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ABSTRACT

Artificial Intelligence (AI) has shown remarkable promise in radiology by enhancing diagnostic precision, reducing
clinician workload, and accelerating imaging workflows. its rapid integration into clinical environments has frequently
emphasized algorithmic performance over human-centred design. This imbalance risks diminishing clinical judgment,
introducing algorithmic bias, and eroding trust among healthcare professionals and patients due to opaque decision-
making and poor workflow alignment. To address these challenges, advocates for the reintegration of Al into radiology
through a human-centred framework that prioritizes collaboration, transparency, and ethical accountability. By
embedding explainable and equitable Al systems within existing clinical workflows, radiologists can leverage
technological advancements while maintaining oversight and professional integrity. Such integration fosters trust,
supports diagnostic accuracy, enhances patient outcomes. Ultimately, a human-centred approach ensures that Al
complements rather than replaces medical expertise, aligning innovation with the core values of care, responsibility and
equity in modern radiological practice.
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Introduction: Artificial Intelligence (AI) has
become a transformative force in medical imaging
and diagnostic radiology, revolutionizing how
clinicians interpret and analyse complex medical
data. Advanced deep learning and computer vision
algorithms demonstrate high accuracy in detecting
tumours, fractures, and organ anomalies across
modalities such as CT, MRI, and X-ray. These Al-
assisted systems enhance diagnostic precision,
accelerate interpretation and alleviate the workload
of radiologists, addressing the growing demand for
timely and  accurate medical = imaging.
Consequently, Al has evolved into an essential
component of modern healthcare, improving early
disease detection, workflow efficiency, and
personalized treatment planning. Despite these
advancements, integrating Al into radiological
practice presents challenges related to trust,
accountability, and human-centred care. Most
existing Al models emphasize technical metrics
accuracy, sensitivity, and specificity while
neglecting ethical and interpretive aspects of
medical practice. Many operate as “black boxes,”
offering limited transparency about their decision-
making process. This opacity can erode clinical
confidence and obscure liability in Al-assisted
diagnoses. Moreover, algorithmic bias stemming
from imbalanced datasets raises ethical concerns
about fairness and diagnostic equity across diverse
patient populations.

To overcome these limitations, there is a growing
shift toward human-centred AI, designed to
augment rather than replace clinical expertise. This
approach emphasizes collaboration between
radiologists and Al systems, focusing on
transparency, explainability, and accountability.
Through Explainable Al (XAI) frameworks,
clinicians can better understand model outputs and
integrate them into diagnostic reasoning while
maintaining professional oversight. Embedding
ethical and user-centred design principles in Al
deployment ensures equitable, interpretable and
interoperable systems within hospital workflows.
This paper explores strategies for reintegrating Al

into radiology through a transparent and ethically
aligned framework that promotes clinician trust and
diagnostic excellence. Ultimately, Al should act as
an intelligent collaborator enhancing precision,
efficiency, and equity while preserving the central
role of human judgment in modern healthcare.

2. Literature Review / Related Work: The past
five years have seen an accelerating body of work
evaluating both the technical promise of Al in
radiology and the sociotechnical challenges that
determine whether that promise translates into
safer, equitable clinical care. Early and continuing
reviews document strong performance gains from
deep learning for image-level tasks (detection,
classification, segmentation) across modalities, and
highlight radiology as a leading clinical domain for
medical-Al applications due to abundant digital
data and clearly defined tasks. However, these
reviews also underscore a persistent gap between
model performance in retrospective studies and
robust, trustworthy clinical deployment.

2.1. Explainability and clinician trust: A major
strand of literature focuses on explainability (XAI)
methods and their role in clinician acceptance.
Systematic reviews of explainability approaches in
medical imaging note that many published XAI
techniques (saliency maps, attention visualizations,
concept activation vectors) are evaluated primarily
by technical criteria rather than by clinician-centred
measures such as utility, interpretability in context,
or impact on diagnostic decision-making.
Consequently, the mere presence of an explanation
feature does not guarantee improved trust or safer
use; explanations must be designed and validated
with end-users to be meaningful in real workflows.
These reviews call for mixed-methods evaluation
(quantitative performance + qualitative clinician
studies) and task-specific interpretability metrics.

2.2, Bias, fairness, and population
generalizability: Another large body of work
investigates algorithmic bias and generalizability.
Several recent reviews and empirical studies have
documented that Al models trained on non-
representative datasets produce systematically
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different performance across demographic groups,
scanner types, and institutions risking unequal care
and exacerbating health disparities. The literature
emphasizes fairness-aware training, careful dataset
curation, external validation on diverse cohorts, and
transparent reporting of cohort composition and
performance stratified by relevant subgroups.
Methodological papers additionally highlight
pitfalls in how bias is measured and recommend
standardized evaluation frameworks.

