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 Abstract 

Whole genome sequencing (WGS) has become central to bacterial epidemiology 
and antimicrobial resistance (AMR) research, but the analytical workflow that 
turns raw genomes into interpretable results is fragmented across many command 
line tools and is frequently run by hand. Manual execution is slow. It is hard to 
reproduce and error prone. The problem is sharpest for the many laboratories 
particularly in low  and middle income settings that work on modest desktop 
hardware rather than high performance computing (HPC) clusters. Here we 
present a practical framework for converting fragmented bacterial WGS analyses 
into automated, reproducible workflows that remain feasible on a standard laptop. 
We first map the canonical comparative genomics pipeline. This pipeline will help 
in genome retrieval, quality control, annotation, resistome, virulome and 
plasmidome profiling, sequence typing, pan genome reconstruction, phylogenetics 
and integration. It will identify the recurring bottlenecks at each stage. We then 
describe a lightweight automation pattern built from widely available Linux and 
bioinformatics tools. A single machine readable manifest as the source of truth, 
configuration driven and modular scripts, pinned software environments, fixed 
random seeds and structured logging as an audit trail. The framework's distinctive 
element is an explicit local versus offload decision rule. The memory  and CPU 
light steps are automated locally. While a small number of resource intensive steps 
such as core genome phylogenetics offloaded to a free web platform (Galaxy) or 
the cloud. We illustrate the framework with a completed comparative genomic 
study of 100 ESBL producing E. coli genomes performed end to end on an 8 GB 
laptop.  Every step ran locally except the maximum likelihood phylogeny, which 
exceeded available memory and was offloaded successfully. We provide a decision 
table and reproducibility checklist that researchers can adopt directly. The 
framework lowers the hardware  barrier to reproducible pathogen genomics 
without requiring migration to a full workflow management system, while 
remaining fully compatible with such systems as projects scale. 
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1. INTRODUCTION 
Bacterial whole genome sequencing (WGS) has 
moved from a specialist technique to a routine 
instrument of infection surveillance, outbreak 
investigation and antimicrobial resistance (AMR) 
research. A single assembled genome can now be 
interrogated for acquired resistance genes and 
resistance conferring mutations, virulence 
determinants, plasmid replicons, sequence type 
and phylogenetic position. The  comparative 
studies routinely analyse tens to thousands of 
genomes at once. Yet the analytical layer that 
converts genomes into biological conclusions has 
not kept pace with the sequencing itself. It remains 
a chain of independently developed command 
line tools. Each toool with its own input and 
output formats, dependencies and idioms, and in 
many laboratories that chain is still executed 
largely by hand. 
Manual execution carries three well recognised 
costs. It is slow, because a human must shepherd 
each step and wait on the previous one. It is error 
prone, because parameters, file paths and 
intermediate versions are easy to confuse across 
dozens of commands. It is difficult to reproduce, 
because the exact sequence of operations, tool 
versions and reference databases is rarely captured 
in a form that another researcher or the same 
researcher months later can re run. The 
reproducibility of computational biology has been 
questioned repeatedly. Bacterial genomics is not 
exempt from this claim. Results depend not only 
on the algorithms but on the specific database 
releases, parameter choices and even file format 
conventions used on the day. 
These problems bite hardest in laboratories 
without access to high performance computing 
(HPC) clusters or cloud budgets. A large fraction 
of pathogen genomics research now originates in 
low  and middle income countries. These are the 
places where the burden of drug resistant infection 
is highest. The available hardware is often a single 
desktop or laptop with limited memory in these 
regions. Much of the existing methodological 
literature implicitly assumes an HPC 
environment, and the guidance on how to make a 
WGS analysis both automated and feasible on 

