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ABSTRACT

Background: Preumoconioses remain an important occupational health issue, particularly in low- and middle-income
countries. The International Labour Organization (ILO) Classification standardizes chest radiograph interpretation
but requires trained readers and is affected by inter-reader variability. This study evaluated whether generative mul-
timodal artificial intelligence (Al) models can approximate ILO-based diagnostic reasoning. Methods: Eighty-two
chest radiographs from the official NIOSH B Readers syllabus were analysed using four Al systems (GPT-40, GPT-5,
MedGemma-4B, MedGemma-27B). Each image was evaluated with a standardized prompt based on the 2022 revised
1L.O guidelines using deterministic settings. Model outputs were mapped to ILO codes and compared with the official
answer keys of the ILO Standard Radiograph Set used for B Reader training and examination. Performance metrics
included balanced accuracy, sensitivity, specificity, precision, and Matthews correlation coefficient (MCG). Bootstrap 95%
confidence intervals, McNemars test, and Coben’s k assessed performance variability and agreement. Results: A7/ four
Al models showed moderate diagnostic performance, with balanced accuracy ranging from 60.8% to 70.3%. Sensitivity
remained limited (35.5%—54.9%), while specificity was consistently high (84.6%—86.2%). MedGemma-27B performed
best for small opacities, GPT5 for pleural abnormalities and for technical quality. Large opacities and rare findings were
systematically under-detected. Statistical comparisons showed significant differences between models, although agreement
patterns were broadly similar. Conclusion: A/l AI models partially followed structured ILO radiographic criteria but
did not achieve expert-level performance, confirming that they cannot replace certified B Readers. Larger, real~world
datasets are needed to assess their potential clinical utility as supportive tools in occupational health surveillance programs.

1. INTRODUCTION inhalation of mineral dusts such as silica, coal, and
asbestos [1]. Despite advances in safety standards
Pneumoconioses refers to a group of occupa-  and dust-exposure control, these diseases remain a

tional interstitial lung diseases caused by prolonged =~ major global public health concern. According to
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the Global Burden of Disease 2023 data, approxi-
mately 18700 deaths were attributed to pneumo-
conioses worldwide in 2023, representing an 18%
increase in absolute mortality since 2000, although
the age-standardised death rate declined by 37.6%
over the same period [2]. This discrepancy highlights
the persistent risk of occupational exposure, particu-
larly in the mining, construction, and manufactur-
ing sectors in low- and middle-income countries,
where effective dust mitigation and surveillance
systems remain limited [3]. Given the complex ra-
diographic presentation of pneumoconiosis [4] and
the need for diagnostic consistency across clinical
and surveillance settings, the International Labour
Organization (ILO) developed the International
Classification of Radiographs of Pneumoconioses
to standardize the description and grading of chest
radiographic abnormalities caused by occupational
dust exposure.

This system provides a structured framework
for evaluating image quality, parenchymal opacities
(small and large), pleural abnormalities, and other
findings, ensuring reproducibility and uniform in-
terpretation across readers and countries [5]. In
the United States, the National Institute for Oc-
cupational Safety and Health (NIOSH) adopted
this classification as the reference standard for its
B Reader Program, which certifies physicians who
demonstrate proficiency in the ILO system through
structured training and testing. This certification
ensures high intra- and inter-reader reliability and
remains the cornerstone of pneumoconioses sur-
veillance and compensation programs worldwide
[6, 7]. This methodological rigor reflects a broader
scientific pursuit: the standardization of observa-
tion and reasoning as a foundation of reproducible
knowledge.

