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Abstract
The reproducibility crisis is a structural consequence of research complexity surpassing human capacity—a limitation of the 'artisanal science' paradigm.

Current guidelines like STROBE function as retrospective post hoc checklists. We introduce Agentic T-STROBE, a framework that reframes methodological

completeness and procedural rigor as structural constraints intrinsic to the research workflow, rather than criteria applied in post hoc evaluation. It employs

(i)  front-shifting  STROBE  to  pre-emptive  design  constraints;  (ii)  a  large  language  model  (LLM)-driven  dual-agent  system  programmatically  executing

workflows; and (iii) the Predictability–Computability–Stability (PCS) framework as an organizing evaluation lens. Agent-generated protocols (instantiated as

AgenMed_CSS)  demonstrated methodological  completeness  superior  to  300 peer-reviewed studies  (mean percent  of  maximum possible  (POMP)  score:

98.3% vs 68.3%; p < 0.001). This advantage was consistently observed across four LLM backends (mean POMP [95% CI]: 99.2 (98.5–99.8), 98.7 (98.0–99.3), 99.4

(99.0–99.8), and 97.2 (96.0–98.3)), suggesting that the observed methodological completeness is more contingent on constraint architecture than on the

capabilities  of  the underlying model.  The statistical  execution agent achieved > 92% fidelity.  Conversely,  unconstrained human-AI  collaboration yielded

inferior  quality  (mean  POMP:  63.1  [56.9–69.2]).  Agentic  T-STROBE  establishes  a  prospective,  auditable  oversight  framework  for  methodological

completeness and protocol transparency, without substituting scientific judgment.
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Introduction
The discourse  regarding the  reproducibility  crisis  has  dominated

metascientific inquiry for more than a decade, driven by the alarm-
ing  frequency  with  which  published  findings  fail  independent
verification[1−4].  While  conventional  diagnoses  often  focus  on  indi-
vidual  researcher  negligence,  p-hacking,  or  the  perverse  incentives
of  the publish-or-perish culture,  these explanations remain superfi-
cial.  A  deeper,  structural  pathology  exists:  the  researcher-
dependent workflow[5−7] that currently underpins scientific produc-
tion has reached its cognitive limit. In this 'artisanal' mode, complex,
multistage  methodological  tasks  are  contingent  upon  the  tacit
knowledge,  cognitive  stability,  and  memory  of  individual
researchers[8].  As the complexity of modern scientific inquiry grows
exponentially,  this  'human-centric  variability'  has  solidified  as  the
fundamental  bottleneck  restricting  research  reliability  and
cumulativity[8].

To mitigate this variability, the academic community has invested
heavily in standardization, most notably through the Strengthening
the  Reporting  of  Observational  Studies  in  Epidemiology  (STROBE)
statement[9].  STROBE  and  its  extensions  provide  a  comprehensive
checklist covering critical aspects of research design, execution, and
analysis,  intended  to  enhance  transparency  and  completeness.
While  STROBE  represents  a  milestone  in  methodological
dissemination[10,11],  its  utility  is  inherently  limited by its  nature  as  a
descriptive, post  hoc reporting  guideline[12,13].  It  delineates  how  to
describe  research  clearly,  not  how  to  execute  it  correctly.  It
functions  as  a  map  rather  than  a  navigation  system;  a  blueprint

rather  than  a  construction  robot.  Consequently,  a  significant
practice-norm  gap  persists,  in  which  adherence  to  guidelines
remains voluntary and inconsistent.

The advent of artificial intelligence has introduced the concept of
the  Large  Language  Model  (LLM)  as  a  research  'co-pilot'[14−16].  This
prevailing model typically relies on unstructured, free-form interac-
tions  between researchers  and general-purpose models  to  acceler-
ate specific tasks such as literature review[17], code generation[18], or
manuscript  refinement[19].  However,  this  mode  fails  to  address  the
core issue of methodological reliability. In the absence of structured
methodological  frameworks  and  rigid  constraint  mechanisms,
unconstrained  human–AI  interaction  cannot  guarantee  method-
ological  correctness[20−22].  Indeed,  by  introducing  model
hallucinations[23−25],  exacerbating  user  knowledge  blind  spots,  and
adding  the  stochasticity  of  conversational  interaction,  this  model
risks amplifying rather than reducing human-centric variability.

The  emergence  of  LLM-based  agentic  systems—capable  of
autonomous  planning,  tool  invocation,  multi-step  reasoning,  and
self-correction—represents  a  qualitative  advance  beyond  the
co-pilot  paradigm[26,27].  In  the  biomedical  domain,  agentic  frame-
works  have  demonstrated  early  promise  across  a  range  of  tasks:
BioMedAgent  autonomously  chains  bioinformatics  tools  into
executable  workflows  for  cross-omics  analysis  and  machine-
learning modelling[27]; agentic systems in radiology automate report
generation  and  protocol  optimization[28];  and  multi-agent  LLMs
have  been  applied  to  collaborative  hypothesis  generation  in  drug
discovery[29].  Comprehensive  reviews  synthesizing  over  60  emerg-
ing  agentic  systems  consistently  identify  reproducibility  and
methodological  grounding as the central  unresolved challenges[26].
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Critically, however, existing agentic systems share a common limita-
tion:  they  are  designed  for  task  execution  within  established
analytical  pipelines,  not  for a  priori methodological  constraint
enforcement  in  the  research  design  phase.  None  of  the  existing
systems  encodes  domain-specific  reporting  guidelines  (such  as
STROBE)  as  executable  design  rules,  nor  do  they  generate  a
complete, auditable computational lineage spanning from research
question  formulation  to  statistical  analysis  execution.  The  gap
between  automated  task  completion  and  guaranteed  methodo-
logical  rigor  in  observational  epidemiology  therefore  remains
unaddressed.

We argue that the necessary evolution in scientific rigor demands
a  paradigm  shift  from  descriptive  guidelines  to  an  Epistemological
Operating  System.  Such  a  system  must  transform  methodological
best practices from passive text into active, executable contracts. To
this  end,  we  propose  and  validate  Agentic  T-STROBE  (Agentic
Target-STROBE  Emulation),  instantiated  here  as  AgenMed_CSS  for
cross-sectional  studies  (CSS).  To  our  knowledge,  this  system  repre-
sents the first  agentic framework specifically designed to enforce a
priori methodological  rigor  in  observational  research  design—
distinguished  from  existing  systems  by  its  integration  of  front-
shifted reporting guidelines as executable constraints, its dual-agent
planning-execution  architecture,  and  its  generation  of  a  complete,
auditable  computational  lineage.  It  is  not  merely  a  tool  but  an
engineered paradigm designed to make methodological  rigor an a
priori system property.

The  Agentic  T-STROBE  paradigm  is  founded  on  three  synergistic
principles:

1.  Agentic  Target-STROBE  Emulation  (Agentic  T-STROBE):  This
principle  involves  front-shifting  the  STROBE  checklist.  Instead  of
serving  as  a  retrospective  check  on  a  finished  manuscript,  STROBE
items are reconstructed into a set of mandatory, executable design
rules and deliverables—specifically, the research protocol, statistical
analysis plan (SAP), and simulation tables—that govern the research
lifecycle from its inception.

