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Abstract 
Oral cancer is one of the few common malignancies whose precursor lesions are directly visible and directly biopsiable, and yet 
the majority of cases worldwide are still diagnosed at an advanced stage. Artificial intelligence has therefore been positioned as 
the technology that will convert a visible but unrecognised lesion into an actionable referral. This article presents a systematic 
and deliberately critical review of 153 records spanning 1988-2026, assembled under a PRISMA-conformant protocol and 
appraised with an explicit Diagnostic Evidence and Transparency Evaluation for Cancer Triage (DETECT) rubric. The corpus 
comprises 50 primary oral-cancer studies, 16 reviews and meta-analyses, 10 epidemiological sources, 51 methodological 
foundations and 26 reporting standards and metrics, and 37% of it was published in 2023-2026. We organise the field along 
four axes, namely input modality, learning architecture, learning regime and clinical task, and resolve the evidence density 
across a modality-by-task matrix that exposes a specific and consequential imbalance: histopathological binary discrimination 
attracts 14 records while the referral-triage task that actually governs early detection attracts far fewer, and prospective 
evidence is essentially absent from every cell. Our central findings are three. First, an evaluation deficit: only 34% of primary 
studies state a patient-wise partitioning strategy, so a large fraction of reported performance may estimate within-patient 
similarity rather than diagnostic generalisation. Second, a translation deficit: 16% report any external or multi-site validation, 
12% compare against a clinician reading the same images, and 14% release data or code; without a clinician comparator, a 
reported accuracy cannot establish that a model adds anything to current practice. Third, a prevalence deficit: most studies 
report metrics computed on artificially balanced case-control samples, whereas screening operates at a prevalence two to three 
orders of magnitude lower, at which the same sensitivity and specificity yield a positive predictive value that the literature does 
not report. We formalise eight recurrent failure modes, derive the prevalence-corrected predictive-value relations and a 
screening-yield model that make the third deficit quantitative, and contribute OSCAR-Eval (Oral Screening and Cancer AI 
Reporting Evaluation), an eleven-stage evaluation and reporting protocol with six invariants that a reviewer can check in 
minutes. A three-horizon roadmap separates reporting reforms achievable now from the multi-centre benchmark and 
prospective-trial infrastructure that is not. All 153 records were retained only after their bibliographic identity was verified 
against a retrievable source. 
 
Keywords Oral cancer, oral squamous cell carcinoma, oral potentially malignant disorders, early detection, systematic review, 
deep learning, histopathology, explainable artificial intelligence, external validation, screening prevalence, PRISMA. 

 

Nomenclature 
AI Artificial intelligence. PPV Positive predictive value. 
AUC Area under the receiver operating characteristic 

curve. 
PRISMA Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses. 
CLAIM Checklist for Artificial Intelligence in Medical 

Imaging. 
QUADAS-2 Quality Assessment of Diagnostic Accuracy 

Studies, version 2. 
CNN Convolutional neural network. ROC Receiver operating characteristic. 
CT Computed tomography. Se, Sp Sensitivity and specificity. 
DETECT Diagnostic Evidence and Transparency 

Evaluation for Cancer Triage; the appraisal 
rubric defined in Section 2.4. 

SHAP SHapley Additive exPlanations. 

Grad-CAM Gradient-weighted class activation mapping. STARD Standards for Reporting of Diagnostic Accuracy 
Studies. 

IBSI Image Biomarker Standardisation Initiative. TP, TN True positives and true negatives. 
MCC Matthews correlation coefficient. FP, FN False positives and false negatives. 
MIL Multiple-instance learning. TRIPOD+AI Transparent Reporting of a multivariable 

prediction model for Individual Prognosis Or 
Diagnosis, artificial intelligence extension. 

MRI Magnetic resonance imaging. ViT Vision transformer. 
NB(t) Net benefit at decision threshold t. XAI Explainable artificial intelligence. 
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NPV Negative predictive value. B Referral burden, the number of false positives 
per true positive (Eq. (6)). 

OPMD Oral potentially malignant disorder. N Size of the screened population. 
OSCAR-Eval Oral Screening and Cancer AI Reporting 

Evaluation; the protocol proposed in Section 
7.5. 

π Prevalence of disease in the population to which 
the model is applied. 

OSCC Oral squamous cell carcinoma.   

 

1. Introduction 
Cancers of the lip and oral cavity account for a substantial and unevenly distributed share of the global 
cancer burden, with the highest rates concentrated in South and Southeast Asia where tobacco chewing, 
betel quid and areca nut use are prevalent [1], [2], [3]. Recent subsite-resolved estimates place the global 
burden and its distribution more precisely [4], and adjunctive detection aids have been reviewed at the 
level of systematic reviews of systematic reviews [5]; diagnostic-accuracy meta-analysis has separately 
compared AI against biopsy as the reference standard [6]. The disease has a property that distinguishes it 
from most other common malignancies and that ought to make it tractable: its precursors, namely 
leukoplakia, erythroplakia, oral submucous fibrosis and the wider class of oral potentially malignant 
disorders, are located on a mucosal surface that a clinician can see and touch without any instrument, and 
that can be biopsied in an outpatient chair [7], [8]. 
The clinical reality does not follow from that property. A majority of cases are still diagnosed at an advanced 
stage, and the five-year survival differential between localised and metastatic presentation is severe. The 
gap is therefore not primarily one of detectability. It is a gap of access, of examination frequency, of triage 
judgement at the point of first contact, and of referral follow-through, and it is largest exactly where the 
incidence is highest [9], [10]. This framing matters for everything that follows, because it determines which 
computational problem is worth solving. 
Artificial intelligence has been offered as the instrument that closes the gap. The proposition has several 
distinct forms, and the literature does not always distinguish them. A model may classify a clinical 
photograph of a lesion as suspicious or benign [11], [12], [13]; it may run on a smartphone with an 
autofluorescence attachment so that a frontline health worker can perform the examination [14], [15], [16]; 
it may grade dysplasia on a histopathology slide after a biopsy has already been taken [17], [18]; or it may 
predict occult nodal metastasis from cross-sectional imaging in a patient whose diagnosis is already 
established [19], [20]. These are four different clinical problems with four different beneficiaries, and only 
the first two operate inside the window that the early-detection argument invokes. 
The technical literature has grown rapidly. Convolutional architectures transferred from natural-image 
corpora dominate the middle of the period under review [21], [22], [23], with efficiency-oriented 
backbones [24], [25] and attention mechanisms [26], [27] following; transformers and hybrid convolution-
transformer designs are now prominent [18], [28], [29], [30]; multiple-instance learning has been adopted 
for slide-level supervision [31], [32], [33], [34]; and pathology foundation models are beginning to appear 
[35], [36], [37]. Reviews have accumulated in parallel [38], [39], [40], [41], [17], [42], [43]. 
What has not accumulated at the same rate is evidence that any of this changes a clinical outcome. This 
review is organised around that observation. The wider question of what artificial intelligence has and has 
not delivered in clinical medicine has been argued at length [44], including in dentistry specifically [45], 
and the cautionary literature on prediction models developed rapidly under pressure [46] is directly 
relevant to a field growing as fast as this one. 
1.1 Relation to Prior Reviews 
The field is well supplied with synthesis. Alabi et al. review deep learning for OSCC prognostication [39] 
and machine learning in OSCC more broadly [40]; Adeoye et al. review prediction models for oral cavity 
cancer outcomes [41]; Pirayesh et al. provide a systematic review and meta-analysis restricted to digital 
histopathology [17]; a BMC Oral Health review covers deep learning in oral cancer across modalities [42]; 
Nieri et al. compare deep learning against human experts in a test-accuracy systematic review [38]; and 
further syntheses address radiomic nodal prediction [47], [48] and early screening generally [43]. Al-Rawi 
et al. [49], Panigrahi and Swarnkar [50], Ahmad and Alqurashi [51], Veeraraghavan et al. [52] and 
Varalakshmi et al. [53] survey adjacent territory. 
These reviews are informative and we draw on them. What none of them does is treat the field's evaluation 
practice as the primary object of measurement. They report what was proposed and, in the meta-analytic 
cases, pool what was reported; they do not report what fraction of studies partitions by patient rather than 
by image, what fraction validates externally, what fraction compares against a clinician on the same 
material, or what happens to the reported predictive values when the metrics are recomputed at screening 
prevalence rather than at the artificial prevalence of a balanced case-control sample. Section 7 does all four. 
The distinguishing commitment of this review is therefore that it audits rather than catalogues, and that it 
terminates in a checkable standard rather than in a call for further work. 
 
1.2 Research Questions 
Table 1 states the five research questions. 
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Table 1. Research questions addressed by this review. 
RQ Question Where addressed 

RQ1 
What is the structure of the oral cancer AI literature by modality, task, 
architecture, period and contribution type? 

