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GRAPHICAL ABSTRACT

Development : prudent initiation （慎始）

Validation & prospective study

Specifying Intended
Use & uncertainty

Health economics

Implementation : diligent execution （笃行）

Monitoring & updating

Data infrastructure

Bias & unfairness

Predictor accessibility

Workflow integration

Governance framework

Al accountability principles

Monitoring: impactful utilization （致用）

Degradation & drift

DIAMOND checklist for dependable AI prediction model

Requirement analysis

PUBLIC SUMMARY
■   Care delivery needs the Development, Implementation, And MONitoring for Dependable AI model framework.

■   Development requires clear use cases, reliable data, standardized predictors, and rigorous validation.

■   Implementation requires workflow integration, transparent governance, fairness, and accountability.

■   Monitoring requires ongoing evaluation, model updates, and cost-effectiveness assessment.

■   The proposed DIAMOND checklist offers a practical path from promising algorithms to dependable care.
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Predictive  models  in  healthcare  are  widely  published,  yet  few  achieve
routine clinical  use due to gaps in methodological  rigor,  workflow integra-
tion,  and  governance.  Existing  guidelines  primarily  focus  on  clinical
settings,  with  few  addressing  broader  healthcare  delivery  contexts.  We
propose  a  practical  framework  for  translating  code  to  continuous  care:
Development, Implementation,  And  MONitoring  for  Dependable  AI  predic-
tion model (DIAMOND). Models must be built for explicit clinical use cases,
supported by interoperable data, standardized predictors, and rigorous vali-
dation with  prospective  designs.  Translation  into  practice  requires  work-
flow integration,  proportionate regulatory oversight of intended use,  trans-
parency,  uncertainty,  bias,  and accountability,  and continued post-deploy-
ment  evaluation—testing  transportability  across  settings,  monitoring  and
updating for data shift and performance degradation, and assessing health-
economic  impact  to  inform  iterative  refinement.  By  systematically  linking
these  stages,  the  DIAMOND framework  provides  a  structured  pathway for
advancing  AI  predictive  models  from  promising  algorithms  to  dependable
clinical tools.

 INTRODUCTION
The  medical  field  is  witnessing  a  surge  in  the  development  of  predictive

models.1 Several  are  widely  used  in  clinical  practice,  both  in  traditional
analogue  form  and  as  integrated  digital  tools.2 However,  only  a  limited
number of models are incorporated into electronic health record (EHR), and a
substantial proportion of models remain underutilized.3 Under such a condi-
tion,  guidance  on  prediction  model  development  for  better  clinical  practice
was  established.  DECIDE-AI  provides  a  consensus  reporting  guideline  for
early-stage,  live  clinical  evaluation  of  AI-driven  decision-support  systems,
whereas  TRIPOD+AI  extends  TRIPOD  to  harmonized  reporting  of  prediction
model  development  and  validation  using  regression  or  machine-learning
methods.4–5 However,  the  central  bottleneck  is  often  safe  and  sustainable
translation  into  prediction-action-intervention  workflows  rather  than  model
performance  metrics  alone.  Moreover,  the  FDA’s  SaMD  (including  AI/ML-
enabled)  guidance  adopts  a  total  product  lifecycle  perspective.  The  2025
FUTURE-AI  framework  encompasses  the  entire  AI  lifecycle,  including  six
guiding principles: fairness, universality, traceability, usability, robustness, and
explainability.  However,  these  guidelines  primarily  focus  on  clinical  models
and lack a broader perspective on the healthcare system. Furthermore,  they
adopt  a  single  perspective,  neglecting  to  assess  clinical  needs  from  the
combined viewpoints of doctors, the healthcare system, and agencies.6–9

To address these existing gaps, we introduce the DIAMOND checklist — a
structured  framework  designed  to  guide  the  development,  implementation,
and  ongoing  monitoring  of  reliable  AI  prediction  models.  The  checklist

outlines  three  essential  steps  in  design  and  translation,  including  aligning
models  with  real-world  needs,  rigorously  validating  performance,  proper
feedback  mechanisms  and  ensuring  continuous  monitoring  and  updates  to
maintain effectiveness and ethical compliance. By considering the lifecycle of
AI models from a systematic and comprehensive perspective,  we can facili-
tate smoother integration of these models into healthcare systems, enhanc-
ing their practical utility and impact.

 MATERIALS AND METHODS
To develop the DIAMOND framework, we conducted a structured literature

review  of  evidence  on  the  development,  implementation,  and  post-deploy-
ment  governance  of  artificial  intelligence-based  clinical  prediction  models.
Two  reviewers  independently  searched  PubMed,  Embase,  and  Web  of
Science for publications published between 1 January 2019 to 31 May 2026
using terms related to  artificial  intelligence,  machine learning,  deep learning,
clinical  prediction,  healthcare,  development,  implementation,  post-deploy-
ment monitoring and workflow integration. The search was supplemented by
grey-literature sources  including  medRxiv,  Google  Scholar,  guideline  reposi-
tories,  and  regulatory  documents,  as  well  as  manual  screening  of  reference
lists.