Throughout history, humans have sought to
digitize and standardize processes of reasoning and
calculation. From Charles Babbage’s differential
engine [8, 9] and punched-card systems [10], early
mechanical algorithms that inspired modern com-
puting to contemporary data-driven models [11],
the pursuit of reproducibility and efficiency has
been central to scientific progress. In occupational
medicine, the same principle of structured reasoning
underpins the ILO classification, which can itself be

regarded as a diagnostic algorithm, defining explicit
decision steps for classifying radiographic findings
related to dust exposure. Since the First Interna-
tional Conference of Experts on Pneumoconioses,
held in 1930 in Johannesburg, the classification of
radiographs of pneumoconioses has undergone suc-
cessive revisions in 1938 (American), 1944 (Eck
and Hanaut’s), 1948 (Hasselt), 1949 (British) 1950
(Sydney), 1958 (Geneva), 1968, 1971, 1980, 2000,
2011, and most recently in 2022. The initial versions
primarily addressed silicosis, but by 1958 the system
had been broadened to include all types and profu-
sions of linear markings (Geneva classification).

A major advancement occurred in 1968, when
the ILO classification was harmonized with the
International Union Against Cancer (UICC) sys-
tem, thereby extending its scope to encompass all
dust-induced pneumoconioses, including irregular
opacities characteristic of asbestos-related disease.
This classification system was developed to provide
a simple, systematic, and reproducible method for
codifying radiographic abnormalities associated
with pneumoconioses, thereby enabling reliable
international comparisons of data and supporting
epidemiological studies and research, reflecting the
ongoing evolution of scientific methodology and
technology toward greater objectivity and precision
[12, 5, 13]. Since 1950 ILO delivers Guidelines for
the use of the ILO International Classification of
Radiographs of Pneumoconioses in Occupational
Safety and Health Series (No. 22).

The NIOSH began the B Reader program (named
after the Black lung or Coal Workers’ X-ray Surveil-
lance Program) in 1974, with the intent to train and
certify physicians in the ILO Classification system.

Within this historical trajectory, the emergence
of artificial intelligence (AI) and large language
models (LLMs) represents a natural continuation
of the same goal: to enhance accuracy, reproducibil-
ity, and diagnostic reasoning through digital cogni-
tion [14, 15]. Building on the foundations of LLMs,
which process and generate textual information, the
multimodal design allows Al systems to analyze and
reason across both textual and visual data, bridging
structured diagnostic frameworks such as the ILO
classification with image-based interpretation [16].
These generative systems, capable of integrating text
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and image interpretation, could represent a valuable
supportive tool in radiology within occupational
medicine, potentially assisting occupational physi-
cians in applying the classical rule-based framework
of the ILO classification more consistently. Previ-
ous research has explored the use of machine learn-
ing and deep learning algorithms for the automated
detection of pneumoconioses on chest radiographs,
achieving promising diagnostic accuracy [17]. Most
of these models have relied on convolutional neu-
ral networks (CNNs) trained on labelled datasets
[18, 19, 20]. Although some studies have incorpo-
rated the ILO International Classification of Radi-
ographs of Pneumoconioses as a reference standard
to improve grading consistency [21, 22], few have
fully aligned with its structured coding system [23].
More recently, studies have begun to evaluate also
LLMs for general radiographic interpretation tasks
[24, 25, 26, 27], but no published work to date has
assessed multimodal generative models like Chat-
GPT or MedGemma using the ILO 2022 clas-
sification as a diagnostic framework. This pilot
study aimed to comparatively evaluate the diag-
nostic accuracy of four generative multimodal Al
systems (GPT-40, GPT-5, MedGemma-4B, and
MedGemma-27B) in classifying chest radiographs
according to the 2022 revised ILO International
Classification of Radiographs of Pneumoconioses.
The study assessed whether these models could ap-
proximate B Reader level performance and identi-
fied the domains in which current generative Al
systems perform best or remain limited.

