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Abstract
Millions of protein sequences are being discovered at an incredible pace, representing an inex-
haustible source of biocatalysts. Despite genomic databases growing exponentially, classical
biochemical characterization techniques are time-demanding, cost-ineffective and low-throughput.
Therefore, computational methods are being developed to explore the unmapped sequence space
efficiently. Selection of putative enzymes for biochemical characterization based on rational and
robust analysis of all available sequences remains an unsolved problem. To address this challenge,
I have developed EnzymeMiner – a web server for automated screening and annotation of enzymes
that enables selection of hits for wet-lab experiments. EnzymeMiner prioritizes sequences that are
more likely to preserve the catalytic activity and are expressible in a soluble form in heterologous
host organism Escherichia coli. EnzymeMiner reduces the time devoted to data gathering, multi-
step analysis, sequence prioritization and selection from days to hours. EnzymeMiner is a universal
tool applicable to any enzyme family that provides an interactive and easy-to-use web interface
freely available at https://loschmidt.chemi.muni.cz/enzymeminer/.
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1. Introduction

There are currently more than 259 million unique pro-
tein sequences in the NCBI nr [1] database (release
2020-02-10). Despite their enormous promise for bio-
logical and biotechnological discovery, experimental
characterization has been performed on only a small
fraction of the available sequences. Currently, there are
about 560,000 protein sequences reliably curated in the
UniProtKB/Swiss-Prot [2] database (release 2020 01).

The low ratio of characterized to uncharacterized
sequences reflects the sharp contrast in low-throughput
biochemical techniques versus high-throughput next-
generation sequencing technology. Although more

efficient biochemical techniques employing miniatur-
ization and automation have been developed [3, 4, 5],
the most widely used experimental methods do not pro-
vide sufficient capacity for biochemical characteriza-
tion of proteins spanning the ever-increasing sequence
space. Therefore, computational methods are currently
the only way to explore the immense protein diver-
sity available among the millions of uncharacterized
sequence entries.

Two different computational strategies are gener-
ally used for exploration of the unknown sequence
space. The first strategy takes a novel uncharacterized
sequence as input and predicts functional annotations.
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The method involves annotating the unknown input
sequences by predicting protein domains [6], Enzyme
Commission (EC) number [7] or Gene Ontology terms
that are a subject of the initiative named the Criti-
cal Assessment of Functional Annotation [8]. These
methods are often universal and applicable to any pro-
tein sequence. However, they often lack specificity
as the automatic annotation rules or statistical models
need to be substantially general. A significant advan-
tage of these methods is their seamless integration into
available databases. Submission of a query sequence
to a database is sufficient, with no need for running
computation- and memory-intensive bioinformatics
pipelines locally. A model example of this approach
is the automatic annotation workflow of the UniProtK-
B/TrEMBL database [2].

The second strategy takes a well-known charac-
terized sequence as an input and applies a computa-
tional workflow, typically based on a homology search,
to identify novel uncharacterized entries in genomic
databases that are related to the input query sequence
[5, 9]. The homology search is often followed by a
filtration step, which checks the essential sequence
properties, e.g., domain structure or presence of essen-
tial residues. The main advantage of these methods is
the higher specificity of the analysis. A disadvantage
is that it may be complicated to apply the developed
workflow to protein families other than those for which
it was designed. Moreover, these workflows typically
require running complex bioinformatics pipelines and
are usually not available through a web interface.

The fundamental unsolved problem is how to deal
with the overwhelming number of sequence entries
identified by these methods and select a small number
of relevant hits for in-depth experimental characteriza-
tion. For example, a database search for members of
the haloalkane dehalogenase model family using the
UniProt web interface yields 3,598 sequences (UniPro-
tKB release 2020 01). It is impossible to rationally
select several tens of targets for experimental testing
without additional bioinformatics analyses to help pri-
oritize such a large pool of sequences.

To address the challenge of exploring the unmapped
enzyme sequence space and rational selection of at-
tractive targets, I have developed the EnzymeMiner
web server. Enzymes are specific proteins that serve as
biocatalysts for chemical reactions. They have broad
application in both industry and academy, mostly in
biosynthetic pathways for ecological production of
chemical compounds. EnzymeMiner identifies novel
enzyme family members, comprehensively annotates
the targets and facilitates efficient prioritization and

selection of representative hits for experimental char-
acterization. To the best of my knowledge, there is
currently no other tool available that allows such a
comprehensive analysis in a single easy-to-run inte-
grated workflow on the web.

