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Abstract
Whole-body bone scintigraphy (WBBS) acquires paired anterior and posterior views of skeletal tracer
uptake, yet few question-answering benchmarks retain the labels and bounding boxes of their upstream
data rather than reducing them to free text that cannot be checked against the image. We present
ScintiGround-38K, a frozen, provenance-preserving resource for visual question answering (VQA), image
localization, and grounded VQA. It contains 38,469 instances, comprising 13,371 VQA, 12,549 image-
localization, and 12,549 grounded instances derived from 54,768 source records and 23,967 anterior–
posterior image pairs from 2,815 patients. All bounding boxes and answer labels originate in the BS-80K
source dataset, and question wording is drawn from fixed rule-based templates. Template matching
recovers bone-region boxes in native image coordinates, source hotspot boxes provide lesion locations,
and metadata-only rows are excluded from training and evaluation. Every instance retains its source
identifier, view, native-image box, and patient-level split assignment, and raw upstream images are not
redistributed. Two vision-language models, Qwen3-VL-2B-Instruct and PaliGemma-3B-pt-224, were
adapted with low-rank adaptation (LoRA) on an identical multitask training set and evaluated on the held-
out test set after model selection on validation data. Raw answer accuracy exceeded 0.90, yet balanced
accuracy reached only 0.528 and 0.535 for visual question answering, abnormal-class F1 remained
below 0.15, and strict grounded accuracy reached 0.765 and 0.701. High raw accuracy therefore
conceals weak minority-class and evidence-level behaviour. ScintiGround-38K is intended for
methodological research and has not undergone clinical validation.

1. Introduction
Planar whole-body bone scintigraphy (WBBS) with technetium-99m-labelled diphosphonates remains a
widely used, low-cost screening examination for skeletal metastases in prostate, breast, and lung cancer,
and continues to be performed in large volumes alongside newer tomographic and positron-emission
alternatives [1], [2], [3]. The standard acquisition produces paired anterior and posterior whole-body
projections in a single pass, so that a lesion suspected on one projection can be checked against its
counterpart [4]. The modality thus combines a stable whole-body layout with focal hotspots that can be
localized in the native image geometry. Together, these properties make WBBS a suitable setting in
which to examine whether a model can connect an answer to the image evidence required to support it.

Interpreting these studies nevertheless remains demanding. Individual reporting workload in nuclear
medicine has grown substantially over the past two decades [5], and inter-reader variability has
motivated structured and standardized reporting of scintigraphic findings [6]. Quantitative decision
support has a long history in this modality: the automated Bone Scan Index (BSI) platform quantifies the
skeletal tumour burden of a whole-body scan [7], has been analytically validated as an imaging
biomarker [8], has been proposed as a quantitative clinical-trial endpoint [9], and has been extended to
breast cancer with neural-network segmentation [10]. Systematic reviews of deep learning for bone-scan
classification [11], comparisons of deep learning with human observers on WBBS [12], and meta-
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analyses of artificial-intelligence accuracy for tumour bone metastases [13] show that automated
interpretation of this modality is now an active research area.

Medical visual question answering (VQA) is often evaluated only by answer correctness. This can be
misleading when answers are predictable from question wording or class frequency rather than image
content [14]. Groundable medical VQA addresses this limitation by evaluating the answer and its visual
evidence together [15]. This concern is not merely theoretical: surveys of hallucination in medical large
language and vision-language models [16] and physician-facing primers written for the nuclear-medicine
community [17] both identify ungrounded or fabricated image interpretation as a primary obstacle to
trustworthy deployment. For bone scintigraphy, this requires a benchmark that preserves source labels
and bounding boxes rather than reducing them to untraceable language labels.

The benchmark presented here is derived from BS-80K, a collection of paired whole-body bone scans
annotated with region labels and hotspot boxes [18]. These labels and boxes supply the answers and
target locations of the derived classification and image-localization tasks, so that no label originates in
generated text. Question wording is taken from the controlled text annotations of the LIBS-160K
collection [19], which contributes language but no new spatial or clinical evidence.