2. METHODS
2.1. Dataset and Reference Classification

A total of 82 chest radiographs were analysed,
retrieved in DICOM (Digital Imaging and Com-
munications in Medicine) format, the international
standard to transmit, store, retrieve, print, process,
and display medical imaging information. The
sample size reflects the pilot nature of the study,
which was designed to provide an initial proof-of-
concept assessment rather than definitive statistical
power. All images were obtained from the NIOSH
B Readers syllabus, which includes the official ILO

Standard Radiograph Set used for B Reader training
and examination. The images were viewed using the
NIOSH B Reader software, which enables stand-
ardized visualization for the detection of pneumo-
conioses. Each image had an established reference
classification based on consensus readings by certi-
fied B Readers, following the ILO guidelines. This
classification provides a standardized framework
for describing and quantifying radiographic ab-
normalities caused by occupational dust exposure.
Each radiograph is first assessed for technical qual-
ity (Grades 1-4), with notation of specific defects
such as overexposure, underexposure, poor contrast,
improper positioning, artifacts, scapular superim-
position, or inadequate lung inflation. Once image
quality is deemed adequate, the reader evaluates
parenchymal and pleural abnormalities following
the ILO’s structured format. Parenchymal find-
ings are documented on small opacities, which are
classified by shape, size, profusion, and anatomical
distribution. Shape and size follow the ILO’s six-
category coding system: rounded opacities (p, g, r)
and irregular opacities (s, t, u), each defined by size
ranges illustrated in the ILO standard radiographs
(p/s < 1.5 mm; g/t > 1.5-3 mm; r/u > 3-10 mm).
'The opacities are recorded across upper, middle, and
lower lung zones on each side. Profusion is assigned
using the twelve ordered ILO subcategories (0/- to
3/+), based on comparison with the official refer-
ence radiographs to ensure reproducibility. When
present, large opacities are coded as A, B, or C, ac-
cording to their maximal dimension and the extent
of involvement. Pleural abnormalities are coded for
pleural plaques, diftuse pleural thickening, and cost-
ophrenic angle obliteration. For plaques, the reader
records their site (in profile, face-on, diaphragmatic,
or chest wall), laterality, extent, thickness category
(a,b, or ¢),and calcification. Diffuse pleural thicken-
ing is documented using parallel criteria. Additional
standardized ILO symbols allow relevant associated
findings such as coalescence (ax), emphysema (em),
or evidence of prior tuberculosis (tb) to be noted. In
addition to these morphological domains, the ILO
reading form includes a structured field related to
the clinical relevance of radiographic abnormali-
ties. Specifically, Section 4C requires the reader to
indicate whether the worker should be advised to
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consult a physician because of findings noted on
the radiograph. In this study, this item was ana-
lysed as the “clinical decision” category, reflecting
the integrated judgement that combines technical,
parenchymal, and pleural assessments to support
occupational health management. All radiographs
were anonymized and used exclusively for research
and educational purposes in compliance with NI-
OSH policies. For each radiograph, a reading sheet
consistent with the ILO classification scheme was
available and had been previously completed by
certified human readers. To facilitate direct com-
parison between the human reference classifications
(provided in the official answer keys) and the Al-
generated outputs, all results were transcribed into
a structured Excel database. Each row corresponded
to one radiograph and contained the reference val-
ues. This structure allowed a systematic case-by-case
evaluation of concordance between human and Al
readings across all classification domains.

2.2. Generative AI Models

Four LLMs were evaluated. One of the most
widely known examples of LLMs is ChatGPT, de-
veloped by OpenAl and first introduced in 2022.
Unlike traditional Al systems, ChatGPT is based
on deep learning transformer architectures [28]
trained on vast text corpora, enabling the model to
analyse, synthesize, and generate natural language.
Over time, OpenAl has continuously improved its
models [29]. The GPT-4 series, released in March
2023, introduced multimodal capabilities allowing
simultaneous interpretation of text and images. The
enhanced GPT-40 (“omni”), officially released on
May 13, 2024, unified text, vision, and audio pro-
cessing within a single model architecture, greatly
improving reasoning speed and visual comprehen-
sion (https://openai.com/index/hello-gpt-40/). In
August 7,2025, OpenAl announced GPT-5, its lat-
est multimodal model, expanding contextual depth,
visual alignment, and multi-turn reasoning per-
formance (https://openai.com/index/introducing-
gpt-5/). For this study, the GPT-40 and GPT-5
multimodal models were tested, both capable of
processing textual and visual inputs within a uni-
fied reasoning framework. Also, two variants of the

