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Introduction

Jinwoo Park , Minji Kim , Seung Lee1* 1 2

Outpatient clinics routinely overbook to compensate for patient no-shows, but poorly calibrated overbooking can
create provider overtime, patient wait time, and staff burnout. The operational challenge is to preserve access without
overwhelming clinical capacity. Current overbooking rules often rely on static session-level averages. These rules
ignore the dynamic risk profile of the specific patient being added to the schedule. This article develops a predictive
analytics model that estimates overbooking risk for each proposed additional appointment. The model uses patient-
specific features together with provider, schedule, seasonal, and communication context. The proposed model would
use gradient-boosted classification or regression trained on historical appointment data. Its output would be a risk
score reflecting the likelihood of excessive wait time, overtime, or queue formation for the session. Conceptually, the
model would flag situations in which adding a particular patient to a dense session creates high operational risk. It
would also identify lower-risk overbooking opportunities when the schedule has sufficient flexibility. The model could
enable precision overbooking in outpatient clinics. It would support access and efficiency while reducing the negative
consequences of both no-shows and excessive overbooking.

1

2

Patient no-shows remain a persistent operational problem in outpatient clinics because unused appointment slots reduce
access, waste provider capacity, and disrupt planned session flow. Overbooking is a common response because it
attempts to offset expected non-attendance by adding appointments beyond nominal capacity. However, overbooking
becomes effective only when the clinic can distinguish likely idle capacity from genuine congestion risk [1-3].

Aggressive overbooking can shift the problem from underutilisation to overcrowding. When more patients arrive than
expected, clinics may experience prolonged waits, rushed consultations, provider overtime, and patient dissatisfaction.
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Background

These consequences are especially important in settings where diagnostic imaging, specialty consultations, and complex
visits already create variable service times [4-7].

Traditional overbooking rules are blunt instruments because they often use historical averages rather than patient-level
and session-level predictors. They may not distinguish a new patient with high visit complexity from a brief follow-up visit,
or a lightly booked provider session from one already near capacity. Predictive scheduling research suggests that
appointment history, lead time, provider patterns, and clinic context can be integrated into richer decision support than
static heuristics [8-11].

This article proposes a predictive analytics model for estimating the risk associated with adding a specific appointment to
an already scheduled outpatient session. The model would combine appointment history, provider schedule density, visit
complexity, no-show probability, seasonal trends, and patient communication records into a single overbooking risk score.
Such a score could support scheduler decisions by estimating whether a proposed overbooked appointment is likely to
create operational disruption or preserve access without excessive congestion.

Overbooking in outpatient clinics: rationale and consequences
Overbooking is grounded in the operational logic that some scheduled patients will not attend, creating otherwise unused
capacity. Yet the same strategy can produce long waits and overtime when too many patients arrive, making the decision
highly sensitive to uncertainty in attendance and service duration. Prior work on individualized no-show prediction,
appointment overbooking, and access improvement shows that the value of overbooking depends on balancing utilisation
against congestion and fairness concerns [1, 2, 7].

No-show prediction models
No-show prediction models commonly use lead time, prior attendance, demographics, insurance status, distance,
appointment type, and contextual variables to estimate whether a patient will attend. Machine learning approaches have
been applied across pediatric, neurology, radiology, dental, psychiatric, and general outpatient settings, showing that
patient behavior can be partially predicted but remains uncertain at the individual level. This uncertainty is why
overbooking risk should be modeled as a session-level operational consequence rather than as a simple patient-level no-
show probability [12-24].

Visit complexity and provider schedule density
Visit complexity is a central determinant of outpatient clinic flow because it directly influences service time variability and
downstream congestion. New-patient visits typically require extended history-taking, diagnostic clarification, and care
planning, while procedure-based encounters and imaging visits introduce setup time, equipment constraints, and
coordination delays that are absent in routine follow-ups. High-comorbidity patients further increase uncertainty because
their visits are more likely to involve unexpected clinical findings, additional documentation, or coordination with other
services. As a result, even a small number of complex visits within a session can create cascading delays that propagate
across subsequent appointments, amplifying the operational impact of overbooking decisions [4, 6, 8, 9].