 
Sections 3, 4 

RQ2 Where in the clinical pathway does the literature actually intervene, and does that 
coincide with the bottleneck the early-detection argument identifies? Section 4.1 

RQ3 What proportion of primary studies evidences patient-wise partitioning, external 
validation, a clinician comparator and artefact release? Section 7.1 

RQ4 What happens to reported diagnostic performance when it is re-expressed at 
screening prevalence rather than at sampled prevalence? Section 7.3 

RQ5 What minimum evaluation and reporting standard would make an oral cancer 
detection claim independently assessable and clinically interpretable? Sections 7.5, 8 

 
1.3 Key Contributions 
Six contributions distinguish this review from the syntheses discussed above. They are stated below and 
mapped, with the novelty each claims and the place it is delivered, in Table 2. 
C1. A PRISMA-conformant corpus of 153 records with a de-duplication and metadata-verification 
procedure (Algorithm 1) under which records whose bibliographic identity could not be confirmed were 
excluded rather than repaired, and an explicit appraisal rubric (Algorithm 2). 
C2. A clinical-pathway analysis (Fig 5) that locates each strand of the literature at the point of care it would 
affect, and shows that the strand with the most records is not the strand that addresses the diagnostic delay. 
C3. A four-axis taxonomy (Fig 7) and a modality-by-task evidence matrix (Fig 6) that quantify where the 
field has concentrated and which cells remain effectively empty. 
C4. A modality-resolved critical synthesis across clinical photographic screening, histopathology, cytology 
and radiomics (Sections 5 and 6), each with a comparison table stating contribution and residual limitation 
per work. 
C5. A quantified practice audit (Fig 9), eight formalised failure modes, and a prevalence-correction analysis 
with a screening-yield model (Eqs. (2)–(8)) that makes the gap between reported accuracy and clinical 
usefulness explicit. 
C6. OSCAR-Eval, an eleven-stage evaluation protocol (Fig 11, Algorithm 3) reduced to six reporting 
invariants, a severity matrix of residual gaps (Fig 10), and a three-horizon roadmap (Fig 12). 

 
Table 2. Key contributions of this review, their novelty and where they are delivered. 

# Contribution Novelty relative to prior reviews Where delivered 

C1 

A verified PRISMA-conformant corpus of 153 
records, built with a two-pass de-duplication and 
metadata-verification procedure (Algorithm 1) 
under which a record whose bibliographic identity 
could not be confirmed was excluded rather than 
repaired. 

Prior reviews retain records as indexed; 
verification is made an inclusion 
criterion (I7) and its cost is reported. 

Sections 2.1 to 2.3; Algorithm 1; 
Fig 1 

C2 

A clinical-pathway analysis that places every 
strand of the literature at the point of care it would 
affect, and shows that the densest strand is not the 
strand that addresses diagnostic delay. 

Reorients the field from architecture to 
point of intervention, and names the 
structural misalignment quantitatively. 

Section 4.1; Fig 5 

C3 

A four-axis taxonomy of the design space and a 
modality-by-task evidence-density matrix that 
expose which cells are saturated and which are 
empty. 

Existing taxonomies classify methods; 
this one measures where evidence exists 
and shows that no cell holds prospective 
evidence. 

Sections 4.2, 4.3; Figs 6 and 7 

C4 

A modality-resolved critical synthesis of surface 
imaging, histopathology, cytology and radiomics, 
each work stated with its contribution and its 
residual limitation. 

Replaces the accuracy-listing convention 
with a per-study statement of what the 
reported result can and cannot support. 

Sections 5 and 6; Tables 8, 9 and 
10 

C5 

A quantified practice audit of all 50 primary 
studies over six methodological practices, eight 
formalised failure modes, and a prevalence-
correction and screening-yield analysis. 

Converts a qualitative complaint about 
reporting into measured percentages and 
into predictive values at the intended-use 
prevalence. 

Sections 7.1 to 7.4; Figs 9 and 10; 
Eqs. (2)–(8) 

C6 

OSCAR-Eval, an eleven-stage evaluation and 
reporting protocol reduced to six reviewer-
checkable invariants, with a gap-to-remedy map 
and a three-horizon roadmap. 

Terminates in an actionable standard 
and a costed roadmap rather than in a 
call for further work. 

Sections 7.5, 7.6 and 8; Algorithm 
3; Fig 11; Table 11 

 
1.4 Organisation of the Paper 
The remainder of the paper is organised as follows. Section 2 states the review protocol, the eligibility 
criteria, the de-duplication and verification procedure and the DETECT appraisal rubric. Section 3 presents 
the descriptive synthesis of the corpus. Section 4 develops the clinical-pathway analysis, the evidence-
density matrix and the four-axis taxonomy, and records the methodological inheritance of the field. 
Sections 5 and 6 give the critical synthesis for the surface-imaging and the tissue-based and radiomic strata 
respectively. Section 7, which carries the review's principal argument, reports the practice audit, formalises 
the eight failure modes, makes the prevalence problem quantitative and specifies OSCAR-Eval. Section 8 
states the open challenges, the gap-to-remedy map, the three-horizon roadmap and the threats to the 
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validity of this review, and Section 9 concludes. Table 3 summarises the structure, the question each section 
answers and the artefact it produces, and may be read as a guide to the paper. 

 
Table 3. Organisation of the paper: focus, principal output and supporting artefacts. 

Section Focus Principal output Artefacts 

1 Motivation, relation to prior reviews, 
research questions and contributions 

Statement of the early-detection gap and the 
audit-rather-than-catalogue commitment Tables 1–3 

2 Review protocol: sources, search strings, 
eligibility, verification and appraisal 

PRISMA-conformant, reproducible corpus of 
153 verified records 

Tables 4–6; Algorithms 1–2; Fig 
1 

3 Descriptive synthesis: temporal, thematic 
and venue composition of the corpus 

Growth profile and the 2021 methodological 
peak; 37% of records from 2023 onwards Table 7; Figs 2–4 

4 Clinical pathway, evidence density, 
taxonomy and inherited foundations 

The structural misalignment between where 
evidence is dense and where delay occurs Figs 5–8 

5 
Critical synthesis of the surface-imaging 
stratum: photography, smartphone 
screening, cytology 

Per-study contribution and residual limitation 
for 15 primary studies Table 8 

6 Critical synthesis of the tissue-based and 
radiomic strata 

Per-study contribution and residual limitation 
for 32 primary studies Tables 9 and 10 

7 Practice audit, failure modes, prevalence 
analysis and the proposed standard 

Three quantified deficits; PPV under 2% and 
52 referrals per case at screening prevalence; 
OSCAR-Eval 

Figs 9–11; Algorithm 3; Eqs. (1)–
(8) 

8 Open challenges, gap-to-remedy map, 
roadmap and threats to validity 

What is fixable now, what needs infrastructure 
and what needs prospective trials Table 11; Fig 12 

9 Conclusion The findings restated as claims a reader can 
check and act on n/a 

 

2. Review Methodology 
The review follows PRISMA 2020 [54], with diagnostic-accuracy appraisal informed by QUADAS-2 [55] and 
reporting expectations drawn from CLAIM [56], TRIPOD+AI [57] and STARD 2015 [58]. 
2.1 Search Strategy 
Five bibliographic sources, namely PubMed/MEDLINE, IEEE Xplore, Scopus, Web of Science and 
ScienceDirect, were queried over January 2010 to March 2026, extended backwards by citation chasing for 
foundational methodological works. A supplied seed list of 24 records provided the starting point for 
forward and backward chasing. Query strings are given in Table 4. 

 
Table 4. Search strings executed against each source. 

Source Query string (Boolean form) Fields 

PubMed / MEDLINE 
(Mouth Neoplasms[MeSH] OR "oral squamous cell carcinoma"[tiab] OR 
"oral potentially malignant"[tiab]) AND (deep learning[tiab] OR machine 
learning[MeSH] OR artificial intelligence[MeSH] OR convolutional[tiab]) 

MeSH and title/abstract 

IEEE Xplore 
("oral cancer" OR "oral squamous cell carcinoma" OR "oral lesion" OR 
leukoplakia) AND ("deep learning" OR "machine learning" OR CNN OR 
transformer OR segmentation) 

Title, abstract, index terms 

Scopus TITLE-ABS-KEY of the same expression, subject areas MEDI, COMP, ENGI, 
DENT Title, abstract, keywords 

Web of Science TS = same expression; document types Article, Review, Proceedings 
Paper Topic 

ScienceDirect Same expression restricted to Medicine, Dentistry and Computer Science 
journals Title, abstract, keywords 

Citation chasing Backward and forward chasing on the 24 supplied seed records and on 
all full-text-included records Reference lists, citing articles 

 
2.2 Eligibility Criteria 
Criteria were fixed in advance (Table 5). Two decisions deserve comment. First, methodological 
foundations, that is, the backbone architectures, learning regimes and attribution methods on which the 
applied literature depends, were retained as a distinct stratum rather than excluded as non-clinical, 
because the applied literature is not intelligible without them and because their properties explain several 
of the failure modes in Section 7. Second, criterion I7 requires that a record's bibliographic identity be 
independently verifiable. This excluded 121 records at screening and 19 at full text. We regard this as a 
necessary criterion rather than a fastidious one: a claim that cannot be located cannot be checked. 

 
Table 5. Inclusion and exclusion criteria. 

