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ABSTRACT

Artificial intelligence in radiography reconfigures professional accountability, radiomic data stewardship, and clinical go-
vernance obligations across the imaging workflow. This narrative review proposes epistemic authority — the radiographer’s
accountable role as guarantor of the validity, interpretability, and governance of Al-mediated outputs — as the unifying fra-
mework for understanding these transformations. Al integration redistributes procedural tasks without transferring professio-
nal responsibility: radiographers retain non-delegable accountability for radiation justification, technical—clinical compromise,
and patient-centred judgement, particularly in paediatric, frail, trauma, and non-standard contexts where algorithmic quality
thresholds conflict with ethical proportionality. Radiomic validity is contingent on acquisition reproducibility; variability in
kVp, mAs, reconstruction algorithm, and voxel dimensions generates epistemically unstable feature distributions, positioning
technical standardisation as a form of scientific accountability rather than mere protocol compliance. Systemic vulnerabilities
— automation bias, professional deskilling, dataset inequity, and algorithmic drift — are compounding, longitudinal threats
requiring governance architectures designed around technical—clinical-organisational interfaces. The EU Al Act formally
classifies healthcare Al as high-risk; sustainable compliance requires active professional operationalisation, not passive insti-
tutional adoption. Epistemic authority is the defining competency of contemporary radiographic practice, and its cultivation
— through Critical Al Literacy embedded in pre-registration curricula, continuing professional development, and institutional

governance — represents a genuine expansion of professional authority, not a diminution of it.

INTRODUCTION

Beyond Operational Familiarity — The Episte-
mic Stakes of Al in Radiography

Artificial intelligence in radiography has attracted
substantial scholarly attention, with recent contri-
butions addressing professional identity [5, 6], go-
vernance frameworks [21], and the perceived impact
of automation on radiographers’ careers [27]. What
this literature has not yet synthesised is the unifying
concept that connects these concerns: epistemic
authority — the radiographer’s accountable role as
guarantor of the validity, interpretability, and gover-
nance of the Al-mediated outputs that increasingly
co-produce diagnostic knowledge.

This distinction matters practically. A radiographer
who understands that Al improves throughput, but
does not understand that their acquisition decisions
determine the scientific validity of radiomic pre-
dictions, is operationally trained but epistemically
unprepared. A profession that acknowledges gover-
nance as important, but treats it as an institutional
function rather than an individual competency, will
produce practitioners who comply with policy but
cannot identify algorithmic drift, challenge boundary
failures, or meaningfully participate in procurement
and post-market surveillance. The gap in the current
literature is not descriptive — the landscape of Al
in radiography has been mapped — but integrative:

no existing review has articulated the framework

that unifies professional role transformation, data
stewardship, and governance as expressions of a sin-
gle, expanded professional accountability.

Artificial intelligence cannot be reduced to a tech-
nological upgrade. It represents a structural reconfi-
guration of how diagnostic knowledge is generated,
validated, and operationalised within clinical ima-
ging environments [1, 10, 27]. Conventional radio-
graphic technologies enhanced acquisition through
deterministic improvements in detector sensitivity,
dose modulation, and digital processing. Al introdu-
ces probabilistic inference — algorithmic reasoning
derived from large-scale data modelling embedded
directly within routine clinical decision pathways —
creating what must be understood as a human-al-
gorithmic system in which professional judgement
and computational inference co-produce diagnostic
artefacts [1, 10, 16, 21]. The radiographer remains
the final guarantor of radiation justification, clinical
adequacy, and patient safety even where algorithms
provide positioning guidance, quality flags, or triage
prioritisation [1, 8, 16, 17, 21, 25]. The central que-
stion is not whether Al improves measurable perfor-
mance, but how algorithmic mediation reshapes ac-
countability, expertise, and the boundaries between
delegable and non-delegable professional judgement.
Many current Al implementations operate as invisi-
ble computational layers: automated centring modu-
les, artefact detection systems, protocol optimisation
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engines, clinical triage algorithms [1, 10, 21, 27].
Their invisibility renders them consequential; opera-
ting without continuous interrogation, these systems
risk becoming epistemically naturalised — accep-
ted uncritically, their influence on clinical percep-
tion ungoverned. Epistemic authority, as developed
throughout this review, is precisely the professional
capacity to resist that naturalisation: to interrogate
Al outputs, identify boundary conditions, maintain
acquisition standards that preserve data validity,
and participate actively in the governance structu-
res that make clinical Al safe across its deployment
lifecycle.