Provider schedule density interacts with visit complexity in a nonlinear manner, meaning that the same additional
appointment may have vastly different consequences depending on the existing composition of the session. A session
populated with short, predictable follow-ups may absorb an extra patient with minimal disruption, whereas a session
already filled with new patients or procedures may be operating near its effective capacity even if nominal time slots
remain. This distinction highlights that schedule density should not be measured solely as the number of booked slots,
but rather as a weighted construct reflecting both volume and complexity of appointments. Incorporating such weighted
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density measures aligns with predictive scheduling frameworks that emphasize the joint influence of appointment mix and
provider throughput on wait times and overtime risk [6, 25-27].

Provider-specific characteristics further complicate the relationship between density and operational performance.
Clinicians differ in pacing, documentation style, support staff availability, and tolerance for compressed schedules, leading
to systematic variation in how densely appointments can be safely scheduled. Template design also plays a role, as some
providers build buffers or flexible slots into their schedules while others rely on tightly packed appointment grids. These
variations suggest that overbooking risk cannot be generalized across providers but must instead be calibrated to
individual scheduling environments, reinforcing the need for provider-level features and clustering in predictive models [8,
9, 26].

Importantly, visit complexity and schedule density jointly determine not only average performance but also variability,
which is critical for risk estimation. A session with moderate average utilisation but high variability in visit duration may
pose greater overbooking risk than a uniformly dense but predictable session. This implies that the model should capture
distributional properties such as variance in expected service times, sequencing of complex visits, and clustering of high-
risk appointments within specific time windows. By integrating these factors, the model can better approximate the real
operational dynamics that drive queue formation and overtime rather than relying on simplified representations of capacity
[4, 6, 25].

Seasonal and temporal patterns in attendance
Temporal patterns play a significant role in outpatient clinic operations because both demand and attendance behavior
fluctuate systematically over time. Day-of-week effects are commonly observed, with certain weekdays exhibiting higher
no-show rates or increased demand due to work schedules, referral patterns, or clinic-specific practices. Monthly and
seasonal variations further influence attendance, as factors such as weather conditions, school calendars, and public
holidays alter patient availability and willingness to attend appointments. These recurring patterns suggest that time
should be treated as a structured predictor rather than as random noise in scheduling models [3, 14, 17].

Seasonal illness trends, such as influenza peaks or allergy seasons, can simultaneously increase visit demand and alter
visit complexity. During high-demand periods, clinics may experience surges in acute visits that require longer or less
predictable consultation times, thereby increasing the operational sensitivity to overbooking. Conversely, holiday periods
may reduce demand but increase no-show rates due to travel and competing commitments. These dynamics indicate that
temporal features influence both the likelihood of attendance and the downstream consequences of attendance,
reinforcing their importance in overbooking risk estimation [10, 28].

Temporal proximity to the appointment date also affects patient behavior, particularly through lead time. Appointments
scheduled far in advance are more susceptible to cancellation or no-show, while shorter lead times may increase
attendance but reduce scheduling flexibility. The interaction between lead time and seasonal context can further
complicate predictions, as patients may behave differently depending on whether an appointment falls during a high-
demand or low-demand period. Capturing these interactions allows the model to adjust risk estimates dynamically as the
appointment date approaches [14, 17].

Incorporating temporal features into predictive models enables more realistic representation of outpatient operations by
aligning predictions with known patterns of variability. Rather than treating sessions as independent and identically
distributed, the model can learn periodic structures and temporal dependencies that influence both attendance and
service demand. This approach supports more accurate estimation of overbooking risk by accounting for predictable
fluctuations in patient behavior and clinic workload over time [3, 10, 28].

Patient communication and reminder effects
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Model Development Overview

Patient communication is a critical operational lever because it directly influences attendance behavior in the period
leading up to an appointment. Reminder systems, including SMS messages, phone calls, and patient portal notifications,
are widely used to reduce no-show rates by prompting patients to confirm, reschedule, or cancel their appointments. The
effectiveness of these interventions varies depending on timing, modality, and patient characteristics, but they consistently
demonstrate that communication can modify attendance probabilities in a measurable way. As such, communication
records provide valuable, time-sensitive signals that can refine predictive models beyond static patient attributes [29-31].

