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Abstract

Specialist consultation delays are a pervasive source of prolonged inpatient stays and disrupted throughput. They
remain difficult to anticipate because delay risk emerges across ordering, communication, workload, and completion
steps. A predictive model could support earlier recognition of consults likely to exceed expected completion windows.
Existing consultation monitoring often depends on retrospective reports, manual tracking, or informal escalation.
These approaches miss the opportunity to intervene while the consultation is still unfolding. A real-time model could
convert consult workflow events into actionable delay forecasts. This article proposes a sequence learning model that
predicts the probability of specialist consultation completion delay at the time of order entry. The model would refine
this probability after each subsequent event, including messages, assignment, escalation, note drafting, and
completion. The objective is conceptual model development rather than experimental evaluation. The proposed
approach uses an LSTM-, GRU-, or Transformer-based architecture to ingest consultation milestones and static
context. Inputs include consultation type, patient location, ordering service, specialty workload, communication logs,
and escalation history. The output is a dynamically updated delay probability intended for consult workflow
management. Conceptually, the model would identify high-risk consults early, such as a complex weekend
consultation for a critically ill patient with no timely response from an overloaded service. It would be expected to
support targeted escalation, workload redistribution, and proactive communication. No empirical performance claims
are made. A sequence learning model could help hospitals move from passive consultation tracking to proactive delay
management. By combining temporal workflow events with operational context, the model could support more timely
specialist input and reduce avoidable length-of-stay pressure. Future evaluation should focus on safety, fairness,
usability, and workflow impact.
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Delayed specialist consultation completion can influence inpatient length of stay, emergency department boarding, patient
throughput, and the timing of clinical decision-making. Variation in inpatient consultation practices suggests that delays
are not merely administrative artifacts but reflect differences in service norms, patient complexity, and operational load [1,
2]. Emergency department studies also show that consultation and diagnostic decision delays can contribute to prolonged
care episodes before disposition [3, 4]. In this context, consultation completion becomes both a clinical coordination
problem and a hospital operations problem.

Current consultation management is often passive, with the requesting team placing an order and waiting for
acknowledgement, evaluation, or note completion without a continuously updated estimate of completion risk. Studies of
inpatient consultation practice emphasize that communication expectations, responsibility boundaries, and specialty-
specific norms shape whether consultation unfolds efficiently or stalls [2, 5]. Hospitalist workload and admission-day
busyness further illustrate how competing demands can alter clinical responsiveness and resource use [6, 7]. A delay
prediction model would therefore need to represent consultation as a dynamic process rather than a single order
timestamp.

Digitisation of consult orders, secure messages, assignment events, and note-signing timestamps creates an event
stream suitable for sequence learning. Recurrent neural networks and Transformer models have been used conceptually
and empirically for clinical event prediction from longitudinal electronic health record data, showing that timestamped
patient histories can be encoded as evolving states [8-14]. Secure messaging research also indicates that communication
content and timing can be structured into analyzable signals rather than treated as invisible workflow background [15, 16].
These developments create a foundation for modeling consultation delay as a time-varying prediction task.

The central thesis is that a sequence learning model could predict specialist consultation completion delay at order entry
and update the risk estimate as the consultation unfolds. Such a model would combine static features, such as
consultation type and patient location, with dynamic features, such as workload, response latency, and escalation events.
Deep survival and time-to-event modeling provide a natural framework for censored or incomplete consult trajectories,
where completion may not yet have occurred at prediction time. The intended use is not autonomous decision-making but
proactive support for consultation tracking, escalation, and workload balancing.

Background
Inpatient specialty consultation workflows

Inpatient specialty consultation commonly begins with an electronic order, followed by notification, chart review,
consultant assignment, communication between teams, bedside or remote assessment, and eventual documentation.
Each step can introduce delay, particularly when responsibilities are unclear, the patient's location changes, or
communication expectations differ between requesting and consulting teams [2, 5]. Pediatric and adult hospital medicine
studies suggest that consultation patterns vary by physician, patient, admission context, and specialty, reinforcing the
need to model workflow heterogeneity rather than assume a uniform process [1, 2]. A sequence model could represent
these steps as ordered milestones and learn how different milestone patterns may indicate elevated delay risk.

