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Abstract

Occupational respiratory disease (ORD) surveillance remains largely reactive, with diagnosis of-
ten occurring only after clinically significant symptoms develop. Existing risk stratification tools
are primarily clinically derived and rarely incorporate occupational exposure variables such as
exposure intensity, duration, and workplace hazards, limiting early identification of at-risk workers.
This review synthesizes current evidence on predictive modelling and risk stratification tools for
respiratory diseases, evaluates their applicability to occupational health, and proposes a data-
driven framework for proactive risk stratification. A structured literature search was conducted in
PubMed, Scopus, and Web of Science for studies published between 2021 and 2025. Medical
Subject Headings (MeSH) and free-text terms related to occupational respiratory diseases, predic-
tive modelling, prognostic tools, and occupational exposure assessment were combined using
Boolean operators. Extracted data included study characteristics, modelling approaches, predictors,
and model performance metrics, which were narratively synthesized using thematic mapping. Of
618 records identified, six representative evidence approaches were retained for detailed compar-
ative synthesis. Clinical models such as BODE and DOSE provided useful prognostic information
but lacked occupational exposure parameters. Exposure-based approaches showed associations
between cumulative exposure and respiratory outcomes, while a meta-analysis of machine-learn-
ing models for acute respiratory distress syndrome reported a pooled AUC of 0.7407. Key predic-
tors included age, smoking status, lung function, and exposure-related factors. Current reactive
and clinically focused approaches limit effective ORD prevention. Integrating occupational expo-
sure variables into predictive, data-driven risk stratification frameworks is essential for early iden-
tification of high-risk workers. The proposed ORDIiRS framework represents a step toward proac-
tive occupational health surveillance in industrial settings.

Keywords: Data-driven framework, occupational exposure, occupational health surveillance, oc-
cupational respiratory diseases, predictive modelling, risk stratification.
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Introduction

Occupational respiratory diseases (ORDs) en-
compass a spectrum of preventable lung disorders
resulting from prolonged inhalation of hazardous
agents in the workplace, including dusts, fumes,
vapours, and gases [1]. Common conditions such
as occupational asthma, pneumoconiosis, silico-
sis, and work-related chronic obstructive pulmo-
nary disease (COPD) continue to represent a ma-
jor contributor to morbidity and premature mor-
tality worldwide. The World Health Organization
(WHO) estimates that more than 500 million
workers are exposed to respiratory hazards annu-
ally, accounting for approximately 17% of all
work-related diseases and over 400,000 deaths
each year. Despite progress in industrial hygiene
and regulatory control, the burden of ORDs re-
mains substantial, particularly in low- and mid-
dle-income countries where surveillance and ex-
posure monitoring are often inconsistent [2,3].
Regional evidence further underscores this bur-
den. In a hospital-based study in Egypt, 1.49% of
occupationally exposed railway workers were di-
agnosed with interstitial lung disease (ILD), com-
pared to 1.1% in non-exposed individuals, high-
lighting the measurable impact of workplace ex-
posures [4]. Similarly, in Thailand, 16.7% of
asthma patients were identified as having work-
related asthma, particularly among occupations
involving exposure to dust, smoke, and industrial
fumes [5]. In Malaysia, rapid industrialization
and expansion of high-risk sectors including
quarrying, construction, manufacturing, and agri-
culture have increased exposure to respirable
crystalline silica, metal fumes, asbestos fibres,
and organic dusts, all of which are established de-
terminants of chronic respiratory impairment
[6,7].

Despite these risks, a key limitation in current oc-
cupational health practice is the predominantly
reactive nature of disease surveillance systems. In
Malaysia, although legislation under the Depart-
ment of Occupational Safety and Health (DOSH)
mandates periodic medical surveillance, detection
of occupational respiratory disease largely de-

pends on the identification of symptomatic indi-
viduals. This approach often results in delayed di-
agnosis, under-reporting, and intervention at
stages when lung damage is already irreversible
[8]. Consequently, opportunities for early risk
identification and prevention remain limited.
This reactive paradigm is further compounded by
the lack of predictive models tailored to occupa-
tional settings. Existing risk stratification tools in
respiratory medicine, such as the BODE and
DOSE indices for COPD, have demonstrated
strong prognostic performance in clinical popula-
tions [9]. However, these models are primarily
designed to assess disease severity and progres-
sion rather than to predict disease onset. Im-
portantly, they do not incorporate critical occupa-
tional determinants, including exposure type, in-
tensity, duration, and workplace environmental
conditions, thereby limiting their applicability in
industrial contexts.

