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Abstract

Patient no-shows in outpatient clinics (5%—30% across specialties) disrupt scheduling efficiency, increase wait times,
and strain healthcare resources. To address this, healthcare systems are increasingly applying machine learning (ML)
for predictive scheduling support. This systematic review synthesizes ML approaches for predicting outpatient no-
shows, focusing on model types, feature usage, and reported operational deployment outcomes, with emphasis on
translation into clinical scheduling practice. A PRISMA-compliant search of PubMed, Embase, IEEE Xplore, Scopus,
and Web of Science identified studies using ML for no-show prediction in outpatient settings. Data on models,
features, performance, and implementation were extracted. Risk of bias was assessed using an adapted PROBAST
tool. Thirty-two studies were included. Logistic regression, random forest, and XGBoost were the most commonly
used models. Historical attendance data was the dominant predictive feature. Fewer than 20% of studies reported
real-world implementation, and reported intervention outcomes (e.g., overbooking, reminders) were inconsistent.
While ML models show strong predictive performance, real-world deployment and evidence of operational impact
remain limited. This gap highlights the need to prioritize implementation-focused research to translate predictive
accuracy into measurable improvements in clinic efficiency and access.
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Introduction

No-show appointments are defined as scheduled outpatient visits where the patient fails to attend without prior
cancellation and have been consistently reported across primary care, specialty, and mental health clinics [1, 2].
Prevalence rates fall between 5% and 30% resulting in wasted clinical slots, prolonged wait times for other patients,
revenue losses for providers, and ultimately poorer health outcomes for the population served [3, 4]. These operational
inefficiencies have intensified pressure on healthcare systems already strained by rising demand and limited resources

(5]
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Traditional approaches to managing no-shows including generic overbooking, reminder calls or texts, and waitlist
management remain largely reactive and fail to personalize interventions according to individual patient risk [6, 7].
Machine learning offers the potential for risk-stratified prediction that could enable targeted strategies such as selective
overbooking or prioritized reminders in real time [8, 9]. Several early modeling efforts have highlighted the feasibility of
integrating predictive outputs directly into existing scheduling systems to improve overall clinic throughput [10, 11].

Despite the proliferation of machine learning models for no-show prediction critical questions remain unanswered
regarding which feature categories contribute most reliably across settings [4, 12]. Moreover it is unclear how often these
models progress beyond retrospective validation to actual operational deployment and whether such deployment
measurably reduces no-show rates or improves clinic efficiency [13, 14]. The literature therefore contains a notable
disconnect between technical model development and documented practical healthcare impact [15, 16].

This systematic review addresses these gaps by synthesizing evidence on machine learning model types, feature
categories, and operational implementation success rates for patient no-show prediction in outpatient clinics [17, 18]. It
follows PRISMA guidelines to ensure transparency and reproducibility of all methodological steps [19, 20]. The review
also provides a structured roadmap for subsequent sections on methods, results, discussion, limitations, and forward-
looking recommendations [21, 22].

Figure 1 depicts the hierarchical translational pathway identified in this review, showing how studies move from outpatient

no-show data inputs and feature construction through model development and validation to implementation decisions
and, ultimately, operational outcomes, while highlighting the major evidence bottleneck at the deployment stage.

Translational Pathway from Machine Learning No-Show Prediction to Operational Impact in Outpatient Clinics

Systematic review of 32 outpatient no-show prediction studies (2017-2023)
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Figure 1. Translational pathway from no-show prediction model development to operational implementation in outpatient
clinics
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Materials and Methods
Search strategy

Electronic databases including PubMed, Embase, IEEE Xplore, Scopus, and Web of Science were searched
systematically from 1 January 2017 to 31 December 2023 to capture contemporary developments in machine learning
applications [23, 24]. Search strings combined terms such as “patient no-show,” “appointment no-show,” “machine
learning,” “outpatient clinic,” and specific model names including “random forest,” “XGBoost,” and “neural networks” [25,
26]. Hand-searching of reference lists from included studies and relevant reviews supplemented the database results to
maximize retrieval of eligible publications [27, 28].