modest hardware is correspondingly thin. The 
practical question which steps can be automated 
locally, which cannot, and what to do about the 
ones that cannot has largely been left to individual 
trial and error. 
This review addresses that question directly. We 
ask: how can commonly used Linux based and 
bioinformatics tools be integrated into 
automated, reproducible workflows that reduce 
manual effort, analysis time and error in 
bacterial WGS research, while remaining feasible 
on modest hardware? We do not aim to catalogue 
tools. Many excellent tool reviews exist but to 
present a structured framework for converting 
fragmented analyses into automated, reproducible 
pipelines, with an explicit rule for deciding when 
to compute locally and when to offload. We 
ground the framework in a completed 
comparative genomic study of 100 ESBL 
producing E. coli genomes carried out end to end 
on an 8 GB laptop. Our swork serves throughout 
as a concrete, honest case study including the 
point at which local computation failed and had 
to be offloaded. 
The contribution is therefore threefold: (i) a stage 
by stage account of the bacterial comparative 
genomics pipeline and its recurring bottlenecks, 
(ii) a lightweight automation and reproducibility 
pattern assembled from freely available tools. It 
neither require an HPC cluster nor a full workflow 
management system and (iii) an explicit local 
versus offload decision framework, distilled into a 
decision table and a reproducibility checklist that 
can be adopted directly. The intended readership 
is the working pathogen genomics researcher 
especially the student or resource limited 
laboratory for whom the barrier to reproducible 
analysis is as much practical as conceptual. 
 
2. The manual bacterial WGS workflow and 
where it breaks down 
The comparative genomics workflow for bacterial 
isolates is conceptually linear but practically 
fragmented. We describe it here as the sequence 
of stages a researcher actually performs, and at 
each stage name the bottleneck that automation 
must address (summarised in Fig. 1 and Table 1). 
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2.1. Genome retrieval and manifest construction 
Studies that reuse public data begin by selecting 
genomes from repositories such as NCBI 
GenBank or ENA, often from hundreds of 
thousands of candidate assemblies. Done 
manually, this means browsing web interfaces, 
copying accessions and downloading files one by 
one. Bottleneck: selection is slow, undocumented 
and effectively irreproducible. Another researcher 
cannot recover which of 400,000 assemblies were 
chosen or why. The automation target is a single 
machine readable manifest that records every 
included accession together with the eligibility 
rules, ranking criteria and random seed used to 
build it, so that the exact dataset can be 
regenerated. 
 
2.2. Quality control 
Each assembly must be screened for completeness, 
contamination, structural integrity and correct 
species identity before it enters downstream 
analysis. Multiple tools are involved. Assembly 
statistics, average nucleotide identity checks and 
completeness/contamination estimation each 
producing its own report. Bottleneck: manually 
collating heterogeneous QC reports across many 
genomes and applying consistent pass/fail 
thresholds is tedious and easy to get subtly wrong. 
The automation target is a single pass/fail rule 
applied uniformly and recorded per genome. 
 
2.3. Annotation 
Public assemblies arrive with heterogeneous, non 
comparable annotations produced by different 
pipelines and database versions. Reliable 
comparative analysis especially pan genome 
reconstruction requires that every genome be re 
annotated with a single tool and database. 
Bottleneck: annotation is computationally 
heavier than QC and must be applied identically 
to every genome. If done by hand across a 
collection it is slow and inconsistent. The 
automation target is uniform re annotation driven 
from the manifest. 
 
 

2.4. Resistome, virulome and plasmidome 
profiling 
Resistance determinants, virulence factors and 
plasmid replicons are identified by screening each 
genome against curated reference databases. Each 
tool emits a per genome table in its own format. 
Bottleneck: the scientific object of interest is not 
the individual tables but a combined gene by 
genome presence/absence matrix across the whole 
collection. Assembling that matrix by hand from 
dozens of tab separated files is a classic source of 
transcription error. The automation target is 
programmatic parsing and aggregation into a 
single matrix per domain. 
 
2.5. Sequence typing and pan genome 
reconstruction 
Multi locus sequence typing assigns each genome 
to a lineage. Pan genome reconstruction partitions 
the collection's genes into core and accessory 
compartments and produces a core genome 
alignment. Bottleneck: pan genome tools are 
sensitive to annotation format and consume 
substantial memory as genome number grows, 
format mismatches silently exclude inputs, and 
large collections can exceed desktop memory. The 
automation target is format normalisation before 
pan genome reconstruction and a clear memory 
budget for the step. 
 
