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Abstract

Early disease detection is not a single classification problem. It includes population screen-
ing, presymptomatic risk estimation, identification of early pathological change, and detec-
tion of disease before conventional clinical recognition. Machine learning and deep learning
systems approach these targets through medical images, physiological signals, longitudinal
health records, molecular measurements, wearable sensors, and multimodal combinations.
This survey organizes the evidence around the complete decision pathway linking the clini-
cal target, data generation process, preprocessing, representation, model, validation design,
reported performance, methodological limitation, and level of clinical translation. The
analysis distinguishes early detection from ordinary diagnosis, prognosis, and progression
prediction, as merging these tasks can make apparently strong results clinically misleading.
Across modalities, deep learning is most useful when spatial, temporal, or cross-modal
representations must be learned from sufficiently large and representative data. Traditional
machine learning remains competitive when cohorts are modest, clinically meaningful
variables are available, or transparent feature-level reasoning is required. The evidence
also shows that performance is strongly influenced by patient-level separation, cohort
construction, prevalence, label definition, missingness, external validation, calibration, and
the handling of uncertain cases; therefore, high discrimination on an internal split cannot
establish clinical utility. The survey further examines the gap between retrospective model
development and deployment, emphasizing temporal and external validation, prospec-
tive workflow evaluation, decision thresholds, false negative consequences, demographic
robustness, interpretability, and post-deployment monitoring. The resulting synthesis
provides a modality-aware and clinically grounded framework for deciding not only which
algorithms perform well but also what their results mean and what evidence remains
necessary before they can support early clinical action.

Keywords: early disease detection; machine learning; deep learning; medical imaging;
biosignals; electronic health records; omics; wearable sensors; multimodal learning; external
validation; clinical translation

1. Introduction
Machine learning (ML) and deep learning (DL) are now being applied to disease-

related data generated before, during, and after clinical diagnosis; however, these applica-
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tions do not all answer the same clinical question. A model that separates confirmed cases
from healthy controls measures diagnostic discrimination under the sampled conditions. A
screening model instead operates before definitive diagnosis, and must control the down-
stream burden created by false positives. A risk model estimates the probability of a future
state over a defined horizon, whereas a prognostic model estimates outcomes after disease
is already established. Treating these targets as interchangeable obscures the actual value
and risk of the model.

The difference is visible even within a single disease domain. Deep-LIBRA esti-
mates breast density from digital mammograms and evaluates the resulting representation
in an independent breast cancer case–control dataset rather than claiming direct tumor
detection [1]. Its development involved 15,661 images from 4437 women, followed by
independent testing on 6368 mammograms from 414 cases and 1178 controls [1]. The
resulting AUC of 0.612 is modest compared with many image classification reports, yet
measures risk discrimination on a harder and clinically different task [1]. This example
illustrates why a lower value obtained on an independent risk assessment target may
carry more relevant evidence than near-perfect accuracy from a restricted case–control
classification experiment.

The same distinction applies to longitudinal prediction. The IMBALMED framework
evaluates both contemporaneous Alzheimer disease classification and four early-detection
horizons extending from 12 to 48 months [2]. Its explicit separation of diagnostic and
future-oriented targets permits the results to be interpreted according to the decision being
supported [2]. By contrast, a study that labels established Alzheimer disease from structural
magnetic resonance imaging cannot be reclassified as early detection merely because earlier
treatment would be desirable.

Data modality further changes what can be inferred. Imaging captures spatial man-
ifestations that may already be anatomically visible, whereas electroencephalography,
electrocardiography, speech, and motion measurements encode physiological dynamics.
Electronic health records (EHRs) supply longitudinal trajectories shaped by both disease
and healthcare utilization. Molecular data may reveal biological change before a macro-
scopic lesion becomes visible, but high dimensionality and small cohorts create a severe
risk of optimistic feature selection. Wearables increase temporal coverage, yet repeated
measurements from the same participant make subject-level separation essential. while
multimodal learning can combine complementary evidence, gains may reflect sample
selection or information availability rather than fusion itself.

Recent studies demonstrate both the opportunity and the interpretive difficulty. A
temporal diabetic retinopathy system combined 25,000 retinal images with up to 20 years
of EHR history from 5000 patients [3]. The multimodal model reported an AUROC of 0.988,
whereas the temporal EHR-only model reported 0.881 [3]. This comparison suggests that
retinal appearance adds strong information; however, independent-institution validation
was not reported for that evaluation, so the magnitude of transportable benefit remains
unresolved [3]. A coronary artery disease model that integrates coronary computed tomog-
raphy angiography, clinical variables, laboratory results, and electrocardiography obtained
an internal AUC of 0.89 and an external AUC of 0.83 [4]. This decline under external
validation is not a failure; rather, it is evidence that the internal estimate did not fully
represent deployment variation.

Therefore, validation design is part of the result rather than a secondary reporting
detail. An ECG-based CKD model was developed using 72,618 ECGs from 49,632 patients,
internally evaluated on 16,955 non-overlapping patients, and externally evaluated on
10,476 patients from a community hospital [5]. Its AUC decreased from 0.885 internally to
0.861 externally, providing a direct estimate of transport beyond the development setting [5].
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The model also identified elevated incident-CKD risk among patients without baseline
CKD, which moves the contribution from static classification toward clinically relevant risk
stratification [5]. Nevertheless, retrospective association with later outcomes does not by
itself show that model-guided screening improves patient outcomes.

This survey evaluates ML and DL for early disease detection through the following chain:

Clinical target → modality → preprocessing and representation → model →
validation → performance → limitation → clinical translation.

Because the included studies use different diseases, cohorts, endpoints, prevalence
levels, and test designs, the survey does not rank algorithms by pooled accuracy; instead,
it asks whether the learning method is appropriate for the available data, whether the
evaluation isolates independent patients and sites, whether the reported metric matches
the decision, and whether the evidence supports the claimed level of clinical use. Its added
value is a common evidence framework that links six data modalities, major ML and DL
method families, disease-oriented applications, validation maturity, and clinical translation
without treating different benchmark values as a single leaderboard. The synthesis further
distinguishes classification from segmentation, conventional from generative augmentation,
and architectural novelty from evidence of transport or clinical utility.

Figure 1 summarizes this evidence chain and shows why model performance must
be interpreted together with the clinical target, validation setting, uncertainty, and down-
stream action.

Figure 1. The early-detection evidence chain. A model score becomes clinically meaningful only after
its target, validation setting, uncertainty, referral rule, and confirmatory pathway are specified.

2. Positioning Relative to Previous Surveys
Previous reviews provide valuable depth within individual diseases, but their disease-

specific scopes cannot serve as direct substitutes for a cross-disease and cross-modality
synthesis. One recent oncology review covered imaging, multi-omics, and clinical reports
across several cancer types while also spanning diagnosis, prognosis, and therapy [6].
While its breadth within oncology is useful for method mapping, combining pre-diagnostic
detection with post-diagnostic tasks limits direct comparison of evidence maturity across
endpoints. The multi-cancer screening review in [7] focused more specifically on biomarker
and imaging strategies for detecting multiple malignancies, highlighting generalizability,
false positive burden, affordability, regulation, and accessibility; however, it did not cover
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comparable evidence chains in cardiovascular, neurological, renal, metabolic, respiratory,
or infectious disease contexts.

Disease-focused surveys also reveal modality-specific issues that a broad synthesis
must retain. A pancreatic cancer review organized evidence across imaging, biomarkers,
and EHR-based triage, identifying limited external validation and sparse analysis of clin-
ical utility as continuing barriers [8]. A Parkinson’s disease review covering MRI, gait,
handwriting, speech, EEG, and multimodal fusion nonetheless remains organized around
the clinical problem of Parkinson’s disease recognition [9]. Thus, these works are used as
contextual evidence inside the relevant disease and modality sections.

The contribution of the present survey does not lie in the number of diseases or al-
gorithms listed but in the consistent interpretation of different studies under the same
sequence of questions asking what was predicted, from which information, at what time,
under which sampling process, with what independence between development and evalu-
ation, and with what evidence of clinical usefulness. Unlike disease-specific surveys, the
present framework follows comparable evidence questions across imaging, biosignals, EHR
and tabular data, omics, wearables, and multimodal systems. Unlike method-centered
surveys, it evaluates CNNs, recurrent models, transformers, attention, generative augmen-
tation, traditional ML, and fusion methods in relation to task definition and validation
design rather than architectural category alone. Specialized reviews are not assigned
artificial negative marks for topics outside their intended scope.

3. Foundations of Early Disease Detection
3.1. Operational Definitions

This survey uses the operational categories in Table 1. The categories are assigned
from the actual experimental endpoint rather than from motivational language in the title
or introduction. Thus, a paper may be relevant to the broader diagnostic literature, but
excluded from strict early-detection comparisons.

Table 1. Operational separation of disease-related ML and DL targets used in this survey.

Target Decision Point Typical Output Primary Interpretive Requirement

Early detection
Before conventional recogni-
tion or at a documented early
stage

Current probability of early
disease or early pathological
change

The positive class must represent an
early state rather than established ad-
vanced disease.

Screening
Before definitive diagnostic
work-up in an eligible popula-
tion

Referral, repeat testing, or no
referral

Sensitivity, specificity, prevalence-
dependent predictive values, and
downstream testing burden must be
considered.

Diagnosis During evaluation of sus-
pected disease Current diagnostic class

The sampled case–control spectrum
must resemble the intended clinical dif-
ferential.

Risk prediction Before the future event or dis-
ease state

Probability over a stated time
horizon

Temporal ordering, censoring, calibra-
tion, and clinically meaningful thresh-
olds must be explicit.

Prognosis After diagnosis Outcome, survival, recur-
rence, or treatment response

The result should not be presented as
evidence of earlier disease detection.

Progression prediction After a precursor or disease
state is established Transition to a later stage

Baseline state, prediction horizon, and
longitudinal independence must be de-
fined.

3.2. The Unit of Independence

The statistical unit used to split the data determines whether test performance rep-
resents unseen patients or merely unseen samples. Repeated images, signal windows,
visits, or augmented variants from one person share biological and acquisition-specific
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information. If these correlated samples appear in both training and testing, the model can
recognize participant-specific structure without learning a transportable disease signal.

Liu and colleagues used cross-subject and nested cross-validation for EEG-based
detection of mild cognitive impairment [10]. Their model achieved 90.97% accuracy, 86.87%
sensitivity, 94.76% specificity, and an AUC of 0.950 under this design [10]. The subject-
level structure makes the estimate more defensible than a random split of EEG segments,
although a public single-dataset evaluation still cannot measure site or device shifts.

A voice-based Parkinson’s study used subject-level nested cross-validation while
applying oversampling only within the training folds [11]. Accuracy ranged from 0.827
to 0.868 across the evaluated configurations, while the best sex-specific models differed
in both classifier and selected acoustic features [11]. These values are lower than many
reports based on random recordings, yet the design better isolates performance on unseen
participants. The study also shows that leakage control and demographic stratification
can change the scientific conclusion from which model is most accurate to which signal is
reproducible for which subgroup.

3.3. Discrimination, Calibration, Utility, and Outcome

Discrimination measures how well scores rank positive and negative cases. Calibration
measures whether predicted probabilities correspond to observed risk. Clinical utility
depends on the consequences of acting at a threshold. Improved patient outcome requires
evidence that using the model changes care beneficially. These four properties are related
but not equivalent.

An opportunistic Alzheimer detection study compared three ensemble decision strate-
gies across three structural-MRI architectures and evaluated both balanced accuracy and
calibration error [12]. Weighted averaging produced the best combination for two ar-
chitectures, but even the improved balanced accuracy ranged from 0.371 to 0.608 across
architectures [12]. The calibration errors also remained architecture-dependent after en-
sembling [12]. This result is important because it resists the common assumption that
ensembling automatically makes a model clinically reliable.

Uncertainty can also be connected to workflow rather than being reported as an
isolated statistic. A self-supervised diabetic retinopathy system used Monte Carlo dropout
to refer uncertain predictions for expert review [13]. The referral module captured 75%
of misclassified cases, while the system reported a macro-F1 score of 98.1% and an AUC
of 99.2% across test folds [13]. Patient-level separation and an independent private held-
out set strengthen the evaluation, but a referral percentage does not reveal clinical value
unless referral volume, missed disease cost, and specialist capacity are assessed at the
intended prevalence.

Monte Carlo dropout retains dropout during inference and repeats the same prediction
several times. Variation across the resulting scores provides an operational approximation
of predictive uncertainty, but the estimate is useful only if uncertainty separates difficult
or shifted cases and supports a prespecified referral rule. A case–control AUC answers a
different question: it measures ranking between sampled cases and controls, and is insen-
sitive to the prevalence imposed by that sampling design; as such, it does not determine
the positive predictive value or workload of population screening. Rare disease evaluation
makes this distinction especially important, as even a small false positive rate can generate
many more false referrals than true detections when prevalence is low. Figure 2 contrasts
these three evaluation concepts and their operational implications.
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Figure 2. Three distinct evaluation concepts. Repeated stochastic inference can support uncertainty-
aware referral, case–control AUC measures ranking under sampled cases and controls, and rare
disease screening requires prevalence-aware interpretation of false positives and predictive values.
Navy and blue denote model outputs, uncertainty summaries, and the control distribution; orange
denotes cases in the case–control panel and false-positive referrals in the screening panel; red identifies
true disease cases; and gray represents unaffected individuals. The colors are schematic and do not
indicate comparative performance.

4. Data Modalities and Their Clinical Meaning
Figure 3 organizes the six modality families by their clinical meaning and principal

validation risk, whereas Figure 4 illustrates the corresponding data structures. The figures
serve complementary purposes, with the first presenting an interpretive taxonomy and the
second a schematic data example.

Figure 3. Clinical meaning and principal validation risk of the six data modality families considered
in this survey.

4.1. Medical Imaging

Medical imaging supplies spatially organized measurements whose diagnostic mean-
ing depends on anatomy, acquisition protocol, reconstruction, and selection of the region
presented to the model. DL is well suited to learning hierarchical spatial representations,
but can also exploit scanner signatures, annotations, cropping conventions, or acquisi-
tion artifacts. External evaluation across institutions is particularly important when the
intended use extends beyond a single archive.

Deep-LIBRA separates breast segmentation from radiomic estimation of dense tissue,
combining DL with engineered superpixel and radiomic analysis [1]. The method’s density
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estimates correlated strongly with an expert reader on independent data, with a Spearman
coefficient of 0.90 [1]. Its adjusted case–control AUC of 0.612 exceeded the evaluated
alternative density methods, for which the AUCs ranged from 0.528 to 0.599 [1]. The
contribution consists of a reproducible intermediate phenotype evaluated against both
expert assessment and downstream risk discrimination.

Figure 4. Representative schematic examples of the six modality families. Imaging preserves
spatial anatomy; biosignals and wearables contain temporal dependence; EHRs are irregular and
incomplete; omics data are high dimensional; and multimodal systems require aligned, jointly
available inputs. Cyan outlines separate the modality panels, navy text identifies modality classes,
and red text highlights major methodological risks. The red arrows in the CT and MRI examples
indicate illustrative regions of interest rather than confirmed diagnoses. Blue traces represent ECG
and EEG signals; teal, orange, and green traces distinguish PPG, accelerometry, and temperature
measurements, respectively. In the omics heatmap, blue indicates lower standardized expression,
white indicates values near zero, and red indicates higher standardized expression. Black arrows
indicate the ordinary flow of available inputs, whereas the red dashed pathway and cross in the
multimodal panel illustrate a missing modality and the need for missing-modality handling before
fusion. Colors do not indicate comparative performance. No real patient records are displayed.

