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Abstract: Introduction: As SARS-CoV-2 continues to evolve, researchers need computational tools
that support interactive exploration of mutation probabilities and interpretation of model-derived
signals in genomic surveillance. This study presents CovMutEx (COVID-19 Mutation Explorer), an
open-source, web-based software framework for genome-wide visualization and analysis of SARS-
CoV-2 mutation probabilities. The objective of CovMutEx is to provide an extensible platform in
which existing and future mutation prediction models can be integrated, explored, and evaluated
through an interactive interface.

Methods: CovMutEx was implemented as a modular three-tier system consisting of a React-based
frontend, a Django backend, and integrated deep learning models. The platform incorporates the
prevalence-anchored PRIEST model together with balanced, multi-input ensemble, and single-input
ensemble sequence-conditioned models to generate position-specific mutation probability outputs
across the 29,903-position SARS-CoV-2 genome. To support efficient full-genome exploration, the
system uses optimized preprocessing, data decimation, dynamic loading, and list virtualization. A
dedicated Variant Hotspot Explorer was developed to compare model-derived hotspot signals with
documented lineage-defining mutations across seven post-2022 Omicron-descendant lineages using
Top-K = 50 exact overlap and £3 amino-acid proximity-based precision, recall, and F1 metrics.

Results: CovMutEx allows users to select SARS-CoV-2 lineages, define prediction parameters, vis-
ualize genome-wide mutation probabilities, and inspect mutation signals at regional and position-
level resolution. The hotspot benchmark covered XBB.1.5, XBB.1.16, BA.2.86, KP.2, KP.3,

NB.1.8.1, and XFQG, with lineage-specific reference sets ranging from 43 to 75 Spike mutation sites.
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Performance benchmarking showed stable rendering behavior during full-genome visualization. In
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models, the balanced model was the most robust at F1-optimal thresholds, reaching a mean exact
Dor: Fl-score of 0.101 and a mean proximity Fl-score of 0.355, supporting its use for neighborhood-
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level mutational signal interpretation. A usability evaluation involving 25 participants yielded a

mean System Usability Scale score of 74.5, with 84% accuracy on position-level mutation probabil-
ity estimation and 68% correct or partly correct performance on protein-region comparison.

Discussion: These findings suggest that CovMutEx can bridge mutation prediction models and ex-
ploratory genomic surveillance by making model-derived signals interpretable through an interactive
visual framework. Unlike static mutation trackers or genome browsers that primarily present ob-
served data, CovMutEx supports the investigation of predicted mutation probabilities and their rela-
tionship to known variant-defining sites. The results also show that prevalence-anchored and se-
quence-conditioned models provide complementary information: PRIEST is stronger for exact resi-
due recovery, whereas sequence-conditioned models can highlight broader mutational neighbor-
hoods relevant to antigenic drift and hypothesis generation.

Conclusion: CovMutEx provides a transparent and extensible platform for exploring SARS-CoV-2
mutation probabilities across the viral genome. By integrating predictive models with scalable visu-
alization and quantitative hotspot evaluation, the framework supports interpretation of possible mu-
tational patterns and preparedness for continued viral evolution. Its open-source design enables fu-
ture expansion to additional predictive models, pathogens, structural annotations, and epidemiologi-
cal metadata.
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1. INTRODUCTION

The worldwide spread of SARS-CoV-2 has shown the
need for ongoing surveillance and timely public health re-
sponses. Vaccines remain central to prevention efforts, but
the virus mutates rapidly [1], which can reduce vaccine ef-
fectiveness over time [2, 3]. Because SARS-CoV-2 contin-
ues to evolve [4], vaccine development remains challenging
because vaccine designs must keep pace with a changing
target. There is an urgent need for computational tools that
can offer early, actionable insight into likely mutation trends
and support current clinical decision-making. Prior studies
have expanded what is known about SARS-CoV-2 evolu-
tion, including spike mutations, immune escape, estimated
nucleotide substitution rates, and broader evolutionary pat-
terns reported during the pandemic [5-7]. The literature
shows that computational methods have improved our capac-
ity to respond to the virus [8]. Specialized bioinformatics
tools are now central to the analysis of SARS-CoV-2 molec-
ular and genomic profiles [9, 10]. By scanning genomic se-
quences for recurring mutations [11], these tools help track
how the virus has changed over time [4]. The integration of
new algorithmic methods and data analysis techniques has
enabled researchers to forecast mutational drivers of emerg-
ing variants [12], which can help public health officials plan
for future viral threats. Developing and applying these com-
putational tools has reduced the time needed to respond to
the SARS-CoV-2 crisis [13]. These tools serve as early
warning systems by flagging potential mutations before they
become widespread. They support the development of tar-
geted medical interventions and inform decisions about how
to distribute scarce healthcare resources [3]. They help clari-
fy how the virus changes over time and provide a basis for
targeted containment and mitigation measures [14]. Because
the virus mutates over time, researchers need visualization
tools that allow them to explore future genetic changes inter-
actively and provide information to support informed public
health decisions. Although online resources have expanded,
there is still no platform designed specifically to interactively
explore and visualize model-derived mutation probabilities
across the full SARS-CoV-2 genome. This paper presents
CovMutEx (COVID-19 Mutation Explorer), an interactive
web-based tool developed to address this gap. It provides a
unified framework for researchers to examine and compare
potential mutation patterns over time. Rather than proposing
a novel predictive algorithm, we directly integrate pre-
trained deep learning models from the literature into
CovMutEx, including sequence-conditioned models [15] and
the state-of-the-art prevalence-anchored PRIEST model [16],
into a unified exploratory framework. The platform offers an
interface that most users can operate with little training. Re-
searchers can set key parameters, including the variant being
studied, the deep learning model used for inference, and the
time elapsed since the variant first appeared. After these pa-
rameters are defined, the system starts an automated feature
extraction step that uses the chosen variant sequence together
with baseline information from the reference genome [17].
The tool uses k-merization with a sliding window approach
to produce local feature representations. The features are
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processed in advance and then passed to pre-trained models,
which produce position-specific mutation probabilities that
can be displayed in real time. The results are presented as
interactive charts that support close inspection at the residue
level. This feature allows researchers to identify protein re-
gions that are likely to mutate and to evaluate the broader
biological implications of those changes. Drawing on exist-
ing genomic research, CovMutEx seeks to address a practi-
cal gap, allowing researchers to visually investigate how
future viral mutations may affect vaccine effectiveness. Tra-
ditional genome browsers offer extensive information, but
they often do not include integrated prediction models re-
quired for current surveillance work. We devoted substantial
engineering work to optimize the system architecture for
high-density visualization and real-time inference. By im-
plementing list virtualization and data decimation strategies,
the platform maintains a highly responsive user experience
even when analyzing large-scale genomic datasets. The data
preprocessing and feature extraction steps are designed to
reduce response times. We also use dynamic data loading so
that the client does less computation when it needs to render
complex visualizations [18]. It is important to clarify that
this study does not aim to present one best-performing pre-
dictive model. CovMutEx is built as a flexible, expandable,
interactive system that supports the study of possible future
changes in the SARS-CoV-2 genome through the integrated
prediction models. One of the core innovations of this plat-
form is the newly introduced Variant Hotspot Explorer. This
module provides a quantitative, temporally separated valida-
tion framework that natively computes precision, recall, and
F1-scores, allowing researchers to benchmark model-derived
signals directly against documented lineage-defining muta-
tions. Although the platform includes several pre-trained
models to demonstrate its functionality, its modular open-
source design lets researchers add their own architectures or
integrate third-party models reported in prior studies [19].
Integrating external models requires careful attention to data
preprocessing and differences in feature representation, but
we view this flexibility as the main strength of CovMutEx
and an important route for future collaborative development.
To demonstrate this capability, we integrated a state-of-the-
art model [16] and benchmarked it against other integrated
models [15]. The remainder of the manuscript is structured
to present the background and technical details of our study.
We begin with a detailed review of prior studies relevant to
this field. The following section examines the CovMutEx
architecture, covering both the frontend and backend imple-
mentations. Next, we will present empirical results to assess
the platform’s performance and then discuss the system’s
functional and non-functional requirements. We close by
outlining possible directions for future research.