2.  Agentic  Execution:  We  construct  a  dual-agent  system  that
programs  these  rules  and  complex  methodological  decision  trees
into a researcher-supervised automated workflow. Within this work-
flow, structured user input and protocol review precede automated
statistical  analysis,  and  complete  auditable  logs  are  generated
throughout,  supporting  high-fidelity  implementation  of  method-
ological requirements.

3.  PCS  (Predictability–Computability–Stability)  as  a  metric  of
veracity:  Drawing  upon  the  theoretical  framework  of  veridical  data
science[30],  we  integrate  PCS  as  an  organizing  framework  for
process-level  reliability  assessment.  This  facilitates  a  shift  from
subjective peer review to quantitative quality assurance.

Through  comparative  experimentation,  we  evaluate  whether
protocol  completeness  and  execution  fidelity  are  primarily
supported by the structured workflow rather than by a specific LLM
backend  or  unconstrained  human-AI  collaboration.  The  results
indicate that methodological completeness functions as a property
of  the  workflow  that  can  be  specified,  audited,  and  reproduced
across different models and users, rather than as an attribute contin-
gent on individual memory or ad hoc judgment. 

Materials and methods 

AgenMed_CSS system architecture 

Overall design
The  AgenMed_CSS  system  is  architected  as  an  end-to-end

'planning–execution'  dual-agent  cognitive  workflow.  This

framework  is  explicitly  designed  to  decompose  the  complexity  of
scientific inquiry into two distinct, specialized operational phases: a
high-level  strategic  planning  phase,  governed  by  the  Planning
Design  Agent,  which  is  responsible  for  the  formulation  of  rigorous
research  protocols;  and  a  low-level  implementation  phase,
governed  by  the  Execution  Analysis  Agent,  which  is  tasked  with
precise code generation and local execution. 

Planning design agent
To  anchor  the  LLM's  inferential  reasoning  within  strict  method-

ological  boundaries—thereby  neutralizing  the  risk  of  hallucina-
tion—we  encoded  the  front-shifted  STROBE  workflow  into  a
granular decision topology. This knowledge graph serves as a deter-
ministic scaffold, strictly confining the LLM's execution trajectory to
validated  standard  operating  procedures  throughout  the  entire
research lifecycle (see Supplementary File 1, Material S1).

We  developed  AgenMed_CSS  as  a  multi-module  collaborative
system  comprising  modular  prompt  chains  (see Video  S1 for  the
workflow  structure  and  node-level  prompt  configuration)  built  on
the  n8n  agent-workflow  platform  (https://github.com/n8n-io/n8n).
In this agent-workflow, the decision tree (see Supplementary File 1,
Material  S1)  was  decomposed  into  52  nodes,  each  with  a  precisely
specified  LLM  role,  task,  methodological  guidance,  and  standard-
ized JSON outputs stored in PostgreSQL for  real-time retrieval.  This
architecture  enables  high-fidelity,  end-to-end  cross-sectional  study
design and analysis while ensuring full traceability, auditability, and
transparency.

For a given cross-sectional study design and analysis project (e.g.,
a  population-based  cross-sectional  survey  of  bone  mineral  density
among  adults  aged  ≥ 65  years  in  Shandong  Province,  China),  the
workflow  begins  with  researcher  input  rather  than  autonomous
question  generation.  Users  first  select  an  appropriate  question-
structuring  framework  according  to  their  research  objective:  PECO
(population,  exposure,  comparison,  outcome)  for  association-
oriented  questions;  CoCoPop  (condition,  context,  population)  for
prevalence  estimation;  and  SPIDER  (sample,  phenomenon  of
interest,  design,  evaluation,  research type) for qualitative or mixed-
methods  research.  A  combined  PECO–CoCoPop  structure  is  also
available  for  studies  that  pursue  both  objectives.  Users  then
complete the corresponding structured fields, and these researcher-
specified  inputs  anchor  the  planning  design  agent's  subsequent
protocol  generation  (see Video  S2 for  a  demonstration  of  protocol
generation and statistical analysis,  and Supplementary File 1, Mate-
rial S4 for the research protocol).

The generated protocol is organized into nine chapters: Title and
abstract,  Background  and  objectives,  Study  design  and  setting;
Participants;  Variable  definitions  and  data  sources/measurement;
Bias  control  and sample size;  Statistical  methods;  Ethical  statement
and  funding;  Research  results  publication  and  dissemination  plan.
Within these chapters, the 22 STROBE_CSS items are expanded into
32  scorable  protocol  elements  (see Supplementary  File  1,  Material
S2  and  S8).  Specifically,  the  above  full-process  decision  tree  (see
Supplementary File 1, Material S1) encompasses the entire research
lifecycle—including  research  question  framework  selection,  defini-
tion  of  target/source  populations  and  sampling  frames,  sampling
design and sample size calculation, variable measurement and tool
selection,  bias  control,  missing  data  handling,  association/regres-
sion  modeling,  and  results  reporting.  Furthermore,  predefined
statistical decision tree rules, constructed based on the principles of
statistical  description  and  inference  for  cross-sectional  studies[31],
are embedded within the relevant modules (see Supplementary File
1, Material S5). These rules enforce mandatory specifications, such as
assumptions and methods for sample size calculation, strategies for
missing data handling, schemes for complex survey weight applica-
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tion,  and  protocols  for  model  specification  and  diagnosis.  The
decision  tree  serves  as  the  default  methodological  pathway,  while
justified  deviations  required  by  the  study  question,  data  structure,
sampling  design,  or  model  assumptions  are  permitted  with  docu-
mented rationale and audit-trail preservation.

By  encoding  methodological  constraints  into  reusable  decision
rules,  this  structured  design  aims  to  maximize  the  reduction  of
methodological  fluctuations  arising  from  natural  language
ambiguity,  thereby  ensuring  a  predictable  baseline  for  the
generated protocol regarding terminology usage, content coverage,
and  methodological  consistency.  Importantly,  this  constraint  struc-
ture  does  not  remove  the  researcher  from  the  design  process.  The
generated protocol functions as a reviewable artifact through which
investigators  can  refine  population  definitions,  variable  specifica-
tions,  covariate  assumptions,  and  the  SAP  before  statistical  execu-
tion begins. 

Execution analysis agent
Operating within a user-localized R/Python runtime environment,

this  agent  executes  a  closed-loop  'Parse-Generate-Execute-Repair'
workflow  by  invoking  external  large  language  models  (LLMs)  via
real-time API calls to parse protocols and generate code.

It  accepts  the  researcher-reviewed  statistical  analysis  plan  (SAP),
embedded  within  the  protocol  generated  by  the  planning  design
agent,  and  the  local  dataset  as  primary  inputs.  First,  the  system
parses the structured constraints of the SAP to generate hierarchical
sub-task  prompts.  Subsequently,  R  code  is  generated  based  on
these prompts and metadata (e.g., variable names, types, and miss-
ing data profiles). Crucially, to mitigate randomness in code genera-
tion  and  ensure  consistency  with  the  SAP,  the  code  generation
phase  employs  a  low  temperature  setting  (temperature  =  0.1)  for
the LLMs (e.g., Claude-Sonnet-4, ChatGPT-5)[32,33].