2.6. Phylogenetics 
A maximum likelihood phylogeny from the core 
genome alignment places the isolates in 
evolutionary context. This is typically the single 
most resource intensive step. Model selection and 
bootstrapping over a multi thousand gene 
alignment are memory  and CPU hungry. 
Bottleneck: on modest hardware this step 
frequently exceeds available memory and either 
fails outright or runs for many hours without 
completing. It is the canonical case where local 
automation alone is insufficient and offloading 
must be considered. 
 
2.7. Integration, statistics and interpretation 
Finally, the per domain outputs are merged into a 
single per genome table for statistical comparison 
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and increasingly machine learning analysis. 
Bottleneck: if each preceding step was run by 
hand, the integration inherits every inconsistency 
upstream. Keys fail to match, versions diverge and 
the final table is hard to trust. The automation 
target is a single keyed master table assembled 
programmatically from validated intermediate 
outputs. 
Two properties of this pipeline motivate the 
framework that follows. First, the bottlenecks are 
overwhelmingly about orchestration and format that 
are downloads, collation, parsing, key matching, 
datatype tags rather than about the algorithms 
themselves. Reproducibility failures in practice are 
usually format or metadata failures, not 
algorithmic ones. Second, the computational cost 
is highly uneven. Most steps are light enough to 
automate on a laptop. A small number chiefly 
phylogenetics and, for large collections, pan 
genome reconstruction are not. An effective 
framework must therefore address both 
automation and the local versus offload decision. 
 
3. A lightweight automation and reproducibility 
framework 
The goal is not to adopt the heaviest possible 
infrastructure but the lightest one that makes an 
analysis automated, reproducible and portable. 
Five elements, all built from freely available tools, 
achieve this without requiring a workflow 
management system or a cluster. 
 
3.1. A manifest as the single source of truth 
The foundation is one machine readable table a 
manifest. This manifest will list every genome 
together with its accession, provenance and the 
eligibility and ranking rules used to select it. Every 
downstream step reads its inputs from the 
manifest and writes its status back to it. By doing 
so the dataset is defined in exactly one place. 
Building the manifest by streaming the source 
records one at a time, rather than loading them all 
into memory. This keeps memory use flat 
regardless of how large the candidate pool is an 
important property when the pool numbers in the 
hundreds of thousands and the machine has only 
a few gigabytes of RAM. The manifest is what 

makes selection reproducible. Given the same 
rules and seed, the same genomes are recovered. 
 
3.2. Configuration driven, modular scripts 
Each stage of the pipeline is a small, single purpose 
script that takes its parameters from a central 
configuration file rather than from hard coded 
values. Paths, thresholds, database versions and 
the random seed live in one place, so the same 
code runs on a different machine or dataset by 
editing configuration alone. Numbering the 
scripts in execution order (retrieval, QC, 
annotation, and so on) turns the pipeline into a 
self documenting sequence that a newcomer can 
follow and re run. This pattern captures most of 
the reproducibility benefit of a formal workflow 
manager at a fraction of the setup cost, and it 
scales down gracefully to a single laptop. 
 
3.3. Pinned software environments 
Because results depend on tool and database 
versions, those versions must be fixed and 
recorded. Lightweight environment managers 
such as conda/mamba let each project declare its 
exact dependencies in a file that can be recreated 
elsewhere for full portability. The same 
environment can be built into a container (Docker 
or, on shared systems that disallow root, 
Singularity/Apptainer [22], community images via 
BioContainers [23]). Recording the version of 
every tool and every reference database used 
resistance catalogue, virulence database, plasmid 
database, typing scheme is not a formality but a 
precondition for another laboratory to obtain the 
same calls. 
 
