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Introduction

Omar Khalid , Sara Nadeem , Bilal Farooq , Hina Saeed1* 1 2 1

Repeat diagnostic imaging is a major driver of healthcare costs, radiation exposure, workflow burden, and
downstream follow-up from incidental findings. Its occurrence often follows recognizable patterns shaped by prior
imaging, persistent symptoms, specialist advice, recent results, and provider ordering habits. Current utilization
management tools often respond after an imaging order has already been placed or rely on static appropriateness
rules. They therefore miss opportunities to anticipate repeat ordering risk before the clinician reaches the final order-
entry step. This manuscript proposes a sequence learning model that could predict the probability of a repeat
diagnostic imaging order within a future clinical window. The model would integrate prior imaging history, symptom
documentation, specialist recommendations, ordering physician behavior, and recent test results. The conceptual
model would use a recurrent neural network or Transformer encoder to process temporally ordered imaging and
clinical events. Structured radiology information system data would be combined with natural language processing
features from clinical notes and consult documentation, physician-level ordering context, and recent laboratory or
imaging-result signals. Conceptually, the model would forecast whether a repeat CT, MRI, ultrasound, or related
diagnostic imaging order is likely to occur. It would also identify major contextual drivers so that the prediction could
support pre-emptive review, alternative care suggestions, or guideline-aligned follow-up. A sequence learning model
for repeat imaging prediction could function as a safety-and-value layer within radiology workflow. It could reduce
unsupported imaging variation while preserving clinically indicated follow-up and surveillance.

1

2

Repeat diagnostic imaging creates a layered burden that extends beyond the immediate cost of a single examination.
Additional CT, MRI, ultrasound, or radiographic studies can expose patients to radiation, contrast risk, incidental findings,
downstream procedures, and anxiety, while also consuming limited scanner capacity and radiology reporting time.
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Background

Reviews of low-value imaging emphasize that unnecessary or weakly indicated studies remain common across health
systems, especially when prior examinations, indications, and follow-up recommendations are not visible at the point of
care [1-3]. A predictive model that recognizes when a repeat order is likely could therefore address a clinically important
utilization problem before it becomes an administrative or safety issue.

Most current approaches to imaging overuse rely on radiology benefit managers, clinical decision support, retrospective
audit, or educational feedback, each of which has temporal limitations. Decision support may be triggered only after the
order has been selected, whereas audit and feedback often occur weeks or months after the ordering behavior has
already taken place. Studies of imaging decision support and low-value imaging interventions suggest that such tools can
influence appropriateness, but their effect depends on workflow timing, clinician acceptance, and the relevance of
guidance to the specific patient context [4-6]. A sequence-aware prediction layer would shift the task from reacting to an
order toward anticipating which patient-clinician encounters are moving toward repeat imaging.

The growing availability of radiology information system data, electronic health record timelines, free-text clinical notes,
and provider-level utilization patterns makes repeat imaging a suitable target for deep learning. Natural language
processing can extract symptoms, indications, and follow-up advice from clinical documentation and radiology reports,
while structured data can represent exam type, body region, ordering clinician, recent laboratory values, and prior
imaging findings [7-9]. Sequence models developed for electronic health records demonstrate how temporally ordered
events can be converted into patient-state representations that support clinical event prediction [10-12]. In imaging
utilization, these methods could connect prior imaging history, current clinical narrative, and physician behavior into a
unified prediction of future repeat orders.

The central thesis of this article is that a sequence learning model could forecast repeat diagnostic imaging orders before
they occur, enabling proactive appropriateness review without relying only on static rules. Such a model would not decide
whether imaging is correct; rather, it would estimate the probability of a repeat order and explain the features that make
the order likely. Prior work on protocol selection, radiology report mining, clinician variation, and clinical decision support
shows that imaging workflows already contain data elements suitable for model-driven assistance. The proposed model
therefore frames repeat imaging prediction as a temporal, contextual, and clinician-facing task rather than a purely
administrative utilization screen.