WBBS studies and radiology question-answering resources therefore supply complementary
components, yet we are not aware of a resource that combines paired WBBS, preserved original-image
geometry, and separately measurable answer-only, localization-only, and grounded tasks. Section 2
examines this literature in detail.

This study presents ScintiGround-38K, an evidence-first benchmark derived from BS-80K annotations
and fixed language templates. The contributions of this work are as follows.

1. Paired anterior and posterior VQA, image-localization, and grounded VQA tasks are defined with
original-image locations across bone-region, lesion, and whole-body levels.

2. Provenance is preserved for every released instance through recorded source links, source hashes,
quality exclusions, and patient-level splits, together with reported checks for data integrity and
template duplication.

3. A release boundary is defined that distributes derived annotations only, so that raw upstream
images remain governed by their original providers.

4. Parameter-efficient baseline protocols are specified for Qwen3-VL and PaliGemma, both trained on
the same task set, with differences in model inputs, adapted components, and model selection
reported explicitly.

5. Class-balanced and localization metrics are reported that separate raw answer accuracy from
minority-class and evidence-level performance.

The remainder of this paper is organized as follows. Section 2 reviews related work on deep learning for
bone scintigraphy, medical VQA, grounded question answering, and dataset provenance. Section 3
describes the source evidence, construction, and evaluation protocol. Section 4 reports dataset
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characteristics, baseline results, and qualitative examples. Section 5 discusses the findings, limitations,
responsible use, and release boundary, and Section 6 concludes the paper.

2. Related Work

2.1. Deep learning for whole-body bone scintigraphy
Research on WBBS has addressed lesion detection and anatomical localization in paired views [20].
Ibrahim et al. studied metastatic bone-disease foci with reader comparison [21], and Hajianfar et al.
compared artificial-intelligence analysis of whole-body bone scintigraphy with human observers [12].
These studies address clinically relevant detection, localization, or reader-comparison problems rather
than question answering, but they establish the importance of preserving the spatial and clinical context
of the source modality.

Earlier work by Huang et al. applied anatomy-aware image processing to computer-aided analysis of
whole-body bone scans [22], providing historical context for spatially informed analysis rather than a
contemporary vision-language baseline. More recent clinical artificial-intelligence studies of bone
scintigraphy and tumour bone metastases add further clinical context [13], [23], but none of them is
framed as grounded question answering or offers a benchmark comparator.

The broader deep-learning literature on this modality is dominated by image-level classification and
hotspot detection. Convolutional networks have been trained to classify whole-body scans of prostate-
cancer patients as metastatic or non-metastatic [24], [25], to assist diagnosis across several primary
tumours [26], to perform multiclass classification of whole-body scintigraphic images with attention
modules [27], to detect metastasis caused by lung cancer using residual and hybrid-attention designs
[28], and to detect chest and pelvic metastases from small datasets [29]. Diagnostic-performance
studies in nuclear-medicine journals report reader-level comparisons for whole-body bone scans in
prostate cancer [30]. Across this body of work the output is a class label, a heat map, or a detection box;
none of these resources exposes a question-answering interface, and none releases paired question,
answer, and box triplets whose provenance can be traced back to a specific source annotation.

2.2. Medical VQA datasets
Medical VQA resources provide complementary tasks and annotation designs. VQA-RAD contains
clinically generated questions and answers for radiology images [31]. SLAKE adds bilingual, semantically
labelled and knowledge-enhanced annotations [32], and PathVQA extends the task to pathology images
at scale [33]. The ImageCLEF VQA-Med series standardized shared-task evaluation over modality, plane,
organ, and abnormality question categories [34]. More recent resources scale the task further: PMC-VQA
constructs a large generative benchmark from the biomedical literature [35], and OmniMedVQA
aggregates a comprehensive multi-modality evaluation suite for medical large vision-language models
[36]. MIMIC-CXR provides de-identified chest radiographs with free-text reports and is relevant as a
source-data and provenance comparator [37]. MedSG-Bench targets grounding across medical image

Page 4/23



sequences [38]. Instruction-tuned medical vision-language models such as LLaVA-Med [39] and Med-
Flamingo [40] are typically evaluated on these resources. All of these are radiology, pathology, or mixed-
modality resources rather than WBBS datasets, so their modality and reporting context limit direct
numerical comparison with a bone-scintigraphy benchmark.