2. LITERATURE REVIEW

This section reviews current tools for genomic visualiza-
tion and mutation analysis and explains the technical differ-
ences that distinguish CovMutEx from prior approaches. In
this review, we group prior work into two broad areas: wide-
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ly used genome browsers and tools that focus on mutation
analysis.

2.1. Genome Browsers

Genome browsers are the main reference maps that re-
searchers use to examine genome regions and interpret ge-
nomic data. For SARS-CoV-2, a range of platforms now
serve as key resources, and each offers different functions
with clear trade-offs. For instance, the UCSC SARS-CoV-2
Genome Browser [20-22] offers an integrated interface for
examining reference sequences and gene interaction graphs.
That level of detail can also create problems, because for
many researchers the interface is complex enough to slow
down quick, focused exploration. Other browsers are de-
signed to serve narrower purposes. JBrowse [23, 24] is often
used because it can display many types of genomic data and
supports several visualization modes. In contrast, the CoV
Genome Tracker [25] emphasizes mutations at the protein
domain level and presents them through a phylogenetic tree
interface. Platforms such as the WashU Virus Genome
Browser [26] support comparative genomic analysis across
multiple viruses, including Ebola, SARS, MERS, and SARS-
CoV-2. Alongside these virus-specific tools, general-purpose
engines still play an important role. Ensembl [27] supports
many species and provides an API that is well suited to ex-
tension. Nextstrain [28] is widely used for ongoing, near-
real-time monitoring of pathogen evolution. IGV [29] is a
widely used tool in research, often chosen to inspect SNP
predictions and to load custom data tracks. GBrowse [30]
still provides strong annotation functions, but its software
and system requirements can at times restrict access on cur-
rent computing platforms. COVID-MVP [31] provides an
interactive visualization environment for tracking SARS-
CoV-2 mutations, variants, and prevalence with functional
annotations. Despite their strong visual appeal, these brows-
ers mainly function as static records of existing knowledge,
not as tools that visualize or explore potential future muta-
tions.

2.2. Tools for Mutation Analysis

Genomic analysis includes many different tools, and each
one is designed to serve a particular purpose. This discussion
examines several widely used platforms and compares their
specialized architectures with the visual and interactive fea-
tures of CovMutEx. Some of these tools focus on specific
aspects of viral behavior. EVEscape [32], for example, uses
biophysical and structural data to estimate the likelihood of
immune-escape mutations. Although it is essential for anti-
body research, it mainly works at the level of protein regions
and does not provide nucleotide-level detail on potential fu-
ture mutations. In the same line of inquiry, Schwerdt et al.
report related findings. The method described in a previous
study [33] supports phylogenetic tracking of SARS-CoV-2
mutations, but it functions mainly as a retrospective monitor-
ing tool rather than a system for forecasting future changes.
We developed CovMutEx to address this limitation by auto-
mating the full data-processing pipeline, allowing users to
focus on the analysis rather than manual preparation. For
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visual inspection of sequence variants, platforms such as
VIMVer [34] provide high-resolution views at both the nu-
cleotide and amino acid levels. In practice, VIMVer is lim-
ited to mutations that have already been observed, and it
relies on very strict input formatting, which can slow down
rapid exploratory work. CovMutEx removes these format-
ting constraints and facilitates the exploration of inferred
future mutational states. Related comparative studies, includ-
ing Cedefio-Pérez and Gémez-Romero [35], identify protect-
ed genomic regions, but they depend on third-party tools for
visualization and do not integrate predictive models. Tools
such as ViralVar [36] and CovSeq [37] focus on lineage dy-
namics and on reporting specific amino-acid substitutions.
Although the technology is sound, these systems often do not
provide support for integrating predictive tools or interactive
features to support what-if hypothesis generation. Machine
learning is increasingly used in monitoring tools such as
Covidex [38], which applies random forest classifiers to k-
mer databases, and CoronApp [39], which generates muta-
tional maps from GISAID data [40, 41]. Still, neither plat-
form is mainly designed to visualize and explore future mu-
tations through integrated models.

2.3. Viral Mutation Prediction Models

Recent work has introduced several deep learning archi-
tectures for mutation forecasting, including transformer-
based approaches [42], MLAEP [43], PRIEST [16], and
DNMS [44]. Ma et al. [45] present a lightweight language
model that combines the regularity and randomness of viral
mutations to predict future SARS-CoV-2 variants. It success-
fully identified strains like XBB.1.16, EG.5, JN.1, and
BA.2.86 before their emergence. PRIEST [16] introduces an
interpretable deep-learning framework that uses temporal
evolutionary information to predict SARS-CoV-2 mutations
with immune escape potential. MLAEP [43] is a machine
learning-guided framework that integrates structural model-
ing, multi-task learning, and genetic algorithms to predict
SARS-CoV-2 antigenic evolution. It successfully forecasts
high-risk mutations and synthetic variants with enhanced
immune evasion. These models study key evolutionary driv-
ers, including antigenic drift and mutation grammar, by us-
ing structural measures and fitness-based parameters. Alt-
hough these approaches are technically strong, they are often
designed for specific biological questions and do not offer a
public, interactive interface that supports broad exploration.
CovMutEx is not designed to outperform these high-
performance models on standard predictive accuracy
measures. Rather, it provides a complementary web-based
platform that supports intuitive exploration of mutation
probabilities across the entire genome. CovMutEx offers an
open-source framework that allows researchers to add their
own models, making it a flexible tool for genomic research.
To demonstrate this capability, we integrated the pre-trained
PRIEST model [16] alongside several sequence-conditioned
models from Ayaz et al. study [15] into CovMutEx. PRIEST
was selected as our state-of-the-art benchmark due to
its temporal focus and open availability, which made it
highly compatible with our web-based inference engine.



4 Current Bioinformatics, xxxx, Vol. xx, No. x

While other notable high-performance models like MLAEP
[43] and DNMS [44] offer robust methodological approach-
es, such as multi-task learning and structural genetic algo-
rithms, they were not natively integrated into the platform in
this iteration. Instead, we discuss them as alternative ap-
proaches to highlight the diversity of predictive architectures
that future researchers could plug into CovMutEx’s modular
framework.