While exposure-response models in occupational
epidemiology have provided valuable insights
into the relationship between hazardous expo-
sures and respiratory outcomes, these approaches
are typically applied at the population level and
are rarely translated into practical tools for indi-
vidual risk stratification [3]. At the same time, ad-
vances in predictive modelling and data-driven
approaches, including machine learning, have
demonstrated the capacity to integrate multidi-
mensional variables and improve predictive accu-
racy [10,11]. However, their application in occu-
pational health remains limited, particularly in
settings where data integration and standardiza-
tion are still evolving.

Collectively, these limitations highlight a critical
disconnect between clinically driven prediction
models and occupational health needs, as well as
a broader failure to transition from reactive dis-
ease detection to proactive risk identification. Ad-
dressing this gap requires the development of in-
tegrated, data-driven predictive frameworks capa-
ble of combining clinical, occupational, and ex-
posure-related determinants to enable early iden-
tification of high-risk individuals.
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This review therefore aims to synthesize current
evidence on predictive modelling and risk strati-
fication tools relevant to respiratory diseases, crit-
ically evaluate their applicability to occupational
health, and outline a conceptual foundation for a
data-driven Occupational Respiratory Disease
Risk Stratification (ORDiRS) framework.

Materials and methods

This narrative review was supported by a struc-
tured literature search conducted across three ma-
jor scientific databases: PubMed, Scopus, and
Web of Science, covering publications from Jan-
uary 2021 to September 2025.

A comprehensive literature search was performed
across three major scientific databases: Pub-
Med, Scopus, and Web of Science, covering pub-
lications from January 2021 to September 2025.

The primary search terms included combinations
of keywords such as “respiratory disease”, “oc-
cupational respiratory disease”, predictive
model”, “risk stratification”, “prognostic scor-
ing tool”, “exposure assessment”, and “occupa-
tional health surveillance.” Search terms were
combined using Boolean operators (AND/OR)
and adapted to the indexing and search functions
of each database. Reference lists of key papers
were also manually screened to identify addi-
tional relevant publications, including seminal
studies describing established prediction tools
that predated the primary search period. Refer-
ence lists of key papers were also manually
screened to identify additional relevant publica-
tions not indexed in the main databases.

Inclusion criteria were: (1) peer-reviewed articles
describing or evaluating predictive, prognostic, or
risk-stratification approaches relevant to respira-
tory or occupational health outcomes; (2) studies
presenting model development, validation, appli-
cation, or occupational exposure—risk assessment;
and (3) reviews or policy-oriented publications
providing relevant methodological or occupa-

tional health context for risk prediction and pre-
vention. Exclusion criteria comprised conference
abstracts, non-peer-reviewed reports, studies fo-
cused solely on treatment outcomes without pre-
dictive or risk-assessment relevance, and publica-
tions without sufficient relevance to respiratory
risk stratification or occupational health. The re-
trieved studies were initially screened by title and
abstract, followed by full-text review.

Retrieved records were initially screened by title
and abstract for relevance to the review objectives,
followed by full-text assessment of potentially
relevant publications. A thematic mapping ap-
proach was used to organize the evidence into
four core domains: (1) clinical predictive tools for
respiratory disease, (2) exposure-based or occu-
pational risk approaches, (3) statistical and com-
putational modelling techniques, and (4) valida-
tion and implementation practices. Findings were
synthesised narratively to compare methodologi-
cal approaches, key predictors, predictive perfor-
mance where reported, occupational applicability,
and important evidence gaps.

Results

As shown in Figure 1, the structured database
search identified 618 records. After application of
the free full-text filter, 471 records remained for
screening. Title and abstract screening identified
141 potentially relevant publications for full-text
assessment. Six representative evidence ap-
proaches relevant to predictive modelling, risk
stratification, occupational exposure—risk assess-
ment, and occupational respiratory health were
retained for detailed comparative synthesis in Ta-
ble 1. Additional seminal publications identified
through reference screening provided methodo-
logical and historical context where appropriate.

Given the narrative nature of this review and the
heterogeneity of the included evidence, a formal
quality appraisal using standardized tools was not
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conducted. Instead, methodological rigor, rele-
vance, and applicability were considered during
evidence selection and synthesis, with attention to
study design, population predictors, outcomes,
validation methods, and reported model perfor-
mance.