# Inclusion criterion # Exclusion criterion 

I1 
Addresses detection, triage, grading, segmentation or 
prognostication of oral cavity cancer or its potentially 
malignant precursors 

E1 Target site outside the oral cavity and 
oropharynx 

I2 

Applies or systematically reviews a learned model, OR is a 
methodological foundation on which the applied literature 
depends, OR is an epidemiological or reporting-standard 
source 

E2 No learned model, foundation or standard 
content 

I3 Reports at least one diagnostic, discriminative or prognostic 
performance measure E3 No evaluation of any kind reported 
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# Inclusion criterion # Exclusion criterion 

I4 Peer-reviewed article, standards document, or archival 
preprint with complete methodology E4 Abstract, poster or editorial only 

I5 Published between January 2010 and March 2026, or 
retained by chasing as a foundational work E5 Outside the window and not foundational 

I6 Full text retrievable in English E6 Full text not retrievable in English 

I7 Bibliographic identity (venue, year, and DOI where assigned) 
verifiable against a retrievable source E7 Record could not be located or its 

metadata could not be confirmed 
 
2.3 De-duplication and Metadata Verification 
Algorithm 1 states the procedure. Matching proceeds in two passes: an exact pass on normalised DOI, and 
an approximate pass on a normalised author-title string with a similarity threshold chosen so that same-
venue, same-year but distinct works are not collapsed. Line 9 is the decisive detail: where two records both 
carry a populated DOI and those DOIs differ, the records are distinct and no title comparison is performed. 
Without it, string similarity merges different articles published in the same journal and year. 
The second pass verifies rather than repairs. Preprint and journal versions of the same work were collapsed 
to the journal version; records whose venue, volume or pagination could not be confirmed against a 
retrievable source were flagged and, if the conflict could not be resolved, excluded under E7. We state this 
explicitly because the alternative, that of retaining a record and reproducing its metadata as supplied, 
propagates errors that no downstream reader can detect. 
 

Algorithm 1: Two-pass de-duplication with metadata verification 
Input: raw records E = {e1, …, en}; similarity threshold τ 
Output: unique groups G, each with a verified canonical entry 
1: G ← empty list 
2: for each record e in E do 
3: d ← extractDOI€  ▷ 1103ormalize1103, lower-cased 
4: s ← 1103ormalize(authors€ concat title€)  ▷ strip years, punctuation, URLs 
5: m ← NULL 
6: for each group g in G do 
7: if d ≠ NULL and g.doi ≠ NULL then 
8: if d = g.doi then m ← g end if 
9: break  ▷ distinct populated DOIs ⇒ distinct works; stop comparing 
10: end if 
11: if similarity(s, g.norm) > τ then m ← g; break end if 
12: end for 
13: if m ≠ NULL then append e to m.variants else append new group to G 
14: end for 
15: for each group g in G do  ▷ verification pass 
16: if g contains both a preprint and a journal variant then 
17: g.canonical ← journal variant; retain preprint identifier as a note 
18: end if 
19: V ← set of (venue, volume, pages, year) tuples over g.variants 
20: if card(V) > 1 and the conflict cannot be resolved against a retrievable source then 
21: mark g UNVERIFIED and exclude under criterion E7 
22: end if 
23: end for 
24: return the verified groups of G 

 
2.4 Quality Appraisal 
Each record surviving full-text screening was appraised on eight dimensions under the DETECT rubric of 
Table 6, scored on {0, 1, 2}. The dimensions combine the standard requirements of diagnostic-accuracy 
reporting with the specific failure modes documented in the medical-imaging methodology literature [59], 
[60], [61], [62], [63]. Because the dimensions are not equally consequential, a weighted score is computed 
as 

 DETECT𝑤  =  
∑ 𝑤𝑗𝑞𝑗

8
𝑗=1

2 ∑ 𝑤𝑗
8
𝑗=1

,  DETECT𝑤  ∈  [0, 1] (1) 

with weights w = (3, 3, 2, 2, 2, 2, 1, 1) over the dimensions in the order of Table 6. Records with DETECTw 
≥ 0.70 are classed high confidence, 0.45 ≤ DETECTw < 0.70 moderate, and below 0.45 low. Appraisal is the 
review authors’ judgement from the retrievable record, and a practice that is not reported is scored as 
absent. This systematically understates what studies did while correctly representing what a reader can 
verify, and Algorithm 2 states the rule explicitly rather than leaving it implicit. 

 
Table 6. Diagnostic Evidence and Transparency Evaluation for Cancer Triage (DETECT) rubric. 

D Dimension Score 0 Score 1 Score 2 w 

D1 Partitioning discipline Split strategy not 
stated 

Stated but image-wise, or 
patient-wise for only part of 
the pipeline 

Explicit patient-wise partition across 
all folds and all preprocessing 3 

D2 External validation None Internal hold-out from the 
same cohort only 

Independent centre, device or 
population never used in training or 
selection 

3 
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D Dimension Score 0 Score 1 Score 2 w 

D3 Cohort adequacy and 
spectrum 

Small single-source 
sample with 
unstated case mix 

Adequate size but narrow 
spectrum 

Adequate size with a stated clinical 
spectrum representative of the 
intended use 

2 

D4 Prevalence handling Balanced sample, 
metrics uncorrected Class balance reported 

Sensitivity, specificity and predictive 
values reported at the intended-use 
prevalence 

2 

D5 Clinician comparator None Historical or literature 
comparison 

Qualified clinicians read the same 
images, difference reported with an 
interval 

2 

D6 Confound control 
Site, camera, stain 
and demographic 
factors unconsidered 

Reported but not modelled Explicit shortcut audit, harmonisation 
or stratified analysis 2 

D7 Explanation validity None Attribution shown without 
validation 

Attribution compared against expert 
annotation and tested for stability 1 

D8 Artefact disclosure None Partial (architecture 
description only) 

Split files, seeds, code and 
environment released 1 

 

Algorithm 2: DETECT appraisal and confidence classification 
Input: full-text record r; rubric D = (d1, …, d8); weights w 
Output: raw score S(r), weighted score Sw(r), confidence class c(r) 
1: for j = 1 to 8 do 
2: qj ← score(r, dj) ∈ {0, 1, 2}  ▷ by the rubric of Table 6 
3: if evidence for dj is absent from the retrievable record then qj ← 0 
4: end for 
5: S(r) ← Σj qj;   Sw(r) ← ( Σj wj qj ) / ( 2 · Σj wj ) 
6: if q1 = 0 then flag r as "partition-unevidenced"  ▷ generalisation claim unsupported 
7: if q2 = 0 then flag r as "externally-unvalidated" 
8: if q4 = 0 and r reports a screening or triage claim then 
9: flag r as "prevalence-uncorrected"  ▷ see Section 7.3 
10: end if 
11: if Sw(r) ≥ 0.70 then c ← HIGH else if Sw(r) ≥ 0.45 then c ← MODERATE else c ← LOW 
12: return S(r), Sw(r), c 
Note: lines 6-10 are independent of the aggregate score. A study may appraise well overall and still be unable to support the specific claim it 
makes, and the three flags separate those cases from general methodological weakness. 

 
2.5 Screening Outcome 
Fig 1 gives the PRISMA flow. Database searching returned 1 642 records and the seed list plus citation 
chasing a further 268. De-duplication and verification left 1 703 for title and abstract screening, of which 1 
452 were excluded: 913 because the target site was not the oral cavity, 271 because no learned model was 
involved, and 121 because the record could not be verified. Full-text appraisal was applied to 251 records 
and excluded 98 more, including 27 whose evaluation protocol could not be recovered in any form. The 
final corpus is 153 records. 
 

 
Fig 1. PRISMA 2020 flow. De-duplication and verification are performed by Algorithm 1 and full-text 

appraisal by Algorithm 2. The 27 records excluded because no evaluation protocol could be recovered are 
themselves evidence for the reporting problem analysed in Section 7. 
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3. Descriptive Synthesis of the Corpus 
This section answers RQ1. All counts are computed over the 153-record corpus. 
3.1 Temporal Distribution 
Fig 2 shows the year-wise and cumulative distribution. Five methodological sources predate 2010 and are 
aggregated into the cumulative curve rather than plotted. Volume is negligible before 2015, rises through 
the transfer-learning period, peaks at 22 records in 2021, and remains high thereafter: 19 in 2023, 21 in 
2024, 12 in 2025 and 4 in the truncated 2026 window. Thirty-seven per cent of the corpus was published 
in 2023 or later. 
 

 
Fig 2. Year-wise and cumulative distribution of the 153-record corpus. The shaded band marks 2023-2026, 

during which the transformer and foundation-model transition analysed in Section 4.3 occurs. 
 
The 2021 peak is largely a methodological artefact of the corpus's composition rather than a property of 
the oral cancer field: it coincides with the concentration of backbone and computational-pathology 
foundations that the applied literature draws on. The oral-cancer-specific volume rises more smoothly and 
does not decline. 
3.2 Contribution Type and Theme 
Fig 3 decomposes the corpus along both axes. Methodological foundations account for 33.3% and primary 
oral-cancer studies for 32.7%, with reporting standards and metrics at 17.0%, reviews at 10.5% and 
epidemiological sources at 6.5%. 
 

 
Fig 3. Composition of the corpus. (a) By contribution type. (b) By research theme. 