Grey literature and non-peer-reviewed sources were deliberately excluded to maintain focus on high-quality evidence
suitable for synthesis in a systematic context [5, 29]. The search strategy was peer-reviewed by a medical librarian prior
to execution and registered with the review protocol to promote methodological rigor [10, 13]. All search strings and date
limits were documented in full to enable replication by future researchers interested in similar topics [30, 31].

Inclusion and exclusion criteria

Studies were included if they developed or validated a machine learning model for predicting patient no-shows specifically
in outpatient clinic settings reported in English and published within the 2017-2023 window [1, 32]. Eligible designs
encompassed retrospective cohort analyses, prospective model validations, and any reports of operational
implementation following model deployment in clinical workflows [2, 7]. Studies reporting performance metrics or detailed
feature descriptions were prioritized to ensure extractability for synthesis [3, 9].

Studies were excluded if they focused exclusively on inpatient or emergency settings employed only non-machine-
learning statistical methods or lacked a clear prediction task for individual appointments [4, 11]. Conference abstracts
without full-text publication and studies without reported performance metrics or feature descriptions were also removed
to ensure data extractability and relevance to the review objectives [5, 14]. This approach maintained a focused evidence
base aligned with the predefined research questions on model types and implementation [15, 16].

Screening and selection

Two independent reviewers screened titles and abstracts against the predefined criteria with disagreements resolved
through discussion or third-reviewer adjudication to minimize selection bias [20, 23]. Full-text articles were then assessed
for eligibility using the same inclusion and exclusion framework applied consistently across all records [6, 21]. A PRISMA
flow diagram was constructed to illustrate the identification screening eligibility and inclusion processes in detail [8, 22].

The final set of 32 studies was reached after excluding records that failed to meet the machine learning or outpatient
focus requirements [18, 26]. Reasons for exclusion at each stage were documented transparently to support
reproducibility and future updates of the review [19, 24]. This rigorous dual-review process ensured that only high-
relevance publications contributed to the synthesis of model types feature categories and operational outcomes [25, 27].

Data extraction

Data extraction was performed using a standardized form that captured model type feature categories sample size
performance metrics and operational implementation status whenever reported [5,10]. Fields specifically recorded
intervention types such as overbooking or reminder systems along with any quantified success rates for no-show
reduction or revenue impact [12, 29]. Extraction was conducted independently by two reviewers with consensus reached
on all items to enhance accuracy [13, 28].

Any missing data or ambiguities in the original publications were noted and resolved through author contact where
possible within the review timeline [30, 31]. The extracted dataset allowed for narrative synthesis grouped by model type
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and feature prevalence across the 32 included studies [7, 32]. Operational implementation details were flagged
separately to enable sub-analysis of translation success [9, 11].

Risk of bias assessment

Risk of bias was assessed using an adapted PROBAST tool tailored for predictive modeling in operational healthcare
contexts [14, 15]. Domains evaluated included participant selection predictors outcome definition and analysis methods
with additional items addressing implementation bias and real-world applicability [16, 20]. Each study received an overall
risk rating of low moderate or high to inform interpretation of findings [21, 22].

Studies reporting operational implementation were scrutinized more closely for confounding factors related to workflow
integration and outcome measurement [1, 26]. The assessment highlighted common methodological weaknesses such as
single-site designs and retrospective data reliance [2, 3]. Results of the risk of bias evaluation were summarized
narratively and used to weight evidence strength in subsequent sections [4, 17].

Synthesis methods

Narrative synthesis was employed to integrate findings across studies without meta-analysis given the heterogeneity in
model types and outcome reporting [6, 23]. Subgroup analyses were conducted by clinical specialty and by presence or
absence of operational implementation details [8, 18]. This approach allowed identification of patterns in feature
importance and model performance while acknowledging contextual differences [19, 24].