Eligible  sources  included  peer-reviewed  studies,  consensus  statements,
regulatory  guidance,  and high-quality preprints  addressing diagnostic,  prog-
nostic,  triage,  decision-support,  or algorithm governance models across any
healthcare specialty.  Titles,  abstracts,  and full  texts were screened indepen-
dently  by  two  reviewers;  disagreements  were  resolved  through  discussion
with a third reviewer.

To  illustrate  regional  heterogeneity  relevant  to  model  implementation,  we
analysed four population-based datasets: UK Biobank (UKB; >500,000 partici-
pants  aged  40–69  years,  recruited  across  the  UK  in  2006–2010),  China
Kadoorie Biobank (CKB; >512,000 adults from ten Chinese regions, recruited
in  2004–2008),  Yinzhou  electronic  health  records  (EHR;  residents  aged  ≥18
years since 2009),  and Shenzhen health examination records (adults aged ≥
65  years).  For  each  cross-cohort  comparison,  participants  were  first
restricted to overlapping age ranges and then harmonized using 1:1 nearest-
neighbour propensity  score matching without  replacement,  with a  caliper  of
0.2 standard deviations of the logit propensity score. Propensity scores were
estimated  from  established  lung  cancer  risk  models (details in  the  Supple-
mental  materials  and  methods),  which  incorporate  demographic,  smoking-
related,  respiratory,  occupational,  metabolic,  and  cancer-history  variables.
Covariate  balance  was  evaluated  using  standardized  mean  differences.
Regional  risk  patterns  were  compared  using  incidence  rates,  Kaplan–Meier
curves, and Cox proportional hazards models.
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 RESULTS
 Factors  to  consider  after  implementation:  long-term  surveillance  and
lifecycle governance of deployed models

In  clinical  prediction  modelling,  development  involves  defining  the  study
aim,  selecting  predictors,  preparing  data,  and  estimating  parameters,  while
crucially  aligning  these  steps  with  real-world  clinical  needs.10 If  developers
neglect real-world clinical needs, or if  the healthcare system is not prepared
to  embed  the  AI  model  into  routine  care,  the  model  may  remain  a  paper
prototype. Accordingly,  this  stage  should  address  five  key  aspects:  applica-
tion scenarios,  predictor accessibility,  model validation,  workflow integration,
and system infrastructure.11

 Clarify the deployment scenarios of predictive models. It is essential for
developers  to  clearly  define  a  model’s  objective  and  intended  deployment
scenario to ensure alignment with real-world needs. In the case of hospital-
based diagnostic support, models’ clinical impact must be measured. Mean-
while, for personal health management, real-time data collection is essential.
Besides, for  primary,  secondary,  and  tertiary  care  settings,  screening  effi-
ciency,  incomplete-data  handling,  and  diagnostic  precision,  are  emphasized
respectively.12 Primary care  AI  applications  emphasize  simplicity,  trans-
parency, and clinical relevance at the frontlines,13 while more complex tertiary
applications often require deeper data integration. Achieving such integration
depends on  standardized  and interoperable  clinical  data  across  the  end-to-
end workflow.

 Assess  whether  data  and  system  infrastructure  align  with  model
requirements. The integrity of healthcare AI fundamentally depends on high-
quality  data,  especially  electronic  health  records  (EHRs),  while  they  were
designed to document individual episodes of care,  and sometimes adminis-
trative  tasks  such  as  facilitate  the  payments  for  that  care,  rather  than
supporting  clinical  research.14 This  underscores  the  necessity  of  systematic
data provenance  review.  Data  collection  should  follow  standardized  proto-
cols to facilitate integration and exchange.15 For example, interoperability and
data  modeling  standards  (e.g.,  health  level  7  fast  healthcare  interoperability
resources,  HL7  FHIR)  ensure  consistent  capture  and  exchange  of  clinical
data, while common data models (e.g., observational medical outcomes part-
nership  common  data  model,  OMOP  CDM)  harmonize  multi-site observa-
tional  data.  Annotation  should  involve  expert(a  domain-qualified  clinician,
with their role, specialty, years of experience, or certification reported) valida-
tion to ensure accuracy. Data storage must prioritize security and accessibil-
ity,  ensuring data remains intact  for  analysis,  and data management should
include  classification,  organization,  coding,  and  retrieval  to  preserve  data
quality.