 
Within the oral-cancer-specific material the thematic distribution is: histopathological deep learning 16 
records, clinical photographic screening 13, explainability 7, radiomics 7, optimisation and hybrid methods 
3, cytology 2 and lesion segmentation 2, alongside 16 reviews. 
The ratio of 16 reviews to 50 primary studies is worth pausing on. Roughly one synthesis exists for every 
three primary contributions. In a field where the primary results were converging, that would be 
redundant; in a field where they are not comparable, it is a symptom. Section 7 argues the latter, and the 
reviews themselves note the same difficulty: the meta-analytic contributions consistently report high 
heterogeneity and high or unclear risk of bias across the studies they pool [38], [17]. 
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3.3 Compositional Shift 
Fig 4 resolves theme against publication period. The pre-2017 material is entirely methodological. Clinical 
photographic work appears from 2018-2020 and grows steadily. Histopathological deep learning is the 
dominant oral-cancer theme from 2021 onward. Explainability appears meaningfully only from 2021 and 
remains a minority practice. Radiomics and segmentation concentrate in 2023-2024. 
 

 
Fig 4. Theme composition by publication period. Histopathological deep learning dominates the oral-cancer-

specific material from 2021; explainability and external evaluation remain minority practices throughout. 

 
3.4 Publication Venue Composition 
The oral-cancer-specific literature is distributed across dental and oncological specialist journals, general 
biomedical outlets, open-access multidisciplinary journals and computer-science venues, with a growing 
preprint fraction. This heterogeneity has a methodological consequence that recurs in Section 7: a 
manuscript submitted to a dental journal is unlikely to be reviewed by someone who will ask whether the 
cross-validation folds were constructed patient-wise, and a manuscript submitted to a computer-vision 
venue is unlikely to be reviewed by someone who will ask whether the reported specificity is usable at 
screening prevalence. Neither community is at fault; the interface between them is under-served, and the 
corpus shows the consequence. Table 7 reports the composition of the final corpus by contribution type 
and thematic group. 
 

Table 7. Composition of the final corpus by contribution type and thematic group. 

Contribution type Surface 
imaging Tissue-based Radiomics Reviews & 

burden 
Methodologica

l Total 

Primary oral-cancer study 15 25 7 0 3 50 
Review or meta-analysis 0 0 0 16 0 16 
Epidemiological source 0 0 0 10 0 10 
Methodological foundation 0 0 0 0 51 51 
Reporting standard or metric 0 0 0 0 26 26 
Total 15 25 7 26 80 153 

 

4. Clinical Pathway, Threat to Validity and Taxonomy 
This section answers RQ2. 
4.1 Where the Literature Actually Intervenes 
Fig 5 places the corpus on the clinical pathway. The pathway has five stages, namely population at risk, 
opportunistic screening, lesion triage, biopsy and histopathology, and staging and management. The 
reviewed literature intervenes at five corresponding entry points with markedly unequal density. 
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Fig 5. Clinical pathway for oral cancer and the points at which the reviewed literature intervenes. Entry 

points B and C address the diagnostic delay directly; entry points D and E improve decisions that are already 
being taken after a diagnosis has been initiated. 

 
Entry point A, risk stratification from exposure history before any lesion exists, is almost unrepresented. 
Entry point B, chairside detection using smartphone or autofluorescence imaging, is addressed by 13 
records and is the strand with the clearest claim to changing access rather than accuracy [14], [15], [64], 
[16], [65]. Entry point C, triage of an observed lesion into referral or reassurance, is addressed by the 
clinical photographic classification literature [11], [12], [13], [66], [67] and is, in our assessment, the point 
of greatest potential clinical value. Entry point D, histopathological grading and transformation-risk 
assessment, is the densest strand at 18 records. Entry point E, radiomic prediction of occult nodal disease, 
contributes 7. 
The asymmetry is the review's first substantive finding. The densest strand of the literature operates after 
a biopsy has already been taken, that is, after the diagnostic delay that causes late-stage presentation has 
already occurred. Histopathological grading is a real and worthwhile problem: inter-observer variability in 
dysplasia grading is well documented, and a reproducible automated grade would be genuinely useful [17], 
[68]. But it is not early detection, and describing it as such conflates two different clinical propositions. A 
patient whose lesion was never examined is not helped by a better reading of a slide that was never made. 
We do not read this as misconduct. It is a data-availability effect: histopathology produces digitisable, 
labelled, high-resolution images in the ordinary course of pathology workflow, whereas chairside 
photographs of screened populations must be collected prospectively at cost. The field has concentrated 
where the data are, which is rational for individual researchers and collectively misaligned with the clinical 
problem. 
 
4.2 Evidence Density by Modality and Task 
Fig 6 resolves the primary studies against a modality-by-task matrix. 

 
Fig 6. Evidence density across input modality and clinical task. Cell values are counts of records addressing 

the combination; a record addressing two tasks is counted in both. Prospective evaluation appears in no cell. 
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Three features of the matrix carry the argument. First, the single densest cell is histopathological binary 
discrimination, malignant versus benign on a tissue slide, which is the task with the least clinical 
uncertainty, since a pathologist examining that slide is already highly accurate. Second, the cells that 
correspond to the actual decision problems in screening, namely OPMD triage from surface imaging and 
transformation-risk estimation, are comparatively sparse. Third, and most consequentially, no cell contains 
a prospectively evaluated model. Every record in the matrix reports retrospective performance on 
assembled data. 
4.3 Taxonomy of the Design Space 
Fig 7 organises the corpus along four axes: input modality, learning architecture, learning regime and 
clinical task. The axes are independent, and a given study occupies one position on each. 
 

 
Fig 7. Taxonomy of AI approaches to oral cancer detection present in the corpus. The four axes are 

independent; the architectural axis has moved fastest and the clinical-task axis slowest. 
 
The architectural axis has moved fastest. Fig 8 traces the progression: handcrafted texture and colour 
features with shallow classifiers before 2016; ImageNet-pretrained convolutional backbones [21], [69], 
[70], [22], [71] fine-tuned on small oral corpora through 2017-2019; efficiency-oriented scaling [23] and 
attention mechanisms [72], [73] with class-activation mapping [74], [75] through 2020-2022; 
transformers and weak supervision from 2023 [76], [77], [33]; and self-supervised and foundation-model 
approaches now emerging [78], [79], [35], [37]. 
 

 
Fig 8. Architectural progression within the corpus. The sequence tracks general computer vision with a lag of 

roughly two years, with little adaptation specific to oral tissue, lesion appearance or the screening setting. 
 
The clinical-task axis has moved slowest. Binary malignant-versus-benign discrimination remains the 
dominant formulation across the whole period despite being the formulation least aligned with any 
decision a clinician actually faces. This is the second structural observation of the review: the field has 
substituted architectures rapidly and reformulated the clinical question hardly at all. 
 
4.4 Methodological Foundations Inherited by the Field 
Because the applied literature is largely an application of general computer vision, its properties are 
inherited rather than designed, and it is worth naming what is inherited. The representational premise 
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comes from the demonstration that deep networks learn hierarchical features from large labelled corpora 
[80], [81], [82]; the specific backbones in use are VGG [69], Inception and its refinements [70], [83], ResNet 
[22], DenseNet [84], Xception [71], EfficientNet [23] and, most recently, ConvNeXt [85]. The attention 
mechanisms come from the transformer literature [86], [76], [77] and from channel and spatial attention 
modules developed for convolutional networks [72], [73]. Segmentation derives from the encoder-decoder 
formulation [87] and its self-configuring successors [88]. 
The training regime is equally inherited: adaptive optimisation [89], batch normalisation [90] and dropout 
[91] as the default recipe; augmentation and mixing strategies to compensate for small corpora [92], [93]; 
cost-sensitive objectives for imbalance [94], surveyed for medical imaging specifically in [95]; and transfer 
from natural images, whose actual mechanism in medical settings has been examined critically [96] and 
whose limits are known [97]. Self-supervised and vision-language pre-training [78], [79], [98] and 
promptable segmentation adapted to medical images [99] are the newest arrivals. Attribution methods, 
namely class activation mapping [75], Grad-CAM and its generalisation [74], [100], integrated gradients 
[101], SHAP [102] and LIME [103], are used almost universally in their original form; the calibration 
literature [104] is drawn on far less often. 
Two consequences follow. First, the field imports computer vision's operating assumptions, namely large, 
diverse, independently sampled training data, into a setting where none of them hold, which is the root of 
several failure modes in Section 7. Second, methods designed for natural images are applied to tissue and 
mucosa without adaptation to their specific invariances, so the sensitivity of oral models to stain, 
illumination and camera is neither anticipated nor tested. The explainable-AI literature has repeatedly 
cautioned that post-hoc attribution is a description of a model rather than evidence about a disease [105], 
and that caution is rarely carried across. 
 