2.3. Grounded and localized medical question answering
GEMeX frames chest-radiograph question answering as groundable and explainable, supporting the
evaluation of answers together with visual evidence [41]. HEAL-MedVQA localizes the relevant region
before answering and reports both components [42]. MIMIC-Ext-CXR-QBA is a credentialed chest-
radiograph dataset record with question-box-answer triplets and scene graphs [43]. RadVLM is a
multitask conversational radiology model [44] released together with a credentialed instruction-dataset
record [45]. These resources serve as methodological comparators; none of them, however, is an openly
available WBBS dataset.

Adjacent work grounds language in medical images without an explicit question-answering format.
Medical phrase grounding aligns report phrases with image regions [46], ChEX supports interactive
localization and region description in chest radiographs [47], MAIRA-2 generates radiology reports in
which each finding is tied to a bounding box [48], and Chest ImaGenome supplies scene graphs and
anatomical boxes that make localized clinical reasoning measurable [49]. Together these resources
establish that localized evidence can be annotated, released, and scored; they also show that the
practice is concentrated in chest radiography.

The medical VQA literature also distinguishes answer generation from the localization of visual
evidence. Answer-only benchmarks can assess response correctness without testing whether a model
identifies the relevant image region. Groundable resources make that evidence measurable, but their
chest-radiograph or general-radiology settings are not equivalent to paired whole-body bone scintigraphy.
This distinction motivates a benchmark that keeps task design aligned with the geometry and evidence
available in its source data.

2.4. Language priors, shortcut learning, and grounding
failure
The changing-priors formulation of VQA showed that models can answer correctly by exploiting
question-conditioned answer priors rather than image content [14]. Medical adaptations of this critique
document modality-preference bias [50], answers produced by guessing rather than evidence [51], and
modality-specific confounding that requires causal intervention to remove [52]. Surveys of hallucination
in multimodal large language models [53] and of medical hallucination in particular [16] describe the
same failure mode at generation time, and a recent systematic study of visual grounding in medical
images reports that state-of-the-art medical multimodal models frequently fail to ground predictions in
clinically relevant regions even when their answers are correct [15]. These findings motivate two design
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decisions adopted here: answers and boxes are scored separately as well as jointly, and every reported
answer remains traceable to the source annotation that produced it.

2.5. Dataset documentation and provenance
Documentation practice in machine learning has converged on structured disclosure of dataset
composition, collection, and intended use [54] and on comparable reporting for released models [55]. In
health care, MINIMAR defines minimum information for medical artificial-intelligence reporting [56], and
the Checklist for Artificial Intelligence in Medical Imaging and its 2024 update gives item-level guidance
for imaging studies [57], [58]; TRIPOD + AI provides analogous guidance for prediction-model reporting
[59]. The FAIR guiding principles frame the stewardship obligations of a released resource [60], and
recent multimodal curation experience from the Medical Imaging and Data Resource Center illustrates
how interoperability and provenance are maintained in practice [61]. ScintiGround-38K follows these
conventions by shipping derived annotations with source identifiers, hashes, exclusion policies, and
audit reports rather than an unlabelled convenience sample.

2.6. Positioning of the present work
The relevant literature therefore provides complementary components. WBBS studies address lesion
detection, anatomical localization, or human-reader comparison, whereas radiology resources provide
question-answer and localized-evidence designs. None provides the exact combination of paired whole-
body bone scintigraphy, preserved original-image geometry, and separately measurable answer-only
VQA, image-localization-only tasks, and grounded VQA. This is a modality- and annotation-specific
distinction, not a claim that earlier work lacks VQA, image localization, or quality control.

3. Materials and Methods
This section describes the source evidence, deterministic task construction, quality assurance, patient-
level split governance, baseline protocols, and evaluation rules. Derived dataset instances remain
traceable to accepted source evidence rather than to model-generated clinical claims. The procedures
are specified before reporting dataset or model results.