Confirmation status is particularly informative because it reflects an explicit patient response to a reminder. Patients who
confirm their appointments are generally more likely to attend, whereas lack of response or failed delivery may indicate
higher risk of no-show. Additionally, patterns of engagement with communication channels, such as portal usage or
responsiveness to text messages, can serve as proxies for patient reliability and engagement with care. These behavioral
indicators complement traditional predictors such as prior attendance history and demographics [32, 33].

The timing of communication relative to the appointment also matters, as reminders delivered closer to the appointment
date may have stronger effects on attendance. Multiple reminders or multimodal communication strategies may further
influence behavior, although their impact may depend on clinic context and patient population. Incorporating these
temporal and modality-specific features allows the model to update risk estimates as new information becomes available,
effectively treating communication as a dynamic input rather than a static attribute [29-33].

From an overbooking perspective, communication features are valuable because they can reduce uncertainty about
which patients are likely to attend. By integrating reminder delivery and response data into the model, schedulers can
make more informed decisions about whether additional appointments can be safely added to a session. This dynamic
updating of attendance probability aligns with the broader goal of precision overbooking, where decisions are tailored to
the evolving state of both the schedule and the patient population [34].

High-level predictive pipeline
The predictive pipeline is designed to operate at the moment a scheduling decision is being made, ensuring that risk
estimation reflects the most current information available. When a scheduler considers adding an appointment to a
session, the model aggregates patient-specific features, appointment characteristics, provider context, and session-level
state into a unified representation. This includes retrieving historical attendance patterns, estimating no-show probability,
assessing visit complexity, and evaluating current schedule density. The resulting computation produces a session-
specific overbooking risk score that reflects the expected operational impact of the proposed addition [1, 8, 9, 11, 25].

Figure 1 illustrates the hierarchical predictive pipeline that integrates patient, provider, schedule, temporal, and
communication features into a unified overbooking risk score for real-time scheduling decisions.
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Figure 1. Hierarchical Predictive Pipeline for Patient-Specific Overbooking Risk Estimation in Outpatient Clinics

A key aspect of this pipeline is its conditional nature, as the risk estimate depends on both the candidate appointment and
the existing composition of the session. This contrasts with traditional approaches that treat overbooking as a fixed
adjustment applied uniformly across sessions. By conditioning on the current schedule, the model captures interactions
between appointments, such as the cumulative effect of multiple complex visits or the buffering capacity of low-density
periods. This design aligns with predictive scheduling research emphasizing context-aware decision-making [8, 9, 25].

The pipeline also supports iterative updates as the schedule evolves, allowing risk estimates to be recalculated whenever
new information becomes available. For example, confirmation of a reminder or cancellation of an existing appointment
can immediately alter the risk profile of the session. This dynamic updating ensures that scheduling decisions remain
responsive to real-time changes rather than relying on outdated assumptions [1, 11, 25].

Core input features
The feature set integrates multiple dimensions of outpatient scheduling to capture the multifactorial nature of overbooking
risk. Patient-level features include prior no-shows, cancellations, rescheduling behavior, arrival punctuality, and lead time,
all of which have been shown to influence attendance probability. Appointment-level features include visit type, duration
category, and new versus established patient status, which collectively define visit complexity and expected service time
[4, 12-15].

Provider-level and session-level features capture schedule density, template utilisation, double-booking frequency, and
historical throughput patterns. These features reflect the operational environment in which the appointment will occur,
allowing the model to distinguish between sessions with different capacity constraints. Seasonal and temporal features
add context by encoding time-related patterns, while communication features provide real-time signals about patient
engagement and likelihood of attendance [29-33].

The integration of these feature groups enables the model to capture interactions that would be missed by simpler
approaches. For example, the risk associated with a complex visit may be mitigated if the patient has a high probability of
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no-show, or amplified if the session is already densely packed with similar visits. By combining patient, provider, and
contextual information, the model provides a holistic representation of overbooking risk [4, 12-15, 29-33].

Table 1 presents a structural decomposition of the multidimensional determinants of overbooking risk, highlighting how
feature domains interact to influence operational outcomes beyond isolated effects.