3.4. Deterministic analysis: fixed seeds and 
uniform rules 
Any step involving randomness genome 
subsampling, cross validation splits, tie breaking 
during selection must use a fixed seed so that the 
analysis is deterministic. Similarly, applying one 
pass/fail QC rule and one statistical procedure 
uniformly across the whole collection, rather than 
case by case, removes a large class of silent 
inconsistencies. Determinism is what allows a 
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reviewer to reproduce a figure exactly rather than 
approximately. 
 
3.5. Structured logging as an audit trail 
Every step should write a dated log recording the 
exact command run, the tool version and the 
outcome. Beyond aiding debugging, these logs 
constitute an audit trail. The trial depends on that 
documents precisely how each result was 
produced. When a long step is launched as a 
background process, its log is often the only record 
that it ran and completed. Systems where a closed 
terminal can terminate detached jobs, that record 
is also the first place to check after an unexpected 
failure. 
 
4. The local versus offload decision 
Automation makes a pipeline reproducible. It 
does not make an over large computation fit in 
memory. The framework’s one non obvious claim 
is this. On modest hardware, decide in advance 
which steps run locally and which get offloaded. 
Instead of hitting the memory ceiling halfway 
through an analysis and improvising. The decision 
turns on a small number of factors. 
Memory footprint. The dominant constraint on a 
laptop is RAM. Retrieval, QC, annotation, 
resistome/virulome/plasmidome screening, 
typing and the integration/statistics layer are all 
comfortably within a few gigabytes for collections 
of dozens to low hundreds of genomes. Pan 
genome reconstruction grows with genome 
number. It can approach the ceiling for large 
collections. Maximum likelihood phylogenetics 
over a multi thousand gene core alignment is the 
step most likely to exceed a small memory budget 
outright. 
Runtime and interactivity. Steps that take 
minutes belong locally. Steps that take many 
hours, or that must be restarted repeatedly to tune, 
are candidates for offloading to a platform where 
they run server side and survive local 
interruptions. 
Reproducibility of the remote step. Offloading is 
acceptable only if the remote computation is itself 
reproducible. Public platforms such as Galaxy [5] 
record tool versions and parameters and expose 

the exact settings used, so an offloaded step 
remains documented. ad hoc remote execution 
without version capture does not qualify. 
Applying these factors yields a simple rule (Table 
2). Automate locally everything that fits 
comfortably in memory and completes quickly. 
Offload the few steps that do not principally 
phylogenetics, and pan genome reconstruction for 
large collections to a free web platform such as 
Galaxy [5] or, where available, to cloud compute. 
Offloading is not a failure of automation but a 
component of it. The pipeline is designed from 
the outset with a defined boundary between local 
and remote steps. The manifest and intermediate 
files are the interface across that boundary. Free 
platforms are emphasised deliberately. The 
laboratories most constrained by local hardware 
are also those least likely to hold cloud budgets. 
Galaxy in particular provides substantial server 
side memory at no cost. It records the provenance 
needed for reproducibility as well. 
 
5. Reproducibility and portability in practice 
Two recurring, practical issues deserve emphasis 
because they cause a disproportionate share of lost 
time and irreproducible results, and neither is 
algorithmic. 
Format and datatype mismatches. Tools 
frequently reject inputs not because the data are 
wrong but because a format tag does not match 
what the tool expects. A representative example 
arises when supplying annotations to a pan 
genome tool. If the annotation files are tagged as 
generic GFF rather than GFF3, the tool silently 
omits them from its input list. The analysis will 
appear to have no data. The fix is simply to assign 
the correct datatype. An operation that takes 
seconds once the cause is understood, but that can 
cost an afternoon when it is not. The general 
lesson is that reproducibility hinges on metadata 
and format conventions as much as on the analysis 
itself. The pipelines should normalise formats 
explicitly before each sensitive step. 
Version control and archiving. Scripts, the 
configuration file and the environment 
specification should be tracked in version control 
(Git) and archived at publication, ideally with a 
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citable identifier. Raw genomes need not be re 
deposited when they originate from a public 
repository. Recording their accessions in the 
manifest is sufficient and preferable, since it points 
to the authoritative source. Derived outputs the 
presence/absence matrices, the master table, the 
tree can be released as supplementary data so that 
others can reproduce the figures without re 
running the whole pipeline. 
Adopting these practices does not require 
migrating to a formal workflow management 
system. Systems such as Snakemake [2,3] and 
Nextflow [4] (and curated collections such as nf 
core) are powerful and become worthwhile as 
pipelines are re run at scale or shared across teams. 
The framework described here is fully compatible 
with them [1]. The manifest, configuration and 
pinned environments transfer directly. The point 
is that the reproducibility benefits are available 
immediately, at laptop scale, without that 
migration. A researcher can adopt a workflow 
manager later without discarding any of the earlier 
structure. 
 
