
Review

Agostino Fernicola*, Domenico Parmeggiani, Felice Crocetto, Murtaja Satea Shafeea, Alessio Cece,
Armando Calogero, Annunziata Gaetana Cicatiello, Giacomo Benassai, Gennaro Quarto
and Michele Santangelo

Artificial intelligence applied to achalasia: an
emerging frontier in precision motility care? State
of the art and future prospects
https://doi.org/10.1515/jbcpp-2025-0184
Received October 23, 2025; accepted December 9, 2025;
published online ▪▪▪

Abstract

Introduction: Esophageal achalasia is a rare motility dis-
order characterized by impaired lower esophageal sphincter
relaxation and absent peristalsis. Diagnostic tools such as
high-resolution manometry (HRM) and functional lumen
imaging probe (FLIP) have improved disease recognition;
however, interpretation remains complex and highly oper-
ator dependent. Artificial intelligence (AI) has emerged as a
promising approach to automate data analysis and enhance
diagnostic accuracy, but its specific role in achalasia is not
yet clearly defined.

Content: A narrative review was conducted using PubMed,
Scopus, and Web of Science, searching for studies published
up to June 2025 that investigated AI applications in esophageal
motility disorders, with particular attention to achalasia.
Search terms included “artificial intelligence,” “machine
learning,” “achalasia,” “esophageal motility,” and “high-reso-
lutionmanometry.”Althoughnoprospective or interventional
studies directly evaluating AI in achalasia were identified,
several retrospective proof-of-concept studies applied AI al-
gorithms to HRM and FLIP data. These studies demonstrated
the feasibility of automated classification of esophageal
motility disorders, with high accuracy in differentiating
motility subtypes potentially applicable to achalasia. Explor-
atory research on AI-assisted imaging and outcome prediction
also showed encouraging results.
Summary: Current evidence suggests that AI-based models
can accurately analyze complex esophageal motility data
and reduce interobserver variability. While direct clinical
evidence in achalasia remains limited, existing studies pro-
vide a solid methodological foundation for AI-assisted diag-
nosis, classification, and clinical decision support in this
condition.
Outlook: Future research should focus on prospective valida-
tion, multicenter data collection, andmultimodal integration of
clinical, physiologic, and imaging data. With targeted develop-
ment and ethical governance, AI has the potential to enhance
diagnostic precision, support personalized treatment strategies,
and advance precision motility care in patients with achalasia.

Keywords: achalasia; artificial intelligence; precisionmotility
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Introduction

Achalasia is a rare primary esophageal motility disorder
characterized by impaired lower esophageal sphincter (LES)
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relaxation and the absence of peristalsis, leading to pro-
gressive dysphagia, regurgitation, and weight loss [1].
Despite its relatively low incidence, estimated at two to three
cases per 100,000 individuals annually, it poses a significant
clinical burden owing to diagnostic delays, frequent
misclassification, and long-term complications, including
aspiration, nutritional compromise, and an increased risk of
esophageal cancer [1–5].

High-resolution manometry (HRM) is considered the
gold standard for diagnosis, allowing classification into
clinically relevant subtypes according to the Chicago Clas-
sification [6]. However, the technique requires specialized
expertise and remains prone to interobserver variability,
which limits its broader implementation and contributes to
diagnostic delays that can exceed 24 months in certain co-
horts [7]. Endoscopy and contrast studies are commonly
employed to exclude mechanical causes of obstruction but
often reveal nonspecific findings, especially in early disease
stages [6].

In this context, artificial intelligence (AI) has emerged as
a promising innovation in gastroenterology, with increasing
applications in image analysis, physiologic data interpreta-
tion, and pattern recognition [8, 9]. Initial studies applying
AI to esophageal motility disorders, including achalasia,
demonstrated high accuracy in classifying HRM patterns
and interpreting functional lumen imaging probe (FLIP)
data [8, 10–13]. These systems have shown performance
comparable to that of experienced clinicians in detecting
disease and assigning phenotypes [12–15]. Such advances
offer the potential to reduce diagnostic delays, enhance
reproducibility, and support the shift toward precision
motility medicine [16–18]. From a clinical perspective, this
could translate into practical advantages such as earlier
triage of patients with dysphagia, standardized HRM inter-
pretation across operators, and optimized referral to expert
centers.