Prior  to  execution,  the  system  enforces  a  pre-check  gateway
defined  by  protocol-specified  methodological  constraints,  includ-
ing any approved deviations recorded in the SAP. Code passing this
pre-check is executed within the local environment. In the event of
execution  failure,  error  logs  are  captured  and  categorized,  trigger-
ing an automated repair loop (with a maximum of 10 iterations). The
system retries using a minimal modification strategy until successful
execution  is  achieved  (see Supplementary  File  1,  Material  S6).  The
resulting code,  tables,  figures,  repair  traces,  and execution logs  are
then available for investigator review before the statistical report is
finalized. 

Data security and provenance mechanism
The  entire  workflow  of  the  execution  analysis  agent  strictly

adheres  to  a  'Data  Does  Not  Leave  the  Domain'  principle.  External
LLM APIs receive only desensitized metadata (e.g., variable lists) and
error  logs;  raw  data  remains  permanently  resident  within  the  local
environment.  All  artifacts  generated during the process—including
multi-level  prompts,  model  versions  and  parameters,  generated
code  scripts,  execution  results  (tables  and  figures),  accepted
methodological  deviations,  and  comprehensive  system  logs—are
automatically archived into independent working directories named
according  to  chapter  numbering.  This  creates  a  complete,
immutable  chain  of  evidence  suitable  for  peer  review  and  future
reproduction (see Supplementary File 1, Material S7). 

PCS framework for veridicality assessment
To  evaluate  the  reliability  of  the  research  outputs,  this  study

adopts  the  PCS  (predictability,  computability,  stability)  framework
from veridical data science as its theoretical foundation. 

Predictability evaluation
Predictability  is  operationalized  as  a  reality  check  in  three

dimensions.
First,  regarding  the  predictability  evaluation  of  the  intelligent

design protocol produced by the planning design agent, we initially
refined the STROBE_CSS Statement into a 32-item quantifiable scor-
ing  rubric[34,35] (see Supplementary  File  1,  Material  S8).  Using  this
rubric as the comparative benchmark, we uploaded both the rubric
and  the  target  text—either  the  original  published  articles  or  the
intelligent  design  protocol  produced  for  a  specific  query—to  the
LLM (e.g.,  Gemini  2.5 Pro).  Guided by the established prompt engi-
neering  (see Supplementary  File  1,  Material  S9),  the  system
conducted a quantitative performance evaluation of  the intelligent
design  protocols  derived  from  original  published  articles  (or  those
generated de novo for specific queries).

We  emphasize  that  the  STROBE_CSS-based  POMP  score  was
designed to quantify checklist-based methodological completeness
and  the  correctness  of  predefined  methodological  steps,  not  to
assess  intrinsic  scientific  validity.  The  32-item  rubric  evaluates
whether key design and analytical elements are explicitly addressed
and  methodologically  appropriate,  including  sample-size  justifica-
tion,  bias-control  strategy,  missing-data  handling,  and  statistical
method  specification.  A  high  POMP  score,  however,  does  not  indi-
cate  that  the  research  question  is  clinically  important,  biologically
plausible, or free from unmeasured confounding. These dimensions
necessarily  depend  on  domain  expertise,  causal  reasoning,  data
quality,  and  external  evidence,  and  lie  beyond  the  scope  of
checklist-based  evaluation.  Accordingly,  POMP  is  best  understood
as a process-level quality indicator, not a comprehensive measure of
scientific merit.

Second,  regarding  the  predictability  evaluation  of  the  execution
analysis  agent,  we  utilized  the  22-item  SAP  evaluation  framework
(see Supplementary File 1,  Material  S10)—operationalized from the
statistical  analysis  section  (see Supplementary  File  1,  Material  S4,
Chapter 7) of the planning design agent's protocol—as the compar-
ative scoring rubric. We uploaded this rubric alongside the code and
statistical results output by the execution analysis agent to the LLM
(e.g., Gemini 2.5 Pro). Based on the established prompt engineering
(see Supplementary  File  1,  Material  S11),  the  system  performed  a
quantitative performance evaluation of the agent's code and statis-
tical outputs.

Crucially,  to  assess  the  objectivity  and  validity  of  the  evaluation
results  produced  by  the  LLM  (e.g.,  Gemini  2.5  Pro),  we  selected  10
senior  experts  in  epidemiology  or  biostatistics  independent  of  the
study team. We paired these experts 1:1 based on professional back-
ground  (epidemiology  or  biostatistics)  and  similarity  in  age  (within
1−5  years),  resulting  in  two  groups  of  five  experts  each.  For  each
pair,  we  generated  two  random  numbers  using  a  random  number
table and ranked them; the expert with Rank 1 was assigned to the
experimental  group,  and  the  expert  with  Rank  2  to  the  control
group.

Regarding  the  expert-validation  sample  size,  we  performed  an
exact  noncentral-t  power  calculation  for  a  paired  t-test  with  two-
sided α =  0.05,  1 − β =  0.95,  and  a  conservative  anticipated  paired
standardized  effect  size  of  Cohen's  dz  =  1.50,  chosen  below  the
effect  observed  in  the  300-pair  benchmark  comparison  (overall
dz = 2.50;  stratum-specific dz = 2.30,  3.20,  and 3.59).  The minimum
required  sample  was  eight  article–protocol  pairs;  we  selected  nine
pairs  to  support  balanced  stratified  random  sampling,  with  three
articles  independently  and  randomly  selected  from  each  JCR  quar-
tile stratum (Q1, Q2, and Q3). With n = 9 and dz = 1.50, the resultant
power was approximately 0.975.

https://doi.org/10.48130/stati-0026-0014  

Bo et al. Statistics Innovation 2026, 3: e017   Page 3 of 14

https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014


1.  The  five  experts  in  the  experimental  group  evaluated  the
performance  of  the  intelligent  design  protocols  (generated  for  the
original  published  articles),  using  the  original  published  articles  as
background  reference  and  strictly  adhering  to  the  aforementioned
32-item STROBE_CSS criteria.

2.  Conversely,  the  control  group  experts  directly  evaluated  the
research  design  and  analytical  performance  of  the  original
published articles, using the same criteria and the original published
articles as background reference.

For the comparison of evaluation scores between paired experts,
we employed paired t-tests. For reliability analysis, we used ICC(A,5)
(two-way  random,  average  measures)  to  assess  Inter-Rater
Reliability  (IRR)  among the five  experts  within  the  experimental  (or
control)  group.  To  assess  automated–expert  calibration,  we  com-
pared  each  object's  automated  POMP  score  (Gemini  2.5  Pro)  with
the  corresponding  five-rater  expert-consensus  POMP  score  across
18 objects.  Agreement was summarized using Pearson r,  Lin's  CCC,
mean  bias,  and  MAE.  For  the  IRR  analysis,  ICC  (A,5)  was  used,  and
relaxed  item-level  agreement  was  additionally  reported  because
protocol scores approached the scale ceiling. 

