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Abstract

Background: Ubiquitous presence of short extrachromosomal circular DNAs (eccDNAs) in eukaryotic cells has perplexed generations
of biologists. Their widespread origins in the genome lacking apparent specificity led some studies to conclude their formation as
random or near-random. Despite this, the search for specific formation of short eccDNA continues with a recent surge of interest in
biomarker development. Results: To shed new light on the conflicting views on short eccDNAs’ randomness, here we present DeepCircle,
abioinformatics framework incorporating convolution- and attention-based neural networks to assess their predictability. Short human
eccDNAs from different datasets indeed have low similarity in genomic locations, but DeepCircle successfully learned shared DNA
sequence features to make accurate cross-datasets predictions (accuracy: convolution-based models: 79.65 +4.7%, attention-based
models: 83.31+4.18%). Conclusions: The excellent performance of our models shows that the intrinsic predictability of eccDNAs is
encoded in the sequences across tissue origins. Our work demonstrates how the perceived lack of specificity in genomics data can be
re-assessed by deep learning models to uncover unexpected similarity.
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INTRODUCTION

Recently, there has been renewed interest in the research of
extrachromosomal circular DNA (eccDNA), as new findings
have shown that they might be more prevalent than previously
thought, in both tumor and normal cells [1, 2]. EccDNAs are
derived from chromosomes, and range from several hundred
base pairs (bp) to megabase pairs (Mbp). The eccDNAs that
are long enough to span entire gene bodies, termed as double
minutes or extrachromosomal DNAs (ecDNAs), were found to be
prevalent in tumor tissues but rare in normal tissues. ECDNAs
promote tumor progression and drug resistance through copy
number amplification of oncogene, leading to shortened survival
and poor outcomes in cancer patients [3-7]. In addition, distal
enhancers could be co-amplified with oncogenes in ecDNAs [8].
The enhancer-carrying ecDNA could also act as mobile enhancers
to promote genome-wide chromosomal gene expression [9]. The
properties of ecDNAs that make them potent drivers of massive

gene expression has become the research focus in treating
aggressive tumors.

On the other hand, the eccDNAs with shorter length are less
understood, despite the fact that they are much more abundant
in both tumor and normal cells than ecDNAs. The short eccD-
NAs, termed as small polydispersed circular DNA (spcDNA) or
microDNA in some literature, are typically shorter than 1000 bp
[10, 11]. Short eccDNAs seldom contain complete genes due to
their lengths but recent studies have found that they can reg-
ulate gene expression or stimulate immune response [12, 13].
Although short eccDNAs can be linked to biological functions,
their generation was suggested to be random because their origins
spread across the genome lacking apparent specificity [13, 14].
However, the proposition of random biogenesis contradicts the
reports of overrepresented features in short eccDNAs [7, 15-18],
which favor non-random production mechanisms. In addition to
the implications in fundamental biology, the randomness of short
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eccDNAs also concerns the active field of applied research in
using them as biomarkers [19-21]. If they are mostly random,
most will not be good biomarker candidates. Given the importance
of the question on the short eccDNAs’ randomness, a better
assessment is needed.

The randomness question can be approached by quantifying
the predictability of short eccDNAs, a task that machine learning
methods are well suited for. Existing computational tools for short
eccDNA studies focused on detection from experimental sequenc-
ing data enriched for eccDNAs, by detecting circular junction from
reads mapping [13, 22-25]. By utilizing these tools, a significant
amount of eccDNA data has been accumulated, which can be
used to train prediction models. Deep learning has achieved pre-
diction performance close to that of humans in various tasks in
the domains of image and natural language processing [26, 27].
While deep learning might still be not as good as humans in
everyday tasks, it beats us in specialized tasks that deal with input
data which humans struggle to learn from [28]. One such example
is the field of genomics, which deep learning can help decoding
the biological insights hidden in the DNA sequences consisting
of only four letters [29]. Deep learning models can achieve this
without the requirement of any prior knowledge, as integrated
feature extraction removes the need of feature definition. For
example, convolutional neural network (CNN), a type of model
widely used for image processing, can learn the local dependency
of data derived from convolutional layers. By combining multiple
convolutional layers, CNN is capable of learning complex patterns
from raw data, and makes predictions better than conventional
machine learning models.

