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Abstract

Motivation: The rapid advancement of next-generation sequencing technologies has generated an immense volume of genetic data. However,
these data are unevenly distributed, with well-studied organisms being disproportionately represented, while other organisms, such as from archaea,
remain significantly underexplored. The study of archaea is particularly challenging due to the extreme environments they inhabit and the difficulties
associated with culturing them in the laboratory. Despite these challenges, archaea likely represent a crucial evolutionary link between eukaryotic and
prokaryotic organisms, and their investigation could shed light on the early stages of life on Earth. Yet, a significant portion of archaeal proteins are an-
notated with limited or inaccurate information. Among the various classes of archaeal proteins, DNA-binding proteins are of particular importance.
While they represent a large portion of every known proteome, their identification in archaea is complicated by the substantial evolutionary divergence
between archaeal and the other better studied organisms.

Results: To address the challenges of identifying DNA-binding proteins in archaea, we developed Xenusia, a neural network-based tool capable
of screening entire archaeal proteomes to identify DNA-binding proteins. Xenusia has proven effective across diverse datasets, including meta-
genomics data, successfully identifying novel DNA-binding proteins, with experimental validation of its predictions.

Availability and implementation: Xenusia is available as a PyPI package, with source code accessible at https://github.com/grogdrinker/xenu

sia, and as a Google Colab web server application at xenusia.ipynb.

1 Introduction

The rise of next-generation sequencing technologies has brought
us in a time where a lot of genetic information is being gener-
ated. This information, together with annotations such as
domains and functions, is continuously added to big databases
like UniProt (Coudert et al. 2023), which stores all the details
about protein sequences. UniProt has grown significantly, now
holding over 250 million sequences and still growing. However,
upon closer examination, it becomes evident that there is an un-
even distribution of information among various organisms.
Widely studied organisms like Homo sapiens, Escherichia coli,
and Danio rerio (zebrafish) are well represented, while other
species suffer from neglectance, resulting in an underrepresenta-
tion. This is what experts call an “observational selection bias,”
where most species end up with limited data and mainly inaccu-
rate annotations, pushed to the sidelines without much detailed
information (Orlando et al. 2016).

Currently, there is a big scientific debate about our ability
to predict the fold of completely new proteins, especially

when dealing with proteins that have very limited or no evo-
lutionary information available. Even AlphaFold (Jumper
et al. 2021), which in recent years revolutionized structural
biology, struggles to deal with proteins that have limited evo-
lutionary information (Meng et al. 2023). A large part of the
archaeal proteins belong to this group. By August 2024,
UniProt contained only 3932 archaeal entries with evidence
of existence at the protein level. The main problem includes
the complete lack of information for a large portion of ar-
chaeal organisms. Recent studies on metagenomics data
(Emerson et al. 2016, Parks et al. 2017) highlighted the in-
ability of many archaeal species that live in extreme environ-
ments to grow in vitro. Fortunately, new sequencing
technologies have been successful in extracting genomic and
proteomic information from such extremophiles. While some
of these proteins showed homology with both bacteria and
eukaryotes, others were completely novel (Emerson et al.
2016). The lack of homologues makes novel proteins ex-
tremely challenging to annotate, requiring ad hoc
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bioinformatics approaches to assign their putative function.
Given the extreme environments that many of these organ-
isms live in, they likely have folds that we have never seen be-
fore, and for which there are almost no similar proteins
available for comparison. Investigating these unknown areas
could greatly improve our knowledge about protein sequence
and structural space.

This exploration is not only scientifically relevant but has
also significant practical implications. Archaea survive in ex-
treme environments, suggesting that their proteins may have
unique molecular structures with valuable applications. Their
resilience to harsh conditions could provide insights for in-
dustrial processes requiring protein stability, such as the de-
velopment of heat-resistant enzymes.

