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Abstract

Care coordination failures include missed referrals, lost follow-ups, fragmented communication, and incomplete
transitions between primary and specialty care. These failures can delay diagnosis, weaken continuity, and increase
avoidable utilisation. Existing detection approaches often depend on manual review, retrospective audits, or simple
rule-based flags. Such approaches are poorly suited to capture the relational complexity of patient, provider, referral,
messaging, and encounter networks. This article develops a conceptual graph-based machine learning model for
predicting care coordination failures. The model represents patient—provider referral networks enriched with follow-up
status, patient message activity, specialty access delays, and provider communication patterns. The proposed
approach uses a heterogeneous graph neural network in which patients and providers are nodes. Referral, encounter,
and messaging relationships are represented as edges, while node and edge features encode follow-up adherence,
message frequency, wait-time signals, and communication context. Conceptually, the model would identify high-risk
referral edges that combine delayed access, incomplete follow-up, weak messaging activity, or limited provider
communication. These predictions would support coordinator review before a referral becomes a documented care
gap. A graph-based model could shift care coordination from reactive tracking toward predictive prevention. By
identifying fragile referral relationships early, it could support more timely outreach and safer continuity of care.
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Introduction

Care coordination failures occur when patients move across clinical settings without reliable completion of referrals,
follow-up visits, consult documentation, or provider-to-provider communication. These breakdowns are especially
consequential in primary-to-specialty care, where referral leakage and missed follow-up may delay diagnosis or treatment
and increase fragmented utilisation [1, 2]. Patient-sharing network studies show that care delivery is distributed across
many clinicians and organisations, making coordination failures difficult to observe from any single clinical workstation [3].
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Fragmented readmissions and outpatient care fragmentation further illustrate how discontinuity can shape discharge
destination, acute care use, and longitudinal care quality [4, 5].

Current coordination workflows often rely on manual tracking, spreadsheet-based registries, staff memory, and
retrospective audit reports. Although electronic health records contain referral orders, appointment status, consult notes,
message logs, and encounter histories, these data are commonly stored as disconnected events rather than analysed as
a dynamic coordination process [6, 7]. Patient portal and secure message studies show that communication traces can
be classified and modelled, suggesting that routine EHR communication data could support automated detection of care
gaps [8, 9]. However, rule-based alerts remain limited because they usually evaluate single events rather than relational
patterns across patients, clinicians, specialties, and time.

Care coordination is inherently relational because a patient's outcome depends not only on individual risk but also on the
structure and timing of interactions among referring clinicians, specialists, care teams, and patients. Referral networks
and patient-sharing networks naturally form graphs in which nodes represent patients or providers and edges represent
referrals, shared encounters, documentation, or communication [1, 3]. Graph neural networks are well matched to this
structure because they can learn from both attributes and topology, including neighbourhood patterns that may indicate
weak handoffs or poorly connected care teams [10, 11]. Recent graph-based EHR models and clinical recommender
systems demonstrate that heterogeneous clinical graphs can encode complex relationships for prediction and decision
support [12, 13].

This MDL article proposes a graph-based machine learning model that could predict care coordination failures by learning
from referral network topology and enriched coordination features. The model would integrate follow-up completion
status, patient message activity, specialty access delay, provider communication patterns, and shared encounter
relationships as dynamic graph signals. Rather than producing only patient-level risk, the proposed model focuses on
edge-level referral risk so that coordinators can identify the specific relationship or referral instance most likely to fail. This
approach would support targeted, proactive intervention while preserving a conceptual, model-oriented framing rather
than reporting experimental results.

Background
Care coordination failures: definitions and consequences

Care coordination failures include incomplete referrals, missed follow-up appointments, lack of consult closure, poor
information transfer, and unmanaged transitions after discharge. These failures can emerge when a referral is ordered but
not scheduled, when a specialist visit occurs without feedback to the referring clinician, or when a patient disengages
during a long wait period [2, 14]. Studies of care fragmentation and readmission pathways show that discontinuity is not
merely administrative; it can affect acute utilisation, discharge destination, and the ability of teams to maintain shared
situational awareness [4, 5]. Predictive modelling of these failures therefore requires attention to both clinical events and
the relational pathways through which care is organised.