To overcome the CNN'’s limitation in locality, architectures
that can model long-term dependency of sequences have been
combined with CNN’s representation power to achieve state-
of-the-art performance in predicting genomic elements [30, 31].
Bidirectional Encoder Representations of Transformers (BERT) is
capable of modeling global dependency of data through self-
attention mechanisms [32]. Originally developed for natural lan-
guage processing, BERT models have been demonstrated to be
capable of learning DNA sequences as a language too, after some
tweaks (DNABERT) [33]. DNABERT pre-trained on the human
genome is suitable for transfer learning in various tasks. Through
fine-tuning the pre-trained DNABERT model on labeled data,
it outperformed other machine learning models in prediction
of promoters, splice sites and transcription factor binding sites.
Therefore, DNABERT has great potential in complementing CNN
models in learning complex sequence features. Together, the two
state-of-the-art methods will provide a good estimate of short
eccDNAs’ predictability.

We aimed to make the assessment on short human eccDNAs’
predictability as general as possible. Therefore, we focused on
the intrinsic feature that is available for all datasets regardless
of cell types, the DNA sequences. To achieve this aim, we devel-
oped DeepCircle, an end-to-end bioinformatics pipeline adopt-
ing CNN and DNABERT to predict eccDNAs. Using DeepCircle,
we demonstrated that eccDNAs could be accurately predicted
by both CNN and DNABERT. We also demonstrated that eccD-
NAs derived from various tissue origins exhibited similar DNA
sequence properties, despite having little overlap in genomic loca-
tions. With the help from deep learning models, we established
the general predictability of short eccDNAs, which is a necessary
condition for the search of specific short eccDNAs and their
formation mechanisms. Our work serves as a basis for further
exploration of sufficient feature sets to predict cell- or condition-
specific eccDNAs.

RESULTS

Short human eccDNAs are predictable using
sequence-based deep learning models

To assess the predictability of short eccDNAs, we developed a
deep learning-based bioinformatics pipeline called DeepCircle,
which adopted CNN and DNABERT as underlying deep learning
models for predicting eccDNAs and incorporated DNA motif
analysis for interpretation of prediction results (Figure 1). We
applied DeepCircle on eleven datasets covering several human
cancer cell lines and tissues to obtain as general an assessment
as possible. We first evaluated the performance of DeepCircle
by training on each dataset and validating using eccDNAs
unseen during the training process (see Methods). Both CNN
and DNABERT models achieved promising prediction perfor-
mance, reaching a mean accuracy around 0.8 across different
datasets (CNN=0.797+0.047 and DNABERT=0.833+0.042;
mean +SD; Figure 2). The good predictive power from the
models were achieved with a balanced performance in recall
and precision, as shown by a mean performance around 0.8
in both metrics across datasets (recall: CNN=0.792+0.063
and DNABERT =0.872+0.052; precision: CNN=0.800+0.047
and DNABERT =0.809+0.036; Figure 2). The balanced predic-
tion performance of our models is further supported by the
composite metrics, F1 score, with CNN=0.795+0.049 and
DNABERT =0.839 £ 0.042. Overall, the performance is comparable
between two models and across the datasets. Our results indicate
that deep learning models could reliably predict short human
eccDNAs from the information of DNA sequence only.

DeepCircle is robust: models trained on one
dataset can predict eccDNAs from other tissue
origins

The similar prediction performance across datasets prompted us
to hypothesize that eccDNAs from different tissue origins might
share similar sequence features useful for prediction. To test
this hypothesis, we performed cross prediction across datasets,
i.e. use the model trained on a dataset to predict on another
dataset for all pairwise combinations. But first we needed to
preclude the possibility that good cross prediction performance
comes from shared origins in genomic locations of eccDNAs
between two datasets. We used the Jaccard index to quantify
the pairwise similarity of each dataset pair in terms of genomic
coordinates of eccDNAs (Figure 3A, see Methods). The results
showed that most of the dataset pairs have the Jaccard index
less than 10% (with a minimum of 0.2% and maximum of 12%),
indicating that eccDNAs identified in every dataset are dissimilar
in their origins of genomic locations, ideal for use in testing model
robustness.