MedGemma model were employed: MedGemma-
4B and MedGemma-27B. MedGemma is an open,
multimodal foundation model designed for health-
related Al applications and released by Google
DeepMind in 2024. The 4B model is a multimodal
system (~4 billion parameters) that combines text
and image understanding through a SigLIP (Sig-
moid Loss for Language-Image Pretraining)-based
visual encoder pretrained on medical images (chest
radiography, dermatology, pathology). The 27B
model (~27 billion parameters) is a larger-scale ar-
chitecture optimized for medical reasoning; in this
study, we specifically used its multimodal version,
capable of processing both textual and visual in-
puts. Both models are openly available for research
through the official DeepMind repository (https://
deepmind.google/models/gemma/medgemma/).
All LLMs evaluations were conducted on Septem-

ber 22, 2025.
2.3. Input Data and Prompting Procedure

All models (GPT-40, GPT-5, MedGemma-4B
and MedGemma-27B) were applied without addi-
tional fine-tuning, using a standardized prompt and
textual context from the ILO classification guide-
lines to ensure consistent task interpretation [30].
'The primary prompt was formulated as follows:

Assume the role of an occupational physician spe-
cialized in chest radiography. You are trained according
to the 2022 revised edition of the ILO International
Classification of Radiographs of Pneumoconioses.
Based on this classification, analyse and report the chest
X-ray image provided. Structure your report strictly
Sfollowing the ILO 2022 criteria’.

This prompt was then integrated with the full
2022 revised ILO International Classification
guidelines. For all model runs, the following system
parameters were used to ensure consistency and re-
producibility of outputs. The temperature was set to
0.0, making every response fully deterministic, so
identical cases yield identical results regardless of
when or how often the prompt is run. The maxi-
mum token limit was 4096, which allowed for de-
tailed and complete classification reports. A greedy
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decoding strategy (argmax) was applied, and top-p
(nucleus sampling) was not utilized due to the zero-
temperature setting. These settings ensured that the
output for each prompt was stable and not subject to
random sampling variation.

The prompt was crafted to maximize consist-
ency and clarity across all model outputs, reflecting
practical priorities in occupational radiology. By re-
quiring outputs in a strict JSON schema mapped to
the ILO coding system, the structure and format of
each model’s answer align directly with official cri-
teria, eliminating ambiguity and simplifying down-
stream analysis. Assigning an explicit role (certified
B Reader) instructs the model to adopt the mindset
and approach of a trained occupational physician,
which guides its interpretation toward domain-
specific standards and reasoning.

Inclusion of the full ILO guidelines in the
prompt removes the need for the model to rely on
memory or incomplete information, ensuring that
every classification is made with direct reference to
the current standard. This comprehensive context
supports both accuracy and fairness in evaluation,
allowing each model to perform as if it were con-
sulting the primary source material, just as a human
expert would.

2.4. AI-Based Image Analysis

For each image, a new independent conversation
was initiated with the LLIM. This design simulated the
workflow of an occupational physician performing a
B Reader evaluation, allowing the model to generate
a case-specific report based solely on the information
contained in the image and the official ILO frame-
work. By isolating each case in a distinct conversa-
tional environment, the study minimized inter-case
contamination and ensured that the model’s reason-
ing and descriptive output reflected a de-novo evalu-
ation for every radiograph. As outlined above, each
classification produced by the models was stored in a
structured JSON output for subsequent analysis.

2.5. Evaluation and Comparison

'The Al-based classifications were compared with
the reference (human) classifications across all 82

images. For each model and each image, the pre-
dicted outputs were aligned with the corresponding

ILO 2022 reference codes. The following perfor-

mance metrics were calculated [31, 32, 33]:

- Sensitivity (Recall): proportion of pathologi-
cal cases correctly identified by the model.