A particularly important group of proteins are those that
have the ability to interact with DNA. These proteins make
up around 2%-5% (Zaman et al. 2017) of a species’ prote-
ome and are essential for various biological processes, includ-
ing gene regulation and DNA repair (lovine et al. 2011,
Hudson and Ortlund 2014). While our current knowledge of
archaeal protein structures is limited, the archaeal DNA-
binding domains appear quite similar to those in bacteria,
concerning structure and topology (Aravind and Koonin
1999). However, correctly identifying DNA-binding proteins
in archaea is still an open issue. To address this challenge, we
created a neural network-based tool called Xenusia. This tool
operates without the need for multiple sequence alignment
(MSA). The exclusion of MSA-based features has two signifi-
cant effects: firstly, Xenusia provides extremely fast predic-
tions, allowing proteome-wide analyses. Secondly, the lack of
reliance on evolutionary features enhances Xenusia’s resis-
tance to overfitting while simultaneously allowing it to iden-
tify convergent evolution. We demonstrate its effectiveness
on diverse datasets, including metagenomics data. Xenusia
successfully identifies novel DNA-binding proteins, a finding
confirmed through experimental examination. Xenusia is
available as a PyPi package and as source code at https:/
github.com/grogdrinker/xenusia, and as a Google Colab web
server application at https://colab.research.google.com/drive/
1c4eb4sEz80sBqHL62XDFrgmwa7CxImww? usp=sharing.

2 Materials and methods
2.1 Datasets

For this study, we constructed three distinct datasets from
publicly available online resources. Two of these datasets
were used exclusively for training and optimization, while the
third dataset was reserved for final validation. The training
datasets include: (i) the contact dataset, comprising protein
sequences derived from PDB structures, where each residue is
annotated with a binary label indicating whether the corre-
sponding amino acid interacts with DNA and (ii) the domain
dataset, which incorporates per-residue annotations from
UniProt regarding DNA-binding domains. To reduce the risk
of overfitting, both of these datasets contain only bacte-
rial proteins.

The third dataset, designated as the validation dataset, con-
tains solely archaeal proteins. This dataset was not used for any
optimization or hyperparameter tuning to further mitigate over-
fitting risks. Additionally, all datasets were curated to ensure
that both internal sequence identity and cross-dataset sequence
identity are below 20% (obtained using CD-HIT; Li and
Godzik 2006), ensuring minimal redundancy.
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2.1.1 Contact dataset

To construct this dataset, we utilized the filtering function of
the PDB website (2018 version) and selected proteins based on
the following criteria: (i) the proteins must be of bacterial origin,
(i) the structure must have been resolved using X-ray diffrac-
tion, (iii) the structure resolution must be <2 A, and (iv) the
structure must contain both protein and DNA cocrystallized.

The selected proteins were then annotated using a PyMOL
script, which labeled each residue as interacting (1) if it has at
least one atom within 1.5 A of a DNA atom, or noninteracting
0 otherwise. This process resulted in a dataset of sequences
where each residue is annotated as either interacting or nonin-
teracting with DNA. The final dataset comprises 78 annotated
sequences. All datasets used in this study are available in the
associated Git repository.

2.1.2 Domain dataset

This dataset was constructed using the UniProt filtering sys-
tem by selecting bacterial proteins that have been manually
annotated as DNA-binding proteins. To achieve this, we
employed the keyword “DNA-binding” (KW-0238) within
the UniProt search engine. UniProt also provides annotations
for the regions corresponding to DNA-binding domains, en-
abling us to categorize the residues of each protein as either
part of a DNA-binding domain (1) or not 0. The database
consists of 162 DNA-binding proteins.

2.1.3 Validation dataset

This dataset is composed exclusively of archaeal proteins and
was manually constructed and curated using data from the
literature. Proteins labeled as positive were identified in the
literature as having DNA-binding activity. In contrast, pro-
teins labeled as negative were selected based on their exten-
sive annotations in UniProt, with no reported DNA-binding
activity or any other function involving interactions with nu-
cleic acids. The final dataset comprises 211 proteins, of which
174 are negative hits and 37 are positive hits.

2.2 Computational approach

Xenusia is a neural network-based tool that implements a
two-step prediction pipeline, where each step is carried out
by a distinct neural network, designated as NN1 and NN2,
respectively.

This architecture is specifically designed to predict DNA-
binding proteins, aiming to integrate diverse data sources,
such as protein structures and domain annotations, while
minimizing the number of trainable parameters. This is par-
ticularly important in situations like the one addressed in this
study, where the available data are very limited. Large-scale
parameter optimizations and extensive grid searches of archi-
tectures pose a risk, as they can lead to hidden overfitting
that is difficult to detect in the absence of large-scale experi-
mental validations.

