
 

Open Access https://doi.org/10.48130/gcomm-0026-0018

Genomics Communications 2026, 3: e018

LLM-assisted development of Rust for high-performance
bioinformatics software: practices, workflows, and boundaries
Zhou-Geng Xu1* and Guihui Qin2

1 Key Laboratory of Plant Carbon Capture, CAS Center for Excellence in Molecular Plant Sciences (CEMPS), Institute of Plant Physiology and Ecology (SIPPE), Chinese Academy
of Sciences (CAS), Shanghai 200032, China

2 Center of Reproduction, Development & Aging, and Institute of Translational Medicine, Faculty of Medicine, University of Macau, Taipa, Macao SAR 999078, China
* Correspondence: zgxu2016@cemps.ac.cn (Xu ZG)

Abstract
As high-throughput sequencing datasets continue to grow, the dominant bottlenecks in bioinformatics software are increasingly engineering concerns,

such as input/output throughput, compression and decompression, memory allocation, and long-term maintainability, rather than algorithmic complexity

alone. Rust addresses these concerns through its ownership and borrowing system, zero-cost abstractions, and compile-time concurrency safety without

garbage  collection.  At  the  same  time,  large  language  models  (LLMs)  and  agentic  coding  assistants  are  substantially  lowering  Rust's  historically  steep

adoption barrier. Drawing on the development of hickit_rs, an open-source high-performance Hi-C data processing tool, this Perspective discusses how to

effectively combine artificial intelligence (AI) assistance with disciplined software engineering. Our analysis spans two dimensions: Engineering workflow

design (a tiered framework of specification-driven design,  test-driven development,  and multimodel parallel  exploration) and analysis  of  bioinformatics-

specific failure modes (layer misidentification, semantic drift in script migration, and goal substitution in agentic loops). We conclude that AI is most effective

as an accelerator within a rigorous engineering framework,  not a substitute for  scientific  judgement,  and that Rust's  compile-time portability  guarantee

provides a structural benefit that compounds with AI-assisted migration.
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 Introduction
Modern bioinformatics pipelines face engineering challenges that are
qualitatively  different  from  algorithmic  ones.  Routine  tasks,  such  as
streaming  FASTQ,  Binary  Alignment  Map  (BAM),  Compressed
Reference-oriented  Alignment  Map  (CRAM),  or  Variant  Call  Format
(VCF)  files,  as  well  as  Hi-C  contact  pairs  at  scale,  are  constrained  by
large-file input/output (I/O), repeated decompression, heap allocation,
and  subtle  format  edge  cases.  However,  most  pipelines  still  delegate
these to Bash, AWK, or Python scripts that behave inconsistently across
operating systems, high-performance computing (HPC) environments,
and container configurations.  A more durable approach is  to compile
performance-critical  logic into statically linked native binaries with no
runtime interpreter or external dependency chain.

Rust  solves  these  problems  at  the  language  level.  Its  ownership
model  enforces memory safety at  compile time,  its  lack of  garbage
collection  preserves  throughput  predictability,  and  its type-driven
concurrency  model  makes  data  races  structurally  impossible[1].
Since  the  introduction  of  Rust-Bio  in  2016[2],  the  community  has
produced  infrastructure-grade  tools  covering  BigWig/BigBed  I/O[3],
out-of-core genomic interval operations[4], whole-genome alignment
manipulation[5],  and  high-performance  genomic  range  queries[6],
demonstrating that Rust has moved from feasibility demonstrations
into direct upstream dependencies of widely used workflows.

At  the  same  time,  large  language  models  (LLMs)  and  agentic
coding  assistants  are  changing  how  developers  approach  Rust.
The  language's  historically  steep  learning  curve—lifetimes,  borrow
checking,  trait  constraints,  error  handling—has  long  hindered
its  adoption.  Artificial  intelligence  (AI)  tools  now  allow  newcomers
to  obtain  natural  language  explanations  of  compiler  errors,

automatically generated boilerplate, and minimal viable prototypes
seeded  from  existing  scripts[7,8].  However,  empirical  studies  show
that  without  disciplined  review  practices,  AI  coding  tools  can
degrade  code  quality[9,10],  and  that  human  translators  outperform
automatic tools where memory-safety semantics must be preserved
across  a  translation  boundary[11].  "Why  now?"  therefore  has  a  dual
answer:  The  Rust  bioinformatics  ecosystem  is  mature  enough  to
build on, and AI is converting Rust from a high-barrier language into
one  that  can  be  mastered  through  iterative,  test-driven  cycles—
provided engineering discipline is maintained.