Table 1. Multidimensional Determinants of Overbooking Risk: Structural Roles, Interactions, and Operational Implications

Feature Domain Primary Role in
Model

Key Variables Interaction Effects Operational
Interpretation

Appointment History Behavioral
prediction

Prior no-shows,
cancellations, lead
time, punctuality

Modulates reliability of
attendance estimates when

combined with
communication signals

Identifies patient-level
uncertainty and

reliability

Patient
Communication

Dynamic
attendance

updating

Reminder delivery,
confirmation status,

modality, timing

Reduces uncertainty when
combined with appointment
history; modifies real-time

risk

Enables adaptive risk
recalibration close to

appointment

Visit Complexity Service time
estimation

New vs follow-up,
procedures, imaging,

duration class

Amplifies risk when
combined with high schedule

density

Drives variability and
potential bottlenecks in

session flow

Provider Context Capacity
heterogeneity

Provider throughput,
template design,
staffing support

Interacts with density and
complexity to define effective

capacity

Explains variability in
tolerance to
overbooking

Schedule Density Load
measurement

Slot utilisation,
double-booking,

complexity-weighted
load

Nonlinear interaction with
complexity and provider

characteristics

Determines proximity
to congestion threshold

Seasonal/Temporal
Factors

Systematic
variability

Day-of-week, month,
holidays, demand

cycles

Interacts with no-show
probability and visit mix

Captures predictable
fluctuations in demand

and attendance

Design principles
The model is designed to meet practical requirements for deployment in outpatient scheduling environments. Real-time
computability is essential because risk estimates must be available within the scheduling workflow without introducing
delays. Interpretability is equally important, as schedulers need to understand and trust the model’s recommendations,
particularly when they conflict with existing heuristics or clinical priorities. Providing clear explanations for risk scores
supports adoption and appropriate use [2, 34].

Flexibility is another key principle, as clinics differ in their tolerance for wait times, overtime, and access constraints. The
model should allow adjustment of risk thresholds to align with local operational goals, enabling different strategies for
high-demand versus low-demand periods. This adaptability ensures that the model remains relevant across diverse
clinical settings and evolving organisational priorities [27, 35].

Finally, the model should include mechanisms for monitoring fairness and unintended consequences. Because predictive
models are trained on historical data, they may inadvertently reinforce existing disparities in access or scheduling
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Data Sources and Feature Engineering

practices. Incorporating fairness checks and ongoing evaluation helps ensure that the model supports equitable care
delivery while improving operational efficiency [2, 27, 35, 34].

Appointment history and attendance labelling
Appointment history forms the foundation of the predictive model, as it provides direct evidence of patient behavior over
time. Each historical encounter can be labeled according to attendance outcome, including attended, no-show, cancelled
in advance, rescheduled, or late arrival. These labels enable construction of longitudinal patient profiles that capture
patterns such as frequent cancellations, consistent punctuality, or sporadic attendance. Such patterns have been widely
used in no-show prediction models as key indicators of future behavior [3, 12, 14, 16].

Feature engineering from appointment history involves aggregating these behaviors into meaningful predictors, such as
the proportion of missed appointments, time since last no-show, and variability in attendance patterns. Lead time between
booking and appointment date is also critical, as longer lead times are associated with higher uncertainty. Additionally,
rescheduling frequency may indicate patient engagement or instability in availability, both of which can influence
attendance probability [18, 20, 21].

By structuring these features at the patient level while preserving temporal ordering, the model can learn both stable
behavioral tendencies and recent changes. This dual perspective allows the model to adapt to evolving patient behavior
while maintaining sensitivity to long-term patterns. As a result, appointment history becomes a rich and dynamic source of
predictive information for overbooking risk estimation [3, 12, 21].

Provider schedule density and visit complexity metrics
Provider schedule density is operationalised through a combination of quantitative and structural features that reflect how
fully a session is booked. Metrics such as the ratio of scheduled appointments to nominal capacity, frequency of double-
booked slots, and distribution of appointments across the session timeline provide a baseline measure of density.
However, these measures must be augmented with complexity-weighted adjustments to account for variation in service
time across different visit types [8, 9, 25].

Visit complexity metrics are derived from appointment attributes such as new-patient status, procedure indicators,
imaging requirements, and expected duration categories. When available, additional markers such as comorbidity burden
or need for multidisciplinary coordination can further refine complexity estimates. Combining these features allows the
model to estimate effective workload rather than relying solely on appointment counts, which may underestimate the
burden of complex sessions [6, 16, 26].

