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ABSTRACT

Artificial intelligence (AI) and digital health are rapidly transforming diagnostic sciences by enabling automated image
interpretation, intelligent laboratory analytics, predictive modelling, clinical decision support, remote diagnostics, and
personalized healthcare. Diagnostic disciplines generate large volumes of structured and unstructured data, making them
particularly suitable for machine learning (ML), deep learning (DL), computer vision, natural language processing, and
multimodal artificial intelligence. Radiology has emerged as one of the most advanced areas of clinical Al implementation,
with applications spanning image reconstruction, segmentation, lesion detection, classification, workflow optimization,
reporting, and prognostic assessment. In medical laboratory technology, Al is being explored across the pre-analytical,
analytical, and post-analytical phases, including specimen processing, quality control, automated microscopy, hematology,
clinical chemistry, microbiology, laboratory utilization, and result interpretation. Optometry and ophthalmic diagnostics are
similarly benefiting from Al-based analysis of fundus photography, optical coherence tomography (OCT), visual fields,
corneal imaging, and other digital eye-care data, particularly for diabetic retinopathy, glaucoma, age-related macular
degeneration, and other ocular disorders. Digital health infrastructure, including electronic health records, picture archiving
and communication systems, laboratory information systems, telemedicine, cloud computing, mobile health, and connected
diagnostic devices, provides the ecosystem required for Al deployment. Despite considerable potential, challenges
involving data quality, algorithmic bias, explainability, cybersecurity, interoperability, regulatory approval, workforce
readiness, and clinical validation remain. The future of diagnostic sciences is likely to involve human-Al collaboration
rather than complete automation, with multimodal systems integrating imaging, laboratory, clinical, genomic, and patient-
generated data. This review summarizes the current applications, opportunities, challenges, and future directions of Al and
digital health across radiology, medical laboratory technology, and optometry.
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1. INTRODUCTION

Diagnostic sciences form the foundation of modern
healthcare by providing objective information required
for disease detection, classification, monitoring,
treatment planning, and prognosis. Radiological imaging,
laboratory investigations, and eye-care diagnostics
collectively generate enormous quantities of clinical data.
Historically, interpretation of these data has depended
primarily on trained healthcare professionals. However,
increasing patient volumes, workforce shortages,
diagnostic complexity, and the rapid growth of digital
data have created a need for technologies capable of
supporting healthcare professionals without
compromising diagnostic quality.

Artificial intelligence refers to computational systems
capable of performing tasks that traditionally require
aspects of human intelligence, including pattern
recognition, classification, prediction, and decision
support. Machine learning enables algorithms to learn
relationships from data, while deep learning uses
multilayer neural networks to identify increasingly
complex features. The increasing use of computational
and in-silico approaches in biomedical research provides
a foundation for more advanced data-driven diagnostic
and analytical technologies [1]. Computer vision is
particularly important for image-based diagnostic
disciplines, whereas natural language processing can
process clinical reports and electronic health-record data.

Digital health provides the infrastructure through which
these technologies can be incorporated into clinical
practice. Electronic health records (EHRs), laboratory
information systems (LIS), radiology information
systems (RIS), picture archiving and communication
systems (PACS), cloud platforms, telemedicine, mobile
health applications, digital pathology, and connected
diagnostic devices collectively create an environment in
which clinical data can be acquired, stored, transmitted,
analyzed, and interpreted.

The World Health Organization (WHO) recognizes Al as
an important component of the future of healthcare but
emphasizes that safety, human autonomy, transparency,
accountability, equity, and sustainability must remain
central to implementation [2]. WHO's more recent
digital-health work also emphasizes responsible
development and governance as Al moves from research
into clinical systems [3].

Among diagnostic disciplines, radiology has experienced
particularly rapid AI development. A large mapping
study identified hundreds of AI applications across
diagnostic radiology, although many remained narrowly
focused on a specific modality, body region, or task [4].
In laboratory medicine, the structured nature of
laboratory data makes the field highly suitable for
machine learning, while AI is increasingly being
investigated for automation, quality control, result
interpretation, and prediction [5-7]. In optometry and
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ophthalmology, Al has demonstrated substantial potential
in automated retinal disease screening, glaucoma
assessment, OCT interpretation, and tele-eye care [8,9].

This review provides an integrated overview of Al and
digital-health applications across three major diagnostic
domains: radiology, medical laboratory technology, and
optometry. It further examines common technological
requirements, limitations, ethical considerations, and
future opportunities.

