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ABSTRACT

Objectives: To determine whether a general-purpose large multimodal model (LMM) can
detect dental caries from intraoral photographs without task-specific training, evaluating
image-level classification and tooth-level localisation under zero-shot (no reference exam-
ples) and five-shot (five annotated examples) conditions.
Methods: This diagnostic accuracy study used the benchmark test split of 1255 publicly avail-
able intraoral photographs. Gemini 3.1 reasoning and instant were queried via Vertex Al API
using stateless calls and structured prompts for sequential, tooth-by-tooth scanning. Each
model under different configurations was evaluated across 10 independent inference runs. Pre-
dictions (bounding boxes) were evaluated against expert annotations using greedy Intersec-
tion-over-Union (IoU > 0.5). True positives required spatial overlap at the tooth level, or at least
one correctly localised lesion at the image level. Performance was summarised using sensitiv-
ity, precision, F1-score, and mAP@50.
Results: Performance was strongly dependent on image view and model type, with reliable
results observed mainly for the reasoning models on occlusal images. At the image level,
zero-shot prompting showed high sensitivity but lower precision, yielding values of 0.95,
0.80, and 0.87 for sensitivity, precision, and F1-score, respectively. Five-shot prompting
produced a more balanced profile, with corresponding values of 0.88, 0.87, and 0.87. At the
tooth level, zero-shot reasoning showed a similar sensitivity-prioritised pattern, with sen-
sitivity, precision, F1-score, and mAP@50 of 0.88, 0.49, 0.63, and 0.62, respectively. Five-shot
prompting improved precision and produced a more balanced localisation profile, with cor-
responding values of 0.77, 0.57, 0.64, and 0.63.
Conclusions: General-purpose LMMs such as Gemini show potential as a scalable, auto-
mated caries screening tool for teledentistry without domain-specific fine-tuning.
Although prompt engineering effectively modulates the sensitivity-precision trade-off, the
model’s tendency toward over-detection requires rigorous clinical validation and gover-
nance before real-world deployment as a public screening tool.
© 2026 The Authors. Published by Elsevier Inc. on behalf of FDI World Dental Federation.
This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/)
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Introduction

Dental caries remains one of the most prevalent non-commu-
nicable diseases worldwide, affecting individuals across all
age groups and imposing a substantial biological and eco-
nomic burden on society.” Despite its preventability,
untreated caries can lead to severe complications, including
pain, infection, and tooth loss, which exacerbate the strain
on healthcare systems.” A critical challenge in managing this
disease is the disparity in access to oral healthcare; care pro-
viders and clinics are often unevenly distributed, leaving pop-
ulations in remote areas or low-income countries with
limited availability to professional services.** Consequently,
there is an urgent need for available, accessible, and cost-
effective screening approaches that facilitate early detection
and minimally invasive intervention, thereby bridging the
gap in care for vulnerable populations.>®

To address these access barriers, teledentistry enables
remote screening using intraoral photographs captured by
smartphones or professional cameras.” This process is increas-
ingly being automated through the integration of artificial intelli-
gence (Al) and deep learning.®° Advanced algorithms, notably
task-specific convolutional neural networks (CNNs) and trans-
formers, demonstrate high accuracy in detecting caries and
other anomalies from dental imagery.®'° These Al-driven sys-
tems not only standardise the screening process but also offer
the potential for automated, real-time decision support, which
is particularly valuable in field settings such as schools or home
care environments where specialist expertise may be scarce.™*?

However, the widespread adoption of task-specific deep
learning models is hindered by significant barriers, primarily
the requirement for large, annotated datasets and the prohibi-
tive time and capital required to train, deploy, and maintain
separate models for every specific task or population
group.’®'* Furthermore, these systems often suffer from non-
intuitive user interfaces and a reliance on unimodal data, typi-
cally yielding only visual overlays without integrated textual
descriptions.” In contrast, Large Multimodal Models (LMMs)
such as Gemini offer a transformative advantage by integrat-
ing visual analysis with advanced natural language reasoning.
These models can generate detailed, context-aware reports
and engage in interactive dialogue; this capability reduces the
technical burden on end-users,'® *® and potentially democrat-
ises access to Al-based diagnostics by the public without
requiring specialised, resource-intensive infrastructure.

