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Abstract: Objective: To review Al-enabled quality control (QC) across diagnostic imaging modalities, distinguish algorithmic
performance from transportability and clinical effectiveness, and propose an evaluation and governance framework for
human-supervised QC agents. Methods: PubMed was searched in a targeted structured manner for English-language publications from
January 2017 through August 4, 2026. Peer-reviewed studies were prioritized when they directly assessed acquisition quality, positioning
and coverage, artifacts, protocol and dose, reconstruction, or equipment performance. Relevant professional statements were also traced.
Findings were synthesized narratively, with SANRA items used for methodological self-checking; no meta-analysis or formal risk-of-bias
assessment was performed. Results: Published applications map to five functions: examination assurance, acquisition assurance, output
assurance, system assurance, and learning and governance. Evidence in radiography, CT, and MRI is dominated by retrospective,
task-specific technical validation. Ultrasound and mammography include observational workflow studies after deployment. Patient-image
evidence in nuclear medicine remains comparatively sparse, whereas phantom and equipment surveillance are closer to routine
implementation. Recurrent limitations include inconsistent quality definitions, subjective labels, inadequate handling of leakage and
clustering, limited external validation, and weak links between technical scores and diagnostic utility. Conclusion: AI can broaden QC
coverage and accelerate feedback, but a universal technical score should not replace professional judgment. Human-supervised QC
agents should coordinate specialized models and deterministic rules and should be constrained by human authorization, stage-gated
validation, and life-cycle monitoring.

Keywords: Artificial intelligence, Medical imaging, Quality control, Quality assurance, Human—AI collaboration, External validation,

Life-cycle governance.

1. Introduction

Medical image quality is not merely an aesthetic preference. It
is a composite property reflecting whether anatomical
coverage, acquisition geometry, artifacts, contrast, and noise
are sufficient for a specific diagnostic task. In routine practice,
radiographers and sonographers assess acquisition quality at
the console, interpreting physicians identify deficiencies
during review, medical physicists perform scheduled
equipment testing, and managers audit repeat or recall
performance. These safeguards are indispensable, but their
coverage may be incomplete, their feedback delayed, and
their outputs difficult to aggregate continuously.

When integrated with imaging workflows, Al can in principle
analyze examinations in real or near-real time and summarize
recurring deficiencies by device, protocol, operator, or period.
However, the label A7 quality control is applied to tasks at
fundamentally different levels, including chest-radiograph
rotation, CT scan range, MRI motion, ultrasound standard
planes, mammographic positioning, and phantom-image
assessment. Their reference standards, failure consequences,
and opportunities for correction differ; they cannot be reduced
to one universal quality score.

This review addresses a common clinical question: Can Al
detect, explain, or prevent a correctable loss of imaging
quality while useful action remains possible? It compares
evidence across modalities and distinguishes algorithmic
performance from workflow effectiveness and clinical utility.

Appraisal was informed by CLAIM 2024, DECIDE-AI,
STARD-ALI, and multisociety guidance for imaging Al [1-4].
These documents are reporting or implementation
frameworks, however, and should not be misrepresented as
formal instruments for grading certainty of evidence.

2. Review Methods
2.1 Scope and Definitions

This was a targeted structured narrative review. SANRA
items were used to self-check the justification of the review,
description of the search, referencing, scientific reasoning,
and presentation of conclusions [5]. Here, quality control
primarily denotes detection and correction at the level of an
examination, series, image, or device output, whereas quality
assurance denotes the broader processes, training, equipment
oversight, audit, and governance required for sustained
performance. Both are incorporated into one closed-loop
framework for cross-modality comparison, but equipment
physics QC and patient-image quality assessment are treated
as distinct tasks.