2. ARTIFICIAL INTELLIGENCE AND DIGITAL
HEALTH IN DIAGNOSTIC SCIENCES

Al in diagnostic sciences can be broadly classified into
five functional categories:

1. Detection: identification of abnormalities or disease-
associated features.

2. Classification: assigning images, laboratory results,
or clinical observations to diagnostic categories.

3. Segmentation and quantification: identifying
anatomical or pathological regions and calculating
their size, volume, or other characteristics.

4. Prediction: estimating disease progression, treatment
response, complications, or patient outcomes.

5. Workflow optimization: reducing repetitive tasks,
prioritizing examinations, improving turnaround time,
and supporting resource allocation.

Digital health connects these Al functions with real-
world clinical workflows. A diagnostic Al system may
receive information from a PACS, LIS, EHR, retinal
camera, OCT device, or point-of-care instrument; process
the data using an algorithm; and return an output to a
healthcare professional.

The greatest potential therefore does not come from Al as
an isolated technology but from the integration of Al +
digital infrastructure + clinical expertise.

3. APPLICATIONS IN RADIOLOGY

3.1 Al in Image Acquisition and Reconstruction

Al can contribute to radiology before image
interpretation  begins. Deep-learning reconstruction
techniques can reduce image noise while preserving or
enhancing diagnostically relevant structures. Such
methods are particularly relevant to CT and MRI, where
acquisition time, radiation exposure, and image quality
must be balanced.

In MRI, Al-based reconstruction can accelerate image
acquisition by reconstructing high-quality images from
undersampled data. In CT, Al-based reconstruction may
support low-dose imaging by improving the visual
quality of images acquired with reduced radiation
exposure.

Al can also assist in patient positioning, protocol
selection, motion correction, and automated quality
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assessment. These developments are particularly relevant
in high-volume imaging departments.

3.2 Detection and Classification

The most established radiological application of Al is
automated detection and classification of abnormalities.
Deep-learning models, particularly convolutional neural
networks (CNNs), can identify patterns associated with
pulmonary nodules, pneumonia, intracranial hemorrhage,
fractures, breast lesions, pulmonary embolism, and other
conditions.

Al can function as a second reader by highlighting
suspicious regions that may otherwise be overlooked. It
can also assist with prioritization of urgent examinations.
For example, an algorithm detecting possible intracranial
hemorrhage can flag a CT study for earlier review.

A major review of radiology Al applications found that
many systems were designed around perception and
reasoning tasks, although most remained relatively
narrow in their clinical scope [4]. More recent literature
suggests that Al is increasingly moving toward integrated
clinical workflows rather than isolated image
classification [10].

3.3 Image Segmentation and Quantification

Manual segmentation is time-consuming and subject to
inter-observer variability. Al can automatically segment
organs, tumors, vessels, bones, and other anatomical
structures.

Applications include:
e Tumor volume estimation

e Liver and cardiac segmentation
e Lung segmentation

e Brain structure analysis

e Bone age assessment

e Vessel segmentation

Automated organ volumetry Quantitative imaging can
provide biomarkers that complement conventional
qualitative reporting. This is particularly important in
oncology, cardiovascular imaging, and neurological
disorders.

3.4 Al in Reporting and Workflow

Al can support radiologists by generating preliminary
findings, structured measurements, and report templates.
Natural language processing can extract information
from previous reports and EHRs, while generative Al
may assist in drafting reports.

However, Al-generated reporting should remain under
professional oversight because diagnostic reports require
clinical context, appropriate interpretation, and
responsibility for the final decision.

Digital radiology systems also permit automated worklist
prioritization, protocol recommendation, examination
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quality monitoring, and communication of critical
findings.

3.5 Predictive and Multimodal Radiology

The next stage of radiological Al is likely to involve
multimodal models combining images with clinical
history, laboratory results, pathology, genomics, and
longitudinal patient data. Such systems could move
radiology from image interpretation toward broader
clinical decision support.

Recent developments in agentic Al also suggest that
future systems may perform sequences of defined tasks
under human supervision, rather than simply producing a
single prediction from an image [11].