Clinical prognostic models

Clinical indices such as the BODE Index [12],
evaluated by [9], and the DOSE Index [13], vali-
dated by [14], were consistently reported as well-
validated tools for chronic obstructive pulmonary
disease (COPD). The BODE index demonstrated
moderate discriminatory performance in a recent
clinical evaluation, with an area under the re-
ceiver operating characteristic curve (AUC) of
0.716 for identifying severe COPD; a BODE
score >3 showed a sensitivity of 62.1% and spec-
ificity of 62.6% for hospitalization [9]. Similarly,
the DOSE index has demonstrated associations
with subsequent exacerbations and adverse clini-
cal outcomes across different COPD co-
horts [13,14].

Despite their established utility, both models
share a critical limitation: the absence of occupa-
tional exposure variables. As summarized in Ta-
ble 1, neither model incorporates exposure inten-
sity, duration, or workplace environmental condi-
tions, restricting their applicability for early risk
identification in occupational settings [15].

Asthma and work-related prediction tools
Asthma-related predictive tools, including the
Asthma Predictive Index (API) [16], demonstrate
the feasibility of identifying individuals at in-
creased risk of subsequent asthma development.
The stringent API demonstrated high specificity
for subsequent active asthma, although its sensi-
tivity was comparatively low [16]. The API ex-
hibited high specificity (>80%) [17], while occu-
pational asthma tools achieved sensitivities of ap-
proximately 70—-80% when serial PEF measure-
ments were incorporated.

However, these approaches are limited by their
reliance on self-reported data and symptom-based

assessment, which introduces recall bias and re-
duces sensitivity for detecting subclinical or low-
level occupational exposures. In addition, the API
is primarily designed for paediatric populations,
limiting its applicability to adult industrial work-
ers.

Exposure-based and occupational models
Exposure-response models demonstrated strong
associations between cumulative exposure to dust,
fumes, and chemical agents and respiratory out-
comes. Studies by [18] and [3] highlighted the im-
portance of exposure intensity, duration, and
workplace conditions in determining disease risk.
At the policy and surveillance level, the Healthy
China 2030 pneumoconiosis strategy described
by Wang et al. [3] emphasizes occupational expo-
sure control, workplace prevention, health sur-
veillance, diagnosis, and treatment as comple-
mentary components of pneumoconiosis preven-
tion. However, this strategy represents a preven-
tion and policy framework rather than a validated
individual-level prediction model. Despite these
strengths, exposure-based models are typi-
cally not translated into practical risk scoring sys-
tems and often lack integration with clinical and
demographic variables, limiting their application
in routine occupational health surveillance [18].

Data-driven and machine learning approaches
Emerging data-driven approaches, including ma-
chine learning models, demonstrated improved
predictive performance by integrating multidi-
mensional variables such as clinical parameters,
exposure data, and comorbidities. In the system-
atic review and meta-analysis by Yang et al. [10],
which included 17 studies, 148,384 patients, and
64 machine-learning models for acute respiratory
distress syndrome prediction, the pooled AUC
was 0.7407, with pooled sensitivity and specific-
ity of approximately 0.67 and 0.68, respectively.
However, substantial heterogeneity in popula-
tions, predictors, modelling approaches, and vali-
dation procedures limits direct extrapolation of
these findings to occupational respiratory disease
prediction.
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These approaches offer significant advantages in
capturing complex and nonlinear relation-
ships between predictors. However, their applica-
tion in occupational health remains limited
by data availability, lack of standardization, and
challenges related to interpretability, particularly
in low- and middle-income settings [19].
Synthesis of findings

Across all model categories, several consistent
predictors of respiratory disease risk were identi-
fied, including age, smoking status, lung function
parameters, and exposure-related factors such as
duration and intensity of hazardous exposure.