At the biological level, achalasia is linked to degenera-
tion of inhibitory neurons in the myenteric plexus, immune-
mediated injury, and alterations in the esophageal micro-
biota, which together disrupt neuromuscular signaling and
lower esophageal sphincter relaxation [3-5]. These molecu-
lar and cellular insights highlight the complex pathogenesis
underlying a seemingly functional disorder. AI may serve as
a bridge between these mechanistic findings and clinical
phenotypes by integrating molecular biomarkers, mano-
metric tracings, and imaging data into unified predictive
models.

This narrative review aims to explore the current
landscape and emerging potential of AI in the diagnosis and
management of esophageal achalasia. We critically assess
published studies, evaluate methodological strengths and
limitations, and discuss future research priorities to support
the integration of AI tools into clinical practice.

Methods

This narrative review was conducted to synthesize the litera-
ture on AI applications relevant to the diagnosis, classification,
and management of esophageal achalasia. As a narrative re-
view, this work does not adhere to PRISMA methodology, nor
does it include formal bias assessment. The objective is con-
ceptual mapping rather than systematic evidence synthesis. A
structured literature search was carried out via three primary
databases: PubMed, Scopus, andWebof Science, from1 January
2020 to 30 June 2025,without language restrictions at the search
stage. The search strategy combined terms related toAI, such as
“artificial intelligence,” “machine learning,” “deep learning,”
and “neural networks,” with terms related to esophageal
motility and achalasia, including “achalasia”, “esophageal
motility disorders”, “high-resolution manometry” and “esoph-
ageal imaging”. Example PubMed string: (“achalasia” OR
“esophageal motility” OR “high-resolution manometry” OR
“HRM” OR “FLIP”) AND (“artificial intelligence” OR “machine
learning” OR “deep learning” OR “CNN” OR “neural network”).

Studies were considered eligible if they were peer-
reviewed original research articles, reviews, or conference
proceedings describing AI approaches relevant to esophageal
motility disorders, with explicit or potential applicability to
achalasia. Eligible works employed AI or machine learning
(ML) techniques for diagnosis, classification, treatment plan-
ning, or outcomeprediction viamodalities such asHRM, FLIP,
endoscopy, barium esophagram, or multimodal datasets.
Publications in English from any year were eligible, although
preference was given to those published within the last five
years to reflect the most recent technological advancements.
Both retrospective and prospective studies, including proof-
of-concept and feasibility research, were considered.

Studies were excluded if they were unrelated to
esophageal motility disorders or achalasia or if they
described AI applications in gastroenterology without a
clear link to esophageal diagnostics or therapeutics. Opinion
pieces, editorials, and commentaries without primary data
or systematic review methodology were also excluded.
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Preclinical or animal studies lacking translational implica-
tions for human achalasia care, as well as non-English
publications, were not considered.

Owing to the limited number of studies directly focused
on achalasia, research involving related conditions or adja-
cent technologieswas also considered to provide context and
identify transferable methodologies.

Additional sources were identified through citation
tracking and manual screening of the references within
relevant articles and reviews. Data were extracted qualita-
tively and organized according to various themes, including
AI in manometric interpretation, esophageal imaging, clin-
ical decision support, and surgical outcome prediction. This
methodology reflects the exploratory nature of a narrative
review aimed at identifying current gaps and proposing a
conceptual framework for future research.

Current applications of AI in
esophageal motility disorders

Although no studies to date have focused specifically on the
application of AI to esophageal achalasia, a growing body of
research has investigated AI-driven tools in the broader
context of esophageal motility disorders (Table 1). These de-
velopments primarily involve the automated interpretation
of high-resolution esophageal manometry, a key diagnostic
modality for achalasia and related conditions [19]. SeveralML
models, including support vector machines, convolutional
neural networks, and deep learning frameworks, have been
developed to classify motility patterns on the basis of

manometric data [20]. These tools aim to replicate or surpass
human interpretation by reducing interobserver variability
and increasing diagnostic efficiency [21, 22].

Some studies have demonstrated the feasibility of AI-
based algorithms in distinguishing among major motility
disorders as defined by the Chicago Classification. These al-
gorithms have shownpromising accuracy in identifying type
I, II, and III achalasia patterns, as well as other esophageal
motility disorders, such as distal esophageal spasm and
ineffective esophageal motility [23, 24]. The availability of
large, annotated datasets remains limited, but pilot studies

Table : Summary of published AI studies on esophageal motility disorders.

