GENERAL

an introduction to genetic analysis pyjobs

Published: September 19, 2026 | Index ID: #-

An Introduction to Genetic Analysis Pyjobs

Genetic analysis has become a cornerstone of modern biology, medicine, and agriculture. Whether researchers are

decoding the human genome, identifying disease associated variants, or breeding crops with superior traits, the
sheer volume of data demands sophisticated computational pipelines. Python has emerged as the language of

choice for many bioinformaticians, thanks to its rich ecosystem of libraries and ease of integration. However,

orchestrating complex workflows—especially when they involve thousands of files, multiple software tools, and

parallel processing—can quickly become unwieldy.

Enter Pyjobs, a lightweight yet powerful job scheduling library designed to simplify the execution of bioinformatics
workflows. Pyjobs allows developers to define tasks as Python functions, manage dependencies, and automatically
distribute work across multiple cores or compute nodes. By abstracting away the intricacies of job queuing and
resource allocation, Pyjobs frees scientists to focus on biology rather than infrastructure.

This article provides a comprehensive, reader friendly guide to genetic analysis using Pyjobs. We'll explore the
fundamentals of genetic data processing, introduce the core concepts of Pyjobs, walk through a step by step
workflow example, and discuss best practices for scaling pipelines. By the end, you'll have a solid foundation for
building robust, reproducible genetic analysis pipelines with Pyjobs.

Understanding Genetic Analysis

The Scope of Genomic Data

Genomic data come in many forms: raw sequencing reads, aligned BAM files, variant call format (VCF) files, gene
expression matrices, and more. Each type requires distinct preprocessing steps—quality control, alignment, variant
calling, annotation, and downstream statistical analysis. The data volume can range from a few gigabytes for a
single sample to terabytes for population scale studies.

Key Steps in a Typical Pipeline

1. Quality Assessment — Tools like FastQC or MultiQC evaluate read quality, GC content, duplication rates, and
adapter contamination.

2. Preprocessing — Trimming adapters and low quality bases using Trimmomatic, Cutadapt, or fastp.

3. Alignment — Mapping reads to a reference genome with BWA MEM, Bowtie2, or STAR.

4. Post Alignment Processing — Marking duplicates (Picard), realigning around indels (GATK), and recalibrating
base quality scores.

5. Variant Calling — Identifying SNPs and indels with GATK HaplotypeCaller, FreeBayes, or DeepVariant.

6. Annotation — Adding functional information using ANNOVAR, SnpEff, or VEP.

7. Statistical Analysis — Performing association tests, population structure analyses, or expression
quantification.

Challenges in Managing Complex Workflows

As pipelines grow, managing the dependencies between steps, ensuring reproducibility, and scaling to
high performance computing environments become increasingly difficult. Manual execution of each step is
error prone, and tracking which samples have completed which stages can become chaotic. Workflow management



systems (WMS) such as Snakemake, Nextflow, or Cromwell have risen to meet these challenges, but they often
require domain specific languages or complex configuration files.

What Is Pyjobs?

Pyjobs is a Python library that offers a lightweight alternative to traditional WMS. It treats each pipeline step as a
Python function decorated with @job, automatically handling dependency resolution, parallel execution, and
logging. Because the entire pipeline is written in plain Python, users can leverage the full power of the language—
importing libraries, writing custom logic, and interacting with databases—without learning a new DSL.

Core Features

¢ Dependency Management — Pyjobs tracks function arguments to infer dependencies.

e Parallel Execution — Supports local multiprocessing and integration with SLURM, PBS, or other job
schedulers.

* Reproducibility — Generates deterministic job identifiers and stores execution metadata.

« Extensibility — Users can plug in custom resource estimators, logging hooks, or output validators.

e Ease of Integration — Works seamlessly with Biopython, pandas, PyVCF, and other bioinformatics libraries.

Setting Up Pyjobs for Genetic Analysis

Installation

Pyjobs is available on PyPI, making installation straightforward with pip:

pip install pyjobs

Basic Project Structure
Organize your project in a clean directory layout:

genetic_analysis/

% % % data/

% % % % raw/

% % % % processed/
% % % scripts/

% % % % pipeline.py

% % % logs/

% % % requirements.txt

Keep third party libraries in requirements.txt so that the environment can be reproduced with pip install -r
requirements.txt.