Repeat imaging: definitions, causes, and trends
Repeat imaging can include clinically appropriate surveillance, guideline-driven follow-up, unresolved symptom
evaluation, duplicate testing after care transitions, and low-value repetition of recent studies. The distinction between
necessary follow-up and unnecessary duplication is difficult because the same event, such as a repeat CT, may be
appropriate for cancer surveillance but questionable for a stable symptom with a recent negative study. Reviews of low-
value imaging show that unnecessary imaging is not caused by a single mechanism; it reflects patient expectations,
diagnostic uncertainty, fragmented records, specialty norms, and system incentives [1, 2, 13]. A sequence learning
approach should therefore represent repeat imaging not as inherently inappropriate but as an event whose meaning
depends on prior results, timing, symptoms, recommendations, and clinical context.

Prior imaging history as a predictor of future imaging
Prior imaging history is one of the most direct predictors of future imaging because it captures both the patient’s
diagnostic trajectory and the clinician’s awareness of unresolved or monitored findings. A patient who has undergone
repeated chest CT for pulmonary findings, serial MRI for neurologic symptoms, or ultrasound follow-up after an
indeterminate abnormality has a structured timeline that can signal whether another order is expected. Radiology-focused
machine learning applications have shown that imaging metadata, report content, indications, and ordering context can
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Model Development Overview

support protocol selection, follow-up identification, and workflow prioritization [8, 14, 15]. In the proposed model, prior
imaging events would function as the backbone sequence from which temporal recurrence, modality switching, and body-
region persistence are learned.

Symptom documentation and specialist recommendations
Free-text symptom documentation and specialist recommendations provide the clinical rationale behind repeat imaging
orders, especially when structured diagnosis codes are too broad or delayed. Natural language processing methods in
radiology have been used to identify actionable reports, follow-up recommendations, critical findings, and protocol-
relevant clinical indications, demonstrating the feasibility of extracting order-driving cues from narrative text [7, 9, 16, 17].
Consultant notes may also contain explicit recommendations for repeat imaging, while primary care or emergency notes
may show persistent symptoms that make repeat imaging more likely. A model that ignores these narratives would risk
treating every repeat order as a pattern of utilization rather than as a response to evolving clinical concern.

Ordering physician behavior and practice variation
Ordering physician behavior is a major contextual factor because clinicians differ in their thresholds for diagnostic
certainty, their familiarity with appropriateness criteria, their response to patient expectations, and their specialty-specific
norms. Emergency department and ambulatory imaging studies have shown that individual physicians and practice
settings can contribute to variation in imaging use, even when patient populations are similar [5, 18]. Low-value imaging
research further suggests that clinician culture, habit, perceived medicolegal risk, and local workflow constraints shape
whether imaging is ordered or deferred [13, 19]. Incorporating physician-level features would allow the proposed model to
distinguish patient-driven repeat imaging risk from provider-specific ordering tendencies.

Sequence learning for clinical event forecasting
Sequence learning models are well suited to clinical event prediction because patient histories unfold as irregular,
multimodal, and temporally ordered records. Recurrent neural networks, Transformer encoders, and related architectures
have been used to represent longitudinal electronic health records, model patient timelines, and predict future clinical
events from structured and narrative data [10-12, 20]. More recent generative and Transformer-based approaches show
that patient trajectories can be encoded as sequences of diagnoses, procedures, medications, results, and encounters,
enabling models to learn long-range dependencies rather than isolated risk factors [21, 22]. For repeat imaging, the same
principle can be applied to a timeline in which imaging events, symptoms, specialist advice, and test results jointly shape
the probability of a future order.

