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Abstract

Oropharyngeal dysphagia (OD) is highly prevalent (35.6%-47.4%) in hospitalized older patients but clinical screening
is slow and labor-intensive, leading to an 80% underdiagnosis. The aim of this study was to describe and compare the
psychometrics and feasibility of current OD clinical screening methods versus artificial intelligence (AI) algorithms for
OD. A scoping review was performed using PubMed Central and Web of Science databases (January 2009—August 2025),
focusing on psychometric data for OD screening methods in older adults (>65 years) and comparing them with Al-based
tests, including the AT Massive Screening for OD (AIMS-OD). Quality of the studies was assessed by using Joanna Briggs
Institute Critical Appraisal Checklists (JBICAC). Of 166 articles identified, 137 remained after duplicate removal. Fol-
lowing title and abstract screening, 53 full-text articles were reviewed and 41 met inclusion criteria; 99 clinical screening
methods were identified, showing 37-100% sensitivity, 29-97% specificity, 37-100% reliability and required 5.6-10min/
patient. Al-based tests demonstrated good overall psychometric performance and reliability, AIMS-OD showed 88.6-94%
sensitivity, 42-99.3% specificity, 100% reliability and took only 0.7 seconds/patient without the need of human resources.
OD screening methods are accurate but time-consuming, which may limit feasibility and contribute to underdiagnosis. Al
tools show comparable psychometric performance, while offering rapid, automated, and highly reliable screening without
using human resources. Al-based tools are a feasible and scalable approach to providing early systematic screening of
hospitalized older patients, facilitating timely identification and referral for further assessment and potentially reducing
OD-related complications.
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Introduction

Oropharyngeal dysphagia (OD) is a digestive disorder
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recognized by the WHO (International Classification of
Diseases, ICD-11: MD93) [1] and a prevalent geriatric
syndrome associated with multiple risk factors [2, 3]. It
involves difficulty or discomfort in forming or moving the
alimentary bolus from the mouth to the esophagus, and can
include oropharyngeal aspirations [4]. It affects more than
40 million European citizens [5] and is highly prevalent in
several phenotypes of older individuals (27-34% in com-
munity-dwelling, 35.6%-47.5% in hospitalized, 61-67% in
nursing home residents, and 91% of the hospitalized patients
with community-acquired pneumonia (CAP)) [6-8]. OD
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can cause severe nutritional and respiratory complications
including malnutrition (MN) and dehydration (DH), lower
respiratory tract infections, aspiration pneumonia (AP), as
well as hospital readmission and death [9, 10]. Older adults,
particularly those frail and with other associated comorbidi-
ties, have increased risk for these complications [9, 11] and
early detection and treatment of OD are crucial to prevent-
ing them [10]. However, an estimated 80% of hospitalized
older patients with OD are undiagnosed [4]. Patients have
the right to be screened, diagnosed, and receive appropriate
treatment from the healthcare system, which is obliged to
provide it.

The diagnostic algorithm for OD includes three main
steps: a) screening, b) clinical assessment, and c) instrumen-
tal evaluation if appropriate [12]. A swallow screening test
is a non-invasive procedure designed to identify patients at
high risk of OD. Screening should be quick, simple, and
effective across various patient populations, performed at
the bedside, and structured as pass/fail assessments to iden-
tify patients at risk of OD who require further clinical and/
or instrumental evaluation [12]. Current screening proce-
dures for OD, based on interviews and questionnaires, are
slow, and costly in human resources. These methods can be
categorized into symptom questionnaires and direct clinical
tools [13]. Screening tests, such as the Eating Assessment
Tool (EAT-10) and Dysphagia Screening Questionnaire
(DSQ), rely on self-reported data and are typically self-
administered or administered by nurses, nursing assis-
tants, or caregivers [14]. Direct clinical tests, including
the Water Swallow Test (WST), the Gugging Swallowing
Screen (GUSS), the Toronto Bedside Swallowing Screening
Test (TOR-BSST), and the Volume-Viscosity Swallowing
Test (V-VST), involve direct observation and assessment
by more specialized healthcare professionals [15-17].
While symptom questionnaires are subjective and focus on
patient-reported difficulties and clinical symptoms, clinical
tests provide more objective evaluations of clinical signs,
although they often require specifically trained profession-
als and additional time, often becoming clinical diagnostic
tools for OD [12].

The effectiveness of screening methods are reflected in
their psychometric properties, which include diagnostic
accuracy, sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), reliability and the
time required per patient. Sensitivity and specificity are par-
ticularly important for minimizing false negatives and posi-
tives, respectively, ensuring appropriate referrals for further
evaluation or intervention. PPV indicates the probability
that a person with a positive test result truly has the condi-
tion, while NPV reflects the likelihood that a negative result
correctly excludes the diagnosis [18]. Reliability shows the
consistency of results of the same test across different users
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or conditions, while the time required per patient and pro-
fessional healthcare attention is a critical factor influencing
the feasibility of systematic screening in clinical settings
and geriatric wards [19]. Although optimal cut-offs values
for an effective screening test have not been established, it
is generally accepted that they should have high sensitivity
and PPV (close to 100%), a positive likelihood ratio (>3)
[11] and a reliability should approach 1.0 to minimize vari-
ability between assessors.

The availability of electronic health records (EHR) and
the improved capacity of computers have supported the
development of artificial intelligence (Al)-based algorithms
for the systematic, automatic, and real-time screening of
OD in hospitalized patients. Although there are a few Al-
based methods for OD screening [20], we developed ours
in 2022, the Al Massive Screening for OD (AIMS-OD). It
is a patented Al-powered software as a service (SaaS) that
allows the automatic screening of hundreds of hospitalized
patients in a few seconds with high accuracy in detecting
the risk of OD in any hospital with EHR [21]. AIMS-OD
integrates with hospital EHR and automatically identifies
the main, predetermined risk factors for OD from routinely
collected data including demographic information, admis-
sion-related data, recorded diagnoses, pharmacological
treatments, laboratory data and, when available, functional
and nutritional variables, without requiring any additional
input from healthcare professionals [21, 22].

AIMS-OD operates through a secure application pro-
gramming interface (API) that processes anonymized EHR
data and applies a proprietary machine-learning—based
expert system to estimate the patient’s risk of OD. For clini-
cal usability, the current implementation translates this risk
estimation into a categorical output (Yes, No, or Unknown),
which is directly displayed at the clinicians’ workstation,
facilitating rapid identification of patients requiring fur-
ther bedside or instrumental assessment [21]. In the clini-
cal interface, patients classified as “No” are displayed in
green, indicating an OD risk below the predefined classi-
fication threshold, whereas patients classified as “Yes” are
displayed in red, indicating a risk of OD and the need for
further evaluation.

A diagnostic algorithm combining AIMS-OD with clini-
cal diagnosis using the V-VST, a clinical test that uses 3 dif-
ferent viscosities with 3 different boluses per viscosity, has
been proposed at Matard’s University Hospital, as part of
an innovation initiative to assess its potential for preventing
OD-related complications in the Public Healthcare System
in Catalonia, Spain [6, 10].

The aim of this study is to identify and describe the psy-
chometric properties and feasibility of the main available
standard clinical screening tools for OD and those based on



A Comparative Study of the Psychometrics and Feasibility of Artificial Intelligence Algorithms Versus the...

Al, and compare them with the AIMS-OD developed ver-
sions (vl and v3).

Materials and Methods

This study is a scoping review (ScR) of narrative, scoping
and systematic reviews in the literature on the psychomet-
rics and feasibility of the main standard screening methods
for OD and those based on Al, and a comparative study of
their properties.

Scoping Review

The ScR was performed using PRISMA-ScR methodolo-
gies (PRISMA-ScR) [23], on the psychometric properties
of OD screening methods.

Search Strategy

The search strategy included two electronic databases:
PubMed Central (PMC) and Web of Science. This search
was restricted by year, including papers published from
January 2009 to August 2025. No language and sample-size
restrictions were imposed.