Referral networks and provider communication in EHRs

EHR systems capture many elements of the referral lifecycle, including referral orders, appointment scheduling, visit
completion, consult notes, and closed-loop communication. Referral automation and closed-loop referral implementation
studies show that these data can support structured tracking, but also reveal adaptation challenges when workflows cross
organisational and specialty boundaries [6, 7]. Provider communication can also be inferred from shared encounters, co-
documentation, concurrent EHR use, and communication patterns among care team members [15, 16]. These traces
provide a basis for representing coordination as a provider—patient network rather than as isolated transactions.

Patient engagement signals: portals and messages
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Patient portal messages, secure texts, reminder responses, and related communication logs can serve as indicators of
engagement and coordination activity. Prior work has shown that patient portal messages can be classified using rule-
based, machine learning, and convolutional neural approaches, demonstrating that message content and metadata
contain clinically meaningful signals [8, 9]. Qualitative and topic-modelling studies further suggest that secure messaging
reflects chronic care coordination, patient concerns, administrative needs, and ongoing navigation of care processes [17,
18]. In a graph model, message frequency, recency, directionality, and unresolved message threads could enrich patient—
provider edges with dynamic engagement information.

Specialty access delays as a driver of failure

Specialty access delay is a plausible driver of coordination failure because longer referral-to-visit intervals can increase
the chance that patients disengage, symptoms change, insurance status shifts, or communication becomes stale.
Referral-loop studies and access-oriented specialty care tools show that completion depends on more than the referral
order itself; scheduling, specialist capacity, and feedback loops shape whether the referral becomes clinically effective [2,
6]. Network-based analyses of physician accessibility also indicate that structural position within the specialist workforce
can influence access and coordination burden [19]. A predictive graph model should therefore encode access delay as an
edge-level feature rather than treating it as a background operational variable.

Graph neural networks for healthcare application

Graph neural networks extend machine learning to relational data by learning representations from nodes, edges,
attributes, and neighbourhood structure. In healthcare, graph convolutional and graph representation models have been
used for disease prediction, EHR structure learning, medication recommendation, clinical recommendation, and dynamic
representation learning [10-12, 20]. Reviews of graph machine learning and medical knowledge graph construction show
growing interest in heterogeneous clinical graphs that integrate diagnoses, medications, encounters, providers, and
temporal relationships [21, 22]. These methods provide a foundation for modelling care coordination as a dynamic, multi-
relational system.

Model Development Overview
High-level predictive pipeline

The proposed pipeline would begin with EHR data extraction, followed by construction of a heterogeneous coordination
graph, computation of node and edge features, graph neural network inference, and generation of edge-level referral risk
scores. Referral orders, encounter records, patient portal messages, provider identifiers, and scheduling timestamps
would be transformed into relational features rather than treated as independent tabular observations [6, 8, 16]. The
model would then estimate whether a referral edge is likely to become a coordination failure, while patient-level risk could
be summarised from a patient’s active outgoing referrals. This design follows the broader movement from static EHR
prediction toward relational and graph-based clinical representation learning [10, 12, 23].

Figure 1 illustrates the hierarchical pipeline through which heterogeneous EHR data are transformed into a graph-based
representation and used to generate edge-level referral risk predictions for proactive care coordination.
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Figure 1. Hierarchical Architecture of a Graph-Based Machine Learning Pipeline for Predicting Care Coordination
Failures

Core input data and graph conceptualisation

The graph would include patient nodes, primary care provider nodes, specialist nodes, and possibly clinic or department
nodes when organisational structure is relevant. Directed referral edges would connect referring clinicians to receiving
specialists through the patient context, while shared encounter and messaging edges would represent communication
and engagement patterns [1, 15]. Patient attributes could include follow-up status, prior missed appointments, portal
activity, and care gap history, while provider attributes could include specialty, location, and coordination responsiveness
[14, 18]. This heterogeneous formulation would allow the model to distinguish between clinical risk, access burden,
communication activity, and structural network position.

Design principles

The model should be relationally explicit, clinically interpretable, scalable across a health-system referral network, and
capable of handling delayed or missing referral outcomes. Because care coordination failures unfold over time, the model
should avoid treating unresolved referrals as simple negatives and should instead distinguish pending, completed,
lapsed, and censored states [2, 7]. It should support edge-level explanations that identify why a specific referral appears
fragile, drawing on interpretable graph features such as access delay, weak messaging, and prior incomplete referrals
[13, 24]. Finally, the model should be designed for coordinator action rather than retrospective reporting, so predictions
are useful only when they can guide outreach, scheduling assistance, or provider communication.