High-level predictive pipeline
The proposed pipeline would begin by extracting each patient’s imaging timeline from the radiology information system
and electronic health record, including modality, body region, indication, ordering clinician, timestamp, and available
report-derived findings. These events would be fused with natural language processing outputs from symptom
documentation and specialist recommendations, recent laboratory or imaging-result signals, and physician identifiers
before being passed to a sequence model. Prior work on radiology protocol automation, follow-up recommendation
detection, and clinical timeline modelling supports the feasibility of converting heterogeneous imaging and EHR data into
prediction-ready representations [8, 11, 15]. The model would output a probability of repeat imaging within a clinically
relevant future interval, with interpretation features designed for use during order entry or pre-order review.

Core input characteristics
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Data Sources and Feature Engineering

The core input would be a longitudinal sequence of prior imaging events, enriched by exam type, body part, order
indication, report impression, follow-up language, and elapsed time since previous studies. Symptom descriptions from
clinical notes and specialist consult text would be embedded as contextual signals, while static or slowly changing
features such as physician specialty, historical ordering tendency, and recent abnormal test results would be appended to
the patient representation. Natural language processing studies in radiology demonstrate that clinical indications and
follow-up recommendations can be extracted from narrative documentation, while physician-variation studies show that
ordering behavior is a meaningful contextual signal [7, 8, 17, 18]. Together, these inputs would let the model represent
repeat imaging as the product of patient trajectory, textual clinical rationale, and provider practice pattern.

Design principles
The model should be sequential, context-aware, dynamically updated, interpretable, and deployable within real-time
clinical workflow. Sequential design would preserve the order and spacing of prior events, while contextual design would
prevent the model from treating appropriate surveillance and unsupported duplication as equivalent. Interpretability is
especially important because clinical decision support tools are more likely to be accepted when they provide
understandable reasons rather than unexplained alerts [4-6]. Deployment should therefore emphasize soft guidance,
transparent drivers, and integration with radiology-specific appropriateness review rather than replacing clinician
judgment.

Figure 1 presents the proposed end-to-end sequence learning workflow for predicting repeat diagnostic imaging orders
before order completion and translating model outputs into human-reviewed radiology utilization support.

Figure 1. End-to-end sequence learning workflow for predicting repeat diagnostic imaging orders before order completion

Constructing the imaging history sequence
Constructing the imaging history sequence would require extracting exam codes, modality, body region, timestamps,
indications, report availability, and order context from radiology information systems and electronic health record order
tables. Each imaging event would become a time step, allowing the model to learn whether repeated studies cluster
around unresolved findings, follow-up recommendations, chronic disease surveillance, emergency visits, or provider
habit. Machine learning applications in radiology have already used structured imaging metadata and workflow
information for protocol selection and operational decision support, indicating that such features can be engineered into
usable prediction inputs [14, 15, 23, 24]. The sequence should also encode absence of recent imaging when relevant,
because a repeat after a long interval has a different meaning from a duplicate study shortly after a prior negative
examination.

https://cirpublications.com/panel/pub-article/244/update#ref-f6422be9-226f-4cfa-a51e-ea4118207693
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Extracting symptom and specialist recommendation features
Symptom and recommendation features would be extracted from encounter notes, emergency department
documentation, specialist consults, and radiology reports using natural language processing. These features could
identify persistent symptoms such as cough, headache, abdominal pain, or back pain, as well as explicit
recommendations such as repeat imaging after an interval or additional imaging for an indeterminate finding. Prior work
on radiology natural language processing, actionable report identification, and follow-up recommendation detection shows
how free-text documentation can be converted into clinically meaningful signals for downstream workflow support [8, 9,
16, 17]. In the proposed model, such features would help distinguish repeat imaging driven by documented clinical
progression from repetition driven mainly by uncertainty, habit, or fragmented information.