A key finding from this review is the fragmenta-
tion of existing predictive approaches. Clinical
models demonstrate strong prognostic accuracy
but lack occupational relevance, while exposure-
based models provide contextual insights without
practical risk stratification capability. Data-driven
models show high predictive potential but remain
underutilized in occupational health due to infra-
structural and validation limitations [3,15].
Direct comparison of predictive performance
across these approaches should nevertheless be
interpreted cautiously because the models were
developed for different populations, outcomes,
and purposes and employed different validation
strategies. BODE and DOSE primarily assess se-
verity or prognosis among patients with estab-
lished COPD, whereas the API focuses on subse-
quent asthma development in children. Occupa-
tional exposure—response approaches estimate
population-level disease risk rather than individ-
ual predictive probabilities, while machine-learn-
ing studies use heterogeneous clinical populations
and outcomes. Accordingly, differences in re-
ported AUCs or other performance measures
should not be interpreted as evidence that one ap-
proach is inherently superior to another.
Collectively, these findings highlight the absence
of a comprehensive framework integrating clini-
cal, occupational, environmental, and behavioural
determinants and provide the conceptual basis for
the proposed Occupational Respiratory Disease
Risk Stratification (ORDIiRS) framework.

Discussion

The findings of this review highlight a persistent
limitation in occupational respiratory disease
(ORD) prevention: the continued reliance on re-
active, symptom-based surveillance systems.
Across the included studies, predictive tools
demonstrated strong performance within clinical
contexts but showed limited applicability in occu-
pational settings. This reflects a fundamental mis-
match between clinically derived models and the
multidimensional nature of workplace exposure.
Clinical indices such as the BODE and DOSE
scores remain well-validated for prognostic as-
sessment in chronic obstructive pulmonary dis-
ease (COPD) [9,14]. However, their design is in-
herently oriented toward disease progression ra-
ther than preclinical risk prediction, and they do
not incorporate occupational exposure variables
[15]. As a result, these tools are insufficient for
identifying at-risk workers before disease onset,
reinforcing a reactive approach to surveillance.
Exposure-response models, on the other hand,
provide robust evidence linking cumulative expo-
sure to respiratory outcomes [3,18]. Nevertheless,
their application is largely confined to popula-
tion-level analysis and lacks translation into ac-
tionable, individual-level risk stratification tools.
This limits their utility in routine occupational
health practice, where early intervention depends
on timely identification of high-risk individuals.
Data-driven and machine-learning approaches of-
fer clear methodological advantages by enabling
integration of multidimensional predictors and
capturing nonlinear relationships [10,11]. How-
ever, their adoption in occupational health re-
mains constrained by data fragmentation, limited
standardization, and concerns regarding interpret-
ability, particularly in low- and middle-income
settings [19].

Taken together, these findings reveal a frag-
mented predictive landscape, in which clinical,
exposure-based, and data-driven models operate
in isolation. This fragmentation contributes to de-
layed detection and missed opportunities for early
intervention. A shift toward integrated, data-
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driven predictive frameworks is therefore neces-
sary to support proactive occupational health sur-
veillance and prevention.

Towards the development of ORDiRS

The findings of this review highlight a clear need
for an integrated, predictive framework capable
of addressing the limitations of existing clinical
and exposure-based models. In response, the Oc-
cupational Respiratory Disease Risk Stratifica-
tion (ORDiRS) framework is proposed as a data-
driven approach to enable early identification of
at-risk workers before disease onset.

ORDIRS is conceptualized to integrate five key
domains: sociodemographic characteristics, oc-
cupational exposure, workplace and organiza-
tional factors, clinical indicators, and behavioural
risk factors. This multidomain structure addresses
the fundamental limitation of current models,
which largely exclude occupational determinants
and therefore fail to reflect real-world risk pro-
files.

Methodologically, ORDiRS adopts a hybrid
modelling approach, combining traditional statis-
tical methods with data-driven techniques to bal-
ance interpretability and predictive performance.
This is critical, as purely clinical models lack con-
textual relevance, while data-driven models with-
out domain integration risk poor generalizability.
By enabling preclinical risk  stratification,
ORDIiRS supports a shift from reactive, symp-
tom-based detection to proactive surveillance and
targeted prevention. However, its implementation
will depend on the availability of integrated da-
tasets, standardization of exposure metrics, and
rigorous validation across diverse industrial set-
tings [20,21].

As illustrated in Figure 2, the proposed ORDiRS
framework differs conceptually from existing res-
piratory risk approaches by integrating clinical,
occupational exposure, workplace, sociodemo-
graphic, and behavioural determinants within a
single risk-stratification framework. Existing
clinical tools such as BODE and DOSE predomi-
nantly address prognosis in patients with estab-
lished respiratory disease, whereas occupational

exposure-based approaches primarily character-
ize associations between workplace hazards and
disease outcomes. ORDIRS is intended to bridge
these approaches and support future individual-
level risk stratification before clinically apparent
occupational respiratory disease develops. At this
stage, however, ORDIRS should be regarded as a
conceptual framework that requires empirical de-
velopment and validation rather than as an estab-
lished prediction model.