Factors influencing consultation timeliness

Consultation timeliness is shaped by consultation type, patient acuity, unit location, specialty workload, ordering service,
and the culture of communication between services. Hospitalist busyness and resource-use variation suggest that
workload conditions can influence clinical throughput and the timing of downstream care actions [6, 7]. Emergency
department consultation delays show how diagnostic testing, specialist input, and disposition decisions can interact to
prolong patient flow [3, 4]. These factors imply that a consultation delay model should include both patient-context
variables and operational variables reflecting the state of the hospital at the time of the request.
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Communication logs and escalation pathways

Communication logs, including secure messages, pages, nurse triage notes, and phone-call documentation, can function
as real-time markers of coordination quality. Secure messaging studies show that clinical communication can be
characterized by timing, content, sender-recipient patterns, and response behavior, all of which could contribute to delay
prediction [15, 16]. Escalation events, such as repeated messages, attending-to-attending calls, or critical laboratory
triggers, may indicate that routine consultation flow has failed or that urgency has increased. A model that treats these
events as part of the consultation sequence could update risk when communication becomes unusually sparse, delayed,
or escalatory.

Sequence learning for clinical event prediction

Sequence learning architectures are well suited to clinical event prediction because they encode temporally ordered
observations rather than isolated variables. Recurrent neural networks, multitask clinical time-series models, Transformer-
based EHR representations, and deep patient-event embeddings demonstrate how timestamped health data can be
mapped into evolving clinical states [8-14]. These methods are relevant for consultation delay because the meaning of an
event depends on its timing, prior milestones, and surrounding clinical context. Survival-oriented deep learning extends
this logic by allowing the model to estimate time-to-event risk while accounting for incomplete observation windows [17-
22].

Prior work in consultation and workflow delay prediction

Prior work on consultation practice and hospital workflow has clarified the organizational sources of delay but has not fully
transformed consult management into a dynamic prediction problem. Studies of consultation variability, hospitalist
workload, emergency department boarding, and secure messaging provide the operational substrate for such modeling
[1-7, 15, 16]. Deep learning studies in clinical event prediction and deterioration forecasting show that temporal EHR data
can be used to generate continuously updated risk assessments, although consultation completion delay remains a
distinct workflow target [23-25]. The proposed model would fill this gap by linking consultation-specific workflow events to
a real-time probability of delayed completion.

Model Development Overview
High-level predictive pipeline

The proposed pipeline would listen to real-time EHR events, beginning with consult order placement and continuing
through messages, consultant assignment, note drafting, note signing, cancellation, or escalation. After each new event,
a sequence model would update a consultation delay risk score and send the current prediction to a consult tracking
dashboard. This design follows the broader logic of continuous clinical prediction systems, in which risk is revised as new
events accumulate rather than fixed at baseline [23-25]. For consultation workflows, this dynamic structure would be
expected to make predictions more operationally useful than retrospective delay reports.

Figure 1 illustrates the proposed left-to-right sequence learning pipeline for dynamically predicting specialist consultation
completion delay from order context, workflow events, operational signals, temporal encoding, risk estimation, and
consult management outputs.
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Figure 1. Dynamic Sequence Learning Pipeline for Predicting Specialist Consultation Completion Delay

Core input features

Core input features would include consultation type, patient location, specialty workload, ordering service identifier,
communication log attributes, and escalation history. Consultation type and patient location would capture baseline
complexity and urgency, while ordering service and workload would reflect operational context and service-specific
patterns [1-7]. Communication features, including message count, response latency, and acknowledgement timing, would
represent whether the consult is progressing or becoming stagnant [15, 16]. Escalation history would provide a structured
signal that the current request may already be deviating from routine workflow expectations.