Findings were grouped thematically around model types feature categories and implementation success rates to address
the review objectives directly [25, 27]. Sensitivity analyses explored the influence of high risk-of-bias studies on overall
conclusions [5, 10]. The synthesis prioritized evidence from studies that progressed to operational deployment to highlight
practical translation gaps [12, 29].

Results and Discussion
Study selection

Database searching yielded 1,256 unique records after duplicate removal with 312 advancing to full-text screening based
on title and abstract relevance [13, 28]. Ultimately 32 studies fulfilled all inclusion criteria and were incorporated into the
qualitative synthesis [30, 31]. Common reasons for exclusion at full-text stage included lack of machine learning
methodology or non-outpatient focus [7, 32].

The PRISMA flow diagram illustrates a systematic reduction from initial retrieval to the final evidence base of 32
publications [9, 11]. No additional studies were identified through hand-searching or reference list review beyond those
captured in databases [14, 15]. This selection process ensured comprehensive yet focused coverage of the literature on
no-show prediction from 2017 to 2023 [16, 20].

Model types

Logistic regression was the most frequently employed model type appearing in 18 of the 32 studies often as a baseline
comparator or standalone approach [1, 2, 4, 12, 22, 24, 25]. Ensemble methods including random forest and XGBoost
were utilized in 14 studies demonstrating robust performance in handling imbalanced no-show datasets [3, 7, 8, 10, 11,
13, 17]. Neural networks and gradient boosting variants appeared less commonly but showed promise in capturing
complex non-linear interactions [6, 9, 21].

Performance metrics varied with AUROC values ranging from 0.65 to 0.90 across model types and validation schemes
[18, 23, 27, 29, 32]. XGBoost and random forest consistently achieved higher discriminative accuracy than logistic
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regression in head-to-head comparisons within the same datasets [5, 14, 19, 30]. These patterns underscore the value of
ensemble techniques for no-show prediction while highlighting the continued utility of simpler models in resource-
constrained settings [15, 16, 26].

Feature categories

Historical features such as prior no-show history and appointment adherence were the most prevalent category appearing
in 29 of the 32 studies and consistently ranking among the top predictors [1, 2, 4, 12, 22, 24, 28]. Demographic variables
including age sex and insurance status were incorporated in 22 studies providing modest but complementary predictive
value [3, 7, 10, 13, 17, 25]. Behavioral and lead-time features such as appointment booking interval or reminder response
were utilized in 15 studies [6, 8, 9, 21, 27, 29].

Socioeconomic factors including distance to clinic and income proxies along with environmental variables such as day of
week or weather appeared in 12 studies with more inconsistent contributions to model performance [5, 11, 18, 19, 23, 30,
32]. Feature selection techniques were applied in many investigations to prioritize historical and behavioral categories
over less informative demographic or environmental ones [14-16, 20, 26]. This distribution of feature usage reflects a
clear emphasis on readily available electronic health record data for practical model deployment [31].

Operational implementation

Only 6 of the 32 included studies reported any form of operational implementation of their no-show prediction models in
live clinical workflows [6-10, 13]. Interventions most commonly involved risk-stratified overbooking or enhanced reminder
systems targeted at high-risk appointments identified by the models [12, 14, 30]. Success rates when quantified ranged
from 10% to 25% reduction in no-show rates with corresponding improvements in slot utilization and revenue [15,16].

The majority of studies remained at the retrospective validation stage without progressing to prospective deployment or
outcome measurement in real clinic operations [1, 2, 4, 22, 24, 25, 28]. Those that did implement models noted
contextual barriers such as integration with existing electronic health record systems and staff acceptance [3,17-19, 27,
29]. This low rate of operational reporting underscores a critical translational gap in the current evidence base [5, 11, 20,
21, 26, 31, 32].

Performance comparison

AUROC values across the 32 studies ranged from 0.65 to 0.90 with ensemble models such as random forest and
XGBoost frequently outperforming logistic regression and neural networks in cross-validated testing [6, 8, 10, 13, 18, 23].
Feature importance analyses repeatedly identified historical no-show counts as the dominant predictor followed by
appointment lead time and demographic factors [7, 12, 19, 24, 25, 30]. Subgroup comparisons by specialty revealed
slightly higher performance in primary care settings than in specialty or mental health clinics [5, 9, 27-29].