Beyond its methodological contribution,
ORDIiRS has the potential to improve occupa-
tional safety and health by enabling early identi-
fication of high-risk workers and timely interven-
tion. This may reduce disease burden, healthcare
costs, and productivity losses, while supporting
workforce sustainability and regulatory compli-
ance. At a broader level, it can inform evidence-
based policy, resource allocation, and industrial
risk management, advancing a more preventive
and data-driven approach to occupational health.
Several implementation challenges should be
considered in the future development of ORDiRS.
Occupational exposure data may be incomplete,
inconsistently recorded, or unavailable in routine
occupational health systems, while integration of
clinical, workplace, and exposure information
may require interoperable data infrastructures.
More complex data-driven models may also cre-
ate challenges related to interpretability, compu-
tational requirements, and implementation costs,
particularly in resource-limited occupational
health settings. Where machine-learning ap-
proaches are incorporated, explainable modelling
strategies will be important to support clinical in-
terpretation and worker communication. Future
implementation should therefore prioritize feasi-
ble predictor collection, transparent model out-
puts, compatibility with existing surveillance sys-
tems, and evaluation of resource requirements be-
fore routine adoption.

Ethical and governance considerations are also
important because occupational risk prediction
may involve sensitive clinical and employment-
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related information. Appropriate data protection,
confidentiality, transparent use of predicted risk,
and safeguards against discriminatory employ-
ment decisions should therefore be incorporated
into future development and implementation.
Risk estimates should support preventive occupa-
tional health interventions rather than be used in
isolation to determine employment suitability.

External validation will be essential before
ORDIRS can be considered for clinical or occu-
pational health implementation. Model develop-
ment should ideally be followed by validation
across different industries, occupational expo-
sures, geographic settings, and worker popula-
tions to assess discrimination, calibration, and
generalizability. Particular attention should be
given to settings with different exposure profiles
and healthcare resources, as predictor availability
and baseline respiratory risk may vary substan-
tially between populations.

Overall, the proposed ORDiRS framework pro-
vides a conceptual approach for integrating clini-
cal and workplace determinants relevant to occu-
pational respiratory risk stratification. Its poten-
tial value lies in shifting the focus from predomi-
nantly reactive disease detection towards earlier
identification of workers who may benefit from

enhanced surveillance or preventive interventions.

However, its predictive utility, feasibility, and
clinical value remain to be established through
model development, internal and external valida-
tion, and prospective evaluation in occupational
populations.

Conclusion

This narrative review highlights an important gap
between established clinical prediction tools and
occupational exposure-based approaches for res-
piratory risk assessment. Existing clinical models
provide useful prognostic information but have
limited integration of workplace exposure deter-
minants, whereas occupational approaches cap-
ture relevant exposure-related risks but are not

commonly translated into practical individual-
level risk-stratification tools. Emerging data-
driven methods offer additional opportunities for
integrating multidimensional predictors, although
challenges related to model validation, interpret-
ability, data availability, and implementation re-
main.

The proposed Occupational Respiratory Disease
Risk Stratification (ORDiRS) framework pro-
vides a conceptual foundation for integrating clin-
ical, occupational exposure, workplace, socio-
demographic, and behavioural determinants
within a unified risk-stratification approach. Its
potential utility in supporting earlier identifica-
tion of workers at increased respiratory risk re-
quires further investigation through empirical
model development, internal and external valida-
tion, and prospective evaluation across diverse
occupational populations. Future research should
therefore focus on establishing the predictive per-
formance, feasibility, and practical value of
ORDIRS before its implementation in routine oc-
cupational health surveillance.
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Records identified from databases (n=618)
Pubmed (n=173), Scopus (n=228), Web of Science (n=217)

Potentially relevant records after title and abstract screening
(n=141)

Potentially Full text publication assessed for relevance
(n=141)

Representative evidence approaches retained for detailed
comparative synthesis in Table1 (n=6)

Figure 1. Literature Search and Evidence Selection Flow Diagram

Domain 1: Sociodemographic characteristics
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Domain 2: Occupational Exposure

Exposure type (dust, fumes, vapours, gases)
Exposure intensity

Exposure duration (years)

Cumulative exposure (JEM-derived)

Hazard type (silica, asbestos, metal fumes, organic
dusts)