Physician behavior and recent result encoding
Physician behavior features would encode specialty, care setting, historical ordering pattern, prior response to decision
support, and relative tendency to order repeat imaging within similar clinical contexts. Recent result features would
represent abnormal laboratory values, new imaging findings, unresolved impressions, or documented follow-up advice
that might legitimately increase the probability of another imaging order. Evidence on physician-level imaging variation
and decision support response indicates that provider behavior can materially shape utilization, while radiology follow-up
studies show that report-derived findings and recommendations influence subsequent imaging pathways [4, 8, 18, 25].
Encoding these variables would help the model separate patient-specific clinical need from clinician-specific ordering
propensity.

Table 1 summarizes the major input domains, temporal representations, predictive functions, and operational
interpretations used in the proposed repeat imaging sequence model.

Table 1. Input domains, temporal representations, and predictive role of variables in the proposed repeat imaging
sequence model

Input domain Example variables or
data elements

Temporal
representation in the

model

Primary predictive
role

Operational
interpretation

Prior imaging
history

Modality, body region,
exam timestamp,

indication, ordering
location, prior report

availability

Sequential imaging-
event tokens ordered
by time with elapsed-

time encoding

Establishes whether
the patient has a

recent, recurrent, or
surveillance-based
imaging trajectory

Helps distinguish
rapid duplication
from expected

follow-up or long-
interval

reassessment

Imaging report
content

Impression text,
unresolved abnormality,
indeterminate finding,

recommendation
language, comparison with

prior study

NLP-derived features
attached to imaging-

event tokens

Identifies whether
prior imaging created
a clinically plausible
reason for another

study

Prevents the model
from treating all

repeat imaging as
inappropriate

Symptom
documentation

Persistent headache,
abdominal pain, back pain,

cough, neurologic
symptoms, worsening

Embedded note-
derived features linked

to encounter timing

Captures the clinical
rationale that may

precede repeat
ordering

Helps separate
evolving clinical

concern from
unsupported

repetition

https://cirpublications.com/panel/pub-article/244/update#ref-14e996e3-2b13-40a3-885a-098785074423
https://cirpublications.com/panel/pub-article/244/update#ref-14e996e3-2b13-40a3-885a-098785074423
https://cirpublications.com/panel/pub-article/244/update#ref-1f19afd2-3c4b-4413-8722-3dcd678b51f2
https://cirpublications.com/panel/pub-article/244/update#table-444d669f-86fe-462a-8411-cc4e51273fd8
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Sequence Learning Architecture

symptoms, unchanged
symptoms

Specialist
recommendations

Consult note
recommendation,

surveillance interval,
suggested modality,

recommended follow-up
timing

Recommendation
tokens or contextual
features aligned to

patient timeline

Signals planned or
specialist-directed
imaging pathways

Reduces
inappropriate

flagging of guideline-
concordant follow-up

Recent test results Abnormal laboratory
values, new imaging
finding, unresolved

radiology impression,
recent negative study

Structured result
features appended to
recent time steps or

patient-context vector

Indicates whether
new clinical evidence
supports or weakens
the need for repeat

imaging

Supports contextual
review rather than
volume reduction

alone

Ordering physician
behavior

Specialty, care setting,
historical repeat-order
rate, prior response to

alerts, ordering tendency
within similar cases

Static or slowly
changing provider-

context vector

Captures clinician-
level practice
variation and

ordering thresholds

Helps identify
variation patterns
without equating
clinician behavior
with inappropriate