Computability evaluation
To  assess  the  operational  feasibility  of  AgenMed_CSS  under

standard computational resource constraints (MacBook Air, 13-inch,
2025; Apple M4; 16 GB RAM; 512 GB SSD), the system was deployed
on a standard laptop configuration. The system was run using real-
time  API  calls  to  LLMs  such  as  Claude-Sonnet-4  and  ChatGPT-5.
Operational logs were monitored to track metrics including the first-
pass  correctness  rate  of  code  generation  for  major  analysis  stages,
the efficiency of automatic repair, the accuracy of key method code
calls,  the  overall  process  success  rate,  and  total  execution  time.
These metrics  were used to evaluate the transparency,  auditability,
and engineering robustness of the computational process, verifying
its practical utility (see Supplementary File 1, Material S13). 

Output consistency evaluation
This  analysis  was  inspired  by  the  PCS  perturbation  principle  but

was not a full PCS stability analysis: the underlying dataset, variable
definitions,  model  specifications,  and  analytical  decisions  were  not
perturbed.  Inferential  tests  were  used  only  as  exploratory
comparisons  and  were  not  interpreted  as  evidence  of  stability  or
equivalence.

1. Planning output consistency: For a single standardized observa-
tional research project (see Supplementary File 1, Material S14), the
planning  design  agent  iteratively  called  four  widely  used  LLMs
(Claude-Sonnet-4, Gemini 2.5 Pro, ChatGPT-5, and DeepSeek-V3), 50
times  each.  Welch's  ANOVA  was  conducted  to  compare  POMP
scores across backends, with Games–Howell post-hoc tests for pair-
wise  comparisons.  Results  are  reported  descriptively  as  group
means, 95% CIs, and absolute between-backend differences.

2.  Execution output consistency:  Targeting the statistical  analysis
section  of  the  generated  protocol  (see Supplementary  File  1,
Material  S4,  Chapter  7),  the  execution  analysis  agent  iteratively
called  two  LLMs  (Claude-Sonnet-4  and  ChatGPT-5)  50  times  each.
Welch's  t-test  was used to compare the performance of  the output
statistical analysis code and results based on the 22 SAP evaluation
metrics. 

Validation research design
The validation study links  each comparison object  with a  corres-

ponding  evaluation  metric  and  a  pre-specified  statistical  method.

The  published-article  comparison  assesses  whether  agent-
generated  protocols  achieve  higher  STROBE_CSS  completeness
than  matched  peer-reviewed  cross-sectional  studies,  evaluated
using  POMP  scores  and  paired  t-tests.  The  cross-LLM  comparison
assesses  whether  outputs  remain  consistent  across  different  LLM
backends,  evaluated  using  POMP  scores,  execution-fidelity  scores,
and  Welch's  ANOVA.  The  unconstrained  human-AI  collaboration
comparison  assesses  whether  the  structured  agentic  workflow
outperforms  general-purpose  LLM  use  without  the  Agentic
T-STROBE  framework,  evaluated  using  POMP  scores  and
independent-sample  t-tests.  These  components  are  described
below. 

Comparison objects 

Published articles
A  systematic  search  was  conducted  in  the  PubMed  database  for

cross-sectional  study literature published from 2020 to 2025 in JCR
Q1,  Q2,  and  Q3  journals  (see Supplementary  File  1,  Material  S15).
Using simple random sampling, 100 articles were selected from each
partition  (total n =  300).  Based on the  background,  objectives,  and
materials  and  methods  of  each  article,  the  planning  design  agent
generated  a  complete  intelligent  design  protocol  under  the
constraints  of  the  Agentic_STROBE_CSS  prompt  engineering
framework  developed  in  this  study  (see Supplementary  File  1,
Materials S1 and S2). 

Cross-LLM output consistency
On  the  one  hand,  for  the  same  observational  study  project  (see

Supplementary  File  1,  Material  S14),  the  planning  design  agent
generated  50  intelligent  design  protocols  each  (total n =  200)  by
iterating through calls to four LLMs: Claude-Sonnet-4, Gemini 2.5 Pro,
ChatGPT-5,  and  DeepSeek-V3,  under  the  Agentic_STROBE_CSS
prompt constraints (see Supplementary File 1, Material S1).

On  the  other  hand,  for  the  statistical  analysis  section  of  the
generated  protocols  (see Supplementary  File  1,  Material  S4),  the
execution  analysis  agent  generated  statistical  analysis  code  and
results  50  times  each  (total n =  100)  by  iterating  through  calls  to
Claude-Sonnet-4 and ChatGPT-5. 

Unconstrained human-AI collaboration
Thirty-two  students  majoring  in  medical  dataology  (19  seniors

and  13  graduate  students),  trained  in  epidemiology,  biostatistics,
and  data  science,  were  recruited.  They  were  tasked  with  indepen-
dently  generating  a  design  protocol  for  the  same  observational
study  project  (see Supplementary  File  1,  Material  S14)  using  any
general-purpose  LLM  (platform  and  model  unconstrained).  No
Agentic_STROBE_CSS  prompt  engineering  framework  (see Supple-
mentary  File  1,  Material  S1)  or  any  templates,  scoring  criteria,  or
example  schemes  were  provided.  The  resulting  schemes  served  as
the  baseline  comparator  representing  the  currently  prevalent
unconstrained human-AI collaboration mode. 

Evaluation metrics 

STROBE_CSS methodological completeness

Ri i Ri =

32∑
j=1

si j

Each original published article (or intelligent design protocol) was
evaluated  using  the  32-item  STROBE_CSS  scoring  rubric  (see
Supplementary  File  1,  Material  S8).  This  rubric  assesses  reporting
completeness  and  the  methodological  appropriateness  of
predefined  design  and  analysis  elements,  rather  than  the  intrinsic
scientific merit of the research question. Each item was scored on a
three-point  scale:  0  =  missing  or  inappropriate;  1  =  partially
achieved; 2 = fully achieved and methodologically correct.  The raw

score  for  the th article  (or  protocol)  is  defined  as: ,
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si j ∈ {0,1,2}where ,  with  a  maximum possible  score  of  64.  To facili-
tate  comparison,  raw  scores  were  linearly  standardized  to  a  0–100
scale using the POMP (percent of maximum possible) method[36]:

POMPi = 100× Ri

64
(1)

Higher  values  indicate  superior  performance  by  the  planning
design agent. Scoring was executed by an LLM (e.g., Gemini 2.5 Pro)
based  on  established  prompt  engineering  (see Supplementary  File
1, Material S9). 

Statistical execution compliance

r

The  execution  fidelity  was  quantitatively  evaluated  using
'achieved/not achieved' ratings against the 22 evaluation metrics of
the  SAP  (see Supplementary  File  1,  Material  S10)  derived  from  the
statistical  analysis  section  of  the  intelligent  design  protocol.  The
compliance rate  (on a  100-point  scale)  for  a  single  run  is  defined
as:

Ar = 100× 1
22

22∑
k=1

crk (2)

crk ∈ {0,1} k
r

where  represents the judgment result for the th checkpoint
in  the th run.  Higher  values  indicate  better  performance  by  the
execution analysis agent. Scoring was executed by an LLM (e.g., Gemini
2.5 Pro) based on established prompt engineering (see Supplementary
File 1, Material S11). 

Statistical analysis
All  statistical  comparisons  were  two-sided  with  a  significance

threshold of α = 0.05. 