4. Applications in Medical Laboratory Technology
Medical laboratory technology generates highly
structured numerical, categorical, microscopic, and
molecular information. This makes laboratory medicine a
potentially powerful environment for Al

4.1 Pre-Analytical Phase

The  pre-analytical phase includes patient
identification, test ordering, specimen collection,
labeling, transportation, and preparation. Al can
support:

e Automated specimen identification

e Detection of inappropriate or mislabeled samples

e Prediction of sample rejection

e Optimization of specimen transportation

o Intelligent test-ordering systems

e Detection of duplicate or unnecessary investigations

Integration with LIS and hospital information systems
allows AI models to use historical laboratory data to
identify patterns associated with pre-analytical errors.

4.2 Clinical Chemistry

Al can analyze complex relationships among
biochemical parameters. Instead of interpreting
individual values independently, machine-learning
systems can evaluate combinations of parameters.

Potential applications include:
e Automated result verification

e Detection of abnormal laboratory patterns

e Personalized reference intervals

e Prediction of disease states

e Interpretation of complex biochemical profiles
e Laboratory utilization optimization

A review of routine laboratory medicine found
applications of ML in automation, laboratory utilization,
personalized reference ranges, and interpretation of
laboratory results [5].
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4.3 Hematology

Al-based microscopy and image analysis can support
automated identification and classification of blood
cells. Applications include:

e White blood cell classification

e Red blood cell morphology
o Platelet estimation

e Detection of abnormal cells
e Peripheral smear analysis

e Malaria parasite detection

e Leukemia screening

Digital microscopy combined with computer vision can
reduce repetitive workload and provide standardized
preliminary assessments.

4.4 Clinical Microbiology

Microbiology  represents another
application area. Al can assist in:
e Microorganism identification

important

e Colony recognition

e Antimicrobial susceptibility prediction

e Detection of antimicrobial resistance patterns
e Automated plate reading

e Image-based interpretation of cultures

Machine learning has been investigated for reducing
microbiology workload and improving microorganism
detection and antimicrobial-resistance assessment [6].

4.5 Urinalysis and Automated Microscopy

Computer vision can classify urine sediment
components, including erythrocytes, leukocytes,
epithelial cells, crystals, and microorganisms. Automated
image interpretation can improve consistency and reduce
manual microscopic examination in appropriate cases.

4.6 Digital Pathology

Digital pathology represents an important bridge between
laboratory medicine and AIl. Whole-slide imaging
converts histological slides into high-resolution digital
images that can be analyzed using Al.

Applications include:
e Tumor detection

e Tumor grading

e Cell counting

e Tissue segmentation

e Biomarker quantification

e Histological classification
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e Prognostic assessment

A 2024 systematic review and meta-analysis
demonstrated the substantial research  activity
surrounding Al-based diagnostic accuracy in digital
pathology, while also emphasizing the importance of
rigorous validation before clinical implementation [12].

Thus, future medical laboratory professionals will
increasingly require competencies not only in specimen
handling and analytical techniques but also in digital
pathology, data quality, Al-assisted interpretation, and
validation.

5. APPLICATIONS IN OPTOMETRY AND EYE
DIAGNOSTICS

Optometry is particularly suitable for Al because modern
eye care generates large volumes of digital images and
measurements. Fundus photography, OCT, OCT
angiography, corneal topography, visual fields, and other
digital examinations provide data that can be analyzed
using computer vision and machine learning.

5.1 Diabetic Retinopathy

Diabetic retinopathy is one of the most extensively
studied applications of ophthalmic AI. Deep-learning
systems can analyze retinal photographs for
microaneurysms, hemorrhages, exudates, and other
abnormalities.

Al-assisted screening can potentially increase access to
diabetic retinopathy assessment, particularly in primary-
care and resource-limited settings. Autonomous systems
such as IDx-DR demonstrated the feasibility of Al-based
diabetic retinopathy screening in clinical practice [8].

5.2 Glaucoma

Al can evaluate optic-disc morphology, retinal nerve
fiber layer characteristics, OCT measurements, and
visual-field patterns.

Potential applications include:
e Early glaucoma screening

e Optic nerve head analysis

e Retinal nerve fiber layer assessment
e Progression prediction

e Risk stratification

Deep-learning algorithms may detect subtle structural
changes before they become obvious during routine
examination.

5.3 Age-Related Macular Degeneration

Al can analyze fundus photographs and OCT images to
detect drusen, pigmentary changes, fluid, and other
biomarkers associated with age-related macular
degeneration (AMD).

Al can also support disease staging and potentially
predict progression or treatment response.
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5.4 OCT and Multimodal Eye Imaging
OCT provides high-resolution cross-sectional images of
the retina. Al-based segmentation can identify retinal
layers and quantify pathological changes.