care

Encounter and
care setting

context

Emergency, inpatient,
ambulatory, post-

discharge, specialty clinic,
transfer of care

Encounter-context
feature attached to

each event or
prediction episode

Accounts for
workflow-specific risk
of duplicate or repeat

imaging

Supports site-
specific and setting-
specific deployment

rules

Patient clinical
context

Comorbidities, cancer
surveillance status,

chronic disease burden,
prior abnormal findings,

high-risk history

Patient-context vector
combined with

sequence
representation

Personalizes repeat-
order risk to

underlying clinical
need

Protects high-risk
patients from
inappropriate

suppression of
necessary follow-up

Future prediction
window

Repeat order within
defined near-term or
medium-term interval

Binary or time-
windowed prediction

target

Defines whether the
model predicts

imminent duplicate
ordering or later

surveillance-related
repeat imaging

Allows the system to
align prediction

timing with CPOE
review or pre-order

planning

Human-facing
explanation layer

Most influential prior
imaging event,

recommendation phrase,
symptom pattern,

abnormal result, ordering-
context signal

Post-model attribution
or temporal

contribution summary

Makes the prediction
reviewable by
clinicians and

radiology
governance teams

Supports
acceptance,

modification, or
dismissal of the

model-generated
nudge

Sequence input representation
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Modelling Temporal Dependencies and Contextual Factors

Each time step in the input sequence would represent either an imaging event, a clinical documentation event, or an
extracted recommendation relevant to future imaging. The event embedding would combine modality, body region,
indication, report-derived finding, elapsed time, and note-derived symptom or recommendation features, while static
context such as ordering physician profile and recent laboratory status would be appended or injected through a context
vector. Deep EHR and BEHRT-style representations demonstrate how heterogeneous clinical events can be embedded
into temporally ordered patient sequences for prediction tasks [10-12]. For repeat imaging prediction, this representation
would allow the model to learn not only that imaging occurred, but also why it occurred, who ordered it, and how recently
related evidence appeared.

Recurrent or transformer encoder
The encoder could be implemented as a recurrent neural network, gated recurrent unit, temporal convolutional model, or
Transformer-based architecture, depending on deployment needs and the desired handling of long-range dependencies.
Recurrent models would be conceptually attractive for sequential patient histories, whereas Transformer encoders could
attend across distant imaging events, specialist notes, and result changes that jointly influence repeat imaging probability.
Transformer-based EHR models and patient-timeline systems show that attention mechanisms can represent longitudinal
clinical context across many event types, making them suitable for modelling imaging trajectories that unfold over
repeated encounters [20-22]. The encoder would therefore learn patterns that distinguish expected follow-up from
excessive or poorly supported repetition.

Output layer and decision threshold
The output layer would produce a repeat-imaging probability for a future clinical window, using a sigmoid activation or
comparable binary risk formulation. The threshold for triggering guidance should be chosen with clinical governance
input, emphasizing sensitivity to potentially unnecessary repeats while preserving clearly indicated follow-up for
surveillance, worsening symptoms, or specialist-directed care. Low-value imaging intervention studies indicate that
overuse reduction must be balanced against appropriateness, clinician trust, and patient safety rather than pursued as a
simple volume-minimization goal [1, 3, 19]. For this reason, the output should be interpreted as a prompt for contextual
review rather than a determination that the order is inappropriate.

Time-aware sequence construction
Time-aware sequence construction would encode not only the order of prior events but also the interval between them. A
scan performed yesterday, a scan performed three months ago, and a scan performed several years ago should
contribute differently to repeat-imaging risk because clinical urgency, duplication risk, and follow-up appropriateness
depend on recency. Emergency department CT prediction work illustrates how clinical state at the time of care can be
modelled from available EHR signals, while longitudinal EHR models show that temporal spacing is central to patient-
event forecasting [20, 26]. In this framework, inter-event duration would help the model distinguish rapid duplication from
planned surveillance or delayed reassessment.

Personalizing with patient-level context
Patient-level context would be needed to prevent the model from over-flagging clinically appropriate repeat imaging.
Chronic illness, cancer surveillance, recurrent symptoms, prior abnormal findings, and comorbidity patterns may make
repeat studies expected rather than excessive. Representation-learning studies using multimodal electronic health
records suggest that patient phenotypes can be modelled from longitudinal histories and comorbidities, allowing
predictions to reflect the broader clinical state rather than isolated events [12, 27, 28]. For repeat imaging, personalization
would help the model treat a surveillance MRI in a high-risk patient differently from a duplicate study in a low-risk patient
with a recent negative examination.