Moreover,  the  integration  of  multimodal  data  sources  (e.g.,  images,  video
records, diagnostic  notes)  further  complicates  data  infrastructure  require-
ments. Unfortunately,  many healthcare facilities lack adequate IT infrastruc-
ture, including reliable  internet  connectivity,  computing resources,  and stan-
dardized  data  formats.  Although  we  have  developed  federated  learning
infrastructures to integrate heterogeneous datasets across multiple hospitals,
the  underlying  data  still  reflected  variability  in  completeness  and  quality.16

Therefore,  before  deploying  prediction  models,  it  is  important  to  assess  the
healthcare system’s digital maturity, such as the quality of the data captured.
If the system is ready to embed an AI model into routine workflows, the next
step  is  to  determine  whether  the  required  inputs  have  been  consistently
defined, standardized, and validated.

 Assess  whether  predictive  factors’ testing  systems  are  universally
applicable. Identifying  high-impact  predictive  factors  while  neglecting  their
clinical accessibility, measurement standardization, and generalizability often
widens  the  gap  between  research  and  practice,17 especially  in  low-middle-
income settings.18 Candidate factors should be both clinically accessible and
demonstrably  associated  with  the  outcomes  of  interest.19 They  should  also
be sufficiently prevalent in the target population and be recorded well before
the anticipated outcome to allow for timely analysis.20

Measurement methods  must  be  widely  recognized,  accessible,  and  stan-
dardized  to  ensure  reliability  and  validity  across  settings  and  populations.19

For  example,  the  measurement  equipment  for  hypersensitive  C-reactive
protein  (hs-CRP)  differ  across  institutions  such  as  use  of  different  test
reagents  with  differing  reference  ranges.21 Therefore multicenter  data  typi-
cally  require  normalization  according  to  reference  interval  of  each  value.22

Similarly,  non-targeted,  non-absolute-quantitative  biomarkers  generated
from mass-spectrometry–based “omics” assays,  should not be used in risk
prediction models,  as  they  lack  measurable  and  reproducible  clinical  read-
outs. These challenges highlight the need to advance clinical laboratory stan-
dardization by adopting internationally recognized testing methods and cali-
bration standards.  With key factors standardized,  prediction model  develop-
ment is facilitated using step-by-step methodological guidance,10 but clinical
implementation ultimately depends on rigorous validation.

 Consider  multidimensional  and  prospective  validation  in  research
design. A  comprehensive  and  robust  evaluation  framework  encompasses
several key aspects: discrimination, calibration, clinical utility,  and, if  applica-
ble,  economic  evaluation.23-25 Notably,  while “accuracy” is frequently  priori-
tized,  it  represents  a  threshold-dependent  classification  metric  that  often
obscures  the  model’s  global  performance.7 Internal validations  are  instru-
mental in model selection and overfitting prevention, but limitation is inherent
due to potential optimism bias. Therefore, external validation is indispensable
for  verification  (Figure  1).  We  focus  on  discrimination  (AUC)  as  a  global
measure,  while  classification  metrics  (sensitivity/specificity)  are  reported
contingent  on  specific  decision  thresholds  relevant  to  the  clinical  setting.
Despite  the  abundance,  few AI  prediction  models  undergo  rigorous  external
validation  or  prospective  trial  examination.  When  assessed  in  real-world
settings,26-28 validation should go beyond accuracy and precision, incorporat-
ing robustness, adversarial testing, and fairness evaluations. It is also essen-
tial to balance ideal metrics with data, cost, and regulatory constraints.

Randomized  controlled  trials  (RCTs)  are  the  gold  standard  for  validating
the efficacy of AI models.  They are used to evaluate the effects of interven-
tions, with appropriate control procedures such as sham-models.29 The sham
model  acts  as  a  placebo  control  for  the  AI  system,  providing  the  scientific
foundation upon validation.  It  needs to  be  developed specifically  and evalu-
ated  for  its  rationality,  with  typical  training  objectives  to  achieve  the  same
specificity as the real model while having a sensitivity of zero.30 Zhang and his
colleagues designed a study demonstrating that, compared to where radiolo-
gists worked independently, the sham-AI model did not impact their diagnos-
tic  performance  negatively.31 Prospective  evaluation,  ideally  in  pragmatic
trials or target-trial emulation, remains the most reliable way to establish clin-
ical  impact.32 Nevertheless,  RCT-level  evidence  does  not  make  an  AI  model
“plug-and-play”; additional  software engineering is usually needed for work-
flow integration.

Consider whether models can be integrated into healthcare processes. The
key to integrating prediction models into clinical workflows is the changes of
doctors’ work mode.  For  example,  automated pop-up alert  systems provide
real-time  and  actionable  information,  improving  situation  awareness  and
clinical  management  in  pediatric  sepsis.33 However,  the  frequency  and
threshold for alert generation needs to be calibrated to avoid excessive false
positives.34 Although  risks  of  automation  bias,  alert  fatigue,  and  ongoing
human  oversight  to  interpret  alerts  exist,  clinicians  generally  appreciate  the
support provided by automated alerts, concerning about increased workload
and potential overreliance necessitating balanced system design.34 Therefore,
the content of alerts should be concise, contextually relevant, and actionable,
ideally  providing  not  only  risk  scores  but  also  explanatory  information  or
suggested  interventions.  For  informed  decision-making  and  confidence  in
using  predictive  models,  four  key  informational  elements  are  essential:  (1)
information  about  model  developers  and  users,  (2)  methodology,  (3)  peer
review  and  model  updates,  and  (4)  population  validation.35 Furthermore,
expert interviews revealed equity-related concerns, particularly regarding how
the model's  application might  intersect  with structural  inequities.  For  exam-
ple, factors like the capacity of advanced care planning (ACP) workflows and
discharge timing can significantly impact the net benefits of model-triggered
interventions for advanced care planning.

