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REVIEW

ABSTRACT
Artificial intelligence is being applied to oral health in low- and middle-income countries through three overlapping channels: mobile 
health, teledentistry, and frugal innovation. This review contrasts the conditions, uses, and evidence of these applications against those 
of high-income settings. In high-income countries, artificial intelligence in dentistry is dominated by image analysis of radiographs and 
intraoral scans, supported by rich datasets and established regulatory pathways; in low- and middle-income countries, the applications 
are oriented toward access, using smartphones as the capture device, teledentistry as the delivery channel, and low-cost models as the 
means, and they target the caries and oral cancer burden that the workforce shortage leaves unattended. The evidence is strongest 
for teledentistry as a route to access, moderate for smartphone-based screening, and weakest for the claim that artificial intelligence 
itself, as opposed to the mobile channel around it, changes oral health outcomes. Most reported performance comes from high-income 
datasets, and transfer to low-resource populations is largely unproven. The review concludes that the value of artificial intelligence in 
low- and middle-income countries currently lies less in the algorithm than in the integration of the algorithm into affordable, connected 
workflows, and that realizing that value depends on local data, local validation, and the infrastructure that the literature, so far, mostly 
takes for granted.
Keywords: artificial intelligence; oral health; developing countries; telemedicine; mobile health; frugal innovation.

RESUMEN
La inteligencia artificial se está aplicando a la salud oral en los países de ingresos bajos y medios a través de tres canales superpuestos: la 
salud móvil, la teleodontología y la innovación frugal. Esta revisión contrasta las condiciones, los usos y la evidencia de estas aplicaciones 
con los de los entornos de ingresos altos, donde la inteligencia artificial se orienta al análisis de imágenes, mientras que en los países 
de ingresos bajos y medios se orienta al acceso. La evidencia es más sólida para la teleodontología como vía de acceso, moderada para 
el cribado basado en teléfonos inteligentes y más débil para la afirmación de que la inteligencia artificial en sí cambia los resultados de 
salud oral. La mayor parte del rendimiento comunicado procede de conjuntos de datos de ingresos altos, y la transferencia a poblaciones 
de bajos recursos está sin demostrar. La revisión concluye que el valor de la inteligencia artificial reside hoy menos en el algoritmo que 
en su integración en flujos de trabajo asequibles y conectados, y que materializar ese valor depende de datos locales, validación local e 
infraestructura.
Palabras clave: inteligencia artificial; salud oral; países en desarrollo; telemedicina; salud móvil; innovación frugal.
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INTRODUCTION

Artificial intelligence has arrived in oral health with a striking asymmetry. In high-income 
countries, the dominant applications are the automated analysis of radiographs, intraoral photogra-
phs, and cone-beam computed tomography, built on large annotated datasets, evaluated against 
clinical gold standards, and increasingly regulated as medical devices; in low- and middle-income 
countries, where the burden of untreated caries and oral cancer is highest and the dental work-
force is thinnest, the applications take a different shape, oriented not to refining diagnosis for an 
already-served population but to extending reach to a population that currently receives almost 
no care.(1,2)

The contrast between these two ways of applying the same technology is the subject of this 
review, and it is informative precisely because the technology is the same while the conditions are 
not: the algorithm that reads a radiograph does not care whether the patient is in Seoul or in rural 
Bangladesh, but the infrastructure that produces the image, transmits it, and acts on its result 
differs entirely between the two settings.

The asymmetry is not a matter of intellectual lag but of constraint: a low- and middle-in-
come setting cannot wait for the density of radiograph machines, specialists, and datasets that 
high-income artificial intelligence assumes, and it therefore reaches for the tools that are already 
present, the smartphone, the messaging network, and the community health worker. The scale 
of the unmet need gives the asymmetry its urgency: untreated caries in permanent teeth and 
severe periodontitis are among the most prevalent conditions on earth, and oral cancer is dispro-
portionately a disease of South and Southeast Asia, where late diagnosis converts a curable lesion 
into a fatal one.(1,2)

A technology that could move even a fraction of this burden from late to early, from unexami-
ned to examined, would be among the more cost-effective uses of artificial intelligence in health, 
and it is this possibility, rather than any particular algorithm, that motivates the work reviewed here. 
This review examines three channels through which artificial intelligence reaches oral health in 
low- and middle-income countries, namely mobile health, teledentistry, and frugal innovation, and 
contrasts each against its high-income counterpart, in the belief that the contrast, more than either 
side taken alone, reveals what the technology can and cannot yet do for the world’s oral health.