The interaction between density and complexity is particularly important for identifying tipping points where additional
appointments transition from manageable to disruptive. By capturing both dimensions, the model can differentiate
between sessions that appear similar in size but differ substantially in operational risk. This nuanced representation
supports more accurate estimation of overbooking consequences in real-world clinical settings [6, 25].

Seasonal and communication features
Seasonal features are engineered to capture recurring temporal patterns that influence both attendance and demand.
These include calendar-based variables such as month, week of year, and day of week, as well as indicators for holidays,
school breaks, and known high-demand periods. Encoding these features allows the model to learn periodic trends and
adjust predictions accordingly, improving alignment with observed clinic operations [10, 28].
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Predictive Analytics Architecture

Handling Temporal Dynamics and Confounding

Communication features are derived from patient engagement with reminder systems, including modality, timing, delivery
success, and response behavior. For example, a confirmed SMS reminder may reduce uncertainty about attendance,
while a failed phone call may signal increased risk of no-show. These features are inherently time-dependent, as their
predictive value changes as the appointment date approaches and additional communication events occur [29-33].

Combining seasonal and communication features enables the model to incorporate both macro-level patterns and micro-
level signals into risk estimation. Seasonal trends provide a baseline expectation of attendance and demand, while
communication records refine these expectations for individual patients. This integration supports dynamic updating of
risk scores and enhances the model’s ability to reflect real-time operational conditions [10, 28-34].

Model choice and rationale
Gradient-boosted decision trees would be appropriate because they can handle nonlinear relationships, mixed data
types, missingness patterns, and interactions among patient, provider, and schedule features. For example, the
operational risk of adding a patient may depend jointly on prior attendance, provider density, visit complexity, and
reminder confirmation rather than on any single predictor alone. Quantile regression or probabilistic extensions could also
be considered to represent uncertainty in wait time, overtime, or queue formation [8, 9, 11, 16, 17].

Input feature vector and preprocessing
The input vector would combine patient-level, appointment-level, provider-level, session-level, seasonal, and
communication features into a single representation evaluated at the moment of scheduling. Density measures could be
normalised within clinic and provider, categorical variables could be encoded with safeguards against leakage, and
missing communication records could be represented explicitly rather than assumed to indicate no reminder. These
preprocessing choices would support transportability across clinics while preserving the operational meaning of local
scheduling practices [14, 19-24].

Output: overbooking risk score
The model output would be a continuous overbooking risk score representing the probability that adding the appointment
would breach an operational threshold such as excessive waiting, overtime, or queue length. Alternatively, the output
could be framed as expected incremental operational burden, allowing clinics to rank candidate overbook slots by relative
risk. The score would be intended for decision support, not automatic scheduling, so that staff can weigh access needs,
clinical urgency, and operational constraints together [1, 2, 5, 7, 34, 25].

Session-level context and temporal ordering
Overbooking risk should be conditional on the current state of the session rather than estimated from the candidate
patient alone. The same appointment may be acceptable early in a lightly booked session but risky once several complex
visits, procedures, or historically punctual patients have already been scheduled. Temporal ordering also helps prevent
leakage by ensuring that the model uses only information available at the time the scheduling decision is made [1, 8, 9,
25].

Clustering by provider and clinic
Provider and clinic clustering should be represented because session flow depends on local template design, staffing,
room availability, specialty mix, and provider-specific throughput. Random effects, provider identifiers, clinic-level
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Model Interpretability and Clinical Trust

Clinical Deployment and Scheduling Workflow Integration

Evaluation Strategy

encodings, or hierarchical calibration could help account for systematic variation without assuming that all clinics tolerate
overbooking in the same way. This is especially important when operational consequences differ across primary care,
specialty care, imaging, and behavioral health settings [4-6, 26, 27, 35].

Evolving patient behaviour and model decay
Patient attendance behavior and reminder responsiveness may change as clinic policies, communication channels, and
population characteristics evolve. The model should therefore be monitored for concept drift, calibration decay, and
changing relationships between reminders and attendance. Periodic retraining or recalibration would be expected to
maintain reliability as scheduling practices and patient behavior shift over time [29-34].