2.4. Comparison of Features Across Existing Tools

Although the tools described above offer useful ways to
study viral diversity, most do not bring together the kind of
forward-looking analysis needed to anticipate future SARS-
CoV-2 changes across the full genome. Most current re-
sources focus on cataloging variants after they have been
observed, instead of supporting prospective inference model
integration that CovMutEx provides. Our comparison sug-
gests that EVEscape [32] is closest to a candidate prediction
model that could be integrated into our platform. EVEscape
estimates the likelihood of immune escape in the Spike pro-
tein by combining evidence from structural exposure, evolu-
tionary constraints, and biochemical differences. While it is
well suited to identifying pathways of antibody escape, it
remains a specialized tool and should not be treated as a gen-
eral future mutation explorer. By comparison, CovMutEx
proposes a genome-wide framework that visualizes estimat-
ed probabilities at the level of individual positions. Our sys-
tem is open source and transparent, allowing researchers to
deploy the provided pre-trained models or integrate their
own architectures for analysis. To make these technical dif-
ferences clear, we compare CovMutEx with several widely
used genomic analysis platforms in Table 1. This overview
reports which core functions are present and which are miss-
ing in the tools we reviewed. Unlike ViralVar [36], VimVer
[34], CovSeq [37], and CoronApp [39], which mainly report
observed data, CovMutEx allows users to interactively ex-
plore modeled future mutation paths by setting time points
and variant-related parameters. EVEscape is mainly aimed at
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forecasting immune escape, whereas CovMutEx covers a
broader range of genomic data. Interactivity is another point
of divergence. Our tool supports dynamic data loading and
smooth panning and zooming, which makes it easier to ex-
amine large datasets. Although CoronApp includes some of
these interface elements, they are not consistently present in
the other tools that were evaluated. These interactive features
are necessary for researchers to examine high-dimensional
viral evolution data in a precise and controlled way. By inte-
grating future mutation inference models with advanced in-
teractive visualization, CovMutEx offers a clear addition to
current bioinformatics tools. By going beyond static observa-
tion, the platform supports proactive development of biolog-
ical hypotheses and helps build a more detailed understand-
ing of SARS-CoV-2 evolution.

3. MATERIALS AND METHODS

CovMutEx was developed with a design strategy focused
on fast data rendering and on integrating multiple prediction
models within one workflow. We found early in the project
that showing close to 30,000 genomic positions in real time
required more than standard web components; it depended
on careful coordination between the front-end display logic
and the back-end inference pipeline. This section describes
the system design, explains how the frontend and backend
were implemented, and outlines the main technical details of
the mutation prediction model workflow.

3.1. System Design

CovMutEx was built as a modular three-tier system, with
a React frontend, a Django backend, and a set of deep learn-
ing models, where each layer is responsible for a distinct part
of the workflow. This separation of concerns helps keep the
interface smooth. The server handles the compute-heavy
genomic feature extraction, while the browser renders the
visuals using well-tested client-side libraries, so the system
stays responsive during demanding analyses.

Table 1. Comparison of CovMutEx with existing tools.
Features ViralVar VimVer CovSeq CoronApp Evescape CovMutEx
Visualization of Predicted Mutations X X X X Partial v
WebLogo view X X X X X v
Tree representation X X X 4 v X
Input data User-Provided Selection User-Provided User-Provided Selection Selection
Region-level analysis v X v v v v
Position-level analysis X X X X v v
View type Chart Table Chart Chart Chart Chart
Dynamic data loading X X X v X v
Pan v X X v v v
Variant Hotspot Profiling X X X X X v
Zoom v X X v v v




CovMutEx for SARS-CoV-2 Mutation Analysis

* Frontend (React): The frontend, built with React, pro-
vides the project’s main interface for user interaction. It
controls the user interface and the application state, so
researchers can set lineage-specific parameters and then
examine the resulting mutation probabilities using re-
sponsive charts drawn on a canvas.

* Backend (Python/Django): The backend serves as the
system’s coordination layer by routing requests, enforc-
ing application rules, and coordinating REST-style data
flow between the database and application logic [46,
47]. It routes incoming requests, reads data derived from
GISAID datasets, and performs the compute-intensive
step of converting raw sequences into feature vectors
used by the models.

* Integrated Prediction Models: These models consti-
tute the platform's main analytical component. The
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models take preprocessed genomic feature vectors as
input and output probability distributions across ge-
nomic positions; these results are then sent back to the
client interface for visualization.

Fig. (1) presents the system architecture and shows how
the components relate to one another, as well as the order in
which they exchange data.

We next describe the roles involved and the technology
stacks used for the frontend and backend implementations.

3.2. Frontend Modules

This section outlines the main interface components and
how they are built and integrated to support the required
user tasks. To address the big data constraints in genomic
visualization, we chose a current JavaScript stack that pri-

Frontend (React)

User Interface

Send User inputs

Backend (Django)

HTTP Request Handling

Extract Features

Data Processing

Send Processed Data

Data Visualization

A

Send Predicfions

Model Output

Return Predictions

Deep Learning Model

Prediction Analysis

Fig. (1). CovMutEx system architecture. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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oritizes fast rendering and reliable state management. We
employed React because its component-based design sup-
ports a stateful interface in which different widgets, such as
dropdown menus and charts, stay synchronized [48]. Redux
Toolkit was used to manage the data flow among these
components by maintaining a central store that serves as a
single source of truth. This approach ensures that when a
researcher zooms in on a specific genomic region, the up-
date is reflected immediately across the application state
[49]. Visualizing 29,903 genomic positions at the same
time is difficult and places heavy demands on the rendering
pipeline. Chart.js draws to an HTMLS canvas instead of
relying on SVG elements in the DOM [50, 51]. This ap-
proach reduces browser-side lag when users navigate at
high zoom levels [50]. Tailwind CSS was used to apply
utility-based styles that support a responsive and clean in-
terface, and the layout remains consistent across different
screen sizes [52, 53].

3.3. Scalable User Input Capturing

Users begin by completing a parameter specification
form, shown in Fig. (2). Using this interface, users set up the
prediction by choosing a model, a specific SARS-CoV-2
lineage [40, 54], and the time period to be predicted.

Prediction Model

Balanced (Prediction f1 score: 0.72)

Covid19 Variant Id

USA/VSP2966/2021|MZ512988.1|2021-05-24

Elapsed Days

e.g., 120 *

Select Protein Region

PREDICTS

Fig. (2). Mutation prediction parameters for. (4 higher resolution /
colour version of this figure is available in the electronic copy of
the article).

A central engineering challenge in this work was han-
dling the display of about 600,000 viral variants. In a typical
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dropdown menu, the browser tries to place every option into
the Document Object Model (DOM). With a list of this size,
that approach would quickly exhaust available memory and
could cause the application to fail. We evaluated a server-
side search approach, but the API response time was too
slow to support a smooth user experience. We instead im-
plemented list virtualization [55]. This method draws only
the entries that are visible in the user’s viewport, while keep-
ing the remaining hundreds of thousands of entries stored
virtually rather than rendered on the screen. This approach
yields a fast list that allows real-time filtering, as shown in

Fig. (3).

Prediction Model *

Balanced (Prediction f1 score: 0.72)

Covid19 Variant Id *

England

England/QEUH-9FB263/2020|0A992622.1|2020-09-29

@'’

England/PHEC-YYBFNWK/2021|2021-08-14
England/LIVE-9B2F5/2020|2020-03-28
England/QEUH-9B56A5/2020|0A994785.1|2020-09-03
England/ARCH-000043F9/2021|2021-02-01
England/CAMC-141BA76/2021|0U179370.1/2021-03-11
England/BRBR-1E54822/2021|0U725309.1/2021-09-13
England/NORT-290416/2021|0U387840.1|2021-01-11
England/HSLL-1BBA6D8/2021|0U590937.1/2021-08-13

Elapsed Days *

*
)

Select Protein Region

PREDICT 4

Fig. (3). Dynamic variant list virtualization. (4 higher resolution /
colour version of this figure is available in the electronic copy of
the article).