Author, year AI approach Diagnostic
modality

Sample size Objective Main findings

Kou et al.
 []

Multistage ML model
(CNN + XGBoost)

High-resolution
manometry (HRM)

, Subtype classification
(Chicago classification)

Top- accuracy %, Top- accuracy %
for esophageal motility disorders,
including achalasia

Ellison et al.
 []

Machine learning–
based analysis

Functional lumen
imaging probe
(FLIP)

 Evaluation of FLIP pan-
ometry in motility practice

Demonstrated additional diagnostic yield
beyond HRM, supporting integration of
AI-assisted interpretation

Surdea-Blaga
et al.  []

Convolutional neural
network (CNN)

HRM , Automated Chicago
Classification

Accuracy up to % in classifying major
motility disorders (achalasia types I–III,
DES, IEM)

Fass et al.
 []

Gradient Boosting + AI
toolset

HRM Narrative review
of AI prototypes

Early pattern recognition,
feasibility of automated
diagnosis

Highlighted potential to reduce inter-
pretation time and interobserver
variability

Table : Potential clinical applications of AI in achalasia management.

Domain AI application Potential clinical
benefit

Supporting
references

Diagnosis Automated HRM
classification

Reduced interob-
server variability

Surdea-Blaga
et al.  [];
Kou et al.
 []

Diagnosis Real-time FLIP
interpretation

Early detection of
subclinical disease

Ellison et al.
 []

Therapy
selection

Prediction of
response to POEM
vs. pneumatic
dilation

Personalized thera-
peutic strategies

Klontzas et al.
 []; Mela
et al.  []

Follow-up Symptom moni-
toring via mobile
apps and wearable
sensors

Early detection of
recurrence

Farah et al.
 []

Research Multimodal data
integration (HRM,
imaging, genomics)

Novel phenotypic
classification and
targeted therapy
development

Fass et al.
 []; Var-
ghese et al.
 []
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using expert-labeled HREM tracings have laid the ground-
work for future clinical implementation [24].

In addition to manometry, AI has been explored in the
analysis of esophageal imaging. Techniques such as timed
barium esophagography and endoscopic assessment are be-
ing revisited through the lens of computer vision [25]. Early
investigations have applied deep learning models to detect
structural abnormalities or impaired esophageal clearance,
although these efforts are still in a preliminary stage [26].

Moreover, AI applications in clinical decision support
and outcomeprediction are emerging in esophageal surgery,
including models designed to anticipate postoperative
complications or predict therapeutic response [27, 28]. While
these methods are not specific to achalasia, they illustrate
the broader potential of AI technologies to inform treatment
planning and follow-up strategies in patients with esopha-
geal disorders [27, 28].

Together, these developments provide a conceptual and
technical foundation that could be adapted to address the
unique challenges of achalasia (Table 2). However, the lack
of targeted research underscores a critical gap that warrants
focused investigation.

Clinical cases and experimental AI
prototypes

Although no large-scale clinical implementation has been ach-
ieved, several experimental prototypes provide insight into
how AI could directly support achalasia management. For
example, Kou et al. developed a multi-stage machine learning
model trained on 1,741 HRM studies, achieving a top two ac-
curacy of 92% in distinguishing esophageal motility disorders,
including achalasia subtypes [24]. Similarly, Surdea-Blaga et al.
reported CNN-based classification of HRMdatawith accuracies
of up to 86% [23], demonstrating the feasibility of automated
subtype recognition and a substantial reduction in interpreta-
tion time compared with expert review. In a related approach,
Ellison et al. demonstrated that FLIP manometry provides
complementary diagnostic insights when combinedwith HRM,
supporting the potential for automated severity scoring [21].
Moreover, Farah et al. proposed integrating physiologicmetrics
with patient-reported outcomes through AI-assisted platforms,
highlighting the feasibility of generating objective severity
indices correlated with Chicago classification subtypes [22].
Case-based evaluations of thesemodels have shown that AI can
flag atypical motility patterns or borderline cases for expedited
review, potentially reducing diagnostic delays. Kou et al.
demonstrated that a multistage machine learning model ach-
ieved high diagnostic accuracy even in challenging HRM

studies [24], whereas Surdea-Blaga et al. reported that CNN-
based algorithms improved the reproducibility of Chicago
classification assignments [23]. Although these systems are not
yet integrated into commercial HRM platforms, they illustrate
the technical feasibility and clinical promise of AI-assisted
decision-making in real-world motility practice.