Design principles

The model should be real-time, dynamically updating, interpretable, and embedded within existing consult management
workflows without requiring additional manual data entry. This design principle is consistent with prior clinical machine
learning work emphasizing that predictive models must fit the timing and context of clinical action rather than merely
generate retrospective labels [23-26]. Interpretability is particularly important because hospitalists and consultants would
need to understand whether risk is driven by workload, lack of response, patient location, or repeated escalation. The
model should therefore support shared situational awareness rather than replace clinical judgment.

Data Sources and Feature Engineering
Extracting the consultation event sequence

The consultation event sequence would be extracted from timestamped EHR data, including order time, consultation
type, patient location, first communication, consultant assignment, note draft, note signature, cancellation, and escalation
events. This representation builds on the idea that clinical histories can be modeled as ordered event streams, where
each timestamped observation changes the estimated state of the patient or workflow [8-14]. In consultation workflows,
the same logic applies to operational state: a message without response, an assignment without documentation, or a note
draft without signature may signal different delay trajectories. The event sequence should therefore preserve both order
and elapsed time between milestones.
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Static and dynamic features

Static features would include consultation type, patient unit, ordering service, and baseline patient context available at
order entry. Dynamic features would include rolling specialty workload, queue depth, communication count, message
tempo, response latency, and escalation flags that change as the consultation unfolds [6, 7, 15, 16]. Clinical time-series
modeling supports this distinction between baseline covariates and evolving observations, because each new event can
revise the representation of the current state [12-14, 27, 28]. For consult delay prediction, this separation would allow the
model to produce an initial estimate and then refine it as workflow evidence accumulates.

Table 1 provides an analytical mapping between consultation delay signals, their sequence-modeling function, and their
operational interpretation within inpatient consult management.

Table 1. Analytical Mapping of Consultation Delay Signals to Model Functions and Workflow Interpretation

Signal domain Example features Model function Workflow interpretation Actionable
implication
Consult order Consultation type, Establishes baseline Some consults begin with  Early triage before
context urgency, ordering service,  delay risk at order structurally higher delay becomes
patient unit entry completion complexity visible
Patient location ICU, ED boarding area, Captures location- Location may alter Location-aware
ward, procedural unit specific urgency and  consultant prioritization  escalation thresholds
access constraints and communication
pathways
Specialty Active consult census, Updates risk as Delay may reflect service Queue redistribution
workload queue depth, recent operational pressure  congestion rather than or attending-level
completion tempo changes individual inattention review
Communication Message count, response Detects whether Sparse or delayed Proactive outreach
tempo latency, acknowledgement consult progression response suggests before missed
timing is active or stagnant ~ emerging coordination completion window
failure
Escalation Repeated pages, urgent Identifies deviation Escalation may indicate ~ Structured escalation
history re-consultation, attending- from routine clinical urgency, workflow  pathway rather than
to-attending contact workflow friction, or both ad hoc follow-up
Documentation  Note draft, note signature, Distinguishes clinical Signed note may lag Avoid mislabeling
milestones verbal recommendation completion from behind clinical documentation delay
proxy administrative recommendation as clinical delay
closure
Temporal Time since last event, Preserves irregular The same event may Time-sensitive
spacing time of day, timing between carry different meaning dashboard
weekend/after-hours consult milestones depending on timing prioritization
status

Label construction: defining a completion delay

Completion delay should be defined using clinically informed thresholds that distinguish routine, urgent, and emergent
consultation expectations. A survival-oriented framework would allow the model to handle consultations that remain
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incomplete at the time of prediction, are cancelled, or are reordered as separate outcomes [17-22]. The label should also
recognize that note signature may not always equal clinical completion, especially when verbal recommendations
precede documentation [2, 5]. For this reason, institutions should evaluate multiple operational definitions of completion
while avoiding labels that reward delayed documentation or penalize clinically appropriate sequencing.

Sequence Learning Architecture
Input representation

Each consultation would be represented as a sequence of event vectors, with each vector combining event type, time
since last event, time of day, service context, and relevant communication attributes. Static context, including consultation
type, patient location, and ordering service, would be encoded separately and fused with the event sequence so that early
predictions can be made before many milestones occur [8-14]. This structure would allow the model to distinguish, for
example, an expected overnight waiting period from an unexpected lack of response during a high-priority daytime
consult. The representation should preserve temporal irregularity because consultation events occur at uneven intervals
rather than fixed measurement times.