Use of PPE (respirators)

Domain 3: Workplace & Organizational factors
Industry sector

Job type/task rotation

Shift work pattern

Working duration (hours/week)

Confined space work

Crowded workspace

OSH training received

Access to OSH information

Knowledge of hazards & PPE

Domain 4: Clinical indicators
Spirometry (FEV1, FVC, FEV1/FVC)

Respiratory symptoms (cough, dyspnoea, wheeze, sputum)
Comorbidities (diabetes, hypertension, asthma, allergy)

Smoking status (current/former/never)
BMI
Family history of respiratory disease

Traditional Statistical Methods
Logistic regression
Cox proportional hazards
Poisson regression
Data-driven/Machine learning
Methods
Random forest
Gradient boosting (XGBoost,
LightGBM)

High Risk
Predicted
probability = 70%

(or top quintiles)

+ Immediate referral to

occupational health
physician

Specialist respiratory
assessment
Workplace exposure
investigation

Consider removal from
exposure

Medium Risk:

30-69% (or middle

Predicted probability

Domain 5: Behavioural Risk Factors
Tobacco smoking [pack-years)
Betel quid/vaping/e-cigarette use

Enhanced medical
surveillance every 3-6
months

Targeted exposure control

Neural networks guintiles) measures
Explainable Al (SHAP, LIME) Periodic spirometry
Review PPE adequacy
Output: Individual predicted Low Risk: Health education
probability of incident Predicted
ORD/accelerated lung function probability <30% Routine annual medical
decline/occupational (or bottom surveillance
asthma/pneumoconiosis quintiles) Standard OSH education
Maintain PPE use
Feedback Loop

Qutcomes from action recommendations (e.g., diagnosis, lung function decline, hospitalization) are fed
back into the model for continuous recalibration and refinement of risk thresholds.

Abbreviations: ORD = occupational respiratory disease; OSH = occupational safety and health; PPE = personal protective equipment; JEM =job-exposure
matrix; FEV1 = forced expiratory velume in 1st second; FVC = forced vital capacity; SHAP = Shapley Additive exPlanations; LIME = local Interpretable Model
agnostic Explanations

Note: Risk thresholds (=70%, 30-69%, <30%) are illustrative and would be determined empirically during model development using cost-benefit analysis,
clinical consensus, or predicted probability percentile cut-offs.

Physical activity level

Diet (fruit/vegetable intake)
Alcohol consumption
Health-seeking behaviour

Figure 2. Conceptual framework of the Occupational Respiratory Disease Risk Stratification

(ORDIRS)

Asian Journal of Medicine & Health Sciences Vol 9, Issue 2, November 2026

56




Table 1.

Summary of Existing Predictive and Risk Stratification Tools in Respiratory Medicine and Their Applicability to Occupational Contexts