Narrative Review Approach

This narrative review was developed through
structured searches of PubMed/MEDLINE, Scopus,
and CINAHL (2015-2026), complemented by key
policy, regulatory, and consensus documents [1, 10,
17, 21, 25, 27]. Search terms included: Artificial
Intelligence, Radiographer, Deep Learning, Clinical
Governance, Radiomics, Explainability, Automation
Bias, and Deskilling. Inclusion criteria required rele-
vance to radiographer practice, imaging workflows,
professional responsibility, Al governance, or ra-
diomic reproducibility. The synthesis is organised
around five practice-relevant domains: professional
role transformation and ethical judgement; radiomic
stewardship and acquisition standardisation; perfor-
mance metrics and systemic vulnerabilities; gover-
nance, Critical Al Literacy, and regulatory obliga-
tions; and educational and workforce implications
[1, 11, 16, 21, 27].

From Technical Operator to Supervisory Clini-
cian

Automation redistributes procedural labour but does
not transfer professional responsibility [1, 16, 21].
As radiographic systems assume greater autonomy
over positioning, quality assurance, post-proces-
sing, and triage, the oversight function of the ra-
diographer becomes more consequential, not less
— concentrated around moments of uncertainty,
ethical compromise, and patient-specific adaptation
that fall outside the competence of probabilistic mo-
dels [1, 8, 11, 16].

Ethical Judgement in Technical-Clinical Trade-offs

Al quality assurance systems evaluate images against
learned statistical norms, not ethical proportionality
or patient burden [1, 10, 27]. In paediatric, geriatric,
trauma, or frail populations, repeating an exposure
to satisfy an algorithmic threshold may be clinically
unjustified: a technically optimal image is not neces-
sarily the ethically preferable one when repetition
increases radiation burden, pain, or anxiety without
meaningful diagnostic gain [1, 8, 16]. Radiation ju-
stification and the technical-clinical compromise
therefore remain irreducibly human responsibilities
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— the precise domain where professional authori-
ty is most resistant to algorithmic substitution, and
where statistical criteria must yield to ethical pro-
portionality [1, 16, 17, 21].

Contextual Interpretation and the Triage Paradox
Machine learning models are constrained by the re-
presentativeness of their training data [5, 11-15].
Out-of-distribution cases — atypical anatomy,
post-surgical alteration, metallic implants, or acqui-
sition artefacts — may generate confident but clini-
cally misleading outputs.

Case illustration: An automated pneumothorax triage
system flags a linear density as a possible pleural line. A
radiographer with Critical Al Literacy identifies it as a
skin fold or external artefact. Uncritical acceptance pro-
pagates automation bias, causing unnecessary escalation
and avoidable patient distress. Professional verification
restores clinical proportionality by filtering probabilistic
output through the physical conditions of image acquisi-
tion [1, 11, 12, 16]. Al output does not acquire clinical
meaning until interpreted in context.

Accountability Within Regulatory High-Risk Con-
texts

The EU AI Act categorises many healthcare Al
systems as high-risk, imposing requirements for
transparency, documentation, traceability, and
post-market surveillance [9, 17]. While manufactu-
rers bear primary design responsibility, clinical de-
ployment remains governed by professional duty
of care. Al does not assume moral agency: where
an algorithm contributes to a suboptimal outcome,
accountability remains human — distributed across
the radiographer, the clinical team, the institution,
and the procurement pathway [9, 16].

Al as Amplifier of Epistemic Authority

The preceding sections identify algorithmic vulne-
rabilities that epistemic authority must counteract.
An equally important dimension concerns the ways
in which Al can actively augment the radiographer’s
supervisory capacity when engaged critically. These
framings are not contradictory: epistemic authority
is exercised precisely through the decision to accept,
modify, or override algorithmic output — and Al
when appropriately governed, extends both the rea-
ch and the precision of that decision.