3.1. Source evidence and release scope
Throughout this paper, ScintiGround-38K denotes the released collection of derived annotations,
whereas WBBS denotes the imaging modality from which those annotations originate; the two are not
interchangeable. ScintiGround-38K is a frozen, deterministic dataset containing 38,469 instances for
WBBS question answering and image localization. Each instance retains its source label, native-image
box, image reference, and patient split. Question wording is drawn from the LIBS-160K template
collection [19], while all boxes and labels come from BS-80K [18]. The release contains derived
annotations and does not redistribute raw BS-80K images. Metadata-only rows are excluded from
training, model selection, and evaluation. The accompanying documentation follows the structured
disclosure conventions of datasheets for datasets [54] and the FAIR guiding principles [60], and reporting
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of the baseline experiments follows the Checklist for Artificial Intelligence in Medical Imaging [57], [58].
Figure 1 summarizes how the two source datasets and rule-based generation combine into the released
instances.

3.2. Dataset construction and task generation
Each source record stores an image reference, patient identifier, view, native-image box, source label,
available hotspot boxes, and quality flags. A dataset instance is created only when its source record
passes the quality checks. Tasks that need both views use the linked anterior–posterior image pair.

In BS-80K, experienced nuclear-medicine physicians annotated hotspot boxes as normal or abnormal
after repeated inspection; the source paper reports annotation accuracy above 95% [18]. Whole-body and
region labels remain image-based source labels rather than pathological ground truth. Template
matching recovers bone-region and whole-body boxes, but it does not create clinical labels. English
templates create the question wording only.

Each dataset instance retains its split, source identifier, label, view, and target level. VQA asks for a yes-
or-no answer without a predicted box, image localization asks for one or two boxes without answer
scoring, and grounded VQA requires both an answer and one or more target boxes; Table 1 summarizes
these task types. Because the question templates are rule-based and repeatable, and because the
answers and target locations are supplied by the source annotations, template wording introduces no
new clinical or spatial evidence. Figure 2 shows a representative instance for each task type.

Table 1
ScintiGround-38K task types and required outputs

Task type Question target Required
output

Image
evidence

Target levels Count

VQA Specified region
lesion or whole-
body target

Yes or no
answer

None Bone region
metastasis
whole body

13,371

Image
localization

Named bone
region or source
hotspot

One or two
target boxes

Native-image
region or
hotspot boxes

Bone region
metastasis

12,549

Grounded
VQA

Specified target
and classification

Answer plus
one or two
target boxes

Native-image
region or
hotspot boxes

Bone region
metastasis

12,549

3.3. Quality assurance and data splits
Patients are assigned to 80%, 10%, and 10% training, validation, and test splits. All records from a patient
remain in one split and linked anterior and posterior images remain together. Subject-wise rather than
record-wise partitioning is used for two reasons: splitting repeated measurements from the same
individual across partitions inflates apparent performance in clinical machine learning, and patient
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identity is a documented shortcut confounder in medical imaging models. Table 2 reports the number of
source records and image pairs in each split.

Quality checks verify unique identifiers, valid bounding-box coordinates, complete image pairs, and
patient-level split assignment. Source hashes, quality flags, and identifiers link each instance to its
source record. Ambiguous hotspot assignments and lower-precision shoulder boxes remain marked so
they can be examined separately or excluded in later analyses.

Table 2
Patient-level data splits

Split Patients with
source records

Source
records

Patients with
image pairs

Image
pairs

Patient
fraction

Train 2,252 43,853 2,135 19,215 0.800

Validation 282 5,489 267 2,403 0.100

Test 281 5,426 261 2,349 0.100

Total 2,815 54,768 2,663 23,967 1.000

3.4. Baseline protocols
Qwen3-VL-2B-Instruct [62] and PaliGemma-3B-pt-224 [63] were both adapted with low-rank adaptation
(LoRA) [64]. Qwen3-VL extends the design lineage of Qwen2.5-VL [65], and PaliGemma combines a
SigLIP image encoder with a Gemma language decoder [66]; the successor PaliGemma 2 family [67] was
not used here so that the released baselines match widely available checkpoints. Both models were
trained on the same multitask training set of 30,862 instances, including 30,204 paired-image and 658
single-image instances, covering VQA, image localization, and grounded VQA. Qwen3-VL received the
anterior and posterior images natively, while PaliGemma received them composed into one anterior–
posterior canvas because it accepts one image input.