5. Surface Imaging: Critical Synthesis 
The surface-imaging stratum comprises 15 primary studies across clinical photography, smartphone-based 
dual-modality screening and exfoliative cytology. Table 8 gives the critical comparison. 
5.1 Clinical Photographic Classification 
Fu et al. established the retrospective template for the strand, applying deep learning to photographic 
images of oral cavity SCC across a large clinical archive [11]. Warin et al. followed with automatic 
classification and detection in photographic images [12] and subsequently with a comparison of novel deep 
convolutional architectures for early detection [13]. Rabinovici-Cohen et al. extended the analysis to 
routine clinical photographs [66], and Desai et al. addressed screening of OPMDs alongside frank carcinoma 
[67]. Xu et al. took a different route, applying three-dimensional convolutional networks to volumetric 
acquisitions [106], and Shamim et al. addressed pre-cancerous tongue lesions specifically [107]. Devindi et 
al. contributed a multimodal pipeline combining image and contextual inputs [108]. Ensemble construction 
recurs throughout, with hybrid ensemble designs developed on adjacent oncological imaging tasks and 
transferred into this one [109]. 
Two properties of this strand are genuinely established. First, deep models can separate visually obvious 
carcinoma from normal mucosa at high accuracy on curated photographic archives; this is consistent across 
studies and is not in dispute. Second, performance degrades on the clinically difficult cases, that is, early, 
small or heterogeneous lesions and OPMDs, which is precisely where a clinician would want help; several 
of the studies report this honestly. 
What is not established is anything about screening. The archives from which these datasets are drawn are 
hospital case series in which the prior probability of malignancy is high by construction, and in which the 
photograph was taken because a clinician had already judged the lesion suspicious. A model trained and 
evaluated on such an archive is answering a question that has already been half-answered by the act of 
photography. Nieri et al., comparing deep learning against human experts, judged no included study to be 
at low risk of bias, with patient selection and index test the dominant concerns [38], and that finding applies 
directly here. 
5.2 Smartphone and Point-of-Care Dual-Modality Screening 
This strand has the strongest claim on the early-detection argument and the weakest evidentiary base, 
which is an uncomfortable combination. Uthoff et al. developed a smartphone-based dual-modality, dual-
view screening device combining autofluorescence and white-light imaging with neural-network 
classification, explicitly targeted at low-resource communities [14], and subsequently reduced it to a small 
flexible intraoral probe capable of imaging the cheek pockets, tonsils and base of tongue [15]. Song et al. 
developed the classification approach for the resulting image pairs [64] and later added attention with 
expert-knowledge embedding to make the classifier interpretable [27]. Talwar et al. addressed AI-assisted 
OPMD screening from smartphone photographs at scale [16], and Lin et al. addressed automatic detection 
in smartphone images for early diagnosis [65]. 
The physical rationale is sound and independently grounded: increasing dysplasia reduces 
autofluorescence signal through changes in endogenous fluorophores and increased haemoglobin 
absorption, so the fluorescence channel carries information that white light does not [14], [15]. The 
engineering is realistic: the device runs on a consumer handset with an LED attachment, which is the 
correct cost point for the settings where incidence is highest. 
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The limitations are equally clear. Cohorts are small; the field-testing data reported are preliminary; the 
imaging conditions in an actual screening camp are less controlled than in the reported evaluations; and 
no study in this strand reports a prospective comparison of screening yield against standard visual 
examination. That last omission is the decisive one. A screening device is justified by the number of 
additional true cases it brings forward per thousand screened, not by its classification accuracy on a curated 
image set, and the corpus does not contain that number. 
5.3 Cytology and Autofluorescence of Stained Preparations 
Two records address exfoliative cytology. Lian et al. showed that the autofluorescence of Papanicolaou-
stained preparations carries information that improves AI-based cytological detection beyond the 
brightfield channel [110], and Guedes et al. report a pilot assessment of AI analysis in oral cytopathology 
[111]. This is a small but methodologically interesting strand: brush cytology is minimally invasive, 
repeatable and acceptable to patients in a way that incisional biopsy is not, which makes it a plausible 
intermediate between visual triage and biopsy. Its evidence base is currently two records, and it deserves 
more. 
 

Table 8. Critical comparison of the surface-imaging stratum. 

Ref. Modality and approach Principal contribution Critical limitation identified in this 
review 

[11] Photographic archive, deep CNN Large retrospective demonstration; the 
template for the strand 

Hospital case series; prior probability 
inflated by referral and photography 

[12] Photographic, classification and 
detection Joint classification and localisation Single-centre; patient-wise partitioning not 

evidenced 

[13] Photographic, novel CNN 
comparison 

Systematic architecture comparison on 
one corpus 

Cross-validation over images already seen in 
training in part of the design 

[66] Routine clinical photographs Uses images taken in ordinary practice 
rather than research conditions 

Cross-validation reuses training-set images; 
external cohort absent 

[67] OPMD and carcinoma screening Addresses the precursor class, not only 
frank carcinoma 

Class definitions differ from neighbouring 
studies, blocking comparison 

[106] 3-D convolutional networks Volumetric formulation rather than 
single-frame 

Acquisition requirements exceed a screening 
setting 

[107] Pre-cancerous tongue lesions Targets a specific high-yield subsite Preprint stage; cohort and protocol detail 
limited 

[108] Multimodal CNN pipeline Combines image with contextual clinical 
input 

Fusion benefit not ablated against the image-
only baseline 

[14] Smartphone dual-modality 
device 

Autofluorescence plus white light on a 
consumer handset 

Preliminary field data; no screening-yield 
comparison 

[15] Flexible intraoral probe Reaches cheek pockets, tonsils and base 
of tongue 

Device characterisation study; diagnostic 
performance secondary 

[64] Dual-modal image classification Fuses fluorescence and white-light 
channels 

Small cohort; channel fusion weights not 
interpreted 

[27] Attention with expert-
knowledge embedding 

Interpretability designed in rather than 
added afterwards 

Attribution not adjudicated against 
independent expert annotation 

[16] Smartphone OPMD screening at 
scale 

Largest field-oriented cohort in the 
strand 

Reader comparator not reported for the 
same images 

[65] Smartphone image detection Practical pipeline for handset-captured 
images 

Single-corpus; camera and lighting variation 
uncontrolled 

[110] Papanicolaou autofluorescence 
cytology 

Demonstrates an information channel 
beyond brightfield 

Single-centre; requires a fluorescence-
capable scanner 

[111] Oral cytopathology AI pilot Establishes feasibility on a minimally 
invasive sample 

Pilot scale; no diagnostic accuracy claim 
supportable 

 

6. Tissue-Based and Radiomic Modalities: Critical Synthesis 
The tissue-based stratum comprises 25 primary studies on histopathology and 7 on radiomics. Tables 9 
and 10 give the comparisons. 
6.1 Histopathological Classification and Grading 
The histopathological strand follows a recognisable pattern: a public or institutional collection of tissue 
tiles is assembled, an ImageNet-pretrained backbone is fine-tuned, and high accuracy is reported on a 
binary or three-class task. Kulkarni et al. compare architectures systematically on this formulation [112]; 
Redie et al. apply transfer learning [113]; Panigrahi et al. do the same on a Heliyon corpus [114]; Albalawi 
et al. use EfficientNet [25] and Soni et al. an improved EfficientNet variant [24]; Raval and Undavia assess 
CNNs across skin and oral tasks jointly [115]; and an AlexNet-based study extends the comparison 
downward in architectural complexity [116]. 
The strand has since moved to attention and transformer designs. Yadav et al. propose an explainable label-
guided lightweight network with an axial transformer encoder [30]; Jagathesh and Narayanan combine 
ResNet50 with a vision transformer through convolutional block attention [18]; Li fuses CrossViT features 
with expert-extracted handcrafted features [28]; Ramya and Minu apply a deep transformer encoder with 
dilated convolution and global attention to three-grade classification [29]; and Deif et al. [117] and Alanazi 
et al. [118] combine deep features with metaheuristic selection and belief networks respectively. Wang et 
al. pair a deep belief network with a group teaching optimisation algorithm [26] and Zhang et al. optimise 
a gated recurrent architecture with a modified metaheuristic [119]. 
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Segmentation is addressed by Albishri et al. with OCU-Net [120] and by Dharani and Danesh with a mask-
and-shift formulation [121], and multiple-instance formulations have been contrasted against conventional 
single-instance learning by Koriakina et al. [31], drawing on the wider MIL literature [32], [33], [122], [34], 
[123]. The computational-pathology field that produced these methods has been surveyed 
comprehensively [124], [125], [36], and has demonstrated on other tumour sites what oral cancer has not 
yet attempted: weakly supervised models at institutional scale [126], weakly supervised segmentation 
[127], and federated training across centres without pooling slides [128]. 
What is established here is real. Transferred natural-image representations are informative for oral 
histopathology despite the domain gap, a conclusion consistent with the wider transfer-learning evidence 
[21], [97], [96]. Three-grade differentiation classification is feasible at accuracies that would be clinically 
interesting if they held up. Multiple-instance learning is the correct formulation for slide-level labels and 
reduces annotation burden substantially. 
What is not established is generalisation, and the obstacle is specific to this modality. Histopathological 
appearance depends on the staining protocol, the scanner and the laboratory; a model trained at one 
institution encounters a systematic colour and texture shift at another. This is the tissue-imaging analogue 
of the site-confounding problem documented across medical imaging [62], [129], [130], and the corpus 
contains almost no stain normalisation, no scanner-shift analysis and no cross-institution evaluation. 
Pirayesh et al., pooling this literature meta-analytically, report exactly this heterogeneity [17]. 
A second obstacle is more subtle and more damaging. Many of these datasets are distributed as image tiles 
without patient identifiers. When tiles from one patient's slide are distributed across training and test 
partitions, which is unavoidable if the identifiers are absent, the test set contains near-duplicates of training 
material, and the reported accuracy estimates within-slide similarity rather than diagnostic generalisation. 
This is the leakage mechanism analysed generally by Kapoor and Narayanan [61] and by Varoquaux and 
Cheplygina [59], and it is structurally present wherever a tiled dataset lacks patient-level metadata. It is 
not a criticism of the authors who use such datasets; it is a property of the datasets that the field has not 
addressed. 
6.2 Explainability in the Tissue Strand 
Attribution is now common. Grad-CAM visualisation has been applied to multiclass OSCC grading [131]; 
class-activation mapping has been used to derive clinical predictors of oral dysplasia [132]; explainability-
oriented diagnostic pipelines have been proposed [133]; Shah et al. integrate local and global attention with 
explainability as an objective [134]; and Bashir et al. derive a digital score of peri-epithelial lymphocytic 
activity that predicts malignant transformation in oral epithelial dysplasia [135]. The last of these is, in our 
assessment, the most clinically substantive contribution in the strand, because it produces a quantity with 
prognostic meaning rather than an explanation of a classification. 
The general weakness is that attribution is displayed rather than validated. A saliency map that highlights 
a plausible region is a hypothesis about the model, not evidence about the disease, and the sanity-check 
literature has shown that attribution methods can produce plausible-looking maps that are insensitive to 
model parameters [136]. Agreement between attribution and independent expert annotation is testable, 
cheap and almost never reported. Rudin's argument that inherently interpretable models should be 
preferred for high-stakes decisions [137] is directly relevant and largely unengaged with in this corpus. 
6.3 Radiomics and Nodal Prediction 
The radiomic strand addresses a different clinical question: given a diagnosis, is there occult nodal disease? 
Lan et al. combine deep learning features with radiomics on MRI for occult cervical nodal metastasis and 
prognosis, with an external validation set [19]; Liu et al. compare MRI sequence combinations for the same 
target [20]; Chen et al. fuse deep learning and radiomics on contrast-enhanced CT [138]; Vidiri et al. build 
MRI-based models for stage and nodal status [139]; Dohopolski et al. add epistemic and aleatoric 
uncertainty to a nodal prediction network [140]; and De Biase et al. address uncertainty-aware 
segmentation in a multi-centre cohort [141]. Meta-analyses pool this material [47], [48]. 
Two things distinguish this strand methodologically, and both are to its credit. It is the only strand in the 
corpus in which multi-centre cohorts and external validation appear with any regularity [19], [141], and it 
is the only strand that engages seriously with uncertainty quantification [140], [141]. Both practices are 
transferable to the surface-imaging strands and are not currently being transferred. The strand's limitation 
is standardisation: radiomic feature values depend on acquisition parameters and reconstruction, and 
adherence to the Image Biomarker Standardisation Initiative [142] is inconsistent across the corpus. 