3.4. Interactive Charts and Data Reduction

After the parameters are submitted, the system processes
the variant data and outputs a probability matrix with shape
(4, 29903). To keep the visualization interactive, we used a
data decimation approach. By default, the frontend groups
dense probability regions into chunks using a factor of 25.
This approach reduces rendering bottlenecks while still giv-
ing a clear overview of mutational trends across the genome
(Fig. 4). The rationale for this decimation is described in
Algorithm 1. This approach lets the interface shift between a
summary view and detailed bars at the position level as the
researcher zooms in.
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Algorithm 1: DecimateData

Input : D, a list of datasets,

factor, the decimation factor

Output: D, the decimated datasets

1 Initialize: D' — empty list;

2 foreach dataset in D do

3 Initialize: decimatedDataset «— empty list;
4 foreach index in dataset do

5 if index mod factor =0 then

6 slice « extract factor elements from dataset starting at
index;

7 avg « average of elements in slice;

8 Append avg to decimatedDataset;

9 Append decimatedDataset to D'’;

10 return D’

When users zoom in past a set threshold, the chart
switches from the chunked view to a position-level view that
shows finer detail. This approach provides clear, detailed
results while reducing the risk of slowdowns when rendering
large datasets.

To support smooth panning at the position level, where
the full dataset must be loaded, we expanded the rendering
widgets by adding padding on both sides and added event
listeners that track mouse movement during interaction. This
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supports efficient data loading that follows the user’s naviga-
tion within the chart. We also use a WebLogo-style view
[56] at the highest zoom level to examine mutations at a sin-
gle position, as shown in Fig. (5). We use Logomaker [57] to
generate sequence logo images during runtime. The stacked
bar chart appears alongside a side panel and a doughnut chart
(Fig. 4). The doughnut chart summarizes mutation probabili-
ties across protein regions and lets users turn normalization
on or off to support targeted analysis. Selecting a segment of
the doughnut chart causes the stacked bar chart to mark the
same region for comparison. The side panel shows clickable
annotations that mark protein region boundaries and give
context for the genomic data. Users can choose to show or
hide these boundaries directly within the chart. Each protein
region is shown in a distinct color, used both in the chart
background and in the side panel annotations.

3.5. Backend Modules

CovMutEx’s back end is implemented in Python, using
machine learning libraries selected to support data pro-
cessing and systematic model evaluation. Django is a Python
web framework that supports building web applications in a
structured way, with design choices that favor clear code and
practical development [58]. Because it is built on Python, it
is well-suited for data preprocessing tasks on the back end.
Django REST Framework extends Django to support the
development of web APIs, enabling data exchange between
the server and the front end [59]. The project uses PyTorch,
NumPy, Pandas, and Scikit-learn to support large-scale data
processing, numerical computation, data preparation, and the
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Fig. (4). Predicted mutation visualization. (4 higher resolution / colour version of this figure is available in the electronic copy of the arti-

cle).
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Fig. (5). WebLogo-style position-level mutation visualization. (4 higher resolution / colour version of this figure is available in the electron-

ic copy of the article).

implementation of machine learning models. When the sys-
tem receives input from the user, the back end starts a set of
processing steps. If a specific protein region is given, the
analysis is limited to that region only, which reduces compu-
tational cost and shortens response time. If not, the full ge-
nome sequence is processed.

3.6. Prediction Models Integrated From Literature

As a proof-of-concept, we integrated four pre-trained
models from the literature [15, 16], as summarized below.

PRIEST [16]: PRIEST (Prevalence-based Baseline): A
state-of-the-art model that predicts viral mutations with
immune escape capability by utilizing temporal evolu-
tionary information. In CovMutEx, it is utilized to pro-
vide a prevalence-anchored ranking matched to specific
lineage dates, serving as a biological reference for exact
residue recovery.

Balanced model [15]: The network has two fully con-
nected layers. The first layer maps the 205-dimensional
input feature vector to 128 dimensions. The second lay-
er produces a binary output that indicates whether the
sample is mutated. The model applies a ReLU activa-
tion function in the hidden layer and a sigmoid function
at the output layer, and it is trained with the Adam algo-
rithm using binary cross-entropy as the loss function.
The model was trained on 100 balanced datasets, each
formed by sampling the same number of mutated and
non-mutated observations.

Multi-input ensemble model [15]: Ten identical sub-
models are trained in parallel, each matching the base
model’s architecture. Their outputs are concatenated and
then passed to the final prediction layer. Each sub-
model includes batch normalization, dense layers (205-
256-128), and dropout layers with rates of 0.5 and 0.3.
The concatenated 640-feature output is then passed into
subsequent layers to generate the final prediction.

Single-input ensemble model [15]: This variant reduces
the complexity of a multi-input ensemble by merging
the inputs first and then passing the combined represen-
tation into one shared model. This model includes batch

normalization and dense layers, but it applies L1 and L2
regularization in the early layers rather than dropout. A
large dropout (0.8) is applied after concatenation, fol-
lowed by a dense layer with 32 units and another drop-
out before the final output.

3.6.1. Probability Model

Let x; € R*” represent the input feature vector for a giv-

en candidate nucleotide at position i. The hidden layer repre-
sentation h; € R'*® in the neural network is computed using
the Rectified Linear Unit (ReLU) activation (Eq. 1):

h; = max (0, W x; + b;)
€ R128><205

(M
where W, is the learned weight matrix and b, €
R"™ is the bias vector. The final position-specific mutation
probability is generated by applying the sigmoid activation
function to the output layer, constraining the estimation to a
valid probability space from 0 to 1 (Eq. 2):

1

P(mislS. ) = oo

2
where W, € R"'*® and b, are the weights and bias of the
output layer.

We directly employ pre-trained models from Saha et al.
(2024) and Ayaz et al. (2025) [15, 16]. Hence, we did not
train models for this study. In the original studies, these
models were trained on a large-scale curation of SARS-CoV-
2 genomic and phylogenetic data, primarily sourced from the
GISAID EpiCoV database [40]. PRIEST was trained on the
spike protein sequence data from the final quarter of 2019 to
the first half of 2022. Ayaz et al.’s models were trained on
all observed mutations between Dec. 30, 2019, and Oct. 01,
2021. The tested lineages do not overlap with these training
periods, and they span from October 2022 to January 2025.

3.7. Integration and Optimization of External Models for
Web Deployment

Deploying external deep learning models within an inter-
active web platform introduces challenges extending beyond
model selection, encompassing framework compatibility,
feature space standardization, and inference scalability. All
adaptations implemented in CovMutEx were exclusively
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deployment-oriented; no model weights were retrained,
pruned, quantized, or structurally modified after their origi-
nal development.

3.7.1. Architectural Compatibility

Legacy Keras model artifacts (.keras or .hS) [60] were
made compatible with the platform’s current TensorFlow
runtime [61, 62] through a custom loading and reconstruc-
tion procedure that intercepts model configurations at initial-
ization, resolves tensor routing for functional API architec-
tures, and maps layer weights through a fallback hierarchy of
signature matching, configuration-order loading, and layer-
name resolution. This preserves the full structural and para-
metric integrity of each integrated model, preventing silent
failures or tensor dimension mismatches during inference.

3.7.2. Feature Space Standardization

Raw biological sequences are dynamically transformed
into a standardized 205-dimensional feature matrix to ensure
live genomic inputs precisely mirror each model’s original
training distribution [15]. A 30-nucleotide sliding window is
applied across the genome [63, 64], computing evolutionary
and biochemical metrics on-the-fly, including PAM250 sub-
stitution scores [65] and 18 physicochemical amino-acid
properties. All features are then bulk-preprocessed as matrix
operations, where categorical variables are one-hot encoded
[66, 67] and numerical features are Z-score standardized
[68], ensuring strict conformity to each model’s expected
input distribution.

3.7.3. Inference Optimization

Three complementary strategies enable real-time infer-
ence across the full ~30,000 base-pair genome. First, model
objects are cached in memory after initial load, eliminating
repeated deserialization overhead. Second, a differential fea-
ture extraction strategy restricts computation to only the nu-
cleotide positions affected by a selected variant’s mutations,
merging the resulting partial feature vectors into a precom-
puted HDFS5 reference matrix [69] rather than recomputing
the full genome-wide matrix on every request. Third, candi-
date instances are evaluated in a single batched forward pass
[61], and where applicable the prediction search space is
narrowed to user-selected protein regions, further reducing
latency without altering any learned model parameters.