The scope was limited to diagnostic radiography, CT, MRI,
ultrasound, mammography, and PET/SPECT. Pathology,
ophthalmic imaging, radiotherapy imaging, interventional
navigation, and studies limited to image generation or
enhancement without direct QC evaluation were outside the
core scope. Accordingly, diagnostic imaging modalities does
not denote multimodal data fusion or a general-purpose
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multimodal foundation model.
2.2 Search and Eligibility Approach

PubMed was searched for English-language literature
published from January 1, 2017, through August 4, 2026; the
search was last run on August 4, 2026. Search concepts
included artificial intelligence, machine learning, quality
control, quality assurance, image quality, positioning,
standard plane, artifact, and scan range, combined separately
with radiography, CT, MRI, ultrasound, mammography, PET,
SPECT, and nuclear medicine. The reproducible search string
is provided in Appendix 1. Reference lists of eligible papers
and professional statements were also traced.

Priority was given to peer-reviewed studies that directly
evaluated technical quality, anatomical coverage, positioning,
artifacts, protocol and dose, reconstruction, or equipment
performance in patient or phantom images. Pure diagnostic or
image-enhancement studies were not treated as core evidence
unless they directly evaluated acquisition quality or a QC
mechanism.

2.3 Narrative Synthesis
Because quality definitions, units of analysis, reference

standards, and outcomes differed substantially, studies were
compared narratively by modality and QC function.

Candidate reports were first judged for direct QC relevance
from titles and abstracts; priority was then given to
representative studies with clearer reference standards,
stronger validation designs, or workflow outcomes. This was
not exhaustive duplicate screening. Table 1 summarizes
representative directly relevant study designs and the
principal evidence gaps. It does not combine sample size, risk
of bias, or effect estimates and should not be interpreted as
GRADE or another formal certainty-of-evidence rating.

3. Functional Framework for Al-Enabled

Imaging QC

Al-enabled QC can be organized into five connected
functions (Figure 1). Examination assurance verifies the order,
patient, body region, laterality or orientation, protocol, and
series. Acquisition assurance evaluates centering, positioning,
anatomical coverage, standard planes, motion, and exposure.
Output assurance identifies artifacts and assesses noise,
sharpness, contrast, and task-specific diagnostic adequacy.
System assurance monitors dose, repeats, reconstruction,
phantom images, and device or model drift. Learning and
governance convert outputs into operator feedback, targeted
training, protocol revision, and model oversight.

Table 2 summarizes this unified functional taxonomy and
links each QC layer to its inputs, typical outputs, and clinical
value.

Table 1: Direct evidence profile and principal gaps across imaging modalities

Modality Representative QC tasks Representative directly relevant study designs Principal evidence gap
Dicital Projection recognition, anatomical Retrospective technical development and internal Prospective effects on repeats,
ra diogra h coverage, rotation, inspiration, and foreign validation, with limited task-specific external diagnostic adequacy, and difficult
graphy objects testing patient subgroups remain unclear
Automated positioning, scan range, dose, Dual-center or multivendor retrospective Technical agreement and simulated
CT respiratory phase, and reconstruction validation and simulated or observational dose dose gains are insufficiently linked to
quality analyses diagnostic and patient outcomes
Motion and artifact detection, Cross-dataset or cross-scanner retrospective Sequence-specific thresholds, external
MRI research-data screening, cardiac planning, validation and limited workflow-feasibility clinical validation, and net benefit of
and reacquisition studies reacquisition remain uncertain
Standard planes, required anatomy, . . . Observational designs cannot separate
S Multicenter real-world implementation and pre— .
Ultrasound examination completeness, and . Al from training and temporal effects;
. . . ) . post feedback comparisons : A
multidomain echocardiographic quality reference standards remain subjective
Positioning landmarks, PGMI grading, Longitudinal implementation, multicenter Control'le(.i causa} evidence is lgcklng;
Mammography . : human—AI agreement, and phantom-QC holistic grading shows limited
real-time feedback, and phantom scoring 0 .
validation agreement with expert consensus
. . . . Lo . A Patient-outcome validation across
PET/SPECT Perceptual image quality, uniformity Small patient-image internal validation and larger tracers, scanners, and reconstruction

images, and PET phantom analysis equipment- or phantom-image series

protocols remains limited

Note. This table summarizes representative directly relevant study designs identified in this targeted narrative review; it is not a formal certainty-of-evidence

rating.