By testing all the models on all the datasets, we showed
that the deep learning models within DeepCircle achieved good
performance in predicting test data from datasets that are not
the one used for training. Since CNN and DNABERT obtained
similar performances, for simplicity, in the remaining results
we will show the results from CNN model in the main text and
leave the DNABERT part in the Supplementary Data available
online at http://bib.oxfordjournals.org/. Surprisingly, some of
these cross-testing achieved even better performance than the
dataset they are originally trained for, indicating that there
is probably no tissue-specificity regarding the prediction of
eccDNAs (Figure 3B-E, Supplementary Figure SIA-D available
online at http://bib.oxfordjournals.org/). However, we found that
there was some distinction between models trained on the cell
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Figure 1. Workflow of DeepCircle. (A) DNA sequences containing eccDNA were inputted to either CNN or DNABERT for predicting eccDNAs. For CNN,
DNA sequences were converted into numerical tensors by onehot encoding and used for predicting eccDNAs. For DNABERT, DNA sequences were split
into series of 6- mers and used for fine-tuning on a pre-trained DNABERT model for predicting eccDNAs. Following prediction, the predicted eccDNAs
and non-eccDNAs were analyzed with the interpretation module (B) of DeepCircle to identify eccDNA-related motifs.

lines datasets (cell line models) and models trained on the
tissue datasets (tissue models). Cell line models have worse
recall when tested on the tissue datasets than on the cell line
datasets (Supplementary Figure S2C and G available online at
http://bib.oxfordjournals.org/). In contrast, tissue models have
no significant difference in the performance between testing on
the cell line datasets and on the tissue datasets (Supplementary
Figure S2 available online at http://bib.oxfordjournals.org/). In
summary, cross-testing results confirmed that the deep learning
models within DeepCircle have robust predictive power. Our
models managed to predict eccDNAs of different tissue origins
with dissimilar origins in genomic locations that they were not
exposed to during training, indicating that there might be some
common sequence patterns in eccDNAs useful for prediction.
These results also indicate that tissue and cell line datasets
might share some common eccDNA sequence features, but tissue
datasets might have more diverse eccDNA sequence features than

cell line datasets, as a result, higher values in recall were obtained
by the tissue models.

General sequence features used in predicting
eccDNAs includes GC content and dinucleotide
frequencies

To further elucidate the sequence difference between those eccD-
NAs (TP and FP) and non-eccDNAs (TN and FN) predicted by
DeepCircle, we first compared their GC content of their 1000-
bp-long sequences. The results showed that the sequences pre-
dicted to be eccDNAs have a higher GC content than those pre-
dicted to be non-eccDNAs, in all the datasets we have analyzed
(Figure 4A, F and Supplementary Figure S3 available online at
http://bib.oxfordjournals.org/). We further performed an in-depth
characterization of DNA composition by computing the dinu-
cleotide frequencies of the DNA sequences that are predicted
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Figure 2. Short human eccDNAs are predictable using sequence-based deep learning models. Deep learning models implemented within DeepCircle
including CNN and DNABERT models were evaluated by testing the models on the test data derived from the same dataset separately. Accuracy (A), F1
score (B), recall (C) and precision (D) were used to evaluate the performance of models. Labels are colored by the datasets on which models were trained

(cell lines in orange and tissues in blue).

to be eccDNAs and non-eccDNAs. The results showed that the
sequences predicted to be eccDNAs have higher frequencies of
dinucleotides containing at least one cytosine or guanine (CC,
CG, GC and GG) and lower frequencies of dinucleotides contain-
ing adenine or thymine (AA, AT, TA and TT), than those pre-
dicted to be non-eccDNAs (Figure 4B-E, G-J and Supplementary
Figure S3 available online at http://bib.oxfordjournals.org/). We
further examined the potential bias of the lengths of eccDNAs on
the prediction of eccDNAs. We showed that the eccDNAs that are
100 to 500-bp long, which are well-represented in the datasets, are
accurately predicted (Supplementary Figure S4 available online at
http://bib.oxfordjournals.org/). Additionally, there was no signifi-
cant difference between the length distribution of DNA sequences
that are predicted to be eccDNAs and non-eccDNAs (Supplemen-
tary Figure S5 available online at http://bib.oxfordjournals.org/),
indicating that predictions were not dictated by the coverage ratio
of eccDNA to flanking regions in genomic intervals.