Imaging results become harder to interpret when the target is defined using the same
visual evidence available to the model. A segmentation or lesion classification system may
accurately reproduce labels derived from images without demonstrating earlier recognition
than clinical interpretation. The study must specify whether AI detects a pre-diagnostic
signal, assists routine interpretation, grades an established lesion, or predicts future disease.

4.2. Biosignals and Physiological Measurements

Biosignals encode temporal and frequency-domain dynamics that may not be visible
in static clinical variables. Their density creates multiple windows per participant, which
increases the apparent sample size without increasing the number of independent people.
Validation must preserve participant independence before any windowing, augmentation,
or feature selection.

STCWTNet transforms multichannel EEG into a sparse three-dimensional matrix that
preserves electrode topology before applying spatiotemporal learning and channel-wise
attention [10]. An attention-driven PageRank procedure was added to map learned channel
relationships to interpretable brain region patterns [10]. Ablation evidence supports the
contribution of the architectural modules, but biological agreement of attention maps does
not independently validate the causal relevance of the highlighted regions.

Voice analysis illustrates why conventional ML can remain appropriate. The Parkin-
son’s voice study compared random forests, neural networks, naive Bayes, logistic re-
gression, AdaBoost, and radial-basis SVM models after Boruta or minimum-redundancy
maximum-relevance feature selection [11]. Sex-specific models selected different acoustic
feature families, indicating that a single pooled representation could obscure subgroup-
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dependent signal structure [11]. The study’s strongest contribution is its control of subject
leakage and imbalance.

4.3. Electronic Health Records and Clinical Tabular Data

EHR models learn from measurements generated by both disease and clinical care.
Test ordering, visit frequency, missingness, and referral patterns can become predictors.
A model may provide good performance while actually detecting the healthcare process
surrounding suspected disease instead of the biological precursor. Temporal alignment
must ensure that every feature was available before the intended prediction time.

The temporal diabetic retinopathy study generated features from longitudinal EHR
trajectories extending up to 20 years [3]. Its EHR-only AUROC of 0.881 indicates that
longitudinal clinical history contained substantial information even without the retinal
image [3]. Combining EHR history with fundus imaging increased AUROC to 0.988, but the
study requires external evaluation to determine whether this gain persists under different
documentation and imaging practices [3].

An explainable liver fibrosis model used readily available demographic, anthropo-
metric, and clinical variables for population pre-screening [14]. XGBoost obtained a test
AUC of 0.816 in the UK Biobank-derived evaluation along with external AUCs of 0.746 in
NHANES and 0.793 in an independent real-world cohort [14]. The multi-cohort decline
quantifies dataset shift, although the use of different reference definitions across cohorts
complicates direct equivalence of the estimates.

A multicenter pulmonary embolism study compared fourteen algorithms using phys-
ical examination findings and routine blood tests from 8757 patients [15]. XGBoost
achieved an external validation AUC of 0.8875 and was compared with conventional
Wells score assessment [15]. The clinically meaningful comparator and independent evalu-
ation strengthen the result, but retrospective sampling among patients already suspected
of pulmonary embolism limits inference about population screening before suspicion.

4.4. Omics and Molecular Measurements

Omics data can capture molecular variation before a macroscopic phenotype becomes
detectable. The central difficulty is that the number of molecular variables often greatly
exceeds the number of independent participants. Feature selection, normalization, batch
correction, and hyperparameter tuning must be confined to the training data.

In [16], a transformer architecture integrated cell-free DNA and cell-free RNA sequenc-
ing for preterm birth risk prediction. The individual cfDNA and cfRNA models achieved
test AUCs of 0.822 and 0.851, whereas joint integration achieved 0.890 [16]. Because all
three estimates came from the same task and test design, the improvement provides a
more interpretable fusion comparison than cross-study accuracy ranking. External vali-
dation was not established in the analyzed evidence, so the results support within-cohort
multimodal complementarity rather than population transportability.

4.5. Wearable and Continuous Monitoring Data

Wearable sensors replace sparse clinic snapshots with repeated measurements across
daily contexts. This improves temporal coverage but introduces device placement, adher-
ence, firmware, environment, and participant behavior effects. Repeated observations also
make random sample splits particularly vulnerable to identity leakage.

The WATCH-PD study illustrates how year-long multicenter consumer sensor data can
support digital phenotyping while still requiring participant-level validation and cautious
interpretation of screening generalizability [17]. A detailed analysis is provided in the
dedicated wearable neurological subsection.
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4.6. Multimodal Data Characteristics and Integration Requirements

Multimodal learning is justified when modalities contribute complementary infor-
mation available at the intended decision point. Fusion is not automatically beneficial, as
requiring every modality can reduce the eligible cohort and select patients with more inten-
sive care requirements. Therefore, missing-modality behavior is a part of clinical validity.

The coronary artery disease framework in [4] combined CCTA, ECG, clinical variables,
and laboratory measurements through weighted fusion. Its external AUC of 0.83 remained
below the internal value of 0.89, while the reported ability to tolerate up to 50% missing
data addressed a practical deployment constraint [4]. The result supports multimodal
robustness more strongly than a complete-case experiment would, although the exact
missingness mechanisms must match those encountered in use.

The IMBALMED Alzheimer framework combined clinical assessments, neuroimaging
phenotypes, biospecimens, and participant characteristics through classifier diversity and
class-balancing strategies [2]. The evaluation separated binary diagnosis, ternary diagnosis,
and four future-oriented early detection tasks [2]. External evaluation using a later ADNI
phase supported the 12-month task, but using another phase of the same overarching
research program may not reproduce the institutional and demographic shift of a fully
independent health system.

The diabetic retinopathy fusion study offers a different form of complementarity, since
longitudinal EHR features encode systemic disease history while fundus images encode
current retinal manifestation [3]. The difference between the EHR-only and fused AUROCs
suggests that the modalities answer overlapping but nonidentical questions [3]. A clinically
useful deployment design should determine whether EHR risk first triggers imaging
or whether both modalities are always available, as these workflows imply different
populations, costs, and error consequences.

5. Traditional Machine Learning Methods
Traditional ML remains scientifically important in early detection because many clini-

cally realistic datasets contain hundreds or thousands of patients rather than millions of
independent observations. Logistic regression, support vector machines, decision trees,
random forests, gradient boosting, nearest-neighbor classifiers, and shallow neural net-
works can operate on compact representations with substantially fewer free parameters
than large DL architectures. Their usefulness depends less on their age than on whether
the representation preserves information relevant to the target without importing leakage
from preprocessing or feature selection.

5.1. Feature Engineering as an Explicit Clinical Hypothesis

Feature engineering converts raw measurements into variables that encode a hypoth-
esis about disease manifestation. In ECG analysis, these variables may include intervals,
waveform morphology, spectral energy, or heart rate variability. In voice analysis, they may
include cepstral, wavelet, perturbation, and prosodic measurements. In tabular clinical
data, feature engineering may construct trajectories, ratios, rates of change, or clinically
interpretable risk factors. This explicitness can be advantageous when the cohort is small
and when clinical review of the decision pathway is required.

The value of explicit features is demonstrated by the subject-level Parkinson voice
analysis, where Boruta and minimum-redundancy maximum-relevance selection were
evaluated across multiple feature counts before comparing six classifiers [11]. The strongest
configurations differed between sex-agnostic, sex-aware, male-only, and female-only co-
horts [11]. This variation implies that the feature selection problem formed part of the
biological and demographic question.
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The liver fibrosis study provides a second example in which XGBoost was trained
on readily obtainable anthropometric and clinical variables rather than latent image fea-
tures [14]. External AUCs of 0.746 in NHANES and 0.793 in a real-world cohort remained
clinically plausible rather than approaching the near-perfect results reported in many small
benchmark datasets [14]. The reduction from internal performance exposes the cost of
transport and makes the model easier to position as a pre-screening instrument.

Feature construction can also use longitudinal history. The EHR component of the
temporal diabetic retinopathy framework derived thousands of variables from changing
clinical measurements over time [3]. Its AUROC of 0.881 indicates that the engineered
temporal representation contained information not captured by a single contemporaneous
record [3]. The critical question is whether these trajectories were fully available at the
intended prediction time, because using measurements recorded after referral would
convert early prediction into retrospective reconstruction.

5.2. Linear Models, Support Vector Machines, and Tree Ensembles

Linear models provide a valuable reference because they test whether a complex
nonlinear architecture is needed. A well-regularized logistic model can be competitive
when the signal is approximately additive or when sample size limits reliable interaction
learning. While its coefficients are not necessarily causal explanations, they can offer a
transparent functional form and a defensible baseline.

Support vector machines remain suitable for moderately sized high-dimensional fea-
ture spaces. The externally validated complete blood count study compared six previously
developed COVID-19 models across two hospitals and found that the SVM produced an
average AUC of 97.5%, sensitivity of 87.5%, and specificity of 94% [18]. The same model
was also reported as the best calibrated among the evaluated alternatives [18]. This result
is more informative than a within-site algorithm contest because it evaluates whether a
compact hematological representation travels between hospitals.

Tree ensembles are effective when clinical variables exhibit nonlinear thresholds, inter-
actions, and missingness patterns. The multicenter pulmonary embolism study compared
fourteen algorithms and selected XGBoost using an external cohort rather than internal
fit alone [15]. The resulting external AUC of 0.8875 was compared with the Wells score,
providing a clinically recognizable baseline [15]. The study sampled patients already sus-
pected of pulmonary embolism, so its result supports triage within a diagnostic pathway
rather than population-wide prediction.

Rare disease analysis shows why high accuracy cannot be the only criterion. The mul-
ticenter tyrosinemia study contained 219 longitudinal records from 35 patients, including
only eight with hepatocellular carcinoma [19]. XGBoost identified alanine transaminase as a
potential precursor of alpha-fetoprotein alteration, but the reported AUROC of 0.73 reflects the
uncertainty inherent in the small cohort [19]. The study is valuable as hypothesis generation,
while the limited number of independent patients prevents a strong deployment claim.

5.3. Imbalance, Resampling, and Thresholds

Early detection datasets are often imbalanced because disease prevalence is lower
than the prevalence created in retrospective case–control benchmarks. Resampling can
improve optimization, but applying it before the data split duplicates information across
training and evaluation. The appropriate procedure is to split independent patients first
and perform all resampling only inside the training folds.

The Parkinson’s voice study applied adaptive synthetic sampling within training folds
and retained subject-level nested cross-validation [11]. This design separates the benefit
of balancing from leakage through synthetic neighbors. Matthews correlation coefficients
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remained moderate despite accuracy results ranging from 0.827 to 0.868, illustrating how a
balance-sensitive metric can reveal limitations hidden by accuracy [11].

Decision thresholds should be chosen according to the clinical action. A population
screening threshold may prioritize sensitivity and negative predictive value, whereas a
confirmatory model may prioritize specificity and positive predictive value. Threshold
selection on the test set inflates performance and makes utility appear greater than it is. A
valid design chooses the threshold in training or validation data and preserves the test set
for a single final evaluation.

5.4. When Traditional ML Is Preferable

Traditional ML is preferable when the cohort is small, variables are clinically meaning-
ful, and the expected relationship can be represented without extensive spatial or temporal
learning. It also provides an essential baseline when DL is proposed for tabular data. If a
transformer or multilayer network does not outperform a tuned gradient-boosting model
under the same patient split, then the more complex architecture has not demonstrated
added predictive value.

Traditional ML can also support low-resource deployment. The premature brain injury
study compared fourteen algorithms before selecting CatBoost and reducing the model to
seven features [20]. The final model achieved an AUC of 0.8229 on an independent test
set and was accompanied by a deployable prediction tool [20]. Although the study was
described as a prospective cohort, its evidence remains a model development evaluation
rather than a prospective test of model-guided care.

6. Deep Learning and Representation Learning
DL changes early detection pipelines by learning representations jointly with the pre-

diction objective. This is particularly useful for images, waveforms, longitudinal sequences,
and multimodal inputs for which the informative structure cannot be summarized easily
by a small set of handcrafted features. The same flexibility increases the opportunity to
learn acquisition artifacts, patient identity, site signatures, or label generation shortcuts.

6.1. Convolutional Architectures

Convolutional neural networks (CNNs) encode local spatial or temporal structure
through shared filters. Their inductive bias is well matched to radiographs, histopathology
patches, dermoscopic images, retinal photographs, and one-dimensional physiological
signals. Transfer learning reduces optimization difficulty when labeled medical cohorts are
small, but pretraining does not correct sampling bias or label error.

The large number of imaging studies synthesized later in this survey shows that CNN
performance is often reported on public datasets with repeated reuse of the same images.
Accuracy on these datasets can indicate technical progress under a fixed benchmark, but
cannot establish robustness to scanner, site, or population shift. Near-perfect values should
receive particular scrutiny when patient-level splitting, independent testing, and tuning
boundaries are not reported.

MammoDG directly addresses cross-domain mammography by combining cross-view
interaction with instance-level contrastive regularization [21]. Its contribution targets the
degradation caused by imaging protocol and center variation. The study is methodologi-
cally closer to the deployment problem than, for instance, an architecture evaluated on a
random split of one mammography archive.

DualA-Net addresses a different question by using a dual-branch encoder, multi-scale
skip connections, and an adaptive receptive-field decoder for medical image segmenta-
tion [22]. Its evaluation across five datasets representing different segmentation tasks
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supports technical versatility and efficiency, but does not constitute independent external
clinical validation. The citation is retained because segmentation is a recurrent intermediate
operation in early detection pipelines; the study is not presented as direct evidence that the
architecture improves screening decisions or patient outcomes.

6.2. Recurrent and Temporal Models

Recurrent neural networks, long short-term memory networks, and gated recurrent
units model ordered observations. They are applicable to ECG sequences, EEG recordings,
EHR trajectories, wearable time series, and repeated laboratory measurements. The princi-
pal risk is that a model may learn the observation process rather than the disease process,
especially when measurement frequency changes after clinical suspicion.

Temporal models should be evaluated using a prediction index time. Features recorded
after that index must be excluded, and patients should be separated before creating over-
lapping windows. Temporal validation should train on earlier patients and evaluate on
later patients when the intended use will encounter changes in practice. Random cross-
validation cannot reproduce such drift.

The temporal diabetic retinopathy framework is notable because its EHR branch
represents long-term changes rather than a static visit [3]. The multimodal branch then
combines this history with retinal imaging [3]. The design supports a clinically plausible
distinction between identifying high-risk patients from records and assessing current retinal
manifestation from images, although external temporal transport remains untested in the
analyzed evidence.

6.3. Transformers and Attention

Transformers model long-range dependencies through attention. In imaging, atten-
tion can connect distant anatomical regions or image patches. In biosignals, it can relate
separated time points or channels. In multimodal systems, cross-attention can condi-
tion one modality on another. These capabilities are useful only when cohort size and
regularization are sufficient to estimate the additional parameters.