- Specificity: proportion of normal cases cor-
rectly identified as negative.

- Precision (Positive Predictive Value, PPV):
probability that a case predicted as patho-
logical is truly positive.

- Balanced Accuracy: mean of sensitivity and
specificity, giving equal weight to both classes
and minimizing class imbalance bias.

- Matthews Correlation Coefficient (IMCC):
overall correlation between predicted and
true classifications, ranging from —1 (inverse
correlation) to +1 (perfect agreement).

Additionally, category-specific analyses were
conducted according to the ILO coding structure
(technical quality, small and large parenchymal
opacities, pleural abnormalities, and other findings)
to identify the areas of highest and lowest consist-
ency across models. To examine the effect of class
imbalance on model behaviour, we also computed
the Class Imbalance Ratio for each ILO category,
defined as the ratio between the number of nega-
tive and positive cases predicted by the model. This
metric provides an indication of whether the model
tends to over-predict normal findings or pathologi-
cal findings. Lower ratios indicate a greater tendency
to detect positive cases, which is clinically relevant
for screening applications. This analysis was explor-
atory and descriptive, and no inferential statistical
testing was performed. All metrics were computed
using full numerical precision.

2.6. Statistical Analysis

To assess performance differences among mod-
els, we conducted a comparative statistical analysis
across all predictions. McNemar’s test was applied
for pairwise comparisons of classification errors
between models, with a y* statistic and a signifi-
cance threshold set at p<0.05. In addition, bootstrap
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resampling with 1,000 iterations was used to esti-
mate 95% confidence intervals for balanced accuracy,
sensitivity, specificity, PPV and MCC, providing a
robust assessment of performance variability. Inter-
model agreement was further evaluated using Co-
hen’s kappa (k), interpreted according to standard
qualitative thresholds (from poor to almost perfect
agreement). All analyses were performed on paired
predictions derived from the same radiographic
dataset, ensuring a valid and direct comparison
across Al systems. All performance metrics and
all statistical analysis were computed using Python

(SciPy v1.11).
3. RESULTS

3.1. Overall Model Performance

The comparative performance of the four gen-
erative. Al models is summarized in Table 1.
Among them, MedGemma-27B achieved the
highest overall balanced accuracy (70.28%), fol-
lowed by GPT-40 (69.43%), GPT-5 (65.45%), and
MedGemma-4B (60.84%). MedGemma-27B also
obtained the highest sensitivity (54.91%) and pre-
cision (PPV) (48.34%), while MedGemma-4B re-
corded the best specificity (86.22%) but the lowest
sensitivity (35.45%), indicating a more conservative

classification pattern. The MCC ranged from 0.206

(MedGemma-4B) to 0.387 (MedGemma-27B),
suggesting moderate diagnostic correlation with the
human reference standard.

3.2. Category-Specific Analysis

The analysis by ILO category revealed marked
heterogeneity in diagnostic performance across the
different models. When assessing technical quality,
GPT-40 achieved the highest balanced accuracy
(62.0%), slightly outperforming GPT-5 (60.8%)
and MedGemma-27B (59.6%), indicating a rela-
tively better ability to recognize image adequacy
and exposure-related artifacts. For small paren-
chymal opacities, MedGemma-27B demonstrated
the most consistent performance, with a balanced
accuracy of 59.0% and a sensitivity of 80.2%, sug-
gesting a greater capacity to detect subtle parenchy-
mal changes compared with the other models. All
models struggled with large opacity classification.
GPT-40, GPT-5, and MedGemma-27B showed
balanced accuracies of 50% due to complete fail-
ure to detect any large opacities. MedGemma-4B
showed improved performance (75% balanced accu-
racy), but its sensitivity of 50% still indicates limited
clinical reliability. In contrast, pleural abnormalities
were identified with comparatively higher accuracy,
particularly by GPT-5, which achieved the best-
balanced accuracy (71.8%). This finding is of clinical