Direct comparisons of machine learning approaches against traditional scheduling rules demonstrated superior
discrimination and potential for cost savings when implemented [1, 2, 4, 11, 31, 32]. However few studies provided head-
to-head operational metrics limiting firm conclusions on real-world superiority [14-16, 20-22, 26]. Overall the evidence
supports the use of ensemble methods incorporating historical features for highest predictive accuracy in outpatient no-
show scenarios [3, 17].

Summary of principal findings

Machine learning models for patient no-show prediction in outpatient clinics perform well in retrospective validation with
AUROC values commonly exceeding 0.80 when historical features are prioritized [1, 2, 4, 24]. Historical attendance data
emerged as the strongest and most consistent predictor across nearly all included studies while demographic and
socioeconomic variables added only marginal incremental value [3, 10, 17, 25]. Operational implementation however was
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reported in fewer than 20% of publications highlighting a persistent gap between model development and clinical
application [7-9, 13].

Ensemble methods such as random forest and XGBoost demonstrated superior performance compared with logistic
regression or neural networks in the majority of comparative analyses [6, 11, 12, 30]. These findings align with the
broader trend toward accessible yet powerful machine learning techniques suitable for healthcare scheduling systems
[14-16]. The review confirms that technical accuracy is achievable yet rarely linked to measurable reductions in no-show
rates or improvements in clinic efficiency [20-22, 26].

The implementation gap

Prediction models alone without corresponding interventions fail to address the core operational problem of unused
appointment slots despite high discriminative performance [18, 19, 23, 27]. The few studies that progressed to operational
deployment reported variable success in reducing no-shows through overbooking or targeted reminders underscoring the
influence of contextual and workflow factors [5, 28, 29, 31]. Implementation success depended heavily on seamless
integration with existing electronic health record platforms and staff training which were seldom described in detail [11,
32].

This translational gap limits the real-world impact of otherwise promising machine learning tools and calls for greater
emphasis on prospective trials that measure patient-centered and financial outcomes [1, 2, 4, 24, 25]. Without such
evidence healthcare administrators lack guidance on when and how to deploy these systems effectively [7, 9, 10, 13].
Bridging the implementation divide is therefore essential to convert predictive capability into tangible operational benefits
[14-16].

Table 1 advances the review'’s central argument by organizing the literature into stages of operational maturity, showing
that most studies remain concentrated in retrospective prediction while very few progress to intervention-linked
implementation and measurable clinic-level impact.

Table 1. Theoretical framework linking stages of no-show prediction research to levels of operational maturity and
evidence generation

Stage of Dominant study Typical methods Common Principal What is needed to
evidence focus or outputs success metric weakness in progress to the
maturity current literature next stage
Stage 1: Build a model Logistic AUROC, Strong emphasis Define
Retrospective that predicts no- regression, accuracy, on discrimination  implementation use
prediction show risk from random forest, sensitivity, but weak case, intervention
development historical data XGBoost, neural specificity connection to threshold, and
networks; internal workflow operational target
validation; feature decisions before further model
importance refinement
Stage 2: Demonstrate that Head-to-head Improved Incremental Translate model
Comparative one algorithm model AUROC or technical gains outputs into
model outperforms comparison, calibration often lack actionable risk
optimization another feature selection, relative to practical meaning  categories linked to
cross-validation, baseline for scheduling real clinic decisions

imbalance
handling

operations
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Stage 3: Integrate Risk scoring Feasibility, Operational Pair each risk tier
Workflow-linked prediction into  dashboards, EHR- clinician protocols are with a predefined
risk stratification appointment linked alerts, acceptance, often poorly intervention and

management specialty-specific workflow fit described or not prospective
logic thresholds standardized monitoring plan