Motif analysis revealed common motifs utilized
by models to discern eccDNAs from
non-eccDNAs

The results showed that DeepCircle was capable of predicting
eccDNAs of different tissue origins and had distinct robustness in
performance of cell line models and tissue models. These results

motivated us to characterize the sequence features that are
shared by all correct predictions (TP or TN) or correct predictions
exclusive to the cell line models/tissue models. To this end, for
each dataset, we partitioned the prediction results into three
disjoint sets: ‘High-conf’ set of TP, ‘Cell’ set of TP and ‘Tissue’
set of TP, where ‘High-conf’ set represents consistent predictions
made by all models, ‘Cell’ set represents consistent predictions
made exclusively by all cell line models and “Tissue’ set represents
consistent predictions made exclusively by all tissue models.
Afterwards, we calculated the proportion of TP in these three
sets over all the TP in each dataset. Results showed that TP
within the ‘High-conf’ set were consistently predicted by all
the models (CNN=58.39+10.27%; DNABERT =61.23 4+ 10.46%),
but the ratio is higher for the cell line datasets than the tissue
datasets (Figure 5A and Supplementary Figure S6A available
online at http://bib.oxfordjournals.org/). We also performed the
same analysis described above for the prediction results of
TN for every non-eccDNAs in each dataset. A large portion of
TN was also consistently predicted by all the models (‘High-
conf’ set of TN, CNN =64.67 +1.33%; DNABERT =62.74+0.76%),
but no distinction between cell lines and tissue datasets was
observed (Figure 5B, Supplementary Figure S6B available online at
http://bib.oxfordjournals.org/). The results that the tissue models
predicted more exclusive TP but almost equal proportion of
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Figure 3. DeepCircle is robust: models trained on one dataset can predict eccDNAs from other tissue origins. (A) The Jaccard index showed that eccDNAs
derived from various datasets exhibited very low similarity. (B)-(E) respectively represent the accuracy, F1 score, recall and precision of CNN models
trained from one dataset and test on other unseen datasets. If the model was trained and tested using identical dataset (the elements on the diagonal
line starting from the lower left corner to the upper right corner), only testing data was used for evaluating the model. The performance of DNABERT
models was demonstrated in Supplementary Figure S1 available online at http://bib.oxfordjournals.org/.

TN compared to the cell line models agree with the previous Based on the previous results, we hypothesized that DNA
observation that tissue models generalized better in terms of sequence patterns that are common in eccDNAs might be
recall. enriched in the DNA sequences of consistently predicted
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Figure 4. General sequence features used in predicting eccDNAs includes GC content and dinucleotide frequencies. The prediction results of the CNN
models were analyzed to obtain the distribution of GC content and dinucleotide (AA, AT, CC and CG) frequencies. Since PC-3 and Lung-normal dataset
obtained best performance respectively in the cell line datasets and tissue datasets, here we only showed the results of these two datasets. The results of
other datasets are shown in Supplementary Figure S3 available online at http://bib.oxfordjournals.org/. (A), (F) Distribution of GC content of each DNA
sequence in the PC-3 and Lung-normal dataset, respectively. DNA sequences predicted to be eccDNAs exhibited higher GC content compared to the
ones predicted to be noneccDNAs. DNA sequences predicted to be eccDNAs contained higher frequencies of dinucleotides with at least one guanine or
cytosine (D), (E), (I), J) and lower frequencies for dinucleotides with at least one adenine or thymine (B), (C), (G), (H). P and N denotes positive (eccDNAS)

and negative (non-eccDNAs) label data, respectively.