2. Method
EnzymeMiner implements a three-step workflow: (i)
homology search, (ii) essential residue based filtering,
and (iii) hits annotation (Figure 1). To execute these
tasks, the server requires two different types of input
information: (i) query sequences, and (ii) essential
residue templates. The query sequences serve as seeds
for the initial homology search. The essential residue
templates, defined as pairs of a protein sequence and
a set of essential residues in that sequence, allow the
server to prioritize hits that are more likely to display
the enzyme function. Therefore, the essential residues
may be the catalytic and ligand- or cofactor-binding
residues that are indispensable for proper catalytic
function. Each essential residue is defined by its name,
position and a set of allowed amino acids for that posi-
tion.

In the first homology search step, a query sequence
is used as a query for a PSI-BLAST [10] two-iteration
search in the NCBI nr database [1]. If more than one
query sequence is provided, a search is conducted for
each sequence separately. Besides a minimum E-value
threshold 10-20, the PSI-BLAST hits must share a
minimum of 25% global sequence identity with at
least one of the query sequences. Artificial protein
sequences, i.e., sequences described by the term arti-
ficial, synthetic construct, vector, vaccinia virus, plas-
mid, halotag or replicon, are removed. EnzymeMiner
sorts the PSI-BLAST hits by E-value and passes a
maximum of 10,000 best hits to the next steps in the
workflow. The default parameters for the homology
search step, as well as the other steps, can be modified
using advanced options in the web server.

In the second essential residue based filtering step,
the homology search hits are filtered using the es-
sential residue templates. First, the hits are divided
into template clusters. Each cluster contains all hits
matching essential residues of a particular template.
Essential residues are checked using global pairwise
alignment with the template calculated by USEARCH
[11]. When multiple essential residue templates match,
the hit is assigned to the template with the highest
global sequence identity. Second, for each cluster,
an initial multiple sequence alignment (MSA) is con-
structed using Clustal Omega [12]. The MSA is used
to revalidate the essential residues of identified hits



by checking the corresponding column in the MSA.
Sequences not matching essential residues of the tem-
plate are removed from the cluster. Third, the MSA
is constructed again for each template cluster and the
essential residues are checked for the last time. The
final set of identified sequences reported by EnzymeM-
iner contains all sequences left in the template clusters.
In the third annotation step, the identified sequences
are annotated using several databases and predictors:
(i) transmembrane regions are predicted by TMHMM
[13], (ii) Pfam domains are predicted by InterProScan
[14], (iii) source organism annotation is extracted from
the NCBI Taxonomy [15] and the NCBI BioProject
database [16], (iv) protein solubility is predicted by the
in-house tool SoluProt for prediction of soluble pro-
tein expression in Escherichia coli, and (v) sequence
identities to queries, hits or other optional sequences
are calculated by USEARCH [11].

The sequence space of the identified hits is visual-
ized using representative sequence similarity networks
(SSNs) generated at various clustering thresholds us-
ing MMseqs2 [17] and Cytoscape [18]. SSNs pro-
vide a clean visual approach to identify clusters of
highly similar sequences and rapidly spot sequence
outliers. SSNs proved to facilitate identification of pre-
viously unexplored sequence and function space [19].
The SSN generation method used in EnzymeMiner
is inspired by the EFI-EST tool [20]. The minimum
alignment score to include an edge between two repre-
sentative sequences in an SSN is 40.

3. Validation
The EnzymeMiner workflow has been experimentally
validated using the model enzymes haloalkane dehalo-
genases [5]. The sequence-based search identified 658
putative dehalogenases. The subsequent analysis prior-
itized and selected 20 candidate genes for exploration
of their protein structural and functional diversity. The
selected enzymes originated from genetically unre-
lated Bacteria, Eukarya and, for the first time, also
Archaea and showed novel catalytic properties and sta-
bilities. The workflow helped to identify novel and
very interesting haloalkane dehalogenases, including
(i) the most catalytically efficient, (ii) the most ther-
mostable enzyme showing a melting temperature of
71 °C, (iii) three different cold-adapted enzymes active
at near to 0 °C, (iv) highly enantioselective enzymes,
(v) enzymes with a wide range of optimal operational
temperature from 20–70 °C and an unusually broad
pH range from 5.7–10, and (vi) biocatalysts degrading
the warfare chemical yperite or different environmen-
tal pollutants. The sequence mining, annotation, and
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Figure 1. Multiple-server architecture of the
EnzymeMiner web server. Only the Frontend server is
publicly accessible.

visualization steps from the workflow published by
Vanacek and co-workers [5] were fully automated in
the EnzymeMiner web server. The successful use case
for the haloalkane dehalogenase family is described
in the form of an easy-to-follow tutorial available on
the EnzymeMiner web page. Additional extensive
validation of the fully automated version of EnzymeM-
iner, experimentally testing the properties of another
50 genes of the haloalkane dehalogenases, is currently
ongoing in the Loschmidt laboratories.