Table 1. Overall diagnostic performance of four generative Al models for ILO pneumoconioses classification. Balanced
Accuracy, Sensitivity (Recall), Specificity, Precision (PPV), Matthews Correlation Coeflicient (MCC) are reported for each
model, along with their corresponding 95% confidence intervals. All metrics are reported as percentages, except the Matthews
Correlation Coeflicient (MCC), which is reported on its natural scale (-1 to +1), with confidence intervals expressed on the

same scale.
Metric GPT-40 GPT-5 MedGemma-27B MedGemma-4B
Balanced Accuracy 69.43% 65.45% 70.28% 60.84
(95% CI) (67.24-71.81) (63.29-67.80) (68.16-72.69) (58.60-63.97)
Sensitivity (Recall) 54.08% 46.31% 54.91% 35.45%
(95% CI) (50.00-58.39) (42.56-50.40) (50.79-59.37) (30.81-44.17)
Specificity 84.78% 84.59% 85.66% 86.22%
(95% CI) (83.84-85.76) (83.62-85.58) (84.96-86.40) (82.22-87.76)
Precision PPV 46.28% 41.95% 48.34% 31.43%
(95% CI) (44.10-48.50) (39.69-44.12) (45.90-50.71) (28.98-34.52)
MCC 0.367 0.298 0.387 0.206

(95% CI)

(0.330-0.410)

(0.257-0.337)

(0.349-0.426)

(0.168-0.251)
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relevance, as pleural irregularities often represent
early or coexisting manifestations of asbestos-related
disease. Performance for other abnormalities was
uniformly poor across all models, with sensitivity
values below 11%, indicating that atypical or less
frequent radiological signs are still poorly recog-
nized by current generative Al. Finally, the clinical
decision category, which integrates multiple features
into an overall interpretative judgment, showed only
moderate consistency across systems, with balanced
accuracies ranging from 50% to 55%. GPT-5 shows
the best performance in this category with 54.83%
balanced accuracy. However, sensitivity is concern-
ing (21.43%), indicating potential missed cases. No
model clearly outperformed the others in this in-
tegrative diagnostic domain, suggesting that while
Al systems can approximate human scoring in indi-
vidual parameters, the holistic synthesis required for
final classification remains challenging.

3.3. Class Balance and Overall Reliability

Technical quality yields uniformly low sensitivity
and precision, while MedGemma-27B achieves the
best recall for small opacities, though with only mod-
erate precision. Performance collapses for large opaci-
ties, with all models showing perfect sensitivity but no
specificity. Pleural abnormalities represent the only
domain with a more favorable precision—recall balance,

with GPT-5 and MedGemma-27B performing best.
3.4. Statistical Validation of Model Performance
Pairwise McNemar’s tests showed statistically

significant differences across all model comparisons
(all p < 0.001), confirming non-equivalent error

distributions. GPT-40 significantly outperformed
GPT-5 and MedGemma-4B, while MedGemma-
27B  significantly outperformed GPT-5 and
MedGemma-4B. Bootstrap analysis (1,000 resam-
ples) demonstrated robust stability of performance
estimates across all models, with narrow confidence
intervals indicating limited variability in resampled
performance metrics. Among the evaluated systems,
MedGemma-27B achieved the highest balanced
accuracy (70.28%, 95% CI: 68.16-72.69) and MCC
(0.387, 95% CI: 0.349-0.426), suggesting a more
favourable trade-off between sensitivity and speci-
ficity. GPT-40 ranked second overall, exhibiting
slightly lower sensitivity but comparable specificity,
while GPT-5 showed moderate degradation across
all metrics, particularly in recall (46.31%, 95% CI:
42.56-50.40). In contrast, MedGemma-4B dis-
played the lowest discriminative capacity, consist-
ent with its reduced sensitivity and MCC. Cohen’s
K agreement scores confirmed high consistency in
model decision patterns, with almost-perfect agree-
ment between GPT-40 and MedGemma-27B (x =
0.9191), and substantial agreement between all re-
maining pairs (k = 0.6659-0.8691). These findings
show that although MedGemma-27B and GPT-
40 were statistically superior, all models tended to
produce similar judgment trends, with disagreement
mostly concentrated in borderline ILO categories.
Statistical analysis is shown in Table 2.