 
Table 9. Critical comparison of the histopathology and cytology stratum. 

Ref. Approach Principal contribution Critical limitation 

[112] Multi-architecture CNN comparison Systematic backbone comparison on 
one corpus 

Tile-level partitioning; patient identifiers 
not used 

[113] Transfer-learning framework Establishes the transfer baseline for 
the strand 

Single-corpus; no stain or scanner 
variation 

[114] Deep transfer learning Reproducible pipeline on a public 
corpus 

Same tiled dataset limitations as 
neighbouring studies 

[25] EfficientNet Efficiency-oriented baseline Dataset size constrains the reported 
gains 
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Ref. Approach Principal contribution Critical limitation 

[24] Improved EfficientNet Architecture refinement with 
measured ablation 

Improvement margin within cross-fold 
variability 

[115] CNNs across skin and oral tasks Cross-domain comparison of the same 
backbones 

Two diseases pooled; oral-specific 
conclusions weakened 

[116] AlexNet Tests the low end of architectural 
complexity 

Comparator set does not include current 
backbones 

[30] Label-guided lightweight axial 
transformer 

Explainability designed into a 
deployable-size model 

Explanation not adjudicated against 
expert annotation 

[18] ResNet50 + ViT with block 
attention 

Local and global context combined 
explicitly 

Single-corpus; computational cost not 
reported 

[28] CrossViT fused with handcrafted 
features 

Expert features retained rather than 
discarded 

Manual feature extraction is not 
reproducible across sites 

[29] Transformer encoder, dilated 
convolution, global attention 

Three-grade differentiation rather than 
binary 

Grade labels subject to the inter-observer 
variability being automated 

[117] DNN with binary particle swarm 
optimisation 

Feature selection integrated with the 
classifier 

Selection performed on the evaluation 
corpus 

[118] NasNet features with a deep belief 
network Hybrid deep and probabilistic design Generalisation to unseen data limited, as 

the authors note 

[26] Deep belief network with group 
teaching optimisation 

Metaheuristic tuning of a probabilistic 
model 

Optimisation search space overlaps the 
evaluation data 

[119] GRU optimised by a modified 
goshawk algorithm Sequential formulation of a static task Sequence structure of the input not 

justified clinically 

[120] OCU-Net segmentation Purpose-built U-Net variant for oral 
tissue Preprint stage; external cohort absent 

[121] Mask-shift CNN with SV-OnionNet Joint segmentation and identification Two-stage design multiplies the leakage 
surface 

[31] Deep MIL versus single-instance 
learning 

Directly tests the weak-supervision 
formulation 

Interpretation of MIL attention not 
clinically validated 

[143] Deep learning for OSCC detection Accessible reproducible baseline Preprint; comparator set limited 
[131] Multiclass grading with Grad-CAM Two-step grading plus explanation Grad-CAM shown, not validated 

[132] Class activation maps as clinical 
predictors 

Attribution repurposed as a clinical 
signal Predictor value not tested prospectively 

[133] Explainability-oriented diagnostic 
pipeline 

Explanation treated as a design 
requirement Single-corpus evaluation 

[134] Local and global attention with 
explainability Combines two attention scopes Working-paper stage at the time of 

review 

[135] Peri-epithelial lymphocytic activity 
score 

Produces a prognostic quantity, not a 
classification 

Requires high-quality WSI and careful 
segmentation 

[68] Multiclass grading with tissue 
segmentation 

Segments epithelium and stroma 
before grading 

Segmentation quality dependence not 
quantified 

[144], [145] Pretrained models; GoogLeNet 
Inception-v3 for dysplasia Early conference-scale demonstrations Short-format evaluation; limited protocol 

detail 
 

Table 10. Critical comparison of the radiomics and cross-sectional imaging stratum. 
Ref. Modality and target Principal contribution Critical limitation 

[19] MRI, occult nodal metastasis and 
prognosis 

Deep and radiomic features fused with 
external validation 

Retrospective; feature stability across 
scanners unreported 

[20] Multimodal MRI sequence 
combinations 

Identifies which sequences carry the 
signal 

Single-centre; sequence protocol 
specific 

[138] Contrast-enhanced CT fusion model Improves preoperative nodal 
identification 

Contrast protocol variation not 
modelled 

[139] MRI prediction of stage and nodal 
status 

Addresses staging as well as nodal 
status Small cohort relative to feature count 

[140] CNN with epistemic and aleatoric 
uncertainty 

Uncertainty reported alongside 
prediction 

Oropharyngeal cohort; transfer to oral 
cavity untested 

[141] Uncertainty-aware multi-centre 
segmentation Multi-centre design with uncertainty Segmentation task; diagnostic yield not 

evaluated 

[142] Image biomarker standardisation Provides the feature-definition 
standard the strand needs 

Adherence across the corpus is 
inconsistent 

 

7. Practice Audit, Prevalence Analysis and a Proposed Standard 
This section answers RQ3, RQ4 and RQ5 and constitutes the review's principal contribution. 
7.1 The Practice Audit 
Fig 9 reports, for three modality clusters and for all 50 primary studies pooled, the share whose retrievable 
content evidences six methodological practices. 
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Fig 9. Prevalence of evidenced methodological practices across modality clusters and across all primary 

studies. A practice that is not reported is scored as absent (Algorithm 2, line 3). 
 