4. Implementation

As many steps of the workflow are computationally
demanding, a special architecture of the web server is
needed. EnzymeMiner has a layered multiple-server
architecture, where each server has a specific purpose
and responsibility (Figure 1).

The Core server implements the main EnzymeM-
iner workflow using an in-house Java framework for
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Figure 2. EnzymeMiner computing units. There are
three types of computing units: (i) core jobs, (ii) core
modules and (iii) cluster jobs.

bioinformatic applications from Loschmidt Laborato-
ries. The Core reads jobs submitted to the Database
and corresponding input files from the Storage. For
each job, the Core instantiates and schedules twelve
core modules that implement the three-step workflow.
Independent modules are executed in parallel to speed
up the calculation. To compute extremely demanding
tasks, core modules submit cluster jobs to the Compu-
tational cluster. The cluster uses the Portable Batch
System (PBS) to maximize parallelism and optimize
usage of the available computing resources. To sum-
marize, three types of computing units (Figure 2) are
used in EnzymeMiner: (i) user-submitted core job, (ii)
core modules scheduled by the Core server, and (iii)
cluster jobs scheduled by the Computational cluster.

The Backend server implements a REST API for
the single-page application. It implements endpoints
to (i) submit new jobs to the Database and save input
files to the Storage, (ii) download the job status and
job results, and (iii) fetch server usage statistics.

The Frontend serves the static files of the single-
page application. It is the only server in the architec-
ture that is publicly accessible. The Frontend server
also serves as a proxy to the Backend server.

The Single-page application provides the graphi-
cal user interface for the EnzymeMiner workflow. It
is running in the user’s browser and it is implemented
in TypeScript using React framework for HTML ren-
dering and Redux library for state management. The
application uses Bootstrap and Material-UI compo-
nents. Webpack builds the JavaScript and CSS files for
the browser.

5. Conclusions and outlook
The EnzymeMiner web server identifies putative mem-
bers of enzyme families and facilitates their prioritiza-
tion and well-informed selection for experimental char-
acterization to reveal novel biocatalysts. The identified

enzymes might have broad application in both indus-
try and academy, mostly in biosynthetic pathways for
ecological production of chemical compounds. Such
a task is difficult using the web interfaces of the avail-
able protein databases, e.g., UniProtKB/TrEMBL and
NCBI Protein, since additional analyses are often re-
quired. The output of EnzymeMiner is an interactive
selection table containing the annotated sequences di-
vided into sheets based on various criteria. The table
helps to select a diverse set of sequences for experimen-
tal characterization. Two key annotations are (i) the
predicted solubility score, which can be used to priori-
tize the identified sequences and increase the chance of
finding enzymes with soluble protein expression, and
(ii) the sequence identity to query sequences comple-
mented with an interactive SSN displayed directly on
the web, which can be used to find diverse sequences.
EnzymeMiner is a universal tool applicable to any en-
zyme family. It reduces the time needed for data gath-
ering, multi-step analysis and sequence prioritization
from days to hours. All the EnzymeMiner features
are implemented directly on the web server and no
external tools are required. The fact that EnzymeM-
iner is a web application brings both advantages and
disadvantages. User is able to run the pipeline using
a user-friendly web interface without the need to in-
stall software and download databases. On the other
hand, user cannot modify the pipeline and the speed
of the computation depends on the current load of the
computing cluster.

In the next EnzymeMiner version, I plan two ma-
jor improvements. First, I will implement automated
tertiary structure prediction based on homology mod-
eling and threading for all identified sequences. The
structural predictions will allow subsequent analysis
of active site pockets/cavities and access tunnels that
will help to identify additional attractive targets for
experimental characterization. Second, I will imple-
ment automated periodical mining. When enabled,
EnzymeMiner will rerun the analysis periodically and
inform the user about novel sequences found since the
last search.

EnzymeMiner web server was submitted to highly
impacted Nucleic Acids Research journal in March
2020.
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