In  this  Perspective,  we  draw  on  hickit_rs  to  propose  a  tiered
framework  of  specification-driven  design  (SDD),  test-driven  devel-
opment  (TDD),  and  multimodel  parallel  exploration,  and  analyse
three  bioinformatics-specific  failure  modes:  Layer  misidentifica-
tion,  semantic  drift  in  script  migration,  and  goal  substitution  in
agentic loops.

 AI-assisted Rust development in
bioinformatics

 Rust's growing role in bioinformatics
infrastructure
The  consistent  pattern  across  these  tools[2−6] is  that  Rust  is  most
compelling  where  the  scripted  logic  accumulates  hidden  fragility:
High-throughput,  I/O-bound,  long-maintenance  layers  requiring  per-
formance,  memory  safety,  and  cross-platform  determinism  simul-
taneously, which is the layer that pipeline orchestrators depend on but
cannot themselves fix.
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 LLMs as a Rust adoption accelerator, and their
limitations
Systematic reviews have identified two recurring LLM failure patterns:
Unstable  correctness  across  semantically  equivalent  prompts  and
loss  of  context  in  long  conversations[7].  Empirical  studies  trace
these  to  hallucination  and  incomplete  understanding  of  projects'
conventions[8].  A  controlled  experiment  found  that  Copilot-assisted
developers  produced  lower-quality  outputs  despite  adding  more
code[10],  and  a  user  study  showed  human  translators  outperform
automatic  C-to-Rust  tools  where  memory-safety  semantics  must  be
preserved[11].

These findings establish a core tension: AI  reduces the friction of
adopting Rust,  but its failure modes are amplified in bioinformatics
by  domain-specific  format  complexity,  such  as  multimember  gzip,
Blocked  GNU  Zip  Format  (BGZF)  framing,  and  AWK  boundary
conventions, that are absent from generic benchmarks.

 The case of Hi-C: when the script logic calls for a
Rust rewrite
The  Hi-C  data  processing  ecosystem  provides  the  driving  application
for  hickit_rs.  Pairtools[12] is  the  de  facto  standard  for  producing
and  manipulating  the  4D  Nucleome  (4DN)  .pairs  format.  The  wider
ecosystem  includes  Juicer[13],  which  introduced  the  merged_nodups
format  and  is  a  widely  adopted  pipeline  for  loop-resolution  contact
analysis,  and  Hi-C-Pro[14],  which  is  still  widely  used  for  allele-specific
analyses.  Despite  this  maturity,  most  Hi-C  post-processing logic  (map
resolution  estimation,  region  filtering,  streaming  statistics)  remains
implemented as  Bash and AWK scripts.  These scripts  produce correct
results  in  controlled  environments  but  behave  inconsistently  across
AWK  dialects,  gzip  versions,  and  locale  settings.  Containerization
mitigates  some  issues  at  runtime  but  does  not  eliminate  the
underlying fragility: The script logic itself remains sensitive to the shell
interpreter, locale settings, and installed utility versions[15].

hickit_rs is an open-source command-line tool that performs Hi-C
map resolution estimation tasks (via a Juicer-compatible algorithm),

region-based  filtering  of  merged_nodups  contacts,  and  streaming
contact  statistics.  It  rewrites  this  layer  as  a  typed,  tested,  statically
linked  Rust  binary  supporting  both  Juicer  merged_nodups  format
and 4DN .pairs.gz format used by Pairtools. On an eight-core 32-GB
workstation,  it  processes  approximately  100  million  pairs  in  about
30 s and roughly 1 billion pairs in about 5 min, with peak memory of
approximately  300–350 MB,  which is  an  8–10× speedup compared
with  the  reference  Bash/AWK  pipeline  (Fig.  1).  Numerical  consis-
tency has been verified across multiple real  datasets on both input
formats. Critically, cargo build --target … --release produces a stati-
cally  linked  binary  with  deterministic  compilation  semantics  that
behaves identically on a Linux HPC node, a macOS workstation, or a
minimal Alpine container,  which is  a compile-time portability guar-
antee  that  containerization  alone  cannot  provide.  We  verified  the
identical  output  on  Ubuntu  22.04,  macOS  14,  and  an  Alpine  3.19
container,  noting  that  cross-platform  behavior  can  still  depend  on
the  target  configuration  and  libc/musl  choices;  static  linking  miti-
gates but does not eliminate these factors.