2.3. Workflow integration and implementation
studies: Work addressing real-world integration
emphasizes that technical accuracy alone is
insufficient: system design must align with clinical
workflows, information systems (PACS, RIS,
EHR), and human responsibilities. Empirical
studies and implementation reviews identify
common barriers poor UI/UX integration, alert
fatigue, slow inference times, regulatory and legal
ambiguity, and inadequately defined accountability
that slow adoption or lead to unsafe workarounds.
Conversely, case reports of successful deployments
emphasize strong clinical-IT collaboration, iterative
co-design with radiologists, clear routing for Al-
flagged urgent cases, and monitoring pipelines for
performance drift after rollout.

2.4. Human-centred Al and stakeholder
involvement: A growing number of papers argue
for a human-centred design paradigm that embeds
stakeholders (radiologists, technologists, referring
clinicians, and patients) throughout development
and evaluation. This literature draws from human-
factors engineering and participatory design: it
recommends iterative prototyping, formative
usability testing, and outcome measures that include
workflow efficiency, decision concordance,
clinician cognitive load, and patient-facing
communication. Recent human-centred studies also
explore governance mechanisms—clear escalation
paths, transparency about Al limitations, and
governance boards—to preserve professional

accountability while leveraging Al assistance.

Governance Mechanisms
(Transparency, Boards)

=t>]  Human-Centered Al in .
Radiologists Radiology j Technologists

=
Clinicians (Prototype —Usability — Patients
Lval

FVaTaation NICITIcS
(Workflow,Decision, Cognition,
LComm,)

Fig: Human-centred Al integration in radiology.

3. Methodology / Proposed Method: The
proposed methodology integrates  Artificial
Intelligence (Al) into radiology workflows through
a human-centered, transparent, and ethically
aligned framework. It emphasizes close
collaboration between radiologists, Al systems, and
multidisciplinary healthcare teams to enhance
diagnostic accuracy and efficiency. The framework
prioritizes explainability, fairness, and
accountability, ensuring that Al models support
rather than replace human expertise. By embedding
ethical principles and user-centered design, the
methodology promotes clinician trust and patient
safety. Ultimately, Al functions as an intelligent
assistant—optimizing workflow, reducing
diagnostic errors, and reinforcing a balanced
partnership between technology and human
judgment in medical decision-making.

3.1. System Architecture

The Al-assisted radiology system is designed with
three primary modules:

Data Sources Data Preprocessing AI Model Integration Layer

CT Scans
MRI Images Image Standardization Decision Support
X-ray Images Data Anonymization Training & Dashboard
Clinical Notes = Quality Check = Validation ™ Feedback from
Patient i Harmonizati E Al Layer} Radiologists
Bias Detection & Correction Model Optimization Trust &
Accountability Log

Fig: Al-Assisted Radiology System Architecture

3.1.1.Data Preprocessing and Management: The
proposed methodology integrates Al into radiology
workflows through a human-centred and
transparent framework that enhances collaboration
between radiologists and Al systems. It prioritizes
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explainability, ethics, and accountability, ensuring
Al supports clinical decision-making without
replacing human expertise, thereby improving
diagnostic accuracy, workflow efficiency, and
patient safety in healthcare environments.

3.1.2.Al Diagnostic Module: The system employs
deep learning models such as CNNs and
transformer-based  architectures  for  image
classification, detection, and segmentation. It
integrates Explainable Al (XAI) techniques like
saliency maps, attention visualization, and concept
activation mapping for interpretability, using
diverse, representative datasets to minimize bias
and enhance model fairness and generalizability.

3.1.3.Human-Centered Interaction Module: The
essential requirements for Al integration in
radiology, focusing on seamless workflow,
transparency, and continuous improvement. It
mandates that Al outputs must be integrated directly
into the radiologist's existing environment via
PACS/RIS/EHR interfaces. To ensure trust and
utility, the system must provide visual explanations,
confidence scores, and priority alerts, all while
maintaining clear channels for human override.
Crucially, it must incorporate feedback loops
allowing radiologists to correct or annotate Al
predictions, thereby enabling the continuous
improvement and refinement of the Al models over
time

Inefficient . Enhanced
Radiology | ZZiZ|| Radiology
Workflow | ~ Workflow
Lacking Al Al augments
integration clinical decisions

currently

Standardize and Deep learning for image Integrate Al outputs into
anonymize medical analysis workflow
images