TP. To test this hypothesis, we applied the interpretation
module of DeepCircle to identify consensus eccDNA-related
motifs (see Supplementary Figure S7A,B available online at
http://bib.oxfordjournals.org/). Notably, there was a consensus
eccDNA-related motif identified in all the datasets, indicat-
ing that it might represent the common features of short
human eccDNAs (the first motif within the ‘High-conf’ set in
Figure 5C and Supplementary Figure S6C available online at
http://bib.oxfordjournals.org/). In contrast to the results that
no consensus motifs within the ‘Cell’ set were identified in
tissue datasets, every consensus motif within the ‘Tissue’ set was
identified in some of the cell line datasets. This result indicated
that the consensus motifs inferred from the ‘Tissue’ set might
more readily recapitulate the common features of eccDNAs
compared to the ones from the ‘Cell’ set, and corroborated
previous results that tissue models generalized better than the
cell line models. To further obtain a general understanding
regarding the biological functions of these motifs, we used the
most representative consensus motif (the first motif within the
‘High-conf’ set in Figure 5C) to query for similar human DNA
motifs (see Methods). It was found that the top 10 most similar
DNA binding motifs all belong to the zinc-finger protein family,
suggesting their potential roles in the biology underlying short
human eccDNAs (Supplementary Table S1 available online at
http://bib.oxfordjournals.org/).

DISCUSSION

Short human eccDNAs are abundantin cells and have widespread
origins in the genome, leading to the proposition that they are gen-
erated by random processes such as spontaneous mutation and
apoptosis [13, 14]. Such a random nature puts the predictability
of short human eccDNAs into question. We showed that publicly
available short human eccDNA datasets do appear to be random:
they shared little overlaps in their origins in genomic locations.
But the prediction results from DeepCircle showed that short

human eccDNAs can be predicted, even by models trained on
eccDNAs from different tissues. While the genomic regions of
where the short eccDNAs derived from could be relatively random
in different cell types, the sequences within are not. Our study
demonstrated that learning eccDNA features is feasible, which
has ramifications for research intending to use the predictabil-
ity of eccDNA to gain biological insights or to develop clinical
applications.

To our knowledge, DeepCircle provides the first machine
learning models to predict the presence of eccDNAs. As a proof of
concept on the predictability of short human eccDNAs, we used
only the DNA sequences for model training. Sequence-based deep
learning models have shown excellent predicting performance on
genomic elements known to have conserved sequences such as
promoters [33, 34]. EccDNAs have no known conserved sequences,
except for telomeric eccDNAs [35]. But even in absence of any
prior knowledge of common eccDNA sequences, DeepCircle
achieved good predicting performance. Our results demonstrated
the effectiveness of deep learning models in learning complex
sequence features from a non-conserved genomic element with
possibly random distribution, without any input on the knowledge
of features.

Although deep learning has exceptional predictive power
compared to traditional machine learning methods, the model
itself offers no explanation on what is learned. Getting caught
with the pitfall of low ‘explainability’ of deep learning models can
result in nonsensical predictions based on data artifacts instead of
data features [36]. To verify the validity of DeepCircle’s models, we
analyzed the prediction results with the interpretation module.
Regions predicted to be containing eccDNAs have higher GC
content and higher frequencies of dinucleotides containing G or C,
consistent with previous reports [11, 15, 18, 23, 37]. Further motif
analysis on the predicted results showed that there were common
motifs utilized by DeepCircle’s models in predicting the presence
of eccDNAs across various datasets. Notably, the predictions
made by CNN and DNABERT are highly consistent and the two
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Figure 5. Motif analysis revealed common motifs utilized by models to discern eccDNAs from non-eccDNAs. (A) and (B) respectively represent the
percentages of DNA sequences that were consistently predicted to be TP and TN among models trained on various datasets. (C) The consensus eccDNA-
related motifs were identified in three sets (as described in Supplementary Figure S7 available online at http://bib.oxfordjournals.org/). Motifs identified
in the ‘High-conf’ set occurred in most of the datasets. Interestingly, motifs identified in the ‘Cell’ set were only identified in the cell line datasets but
the ones in the ‘Tissue’ set were identified in both the human cell line datasets and tissue datasets. The consensus eccDNA-related motifs identified in
the DNABERT were shown in Supplementary Figure S6C available online at http://bib.oxfordjournals.org/.