The first network (neural network 1—NNT1) receives the
initial feature vector as input and is trained to predict the resi-
dues directly interacting with DNA (refer to the contact data-
set in the Methods section). The primary objective of NNT1 is
to identify the biophysical characteristics of amino acids that
interact with DNA.

The second network (NN2) is trained on a dataset of DNA-
binding domains (refer to the domain dataset in the Methods
section). NN2 takes the output of NN1, comprising putative
DNA-binding residues, as input and predicts which residues


https://github.com/grogdrinker/xenusia
https://github.com/grogdrinker/xenusia
https://colab.research.google.com/drive/1c4eb4sEz8OsBqHL62XDFrqmwa7CxImww? usp=sharing
https://colab.research.google.com/drive/1c4eb4sEz8OsBqHL62XDFrqmwa7CxImww? usp=sharing

Identification of DNA-binding proteins

belong to DNA-binding domains. This architecture enables the
model to learn how the patterns of potentially DNA-interacting
residues (predicted by NIN1) contribute to the formation of a
DNA-binding domain (predicted by NN2).

The rationale behind this design is closely linked to overfit-
ting concerns. Extracting domain-specific information from a
limited set of proteins lacking detectable evolutionary rela-
tionships is challenging. By incorporating intermediate tasks,
such as predicting DNA-interacting residues, the network is
better constrained, thereby reducing the risk of overfitting.

NNI1 utilizes a recurrent neural network architecture, which
encodes information from the entire protein sequence. In con-
trast, NN2 employs a sliding window-based feed-forward neu-
ral network, focusing on localized sequence features.

The final score for a protein, which estimates the likelihood
that an archaeal protein interacts with DNA, is determined
by taking the maximum value of a sliding window average
over the residue-based predictions generated by NN2. This
approach is based on the observation that a protein’s DNA-
binding capability is often attributed not to the entire protein,
but rather to specific domains within it.

2.2.1 NNT1 architecture: prediction of

DNA-interacting residues

Every amino acid in the protein sequence is encoded with
four features: (i) predicted backbone dynamics and secondary
structure propensities for (ii) sheet, (iii) helix, and (iv) coil
(using DynaMine; Cilia ez al. 2014, similarly as described in
Raimondi et al. 2017). The final input is defined as a window
of 11 residues with the residue to be predicted as the central
one (residue no. 6), resulting in 44 features (as we did in other
tools; Orlando et al. 2017, Orlando et al. 2022). The feature
vectors are then used to feed a 2-layer gated recurrent units
(GRUs) neural network with a hidden size of 7, followed by a
max-pooling layer and sigmoid activation.

The neural network was trained on the contact dataset for
300 epochs with learning rate of 0.001, batch of 5 and weight
decay of 0.0001, using the ADAM optimizer. The network’s
training task was to predict which residues are in contact
with DNA.

2.2.2 NN2 architecture: prediction of

DNA-interacting residues

As for the development of NN1, every amino acid in the pro-
tein sequence is encoded with four features: (i) predicted early
folding predictions (Raimondi et al. 2017), (ii) backbone dy-
namics predictions (Cilia et al. 2014), and (iii) a one-hot
encoding vector defining the amino acid. The encoding
scheme is then enriched with the addition of (iv) the predicted
DNA-interacting residues from NNT1, which is concatenated
to obtain a feature vector describing every residue. The final
input is defined by taking a sliding window of 11 contiguous
residues and concatenating their feature vectors, as done in
previous works (Cilia et al. 2014).

The final inputs are used to feed a feed-forward neural net-
work consisting of three layers, with each 30 neurons and
rectified linear unit activation. The last layer ends in a single
neuron with sigmoid activation, providing the final per-
residue prediction.

The neural network was trained on the domain dataset for
300 epochs with learning rate of 0.001, batch of five and
weight decay of 0.0001, using the ADAM optimizer. The net-
work’s training task was to identify DNA-binding domains,
taking the output of NN1 as input.

In order to obtain a single prediction per protein, we per-
formed a sliding window averaging using a window size of
21 residues, and took the maximum average window value of
the protein.