 Factors to consider during implementation: establishing a robust frame-
work for model governance

Real-world  metrics  may  disrupt  the  feasibility  of  model  implementation.
Without regulatory oversight across the total product life cycle, deployment is
unlikely to be sustainable (Figure 2). From the perspective of regulatory agen-
cies, the assessment of medical AI products involves pre-market evaluation,
intended  use  and  predictive  uncertainty,  model  bias  and  unfairness  and
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accountability arrangements.
Assessing  models’ transparency, explainability  and  reproducibility  Trans-

parency  in  AI  decision-making  is  essential  for  clinician’s  trust  and  patient’s
sense of safety.36 Agencies should ensure transparency and reproducibility by
several measures: Assessing study design protocols, details of data curation,
feature  engineering,  model  training  and  validation  processes;  assessing  de-
identified  feature  data  or  data  simulation  scripts  in  compliance  with  ethical
requirements;  assessing  trained  model  weights,  model  algorithms  or  online
prediction  tools  provided  by  developers{Yang,  2024  #38}.  In  line  with  best
practices  for  reproducible  research,  model  algorithm  should  be  hosted  on
code  repositories  (e.g.,  GitHub)  to  ensure  robust  version  control.  Beyond
model’s transparency, demographic representation within training datasets is
critical to achieving efficacious and equitable outcomes.37 AI models must be
rigorously validated  across  diverse  patient  populations  to  ensure  generaliz-
ability and minimize biases. Regulatory frameworks must be flexible enough
to adapt to the rapid advancements in AI technology, ensuring that certifica-
tion  processes  do  not  stifle  innovation  while  still  safeguarding  patient
health.38 Also, data  privacy,  security,  and  informed  consent  must  be  inte-
grated  into  the  regulatory  frameworks  to  protect  patient  rights  and  sustain
public  trust  in  AI  technologies.39 Furthermore,  these  frameworks  must
address  the  needs  of  frontline  clinicians  by  distinguishing  between  "local"
explanations  tailored  to  individual  patients  and  "global"  logic  governing  the
model as a whole. Clinical prediction models, which rely on longitudinal data
and  may  evolve  over  time.  Broad  consent  with  dynamic  consent,  facilitates
patient  authorization  for  the  use  of  health  data  and  biological  samples  in
future  research,  while  allowing  for  ongoing  updates  and  withdrawals  of
consent.40 In  2022,  national  institute  for  health  and  care  excellence(NICE)
updated its Digital Health Evidence Standards Framework (ESF) to include AI
with  adaptive  algorithms,  aligning  regulatory  requirements  to  address  the
need  for  "sustainable  evidence  and  continuous  monitoring."  Similarly,  the
European  Medicines  Agency  (EMA)  reflection  paper  on  AI  in  the  medicinal

product lifecycle emphasizes the need for post-authorization surveillance and
adaptability,  proposing  frameworks  for  algorithmic  updates  that  do  not
require full re-clearance, ensuring ongoing monitoring under established legal
frameworks  like  data  protection  and  cybersecurity.  This  advance  enhances
dependability  in  AI  prediction  models  and  promoting  long-term
participation.41

 Specifying  intended  use  and  operationalizing  predictive  uncertainty.
The  intended  use  of  a  clinical  AI  model  extends  beyond  simple
inclusion/exclusion criteria;  it  must clearly  define the intended users,  patient
groups, and clinical context of use. For instance, applying a model developed
on patients aged 40–70 to all-age adult population is not a minor adjustment,
but  raises  questions  of  transportability.  This  requires  evidence  that  the
deployment  environment  matches  the  development  setting  in  population
characteristics,  predictor  availability,  and  outcome  definition—a  point  also
emphasized in Good Machine Learning Practice principles, which align model
design and evaluation with intended use.42