models utilized similar motifs in their predictions, indicating that
shared features were learnt successfully by models with different
learning mechanisms (Figure 5C and Supplementary Figure S6C,
Table S2 available online at http://bib.oxfordjournals.org/). By
querying the motif database, representative motifs used to predict
eccDNAs were found to be similar to the binding motifs of the
zinc-finger protein family (Supplementary Table S1 available
online at http://bib.oxfordjournals.org/). It raises the possibility
that the binding of some zinc finger proteins can facilitate the
formation of eccDNAs. Moreover, extra copies of eccDNAs may
work as a sponge to regulate the available levels of specific
zinc-finger proteins, further impacting cell physiology. Through
identifying sequence features that contributed to the prediction
of eccDNAs, we confirmed the validity of DeepCircle and found
common motifs that can be the subject for future studies.
Several studies have shown that the distribution of short eccD-
NAs have cell type specificity [15, 38-40]. We found little evidence
of such specificity at the DNA sequence level. Most models per-
formed well when tested on datasets that they were not trained
for, except when testing cell line models on the tissue datasets.
The low generalizability of cell line models on the tissue datasets
could be due either to the cell lines having less diverse eccDNAs

than tissues, or the high cell heterogeneity in the tissue datasets.
Nonetheless, a high proportion of eccDNAs were consistently
predicted by most models, suggesting that the intrinsic propensity
of a genomic region to form eccDNA may be encoded in the DNA
sequences [41]. In addition, we did not find any highly enriched
dataset-specific motifs (Supplementary Figure S8 available online
at http://bib.oxfordjournals.org/). Production of specific eccDNAs
have been reported to be induced by increased transcription
related to specific cell functions or physiology [1, 42, 43]. There-
fore, additional extrinsic factors likely determine whether the
sequence-encoded intrinsic potential will be realized, resulting in
cell-specific eccDNA distribution.

Although DNA sequence features alone already offer a strong
support to the general predictability of short eccDNAs, additional
features are likely required to further fine-tune models to predict
cell- or condition-specific presence of eccDNAs. DNABERT can
only accept DNA sequences for its input, but CNN model can be
easily extended to accept other features. For example, epigenetic
features [44] can be included to predict specific eccDNAs in dif-
ferent biological or clinical conditions. Currently the availability of
specific epigenetic data is limited (Supplementary Figure S9 avail-
able online at http://bib.oxfordjournals.org/) but we anticipate
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their inclusion in the future extension of DeepCircle. Although
we focus only on human cells in this study, short eccDNAs are
ubiquitous in eukaryotes [14, 42]. It is possible that the universal
predictive power of DNA sequences on eccDNA’s presence can
be extended to other species to variable degrees, which will offer
insights into the evolution of eccDNAs. Proof-of-concept on cross-
species prediction has already been shown for DNABERT [33], but
we will need to wait for more data to become available to perform
a comprehensive study. Our work lays the foundation for exciting
potential applications of deep learning models on eccDNA studies,
for both the fundamental and clinical aspects.

METHODS
Data sources and eccDNA calling

High-throughput sequencing data enriched in eccDNAs through
exonuclease digestion and rolling circle amplification were used
in this study [11, 14, 15, 37]. These sequencing data derived
from human cell lines (C4-2, PC-3, LnCap, ES2, OVCARS8, HeLaS3
and U937) or tissues (muscle tissues, leukocytes, lung cancer
tumor tissues and lung cancer normal tissues) were downloaded
from Sequence Read Archive (SRA, leukocyte and muscle
tissues: PRJNA419440; human cancer cell lines: PRINA283289,
PRJNA151905; lung tumor tissues and matched normal lung
tissues derived from lung cancer patients: PRINA657416). The
genomic coordinates where the eccDNAs derive from were called
using Circle-Map (version 1.1.4) [22]. To ensure high sensitivity of
the models, we applied the following filters on called eccDNAs to
retain eccDNAs of high confidence: eccDNAs that were supported
by at least one split read, with read depth >2 times of that of
neighboring regions of equal lengths, with read breadth covered
by >0.8 fraction, and with <0.9 fraction overlapped with other
eccDNAs were considered as candidates for further analysis. To
compare the similarities of the eccDNAs in different datasets used
in this study, we employed Jaccard index to compute pairwise
similarity across the datasets. The Jaccard index was defined in
terms of the genomic coordinates of all the eccDNAs derived
from any two datasets used for the comparison. Jaccard index
was computed by dividing the intersection of all eccDNA base
pair counts by the union of all eccDNA base pair counts using
bedtools (version 2.29.2) [45].