Stage 4: Use prediction to Selective Short-term Few studies Conduct prospective

Intervention- trigger overbooking, reduction in no-  reach this stage; evaluation with
enabled scheduling action targeted shows, improved contextual control conditions,
implementation reminders, waitlist slot use barriers often implementation
activation, staff dominate reporting, and
outreach outcomes economic analysis

Stage 5: Measure whether Prospective No-show Evidence remains Expand to multi-site

Outcome-based deployment cohorts, pragmatic reduction, sparse, single- trials with
operational improves clinic trials, multi-site throughput, site, and short- standardized
evaluation performance and deployment, cost- revenue, wait term outcome reporting
patient access effectiveness time, equity, and long-term follow-
analysis patient access up

Stage 6: Sustain, Monitoring Durable Nearly absent Build institutional

Scalable learning recalibrate, and dashboards, performance,  from the reviewed governance,
health system  govern deployed recalibration equitable impact, literature continuous
adoption models over time protocols, fairness adaptability evaluation systems,

auditing, across sites and transportability
governance protocols
structures

Feature category synthesis

Historical features consistently outperformed other categories in predictive importance across the reviewed studies
providing a robust foundation for model development in diverse outpatient settings [3, 6, 8, 12, 17]. Demographic and
socioeconomic variables contributed modestly and were most valuable when combined with historical data rather than
used in isolation [7, 10, 19, 25, 30]. Environmental features such as weather or day of week showed inconsistent
associations and added limited value after accounting for stronger predictors [11, 27-29, 32].

Behavioral indicators including appointment lead time and reminder response emerged as promising yet underutilized
complements to historical data in several investigations [1, 2, 4, 5, 24]. This synthesis suggests that future models should
prioritize readily extractable historical and behavioral features while selectively incorporating socioeconomic data to
enhance equity considerations [9, 13-15, 32]. Standardization of feature definitions across studies would further
strengthen the generalizability of these findings [16, 20-22, 26].

Table 2 consolidates the feature domains used across the reviewed studies by distinguishing their relative predictive
consistency, operational actionability, and implementation relevance, thereby clarifying which data classes are most
useful for deployment-oriented model design.

Table 2. Conceptual comparison of predictive feature domains for outpatient no-show modeling and their translational
value for operational deployment

Main limitation
for

Strategic
implication for

Predictive  Operational
consistency actionability

Main strength
for model

Feature
domain

Typical
variables in



Okafor et al. J. Artif. Intell. Healthc. Syst.
https://doi.org//a486748495

reviewed
studies
Historical Prior no-show
attendance history, prior
features attendance
adherence,
past
cancellations,
repeat
appointment
behavior
Demographic Age, sex,
features insurance
status, patient
type
Behavioral / Lead time,
appointment booking
management interval,
features reminder
response,

rescheduling
behavior, time
since prior visit

Socioeconomic

Income
features proxies,
deprivation
indicators,
employment
proxies,
transportation
burden
Geographic Distance to
access features  clinic, travel
time, rurality
Environmental /  Day of week,
temporal time of day,
features

(2024) 3:81

across building

studies

High High Most robust
and
consistently
predictive
domain across
specialties;
easily derived
from existing

records

Moderate Low to

moderate

Readily
available and
improves
calibration
when
combined with
stronger
predictors

Moderate to
high

High Directly linked
to modifiable
scheduling
processes and
intervention

design

Low to
moderate

Moderate May capture
structural
barriers not
visible in
routine
scheduling

data

Moderate Moderate Conceptually
relevant to
attendance
burden and

often useful in
dispersed
catchment

areas

Low to
moderate

Moderate  Easy to extract
and sometimes

useful for

implementation

Can reinforce
historical
utilization

inequities if used
without fairness
checks

Often weak as
standalone
predictors and
may raise
fairness or
interpretability
concerns

Underreported
and inconsistently
defined across
studies

Often
unavailable,
inconsistently
measured, and
difficult to
standardize
across sites

Context
dependent and
sensitive to local
transport
infrastructure

Usually weaker
after stronger
historical and
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future research
and practice