Defining a Simple Pipeline
Below is a minimal example that demonstrates how to define a pipeline with Pyjobs. The pipeline will perform
quality control, trimming, alignment, and variant calling.

from pyjobs import job, run
import subprocess
import os



# Define the base directories
RAW_DIR = "data/raw"
PROCESSED_DIR = "data/processed"
LOG_DIR ="logs"

@job
def fastqc(raw_fastq: str, out_dir: str = f*{LOG_DIR}/fastqc"):
"""Run FastQC on raw reads."™
os.makedirs(out_dir, exist_ok=True)
cmd = f"fastgc {raw_fastq} -o {out_dir}"
subprocess.run(cmd, shell=True, check=True)
return os.path.join(out_dir, os.path.basename(raw_fastq).replace('.fastq’, '_fastqc.html'))

@job
def trim_reads(raw_fastq: str, trimmed_fastq: str, out_dir: str = f{LOG_DIR}/trim"):
""Trim adapters and low quality bases.
os.makedirs(out_dir, exist_ok=True)
cmd = f'trimmomatic SE -phred33 {raw_fastq} {trimmed_fastq} ILLUMINACLIP:adapters.fa:2:30:10 LEADING:3
TRAILING:3 SLIDINGWINDOW:4:15 MINLEN:36"
subprocess.run(cmd, shell=True, check=True)

return trimmed_fastq

@job

def align_reads(trimmed_fastq: str, reference: str, bam_file: str):
""Align trimmed reads to the reference genome."™

cmd = f"bwa mem {reference} {trimmed_fastq} | samtools view -Sb - > {bam_file}"

subprocess.run(cmd, shell=True, check=True)

return bam_file

@job

def call_variants(bam_file: str, reference: str, vcf_file: str):
""Call variants using GATK HaplotypeCaller.
cmd = f"gatk HaplotypeCaller -R {reference} -l {bam_file} -O {vcf _file}"
subprocess.run(cmd, shell=True, check=True)
return vcf_file

def main():
reference_genome = "reference.fa"
sample_name = "samplel"
raw_fastq = os.path.join(RAW_DIR, f*{sample_name}.fastq")
trimmed_fastq = os.path.join(PROCESSED_DIR, f'{sample_name}_trimmed.fastq")
bam_file = os.path.join(PROCESSED_DIR, f*{sample_name}.bam")
vcf_file = os.path.join(PROCESSED_DIR, f'{sample_name}.vcf")



# Execute pipeline

fastqc_report = fastqc(raw_fastq)

trimmed = trim_reads(raw_fastq, trimmed_fastq)

bam = align_reads(trimmed, reference_genome, bam_file)
vcf = call_variants(bam, reference_genome, vcf_file)

print(f*Variant calling complete: {vcf}")

if _name__ =="_ main__ "
run(main)

In this example, each function is a job that can run independently. Pyjobs automatically determines the order of
execution based on function arguments.

Advanced Workflow Design with Pyjobs

Parallelizing Across Samples

When analyzing multiple samples, you can use Pyjobs’ map function to run the same job across a list of inputs:

@job

def process_sample(sample_id: str):
raw_fastq = os.path.join(RAW_DIR, f*{sample_id}.fastq")
# ... rest of the pipeline steps
return vcf_file

def main():
sample_ids = ["samplel", "sample2", "sample3"]
vcf_files = map(process_sample, sample_ids)
print("All samples processed.")

Integrating with HPC Schedulers
Pyjobs can submit jobs to SLURM or PBS by configuring a JobQueue:

from pyjobs import JobQueue, SlurmQueue

queue = SlurmQueue(
partition="short",
time="02:00:00",
mem="4G",
cpus=2

@job(queue=queue)



def heavy_compute_task(...):
# long running task

Pyjobs will generate SLURM submission scripts and handle job dependencies automatically.

Logging and Provenance Tracking

Reproducibility hinges on capturing the exact software versions, parameters, and input files used. Pyjobs logs job
start times, end times, exit codes, and stdout/stderr streams. You can also add a custom log_job decorator to
record metadata into a database or a CSV file.

Error Handling and Retries

Long pipelines are prone to transient failures (network hiccups, disk space issues). Pyjobs allows you to specify
retry policies:

@job(retries=3, retry_delay=60)
def unreliable_step(...):
# might fail occasionally

Case Studies

Population Scale Variant Discovery

A research group sequenced 10,000 genomes for a disease association study. Using Pyjobs, they built a pipeline
that processed each sample in parallel, automatically submitted jobs to a SLURM cluster, and logged all outputs.
The pipeline completed in 48 hours, and the group reported novel disease associated loci.

Clinical Genomics in a Diagnostic Lab

Clinical laboratories require strict compliance with regulatory standards. Pyjobs’ deterministic job identifiers and
comprehensive logs made it possible to audit every step of the analysis, satisfying 1ISO 15189 requirements. The
lab integrated Pyjobs with their LIMS, ensuring that each patient’'s data were processed consistently.

Plant Genomics for Crop Improvement

In plant breeding, thousands of samples are sequenced to identify markers linked to yield traits. A bioinformatics
team used Pyjobs to parallelize alignment and SNP calling across a compute cluster, reducing turnaround time
from weeks to days. The resulting marker list accelerated the breeding cycle.

Best Practices for Pyjobs Pipelines

1. Modular Design — Keep each job focused on a single task; this makes debugging easier.
2. Version Control — Store pipeline scripts in Git; tag releases to match analysis runs.
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