Qwen3-VL models were selected using validation results. The PaliGemma run used one final adapter
without an epoch-by-epoch validation comparison. Both models were then evaluated on the test set.
These differences mean that the results do not support a direct model-family comparison. Figure 3
outlines this shared training procedure.

3.5. Evaluation protocol
Models are trained only on the training split. Prompts, thresholds, and model selection use validation
data, while the test set is evaluated after these choices are fixed. Confidence intervals use patient-level
bootstrap resampling. VQA and grounded VQA report accuracy, balanced accuracy, macro-F1, and class
precision, recall, and F1. Balanced accuracy and macro-F1 are reported as primary summaries because
raw accuracy is uninformative under the severe label imbalance of the source data.
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Image localization reports mean intersection over union (IoU), box accuracy at IoU ≥ 0.50, strict
localization accuracy, and valid responses. Grounded VQA also reports strict grounded accuracy, which
credits a prediction only when both the answer and the box are correct.

Bilingual evaluation understudy (BLEU) [68], metric for evaluation of translation with explicit ordering
(METEOR) [69], and recall-oriented understudy for gisting evaluation, longest common subsequence
(ROUGE-L) [70] are reported as supplementary lexical-overlap measures for VQA and grounded VQA.
They are calculated from standardized saved predictions in task-specific test subsets and do not replace
the primary metrics, because template wording can overlap without a correct class or location, a
limitation of n-gram overlap that has been documented for medical open-ended question answering.

4. Results
This section reports dataset characteristics and baseline results on the test set. Metrics and prediction
examples are taken from the saved results. Each model was evaluated after selection on validation data.

4.1. Dataset characteristics and dataset comparison
ScintiGround-38K contains 38,469 dataset instances in patient-level training, validation, and test splits.
Table 3 reports the number of instances in each split. These counts include only instances used by the
main benchmark.

Table 3
Dataset instances by split

Split Dataset instances

Train 30,862

Validation 3,853

Test 3,754

Total 38,469

Table 4 reports the number of source records and anterior–posterior image pairs retained in the release.
The source records include 51,803 normal and 2,965 abnormal labels. These counts show the marked
class imbalance in the underlying source labels.
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Table 4
Source records and image pairs in the

release
Measure Count

Source records 54,768

Patients with source records 2,815

Anterior–posterior image pairs 23,967

Patients with image pairs 2,663

The quality audit found no duplicate or missing identifiers, invalid boxes, or split leakage. The sampling
procedure retained all 54,768 source records through at least one selected instance. Exact duplicate-
question rates were 0.973 for VQA, 0.965 for image localization, and 0.972 for grounded VQA.

ScintiGround-38K was compared structurally with SLAKE [32], PathVQA [33], MedSG-Bench [38], and
HEAL-MedVQA [42]; this comparison concerns dataset design rather than model performance.
ScintiGround-38K combines three task types with region and lesion localization, but not whole-body
localization. Differences in modality, language, task definition, and annotation policy limit direct
numerical comparison.

4.2. Baseline results
Table 5 reports answer results on the test set. On the shared grounded VQA task, balanced accuracy is
near 0.530 for both models even though raw accuracy exceeds 0.90. This gap shows that high raw
accuracy alone does not establish reliable classification of the minority class.