The three channels are conceptually distinct but practically entangled. Mobile health uses the 
smartphone as a platform for screening, promotion, and self-care, turning a device that is already 
in people’s pockets into an instrument of oral health. Teledentistry uses telecommunications to 
connect a patient or a generalist provider to a distant clinician, and artificial intelligence enters it 
as the assistant that analyzes the transmitted image before the clinician does.

Frugal innovation is the design philosophy of building for low-resource settings, and in this 
context it means the low-cost, often smartphone-based, sometimes open-source systems that 
are engineered to work where a radiographic machine or a specialist is unavailable. Each of these 
channels has a high-income analogue: mobile health in high-income countries means apps for 
behavior change and monitoring, teledentistry means remote consultation in well-resourced sys-
tems, and frugal innovation is largely absent because the constraint it addresses does not exist.(3,4)

The comparison therefore exposes not just what low- and middle-income countries do di-
fferently, but what the high-income literature takes for granted, and it is in the gaps, the missing 
datasets, the missing external validations, the missing referral pathways, that the real difference 
between the two settings is visible. A reader approaching this topic from the high-income artifi-
cial-intelligence literature may find the low- and middle-income applications technically modest, 
and in a narrow sense they are, but the modesty is the point: the constraint is not the capacity of 
the model but the reach of the system, and a model that runs on a phone in a village clinic, however 
simple, is doing work that a more sophisticated model in a teaching hospital cannot.

The review organizes its synthesis around two contrasts that cut across all three channels. The 
first is the contrast between low- and middle-income and high-income settings, in disease burden, 
workforce, infrastructure, and data, and it is this contrast that makes the low- and middle-income 
applications intelligible as more than poorer copies of high-income ones.

The second is the contrast between promise and demonstrated impact, between what a 
pilot demonstrates is possible and what a study shows is achieved, because the literature on arti-
ficial intelligence in global health is rich in the former and, so far, sparse in the latter.(5,6) The two 
contrasts are related: the promise-versus-impact gap is widest precisely in the settings where the 
infrastructure contrast is sharpest, because a technology that is promising in a well-resourced 
pilot faces its hardest test in the low-resource environment where it is most needed, and the gap 
between those two conditions is where the literature is thinnest.
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The purpose is therefore not to catalogue every application but to show where the evidence is 
strong, where it is aspirational, and what would need to be true for the promise to become practice.

METHODS

This is a narrative review, and its methods are documented in the manner that the SANRA 
guidance recommends for reviews that synthesize rather than exhaust. Sources were identified 
by structured searches of PubMed, OpenAlex, and Crossref using terms for artificial intelligence, 
mobile health, teledentistry, frugal innovation, and oral health, restricted for the core literature to 
the years 2013 through 2025 and supplemented by systematic reviews and foundational papers 
without a lower date limit.

The searches were run during the review period, and the selection of sources was guided by 
relevance to the three channels and to the two contrasts, rather than by a prespecified exhaustive 
protocol. Where a statement of effectiveness or accuracy is made, the underlying study design is 
stated, because a proof-of-concept and a randomized trial carry different weight, and the synthesis 
distinguishes them throughout.

The comparability of the settings is addressed explicitly rather than assumed: where a low- 
and middle-income and a high-income result are compared, the comparison notes the differen-
ces in device, population, and outcome definition that could account for the difference, so that 
apparent gaps in performance are not mistaken for genuine deficits in the technology. The review 
does not perform a meta-analysis, and its conclusions are qualitative, organized by contrast rather 
than by a pooled estimate.

DEVELOPMENT

Teledentistry: the access channel with the strongest evidence
Teledentistry is the oldest of the three channels and the one with the most substantial evi-

dence base, and its core finding is that remote examination is broadly concordant with in-person 
examination for the conditions that matter most, caries and oral mucosal lesions.(7,8) The diag-
nostic-accuracy literature is specific enough to be useful: systematic reviews of teledentistry for 
caries diagnosis with extra-oral photography report agreement with clinical examination that is 
moderate to high, and a diagnostic meta-analysis of teledentistry for oral lesions reaches a similar 
conclusion, that remote assessment is a credible triage instrument even when it is not a replace-
ment for the specialist’s eye.(9,10)