Knowledge gaps and unmet needs

Despite promising early results, the development of AI for
esophageal achalasia faces substantial hurdles (Table 3).
Achalasia is a rare disorder, and currently, no large, publicly
available repositories of annotated images or physiologic
tracings exist. In practice,most AImodels rely on small single-
center datasets. This scarcity of high-quality labeled data is a
fundamental limitation: as one review noted, data scarcity
and the lack of annotated examples in endoscopy can cause
severe class imbalance and overfitting in AI models [29]. In
particular, supervised learning methods are heavily data
dependent; inadequate training samples lead to unreliable
feature recognition and increase false positives or negatives
[30]. In short, without large-scale, well-curated datasets (for
example, endoscopic esophageal images, manometry charts,
or FLIP outputs), algorithms cannot be robustly trained or
compared, and progress will remain constrained [19, 22].

Equally important is the limited validation of existing AI
systems. To date, most achalasia-related AI studies have

Table : Current knowledge gaps and research priorities.

Knowledge
gap

Clinical
implication

Research priority Supporting
references

Limited, single-
center datasets

Bias and poor
generalizability

Establish multi-
center data con-
sortia; explore
federated learning

Fass et al.
 []; Farah
et al.  []

Lack of external
validation

Risk of over-
fitting, poor clin-
ical reliability

Conduct prospec-
tive, multicenter
validation studies

Surdea-Blaga
et al.  [];
Kou et al.
 []

Minimal inte-
gration into
clinical
workflows

Limited adoption
in practice

Develop interoper-
able AI platforms
embedded in HRM/
FLIP/EHR systems

Varghese et al.
 []; Mela
et al.  []

Ethical and
legal
uncertainties

Medico-legal risk,
lack of
accountability

Define ethical
guidelines, gover-
nance frameworks,
and liability policies

Fass et al.
 [];
Aggarwal et al.
 []

Absence of
long-term
outcome
studies

Uncertain dura-
bility of benefit

Perform longitudi-
nal, outcome-
oriented cohort
studies

Klontzas et al.
 []; Mela
et al.  []
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evaluated theperformance on internal datasets or retrospective
cohorts, often without prospective or multicenter testing. It is
increasingly recognized that many AI papers merely compare
model outputs to expert interpretations from the same dataset
rather than validating against independent clinical end points
[19]. For example, although AI models for manometry have
demonstrated performance comparable to expert classification
of achalasia subtypes, Fass et al. emphasized that such com-
parisons are limited, as they do not ensure predictive value for
patient outcomes or therapeutic response [19]. In fact, as
emphasized in recent reviews, the overwhelming majority of
endoscopic and manometric AI studies rely on single-cohort
validation, with little external testing, raising concerns of
overfitting and limited generalizability [19, 23]. Small or
nonrepresentativedatasetsmay furtherbiasmodel parameters,
reducing their applicability to diverse patient populations [24].
Until AI tools are rigorously validated in large, heterogeneous
cohorts, their clinical reliability in achalasia remains unproven.

Another major gap is that AI applications in achalasia
patients have remained siloed by modality. To date, most
models have been trained separately on manometry tracings,
FLIP studies, or endoscopic images,with little effort to integrate
across modalities. In real-world practice, however, diagnosis
and management draw on multiple complementary data
sources, including clinical history, barium studies, endoscopy,
HRM, and FLIP. The integration of high-dimensional, multi-
modal datasets therefore represents an underexplored but
promising opportunity [19, 22]. As experts have emphasized,
data heterogeneity and multimodality remain critical unmet
needs in gastrointestinal AI research [10]. The development of
AI solutions that can integrate manometric, imaging, and
clinical information could substantially improve achalasia
phenotyping and treatment planning; however, this complex
task has not yet been achieved.

Finally, there are nontechnical barriers to AI deployment
in achalasia that remain unresolved. As in other areas of
gastroenterology, AI raises ethical, legal, and logistical chal-
lenges. Key issues include data governance, privacy, and
accountability: deploying AI widely requires multicenter data
sharing, which involves strict privacy regulations and consent
requirements [31]. Concerns also exist regarding algorithmic
bias, as nonrepresentative datasets may lead to predictions
that unfairly favor certain populations [19]. Moreover, liability
for AI-driven decisions, such as a missed diagnosis, remains
undefined, with uncertainty about how responsibility should
be apportioned among clinicians, institutions, and developers
[10, 31]. In summary, unresolved questions regarding data
ownership, patient consent, and regulatory oversight must be
addressed before AI can be responsibly implemented in
achalasia care [19, 31]. Until these clinical and ethical gover-
nance issues are clarified, AI in achalasia is unlikely to

progress beyond experimental settings. A comprehensive
response to these knowledge gaps, including limited data
availability, insufficient validation, poor integration across
modalities, and unresolved ethical issues, is fundamental for
advancing from conceptual frameworks to effective clinical
applications. The next sections outline practical strategies and
research priorities aimed at enabling the real-world imple-
mentation of AI in the management of achalasia.