Table 5
Test-set answer results. Bold values are higher within the same task

Model Task Accuracy Balanced accuracy Macro-F1

Qwen3-VL-2B-Instruct VQA 0.886 0.528 0.529

PaliGemma-3B-pt-224 VQA 0.888 0.535 0.541

Qwen3-VL-2B-Instruct Grounded VQA 0.906 0.539 0.550

PaliGemma-3B-pt-224 Grounded VQA 0.908 0.524 0.524

Lexical-overlap measures were calculated from standardized saved predictions and are supplementary
to the primary answer metrics. On the VQA test subset (n = 1,305), Qwen3-VL obtained BLEU 0.353,
METEOR 0.541, and ROUGE-L 0.458; PaliGemma obtained 0.351, 0.523, and 0.442, respectively. On the
grounded VQA test subset (n = 1,224), Qwen3-VL obtained BLEU 0.358, METEOR 0.532, and ROUGE-L
0.447; PaliGemma obtained 0.344, 0.516, and 0.435, respectively. These measures do not assess
localization quality and do not change the primary classification, localization, or strict grounded results.
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Table 6 reports image-localization results on the test set. Strict localization accuracy requires a correct
box under the task rule and, for grounded VQA, strict grounded accuracy requires both a correct answer
and a correct box.

Table 7 reports class-specific precision, recall, and F1 for the Normal and Abnormal answer labels. It
makes the class imbalance visible without treating these source labels as clinical diagnoses.

Table 6
Test-set localization results. Bold values are higher within the same task

Model Task Mean
IoU

Box accuracy
(IoU ≥ 0.50)

Strict localization
accuracy

Valid
responses

Qwen3-VL-2B-
Instruct

Image
localization

0.642 0.857 0.827 0.998

PaliGemma-3B-
pt-224

Image
localization

0.633 0.787 0.762 1.000

Qwen3-VL-2B-
Instruct

Grounded
VQA

0.640 0.843 0.765 0.999

PaliGemma-3B-
pt-224

Grounded
VQA

0.629 0.776 0.701 1.000

Table 7
Class-specific test results. Bold values are higher within the same task and class

Model Task Normal Abnormal

Precision Recall F1 Precision Recall F1

Qwen3-VL-2B-
Instruct

VQA 0.897 0.985 0.939 0.357 0.071 0.118

PaliGemma-3B-pt-
224

VQA 0.899 0.985 0.940 0.414 0.085 0.141

Qwen3-VL-2B-
Instruct

Grounded
VQA

0.913 0.991 0.951 0.526 0.087 0.149

PaliGemma-3B-pt-
224

Grounded
VQA

0.910 0.996 0.951 0.600 0.052 0.096

4.3. Qualitative examples
Figure 4 shows two grounded VQA test examples with source boxes and parsed outputs from both
models. The vertebral-column example uses the posterior image, and the right-knee example uses the
anterior image. They illustrate answer and box parsing without changing the test-set summary metrics.

5. Discussion
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ScintiGround-38K is a paired bone-scintigraphy resource with source labels, controlled questions, and
patient-level splits. Its contribution lies in benchmark design and measurement rather than in clinical
decision support or in a matched comparison of model families.

5.1. Interpretation and comparison boundary
Severe class imbalance and repeated question templates require balanced, class-specific reporting and
non-image control baselines. Rare abnormal ankle examples, lower-precision shoulder boxes, and
ambiguous hotspot-to-region assignments limit fine-grained claims. Raw accuracy alone is therefore not
an adequate summary.

The pattern observed across the two baselines is itself informative. Both adapted models exceeded 0.90
raw answer accuracy while their balanced accuracy stayed near the 0.50 level expected of an
uninformative binary decision, and abnormal-class F1 remained below 0.15. Localization behaved
differently: mean IoU near 0.64 and box accuracy between 0.78 and 0.86 indicate that both models
learned the stable whole-body layout of the modality, yet strict grounded accuracy fell below the
corresponding box accuracy because the answer component failed on the minority class. Answer
competence and evidence competence therefore dissociate on this benchmark, which is consistent with
reports that medical multimodal models can produce plausible answers without attending to the
clinically relevant region [15]. Reporting the two components separately, as done here, is what makes the
dissociation visible.

The models differ in image format, adapted components, and model-selection procedure. Qwen3-VL
received both images natively, while PaliGemma received a single composed canvas, and only Qwen3-VL
used epoch-by-epoch validation selection. The results therefore describe this benchmark and do not
establish a model-family comparison.

5.2. Limitations
ScintiGround-38K contains derived annotations and has not undergone clinical validation. Its labels
come from specialist image review, but image-based labels can differ from pathological findings [18].
The dataset derives from a single source, has no external test cohort, and does not redistribute raw
images.