Sequence encoder

The sequence encoder could use an LSTM, GRU, temporal convolutional structure, or Transformer to process the
evolving consultation event stream. Recurrent models are conceptually attractive for ordered clinical histories, while
Transformer-based encoders can represent longer dependencies and use positional information to capture temporal
spacing [8, 12, 13]. Multichannel and contrastive approaches to medical event prediction also suggest that
heterogeneous event types can be integrated into a shared clinical or workflow representation [27, 28]. In this application,
the encoder would output the current latent state of the consult, reflecting what has happened so far and what delay risk
may be emerging.

Table 2 compares candidate sequence learning and survival-oriented architectures according to their suitability for
dynamic consultation delay prediction.

Table 2. Conceptual Comparison of Candidate Sequence Learning Architectures for Consultation Delay Prediction

Architecture

LSTM

GRU

Temporal
convolutional
model

Transformer
encoder

Strength for consult-
delay modeling

Captures ordered
consult milestones
and evolving workflow
state

Efficient recurrent
alternative with fewer
parameters

Handles local
temporal patterns and
short event windows

Represents long-
range dependencies
and heterogeneous

events

Limitation

May struggle with
long-range
dependencies and
highly irregular gaps

Less expressive than
larger temporal
architectures

Less naturally suited
to variable-length
clinical narratives

Requires larger
datasets and careful
calibration

Best-fit use case Interpretability

consideration

Hidden-state
explanations require
feature attribution or
milestone summaries

Moderate-length consult
sequences with clear
milestone progression

Easier to operationalize
but still requires
explanation layer

Real-time deployment
where computational
simplicity matters

Detecting short bursts of
delayed communication
or repeated escalation

Can highlight influential
temporal windows

Attention summaries may
help but should not be
treated as complete

Complex consult
trajectories with multiple
messages, delays, and

escalations explanation
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Deep survival  Directly models time- Requires careful Consults unresolved at Hazard-based outputs
model to-completion and definition of event prediction time, must be translated into

censoring endpoint and cancelled, or still active  clinically meaningful risk

censoring rules windows

Hybrid Combines temporal More complex to Dynamic prediction that  Requires both statistical
sequence- event encoding with validate and explain updates after each calibration and action-
survival model time-to-event workflow milestone oriented explanations

prediction

Output layer and dynamic risk score

The output layer would translate the current encoded consult state into a dynamically updated delay probability. A
survival-oriented head, such as a Cox-style or discrete-time hazard formulation, would be appropriate because
consultation completion is a time-to-event outcome and some requests may be censored or unresolved at prediction time
[17-22]. The risk score would update whenever a new milestone occurs, such as consultant assignment, response
message, escalation, note draft, or signature. This design would allow the model to support ongoing consultation
management rather than producing a single static prediction at order entry.

Incorporating Workload, Communication, and Escalation
Signals
Specialty workload and its temporal influence

Specialty workload would be represented as a time-varying feature reflecting active consult census, queue depth, recent
completion tempo, and competing clinical demand. Hospitalist busyness and resource-use variation suggest that
operational load can shape patient throughput and care timing, making workload a central signal for delay prediction [6,
7]. Emergency department consultation delays further indicate that service congestion and decision bottlenecks can
propagate across the hospital [3, 4]. A dynamically updated workload feature would allow the model to adjust risk when a
consulting service becomes overloaded during the life of an active consult.

Communication log features as real-time signals

Communication log features would include message count, sender role, acknowledgement timing, time since last
response, repeated pages, and escalation language when available. Secure messaging studies show that clinical
communication patterns can be characterized from electronic records, supporting their use as structured workflow signals
[15, 16]. A lack of acknowledgement after the initial consult message could increase predicted delay risk, while a rapid
consultant response could reduce it. These features would help the model distinguish a consult that is simply waiting from
one that is actively progressing.