6. Case study: comparative genomics of ESBL 
producing E. coli on an 8 GB laptop 
We illustrate the framework with a completed 
study that applied it end to end to 100 ESBL 
producing E. coli genomes. 50 from Pakistan and 
50 from ten developed countries. Selected from an 
initial pool of 411,460 GenBank assemblies. The 
entire analysis was performed on a single laptop 
with 8 GB of RAM running Ubuntu 24.04 under 
the Windows Subsystem for Linux (WSL2), with 
tools installed in conda/mamba environments 
(Python 3.12). 
Every element of the framework was used. A 
streamed manifest recorded the eligibility rules 
(which reduced 411,460 assemblies to 1,099 
eligible). The ranking that preferred clinically 
sourced, higher quality assemblies, and the fixed 
seed used for tie breaking, so that the final 
balanced set of 100 genomes is exactly 
reproducible. Quality control (QUAST [7], skani 
[8], CheckM2 [9]) applied a single pass/fail rule, 
retaining 99 of 100 genomes and triggering one 
documented replacement. Uniform re annotation 

(Bakta [10]) produced comparable gene calls across 
the collection. Resistome (AMRFinderPlus [11]), 
virulome (VFDB [12] via ABRicate) and 
plasmidome (PlasmidFinder [13]) screening were 
parsed programmatically into presence/absence 
matrices, sequence typing (mlst; PubMLST [14]) 
and pan genome reconstruction (Panaroo [15]) 
followed. All of these steps ran locally within the 8 
GB budget. 
The offload point. The single step that could not 
be completed locally was the maximum likelihood 
phylogeny. Model selection and bootstrapping 
over the multi thousand gene core alignment 
repeatedly exceeded available memory. By 
increasing swap space allowed the process to grind 
for many hours without producing a tree, and 
abrupt termination of the environment could kill 
the detached job entirely. In line with the decision 
rule, this step and only this step was offloaded to 
the free Galaxy platform [5]. IQ TREE [16] ran 
server side on high memory infrastructure and 
completed successfully. Recording the exact model 
and parameters (GTR+F+R8, selected by 
ModelFinder [17]. 1,000 ultrafast bootstrap 
replicates [18]) for reproducibility. The resulting 
tree, together with the sequence types, produced 
the study's central result. The rest of the pipeline, 
including the integration layer and a machine 
learning cross check (scikit learn [20]. Statistics 
with SciPy [19]), returned to the laptop. 
The case study demonstrates the framework's core 
proposition concretely. A genuine, publishable 
comparative genomics analysis of 100 genomes is 
achievable on commodity hardware. Only when 
the pipeline is automated, reproducible, and 
designed from the outset with an explicit 
boundary between the steps that run locally and 
the one step that must be offloaded. Full biological 
findings of that study are reported separately. Here 
it serves only to validate the framework. We report 
the analysis qualitatively rather than as a formal 
benchmark. The point is not a timing comparison 
but the structural division of labour between the 
many steps that ran within the laptop’s memory 
and the single step that did not. 
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7. Recommended implementation and decision 
aids 
Table 1 maps each pipeline stage to its bottleneck 
and automation target. Table 2 gives the local 
versus offload decision rule and the checklist 
below distils the framework into concrete actions 
a researcher can adopt immediately. 
 