This study represents the first investigation into the screen-
ing capability of a general-purpose LMM, specifically Gemini,
for the detection of dental caries from oral photographs. By
moving beyond task-specific training, this research aims to
evaluate Gemini’s out-of-the-box zero-shot and five-shot learn-
ing performance for image-level classification and tooth-level
object detection tasks. In doing so, we establish a standardised
prompt framework and delineate the critical opportunities and
limitations of deploying general LMMs for caries diagnosis.

Methods

This diagnostic accuracy study was prepared in accordance
with the STAndards for the Reporting of Diagnostic accuracy

studies — Artificial Intelligence (STARD-AI) reporting check-
list."® A retrospective secondary analysis of an openly avail-
able dataset was conducted.

Ethics

No new human data were collected for this secondary analy-
sis. The source dataset was collected under approval of the
Ethical Review Committee of The Aga Khan University Hospi-
tal (AKUH) (ERC#2024-9433-29648), with written informed
consent or assent for open sharing of anonymised data.

Data source

Images and reference annotations were obtained from a well-
maintained open dataset published in Nature Scientific Data.”®
The dataset comprised intraoral photographs collected from
individuals aged 10-24 years in Mithi, Sindh, Pakistan. The
images were annotated using LabelMe and distributed in mul-
tiple annotation formats. The dataset includes photographs
captured from multiple intraoral views, with and without
cheek retractors, covering both mixed and permanent denti-
tions. Intraoral photographs were captured using a Samsung
Galaxy A23 (Android 14.0), covering five views per set (maxil-
lary occlusal, mandibular occlusal, left buccal, right buccal,
frontal in habitual occlusion). To reduce variability, the source
mobile application incorporated a built-in grid to standardise
framing and aspect ratio, and images were captured with par-
ticipants seated in a dental chair under standardised overhead
dental-unit lighting. The dataset provides a benchmark parti-
tion with training/validation/test splits of 5011/627/628
images. For the purposes of the current study, the validation
and test sets from the original study [20], were combined to
create a new test set comprising 1,255 images.

Participants and eligibility criteria

Eligibility for this study was defined by inclusion in the source
dataset. The dataset creators report inclusion of adolescents
(10-18 years) and young adults (19-24 years) of both sexes.
Exclusion criteria in the source dataset were: (1) suboptimal
diagnostic image quality (e.g., blurred or obscured), (2) devel-
opmental dental anomalies (e.g., cleft lip or palate), (3) limited
mouth opening, and (4) lack of consent.?

Reference standard (ground truth)

The reference standard consisted of bounding-box annota-
tions identifying teeth with visible decay as a binary outcome.
Annotations were performed by two calibrated dentists, with
discrepancies resolved by a specialist dentist. Inter-rater reli-
ability was assessed on 10% of the dataset and demonstrated
high agreement (Cohen’s « = 0.89).”°

Index test

The index test used the general-purpose LMM Gemini reason-
ing model (gemini-3.1-pro-preview) and instant model without
reasoning (gemini-3.1-flash-lite) accessed via the Google GenAl
SDK through a Vertex Al APL’"?’ Generation parameters
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were left at the API defaults, including temperature = 1.0 and
top-p = 0.95, to approximate the default behavior a typical
user would experience in the Gemini Chat interface (https://
gemini.google.com/app), while enabling systematic, repro-
ducible, and scalable inference across the full test set. The
model was configured to return plain-text outputs.

Zero-shot and five-shot (in-context) evaluations were con-
ducted. For five-shot inference, the prompt included a set of
reference images with visually drawn bounding boxes as con-
textual exemplars prior to the target image; for zero-shot
inference, the target image was provided without reference
examples. All analyses were executed May 5-20, 2026. The
Python implementation used for API-based inference is avail-
able at this GitHub repository: https://github.com/fmhr12/
LMM Python Pipeline and includes the full pipeline
(prompts, programmatic image processing, automated
extraction of model outputs, and computation of perfor-
mance metrics).

