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Tumor cells often contain small, round circular pieces of DNA floating outside their normal chromosomes, called extrachromo-
somal DNA (ecDNA). They influence how the cancer cells grow rapidly, evolve and resist treatment. ecDNA marks aggressive
tumors and is the target for an emerging class of therapies, which makes the patient’s ecDNA status clinically actionable.
However, identifying ecDNA today requires whole-genome sequencing (WGS), which is expensive, time consuming, and
hence impractical for broad clinical use. We asked whether ecDNA could instead be detected from whole-exome sequencing
(WES). This is the protein-coding region and roughly 1–2% of the human genome. The biggest advantage of WES is that it’s
inexpensive and already routine in clinical labs. We hypothesized that features derived from mutational signals contained in
WES are adequate to accurately determine ecDNA status. To test this, we used publicly available pan-cancer datasets, built
machine learning models on a set of 227 WES-observable genomic features, and tested their ability to detect ecDNA status.
Models were trained on WGS-labeled samples and tested using matched samples with WES data and known ecDNA status.
The XGBoost model performed best with over 92% accuracy on the WES test set (n = 56) and supporting our hypothesis. A
WES-based ecDNA detection method could cost much less and put ecDNA detection within reach of everyday clinical practice
for targeted therapies. However, the limited sample size and reliance on computationally inferred ecDNA labels make our study
a proof-of-concept. Further work is required with larger and independent datasets to validate and refine it for clinical applicability.
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Introduction

Cancer is a disease caused by uncontrolled cell growth and this
typically happens when genetic and epigenetic changes build
up in the body over a long period1,2. At the genetic level,
cancer is driven primarily by changes in two specific types of
genes: oncogenes and tumor suppressor genes1. Oncogenes
are responsible for signaling cells to grow, but when they be-
come amplified, as in create too many copies of themselves,
they drive rapid cell growth and proliferation beyond normal
limits.

Oncogenes demonstrate a variety of alterations that result
in their constitutional activation, such as point mutation, re-
arrangement, or amplification at the genomic level. Extra-
chromosomal DNA (ecDNA) is one specific mechanism very
closely tied to gene amplification3,4. Unlike chromosomal
DNA, ecDNA refers to circular DNA independent of any chro-
mosome within the cell nucleus3. ecDNA-related research has
received a lot of attention lately because of its vital role in
driving tumor aggression and treatment resistance5.

ecDNA enables the cancer genes it carries to rapidly make
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copies of themselves, a process known as gene amplification.
Gene copying is comparatively constrained in a normal lin-
ear chromosome that follows Mendelian inheritance. ecDNA
doesn’t follow traditional rules of genetics and this allows the
oncogenes it carries to reach high copy numbers and uncon-
trolled growth4,6–8. Its circular shape compounds the prob-
lem. The ecDNA replicates itself on its own and enables the
oncogenes it carries to multiply at dangerously high levels that
a normal chromosome could never do, all due to its circular
shape lacking the normal regulatory constraints that keep a
linear chromosome in check7,9.

ecDNA is rare in normal cells but typical in cancer cells3,4.
If therapies targeted this unusually clean therapeutic target,
it could not only shut down key cancer pathways, but do so
without touching the normal, healthy tissue7,10. Due to this
potential, several clinical trials are already underway testing
this treatment strategy in selected cancer types10.

Although the precise mechanisms of ecDNA formation are
varied and are largely unknown, several mutational processes
and broader patterns of genome instability have been asso-
ciated with ecDNA in specific cancer types11–17, including
single-base substitution signatures such as APOBEC and copy
number signatures CN11,18,19. These signatures consist of fea-
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tures including, but not limited to, i) mutations and their trin-
ucleotide context ii) the size and microhomology length of in-
sertions and deletions and iii) the size, heterozygosity state
and total copy number of copy number alterations11,18.

Currently, various techniques are available for ecDNA de-
tection, all differing in their sensitivity, costs, throughput,
and detection reliability. Fluorescence in situ hybridization
(FISH) is the gold standard method for ecDNA detection,
but this method is low-throughput, expensive, and requires
prior knowledge of which oncogenes are amplified on ecDNA.
Recently, computational tools to detect ecDNA from whole-
genome sequencing data have also been developed, which fa-
cilitate the unbiased detection of ecDNA20. Detecting ecDNA
through assays other than whole genome sequencing (WGS),
such as whole-exome sequencing (WES), is challenging be-
cause only WGS provides the ability to detect SVs and infer
circularity from sequencing reads20,21. This represents a sig-
nificant barrier for developing assays that can be utilized in
a clinical setting, since implementing WGS in the clinic is
currently not feasible due to high associated costs22. While
existing computational tools can detect ecDNA from WGS
by leveraging structural variant information and circular DNA
reconstruction, these approaches are not applicable to WES
data, which lacks genome-wide coverage and structural reso-
lution. Despite the fact WES is widely used in clinical settings
for various purposes, there is currently no established way of
telling ecDNA presence using it. That leaves a major gap in an
accessible method for detecting a highly clinically actionable
therapeutic target. Our study is designed to address that very
gap – as in, investigate whether mutation-derived features ob-
servable in WES contain sufficient signal to predict ecDNA
status using machine learning.