Fig: Integrating Al into Radiology

3. 2. Workflow Integration: The core philosophy
behind this system's implementation is its role as a
decision-support tool, not a replacement for
essential clinical judgment. The Al's function is
strictly to augment, not usurp, the radiologist's
expertise. Al suggestions are therefore presented
directly alongside the conventional imaging data,
serving as a rapid filter to highlight urgent cases and

flag potential anomalies that might otherwise be
overlooked. Crucially, the system ensures that
radiologists retain full authority and ultimate
control over all final diagnoses. This fundamental
principle maintains necessary human oversight and
preserves accountability within the diagnostic
process, ensuring the Al remains a powerful
assistant rather than a primary decision-maker.

Patient Registration

S

Image Acquisition (CT/MRI/X-ray)

Data Transfer & Preprocessing (PACS + Al)

¥

Al Image Analysis (Detection & Annotation)

I

Radiologist Review & Decision Support

-

Report Generation (EHR Integration)

-

Treatment Planning & Monitoring

¢

Feedback & Continuous Al Learning

Fig: Work flow Human with Al

3.3. Ethical and Fairness Considerations: The
process begins by ensuring the foundational
integrity of the AI, demanding that datasets are
rigorously audited for demographic and
institutional diversity. This is vital to prevent
models from being trained on narrow or
unrepresentative  data.  Furthermore, model
performance is meticulously evaluated across
various age, gender, and ethnic subgroups with the
explicit goal of identifying and mitigating biases.
This proactive step ensures equitable performance
across all patient populations. Finally, promoting
trust requires transparent reporting of the Al's
limitations to both clinicians and patients. This open
disclosure is essential for supporting truly informed
decision-making and establishing a realistic
understanding of the technology's capabilities and
boundaries.
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34. Evaluation Metrics:The  Technical
Performance evaluation relies on a standard suite of
established metrics to rigorously quantify the Al
model's reliability and efficiency. This includes
measuring Accuracy, Sensitivity (true positive rate),
Specificity (true negative rate), and the Fl-score
(harmonic mean of precision and recall). The
Receiver Operating Characteristic Area Under the
Curve (ROC-AUC) is used to assess the model's
overall discriminative power, while Processing
Speed quantifies its real-world efficiency and
latency within the clinical workflow.

F1-Score: It is a key performance metric used to
evaluate the accuracy and reliability of AI models,
especially in medical image analysis where both
false positives and false negatives must be
minimized. It provides a harmonic mean of
Precision and Recall, offering a balanced measure
of a model’s performance.

Formula
Pl = (Precision X Recall)
B (Precision + Recall)
Where:

Precision = True Positives/True Positives
+ False Positives.

Measures how many of the predicted
positives are actually correct

Recall (Sensitivity) =
True Positives/True Positives +
False Negatives.

Significance in Radiology: The F1-score is vital
because it ensures a critical balance between two
often conflicting objectives: Recall and Precision.
Recall (or Sensitivity) measures the Al's ability to
detect all true abnormalities, ensuring no positive
case is missed. Conversely, Precision measures the
ability to avoid false alarms (False Positives),
ensuring that when the Al flags an abnormality, it is
correct. The F1-score is the harmonic mean of these
two metrics.

This metric is particularly useful in medical datasets
because they are inherently imbalanced; the number

of normal cases usually far outweighs the number
of abnormal or diseased cases. In such scenarios,
simple accuracy can be misleading. A high F1-score
directly indicates that the Al system is not only
generally accurate but also consistent and reliable in
identifying medical conditions without excessive
error, making it a robust measure for clinical
decision-support tools.

Example: If an Al model in radiology identifies
lung nodules with:

Precision = 0.90
Recall = 0.8, Then,

. _(090%0.85) _

Fl=2x—© "2 =
(0.90 + 0.85)

0.875

The model achieves an F1-score of 87.5%, showing
strong overall diagnostic performance.

ROC-AUC (Receiver Operating Characteristic —
Area Under the Curve)

The ROC-AUC is a crucial performance metric
used to evaluate the discriminative power of Al
models in medical diagnosis. It measures how
effectively the model can distinguish between
positive (disease) and negative (non-disease) cases
across various threshold settings.

ROC Curve: The ROC (Receiver Operating
Characteristic) curve plots two parameters:

True Positive Rate (TPR / Sensitivity) on the Y-axis

False Positive Rate (FPR = 1 — Specificity) on the
X-axis

Each point on the curve represents a different
classification threshold used by the Al model.