Table 1 presents a conceptual decomposition of the major signal domains that jointly contribute to edge-level
coordination failure risk within the proposed graph framework.

Table 1. Conceptual Differentiation of Signal Domains Contributing to Edge-Level Care Coordination Failure Risk
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Graph Construction from Care Coordination Data
Node identification and feature extraction

Patient nodes would be defined from the EHR master patient index, while provider nodes would be derived from referring
clinician identifiers, receiving specialist identifiers, and care team membership. Patient features would include
demographics, comorbidity burden, prior no-show or follow-up history, portal communication patterns, and previous care
gap indicators [14, 17]. Provider features would include specialty, practice location, referral volume, responsiveness to
messages, and shared-care connectivity within patient-sharing networks [1, 3, 16]. These features would support learning
from both individual risk profiles and the structural context in which referrals are placed.
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Referral edges and weighting

Directed referral edges would be constructed at the time a referral order is placed, linking a referring provider to a
specialist through a patient-specific referral instance. Edge attributes would include referral type, order timestamp, target
specialty, priority, scheduling status, completion state, and elapsed time since order [2, 6]. Referral completion could be
represented conceptually as completed, pending, lapsed, cancelled, or unresolved, avoiding premature labels for active
referrals [7]. Edge weights could reflect urgency, specialty access delay, historical completion patterns, and the strength
of prior collaboration between the referring and receiving clinicians [19, 25].

Supplementary edges: messaging and encounters

Supplementary edges would enrich the referral graph with communication and engagement signals that are not captured
by the referral order alone. Patient—provider message edges could be weighted by frequency, recency, directionality, and
unresolved content patterns, while encounter edges could represent shared visits, co-management, or repeated contact
over time [8, 9, 18]. Provider—provider communication edges could be inferred from shared patients, co-documentation,
concurrent EHR work, or documented communication during treatment planning [15, 16]. These additional relationships
would help the graph neural network distinguish an isolated referral from one embedded in an active coordination
pathway.

Graph Neural Network Architecture
Model selection and rationale

A heterogeneous graph transformer or relational graph convolutional network would be appropriate because the
coordination graph contains multiple node types and multiple edge types. These architectures can represent patients,
providers, referrals, encounters, and messages without collapsing them into a single homogeneous network [10, 12].
Attention mechanisms would be especially useful because they could learn whether referral history, access delay,
message activity, or provider connectivity contributes most to a specific predicted failure [11, 13]. This model family aligns
with recent healthcare graph learning studies that use graph structure to improve clinical prediction and recommendation
tasks [20, 22].

Input representation and message passing

The model would project patient, provider, and edge features into a shared latent space while preserving type-specific
transformations for referrals, encounters, and messages. During message passing, each node would aggregate
information from its neighbourhood, allowing patient embeddings to reflect provider connectivity and allowing provider
embeddings to reflect shared coordination histories [10, 12]. Referral-edge embeddings would combine the referring
provider, receiving specialist, patient context, access delay, follow-up status, and communication features before
producing an edge-level failure logit [13, 24]. This structure would allow the model to reason over both local referral
details and broader network signals.

Output: edge-level coordination failure probability

The primary model output would be a conceptual probability that a specific referral edge will result in a coordination
failure, such as an uncompleted specialist visit, absent closed-loop documentation, or delayed follow-up. A patient-level
coordination risk score could be aggregated from all active outgoing referrals, while provider- or clinic-level summaries
could identify recurring coordination bottlenecks [4, 25]. The output should be interpreted as a prioritisation signal rather
than a definitive judgment, because unresolved referrals may still be completed with appropriate support [2, 7]. In clinical
use, the most important contribution would be identifying which referral relationship requires attention and which graph
features explain the concern.
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Incorporating Temporal and Dynamic Features
Temporal edge features and ageing

Referral edges should include temporal features that represent elapsed time since referral order, expected specialty
access delay, and ageing of unresolved coordination tasks. Dynamic graph methods for EHR data suggest that clinical
relationships should be updated as new events occur rather than frozen at the time of initial prediction [12, 26]. Specialty
access and workforce network studies further support treating delay as a structural property of the care system, not
merely as a patient-level attribute [19]. In this model, temporal ageing would help distinguish a new referral awaiting
routine scheduling from an older referral becoming increasingly vulnerable to failure.