We hypothesized that accurate ecDNA detection is possi-
ble from WES. In other words, we are able to predict with
accuracy whether a cancer sample harbors ecDNA by train-
ing a machine learning model on features constructed from
mutational signals contained in WES. To test this hypothesis,
we constructed a model using mutational features restricted
to those observable in WES, while leveraging WGS-based
datasets for feature annotation23 and model training. Our re-
sults suggest that ecDNA status can be detected from WES
with high accuracy, providing a first big step towards a prac-
tical and lower-cost alternative for detecting ecDNA in every
day clinical setting. These findings provide an initial proof
of concept for exploring ecDNA detection using mutation-
derived features from WES, a widely used clinical assay.

Methods

Data Sources and Preprocessing

We obtained single-base substitution, insertion and deletion,
and copy number mutation data from The Cancer Genome At-

las (TCGA) and the Pan-Cancer Analysis of Whole Genomes
(PCAWG) pan-cancer databases24,25. All genomic data ana-
lyzed were publicly available and de-identified. Human sub-
jects were not directly involved.

We categorized these mutations into 96 substitution, 83 in-
del, and 48 copy number mutational contexts according to
the previously developed schema for classifying mutations for
mutational signature analysis11. We converted the raw count
matrices to proportions for each mutation type, and then all
matrices were combined, resulting in a feature matrix consist-
ing of a total of 227 features.

Copy number features were derived from WGS-based
allele-specific copy number profiles generated using Allele-
Specific Copy Number Analysis of Tumors (ASCAT)26 as
part of the PCAWG consensus calls. These copy num-
ber profiles were intersected with exonic regions defined by
Genome Annotation for the Encyclopedia of DNA Elements
(GENCODE)27, and the resulting exonic-restricted segments
were categorized using SigProfilerMatrixGenerator’s CN48
schema11,28. The same exonic restriction was applied to
SBS96 and ID83 mutation features. Thus, all feature matrices
were derived in the same way, as in from the WES-accessible
genomic regions. ASCAT internally handles tumor purity and
ploidy estimation26,29. This design isolates the question of
whether ecDNA-discriminating signal is present within WES-
accessible genomic territory, independent of additional noise
introduced by native WES-based calling.

We derived the ecDNA status of each sample from previ-
ously published computational predictions from AmpliconAr-
chitect software20. We used a total of 688 samples with only
WGS data for training, and 56 samples with both whole-
exome sequencing and whole-genome sequencing were used
as the external test set. Although mutation features were de-
rived from WGS-based datasets, the feature space was re-
stricted to signals that are observable in WES data, enabling
evaluation of model performance on WES samples.

Model Training

We selected XGBoost (Extreme Gradient Boosting) and a
feed-forward neural network as the primary models. XGBoost
is a gradient-boosting algorithm that combines decision trees
to make accurate predictions. These models were selected due
to their ability to handle complex patterns within the data, their
resistance to noise within the data, and their resistance to over-
fitting when there is limited data.

For hyperparameter tuning, we tested a 3x3 grid across
learning rate, n estimators, and maximum depth and optimized
the grid based on our 10-fold cross-validation results from
model selection. Because we are doing a binary classification
task to identify ecDNA, we set the objective function to binary
logistic loss. To keep the model from overfitting and ensure it
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generalizes well to new data, we also implemented early stop-
ping. Since this project is an exploratory proof-of-concept, we
used a smaller grid search to balance model optimization with
reasonable training times.

We constructed a Multi-Layer Perceptron model to analyze
the tabular data. MLP is an artificial neural network that uses
overlapping dense layers to make predictions. We introduced
non-linearity into the model using the ReLU (Rectified Linear
Unit) activation function.

The network consisted of multiple hidden layers, with the
first of the hidden layers containing 256 neurons and then de-
creased gradually to 16 neurons in the final layer to distill the
information from the inputs. We applied L2 regularization
across all layers with a penalty factor of 0.01 to avoid over-
fitting, and sigmoid activation for binary classification was
used in the output layer. The model’s loss function was bi-
nary cross-entropy with Adam optimization to train it with a
learning rate of 0.001.