Inference pipeline and prompt design

All analyses were performed using a Python pipeline that (1)
loaded intraoral photographs from the benchmark test split,
(2) submitted each image to Gemini via the Vertex AI API, (3)
extracted bounding-box detections from the model’s plain-
text output, and (4) compared predictions against the data-
set’s reference annotations. To ensure experimental indepen-
dence, the model was queried using stateless API calls for
each image, preventing any context retention or memory
carry-over that could influence subsequent predictions. To
enable reproducible large-scale inference, images were proc-
essed sequentially, and progress was saved to a persistent
checkpoint file that stored processed filenames, per-image
detections, and cumulative performance statistics.

To prevent data leakage and avoid overfitting the prompt
architecture to the test data, we maintained a strict separa-
tion between prompt optimisation and final testing. The iter-
ative prompt-development process, which included more
than 150 prompt variations to calibrate sensitivity and define
the overall criteria, was conducted exclusively on a random
subset of 50 occlusal and 50 buccal images drawn from the
original dataset’s separate training split [20]. Final prompt
templates were selected using a mixed-methods approach:
prompts were refined qualitatively to minimise false-positive
hallucinations, such as misinterpreting calculus as caries,
while also being quantitatively optimised for the highest sta-
ble Fl-score on the training data. The benchmark test split,
comprising 1255 images, remained completely isolated dur-
ing this phase. Once the final zero-shot and five-shot prompt
architectures were locked, they were deployed separately for
occlusal and buccal views, for 10 independent inference runs
on the unseen test set using stateless API calls to account for
stochastic variability. Point estimates for all diagnostic accu-
racy metrics were calculated as the average across these 10
iterations, accompanied by their standard deviations.

For five-shot evaluation, five images with manually drawn
bounding boxes were prepended to the request before the tar-
get image, providing in-context calibration for caries appear-
ance and bounding-box tightness; for zero-shot evaluation,
the target image was provided without exemplars. Prompting

was designed to make the model behave as a structured
“caries scanner” rather than a conversational assistant: the
instruction specified an ICDAS-based rubric (ICDAS 0 = sound;
ICDAS 1-6 = caries) for binarised caries detection.”® required
tooth-by-tooth scanning from left to right and enforced
immediate reporting of each lesion using a fixed, machine-
readable output line ([confidence, ymin, xmin, ymax, xmax]).
Because caries prevalence and visual presentation differ by
view, the model was run separately for occlusal and buccal
views. To support consistent evaluation across variable
image resolutions, both predictions and ground-truth anno-
tations were expressed on the same normalised 0-1000 coor-
dinate scale. The complete verbatim prompt templates (zero-
shot and five-shot variants), including all role instructions,
ICDAS descriptions, formatting constraints, and guardrails
for caries detection, are detailed in the code scripts available
at this GitHub repository: https://github.com/fmhr12/LMM_Py
thon_Pipeline as well as Appendices 1 and 2.

Performance was summarised at two high levels. At the
tooth level, predictions were ranked by confidence and greed-
ily matched one-to-one with ground-truth boxes based on
the highest IoU; matches with IoU > 0.5 were counted as true
positives (TP), unmatched predictions as false positives (FP),
and unmatched ground-truth boxes as false negatives (FN).
At the image level, images were labelled positive if any
ground-truth caries was present; an image was TP only if it
contained > 1 correctly localised detection (> 1 tooth-level
TP), otherwise it was FN (including wrong-location predic-
tions), while caries-free images were FP if any prediction
occurred and TN if none occurred.