Dynamic update of follow-up and message activity

The graph would be updated as follow-up visits are completed, patient messages are sent, referral statuses change, and
provider communication occurs. Deep learning approaches using EHR data have shown that longitudinal clinical records
can support scalable predictive modelling when repeated events are transformed into structured learning signals [23, 27].
Patient portal message studies also indicate that communication activity can be meaningfully classified and incorporated
into coordination models [8, 9, 18]. A nightly or otherwise periodic re-evaluation process could refresh risk estimates as
the coordination state evolves.

Handling censored and in-progress referrals

Many referrals are unresolved at prediction time, so the model should not treat all pending referrals as failures or
successes. A masked or survival-aware learning objective could conceptually separate completed referrals, lapsed
referrals, cancelled referrals, and referrals still within a reasonable completion window [2, 7]. This approach would be
especially important for specialties with long wait times, where incomplete status may reflect access constraints rather
than patient disengagement [6, 19]. Handling censoring carefully would reduce misleading labels and make the model
more appropriate for real-world care coordination workflows.

Model Interpretability for Care Coordinators
Edge-level explanations via attention and XAl

Interpretability should focus on explaining why a specific referral edge appears at risk, rather than only reporting a global
patient score. Attention weights in heterogeneous graph models could indicate whether the prediction was shaped by
access delay, weak patient messaging, prior missed follow-up, provider network position, or limited communication
between clinicians [10, 11, 13]. Explainable graph methods and interpretable risk models could further identify influential
node and edge features in clinical contexts where coordinators need transparent reasons for action [24]. Such
explanations should remain clinically modest, presenting model-derived signals as support for review rather than as
causal claims.

Translating predictions into actionable worklists

Predictions should be translated into plain-language worklist entries that tell coordinators which referral needs attention
and why. For example, a flagged referral could indicate that the specialty wait is prolonged, the patient has not responded
to portal messages, and the referring and receiving providers have limited prior coordination history [15-17]. Referral
automation and closed-loop referral studies show that workflow integration is central to whether digital coordination tools
become useful in practice [6, 7]. The model should therefore produce explanations that support outreach, rescheduling,
specialist office contact, or escalation to the referring clinician.
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Clinical Deployment and Proactive Intervention
Integration with care coordination dashboards

The model would feed into existing care coordination dashboards, population health platforms, or referral management
work queues. High-risk referrals could be surfaced as daily review items, with explanation fields summarising access
delay, follow-up status, messaging activity, and provider communication context [6, 7]. Network-based studies of provider
collaboration and patient sharing suggest that dashboard views could also aggregate risks by clinic, specialty, or referral
pathway to reveal recurrent bottlenecks [1, 16, 25]. The deployment goal would be to make graph-derived risk actionable
within routine coordinator workflows.

Triggering proactive coordinated care actions

A high-risk referral signal could trigger patient navigator outreach, specialist office re-contact, appointment rescheduling,
message follow-up, or escalation to the referring clinician. Because fragmented care and readmission pathways are
associated with poorer continuity, proactive intervention should aim to strengthen handoffs before failures become visible
only through retrospective review [4, 5]. The model could also support institutional monitoring of specialties with persistent
access delays or referral leakage patterns [19, 25]. These actions would require governance to ensure that predictions
augment coordinator judgment rather than replace clinical responsibility.

Evaluation Strategy
Predictive performance metrics

Evaluation should compare the graph model with non-graph baselines, such as logistic regression or gradient-boosted
models using patient and referral attributes alone. Appropriate conceptual metrics would include discrimination, precision-
recall behaviour for rare coordination failures, calibration, and usefulness of edge-level prioritisation, without assuming
any specific performance values [11, 23, 28]. Because graph models learn from relational structure, evaluation should
test whether referral, message, encounter, and provider-network edges add value beyond tabular features [10, 12, 13].
Interpretability should also be assessed by whether coordinators understand and trust the reasons attached to high-risk
referrals.

Table 2 analytically contrasts the proposed graph-based approach with traditional modelling strategies, highlighting the
conceptual advantages of relational learning for coordination failure prediction.