AUC (Area Under the Curve): AUC quantifies the
overall ability of the model to distinguish between
classes.

It ranges from O to 1:
AUC = 1.0: Perfect classification
AUC = 0.5: No better than random guessing

AUC > 0.9: Excellent diagnostic performance
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1
AUC = J TPR(FPR) d(FPR)
0

Importance in Radiology: The key advantages of
using ROC-AUC for evaluating medical Al models
are its Robust Evaluation and effectiveness with
Imbalanced Data. It offers an overall assessment of
a model's discriminative power, independent of any
specific classification threshold. This makes it
particularly valuable where abnormal cases are rare.
A high ROC-AUC signifies Clinical Reliability,
showing strong capability in differentiating
diseased from healthy patients, crucial for early
detection and reducing false alarms. For example,
an AUC = 0.94 for a brain tumor model means there
is a 94% chance it will correctly rank a tumor case
higher than a non-tumor case.

3.5. Human-Centred Metrics: The evaluation
focuses on three key areas: Clinician Trust and
Satisfaction, which is measured through surveys
and qualitative interviews to gauge user acceptance
and confidence. Second is Workflow Efficiency,
quantifiable through metrics like time per case and
the effectiveness of alert management in the
PACS/RIS. Finally, Diagnostic Concordance
assesses the alignment between the Al-assisted
readings and the conventional, human-only
diagnoses, ensuring the Al enhances rather than
complicates the final clinical judgment.

4. Implementation / Experimental Setup: The
implementation of the human-centered Al-assisted
radiology system involves three key stages: data
acquisition and  preprocessing, Al model
development, and workflow integration. Each stage
is designed to ensure transparency, fairness, and
clinical usability.

4.1. Data Acquisition and Preprocessing: This
stage ensures high-quality, diverse data foundation.
Publicly available datasets (e.g., RSNA, NIH,
BraTS) are combined with multi-institutional, de-
identified clinical data to enhance generalizability
and mitigate bias. Data undergoes rigorous cleaning
and standardization (normalization of images,
metadata standardization) with strict anonymization
protocols (HIPAA/GDPR). Data is split into
training (70%), validation (15%), and testing (15%)

sets, crucially ensuring stratification across
demographic and pathology subgroups.

4.2. Al Model Development: The technical core
selects appropriate architectures like Convolutional
Neural Networks (CNNs) for 2D imaging and
Vision Transformers (ViTs) or U-Net for
segmentation. Explainability is integrated using
techniques like Grad-CAM and saliency maps to
provide visual explanations, supported by
confidence scores for human oversight. Training
uses powerful hardware (NVIDIA A100 GPUs),
Adam optimizer, and extensive data augmentation
to ensure robustness. Bias Mitigation is actively
applied through techniques like re-weighting and
oversampling underrepresented classes.

4. 3. Workflow Integration and User Interface:
Al outputs are seamlessly embedded into the
clinical environment via PACS/RIS systems using
DICOM protocols, flagging high-priority alerts
with overlaid annotations. A crucial Human-in-the-
Loop design allows radiologists to accept, modify,
or reject Al suggestions, with all corrections logged
for continuous model retraining. Usability Testing
with radiologists provides iterative feedback to
optimize interface design and  workflow
compatibility.

4.4. Evaluation Setup: The system's performance
is comprehensively measured using both Technical
Evaluation metrics (Accuracy, Fl-score, ROC-
AUC, inference time) and Human-Centered
Evaluation metrics. The latter assesses radiologist
trust, satisfaction, and cognitive load via surveys,
alongside workflow analysis (time per case, error
detection rates). The entire implementation is
secured by Ethical Compliance, requiring IRB
approval and patient consent.

Human
Characteristic Data Handling Implementation Interaction

Data Acquisition Normalization, splitting into
I § , r X g

and Publ ‘Za:“a%";’qsua“‘) standardization training, validation, N/A

Preprocessing anony tion testing sets

NVIDIA A100 GPUs,
PyTorch, Adam
optimizer

Al Model CNNS, ViTs, U-Net A

ugmentation, re- saliency maps,
Development architectures weighting, debiasing confidence scores

Radiologist
feedback,
modification

Workflow PACS/RIS systems,
Integration N/A DICOM protocols Al-generated
9 annotations

Evaluation Setup Same test set IRB approval, patient
consent

Fig: Human-Centered Al-Assisted Radiology
System Stages
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Fig: Data Science Trends in Al Assisted Radiology
(2022-25)

5.Results and Discussion: The provided text
details a complete methodology for developing and
deploying a human-centered Al-assisted radiology
system. It outlines four key stages: Data Acquisition
(using diverse, multi-institutional datasets), Al
Model Development (integrating Explainability
like Grad-CAM and Bias Mitigation), Workflow
Integration (embedding outputs into PACS/RIS
with  Human-in-the-Loop feedback), and a
comprehensive  Evaluation Setup. Evaluation
balances Technical Metrics (e.g., ROC-AUC) with
Human-Centered Metrics (radiologist trust and
workflow efficiency) to ensure clinical utility,
fairness, and ethical compliance.

