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Abstract. Analysis of RNA-seq data generated by high-throughput sequencing
poses substantial computational challenges due to its scale and complexity, of-
ten exceeding the resources available in typical laboratory environments. In this
work, we present a cloud-centric perspective on RNA-seq analysis by deploying
a phytosanitary pipeline as a cloud service based on a conventional bioinfor-
matics workflow and analyzing its computational characteristics. Building on
this baseline, we investigate the potential of artificial intelligence to improve
computational resource efficiency by introducing an attention-based neural net-
work for early-stage read classification. Our results indicate that AI-based fil-
tering can distinguish relevant reads and reduce the volume of data processed by
downstream, resource-intensive stages. This suggests a means to reduce com-
pute time and memory usage through selective data reduction, although full
integration into the pipeline is left for future work. We discuss how the combi-
nation of cloud-native execution and AI-driven preprocessing can enable more
resource-efficient and accessible RNA-seq analysis services.

1. Introduction
High-throughput sequencing (HTS) of RNA samples has become a key
technology for pathogen detection [Maree et al. 2018, Villamor et al. 2019,
Vazquez-Iglesias et al. 2022], but its practical adoption remains constrained by the signif-
icant computational resources required for data processing. Conventional bioinformatics
pipelines for viral identification rely on multi-stage workflows, including quality control,
host read removal, de novo assembly, and alignment against large and growing reference
databases [Li et al. 2016, Hu et al. 2023]. These steps are computationally intensive
and often require high-performance computing (HPC) infrastructure, thereby limiting
accessibility for laboratories without dedicated resources [Deshpande et al. 2023]. To
address these limitations, cloud computing offers a promising paradigm by enabling
on-demand access to scalable infrastructure and shifting the burden of resource provi-
sioning away from end users. However, migrating existing pipelines to the cloud does not
eliminate their computational complexity and may increase operational costs if resource
usage is not carefully managed [Cinaglia et al. 2023, Kica et al. 2025]. This motivates
approaches that leverage cloud scalability while reducing computational demand.

Meanwhile, alignment-free methods and machine learning techniques have
emerged as alternatives to traditional alignment-based approaches. In particular,
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artificial neural networks (ANNs) operating on k-mer representations enable effi-
cient classification of sequencing reads without requiring full alignment or assembly
[Sukhorukov et al. 2022, Mateos et al. 2021]. Building on these developments, this work
adopts a cloud-centric perspective on RNA-seq analysis by deploying a conventional
pipeline as a cloud service and investigating attention-based NNs [Vaswani et al. 2017]
for early-stage read classification to reduce downstream computational load. While not
yet integrated into the deployed pipeline, this approach provides a proof of concept for
future resource-efficient workflows.

2. Read Classification Bottlenecks in Cloud-Native RNA-seq Workflows
A central computational bottleneck in phytosanitary RNA-seq pipelines lies in the classi-
fication of HTS reads and subsequent annotation steps. These stages dominate resource
consumption due to their reliance on large reference datasets and memory-intensive data
structures. When deployed in cloud environments, such workloads translate directly into
increased demand for high-memory instances, extended runtime, and elevated operational
costs.

State-of-the-art tools such as Kraken2 and Kaiju exemplify current approaches
to read classification. Kraken2 [Wood and Salzberg 2014, Wood et al. 2019] operates
on nucleotide-level k-mer matching against large taxonomic databases, while Kaiju
[Menzel et al. 2016] performs protein-level comparisons via translated sequence align-
ment. Despite their algorithmic efficiency, both tools require substantial computational re-
sources when used with comprehensive reference collections. Memory requirements can
reach hundreds of gigabytes, accompanied by significant CPU and storage demands, mak-
ing them challenging to scale efficiently in cloud settings. These tools are integral com-
ponents of established workflows, including pipelines such as PhytoPipe [Hu et al. 2023],
where read classification plays a critical role in filtering background sequences and en-
abling downstream analysis. However, processing large volumes of reads against ex-
pansive reference databases creates a fundamental scalability limitation. This results in a
trade-off between classification accuracy and computational cost, particularly for samples
with low pathogen abundance [Lambert et al. 2018, Wright et al. 2023, Silva et al. 2025].

Recent advances in machine learning offer an alternative paradigm for read
classification [Bohnsack et al. 2023]. Deep learning models operating on k-mer rep-
resentations can learn discriminative sequence features directly from data, avoiding
explicit dependence on large reference databases. Attention-based neural networks
further enhance this approach by capturing contextual relationships within sequences
[Mock et al. 2022, Wichmann et al. 2023]. Building on these developments, we focus
here on early-stage read classification.

3. Attention-Based Read Classification as a Pathway to Resource Efficiency
Beyond cloud deployment, we investigate artificial intelligence to reduce the computa-
tional burden of read classification in RNA-seq pipelines. Specifically, we explore an
attention-based NN operating directly on short sequencing reads (300nt/100aa) as an al-
ternative to reference-dependent methods. The approach replaces large-scale database
matching with a compact model that learns intrinsic sequence patterns, addressing limi-
tations of convolutional NNs for short-sequence classification [Ren et al. 2020]. The pro-
posed approach [Silva et al. 2025] represents sequencing reads in a protein-level feature
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Figure 1. Schematic of the embedding refinement process, where attention
scores group k-mers into feature sets that facilitate classification.

Figure 2. Resources deployed on the AWS cloud to install (left) and execute
(right) PhytoPipe.

space and applies a transformer-based architecture with multi-head self-attention (MHA)
to capture contextual relationships within sequence fragments (Fig. 1). This enables the
model to identify discriminative patterns without explicit alignment or dependence on
extensive reference libraries, allowing classification with reduced memory and storage
requirements.