A comprehensive three-arm search strategy was
employed, using Boolean operators “OR” within each line
and “AND” between the lines. The search terms encom-
passed three key areas: "Dysphagia", "Psychometrics"
and "Screening methods" (Table 1). The references of all
included studies were meticulously examined to identify
additional relevant studies.

Eligibility Criteria

Inclusion criteria comprised all studies that included stan-
dard or Al-based OD screening methods and provided
psychometric data. Specifically, the criteria included: (1)
reviews, systematic reviews (SR) and diagnostic accuracy
studies analyzing the psychometric properties of these
screening methods; (2) studies describing psychometric
properties of standard or Al-based OD screening methods;
(3) studies evaluating specific OD screening methods; and
(4) other studies including any group of patients in which
OD screening methods were applied and included psycho-
metric data.

The exclusion criteria were: (1) reviews not related to
OD; (2) reviews focused on esophageal dysphagia; (3)
reviews with pediatric population; (4) reviews lacking data
on screening methods for OD or psychometric data.

Selection Process

The selection process was divided into two phases. The
purpose of the initial phase was to remove any duplicates
and exclude studies that did not include some reference to
standard OD screening methods in the title and abstract. The
second phase consisted of a detailed analysis of the full texts
of the studies selected in the initial phase, ensuring they
met the inclusion and exclusion criteria. Both phases were
conducted using Rayyan (Rayyan Systems Inc. Rayyan.
Cambridge, MA, USA), software designed to facilitate sys-
tematic and ScR by allowing efficient screening and com-
parison of studies, and were screened independently by two
reviewers (C.A. and L.G.) blind. In case of disagreement, a
third reviewer (P.V.) provided input to reach a consensus.

Data Presentation, Summary Measures, and Data Analysis

Data extraction from selected studies was performed by
one reviewer (C.A.). Data was extracted using specifically-
devised data-collection forms which included the following
data from each study: (a) study identification- first author,
year, title; (b) study characteristics- design (type of review,
such as SR or ScR) and scope (specific OD screening meth-
ods analyzed); (c) sample characteristics- population group
(e.g., adult, geriatric, or patients with specific conditions),
inclusion/exclusion criteria, and OD etiology; (d) test char-
acteristics- screening tools evaluated (e.g., EAT-10, GUSS,
WST, V-VST), test methodologies, time required to admin-
ister the tests, and reference standards used; (e) psychomet-
ric properties- reliability, sensitivity, specificity, PPV, NPV,
and other relevant metrics (e.g., diagnostic accuracy); and
(f) additional findings- implementation challenges, and rec-
ommendations for clinical practice.

The screening tools were classified into the following cat-
egories according to their characteristics: water swallow test
(WST), different viscosity tests (DV), questionnaires and
self-assessment scales (Q), swallowing tests with general
foods (STF), Al-based tests and other types of tests (OT).

Quality and Strength of Evidence Assessment

In order to assess the methodological quality of the included
studies in relation to their ability to predict OD, we used
the Joanna Briggs Institute (JBI) Critical Appraisal Tools
appropriate to each study design: a) Diagnostic test accu-
racy studies (DTA)- the JBICAC for DTA studies [24, 25];
b) SR and ScR of diagnostic accuracy- the JBICAC for Sys-
tematic Reviews [24, 26]; and ¢) Narrative reviews- the JBI-
CAC for Textual Evidence [24, 27].

Each of the included studies was assessed, and judg-
ments were made on the extent of bias by two independent
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Table 1 Search terms used in the bibliographic search for PubMed.

Dysphagia

Psychometrics

Screening methods

Deglutition (MeSH)

Deglutition disorders (MeSH)
Deglutition disorders/screening (MeSH)
Deglutition disorders/nursing (MeSH)
Swallowing (ti/abs)

Swallow (ti/abs)

Dysphagia (tw)

Dysphagia (ti/abs)

Dysphag* (ti/abs)

Deglut* (ti/abs)

Swallow (tw)

Psychometrics (MeSH)
Psychometrics (ti/abs)
sensitive (ti/abs)

Sensitivity and specificity (MeSH)

Sensitivity OR specificity (ti/abs)
Reproducibility (MeSH)
Reproducibility (ti/abs)
Accuracy (ti/abs)

Validity (ti/abs)

Area under the ROC curve (tw)
AUC (ti/abs)

Reliability (ti/abs)
Appropriateness (ti/abs and tw)
Meaningfulness (ti/abs and tw)
Usefulness (ti/abs and tw)

Screening (MeSH)

Screening (ti/abs)

Screening tool (ti/abs)

Screening test (ti/abs)

Eating Assessment Tool (ti/abs and tw)

EAT-10 (ti/abs and tw)

Gugging Swallowing Screening (ti/abs and tw)
GUSS (ti/abs and tw)

Water SwallowTest (ti/abs and tw)

Volume Viscosity Swallowing Test (ti/abs and tw)
V-VST (ti/abs and tw)

Oxygen desaturation (ti/abs and tw)

Four-item questionnaire (ti/abs and tw)

4QT (ti/abs and tw)

Toronto Bedside Swallowing Screening Test (ti/abs and tw)

Predictive value (ti/abs)
PPV (ti/abs)
NPV (ti/abs)

TOR-BSST (ti/abs and tw)

Mann Assessment of Swallowing Ability (ti/abs and tw)
MASA (ti/abs and tw)

Repetitive Saliva Swallowing Test (ti/abs and tw)
RSST (ti/abs and tw)

Yale Swallow Protocol (ti/abs and tw)

McGill Ingestive Skills Assessment (ti/abs and tw)
MISA (ti/abs and tw)

Screening Tool for Acute Neuro Dysphagia (ti/abs and tw)
STAND (ti/abs and tw)

Sydney Swallow Questionnaire (ti/abs and tw)
SSQ (ti/abs and tw)

Artificial intelligence (MeSH)

Machine learning (MeSH)

Deep learning (ti/abs)eat-10

Artificial intelligence (ti/abs)

Machine learning (ti/abs)

Deep learning (ti/abs)

Neural network* (ti/abs)

Predictive model* (ti/abs)

Al-based (ti/abs)

ML-based (ti/abs)

Our search strategy incorporated 3 arms, merging terms with the Boolean "OR" within each arm and the Boolean "AND" between arms for

the scoping review

MeSH, Medical Subject Headings.ti, title.abs, abstract.tw, text word. AUC, Area under the curve.PPV, Positive predictive value. NPV, Negative
predictive value. EAT-10, Eating Assessment Tool-10. GUSS, Gugging Swallowing Screening. V-VST, Volume Viscosity Swallowing Test.
4QT, four-item questionnaire. TOR-BSST, Toronto Bedside Swallowing Screening Test. MASA, Mann Assessment of Swallowing Ability.
RSST, Repetitive Saliva Swallowing Test. MISA, McGill Ingestive Skills Assessment. STAND, Screening Tool for Acute Neuro Dysphagia.
SSQ, Sydney Swallow Questionnaire. Al, Artificial intelligence. ML, Machine learning.

reviewers from the research team (CA, JIC-M), neither of
whom had participated in any of the included studies. The
risk of bias and overall methodological quality of the stud-
ies were qualitatively assessed rather than being assigned a
numerical score. Studies were categorized as: a) High qual-
ity (low risk of bias with minimal methodological concerns,
robust design); b) Moderate quality (some concerns with
minor limitations that do not compromise validity; and c)
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Low quality (high risk of bias with major methodological
flaws requiring cautious interpretation of results.

Comparative Study: Clinical vs Al Screening
Study Design

This is a comparative study that analyzes and compares
the psychometric properties of the main groups of standard
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screening tools for OD found in the ScR with those based
on Al Al-based screening tools included AI algorithms
(AIMS-OD vl [21], AIMS-OD v3, and Predicting Health
tool [28-30]), prediction models, as well as a wide variety
of machine learning approaches described in the literature.

Data Sources

Psychometric data for OD standard and Al-based screening
tools were extracted from the primary studies included in
the ScR. For AIMS-OD v3 (Hybrid ICD-CS model), data
were derived from internal analyses at Matard’s University
Hospital. The model achieved an AUC of 0.96, 86.9% sen-
sitivity, 99.3% specificity, 97.2% PPV and 100% reliability
(unpublished data).