Automated protocol compliance monitoring enables
continuous surveillance of acquisition parameters
across all examinations, generating standardisa-
tion evidence that would be impractical to produce
through manual audit alone. In this configuration,
the AI system amplifies the radiographer’s radiomic
stewardship function rather than displacing it. Simi-
larly, Al-assisted anomaly detection in high-throu-
ghput workflows expands the proportion of cli-
nically relevant findings that receive professional
attention — not because the algorithm resolves the
clinical question, but because it extends the percep-
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tual scope within which the radiographer operates.
Explainability outputs — attention heatmaps, SHAP
value distributions, uncertainty confidence scores —
when critically interrogated, provide radiographers
with structured evidence for professional deci-
sion-making unavailable in pre-Al workflows [31,
32]. The radiographer who identifies an implausible
attention region, contextualises it against acquisition
conditions, and escalates or dismisses accordingly
is exercising clinical supervision with greater gra-
nularity than was previously achievable. Professio-
nal responsibility in this context is not diminished
but differentiated: it requires a more sophisticated
knowledge base, a more active governance orien-
tation, and a more deliberate engagement with the
evidence underlying each Al-mediated output.

The answer to the question can Al genuinely improve
the professional accountability of radiographers? is the-
refore affirmative — conditional on the cultivation
of the epistemic authority that makes critical enga-
gement possible. Al does not replace professional ju-
dgment; under governed conditions, it expands the
domain over which that judgment can meaningfully
operate.

Radiomics and the Epistemic Stewardship of

Data

Radiomics aims to correlate imaging phenotypes
with treatment response, prognosis, or biological
behaviour through high-dimensional quantitative
feature extraction [1, 3, 4]. In practice, radiomic va-
lidity is critically dependent on technical reproduci-
bility and acquisition consistency. Radiomic features
are acutely sensitive to protocol variation, recon-
struction algorithm selection, noise texture, voxel
dimensions, and segmentation methodology [1, 3,
20]. A transition from filtered back-projection to
iterative reconstruction, for example, alters the noi-
se power spectrum and modifies grey-level texture
distributions — changing feature values even when
the underlying pathology is biologically unchanged.
Where acquisition pipelines lack harmonisation, Al
models risk encoding institutional technical signatu-
res rather than biologically meaningful signal, pro-
ducing associations that appear statistically robust

but are epistemically unreliable [1, 20].

Feature Stability and Acquisition Standardisation

Feature stability, evaluated through metrics such
as the Intraclass Correlation Coefficient (ICC), is a
prerequisite for reliable downstream Al modelling;
computational sophistication cannot compensate
for epistemically unstable inputs [1, 20]. Published
evidence quantifies the magnitude of this vulnerabi-
lity. Studies examining the impact of reconstruction
algorithm transitions on radiomic feature stability
have demonstrated that changes from filtered back-
projection to iterative reconstruction reduce ICC
below the accepted reliability threshold of 0.75

for more than 40% of first-order and texture fea-
tures [33,34]. Variation in voxel dimensions — for
example, a change from 1.25 mm to 2.50 mm slice
thickness — can reduce ICC below 0.60 for shape
features in lung nodule radiomic pipelines [35]. The
commonly applied ICC threshold structure provides
a practical reference framework for acquisition stan-
dardisation audits: ICC < 0.50 indicates poor relia-
bility, 0.50-0.75 moderate, 0.75-0.90 good, and >
0.90 excellent [36]. These figures illustrate that the
gap between what radiomic models appear to mea-
sure and what they actually encode is not a hypothe-
tical concern but a quantifiable, protocol-depen-
dent risk whose magnitude is directly addressable
through the standardisation practices described in
this section.Technical precision in radiographic ac-
quisition is therefore not merely an image-quality
obligation — it is a form of epistemic stewardship.
Standardisation of kVp, mAs, reconstruction kernel,
and slice thickness constitutes simultaneously a te-
chnical protocol requirement and a scientific vali-
dity condition, positioning radiographers as active
gatekeepers of the data provenance upon which
Al-derived predictions depend [1, 20, 27].

Performance Metrics and Systemic Vulnerabili-
ties

Numerical performance metrics — AUC-ROC, sen-
sitivity, specificity, Dice coefficient, SSIM — cha-
racterise model behaviour under controlled con-
ditions but do not guarantee contextual reliability,
population generalisability, or safe workflow inte-
gration [1, 3, 12-15, 21]. Reported metrics may be
inflated by dataset selection effects, class imbalance,
overfitting, or data leakage. Subgroup bias is par-
ticularly concerning: models trained on non-repre-
sentative datasets may systematically underperform
for under-served populations, embedding diagnostic
inequity within routine clinical infrastructure [14].
For radiographers engaged in governance, perfor-
mance must be treated as a monitored, dynamic at-
tribute rather than a fixed certification [11, 19, 21,

25].