STCWTNet combines a topology-aware spatiotemporal module with channel-wise
transformer encoding for MCI detection from EEG [10]. Its transformation of electrodes
into a topology-preserving sparse matrix gives the attention mechanism a physiological
organization rather than treating channels as an arbitrary sequence [10]. Nested cross-
subject evaluation supports internal subject generalization, but a new EEG system or
clinical center would still test a different source of variation.

The preterm birth study used transformer-based integration of cfDNA and cfRNA
sequence information [16]. The fused AUC of 0.890 exceeded the cfDNA value of 0.822 and
the cfRNA value of 0.851 under the same test setting [16]. This within-study comparison
supports complementary molecular information, but does not necessarily establish that the
transformer would be superior to a well-tuned classical integrator.

The evidence does not support a universal advantage of transformers over CNNs.
CNNs impose locality and translation-related inductive biases that are efficient for many
medical images and one-dimensional signals, whereas transformers can model longer-
range interactions but generally introduce greater data, regularization, and computational
demands. An attention module added to a CNN should also be distinguished from a
transformer architecture, as attention can reweight features without replacing convolutional
representation learning. Consequently, claims of superiority are credible only when CNN,
transformer, and hybrid alternatives are trained on the same cohort, use the same split
and preprocessing, and receive comparable tuning effort. Improvements observed across
different datasets cannot isolate the contribution of architectural complexity.
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6.4. Self-Supervision, Transfer Learning, and Generative Augmentation

Self-supervised learning uses unlabeled data to learn representations before task-
specific training. This is valuable in medical domains where acquisition is abundant but
expert labels are limited. The benefit must be separated from differences in pretraining
data, augmentation, model size, and tuning effort.

The uncertainty-aware diabetic retinopathy study used a two-stage self-supervised
warm start followed by a binary-to-five-class curriculum [13]. Its reported 2.1 percentage-
point improvement over ImageNet initialization provides a direct pretraining baseline [13].
Patient-level separation and independent private testing improve credibility, while the
extremely high fold-average performance still requires prevalence-aware evaluation in an
actual screening population.

Conventional augmentation applies label-preserving transformations such as rotation,
reflection, cropping, scaling, intensity perturbation, or signal-domain noise. Its validity de-
pends on whether the transformation remains physiologically or anatomically plausible for
the clinical target. Generative augmentation instead learns a data distribution and produces
or reconstructs observations through models such as GANs or VAEs. GANs can create
visually sharp samples through adversarial training, whereas VAEs learn a probabilistic
latent representation that may also support dimensionality reduction or generation. These
approaches should not be treated as interchangeable forms of sample enlargement.

Generative augmentation introduces risks that conventional transformations do not
fully share. A generator can reproduce site artifacts, memorize training examples, collapse
toward a narrow subset of appearances, or create structures that appear realistic but are
clinically inconsistent. Leakage occurs if the generator is fitted prior to patient-level parti-
tioning or if synthetic descendants of held-out observations enter training. A performance
increase on the source dataset only establishes optimization benefit; further diversity audits,
nearest-neighbor checks, patient-level isolation, and evaluation on an independent real
cohort are needed to support generalization claims.

The lightweight domain-generalized segmentation work in [23] evaluated a modi-
fied pix2pix architecture across prostate micro-ultrasound and contrast-enhanced liver
MRI. Its reduced training time and cross-modality segmentation results address efficiency,
although the use of two tasks does not prove generalization to unseen clinical domains.
In [24], a deep convolutional and variational autoencoder network used a learned latent
representation for cervical cancer prediction and classification. This use of a VAE illustrates
representation learning as well as generation, so its performance cannot be attributed to
synthetic sample count alone. A Parkinson’s drawing study compared conventional and
GAN-based augmentation on a small set of 82 drawings [25]. The finding that conventional
augmentation provided the stronger practical configuration demonstrates that a more
complex generator does not guarantee a more useful disease representation.

Figure 5 summarizes the information flow and principal assumptions of the CNN,
attention/transformer, hybrid, and generative augmentation patterns discussed above. It
is intended as a structural comparison rather than a performance ranking.

6.5. Graph Learning and Multimodal Fusion

Graph neural networks represent relationships between brain regions, molecular
entities, visits, patients, or anatomical structures. Their value depends on whether graph
edges encode meaningful relationships available at deployment. A graph built using labels
or the complete dataset can leak test information even when node features are separated.

Multimodal fusion can occur at the input, representation, decision, or temporal level.
Early fusion assumes aligned and jointly available measurements. Late fusion can tolerate
independently trained branches but may miss fine cross-modal interactions. Cross-attention
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offers adaptive interaction, yet it can overfit when the number of complete multimodal
patients is small.

Figure 5. Selected representation patterns discussed in the survey. CNNs emphasize local structure;
attention and transformers model feature interactions; hybrid systems combine local and global
branches; and generative augmentation must remain confined to the training partition. The diagram
only describes information flow, and is not an accuracy ranking.

LiteCrossFusion combines 3D MRI with clinical features using cross-attention and
reports only 1.3 million parameters [26]. Grad-CAM and SHAP are applied to the imaging
and clinical branches, while uncertainty estimation is included in the architecture [26]. The
framework illustrates a useful design direction, but evidence from the PPMI dataset alone
cannot confirm transport across scanners and clinical populations.

7. Cross-Study Synthesis and Evidence Consistency
7.1. Classification and Segmentation

Classification and segmentation answer different questions and require different
evidentiary chains. Classification reduces an examination to a class, probability, or risk
score, whereas segmentation estimates the spatial extent of an anatomical or pathological
region. A high Dice score demonstrates overlap with a reference mask but does not show
that the mask changes patient-level sensitivity, referral decisions, or outcomes. DualA-Net
demonstrates technical versatility across five segmentation datasets, yet its evaluation
does not establish an early screening benefit [22]. Segmentation should be treated as an
intermediate component unless the study also evaluates the downstream clinical decision.

The above distinction also changes what constitutes an adequate comparison. A
segmentation model should be compared under identical annotation policies and report
the boundary or overlap error together with failure cases involving small, diffuse, or low-
contrast lesions. A classification model should be evaluated at a clinically meaningful
operating point, and at the patient level when several images belong to one patient. When
segmentation supplies a classifier or measurement pipeline, the analysis should propagate
segmentation errors into the final decision rather than evaluating the mask in isolation.
This end-to-end view prevents technical improvements in one module from being mistaken
for clinical improvement in the complete pathway.

7.2. Conventional Augmentation and Label Preservation

Conventional transformations are most defensible when they preserve the target
anatomy, physiology, acquisition geometry, and label semantics. A rotation that is harmless
for a dermoscopic image may be implausible for an upright chest radiograph, while time
warping that is useful for one physiological signal may alter a diagnostic interval in another.
As such, augmentation policy forms part of the clinical task definition rather than a generic
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recipe. All transformations must be fitted or sampled after patient-level partitioning so that
correlated descendants cannot cross between training and evaluation sets.

The Parkinson’s drawing study provides a useful matched comparison because con-
ventional augmentation produced the stronger practical configuration despite explicit
evaluation of GAN-generated data [25]. This result shows that greater visual novelty and
architectural complexity do not guarantee label-preserving variation. Conventional aug-
mentation remains a strong baseline because its transformation space is explicit, inspectable,
and easier to constrain using domain knowledge.

7.3. Generative Augmentation: Fidelity, Diversity, and Leakage

Generative augmentation adds a learned data-producing system in which errors can
be inherited by the disease model. A meta-analysis of adversarial networks in cancer imag-
ing found substantial heterogeneity in tasks, evaluation practices, and evidence used to
support synthetic-data claims [27]. A broader healthcare review likewise identifies fidelity,
utility, privacy, and diversity as separate evaluation dimensions rather than interchange-
able indicators of synthetic-data quality [28]. A visually realistic synthetic image can be
redundant, memorized, clinically inconsistent, or unhelpful for the decision boundary.

A defensible generative pipeline partitions patients before fitting the generator, re-
stricts generator training to the development partition, checks near-duplicate and nearest-
neighbor similarity, assesses coverage of clinically relevant subgroups, and evaluates the
final disease model on untouched real patients. Improvement on a source-cohort test set
demonstrates an optimization effect, not the creation of new independent clinical evidence.
External real-data evaluation is especially important because a generator may amplify
site-specific acquisition signatures while appearing to increase sample diversity.

7.4. CNNs, Attention, and Transformers

The reviewed evidence supports conditional rather than universal architectural conclu-
sions. CNNs encode local structure efficiently and remain strong when local morphology
dominates or training cohorts are limited. Attention can reweight features within a CNN,
whereas a transformer uses attention as a central representation mechanism; these designs
should not be grouped as if they made the same assumptions. While transformers can
connect distant image regions, channels, time points, or modalities, this flexibility increases
dependence on sample size, regularization, pretraining, and tuning.

A systematic review comparing vision transformers with CNNs in medical imaging
found that conclusions depend strongly on the task, dataset, pretraining, and experimental
design [29]. STCWTNet offers a physiologically organized use of attention by preserving
EEG electrode topology, but its evidence remains internal to the evaluated source [10]. The
cfDNA–cfRNA study provides a stronger within-study argument for fusion, as the inte-
grated AUC of 0.890 exceeded both single-modality values under the same test setting [16].
However, none of these findings implies that architectural complexity alone produces better
clinical performance.

7.5. Within-Study Comparisons and Claims of Superiority

Architecture attribution is credible only when competing models use the same patients,
endpoint, preprocessing, split, optimization budget, and evaluation procedure. Cross-paper
comparisons confound architecture with cohort spectrum, prevalence, label quality, image
resolution, data cleaning, and test set reuse. The most informative comparisons report
tuned classical, CNN, transformer, and hybrid baselines within one protocol and include
uncertainty around their differences. A small matched gain with external confirmation
is stronger evidence of architectural value than a large numerical gap assembled from
unrelated datasets.

https://doi.org/10.3390/diagnostics16193121

https://doi.org/10.3390/diagnostics16193121


Diagnostics 2026, 16, 3121 16 of 52

7.6. Consistency Across Datasets and Clinical Tasks

Reported gains are not consistently reproduced across datasets and clinical tasks. The
ECG-based CKD model declined from an internal AUC of 0.885 to an external AUC of
0.861 [5]. The multimodal coronary artery disease model similarly declined from 0.89 inter-
nally to 0.83 externally [4]. These reductions are not methodological failures; they quantify
transport difficulty that an internal split cannot expose. Near-perfect performance on
one convenience dataset provides no corresponding estimate of robustness to scanner, site,
prevalence, or workflow shift.

A claim of consistent improvement should require the same direction of effect across
independent cohorts, comparable endpoints, clinically relevant operating points, and
patient-independent evaluation. Stability of AUROC alone is insufficient if sensitivity
falls at the threshold used for referral, calibration deteriorates, or the model abstains on a
growing fraction of cases. Consistency should also be separated by task, as an architecture
may be reliable for lesion localization yet unstable for patient-level screening, or may be
useful for retrospective ranking yet poorly calibrated for prospective risk. This definition
shifts synthesis from counting favorable studies to identifying where, for whom, and under
which validation conditions an improvement persists.

Table 2 consolidates these recurring strengths, limitations, and evidence boundaries
across the principal method families.

Table 2. Cross-study synthesis of major method families; the comparison provides a summary of
recurring evidentiary patterns.

Method Family Frequent Role Recurring Strength Recurring Limitation Evidence-Consistent Interpretation

Traditional ML
Tabular risk and en-
gineered biosignal fea-
tures

Effective with modest co-
horts and interpretable
variables

Sensitive to feature se-
lection leakage and site-
specific missingness

A necessary baseline; greater archi-
tectural complexity must demonstrate
added value on the same split

CNNs Image, waveform, and
segmentation tasks

Efficient learning of local
spatial or temporal struc-
ture

May exploit acquisition ar-
tifacts and repeated public
dataset signatures

Strong internal accuracy does not es-
tablish cross-site robustness

Attention and trans-
formers

Long-range, multichan-
nel, and multimodal re-
lationships

Flexible modeling of dis-
tant interactions

Greater data, tuning, and
regularization demands

Benefits are credible mainly in
matched within-study comparisons

Conventional aug-
mentation Small training cohorts

Simple and control-
lable label-preserving
variation

Can become implausible
or leak correlated samples
if applied before splitting

Useful when transformations pre-
serve clinical meaning and remain
training-only

GANs and VAEs
Synthetic augmentation
and latent representa-
tion learning

Potentially expands ap-
pearance or representa-
tion space

Memorization, artifacts,
mode collapse, leakage,
and uncertain diversity

Synthetic samples are not equivalent
to new independent patients

Multimodal fusion
Complementary im-
ages, signals, records,
or omics

Can combine non-
redundant evidence

Complete-case selection,
missing modalities, and
alignment errors

Fusion gain must be measured against
single-modality branches in the same
cohort

8. Comparative Evidence and Validation Context
8.1. Metric Interpretation Across Heterogeneous Clinical Tasks

Accuracy, sensitivity, specificity, precision, F1 score, AUROC, AUPRC, Dice score,
and calibration answer different questions. Their numerical values depend on the clinical
endpoint, class balance, decision threshold, unit of analysis, and sampling design. AUPRC
is especially informative under strong class imbalance, whereas AUROC summarizes
ranking over thresholds and may remain favorable when positive predictive value is
operationally poor. Dice score evaluates spatial overlap and is not interchangeable with
patient-level classification performance. No metric should be interpreted independently of
the decision and population for which it was measured.

Discrimination and calibration can lead to different judgments about the same model.
In a cohort of 1518 patients with a 72.3% prevalence of lung cancer, evaluated probability
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models produced AUROCs from 0.66 to 0.74, while their Brier scores and calibration
behavior also differed [30]. This example shows why ranking ability cannot establish
that predicted probabilities are suitable for counseling or threshold-based management.
Prevalence and referral spectrum must accompany interpretation of both discrimination
and calibration.

8.2. Dataset Size, Independence, and Validation Depth

The number of images, windows, or visits is not necessarily the number of indepen-
dent observations. Thousands of segments derived from a small number of patients can
produce a large nominal sample while retaining strong within-person correlation. Dataset
size must be interpreted together with patient count, event count, and the unit used for
splitting. Validation depth progresses from a single internal split through patient-level
cross-validation and temporal testing to independent-site and prospective evaluation.
These designs differ in statistical precision; in addition, they expose increasingly realistic
sources of deployment variation.

TRIPOD+AI emphasizes transparent reporting of the participants, predictors, outcomes,
model development process, evaluation, and intended use of clinical prediction models [31].
PROBAST+AI addresses a different question by evaluating methodological quality, risk of
bias, and applicability [32]. Complete reporting makes it possible to assess a study, but does
not ensure that the design is unbiased; conversely, a potentially strong design cannot be
trusted if key methods remain opaque. Therefore, comparative synthesis should consider
reporting completeness and evidence quality as related but distinct dimensions.

Table 3 applies this interpretation to selected anchor studies by placing performance
beside sample size, validation design, and the clinical boundary of each result.

Table 3. Evidence context for selected anchor studies. The table illustrates how reported performance
must be interpreted together with sample size, validation design, and the clinical task.