Moreover, there is an almost complete absence of
research integrating molecular or cellular biomarkers
(e.g., immune signatures, neurodegenerative changes, or
microbiome alterations) with motility and imaging data [3,
4]. Developing multimodal AI models that combine
molecular-level information with physiologic parameters
could enhance disease phenotyping, clarify pathogenesis,
and open new therapeutic targets.

Emerging opportunities and
challenges

A critical future direction is the assembly of large, well-
annotated multicenter datasets to improve AI robustness
and generalizability. In gastroenterology, consortium efforts
already demonstrate the value of pooling data: for example,
the GastroNet-5 M project aggregated over five million GI
endoscopic images from eight centers to train deep learning
models, finding that domain-specific pretraining on this
broad dataset improved performance compared with natu-
ral image pretraining [32, 33]. In achalasia, similar multi-
institutional registries should be pursued. Techniques such
as federated learning can help overcome privacy barriers by
enabling collaborative model training without sharing raw
patient data [34]. Training on geographically and demo-
graphically diverse data will help ensure that AI algorithms
perform reliably across different patient populations and
care settings.

Equally important is the integration of multimodal pa-
tient data. AI methods that fuse physiological measurements,
imaging findings, endoscopic observations, and clinical
characteristics are likely to yield more precise diagnoses. For
example, Fass and colleagues noted that “integration of pa-
tient presentation, demographics and alternate test results to
individualmotility test interpretationwill improve diagnostic
precision and prognostication” [19]. In achalasia, this could
mean combining high-resolution manometry metrics with
radiologic measurements (such as barium esophagram or
FLIP metrics) and endoscopic findings. A recent multicenter
study exemplifies this approach: unsupervised ML on com-
bined HRM and esophagram data identified three distinct
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achalasia phenotypes (type I or II with a dilated esophagus
and late-onset mixed types), which were correlated with
different outcomes [35]. However, explainability and bias
mitigation will be mandatory for clinical acceptance. Recent
frameworks such as the EUAIAct and FDAguidance explicitly
require transparent models and bias audits [36]. Federated
learning and interpretable classifiers may help ensure both
privacy and fairness. Such multimodal analysis may reveal
disease subtypes and risk profiles that inform individualized
management. For clinicians, this could mean more reliable
subtype classification, earlier recognition of treatment-
resistant cases, and more accurate prediction of response to
interventions such as POEM or pneumatic dilation.

Explainability and transparency are crucial for clinician
acceptance and regulatory approval of AI tools. Opaque
“black box” models are unlikely to gain trust in decision-
critical contexts such as achalasia management. Impor-
tantly, emerging regulations now mandate explainability:
the European Union’s AI Act (enforced 2024) requires that
high-risk medical AI provide understandable rationales,
either by design or via post hoc interpretabilitymethods [36].
In parallel, the U.S. Food and Drug Administration’s recent
draft guidance on AI-enabled devices emphasizes trans-
parency, bias mitigation, and detailed documentation of
model design and outputs [37]. For example, the FDA guid-
ance specifically calls for clear disclosures of model inputs,
architecture, and performance and even suggests including
visual demonstrations in submissions to help reviewers
understand the system’s operation [37]. Thus, future acha-
lasia AI applications should incorporate interpretable
models or visualization techniques, enabling clinicians to
review the factors driving each prediction.

The development of predictive models for treatment
response is another promising avenue. Early evidence sug-
gests that ML can stratify achalasia patients by expected out-
comes. For example, Takahashi et al. used a multicenter
registry of 1778 treatment-naïve achalasia patients to train a
predictive model of persistent symptoms (Eckardt score≥3)
after peroral endoscopic myotomy (POEM), achieving an area
under the ROC curve of 0.70 [35]. Thismodel highlighted a high
pre-POEM Eckardt score as the strongest predictor of treat-
ment failure [35]. In the future, suchmodels could be extended
to predict other outcomes (e.g., postprocedure reflux or the
need for reintervention) or to compare risks between alter-
native therapies (POEM vs. pneumatic dilation vs. surgical
myotomy). By predicting individual risk profiles, AI-driven
decision support could help tailor therapy selection, optimize
intervention timing, and personalize follow-up strategies.