Psychometric Variables

The following psychometric indicators were analyzed for
each tool, if available:

— Diagnostic accuracy: Area under the curve (AUC), sen-
sitivity (SE), specificity (SP), positive predictive value
(PPV), negative predictive value (NPV), Youden index,
diagnostic odds ratio (DOR), positive and negative like-
lihood ratios (LR+, LR-).

— Reliability: Inter-rater reliability, Cohen’s k, Intraclass
correlation coefficient (ICC), Kappa (K), Cronbach’s o,
test-retest reliability.

— Feasibility and implementation: Time required for train-
ing healthcare professionals (hours), time required to
administer tests (minutes).

Statistical Analysis

A descriptive comparative analysis was conducted to evalu-
ate the psychometric performance of the different defined
categories of screening and prediction approaches for OD.

To obtain psychometric values, an in-depth review of
the original primary studies referenced in the reviews was
carried out. This process involved screening more than 400
articles to extract raw psychometric data for each screen-
ing method. All extracted values were entered into a struc-
tured Microsoft Excel dataset (Microsoft Corp., Redmond,
WA, USA). For each test, unique psychometric values were
compiled, and mean + standard deviation (SD) were calcu-
lated. As an exploratory descriptive analysis, results were
summarized at the group level by reporting the average of
study-level means and pooled SD for each psychometric
parameter. These results were not intended as formal pooled
estimates or meta-analytic measures.

To compare standard screening tools against Al-based
models, we performed exploratory pairwise statistical test-
ing. Mean values for each psychometric parameter in the
grouped screening tools were contrasted with those of Al
models using independent sample t-tests for normally dis-
tributed data or Mann—Whitney U tests for non-normally
distributed data. A two-sided p value <0.05 was considered
statistically significant.

For each group, values are reported as mean = SD, includ-
ing diagnostic accuracy metrics (AUC, sensitivity, specific-
ity), predictive values (PPV, NPV), likelihood ratios (LR+,
LR-), and reliability measures (Kappa index). Statistical
comparisons with Al-based tests are provided, highlight-
ing comparative performance differences across screening
categories.

All analyses were conducted using Python (Python
Software Foundation. V3.12. Wilmington, DE, USA) and
Microsoft Excel (Microsoft Corp., Redmond, WA, USA).
Results are presented in a comparative table (Table 4) show-
ing mean £ SD values and corresponding p values.

Given the exploratory nature of the scoping review, the
aggregation of psychometric properties and the use of infer-
ential statistics were intended only to identify comparative
patterns across categories of screening approaches, rather
than to estimate pooled diagnostic accuracy or causal effects.
The mean values reported and the statistical comparisons
made should be interpreted as descriptive summaries to sup-
port hypothesis generation, acknowledging the substantial
heterogeneity in study design, populations, reference stan-
dards, and threshold definitions.

Results

The results section has been divided in two parts, the first
one regarding the findings of the ScR and the second, the
results of the comparative study.

ScR
Studies Included

A total of 137 articles were initially screened by the review-
ers (98 from PubMed and 39 from Web of Science) after
eliminating duplicates (initial sample n=166). From this
initial screening, 53 articles were eligible for evaluation in
the first selection phase, of which 12 articles were excluded
according to the eligibility criteria, leaving 41 articles for
the ScR (Figure 1). No additional articles were included
through reference checking.

The 41 studies reviewed examined a total of 99 distinct
screening tools for OD. The studies were published from
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SCOPING REVIEW

Articles identified through
database searching (Pubmed,
Web of Science)

166

=I Duplicate articles l

O

A
Total selected articles to

assess |
)

>

Articles excluded:
studies not containing
‘ data on OD screening

methods
@
\i

Full text articles
assessed by eligibility

criteria l

—_p

Articles excluded
according to eligibility
criteria

12

A

Full text articles finally
included

)

Fig. 1 Scoping review (ScR) flowchart following the PRISMA guide-
lines. OD: oropharyngeal dysphagia

2008 to 2025 and followed different designs: 23 SR focused
specifically on diagnostic accuracy, 4 SR focused on gen-
eral knowledge about OD screening tools, 11 were narra-
tive reviews; 2, ScR, and 1, a primary study on diagnostic
accuracy.

The identified OD screening tools were described from
1988 to 2025 and varied in their design, format and the
materials used. Among them, 11.36% relied on question-
naires (Q), 39.77% were water swallow tests (WST), 7.95%
included different viscosities (DV), 2.27% used swallow-
ing tests with general foods (STF), 34.09% were Al-based
tools and 4.56% fell into other categories (OT) (Table 2).
The psychometric properties of all included tests are sum-
marized in supplementary material (Supplementary Tables
1 to 6).
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Characteristics of the Best Tests According to Each
Psychometric Value

The main reference tests used in the included studies were
VFS (36.84%) and/or FEES (30.53%), accounting for
43.16% of cases. 11.58% of studies used expert assessment
(EA) or Mann Assessment of Swallowing Ability (MASA),
2.11% SLPs’ assessments, 1.05% the V-VST, 1.05% medi-
cal records review and 1.05% BSE.

Water swallow tests (WST) were primarily used for geri-
atric, stroke, neurological, and ICU patients, while different
viscosity tests (DV) were mainly applied in geriatric, stroke,
and ICU populations. Questionnaires (Q) were used across
geriatric, ICU, oncological and neurological patients. Swal-
lowing tests with general food (STF), as well as Al-based
tests, were predominantly used in geriatric patients. Finally,
tests categorized as ‘other’ (OT) were applied to general,
geriatric and stroke populations.

Most OD screening tests (85.26%, n=81) reported sen-
sitivity and specificity, while some also included positive
and negative predictive values (PPV, 46.32%, n=44; NPV,
41.05% n=39). Several tests provided likelihood ratios
(LR+ 29.47%, n=28; LR—, 25.26%; n=24), whereas only
a few reported the diagnostic odds ratio (DOR 11.58%,
n=11). Additionally, a small number included the Youden
Index (6.32%, n=6), and 13 tests (13.68%) provided infor-
mation on time needed to administer them.

Regarding the psychometric properties, AUC values
ranged from 0.64 to 1.00. The BDST (combining WST and
oxygen saturation) achieved an AUC of 1.0, indicating per-
fect diagnostic accuracy. The GUSS followed closely with
an AUC of 0.94, while the EAT-10, using a cut-off score of
>3, also demonstrated a high performance with an AUC of
0.90. The AIMS-OD vl achieved an AUC of 0.84. Other
machine learning models, including an Ensemble ML clas-
sifier, Spatial dose features + ML, and a Deep Belief Net-
work, reported AUC values ranging from 0.75 to 0.90.

In terms of sensitivity, the values ranged from 12.4% to
100%. The DDS, RD, and SGBES each achieved 100%. The
YSP showed a sensitivity range of 95.4% to 100%, while
other tools such as the WST and GUSS demonstrated ranges
from 75.0% to 100%. Additionally, the V-VST reported sen-
sitivity between 69% and 100%, the SPT between 49.4%
and 100%, and the TOR-BSST between 46.0% and 100%.
Airway invasion detection using LDA Euclidean achieved
100% sensitivity, while Semi-supervised ML and Ensemble
ML classifiers consistently showed values above 90.0%.
AIMS-OD vl also reported strong sensitivity at 94.0%.