Achieving  this  result  required  more  than  selecting  the  right
language.  The  development  process  itself  surfaced  recurring
points at  which AI-assisted coding failed silently,  and those failures
motivated  the  engineering  framework  described  in  the  next
section.

 A tiered engineering framework for AI-
assisted development
The core principle is straightforward: Scale the engineering process to
the  risk.  A  one-line  bug  fix  needs  only  a  prompt  and  a  test  run;  a
greenfield  compression-layer  module  demands  a  full  specification,
TDD-driven implementation, and multimodel comparison.

The guiding framework has four components (Fig. 2).
Specification-driven  design  (SDD).  Before  coding  a  nontrivial

module,  a  specification should capture  the problem statement,  I/O
contracts enumerating all format variants (multimember gzip, BGZF,

 

a b

Fig. 1  Performance comparison between the Bash/AWK reference pipeline and hickit_rs on an eight-core 32-GB workstation. (a) Processing time for 100
million  and  1  billion  read  pairs  on  a  logarithmic  scale;  hickit_rs  completes  both  scales  in  approximately  30  s  and  5  min,  respectively,  whereas  the
Bash/AWK pipeline takes roughly 250 s and 3,000 s—an 8.3–10× speedup. (b) Peak memory consumption. The Bash/AWK pipeline peaks at approximately
2,400 MB, whereas hickit_rs uses roughly 300–350 MB, an 86%–88% reduction (7–8× lower). Benchmarks were performed on an eight-core (Intel i7-10700
@ 2.9  GHz)  32-GB RAM workstation running Ubuntu 22.04.  Input  data were derived from the publicly  available human Hi-C dataset  SRR1658573 (NCBI
SRA),  processed  to  100  million  and  1  billion  valid  read  pairs  in  Juicer  merged_nodups  format  (gzip-compressed).  hickit_rs  v0.4  was  invoked  with  the
default  parameters  (hickit  resolution  merged_nodups.txt.gz);  the  reference  pipeline  used  Juicer's  AWK-based  calculate_map_resolution.sh.  Wall-clock
time and peak memory were measured using /usr/bin/time -v; each benchmark was run three times with the median reported.
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dual-format  pairs),  quantitative  performance  targets,  numerical
consistency  requirements  with  the  legacy  implementation,  and
known  edge  cases.  This  specification  serves  as  both  a  communica-
tion contract with the AI and a reviewable artefact. Modern agentic
tools  support  a  brainstorming  phase  where  the  AI  asks  clarifying
questions before proceeding.

Test-driven  development  (TDD).  Implementation  follows  the
RED–GREEN–REFACTOR  cycle,  with  each  failing  test  encoding  one
acceptance  criterion.  In  the  AI-assisted  context,  a  failing  test
provides  an  unambiguous,  machine-verifiable  goal  that  is  far  more
effective  than  prose  instructions.  For  performance-sensitive  code,
one  should  first  establish  a  single-threaded  correctness  baseline
before  introducing  parallelism[16].  One  rule  is  critical  for  agentic
loops:  Every  iteration  must  introduce  at  least  one  new  test  con-
straint; reusing the same test suite creates conditions for goal substi-
tution as discussed below. For Rust projects, Clippy (the official Rust
linter) with the clippy::perf lint group should be integrated into the
test cycle to ensure that AI-generated code adheres to performance-
oriented  idioms,  which  is  particularly  important  when  the  AI  refer-
ences the original code being rewritten.

As a project grows across multiple modules, a comprehensive test
suite becomes the only artefact giving a developer—or an AI assis-
tant—confidence that a structural change has not silently broken an
invariant.  The  test  suite  thus  serves  as  a  living  specification,  con-
straining every  future AI-assisted modification to the same correct-
ness envelope.