Finally, ethical and regulatory frameworks shape the
trajectory of AI in achalasia care. Experts have cautioned
that broad AI adoption raises issues of algorithmic bias,

patient privacy, data ownership, and accountability [31]. For
example, if training cohorts underrepresent certain de-
mographic groups, an AI tool may perform poorly for those
patients, potentially exacerbating disparities. Ensuring
representative data and conducting rigorous bias audits will
be essential to mitigate this risk. Data governance is also
critical: some have proposed centralized repositories or
federated data trusts to harmonize data collection and guard
against bias [31]. Patient consent processes may need to
adapt for secondary uses of clinical data, and clear policies
must define liability for AI-assisted decisions. As regulatory
agencies refine policies, exemplified by the EU AI Act and
FDA guidance, ongoing ethical oversight and stakeholder
engagement will be key to safely integrating AI into esoph-
ageal achalasia management.

Figure 1: Conceptual workflow of AI integration in achalasia diagnosis
and Management.

6 Fernicola et al.: Artificial intelligence in achalasia

CORRECTED PROOF



Discussion and implications for
clinical practice

The exploration of AI in the context of esophageal achalasia
reveals bothpromisingmilestonesand significant obstacles. On
the one hand, early AI applications to high-resolution
manometry and esophageal imaging have demonstrated the
feasibility of automated pattern recognition and diagnostic
support [23, 24, 38]. These advances suggest that AI could
enhance diagnostic consistency, reduce interpretation time,
and potentially uncover novel phenotypes within the hetero-
geneous spectrum of achalasia (Figure 1) [23, 24, 38]. In real-
world practice, early adoption of AI would likely begin with
integrated decision-support modules in HRM and FLIP soft-
ware. Over the next 5 years, tertiary centers could realistically
apply AI for triage of complex tracings, telemonitoring of
symptoms after POEM, and harmonization of motility report-
ing across operators. Nevertheless, implementation will also
face practical barriers, including the cost of AI-enabled HRM/
FLIP platforms, the need for staff training, and integrationwith
existing hospital IT infrastructure.

On the other hand, the scarcity of large, well-annotated
datasets and the absence of prospectivemulticenter validation
studies represent critical barriers to clinical translation [22].
Without external benchmarking, models risk overfitting
idiosyncratic local data and may fail to generalize across
populations and equipment variations [22].

The integration of multimodal data, from manometry
tracings to endoscopic videos andfluoroscopic images, offers a
promising avenue to improve both the sensitivity and speci-
ficity of AI-driven diagnostics (Table 4) [24]. By correlating
complementary data streams, researchers can develop more
nuanced classifiers and predictivemodels that account for the
complexity of achalasia presentations [24]. Future studies

could expand beyond physiologic signals to include genomic,
immunologic, ormicrobiome datasets, thereby connecting the
molecular pathogenesis of achalasia with its clinical expres-
sion [3, 4]. AI-driven multimodal integration may uncover
novel disease subtypes that are invisible to current diagnostic
modalities and inform precision medicine strategies.

Furthermore, incorporating explainable AI techniques
is essential for fostering clinician trust, satisfying regulatory
requirements, and facilitating shared decision-making [39].
Transparent models that elucidate their decision pathways
can serve as valuable educational tools for trainees and
guide more informed patient consent processes [24].

Predictive analytics for treatment response present
another frontier with tangible clinical impact. Models capable
of forecasting symptom resolution, procedural complications,
or long-term quality of life could inform personalized thera-
peutic strategies and optimize resource allocation [24, 38].
Realizing this potential will require longitudinal data capture
and rigorous outcome tracking alongside AI development. In
parallel, ethical frameworks and governance structures must
evolve to address liability, data ownership, andequity concerns
[40]. Engaging stakeholders, including patients, clinicians, data
scientists, and regulators, is vital to ensure that AI innovations
do not inadvertently exacerbate disparities or compromise
patient autonomy [40].

In summary, the convergence ofAI and achalasia care is an
emerging field poised for rapid growth. Future research must
prioritize collaborative data sharing, multimodal model devel-
opment, transparent algorithmdesign, and ethical oversight. By
addressing these priorities, the community can harness AI to
transform diagnosis, tailor treatment, and ultimately improve
outcomes for patients with esophageal achalasia.