Training data preparation

To train deep learning models, we used DNA sequences of 1000
base pairs (bp) containing eccDNA and without eccDNA as
our positive label and negative label training data respectively.
EccDNAs with length>1000 bp, which represented <9% of
all eccDNAs in all the datasets, were excluded from the
training data since our focus is on the prediction of short
eccDNAs (Supplementary Figure S10, Table S3 available online
at http://bib.oxfordjournals.org/). To generate the positive label
data (eccDNA), coordinates of 1000-bp-long genomic intervals
centered on the midpoints of each eccDNA were first computed.
In each interval, regions not occupied by the eccDNA were
padded with the flanking regions (for eccDNAs with length of
exactly 1000 bp length, there was no flanking region). To generate
the negative label data (non-eccDNA), we randomly sampled n
genomic intervals of 1000 bp length outside of any eccDNA regions
and assembly gaps for each dataset, where n is the number of
intervals of the positive label data. Each interval was split into a
‘region of interest’ centered on the midpoint of the interval and
flanking regions such that the length distribution of the ‘region
of interest’ in the negative label data mirrors that of the positive

label data. After obtaining the genomic coordinates of positive and
negative label data, we used bedtools (version 2.29.2) to retrieve
corresponding DNA sequences from the human reference genome
(hg38, UCSC Genome Browser). To partition training and testing
data, we randomly sampled 80% of genomic sequences for each
dataset as training data and the remaining 20% as testing data. In
both training and testing data, we used a ratio of 1:1 for positive
and negative label data.

Overview of DeepCircle

DeepCircle consists of two modules: prediction module and inter-
pretation module (Figure 1). The prediction module is at the core
of DeepCircle, which can preprocess input data, train two types of
deep learning models, CNN and DNABERT, and make predictions
with trained models. During training or testing, depending on
the choice of deep learning model, input data will be converted
into acceptable formats via the corresponding workflow. The
two alternative models in DeepCircle represent different learning
approaches: CNN makes predictions based on local features while
DNABERT makes predictions based on global features. Following
the prediction module is the interpretation module, which infers
eccDNA-related motifs by identifying overrepresented motifs in
DNA sequences predicted to be eccDNAs.

Data preprocessing

For CNN models, to convert genomic intervals containing DNA
sequences into tensors, we utilized one-hot encoding to convert
DNA sequences into numerical values. One-hot encoding encodes
categorical variables of DNA sequence into binary variables of 0
and 1 corresponding to A, C, G and T. To retain the positional
information of eccDNA breakpoints, we split each genomic
interval matrix at eccDNA breakpoints into two separate matrices,
thus producing a ‘region of interest’ matrix and a flanking
region matrix. To concatenate the two matrices, each matrix
was first padded with zeros to have a shape of 1000 x4 (i.e.
zeros were padded on the flanking region of ‘region of interest’
matrix and padded on the ‘region of interest’ of the flanking
region matrix). Following padding, the two matrices were stacked
together, making a matrix with a shape of 1000 x 8 for each
genomic interval. Finally, for each dataset, all the genomic
sequences were stacked, making a matrix with a shape of
number of eccDNAs x 1000 x 8. For DRNABERT models, we turned
the eccDNA data into acceptable format by converting DNA
sequences of the genomic sequences into 6-mer sequences (e.g.
sequence GATACCC will be converted into GATACC and ATACCC).
Due to the limitation from the available pre-trained DNABERT
model, we slightly increased the interval size used for DNABERT
training into 1024 bp by extending the interval bidirectionally. Six-
mer was chosen over other k-mers as it was shown to have the
best performance out of all tested k-mers in the previous work
[33]. The 6-mer sequence is the final input format for training and
testing data. To facilitate an unbiased comparison of DNABERT to
CNN, the training data and testing data of DNABERT is essentially
the same as the ones used by CNN except the format (6-mers
versus one-hot encoding).