Study and Task Dataset Size Validation Design Reported Performance Interpretive Boundary

[1] Breast density
risk representation

15,661 development
images from 4437 women;
6368 test mammograms
from 414 cases and
1178 controls

Independent case–control
evaluation

Adjusted case–control AUC 0.612,
95% CI 0.584–0.640; reader
correlation 0.90

Risk discrimination and
density estimation, not
direct tumor detection

[33] Indeterminate
pulmonary
nodules

1284 development patients;
three external cohorts of
155, 136, and 96 patients

Three external-site
evaluations External AUCs 0.712–0.918

Site variation remains
visible; pooled
performance would
conceal transport
differences

[5] ECG-based
CKD detection

72,618 ECGs from
49,632 development
patients; 16,955 internal
and 10,476 external
patients

Nonoverlapping internal
patients and an external
community hospital

AUC 0.885 internally and 0.861
externally

Retrospective risk
stratification does not
establish benefit from
model-guided screening

[34] Pediatric
abdominal sepsis

6566 retrospective
development patients; 308
prospective patients

Prospective external
evaluation across seven
hospitals

External AUC 0.928, 95%
CI 0.895–0.961; accuracy 0.873;
precision 0.924

Strong transport evidence,
but no interventional
outcome trial

[35] Colorectal
polyp benchmark

65 unedited images
evaluated by 146
gastroenterologists

Controlled human
benchmark before a
clinical trial

Expert accuracy 77.74%,
sensitivity 86.47%, specificity
74.33%

Human comparison on
images does not replace
live procedure evaluation

[36] Neck-worn
carotid screening

Flow phantom and 74
clinical participants

Clinical cohort evaluation
without an
independent-site test

AUROC 0.97; AUPR 0.947;
sensitivity 81.7%; specificity
93.6%; precision 85.4%; F1-score
83.5%; accuracy 89.8%

Mixed pathology
endpoint requires
disease-specific and
external validation

9. Disease-Oriented Applications
Disease-oriented interpretation is necessary because an identical model architecture

can support different decisions. The sections below synthesize what the modality-specific
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evidence means for major clinical groups. Detailed study values are retained in the
modality-specific tables presented in the corresponding sections, where they are reported
as within-study results.

9.1. Cancer Screening and Early Oncological Detection

Cancer studies dominate the imaging literature because lesions can be localized in
mammography, CT, MRI, endoscopy, dermoscopy, histopathology, and retinal-like optical
fields. The clinical target ranges from precursor detection to malignancy classification of an
already sampled lesion. These tasks must not be treated as equivalent.

Polyp detection is a genuine precursor screening problem when the system operates
during colonoscopy before malignant transformation. The PolypGen study trained object
detectors on 7900 still and video images from a multicenter dataset and externally tested
on Kvasir [37]. YOLOv8x achieved an F1 score of 0.9058 and accuracy of 0.949, while
EigenCAM supplied regional visualization [37]. The external dataset improves robustness
evidence, but frame-level performance does not establish whether the model increases
adenoma detection without unacceptable false alarms during live procedures.

A separate multi-dataset strategy trained polyp detectors on four databases and
externally evaluated on ETIS-LaribPolypDB [38]. YOLOv8m achieved precision of 92.4%,
recall of 85.4%, F1 of 88.7%, and mAP@0.5 of 91.1% before the external test [38]. The use
of heterogeneous development data is a strength, although the reported results do not
quantify the external metrics needed to measure the remaining shift.

The ClinExpPICCOLO benchmark contributes a different form of evidence by using
65 unedited endoscopic images and establishing performance from 146 gastroenterol-
ogists [35]. Expert accuracy was 77.74%, sensitivity was 86.47%, and specificity was
74.33% [35]. While this benchmark does not replace a clinical trial, it does supply a human
reference under images designed to resemble clinical localization difficulty.

For indeterminate pulmonary nodules, the clinically relevant question is not ordinary
nodule classification but whether invasive work-up can be targeted safely. A two-path
model integrated CT, clinical variables, and blood biomarkers using 1284 development
patients and three external cohorts of 155, 136, and 96 patients [33]. External AUCs ranged
from 0.712 to 0.918 and exceeded the reported clinical or image-only baselines within each
cohort [33]. Variation between sites remains substantial, which shows why a single pooled
AUC would conceal clinically important transport differences.

Uncertainty-aware lung nodule analysis evaluated Monte Carlo dropout, deep en-
sembles, and their combination for referral [39]. Referral based on uncertainty increased
accuracy to 0.959 after uncertain cases were removed from automated decisions [39]. This
selective accuracy cannot be interpreted without reporting the retained coverage and the
workload transferred to experts.

Breast imaging spans risk estimation, screening, lesion detection, and pathology
classification. Deep-LIBRA measures breast density and case–control risk rather than
detecting a tumor [1]. MammoDG targets cross-center screening variation through domain
generalization [21]. The ultrasound uncertainty study reported 100% accuracy under
five-fold cross-validation on BUSI, but such a perfect estimate from one public dataset
requires independent testing before clinical interpretation [40].

Skin lesion systems similarly range from diagnosis of photographed lesions to screen-
ing of unselected patients. An uncertainty-aware skin model reported accuracy of 85.65,
uncertainty accuracy of 83.03, and expected calibration error of 1.93 under its evaluation [41].
The moderate discrimination accompanied by explicit uncertainty is more informative
for referral than a deterministic accuracy value alone, although external demographic
validation was not established in the analyzed evidence.
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Multi-cancer approaches move beyond site-specific screening by combining biomark-
ers or imaging signals across malignancies. The reviewed evidence identifies data sparsity,
generalizability, false positives, false negatives, affordability, regulatory approval, and
access as central bottlenecks [7]. A system that detects more cancer types also creates a
more complex confirmatory pathway because the origin and urgency of a positive signal
may remain uncertain.

9.2. Cardiovascular and Metabolic Disease

Cardiovascular early detection includes rhythm screening, structural or atherosclerotic
risk, acute event triage, and prediction of later complications. ECG and heart sounds
provide inexpensive physiological signals, while clinical records provide established risk
factors and longitudinal context. The label often determines whether the system detects
current disease or predicts future risk.

An ECG-based deep model for coronary calcification was developed using nearly
200,000 ECGs and evaluated across three health-check centers and the UK Biobank [42]. The
model achieved AUCs of 0.741 for any calcification and 0.837 for severe calcification [42].
Reclassification analyses suggest a possible role in targeted CT or statin decisions, but the
authors appropriately state that treatment implications require further clinical evaluation.

The CAD multimodal model obtained an internal AUC of 0.89 and an external AUC
of 0.83 while tolerating substantial missingness [4]. Its external decline demonstrates that
modality fusion does not remove site dependence. The model’s practical value will depend
on whether CCTA is already available, because a system requiring CCTA cannot function
as a low-cost pre-imaging screen.

Single-lead ECG arrhythmia detection is attractive for wearable deployment. The
multicenter fusion model reported an overall F1 score of 99.57%, exceeding a cascade
reference by 4.36 percentage points [43]. The study recognizes bias from intra-patient
evaluation, but the reported results do not provide the exact inter-patient and cross-dataset
values needed to assess transport.

Cardiac auscultation provides an inexpensive signal, but is sensitive to recording conditions.
Data augmentation and generalization produced sensitivity of 96%, specificity of 81%, and F1 of
90% for abnormal heart sounds [44]. The imbalance between sensitivity and specificity could be
acceptable for screening if the downstream false positive burden is manageable.

Metabolic and vascular risk models often use tabular variables. The liver fibrosis
study demonstrates multi-cohort screening with interpretable predictors [14], while the
pulmonary embolism study demonstrates external evaluation against a clinical score in
suspected patients [15]. These examples show that traditional ML can generate stronger
translational evidence than a higher-capacity architecture confined to one public dataset.

9.3. Neurological and Cognitive Disorders

Neurological early detection is difficult because disease may develop gradually, labels
may be based on imperfect clinical criteria, and patients can occupy intermediate states.
Binary classification between established disease and healthy controls is usually easier than
separating prodromal disease from normal aging or predicting progression.

STCWTNet evaluates MCI rather than established Alzheimer disease and uses cross-
subject nested validation [10]. Its sensitivity of 86.87% is lower than its specificity of 94.76%,
which matters if the intended use is screening [10]. The remaining question is whether the
learned EEG pattern transports across acquisition systems and clinical definitions of MCI.

IMBALMED distinguishes contemporaneous Alzheimer classification from 12-, 24-,
36-, and 48-month early detection targets [2]. This design aligns the task with a prediction
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horizon. External evaluation using a later ADNI phase is stronger than a random internal
split, but remains closer to dataset continuation than independent healthcare deployment.

Voice-domain generalization provides an instructive negative tradeoff. Cognitive
impairment accuracy decreased from 0.96 to 0.90 after the model was forced to suppress
center-specific information, while center-classification accuracy fell from 0.96 to 0.64 [45].
The reduced headline accuracy is evidence that the model became less dependent on
recording center, which may improve real transportability.

The Parkinson voice study similarly prioritizes subject-level evaluation and reports
accuracy between 0.827 and 0.868 [11]. These values are substantially below several public-
dataset reports synthesized later, but the methodological controls are stronger. This contrast
supports evaluating the independence structure before comparing model names.

Wearable Parkinson’s assessment provides longitudinal multicenter evidence for
digital phenotyping, but its modest cohort does not establish population screening across
other movement disorders and common comorbidities [17]. The full performance and
validation interpretation is presented in the dedicated wearable neurological subsection.

TransformEEG explicitly targets inter-subject generalizability in EEG-based Parkin-
son’s detection [46]. The importance of this objective is methodological: a model can
classify recordings accurately while failing on unseen people if person-specific spectral
structure is shared across splits. External device and site evaluation would extend this
control beyond participants.

9.4. Respiratory and Infectious Disease

Respiratory and infectious disease studies frequently use chest imaging, vital signs, blood
tests, or EHR time series. While rapid diagnostic assistance is valuable during an outbreak,
dataset construction can encode hospital, time, or scanner information. A model that distin-
guishes datasets rather than diseases may appear accurate under pooled random splitting.

The complete blood count COVID-19 study externally validated six models in two hos-
pitals and examined both AUC and calibration [18]. This design addresses transport more
directly than image classification using cases and controls collected from different repos-
itories. Privacy-aware COVID-19 prediction further showed that sensitive demographic
information can be suppressed through adversarial training without a reported loss of
hold-out and external generalization [47].

UncertaintyFuseNet combines CT and radiographic representations, reporting accu-
racy results of 99.08% and 96.35% on the respective datasets [48]. The use of ensemble
Monte Carlo dropout addresses confidence, but the results still depend on whether unseen
data represent independent clinical sites or merely withheld samples. Noise robustness is
not equivalent to epidemiological or institutional robustness.

The pediatric abdominal sepsis study provides stronger clinical evidence. Develop-
ment used 6566 retrospective patients, while prospective external evaluation included
308 patients from seven hospitals [34]. External AUC was 0.928 with a 95% confidence inter-
val from 0.895 to 0.961 [34]. The prospective multicenter cohort and routine nine-variable
input move the work beyond many retrospective sepsis models, although clinical outcome
benefit still requires a workflow trial.

Malaria parasite detection illustrates the need for patient-level as well as object-level
evaluation. The uncertainty-guided attention model was assessed under both parasite-level
and patient-level schemes across two datasets [49]. This distinction prevents thousands of
patches from being mistaken for thousands of independent patients.
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9.5. Renal, Hepatic, Musculoskeletal, and Rare Disease Applications

CKD detection from ECG is an example of cross-organ inference. The model was
developed on 49,632 patients and externally evaluated on 10,476 community hospital
patients [5]. A positive screen among people without baseline CKD predicted later incident
disease, which suggests a pre-laboratory risk signal rather than simple reproduction of
an eGFR label [5]. The mechanism may combine systemic cardiovascular effects with
kidney-related physiology, so causal interpretation should remain cautious.

The liver fibrosis study uses conventional variables and independent cohorts for
population pre-screening [14]. The rare tyrosinemia analysis seeks earlier HCC warning
from follow-up biomarkers, but includes only 35 patients [19]. Together, they show how
evidence expectations must reflect both clinical rarity and intended scale.

In a rare disease setting, accuracy can remain high when a model predicts the majority
class for most patients. Sensitivity describes the proportion of detected disease patients,
whereas specificity describes the proportion of correctly excluded non-disease patients. Pos-
itive predictive value additionally depends on disease prevalence; as prevalence decreases,
false positive referrals can dominate even when sensitivity and specificity appear favorable.
Rather than interpreting accuracy alone, rare disease evidence should report class counts,
precision or positive predictive value, AUPRC when appropriate, and uncertainty intervals.

Infrared thermography for arthritis and arthrosis achieved only about 64% overall test
accuracy despite near-perfect separation of healthy from diseased participants [50]. AUC
between arthritis and arthrosis remained approximately 0.60–0.68 [50]. This apparently
weak result is scientifically useful because it defines the prototype as a triage tool rather
than claiming replacement of conventional diagnosis.

10. Imaging-Based Early Detection
Medical imaging is the largest evidence group in this survey. Table 4 retains the

reported study-specific values together with the disease target, method, and dataset. The
table should be read horizontally within each study, not vertically as a leaderboard.

Table 4. Representative medical imaging studies. Reported performance values are retained only as
study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[51] Early Breast Cancer CNN CBIS-DDSM Accuracy 99.17%

[52] Early Breast Cancer DenseNet BreakHis Accuracy 94.808%

[53] Early Breast Cancer AlexNet–ResNet–
MobileNetV2 ensemble BUSI Accuracy 96.92% (abnormality)/94.62% (malig-

nancy)

[54] Early Breast Cancer Xception BreakHis Accuracy 83.07%

[55] Early Breast Cancer Modified Xception TL ICIAR 2018
Accuracy 99.0%; precision 99.003%; recall 98.995%;
F1-score 99.0%; sensitivity 98.55%; specificity
99.14%

[56] Early Breast Cancer CNN INbreast Accuracy 96.53%

[57] Early Breast Cancer GRU Kaggle Accuracy 86.21%; precision 85.50%; sensitivity
85.60%; specificity 84.71%; F1-score 88%; AUC 0.89

[58] Early Breast Cancer DRDA-Net BreaKHis Accuracy 95.72–98.10% across magnifications

[59] Early Breast Cancer ResNet MIAS Accuracy 89.5%

[60] Early Breast Cancer EfficientNet DDSM (cropped subset) Accuracy 95.48%

[61] Early Lung Cancer Transformer ACDC-LungHP Detection accuracy 99.62%; mean IoU 49.81; valida-
tion accuracy 99.02%; validation mean IoU 49.52

[62] Early Lung Cancer Ensemble LC25000 Lung-cancer accuracy 99.05%

[63] Early Lung Cancer SqueezeNodule-Net V1 (2D) LUNA16 Accuracy 93.2%; specificity 94.6%; sensitivity 89.2%

[64] Chronic Obstructive
Pulmonary Disease

Graph convolutional net-
work

Danish Lung Cancer
Screening Trial Accuracy 77%; AUC 0.81
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Table 4. Cont.