Human-supervised medical imaging quality-control loop

Governed professional standards, local protocols, and validated specialized tools

1 Examination assurance

2 Acquisition assurance 3 Output assurance 4 System assurance § Learning and governance

Human authorization: repeat exposure - contrast-related quisition - ination termi

Figure 1: Closed-loop functional framework for human-supervised medical imaging quality control
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Table 2: Unified functional taxonomy of Al-enabled medical imaging QC

QC layer

Principal inputs Representative tasks Immediate output

Clinical value

Examination
assurance

Acquisition
assurance

Output
assurance

System
assurance

Patient—study consistency,
projection or series recognition,
protocol and completeness checks
Centering, positioning, coverage,
standard plane, motion, breath hold,
and exposure guidance
Artifact detection, technical
adequacy, noise, sharpness, contrast,
and task-specific sufficiency
Dose outliers, protocol drift,
reconstruction surveillance, and
detector or phantom QC
Dashboards, targeted education,

Order, worklist, DICOM metadata,
and localizer

Missing or incorrect
component alert

Real-time corrective
feedback

Positioning camera, live image or
video, geometry, and exposure data

Accept, review, or
reacquire recommendation
with reason

Projection, series, reconstructed
image, or cine loop

Control-chart alert and
investigation trigger

Dose reports, repeat logs, phantom
images, and device records

Individual and

Prevent wrong, incomplete,
or misrouted examinations

Correct errors before the
patient leaves or exposure
continues

Improve consistency and
reduce delayed recalls

Protect equipment
performance and
longitudinal stability

Learning and
governance

QC results, operator response,
overrides, and clinical outcomes

threshold review, and model-drift
monitoring plan

Convert isolated errors into

departmental improvement . .
sustained improvement

An overall quality score is most clinically useful when it is
linked to a specific cause, confidence level, and actionable
response. The same low score may imply repositioning,
another breath hold, protocol adjustment, equipment
investigation, or no reacquisition because the existing images
still answer the clinical question. Systems should therefore
provide the defect, localization evidence, uncertainty, and
recommended action, while preserving a professional route
for review and override. In this review, repeat exposure refers
primarily to another radiographic exposure, reacquisition to
repetition of a CT, MRI, or ultrasound series or acquisition,
and recall to bringing a patient back after departure; these
actions differ in risk, cost, and evaluation timing. Repeat
exposure, contrast-related reacquisition, and examination
termination are high-risk actions and should not be executed
autonomously.

4. Evidence Across Imaging Modalities
4.1 Digital Radiography

Projection standards and anatomical landmarks are relatively
explicit in radiography. Missing anatomy, rotation,
inadequate inspiration, scapular overlap, and foreign objects
can often be recognized directly. Research has progressed
from whole-image adequacy classification toward
segmentation, landmark measurement, and defect localization
in chest, knee, and elbow imaging [6—11]. These interpretable
measurements are more readily converted into positioning
feedback than a single score.

Most studies nevertheless remain retrospective development
or internal-validation studies, and high image- or
projection-level accuracy does not establish adequacy of the
complete examination. Data should be partitioned by patient
and examination. Prospective evaluation should address
unnecessary repeats, missed deficiencies, and diagnostic
impact in older adults, bedside imaging, postoperative
anatomy, implants, and patients with limited mobility.

4.2 Computed Tomography

CT positioning and scan range affect noise distribution,
anatomical coverage, and radiation exposure.
Three-dimensional camera or localizer-based methods can
reduce off-centering, and automatic scan-range delimitation
can achieve high agreement with expert annotations [12—14].
In one coronary CT angiography study, automated scan-range

optimization was estimated to reduce effective dose by
approximately 10%—13% [15]. Post-acquisition models have
also assessed dose outliers, noise and sharpness, respiratory
phase, and low-dose image quality [16—19].