2.3 Experimental characterization of Asgard DNA-
binding proteins

To evaluate Xenusia’s ability to identify novel DNA-binding
proteins in archaea, we conducted an experimental validation
using metagenomic data from the Asgard superphylum. The
following paragraphs describe the experimental pipeline.

2.3.1 Plasmid construction

The pET24a(+) expression vector was used to produce three
transcriptional regulator proteins (OLS23561, OLS17986,
and OLS31011). This vector allows IPTG-induced T7 poly-
merase overexpression through its T7 promoter. It also intro-
duces a C-terminal His-tag, enabling protein purification by
affinity chromatography. The synthetic DNA fragments of
the chosen Asgard genes were inserted into the vector via a
unidirectional restriction-ligation  reaction, using the
FastDigest restriction enzymes Ndel and Xhol (Thermo
Fisher Scientific). The vectors were then transformed into
competent DHSa E. coli cells and plated. After overnight
growth at 37°C, multiple colonies were pooled to perform a
colony PCR reaction for the identification of functional ex-
pression vectors. Sequencing of all positive candidates vali-
dated the sequences for each construct.

2.3.2 Protein expression and purification

The validated constructs were then transformed into compe-
tent Rosetta (DE3) E. coli cells. These cells, being derivatives
of BL21 E. coli cells that contain additional genes for tRNAs
recognizing rare E. coli codons, were explored for potentially
accelerated translation of heterologous genes. A single colony
preculture was grown overnight at 37°C, diluted 1:60 and
allowed to grow until the OD600 reached 0.6. Protein ex-
pression was initiated through IPTG addition and incubated
for 3h at 37°C. Cells were harvested by centrifugation
(10 min at 5000 rpm), washed in 0.9% NaCl and centrifuged
again (10 min at 7000 rpm). The pellet was then lysed chemi-
cally and physically, using lysis buffer and sonication, respec-
tively. The lysate was centrifuged (10 min at 9500 rpm) to
obtain the soluble and insoluble protein factions. The pres-
ence of the protein of interest in these fractions was assessed
using SDS-PAGE. The proteins were purified from the soluble
fraction through His-tag affinity chromatography, using an
AKTA-fast protein liquid chromatography system with a
HisTrap column (Thermo Fisher Scientific). The protein was
eluted from the column by gradually increasing (40—
500mM) the imidazole concentration. The identity of the
eluted protein was confirmed through SDS-PAGE analysis of
selected peak fractions.

2.3.3 DNA-binding assay

To assess the in vitro DNA-binding activity of the purified
proteins, a DNA-binding analysis was conducted using three
32p-labeled dsDNA probes per protein, each approximately
100 bp in length. These probes were chosen to represent the
promoter regions proximal to the regulator gene, as many
prokaryotic transcription factors exhibit autoregulation, and
their target genes are frequently situated in their immediate
genomic vicinity.
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Figure 1. Performance of Xenusia. The tool’s performance on the validation dataset, composed of archaeal proteins only, is compared for a neural
network without (orange) and with (blue) the inclusion of an intermediate prediction on interaction residues. Left, ROC curve; right, precision-recall curve.

For OLS17986, probe 1 corresponds to the promoter re-
gion of a gene annotated as a putative citramalate synthase
(cimA-1), an enzyme involved in the L-isoleucine biosynthesis
pathway. Probe 2 corresponds to the promoter region of
OLS17986 itself, allowing the exploration of potential autor-
egulation. Probe 3 contains the promoter region of an open
reading frame housing a molybdenum cofactor guanylyl-
transferase (mobA), a coenzyme F420: L-glutamate ligase,
and a phosphoglycerate mutase.

For OLS31011, probe 1 includes the promoter region of
OLS31011 and of a rhaT/eamA-type transporter. The other
two probes contain promoter regions of hypothetical genes of
unknown function.

For OLS23561, probe 1 includes the promoter of a puta-
tive alcohol dehydrogenase gene. Probe 2 contains the pro-
moters of OLS23561 itself and a putative stress response
protein. Probe 3 includes the promoter of a putative methyl-
transferase gene.