Study Disease/Target Group Method Dataset Reported Performance

[65] Early Lung Cancer ViT LUNA16 Accuracy 98.03%

[66] Early Lung Cancer EfficientNet LC25000 Test accuracy 99.72%

[67] Early Lung Cancer CNN-LSTM IQ-OTH/NCCD Accuracy 98.45%; precision 98.21%; recall 98.60%;
F1-score 98.40%

[68] Early Lung Cancer ViT IQ-OTH/NCCD Accuracy 98.43%

[69] Early Lung Cancer CNN IQ-OTH/NCCD Accuracy 96%; precision 97%; sensitivity 96%; F1-
score 96%; MCC 0.9406

[70] Early Lung Cancer DenseNet LUNA16 Accuracy 98.7%; sensitivity 99.2%; F1-score 95.38%

[71] Early Lung Cancer Lung EffGhost V-Net LIDC-IDRI; LC25000;
IQ-OTH/NCCD Accuracy 99.6%; DSC 97.87%; IoU 92.05%

[72] Early Skin Cancer SkinNet-14 HAM10000 Accuracy 97.85%

[73] Early Skin Cancer ResNet ISIC 2018 Accuracy 91%

[74] Early Skin Cancer ViT HAM10000 Accuracy 92.79%; sensitivity 91.09%; specificity
93.54%

[75] Early Skin Cancer Ensemble HAM10000 Mean accuracy 99.53%

[76] Early Skin Cancer MobileNet HAM10000 Accuracy 88.71%

[77] Early Skin Cancer EfficientNet ISIC 2020 Accuracy 90.54%

[78] Early Skin Cancer Hybrid ANN HAM10000 Top-1 accuracy 86%; top-2 accuracy 95%; AUC 96%

[79] Early Skin Cancer MobileNet ISIC Accuracy 88.39%

[80] Early Skin Cancer YOLOv5s–YOLOv8s fusion ISIC (nine classes) mAP@0.5 94.3%; precision 97.87%

[81] Early Skin Cancer CNN + MRFO HAM10000 Accuracy 97.70%; loss 0.0626

[82] Early Skin Cancer Hybrid Capsule CNN Nail Disease Detection Validation accuracy 99.25%; precision 97.35%; recall
96.79%

[83] Early Skin Cancer Attention ISIC 2019 Accuracy 97.4%

[84] Early Skin Cancer ViT HAM10000 Accuracy 96.74%; precision 95.46%; recall 96.27%;
specificity 96.00%; F1-score 95.86%

[85] Early Brain Tumor MobileNet Kaggle Accuracy 97%

[86] Early Brain Tumor Random Forest Kaggle Accuracy 99%

[87] Early Brain Tumor ML BRaTs 2020 Classification accuracy 98%; multiclass segmenta-
tion Dice 92%

[88] Early Brain Tumor YOLOv5 BRATS 2018 subset Accuracy 85.95%

[89] Early Brain Tumor CNN Kaggle Accuracy 97.8%; specificity 98.5%; recall 96.2%; F1-
score 98.5%; precision 97.3%

[90] Early Brain Tumor CNN Kaggle Accuracy 97%

[91] Early Brain Tumor SVM Kaggle Accuracy 62%; sensitivity 82%

[92] Early Brain Tumor ResNet Kaggle Accuracy 90.2%

[93] Early Brain Tumor VGG T1-weighted CE Accuracy 95%

[94] Early Brain Tumor ResNet101 Kaggle Accuracy 99.62%; precision 96%; recall 98%; F1-
score 97%

[95] Early Brain Tumor Autoencoder + GBM Brain Cancer Detection
MRI

Accuracy 96.8%; precision 97.4%; recall 96.2%; F1-
score 96.8%; AUC 0.99

[96] Additional Cancer
Types CNN–DBN + PSOBER Kaggle oral images Accuracy 97.35%

[97] Additional Cancer
Types GhostNet SIPakMeD Accuracy 96.39%; precision 96.42%; recall 96.39%;

specificity 99.09%

[24] Additional Cancer
Types Autoencoder Herlev Accuracy 99.2%

[98] Additional Cancer
Types Six-classifier comparison STRAMPN ovarian

histopathology Accuracy 99%

[99] Additional Cancer
Types BiLSTM Kaggle Accuracy 98%; recall 99.7%; precision 93%; F1-score

98%

[100] Additional Cancer
Types Attention Kaggle Accuracy 94.3%

[101] Additional Cancer
Types CerviSegNet-DistillPlus Cx22 Accuracy 94%; sensitivity 96.23%; specificity

92.19%; Dice 0.9855

[102] Additional Cancer
Types Majority-voting ensemble PICCOLO Classification accuracy 94.25%; segmentation DSC

92.44%
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Table 4. Cont.

Study Disease/Target Group Method Dataset Reported Performance

[103] Additional Cancer
Types EfficientNet C-NMC Accuracy, recall, precision, specificity, and F1-score:

97.34% each

[104] Additional Cancer
Types CNN PBS image

Initial accuracy 97.85%; augmented accuracy
99.32%; precision 99.35%; recall 99.33%; F1-score
99.58%

[105] Additional Cancer
Types EfficientNet + NSGA-II Colon histopathology

images Accuracy 99.97%

[106] Additional Cancer
Types MobileNet Sipakmed Accuracy 97.9%

[107] Additional Cancer
Types GoogLeNet SUN colonoscopy Accuracy 98%

[108] Additional Cancer
Types CNN KVASIR Accuracy 98%

[109] Additional Cancer
Types CNN TCGA Accuracy increased from 75% to 91%; reported

AUC-ROC 95%

[110] Diabetes and Diabetic
Eye Disease Attention DFUC Accuracy 98%; F1-score 90%

[111] Diabetes and Diabetic
Eye Disease Dual-branch DL APTOS 2019

Binary accuracy 98.50%; sensitivity 99.46%; speci-
ficity 97.51%; stage-grading accuracy 89.60%;
sensitivity 89.60%; specificity 97.72%; quadratic
weighted kappa 93.00%

[112] Diabetes and Diabetic
Eye Disease 3D-CNN + feature fusion Six retinal datasets Mean accuracy 97.71%

[113] Diabetes and Diabetic
Eye Disease CNN DIARETDB1 Accuracy 92%

[114] Diabetes and Diabetic
Eye Disease CNN ensemble Diabetic Retinopathy Validation accuracy 87.31%

[115] Diabetes and Diabetic
Eye Disease ResNet EyePACS Accuracy 86.36%

[116] Diabetes and Diabetic
Eye Disease Inception APTOS Accuracy 86.54%

[117] Diabetes and Diabetic
Eye Disease ResNet Kaggle Accuracy 91%

[118] Diabetes and Diabetic
Eye Disease Ensemble of ensembles Combined ocular-

disease images Accuracy 88%

[119] Diabetes and Diabetic
Eye Disease ResNet ODIR Accuracy 98%; precision 98%

[120] Diabetes and Diabetic
Eye Disease

InceptionResNet
V2

MURED Accuracy 49.85%

[121] Diabetes and Diabetic
Eye Disease EfficientNet Kaggle

Accuracy 95.12%; precision 95.21%; recall 94.88%;
F1-score 95.00%; Dice 94.91%; Jaccard 91.2%; MCC
0.925

[122] Diabetes and Diabetic
Eye Disease ResNet Mendeley OCT Accuracy 99.5%

[123] Diabetes and Diabetic
Eye Disease LSTM DRISHTI-GS Accuracy 97.4%; sensitivity 97%; specificity 97.9%

[124] Diabetes and Diabetic
Eye Disease DenseNet Messidor Accuracy 88%

[125] Neurological Disorder VGG19 NIATS Accuracy 96.67%

[126] Early Dementia Supervised ML ADNI Accuracy 92.5%

[127] Neurological Disorder ResNet Kaggle Test accuracy 97.31%

[128] Alzheimer Disease VGG ADNI
Binary accuracies: 93.05% (AD/MCI), 86.39%
(MCI/CN), and 92.00% (AD/CN); ternary accuracy
93.12%

[129] Neurological Disorder EfficientNet ADNI Accuracy 98.94% (CN vs. AD); 98.42% (MCI vs.
CN)

[130] Neurological Disorder ViT Kaggle Accuracy 99.60%; precision 99.0%; recall 98.1%; F1-
score 98.51%

[131] Neurological Disorder CNN Kaggle Accuracy 99.68%

[132] Neurological Disorder VGG Kaggle Accuracy 94%

[133] Neurological Disorder Multiple transfer-learning
models Kaggle AD MRI maximum Accuracy 99.96%
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Study Disease/Target Group Method Dataset Reported Performance

[134] Neurological Disorder XGBoost Kaggle Accuracy 87%

[135] Neurological Disorder DenseNet Kaggle Accuracy 89.38%

[136] Neurological Disorder CNN with attention ADNI Accuracy 96.64%

[137] Neurological Disorder CNN ADNI Accuracy 81.80%; recall 82.50%; precision 81.80%;
specificity 80.50%; validation AUC 91.5%

[138] Neurological Disorder DenseNet264 ADNI

sMCI vs. AD: training accuracy 82.5%, training
AUC 87.63%, test accuracy 81.03%; AD vs. CN:
training accuracy and AUC 100%, test accuracy
99.56%

[139] Respiratory and Infec-
tious Disease DenseNet COVIDx Accuracy 99.44%; COVID-19 precision 98.40%; sen-

sitivity 99.59%; specificity 99.50%

[140] Respiratory and Infec-
tious Disease Ensemble Montgomery Accuracy 98.4%

[141] Respiratory and Infec-
tious Disease EfficientNet Kaggle Accuracy 92%

[142] Respiratory and Infec-
tious Disease kNN Kaggle Accuracy 98.07%

[143] Respiratory and Infec-
tious Disease

Multi-stage
SqueezeNet/ResNet-
50/EfficientNet-b0

COVID-QU-Ex
Stage accuracies: 99% (normal vs. abnormal), 98%
(COVID-19 vs. non-COVID), and 97% (pneumo-
nia/TB subclassification)

[144] Respiratory and Infec-
tious Disease Xception Kaggle + center CT data Accuracy 90.34%; precision, recall, and F1-score

90.91% each; AUC 0.9668

[145] Respiratory and Infec-
tious Disease DenseNet on COVID-19 5902 chest X-ray images Accuracy 98.2%; sensitivity 97.6%; specificity 98.4%

[146] Respiratory and Infec-
tious Disease OSegNet QaTa-COV19 Accuracy 99.65%; precision 98.09%

[147] Respiratory and Infec-
tious Disease VGG Kaggle Accuracy 86%

[148] Kidney and Liver Dis-
ease ViT CKD Classification accuracy 94.38%; segmentation IoU

82.34%; Dice 91.57%

[149] Early-Stage Lung Can-
cer Attention LIDC-IDRI Accuracy 94.2%; AUC 0.957

[150] Autism Spectrum Dis-
order InceptionV3 + CNN ABIDE I Accuracy 85.71%; precision 100%

[151] Autism Spectrum Dis-
order Multiple DL architectures ABIDE MRI Accuracy 80–84%

[152] Cancer Type and Sub-
type

VMobileNet–Vception
fusion

Eight cancer classes/26
subclasses Accuracy 99.95/99.13% (major/subclass)

[153] Autism Spectrum Dis-
order CNN ABIDE Accuracy 99.39%; recall 98.80%; precision 99.85%;

F1-score 99.32%

[154] Autism Spectrum Dis-
order YOLO ABIDE Accuracy 99.3%; precision 98.9%; recall 99.1%; F1-

score 99.0%

10.1. Preprocessing, Segmentation, and Region Selection

Preprocessing decisions determine which information reaches the model. Cropping
can remove irrelevant background, but can also encode lesion location supplied by an
annotator; similarly, contrast enhancement can reveal subtle structure but may amplify
acquisition-specific noise. While segmentation can improve lesion-focused classification,
using ground-truth masks at test time creates a workflow that may not exist clinically.

The semi-supervised breast mass segmentation study combines residual attention with
uncertainty-guided mean-teacher learning [155]. Its contribution addresses limited labels
and ambiguous boundaries, but segmentation remains an intermediate task. The clinical
value depends on whether the automated mask improves lesion classification, reading
time, or patient management.

The OCT uncertainty-guided cross-transformer focuses on difficult boundaries be-
tween retinal fluid categories [156]. Semantic uncertainty is used to guide the segmentation
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representation. The approach is relevant to early detection only when the segmented fluid
changes screening, grading, or referral decisions.

10.2. Generalization Across Scanners and Sites

Cross-domain shift can arise from scanner manufacturer, reconstruction kernel, image
compression, protocol, patient positioning, and local annotation practice. Randomly mixing
images from all sites into training and testing measures interpolation across a known mixture, not
deployment at an unseen center. Leave-one-site-out or external validation is more informative.

MammoDG uses contrastive regularization to suppress center-specific mammography
variation [21]. The domain-generalized voice study shows how explicitly removing center in-
formation can lower internal accuracy while improving invariance [45]. These studies support
reporting both disease discrimination and the residual ability to predict acquisition site.

The knee osteoarthritis harmonization framework was trained on the Osteoarthritis
Initiative dataset and externally evaluated on a Mendeley dataset [157]. It reported 98.43%
accuracy and an AUC of 99.01% after structural harmonization [157]. While the values are
strong, clinical validation requires confirmation that labels, severity definitions, and patient
spectrum are comparable across the two sources.

10.3. Uncertainty and Referral in Imaging

Uncertainty estimation can convert a closed classifier into a selective system that
refers difficult cases. The important outcome is the risk–coverage relationship, that is,
performance among automated cases as coverage decreases. Reporting only the improved
accuracy after referral omits the cost imposed on clinicians.

The lung CT uncertainty study compared Monte Carlo dropout, deep ensembles, and
ensemble Monte Carlo dropout [39]. The vertebral metastasis study likewise used ensemble
Monte Carlo dropout on 11,468 abdominal CT examinations [158]. Hercules evaluates an
uncertainty-aware hierarchical fusion architecture across retinal OCT, lung CT, and chest
radiography [159]. Cross-dataset breadth supports technical versatility, but each disease
still needs calibration and referral evaluation at its clinical prevalence.

11. Biosignal-Based Early Detection
Biosignals provide temporally dense evidence from electrical, acoustic, hemodynamic,

and motor processes. Table 5 summarizes the studies assigned primarily to this modality.
Signal preprocessing can become part of the learned shortcut. Filtering, beat extraction,

artifact rejection, time–frequency transformation, and window length affect both perfor-
mance and deployment requirements. A model tested on manually cleaned recordings
may not remain accurate on continuous ambulatory data.

The arrhythmia multicenter study uses end-to-end multi-scale convolution and se-
quence learning to capture complementary temporal resolutions [43]. The Parkinson’s
EEG transformer preserves electrode topology before modeling channel interactions [10].
The Parkinson’s voice framework uses explicit acoustic features and subject-level nested
validation instead of end-to-end representation learning [11]. These three designs show that
no single representation strategy is uniformly superior across signal types and cohort sizes.