Clinical decisions seldom depend solely  on point  predictions;  thus,  uncer-
tainty  should  be  quantified  and  communicated  transparently.  This  includes
uncertainties  arising  from data  limitations,  model  assumptions,  and dataset
shifts.  Presenting  confidence  intervals  or  band  of  prediction  values  helps
users distinguish between high-risk cases supported by strong evidence and
those with fragile  evidence.  Explicit  uncertainty  quantification is  increasingly
regarded  as  a  key  factor  in  safety  and  decision  quality,  bridging  statistical
output with human factors in clinical practice.43 For example, confidence esti-
mates for  machine  learning models  enhance reliability,  analyzing  uncertain-
ties improves clinical decision accuracy and robustness.43–44 Regarding hallu-
cination  detection  in  unsupervised  LLM  dialogue,  a  knowledge  uncertainty-
based measure has been proposed, with uncertainty quantification identified
as key for detecting unreliable outputs when external validation is not possi-
ble. Effective  communication  of  uncertainty  not  only  supports  safer  deci-
sions but also relates to broader concerns of model unfairness and bias.
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 Addressing  model  bias  and  unfairness. Sample  selection  bias  arises
when  real-world  patients  differ  from  the  training  population,  leading  to
uneven model  performance across demographic  or  clinical  subgroups.  This
bias  can  arise  from  various  factors,  such  as  differences  between  the  real-
world population and the training samples, as well as clinicians' understand-
ing of the AI model. In contrast, end-user bias stems from physician mistrust
in  AI  outputs,  complex  user  interfaces,  and  documentation  burdens,  which
lead  to  inconsistent  use  of  AI-generated  recommendations.  In  this  context,
adhering  to  established  guidelines  and  frameworks  is  essential  to  ensure
sustained accuracy and equity of AI algorithms.45 Bias in clinical AI should be
addressed in two stages: first, by reducing sample selection bias through the
use of representative data, alignment with the target population, local valida-
tion,  drift  monitoring,  recalibration,  and site-specific  adaptation;  and second,
by  mitigating  end-user bias  through  interpretable  design,  workflow  integra-
tion,  usability  optimization,  training,  and  human-factor  safeguards  that
promote appropriate trust and consistent use.

Unfairness is  often  driven  by  bias.  Detecting  unfairness  requires  translat-
ing fairness into auditable quantitative evidence by systematically comparing
performance,  error  types,  calibration,  and  formal  fairness  metrics  across
subgroups defined by sensitive attributes and their intersections. At the same
time, it is necessary to examine whether the model objectives and proxy vari-

ables  themselves  introduce  structural  disparities,  thereby  identifying  where
unfairness  occurs  and  assessing  its  severity.  Advanced  techniques  like  the
Double Deep Q-Network (DDQN) address model unfairness by reformulating
clinical  classification  tasks  as  reinforcement  learning  problems,  with  a
custom  reward  function  optimizing  both  "clinically  accurate  classification"
and fairness regarding sensitive attributes (e.g., race, hospital site).46 Notably,
The FDA’s Proposed Regulatory  Framework for  AI/ML-based Software as a
Medical  Device  (SaMD)  emphasizes  the  need  for  real-world  performance
monitoring,  including  tracking  model  performance  to  identify  existing  or
emerging bias.47 While this framework places meaningful responsibility on AI
model  developers,  healthcare  institutions  must  bear  the  responsibility  to
maintain awareness of their local populations and clinical practice shifts that
are  commonly  opaque  to  commercial  platforms.  Beyond  assessing  model
bias and unfairness,  regulatory agencies should establish clear accountabil-
ity arrangements.

 Navigating  moral  accountability  in  AI-driven  clinical  decision-making.
Determining moral accountability in complex socio-technical systems is both
significant and inherently challenging. A key debate in patient safety concerns
how responsibility should be balanced between individual clinicians and their
organizations.48 Clinical authority is not delegated to the AI system. The final
decision  remains  with  the  clinician,  as  human  clinicians  tend  to  maintain
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Figure 2.  Governance structure and responsibilities of key stakeholders in clinical prediction model This figure illustrates the interactions among model developers,  health-
care providers, health institutions, healthcare receivers, and regulatory agencies across the AI model development-implementation-regulatory lifecycle. Feedback loops support
model refinement, while regulatory agencies oversee all stakeholders by defining standards for data governance, model certification, transparency, and post-market monitoring,
ensuring safe and accountable clinical use.
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treatment despite  digital  systems  potentially  recommending  abrupt  thera-
peutic  changes.49–50 However,  when clinicians alter  their  decisions based on
automated  recommendations,  the  boundaries  of  responsibility  become
blurred.51 This  underscores  the  need  for  shared  accountability  in  the
"automation trade-off."  Clinical  institutions must ensure that AI  systems are
safe and reliable  by  requiring  manual  review of  AI  recommendations,  main-
taining  decision  logs,  and  enabling  timely  interventions  in  the  event  of
anomalies. Additionally,  developers  and  healthcare  institutions  must  imple-
ment transparent, auditable designs and comprehensive training programs to
mitigate the risk of automation bias.52

Numerous  scholars  have  debated  what  constitutes  sufficient  control  or
understanding  for  moral  responsibility.53 However,  when  AI  systems  are
involved in clinical decision-making, the extent to which clinicians can be held
accountable  for  patient  harm remains unclear.  They lack  direct  control  over
system outputs, and many AI models are inherently opaque.54