Explaining risk scores to schedulers
Schedulers need concise explanations for why a proposed overbooked appointment is classified as low, moderate, or
high risk. Feature attribution methods could show whether the risk is driven by high existing schedule density, a complex
visit type, prior late arrivals, lack of reminder confirmation, or low predicted no-show probability. Transparent explanations
are also important for identifying bias, especially when historical scheduling data may encode inequitable access patterns
[2, 11-13].

Integration with scheduling software
The risk score should appear inside the scheduling interface rather than in a separate analytics dashboard. A scheduler
could view the score alongside available overbook slots, existing session density, and a brief explanation of the main risk
drivers. Prior work on predictive scheduling and appointment management supports embedding model outputs directly
into operational workflows so that decision support is timely and usable [8, 9, 25, 26].

Point-of-scheduling decision support
At the point of scheduling, the model would function as a decision-support service that receives patient, appointment,
provider, session, seasonal, and communication features. It could return a risk score and suggest whether another
session or time slot would create lower operational risk. This workflow aligns with predictive appointment-scheduling
research that uses machine learning to reduce uncertainty before finalising outpatient appointments [1, 8, 9, 25].

Post-session learning and adjustment
After each clinic session, observed wait times, arrivals, cancellations, no-shows, and overtime could be used to
recalibrate future risk estimates. Clinic leaders could adjust the risk threshold depending on whether their priority is faster
access, lower overtime, shorter waits, or more stable provider workload. Such feedback would allow the model to remain
operationally aligned rather than functioning as a static prediction tool [5-7, 34].

Predictive performance metrics
Evaluation should distinguish between predicting attendance and predicting operational disruption. Classification metrics
such as discrimination and calibration would be relevant when the output is a threshold-breach risk, while regression
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Limitations

Conclusion

metrics and prediction-interval assessment would be relevant when the output is expected incremental wait time or
overtime. Because no-show prediction alone does not fully determine overbooking safety, performance should be
interpreted in relation to session-level operational outcomes [12, 13, 23, 24, 34].

Temporal validation and simulated deployment
Temporal validation should train the model on earlier appointments and evaluate it on later sessions to reflect real
deployment conditions. Simulated deployment could compare hypothetical model-guided overbooking decisions with
standard scheduling heuristics while preserving the chronological order of booking and communication events. This
approach would help assess whether the model could support safer overbooking without claiming experimental results or
prospective impact [1, 8, 9, 11].

Prospective impact assessment
A future prospective assessment could compare machine-guided overbooking with usual scheduling practice using
pragmatic designs such as stepped-wedge implementation or controlled rollout. Outcomes should include clinic overtime,
patient wait time, same-day access, provider utilisation, and no-show-adjusted capacity use. Such evaluation would be
necessary before concluding that the model improves outpatient operations in routine practice [5-7, 25, 34].

Data sparsity and cold-start problem
New patients may lack prior attendance history, cancellation patterns, punctuality records, and communication-response
history. In these cases, the model would rely more heavily on population-level features such as visit type, lead time, clinic,
provider, and seasonal context. This cold-start limitation should be explicitly communicated so that schedulers understand
when individualised risk estimates are less certain [3, 14, 18, 22, 23].

Contextual factors not captured
Some disruptions are not easily captured in historical scheduling data, including sudden provider illness, severe weather,
transportation failures, room shortages, or unusual patient preferences. Communication logs may also be incomplete,
inconsistent, or unavailable across clinics, limiting the reliability of reminder-based features. These constraints mean that
the model should support human judgment rather than replace operational oversight [10, 24, 28-33].

A predictive analytics model for outpatient clinic overbooking risk could help clinics move from static overbooking rules to
patient-specific, session-aware decision support. By integrating appointment history, provider schedule density, visit
complexity, no-show probability, seasonal patterns, and communication records, the model could estimate the operational
risk of each proposed additional appointment.

The main strength of the proposed approach is that it treats overbooking as a contextual scheduling decision rather than
a fixed percentage added to every session. Its output could be integrated into real-time scheduling workflows and
presented in an interpretable format for front-line staff. This would allow clinics to balance access goals with the need to
avoid excessive waiting, overtime, and staff burden.

Important challenges remain. New patients may have limited historical data, communication logs may be incomplete, and
each clinic may require local calibration before the risk score becomes operationally meaningful. Fairness monitoring
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