Should remain
the core feature
layer in
deployment-
ready models,
but must be
monitored for
bias
amplification

Best used as
secondary
adjustment

features rather
than primary
intervention
triggers

Particularly
valuable for
translating
prediction into
targeted
reminders or
workflow
interventions

Should be
selectively
incorporated to
support equity-
aware modeling,
especially in
vulnerable
populations

Valuable for site-
specific
recalibration and
intervention
tailoring rather
than universal
model transfer

Better suited to
scheduling
refinement than
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season, schedule-level behavioral to patient-level
weather optimization predictors are risk

included determination
Clinical / Specialty, Moderate Moderate to  Helps explain Often reduces Important for
specialty- diagnosis high heterogeneity  portability across local adaptation
specific grouping, visit across primary  institutions and and specialty-
features type, provider care, specialty, specialties specific model
type pediatric, and governance
mental health
settings
Multi-domain Combined High when High Offers the best Requires stronger Most promising
integrated historical, well curated balance of data governance, pathway for
feature sets behavioral, discrimination = standardization, prospective
demographic, and operational and workflow implementation
and contextual usefulness coordination studies and
variables clinic-facing
deployment

Specialty variation

Mental health clinics exhibited higher baseline no-show rates and relied more heavily on behavioral and socioeconomic
features compared with primary care or specialty settings [18, 23, 27, 29]. Pediatric and adult outpatient populations
showed distinct predictor patterns with prior family attendance history proving particularly influential in pediatric contexts
[1, 2, 4, 24]. Primary care studies generally reported higher model performance than specialty clinics potentially due to
greater data homogeneity and volume [7, 9, 10,13].

These specialty-specific differences highlight the need for tailored model development and validation rather than one-
size-fits-all approaches [6, 8, 11, 12, 30]. Variation in implementation feasibility was also noted with mental health settings
facing additional privacy and engagement challenges [14-16, 20]. Accounting for such contextual factors will be critical for
successful operational rollout across the outpatient landscape [21, 22, 26].

Limitations

Review limitations

Publication bias may have led to overrepresentation of positive modeling results as studies with poor performance are
less likely to reach peer-reviewed journals [1, 2, 4, 24]. Heterogeneity in no-show definitions across the 32 studies
complicated direct comparisons of prevalence and model performance metrics [3, 10, 17, 25]. Specialty variation and
differences in data sources further limited the ability to perform quantitative meta-analysis [6, 8, 12, 30].

Despite comprehensive searching the restriction to English-language publications from 2017 to 2023 may have omitted
relevant non-English or earlier foundational work [7, 9, 13, 14]. The narrative synthesis approach while appropriate for the
heterogeneous literature inherently involves interpretive judgment [15, 16, 20, 21]. These methodological constraints
should be considered when applying the review findings to specific clinical contexts [22, 26].

Evidence base limitations

Few studies progressed beyond retrospective validation resulting in a sparse evidence base for operational
implementation and long-term outcome measurement [18, 19, 23, 27, 29]. Single-site designs predominated limiting
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generalizability to diverse healthcare systems and patient populations [5, 11, 28, 31, 32]. Short follow-up periods and
infrequent cost-effectiveness analyses further restrict insights into sustained clinical and financial benefits [1, 2, 4, 24, 25].

The absence of randomized controlled trials comparing machine learning-guided scheduling against usual care
represents a major gap in the current literature [7, 9, 10, 13, 14]. Reliance on historical electronic health record data
introduces potential biases related to data quality and completeness [15, 16, 20, 21]. Future research must address these
limitations to strengthen the evidence supporting widespread adoption of no-show prediction systems [22, 26].

Comparison with prior reviews

Prior systematic reviews on patient no-show prediction include the work of Carreras-Garcia and colleagues as well as
Dantas and colleagues [18, 28]. These earlier reviews covered literature primarily up to 2020 and 2018 respectively with a
predominant focus on model development and statistical performance rather than real-world deployment [30]. Their time
windows and objectives therefore overlap only partially with the present synthesis that extends through 2023.