Table 2. Analytical Comparison of Graph-Based Versus Traditional Approaches for Care Coordination Failure Prediction

Dimension Traditional Rule- Graph-Based Model Conceptual Advantage of Graph
Based / Tabular (Proposed) Approach
Models
Unit of Prediction Patient-level or event- Edge-level (referral-specific) Enables precise identification of
level failing relationships rather than

aggregate risk

Data Representation  Independent records  Heterogeneous graph (nodes +  Captures relational dependencies

(tabular features) edges + topology) across patients, providers, and
interactions
Handling of Often excluded or Explicit messaging and Incorporates dynamic coordination

Communication simplified provider communication edges signals absent in tabular models
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Temporal Dynamics Limited (static Dynamic graph updates with  Reflects evolving coordination states
snapshots) temporal edge features and referral ageing
Interpretability Feature importance Edge-level explanations via Provides clinically meaningful
(global or local) attention and relational context  reasons tied to specific coordination
pathways
Sensitivity to Network Minimal High (neighborhood Detects structural fragility such as
Effects aggregation, topology-aware weak provider connectivity
learning)
Handling of Often binary Multi-state modelling (pending, Reduces misclassification of ongoing
Incomplete Referrals classification completed, lapsed, censored) coordination processes
Scalability Across Moderate High with graph representation ~ Generalizes across specialties and
Systems learning provider networks
Clinical Actionability Limited (alerts often High (targeted referral-level Directly supports coordinator
generic) worklists with explanations) workflows and interventions

Temporal validation and network generalizability

Temporal validation should train the model conceptually on earlier referral periods and evaluate it on later periods to
reflect prospective deployment. Network generalizability should be examined across specialties, clinics, provider groups,
and patient-sharing communities because referral behaviour may differ substantially across organisational settings [3, 25,
29]. Dynamic and multimodal graph modelling studies highlight the importance of validating whether learned relationships
remain stable as care patterns and EHR use change over time [12, 26, 28]. This strategy would reduce the risk that the
model merely memorises historical referral habits within one narrow network.

Prospective impact assessment

A prospective pilot could assess whether model-generated worklists improve coordination processes, coordinator
usability, and timely referral completion compared with usual tracking workflows. Such an assessment should examine
whether alerts identify actionable referrals, whether coordinators can interpret the explanations, and whether the tool
changes communication between patients, primary care teams, and specialists [6, 15, 17]. Studies of referral loops, care
fragmentation, and closed-loop referral implementation suggest that impact depends on both prediction quality and the
surrounding workflow design [2, 4, 7]. The evaluation should therefore include qualitative feedback and safety monitoring
alongside predictive assessment.

Limitations
Graph sparsity and cold-start problems

Graph sparsity may limit prediction for patients with few prior encounters, new providers, or specialists with limited referral
history. In these cases, the model may have insufficient neighbourhood information and should present lower-confidence
estimates rather than overstate risk [10, 21]. Cold-start problems may be partly mitigated by using patient attributes,
specialty type, clinic location, and health-system-level access features when local graph context is sparse [19, 22]. Even
so, sparse graph regions would remain a significant deployment challenge.

Data availability and missingness
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The model depends on accurate capture of referrals, appointments, message logs, provider identifiers, and specialty
access intervals. Messaging may occur outside the EHR, consult notes may be delayed, and referral completion may be
difficult to infer when patients receive external specialty care [6-8]. Missingness may also vary by patient portal use,
language, digital access, and clinic workflow, which could bias graph features if not carefully monitored [17, 18]. Data
quality assessment would therefore be necessary before the model could be responsibly evaluated or deployed.

Conclusion

A graph-based machine learning model for care coordination failure prediction would represent referrals, encounters,
messages, patients, and providers as an interconnected clinical network. This structure would allow the model to focus on
fragile referral relationships rather than treating care gaps as isolated patient-level events.

The central strength of the proposed approach is its ability to integrate multiple coordination signals into an edge-level risk
assessment. Referral topology, follow-up status, patient messaging, specialty access delay, and provider communication
patterns would jointly inform which care transitions may require proactive attention.

Important challenges remain, including sparse graph regions, incomplete communication data, uncertain referral
outcomes, and the organisational effort required to act on predictive insights. The model would need careful workflow
integration so that coordinators receive useful, understandable, and clinically appropriate alerts.

Future work should pursue multi-site validation within accountable care organisations and integrated delivery systems.
Shared benchmarks for care coordination graphs would help the field compare modelling strategies, evaluate fairness,
and develop safer predictive tools for preventing care gaps.
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