Deep learning model architecture and model
training

In the CNN models, we assumed each nucleotide in DNA is a single
word and short consecutive sequences of words are features that
can be used for predicting eccDNAs. Therefore, we implemented a
1D CNN model, which is better suited for sequence classification.
To obtain optimal performance, we fine-tuned several CNN’s
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hyperparameters including number of filters, kernel size of each
convolutional layer, number of convolutional layers, learning rate,
batch size, number of neurons in the fully connected layer, and
number of training epochs. We evaluated the CNN models with
two, three, four, and five convolutional layers and found out
the CNN models with two convolutional layers had comparable
performance in precision and recall (Supplementary Figure S11
available online at http://bib.oxfordjournals.org/). The final CNN
model consists of two convolutional layers, each of which has
16 filters with a kernel size of 3, followed by a rectified linear
unit (ReLU) activation function and a dropout layer with dropout
rate of 0.2. To prevent the model from overfitting, we added
L2 regularizers (regularization factor of 0.0001) to apply penalty
on layer weights and dropout layers immediately following each
convolutional layer. Following convolutional layers are a max
pooling layer with pool size of 2 and a flatten layer. Finally, the
flatten layer is connected to a fully connected layer with 100
nodes followed by a dropout layer with dropout rate of 0.2 and
another fully connected layer with 2 nodes representing eccDNA
or non-eccDNA. To train the CNN models, the number of training
epochs was set to 100, batch size was set to 32, and Adam was used
as an optimizer with a learning rate of 0.001. The model with the
lowest binary cross entropy during training was used for testing.
The CNN models were implemented using Tensorflow 2.2.0 and
Keras 2.3.1 as backend.

DNABERT adopted the mechanism of self-attention to model
DNA as a language [33]. Training a DNABERT model to predict
a specific genomic element requires a two-step process includ-
ing pre-training and fine-tuning. To train DNABERT models for
eccDNA prediction, we used a DNABERT model pre-trained on the
human genome and fine-tuned the model for the task of eccDNA
prediction using human eccDNA data. During the training pro-
cess, we set the training batch size to 4, warmup percentage to
0.1, dropout probability to 0.1, and weight decay to 0.01. Other
hyperparameters including training epoch, logging steps, save
steps, and learning rate were customized based on the size of each
dataset as listed in Supplementary Table S4 available online at
http://bib.oxfordjournals.org/.

Model evaluation

To evaluate the performance of the deep learning models,
we employed the commonly used metrics including preci-
sion, recall, F1 score and accuracy to evaluate model per-
formances, with precision=TP/(TP+FP), recall=TP/(TP+FN),
F1=2«Precision«Recall/(Precision+ Recall), —and accuracy=
(TP+TN)/(TP+ TN +FP+FN); where TP denotes true positives,
TN denotes true negatives, FP denotes false positives, and FN
denotes false negatives.

Calculation of dinucleotide frequency

To compare the sequence properties predicted to be eccDNA or
non-eccDNAs, we computed the dinucleotide frequency of 1000-
bp-long DNA sequences derived from various cases of predic-
tion including TP, FP, TN and FN. To quantify the difference in
dinucleotide frequencies across various classes, for each type of
dinucleotide, we used Kruskal-Wallis test to infer whether the
four classes are derived from the same population. The result of
the test with a P-value <0.05 and eta-square > 0.14 were deemed
as significant.

Inference of eccDNA-related motifs

To infer eccDNA-related motifs, we performed motif analysis with
STREME in the MEME suite [46] to identify overrepresented motifs
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in the predicted eccDNAs. Within the prediction results of 1000-
bp-long sequences, TP was used as primary sequences and TN
was used as background sequences for inference of eccDNA-
related motifs. The criteria for identification of motifs include
a minimum motif width of 8, maximum motif width of 15, and
P-value <0.05. To facilitate a concise representation, the top 10
motifs with lowest P-values were selected for further analysis.

Inference of consensus motifs and database
query

To infer consensus motifs, we classified the motifs inferred from
individual motifs into different categories and clustered them
using RSAT [47] (Supplementary Figure S6 available online at
http://bib.oxfordjournals.org/). We used the consensus motifs
identified in this study to query similar motif in CIS-BP 2.00
human database with Tomtom [48, 49]. For the sake of brevity, we
selected the top 10 motifs with lowest E-values (Supplementary
Table S1 available online at http://bib.oxfordjournals.org/).

Key Points

e Short eccDNAs were suggested to be randomly gener-
ated but we show that they can be predicted from DNA
sequences.

e We show that eccDNAs from diverse tissue origins have
little overlap in genomic locations but share sequence
features.

e Our study showcases how deep learning methods can
help answer a key biological question.

SUPPLEMENTARY DATA

Supplementary data are available online at http://bib.oxfordjournals.

org/.
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