Safety  assurance aims to  establish confidence in  a  system’s safety,  typi-
cally  communicated  through  a  safety  case—a  structured,  evidence-based
argument prepared by developers.55 However,  static  safety  cases are poorly

suited  to  the  dynamic  nature  of  clinical  settings  and  machine  learning.  The
adaptive behavior of AI systems can alter their operating context, undermin-
ing the assumptions on which the original safety case was built.56 Therefore,
AI  developers  and  safety  engineers  must  be  included  in  assessments  of
moral accountability  for  patient  harm.  A shift  from static  to  dynamic assur-
ance  is  essential.57 This  requires  consensus  on  acceptable  levels  of  control
reduction  and  epistemic  uncertainty  prior  to  implementation  and  within
specific clinical contexts.

 Factors  to  consider  after  implementation:  long-term  surveillance  and
lifecycle governance of deployed models

After  implementation,  there  are  always  changes  in  patient  demographics,
variations  in  clinical  techniques,  and  confounding  medical  interventions.
Among these factors, effective interventions modify outcomes, thereby intro-
ducing bias into performance assessment.6 Thus,  post-deployment assess-
ment  of  predictive  AI  models  is  necessary  for  developers.  Specifically,  it
includes three core components: geographic heterogeneity and model recali-
bration, continuous  monitoring  and  updating,  and  health  economic  evalua-
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Figure 3.  Cross-regional divergence in disease incidence trend — lung cancer as example This figure shows Kaplan–Meier curves of cumulative lung cancer incidence (y-axis)
over time in years of follow-up (x-axis)  for comparable participants from different cohorts that are matched with traditional  lung cancer risk factors.  (A) The figure compares
subpopulations from UKB versus CKB to illustrate  cross-country  differences in  lung cancer  incidence trend among individuals  with similar  characteristics of  lung cancer  risk
factors.  (B)  The  figure  contrasts  subpopulations  of  CKB with  Yinzhou EHR to  highlight  differences  between a  historic,  large-scale  cohort  covering  10  provinces  in  China  and
contemporary EHR of eastern coastal city. (C) The figure depicts the incidence trends, stratified by the 10 provinces within the analytical subset of CKB cohort shown in Fig. B, to
illustrate domestic China cross-regional heterogeneity present. (D) The figure compares Yinzhou EHR and Shenzhen EHR to reflect regional variations in lung cancer incidence
trend within China.
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tion.58

Geographic  heterogeneity  drives  risk  miscalibration:  evidence  across
cohorts  and  regions  Cross  regional  heterogeneity  in  disease  risk  is  often
underestimated  or  even  overlooked.  Using  UKB,  CKB,  and  two  Chinese
regional  EHR  datasets  (Yinzhou  and  Shenzhen),  we  propensity-
score–matched individuals on key lung cancer risk factors and still observed
marked  between-setting  differences  in  absolute  risk  (Figures  3A-D).  This
indicates  that  there  are  still  non-negligible  driving  factors  for  lung  cancer
occurrence that have not been identified,  such as genetic factors,  molecular
biomarkers,  as  well  as  gene-environment  and  molecular-environment inter-
actions.  Additionally,  different exposure patterns across various regions that
are still unexplored also play an important role. Consequently, a model initially
developed within a specific set often exhibits miscalibration in a new environ-
ment,  underscoring  the  need  for  model  recalibration.  Such  miscalibration  is
likely  due  to  genetic  diversity,  environmental  differences,  and  variations  in
screening  practices.  Models  that  are  well-developed  and  validated  in  high-
quality  cohorts  may  exhibit  different  performances  when  applied  to  real-
world big data, owing to differences in data quality.59 Thus, there is an urgent
need  to  advance  methodological  innovation  in  disease  risk  prediction
modelling,  in  addition  to  large-scale  electronic  healthcare  data  from
geographically  or  socioeconomically  comparable  populations.7 The general-
ity of the model techniques including local recalibration/model updating when

miscalibration  is  detected  (e.g.,  updating  intercept/slope  or  other  updating
strategies).

 Continuous  monitoring  and  updating  mechanisms. AI model  deploy-
ment is not a one-stop procedure but rather a continuous, iterative process. A
salient example is the Prostate, Lung, Colorectal, and Ovarian Cancer Screen-
ing Trial model (PLCOm2012), a widely used lung cancer risk prediction tool
developed  to  support  risk-based  selection  for  low-dose  CT  screening.
Evidence has shown that risk-model–based eligibility (e.g., PLCOm2012) can
outperform categorical criteria in identifying individuals who may benefit from
screening.60 After deployment, the model’s behavior interacts with clinicians’
practice, impacting its performance and requiring further tuning or retraining.
However, such adjustments carry inherent risks: they may further deteriorate
performance  or  lead  to  unintended  consequences.  Therefore,  it  is  critical  to
log  all  details  of  the  entire  deployment  process,  including  when  the  model
was  deployed,  how  it  interacted  with  clinicians,  and  how  its  performance
changed  over  time.  To  address  this  challenge  and  unravel  AI  model  failure
mechanisms, Liu et al  proposed a medical algorithmic audit framework that
fosters structured feedback among the end-users, model developers, and ITS
team.61

Furthermore,  AI  models  require  ongoing  validation  using  real-world  data.
This  is  a  proactive,  label-agnostic  monitoring  pipeline  incorporating  transfer
and continual  learning detects and mitigates harmful  data shifts,  preserving
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Table 1.  Illustration of the DIAMOND checklist using the QRISK programme as an example.

