methods capture core
drivers, CRESCENT provides a more expansive view of the focal copy
number landscape.

To further validate the biological relevance of the detected focal
CNAs, we performed pathway enrichment analysis on the consen-
sus genes identified by all three tools (Fig. 5¢). Analysis using the
WikiPathways and the KEGG libraries (Methods: Pathway annotation
for focal genes) revealed that these consensus genes are significantly
enriched in classical oncogenic drivers and core survival pathways,
most notably the PI3K-Akt signaling pathway, glioma signaling, and
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general pathways in cancer. This confirms that all three tools suc-
cessfully capture the fundamental, high-frequency driver alterations
common in glioma. Furthermore, we examined the pathway enrich-
ment for genes uniquely identified by CRESCENT (Fig. 5d) to assess
whether these additional candidates possess biological functional rel-
evance. The analysis demonstrated that CRESCENT-unique genes map
to distinct and critical biological processes that extend beyond core
oncogenic signaling. For instance, we observed significant enrich-
ment in metabolic pathways such as the TCA cycle and oxidative
phosphorylation, as well as broader signaling networks like Wnt,
MAPK, and Rap1 signaling. Notably, in the GBM cohort, CRESCENT
uniquely identified genes associated with tissue-specific neural func-
tions, including synaptic signaling pathways, GABA receptor signal-
ing, and neuroactive ligand-receptor interactions. This suggests that
CRESCENT provides a higher-resolution view of the genomic land-
scape, capturing subtle but biologically significant alterations—such
as metabolic reprogramming and tissue-specific dependencies—that
are missed by other methods.

Prognostic significance of CRESCENT-unique and
consensus focal amplified genes in TCGA cohorts

We further validated the clinical relevance of the detected focal ampli-
fications by correlating gene expression with OS using matched TCGA
clinical data (Methods: Clinical validation of focal amplified genes via
survival analysis). In Fig. 6a, the consensus gene set—limited by the
conservative intersection of three tools—yielded only a single signif-
icant prognostic marker: CCNE1 in the UCEC cohort. High expression
of CCNE1 was strongly associated with poor prognosis [Hazard Ratio
(HR) = 2.60, log-rank p = 9.05 x 1079], as confirmed by the Kaplan-
Meier analysis (Fig. 6b), where patients with high CCNET levels exhib-
ited significantly reduced survival times. Biologically, CCNE1 (Cyclin
E1) is a canonical cell-cycle regulator whose amplification drives G1/S
phase transition and genomic instability, a well-documented mecha-
nism of aggressiveness in endometrial cancers and associated with
poor prognosis [25].

In contrast to the limited yield of the consensus approach, the
CRESCENT-unique gene set revealed a rich landscape of prognostic
markers across all four cohorts. CRESCENT identified a substantial
number of significant (log-rank P < 0.05) high-risk (HR > 1) and low-
risk (HR < 1) genes: 84 low-risk/117 high-risk in BLCA, 46 low-risk/44
high-risk in GBM, 128 low-risk/92 high-risk in SARC, and 114 low-
risk/87 high-risk in UCEC. This demonstrates that CRESCENT captures
a broader spectrum of clinically relevant alterations missed by other
tools.

Several top candidates from the CRESCENT-unique set were vali-
dated via Kaplan-Meier analysis (Fig. 6b). In UCEC, TRIM46 emerged
as a top high-risk gene (HR = 2.60, P = 8.78 x 1076). In Fig. 6h,
patients with elevated TRIM46 expression showed a marked decrease
in survival probability. TRIM46 is an E3 ubiquitin ligase known to reg-
ulate microtubule organization and has been implicated in promoting
cell proliferation and chemotherapy resistance in various carcinomas
[26]. In BLCA, PATZ1 was identified as a significant low-risk gene (HR
=0.55,P = 4.51 x 10~3), with higher expression correlating with better
survival outcomes (Fig. 6b). PATZ1 acts as a transcriptional repressor
and tumor suppressor in several contexts, often inhibiting the p53
pathway or epithelial-mesenchymal transition [27], consistent with a
protective role in bladder cancer. In GBM, RPL39L was a top high-
risk factor (HR = 2.43, P = 5.99 x 10~7), while GDI2 served as a
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protective, low-risk marker (HR = 0.57, P = .0011) (Fig. 6b). RPL39L is
a ribosomal protein paralog often upregulated in highly proliferative
tumor cells to support increased protein synthesis demands [28], fit-
ting the aggressive nature of glioblastoma. Conversely, GDI2 (Rab GDP
dissociation inhibitor beta) regulates vesicle transport; its association
with better prognosis suggests it may modulate membrane trafficking

pathways that limit invasive potential in specific glioma subtypes. In
SARC, LIMS2 was identified as a protective, low-risk gene (HR = 0.40,
P = 6.04x10-5), whereas MEX3A was a significant high-risk factor (HR
=244,P =132 x 107°) (Fig. 6b). LIMS2 is involved in focal adhesion
and cell spreading, often acting as a tumor suppressor by stabilizing
cell-matrix interactions and preventing metastasis [29]. In contrast,
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Figure 6 Prognostic significance of CRESCENT-unique and consensus focal amplified genes in TCGA cohorts. (a) Volcano plots illustrating the
relationship between gene expression and patient survival across four cancer types. The x-axis represents the log2 HR, and the y-axis represents
the -log10 Log-rank P-value. The top row displays consensus genes, while the bottom row displays CRESCENT-unique genes. Genes associated with
significantly lower risk (HR < 1) are colored green, while those associated with higher risk (HR > 1) are colored red. (b) Kaplan-Meier survival curves
stratifying patients into high- and low-expression groups based on median gene expression levels.