Given the rapid pace of AI innovation, the models and
findings presented here may become outdated within a few
years unless they are continuously updated with evolving
data and methods.

Practical considerations for
hospital workflow integration

The successful deployment of AI tools for achalasia will
require seamless integration into existing hospital workflows.
Embedding AI algorithms directly into HRM acquisition soft-
ware, FLIP consoles, or endoscopic reporting systems could
enable real-timedecision supportwithout disrupting standard
clinical routines. Integration with electronic health records
(EHRs) would allow AI models to access complementary pa-
tient data, enhancing diagnostic accuracy throughmultimodal
analysis [39]. However, practical barriers remain [41].

Table : AI application landscape across the achalasia care pathway.

Clinical phase AI application Examples

Symptom
screening

Triage via app o NLP in EHR Digital symptom check-
ers, referral optimization

Diagnostic work-
up

HRM/FLIP/endoscopy im-
age interpretation

Pattern recognition, sub-
type classification

Treatment
planning

Therapy recommendation
models

POEM vs. dilation vs.
surgery prediction

Procedural
guidance

Intraoperative decision
support

AI-assisted robotics or
navigation

Post-treatment
monitoring

Symptom tracking, recur-
rence prediction

Wearables, mobile
follow-up, risk alerts

Long-term
outcome
prediction

Prognostic modeling Re-intervention risk, QOL
estimation
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Economically, acquiring AI-enabled diagnostic platforms may
require significant capital investment, particularly for smaller
or resource-limited centers [41]. Operationally, training
personnel to interpret AI outputs, updating hospital IT infra-
structure, and ensuring compliance with data security regu-
lations represent non-trivial challenges [41]. Additionally,
reimbursement policies for AI-assisted diagnostics remain
undefined in many healthcare systems, potentially limiting
adoption [41]. Overcoming these barrierswill require not only
technical innovation but also institutional commitment, clear
regulatory guidance, and demonstration of cost-effectiveness
in routine clinical care [41]. Thus, workflow integration should
be considered in parallel with data validation, ensuring that
technical advances translate into tangible benefits for patients
and health systems.

Roadmap for clinical translation

The crucial next steps include building large, multicenter
esophageal motility datasets and validating AImodels across
diverse populations (Figure 2). Limited data availability is
currently a major bottleneck in achalasia AI research, so
collaborative data consortia or federated learning will be
needed to aggregate broad cohorts while protecting privacy
[34]. Equally important is rigorous external and prospective
validation of any models in independent clinical cohorts to
ensure reliability and generalizability [19]. The integration

of AI into practice must also be addressed: future tools
should be embedded as decision‐support modules in
manometry and endoscopy workflows, augmenting (not
replacing) expert interpretation. Farah et al. noted that AI
can standardize interpretation across centers and stream-
line diagnostic workflows, and Fass et al. emphasized that
combining patient demographics, symptom profiles, and test
results can substantially improve diagnostic precision over
isolated motility data [19, 22]. In practice, this means
evolving from isolated manometric interpretation toward
systems that merge clinical context and physiologic mea-
surements to make more accurate diagnoses (Table 5).

AI has the potential to transform the management of
achalasia for diagnosis, treatment planning, and monitoring.
For example, automated pattern recognition can speed up
subtype classification via manometry or FLIP, and predictive
models (trained on large datasets) could guide therapy
choices or timing [38]. AI could predict which patients are
likely to benefit most from myotomy vs. dilation or predict
post‐treatment symptom recurrence, enabling truly person-
alized therapy [24]. Moreover, AI‐driven tools could support
long‐term follow‐up: algorithms might analyze longitudinal
symptom logs, follow-up motility tests, or even remote sensor
data to flag early relapse or complications [40]. Farah et al.
noted that AI’s predictive capabilities extend to treatment
outcome modeling and longitudinal tracking, enabling
personalized care strategies over time [22]. Furthermore, we
envision “precision motility care,” where multimodal data
(manometry, imaging, patient genetics and demographics,
etc.) are integrated by AI to predict an individual’s disease

Figure 2: Barriers and opportunities for AI implementation in
achalasia care.

Table : Clinical AI translation roadmap for achalasia limitations of the
review.