Recording device shift is a central problem. The voice domain generalization study
in [45] reduced the ability to identify the recording center while retaining cognitive classifi-
cation. This type of adversarial check should be extended to ECG devices, EEG amplifiers,
sensor placement, and sampling rate.
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Table 5. Representative biosignals studies. Reported performance values are retained only as
study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[160] Cardiovascular Disease HybDeepNet MIT-BIH Accuracy 98.6%

[161] Heart Failure ML MIMIC Accuracy 98%; sensitivity 97.60%;
specificity 96.90%; precision 97.20%

[162] Cardiovascular Disease CNN PTB
Training/validation/test accuracies
99.37%/99.15%/99.31%; top F1-score
0.99

[163] Cardiovascular Disease ML Physionet Chal Accuracy 98.03%; sensitivity 97.64%;
specificity 98.43%

[164] Cardiovascular Disease BiLSTM Shaoxing Accuracy 98.57% (lead II); 98.34% (lead
aVF)

[165] Cardiovascular Disease CNN MIT-BIH Binary accuracy 98.35%; multiclass
accuracy 99.3%

[166] Cardiovascular Disease EfficientNet MIT-BIH Accuracy 98.78% and 99.22% on the two
evaluated datasets

[167] Cardiovascular Disease Attention MIT-BIH Accuracy 99.18%; F1-score 99.18%

[168] Cardiovascular Disease CNN MIT-BIH
Training/validation/test accuracies
99.50%/99.06%/99.34%; top F1-score
0.99

[169] Cardiovascular Disease LSTM MIT-BIH Accuracy 97%

[170] Neurological Disorder XGBoost DementiaBank Accuracy 75.59%

[171] Neurological Disorder SpectroCVT-Net BrainLat Accuracy 92.59% ± 2.3%

[172] Neurological Disorder Attention IBIB-PAN Accuracy 99.9%

[173] Neurological Disorder CNN UCI Accuracy 98.4%

[174] Neurological Disorder BiLSTM CHB-MIT Accuracy 95.03%

[175] Neurological Disorder Two-branch DL framework CHB-MIT Patient-specific mean accuracy 96.36%;
F1-score 96.38%

[176] Neurological Disorder Lightweight CNN ensemble MUMTAZ benchmark Accuracy LSSOCV 94.1%

[177] Neurological Disorder ResNet MODMA Accuracy 95.63%; F1-score 95.97%;
sensitivity 95.06%; specificity 96.31%

[178] Neurological Disorder SVM Bonn EEG Accuracy 100%

[179] Respiratory and Infectious Disease ViT ICBHI Accuracy 99.23%

[180] Depression ECAPA-TDNN Chinese depression Accuracy 90.4%; mean F1-score 90.8%

12. EHR and Clinical Tabular Data
EHR and clinical tabular studies are summarized in Table 6. The largest risk in this

modality is temporal and process leakage.
EHR missingness is informative because clinicians order tests selectively. Treating

missing values as random can erase useful workflow information, while exploiting them
can make the model dependent on one institution’s practice. Both the biological variables
and missingness indicators should be evaluated under external shift.

The CAD multimodal study explicitly tested performance with incomplete modali-
ties [4]. The pulmonary embolism model used routine physical and laboratory variables,
and performed comparison with established clinical scores [15]. The pediatric sepsis model
used nine routine variables and a prospective seven-hospital external cohort [34]. These
designs are closer to executable workflows than models based on convenience datasets
with no defined index time.

Calibration is especially important for tabular risk prediction, where outputs are often
interpreted as probabilities. The COVID-19 external validation study reports Brier score as
well as AUC [18], while the liver fibrosis study reports confidence intervals across multiple
external cohorts [14]; such reporting should become standard.
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Table 6. Representative EHR and clinical tabular studies. Reported performance values are retained
only as study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[181] Early Breast Cancer SVM+PSO Coimbra Accuracy 91%

[182] Early Breast Cancer Optimized ensemble + XAI Wisconsin Accuracy 99.99%

[183] Early Breast Cancer Shallow ANN WBCD
Accuracy 99.85%; specificity 99.72%;
sensitivity 100%; precision 99.69%;
F1-score 99.84%; AUC 99.86%

[184] Early Breast Cancer Logistic Reg. Kaggle Accuracy 99.65%

[185] Early Lung Cancer BiLSTM MIMIC Accuracy 98.1%; MCC 96.2%

[186] Early Lung Cancer XGBoost Kaggle Accuracy 98%; precision 98%; sensi-
tivity 98%

[187] Additional Cancer Types Random Tree Kaggle Accuracy 98.33%

[188] Cardiovascular Disease Random Forest Kaggle Accuracy 99.12%

[189] Cardiovascular Disease Extra Trees Kaggle Accuracy 98.15%

[190] Cardiovascular Disease XGBoost UCI Accuracy 92.2%

[191] Cardiovascular Disease Ensemble UCI Accuracy 86.89%

[192] Cardiovascular Disease XGBoost CVD Accuracy 95.24%

[193] Cardiovascular Disease Random Forest Cleveland Accuracy 82.6%; precision 81.5%; re-
call 83.7%; F1-score 82.5%

[194] Cardiovascular Disease Gradient Boosting Taiwanese adult cohort Accuracy 76.2%; AUC 0.846; sensi-
tivity 77.6%; specificity 75.9%

[195] Cardiovascular Disease Boosting Ensemble Cleveland Accuracy 93.44%

[196] Cardiovascular Disease Enhanced MLP CDC cardiac disease Accuracy 92%

[197] Cardiovascular Disease
CardioSenseNet/
SADNet Cleveland and CVD Accuracy 99%

[198] Cardiovascular Disease XGBoost Kaggle Accuracy 94.34%; F1-score 95.19%

[199] Diabetes and Diabetic Eye Disease Neural Network UCI Accuracy 88.6%

[200] Diabetes and Diabetic Eye Disease Autoencoder PIMA Accuracy 92.31%

[201] Diabetes and Diabetic Eye Disease LSTM Pima Accuracy 99%

[202] Diabetes and Diabetic Eye Disease Logistic Reg. PIMA
Accuracy 77.6%; sensitivity 72.4%;
specificity 79.6%; Type I error 27.6%;
Type II error 20.4%

[203] Diabetes and Diabetic Eye Disease XGBoost Pima Accuracy 96.84%; AUC 0.99

[204] Diabetes and Diabetic Eye Disease Autoencoder PIMA Accuracy 92.16%; F1-score 90.29%;
ROC AUC 94%

[205] Diabetes and Diabetic Eye Disease Multilayer perceptron PIMA Indian Diabetes
dataset Accuracy 86.08%

[206] Diabetes and Diabetic Eye Disease Extra Trees PIMA Accuracy 96.58%

[207] Diabetes and Diabetic Eye Disease Random Forest Sylhet Accuracy 97.5%; F1-score 97.5%;
ROC AUC 99.80%

[208] Diabetes and Diabetic Eye Disease Gradient Boosting PIMA Accuracy 90.25%; ROC score 96.38%;
F1-score 86.48%

[209] Diabetes and Diabetic Eye Disease XGBoost Iraqi diabetes Accuracy 99.50%; precision 99.52%;
recall 99.50%; F1-score 99.51%

[210] Diabetes and Diabetic Eye Disease Proposed DL model UCI diabetes Accuracy 98.71%; precision 98.74%;
recall 98.71%; F1-score 98.71%

[211] Neurological Disorder SVM PPMI Accuracy 86.3%

[212] Neurological Disorder MLP OASIS Accuracy 95.75%

[213] Kidney and Liver Disease Random Forest CKD Accuracy 96.8%; recall 1.00 for CKD
cases

[214] Kidney and Liver Disease Deep ensemble CKD longitudinal data Accuracy 99.3/99.2% (6/12 months)

[215] Kidney and Liver Disease Robust ML model UCI CKD Accuracy 100%

[216] Kidney and Liver Disease Genetic Programming UCI Accuracy 99.33%; AUC 0.99

[217] Kidney and Liver Disease TrioNet CKD Accuracy 98.97%

[218] Kidney and Liver Disease LSTM MIMIC Accuracy 92.4%
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Table 6. Cont.

Study Disease/Target Group Method Dataset Reported Performance

[219] Kidney and Liver Disease Improved DBN CKD Accuracy 98%

[220] Kidney and Liver Disease Dense-layer DNN CKD
Accuracy, precision, recall, and F1-
score 99%; ROC AUC 0.9821; MCC
0.9727

[221] Kidney and Liver Disease BWOA feature selection CKD Accuracy 100%

[222] Kidney and Liver Disease CatBoost+HHO ILPD Accuracy 85%

[223] Kidney and Liver Disease Decision Tree CKD Accuracy 98.60%

[224] Osteoporosis Risk XGBoost NHANES Accuracy 93%; AUC 0.94; mean
cross-validation score 0.929 ± 0.030

[225] Depression Ensemble NHANES Accuracy 95.4%; F1-score 0.976

[226] Autism Spectrum Disorder ML UCI Accuracy 99.77%

[227] Autism Spectrum Disorder Gradient Boosting Clinical ASD Accuracy 98.18%; sensitivity 98.16%;
precision 98.16%

[228] Autism Spectrum Disorder LSTM ABIDE Accuracy 95%

[229] Autism Spectrum Disorder XGB/SVM + ET selection ASD screening data Accuracy, precision, recall, and F1-
score 100%

13. Omics and Molecular Early Detection
Omics studies are summarized in Table 7. Their promise lies in detecting molecular

change before visible anatomy, while their principal shortcoming is dimensionality that far
exceeds the number of independent patients.

Table 7. Representative omics and molecular studies. Reported performance values are retained only
as study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[230] Additional Cancer Types Random Forest NCI PBSII Accuracy 99.2%

[231] Spinal Muscular Atrophy Autoencoder + FCN SMA transcriptomic data Cross-validation accuracy 90.0%; ROC AUC
0.948; false discovery rate 5.0%

[232] Genetic Disease XGBoost Kaggle Accuracy 98%

[233] Renal Cancer Stage Weighted GCN TCGA-KIRC Accuracy 82%

Feature selection must be fitted inside each training fold. Selecting genes, proteins,
or metabolites on the full dataset prior to cross-validation leaks outcome information into
every fold. Batch correction must also avoid using test labels or future samples.

The preterm birth transformer provides a controlled comparison of cfDNA, cfRNA,
and their integration [16]. The thyroid model integrates clinical variables with gene ex-
pression information, reporting 94.6% accuracy [234]. The tyrosinemia study uses a small
longitudinal biomarker dataset to identify a potential early HCC signal [19]. These studies
occupy different evidence levels, and should not be compared numerically.

Molecular models also require assay-level validation. A representation learned from
one sequencing platform or laboratory may absorb batch identity; therefore, external
validation should cross both patient population and laboratory process when possible.

14. Wearable and Continuous Monitoring
Wearable and continuously sampled data change early detection from a single diag-

nostic encounter into a longitudinal inference problem [235]. The studies in Table 8 were
included only when a body-worn or continuously operating sensor contributed directly to
the prediction.
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Table 8. Representative wearable and continuous monitoring studies. Reported performance values
are retained only as study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[235] Atrial Fibrillation PPG-based CNN 111 evaluable participants;
91,857 intervals Sensitivity 96.1%; specificity 98.1%

[236] Severe Hyperkalemia in
ESRD

Kardio-Net on smartwatch
ECG

40-patient prospective
smartwatch cohort AUC 0.831; MAE 0.580 mEq/L

[237] Dengue Severity CNN on wearable PPG 132 adults and 15 children;
1781 h

Adult precision 0.785; recall 0.771; paediatric
precision and recall 0.891

[238] Tonic–Clonic Seizures Fixed accelerometer–PPG
algorithm

Four monitoring units plus
ambulatory cohort

Monitoring units: sensitivity 100%, FAR
0.05/24 h, precision 68%, latency 32.07 s; am-
bulatory: sensitivity 100%, FAR 0.13/24 h,
precision 22%, latency 37.38 s

[239] Presymptomatic Inflam-
matory Response

Gradient boosting on
ring/watch/shirt signals

55 healthy adults in con-
trolled trial

Ring ROC AUC: 0.73 real-time, 0.89 at 24 h;
shirt 24-h AUC 0.91, specificity 0.83, F1-score
0.65

[240] Frailty XGBoost on gait and activ-
ity 51 long-term-care residents Accuracy 86.3%; AUC 0.92

[241] Epileptic Seizure Risk Hybrid ML and cycle
model

11 participants; mean 337
days

High-risk time reduced 29%; sensitivity in-
creased 11%

[242] Seven-Day COPD Exacer-
bation

ML/DNN with wearable
and environment data

67 patients; 25 exacerba-
tions

Accuracy 92.1%; sensitivity 94%; specificity
90.4%

[243] Four-Stage Sleep Classifi-
cation Quantized SleepLiteCNN Single-lead ECG Accuracy and F1 90%; 5.48 J/inference

[244] One-Hour Hypoglycemia
Risk Multimodal BiLSTM 33 adults; 1164 participant-

days

ROC AUC 0.867; PR AUC 0.341; event sen-
sitivity 77%; precision 0.14; Brier score ap-
proximately 0.03

[245] Nocturnal Major Seizures Attention CNN–LSTM 68 patients; 6304 h Accuracy 0.793; sensitivity 0.762; PPV 0.334;
FAR 0.165/h

[246] Atrial Fibrillation Burden Corrected PPG CNN–
LSTM 1054 ablation patients

Sensitivity 98.60%; specificity 99.27%; bur-
den MAPE reduced from 1.11% to 0.85%;
correlation 0.9988

[36] Carotid Pathology Interpretable ML on neck
accelerometry

Flow phantom and 74 pa-
tients

AUROC 0.97; AUPR 0.947; sensitivity 81.7%;
specificity 93.6%; precision 85.4%; F1-score
83.5%; accuracy 89.8%

[247] COPD Lung Function Es-
timation

Regularized interpretable
ML

707 recordings from 423 pa-
tients FEV1 MAE approximately 15%

[248] Focal Impaired-
Awareness Seizures

ECG quality assessment
plus DL

161 seizures from 38 analyz-
able patients Median sensitivity 66.6%; FAR 5.2/24 h

14.1. Cardiovascular and Metabolic Monitoring

A prospective multicenter evaluation enrolled 117 patients with paroxysmal atrial
fibrillation and compared continuous wrist photoplethysmography with a 14-day ECG
reference monitor [235]. The convolutional model was assessed on 91,857 fifteen-minute
intervals from 111 evaluable participants and achieved 96.1% sensitivity and 98.1% speci-
ficity [235]. Photoplethysmography-derived atrial fibrillation burden correlated strongly
with the reference burden, with R2 = 0.986 and a mean difference of 0.8% [235]. This
design is stronger than validation on isolated public waveforms because it tests prolonged
ambulatory acquisition, actual wear time, and burden estimation against a simultaneous
reference device [235]. Nevertheless, its clinical scope remains monitoring of patients
already known to have paroxysmal atrial fibrillation rather than population screening for
previously undiagnosed disease [235].

A later prospective study used intermittent watch ECG segments as anchors for correct-
ing continuous watch photoplethysmography in 1054 patients undergoing atrial fibrillation
ablation [246]. The corrected CNN–LSTM system reported 98.60% sensitivity and 99.27%
specificity against patch ECG [246]. Correction reduced the mean absolute percentage
error of burden estimation from 1.11% to 0.85%, while the correlation with the reference re-
mained 0.9988 [246]. The result supports complementary sensing: photoplethysmography
supplies coverage, whereas intermittent ECG supplies a higher-specificity physiological
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anchor [246]. Because the cohort consisted of patients undergoing ablation, the evidence
primarily supports post-diagnostic rhythm management and should not be interpreted as
proof of screening performance in an asymptomatic population [246].