Overall, the optimization strategy in CovMutEx prioritiz-
es efficient serving of external models through compatibility
adaptation, in-memory caching, differential feature computa-
tion, batched inference, and region-restricted evaluation,
enabling real-time genomic inference within the browser
without compromising the statistical integrity of any inte-
grated model.

3.8. Quantitative Hotspot Analysis Framework

To address the need for empirical validation, we devel-
oped a framework that evaluates whether model signals con-
centrate on residues genuinely involved in viral evolution.
Using Algorithm 2, we reconstruct lineage consensus ge-
nomes for seven notable variants (e.g., XBB.1.5, BA.2.86,
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and XFG) from GISAID frequency data. The framework
benchmarks model performance using different metrics. Ra-
ther than predicting a single future mutation, this framework
tests whether the strongest model-derived signals concentrate
on Spike residues genuinely involved in the mutational ar-
chitecture of a selected SARS-CoV-2 lineage, establishing a
biologically grounded retrieval benchmark.

3.9. Lineage Consensus Construction

For each of seven post-2022 lineages spanning October
1, 2022 (XBB.1.5) through January 1, 2025 (NB.1.8.1,
XFG), we reconstruct a representative consensus genome
from lineage-specific nucleotide mutation frequency tables
that are derived [70] based on sequences observed between
Jan. 1, 2023 and April 8, 2026. The numbers of sequences
used for mutation observation were 2124 for NB.1.8.1,
91453 for XBB.1.5, 130 for BA.2.86, 773 for XFG, 3150 for
KP.2, 1553 for KP.3, and 9179 for XBB.1.16. The consensus
construction process operates as follows:

The majority-frequency threshold of > 50% suppresses
low-frequency background noise and yields a compact repre-
sentation of the dominant mutational state. The filtered mu-
tation catalog is then collapsed onto 1-based Spike amino-
acid coordinates to define the comparison set of known mu-
tation sites M,, with reference sets ranging from 43 to 75
Spike sites across the seven lineages 2.

3.10. Hotspot Scoring and Protein-Level Aggregation

Model inference within the CovMutEx pipeline is per-
formed over the Spike coding region (nucleotides 21,563—
25,384). Each nucleotide position is evaluated against four
candidate nucleotides using feature representations including
30-nt sequence context, nucleotide and amino-acid substitu-
tion scores, elapsed time, phylogenetic depth, synony-
mous/nonsynonymous status, and amino-acid biochemical
descriptors. The model produces four mutation scores per
nucleotide position.

Algorithm 2: Lineage Consensus Reconstruction

Input: Lineage-specific sequence alignments

Output: M,, the lineage-specific reference mutation set
1 Initialize: Consensus sequence «— empty list;

2 foreach genomic position g do

3 Compute allele frequencies from lineage-specific
sequence alignment;

Identify alternate allele a* = arg max, freq(a);

if freq(a*) = 0.50 then

Incorporate a* into consensus at position g;

N SN A

else
8 Retain reference allele (suppress low-frequency variants);

9 Project nucleotide-level mutations to 1-based Spike amino-
acid coordinates;

10 return M€ with [M{| ranging from 43 to 75;
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To obtain protein-level hotspot scores, nucleotide-level
outputs are aggregated at the codon level by summing non-
reference score mass across the three codon nucleotides and
averaging (Eq. 3) :

H(a) = (1/3) * £_{i=1}"{3} =_{be{A,T,G,C}\{r_i}} s_{i.b}
€)

We report both exact-match and proximity metrics for all

lineages and models, with performance highlighted at the
F1-optimal operating point.

3.11. Interactive Analysis Interface and Backend Archi-
tecture

As illustrated in Fig. (6), the frontend provides a detailed
visual breakdown of the mutational landscape. The base plot
aligns the full length of the Spike protein along the X-axis
(amino-acid coordinates 1-1273) against a display-
normalized version of the codon-aggregated prediction score
on the Y-axis (ranging from 0 to 1). A continuous black trace
line visualizes this computed hotspot score across every po-
sition, illustrating the overall topography of predicted muta-
tional pressure.

Chart overlays

Ior et al.

To visually evaluate the model’s performance against the
established metrics, the interface overlays a color-coded,
interactive marker system:

e Explorer hotspots (Blue circles): Denote the Top-K
ranked positions, representing distinct peaks where the
model predicts the highest localized mutational pressure.

* Known variant sites (Yellow diamonds): Mark the
lineage-specific reference mutation set (M), derived
from the majority-frequency consensus algorithm.

*  Overlap hits (Red stars): Visually represent the Exact
overlap metric, appearing with a red dashed drop-line

where H(a) is the hotspot score for Spike amino-acid site a,
ri is the reference nucleotide at codon position i, and si,b is
the integrated sequence-conditioned model score for candi-
date base b. Sites are ranked by this raw codon-level score;
min—-max normalization to the 0-to-1 range is applied only
for visualization.

3.12. Baseline and Evaluation Metrics

The Hotspot Case Study page supports both mutation
probability-based scoring and a PRIEST-based (prevalence)

Toggle each marker layer to compare the explorer's hotspot scores (across all Spike positions) against known Stratus (XFG) Spike mutation sites

and their overiap, plotted on the display-normalized hotspot score series.

® Explorer hotspots Known variant sites % Overlap hits

Explorer Splke Hotspot Rankings

Near-hits (=3aa)

Hotspot scores across all Spike positions for the selected lineage. Top-K ranked positions are highlighted; known Spike mutation sites for this

lineage are shown as an optional reference layer.

Hotspot score

600

800

1000

1200 1273

Spike amino-acid position

Fig. (6). Screenshot of the Hotspot Analysis page. The interface provides a high-resolution, full-length graphical representation of how the
integrated sequence-conditioned model’s mutational pressure predictions align with established biological ground truth, shown here for the
Stratus (XFG) lineage. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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baseline. Under the prevalence mode, each Spike position is
assigned a quarter-specific site prevalence score matched to
lineage date, with fallback to global prevalence when una-
vailable, enabling direct comparison under an identical eval-
uation framework.

Biological agreement is assessed using two complemen-
tary metrics. Exact overlap counts a hotspot as recovered
only if its amino-acid coordinate exactly matches a known
lineage mutation site. Proximity overlap accommodates
clustered adaptive change by counting a hotspot as supported
if it lies within +3 amino acids of a known site. For each
threshold K, we compute:

Precision@K = (Top-K positions with overlap) / K; Re-
call@K = (Top-K positions with overlap) / M{|; F1@K = 2
x (Precision@K x Recall@K) / (Precision@K + Recall@K).

when an Explorer hotspot precisely matches the coordinate
of a Known variant site.

* Near-hits =3aa (Green circles): Visually represent the
Proximity overlap metric, appearing with a green dashed
drop-line when a predicted hotspot falls within a 3-
amino-acid sliding window of a lineage mutation.

The Case Study analysis page is backed by a dedicated
REST API endpoint that serves as the computational back-
bone for both this interactive exploration and offline analy-
sis. The API returns the following:

*  Per-site scores: Complete hotspot score vector H =
[H(1), ..., H1273)]™

* Ranked results: Hotspot table sorted by score with lin-
eage membership annotations.

* Metadata: Consensus date, sequence counts, allele fre-
quency distributions.

* Reference definitions: Explicit lineage-specific muta-
tion site enumeration M,

*  Overlap statistics: Exact and proximity F1 scores at all
Top-K thresholds.