Simulated dose reduction, anatomical overlap, and improved
numerical image quality do not by themselves demonstrate
better diagnostic performance or patient net benefit.
Thresholds must be tied to the clinical task and revalidated
after changes in scanner, protocol, automatic exposure control,
or reconstruction software.

4.3 Magnetic Resonance Imaging

MRI quality depends jointly on sequence, anatomy, coil, field
strength, acceleration, patient motion, and reconstruction.
Current applications include research-data screening,
diffusion-artifact detection, brain-MRI motion assessment,
and guidance for replanning or reacquiring cardiac cine
sequences [20-25]. Evidence favors artifact- and
sequence-specific explanations over a universal quality score,
while declining cross-site performance indicates that a single
threshold is unlikely to be transportable.

Clinical reacquisition also requires consideration of
examination duration, patient tolerance, contrast timing, and
whether a defect remains correctable. As Al-based
reconstruction becomes common, an independent QC layer is
needed to monitor changes in Al-generated images and
reconstruction drift [25].

4.4 Ultrasound

Ultrasound is highly operator dependent: image quality
cannot be separated from probe manipulation, plane selection,
depth, gain, focus, and temporal completeness. This
dependence makes ultrasound particularly suitable for
immediate guidance. Fetal-ultrasound systems can jointly
evaluate standard planes, required anatomy, and examination
completeness, whereas echocardiographic systems can assess
view, contour, alignment, depth, gain, and cardiac-cycle
integrity [26—-30].

A first-trimester auditing study reported 7.7% and 5.1%
increases in standard images acquired by junior and mid-level
operators after feedback [26]. A multicenter real-world study
from western China observed improved examination- and
plane-level standardization [27]. These findings support
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workflow feasibility, but the nonrandomized designs cannot
attribute all improvement to Al rather than training, temporal
trends, or workforce changes. Because experts may also
disagree about acceptable planes, studies should report
multi-rater agreement and label uncertainty.

4.5 Mammography

Mammographic  positioning  criteria are  relatively
standardized. Models can assess nipple depiction, posterior
nipple line, pectoral muscle, inframammary fold, tissue cutoff,
skin folds, and compression [31,32]. A single-center
longitudinal study reported a decline in inadequate
examinations from 13.31% to 3.20% at a later time point after
deployment of real-time AI feedback [33]. This finding
associates continuous feedback with improved practice, but
the before—after design and relationships between some
authors and the software provider require cautious causal
interpretation.

A multicenter comparison found only slight-to-fair agreement
between overall Al-derived PGMI grading and expert
consensus [34]. This negative result is important: objective
landmarks may support assessment without reproducing a
holistic quality category. Automated phantom-image scoring
may improve equipment-QC efficiency, but metrological
traceability, software versioning, and periodic human
verification remain necessary [35].

4.6 PET, SPECT, and Nuclear Medicine

Nuclear medicine QC includes patient preparation, injected
activity, uptake time, motion, attenuation correction,
reconstruction, quantitation, and detector performance. A
small PET study supports the feasibility of automated
perceptual-quality grading [36]. Automated analysis of
gamma-camera uniformity images and ACR PET phantom
images can improve anomaly detection and quantitative
consistency [37,38].

External and prospective patient-image evidence remains
more limited than in radiography or ultrasound. Future studies
should link automated scores to standardized physics QC,
quantitative-biomarker stability, and diagnostic performance
across tracers, scanners, and reconstruction protocols.

5. Evaluation for

Systems

Requirements AI-QC

5.1 Intended Use and Unit of Analysis

The intended use should specify whether a system supports
immediate reacquisition, retrospective audit, staff education,
research-data screening, or equipment surveillance. The unit
may be a frame, image, projection, series, complete

examination, device-day, or operator-month. Performance
estimated at image level may overstate effectiveness when
action is taken at patient or examination level.