Recent research has expanded toward multimodal
ophthalmic Al, combining fundus photographs, OCT,
clinical information, and other data sources. Multimodal
Al may improve diagnostic performance because ocular
disease often produces complementary structural and
functional changes across different tests [13].

5.5 Corneal and Anterior Segment Applications

Al is increasingly being investigated for:
e Keratoconus detection

e (Corneal ectasia classification

e (ataract assessment
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e Dry-eye evaluation
e Refractive error prediction
e Anterior-segment image analysis

These applications could support earlier referral and
more consistent screening.

5.6 Tele-Optometry and Digital Eye Care

Digital health enables retinal images and other diagnostic
information to be acquired remotely and transmitted to
specialists. Al can perform preliminary screening before
specialist review.

This model may be particularly valuable in rural and
underserved populations where specialist availability is
limited. However, digital access, device quality,
connectivity, data privacy, and appropriate referral
pathways remain essential.

6. COMPARATIVE ROLE OF AI ACROSS DIAGNOSTIC SCIENCES

Diagnostic Major Data Major Al Potential Benefits
Domain Types Applications
Radiology X-ray, CT, MRI, Detection, Faster interpretation,
ultrasound, PET, egmentation, improved consistency,
clinical data reconstruction, workflow optimization
eporting, triage
Medical Numerical results, Automation,  quality Reduced  workload,
Laboratory microscopy, control, classification, standardized
Technology molecular  data, prediction interpretation,
histology improved efficiency
Optometry Fundus  images, Screening, Earlier detection,
OCT, OCTA, egmentation, remote screening,
visual fields, classification, improved accessibility
corneal imaging progression prediction

7. DIGITAL HEALTH INFRASTRUCTURE
SUPPORTING Al

Successful Al implementation requires more than an
algorithm. It requires reliable digital infrastructure.

7.1 Electronic Health Records

EHRs provide longitudinal clinical information that can
improve Al predictions by combining diagnostic findings
with demographic, clinical, medication, and laboratory
data.

7.2 PACS and RIS

PACS enables digital storage and retrieval of medical
images, while RIS manages radiology workflow.
Integration with Al permits automated analysis directly
within clinical imaging systems.

7.3 Laboratory Information Systems

LIS integration enables Al to access laboratory results,
specimen information, quality-control data, and historical
trends.

7.4 Cloud Computing

Cloud infrastructure provides scalable computational
resources and facilitates remote Al deployment.
However, cloud-based healthcare systems require strong

cybersecurity, authentication, encryption, and data-
governance mechanisms.

7.5 Telemedicine and Mobile Health

Mobile devices, portable diagnostic equipment, tele-
radiology, and tele-optometry can extend diagnostic
services beyond traditional healthcare facilities.

Digital health therefore acts as the bridge connecting Al
technology with real-world diagnostic practice.

8. CHALLENGES AND LIMITATIONS
Despite considerable progress, several barriers limit
widespread adoption.

8.1 Data Quality and Generalizability

Al models depend heavily on training data. Poor-quality,
incomplete, unbalanced, or institution-specific datasets
can produce unreliable results. Models trained on one
population may perform differently in another because of
differences in disease prevalence, imaging equipment,
laboratory methods, patient demographics, and clinical
workflows.

8.2 Algorithmic Bias

601



If training data do not adequately represent different
populations, Al systems may demonstrate unequal
performance. Equity must therefore be considered during
dataset development, validation, and deployment.

8.3 Explainability

Many deep-learning models operate as complex systems
whose reasoning is difficult to interpret. Healthcare
professionals may be reluctant to rely on predictions that
cannot be adequately explained.

Explainable Al methods can provide visual or feature-
based evidence supporting predictions, but explainability
should complement—not replace—clinical validation.

8.4 Privacy and Cybersecurity

Diagnostic data contain sensitive personal information.
Unauthorized access, cyberattacks, data leakage, and
inappropriate secondary use represent major risks. Secure
data governance is therefore essential.

8.5 Regulatory and Legal Issues

Al systems used for diagnosis may qualify as medical
devices and require regulatory evaluation. Questions
concerning liability are also important: responsibility
must be clearly defined when an Al-assisted decision is
incorrect.

8.6 Human Factors and Workforce Readiness

Al will change the roles of radiologists, laboratory
professionals, optometrists, radiographers, and other
healthcare workers. Rather than eliminating professional
roles, effective implementation should emphasize
human-AlI collaboration.