Multimodel  parallel  exploration.  Because  LLM  outputs  are
stochastic,  relying on a  single  model  at  critical  junctures  is  inadvis-
able.  A  robust  approach  uses  the  git  worktree  to  host  multiple
models  simultaneously,  each  generating  candidate  implementa-
tions  with  the  same  test  data.  Unified  benchmarks  enable  lateral
comparison,  transforming  LLMs'  stochasticity  into  a  controllable
search space. Each branch merges only after human review.

Periodic  human  review.  After  a  sustained  phase  of  AI-assisted
coding,  a  codebase  can  accumulate  dead  code,  duplicated  logic,
inconsistent  abstractions,  and  creeping  architectural  drift  that  no
individual  commit  introduced  but  that  compound  over  time.
Scheduling  a  human-led  review  after  every  major  feature  addition
to  remove  dead  paths,  consolidate  duplicated  utility  code,  and
realign  modules'  boundaries,  etc.,  prevents  the  codebase  from
becoming  unmaintainable  and  keeps  the  AI's  context  window
focused  on  the  current  design  rather  than  on  archaeology.  This
checkpoint  also  serves  as  the  natural  moment  to  audit  active  tool-
ing:  Model  Context  Protocol  (MCP)  servers  and  skill  plugins  can

expose  domain-specific  capabilities  (format  validators,  crate  docu-
mentation  lookup,  persistent  memory  of  design  decisions)  directly
to  the  agent's  context  window.  A  small,  well-chosen  set  of  plugins
covering only  the  current  bottleneck  is  more  effective  than a  large
general-purpose  toolkit;  excessive  plugin  availability  expands  the
agent's option space and raises the risk of overengineered solutions.
The practical rule is to start with no plugins, add one when a recur-
ring manual step becomes the limiting factor, and review the active
set at each periodic human checkpoint.

In  the  development  of  hickit_rs,  these  four  components  were
applied in sequence and exposed the failure modes detailed below:
The  SDD  phase  surfaced  gzip-layer  complexity  that  a  prompt-only
approach  had  silently  missed;  TDD  fixtures  drawn  from  legacy
Bash/AWK  output  detected  boundary-semantic  drift  on real
datasets;  and  multimodel  branches  on  separate  git  worktree
instances  identified  goal  substitution  before  it  reached  the  main
branch.  Automated  C-to-Rust  translation  frameworks  such  as
Syzygy[17] apply a similar test-equivalence philosophy at larger scale.
We have since applied the same workflow to two additional migra-
tions, namely sradb_rs (https://github.com/AI4S-YB/sradb_rs), a Rust
port of pysradb for Sequence Read Archive (SRA) metadata queries,
and fastqc-rs (https://github.com/AI4S-YB/fastqc-rs), a 1:1 rewrite of
FastQC v0.12.1. In both, the SDD phase and the TDD oracle strategy
were most directly responsible for catching regressions.

 The agentic loop: designing for AI's self-iteration
A natural extension of the SDD + TDD framework is to let the AI iterate
on its own output autonomously, using the test suite as the feedback
signal. This pattern, often called an agentic loop, is not a novel concept;
its  essence  is  simply  a  well-designed  test  harness  that  the  agent  can
execute,  observe,  and  respond  without  human  intervention  at  every
step. What makes it a recent development is not the idea itself but the
maturity  of  the  tooling:  Modern  agentic  integrated  development
environments  (IDEs)  and  code  agents  can  now  run  a  full  test  suite,
parse failures, propose a targeted patch, apply it, and re-run the code,
closing the edit–test cycle in seconds rather than minutes[18].  This is a
meaningful  contrast  with  the  earlier,  simpler  pattern  of  pasting  code
into a  web chat  interface:  agents  operating through a  command-line
interface (CLI) actively retrieve the relevant context, build and execute
the  test  harness,  and  consume  the  compiler  and  runtime  feedback
autonomously,  handling  the  majority  of  compilation  and  logic  errors
without  manual  re-prompting.  The  context  problem,  in  other  words,
has largely been solved by the tooling itself.