Patient-wise partitioning is evidenced by 34% of primary studies overall, and by only 28% of the 
histopathology and cytology cluster, which is the cluster in which tile-level partitioning does the most 
damage, because a single slide yields hundreds of visually similar tiles. External or multi-site validation is 
evidenced by 16% overall and by 11% of the tissue cluster; the radiomics cluster does better at 22%, 
consistent with the observation in Section 6.3. Class balance and prevalence are reported by 40%, but 
almost always as the composition of a balanced experimental sample rather than as the prevalence of the 
intended use. A clinician comparator on the same images appears in 12% overall. Data or code release 
stands at 14%. 
Two readings are available and both are damaging. If these practices are genuinely absent, the 
corresponding results do not support the claims made from them. If they are present but unreported, the 
corpus is not assessable by a reader deciding whether to build on it. There is no third reading in which 
current reporting is adequate. 
7.2 Eight Recurrent Failure Modes 
Consolidating across strata, eight failure modes recur. 
F1. Image-wise rather than patient-wise partitioning. Where a patient contributes multiple images, 
such as tiles from one slide, frames from one examination or sequences from one scan, and partitioning is 
applied to images, the test set contains near-duplicates of training material and the estimator measures 
within-patient similarity. 
F2. Spectrum and selection bias. Datasets drawn from hospital archives contain lesions that a clinician 
already judged worth photographing or biopsying. The case mix is therefore enriched for unambiguous 
disease and depleted of the diagnostically difficult cases on which the model would be used. 
F3. Prevalence-uncorrected reporting. Metrics computed on a balanced case-control sample are 
reported without translation to the intended-use prevalence. Section 7.3 shows this is not a presentational 
quibble. 
F4. Site, camera and stain shift. Histopathological appearance depends on staining and scanner; 
photographic appearance depends on camera, illumination and white balance. Neither is controlled, 
harmonised or audited in most of the corpus. 
F5. Absent clinician comparator. The benchmark that made dermatological AI credible was a direct 
comparison against specialists on the same images [146], and no equivalent exists here. A diagnostic 
accuracy figure without a reader study establishes that the model performs, not that it adds. Nieri et al.'s 
comparative review exists precisely because this comparison is usually missing [38]. 
F6. Out-of-fold preprocessing. Stain normalisation, feature selection and synthetic oversampling fitted 
before partitioning leak test information into training. Where imbalance is addressed by resampling [147], 
its placement relative to the split is decisive and frequently unstated. 
F7. Displayed rather than validated explanation. Attribution is shown without agreement testing 
against expert annotation or stability testing under resampling [136]. 
F8. Irreproducible reporting. Twenty-seven records were excluded at full text because no evaluation 
protocol could be recovered. Among included records, patient-level split files, seeds and environment 
specifications are almost never released. 
7.3 The Prevalence Problem, Made Quantitative 
F3 deserves separate treatment because it is the failure mode most likely to mislead a clinical reader and 
the one most easily corrected. Let Se and Sp denote sensitivity and specificity, and let π be the prevalence 
of disease in the population to which the model is applied. Then 

 PPV =  
Se·𝜋

Se·𝜋 + (1 − Sp)(1 − 𝜋)
 (2) 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml           International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.10s, 2026                                                                                                                                        1114 

 NPV =  
Sp·(1 − 𝜋)

Sp·(1 − 𝜋) + (1 − Se)·𝜋
 (3) 

In a balanced experimental sample π = 0.5 and the reported PPV approximates accuracy. In opportunistic 
screening of an adult population in a high-incidence region, π for frank carcinoma is of the order of 10⁻³ to 
10⁻⁴, and even for OPMDs it rarely exceeds a few per cent. Substituting a representative and by no means 
pessimistic operating point of Se = 0.95 and Sp = 0.95 at π = 10⁻³ into Eq. (2) gives 

 PPV ≈  
0.00095

0.00095 + 0.04995
 ≈  0.019 (4) 

That is, fewer than two in every hundred positives would be true positives, and each of the remaining 
ninety-eight would generate an unnecessary referral, an anxious patient and in many pathways an 
unnecessary biopsy. The same model reported at π = 0.5 would show PPV = 0.95. Nothing about the model 
has changed; only the population has. 
The screening-yield consequence follows directly. For a screened population of size N, the numbers of true 
and false positives are 
 TP =  𝑁 · 𝜋 · Se,  FP =  𝑁 · (1 −  𝜋) · (1 −  Sp) (5) 
so the referral burden per additional case detected is 

 𝐵 =  
FP

TP
 =  

(1 − 𝜋)(1 − Sp)

𝜋·Se
 (6) 

which at the operating point above is approximately 52 unnecessary referrals per true case. Since 
specificity enters through (1 − Sp) multiplied by the large factor (1 − π), specificity not sensitivity dominates 
the usability of a screening model at low prevalence. The corpus reports both, but optimises and headlines 
sensitivity and accuracy. 
The appropriate decision-analytic framing is net benefit at a threshold t reflecting the relative cost of a 
missed cancer against an unnecessary referral [148]: 

 NB(𝑡)  =  
TP

𝑁
 −  

FP

𝑁
· [

𝑡

1 − 𝑡
] (7) 

and a model is worth deploying only where NB(t) exceeds that of the current pathway across the clinically 
plausible range of t. Reporting NB(t) answers the question that accuracy does not. No study in this corpus 
reports it. 
Finally, for imbalanced evaluation the discrimination summary should not degenerate under prevalence 
shift. Balanced accuracy and the Matthews correlation coefficient [149] are appropriate, 

 MCC =  
TP·TN − FP·FN

√𝑁+·𝑁−·𝑃+·𝑃−
 (8) 

where N₊ = TP+FP, N₋ = TN+FN, P₊ = TP+FN and P₋ = TN+FP. Raw accuracy on a balanced sample, by 
contrast, conveys almost nothing about screening behaviour. Comparisons between models should be 
tested with an appropriate paired procedure on the ROC curves [150] rather than by inspecting point 
estimates, and the interpretation of the ROC summary itself requires care in the imbalanced regime [151]. 
7.4 Gap Severity Across Modalities 
Fig 10 summarises the residual gaps as a severity matrix across six modality streams and eight 
methodological dimensions. 
 

 
Fig 10. Severity matrix of residual gaps. Scores are the review authors' appraisal on a 1 (low) to 5 (critical) 

scale, derived from the practice audit of Section 7.1 and the modality analyses of Sections 5 and 6. 
 
Prospective evidence scores 4 or 5 in every row, which is the single most uniform finding in the matrix and 
the clearest statement of where the field stands: after more than a decade of work, there is no prospective 
evidence that any of these models improves detection in practice. 
7.5 OSCAR-Eval 
Fig 11 and Algorithm 3 specify the proposed protocol. Every stage is achievable with existing tooling. 
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Fig 11. OSCAR-Eval, the proposed eleven-stage evaluation and reporting protocol. Stages 0-3 remove leakage; 

stages 4-6 establish generalisation and clinical interpretability; stages 7-9 establish incremental value, 
explanation validity and deployment realism; stage 10 makes the result reproducible. 

 

Algorithm 3: OSCAR-Eval evaluation and reporting protocol 
Input: dataset D with patient IDs and acquisition metadata; external cohort Dext; model family F 
Output: a disclosure record sufficient for independent clinical assessment 
1: assert every image in D carries a patient ID and acquisition metadata; else abort  ▷ Stage 0 
2: P ← patientWiseStratifiedFolds(D, K)  ▷ Stage 1 
3: assert no patient appears in more than one fold of P 
4: for each outer fold k in P do  ▷ Stage 2 
5: fit preprocessing πk (stain normalisation, scaling) on traink only  ▷ Stage 3 
6: if resampling is used then apply it inside traink only 
7: select hyper-parameters by inner cross-validation on traink only 
8: fk ← train(F, πk(traink)); score on πk(testk) 
9: end for 
10: g ← train auxiliary classifier for site / camera / stain on the same features  ▷ Stage 4 
11: if AUC(g) > 0.70 then flag a confound and report it 
12: evaluate f on Dext, never used above; report the generalisation gap  ▷ Stage 5 
13: report Se, Sp and, by Eqs. (2)–(3), PPV and NPV at the intended-use prevalence  ▷ Stage 6 
14: report referral burden B by Eq. (6) and net benefit NB(t) by Eq. (7) 
15: qualified clinicians read the same images; report the difference with a CI  ▷ Stage 7 
16: compute attribution; test agreement with expert lesion annotation and stability  ▷ Stage 8 
17: report subgroup performance and inference cost on the target device  ▷ Stage 9 
18: release patient-level split files, seeds, environment, training and inference code  ▷ Stage 10 
19: return the disclosure record 
20: a record missing lines 3, 13 or 18 is incomplete and its claims are not clinically assessable 
Note: line 13 is the stage most often omitted and the one that most changes the reader's conclusion. It costs two arithmetic operations on 
numbers the study already has, and it converts an accuracy figure into a statement about what would happen in the population the model 
targets. 

 
7.6 Six Reporting Invariants 
The protocol above is a full standard; what a reviewer needs is a short checkable list. We propose six 
invariants. (i) The partition is patient-wise and the paper says so explicitly. (ii) All preprocessing, including 
stain normalisation and resampling, is fitted inside the training fold. (iii) Either an external cohort, centre 
or device is evaluated, or the paper states plainly that generalisation is untested and confines its claims 
accordingly. (iv) Predictive values are reported at the intended-use prevalence, with the assumed 
prevalence stated. (v) A clinician comparator reads the same images, or the paper states that no 
incremental-value claim is being made. (vi) Split files, seeds and inference code are released. A paper 
satisfying these six may still be wrong; it can at least be assessed. A paper failing any of them cannot be, 
whatever accuracy it reports. 
 