The same pattern holds at the level of the individual study, with smartphone telediagnosis of 
caries in geriatric patients achieving accuracy in the range of clinical examination, and this is the 
kind of evidence that supports deployment in settings where a clinician is not otherwise available.
(11)

Systematic reviews have repeatedly found that teledentistry improves access, particularly for 
rural and underserved populations, and that patient and provider acceptance is high, while the 
evidence for its effect on hard clinical outcomes remains thinner than the evidence for its effect 
on access.(12-14)

The qualitative literature adds the mechanism that the quantitative reviews only imply: tele-
dentistry works as an enabler to care by removing the travel and the waiting that keep underserved 
patients away, and its value is experienced as much in the referral it produces as in the diagnosis 
it reaches.(15)

The role of artificial intelligence within teledentistry is more recent and less settled: where 
AI is added, it is typically to analyze the photograph transmitted by a smartphone or a mid-level 
provider before a clinician reviews it, and the available studies report diagnostic performance that 
approaches, but does not clearly exceed, a trained clinician reading the same image.(16,17)

The contrast with the high-income literature is instructive: in high-income settings, teledentis-
try is a convenience and a triage tool, whereas in low- and middle-income settings it is a substitute 
for a clinician who is not otherwise reachable, and this difference changes what counts as success, 
from agreement with a reference standard to the number of patients who would otherwise receive 
no assessment at all.(18,19)

The WhatsApp- and photograph-based telediagnosis studies of oral lesions illustrate the 
same point from the other side: they report high concordance with specialist diagnosis, but their 

https://doi.org/10.62486/aid202550


Chaves Cano et al. SAP Artificial Intelligence in Dentistry. 2025;1:50

https://doi.org/10.62486/aid202550 4

value lies in the referral they trigger, not in the image quality they achieve.(20,21)
The orthodontic monitoring case adds a further nuance, because it is the one teledentistry 

application where the remote workflow demonstrably reduces the number of in-person visits 
without loss of outcome, and it does so because the endpoint, tooth movement, is objectively 
measurable from photographs, which is a property that caries and oral cancer screening, with their 
softer endpoints, do not fully share.(22,23)

The lesson is that teledentistry’s evidence is strongest where the outcome is measurable 
and the workflow is image-based, and weaker where the outcome is behavioral or the workflow 
requires a physical examination, a distinction that any policymaker deciding where to invest should 
apply directly.

Mobile health: promotion, screening, and the limits of the app
Mobile health in oral health spans two quite different uses, and the contrast between them 

is sharp. The first use is promotion and self-care, where the smartphone delivers reminders, edu-
cation, and behavior-change support, and the evidence, from systematic reviews, is that such tools 
are feasible and acceptable but that their effect on clinical outcomes such as plaque or caries is 
modest and inconsistently demonstrated.(3,24)

The promotion literature is large in volume and small in effect: apps can remind, educate, and 
nudge, but translating those nudges into a measurable reduction in disease requires the sustained 
behavior change that a reminder alone does not reliably produce, and the reviews conclude that 
the promise of the channel currently outruns its demonstrated effect. The randomized trials that 
do exist, for example of smartphone reminders to improve oral hygiene during orthodontic treat-
ment, show at most a transient or modest benefit, which is the expected result for an intervention 
that changes behavior through a channel the patient can ignore as easily as they can read it.(3)

This does not make promotion worthless, it remains the most scalable way to reach a popu-
lation with prevention messages, but it does mean that promotion should be judged by reach and 
engagement rather than by a reduction in caries that the channel is not well placed to deliver alone. 
The second use is screening, where the smartphone camera captures an intraoral image that is 
then analyzed, increasingly by an artificial-intelligence model, and here the reported performance 
is more striking, with studies of caries and lesion detection on smartphone photographs reporting 
accuracy in the range of clinical examination.(25-27)

The screening use has a specific attraction for low- and middle-income settings that promo-
tion does not share: a screening image can be captured by a non-specialist, a parent, or even the 
patient, and analyzed centrally, which decouples the detection of disease from the presence of a 
clinician, and this is precisely the decoupling that a workforce-shortage setting needs. The ma-
ternal teledentistry studies make this concrete, showing that a parent’s smartphone photograph, 
analyzed remotely, can carry enough information to flag early childhood caries, and the tele-de-
tection and referral protocols under trial extend the same logic to a population level.(26,28) The 
contrast between the two uses matters because they have different evidentiary requirements: a 
promotion app needs a trial showing behavior or outcome change, and the trials are few, whereas 
a screening app needs a diagnostic-accuracy study, and the studies are many but predominantly 
small and single-site.(28,29)