Escalation history and repeat consults

Escalation history would capture whether the patient has had repeated recent consults, prior delayed consults, urgent re-
consultation, or documented attending-level involvement. Variation in consultation practice and expectations suggests
that escalation can reflect both clinical complexity and coordination difficulty [1, 2, 5]. In sequence form, an escalation
event would not be treated as a static label but as a temporal signal that changes the current consult state. The model
could therefore learn that certain escalation patterns are compatible with high urgency, workflow friction, or both.

Model Interpretability for Clinical Stakeholders
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Explaining delay predictions to care teams

Interpretability should help care teams understand why a consult is being flagged rather than merely displaying a risk
score. Attention-based summaries, feature-attribution methods, or milestone-level explanations could identify whether risk
is driven by workload, lack of response, patient location, ordering service, or repeated escalation [13, 26]. Prior clinical
prediction work underscores that deployment requires explanations aligned with action, because clinicians need to know
what can be changed after a warning appears [23-25]. For consultation management, useful explanations would translate
model output into operational next steps.

Consultant and hospitalist views

A consult-tracking dashboard would present different but aligned views for hospitalists, consultants, and operational
leaders. Hospitalists could see which consults are at risk of delay and why, while consulting services could see queue
pressure and backlog in clinical context [2, 6, 7]. This shared display would be expected to reduce ambiguity about
whether delay risk reflects workload, missing communication, or unresolved escalation. The model’'s purpose would be to
support coordination between teams, not to assign blame to individual clinicians.

Operational Integration and Proactive Delay Management
Real-time consult dashboard and alerts

The model would populate a live consultation dashboard with dynamically updated delay risk, recent milestones,
communication status, and suggested escalation timing. Continuous prediction systems in clinical care demonstrate the
conceptual value of updating risk as new data arrive, especially when alerts can be linked to timely action [23-25]. In a
consultation workflow, an alert could be triggered when risk exceeds a locally defined threshold and when the explanation
suggests a modifiable bottleneck. Alert design should avoid excessive interruption by focusing on consults where
proactive outreach is clinically meaningful.

Proactive workload balancing and escalation protocols

High-risk consults on overloaded services could be reviewed for prioritization, attending-level escalation, redistribution of
gueue responsibilities, or alternative specialty routing when clinically appropriate. Evidence on hospitalist workload,
consultation variability, and emergency department delays suggests that operational context can influence timeliness and
downstream throughput [1, 3, 4, 6, 7]. The model would support proactive workflow management by identifying consults
likely to become delayed before the delay becomes clinically entrenched. Escalation protocols should remain governed
by clinical judgment and institutional policy.

Evaluation Strategy
Predictive accuracy metrics

The model should be evaluated using time-to-event and dynamic prediction metrics appropriate for consultation
completion delay. Candidate metrics include time-dependent discrimination, concordance-based survival assessment,
and calibration of predicted delay probability at clinically meaningful time points [17-22]. Evaluation should focus on
whether predictions remain reliable as additional consultation events accumulate. No single metric would be sufficient,
because operational usefulness depends on both statistical validity and clinical interpretability.

Temporal validation and prospective testing

Temporal validation should train on earlier historical periods and evaluate on later periods to reflect real-world drift in
staffing, messaging practices, service structure, and consultation culture. Silent prospective testing would allow
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comparison of predicted delay risk with actual consult progression without initially altering clinical behavior [23-26]. This
phase should examine whether predictions remain stable across specialties, patient locations, ordering services, and
workload conditions. The model should be evaluated for calibration drift before any active alerting is introduced.

Clinical and operational impact

Clinical and operational evaluation should examine whether model-infformed workflows could reduce avoidable
consultation delay, improve throughput, and support hospitalist-consultant coordination. Outcomes should include consult
completion timeliness, length-of-stay pressure, escalation appropriateness, and user trust in the dashboard [1-7].
Qualitative assessment would also be important because consultation delays often arise from service expectations,
communication norms, and informal coordination patterns [2, 5]. The goal should be to determine whether the model
changes workflow in a safe, acceptable, and equitable manner.

Table 3 presents a governance and evaluation framework for determining whether dynamic consultation delay prediction
can be implemented safely, fairly, and usefully in clinical workflow operations.