*  Complete Top-K sweep: Full precision@X, recall@k,
F1l@K trajectories.

The same backend payload powers both the interactive
React frontend and offline analysis pipelines, ensuring de-
terministic consistency between the visual overlays shown in
the web tool and the quantitative metric figures. This unified
architecture eliminates discrepancies between exploratory
and publication-grade results.

4. EXPERIMENTAL RESULTS

This section evaluates CovMutEx in terms of scalability,
capacity under load, usability, and performance relative to
existing tools. We first present an empirical evaluation of
performance, then discuss a qualitative assessment, and end
with a use case that shows how CovMutEx is typically ap-
plied.
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4.1. Performance Evaluation

To evaluate CovMutEx performance, we recorded pre-
processing time, prediction time, rendering time, and total
response time while varying genome length and the number
of concurrent users. All evaluations were run on a PC with
the following specifications. The system was equipped with
2 x i7-7700HQ 2.8GHz CPU, 16 GB of RAM, and an
NVIDIA GeForce GTX 1050 Ti graphics card with 4 GB of
dedicated video memory.

4.2. Genome Length Analysis

We first examine how the combined time for prepro-
cessing, prediction, and rendering varies as genome length,
measured in nucleotides, increases. Fig. (7) shows that ren-
dering time stays roughly constant as genome length varies,
which supports quick visualization of mutation probabilities.
This consistency likely results from how the data were first
divided into chunks for the visualization. CovMutEx splits
the genome into fixed-size chunks, so the number of chunks
stays the same in the visualization even when the total ge-
nome length differs. For instance, if a genome has 30,000
nucleotides and is split into blocks of 30, it produces 1,000
chunks. If a genome has 100,000 nucleotides and is split into
blocks of 100, it also produces 1,000 chunks. Rendering time
stays roughly constant, while prediction and preprocessing
make up most of the total processing time, and prediction
time rises more quickly as genome size increases. With the
SARS-CoV-2 genome at about 30,000 nucleotides,
CovMutEx performs at a level that is appropriate for its in-
tended application.

4.3. Scalability with User Load

Fig. (8) shows how CovMutEx response time changes as
the number of concurrent users increases. As user load rises,
the average, minimum, and maximum response times in-
crease moderately. CovMutEx remains reasonably respon-
sive even when many users access it simultaneously, sug-
gesting it can support varied user needs with only minor per-
formance declines. CovMutEx shows good performance,
with low time costs for preprocessing and prediction, and
rendering. Because it can process genomes of different
lengths and scale to different sample sizes and levels of user
demand, the tool can support research aimed at understand-
ing SARS-CoV-2 and how it changes over time.

4.4. Case Study on Notable Variants of Interest

Our analysis across seven lineages indicates distinct utili-
ty profiles for the integrated models. To specifically address
predictive performance against known major variants, all
seven lineages evaluated in this study (e.g., Kra-
ken/XBB.1.5, Pirola/BA.2.86, and the FLiRT variants) are
progressive descendants of the Omicron variant. This allows
us to rigorously assess how well the models track the contin-
uous antigenic drift of the most dominant global variant fam-
ily. While the PRIEST [16] baseline excels at exact residue
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Time vs. Genome Length
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Fig. (7). Scalability of CovMutEx as genome length increases. (4 higher resolution / colour version of this figure is available in the electronic

copy of the article).

Response Time vs. Number of Users
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Fig. (8). Scalability of CovMutEx as the number of concurrent users increases. (4 higher resolution / colour version of this figure is available

in the electronic copy of the article).

recovery due to its prevalence-anchored ranking (Mean Ex-
act F1 =0.264), Ayaz et al.’s models [15] demonstrate supe-
rior performance in identifying biologically coherent neigh-
borhoods. For instance, the integrated multi-input model
surpasses PRIEST in proximity recall for the Kraken
(XBB.1.5) variant. The balanced model proved most robust
for recently emerged variants like KP.3 and XFG, reflecting
its ability to map evolutionary plasticity through sequence-

conditioned insights rather than historical prevalence alone.
All comparative analyses were conducted at a Top-K = 50
threshold, operationalizing six complementary metrics per
model-lineage pair (Figs. 9-15): exact overlap (EO), exact
precision@K (EP), exact recall@K (ER), proximity overlap
within £3 amino acids (PO), proximity precision@K (PP),
and proximity recall@K (PR). Exact metrics quantify strict
residue-level recovery of lineage-defining mutations, while
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Fig. (9). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — FLiRT (KP.2). (4 higher resolution / colour version of
this figure is available in the electronic copy of the article).
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Fig. (10). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — Arcturus (XBB.1.16). (4 higher resolution / colour
version of this figure is available in the electronic copy of the article).
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Fig. (11). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — FLiRT (KP.3). (4 higher resolution / colour version of
this figure is available in the electronic copy of the article).
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Fig. (12). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — Kraken (XBB.1.5). (4 higher resolution / colour version
of this figure is available in the electronic copy of the article).
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Fig. (13). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — Nimbus (NB.1.8.1). (4 higher resolution / colour ver-
sion of this figure is available in the electronic copy of the article).
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Fig. (14). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — Pirola (BA.2.86). (4 higher resolution / colour version
of this figure is available in the electronic copy of the article).
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Fig. (15). Comparative Top-K F1 Profiling of Mutation Hotspot Prediction Models — Stratus (XFG). (4 higher resolution / colour version of

this figure is available in the electronic copy of the article).

proximity metrics assess whether a model correctly deline-
ates functionally permissive mutational neighborhoods, in-
cluding flexible surface loops and antigenic epitopes. To-
gether they provide a two-dimensional view of model utility,
one axis measuring positional fidelity and the other measur-
ing regional biological relevance.

4.4.1. Exact Residue Recovery

PRIEST dominates exact-site identification across all
seven lineages, recovering a mean of 12.0 exact residues
within its Top-50 list, more than three times the rate of the
strongest integrated sequence-conditioned model (multi-
input, mean EO = 3.71). The contrast is sharpest for Pirola
(BA.2.86), where PRIEST captures 27 exact overlaps (EP =
54.0%, ER = 42.9%) versus only 4 for the integrated multi-
input model. This reflects PRIEST’s quarter-specific preva-
lence ranking, which is inherently optimized to recover line-
age-defining sites that co-localize with recurrently selected
population-level positions.

4.4.2. Biologically Coherent Neighborhoods

Under proximity metrics, the performance gap narrows
substantially and in several contexts reverses. For Kraken
(XBB.1.5), the integrated multi-input model surpasses
PRIEST across all three proximity dimensions (PO: 12 vs.
10; PP: 24.0% vs. 20.0%; PR: 25.6% vs. 16.3%). For later-
emerging variants, including KP.2, KP.3, XFG, and
NB.1.8.1, the integrated balanced model matches or exceeds
PRIEST in proximity recall, reflecting robust identification

of the broader mutational pressure zones characteristic of
progressive antigenic drift. This advantage is rooted in archi-
tecture: integrated sequence-conditioned models infer site-
specific pressure against an explicit lineage consensus by
integrating local sequence context, biochemical properties,
and temporal covariates, granting interpretive capacity una-
vailable to prevalence-driven approaches.

4.4.3. Intra-Family Differentiation

Within the integrated sequence-conditioned model fami-
ly, the multi-input ensemble achieves the highest exact-site
recovery, functioning as a high-specificity filter suited to
targeted confirmatory analysis. The balanced model exhibits
broader score distribution and superior proximity recall for
recently emerged variants, which is advantageous when
mapping spatially clustered mutational events. The single-
input ensemble consistently underperforms both, confirming
that multidimensional contextual integration is a necessary
architectural requirement.