The further contrast, between mobile health in low- and middle-income and in high-income 
settings, is that the same app is a convenience in one and a lifeline in the other, and the exter-
nal-validation studies that would establish whether a model built on high-income images works 
on low-income populations are exactly the studies that are missing.(30,31)

The external-validation pilot that does exist, for an AI gingivitis-detection tool among older 
adults in daycare centers, is a model of the kind of evidence the field needs, small, local, and re-
ported with its limitations, and it is the exception rather than the rule.(29)

The mobile channel also reaches beyond detection into treatment support and behavior 
change, and the applications that combine a screening function with a motivational or educa-
tional function are the ones that most closely resemble the high-income app literature, with the 
same mixed evidence for their effect on hard outcomes, which suggests that the smartphone’s 
greatest contribution in low-resource settings is as a capture and delivery device rather than as a 
stand-alone behavior-change instrument.(3,24)

Frugal artificial intelligence: the oral cancer and caries frontier
Frugal innovation is where the low- and middle-income specificity is most explicit, becau-

se the systems are built for the constraint itself. The strongest line of work concerns oral cancer 
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and potentially malignant disorders, which are concentrated in South and Southeast Asia and 
are diagnosed late precisely because screening is scarce; here, point-of-care, smartphone-based 
imaging with neural-network classification has been demonstrated in proof-of-concept and pilot 
studies that report encouraging accuracy, and in some cases the systems have been deployed in 
surveillance programs.(32-35)

The oral-cancer frugal literature has a coherence that the caries literature lacks, because the 
disease is concentrated, the consequences of missing it are severe, and the alternative, a specialist 
examination that the patient will not receive, is absent, so even a modest-accuracy triage tool has 
a clear place in the pathway.(36)

The Thai surveillance platform, built for remote oral-cancer self-examination and screening, 
and the multimodal mobile imaging systems under development both show the direction: the 
phone captures, the model flags, and a human decides, and the model’s job is to reduce the 
number of patients who reach a specialist too late, not to make the final diagnosis.(35,37) Low-
cost fluorescence and multimodal mobile platforms extend the same idea to treatment guidance 
and risk-based management, and the studies share a common logic: use a device that is already 
present, a smartphone, and a model that runs on it or near it, to bring specialist-grade triage to a 
community that has no specialist.(37,38)

For caries, the frugal direction is newer and thinner, with smartphone-based detection and 
classification reported mostly at proof-of-concept, and the evidence base does not yet reach the 
standard set by the teledentistry literature.(30,39) The caries frugal work is nonetheless strategically 
important, because caries is by far the more common condition and the one for which a screening 
tool would have the largest reach, but its challenge is that a caries screening tool must discriminate 
not just disease from health but the subset of lesions that warrant intervention from those that 
can be watched, and this finer discrimination is exactly what the proof-of-concept studies have 
not yet demonstrated.(31)

The contrast with high-income settings is again the point: high-income oral-cancer AI is built 
on large, curated datasets and aims to match or beat a specialist, while the frugal systems aim to 
do something a specialist is not present to do, and this difference in aim must be kept in mind 
when comparing their reported accuracies.(5,36) A comparison that treats a frugal triage model 
and a high-income diagnostic model as the same task will conclude that the frugal model is worse, 
when the fairer conclusion is that they are solving different problems under different constraints, 
and neither can be substituted for the other.

The structural contrast: burden, workforce, and data
The three channels are all responses to a structural imbalance that is easy to state and hard 

to close: the burden of oral disease and the shortage of the workforce that could address it are con-
centrated in the same places, low- and middle-income countries, and the data and infrastructure 
that modern artificial intelligence depends on are concentrated elsewhere.(1,2,40)The geographic 
maldistribution of the dental workforce, the so-called dental deserts, is itself a well-documented 
phenomenon that predates artificial intelligence and that no amount of algorithmic sophistica-
tion will by itself reverse, because a model cannot substitute for a clinic, a referral, or a course of 
treatment.(40)