The source labels are severely imbalanced. Balanced metrics, class-specific results, and confidence
intervals are therefore needed when interpreting the results. Small rare-class or region-specific
subgroups should not support independent claims.

The question language is controlled rather than open ended. Its finite template bank can create wording-
only shortcuts, so non-image control baselines are needed before a score can be interpreted as image-
grounded behaviour.
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Some hotspot assignments and shoulder boxes have spatial uncertainty. These instances remain
marked so that future analyses can examine them separately or exclude them. Model selection uses
validation data, and the test set is used only after the protocol is set.

5.3. Responsible use and release
The dataset is intended for reproducible research on question answering and image localization. It is not
intended for clinical diagnosis, treatment selection, or patient-care deployment. Future evaluations
should use the test set, report class-specific and anatomical-region results, and distinguish source labels
from generated model text.

The release includes code, source hashes, policies, derived manifests, audit reports, documentation, and
checksums. Raw upstream images and annotations are not redistributed. A persistent identifier, version
tag, and licence will accompany the archived release at publication, and access to upstream source
images remains governed by the original data providers’ terms.

6. Conclusion
ScintiGround-38K is a derived resource for paired anterior and posterior whole-body bone-scintigraphy
(WBBS) VQA, image localization, and grounded VQA. Its instances retain source image references,
native-image boxes, question templates, and patient-level splits. The resource supports research on
answer and image evidence alignment. Test-set VQA balanced accuracy is near 0.530 for both models,
while Qwen3-VL attains higher image-localization scores. Abnormal-class F1 remains low. The models
differ in image format, adapted components, and model selection, so the results do not establish a
model-family comparison. Taken together, the baselines show that raw answer accuracy above 0.90 can
coexist with essentially uninformative minority-class behaviour and with strict grounded accuracy well
below the corresponding box accuracy. Answer correctness and evidence localization are therefore
separable capabilities in this modality, and a benchmark that measures only the former would have
reported these systems as strong. Preserving source labels, native-image boxes, and patient-level
provenance is what makes the difference measurable.

Three directions follow from these findings. First, non-image and question-only control baselines should
be established so that any future score can be attributed to image evidence rather than template
wording. Second, imbalance-aware training and evaluation, including region-stratified reporting for the
marked shoulder and ambiguous hotspot instances, is required before fine-grained anatomical claims
are made. Third, external validation on an independent bone-scintigraphy cohort, and extension of the
localization targets to the whole-body level, would test whether the behaviour reported here generalizes
beyond a single source dataset. Until such work is completed, ScintiGround-38K should be used as a
methodological research resource rather than as evidence of clinical readiness.
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Figure 1

Dataset construction. BS-80K supplies paired source images, lesion annotations, and bone-region labels;
LIBS-160K supplies controlled text annotations. Rule-based generation combines source labels, native-
image boxes, and language templates into task-specific dataset instances, subject to quality assurance
and patient-level splitting. VQA pairs a question with an answer, image localization pairs a question with
a target box, and grounded VQA requires both. Green outlines denote normal labels, and red outlines
denote abnormal labels; all source boxes are solid and given in native image coordinates. The release
retains split assignments and excludes metadata-only rows from training and evaluation. Raw BS-80K
images remain external to the release
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Figure 2

Examples of VQA, image-localization, and grounded VQA instances. Each instance links a question to a
source answer, target box, or both. Scintigraphy panels use black uptake on white; green outlines denote
normal labels, red outlines denote abnormal labels, and all source boxes are solid
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Figure 3

Vision-language-model training. Paired scintigraphy images and a question are encoded as image and
text tokens by frozen model components. Trainable low-rank adapters update the model response, which
is rendered as an answer label and, for image-localization tasks, a native-image bounding box
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Figure 4

Grounded-VQA test examples. Each example shows the image evidence and parsed prediction for both
models. Scintigraphy panels use black uptake on white. Solid outlines are source targets and dashed
outlines are parsed model outputs; green denotes normal labels and red denotes abnormal labels
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