Table 3. Governance and Evaluation Framework for Safe Deployment of Dynamic Consultation Delay Prediction

Evaluation
dimension

Predictive
validity

Calibration drift

Fairness

Workflow
usability

Explanation

quality

Alert burden

Clinical impact

Accountability

Core question

Does the model
accurately estimate
delay risk over time?

Do predictions remain
reliable as staffing and
workflows change?

Are some services,
units, or patient groups
over-flagged?

Do clinicians
understand and use the
risk output
appropriately?

Are risk drivers
actionable and clinically
meaningful?

Does the system
increase interruption or
escalation fatigue?

Does prediction improve Prospective impact study,

coordination or reduce
avoidable delay?

Who acts on flagged
consults?

Recommended
assessment

Time-dependent

discrimination, calibration,

survival metrics

Periodic recalibration by
specialty, unit, and time

period

Subgroup calibration and

error analysis

Silent testing, usability
interviews, dashboard
observation

Review of milestone-level

and feature-level
explanations

Alert volume, override
rates, user feedback

consult completion time,
LOS pressure

Role-based workflow
protocol

Risk if neglected

Misleading risk scores
may trigger
unnecessary
escalation

Model may become
unreliable after
workflow redesign

Alerts may reinforce
operational inequities

Alerts may be ignored
or misinterpreted

Clinicians may distrust
unexplained warnings

Excessive alerts may
worsen workflow
burden

Statistically accurate
model may not
improve care

Alerts may create
blame or ambiguity

Governance
implication

Require temporal
validation before
deployment

Establish scheduled
monitoring and
retraining criteria

Require fairness
review before active
alerting

Co-design dashboard
with hospitalists and
consultants

Display risk drivers
linked to possible next
steps

Use threshold
governance and
escalation rules

Deploy only if
operational benefit is
demonstrated

Define responsibilities
before implementation
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Limitations
Data granularity and missing events

The model would be limited by incomplete capture of real clinical communication, especially phone calls, bedside
discussions, informal hallway conversations, and verbal recommendations not reflected in electronic logs. Secure
messaging data can characterize some communication patterns, but they may not fully represent the consultation
relationship or the actual timing of clinical decision-making [15, 16]. Note signature may also occur after clinical
completion, creating potential misclassification if documentation is treated as the only completion endpoint [2, 5]. These
limitations require careful local validation of event definitions before operational use.

Service-specific workflows and generalizability

Consultation culture, staffing models, escalation norms, and documentation practices vary substantially across hospitals
and specialties. Prior work on consultation variability and hospitalist resource use suggests that a model trained in one
setting may not transfer cleanly to another without recalibration or retraining [1, 2, 6, 7]. Deep learning models using EHR
sequences can be sensitive to institutional coding, timestamp conventions, and workflow design [10, 11, 26].
Generalizability should therefore be treated as an empirical question rather than assumed from model architecture alone.

Conclusion

A sequence learning model for specialist consultation completion delay could transform consultation management from
retrospective tracking into dynamic prediction. By representing the consult as a sequence of workflow events, the model
could update risk as new milestones occur. This approach is especially suited to a process in which delay risk emerges
gradually through workload, communication, and escalation patterns.

The key strength of the proposed model is its integration of static context with evolving operational signals. Consultation
type, patient location, ordering service, specialty workload, communication tempo, and escalation history could jointly
support a more complete picture of delay risk. Interpretable predictions would help clinicians understand why a consult is
being flagged and what action might be appropriate.

Important challenges remain before such a model could be safely implemented. Data completeness, undocumented
communication, service-specific norms, and shifting hospital operations could all affect reliability. The model would also
need governance to ensure that alerts support collaboration rather than increase friction between requesting and
consulting teams.

Future work should pursue multi-site validation, silent prospective testing, usability assessment, and integration into
hospitalist workflow tools. The central test should be whether dynamic consultation delay prediction leads to earlier
action, better coordination, and reduced avoidable length-of-stay pressure. A carefully designed model could become a
practical component of clinical workflow operations.
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