Healthcare professionals will require training in:
e Al fundamentals

e Interpretation of Al outputs

e Data quality

e Bias and limitations

e Digital health systems

e Cybersecurity

e FEthical and regulatory principles

8.7 Workflow Integration

An Al system that performs well experimentally may fail
to deliver clinical benefit if it disrupts workflow. Al
should therefore be evaluated not only by accuracy but
also by its effect on turnaround time, workload, patient
outcomes, costs, and professional satisfaction.

WHO  emphasizes  human  autonomy, safety,
transparency, accountability, equity, and sustainability as
core principles for Al in healthcare [2].

9. FUTURE PERSPECTIVES

The future of diagnostic sciences is likely to move from
single-modality AI toward multimodal and longitudinal
intelligence.

Journal of Animal Environment, Vol. 18, No. 4s, Spring 2026

Instead of analyzing an isolated CT scan, laboratory
result, or retinal photograph, future systems may
combine:

Medical Imaging + Laboratory Data + EHR + Genomics
+ Wearable Data + Patient History. This approach may
facilitate more personalized diagnosis and risk
prediction.

Generative Al and large multimodal models may also
assist in clinical documentation, report drafting, patient
communication, educational support, and synthesis of
complex diagnostic information. However, their
deployment should remain subject to clinical oversight
and rigorous evaluation.

Another important development will be federated
learning, in which models can be trained across
institutions without directly centralizing patient data.
This could improve data diversity while reducing some
privacy concerns.

Edge Al may allow diagnostic algorithms to operate
directly on portable devices, retinal cameras, ultrasound
systems, laboratory analyzers, and other point-of-care
technologies. Such systems could be particularly
valuable in low-resource environments.

In radiology, AI may increasingly evolve toward
workflow-oriented and agentic systems that coordinate
multiple subtasks while maintaining human oversight
[11]. In laboratory medicine, Al may move beyond
individual result interpretation toward intelligent
laboratories capable of optimizing the complete testing
pathway. In optometry, multimodal Al may integrate
retinal imaging, OCT, visual fields, and clinical history
to support personalized eye-care pathways.

10. IMPLICATIONS FOR DIAGNOSTIC SCIENCE
EDUCATION

The increasing use of Al has important implications for
education in radiology, medical laboratory technology,
and optometry. Traditional curricula should gradually
incorporate digital-health and Al competencies.

Students should understand:
1. Fundamentals of AI, ML, and deep learning.

. Clinical applications and limitations of Al.
. Digital imaging and data management.

. Basic statistics and data interpretation.

2
3
4
5. Al ethics, privacy, and cybersecurity.
6. Human-Al interaction.

7. Validation and performance metrics.

8. Critical evaluation of Al-generated outputs.

The objective should not be to transform every diagnostic
professional into a computer scientist. Rather,
professionals should become Al-literate clinicians and
technologists capable of understanding when Al can be
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trusted, when human review is essential, and how Al
should be incorporated safely into clinical workflows.

11. CONCLUSION

Artificial intelligence and digital health are reshaping
diagnostic sciences across radiology, medical laboratory
technology, and optometry. Radiology currently
demonstrates extensive Al adoption in image
reconstruction, detection, segmentation, quantification,
triage, and reporting. Medical laboratory technology is
increasingly incorporating Al into automation, quality
control, microscopy, laboratory utilization, result
interpretation, microbiology, hematology, and digital
pathology. Optometry and ophthalmic diagnostics are
benefiting from Al-based retinal image analysis, OCT
interpretation, glaucoma detection, diabetic retinopathy
screening, AMD assessment, and tele-eye care.

The convergence of Al with digital health infrastructure
represents a major opportunity to improve diagnostic
efficiency, accessibility, standardization, and precision.
However, technical performance alone is insufficient.
Successful implementation requires high-quality data,
external validation, interoperability, cybersecurity,
regulatory oversight, explainability, ethical governance,
and appropriately trained professionals.

The most realistic future is therefore not a replacement of
diagnostic professionals by Al, but intelligent human-Al
collaboration. ~ Radiologists, = medical  laboratory
professionals, optometrists, radiographers, and other
diagnostic specialists will remain responsible for
contextual interpretation and patient-centered decision-
making, while Al increasingly performs computationally
intensive, repetitive, and pattern-recognition tasks. The
integration of these technologies has the potential to
create a more efficient, accessible, personalized, and
data-driven diagnostic healthcare system.
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