When evaluating specificity, the values found ranged
from 27.0% to 100%. The revised SwalQoL FS demon-
strated a great value of 100% and the -lRBWH a 96.0%. The
SPT and SSA showed a strong specificity range of 83.3% to
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Table 2 Summary of OD screening tools found in the scoping review, including water swallow tests (WST), different viscosity tests (DV), ques-
tionnaires (Q), swallowing tests with general food (STF), Al-based approaches, and other tests (OT)

Group  Screening test ScR references Original references
WST  3mlWST Okuni et al, 2022 [31]; Brodsky et al, 2016 [32] Wakasugi et al, 2008 [33]; Tohara et al, 2003 [34]
WST  4ml WST Okuni et al, 2022 [31]; Brodsky et al, 2016 [32] Momosaki et al, 2013 [35]; Chong et al, 2003 [36]
WST 5 ml WST Okuni et al, 2022 [31]; Brodsky et al, 2016 [32]; Daniels et al, 1997 [38]; Daniels et al, 2016 [39];
Daniels et al, 2012 [37] McCullough et al, 2005 [40]; Hassan et al, 2014
[41]; Smithard et al, 1998 [42]
WST 9 ml WST Simon et al, 2009 [43] Mari et al, 1997 [44]
WST 10 ml WST Okuni et al, 2022 [31]; Brodsky et al, 2016 [32]; Lim et al, 2001 [46]; Daniels et al, 1997 [38];
Chen et al, 2016 [45]; Daniels et al, 2012 [37] McCullough et al, 2005 [40]
WST 30 ml WST Labeit et al, 2023 [47]; Chen et al, 2016 [45] Nishiwaki et al, 2005 [48]
WST 50 ml WST Okuni et al, 2022 [31]; Brodsky et al, 2016 [32]; Somasundaram et al , 2014 [49]; Hassan et al, 2014
Chen et al, 2016 [45]; Simon et al, 2009 [43] [41]
WST 60 ml WST Brodsky et al, 2016 [32]; Chen et al, 2016 [45] Smithard et al, 1998 [42]
WST 70 ml WST Labeit et al, 2023 [47]; Chen et al, 2016 [45] Chong et al, 2003 [36]
WST 90 ml WST Labeit et al, 2023 [47]; Daniels et al, 2012 [37] McCullough et al, 2001 [50]; DePippo et al, 1992
[51]; Garon et al, 1995 [52]; Lynch et al, 2017 [53];
Mari et al, 1997 [44]; Zhou et al, 2011 [54]; Suiter
et al, 2008 [55]; Daniels et al, 2016 [39]; Shin et al,
2009 [56]
WST 100 ml WST Okuni et al, 2022 [31]; Simon et al, 2009 [43]; Patterson et al, 2011 [S8]; Wu et al, 2004 [59]
Zhang et al, 2024 [57]
WST MWST Zhang et al, 2024 [57]; Chen et al, 2016 [45] Wakasugi et al, 2008 [33]
WST  YSP Estupifian et al, 2021 [60]; Chang et al, 2024 [61]; Suiter et al, 2014 [64]; Ward et al, 2020 [65]
Mancin et al, 2022 [62]; Jiang et al, 2016 [63]
WST  TOR-BSST Labeit et al, 2023 [47]; Boaden et al, 2021 [66]; Pacheco-Castilho et al, 2021 [73]; Martino et al,
Chang et al, 2024 [61]; Park et al, 2015 [67]; 2009 [16]; Toscano et al, 2019 [74]
Mangcin et al, 2022 [62]; Szabo et al, 2021 [68];
Kiekens et al, 2022 [69]; Rosa et al, 2022 [70];
Ortega et al, 2017 [9]; Kertscher et al, 2014 [71];
Schepp et al, 2024 [72]
WST  Two-Step Thickened Chang et al, 2024 [61] Momosaki et al, 2013 [35]
WST
WST ALS-SS Romero et al, 2021 [75] Lunetta et al, 2015 [76]
WST  Medical Bedside Virvidaki et al, 2018 [77] Lim et al, 2001 [46]
Assessment with WST
(90 ml) and SLP
WST  BSST Benfield et al, 2020 [78] Shem et al, 2012 [79]
WST  DTNAx Szabo et al, 2021 [68]; Benfield et al, 2020 [78] Benfield et al, 2020 [78]
WST Clinical Bedside Virvidaki et al, 2018 [77] Splaingard et al, 1988 [80]
Examination
WST SLP assessments Jiang et al, 2016 [63] Martino et al, 2004 [81]
WST  BDST Park et al, 2020 [82]; Park et al, 2015 [67]; Virvidaki Shin et al, 2009 [56]
et al, 2018 [77]; Simon et al, 2009 [43]
WST  BJH-SDS Boaden et al, 2021 [66]; Szabd et al, 2021 [68] Eren et al, 2019 [83]
WST  DHSS Boaden et al, 2021 [66] Behera et al, 2018 [84]
WST  EHMBAS Boaden et al, 2021 [66] Huhn-Matesic et al, 2015 [85]
WST SGBES Chang et al, 2024 [61] Toscano et al, 2019 [74]
WST I-RBWH Mancin et al, 2023 [62] Mozzanica et al, 2017 [86]
WST  RAS3 Boaden et al, 2021 [66] Daniels et al, 2016 [39]
WST  PASS Perren et al, 2019 [87] Zhou et al, 2011 [54]
WST  NDST Park et al, 2015 [67] Bravata et al, 2009 [88]
WST  Oxygen desaturation-  Boaden et al, 2021 [66]; Virvidaki et al, 2018 [77];  Lim et al, 2001 [46]; Wang et al, 2005 [65]; Collins
based WST Bours et al, 2009 [89] et al, 1997 [90]; Higo et al, 1993 [91]; Hassan et al,
2014 [41]; Smith et al, 2000 [92]
WST  DDS Perren et al, 2019 [87] Sheppard et al, 2014 [93]
WST SBST Park et al, 2015 [67] Mandysova et al, 2011 [94]
WST BSA Park et al, 2015 [67]; Virvidaki et al, 2018 [77]; Sitoh et al, 2000 [95]; Smith et al, 2000 [92]

Simon et al, 2009 [43]
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Table 2 (continued)