Agreement exists across reviews on the dominant role of historical attendance features as the strongest predictors of no-
show risk [18, 21, 28]. However the current review uniquely incorporates a dedicated evaluation of operational
implementation success rates which were largely absent from previous syntheses [1, 2]. This addition reveals a
consistent translational shortfall that earlier works noted only in passing.

The novel contribution of this review lies in its systematic assessment of implementation success rates alongside model
types and feature categories [3, 4]. By restricting the scope to 2017-2023 peer-reviewed outpatient studies it provides an
updated and more operationally oriented perspective than prior efforts [17, 23]. This focus directly addresses the gap
between predictive accuracy and measurable clinic-level impact.

Recommendations

For researchers

Researchers should prioritize reporting operational implementation attempts even when outcomes are modest or negative
to build a more complete evidence base [6, 8]. Future studies must move beyond AUROC alone and include direct
measures of no-show reduction clinic throughput and revenue impact following deployment [18, 19]. Publication of
negative results and detailed cost-benefit analyses will accelerate progress toward clinically actionable models.

Standardized reporting templates that capture intervention details workflow integration and long-term follow-up should
become the norm in no-show prediction research [24, 25]. Collaboration with implementation scientists early in the
modeling phase will help bridge the current divide between technical development and practical utility [5, 27]. Such
practices will enhance the relevance and replicability of findings across diverse outpatient settings.

For journal editors and reviewers

Journal editors and reviewers should prioritize submissions that include operational implementation data over purely
retrospective prediction studies [10, 12]. Requirements for explicit discussion of workflow feasibility staff training needs
and integration challenges will raise the bar for publication [28, 29]. Prediction-only papers lacking any implementation
plan or prospective validation pathway should be directed toward revision or rejection.

Editorial policies could mandate inclusion of cost-effectiveness or patient-access metrics whenever models are deployed
in live clinics [13, 30]. This shift would discourage incremental modeling papers and encourage high-impact work that
demonstrates tangible benefits to healthcare operations [31, 32]. Reviewers trained in implementation science can further
strengthen this emphasis during peer review.

For clinic administrators
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Clinic administrators should begin with simple yet effective models such as logistic regression trained on historical
attendance features before advancing to more complex ensembles [7, 9]. Pilot testing in a single specialty or site allows
refinement of risk thresholds and intervention protocols prior to organization-wide rollout [11, 14]. Integration with existing
reminder systems and electronic health record alerts maximizes adoption without disrupting daily workflows.

Clear governance structures including data privacy safeguards and staff education programs are essential for successful
deployment [15, 16]. Administrators should track both clinical and financial outcomes to build internal evidence supporting
sustained investment in these tools [20, 21]. Starting small and scaling with demonstrated success offers the most
pragmatic path forward.

Research gaps

Prospective implementation trials

Prospective randomized controlled trials comparing machine learning-guided scheduling against usual care remain
almost entirely absent from the literature [22, 26]. Multi-site studies with long-term follow-up are needed to establish
causality between model deployment and reductions in no-show rates or improvements in access [1, 2]. Such trials
should incorporate health-economic endpoints and patient-reported outcomes to capture the full value proposition.

The current reliance on retrospective single-center designs limits confidence in generalizability across heterogeneous
outpatient environments [3, 4]. Future implementation trials must address these shortcomings through pragmatic designs
embedded in real-world clinic operations [17, 23]. Only then can the field move from promising models to proven system-
level interventions.

Intervention optimization

Clear evidence is lacking on which intervention matches which risk stratum such as double-booking for very high-risk
appointments versus enhanced reminders for moderate-risk cases [6, 8]. Head-to-head comparisons of different
operational strategies triggered by the same prediction model are required to optimize resource allocation [18, 19].
Adaptive trial designs could help identify the most cost-effective pairings in real time.