MEX3A is an RNA-binding protein that regulates mRNA stability and
has been linked to stemness and resistance to apoptosis [30], driving
poor outcomes in sarcomas.

Collectively, these findings highlight that CRESCENT not only recov-
ers canonical drivers but also uncovers a vast array of novel, clinically
significant focal amplifications that possess distinct prognostic value.

Evaluation of CRESCENT's pan-cancer generalizability
on simulated and independent cohorts

To further evaluate robustness, we moved beyond cohort-specific
cross-validation and trained a unified pan-cancer model. This allowed
us to test CRESCENT’s generalizability using both simulated data and
independent external cancer cohorts.

The pan-cancer model was trained on the aggregated dataset of all
20 TCGA cancer types using a five-fold cross-validation strategy. As
shown in Supplementary Figs 7 and 8 and Supplementary Table 6, the
pan-cancer model achieved robust performance with a mean AUC of
0.9468 (+0.0125) for amplifications and 0.9435 (+0.0165) for deletions,
demonstrating that CRESCENT can effectively learn shared recurrent
CNA patterns across diverse cancer types.

First, we validated the pan-cancer model using simulated datasets
from the RUBIC study [14]. We utilized the five independent sets of
1000 simulated breast cancer copy number profiles provided by the
authors. Since explicit ground-truth labels for recurrent CNAs were
not available for these simulations, we established the results iden-
tified by RUBIC as the reference standard (pseudo-ground truth). We
then benchmarked CRESCENT against GISTIC2.0 by measuring how
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well each method recovered these RUBIC-defined events. As presented
in Supplementary Table 7, CRESCENT demonstrated superior concor-
dance with the reference standard compared to GISTIC2.0. For ampli-
fications, CRESCENT achieved a mean F1 score of 0.9822, significantly
outperforming GISTIC2.0 (0.8810). Similarly, for deletions, CRESCENT
showed higher consistency with the reference, yielding a mean F1
of 0.8461 compared to 0.8103 for GISTIC2.0. These results demon-
strate that CRESCENT achieves robust performance on the simulated
datasets, exhibiting superior sensitivity and precision compared to
GISTIC2.0 in recovering the reference events.

Next, we demonstrate the pan-cancer model’s generalizability to
four external WGS datasets from CGCI-HTMCP-CC, CGCI-HTMCP-
DLBCL, TARGET-ALL-P2, and TARGET-AML projects. As shown in
Supplementary Table 8, CRESCENT maintained high performance on
these unseen datasets, with a mean AUC of 0.9757 for amplifications
and 0.9649 for deletions. This indicates that the features learned
by CRESCENT are not specific to TCGA batch effects but represent
generalized biological signals of recurrence.

Computational efficiency of CRESCENT

In addition to predictive performance, we assessed the computational
efficiency of CRESCENT on large-scale datasets. We benchmarked the
runtime and resource usage against RUBIC and GISTIC2.0 using three
TCGA cohorts (BLCA, SARC, and UCEC) on a standard workstation.
CRESCENT demonstrated high efficiency, processing each cohort in
~1.1-1.3 h, which is significantly faster than RUBIC (~7.5 h) and com-
parable to the heuristic-based GISTIC2.0. Notably, CRESCENT achieved
this with minimal memory overhead (~1.4 GB peak RAM versus
RUBIC’s 28-67 GB), confirming its scalability for genome-wide analysis
(detailed hardware specifications and benchmarks are provided in
Supplementary Tables 9-11).

Discussion

In this study, we presented CRESCENT, a unified deep learning
framework for the detection of recurrent CNAs. By leveraging a
multi-scale attention architecture, CRESCENT addresses a persistent
challenge In cancer genomics: the simultaneous and accurate
detection of alterations that vary by orders of magnitude in length.
Our extensive evaluation across 20 TCGA cancer types demonstrates
that CRESCENT not only matches the performance of established
tools on consensus drivers but also uncovers significant recurrent
events that conventional methods miss. Crucially, to ensure our
findings were not artifacts of the TCGA source distribution, we
validated a unified pan-cancer version of CRESCENT on simulated
data and independent external cohorts (CGCI and TARGET). The model
maintained high performance, confirming that CRESCENT learns
generalized signatures of recurrence rather than dataset-specific
batch effects.