Diagnostic accuracy evaluation

Diagnostic accuracy was quantified from the accumulated
TP/FP/FN (and TN for image-level) counts produced by the
evaluation pipeline. Sensitivity (recall) was calculated as TP/
(TP + FN), precision as TP/(TP + FP), and F1-score as 2*(preci-
sion*recall)/(precision + recall), with metrics reported sepa-
rately for object-level (tooth) detection and image-level
classification according to their respective confusion-matrix
tallies. In addition, mAP@50 was computed at IoU = 0.5 by
pooling all predictions across images, sorting them by confi-
dence, labelling each as TP or FP based on the IoU matching
outcome, constructing the resulting precision—recall curve
over decreasing confidence thresholds, and integrating the
area under the interpolated precision—recall curve to obtain
average precision (single-class AP, reported as mAP@50).

Results

Of the 1255 images, 486 were occlusal views, of which 385
contained at least one carious tooth. The remaining 769
images were buccal views, of which 61 contained at least one
carious tooth.

Image-level classification performance

At the occlusal view, the zero-shot reasoning model dem-

onstrated high diagnostic performance, yielding a
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sensitivity of 0.95 + 0.04, a precision of 0.80 £ 0.05, and an
Fl-score of 0.87 + 0.04. In the five-shot configuration (in-
context learning), the reasoning model achieved a sensi-
tivity of 0.88 + 0.04, a precision of 0.87 + 0.04, and an F1-
score of 0.87 + 0.03.

Similarly, at the occlusal view, the instant model in the
zero-shot setting yielded a sensitivity of 0.79 + 0.05, a preci-
sion of 0.78 £ 0.06, and an F1-score of 0.78 £ 0.04. When utilis-
ing the five-shot configuration, the instant model achieved a
sensitivity of 0.78 £ 0.04, a precision of 0.85 + 0.04, and an F1-
score of 0.81 + 0.03. The complete image-level performance
metrics for occlusal-view caries detection are tabulated in
Table 1.

For the buccal-view images, none of the evaluated configu-
rations, including the instant and reasoning models under
zero-shot and five-shot settings, achieved a sensitivity above
50% or a precision above 10% (Appendix 3).

Tooth-level object detection performance

The diagnostic capability to localise individual carious lesions
was evaluated using IoU matching. At the tooth level, the rea-
soning model in the zero-shot configuration achieved a mean
sensitivity of 0.88 + 0.06, a mean precision of 0.49 + 0.07, a
mean F1 score of 0.63 4+ 0.06, and a mean mAP@50 of 0.62+
0.04. In the five-shot configuration, the Reasoning model dis-
played a shift in screening behaviour, resulting in a mean
sensitivity of 0.77 + 0.04, a mean precision of 0.57 + 0.06, a
mean F1 score of 0.64 £ 0.05, and a mean mAP@50 of 0.63 +
0.04.

For the instant model, the zero-shot configuration yielded
a mean sensitivity of 0.58 + 0.06, a mean precision of 0.22 +
0.08, a mean F1 score of 0.34 4+ 0.06, and a mean mAP@50 of
0.29 + 0.04. Finally, the five-shot configuration for the instant
model resulted in a mean sensitivity of 0.60 + 0.05, a mean
precision of 0.38 + 0.07, a mean F1 score of 0.46 + 0.05, and a
mean mAP@50 of 0.33 + 0.04. The complete tooth-level per-
formance metrics for occlusal-view caries detection are tabu-
lated in Table 1.

For the buccal-view images, none of the evaluated configu-
rations, including the instant and reasoning models under
zero-shot and five-shot settings, achieved a sensitivity above
40% or a precision above 8% (Appendix 3).

Model output

Figure 1A illustrates a representative input image submitted
via either the Gemini chat interface (https://gemini.google.
com/app) or an API call using the Python code (GitHub reposi-
tory: https://github.com/fmhr12/LMM_Python_Pipeline). Fol-
lowing the prompt specified in Appendix 1, the model
generated a text response delineating confidence score and
bounding box coordinates for detected caries as follows:
“DETECTED: [0.95, 80, 85, 260, 245] DETECTED: ... [End Scan]”.
These coordinates could then be visualised either by resub-
mitting the output string to the chat interface using the sec-
ondary prompt in Appendix 4, or by using a separate Python
pipeline (GitHub repository: https://github.com/fmhr12/
LMM_Python_Pipeline) to produce the prediction overlay in
Figure 1B. For comparison, Figure 1C displays the ground
truth annotations established by the dataset’s expert
dentists.