Group  Screening test ScR references Original references
WST  Westergren’s screen- Park et al, 2015 [67] Westergren et al, 2009 [96]
ing tool
DV V-VST Schindler et al, 2023 [97]; Mancin et al, 2023 [62];  Lin et al, 2022 [100]; Guillén-Sola et al, 2023 [101];
Riera et al, 2021 [98]; Benfield et al, 2020 [78]; Jorgensen et al, 2017 [102]; Paris et al, 2012 [103];
Ortega et al, 2017 [9]; Kertscher et al, 2014 [71]; Rofes et al, 2014 [104]; Velasco et al, 2021 [105];
Perren et al, 2019 [87]; Staal et al, 2025 [99] Clavé et al, 2008 [17]
DV SPT Boaden et al, 2021 [66]; Szab¢ et al, 2021 [68] Warnecke et al, 2008 [106]; Kagaya et al, 2010 [107]
DV SST Mancin et al, 2023 [62]; Simon et al, 2009 [43] Nishiwaki, et al, 2005 [48]
DV SSA Park et al, 2020 [82]; Boaden et al, 2021 [66]; Park  Jiang et al, 2019 [108]; Park et al, 2014 [109]; Shin
et al, 2015 [67]; Mancin et al, 2023 [62]; Szabo et et al, 2009 [56]; Perry et al, 2001 [110]
al, 2021 [68]; Simon et al, 2009 [43]; Jiang et al,
2016 [63]
DV GUSS Park et al, 2020 [82]; Estupinan et al, 2021 [60]; AbdelHamid et al, 2017 [111]; Bassiouny et al, 2017
Labeit et al, 2023 [47]; Boaden et al, 2021 [66]; Park [112]; Ferreira et al, 2018 [113]; Park et al, 2020
et al, 2015 [67]; Mancin et al, 2023 [62]; Okuni et [82]; Shin et al, 2009 [56]; Song et al, 2009 [114];
al, 2023 [31]; Virvidaki et al, 2018 [77]; Bours et al, Trapl et al, 2007 [15]; Umay et al, 2018 [115]; War-
2009 [89]; Benfield et al, 2020 [78]; Kickens et al,  necke et al, 2017 [116]
2022 [69]; Rosa et al, 2022 [70]; Perren et al, 2019
[87]; Deok et al, 2020
DV NBDS Boaden et al, 2021 [66] Campbell et al, 2016 [117]
DV RD dysphagia screen- ~ Boaden et al, 2021 [66] Huhmann et al, 2004 [118]
ing tool
Q EAT-10>2 Estupifian et al, 2021 [60]; Schindler et al, 2023 Giraldo-Cadavid et al, 2016 [122]; Rofes et al, 2014
[97]; Zhang et al, 2023 [119]; Speyer et al, 2014 [104]
[71]; Romero et al, 2021 [75]; Nijim et al, 2023
[120]; O’Horo et al, 2015 [121]
Q EAT-10 >3 Estupifian et al, 2021 [60]; Schindler et al, 2023 Wang et al, 2015 [124]; Cheney et al, 2015 [125];
[97]; Zhang et al, 2023 [119] ; Speyer et al, 2014 De Sire et al, 2021 [126] ; Bofill-Soler et al, 2021
[123]; Romero et al, 2021 [75]; Nijim et al, 2023 [127]; Moller et al, 2020 [128]; Schindler et al, 2013
[120]; O’Horo et al, 2015 [121] [129]; Wilmskoetter et al, 2010 [130]; Zaretsky et
al, 2018 [131]; Velasco et al, 2021 [105]; Shapira-
Galitz et al, 2019 [132]; Rosenthal et al, 2019 [133];
Schlickewei et al, 2021 [134]; Giraldo-Cadavid et al,
2016 [122]; Regan et al, 2017 [135]; Jarvenpéi et al,
2021 [136]; Lechien et al, 2019 [137]; Printza et al,
2018 [138]; Nogueira et al, 2015 [139]; Moller et al,
2016 [140]; Arslan et al, 2017 [141]
Q DSQ Nijim et al, 2023 [120] Skeppholm et al, 2012 [142]
Q EDAS Hansen et al, 2011 [143]; Hansen et al, 2024 [144] Kamran et al, 2022 [145]
Q SDQ O’Horo et al, 2015 [121] Yamamoto et al, 2012 [146]; Cohen et al, 2011 [147]
Q SWALQoL (FS, Romero et al, 2021 [75] McHorney et al, 2000 & 2006 [148, 149]
revised, partial,
SWALQoL-6)
Q DRACE Park et al, 2015 [67]; Magalhaes et al, 2018 [150] Miura et al, 2007 [151]
Q HSS-DDI Nijim et al, 2023 [120] Hughes et al, 2018 [152]
Q EPSS Boaden et al, 2021 [66]; Virvidaki et al, 2018 [77];  Turner-Lawrence et al, 2009 [153]
Schepp et al, 2012 [72]
Q MMASA Boaden et al, 2021 [66]; Park et al, 2015 [67]; Per-  Antonios et al, 2010 [154]
ren et al, 2019 [87]; Schepp et al, 2012 [72]
STF FST Kenny et al, 2018 [155]; Simon et al, 2009 [43] Tohara et al, 2003 [34]
STF Three non-VFG test Park et al, 2015 [67] Tohara et al, 2003 [34]
oT NDPCS Perren et al, 2019 [87] Baylow et al, 2009 [156]
oT Cervical auscultation Lagarde et al, 2015 [157] Bergstrom et al, 2014 [158]; Borr et al, 2007 [159];
Stroud et al, 2002 [160]; Zenner et al, 1995; Leslie
etal, 2004 [161]
OoT NIHSS Boaden et al, 2021 [66] Bravata et al, 2009 [88]
oT Cough test Park et al, 2015 [67]; Okuni et al, 2022 [31]; Pitts et al, 2010 [162]; Wakasugi et al, 2008 [33]

Virvidaki et al, 2018 [77]; Bours et al, 2009 [89];
Kertscher et al, 2014 [71]; Simon et al, 2009 [43]
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Table 2 (continued)

Group  Screening test ScR references Original references

Al- AIMS-OD vl Guidotti et al, 2025 [163] Martin-Martinez et al, 2022 [21]

based

tests

Al- Predicting Health Wong et al., 2025 [20] Lienhart et al, 2020 [28]; Gugatschka et al, 2024
based  Model (geriatric) [29]; Jauk et al, 2023 [30]

tests

Al- Airway invasion: LDA  Lai et al., 2023 [164]; Wong et al. 2025 [20] Lee et al, 2011 [165]

based  Euclidean

tests

Al- Valleculae BC: LDA Lai et al., 2023 [164]; Wong et al. 2025 [20] Lee et al, 2011[165]

based  Mahalanobis

tests

Al- Pyriform sinuses BC: Lai et al., 2023 [164]; Wong et al. 2025 [20] Lee et al, 2011 [165]

based LDA w/Mahalanobis

tests

Al- SVM (linear, RBF, Lai et al., 2023 [164]; Wong et al. 2025 [20] Sarraf Shirazi et al, 2014 [166]; Shu et al, 2022
based AC-GAN) [167]; Park et al, 2022 [168]; He et al, 2024 [169];
tests Dean et al, 2018 [170]

Al- Fuzzy k-means / Min Lai et al., 2023 [164] Sarraf Shirazi et al, 2012 [171]; Shu et al, 2022
based  distance classifier [167]

tests

Al- Naive Bayes Lai et al., 2023 [164]; Wong et al. 2025 [20] Sejdic et al, 2013 [172]; Shu et al, 2022 [167]
based

tests

Al- ANN w/AC-GAN/Deep Lai et al., 2023 [164]; Wong et al. 2025 [20] Shu et al, 2022 [167]; Dudik et al, 2021 [173]
based learning

tests

Al- Decision Tree/Random  Lai et al., 2023 [164]; Pu et al. 2025 [174]; Wong et Park et al, 2022 [168]; Dean et al, 2018 [170]
based  forest al. 2025 [20]

tests

Al- GMM Lai etal., 2023 [164] Park et al, 2022 [168]

based

tests

Al- XGBoost Lai et al., 2023 [164]; Wong et al. 2025 [20] Park et al, 2022 [168]; Roldan-Vasco et al, 2021
based [175]

tests

Al- Penalized LR/LASSO  Puetal., 2025 [174] Wopken et al, 2014 [176]

based

tests

Al- Voxel-based ML / Puetal., 2025 [174] Madhavan et al, 2024 [177]; Spiero et al, 2023
based  Spatial dose + ML [178]; Wentzel et al, 2020 [179]; Nikjoo et al, 2022
tests [180]
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Table 2 (continued)

Group  Screening test ScR references Original references

Al- Logistic Regression Lai et al. 2023 [164]; Pu et al. 2025 [174]; Wong et  Donohue et al, 2020 [181]; Park et al, 2022 [168];
based al. 2025 [20] Dean et al, 2018 [170]

tests

Al- Ensemble ML Wong et al., 2025 [20] Inoue et al, 2023 [182]

based

tests

WST, Water Swallow Test. MWST, Modified Water Swallow Test. YSP, Yale Swallow Protocol. TOR-BSST, Toronto Bedside Swallowing
Screening Test. ALS-SS, Amyotrophic Lateral Sclerosis Survival Score. SLP, Speech-language pathologists. BSST, Bedside Swallow Screen-
ing Tool. DTNAXx, Dysphagia Trained Nurse Assessment. BDST, Burke Dysphagia Screening Test. BJH-SDS, Barnes-Jewish Hospital Stroke
Dysphagia Screen. DHSS, DePaul Hospital Swallow Screener. EHMBAS, Edith-Huhn-Matesic Bedside Aspiration Screen. SGBES, Sapi-
enza Global Bedside Evaluation of Swallowing. -RBWH, Royal Brisbane and Women’s Hospital Dysphagia Screen. RAS3, Rapid Aspiration
Screening for Suspected Stroke. PASS, Practical Aspiration Screening Schema. NDST, Nursing Dysphagia Screening Tool. DDS, Dysphagia
Disorder Survey. SBST, Simple Bedside Swallowing Test. BSA, Bedside Swallowing Assessment. DV, Different viscosity tests. V-VST, Vol-
ume-Viscosity Swallowing Test. SPT, Swallow Provocation Test. SST, Saliva Swallowing Test. SSA, Standardized Swallowing Assessment.
GUSS, Gugging Swallowing Screen. NBDS, Nursing Bedside Dysphagia Screen. RD, Registered Dietitian Dysphagia Screening tool. Q,
Questionnaires and self-assessment scales. EAT-10, Eating Assessment Tool-10. DSQ, Dysphagia Screening Questionnaire. EDAS, Edinburgh
Dysphagia Assessment Score. SDQ, Swallowing Disturbance Questionnaire. SWALQoL, Swallowing Quality of Life Questionnaire. DRACE,
Dysphagia Risk Assessment for Community-dwelling Elderly. HSS-DDI, Hospital Stroke Scale Dysphagia Disability Index. EPSS, Emergency
Physician Swallowing Screen. MMASA, Modified Mann Assessment of Swallowing Ability. STF, Swallowing tests with general foods. FST,
Food Swallowing Test. VFG, Nonvideofluoroscopic . OT, Other tests. NDPCS, Northwestern Dysphagia Patient Check Sheet. NTHSS, National
Institutes of Health Stroke Scale. Al, Artificial intelligence. AIMS-OD, Artificial Intelligence Massive Screening - Oropharyngeal Dysphagia.
LDA, Linear Discriminant Analysis. BC, Bolus Clearance. SVM, Support Vector Machine. AC-GAN, Auxiliary Classifier Generative Adver-
sarial Network. ANN, Artificial Neural Network. GMM, Gaussian Mixture Model. XGBoost, Extreme Gradient Boost. LR, Logistic Regres-
sion. LASSO, Least Absolute Shrinkage and Selection Operator. ML, Machine learning.