https://cirpublications.com/panel/pub-article/244/update#ref-634c0a1f-8646-4f21-b09c-435a95f7c55b
https://cirpublications.com/panel/pub-article/244/update#ref-80960146-7d26-4bc9-956b-78f44d91d044
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Interpretability for Appropriate Use Feedback

Clinical Integration and Decision Support

Regularization against over-wary flagging
The model should be regularized against over-wary flagging so that it does not treat all repeat imaging as low value.
Training labels and governance rules would need to account for appropriate repeats, such as guideline-concordant follow-
up, specialist-directed reassessment, and imaging after meaningful clinical change. Low-value imaging research
emphasizes that the goal is not indiscriminate reduction, but better distinction between warranted and unwarranted use
across clinical contexts [1, 2, 29]. Conceptually, the model should therefore learn patterns of unsupported variability while
preserving the pathway for clinically justified imaging.

Explaining repeat predictions during order entry
Interpretability would be essential because clinicians are unlikely to trust a repeat-imaging alert without understanding the
basis for the prediction. Attention weights, temporal contribution summaries, or feature-attribution methods could highlight
that the model’s prediction is driven by a recent similar CT, a specialist recommendation, persistent symptom
documentation, or an abnormal prior finding. Radiology natural language processing and follow-up recommendation
studies show that report and note content can be transformed into clinically meaningful explanatory signals rather than
opaque text embeddings alone [8, 9, 17]. In practice, the explanation should connect the predicted repeat order to
recognizable clinical events so that the ordering physician can accept, modify, or dismiss the guidance.

Integrated decision support and clinician nudges
Integrated decision support should surface the prediction as a soft nudge rather than a hard stop. A risk score could be
accompanied by concise context, such as the most recent comparable imaging study, relevant follow-up language, and a
guideline link when available. Prior imaging decision support and utilization-management studies suggest that clinician
response depends on timing, clarity, and perceived relevance, not simply on the presence of an alert [4-6]. The model
should therefore support shared review at the order-entry moment while avoiding excessive interruption of urgent or
clearly indicated care.

Embedding in CPOE with radiology-specific alerts
The model could be embedded in computerized provider order entry so that it is invoked when a clinician selects an
imaging order. It would query the patient’s recent imaging timeline, symptom documentation, specialist notes, recent
results, and provider context, then return a repeat-imaging probability with a short explanation. Radiology protocol
automation and clinical decision support studies demonstrate that imaging-order workflows can accommodate algorithmic
assistance when the output is operationally relevant and aligned with radiology practice [15, 23, 24]. Such integration
would position the model as a real-time appropriateness aid rather than a retrospective utilization report.

Post-order audit and feedback to departments
Beyond real-time order entry, aggregated model outputs could support post-order audit and feedback for departments,
service lines, or clinician groups. The system could identify patterns such as frequent repeat imaging after recent negative
studies, variation by specialty, or recurring lack of documented indication before repeat orders. Prior work on physician-
level variation and low-value imaging interventions suggests that audit and feedback may be most useful when it is
targeted, contextual, and connected to local practice norms [13, 18, 19]. Departmental review could therefore use model

https://cirpublications.com/panel/pub-article/244/update#ref-02fc0329-ba70-458a-b6c7-3f2623934b19
https://cirpublications.com/panel/pub-article/244/update#ref-14e996e3-2b13-40a3-885a-098785074423
https://cirpublications.com/panel/pub-article/244/update#ref-1f19afd2-3c4b-4413-8722-3dcd678b51f2
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Evaluation Strategy

explanations to guide education, workflow redesign, and appropriateness discussions rather than merely ranking
clinicians by volume.