4. DISCUSSION

Crucially, these results reaffirm that the ultimate
diagnostic responsibility and clinical judgment must
remain with the occupational physician. Al sys-
tems should be viewed strictly as supportive tools

Table 2. Statistical comparison between generative Al models on ILO pneumoconioses classification performance.

Model Comparison McNemar p-value Cohen’s k
GPT-40 vs GPT-5 93.582 <0.001 0.8691
GPT-40 vs MedGemma-27B 11.753 <0.001 0.9191
GPT-40 vs MedGemma-4B 245.263 <0.001 0.7002
GPT-5 vs MedGemma-27B 67.189 <0.001 0.8484
GPT-5 vs MedGemma-4B 33.914 <0.001 0.7101
MedGemma-27B vs MedGemma-4B 141.103 <0.001 0.6659
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designed to assist, rather than replace, human exper-
tise in occupational health practice. While models
were prompted to follow the structured logic of the
ILO classification, we did not evaluate internal rea-
soning pathways; no claims are made regarding their
ability to reproduce human cognitive mechanisms.

Recent studies have explored automated detec-
tion of pneumoconiosis using deep learning applied
to chest radiographs. Conventional CNN-based
approaches have reported strong performance, typi-
cally achieving accuracy between ~90% and 98% or
AUC values above 0.90 in binary detection tasks and
simplified multi-class staging [19,20,34]. Advanced
attention-based architectures have further improved
feature extraction from lesion-specific regions[35].
Earlier work relying on handcrafted features dem-
onstrated feasibility but was limited by small data-
sets and non-standard classification schemes [36].
Hybrid pipelines combining lung segmentation
with classical machine-learning classifiers showed
promising performance when incorporating ILO
guidance, although they did not reproduce full
ILO scoring [22]. In parallel, early initiatives using
LLM-based strategies for pneumoconioses imaging
suggest emerging opportunities for multimodal Al
in occupational radiology [24], while other studies
emphasize the need for robust, scalable Al solu-
tions, especially in low-resource settings [37].

In contrast to these studies, our work is, to our
knowledge, the first to systematically evaluate
generative multimodal Al systems in a zero-shot
setting using the complete revised 2022 ILO clas-
sification. 'This approach reflects realistic clinical
deployment scenarios, in which pre-trained models
are used without re-training. Certified B Readers
remain the gold standard for radiographic diagno-
sis of pneumoconioses according to ILO guidelines.
The NIOSH certification examination using a digi-
tal set (revised 2022) requires candidates to classify
72 chest radiographs within four hours covering the
tull range of technical quality and pneumoconiotic
findings, with performance compared against ex-
pert reference standards. Despite formal certifica-
tion, substantial intra- and inter-reader variability
has been documented among B Readers [38]. Such

variability reflects the perceptual and cognitive

demands of applying the full ILO rubric, particu-
larly in borderline profusion grades, subtle pleural
abnormalities, and distinction between dust-related
and non-occupational changes. As highlighted
by the Italian experience with ILO certification
courses [39] and consistent with NIOSH data, the
mean passing rate for initial B Reader certification
between 1987 and 2018 was only about 40% [7].
'This confirms the intrinsic perceptual and cognitive
complexity of radiographic diagnosis according to
the ILO classification system. In this context, the
balanced accuracy observed for the Al models in
this study, although obtained on a smaller dataset of
82 images, may approximate the performance typi-
cally achieved by less experienced human readers.
Variability across investigated models may also par-
allel the inter-operator variability observed among
human readers. By potentially reducing inter-reader
variability and serving as a ‘second reader’ or pre-
screening tool, such Al applications could ultimately
enhance the protection of worker health through
more consistent and timely disease detection in oc-
cupational surveillance programs [7].