 

Fig.  2  A  tiered  engineering  framework  for  AI-assisted  development  with  four  components:  ① Specification -driven  design  (SDD),  ② test -driven
development  (TDD),  ③ multimodel  exploration,  and  ④ periodic  review.  These  are  applied  sequentially,  with  depth  scaled  to  the  task's  complexity
(bottom bar). Each component's primary defence against the three bioinformatics-specific failure modes discussed in the main text is annotated within
its panel.
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The  critical  design  decision  is  therefore  what  the  agent  iterates
against.  If  the  feedback  signal  is  shallow—a  fixed  set  of  tests  on  a
fixed  dataset—the  loop  converges  rapidly  to  a  solution  that  satis-
fies those tests and nothing else. Empirical work on feedback-loop-
based code generation has shown that a loop's effectiveness decays
exponentially  once  the  agent  has  exhausted  the  information  avail-
able in a static test suite[19].  The same countermeasure applies here
directly:  Each  iteration  of  the  agentic  loop  must  introduce  at  least
one fresh constraint, either a new test case or a new input fixture, so
that  the  agent  is  always  working  toward  a  generalizable  solution
rather than overfitting to the existing evaluation set.

Multiagent architectures extend this further. A closed-loop system
in which separate  agents  handle  test  generation,  execution,  failure
analysis,  and  patch  review  can  achieve  substantially  higher  test
coverage and lower invalid test rates than single-agent baselines[20].
The Agentic Agile-V framework formalizes this as a specify–constrain–
orchestrate–prove–evolve–verify cycle, demonstrating that the cen-
tral  challenge  in  the  development  of  agentic  software  has  shifted
from prompt engineering to process engineering[21]. In bioinformat-
ics,  where  input  formats  carry  domain-specific  edge  cases  that  no
generic  benchmark  covers,  the  "constrain"  and  "prove"  steps  are
especially  valuable:  They  are  the  mechanism  by  which  domain
knowledge—format  specifications,  numerical  consistency  oracles,
real dataset fixtures—enters and governs the agentic loop.

 Potential and pitfalls of AI assistance in
bioinformatics
The  tiered  framework  of  described  above  reduces  but  does  not
eliminate  AI's  failure  risk.  Even  within  its  boundaries,  three  classes  of
failure remain a  persistent  risk  in  bioinformatics.  Each is  specific  to  or
substantially  amplified  by  the  bioinformatics  context  because  the
domain  formats  carry  semantic  complexity  that  does  not  appear  in
generic software engineering benchmarks; each has a symptom, a root
cause, and a concrete countermeasure. These three failure modes were
observed across  the  development  of  hickit_rs,  sradb_rs,  and fastqc-rs
as described above, and are recurring rather than isolated incidents.

 Failure mode 1: layer misidentification
 Symptom
The parsed record count is far lower than expected; all sanity checks on
the FASTQ/pairs parser pass.

 Root cause
The  input  file  is  a  multimember  gzip  archive  (common  in  Pairtools
output  and  split-lane  FASTQ  files),  but  the  program  used  a  single-
member gzip decoder that halts after the first member without error.
The  BGZF  format[22]—a  deliberate  extension  of  multimember  gzip
for  random  access—is  treated  as  a  simple  gzip  stream,  silently
discarding  all  but  the  first  block.  The  symptom  presents  in  the
parsing  layer;  the  cause  lies  one  abstraction  level  below  in  the
compression  stack.  AI,  pattern-matching  to  surface  symptoms,  con-
sistently proposed parser-level fixes, none of which addressed the real
issue.  This  failure  was  first  encountered  during  the  development  of
hickit_rs  when  processing.  pairs.gz  output  from  Pairtools,  and  was
subsequently confirmed in the sradb_rs migration.

 Countermeasure
Introduce at least one new input fixture from a different real dataset at
every  agentic  iteration.  When  using  an  agentic  IDE  that  exposes  the

model's  reasoning,  phrases  such  as  "to  satisfy  this  test"  are  early
warning signals of goal substitution.

 Failure mode 2: semantic drift in script migration
 Symptom
The  Rust  reimplementation  passes  all  unit  tests  but  produces  subtly
different aggregate statistics from the reference Bash/AWK pipeline on
edge-case inputs.

 Root cause
AWK's NR,  FS,  and blank-line handling semantics  do not map directly
to Rust's iterator-based parsing. When AI translates a Bash/AWK script
into Rust,  it  preserves the structure of  the logic but silently drops the
boundary  semantics,  leading  to  empty-line  treatment,  field-separator
edge  cases,  and  off-by-one  behavior  at  stream  boundaries.  These
discrepancies  are  invisible  on  clean  test  data  but  emerge  on  real
datasets  containing  header  anomalies,  trailing  whitespace,  or  non-
standard  line  endings.  This  pattern  was  observed  repeatedly  during
migration  of  the  AWK-based  map-resolution  script  (calculate_map_
resolution.sh)  in  hickit_rs,  particularly  for  trailing  whitespace  and
empty-line handling at stream boundaries.