We used 5-fold cross-validation for model training and per-
formance assessments. Our goal was to make sure that the
model didn’t overfit and worked well on new patient informa-
tion. For each fold, we assessed the model using measures of
accuracy, precision, recall, and F1-score. Both XGBoost and
the neural network performance was improved by tweaking
the hyperparameters.

Feature Engineering

We trained the model on frequencies of single-base substitu-
tions (SBS), insertions/deletions (Indels), and copy number al-
terations (CNAs). We didn’t use raw counts and instead nor-
malized the frequencies using proportions. The following for-
mula was used to compute the proportions.

Proportion =
m

Total Count
(1)

where m is a mutation type (SBS, Indels, or CNAs).
These normalized proportions were then used as input data

to the model. Raw mutation counts in a sample are not suitable
by themselves for direct comparison across samples. They are
influenced by many factors, including the sequencing depth
and total mutation burden. And these factors have nothing to
do with ecDNA. Feeding raw counts as input data to the model
would make it key on the total number of mutations rather
than the mutational patterns we are looking to learn from. We
reduced this risk by converting raw mutation counts to their
respective proportions. Now, we can credibly compare muta-
tion patterns across datasets11,18. Further, only mutation sig-
nals measurable within WES data were used in feature con-
struction, thereby ensuring compatibility with exome-based
inputs. The computational workflow for feature construction
and ecDNA prediction is shown in Figure 2.

Results

The dataset used in this study spans various cancer types, and
these types are unevenly represented. Not just the sample
count, but the ecDNA by cancer type is also varied. We keep
this variation in mind during model interpretation and perfor-
mance assessment. The pan-cancer dataset summary is avail-
able in Figure 1.

WES is a widely available clinical assay, however ecDNA
detection currently depends on the expensive WGS. There-
fore, we tested whether features derived from mutational sig-
nals available in WES can accurately predict ecDNA status.
We trained the models on WGS-labeled samples and then
tested them on an independent WES dataset. Our aim was to
take a first big step towards making ecDNA detection widely
accessible.

Model Performance and Accuracy

On the WES test set (n = 56), the XGBoost model achieved
92.86% accuracy and an area under the receiver operating
characteristic curve (AUROC) of 0.87. Its confusion matrix
shows 49 true negatives and 3 true positives, against 2 false
positives and 2 false negatives. These measures show overall
strong performance in ecDNA identification. Figure 3 shows
the confusion matrix and ROC curve for the XGBoost model.

Comparatively, the MLP model achieved an accuracy of
87.50% on the WES test set. Its confusion matrix shows 49
true negatives and zero true positives, against 2 false positives
and 5 false negatives. As the data shows, it failed to identify
ecDNA-positive samples.

Data summarized in the above table shows that both models
perform well on ecDNA-negative samples, however XGBoost
has better sensitivity in detecting ecDNA-positive cases.

There was a small number of ecDNA-positive samples (n =
5) in the test set. This test dataset imbalance limits the sta-
bility of the sensitivity estimates and so, further evaluation is
required on larger and more balanced datasets.

Both models had errors with non-zero false positives and
false negatives. Further model refinement can help re-
duce/eliminate these errors and achieve higher accuracy in
ecDNA prediction using WES data.

Summarizing, the results show that WES data contain pre-
dictive signal associated with ecDNA. This is supported by
XGBoost performance in ecDNA detection from analyzing
features constructed based on mutation signals contained in
WES data.

Discussion

Our study evaluated whether mutation signals contained in
whole-exome sequencing (WES) could support accurate pre-
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Table 1 Comparison of model performance on the WES test set.

Model Accuracy True Positives True Negatives False Positives False Negatives

XGBoost 92.86% 3 49 2 2
MLP 87.50% 0 49 2 5

diction of ecDNA status.
Current computational methods from whole-genome se-

quencing data identify both if a sample has ecDNA and the
precise locations of the ecDNA20. However, in a clinical set-
ting, just determining whether a patient has ecDNA or not
can be valuable, given that current therapies in development
target all ecDNA, irrespective of what oncogenes are on that
ecDNA10. These findings suggest that ecDNA status may be
inferred from WES-derived features, although further valida-
tion is required before considering clinical applications. Here,
we show that ecDNA status can be predicted from WES-
derived features, albeit from a very limited sample size. Ex-
pansion of the current feature set to include features beyond
mutational contexts, such as quantifying the number of large
shifts in copy number in adjacent segments, will improve the
accuracy of detection.

There were several limitations that may have affected our
results. Firstly, the limited WES test dataset affected how
well we could evaluate the model across each individual can-
cer type. Given the ecDNA prevalence was different across
each individual cancer type, the model could have partially
keyed-in on cancer-type-specific mutation patterns rather than
ecDNA-associated signals themselves. Further, the training
and test data were varied in both size and modality (WGS
for training, WES for testing), thereby further impacting the
model’s generalizability. While we restricted the feature set
to signals observable in WES, the differences in their respec-
tive data sources and sequencing contexts can still pull feature
distributions apart between the two sets. Given these limita-
tions, establishing robust performance across settings requires
deeper analyses with larger, more diverse WES cohorts strati-
fied by cancer type.