4.4.4. Calibration Under Variable Thresholds

At each model’s Fl-optimal threshold, PRIEST retains
overall leadership (mean best exact F1 = 0.264, proximity F1
= 0.413). Within the integrated sequence-conditioned model
cohort, the balanced model is the most robust variant (exact
F1 = 0.101, proximity F1 = 0.355), surpassing multi-input
(0.086 and 0.311, respectively), an inversion relative to
fixed-threshold results that underscores the importance of
aligning model selection with the analytical objective.
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PRIEST excels at recovering prevalence-anchored hotspots
with high positional precision, while the others provide se-
quence-conditioned, neighborhood-aware insight into evolu-
tionary plasticity. Their integration offers interpretive power
that substantially exceeds either model class in isolation.

4.5. Usability Evaluation

This section describes how usability was assessed for the
system. It outlines the evaluation goals, the participant
group, the tasks used during testing, and the measures col-
lected to judge ease of use. It also explains how the study
was conducted and how the findings were analyzed to identi-
fy usability issues and guide revisions. To assess the usabil-
ity of CovMutEx, we ran a structured survey with 25 partici-
pants. All participants watched a training video that ex-
plained the purpose of the study. All participants provided
informed consent before taking part. In particular, they were
informed that their responses would be used for system eval-
uation and that data would be collected anonymously. All
procedures were conducted in line with the relevant guide-
lines and regulations. The survey consisted of ten Likert-
scale items adapted from the System Usability Scale (SUS)
[71]. These items assessed ease of use, how well the system
worked with other tools, perceived complexity, and users’
confidence while using it. The survey is available at
https://forms.gle/pedTnt51HzAF9QSCS8. Fig. (16) presents
visual summaries of the responses.

4.6. Study Design and Tasks

Before completing the survey, participants were asked to
watch an approximately five-minute training video on the
About page and then complete two typical tasks in
CovMutEx.

* Task 1: Estimate mutation probabilities at a given ge-
nomic position. Participants applied CovMutEx to esti-
mate mutation probabilities at a specified site in the
SARS-CoV-2 genome.

* Task 2: Compare normalized mutation probabilities for
ORF8. Participants compared normalized mutation
probabilities in the ORF8 protein region across several
prediction models.

The tasks were set up to mirror realistic use cases and to
ensure that participants worked with both the position-level
and protein-region-level features of the tool.

4.7. Participant Demographics

The study included participants from a range of demo-
graphic backgrounds. In our sample, 52% of respondents
reported backgrounds in the life sciences (for example, mo-
lecular biology, genetics, and medicine), while 48% reported
backgrounds in the computational sciences, including com-
puter science and software engineering. In the sample, 64%
of participants held a Master’s degree, 12% held a PhD, and
24% held a Bachelor’s degree. Participants reported varying
levels of experience in bioinformatics and/or genomics: 72%
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had 1-5 years, 24% had 5-10 years, and 4% had more than
10 years.

4.8. Analysis of System Usability Scale (SUS) Scores

We computed the System Usability Scale (SUS) score
(0-100) from responses to 10 Likert-scale items rated from 1
to 5 [71]. In particular, we applied the following numerical
mapping: "Strongly Disagree" was coded as 1. In the coding
scheme, the response category "Disagree" was assigned the
value 2. The category "Neutral" received a score of 3. The
response category "Agree" was coded as 4 and "Strongly
agree" as 5. For negatively worded items, the SUS scoring
procedure inverts the item score before calculating the total.
To compute the SUS score for each participant, we convert
each response to a numerical value for each of the 10 ques-
tions. For the positively keyed items (Q1, Q3, QS, Q7, and
Q9), we compute the adjusted score by subtracting 1 from
the response value. For negatively worded items (Q2, Q4,
Q6, Q8, and Q10), we reverse-score each response by sub-
tracting it from 5 (e.g., a response of 5 is recoded as 0, and a
response of 1 is recoded as 4). Finally, we sum the adjusted
item scores, each ranging from 0 to 4, and multiply the total
by 2.5 to obtain a score from 0 to 100. The main findings are
summarized as follows. The average System Usability Scale
(SUS) score was 74.5, which indicates good usability and
exceeds the industry average score of 68 [72-75]. Score dis-
tribution was as follows. A score of 80 or higher, classified
as excellent, was achieved by 20% of participants. Scores
between 70 and 79, classified as good, accounted for 52% of
the sample. Scores in the 60—-69 range were classified as av-
erage and represented 16% of the sample. Scores below 60,
classified as poor, accounted for 12% of the sample.

4.9. Quantitative Results from the Analysis

The usability responses pointed to a few clear patterns in
the data. In the survey, 68% of respondents agreed or strong-
ly agreed that the system was easy to use. Regarding feature
integration, 64% of respondents reported that the system’s
functions were well integrated. Sixty-four per cent of re-
spondents reported that most people could learn to use the
system quickly. Sixty per cent of participants reported that
they felt confident using the system. In the survey, 20% of
respondents described the system as unnecessarily complex,
and 16% reported that it was cumbersome. Task 1 accuracy
was 84%. For Task 2, 68% of participants produced correct
or partly correct solutions.

4.10. Interpretation of the Results and their Implications

The usability feedback was generally positive, suggesting
that CovMutEx is accessible to users with backgrounds in
both computational and life sciences. The high confidence
and learnability scores indicate that many researchers are
likely to adopt the tool with little formal training. A smaller
group of users reported problems with complexity or incon-
sistency, which suggests areas that may need improvement
in future work, such as improving onboarding and tutorial
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Fig. (16). Summary of usability responses from 25 participants evaluating CovMutEx. The chart visualizes agreement levels across ten usa-
bility statements adapted from the System Usability Scale (SUS). The charts in the left column correspond to positively worded questions
(e.g., the tool is easy to use), and the charts in the right column correspond to negatively worded questions (e.g., the tool is cumbersome). (4

higher resolution / colour version of this figure is available in the electronic copy of the article).
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features to support new users during initial use, revising the
interface so users can reach core functions with fewer steps
and less searching, and improving consistency in visual ele-
ments and terminology. In response to user feedback, we
made the following changes to the tool:

* A table was added beneath the protein region mutation
probability pie chart to report the probability for each
region in explicit terms. Before this change, the proba-
bilities for each region were available only in the tooltip
that appeared when the cursor hovered over the relevant
slice of the pie chart. Several users reported that the in-
terface was not intuitive to use. The addition of the table
improved the visibility of this information. This revision
aims to improve the lower success rate observed in Task
2.

*  When a protein is selected in the leftmost pane, the view
now automatically zooms to the corresponding protein
region. In earlier versions, this action only marked the
selected area and did not change the zoom level or fo-
cus. Several participants noted that users should not
need to manually zoom in to view the relevant protein
region.

* In some participants’ sessions, the coding region selec-
tion on the input page did not respond as expected. We
revised the front-end implementation for this component
to improve its responsiveness.