Paired comparisons (intelligent design protocol vs. published
articles)

For the published-article comparison, paired t-tests were used to
compare the intelligent design protocols with the original published
articles.  Effect  sizes  (Cohen's  dz)  and  95%  confidence  intervals  (CI)
for  the  mean  difference  were  calculated.  Forest  plots  were
generated to present item-level mean scores and their 95% CIs. 

Cross-model consistency
For cross-LLM output consistency,  due to equal  sample sizes but

potential  heterogeneity  of  variance,  Welch's  ANOVA  was  used  for
global  testing,  with  Games–Howell  tests  for  post-hoc  pairwise
comparisons. Results reported include p-values, maximum absolute
inter-group differences, group means, and 95% CIs. 

Execution performance
For  the  execution  analysis  agent,  Welch's  t-test  was  used  to

compare performance on the 22 SAP metrics between the two LLMs
(Claude-Sonnet-4  vs  ChatGPT-5).  Item-level  achievement  propor-
tions and 95% CIs were reported. 

System vs human-AI
Independent  sample  t-tests  were  used  to  compare  differences

between  the  four  LLM-generated  protocol  groups  and  the  uncon-
strained human-AI collaboration group, reporting POMP scores and
95% CIs for both groups. 

Computability
Descriptive  statistics  were  reported  for  the  AgenMed_CSS

computability metrics,  including first-pass code generation correct-
ness,  automatic  repair  efficiency,  key  method  code  call  accuracy,
process success rate, and execution time (see Supplementary File 1,
Material S13). 

Results 

AgenMed_CSS system overview
The  AgenMed_CSS  system  is  engineered  as  an  end-to-end  dual-

agent  workflow,  accessible  via  a  minimalist  user  interface  (Fig.  1).
The cognitive process follows a strict planning-execution dichotomy
(see Supplementary File 1, Material S3).

The  workflow  commences  with  the  user  providing  a  natural
language description of their research concept. The planning design
agent (Fig. 2a) engages first, parsing the user's intent through estab-
lished problem frameworks (e.g.,  PECO or  CoCoPop).  It  generates a
structured  draft  of  design  information,  which  is  then  iteratively
refined  into  a  final,  highly  normative  intelligent  design  protocol
comprising  nine  chapters.  Critically,  Chapter  7  of  this  protocol,
'Statistical  Analysis',  functions  as  a  precise,  machine-readable
instruction set for the subsequent phase (see Supplementary File 1,
Material S4).

Upon protocol finalization, the user submits the intelligent design
protocol  and  the  local  dataset  to  the  execution  analysis  agent
(Fig. 2b). This agent operates strictly within the user's local comput-
ing  environment  to  ensure  data  privacy.  It  executes  a  closed-loop
task stream: first, it parses the instructions in Chapter 7 (see Supple-
mentary  File  1,  Material  S7),  decomposing  them  into  independent
sub-task  modules  (including  data  preprocessing,  missing  value
treatment,  descriptive  statistics,  and  regression  modeling).
Subsequently,  it  generates the corresponding R code for  each sub-
task  and  executes  it  locally.  The  agent  incorporates  a  self-repair
loop;  if  code  execution  fails,  the  system  captures  the  error  log  and
iterates (up to a pre-set limit) to correct the syntax or logic. Through-
out  this  process,  every  prompt,  generated  code  snippet,  execution
result  (tables  and  figures),  and  error  log  is  automatically  archived,
establishing  a  complete,  traceable  chain  of  evidence  (see Supple-
mentary File 1, Material S7).  Raw data is never transmitted over the
external network (see Supplementary File 1, Material S16). 

Higher STROBE_CSS methodological
completeness than peer-reviewed literature

To  quantify  STROBE_CSS-concordant  methodological  complete-
ness,  we  conducted  a  benchmark  comparison  between  agent-
generated protocols  and peer-reviewed cross-sectional  studies.  We
randomly  extracted  300  cross-sectional  studies  published  in
journals ranked JCR Q1, Q2, and Q3 from the PubMed database. The
planning design agent was tasked with generating a de novo intelli-
gent  design  protocol  for  each  study,  based  strictly  on  the  back-
ground,  objectives,  and  materials  and  methods  descriptions
extracted from the original articles.

We evaluated both the 300 original published articles and the 300
system-generated  protocols  using  the  STROBE_CSS  extended
checklist,  which  comprises  32  distinct,  quantifiable  items  (see
Supplementary  File  1,  Material  S8).  Evaluations  were  performed  by
Gemini  2.5  Pro,  standardized  using  the  percent  of  maximum
possible (POMP) scoring method.

The results revealed a substantial gap in STROBE_CSS-concordant
methodological  completeness  (Fig.  3a).  Under  identical  conditions
of  background  and  objective,  the  protocols  generated  by  the
planning  design  agent  achieved  markedly  higher  STROBE_CSS-
concordant completeness than the published articles evaluated. The
system-generated protocols achieved a mean POMP score of 98.3%,
whereas the published articles averaged only 68.3%. A paired t-test
confirmed this difference to be statistically significant (p < 0.001).

Analysis  at  the  item  level  indicates  that  the  intelligent  design
protocols  achieved  near-perfect  scores  across  almost  all  inspection
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points.  In contrast,  the published articles displayed systematic defi-
ciencies in reporting, particularly regarding specific research design
details,  strategies  for  bias  control,  detailed  exposition  of  statistical
methods,  handling  of  missing  data,  and  the  basis  for  sample  size
calculations  (Fig.  3a).  Subgroup  analysis  by  journal  rank  (Fig.  3b)
indicated that while high-impact (Q1) journals exhibited marginally
better  reporting quality  than lower-quartile  journals,  the published
articles  across  all  partitions  remained  significantly  inferior  to  the
output of the agent. This finding quantifies the 'practice-norm gap'
inherent in the human-dependent scientific production system. 

Validation of automated evaluation
To verify the objectivity and validity of the LLM-based evaluation,

we  engaged  10  senior  experts  in  epidemiology  and  biostatistics.
These  experts  were  paired  1:1  based  on  professional  background
and  randomly  assigned  to  an  experimental  group  or  a  control
group.  They  reviewed  nine  article-protocol  pairs  selected  via
stratified  random  sampling,  with  three  pairs  drawn  from  each  JCR
quartile stratum (Q1, Q2, and Q3).

The expert  consensus POMP scores  corroborated the automated
evaluation  (Table  1).  The  intelligent  design  protocols  received  a
mean  expert  score  of  95.10  ±  2.39,  exceeding  the  corresponding
published  articles  (75.03  ±  12.11).  The  mean  paired  difference  was
20.07  POMP  points  (SD  of  paired  differences  =  12.05;  observed
Cohen's dz = 1.67; t(8) = 5.00, p < 0.01), substantially exceeding the
conservative  anticipated  effect  size  used  in  the a  priori power
calculation (dz = 1.50).