To perform the assay, reaction mixtures containing
32p_labeled dsDNA probe: protein combinations (20 000 cps:
11.24, 5.20, and 64.22 uM for OLS17986, OLS31011, and
OLS23561, respectively) and salmon sperm competitor DNA
(10 mg/mL) were incubated for 25 min at 37°C. The mixtures
were then separated onto an 8% acrylamide gel (180V for
10 min followed by 130V for 2 h). After the run, the gel was
exposed overnight to an autoradiography gel and developed
the next day.

3 Results
3.1 Computational validation

The performance of NN1, identifying DNA-binding residues,
was validated by a five-fold cross-validation on the contact
dataset (see Methods section), resulting in an area under the
ROC curve (AUC) of 0.75, with an average precision (AP) of
0.245. Given the low performance, particularly in terms of
the AP, this model cannot provide reliable information to
experimentalists that are interested in, e.g. mutating potential

Table 1. Performance comparison of Xenusia with state-of-the-art
methods for identifying DNA-binding proteins.?

Method Year Acc Sen Spe AUC MCC
Xenusia 2025 77.73 70.27 79.31 0.79 0.414
IDNA-Prot 2011 76.08 60.00 79.31 - 0.330
DNA binder 2007 63.51 56.76 64.94 - 0.169
PseDNA-Pro 2015 64.93 72.97  63.22 - 0.278
Local DPP 2017  70.62  27.03 79.88 0.59 0.064

# Since Xenusia outputs a probability score, a threshold was chosen for
binarization, allowing comparison with state-of-the-art binary predictors.
The threshold was set to equal the specificity value of the best performing
state-of-the-art method in our validation procedure (IDNA-Prot).

DNA-binding residues. However, once NN1 is connected to
NN2, the performances of Xenusia are significantly boosted.
Figure 1 shows the increased performances in predicting ar-
chaeal DNA-binding domains (NN2) when including DNA-
binding residue information (NN1). This highlights the im-
portance of integrating information from various sources for
reliable predictions.

The final performances of Xenusia result in an AUC of
0.79 and 0.60 for the ROC and precision—recall curve, re-
spectively. In Table 1, the performance of Xenusia is com-
pared to state-of-the-art methods. Since our tool is designed
to prioritize archaeal DNA-binding proteins in large-scale
proteome studies, it is essential that it provides a probability
score rather than a simple binary classification. A probability
output allows researchers to rank proteins by confidence,
making it more useful for real-case applications. However, to
ensure a fair comparison with existing binary classifiers, we
set a threshold for our tool that matches the specificity of the
best-performing state-of-the-art method. This approach was
also applied to Local-DPP, as it is the only other predictor
that provides probability scores.

Table 1 shows that Xenusia provides the best predictions
compared to all other available methods. The Matthew’s cor-
relation coefficient (MCC), recognized as the best measure to
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summarize a confusion matrix, surpasses the second best pre-
dictor, IDNA-Prot with 0.330, by 25%. It is important to
note that most available methods lack quality scoring infor-
mation, making them unsuitable for proteome-wide func-
tional studies based on experiments.

3.2 Large scale analysis of Asgard metagenomics

Asgard is a proposed superphylum of archaea that has only re-
cently been discovered (Zaremba-Niedzwiedzka et al. 2017).
These uncultivated archaea show intermediate characteristics
between eukaryotes and prokaryotes. They have been found in
samples coming from the Arctic sea (Jorgensen et al. 2012) and
other extreme environments, such as acid hot-springs
(Zaremba-Niedzwiedzka et al. 2017). Homology analyses per-
formed on a subclass of the Lokiarchaeota superphylum
revealed that the protein phylogeny of these organisms is very
uncommon: about one-third of the proteins is completely new,
while two-thirds could be linked to other archaeal, bacterial, or
eukaryotic proteins (Spang et al. 2015). This portion of
completely new proteins is enormous, making standard
homology-based computational annotation tools unsuitable for
the analysis of this taxonomic group. Since these organisms live
in the Arctic sea or hot springs, their proteins have likely
evolved to maximize functionality in extreme environments.
This means that functional annotation of their proteins could
offer new insights into the relationship between sequence and
structure. We ran Xenusia on a dataset consisting of 16 946
Asgard proteins. The 10 best scoring proteins are reported in
Supplementary Table S1. The first hit, OLS30781, is a homo-
logue of a bacterial metalloprotease. This class includes enzymes
with various functions, i.e. DNA repair (Maté and Kleanthous
2004). Interestingly, one of their distant homologues was crys-
tallized in a complex with DNA (PDB ID: 1V14). Additionally,
it is worth mentioning that ABC transporters are also com-
monly linked to DNA repair processes (Davidson et al. 2008).
The second and third hit, OLS30429 and OLS21705,
respectively, are characterized proteins that are annotated as