Focus area Near-term priorities Long-term vision

Data
infrastructure

Build large, multicenter
datasets; explore federated
learning to protect privacy

Establish global AI-ready
motility databases

Model
validation

Perform rigorous external
and prospective testing

Continuous learning sys-
tems adapting to new
data

Clinical
integration

Embed AI tools into HRM/
FLIP platforms and EHRs

Fully AI-assisted, real-time
diagnostic and treatment
workflows

Personalization Predict treatment response
and recurrence risk

Precision motility medi-
cine integrating multi-
modal data

Accessibility Expand AI-assisted tele-
medicine and remote
monitoring

Equitable global access to
expert-level motility
diagnostics

Governance Develop ethical guidelines
and regulatory pathways

Harmonized international
standards for AI in motility
care
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trajectory and tailor interventions. In the broader health
system, such AI advances could reshape care delivery, for
instance, through AI-augmented telemedicine, remote symp-
tom monitoring, and automated triage. These technologies
may allow esophageal specialists to extend expertise beyond
the clinic, improving early detection, risk stratification, and
long-term patient monitoring [34]. By facilitating early
warnings and more efficient care pathways, AI-driven preci-
sion may ultimately improve outcomes and efficiency across
gastrointestinal healthcare [34].

This review is subject to several limitations inherent to its
narrative design. Unlike systematic reviews, which follow
predefined protocols for study selection and quality assess-
ment, narrative reviews are more vulnerable to selection bias
and subjective interpretation. The absence of a formal inclu-
sion strategy may have led to the unintentional exclusion of
relevant studies or overrepresentation of others, particularly
in a rapidly evolving field such as AI in gastroenterology.
Furthermore, the review was limited to English-language
publications, introducing potential language bias and possibly
overlooking valuable contributions reported in other lan-
guages. The heterogeneity of the studies included represents
an additional limitation. The variability in population charac-
teristics, AI methodologies, diagnostic endpoints, and outcome
metrics precluded any attempt at quantitative synthesis or
comparative meta-analysis, which in turn limited the strength
of the overarching conclusions. Finally, the fast-paced evolu-
tion of AI technologies poses a temporal constraint; as new
models, datasets, and computational strategies continue to
emerge, the present analysis may not fully reflect the latest
innovations, particularly those released after the literature
cutoff point. Furthermore, as a narrative review, the synthesis
remains interpretive and does not provide quantitative effect
sizes or formal meta-analytic comparisons.

European and multicenter
initiatives

In Europe, several initiatives are currently fostering the inte-
gration of AI into gastrointestinal motility research [9, 42]. The
European Society of Neurogastroenterology and Motility
(ESNM) has recently emphasized the need for standardized
digital data repositories to support AI model development in
rare motility disorders, including achalasia [43]. Moreover,
collaborative projects such as GastroNet-EU and AI4GI aim to
create shared, annotated databases of manometric and
endoscopic data across multiple centers, following FAIR
(Findable, Accessible, Interoperable, and Reusable) data
principles [32]. These initiatives illustrate Europe’s

commitment to building the digital infrastructure required for
clinically robust and ethically governed AI systems. In the
specific field of esophageal motility, ongoing efforts in Italy,
France, and Germany are exploring AI-assisted interpretation
of HRM and FLIP datasets [43, 44]. Integrating such European
multicenter experiences into future research will be essential
to overcome data fragmentation and accelerate clinical
translation of AI-based tools for achalasia.

Conclusions

AI holds strong promise for improving the diagnosis, clas-
sification, and management of esophageal achalasia. Early
studies indicate that AI can enhance diagnostic consistency,
support decision-making, and enable more personalized
therapeutic strategies. Yet, progress remains constrained by
limited annotated datasets, lack of external validation, and
concerns about transparency, equity, and regulation. To
realize its potential, future research should focus on
collaborative data sharing, multimodal model development,
prospective validation, and explainable, ethically governed
frameworks. Interdisciplinary collaboration will be crucial
to ensure that AI complements clinical expertise rather than
replacing it, reducing diagnostic variability and facilitating
personalized, data-driven care. Ultimately, AI may also
help bridge clinical phenotypes with molecular insights,
advancing precision and translationalmedicine in achalasia.

Key takeaways

– There is a striking absence of AI tools specifically trained
for achalasia.

– Existing AI models in HRM and FLIP show strong po-
tential for subtype recognition.

– Multicenter data collaboration is essential for over-
coming data scarcity.

– Integration of multimodal inputs (HRM + imaging +
symptoms) will improve precision.

– Regulatory clarity and explainability are vital for clinical
adoption.
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