5.2 Reference Standard and Label Reliability

Studies should report the quality rubric, rater experience and
training, blinding, number of raters, consensus or adjudication,
and inter- and intrarater agreement. Labels should distinguish
technical imperfection from inability to answer the clinical
question. When no uncontested gold standard exists,
investigators should state whether labels arose from one
expert, consensus, adjudication, or a probabilistic distribution
of multiple ratings and should examine sensitivity to
alternative reference-standard definitions. For ordinal or
continuous ratings, weighted kappa, intraclass correlation, or
Bland—Altman agreement is more informative than
correlation alone.

5.3 Data Independence and Statistical Analysis

Random image-level splitting causes leakage when multiple
images, series, or examinations belong to one patient.
Development and testing should be separated at least by
patient, with temporal, institutional, device, and protocol
validation where possible. Analyses should account for
images nested within examinations, examinations within
patients, and patients within operators or institutions by using
multilevel models, cluster-robust errors, or stratified bootstrap
procedures.

5.4 Metrics Linked to Clinical Action

Continuous scores require agreement and calibration.
Deployment studies should measure latency, alert rate, alerts
per effective correction, overrides, QC time, repeat or recall
rates, dose, diagnostic confidence or performance, and
downstream failures. A system intended to replace or reduce
human review requires a prespecified clinically acceptable
noninferiority margin. Systems that trigger action may also
require decision-curve or net-benefit analysis so that
statistical significance is not mistaken for clinical utility.
Table 3 presents a minimum evaluation set.

5.5 Stage-gated Clinical Translation

Retrospective testing establishes technical potential only. A
locked model should first undergo external and temporal
validation, followed by local silent operation to assess routing,
latency, calibration, and failure handling. Only then should it
enter a limited, reversible supervised pilot. Comparative
evaluation should address clinical effectiveness, after which
post-deployment monitoring should cover data and
performance drift, subgroup differences, user response, and
actual quality outcomes [2,4,39—41].

Table 3: Minimum evaluation set for a clinically credible AI-QC system

Domain Core question

Minimum recommended evidence

Intended use support?

Reference standard

Data independence Are test cases independent of development data?

Which decision, user, timing, and risk does the output

Is quality reproducible and clinically meaningful?

Predefined use case, unit of analysis, contraindications, and failure
handling
Explicit rubric, rater training and blinding, consensus or adjudication,
and inter- and intrarater agreement
Patient-level separation, temporal and external testing, and transparent
handling of exclusions, missing data, and repeat studies
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Domain Core question

Minimum recommended evidence

Statistical design

Performance and

calibration threshold?

Robustness and Is performance stable across sites, devices, protocols, and
subgroups patients?
Workflow Does the system change action without excessive burden?

Clinical value diagnostic utility and safety?

Life cycle after deployment?

Are repeated images and hierarchical clustering handled?

Does the system identify the target defect at the operating

Does technical improvement preserve or improve

Can failure, drift, and new human-factor risks be detected

Performance at the decision unit with multilevel models, cluster-robust
errors, or stratified bootstrap confidence intervals
Prevalence, sensitivity, specificity, predictive values, calibration, error
analysis, and confidence intervals
External validation, prespecified subgroup analyses, stress testing, and
out-of-distribution handling
Latency, alert rate, overrides, QC time, repeat or recall rates, user studies,
and unnecessary actions
Task-based image quality, diagnostic confidence or performance, dose,
examination time, net benefit, prespecified noninferiority margins, and
patient-relevant outcomes
Versioning, audit logs, integrity checks, data and performance
monitoring, incident reporting, and suspension or retirement procedures

Note. Al, artificial intelligence; QC, quality control.

6. From Isolated Models to a
Human-Supervised QC Agent

This review defines a QC agent as a conceptual and testable
governed software layer that invokes multiple locked and
independently validated specialized tools; it is not a large
model that replaces professional standards. Inputs may
include the order, patient and protocol context, DICOM

metadata, dose reports, images or video, and device identifiers.

The tool layer may provide view recognition, segmentation,
landmark measurement, artifact detection, perceptual-quality
assessment, dose rules, and equipment control charts.