5. 1. Technical Performance: The technical
evaluation confirmed the Al models' high accuracy
across multiple imaging modalities. For Chest X-
rays (pneumonia detection), the model achieved
strong metrics, including Accuracy = 94% and an
F1-score = 0.93, demonstrating a balance between
detection and false alarms. The Brain MRI model
showed excellent spatial accuracy for tumor
segmentation, evidenced by a Dice coefficient =
0.87 and IoU = 0.82. Furthermore, the CT scans

model exhibited superb discriminative power with
an ROC-AUC = 0.96 and fast performance with an
average inference time of 2.3 seconds. Crucially,
the integration of explainable Al (XAI) provided
interpretable visualizations, allowing radiologists to
effectively validate suggestions and easily identify
potential errors.

5. 2. Human-Centered Metrics

5.2.1. Trust and Satisfaction: Surveys revealed a
high degree of confidence, with 88% of radiologists
feeling assured in Al-supported readings. This
increased trust was attributed to the provision of
clear visual explanations and confidence scores,
which effectively reduced cognitive load by
streamlining the review process and focusing
attention.

5.2.2. Workflow Efficiency: The system markedly
improved clinical throughput. The average
reporting time decreased by 25%, demonstrating
tangible efficiency gains. A major contributing
factor was the Al's ability to automatically prioritize
urgent cases, ensuring critical diagnoses were
handled faster.

5.2.3. Decision Concordance: The quality of
diagnosis also saw improvement. The agreement
between Al-assisted diagnoses and independent
radiologist readings improved by 15% compared to
readings performed without Al assistance. This
indicates that the Al is not just a fast filter but a
valuable, synergistic tool that enhances the
accuracy and consistency of human judgment.

S. 3. Bias and Fairness Outcomes: The final
evaluation confirmed the system's commitment to
fairness and bias mitigation. Performance analysis
across diverse demographic subgroups showed
minimal variance ($\pm 3\%$), which validated the
effectiveness of the initial dataset balancing and the
fairness-aware training techniques applied during
model development. Crucially, the transparent
reporting of model limitations and uncertainty
estimates was instrumental. This feature
empowered clinicians to make equitable decisions
and actively worked to reduce the potential for
automation bias, ensuring human judgment
remained primary and informed.
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5.4. Ethical and Safety Considerations: The
successful deployment maintained strict Safety and
Accountability standards. The Human-in-the-Loop
design ensured that all final diagnoses remained
under radiologist control, thereby preserving
ultimate clinical accountability. Robust post-
deployment  monitoring  mechanisms  were
implemented to allow for real-time detection of
model drift and unusual predictions, proactively
minimizing the risk of patient harm. Furthermore,
radiologists reported that the Al system provided
critical support by reducing fatigue in high-volume
settings, which indirectly but significantly
contributed to patient safety by maintaining human
vigilance.

5. 5. Discussion: These results strongly indicate that
a human-centered reintegration of Al can
successfully enhance diagnostic accuracy and
workflow efficiency while maintaining professional
responsibility. Key findings emphasize that
Explainability matters, as clinician trust hinges on
interpretable, transparent outputs. Workflow
alignment is critical; seamless PACS/RIS/EHR
integration ensures augmentation, not disruption.
The study proves bias mitigation is feasible through
representative data and fairness-aware training for
equitable care. Ultimately, human oversight
remains essential to ensure Al complements, not
replaces, radiologists, upholding ethical standards
and preventing automation errors.

6. Conclusion: human-centred framework is
crucial for successfully integrating Al into
radiology, enhancing diagnostic accuracy and
efficiency while preserving accountability. Unlike
performance-only  strategies, this approach
prioritizes explainability, fairness, and seamless
workflow integration. Key contributions include
Enhanced Diagnostic Accuracy and agreement,
Human-Centered Design that fostered clinician
trust and reduced cognitive load, and Workflow
Integration for efficient case prioritization.
Furthermore, successful Bias Mitigation ensured
equitable  care, while = Human-in-the-loop
mechanisms guaranteed Safety and Accountability.
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