From a systems perspective, the key advantage lies in its role as a lightweight pre-
filtering stage. By retaining only relevant reads prior to downstream processing, the model
reduces the volume of data entering computationally intensive stages such as assembly
and alignment. This directly translates into lower memory usage, reduced compute time,
and diminished data movement. The classifier is evaluated as a proof of concept and is
not yet integrated into the deployed pipeline.

4. Cloud Deployment and AI-Based Read Classification Results

The RNA-seq pipeline was successfully deployed as a cloud service on Amazon Web Ser-
vices (AWS), demonstrating the feasibility of executing phytosanitary workflows without
local HPC infrastructure. Elastic compute and storage enabled flexible resource allocation
for database construction and sample analysis (Fig. 2). However, reference-dependent
steps—particularly database generation and read classification—dominated runtime and
memory consumption, requiring high-memory instances and extended execution times.
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The deployed pipeline required significant resources: database construction on an
r5a.12xlarge EC2 instance (48 vCPUs, 384 GB RAM) took approximately five days, even
after reducing the Kraken2 database size to 256 GB and reusing pre-built Kaiju databases.
Sample analysis used the same instance type with cost-optimized storage and automated
resource shutdown. The average cost per sample was approximately USD 61, with peaks
up to USD 100, and storage costs slightly exceeding compute due to intensive I/O. Further
gains are achievable through cloud-level optimizations such as storage tiering and cost-
aware instance selection.

To assess AI-based alternatives, we evaluated an attention-based read classifier
against established tools using multiple RNA-seq datasets [Silva et al. 2025]. For high-
confidence predictions, the model substantially enriched viral reads, with up to 70% of
predicted viral reads confirmed despite low baseline abundance, while maintaining high
accuracy for host reads. These results demonstrate that accurate classification of short
HTS reads is feasible using attention-based models. Notably, inference can be executed
on standard personal computers, in contrast to the high-memory cloud requirements of
reference-based methods. As an efficient pre-filtering stage, this approach can reduce both
the computational cost of read pre-selection and the data volume entering downstream,
computationally intensive steps, thereby supporting more efficient cloud-based RNA-seq
workflows. However, although the classifier demonstrates that relevant viral information
is encoded in short reads, a non-negligible fraction of viral reads is still discarded during
filtering, indicating that further improvements in sensitivity are required before productive
integration into RNA-seq pipelines. The implementation of the MHA classifier is publicly
available as a Python module.1

5. Conclusions and Outlook

This work demonstrates the feasibility of deploying an RNA-seq analysis pipeline as
a cloud service. While cloud platforms provide elasticity and accessibility, migrat-
ing conventional workflows does not resolve their inherent computational inefficiencies.
Reference-dependent steps such as read classification and database construction remain
dominant cost and resource drivers.

We explored attention-based neural networks as a low-resource alternative for
early-stage read classification. The results show that compact models can extract mean-
ingful information from short sequencing reads and enable selective data reduction, low-
ering memory usage and compute time. These findings suggest a shift in pipeline design:
rather than relying exclusively on large reference databases, future workflows may com-
bine cloud scalability with AI-driven data reduction. Challenges remain, including inte-
gration into production pipelines, trade-offs between sensitivity and efficiency, and im-
proving model generalization across diverse datasets, potentially leveraging pre-trained
RNA-seq embedding models.

In summary, this work advocates a resource-aware hybrid design paradigm for
RNA-seq analysis in the cloud, where scalability is complemented by intelligent reduction
of computational demand.

1https://github.com/elissonlima/CassBERT
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Appendix: AWS Services Used
This work relied on several Amazon Web Services (AWS) components for both pipeline
execution and model development.

Pipeline Deployment (PhytoPipe). The phytosanitary pipeline was deployed us-
ing the following services:

• Amazon EC2: Provided compute resources for both database construction and
sample analysis, using high-memory instances (e.g., r5a.12xlarge).

• Amazon S3: Used for persistent storage of input datasets, reference data, and
output results, enabling efficient data exchange between processing stages.

• Amazon EFS: Provided shared file storage for intermediate data and reference
databases during pipeline execution.

Model Training. The attention-based classifier was developed and trained using:

• Amazon SageMaker: Used to execute Python-based training workflows on GPU-
enabled instances (e.g., ml.p3.2xlarge with 8 vCPUs, 61 GB RAM, and 16 GB
VRAM), supporting scalable model training.

• Amazon S3: Used to store training and validation datasets, as well as serialized
model artifacts after training.

In the model development workflow, training data were first uploaded to S3, fol-
lowed by execution of training notebooks within SageMaker-managed environments. The
resulting trained models were then stored back in S3 for subsequent inference.

Statement on the use of Artificial Intelligence
The authors declare that generative artificial intelligence (AI) tools were used in a limited
and supportive role during the preparation of this manuscript. Specifically, such tools
were employed for language refinement and English editing, including improvements in
grammar, clarity, and overall readability of the text. No AI tools were used to generate
original scientific content, results, figures, or data presented in this work.

All scientific ideas, methodologies, analyses, and conclusions remain the sole re-
sponsibility of the authors. The authors have carefully reviewed and validated the final
manuscript to ensure its accuracy, originality, and compliance with ethical standards, in-
cluding the avoidance of plagiarism. Generative AI tools are not listed as authors and did
not contribute intellectually to the research.
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