Inter-rater  reliability  (IRR)  and  automated–expert  calibration  are
summarized  in Table  1.  Published  articles  showed  high  five-rater
average-measures reliability (ICC [A,5] = 0.92; 95% CI 0.79–0.98). For
agent-generated  protocols,  ICC  (A,5)  was  not  interpretable  (–0.25;

95% CI –0.99–0.55) because near-ceiling scores restricted between-
object  variance.  Relaxed  item-level  agreement  was  higher  for
protocols  than  for  articles  (91.0%  vs  76.7%).  Across  all  18  objects,
automated  and  expert-consensus  POMP  scores  showed  strong
association  (Pearson  r  =  0.91, p <  0.001)  and  good  concordance
(Lin's  CCC = 0.83).  Mean bias  was –3.30 POMP points  overall, –9.58
for  articles,  and  +2.99  for  protocols,  indicating  object-type-specific
calibration  differences.  Thus,  the  main  conclusion  is  supported  by
independent  expert  consensus  rather  than  automated  scoring
alone. 

Architecture over intelligence: system
robustness

A critical question regarding AI systems is whether performance is
an  artifact  of  a  specific  model's  intelligence  or  a  result  of  the
system's  design.  To  address  this,  we  assessed  the  output  consis-
tency of the planning design agent by interchanging its underlying
LLM  backend.  We  employed  four  leading  large  language  models:
Claude-Sonnet-4,  Gemini  2.5  Pro,  ChatGPT-5,  and  DeepSeek-V3.
Each  model  was  tasked  with  generating  50  intelligent  design
protocols  for  a  single  standardized  observational  research  project
(see Supplementary File 1, Material S14).

All  backends  achieved  high  protocol  completeness  (Fig.  4),  with
mean  POMP  scores  of  99.2  (95%  CI,  98.5−99.8)  for  Gemini  2.5  Pro,
98.7  (98.0−99.3)  for  Claude-Sonnet-4,  99.4  (99.0−99.8)  for
ChatGPT-5,  and  97.2  (96.0−98.3)  for  DeepSeek-V3.  Welch's  ANOVA
detected  a  statistically  significant  between-backend  difference
(F[3, 103.37] = 5.18, p = 0.002), driven primarily by the slightly lower
and more variable DeepSeek-V3 outputs, though all backends main-
tained completeness  above 97%.  No backend exhibited systematic
methodological defects at the item level.

 

a

c d

b

 
Fig. 1  Minimalist user interface and end-to-end workflow of AgenMed_CSS. (a) Landing page where users select either Module 1 (Protocol Generation) or
Module 2 (Statistical Analysis), reflecting the system's 'planning–execution' dichotomy. (b) In Module 1, the Planning Design Agent starts by guiding users
to select  an appropriate question framework (e.g.,  PECO) to structure the research intent.  (c)  The user  then completes  structured research information
according  to  the  chosen  framework,  which  is  used  to  generate  and  iteratively  refine  a  standardized  intelligent  design  protocol.  (d)  In  Module  2,  the
Execution Analysis Agent accepts the finalized protocol and a local dataset for analysis, initiating a closed-loop analysis that ensures data privacy and full
traceability.
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This  finding  provides  evidence  for  architectural  robustness.  The

system's methodological rigor is not derived from the intrinsic capa-

bilities  of  any  single  LLM  but  from  the  front-shifted  STROBE  rules

and  the  modular  prompt  chains  that  constitute  the  system's

constraint framework. This suggests that structure is a more critical

determinant of research rigor than model intelligence.
 

 

a

b

 
Fig.  2  Dual-agent  architecture  for  reproducible,  privacy-preserving  epidemiological  research.  (a)  Planning  design  agent.  User  input  is  structured  via  a
question  framework  (e.g.,  PECO/CoCoPop)  and  translated  into  a  standardized  intelligent  design  protocol;  the  statistical  analysis  chapter  (see
Supplementary File 1, Material S7, Chapter 7) serves as the executable analysis specification. (b) Execution analysis agent. The protocol and a local dataset
are  ingested  to  run  a  staged  analysis:  protocol  parsing,  iterative  R  code  generation/execution  with  error-driven  self-repair,  and  integration  of
figures/tables into the final report.
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Performance of unconstrained AI collaboration
We explicitly contrasted the Agentic T-STROBE paradigm with the

currently  popular  unstructured  AI  co-pilot  mode.  We  recruited  32
students (19 seniors, 13 graduate students) trained in epidemiology,
biostatistics,  and  data  science.  This  group  utilized  general-purpose
LLMs  without  the  specific  constraints  of  AgenMed_CSS  to  design
protocols  for  the  same  standardized  project  (see Supplementary
File 1, Material S14).

The  disparity  in  outcomes  was  stark  (Fig.  5).  The  AgenMed_CSS
system  (pooled  across  four  models, n =  200)  achieved  a  robust
POMP  score  of  98.6  (95%  CI,  98.2–99.0).  In  contrast,  the  uncon-
strained  human-AI  collaboration  group  achieved  a  mean  POMP

score  of  only  63.1  (95%  CI,  56.9–69.2).  Furthermore,  the  human-AI
group's  results  were  characterized  by  high  variance  and  the
frequent omission of critical methodological elements. This confirms
that  providing a  powerful  tool  (a  generic  LLM)  to  a  competent  but
non-expert  user  is  insufficient  to  guarantee  high-quality  science.
Without a methodological 'scaffold', the co-pilot mode fails to over-
come human cognitive blind spots and inconsistencies. 

Process as proof: execution fidelity
A rigorously  designed protocol  is  futile  if  not  faithfully  executed.

We evaluated the execution analysis  agent's  ability  to translate the

 

a

b

 
Fig. 3  Benchmarking methodological  rigor:  agent-generated protocols vs.  peer-reviewed articles.  (a)  Forest plot displaying item-level  compliance with
the STROBE_CSS checklist. Data points represent the mean percent of maximum possible (POMP) score, and error bars indicate 95% confidence intervals
(CIs). The comparison contrasts the planning design agent's output (orange) with the original matched peer-reviewed studies (black; n = 300). The bottom
rows present the aggregate methodological quality scores for both groups. (b) Distribution of overall POMP scores stratified by journal ranking (tiers 1, 2,
and 3 correspond to JCR Q1, Q2,  and Q3).  Box plots show the median (center line),  upper and lower quartiles (box limits),  and 1.5× interquartile range
(whiskers). p-values were calculated using two-sided paired t-tests (p < 0.001). The source data is provided in Supplementary File 2.

 

Table 1.  Expert validation of protocol completeness and automated scoring calibration.

Section Metric All (n = 18) Articles (n = 9) Protocols (n = 9)

A. Expert consensus POMP scores Mean ± SD (%) − 75.03 ± 12.11 95.10 ± 2.39
95% CI − 65.72–84.35 93.27–96.94

B. Inter-rater reliability ICC (A,5) (95% CI) − 0.92 (0.79, 0.98) −0.25 (−0.99, 0.55)
− Relaxed agreement − 76.70% 91.00%
C. Automated–expert calibration Pearson r 0.91 (p < 0.001) − −
− Lin's CCC 0.83 − −
− Mean bias −3.3 −9.58 2.99
− MAE 6.74 10.49 2.99

Data are presented as mean ± SD or point estimates with 95% confidence intervals  (CIs).  Section A quantifies the methodological  completeness gap,  where five-rater
expert  consensus  confirms  that  agent-generated  protocols  outperform  matched  peer-reviewed  articles.  Section  B  reports  inter-rater  reliability  and  relaxed  item-level
agreement.  The anomalous ICC value for the protocol  group reflects a ceiling effect caused by restricted between-object variance,  as experts consistently rated these
protocols near the maximum score; it should therefore be interpreted together with the relaxed agreement metric. Section C reports automated–expert calibration at the
object  level  using  Pearson  r,  Lin's  concordance  correlation  coefficient  (CCC),  mean  bias,  and  MAE.  Abbreviations:  CCC,  Lin's  concordance  correlation  coefficient;  ICC,
intraclass correlation coefficient; MAE, mean absolute error; POMP, percent of maximum possible score. The source data is provided in Supplementary File 2.
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abstract  logic  of  a  design  protocol  into  concrete,  executable  code.