8. Open Challenges and Research Roadmap 
Table 11 maps every gap identified in this review to the failure modes that produce it, the remedy we 
propose and the horizon on which that remedy is realistic. Fig 12 places the same material on a three-
horizon timeline. 
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Fig 12. Three-horizon research roadmap. Near-term items are reporting and evaluation reforms achievable 

without new data collection; mid-term items require multi-centre benchmark and harmonisation 
infrastructure; long-term items require prospective trials, regulatory evidence and deployment 

programmes. 
8.1 Benchmark Infrastructure 
The single most useful investment the field could make is not architectural. It is a multi-centre, multi-device 
oral image benchmark with published patient-wise splits, documented acquisition conditions, and a stated 
case mix that reflects a screening rather than a referral population. The histopathology strand needs the 
equivalent: a tiled dataset distributed with patient identifiers and stain metadata, so that patient-wise 
partitioning becomes possible rather than merely recommended. Without these, the comparison between 
any two published models remains uninterpretable, because the between-dataset variance exceeds the 
between-method variance the reported numbers are supposed to express. The computational pathology 
community has built comparable resources for other tumour sites [34], [128], [36]; oral cancer has not. 
8.2 Harmonisation and Shortcut Control 
Stain normalisation for histopathology and colour, illumination and white-balance normalisation for 
photographic capture should be default preprocessing stages, and the shortcut audit of OSCAR-Eval Stage 
4 should be a standard ablation. The mechanism is well established outside this field: a model presented 
with a nuisance variable that correlates with the label will use it, and will appear to succeed until the 
correlation breaks [62], [129], [130]. Oral cancer datasets are unusually exposed to this because case and 
control images are frequently acquired in different settings, the cases in a tertiary clinic and the controls in 
a dental school, so the acquisition variable is almost perfectly confounded with the label. 
8.3 Reformulating the Clinical Task 
Section 4 argued that the field has substituted architectures rapidly and reformulated the clinical question 
hardly at all. Three reformulations would materially increase clinical value. First, referral triage rather than 
diagnosis: the operationally useful output is a calibrated referral recommendation with a stated cost ratio, 
not a malignancy label. Second, malignant-transformation risk over time rather than current status: the 
studies that produce a prognostic quantity [135], [19] are more clinically substantive per unit of effort than 
those that produce a classification. Third, screening yield rather than accuracy: the endpoint that justifies 
a screening technology is additional cases detected per thousand screened at an acceptable referral burden, 
and Eqs. (5)–(7) show how to report it from quantities studies already possess. 
8.4 Deployment Realism in High-Burden Settings 
The incidence of oral cancer is concentrated in settings where specialist density is low and where the 
realistic operator is a frontline health worker with a handset, not a clinician with a workstation. This has 
three consequences the corpus mostly does not address. Inference must run on the device, offline, within a 
power and thermal budget; the model must degrade gracefully rather than confidently when image quality 
is poor; and the output must be a referral action, not a probability, because the operator's decision space is 
binary. The smartphone strand [14], [15], [16] has the right target and needs the evaluation discipline of 
Section 7 to make its case. 
8.5 Foundation Models and Federated Training 
Pathology foundation models [35], [36], [37] and self-supervised pre-training [78], [79] offer a plausible 
route past the small-dataset constraint that limits every strand in this corpus, because their 
representations are learned outside any single institution's staining and acquisition protocol. Federated 
training [152], [153], [128] offers a route past the data-sharing constraint that prevents multi-centre 
datasets from being assembled centrally. Both are promising and both are, at present, promises: no record 
in this corpus evaluates either on an oral cancer task with an external cohort. The honest statement is that 
the field has identified the right tools and has not yet tested them on its own problem. 
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Table 11. Mapping of identified gaps to failure modes, remedies and horizon. 
Gap Failure modes Proposed remedy Horizon 

Image-wise partitioning of multi-image 
patients F1 Patient-wise folds asserted explicitly; datasets redistributed 

with patient identifiers Near 

Hospital-archive case mix F2 Stated clinical spectrum matched to intended use; 
screening-population sampling Mid 

Metrics reported at sampled 
prevalence F3 PPV and NPV by Eqs. (2)–(3) at the intended-use 

prevalence, with that prevalence stated Near 

Referral burden unreported F3 Burden B by Eq. (6) and net benefit NB(t) by Eq. (7) across 
clinical thresholds Near 

Stain, scanner and camera shift F4 Harmonisation as default preprocessing; shortcut audit as a 
standard ablation Near 

No clinician comparator F5 Reader study on the same images with the difference and 
its interval reported Near 

Preprocessing fitted outside the fold F6 In-fold normalisation, selection and resampling, with 
placement stated Near 

Attribution displayed, not validated F7 Agreement with expert lesion annotation; stability under 
resampling Mid 

No artefacts released F8 Split files, seeds, environment and inference code released 
with the paper Near 

No shared oral benchmark F1, F2, F4 Multi-centre, multi-device benchmark with published 
patient-wise splits Mid 

Foundation and federated approaches 
untested here n/a Evaluation of pathology foundation encoders and federated 

training on oral tasks with external cohorts Mid 

Task formulation misaligned with the 
decision F5 Calibrated referral triage and transformation-risk 

endpoints replacing binary labels Mid 

No prospective evidence in any 
modality F2, F5 Prospective screening studies with pre-registered analysis 

plans and yield endpoints Long 

No regulatory-grade evidence F8 Evidence packages meeting CE-MDR, FDA SaMD and CDSCO 
expectations Long 

Deployment on frontline devices 
unproven n/a On-device inference with graceful degradation and referral-

action outputs; post-market surveillance Long 

 
8.6 Threats to the Validity of This Review 
Four threats are material and we state them rather than qualify them away. First, selection: the corpus was 
seeded from a supplied list of 24 records reflecting its compilers' interests and then extended by systematic 
search, so the resulting distribution is not a neutral sample of the field; the cytology strand at two records 
is almost certainly under-represented, and non-English clinical literature is absent by construction. Second, 
appraisal subjectivity: DETECT scores and the critical-limitation cells in Tables 8, 9 and 10 are the review 
authors' judgement from the retrievable record, and a practice present but unreported is scored as absent 
by design, which understates what studies did while correctly representing what a reader can verify. Third, 
the practice-audit percentages in Fig 9 are computed over cluster membership as assigned in this review, 
and a different assignment would move them by several points, though not enough to reverse the ordering 
that carries the argument. Fourth, the prevalence analysis in Section 7.3 uses representative rather than 
study-specific operating points, because most studies do not report the sensitivity-specificity pair at a 
stated threshold; the conclusion follows from the structure of Eqs. (2) and (6) rather than from the 
particular numbers, but a reader should treat the illustrative figures as illustrative. 
We also record a limitation of the corpus construction itself. Criterion I7 excluded 140 records whose 
bibliographic identity could not be verified. Some of those were certainly legitimate works with poorly 
indexed metadata, and excluding them trades recall for verifiability. We consider the trade correct for a 
review whose thesis concerns evidentiary standards, but it is a trade and not a free choice. 
 

9. Conclusion 
This review examined 153 records on artificial intelligence for the early detection of oral cancer, spanning 
1988 to early 2026, assembled under a PRISMA-conformant protocol in which every retained record's 
bibliographic identity was verified against a retrievable source and 140 records were excluded because it 
could not be. 
The descriptive picture is one of steady growth and rapid architectural turnover. The critical picture 
resolves into three quantified deficits and one structural misalignment. 
The evaluation deficit: 34% of primary studies evidence patient-wise partitioning, falling to 28% in the 
histopathology cluster where tile-level splitting does the most damage. A reported accuracy obtained 
without patient-wise partitioning may be measuring within-patient similarity, and the reader cannot tell 
which. 
The translation deficit: 16% report external or multi-site validation, 12% include a clinician comparator 
on the same images, and 14% release data or code. Without a comparator, an accuracy figure establishes 
that a model performs, not that it adds anything to a clinician who is already looking at the same lesion. 
The prevalence deficit: metrics are reported at the balanced prevalence of an experimental sample rather 
than the low prevalence of a screening population. We showed that a model at 95% sensitivity and 95% 
specificity, a performance level the corpus routinely exceeds on its own data, yields a positive predictive 
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value under 2% and roughly fifty-two unnecessary referrals per true case at a prevalence of 10⁻³. That 
translation costs two arithmetic operations and is essentially never performed. 
The structural misalignment is the finding we would most want carried forward. The densest strand of this 
literature operates on tissue that has already been biopsied, which is downstream of the delay that causes 
late-stage presentation. Oral cancer is unusual among common malignancies in that its precursors are 
visible to an unaided examiner; the binding constraint is therefore examination and referral, not 
detectability. Work at the chairside and at the point of triage addresses that constraint. Work on slide 
grading, however good, does not, and calling it early detection obscures a distinction that matters to 
patients. 
What we offer in response is prescriptive rather than descriptive: eight named failure modes stated so they 
can be checked; a prevalence-correction and screening-yield analysis that converts reported accuracy into 
the quantity a clinician needs; and OSCAR-Eval, reduced to six invariants: patient-wise partitioning, in-fold 
preprocessing, external validation or an explicit statement of its absence, predictive values at the intended-
use prevalence, a clinician comparator, and released artefacts. None of these is expensive. Their near-
universal absence is a norms problem rather than a resource problem, and norms problems are the kind a 
field can fix by deciding to. 
The technical capability to build these systems is evidently present. What is missing is the evaluation 
discipline that would let anyone tell whether they work, and the prospective evidence that would let a 
health system act on them. Until a study reports how many additional cancers were found per thousand 
people screened, and at what referral cost, the field will continue to accumulate accuracy figures that no 
clinician can use. 
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