Decision mapping should use version-controlled professional
standards, local protocols, and preapproved thresholds. The
interaction layer should communicate location, evidence,

recommended action, and uncertainty. The audit layer should
retain input provenance, model version, output, user response,
override reason, repeat outcome, and longitudinal
performance. Language or vision—language models may
translate structured results into understandable feedback, but
they should not invent QC criteria, override deterministic
safety rules, or issue high-risk reacquisition commands
independently.

Low confidence, tool disagreement, out-of-distribution inputs,
and device or protocol changes should interrupt automated
recommendation and escalate the case for human review. The
stage-gated pathway in Figure 2 is a design proposal.
Prospective comparative studies are required to determine
whether this orchestrated architecture provides net benefit
over isolated tools or conventional manual QC.

If any gate fails
STOP

REVISE
1 REVALIDATE

Locked-test technical validation
1

External and temporal validation
2

Local silent operation
3

Reversible supervised pilot
4

Comparative clinical effectiveness
5

Life-cycle monitoring
6

Advance only when predefined performance, calibration, safety, and workflow critena are met

Figure 2: Stage-gated clinical translation pathway for an Al quality-control system.
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7. Barriers and Research Priorities

First, quality labels often mix technical appearance,
diagnostic utility, and personal preference. Multidisciplinary,
multicenter work should develop modality-specific ontologies
and rubrics that link each defect to a clinical consequence and
corrective action.

Second, vendor, post-processing, protocol, population, and
operator differences create domain shift. Claims of clinical
readiness should require at least temporal or external
validation and prespecified analysis of difficult subgroups,
including older adults, children, large body habitus, limited
mobility, bedside imaging, implants, and postoperative
anatomy.

Third, improved Al scores do not necessarily reduce missed
diagnoses, unnecessary repeats, or patient burden. Studies
should compare human-only, Al-only, and human-Al
workflows using cluster randomized, stepped-wedge,
controlled before—after, or interrupted time-series designs
appropriate for workflow interventions.

Fourth, automation bias and alert burden can introduce new
errors. Interfaces should show cause, confidence, and
alternative actions. Institutions should sample concordant and
discordant cases and monitor overrides, alert fatigue, and
unnecessary reacquisition.

Fifth, models are affected by scanner replacement, software
upgrades, protocol revision, and population change.
Institutions need named ownership, version control, data- and
performance-drift monitoring, incident reporting, and

predefined triggers for recalibration, suspension, or retirement.

8. Limitations of This Review

This targeted structured narrative review searched only
PubMed and may have missed studies indexed primarily in

IEEE Xplore, Embase, or engineering conference proceedings.

The 2017 start date focuses on contemporary deep learning
but may underrepresent earlier automated equipment QC. The
review did not use duplicate screening, formal risk-of-bias
assessment, or quantitative synthesis; Table 1 is therefore an
evidence profile rather than a certainty grade. The scope was
deliberately limited to six diagnostic imaging categories, and
the conclusions should not be extrapolated to pathology,
ophthalmology, radiotherapy, or interventional imaging.
Rapidly emerging publications from 2025-2026 include
online-ahead-of-print and observational implementation
studies whose durability, reproducibility, and bias remain to
be established.

9. Conclusion

Al-enabled imaging QC is progressing from retrospective
single-defect classification toward explainable, cause-specific
assessment, feedback during acquisition, and
post-deployment surveillance. Clinical value is most plausible
when the criterion is explicit, the error remains correctable,
and the outcome is measured at workflow level. However,
evidence for clinical effectiveness in radiography, CT, and
MRI remains limited, and real-world improvements in

ultrasound and mammography are still based mainly on
observational studies.

Future systems should not pursue one universal quality score.
They should coordinate validated specialized tools under
human supervision, interpret results against governed
standards, and preserve audit and exit mechanisms. This agent
architecture is plausible, but its incremental benefit over
isolated models and conventional manual QC still requires
multicenter, prospective, workflow-centered evaluation.
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