To properly interpret the comparative performance of CRESCENT
against GISTIC2 and RUBIC, it is essential to acknowledge the funda-
mental methodological differences in how these tools detect recurrent
CNAs. GISTIC2.0 relies on amplitude and frequency thresholds, utiliz-
ing a “peel-off” algorithm to separate overlapping events [7]. While
effective for identifying high-amplitude peak summits, this iterative
subtraction can struggle in noisy regions or with lower-amplitude
signals. Consequently, if a sharp focal peak is not distinct enough
to be “peeled off,” GISTIC2.0 often defaults to aggregating the signal

into broad, arm-level events, thereby obscuring the underlying focal
drivers. Conversely, RUBIC focuses on “recurrent breaks” (transitions
between copy number states) rather than peaks [14]. This allows
RUBIC to excel at identifying focal events with sharp boundaries but
inherently limits its sensitivity to broad, arm-level alterations where
boundaries are often diffuse or span centromeres. A primary advan-
tage of CRESCENT is its architectural capacity to emulate expert visual
inspection. Much like a human annotator who zooms in to identify
focal peaks and zooms out to contextualize broad arm-level changes,
CRESCENT utilizes a multi-branch CNN to process genomic data across
resolutions simultaneously. By utilizing scale-specific inputs (50, 100,
and 2000 bins for amplifications; 20, 50, and 400 for deletions), the
model effectively synthesizes local-to-global contexts, allowing for the
precise mapping of focal (<3 Mb), medium (3-10 Mb), and broad (>10
Mb) events.

Our TCGA LOOCV benchmarking of CRESCENT against GISTIC2.0
and RUBIC revealed distinct biases in the baseline tools. GISTIC2.0
predominantly identified broad segments (=10 Mb), likely due to
difficulties in resolving focal boundaries within noisy signals, while
RUBIC remained restricted to focal alterations—findings that are con-
sistent with their respective methodological constraints. In contrast,
CRESCENT exhibited a balanced detection profile, identifying a higher
total number of events while maintaining a length distribution that
spans both extremes. This capability is particularly evident in complex
genomic regions (e.g. SARC chr11 and GBM chr9), where CRESCENT
successfully resolved boundaries that appeared fragmented or were
missed entirely by statistical baselines due to signal noise.

We acknowledge that our ground truth labeling strategy may influ-
ence benchmarking metrics, as specific labeling criteria can inher-
ently favor certain segmentation logics. However, the ultimate mea-
sure of utility is the recovery of biologically validated and clinically
relevant drivers. In this context, CRESCENT demonstrated superior
performance: it identified a significantly larger number of focal events
supported by gene expression data compared to the baseline tools.
Furthermore, the unique focal amplifications detected by CRESCENT
exhibited stronger prognostic associations, validating their clinical
significance.

Beyond computational metrics, the ultimate utility of a recurrent
CNA caller is its ability to identify biologically relevant targets. When
we filtered focal CNA candidates based on transcriptional support
(significant over/under-expression relative to copy number status),
CRESCENT retained the highest volume of validated focal CNAs. While
GISTIC2 and RUBIC provide a conservative “core” set of drivers (e.g.
EGFR, CCND1, CDK4), further survival analysis revealed that CRES-
CENT offers a more comprehensive catalog of potential therapeutic
targets, bridging the gap between statistical recurrence and biological
impact. For example, we identified TRIM46 in UCEC and RPL39L in
GBM as high-risk factors associated with poor survival, and PATZ1
in BLCA as a protective factor—associations that were missed by the
other two tools.

Despite its robust performance, CRESCENT relies on supervised
deep learning, necessitating high-quality training data. Although we
leveraged massive WGS cohorts from TCGA and demonstrated gener-
alizability across simulated data and independent cohorts (CGCI and
TARGET), the model’s efficacy on rare cancer types with limited train-
ing samples warrants further exploration. Furthermore, while our
preprocessing pipeline accommodates diverse input formats, down-
stream recurrence detection is inevitably influenced by the qual-
ity of upstream segmentation tools like ASCAT [17, 18]. The current
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CRESCENT architecture is optimized for WGS data. Direct application
to single-cell DNA sequencing [31-33] or Whole-Exome Sequencing
(WES) [8] may result in resolution artifacts due to inherent sparsity,
noise, and discontinuity. Future iterations will incorporate imputation
or transfer learning techniques to address these challenges. Further-
more, we aim to extend the framework to detect recurrent complex
structural variants [34] beyond simple copy number changes. Finally,
recognizing that automated analysis and interactive visualization are
critical for benchmarking and biological discovery [35], we aim to
integrate CRESCENT and its visual outputs into our existing CNA
database, CNAScope [8].

In all, CRESCENT represents a significant advancement in the com-
putational analysis of cancer genomes. By integrating multi-scale fea-
tures through deep learning, it provides a comprehensive and robust
solution for detecting recurrent CNAs. This tool offers researchers a
more accurate lens through which to view the genomic landscape
of cancer, facilitating the discovery of novel drivers and therapeutic
targets.

Key Points

® CRESCENT utilizes parallel convolutional neural networks and self-
attention to detect recurrent CNAs at multiple resolutions simulta-
neously.

® CRESCENT outperforms traditional recurrent CNA tools by achiev-
ing higher sensitivity and generalization in detecting both focal and
broad CNAs.

® CRESCENT identifies therapeutic targets that conventional statisti-
cal methods often overlook.
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