Discussion

To the best of our knowledge, this is the first study to success-
fully adapt a general-purpose LMM, specifically Gemini, for a
standardised, reproducible, and scalable bounding-box object
detection task in dental photography. A prior related work
has explored the use of LMMs for object detection in a differ-
ent dental imaging context, demonstrating relative success in
implant fixture localisation on panoramic radiographs.’* Pre-
cise object detection has traditionally been the exclusive
domain of task-specific, supervised deep learning algorithms,
such as CNN (e.g., YOLO, Faster R-CNN) or vision transform-
ers, which require extensive, domain-specific training. By
contrast, this work demonstrates that general-purpose mod-
els can be prompted to perform the localisation task on pho-
tographic data without any model fine-tuning or retraining.
Our results indicate that Gemini's performance was
shaped by related factors, namely image view, in-context
learning, and the intrinsic reasoning capability of the model.
First, performance was strongly dependent on image view;
results were mainly driven by occlusal images, where carious
lesions were more frequent and visually more distinct,
whereas buccal views showed poor performance across con-
figurations, likely because smooth-surface lesions were less

Table 1 - Summary of the performance of the general-purpose Gemini models for occlusal caries detection under different

configurations.

Model source Model name Sensitivity (recall) Precision Fl-score mAP @ 0.5 IoU
Image level Gemini 3.1 Reasoning (Five-Shot) 0.88 +0.04 0.87 +0.04 0.87 +£0.03 NA

Image level Gemini 3.1 Reasoning (Zero-Shot) 0.95 + 0.04 0.80 £ 0.05 0.87 +0.04 NA

Image level Gemini 3.1 Instant (Five-Shot) 0.78 £ 0.04 0.85 + 0.04 0.81+0.03 NA

Image level Gemini 3.1 Instant (Zero-Shot) 0.79 £ 0.05 0.78 + 0.06 0.78 + 0.04 NA

Tooth level Gemini 3.1 Reasoning (Five-Shot) 0.77 £0.04 0.57 +0.06 0.64 +0.05 0.63 +0.04
Tooth level Gemini 3.1 Reasoning (Zero-Shot) 0.88 +0.06 0.49 + 0.07 0.63 +0.06 0.62 +0.04
Tooth level Gemini 3.1 Instant (Five-Shot) 0.60 £ 0.05 0.38 +0.07 0.46 £ 0.05 0.33 +£0.04
Tooth level Gemini 3.1 Instant (Zero-Shot) 0.58 4 0.06 0.22 +0.08 0.34 +0.06 0.29 +0.04

Abbreviations: IoU, intersection over union; mAP, mean average precision; NA, not applicable.
Image-level mAP is not reported because mAP@0.5 IoU is an object-detection metric calculated for tooth-level localisation.
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Fig. 1- Workflow and outputs for automated caries detection using the pre-trained Gemini model.
(A) A representative input intraoral photograph submitted to the model via the Gemini chat interface or an API call. Based on
the provided prompt, the model outputs text detailing confidence scores and bounding box coordinates for detected lesions.
(B) A visual prediction overlay demonstrating the bounding box coordinates generated from the model’s plain-text output
(C) The corresponding ground truth bounding box annotations established by expert dentists, provided for comparison.

prevalent, more subtle, and more easily confused with pla-
que, calculus, stains, shadows, or soft-tissue artifacts. Sec-
ond, five-shot in-context learning narrowed the sensitivity
—precision imbalance because the annotated examples gave
the model concrete visual references for what should count
as caries and how tightly lesions should be localised; this
likely shifted the model away from broad over-detection
toward more selective predictions, reducing sensitivity but
improving precision and producing a more balanced tooth-
level detection profile. Third, because the same prompt struc-
ture was used across the reasoning and instant models, the
observed performance difference is best attributed to the
model architecture and inference behaviour rather than
prompt design; the reasoning model was able to sustain a
systematic tooth-by-tooth search, integrate diagnostic crite-
ria with visual evidence, and avoid some impulsive false-pos-
itive detections, whereas the instant model produced weaker
and less reliable localisation performance.