ScR references: Reviews where the studies were identified in the ScR.

Original references: Original research articles corresponding to each test or Al model identified in the reviews.

100% and 59.0% to 100%, respectively. Several other tools
also exhibited high specificity, such as the MMASA (53.0%
to 96.3%), the EAT-10 with a cut-off >3 (52.7% to 96.1%),
the GUSS (43.0% to 96.1%), the WST (63.0% to 96.0%),
and AIMS-OD vl showed lower specificity at 42.0%.
Machine learning classifiers such as Deep Belief Network
and Spatial dose + ML approaches reached moderate to high
specificity (50.0-85.0%).

For PPV, the values found ranged from 36.0% to 100%.
Both the BDST (combining WST and oxygen saturation)
and the SPT achieved a perfect score of 100%, highlighting
their excellent ability to identify true positives. Other tools
such as SSA, V-VST, EAT-10 with a cut-off >2 or >3 and
NDPCS, also showed significant performance, with PPVs
scores ranging from 50% to 100%, 44.63% to 100%, 52.4%
to 97.1%, 64.7% to 97.0%, and 46.0% to 97.0%, respec-
tively. AIMS-OD vl provided robust predictive ability of
83.4%. Ensemble ML classifiers also showed PPVs above
80.0% in selected validation studies.

In terms of NPV, the values found ranged from 12.5% to
100%. Both the SST and DDS achieved perfect scores of
100%, indicating that, in the studied populations, a nega-
tive result reliably excluded the presence of OD. Other tools
also demonstrated strong NPVs, including the GUSS (80%
to 100%), WST (77.0% to 100%), EAT-10 with a cut-off >3
(29.6% to 98.5%), and I-RBWH, which reported an NPV of
97.0%. AIMS-OD v1 reached 69% NPV. Some ML-based
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classifiers, particularly those trained with dose features,
showed NPVs close to 80.0-90.0%.

Regarding likelihood ratios, the positive likelihood ratio
ranged from 1.0 to 24.2, while the negative likelihood ratio
ranged from 0.0 to 0.7. The EAT-10 with a cut-off >3 showed
significant positive LR range of 1.26 to 24.18, indicating
that a positive result on this test can increase the probability
of having OD by up to 24 times. Similarly, the 3ml WST
showed a positive range from 1.57 to 20.1. Ensemble ML
classifiers, depending on the training set, presented LR+
values ranging from 2 to 5. For negative LR, the V-VST
showed a very low value (0 to 0.2), suggesting high effec-
tiveness in ruling out OD when the result is negative. The
EAT-10 with a cut-off >3 also reported a low negative LR
range of 0.02 to 0.47. AIMS-OD v1 showed LR+ of 1.61.

In terms of diagnostic effectiveness, the values found
ranged from 2.54 to 51.20. Several tests demonstrated
strong performance with DOR exceeding 10. The V-VST
showed a DOR range of 11.67 to 51.18, while EAT-10 with
a cut-off >3 and >2 demonstrated DORs ranging from 8.34
t0 29.14 and 5.1 to 38.37, respectively.

Regarding test administration time the values found
ranged from 0.7 s to 20 min. The fastest tools were AIMS-
OD vl (0.7 s per patient) and the WST (5.66 s), whereas
questionnaire and bedside protocols required minutes—e.g.,
DSQ (1.2 min), EAT-10 >2/>3 (3.0 min each), GUSS (5.0
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min), HSS-DDI (5.8 min), TOR-BSST and V-VST (each
10.0 min), DDS (15.0 min), and DTNAx (20.0 min).

For temporal reliability, the values found ranged from
0.37 to 1.00. The AIMS-OD vl demonstrated excellent
stability, with a reliability score of 1.0. Similarly, airway
invasion detection with LDA Euclidean also demonstrated
excellent reproducibility (K=1.0). EDAS also showed
strong reliability (0.93), while the EAT-10 with a cut-off >3
demonstrated moderate temporal reliability, ranging from
0.72 t0 0.91.

Psychometric Characteristics of each Screening Test
According to their Category

The reviewed OD screening methods were grouped into
six categories and described based on their psychometric
parameters.

o Water swallow tests (WST) (e.g., WST, MWST, ASDS,
TOR-BSST) showed high accuracy (0.86 to 1.00), with
excellent NPV (61% to 100%), and a wide range of
sensitivity (31.0% to 100%) and specificity (27.0% to
97.0%). However, their moderate PPV (38.0% to 100%)
and variable reliability (0.53 to 1.00) point to limitations
in confirming diagnosis and regular application.

e Different viscosity tests (DV) (e.g., V-VST, SSA,
GUSS) showed a good diagnostic discrimination, with
a high AUC (0.76 to 1.00). Sensitivity and specificity
varied widely (29.0% to 100% for both), and variable
reliability (0.37 to 0.91). These tests evaluate swallow-
ing safety and efficacy, providing detailed swallowing
function information and allowing recommendations for
safer viscosities.

e Questionnaires (Q) (e.g., EAT-10, DSQ, EDAS) dem-
onstrated moderate sensitivity (48.70% to 98.30%) and
specificity (36.4% to 100%), but high reliability (0.45 to
0.97). Their psychometric profile supports their role as
complementary tools rather than stand-alone screening
methods.

o Swallowing tests with general food (SFT) (c.g., FST
and Three non-VFG test) showed moderate diagnostic
performance, with high sensitivity (72.0% to 90.0%) but
moderate specificity (62.0% to 71.0%).

e Other tests (OT) (e.g., NDPCS, cervical auscultation,
NIHSS, and the Cough Test) showed variable sensitivity
(45.0% to 94.0%) and specificity (50.0% to 87.0%) with
moderate reliability (0.46 to 0.68). These tools may of-
fer value in combination with others but lack sufficient
accuracy to be used independently.

o Al-based tests (e.g., AIMS-OD, Predicting Health)
demonstrated good overall performance with high AUC
(0.64 to 0.99), sensitivity (62.0% to 97.1%) and robust

reliability (1.00) across studies. While some models
such as AIMS-OD v1 prioritized sensitivity, others like
Predicting Health emphasized specificity. Due to their
automatic nature, reliability, and speedy performance,
they could be used for early, massive screening of OD.

Quality and Strength of Evidence Across Studies

The quality of all included studies on OD screening meth-
ods in the ScR was judged to be at least sufficient with the
JBICAC. Total scores for each study are available in Table
3, and study-specific results are available in the online sup-
plementary material (Supplementary Tables 7 to 9). The
quality of the studies was at least moderate in all of them.
Risk of bias was low in 27 (65.85%) studies and moder-
ate in 14 (34.15%). Regarding the strength of evidence, SR
were considered to provide the highest level of evidence,
followed by DTA studies and, lastly, narrative reviews.