Contextual factors including clinic size specialty and patient demographics likely moderate intervention effectiveness yet
remain poorly studied [24, 25]. Targeted research into personalized intervention pathways will prevent one-size-fits-all
approaches that waste resources or alienate patients [5, 27]. Filling this gap will maximize the return on predictive
modeling investments.

Generalizability across settings

Model transferability across different clinics health systems and geographic regions has received minimal attention in the
included studies [10, 12]. Standardized feature definitions and federated learning approaches could facilitate multi-site
model development while preserving data privacy [28, 29]. Research addressing external validation and domain
adaptation is urgently needed to support broader adoption.

Variations in electronic health record data quality and local scheduling practices further complicate generalizability [13,
30]. Prospective studies that test model updating protocols and site-specific recalibration will strengthen confidence in
cross-setting performance [31, 32]. Overcoming these barriers is essential for equitable application of no-show prediction
technology.

Implications

For research practice
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The field must shift from prediction-only studies toward integrated prediction-to-intervention research that incorporates
implementation science frameworks from the outset [7, 9]. Embedding health services researchers and clinicians in
modeling teams will improve the relevance and feasibility of proposed solutions [11, 14]. This collaborative approach will
accelerate the generation of evidence that directly informs practice.

Funding agencies and academic promotion criteria should reward studies that demonstrate operational impact rather than
incremental improvements in AUROC alone [15, 16]. Adoption of open datasets and code-sharing practices will further
enhance reproducibility and cumulative progress [20, 21]. These changes in research practice are necessary to close the
existing translational gap.

For clinical practice

Current evidence supports the use of machine learning for risk stratification in outpatient scheduling yet local validation on
site-specific data remains essential before any deployment [22, 26]. Clinics should begin with straightforward models
leveraging historical features and gradually incorporate more advanced techniques as infrastructure matures [1, 2].
Ongoing monitoring of both predictive and operational performance will ensure sustained benefits.

Integration into existing workflows without adding administrative burden is key to clinician acceptance and long-term
success [3, 4]. Patient engagement strategies including transparent communication about how predictions are used will
help maintain trust in the system [17, 23]. When implemented thoughtfully these tools can meaningfully improve
appointment availability and reduce inequities in access.

For policy and regulation

Policy makers should classify no-show prediction systems as quality improvement tools rather than regulated medical
devices to avoid unnecessary barriers to innovation [6, 8]. Development of standardized reporting requirements for
operational outcomes would promote transparency and comparability across health systems [18, 19]. Such guidance
could be incorporated into national quality frameworks and value-based care models.

Regulatory bodies can encourage adoption by offering incentives for clinics that demonstrate measurable reductions in
no-show rates through data-driven scheduling [24, 25]. Investment in infrastructure for secure data sharing and model
validation will support equitable implementation across diverse settings [5, 27]. These policy measures will help translate
research findings into widespread improvements in healthcare efficiency.

Conclusion

This systematic review set out to examine machine learning model types feature categories and operational
implementation success rates for patient no-show prediction in outpatient clinics between 2017 and 2023. The 32
included studies demonstrate that ensemble methods and historical features consistently deliver strong retrospective
performance. Nevertheless operational implementation remains rare and direct measurement of no-show reduction is
even rarer.

The implementation gap identified throughout the evidence base is critical because accurate predictions alone do not
reduce unused appointment slots or improve clinic efficiency. Without corresponding interventions the promise of machine
learning remains largely unrealized in everyday outpatient operations. Bridging this divide requires deliberate focus on
prospective deployment and outcome tracking.

Reporting of operational outcomes should become the expected standard rather than the exception in future no-show
prediction research. Journals funders and researchers alike must elevate implementation metrics to the same level of
importance as technical performance indicators. Only then will the literature evolve from descriptive modeling to
transformative system change.
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The ultimate vision is one of fully integrated no-show prediction and intervention systems that deliver measurable gains in
patient access clinic efficiency and resource equity. Achieving this vision will depend on sustained collaboration across
research clinical and policy domains. When realized these advances will help ensure that every scheduled outpatient
appointment contributes meaningfully to better health outcomes for all.
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