Wearable ECG can also be used to infer a laboratory abnormality rather than to classify
rhythm [236]. Kardio-Net was trained on 293,557 ECG–potassium pairs from 152,508 pa-
tients, fine-tuned using 4337 ECGs from 1463 patients with end-stage renal disease, and
tested at an external health system [236]. For single-lead ECG, the external AUC for severe
hyperkalemia was 0.807 and the mean absolute error was 0.740 mEq/L [236]. A prospective
international cohort of 40 patients produced a smartwatch AUC of 0.831 and a mean abso-
lute error of 0.580 mEq/L [236]. The external and prospective evaluations make the study
clinically informative, but the wide confidence interval around the smartwatch AUC re-
flects the small prospective sample [236]. This model should be viewed as a possible trigger
for confirmatory blood testing rather than a replacement for serum measurement [236].

During Ramadan fasting, a free-living study combined continuous glucose monitor-
ing with wrist-derived behavioral and physiological signals from 33 adults with type-1
diabetes [244]. Patient-wise splits were used on 1164 retained participant-days, and hypo-
glycemia represented approximately 4% of hourly observations [244]. The best multimodal
model achieved an ROC AUC of 0.867, a precision–recall AUC of 0.341, and 77% recall for
events one hour ahead [244]. At that sensitivity-focused operating point, precision was only
0.14, showing that apparently strong ROC discrimination can coexist with a substantial alert
burden when events are rare [244]. The reported Brier score of approximately 0.03 supports
probability calibration in the held-out data, but external and prospective interventional
validation remain necessary [244].

14.2. Respiratory and Infectious-Disease Warning

An early COPD exacerbation system prospectively followed 67 patients for a mean of
four months using a Fitbit device, home air quality sensing, and symptom reporting [242].
Twenty-five exacerbation episodes were observed, and the seven-day prediction model
reported 92.1% accuracy, 94% sensitivity, 90.4% specificity, and an AUC above 0.9 [242].
Daily steps, stairs climbed, and distance moved were the most influential variables, sug-
gesting that reduced activity may provide an early behavioral signal [242]. The event
count is small relative to the dense longitudinal stream, so the effective evidence base is
25 clinical episodes rather than the much larger number of daily observations [242]. This
study demonstrates feasibility, but does not establish transport across devices, climates, or
healthcare systems [242].

A complementary COPD study analyzed 707 week-long armband recordings from
423 patients in the COSYCONET cohort to estimate forced expiratory volume in one sec-
ond [247]. Regularized and feature-selected models achieved a mean absolute error of
approximately 15%, with accelerometry variability, age, and walking measures among
the most informative predictors [247]. The larger cohort strengthens estimation of the
association between daily activity and lung function, but predicted FEV1 is not equivalent
to detecting an acute exacerbation [247]. Clinical use would require a prospective study
showing that changes in the wearable estimate precede deterioration and improve the
timing of spirometry or treatment [247].

The WE SENSE controlled trial monitored 55 healthy adults before and after expo-
sure to a live attenuated influenza vaccine using a smart ring, watch, and shirt [239].
Gradient-boosting models were trained on 35 participants, with validation and testing on
ten participants each [239]. A night-time Oura Ring model achieved an ROC AUC of 0.73
for real-time prediction of inflammatory surges, and achieved 0.89 when a 24-h tolerance
window was allowed [239]. Adding shirt-derived day and night signals increased the
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24-h tolerance AUC to 0.91, whereas the symptom-only model achieved 0.79 [239]. The
controlled challenge supports presymptomatic physiological detection; however, vaccine-
induced inflammation is a surrogate challenge rather than naturally acquired infection,
and the participant-level test set was small [239].

A prospective dengue study collected 1781 h of wearable photoplethysmography from
132 adults and 15 children admitted in Vietnam [237]. The best CNN achieved precision
of 0.785 and recall of 0.771 for three-level adult severity classification [237]. In the smaller
pediatric analysis, precision and recall were both 0.891 for distinguishing severe illness
from post-disease follow-up [237]. The study shows that low-cost continuous sensing can
encode severity information in an endemic clinical setting, but five-fold cross-validation
at one hospital does not establish geographic transport [237]. The pediatric estimate is
especially uncertain because it is based on only fifteen patients and compares illness with a
later recovery state that may be easier to separate than concurrent severity grades [237].

14.3. Neurological and Functional Detection

A fixed-and-frozen Apple Watch algorithm was evaluated prospectively across four
epilepsy monitoring units and an ambulatory group using accelerometry and photoplethys-
mography [238]. It detected all nineteen tonic–clonic seizures observed in the monitoring
units and all ten ambulatory seizures, although the corresponding confidence intervals
were wide [238]. Precision decreased from 68% in monitoring units to 22% in ambu-
latory use, while false alarms increased from 0.05 to 0.13 per 24 h [238]. The contrast
illustrates why sensitivity measured in a controlled unit does not capture the alert burden
created by uncontrolled daily movement [238]. The ambulatory result is also dominated
by only three participants who experienced seizures, limiting conclusions about between-
patient robustness [238].

A nocturnal armband study monitored 68 patients for as long as three months and
accumulated 6,304 h across 788 nights [245]. Threshold pre-screening retained 94.0%
of seizures while reducing the signal volume by 81%, after which an attention-based
CNN–LSTM classified candidate events [245]. The final model reported mean sensitivity
of 0.762, positive predictive value of 0.334, and 0.165 false alarms per hour [245]. The
two-stage design is computationally practical, but the positive predictive value shows that
most generated alerts were not seizures [245]. A complete home alert system should report
alarms per night and caregiver workload alongside window-level accuracy [245].

Focal impaired awareness seizures are more difficult because their autonomic manifes-
tations vary across patients [248]. A three-center study recruited 236 patients and evaluated
wearable ECG against expert-labeled video-EEG events using leave-one-patient-out valida-
tion [248]. After technical exclusions and automatic data quality screening, analysis retained
161 seizures from 38 patients and produced a median sensitivity of 66.6%, with 5.2 false
alarms per 24 h [248]. An exploratory subgroup of twenty responders reached median
sensitivity of 100%, but selecting responders after observing performance cannot be treated
as validation of a prospective personalization rule [248]. The reduction from the recruited
cohort to the quality-eligible analytic cohort is itself a deployment result, as unreliable
signals can make the algorithm unavailable precisely when monitoring is needed [248].

Ultra-long monitoring provides a different view of seizure risk [241]. A hybrid fore-
casting system used wrist heart rate and step count from eleven participants monitored for
an average of 337 days, with seizures referenced by EEG [241]. The long-horizon system
reduced time classified as high risk by 29% while increasing sensitivity by 11% relative to
the comparison models [241]. Although long follow-up captures within-person cycles that
short admissions cannot observe, eleven participants cannot establish general performance
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across differing epilepsy phenotypes [241]. Thus, the evidence supports individualized
forecasting feasibility more strongly than a population-level model [241].

WATCH-PD collected consumer-grade measurements from 82 early-stage Parkinson’s
patients and 50 age-matched comparison participants in a one-year multicenter longitudi-
nal study [17]. Its random forest model reported 92.3% accuracy, 90.0% sensitivity, 100%
specificity, and an AUC of 0.92 [17]. Longitudinal multicenter acquisition improves eco-
logical relevance, but the modest number of controls makes perfect specificity sensitive to
sample composition and threshold selection [17]. The evidence is promising for digital phe-
notyping, although broader screening claims require independent prospective cohorts [17].

A long-term-care study used a single accelerometer to obtain a five-meter gait record-
ing and approximately one week of daily activity from 51 older adults [240]. Extreme
gradient boosting achieved 86.3% accuracy and an AUC of 0.92 under leave-one-out
cross-validation [240]. Explainability analysis associated frailty with greater stride length
variability, sample entropy, and gait asymmetry [240]. The model addresses an underrep-
resented high-risk population, but the cross-sectional secondary analysis does not show
that the identified patterns predict future transition into frailty [240]. Leave-one-out valida-
tion also reuses nearly the entire small cohort for each fitted model, making independent
facility-level validation important [240].

14.4. Specialized Sensors and Edge Feasibility

A neck-worn accelerometer patch captured carotid flow vibrations and was evaluated
in a flow phantom and 74 clinical participants [36]. Interpretable wavelet features classified
at least 50% stenosis or another carotid abnormality with an AUROC of 0.97 and an AUPR
of 0.947 [36]. At the prespecified threshold, sensitivity was 81.7% and specificity was
93.6% [36]. The combination of a mechanistically targeted sensor and a small feature set is
attractive for screening, but independent-site validation was not reported [36]. The mixed
pathology definition also requires disease-specific analysis before the device can be used to
guide referral for stenosis [36].

Continuous inference must fit within the energy and latency limits of the device [243].
SleepLiteCNN classified four sleep stages from single-lead ECG with 89% accuracy and an
F1 score of 89% [243]. Eight-bit quantization reduced energy to 5.48 J per inference while
retaining 90% accuracy and F1 score [243]. This result demonstrates that model compres-
sion can improve deployability without an obvious loss in the reported discrimination
metrics [243]. Sleep staging is not itself equivalent to diagnosing sleep apnea or insomnia,
so clinical detection claims require evaluation against disease-specific endpoints rather
than sleep stage labels alone [243].

14.5. Cross-Cutting Evidence Requirements

Wearable data create many correlated windows from comparatively few indepen-
dent participants, as illustrated by the 91,857 atrial fibrillation intervals originating from
111 participants [235]. This makes participant-wise separation essential, as random window
splitting can place the same person’s physiology in training and test sets [244]. Evaluation
should additionally separate recording periods or devices when the intended use includes
future hardware or firmware versions [235].

Missingness is clinically informative, but can also become a shortcut [248]. The focal
seizure study shows that automated quality assessment can materially change sensitivity
and reliability, demonstrating that signal availability is part of model performance rather
than a preprocessing footnote [248]. Reports should quantify excluded time, non-wear
time, charging gaps, and the fraction of patients for whom a prediction can actually
be produced [248].
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Alert burden must be evaluated at the timescale experienced by the patient or care-
giver [238]. Despite a mean accuracy of 0.793, the nocturnal seizure system produced
0.165 false alarms per hour, illustrating how window-level accuracy can obscure operational
burden [245]. The hypoglycemia study similarly achieved an ROC AUC of 0.867, while pre-
cision at the sensitivity-focused threshold was 0.14 [244]. Therefore, clinically meaningful
reporting should combine event sensitivity, lead time, false alarms per day, positive predic-
tive value, calibration, and the proportion of monitored time yielding usable signals [244].

The strongest translation evidence in this modality comes from prospective acquisition
with an independent physiological or clinical reference [235]. The atrial fibrillation watch
study used simultaneous continuous ECG as its comparator [235]. The potassium study
added external-site testing and a prospective smartwatch cohort, but that prospective
cohort included only 40 patients [236]. The next step is not merely a larger retrospective
window count; prospective testing of whether wearable-triggered action improves time to
confirmation, workload, treatment, or patient outcome is also needed [236].

Wearable deployment requires battery, adherence, privacy, and alert burden analyses as
well. A model that produces accurate retrospective windows may still fail if patients do not
wear the device during informative periods or if repeated false alerts cause disengagement.

15. Multimodal and Multi-Omics Learning
Table 9 contains studies where the principal contribution is the integration of more than

one modality. Image feature fusion within a single modality is not classified as multimodal.

Table 9. Representative multimodal and multi-omics studies. Reported performance values are
retained only as study-specific results, and are not directly ranked across datasets.

Study Disease/Target Group Method Dataset Reported Performance

[249] Cardiovascular Disease Multimodal DL Qatar Biobank Accuracy 78.3%

[250] Cardiovascular Disease ResNet PhysioNet Accuracy 91.6%; AUC 0.962

[251] Autism Spectrum Disor-
der Autoencoder ABIDE Accuracy 64.9%

[252] Early Cancer Detection ViT TCGA Accuracy 96.4%; precision 95.8%; recall 95.1%; F1-score
95.4%; AUC-ROC 0.97; inference time 19.7 ms/image

[253] Brain Stroke Swin BrSCTHD-2025 Accuracy 98%; AUC 1.00

[254] Osteoporosis Multimodal fusion OsteoNet Accuracy 92.4%; AUC 0.96

[255] Pulmonary Embolism Attention LSTM RadFusion Accuracy 86%

Multimodal evaluation should include unimodal baselines trained on the same pa-
tients, otherwise an apparent fusion gain may arise because the complete-case multimodal
cohort differs from the unimodal cohort. Evaluation of missing modalities should distin-
guish random removal from clinically structured absence.

The indeterminate pulmonary nodule model can operate when a modality is unavail-
able, and uses three external sites [33]. The CAD model reports tolerance to as much as 50%
missing data [4]. LiteCrossFusion combines MRI and clinical variables with only 1.3 million
parameters [26]. These designs address complementary parts of the deployment problem,
namely, external transport, incomplete data, and computational efficiency.

The pancreatic 3D-FuseNet model integrates CT, MRI, and clinical information for
early-stage detection [256]. Its usefulness depends on whether every patient receives both
imaging modalities at the proposed decision point. If MRI is obtained only after suspicious
CT, the model may represent a second-stage diagnostic tool rather than initial screening.

Multi-omics integration differs from multimodal clinical fusion because molecular
blocks may share batch effects and biological pathways. The cfDNA–cfRNA transformer
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demonstrates a within-study gain under a common test set [16]. External assay and
population validation remain necessary before the gain can be considered generalizable.

16. Explainability, Calibration, Bias, and Robustness
16.1. Explainability Is Not Validation

Saliency maps, Grad-CAM, SHAP, LIME, attention maps, and prototype visualizations
can help inspect model behavior; however, they do not prove that the highlighted region
or feature caused the prediction, nor do they establish that the model will generalize.
Explanation quality must be evaluated separately from discrimination.

STCWTNet applies attention-driven PageRank to identify channel relationships in
EEG [10], while Deep-LIBRA uses an explicit intermediate representation of dense tissue
rather than a fully opaque risk score [1] and the liver fibrosis study applies SHAP and
LIME to externally validated tabular predictions [14]. These approaches all differ in what
they explain, and should not be collapsed into a binary “XAI present” field.

Clinical explanations must also be stable. If small input perturbations change the
highlighted region while the prediction remains fixed, then the explanation is unreliable.
Agreement with expected anatomy is reassuring, but can be produced by broad heat maps
even when the decision depends on a shortcut.

16.2. Calibration and Selective Prediction

Calibration determines whether a nominal risk corresponds to observed frequency. Be-
cause prevalence and spectrum shift can alter probability estimates, it should be assessed for
the intended population. Calibration-in-the-large, calibration slope, Brier score, expected
calibration error, and reliability diagrams can provide complementary information.

The Alzheimer ensemble study shows that the decision strategy changes both balanced
accuracy and calibration error [12]. The COVID-19 external validation study identifies the
SVM as both the strongest discriminator and the best-calibrated evaluated model [18]. The
retinal self-supervised system adds an uncertainty-based referral rule instead of forcing a
prediction for every image [13].

The diabetic retinopathy deep kernel study analyzes uncertainty specifically for grad-
ing and referral [257], while the skin cancer study optimizes predictive entropy to improve
uncertainty accuracy and expected calibration error [41]. The heart disease hybrid model
in [258] combines conformal prediction with SHAP and LIME. These techniques require
evaluation of coverage, subgroup behavior, and threshold stability before they can support
clinical abstention.