helix-turn-helix ~ (HTH)-motif  transcription  regulators
(Brinkman ez al. 2000, 2002). These two proteins have rela-
tively distant homologues, sharing only 46% and 37% se-
quence identities with their closest nonhypothetical relatives.
The fifth and sixth hits, OLS17998 and OLS167035, respec-
tively, are also homologues of archaeal HTH transcription fac-
tors. Regarding the protein homologue of the seventh hit,
OLS19303 or also known as the response regulator SaeR, sev-
eral studies have been performed on the equivalent protein of
Staphylococcus aureus, defining the presence of a DNA-binding
domain that acts as transcription regulator (Steinhuber ez al.
2003). Interestingly, the ninth highest-scoring protein,
OLS30097, is an unannotated sequence, lacking any known an-
notated homologues. Despite this, the AlphaFold predicted
structure reveals a distinct HTH structure. In Fig. 2, a compari-
son between this model and the crystal structure of an archaeal
HTH DNA-binding protein (5 box, chain A: 1:111) is shown.
Notably, the unannotated Asgard protein displays a reversed to-
pology compared to the crystal structure: the former begins
with a globular domain and concludes with a long alpha helix,
while the latter starts with a long alpha helix and finishes with
the globular domain. This suggests independent, convergent
evolution. It also clarifies why standard alignment algorithms
and even structural alignment tools struggle to detect similarities
between these two proteins. Supplementary Figure S1 shows the
result of the structural alignment of the two proteins. It is im-
portant to note that in this case AlphaFold was used solely to
obtain a structure for a protein with no experimentally solved
structure. The Xenusia pipeline does not include AlphaFold and
does not rely on homology detection or multiple sequence align-
ments for its predictions.

3.3 Experimental characterization of Asgard DNA-
binding proteins

As mentioned earlier, working with Asgard proteins is often
challenging due to weak homology links with proteins of
known functions. Consequently, transferring annotations can
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Figure 2. Comparison between an archaeal HTH domain (5 box chain A: 1-111) and an unannotated Asgard sequence. The image displays a crystal
structure of an archaeal HTH DNA-binding protein (left) and the AlphaFold structure of an unannotated Asgard protein (OLS30097, right). Xenusia predicts
the latter with high confidence to be a DNA-binding protein. The color gradient represents the amino acid positions in the sequence, transitioning from
blue at the beginning (N-terminal) to red at the end (C-terminal). Although the two proteins share a remarkably similar structure, their orientation is
reversed, indicating a potential result of convergent evolution. The plots below each structure represent the predicted probability of each residue to

interact with DNA.
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Figure 3. Experimental characterization of three Asgard DNA-binding
proteins. The interaction of the three Asgard proteins (OLS23561,
OLS31011, and OLS17986) with each three labeled dsDNA probes (P1,
P2, and P3) was assessed via gel electrophoresis followed by
autoradiography. Wells indicated with a “+" contain protein and DNA,
while those indicated with a “~" are the negative control and only contain
the DNA probe. OLS23561 does not show monomeric protein-DNA
complex formation, only aggregated complexes are detected. OLS31011
only forms a complex with P1, while OLS17986 forms a complex with all
three probes. The red box indicates where the band of the monomeric
protein—-DNA complex should appear.

be risky. To address this, we chose three Asgard proteins
(OLS23561, OLS17986, and OLS31011) to experimentally
investigate.

The proteins were selected from the top 50 highest-ranked
candidates in the Asgard superphylum metagenomics dataset.
Among these, three proteins were manually chosen based on
their weak sequence similarity to known DNA-binding pro-
teins. The selected proteins exhibit sequence identities of
41%, 43%, and 43%, respectively, with previously charac-
terized DNA-binding proteins. The homologs were not
included in our training dataset.