Consideration Example

Consideration 1 The QRISK family (QRISK1–3) and the QR4 update were developed to estimate 10-year risk of incident cardiovascular disease
(CVD) in UK adults and to support primary-prevention decisions (e.g., statin initiation and lifestyle counselling) in routine
primary care.

Consideration 2 The models were derived using routinely collected general-practice EHR data from the nationally representative QResearch
database (EMIS), with linkage to outcome sources such as ONS mortality (and, in newer work, linked hospital data), enabling
population-scale development and evaluation.

Consideration 3 Development prioritised predictors that are clinically meaningful and routinely captured in EHR workflows, balancing
incremental predictive value against deployability at scale.70

Consideration 4 To demonstrate generalisability, external validation in independent UK datasets—initially THIN and later CPRD—has been
central to the QRISK lifecycle, reducing reliance on “home” data and strengthening confidence in transportability across
settings. Model performance was assessed using discrimination (C statistic/AUC) and calibration; in QR4, shrinkage
diagnostics were close to 1, indicating minimal overfitting, and external validation showed modest yet consistent
discrimination gains over QRISK3.71–72

Consideration 5 In routine UK primary care, NICE guidance recommends QRISK3 for adults aged 25–84 years without established CVD to
support shared decision-making. It operationalises prevention by recommending atorvastatin 20 mg for primary prevention
when 10-year QRISK3 ≥10%, while recognising that embedded clinical systems may lag in version updates.72

Consideration 6 To reinforce trust and uptake, transparent reporting and critical appraisal should align with established methodological
standards—TRIPOD for complete reporting and PROBAST for risk-of-bias/applicability assessment—to support transparency,
explainability, and reproducibility.73

Consideration 7 In practice, implementation commonly relies on EHR-integrated decision-support engines rather than public demonstrators;
accordingly, the QRISK website explicitly distinguishes the non-clinical demonstrator from the EP QRISK3 Engine registered as
a Class I medical device for use within clinical systems.

Consideration 8 Methodologically, QRISK3 and QR4 were developed using sex-specific Cox-based time-to-event models to estimate 10-year
risk, with clear separation between derivation and validation populations (practice-level split and/or independent databases)
to mitigate optimism and quantify generalisability.2

Consideration 9 Real-world experience shows that software-layer failures can be clinically material: an MHRA investigation reported code-
mapping errors in one integrated QRISK2 calculator, requiring temporary disablement and remediation—underscoring
governance, surveillance, and corrective action as integral to safe deployment.

Consideration 10 Consistent with this emphasis on robustness, ongoing external validation in independent UK datasets—again spanning THIN
and CPRD—remains a core feature of the QRISK lifecycle, sustaining confidence in transportability as models evolve.71

Consideration 11 Because baseline CVD incidence, coding completeness, treatment patterns, and population risk-factor distributions evolve
over time, QRISK is framed as an updating programme, with periodic recalibration/versioning used to preserve calibration and
clinical relevance.

Consideration 12 Health-economic evidence is embedded in UK guideline processes: the BMJ summary of updated NICE guidance notes that
high-intensity statins are cost-effective across plausible age–risk combinations, while NICE retained the 10% 10-year QRISK
threshold to prioritise uptake among those most likely to benefit.74

THIN: the health improvement network; CPRD: clinical practice research datalink; AUC: area under the curve; NICE: national institute for health and care
excellence; TRIPOD: transparent reporting of a multivariable prediction model for individual prognosis or diagnosis; PROBAST: prediction model risk of bias
assessment tool; EP: endeavour predict; MHRA: Medicines and Healthcare Products Regulatory Agency; BMJ: British Medical Journal.
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model performance over time.
The sustained effectiveness of a model depends on both technical adjust-

ments and the influence of clinical practices and patient behavior. Healthcare
professionals'  and  patients'  perceptions  of  machine-learning-based  risk
prediction models can impact  their  use and effectiveness.62 Considering the
above, post-implementation impact should also be evaluated to enable regu-
latory agencies to determine the AI model’s cost-effectiveness.