Automation Bias and Professional Deskilling

Automation bias describes the cognitive tendency
to over-rely on algorithmic output, manifesting in
radiographic workflows as uncritical acceptance of
Al-generated positioning scores, dose recommen-
dations, or quality flags without independent veri-
fication [12, 23, 24]. A subtler risk is professional
deskilling: as automation absorbs repetitive percep-
tual tasks, the experiential opportunities through
which expert clinical judgement is consolidated be-
come attenuated [3, 5]. This risk is most pronounced
among trainees developing practice in Al-saturated
environments, acquiring supervisory dispositions
before foundational technical competence is establi-
shed — a developmental inversion critically exposed
when tools fail or cases diverge from normative pat-
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terns [3, 5, 7]. Mitigation requires curriculum desi-
gn that preserves unmediated clinical exposure and
develops supervisory competence alongside, not in
place of, core technical expertise.

Algorithmic Drift and Post-Market Surveillance

Algorithmic drift refers to progressive performan-
ce degradation from changes in hardware, software,
imaging protocols, or patient demographics [28-30].
Drift is insidious because it is typically gradual, cre-
ating latent vulnerabilities that compound silently
within routine workflows. Structured post-market
surveillance — periodic audits, edge-case review,
and escalation mechanisms for recurrent discre-
pancies — should be regarded as an integral safety
function, not an administrative supplement [17, 19,
21, 25, 30]. Radiographers occupy a privileged po-
sition for early drift detection given their proximity
to Al outputs at the point of acquisition and quality

control.

Black-Box Opacity and Explainable AI

Opacity remains a significant safety barrier in clini-
cal Al adoption [1, 16, 21, 31, 32]. Post-hoc explai-
nability methods — SHAP values, LIME, attention
heatmaps — do not eliminate opacity but provide a
practical supervisory layer, revealing which image
regions or input variables drove model output and
enabling identification of implausible or artefact-dri-
ven algorithmic attention [31, 32]. Explainable Al
should be conceptualised as a governance tool: sup-
portive evidence informing human verification, not
a substitute for it [21, 22, 31].

Summary for Clinical Practice

The following tables synthesise the principal practi-
ce obligations and risk mitigation strategies arising
from Al integration in radiographic workflows.

Table 1. Summary for Clinical Practice in Al-Integrated Radiography

Domain

Key Professional Obligation

e . Override algorithmic quality flags when repetition is clinically disproportionate (pae-
Positioning & quality assurance

diatric, frail, trauma patients)
Verify Al-flagged findings against acquisition context before escalating; identify
out-of-distribution artefacts

Triage & escalation

Standardise kVp, mAs, reconstruction kernel, voxel size across protocols; treat consi-
stency as scientific validity condition

Maintain independent clinical verification; do not accept Al outputs without contextual
interrogation

Use attention heatmaps and SHAP outputs as supervisory evidence, not as diagnostic
conclusions

Radiomic acquisition
Automation bias

Explainable Al

Post-market surveillance Report recurrent Al discrepancies; participate in audit and edge-case review

RESEARCH ARTICLE

Engage in procurement decisions, validation processes, and multidisciplinary Al com-

Governance participation .
mittees

Table 2. Risk Management and Professional Mitigation Strategies in Al-Integrated Radiography

Risk Mechanism Mitigation Strategy

Uncritical acceptance of Al-generated scores, flags, Structured independent verification at each
decision point; Critical Al Literacy training

Automation bias

or recommendations
Curriculum design preserving unmediated

Professional deskil- Attenuation of perceptual experience as automation _. . . . .
clinical exposure; intentional non-Al-assi-

g ling absorbs repetitive tasks sted practice
O Periodic audits; longitudinal perf
P Gradual performance degradation following har- S S e
E Algorithmic drift dware. software. protocol. or demoeraphic changes monitoring; escalation pathways for recur-
j: ’ 'P ’ grap 8¢ rent discrepancies
- % Dataset bias & Underperformance on underrepresented popula- Subgroup performance assessmenF at pro-
o inequity tions due to non-representative training data curement; post-deployment surveillance by
= 8 patient demographic
< g .. s . . . Protocol harmonisation; ICC-based feature
Z . ... Acquisition variability producing epistemically . ..
~ < Radiomic instability o stability assessment before clinical deploy-
5 E unstable feature distributions -
©)
<
—3

Require explainability outputs (SHAP, LIME,
attention maps) as governance condition at
procurement