The workforce shortage is the binding constraint, because artificial intelligence, whatever 
its accuracy, requires an image to analyze and a clinician to act on the result, and where neither is 
available the algorithm solves only part of the problem.(41,42) In fragile and conflict-affected states 
the constraints are sharper still, because the oral health system that a digital tool would plug into 
may be absent or disrupted, and the review literature on such settings treats infrastructure as the 
precondition that the technology literature mostly assumes.(41)

The data shortage is the second constraint, and it is the one that most directly limits the trans-
fer of high-income models to low-resource populations, because a model trained on high-income 
images may not perform on images of different populations, disease presentations, or acquisition 
devices.(6)

The reviews of artificial intelligence developed in low- and middle-income countries them-
selves note that the literature is growing but that it is dominated by small, single-centre studies, 
that the datasets are in most cases not public, and that the evidence for real-world deployment, 
as opposed to proof of concept, is the exception.(5,6)

The practical consequence is that a policymaker cannot yet rely on an off-the-shelf model 
validated elsewhere, and must instead plan for local data collection and local validation as part of 
any adoption, which is a cost the literature does not account for.
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Barriers and enablers across the three channels
Across the three channels, the barriers and enablers are remarkably consistent, and they ma-

tter because they determine whether a promising pilot becomes a durable service. The enablers 
are the spread of smartphones, the reach of messaging networks, and the existence of a cadre of 
community or mid-level health workers who can capture images and act on referrals, and these are 
precisely the assets that the frugal and mobile designs are built to exploit, which is why the designs 
concentrate on the capture device and the channel rather than on hardware that a low-resource 
clinic cannot afford.(3,34)

The barriers are connectivity, power, data, and the absence of a referral destination, and 
they are the mirror image of the enablers, the same infrastructure that makes the tool possible 
is, where unreliable, what makes it fail, so the enablers and the barriers are not separate lists but 
two descriptions of the same dependence on infrastructure.(42)The provider-side barriers are be-
havioral as much as technical, because a tool that no clinician is trained or willing to use will not 
be adopted however accurate it is, and the awareness-and-attitude surveys show that readiness is 
uneven even where the technology is available, which makes training and change management 
as much a part of implementation as the software itself.(43)

The most consequential enabler, and the one the literature mentions least, is a functioning 
referral pathway, because a detection without a destination is a result without a consequence, and 
the systems that report the most durable outcomes are those, like the orthodontic monitoring 
tools, that are embedded in an existing clinical workflow rather than bolted onto a disconnected 
one.(22,23)

This is why the pathway, and not the model, is the unit that a funder or a ministry should 
evaluate, because the model can be swapped, but a broken pathway breaks every model that 
passes through it, and the history of digital health is full of technically sound tools that failed for 
want of a destination.

The synthesis across the three channels is therefore that the technology is the easy part, and 
the infrastructure, the workforce, and the pathway are the hard part, which is the opposite of how 
the literature, with its emphasis on model accuracy, frames the problem. A condensed view of the 
three channels and their evidence is given in (Table 1).

Table 1. Synthesis of the three innovation channels.

Channel Primary use Target 
condition Evidence strength Main limitation

Teledentistry Remote diagnosis and 
referral

Caries, oral 
lesions

Strong for access and 
agreement

Thin on clinical 
outcomes

Mobile health Promotion and smartphone 
screening

Caries, 
gingivitis Moderate for screening Few outcome trials

Frugal artificial intelligence Point-of-care smartphone AI Oral cancer, 
caries Proof of concept No external 

validation

Note: The evidence column reflects the maturity and strength of the evidence for each channel’s effect on access and on clinical 
outcomes. Source: Summary of the reviewed literature.

DISCUSSION

The differences documented in the development section have explanations that are con-
textual rather than technical, and distinguishing the two is the main work of this discussion. The 
finding that teledentistry has the strongest evidence while frugal artificial intelligence has the 
weakest is explained by maturity and by the difficulty of the target: teledentistry is a mature, 
low-technology intervention whose effect on access is easy to measure, whereas frugal artificial 
intelligence is a young intervention aimed at a hard problem, oral cancer detection, whose clinical 
endpoint is distant and whose validation is demanding.(7,32)

The same logic explains the internal ordering within each channel: within teledentistry, the 
access outcomes are the best documented because access is measurable by counting visits and 
referrals, while the diagnostic outcomes are harder because they require a reference standard and 
a blinded comparison, and the clinical outcomes are hardest of all because they require follow-up 
and, ideally, randomization, which is why the evidence thins as one moves from access to diagnosis 
to outcome.(44)
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The finding that reported accuracies are lower in low-resource settings than in high-income 
settings is explained, at least in part, by the data, the devices, and the populations, and it would 
be an error to read a lower reported accuracy as evidence that the technology is unsuited, just as 
it would be an error to read a high pilot accuracy as evidence that a system is deployable.(6)