These proteins are confidently predicted by Xenusia to be
DNA-binding proteins. We then conducted experimental
investigations on their capability of interacting with DNA.
Supplementary Table S2 provides details about these
selected proteins.

The three proteins were produced in E. coli and purified
via His-tag affinity chromatography. The capability of these
proteins to bind DNA was evaluated with gel electrophoresis
followed by autoradiograph, shown in Fig. 3. For each pro-
tein, we tested three different >*P-labeled dsDNA probes,
named P1, P2, and P3 (see Supplementary Table S3). These
probes consist of the promoter regions of the genes encoding
the putative DNA-binding proteins and the promoter regions
of genes in the proximity of the target gene (see Methods sec-
tion DNA-binding assay). We made this choice because in ar-
chaea, transcription factors frequently influence genes that
are proximate in the sequence space. This assay should pro-
vide a first estimation of the binding specificity, as it reveals
the migration speed of the protein~dsDNA mixture with re-
spect to the free dsSDNA probe. Upon binding, the protein—
dsDNA complex will be heavier and therefore migrate
slower. Figure 3 clearly shows that OLS17986 binds to all
three probes, both in its monomeric form as in an aggregated
form. OLS31011 forms only a monomeric complex with its
P1 probe. The concentration of OLS23561 appeared to be
too high as only aggregated probe—protein complexes could
be observed. Therefore, a crescent protein concentration of
OLS23561 was assessed to test for monomeric interaction to
the probes, as was observed for probes 1 and 2 (see
Supplementary Fig. S2).
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3.4 Limitations of the experimental validation

The experimental validation performed in this study had two
main objectives. The first objective was to evaluate the effec-
tiveness of our experimental protocol in the context of ar-
chaeal metagenomics. This approach is based on the
assumption that DNA-binding proteins will interact
with promoters of nearby genes, reflecting a localized
effect when the binding is specific. The second objective was
to assess Xenusia’s ability to identify archaeal DNA-
binding proteins.

To maximize the likelihood of identifying actual DNA-
binding proteins and to test the protocol effectively, we se-
lected only proteins that were scored highly by Xenusia and
exhibited some sequence similarity to known DNA-binding
proteins. All tested proteins yielded positive results, support-
ing both the protocol and Xenusia’s predictions. However, a
notable limitation of this validation is the absence of experi-
mental testing on sequences that are completely evolution-
arily uncorrelated. Additional experimental studies will be
necessary to fully evaluate Xenusia’s performance, as well as
that of other state-of-the-art tools, on entirely novel proteins.

To facilitate further research, we have provided a ranked
list of Asgard proteins in the Git repository, sorted by their
predicted likelihood of being DNA-binding proteins. This re-
source allows other researchers to expand the experimental
validation efforts presented in this article.

4 Conclusions

In this paper, we introduce Xenusia, a neural network-based
method for predicting DNA-binding proteins in archaea, an
understudied domain of life. Xenusia addresses key limita-
tions of existing tools, offering significant improvements in
both performance and usability.

The architecture of Xenusia is specifically designed to pre-
dict DNA-binding proteins while handling the limited
amount of available data. This tailored approach results in a
performance improvement of approximately 25% in MCC
compared to the best state-of-the-art methods. Additionally,
in contrast to most of the state-of-the-art methods, Xenusia
offers more than a simple binary classification by providing a
probability score for each protein’s likelihood of binding
DNA. This probabilistic output is particularly valuable in
real-world applications, such as ranking proteins from entire
proteomes for further experimental validation.

Xenusia is intended to assist researchers in focusing their
experimental efforts, which are often time- and resource-
intensive, on a smaller subset of proteins that are more likely
to exhibit DNA-binding activity. To make the tool accessible
to a broad range of users, including those with limited com-
putational expertise, we provide two deployment options.
First, Xenusia is available as a pip-installable package, allow-
ing local installation with a single line of code. Second, we of-
fer a Google Colab web application with a user-friendly
graphical interface, enabling predictions to be performed on-
line without requiring any local setup or file downloads.
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