Comparative Study Results

Table 4 summarizes the comparative analysis of the main
psychometric properties of OD screening and prediction
methods, grouped according to the categories previously
defined. For each group, values are reported as mean =+
standard deviation, including diagnostic accuracy metrics
(AUC, sensitivity, specificity), predictive values (PPV,
NPV), likelihood ratios (LR+, LR-), and reliability mea-
sures (Kappa index). Statistical comparisons with Al-based
tests are provided, highlighting significant performance dif-
ferences across screening categories.

Given the heterogeneity of the included studies, com-
parative psychometric estimates should be interpreted as
context-dependent summaries. In particular, PPV and NPV
are influenced by OD prevalence and case-mix across popu-
lations, and likelihood ratios may vary according to differ-
ences in reference standards, implementation setting and
study design. The comparisons across categories in Table
4 are therefore intended as an exploratory synthesis of typi-
cal performance rather than a direct head-to-head ranking of
screening methods.

Comparative analysis of standard screening tools across
six categories revealed statistically significant differences
compared to Al-based screening tests. Al-based tests
achieved a mean AUC of 0.80+0.09, which was signifi-
cantly lower than that of DV tests (0.87+0.03, p=0.03) and
significantly higher than that of WST (0.72+0.01, p=0.04),
while showing no significant difference with Q (0.78+0.08,
p=0.81). In terms of sensitivity, Al-based tests (68.79+24.66)
performed significantly worse than DV (83.37+£21.14,
p=0.001) and Q (83.17+13.02, p=0.01), but differences
with WST (75.44+21.34, p=0.17) and OT (81.35+£16.62,
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Table 3 Classification of the methodological quality of the included studies according to the type of review or primary study, based on the JBI

criteria
Study type Quality Reference
Systematic reviews High quality Magalhdes et al, 2018 [150]

Moderate quality

Diagnostic test accuracy
Narrative reviews

Moderate quality

Moderate quality
High quality

Rosa et al, 2022 [70]
Benfield et al, 2020 [78]
Boaden et al, 2021 [66]
Bours et al, 2009 [89]
Brodsky et al, 2016 [32]
Chang et al, 2024 [61]
Chen et al, 2016 [45]
Jiang et al, 2016 [63]
Kenny et al, 2018 [155]
Kertscher et al, 2014 [71]
Lagarde et al, 2016 [157]
Mancin et al, 2023 [62]
Riera et al, 2021 [98]
Daniels et al, 2012 [37]
Hansen et al, 2024 [144]
Park et al, 2015 [67]
Zhang et al, 2024 [57]
Zhang et al, 2023 [119]
Estupiiian et al, 2021 [60]
Speyer et al, 2014 [123]
Simon et al, 2009 [43]
Park et al, 2020 [82]
O’Horo et al, 2015 [121]
Schepp et al, 2011 [72]
Szabo et al, 2021 [68]
Lai et al, 2023 [164]
PuY etal, 2025 [174]
Wong et al, 2025 [20]
Staal et al, 2025 [99]
Virvidaki et al, 2018 [77]
Hansen et al, 2011 [143]
Kiekens et al, 2022 [69]
Labeit et al, 2023 [47]
Nijim et al, 2023 [120]
Perren et al, 2019 [87]
Schindler et al, 2023 [97]
Guidotti et al, 2025 [163]
Okuni et al, 2022 [31]
Ortega et al, 2017 [9]
Romero et al, 2021 [75]

p=0.06) did not reach statistical significance. No significant
differences were found for specificity, PPV and LR- across
groups. NPV was lower in Al (74.91+10.04) compared to
OT (85.50+2.12, p=0.03), and slightly lower versus WST
(81.68+15.58, p=0.09) and no significant differences vs
DV (79.00+£20.47, p=0.20) or Q (82.72+16.44, p=0.12).
LR+ was significantly lower in Al (1.61) compared with
WST (3.80+1.32, p=0.01), DV (3.96+2.14, p=0.01), and
Q (4.08+1.83, p=0.02). Reliability (k) was highest for Al-
based tools (1.00), significantly exceeding WST (0.60+0.22,
p=0.02), DV (0.76+0.16, p<0.01), Q (0.65+0.35, p=0.0001),
and OT (0.2340.08, p=0.01). In terms of time, Al-based
screening was markedly faster (0.07s/patient), with signifi-
cantly shorter administration times than WST (2.10+5.43
min, p=0.02) and Q (3.96+0.64 min, p=0.0001).
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Within the category of Al-based tools evaluated in a
geriatric population, AIMS-OD v3 exhibited one of the
best psychometric profiles (AUC 0.96; sensitivity 86.9%;
specificity 99.3%; PPV 97.2%; k=1.00) with a significantly
low administration time of 0.07 s per patient. The Predicting
Health tool presented, for a geriatric population, AUC 0.76,
sensitivity 44.4%, specificity 93%, PPV 55%, NPV 89.6%,
and perfect reliability (x=1.00) (Fig. 2).

Discussion
This ScR identified a wide range of OD screening tools and

demonstrated substantial variability in their psychometric
performance and feasibility. The tools varied significantly in



A Comparative Study of the Psychometrics and Feasibility of Artificial Intelligence Algorithms Versus the...

Table 4 Comparative exploratory summary of the main psychometric properties and characteristics of OD screening tools by category and Al-

based tests

Types of screening tests WST DV Q STF OoT Al-based tests p-value
AUC 0.72+0.01 0.87+0.03 0.78+0.08 - 0.83* 0.80+0.09 0.04 (WST)**
(meantsd) 0.03 (DV)
0.81 (Q)
SE 75.44421.34 83.37+21.14 83.17+13.02 72% 81.35+16.62 68.79+£24.66 0.17 (WST)
(mean+sd) 0.001 (DV)
0.01 (Q)
0.06 (OT)
SP 72.00+17.28 70.59+16.78 68.34+20.52 62%* 72.70+13.32 78.19+£14.07 0.45 (WST)
(mean+sd) 0.31 (DV)
0.23 (Q)
0.64 (OT)
PPV 63.40+22.09 75.944+23.62 61.38422.23 62%* 44.30422.20 72.79£11.15 0.53 (WST)
(meantsd) 0.28 (DV)
0.50 (Q)
0.35 (OT)
NPV 81.68+15.58 79.00+20.47 82.72+16.44 72% 85.50+2.12 74.91£10.04 0.09 (WST)
(meantsd) 0.20 (DV)
0.12 (Q)
0.03 (OT)
LR+ 3.80+1.32 3.96+2.14 4.08+1.83 - 2.72% 1.61* 0.01 (WST)
(mean+sd) <0.01 (DV)
0.02 (Q)
LR- 0.12+0.12 0.14+0.10 0.16+0.11 - - 0.15%* 0.76 (WST)
(mean+sd) 0.59 (DV)
0.47 (Q)
Reliability (k) 0.60+0.22 0.76+0.16 0.65+0.35 - 0.23+0.08 1* <0.001 (WST)
(mean+sd) <0.01 (DV)
0.42 (Q)
0.01 (OT)
Time (min) 2.10+£5.43 10* 3.96+0.64 - - 0.01* 0.02 (WST)
(mean+sd) 0.0001 (Q)

WST: Water Swallow Test. DV: Different viscosity tests. Q: Questionnaires and self-assessment scales. STF: swallowing tests with general
foods. Al-based tests: Artificial Intelligence based tests. OT: Other tests. AUC, area under the curve. SE, sensitivity. SP, specificity. PPV, posi-
tive predictive value. NPV, negative predictive value. LR+, likelihood positive ratio. LR-, likelihood negative ratio. Al, artificial intelligence.
k, Kappa index. P-value column shows the comparison between each standard screening method category vs Al-based tests; bold p-values

indicate statistical significant difference.
* Unique values.

** Mann-whitney test

format, target populations and diagnostic performance. Al-
based screening tools showed similar psychometrics versus
standard clinical methods, but had higher reliability and
good overall performance with the fastest execution time,
suggesting potential advantages for large-scale implementa-
tion in hospital settings.