Using  the  statistical  analysis  plan  (see Supplementary  File  1,

Material  S7,  Chapter  7)  of  the  standardized  project  as  a  'gold

standard',  we  commanded  the  agent  to  perform  the  analysis  50

times using Claude-Sonnet-4 and 50 times using ChatGPT-5.

Adherence  was  quantified  using  22  binary  checkpoints  derived

from the analysis plan (see Supplementary File 1, Material S10). Both

models  demonstrated  near-perfect  fidelity  (Fig.  6).  The  execution

adherence rates were 93.5% (SD = 10.4%; 95% CI, 90.6–96.3) for the

Claude-driven agent and 92.3% (SD = 10.2%; 95% CI,  89.5–95.1) for

the ChatGPT-driven agent. The difference was not statistically signifi-

cant (t = 0.58, df = 98, p = 0.57).

Analysis at the item level revealed consistent success in complex

tasks such as 'declaring complex sampling designs and variance esti-

mation',  'constructing  main/sensitivity  models',  and  'presenting

effect  sizes  with  95%  CIs'.  This  confirms  that  AgenMed_CSS  effec-

tively  translates  abstract  methodological  constraints  into verifiable,

reproducible  computational  actions,  realizing  the  core  concept  of

'process as proof'.
 

Empirical validation: bridging the 'protocol-to-
reality' gap with real-world data

To  validate  the  full-process  performance  of  AgenMed_CSS  in  a
real-world research setting,  an empirical  test  was conducted based
on  the  research  project  titled  'A  population-based  cross-sectional
survey  of  bone  mineral  density  among  adults  aged  ≥ 65  years  in
Shandong  Province,  China'.  The  research  team  first  completed  a
field epidemiological investigation across the three major economic
circles  of  Shandong  Province  and  established  a  foundational
database by matching field data with health archives from the basic
Public Health Service system using a deterministic data linkage algo-
rithm.  Subsequently,  a  specific  structured  data  subset  covering
demographic  characteristics,  lifestyle  factors,  and biochemical  indi-
cators was extracted from the database. After de-identification, this
subset served as the final analysis dataset. This curated dataset was
then input into the execution analysis  agent alongside the system-
generated  intelligent  design  protocol.  The  agent,  without  human
intervention, produced a statistical analysis report (see Supplemen-
tary File 1, Material S17) by strictly adhering to the complete statisti-
cal  procedures  outlined  in  the  protocol  (see Supplementary  File  1,
Material S4, Chapter 7). 

 

 
Fig. 4  Structural constraints attenuate intrinsic model stochasticity.  Forest plots display item-level STROBE compliance scores across four distinct large
language model backends integrated into the planning design agent: Gemini 2.5 Pro (top left), Claude-Sonnet-4 (top right), ChatGPT-5 (bottom left), and
DeepSeek-V3 (bottom right).  Center points represent the mean percent of maximum possible (POMP) score derived from n = 50 independent protocol
generations for a single standardized reference project. Error bars denote 95% confidence intervals. The 'overall POMP score' (bottom row of each panel)
quantifies  the  global  methodological  completeness,  illustrating  high  backend-level  output  consistency  under  the  same  constraint  architecture.  The
source data is provided in Supplementary File 2
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Discussion
The empirical results presented in this study not only validate the

efficacy  of  a  novel  AI  system  but  also  pose  profound  questions
regarding current  research paradigms,  the foundations of  scientific
trust, and the future evolution of inquiry.
 

From descriptive guidelines to executable
contracts

Our  findings  support  the  value  of  front-shifting  STROBE  guide-
lines  from  a  passive  reporting  checklist  to  a  set  of  active  design
constraints.  When these constraints are embedded within an agen-
tic  execution  framework,  methodological  norms  are  transformed

 

 
Fig.  5  Methodological  scaffolding prevents  the  failure  of  unconstrained human-AI  collaboration.  Forest  plot  contrasting itemized STROBE compliance
between the planning design agent (orange circles; n = 200 pooled from four models) and an unconstrained human-AI collaboration group comprising
students using generic large language models (grey squares; n = 32). Data points represent mean percent of maximum possible (POMP) scores; horizontal
error  bars  denote  95%  confidence  intervals.  The  significant  gap  in  the  aggregate  'overall'  score  (bottom  row),  combined  with  the  substantial  variance
observed in the control  group (wide error  bars),  visually  quantifies  the 'practice-norm gap'.  This  demonstrates that  without the rigid constraints  of  the
agentic  framework,  access  to  advanced  AI  tools  alone  fails  to  mitigate  human  cognitive  blind  spots  or  ensure  checklist-based  methodological
completeness. The source data is provided in Supplementary File 2.
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from  suggestions  into  executable  contracts.  The  system  does  not
merely recommend best practices; it procedurally enforces them.

The  comparison  with  300  published  articles  (Fig.  3)  reveals  that
the  'artisanal  mode'  of  science,  which  relies  on  human  experts  to
voluntarily  adhere  to  guidelines,  suffers  from  systemic,  substantial,
and  persistent  execution  biases.  AgenMed_CSS  fundamentally
resolves  this  by  externalizing  and  proceduralizing  tacit  expert
knowledge.  The  agent  does  not  simulate  a  perfect  scientist  but
rather  faithfully  executes  a  methodological  checklist  that  is  more

comprehensive  and  tireless  than  human  cognitive  capacity  allows,
thereby  raising  the  baseline  of  checklist-concordant  methodo-
logical execution.

This  baseline,  however,  refers  specifically  to  the  process-level
quality  of  methodological  execution.  It  does  not  imply  that  the
system  can  judge  whether  a  research  question  is  clinically  impor-
tant,  biologically  plausible,  or  theoretically  significant.  That  judg-
ment  remains  part  of  the  conceptual  layer  of  scientific  inquiry  and
requires human expertise. 