Health  economic  evaluation  Although  the  evaluation  of  machine  learning
models typically focuses on measures of performance, they do not reflect the
consequences of taking action based on the model’s output.63 If the projected
outcomes are unfavorable (e.g., high costs per quality-adjusted life year), the
rationale  for  conducting  large-scale  empirical  impact  studies  may  be
substantially  undermined.  Accordingly,  after  model  deployment,  health
economic  evaluation  (e.g.,  Markov  models,  decision  trees  or  simulations
assessing  cost-effectiveness)  is  a  core  component.64 For  example,  in  lung
cancer  screening,  predictive  models  such  as  OWL  have  shown  superior
screening  efficiency  compared  to  traditional  guideline-based  approaches  in
European populations.65-67 Besides, the PLCm2012 model was shown to be cost-

effective in the United States, while the NCC-LCm2021 model in China was well
below the local willingness-to-pay threshold.68–69 Developing health economic
models’ post-deployment  is  recommended,  as  these  models  can  provide
actionable feedback to the developing stage. This is critical to build a multi-
stakeholder  feedback  loop  for  real-world  monitoring  and  continuous  model
refinement.

 DISCUSSION
The  QRISK  programme—most  notably  implemented  as  QRISK3  (intro-

duced in 2017) and more recently extended through the QR4 algorithm—was
developed  to  estimate  an  individual’s  absolute  10-year  risk  of  incident
cardiovascular  disease  (CVD)  among UK adults,  thereby  supporting  primary
prevention decisions,  including lifestyle  optimisation and lipid-lowering ther-
apy where appropriate. Derived from routinely collected, anonymised primary-
care electronic health record (EHR) data from the QResearch database, which
has now been reported to include health records from more than 40 million
patients, the QRISK models provide an excellent example of the application of
our DIAMOND checklist (Table 1).
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A Development

1: Requirement analysis

1a: Target population?
State goal, clarify value, define users, and align clinical and health care 
integration.

1b: Predictive outcome?
Confirm endpoint type, diagnostic criteria, and high-risk definition.

1c: Implementation scenario?
Specify target facilities (primary, secondary, or tertiary care) and 
infrastructure needs.

1d: Response to prediction?
Specify actions for individuals with high predicted risk.

1e: Model strategy?
Develop new, update existing, or use pre-built model; survey current evidence 
using PRISMA and assess applicability.

2: Predictor accessibility

2a: Predictor accessibility?
Verify feasible measurement, sufficient exposure, early recording, and long-
term stability.

3: Validation

3a: Validation strategy?
Check internal, external, multi-validation, and prospective validation.

4: Data infrastructure

4a: Data quality control?
Confirm source list, field dictionary, timestamp rules, and baseline 
missingness.

4b: Data infrastructure fit?
Identify required data sources and gaps between training and deployment 
data.

5: Workflow integration

5a: Work mode impact?
Ensure intuitive interface, clear guidance, input/results usability, and staff 
training.

5b: Clinical workflow impact?
Pilot materials, tools, UI, communication, and intervention pathways.

B Implementation

6: Governance framework

6a: Legal framework?
Clarify responsibilities of developers, institutions, and clinical and health 
care users.

6b: Data privacy framework?
Implement privacy protection and consent mechanisms.

6c: Cross-functional governance?
Confirm protocols, review de-identified data, and grant validation access to 
model assets.

7: AI accountability principles

7a: AI accountability risk?
Clarify decision authority, prepare a safety summary, and complete an 
accountability assessment.

8: Specifying intended use

8a: Intended use?
Define purpose, use cases, target users, and risks of out-of-scope use.

8b: Predictive uncertainty?
Present confidence intervals or uncertainty bands alongside model outputs.

C Monitoring during implementation

9: Degradation and drift

9a: Performance monitoring?
Establish monitoring, address degradation, and assess regional risk 
differences.

10: Bias and unfairness

10a: Bias and unfairness?
Use standardized tools (e.g., the Cochrane ROB tool) to assess bias risk at 
each study stage.

11: Monitoring and updating

11a: Drift and updates?
Record user interactions, monitor long-term performance, define update 
rules, and analyze drift causes.

12: Health economics

12a: Health economics?
Conduct cost-effectiveness analysis and evaluate reduction of unnecessary 
health care costs.

Clinical Prediction Model Implementation Checklist

Figure 4.  DIAMOND checklist: key considerations of prediction model development, implementation, and monitoring after implementation.
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 CONCLUSION
In  summary,  closing the translational  gap from algorithm development  to

clinical  implementation  necessitates  careful  attention  throughout  the  entire
model  lifecycle.  This  spans from alignment with real-world clinical  needs to
sustained validation of efficacy and ethical compliance post-deployment. By
prioritizing rigorous testing protocols,  transparent reporting standards,  itera-
tive  feedback  loops,  and  robust  governance  framework,  as  detailed  in  the
DIAMOND  Checklist(as  detailed  in Figure  4),  we  can  not  only  enhance  the
model’s practical utility, but also ensure its enduring effectiveness in optimiz-
ing patient outcomes and healthcare system efficiency.
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