Different viscosity (DV) tests showed the most bal-
anced diagnostic profiles, with high sensitivity and speci-
ficity values and DOR, indicating robust discriminatory
capacity. Water swallow tests (WST), although widely
applied due to their simplicity, demonstrated variable sen-
sitivity and specificity, compromising their reliability in
certain patient populations, particularly those at high risk
of silent aspiration. Questionnaires provided high reliabil-
ity and patient-reported perspectives but lacked the psy-
chometric robustness necessary for independent screening

use. Al-based tools showed a broad but overall comparable
psychometric performance to bedside screening methods,
with consistently higher feasibility and markedly reduced
execution time. This is consistent with recent developments
in digital health, where Al algorithms trained on EHR data
are increasingly demonstrating clinical utility in early risk
stratification and predictive diagnostics [183—185].
Regarding clinical tools, a distinction should be made
between accuracy, safety, and feasibility. For example,
WSTs are useful in acute hospital settings as they are easy
to administer. However, their inability to test multiple vol-
umes and viscosities exposes patients to aspiration, reduces
diagnostic accuracy, and omits the selection of the optimal
and safest bolus for each patient [186]. DV tests address
these limitations, improving sensitivity to silent aspiration,
overall accuracy and patient’s fluid prescription. However,
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Fig. 2 Traditional vs. Al-based OD screening: Comparison of psycho-
metric properties and administration time. (A) Area under the curve
(AUC), (B) Sensitivity, (C) Specificity, (D) Reliability, and (E) Admin-
istration time. Boxplots show the distribution of values across multiple
studies. Dashed lines indicate AIMS-OD v1 (black) and v3 (blue) val-
ues. WST, Water Swallow Test. BDST, Burke Dysphagia Screening

they require training, and longer execution times, limiting
scalability [98, 100, 101, 187-190]. Questionnaires provide
valuable subjective information and can be used in out-
patient or primary care settings [14, 191]. However, their
reliance on patient cognition and communication creates
limitations, particularly for older hospitalized patients with
neurological diseases or cognitive impairment, who are at
high risk of OD [192]. Other bedside approaches, includ-
ing cervical auscultation and cough reflex, demonstrated
variable psychometrics and poor reproducibility, suggest-
ing they are best employed as complementary tools. Taken
together, while certain clinical tools have strong psychomet-
rics, their scalability and feasibility remain constrained by
time, cost, and the need of human resources. These limita-
tions are particularly problematic in OD, where the preva-
lence is very high and underdiagnosis might reach 80% [4].
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Al-based screening methods operate at the first level of
identification of patients at risk of OD, as opposed to clini-
cal diagnosis, and offer a feasible approach to the problems
inherent to clinical tools. Their uses could allow large-scale
hospital screening, with the potential to reduce the issue of
inequitable access to OD diagnosis and to mitigate its high
underdiagnosis. In addition, Al-based tests can be updated
through iterative machine learning to improve accuracy over
time [21, 193, 194]. Although various Al-based approaches,
such as LDA, SVM, and ensemble classifiers [20, 164, 174]
have been proposed, these tools generally lack necessary
clinical features and cannot perform large-scale or real-
time screening. In contrast, AIMS-OD [21] and the Predict-
ing Health tool [28] were the only Al-based systems found
designed to perform mass screening using routinely regis-
tered EHR. In addition, Al-based methods eliminate sub-
jectivity in result interpretation, increasing its reliability to
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Fig. 3 Pilot diagnosis algorithm
for oropharyngeal dysphagia of
hospitalized older patients at the
Hospital Universitari de Mataro,
including screening, clinical diag-
nosis and multimodal intervention.
AIMS-OD: Artificial Intelligence
Massive Screening - Oropharyn-
geal Dysphagia; V-VST: Volume-
Viscosity Swallowing Test; +:
fail, positive test. -: pass, negative
test; SLP: speech and language
pathologist

MULTIMODAL INTERVENTION

{

Fluid Adaptation
(Fluid Viscosity)

100%, the highest among the standard tools found in the ScR.
Regarding the geriatric population, AIMS-OD has nearly
double the sensitivity of the Al-based tool Predicting Health
and a superior AUC. Although AIMS-OD’s substantially
higher sensitivity is particularly valuable in older patients, it
does not assess swallowing safety and efficacy [21], unlike
V-VST or GUSS, which provide more detailed information
on swallowing function [9, 62, 78, 87, 98]. Another key fea-
ture of Al-based tools is that they do not require clinician
training and have a high potential for scalability, enabling
the possibility of rapid and automated screening of large
patient populations in seconds. This makes them suitable
for hospital environments [21]. Finally, they have the poten-
tial to be more cost-effective, allowing early prevention and
treatment of OD-associated complications.

OD is a major economic burden on the healthcare system
(estimated at $10 billion/year in the USA), due to its com-
plications, prolonged hospitalizations, and high readmis-
sion rates [32, 47, 195-197]. Although the direct economic
impact of Al-based tools for OD has yet to be quantified,
these tools may contribute to cost containment by support-
ing earlier identification and intervention of OD.

Taking into account these findings, we propose an
improvement in the diagnostic procedure of OD (Fig. 3). In
this new approach, Al-based screening serves as the initial
stratification step (risk of OD), followed by targeted clinical
assessment such as the V-VST for positive cases and instru-
mental evaluation when indicated (high severity cases or
pathophysiological determination of OD). This second step
(clinical diagnosis) allows multimodal clinical interventions
and potential SLP behavioral interventions to be prescribed
in most hospitalized patients with OD [98, 198-200]. If
either screening or clinical assessment yields a negative
result, patients must be monitored during future readmis-
sions with the same algorithm. This suggested diagnostic

Hospitalized older
patient (265 years)
R
Massive Screening @ Negative Oropharyngeal
(AIMS-0OD) Dysphagia
Clinical Assessment @ PatEntrollowa
(V-VST) p
Oropharyngeal
Dysphagia
! ! }
Textural Adaptation . SLP Behavioral
(Texture-modified Diets) @l iteel A i Eien Treatment

procedure for OD may optimize feasibility and resource
allocation while maintaining diagnostic accuracy.

The study presents some limitations. First, the included
studies demonstrated significant methodological heteroge-
neity, with variations in study design, patient populations,
the cut-off values or threshold criteria applied, outcome
definitions and reference standards used for validation. This
heterogeneity limits the direct comparability of psychomet-
ric outcomes across tools and complicates the interpretation
of pooled ranges of sensitivity, specificity, and predictive
values. Accordingly, all comparative and inferential find-
ings, which were derived from exploratory comparisons,
should be interpreted with caution and not as formal pooled
estimates. Second, although most studies met moderate-
to-high methodological quality criteria, the inclusion of
narrative reviews and small diagnostic accuracy studies
may have introduced bias. Finally, evidence on Al-based
screening tools remains limited; several models have been
developed or validated using single-center or unpublished
datasets, which restricts generalisability and may overesti-
mate performance.

Future research should focus on multicenter prospective
validation of Al-based screening tools across diverse health-
care systems and populations. Comparative effectiveness
studies examining psychometric performance, feasibility,
and cost-effectiveness relative to standard clinical screening
are required. Additionally, implementation studies address-
ing integration into EHR systems, clinician acceptance, and
ethical considerations, including transparency and bias, will
be essential to support responsible adoption.
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Conclusions

The study provides an overview of the current screening
methods for OD, highlighting the advantages, limitations
and clinical applicability of available screening tools. These
tools demonstrate variability in their psychometrics. The
comparative analysis between standard and Al-based tools,
like AIMS-OD, showed that the latter have similar psycho-
metric properties but have relevant advantages in terms of
speed, independence from human resources, automation
and reliability. Al-based methods do not require prior train-
ing of healthcare professionals, can reduce variability in
result interpretation and can be easily integrated into EHR
systems. Their scalability and short execution time make
them useful in hospital settings. While multicenter valida-
tion and economic studies are required for these tools, our
findings underscore a relevant aspect of current clinical
practice: OD screening is essential but has not been uni-
versally implemented due to the feasibility constraints of
traditional clinical tools. Integrating Al-based screening
tools into standard clinical workflows could be one the most
feasible approaches to support large-scale, early, system-
atic, and more equitable detection of OD, improve diagno-
sis rates and codification, and potentially reduce OD-related
adverse health outcomes in hospitalized patients.
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