The comparison between the best five-shot reasoning
Gemini model and task-specific benchmarks for tooth-level
object detection on the same dataset provides a more cau-
tious perspective on the current role of general-purpose
LMMs in caries detection. The specialised YOLOvV8 model
achieved the highest Fl-score of 0.81,”° whereas the best
Gemini model achieved an Fl-score of 0.64 on the relatively
easier occlusal-view images, without domain-specific fine-
tuning. Although the Gemini model demonstrated relatively
high sensitivity, comparable to some task-specific models,*
this was accompanied by lower precision, indicating a higher
false-positive burden. Therefore, its current performance

profile appears more consistent with a preliminary screening
or triage role than with definitive lesion-level diagnosis.
Future work should explore hybrid workflows that leverage
LMMs for initial screening and patient communication while
relying on task-specific models for precise localisation.
Unlike traditional deep learning models, which are trained
on narrowly curated datasets to minimise a specific loss func-
tion, such as the binary classification of caries presence,
LMMs are built upon the transformer architecture,” and pre-
trained on vast, internet-scale corpora comprising trillions of
tokens of text, code, and images.?® This extensive pre-train-
ing phase allows the model to learn generalised representa-
tions, rather than merely memorising task-specific patterns.
When processing a dental image, the visual input is divided
into fixed-size patches and encoded into a sequence of vec-
tors that share a common embedding space with textual
tokens.”” Through self-attention mechanisms, the model
dynamically weighs the relevance of visual features against
the provided textual prompt, effectively “attending” to spe-
cific regions of interest within an intraoral photo while ignor-
ing irrelevant noise. The decoding process is then generative
rather than discriminative; the model predicts the most prob-
able next token in a sequence, constructing a coherent, con-
text-aware response one word at a time. Crucially, this
generative capability extends to spatial localisation: the
model predicts numerical coordinates as discrete text tokens,
quantising the image into integer bins (e.g., [0, 1000]), which
effectively allows it to speak the location of a bounding box
around a lesion.?® This shift enables LMMs to perform zero-
shot or five-shot reasoning on unseen data without the need
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for task-specific retraining, thereby overcoming the rigidity
and data scarcity issues that plague conventional CNNs.

Beyond diagnostic metrics, the utilisation of general-pur-
pose LMMs addresses critical economic and infrastructural
barriers inherent to current task-specific solutions. While
specialised deep learning models demonstrate high efficacy,
they are predominantly commercialised as proprietary, sub-
scription-based services targeting well-resourced private
practices. This distribution model restricts advanced diagnos-
tic capabilities to clinical environments with sufficient capi-
tal, effectively excluding underserved populations and public
health initiatives. In contrast, general-purpose LMMs are rap-
idly evolving into ubiquitous utilities that decouple screening
from exclusive software ecosystems. This accessibility facili-
tates a shift toward direct-to-patient screening and teleden-
tistry, enabling individuals in remote or resource-limited
settings to obtain preliminary assessments via standard
mobile devices. Moreover, the capacity of these models to
provide natural language explanations alongside visual
detections enhances health literacy, empowering individuals
to seek timely professional care based on automated triage
rather than advanced disease symptoms.