Predictive performance metrics
Evaluation should examine discrimination, calibration, and clinical usefulness without treating performance as the only
success criterion. Conceptually, AUROC could assess repeat-order classification, precision-recall analysis could focus on
the repeat-imaging class, and calibration could determine whether predicted probabilities align with observed ordering risk
across patient groups. Machine learning studies in imaging utilization and EHR prediction show that model evaluation
should consider workflow-specific targets, temporal drift, and the consequences of false alerts [21, 25, 26]. The model
should also be assessed across multiple future windows because a near-term duplicate order and a later surveillance
study represent different clinical scenarios.

Temporal and external validation
Temporal validation would test the model on future patient encounters after training, helping determine whether it remains
useful as ordering culture, documentation habits, and imaging guidelines change. External validation at another institution
would be important because radiology availability, specialist referral patterns, decision support infrastructure, and local
norms can differ substantially across health systems. Model-drift work in diagnostic imaging follow-up and broader EHR
modelling studies underscore that temporal stability cannot be assumed when clinical workflows evolve [20, 22, 25]. A
credible evaluation strategy should therefore include forward-time testing and cross-site assessment before operational
deployment.

Prospective effect on imaging volume and appropriateness
A prospective evaluation could examine whether model-supported decision support changes repeat imaging volume,
appropriateness review patterns, and clinician behavior. A randomized, pragmatic, or stepped-wedge design would be
conceptually appropriate because the intervention affects workflow, departmental norms, and ordering decisions rather
than only individual predictions. Studies of low-value imaging reduction, decision support, and low back pain imaging
interventions indicate that implementation impact should be judged by appropriateness, clinician acceptance, and
unintended consequences as well as utilization change [1, 5, 19, 29]. The evaluation should therefore ask whether the
model reduces unsupported repeat imaging while maintaining timely follow-up for patients who need it.

Table 2 outlines the evaluation, interpretability, governance, and implementation safeguards needed before the proposed
repeat imaging prediction model could be safely deployed in radiology workflow.

Table 2. Evaluation, interpretability, governance, and implementation framework for safe deployment of the repeat
imaging prediction model

Evaluation or
governance

domain

Recommended assessment
approach

Why it matters for this
manuscript

Practical deployment
implication

Discrimination AUROC, precision-recall analysis,
sensitivity, specificity, positive

predictive value, negative predictive
value

Determines whether the
model can identify
encounters likely to

generate repeat imaging
orders

Should be reported separately
for near-term duplicate risk

and longer-window follow-up
risk

https://cirpublications.com/panel/pub-article/244/update#ref-d6d36fa4-ae70-45d7-a2f0-6068e37dd51a
https://cirpublications.com/panel/pub-article/244/update#ref-02fc0329-ba70-458a-b6c7-3f2623934b19
https://cirpublications.com/panel/pub-article/244/update#table-ac793874-b3b1-4dd3-a1a5-43131ce4bbb0
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Calibration Calibration plots, calibration intercept
and slope, Brier score, subgroup

calibration

The model output is
intended to be a

probability, not only a rank
score

Poor calibration could cause
excessive alerts or under-
identification of high-risk

repeat ordering

Temporal
validation

Train on earlier encounters and test
on later encounters

Ordering culture,
documentation practice,
imaging guidelines, and

scanner access may
change over time

Required before using the
model in live clinical workflow

External validation Test across different hospitals,
departments, specialties, and

EHR/radiology systems

Repeat imaging patterns
are highly dependent on

institutional practice norms

Supports generalizability and
identifies site-specific

retraining needs

Subgroup and
fairness

assessment

Evaluate performance by age, sex,
language, insurance status,

race/ethnicity where appropriate and
permitted, care setting, specialty, and

chronic disease group

The model could over-flag
patients with fragmented

care or incomplete
documentation

Fairness review should focus
on unequal alert burden and

unequal preservation of
appropriate follow-up

Clinical usefulness Decision-curve analysis, alert yield,
appropriateness-review yield,

avoided unsupported repeat orders

Predictive accuracy alone
does not prove operational

value

Deployment should be
justified only if alerts improve

review quality without
delaying needed imaging

Interpretability Temporal contribution summaries,
attention review where valid, feature