The two errors are mirror images of the same over-reading, and the discipline of holding them 
apart is what separates a careful reading of this literature from an impressionistic one. Association 
and causation must be kept apart here: the observation that high-income countries report higher 
accuracies is associated with richer data and stricter evaluation, and does not by itself establish that 
a given model would fail in a low-resource setting, but the absence of external validation means 
the question is unanswered rather than answered in either direction.

A further contextual factor is the workforce itself: in a high-income setting an artificial-in-
telligence system competes with an available specialist, and must therefore clear a high bar of 
non-inferiority, whereas in a low-resource setting it competes with nothing, and therefore clears 
the bar by existing, which is why the two literatures report such different framing of the same te-
chnology even when their accuracies are similar.(5)

This difference in the comparison group is one of the least appreciated reasons that the two 
bodies of evidence read so differently, and any synthesis that ignores it will misjudge the techno-
logy in both directions at once.

The three channels also interact in ways that the literature treats separately, and this sepa-
ration is itself a finding. A frugal smartphone system for oral cancer is a mobile-health interven-
tion, a teledentistry intervention, and an artificial-intelligence intervention at once, and its success 
depends on all three layers working together, the device, the transmission, and the model.(16,34)

This layered character means that the three channels are best understood not as alternatives 
but as a stack, in which mobile health supplies the device, teledentistry supplies the delivery, and 
artificial intelligence supplies the analysis, and the value of the whole is limited by whichever layer 
is weakest in a given setting, a fact that explains why the same system can succeed in one region 
and stall in another.

Studies that isolate one layer, the accuracy of the model, say, without the connectivity and 
the referral pathway, measure something necessary but not sufficient, and the evidence-gap maps 
of teledentistry make this point by showing that the literature is richest on diagnostic agreement 
and poorest on the downstream outcomes that actually constitute care.(18,44)

A synthetic view therefore suggests that the value of artificial intelligence in low- and midd-
le-income oral health currently lies less in the algorithm than in the workflow into which the algo-
rithm is embedded, and that an algorithm of moderate accuracy embedded in a working referral 
pathway is worth more than a state-of-the-art algorithm stranded in a pilot.

This is not an argument against improving the algorithms, but a reminder that the binding 
constraints in this setting are, in order, the clinician who is absent, the connectivity that is unrelia-
ble, and the model that is imperfect, and that the field’s attention has been concentrated on the 
third while the first two remain the harder problems. What artificial intelligence specifically adds, 
beyond the mobile and telehealth channel that already delivers images, is scalability of interpreta-
tion: a clinician can review a handful of transmitted photographs, but only a model can screen the 
volume of images that a population-level program would generate, and it is at that scale, where 
the human is the bottleneck, that the algorithm becomes genuinely indispensable rather than 
merely helpful.(16,27)

The appropriate measure of the algorithm’s value in a low-resource setting is therefore not 
its accuracy in isolation but the throughput it enables per scarce clinician-hour, and this is a me-
tric that almost none of the reviewed studies report, which is a further sign of how far the field’s 
framing has drifted from the setting’s needs. The acceptance side of the same gap is better docu-
mented than the outcome side: surveys of dental practitioners show awareness of teledentistry 
but uneven adoption, and patient-satisfaction reviews report positive experience with remote care, 
which means the human substrate for adoption exists even where the clinical-outcome evidence 
does not.(43,45)

The orthodontic use case is the exception that proves the rule, because remote monitoring 
of treatment is one of the few teledentistry applications with direct evidence of reduced visits 
and maintained outcomes, and it works because the outcome is measurable and the workflow is 
already image-based.(22,23)

A synthetic view therefore suggests that the value of artificial intelligence in low- and midd-
le-income oral health currently lies less in the algorithm than in the workflow into which the algo-
rithm is embedded, and that an algorithm of moderate accuracy embedded in a working referral 
pathway is worth more than a state-of-the-art algorithm stranded in a pilot.

https://doi.org/10.62486/aid202550


Chaves Cano et al. SAP Artificial Intelligence in Dentistry. 2025;1:50

https://doi.org/10.62486/aid202550 8

The contrast between promise and demonstrated impact is the most consistent theme across 
all three channels, and it deserves to be stated bluntly. The literature is rich in proof-of-concept 
demonstrations that a smartphone and a model can detect caries or oral cancer, and it is far poo-
rer in the prospective, population-based evaluations that would show whether those detections 
change care.(5,6)

The reasons are partly generic, the difficulty and cost of field trials, and partly specific, the 
fragmented regulatory and funding landscape for digital health in low- and middle-income coun-
tries, where the institutions that would commission or demand such evidence are themselves 
under-resourced.