Secondly, we used ecDNA labels from WGS-based compu-
tational tools. The model is therefore learning to approximate
WGS-based inference from mutation-derived features rather
than to detect ecDNA independently. This creates circular
noise, meaning if the WGS-based computational tools make
a mistake, our model will just repeat it. To prove our model
really works, we need to test it against real-world lab experi-
ments, such as fluorescence in situ hybridization (FISH), using
independent WES cohorts.

Thirdly, we derived copy-number data from WGS-based
ASCAT profiles restricted to exonic regions. We didn’t get
this data from standard WES. We don’t know yet if the model

would perform just as well if we used real-world exome soft-
ware (like CNVkit or FACETS), which is a major next step for
this research. Finally, we left out some genomic features that
may be highly relevant for detecting ecDNA, such structural-
variations. Adding these features in the future could make the
model even more accurate.

These limitations notwithstanding, these results matter clin-
ically. ecDNA is linked to aggressive tumors and is the target
of a new class of treatment strategies, and its prediction is clin-
ically actionable. Being able to predict a patient’s ecDNA sta-
tus using WES, a widely available assay, could make screen-
ing more accessible in clinical settings7. However, our results
only show correlations between mutation patterns and ecDNA
status. Further analyses on larger and more diverse datasets is
needed to establish causation.

There are few key next steps to build on this work. Firstly,
and most importantly, we need a much larger dataset for model
training and testing. Testing the model on much larger datasets
and stratifying that data by cancer type would help us deter-
mine how well it performs across each individual cancer type.
Secondly, it’s important to look inside the model through fea-
ture importance ranking or SHAP-based methods. This would
help understand which mutation-derived features contribute
most strongly to ecDNA detection, thereby elevating a predic-
tive tool into a source of deep biological insight and moving
from correlation to causation. Also expanding the genomic
features, such as inclusion of structural variation signals, may
help improve the model’s accuracy. We should also consider
combining WES mutation data with other types of biological
data to further improve the model’s accuracy and identify ad-
ditional patterns are most closely associated with ecDNA.

Normalization to proportions improved comparability
across samples, but it totally discarded absolute mutation bur-
den, which may be biologically relevant. Taking both nor-
malized and raw mutation counts into account may improve
accuracy and interpretability of future models. Additionally,
our hyperparameter search was deliberately narrow; expand-
ing this using randomized or more extensive search strategies
may help improve model performance.

Benchmarking against simpler baseline approaches, such as
logistic regression or random classifiers, would show what the
added model complexity actually gets for us. Finally, evaluat-
ing this approach on newly sequenced clinical samples will be
important for understanding how it could be used in real-world
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settings.
In conclusion, our study provides an early demonstration

that ecDNA status can be predicted from mutational signals
observable in WES. However, given the limited sample size
and reliance on computationally inferred labels, further val-
idation on larger and independent datasets will be necessary
to assess robustness and generalizability. With continued re-
finement, this approach may support future efforts to develop
more accessible strategies for ecDNA characterization and im-
prove understanding of ecDNA biology in cancer.
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Figures and Figure Titles/Captions

Figure. 1 Dataset composition and ecDNA prevalence across
cancer types. A) Venn diagram showing overlap between samples
with whole-genome sequencing (WGS) data (n = 688) and samples
with both WGS and whole-exome sequencing (WES) data (n = 56).
B) Stacked bar plot showing the prevalence of ecDNA in samples
across different cancer types in the TCGA dataset. There is variation
in both sample count and ecDNA prevalence across individual
cancer types.

Figure. 2 Workflow for data processing, feature construction and
ecDNA prediction. Flowchart of computational pipeline used to
generate input features from whole-exome sequencing (WES) data.
Single-base substitutions, insertion and deletion, and copy number
mutation data from TCGA and PCAWG datasets were categorized,
normalized as proportions of total mutations and combined into a
unified feature matrix. These features were then used to train and
evaluate the machine learning model. Hyperparameters were tuned
with 10-fold cross-validation for model selection, followed by 5-fold
cross-validation for model training and performance evaluation.

Figure. 3 Classification performance of the XGBoost model on
WES test data. A) Confusion matrix showing the predictive
performance of the WGS-trained XGBoost model when evaluated
on the WES test dataset, 49 true negatives, 3 true positives, 2 false
positives, and 2 false negatives. B) Receiver operating characteristic
(ROC) curve showing the XGBoost model’s predictive performance
on the WES test data (AUC=0.87).
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