Passive institutional adoption without active pro- Radiographer participation in transparency
fessional operationalisation of EU Al Act obliga-  documentation, traceability, and post-mar-
tions ket monitoring

Black-box opacity Inability to interrogate algorithmic reasoning
pathway

Regulatory

non-compliance
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Governance, Audit, and Critical Al Literacy

Al governance in radiography is a clinical necessi-
ty, not a regulatory formality. The EU Al Act and
Medical Device Regulation formally recognise heal-
thcare Al as high-risk, requiring transparency, risk
management, human oversight, and post-market
monitoring [9, 17, 18, 21, 25]. Regulatory complian-
ce, however, does not automatically translate into
safe local practice — institutional governance re-
quires active operationalisation. Effective structures
must connect procurement, validation, workflow in-
tegration, training, and surveillance, engaging radio-
graphers, radiologists, medical physicists, engineers,
IT specialists, and clinical managers [19, 21-25]. Al
failures characteristically emerge at technical—-clini-
cal-organisational interfaces; governance should be
designed around those interfaces, not within isolated
professional silos.

Critical Al Literacy as Professional Competency

Critical Al Literacy extends beyond operational
familiarity. It constitutes a professional capability
encompassing: interrogation of data representative-
ness; identification of model boundary conditions;
recognition of automation bias mechanisms; inter-
pretation of uncertainty outputs; understanding of
explainability limitations; and meaningful partici-
pation in escalation, audit, and monitoring [11, 16,
21, 22, 25, 27]. It is a prerequisite for responsible
use — not a supplementary skill — warranting in-
tegration into pre-registration curricula, continuing

flags, triage decisions — that are actively modified
or rejected by the operator. A declining OR over
time may signal accumulating automation bias ra-
ther than genuine Al performance improvement [12,
23].

Correction frequency: the average
ber of Al output corrections recorded per ima-
ging session, expressed per modality and per
operator. Systematic inter-operator variation
identifies targeted training needs; temporal va-
riation may indicate algorithmic drift [28-30].
Concordance-with-outcome rate: the proportion
of accepted Al recommendations subsequently va-
lidated as clinically appropriate in downstream re-
porting or audit, distinguishing justified acceptance
from uncritical deference.

Escalation accuracy: for Al-assisted triage sy-
stems, the proportion of Al-flagged cases confirmed
as requiring escalation following human verifica-
tion. Both under-escalation (missed critical findin-
gs accepted without correction) and over-escalation
(non-significant Al flags propagated without interro-
gation) constitute auditable failure modes.

num-

These indicators can be integrated into departmental quality
dashboards and reviewed on a defined cycle — monthly for
high-volume workflows, quarterly for specialised applications.
The practical question how often does the operator correct the
machine? is not merely operational: it is an institutional go-
vernance signal whose longitudinal trend carries direct patient
safety implications (21, 25, 30].

Table 3. Practical Audit Indicators for Human Oversight of Al in Radiographic Workflows

Audit Indicator Definition

Override Rate (OR)

Correction Frequency

Concordance-with-Outcome Rate % accepted Al outputs validated downstream

Escalation Accuracy

professional development, and institutional onboar-
ding. Radiographers are evolving from system users
into system stewards, with the authority to chal-
lenge algorithmic outputs, participate in governan-
ce decisions, and advocate for the standardisation
and surveillance conditions that make Al clinically
safe [11, 20, 22, 27].

Practical Indicators of Effective Human Oversight
The assertion that radiographers must maintain
supervisory control over Al outputs requires ope-
rationalisation: governance structures must de-
fine how effective oversight is measured, not
merely that it is expected. Several practical au-
dit indicators can be applied within departmen-
tal quality management frameworks:

Override rate (OR): the proportion of Al-genera-
ted recommendations — positioning scores, quality

% of Al recommendations modified or rejected

Mean Al corrections per session (per operator)