attribution, explanation of recent
comparable exams and documented

recommendations

Clinicians need to
understand why the patient

is predicted to receive
repeat imaging

Explanations should show
recognizable clinical drivers,

not opaque model confidence
alone

Alert-fatigue
monitoring

Alert frequency, override rate,
dismissal reasons, time added to

order entry, clinician feedback

Even accurate models can
fail if they interrupt urgent

or appropriate care too
often

Thresholds should be
governed locally and adjusted
to avoid excessive low-value

nudges

Safety and
appropriateness

review

Manual review of sampled alerts,
false-positive analysis, false-negative

review, assessment of delayed or
missed indicated imaging

The model must not
function as a blunt

imaging-reduction tool

Governance should
emphasize appropriate

imaging, not simple volume
reduction

Data quality
surveillance

Monitor missing outside imaging,
incomplete indications, NLP

extraction errors, delayed report
availability, documentation variation

Missing or uneven data
could make justified repeat

imaging appear
unsupported

Data-quality warnings should
accompany model outputs

when key evidence is
unavailable

Model drift
monitoring

Track calibration, alert rates, repeat-
order prevalence, modality mix,

specialty mix, and override patterns
over time

Imaging behavior and
documentation standards

may evolve after
deployment

Drift surveillance should
trigger review, recalibration, or

retraining

Implementation
evaluation

Pragmatic trial, stepped-wedge
rollout, interrupted time-series

The manuscript proposes
an operational intervention,

Final evaluation should
measure appropriateness,
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Limitations

Conclusion

Acknowledgements

analysis, or prospective pilot not only a prediction
algorithm

clinician trust, workflow
burden, and unintended

consequences

Data quality and missing indications
The proposed model would depend on the quality, completeness, and timeliness of radiology information system and
electronic health record data. Imaging codes may not fully capture clinical need, notes may omit important symptoms,
specialist recommendations may be documented inconsistently, and prior imaging from outside institutions may be
unavailable. Natural language processing studies show that report and note extraction can identify meaningful signals,
but these methods remain sensitive to documentation style, terminology, and context [7, 8, 16, 17]. Consequently,
incomplete or uneven documentation could cause the model to misinterpret clinically justified repeats as unsupported or
miss important indications for follow-up.

Acceptability and alert fatigue
Clinical acceptability would be a major limitation because even accurate predictions may fail if they interrupt workflow,
seem punitive, or provide explanations that clinicians consider irrelevant. Soft nudges can be ignored, while frequent
alerts may contribute to fatigue and reduce attention to genuinely useful guidance. Prior decision support and imaging
utilization studies suggest that implementation success depends on thoughtful design, local governance, transparency,
and iterative refinement with ordering clinicians [4-6, 13]. The model should therefore be deployed cautiously as a
learning system embedded in clinical practice rather than as a static rule engine.

A sequence learning model for predicting repeat diagnostic imaging orders would frame imaging utilization as a temporal
and contextual prediction problem. By modelling prior imaging history, symptom documentation, specialist
recommendations, ordering physician behavior, and recent test results, the system could anticipate repeat ordering
before the final order-entry moment.

The key strength of this approach is its ability to preserve temporal structure while integrating heterogeneous clinical
signals. Instead of relying only on static appropriateness rules, the model could identify how prior studies, evolving
symptoms, clinician tendencies, and recent findings combine to create the conditions for repeat imaging.

Several challenges would remain before such a model could be used safely in practice. Data completeness,
documentation variability, clinician acceptance, institutional culture, and the need to distinguish guideline-adherent follow-
up from unwarranted variation would all shape whether the model improves care.

Real-world pilots within health systems would be needed to assess operational feasibility, clinician trust, and effects on
low-value imaging. The most useful implementation would not simply reduce imaging volume, but would support better-
timed, better-documented, and more appropriate diagnostic imaging decisions.
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