Reproducibility checklist. 
● Define the dataset in a single manifest 
recording accessions, eligibility rules, ranking and 
random seed. 
● Drive every step from a central 
configuration file. Number scripts in execution 
order. 
● Pin tool and reference database versions 
in an environment file. 
● Fix all random seeds. Apply one QC rule 
and one statistical procedure uniformly across the 
collection. 
● Write a dated log for every step recording 
the command, tool version and outcome. 
● Normalise file formats/datatypes 
explicitly before format sensitive steps (e.g. GFF3 
for pan genome tools). 
● Decide the local/offload boundary in 
advance from the memory budget; offload only to 
platforms that record versions and parameters. 
● Track scripts, configuration and 
environment in version control; archive them at 

publication with a citable identifier. Cite genome 
accessions rather than re depositing public data. 
 
8. Conclusion 
Bacterial WGS analysis does not have to be either 
manual or confined to well funded laboratories 
with HPC access. The bottlenecks that make 
manual pipelines slow and irreproducible are 
predominantly problems of orchestration and 
format. They yield to a lightweight automation 
pattern. A manifest, configuration driven modular 
scripts, pinned environments, fixed seeds and 
structured logging that can be assembled entirely 
from freely available tools and run on a laptop. 
The one genuinely hardware bound step, core 
genome phylogenetics, is handled not by 
abandoning modest hardware but by planning an 
explicit offload to a free, reproducible web 
platform. The result is a framework that lowers the 
barrier to reproducible pathogen genomics for the 
researchers who most need it. While remaining a 
natural on ramp to formal workflow management 
systems as projects grow. We have shown, through 
a completed 100 genome ESBL producing E. coli 
study performed on an 8 GB laptop, that the 
approach is not merely aspirational but sufficient 
for real, publishable comparative genomics. 

 
Tables 
Table 1. Stages of the bacterial comparative genomics pipeline, the principal bottleneck of manual 
execution at each stage, and the automation target. 

Stage Manual bottleneck Automation target 

Genome retrieval Undocumented, one by one selection 
from very large pools 

Streamed manifest recording 
accessions, rules and seed 

Quality control Collating heterogeneous QC reports 
and inconsistent thresholds 

One pass/fail rule applied and 
recorded uniformly 

Annotation Heterogeneous public annotations. 
Slow manual re runs 

Uniform re annotation driven 
from the manifest 

Resistome/virulome/plasmidome Hand assembling matrices from many 
per genome tables 

Programmatic parsing into 
presence vs absence matrices 

Typing & pan genome Format sensitivity. Memory growth 
with genome number 

Format normalization, defined 
memory budget 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972 

Volume 3 • Issue 4 • August 2026 

https://ijournalar.com  | Fazal & Abrar, 2026 | Page 1046 

Stage Manual bottleneck Automation target 

Phylogenetics Exceeds laptop memory. Long or 
failed runs 

Planned offload to high 
memory platform 

Integration & statistics Inherits upstream inconsistencies, 
key mismatches 

Single keyed master table from 
validated outputs 

 
Table 2. Local versus offload decision rule for a modest hardware (e.g. 8 GB RAM) environment. 
“Offload” denotes a free, provenance recording platform such as Galaxy, or cloud compute where 
available. 

Step Typical memory demand Recommended venue 

Retrieval, QC, annotation Low Local 

Resistome / virulome / 
plasmidome 

Low Local 

Sequence typing Low Local 

Pan genome reconstruction Moderate but grows with genome 
count 

Local for small/medium. Offload 
for large collections 

Core genome ML phylogeny High Offload (canonical case) 

Integration, statistics, ML Low Local 

Figure legend 
Fig. 1. The bacterial comparative genomics 
pipeline as a manual workflow (left) and as the 
proposed automated, reproducible workflow with 

an explicit local/offload boundary (right). Each 
stage is annotated with its manual bottleneck. The 
phylogenetics stage crosses the boundary to a free 
high memory platform (Galaxy). 
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