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Who am I?

Research Software Engineer

Team: Biomolecular Simulation Group, ​

Computational Biology and Imaging Theme,​

Scientific Computing​



• Often prioritises results over engineering quality

• Quick prototypes become long-term tools

• Lacks modern practices

• Few or no tests

• Minimal documentation

• Inconsistent coding styles

• Needs HPC-level performance

• Hard to onboard new contributors

• Unclear architecture

• Hidden assumptions

Why scientific software is challenging?



Understand 
structure and 

data flow 

Identify risks 
and technical 

debt 

Evaluate 
readability, 

clarity, 
maintainability 

Assess 
performance 
bottlenecks 

Produce an 
actionable 
roadmap 

aligned with 
scientific goals 

Code Review

Goals of a code review 



Architecture 
review

Module boundaries

Data and control flow

Extensibility

Code quality 
review

Naming and consistency

Function/module responsibilities

Duplicate or redundant code

Scientific 
correctness

Numerical stability

Validation of scientific assumptions

Reproducibility of results

Performance 
assessment

Profiling hotspots

Memory usage

Parallelism and vectorisation strategy

Code review methodology 



Static analysis 
tools

flake8

pylint

mypy

CodeQL

Profiling tools

cProfile

line-
profiler

memory-
profiler

Dependency 
mapping

Graphviz

AST 
tools

CI tools

GitHub 
Actions

Documentation 
generation

Sphinx

MkDocs

What tools can we utilise?



Complexity 
and 
architecture

Dependency graph

Module interactions

Identification 
of fragile 
areas

Heavily coupled modules

Oversized functions

Performance 
profile

Hotspot identification

Test coverage
Unit tests

Integration tests

Regression tests

Reproducibility checks

How would we approach a codebase 

evaluation?



Prioritising issues 
• Impact vs effort matrix

• High-impact, low-effort → do first

• High-impact, high-effort → plan as milestones

• Low-impact, high-effort → deprioritise

• Low-impact, low-effort → opportunistic

• Align work with scientific deadlines

• Maintain accuracy-sensitive modules

• Avoid destabilising key components



Clean modular 
architecture

Clear separation of concerns

Testable and 
reproducible scientific 
results

Regression tests

Automated workflows

Scalable performance Efficient numerical kernels

Reduced technical 
debt

Remove dead or duplicated code

Improve clarity and maintainability

Robust developer 
workflows

CI, versioning, documentation, coding standards

Modernisation goals 



• Architectural map

• Code audit

• Auto-generated 
documentation

Discovery and 
documentation

• Unit tests

• Integration tests

• Scientific regression 
tests

• CI pipelines

Testing 
infrastructure • Isolate scientific logic

• Improve modular 
design

• Remove legacy 
components

Refactoring and 
re-architecture

• Profiling-driven 
optimisation

• Vectorisation

• Parallelisation

Performance 
and scalability • Release workflow

• Developer guide

• Coding standards

• Containerised 
environment

Production 
Readiness

Modernisation milestones



Case Study - 
CodeEntropy



What is entropy?
Entropy measures the disorder or uncertainty in a system. In 
molecular simulations, it reflects how atoms explore different 
configurations, helping us understand flexibility, stability, and 

binding



Case Study – CodeEntropy
• Python package for macromolecular entropy prediction

• Implements the Multiscale Cell Correlation (MCC) method

• Part of a broader effort merging structural and fluidic entropy

• Towards a unified “super-theory”

• Aims for high-accuracy binding energy prediction

• Approximately 10× cheaper computationally than alternatives



CodeEntropy Initial State
First-pass 
theoretical 

integration of two 
tools

No tests No CI
Minimal 

documentation
High technical debt

Hard to extend or 
add new theory

Script-like structure
Poor modular 

separation

Hidden 
assumptions and 
ad-hoc choices

Issues identified 
during review

No extensible 
architecture

Entropy models 
tightly coupled

Mixed 
responsibilities

• Theory, numerics, I/O, 
CLI intertwined

No validation or 
correctness checks

• No regression tests

• No accuracy 
benchmarks

Inconsistent coding 
practices

• Naming, duplication, 
layout

Performance issues

• Inefficient Python loops

• Duplicate computations

Scientific 
assumptions not 

documented



• YAML as default config, 
CLI overrides

• JSON as default output; 
TXT optional

Standardise 
inputs/outputs

• INFO/DEBUG/ERROR 
levels; minimal stdout

• All logs to file; verbose 
shows debug

• Top-level error handler + 
try/except around risky ops

Add robust logging 
& error handling • Migrate to pyproject.toml 

(PEP 621 + Flit)

• Remove legacy files 
(setup.py, versioneer, 
devtools)

• Version defined in 
src/<package>/__init__.py

Modernise project 
structure

• Move exec into source tree

• Entrypoint defined in 
pyproject.toml

• main.py handles config, 
parsing, and orchestration

Create a proper CLI 
entrypoint • Splash screen, authors, 

citation info

• Minimal stdout unless 
verbose

Improve user 
experience

• GitHub Actions for tests + 
linting

• black, isort, pylint

• pre-commit hooks 
enforced

Establish GitOps 
workflows • 50% coverage target

• Focus on numerics + logic

• Atomic tests; tests/ at repo 
root

• Clear naming conventions

Build a solid test 
framework

Case Study – CodeEntropy - Modernisation strategy 



Delivering CodeEntropy

Input System Overhaul

Logging and Error 
handling

CI/CD Pipeline 
Modernisation

Modular Code 
Architecture

Testing and Code Quality

Release
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