The optimisation of the LMM prompt for this specific
domain necessitated an extensive iterative process, evolving
from simple linear commands to the final structured architec-
ture. Our experimentation highlighted that general-purpose
LMMs require explicit, step-by-step navigational instructions,
specifically to scan dentition sequentially and isolate individual
teeth, to effectively prevent tooth omission and accurately dis-
tinguish interproximal boundaries. Regarding diagnostic crite-
ria, while embedding general ICDAS definitions improved
performance, accuracy was maximised when using the verba-
tim descriptions of the simplified 3-stage classification (initial,
moderate, extensive) rather than the complex full 6-code
ICDAS system.”® Paradoxically, providing visual cues, such as
reference images of the ICDAS rubric, failed to enhance detec-
tion capabilities. We further observed that minor prompt
adjustments induced substantial shifts in the trade-off
between sensitivity and precision, although the overall Fi1-
score remained relatively stable. Qualitative error analysis
revealed that false negatives were frequently associated with
compromised image quality, whereas a subset of false positives
stemmed from localisation errors where the bounding box was
placed on the ambiguous border between teeth. Most notably,
the integration of a recheck loop within the prompt structure,
instructing the model to first screen a tooth with high sensitiv-
ity and then immediately self-validate with high precision
before confirming, served as a critical mechanism for reducing
false positives and improving overall performance.

A primary limitation of this study is the model’s suscepti-
bility to hallucinations, particularly in the zero-shot setting,
where it demonstrated a tendency to over-interpret shadows
or stains as caries. This false-positive tendency has practical
clinical implications, as it may increase unnecessary refer-
rals, clinician verification workload, patient anxiety, and loss
of trust if outputs are interpreted as diagnoses rather than
preliminary screening results. Although the dataset was used
only for evaluation and no dental fine-tuning was performed,
this study should be interpreted as an independent technical
benchmark rather than a comprehensive external clinical

validation. The analysis was limited to a single public dataset
from one geographic region, and the exclusion of low-quality
images; therefore, performance may not generalise to other
populations, devices, or real-world image-quality variation.
To address these challenges, future research should test
these models across more diverse populations, age groups,
and imaging conditions. Future studies could also evaluate
LMM-generated explanations using dedicated qualitative or
mixed-methods designs to assess their consistency and
coherence; however, such post hoc explanations should be
interpreted cautiously, as they may not faithfully reflect the
model’s internal decision process. Reader-performance stud-
ies should also compare LMM outputs with those of human
screeners, such as dental students or general practitioners,
using the same images and standardised blinded assessment
conditions. Although IoU > 0.5 was used as the primary local-
isation threshold, performance estimates may differ under
alternative thresholds; lower thresholds would allow more
loosely localised detections to count as correct, whereas
higher thresholds would require more precise agreement
with expert annotations. Future studies should therefore
assess LMM performance across multiple IoU thresholds to
better characterise localisation robustness. Furthermore, the
demonstrated potential of few-shot learning suggests that
fine-tuning, combined with advanced prompt engineering
strategies such as structured reasoning, may furthur improve
the balance between sensitivity and precision. Ultimately, as
LMMs become integrated into healthcare, the development of
robust regulatory frameworks is essential to ensure transpar-
ency, manage liability, and verify safety before these tools are
entrusted with patient care in unsupervised settings.

Conclusions

Overall, this study demonstrates that a general-purpose LMM
such as Gemini can be prompted without domain-specific
fine-tuning to support dental caries screening from intraoral
photographs, achieving strong image-level detection while
providing moderate tooth-level localisation, mainly for occlu-
sal views. Performance was prompt-dependent, with zero-
shot prompting prioritising sensitivity, whereas five-shot in-
context exemplars reduced false-positive detections and pro-
duced a more balanced precision—recall trade-off, highlight-
ing prompt design as a practical lever for calibrating model
behavior. Although these findings suggest a feasible pathway
toward scalable, low-burden teledentistry triage and patient-
facing decision support, the model’s tendency toward over-
detection, potentially exacerbated by real-world imaging vari-
ability, underscores the need for prospective validation, pop-
ulation- and device-level robustness assessments, and
appropriate governance frameworks, including clinical over-
sight, regulatory compliance, and ethical and data-privacy
safeguards, prior to any unsupervised deployment.
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