16.3. Demographic and Technical Bias

Bias can enter through disease prevalence, access to testing, acquisition devices, label
quality, exclusion criteria, and missing data. Aggregate performance can remain high even
when sensitivity is poor for an underrepresented group. Subgroup evaluation should
report uncertainty, because small groups produce unstable estimates.

The diabetic foot ulcer study explicitly examines skin tone fairness across CNN ar-
chitectures [259]. Its strongest model reported 97% accuracy, while MobileNetV2 offered
lower computational demand [259]. The reported results emphasize architecture-level
performance more than quantitative between-tone disparities, so a fairness claim requires
detailed subgroup results.

The Parkinson’s voice analysis identifies different acoustic predictors for male and
female participants [11]. The diabetic retinopathy self-supervised model reports a fairness
audit stratified by image quality rather than demographic identity [13]. These analyses
address different bias axes, and should not be treated as interchangeable.
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The thyroid XGBoost study emphasizes the origin and quality of clinical variables
while integrating gene expression [234]. Data quality vigilance is important, but algorithmic
bias management must also quantify performance across clinically relevant groups. A title
or methodological label alone is not evidence that unfairness was reduced.

16.4. Robustness and Domain Shift

Robustness to synthetic noise tests a narrow perturbation model. Clinical domain shift
includes new scanners, hospitals, populations, prevalence, diagnostic criteria, and workflows.
A model can be robust to pixel noise while failing under a different referral population.

Voice-domain generalization reduces center-identifying information while preserving
cognitive classification [45]. MammoDG targets multi-center mammographic variation [21].
The multi-dataset polyp detector tests an unseen database [38]. These studies provide
more relevant evidence than augmentation-only robustness, although prospective drift
remains unmeasured.

17. Validation and Generalization
17.1. A Hierarchy of Evidence

This survey interprets validation using seven levels: cross-validation only, internal
held-out testing, temporal testing, independent external validation at one or more centers,
prospective silent evaluation, prospective clinical evaluation, and monitored deployment.
Multicenter sampling is treated as a property of external or prospective validation rather
than as a separate ordinal level, because a multicenter dataset is not necessarily independent
of model development. The hierarchy describes evidence breadth rather than guaranteeing
study quality. A poorly designed prospective study can remain biased, while a rigorous
external retrospective study can provide valuable transport evidence.

Cross-validation estimates internal variability when all preprocessing and tuning are
nested correctly. Nested cross-validation is particularly important for small cohorts because
feature selection and hyperparameter tuning otherwise contaminate the evaluation. A
separate test set is meaningful only if it remains untouched until the final model is fixed.

External validation should use patients outside the development source. An indepen-
dent dataset created by the same archive or research program may test time or cohort shift
but not full institutional transport. The CAD study uses an external dataset after a fixed
internal 7:1.5:1.5 split [4]. The ECG CKD study uses a community hospital cohort after
non-overlapping internal testing [5]. The liver fibrosis study tests both NHANES and a
separate real-world cohort [14].

Multicenter prospective validation is uncommon. The pediatric abdominal sepsis
study prospectively enrolled 308 patients across seven hospitals after retrospective de-
velopment [34]. The periodontitis system used clinically labeled and radiographically
labeled cohorts across four international centers, and compared performance with that of
specialists [260]. These designs move closer to real use, although neither proves improved
patient outcomes by itself.

17.2. From Retrospective Validation to Clinical Evaluation

External retrospective validation and prospective clinical evaluation test different
failure mechanisms. External validation asks whether a locked model transports to new
patients, institutions, time periods, or acquisition systems. Prospective silent evaluation
additionally tests whether required inputs arrive reliably, whether exclusions and missing-
ness change in real time and whether latency or alert volume makes operation impractical.
An interventional study then asks whether showing the output changes clinician behavior,
timeliness, safety, resource use, or patient outcomes.
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DECIDE-AI provides reporting guidance for early-stage clinical evaluation of AI deci-
sion support systems, including the clinical setting, users, workflow, human–AI interaction,
and observed safety issues [261]. This framework prevents a prospective label from being
interpreted as evidence of benefit when the system merely runs alongside care without
influencing a decision. For early detection systems, the decisive transition is not from
internal to larger testing alone but from technical validity to observable performance within
the intended pathway.

17.3. Leakage Audits

Leakage should be audited at the patient, visit, image, segment, site, and time levels.
Duplicate images and augmented variants must remain in one split. Feature selection,
normalization, imputation, harmonization, and resampling must be fitted only on train-
ing data. Pseudolabels generated using information from the full dataset can also leak
evaluation structure.

The Parkinson’s drawing study enforced subject-wise cross-validation to avoid leak-
age [25], while the Parkinson’s voice study used nested subject-level folds and training-only
resampling [11]. In the arrhythmia study, the authors recognized the optimism created by
intra-patient paradigms [43]. These practices should be reported for every biosignal study
rather than simply being inferred from the use of cross-validation.

The magnitude of leakage-induced optimism is illustrated by a lung-CT protocol
using 110 patients from the IQ-OTH/NCCD dataset: patient-level fivefold cross-validation
yielded accuracy results of 81.3%–83.1% with AUCs above 0.87, whereas slice-level splitting
produced higher apparent performance [262]. This example is methodologically important
because neighboring slices from one patient share anatomy, acquisition conditions, and
disease characteristics; therefore, a model that encounters one patient’s slices during
training is not being tested on a genuinely unseen patient.

17.4. Reporting Quality, Risk of Bias, and Applicability

Reporting quality, risk of bias, and clinical applicability should not be collapsed into
one judgment. TRIPOD+AI supports transparent description of model development and
evaluation so that readers can reconstruct what was done [31]. PROBAST+AI evaluates
whether design and analysis choices are likely to produce biased estimates and whether the
model addresses the intended clinical use [32]. A completely reported study can still have
an inappropriate control group, participant overlap, inadequate event counts, or optimistic
tuning; thus, a poorly reported study may be impossible to assess even when its underlying
design is sound.

A systematic review of guidelines for the use of AI in medicine found a fragmented
standards landscape spanning development, reporting, evaluation, ethics, and implemen-
tation [263]. The practical implication for this survey is that no single checklist exists that
can substitute for clinical target definition, leakage control, external validation, calibration,
subgroup analysis, and workflow evaluation. The maturity of evidence is strongest when
all of these elements agree.

17.5. Clinician Comparison and Added Value

Comparing a model with clinicians is meaningful only when both evaluate the same
cases under comparable information and time constraints. A model tested on curated
images should not be compared with clinicians working in routine practice. Reader studies
should also assess whether clinicians improve with assistance, not only whether the model
exceeds an unaided average.

The periodontitis study reports AUROC of 94.2% for the model and 85.6% for special-
ists on its benchmark [260]. It further reports that junior dentists reached specialist-level
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performance with AI support [260]. The polyp benchmark establishes accuracy, sensitivity,
and specificity for 146 gastroenterologists before a clinical trial [35]. These studies provide
more actionable human comparison evidence than separate model and clinician results
drawn from different case sets.

Figure 6 distinguishes increasing validation breadth from study quality; higher levels
expose additional sources of variation, but do not correct for an inappropriate target, biased
cohort, or contaminated split.

Figure 6. Validation maturity for early detection systems. Higher levels address broader sources of
variation, but do not repair weaknesses in target definition or cohort construction.

18. Clinical Translation and Deployment
Clinical translation begins by defining who will receive the model, when it will

run, what information is available, what action follows, and how errors are managed. A
technically accurate system may still have no usable place in the workflow; conversely, a
moderate model can be valuable if it safely prioritizes scarce confirmatory testing.

The indeterminate pulmonary nodule model addresses a defined decision involving
invasive diagnostic work-up [33]. The ECG coronary calcification model addresses targeted
CT screening and possible statin reclassification [42]. The arthritis thermography prototype
addresses low-cost triage rather than definitive differentiation [50]. These examples connect
output to action more clearly than generic statements about clinical decision support.

Prospective silent evaluation should run the locked model without showing outputs
to clinicians. This stage measures data availability, missingness, drift, latency, and alert
frequency without changing care. A subsequent interventional evaluation can test whether
displaying the model improves decisions, timeliness, safety, or patient outcomes.

From Model Output to a Testable Clinical Pathway

Clinical usefulness depends on the action attached to an output, not on discrimination
alone; a screening threshold can determine number of people referred, disease cases missed,
confirmatory tests consumed, and harms created by false alarms. These consequences vary
with prevalence and capacity, so a threshold selected on a development cohort may not
remain appropriate after deployment. Decision curve or utility analyses can clarify whether
a model improves net benefit across plausible thresholds, but must use consequences that
reflect the intended pathway.
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Early-stage clinical evaluation should document who sees the output, how uncertainty
is communicated, whether users can override the recommendation, and what occurs after
disagreement or system failure [261]. This human–AI interaction is part of the intervention;
the same probability can function as an automated rule, a second reader, a triage score,
or a prompt for additional testing. Accordingly, performance studies should pre-define
the workflow role and measure downstream behavior rather than assuming that a more
accurate score will automatically improve care.

The gastrointestinal clinical validation review identifies a persistent gap between
high controlled-study accuracy and patient-centered benefit [264]. It calls for multicenter
randomized trials, generalizable algorithms, and effective human–AI collaboration [264].
This distinction is crucial because a rise in detection may also increase unnecessary biopsies,
procedures, anxiety, or treatment.

Computational requirements also affect translation. A large ensemble may be feasible
in a centralized imaging service but not on a wearable or low-resource clinic device. The
retinal self-supervised system reports approximately 45 ms per ensemble inference on
a consumer GPU and approximately 180 ms for one backbone pass on a mobile-class
CPU [13]. LiteCrossFusion reports a 1.3 million parameter multimodal design [26]. These
measurements are useful only when the complete preprocessing, data transfer, and referral
latency are included.

Privacy must be considered during development and deployment; for example, the
adversarial COVID-19 framework explicitly protects demographic attributes while retain-
ing reported external performance [47]. Privacy-preserving representation does not remove
governance requirements for access, audit, retention, or secondary use. Federated learning
similarly limits centralization, but can introduce site imbalance, communication constraints,
and privacy leakage through updates.

Post-deployment monitoring should track calibration, sensitivity at the operational
threshold, referral volume, missingness, subgroup performance, and changes in acquisition
or clinical practice. A rollback procedure is necessary when performance or data quality
falls outside predefined limits. Continuous retraining should not occur without controlled
validation, as an adaptive model can change its behavior after approval.

Figure 7 complements the validation hierarchy by showing the later transition from a
technically evaluated model to workflow integration, clinical action, and outcome assessment.

Figure 7. Clinical translation pathway separating model validation from workflow and outcome evidence.
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19. Open Challenges and Research Directions
19.1. Clinically Faithful Targets

Future work should replace convenient case–control labels with targets that corre-
spond to screening, pre-diagnostic detection, or a defined risk horizon. Controls should
represent the clinical differential rather than unusually healthy volunteers. Intermediate
disease states should be included when they determine the real decision boundary.

19.2. Transport Rather than Benchmark Saturation

Repeated optimization on public datasets produces small benchmark gains while
leaving site shift unresolved. Multi-site development should preserve at least one unseen
center for evaluation. Domain generalization methods should report whether site informa-
tion remains recoverable from the learned representation, as demonstrated in voice-based
cognitive impairment detection [45].

19.3. Uncertainty Connected to Capacity

Uncertainty research should report accuracy and error among retained cases as a
function of referral coverage. Lung, vertebral, retinal, breast, and skin studies demonstrate
growing technical interest in uncertainty [39]. The next step is to evaluate whether referral
rules fit specialist capacity and reduce harmful errors at the intended prevalence.

19.4. Fairness Beyond Aggregate Accuracy

Studies should pre-define clinically relevant subgroups and report confidence inter-
vals rather than performing exploratory subgroup comparisons after observing results.
Fairness interventions must preserve overall safety and should be tested under external
demographic shift. Skin tone, sex, age, acquisition quality, and healthcare access can each
create different failure mechanisms.

19.5. Missing Modalities and Tiered Testing

Multimodal systems should support tiered pathways in which inexpensive data trigger
more costly acquisition. The pancreatic cancer review proposes EHR or biomarker triage
followed by CT, MRI, or endoscopic ultrasound verification [8]. Such a pathway can be
evaluated for net benefit and resource use, whereas a complete-case fusion model may not
be deployable for first-line screening.

19.6. Reproducibility and Reporting

Every study should report patient counts, sample counts, event counts, split unit,
preprocessing boundaries, hyperparameter selection, class distribution, role of the test
set, missing data handling, thresholds, and confidence intervals. TRIPOD+AI supplies a
structured reporting framework for prediction-model studies using regression or machine
learning methods [31]. Code and model release improve computational reproducibility,
but do not compensate for inaccessible cohorts, ambiguous endpoint construction, or
undocumented exclusions. Reproducibility should include the data generation process and
analysis decisions, not just executable model code.

Figure 8 links recurrent failure mechanisms to their observable symptoms and the
evidence needed for detection or mitigation.
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Figure 8. Failure mechanisms, observable symptoms, and the evidence needed to detect or miti-
gate them.

20. Conclusions
ML and DL can support early disease detection when the clinical target, modality,

representation, validation design, and downstream action are aligned. DL offers its clearest
advantage for spatial, temporal, and cross-modal representation learning, while tradi-
tional ML remains strong for moderate-sized cohorts with informative clinical features.
Reported performance cannot be interpreted independently of patient-level separation,
cohort spectrum, external shift, calibration, uncertainty, and threshold consequences.

The evidence reviewed here shows that most studies remain retrospective and in-
ternally evaluated, while a smaller group provides external, multicenter, prospective, or
workflow-oriented evidence. Therefore, high accuracy on a public dataset is not equivalent
to clinical readiness; progress requires fewer claims based on benchmark saturation and
more locked external testing, prospective silent evaluation, patient-centered utility trials,
and monitored deployment. The central question is no longer whether an algorithm can
classify disease-related data but whether it can provide reliable information at the right
time, for the right population, and with a safer consequence than the pathway it is intended
to improve upon.
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ANN Artificial neural network
AUC/AUROC Area under the receiver operating characteristic curve
AUPR/AUPRC Area under the precision–recall curve
CAD Coronary artery disease
CCTA Coronary computed tomography angiography
CI Confidence interval
CKD Chronic kidney disease
CNN Convolutional neural network
COPD Chronic obstructive pulmonary disease
CT Computed tomography
DBN Deep belief network
DL Deep learning
DNN Deep neural network
DSC Dice similarity coefficient
ECG Electrocardiography
EEG Electroencephalography
EHR Electronic health record
F1 Harmonic mean of precision and recall
GAN Generative adversarial network
GPU Graphics processing unit
IoU Intersection over union
LIME Local interpretable model-agnostic explanations
LSTM Long short-term memory
MAE Mean absolute error
MCC Matthews correlation coefficient
ML Machine learning
MCI Mild cognitive impairment
MLP Multilayer perceptron
MRI Magnetic resonance imaging
NPV Negative predictive value
OCT Optical coherence tomography
PD Parkinson’s disease
PPG Photoplethysmography
PPV Positive predictive value
RNN Recurrent neural network
ROC Receiver operating characteristic
SHAP Shapley additive explanations
SVM Support vector machine
UQ Uncertainty quantification
VAE Variational autoencoder
ViT Vision transformer
XAI Explainable artificial intelligence
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