The consequence is that a policymaker reading this literature can be confident that the tools 
are possible, and cannot yet be confident that they work where they are needed, and the gap be-
tween those two kinds of confidence is the gap the field must close. It is also worth stating what 
would count as closure: not a larger accuracy study but a demonstration that a detection, once 
made, reliably produces a referral, and that a referral, once made, reliably produces care, because 
those two links are where most of the real-world value, and most of the real-world failure, will be 
found.

The conditions for closing it are concrete and are the same across the three channels: local 
data, because population and device shift are real; local validation, because external validation from 
a different population is the minimum standard; and infrastructure, because connectivity, power, 
and a referral pathway are the substrate without which the algorithm has nothing to act on.(41,42)

A research agenda that follows from these conditions would prioritize, in order, the pros-
pective evaluation of the full pathway rather than the model alone, the release of locally collected 
datasets, and the head-to-head comparison of low-cost systems against the current standard of 
care, which in a low-resource setting is often no screening at all rather than a specialist examination. 
The field does not lack demonstrations; it lacks the evaluations that would convert a demonstration 
into a recommendation, and that conversion is where the next decade of work lies.

This review has limitations that follow from its method. It is a narrative review, not a systema-
tic one, and its selection of sources is guided by relevance rather than by an exhaustive protocol, 
so it may omit relevant work, particularly work published outside the indexed, English-language 
literature in which these applications are increasingly reported, and the true volume of activity in 
low- and middle-income countries is likely understated here. It does not appraise the risk of bias 
of the included studies with a formal tool, and its synthesis of accuracy is qualitative, so the state-
ments about performance should be read as indicative rather than as pooled estimates.

The contrast between low- and middle-income and high-income settings is itself a simplifi-
cation, because both categories are internally heterogeneous, and a middle-income country with 
a developed dental sector differs from a low-income country with almost none, a distinction the 
review acknowledges but does not fully resolve.

The framing around artificial intelligence also risks overstating its role: many of the benefits 
attributed to artificial intelligence in this literature are really benefits of the mobile and telehealth 
channels that surround it, and a review that insisted on isolating the algorithm’s contribution would 
find a smaller body of direct evidence, which is itself a finding the review returns to throughout. 
These limitations bound the precision of the conclusions without changing their direction.

CONCLUSIONS

Artificial intelligence for oral health in low- and middle-income countries is real, growing, 
and oriented toward access rather than toward the refinement of diagnosis that dominates hi-
gh-income settings. Teledentistry has the strongest evidence as a route to access, mobile health 
spans promotion and screening with uneven evidence, and frugal artificial intelligence is the most 
specific but least validated, concentrated on oral cancer and caries at the point of care.

The reported accuracy of these systems is generally lower than in high-income settings, and 
this reflects data, devices, and evaluation as much as technology, but the transfer of high-income 
models to low-resource populations is largely unproven.

The value of artificial intelligence in this context lies in its integration into affordable, con-
nected workflows, not in the algorithm alone, and realizing that value requires local data, local 
validation, and the infrastructure that connects a detection to a referral and a referral to care.

The field has demonstrated that the tools are possible; it has not yet demonstrated that 
they work where they are needed, and closing that gap, rather than another increment of model 
accuracy, is the task that would make the promise real.
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The path to that demonstration is not mysterious, and it is the same across the three channels: 
build on the channels that already work, teledentistry and the smartphone, validate the models 
on local data, and evaluate the whole pathway, from detection to referral to care, rather than the 
algorithm in isolation. If the field does those things, the next review of this topic will be able to 
say what this one cannot, which is whether artificial intelligence, integrated into the mobile and 
telehealth infrastructure that low- and middle-income countries already possess, actually changes 
the course of oral disease for the people who currently carry its burden.
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