% Al-flagged cases confirmed on human review

Safety Signal

Declining OR — automation bias
risk

Rising trend — training need;
falling — drift risk

Low rate — uncritical acceptance
pattern

Deviation — triage reliability
failure

Educational and Workforce Implications

The competency demands described throughout this
review require direct curricular response. Radio-
graphy programmes must move beyond operational
Al training to equip practitioners to interrogate, au-
dit, and govern Al systems [11, 16, 21, 25]. Core
components should address: Al validation science
and performance metric interpretation; bias and
representativeness assessment; explainability princi-
ples; regulatory literacy; and radiomic standardisa-
tion [11, 22, 25, 27]. Continuing professional de-
velopment should support cognitive bias mitigation,
audit methodology, and longitudinal monitoring
skills. Hybrid clinical-informatics roles are likely to
expand, but curriculum design must equally protect
against deskilling by preserving intentional unme-
diated clinical exposure — supervisory competence
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must be built upon, not substituted for, foundational
technical expertise [3, 5, 7]. A practical implemen-

tation model requires structuring Al exposure as a
sequential progression rather than simultaneous im-
mersion. In pre-registration curricula, unmediated
clinical acquisition — without Al positioning sup-
port, automated quality flags, or protocol suggestion
engines — should be established as the foundational
learning environment, with Al-assisted sessions in-
troduced only after core technical competence has
been independently assessed [3, 5, 7]. This develop-
mental sequencing prevents the inversion in whi-
ch trainees acquire supervisory dispositions before
possessing the technical schema against which Al
outputs can be meaningfully evaluated. Concrete
curriculum components should include: (i) structu-
red error-identification exercises using real or si-
mulated cases in which Al has generated plausible
but incorrect outputs, requiring students to locate
the failure mechanism; (ii) supervised audit work-
shops in which trainees apply override-rate tracking
and correction-frequency logging to archival data-
sets; and (iii) protocol reproducibility practicums in
which students quantify the feature-level impact of
deliberate acquisition parameter variation, directly
reinforcing the radiomic stewardship concept at the
point of skill formation. Continuing professional
development programmes should provide certified
pathways in Al audit methodology and clinical go-
vernance participation, with competency framewor-
ks aligned to EU Al Act operational requirements
[9, 17, 25].

Reframing Professional Identity

Al does not erode radiographic professional identity
— it redefines and intensifies it [1, 5, 6, 11, 27]. Pro-
fessional competence now extends beyond technical
execution and image quality optimisation to encom-
pass algorithmic supervision, epistemic steward-
ship, governance participation, and patient safety
advocacy. Radiographers increasingly function as
mediators between computational inference and pa-
tient-centred care, accountable for clinical quality
in environments that are partially but never wholly
automatable [1, 11, 16, 20, 21, 27]. This evolution
requires institutional recognition, structured profes-
sional development, and assertive profession-level
participation in procurement decisions, audit pro-
cesses, multidisciplinary Al committees, and manu-
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facturer discussions on explainability requirements
[19, 21-24]. The radiographer who supervises Al
is not a diminished professional — they are a more
epistemically sophisticated one, accountable for a
wider and more consequential range of clinical and
governance responsibilities.

Limitations

This review is limited by its narrative design, which
does not provide quantitative synthesis and may be
subject to selection bias. The evidence base is evol-
ving rapidly; some recommendations will require
revision. Empirical studies directly linking Al imple-
mentation to radiographer-specific outcomes remain
limited, and deskilling trajectories require longitudi-
nal investigation. This work should be interpreted as
a practice-oriented synthesis to support professional
reflection, curriculum development, and governance
planning, rather than a definitive evidence apprai-
sal.

CONCLUSION

Artificial intelligence transforms radiography throu-
gh redistribution of responsibility, not displacement
of the professional. As procedural tasks become au-
tomated, professional judgement becomes simulta-
neously more visible, more consequential, and less
amenable to delegation [1, 11, 16, 21, 27]. Al should
be understood as a precision amplifier embedded
within complex human-algorithmic healthcare sy-
stems. Its clinical value is determined not by compu-
tational performance alone, but by the governance
structures, standardisation practices, and professio-
nal competencies that surround and constrain it. Au-
tomation bias, algorithmic drift, radiomic instability,
and black-box opacity are not theoretical constructs
— they are active, compounding vulnerabilities in
real-world radiographic workflows that demand
structured, sustained mitigation [12-14, 19-21, 25,
28-32].

The radiographer’s role is evolving from technical
executor to supervisory clinician and data-quality
steward — a transition that represents a genuine
expansion of professional authority, not a diminu-
tion of it. Sustainable Al integration requires Critical
Al Literacy, rigorous technical standardisation, hu-
man oversight, and governance architectures capable
of detecting and managing systemic risk across the
full deployment lifecycle [11, 16, 20, 21, 25].

“The future radiographer is not replaced by Al
The future radiographer governs it.
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