Author Tool / Ap- Study Design  Country Sample Key Predictors Outcome / Validation Performance Occupational Key Limitation
proach Size Method Relevance
Celli et al., BODE In-  Celli: narra- India; pa- n=120 in BMI, FEV//air-  COPD severity ROC-based clini-  AUC 0.716 for se- Demonstrates Prognostic/sever-
2022[12]; dex tive clinical tients with Ajay etal.  flow obstruc- and hospitaliza-  cal evaluation vere COPD; value of multi- ity-oriented rather
Ajay et al., review; Ajay: ~ COPD tion, dyspnoea, tion risk against GOLD se- BODE >3: sensi- dimensional than preclinical
2025 [9] observational 6-min walk dis- verity and hospi- tivity 62.1%, clinical assess- disease-onset pre-
clinical evalu- tance talization; not an specific- ment but con- diction; limited
ation external valida- ity 62.6% for hos-  tains no occupa-  direct occupa-
tion of a newly pitalization tional exposure  tional applicabil-
developed model variables ity
Jonesetal., DOSE In- Model deriva- UK deriva-  n=375 Dyspnoea, air- COPD severity,  Cross-sectional DOSE >4 associ-  Smoking is rele-  Primarily assesses
2009; [13], dex tion and mul-  tion; valida-  derivation  flow obstruc- future exacerba-  and longitudinal ated with hospital ~ vant to respira- established COPD
Lietal., ticohort vali- tion in UK, cohort; tion, smoking tions, healthcare  validation across admission OR 8.3 tory risk, severity/prognosis
2024 [14] dation; subse-  Netherlands  Li: n=396  status, exacerba- utilization/costs = multiple (4.1-17.0) and but workplace rather than occu-
quent retro- and Japan; tion frequency healthcare set- respiratory fail- exposure inten-  pational disease
spective Li study in tings; subsequent  ure OR 7.8 (3.4— sity, duration, onset
Cross-sec- Taiwan; pa- real-world clinical ~ 18.3); predicted and hazard type
tional evalua-  tients with evaluation subsequent-year are absent
tion COPD exacerbations
(P<0.014). Li
found higher
DOSE quartiles
associated with
hospitalization
and costs
Castro- Asthma Longitudinal USA; Tuc- n=1,246 Early/recurrent Prediction of ac- Longitudinal as- Stringent API [lustrates pre- Paediatric-spe-
Rodriguez Predictive  birth-cohort son Chil- enrolled; wheeze, paren- tive asthma at sessment of pre- specificity ap- clinical risk cific; predictors
et al., 2000 Index prediction-in-  dren’s Res-  complete  tal asthma, ec- ages 6—13 years  diction at multiple  proximately 96— stratification, are largely clini-
[16] (APD) dex develop- piratory data: zema, eosino- follow-up ages 97%, sensitiv- relevant concep-  cal/atopic; no
ment Study; chil-  stringent philia, wheezing within the cohort ity 15-28%across  tually to workplace or oc-
dren fol- APIL without colds, ages; positive ORDiRS cupational expo-
lowed from  n=1,002; allergic rhinitis stringent API as- sure determinants
infancy to loose API sociated with 4.3—
school age n=986 9.8-fold greater
likelihood of later
active asthma
Mehta et al.,  Occupa- Prospective Switzerland; n=4,267 Biological dust,  Incident spirom- Longitudinal ex- High occupational ~ Strong direct Provides popula-
2012 [18] tional ex-  population- working-age mineral dust, etry-defined posure—outcome exposure levels evidence that tion-level expo-

based cohort

gases/fumes and
combined

analysis using

were associated

occupational ex-

sure-risk estima-
tion rather than an
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posure-re-  study non-asth- VGDF exposure COPD over lon- mixed Poissonre-  with approxi- posure type/in- actionable indi-
sponse ap- (SAPALDIA)  matic adults assigned by job-  gitudinal fol- gression; not an mately 2—5-fold tensity contrib-  vidual risk score;
proach aged 18-62 exposure ma- low-up individual predic-  higher risk of utes inde- limited integration
trix; smoking tion-model valida-  stage II+ COPD; pendently to with multidomain
and other co- tion study associations per- respiratory dis- clinical prediction
variates sisted in analyses ~ ease risk
restricted to non-
smokers
Wang et al.,  Healthy Commentary /  China; oc- N/A Dust exposure Pneumoconiosis  Not applicable —  No discrimina- Highly relevant ~ Not a risk-predic-
2023 [3] China occupational cupational control, occupa-  prevention and no predictive tion/calibration contextual evi- tion model and
2030 prevention populations tional health control model was devel-  statistics reported;  dence for inte- should not be in-
pneumo- and policy at risk of surveillance, di- oped or validated  article describes grating work- terpreted as a na-
coniosis framework pneumoco- agnosis, treat- national preven- place prevention tionally validated
prevention niosis ment, workplace tion and control and surveillance  predictive scoring
strategy prevention and strategies rather factors into oc- system
policy measures than model per- cupational res-
formance piratory risk
frameworks
Yang et al., Machine-  Systematic re- Multiple 17 stud- Heterogeneous Prediction of Internal/external Pooled AU- Demonstrates ARDS is predom-
2025 [10] learning view and countries; ies; clinical, labora-  acute respira- validation meth- ROC 0.7407; sen-  capacity and inantly an acute
prediction  meta-analysis  ICU and 148,384 tory and physio-  tory distress ods varied across sitivity 0.67 (95%  limitations of clinical outcome
models for of prediction-  hospitalized patients; logical predic- syndrome included studies; CI1 0.66-0.67); data-driven rather than an oc-
ARDS model studies  clinical pop- 64 models tors across ML risk of bias as- specific- multidimen- cupational respira-
ulations models sessed us- ity 0.68 (95% CI sional respira- tory disease;
ing PROBAST 0.67-0.68). Sub- tory prediction model heterogene-
stantial heteroge- ity, high/unclear
neity was present risk of bias, and
limited occupa-
tional generaliza-
bility
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