 Countermeasure
Use the legacy Bash/AWK output as  an oracle to build a  cross-format
test set: For each real dataset and edge-case variant, capture the legacy
output  and  assert  numerical  equality  in  the  Rust  test  suite.  This
transforms  the  legacy  implementation  from  "a  thing  being  replaced"
into a continuous correctness specification.

 Failure mode 3: goal substitution in agentic loops
 Symptom
After  several  agentic  iterations,  all  tests  pass.  However,  when the test
dataset is replaced with a different real sample, the solution fails.

 Root cause
We observed this pattern directly in the development of hickit_rs using
a  commercial  agentic  IDE  (Claude  Code).  Inspection  of  the  model's
visible reasoning chain revealed the following: Given a failing test and
iteration  pressure,  the  model  identified  a  narrow  code  path  that
satisfied the specific test on the specific input file. The fix was logically
incomplete:  It  addressed  the  test  artefact  rather  than  the  underlying
algorithm. This  is goal  substitution,  in  which the declared goal  ("make
the  program  correct")  is  silently  replaced  by  the  operationalized
subgoal ("make this test pass on this input").

 Countermeasure
The  test-driven  development  principle  described  above  applies
directly: Introduce at least one new input fixture drawn from a different
real dataset at every agentic iteration. When using an agentic IDE that
exposes the model's  reasoning (e.g.,  extended thinking or scratchpad
outputs),  scan  the  chain  at  each  iteration.  Phrases  such  as  "to  satisfy
this  test"  or  "for  this  specific  input"  are  early  warning  signals  of  goal
substitution in progress.

 Broader implications
These  three  failure  modes  share  a  common structure:  AI  operates  on
observable  surface  features  while  the  true  problem  lies  one  level
below,  reflecting  that  current  LLMs  match  text  patterns  rather  than
reason  about  layered  abstractions.  Bioinformatics  amplifies  this
because the domain formats carry semantic complexity that is absent
from  generic  benchmarks.  AI's  long-term  value  is  thus  capability
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transfer. By explaining compiler errors and comparing crate designs, AI
accelerates the developer's own learning. This is maximized when the
developer  maintains  ownership  of  the  specification,  the  test  oracle,
and the final merge decision.

This  Perspective  does  not  advocate  rewriting  all  tools  in  Rust.
Python  and  R  remain  ideal  for  exploratory  analysis  and  orchestra-
tion;  Rust  is  suited  to  high-throughput,  performance-critical  core
modules,  and AI's  contribution is  to lower the cost of that targeted
migration.

This  work  complements  orchestration  agents  such  as  AutoBA[23]

and BioAgent Bench[24]:  They automate multi-step analyses by call-
ing  existing  tools,  whereas  we  address  the  task  of  developing  the
performance-critical tools they depend on.

 Conclusions
Rust is becoming an important option for high-performance bioinfor-
matics software, and LLMs are changing how Rust is used. The former
provides  performance,  memory  safety,  and  compile-time  portability;
the  latter  lower  the  language  barrier  and  accelerate  prototyping  and
refactoring.  Together,  they  create  real  opportunities  for  modernizing
the performance-critical layers of the bioinformatics stack.

However,  the  three  failure  modes  documented  here  share  a
common  structure:  AI  operates  on  surface  features  while  the  true
problem lies  one level  below.  The tiered SDD + TDD + multimodel
framework, extended by a structured agentic loop, addresses this by
ensuring domain knowledge enters  the feedback signal  before  the
AI iterates. The bottleneck is no longer the language barrier but the
engineering discipline, which cannot be delegated to the agent.

Within this framework, AI serves as an accelerator, not the judge.
Only  when  human  judgement  governs  the  specification,  the  test
oracle,  and  the  final  merge  decision  can  AI-assisted  Rust  develop-
ment  truly  serve  the  goals  of  high-performance,  reproducible,  and
maintainable scientific software.
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