4.11. Use Case: Exploring SARS-CoV-2 Variant Evolu-
tion with CovMutEx

Suppose a researcher is examining how different SARS-
CoV-2 variants might change over time and which genetic
changes could arise under different selective pressures. The
researcher uses CovMutEx to examine possible genetic mu-
tations and to estimate which variants may emerge in the
future. When the researcher opens the CovMutEx interface,
an input form appears (Fig. 2). The user chooses a SARS-
CoV-2 variant from the drop-down menu (Fig. 3), enters the
number of days since the variant emerged, and then selects a
pre-trained machine learning model to generate a prediction.
The prediction results are shown in a stacked bar chart,
which first presents binned mutation probabilities across the
full genome (Fig. 4). In the bar plot, each color corresponds
to a different nucleotide, and the height of each colored seg-
ment shows the mutation probability at that position. When
reviewing the visualization, the researcher notes areas with
high mutation probability, which may indicate changes in the
protein sequence. When the "Show Protein Region" option is
turned on, the relevant regions are marked with annotations,
making their biological role clearer. The researcher notes
that ORFlab accounts for a large share of the genome, which
suggests that it may influence viral evolution. To develop a
more detailed understanding, the researcher uses
CovMutEx’s interactive features. By examining the data at a
finer scale, she can assess mutation probabilities at each po-
sition and identify nucleotides that are more likely to change.
This process helps identify potential genomic hotspots and
plausible mutation pathways for the selected SARS-CoV-2
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variant. Regions with high predicted mutation probabilities
may also inform future vaccine-development and therapeu-
tic-targeting studies.

5. DISCUSSION

The emergence of SARS-CoV-2 showed the need for
computational tools that support genomic surveillance and
guide public health planning. Many web-based tools support
genomic analysis and visualization, but most do not allow
users to visualize model-predicted mutation probabilities
across a viral genome; instead, they mainly report changes
that have already been observed in existing data [20, 24-26,
26]. CovMutEx was designed to fill this need by combining
predictive deep learning models with an interactive visuali-
zation platform that supports flexible exploration of results.
While CovMutEx remains primarily a software-oriented ex-
plorer, the integration of state-of-the-art models and the ad-
dition of the Hotspot Explorer provide a rigorous framework
for tool evaluation. The interface enhances interpretability
through a color-coded marker system: Red stars signify ex-
act-overlap hits, while green circles denote near-hits within
the functional neighborhood. This visualization bridges the
gap between raw algorithmic output and actionable surveil-
lance, allowing researchers to choose the most effective
model for a specific lineage context.

5.1. Key Contributions and Distinctions from Previous
Studies

This study does not aim to introduce new mutation pre-
diction models or to claim state-of-the-art predictive accura-
cy. Its main contribution is a flexible, extensible, interactive
platform for visualizing and exploring plausible future muta-
tions in the SARS-CoV-2 genome.

* Bridging future mutations and visualization: Current
genome browsers such as UCSC and Ensembl, and mu-
tation trackers such as ViralVar and VimVer, mainly
report mutations that have already been observed.
CovMutEx instead visualizes model-predicted mutation
probabilities across the full genome at single-position
resolution and presents these findings in a form suited
for visual inspection. Users can set inputs such as Vari-
ant ID and Elapsed Days and then inspect inferred mu-
tation probabilities using stacked bar charts and Web-
Logo-style plots.

*  Extensibility and flexibility are supported through an

* open-source, modular design that allows researchers to
add their own models for analysis.

e CovMutEx supports interactive exploration of the
SARS-CoV-2 genome through dynamic data loading
and panning and zooming, helping users navigate large
genomic datasets more efficiently. The interface dis-
plays the genome in chunks for broad, genome-wide in-
spection and, at the highest zoom level, automatically
switches to a position-level WebLogo view, allowing
users to locate candidate hotspot regions.



20  Current Bioinformatics, xxxx, Vol. xx, No. x

5.2. Validation of System Performance and Usability

Empirical performance benchmarks showed that
CovMutEx runs efficiently and scales well. The implementa-
tion kept the visualization rendering time fairly stable as
genome length increased by splitting the input data into
chunks at the outset. Improving server-side data prepro-
cessing and the handling of batch prediction requests reduces
end-to-end latency and keeps response times within an ac-
ceptable range, even when many users submit requests at the
same time. A structured usability study with 25 participants
from varied backgrounds found that the platform was acces-
sible. The mean System Usability Scale (SUS) score was
74.5, indicating good usability and exceeding the industry
benchmark of 68. This suggests that researchers from differ-
ent backgrounds can adopt the tool with minimal training.
The high confidence and learnability scores support the de-
sign choices intended to improve the user experience.

5.3. Implications for Viral Research

CovMutEx integrates predictive models with interactive
features and may be a useful tool for genomic analysis, espe-
cially when users need both model-based predictions and
direct exploration of results. It links future mutation-
probability estimates generated by integrated models with an
interface for interactive examination, helping researchers
form hypotheses and support public health decisions about
changes in viral lineages over time.

LIMITATIONS OF THE STUDY AND DIRECTIONS
FOR FUTURE RESEARCH

No analytical framework is free of limitations, and
CovMutEx is no exception. At this stage, our feature extrac-
tion and preprocessing procedures are custom-tailored spe-
cifically for the SARS-CoV-2 genome. Adapting this plat-
form to other RNA viruses, such as Influenza or MERS,
would require specific architectural revisions to the data pro-
cessing logic rather than simple configuration changes. Spe-
cifically, the pipeline must be expanded to accommodate
different reference genome alignment protocols, modified
codon mapping logic for segmented or alternative reading
frames, and updated biochemical feature arrays tailored to
the unique mutational grammar of the target pathogen. Ex-
panding the framework to support cross-species adaptability
is a primary objective for future iterations.

In addition, while the current platform enhances inter-
pretability through 1D sequence annotations and quantitative
hotspot overlays, it currently lacks a functional annotation
module for mapping predictions onto 3D protein structures.
Consequently, another target feature for the next major itera-
tion is the integration of 3D structural biology viewers to
contextualize mutations within known functional domains
(e.g., receptor-binding interfaces and immune escape
epitopes). Furthermore, we plan to incorporate real-time clin-
ical and epidemiological metadata, such as geographic dis-
tribution, localized transmission rates, and patient symptom
severity, so that predicted mutational hotspots can be inter-
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preted within a comprehensive public health context. Finally,
to maximize rendering speed and minimize server load,
CovMutEx is currently deployed as a stateless, privacy-
preserving analytical explorer. Consequently, persistent user
sessions and collaborative sharing functions were not includ-
ed in the initial system architecture. Recognizing the critical
role of team collaboration in modern bioinformatics re-
search, the development of secure workspace-sharing fea-
tures and exportable analytical sessions is an important di-
rection for future platform enhancements.

An additional limitation concerns the platform’s reliance
on GISAID-derived sequence data for prevalence-anchored
baseline evaluations. While GISAID is an indispensable
global resource, it is subject to inherent spatial and temporal
sampling biases. Disparities in genomic surveillance infra-
structure across different countries frequently result in de-
layed sequencing uploads from underrepresented global re-
gions. Consequently, these geographic and temporal data
bottlenecks can skew the apparent frequency of emerging
mutations, which may impact the real-time accuracy and
generalizability of prevalence-anchored predictive models.
Future iterations of the platform will explore integrating sta-
tistically weighted sampling methods to help mitigate these
database-driven biases.

CONCLUSION

The SARS-CoV-2 pandemic has shown that public health
needs computational systems that can translate genomic sur-
veillance data into timely, preventive action. Although viral
modeling research has advanced, there remains a practical
lack of tools that support hands-on, interactive exploration of
predicted mutation pathways. We developed CovMutEx to
address this specific problem. It serves as a web-accessible
hub that places priority on system performance, modular
design, and the researcher’s experience rather than on intro-
ducing a single fixed algorithm. Our evaluation, based on
performance benchmarks and a usability study with domain
specialists, indicates that the platform meets technical re-
quirements and can be used by a wider group of researchers.
A System Usability Scale (SUS) score of 74.5 suggests that
users rate the system’s usability as above average in typical
benchmark terms. This high usability score validates the
design choices we made so that researchers with different
backgrounds can work through complex 30 kb genomic da-
tasets with clarity.
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