 

 
Fig. 6  Execution fidelity in translating abstract logic into concrete code. Forest plot evaluating the execution analysis agent's reliability in operationalizing
statistical plans. The y-axis details 22 binary checkpoints derived from the study protocol (see Supplementary File 1, Material S7, Chapter 7), ranging from
initial data type conversion to final model diagnostics. Performance is compared between Claude-Sonnet-4 (blue circles) and ChatGPT-5 (maroon squares)
backends.  Data points  represent the mean compliance rate calculated from n =  50 independent execution loops for  each model,  with horizontal  error
bars  denoting  95%  confidence  intervals.  The  high  aggregate  adherence  rates  (bottom  shaded  region)  and  the  visual  overlap  between  the  two  series
demonstrate that the system consistently bridges the gap between methodological intent and computational reality, regardless of the underlying model
architecture. The source data is provided in Supplementary File 2.

https://doi.org/10.48130/stati-0026-0014  

Bo et al. Statistics Innovation 2026, 3: e017   Page 11 of 14

https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014
https://doi.org/10.48130/stati-0026-0014


Peer review as a narrative filter: implications for
process auditing

The  systematic  superiority  of  AgenMed_CSS  over  published
articles  provides  a  unique,  large-scale  empirical  perspective  for
reconsidering  the  essential  function  of  peer  review.  Our  results
indicate  (Fig.  3)  that  successful  publication  in  respected  journals  is
not  synonymous  with  methodological  completeness.  This  observa-
tion does not seek to fault individual reviewers or editors but rather
illuminates  an intrinsic  structural  blind spot  within  the  peer  review
system.

Current peer review functions primarily as a narrative filter rather
than  a  process  auditor[37−39].  It  is  adept  at  evaluating  whether  a
manuscript's  narrative  is  coherent,  its  question  significant,  and  its
conclusions  novel.  However,  it  possesses  neither  the  capacity  nor
the  design  to  audit  the  generative  process  of  the  research  itself,
verifying whether every decision from initial conception to final data
analysis  adhered  to  best  practices.  Reviewers  evaluate  static  text,
not the dynamic execution path replete with decision branches. By
generating  a  complete  computational  lineage  containing  all  inter-
mediate  artifacts  and  decision  logs  (see Supplementary  File  1,
Material  S7),  AgenMed_CSS addresses  this  gap in  process  auditing,
offering a novel dimension for assessing research credibility. 

Process as proof: a new foundation for trust
Under  the  artisanal  paradigm,  trust  in  scientific  research  relies

heavily  on  proxy  metrics:  author  reputation,  institutional  ranking,
and journal impact factor. This model of trust is indirect and opaque.
The  emergence  of  AgenMed_CSS  signals  the  possibility  of  a  more
robust foundation for trust: Process as Proof[37,40,41].

When  the  entire  trajectory  of  a  study—from  every  design
decision in the protocol to every line of analysis code and its execu-
tion  result—is  recorded  in  a  complete,  immutable  format  (see
Supplementary File 1, Material S7), the locus of trust shifts from faith
in  the  person to  verification of  the  process.  The academic  commu-
nity  no  longer  simply  believes  that  an  author  did  the  right  thing;
they  can  directly  review  the  computational  records  and  reproduce
the  analysis  workflow  with  a  single  click.  This  trust,  grounded  in  a
verifiable  process,  is  more  objective,  transparent,  and  robust  than
any reputation-based trust. 

Cognitive stratification: the scientist as architect
of inquiry

Concerns  regarding  AI  displacing  scientists  are  widespread;
however,  our  research  points  toward  a  fundamentally  different
future. The comparison with the unconstrained human-AI collabora-
tion  mode  (Fig.  5)  reveals  that  simply  equipping  humans  with
powerful tools does not resolve the underlying issues. True paradig-
matic progress lies in a re-delineation of the boundaries of responsi-
bility between humans and machines, a concept we term Cognitive
Stratification.

In  this  new  model,  the  cognitive  tasks  of  machines  and  humans
are clearly stratified and decoupled. The execution layer belongs to
the agentic system and encompasses methodological steps that are
procedural,  error-intolerant,  and  require  high  fidelity  and  consis-
tency;  in  this  layer,  the  machine  serves  as  the  guarantor  of  the
methodological  foundation.  The  conceptual  layer  remains  the
domain  of  the  human  scientist  and  includes  formulating  insightful
scientific  questions,  constructing  theoretical  frameworks,  interpret-
ing  complex  background  knowledge,  critically  evaluating  research
results, and making final value judgments.

This stratification represents supervision rather than replacement.
In  AgenMed_CSS,  it  is  operationalized  through  three  researcher-
facing stages: structured question framing at the outset, review and
refinement  of  the  generated  protocol  and  SAP  before  execution,
and  post-execution  inspection  of  code,  tables,  figures,  and  audit
logs.  This  stratification  also  defines  the  boundary  of  the  present
evaluation.  The  agentic  system  can  enforce  whether  a  protocol
specifies  the  required  design  and  analysis  components,  but  it
cannot  determine  whether  the  underlying  research  question  is
worth pursuing. The formulation of meaningful hypotheses, assess-
ment  of  biological  plausibility,  appraisal  of  clinical  relevance,  and
final  interpretation  of  results  remain  responsibilities  of  human
investigators. 

Limitations and generalizability
This  study has limitations.  First,  the current system targets cross-

sectional  designs  within  observational  research;  its  applicability  to
cohort  studies,  case-control  studies,  and  randomized  controlled
trials  remains  to  be  developed  and  verified.  Second,  the
STROBE_CSS-based POMP score measures checklist-based method-
ological  completeness,  not  the  intrinsic  merit  of  the  research
question.  A  protocol  may  be  complete  and  methodologically  well-
specified  while  still  addressing  a  clinically  unimportant  or  biologi-
cally  implausible  question.  This  reflects  the  intended  boundary  of
Agentic  T-STROBE,  which  targets  the  execution  layer  of  research
rather  than the conceptual  layer  of  scientific  judgment.  Finally,  the
cross-backend  output  consistency  analyses  did  not  constitute  full
PCS stability testing,  as the underlying dataset,  variable definitions,
model specifications, and analytical decisions were not perturbed to
test the robustness of substantive scientific conclusions.

Nevertheless,  the  core  paradigm  of  this  study—forward-shifted
guidelines,  agentic  execution,  and  PCS  evaluation—is  highly
modular  and generalizable.  The underlying architecture  is  domain-
agnostic.  By  replacing  the  underlying  STROBE  rule  base  with
CONSORT  guidelines  for  randomized  trials[42] or  ARRIVE  guidelines
for animal research[43],  this paradigm could be seamlessly migrated
to  other  research  fields.  This  universality  suggests  its  potential  to
serve  as  a  general-purpose  infrastructure  for  systematic  scientific
inquiry across disciplines. 

Conclusions
AgenMed_CSS  represents  a  concrete  implementation  of  a  new

research paradigm—one in which methodological rigor is encoded
as  a  system  property  rather  than  left  to  individual  discretion.  It
utilizes  engineering  principles  to  transform  passive  best  practices
into active, executable workflows, and to convert invisible cognitive
processes into visible, auditable evidence. In doing so, it transforms
methodological  rigor  from  a  variable  quality  dependent  on  indivi-
dual  cultivation  into  a  systemic  attribute  embedded  within  the
workflow.

The  variability  documented  here  is  not  intrinsic  to  observational
research  but  stems  from  the  absence  of  enforceable  methodo-
logical constraints at the design stage. Embedding such constraints
within  structured,  agentic  workflows  can  make  key  elements  of
execution more transparent,  auditable,  and reproducible,  while the
scientific  value  of  any  given  study  will  continue  to  rest  on  human
judgment and domain expertise. 
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