4.1. Limitations and Future Perspectives

This pilot study has several limitations that
should be acknowledged. The relatively small data-
set and the reliance on standardized training images
may limit the generalizability of results. Difterences
in image quality as well as variability in resolution
and inspiratory phase, could have influenced both
human and Al interpretations. From an algorithmic
standpoint, generative Al systems may exhibit hal-
lucinations or reasoning biases depending on their
training data which likely constrained diagnostic
precision. Methodologically, each image was ana-
lysed through a standardized prompt and the 2022
ILO guidelines, simulating a structured B Reader
workflow. Although this ensured consistency, future
research could test alternative paradigms such as in-
teractive or iterative readings that simulate real-time
reasoning. Furthermore, future evaluations should
aim to reproduce the operational conditions of the
official NIOSH B Reader certification examination,
which historically required candidates to classify
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approximately 72 chest radiographs within four
hours [7]. Replicating these temporal and quantita-
tive parameters would allow a more realistic bench-
marking of multimodal Al systems against human
performance, assessing not only diagnostic accuracy
but also efficiency and cognitive consistency under
standardized testing constraints. Expanding the
evaluation to additional multimodal architectures
beyond GPT and MedGemma could also clarify
whether diagnostic reliability depends more on
model design or prompt structure. Statistical power
was limited by the small sample size, which may
have reduced the ability to detect subtle between-
model differences. Additionally, no human B Reader
re-assessment of the reference labels was performed;
the study relied on the original NIOSH-certified
readings as the diagnostic gold standard. While this
approach reflects real-world reference conditions,
subsequent work should include dual-reader ad-
judication to evaluate model-human agreement in
parallel with human-human reproducibility. Further
research should include larger and more heteroge-
neous datasets, explore domain-specific fine-tuning,
and assess intra- and inter-reader variability to
benchmark Al reproducibility against human per-
formance. In this context, multimodal generative Al
could become a valuable tool for supporting train-
ing, pre-screening, and comparative research, con-
tributing to greater consistency and harmonization
in the radiological diagnosis of pneumoconioses.

5. CONCLUSION

The ILO Classification of Pneumoconioses and
the NIOSH B Reader Program represent decades
of coordinated international efforts to standardize
occupational lung disease surveillance. While the
B Reader certification program has long served to
enhance standardization and reduce inter-reader
variability, its effectiveness remains incomplete -
particularly in complex or borderline cases where
subjective judgment plays a substantial role, un-
derscoring the need for transparent and impartial
diagnostic processes. In this context, Al integra-
tion holds promise not only for improving diag-
nostic accuracy but also for reducing variability and

increasing efficiency across large-scale screening
programs.

'This study presents the first evaluation of genera-
tive Al applied to the 2022 ILO International Clas-
sification of Radiographs of Pneumoconioses. By
testing four LLMs (GPT-40, GPT-5, MedGemma-
4B, and MedGemma-27B), the research explored the
feasibility of using multimodal Al within a standard-
ized diagnostic framework. Although current per-
formance remains limited, the results suggest that
these models may begin to approximate the struc-
tured reasoning process underlying the ILO system.
These findings highlight both the potential and the
current limitations of multimodal Al in radiology
applied to occupational medicine, particularly in the
diagnostic assessment of pneumoconioses and pro-
vide a methodological basis for future work aimed
at improving accuracy, consistency, and interpretive
transparency. As Al systems continue to evolve, the
most promising future lies in a human-Al interface —
where technology augments the expertise of B
Readers, improving both efliciency and consistency
while retaining essential human oversight and clini-
cal responsibility. Achieving this vision will require
sustained collaboration among Al developers, occu-
pational health professionals, regulatory authorities,
and worker communities to ensure that these power-
tul tools fulfill their ultimate purpose: safeguarding
worker health through timely and accurate disease
detection, firmly grounded in the principles of occu-
pational medicine, without neglecting ethical aspects.
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