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Abstract

Synthetic data are increasingly proposed as a strategy for addressing data scarcity and
representation imbalance in medical AI, particularly for paediatric populations and darker
skin tones. However, visually plausible synthetic images may still contain clinically im-
plausible features or fairness-relevant inconsistencies that are not adequately captured
by automatic image-quality metrics. In this study, we present and empirically evaluate a
clinician-guided framework for validating and selecting synthetic paediatric dermatology
images. The framework combines a clinician-facing evaluation platform with structured as-
sessments of visual realism, mask quality, diagnostic plausibility, confidence, and skin-tone
relevance. Four clinicians with complementary expertise in paediatrics and dermatology
completed 282 assessments of 93 real and synthetic images. Synthetic images were often
rated as visually realistic but showed lower inter-rater agreement and weaker mask-quality
assessments than real images. Clinician realism and confidence ratings were then used
to divide 30 synthetic images into 18 approved and 12 non-approved images. To assess
downstream utility, we compared a real-only ResNet50 classifier with classifiers augmented
using all synthetic images, clinician-approved synthetic images, or non-approved synthetic
images. Across three patient-level experimental splits, the clinician-approved condition
achieved the strongest overall classification performance and the largest gains for the
under-represented Dark-Skin subgroup. Because the Dark-Skin subgroup contained only
seven patients and the synthetic subsets differed in size and disease composition, these
fairness results should be interpreted as exploratory. The present study therefore provides
evidence for clinician-guided validation and data curation rather than for a completed
iterative generator-retraining process. Future work will evaluate whether clinician feedback
can also support repeated generative-model refinement in larger, multi-centre datasets.

Keywords: synthetic data; human-in-the-loop AI; pediatric dermatology; fairness-aware
machine learning; medical image generation; clinical validation; healthcare AI; skin tone
bias; generative AI; medical image classification

1. Introduction
Over the past decade, the use of AI models in medical imaging for computer vision

tasks, including disease classification, has increased substantially [1]. AI systems have
shown high potential to enhance disease diagnosis across multiple imaging modalities [2–5].
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Dermatology is one of the domains where AI could offer substantial benefits [6–9]; however,
training effective models requires large and diverse datasets. Acquiring such datasets is
challenging due to the limited availability of images for rare diseases and the under-
representation of specific populations, for example, along dimensions such as ethnicity
and skin tone, as well as issues related to image quality, privacy, and ethics [1,10]. A
proposed solution to data scarcity in the medical domain is the generation of synthetic
imaging data using generative AI [1,11,12]. Recent work has explored the use of generative
models to produce synthetic MRI, retinal, and other medical images [1,13–15]. Such
synthetic images can be used for data augmentation in downstream classification tasks.
However, performance remains limited by the difficulty of faithfully capturing both local
and global clinical and biological features, their co-appearance patterns, and by the lack
of robust qualitative and quantitative metrics to audit the clinical plausibility of synthetic
images [1]. In addition, the use of synthetic medical imaging data in healthcare applications
is hindered by concerns about bias amplification introduced by synthetic samples and by
the absence of reliable methods to assess whether generated images preserve clinically
meaningful patterns and temporal correlations [1,10]. Prior research has mainly relied on
automatic measures such as FID, precision, and recall [16], which do not encode clinical
knowledge and therefore fail to diagnose clinical implausibility or detect unrealistic, non-
existing correlations between image features [1]. These metrics have also been shown to
be misaligned with human perception in text-to-image generation [16]. Together, these
limitations point to the need for human-in-the-loop evaluation methods that integrate
clinician expertise into the synthetic image generation pipeline, both to assess clinical
realism and to guide the refinement of generative models [1,17].

This paper proposes and empirically evaluates a clinician-guided framework for
the validation and selection of synthetic paediatric dermatology images. The framework
defines fairness-relevant subgroups and clinical plausibility criteria, provides a clinician-
facing platform for structured evaluation of real and synthetic images across multiple
clinically relevant dimensions (including visual realism, diagnostic plausibility, mask qual-
ity, and skin-tone representation), and specifies procedures for structured data collection,
inter-rater agreement analysis, and transparent reporting. Within this framework, clinician
feedback is treated as an integral component of synthetic-data curation rather than as a
one-off validation step. The dataset and its preprocessing pipeline have been previously
described in [18], where clinical images collected in a hospital setting are refined through
patch extraction and masking procedures to isolate disease-relevant regions. We opera-
tionalise the framework in a pilot study involving paediatric dermatologists, analysing
rating distributions, inter-rater agreement, confidence scores, and qualitative feedback
to identify domain-specific failure modes and fairness-relevant ambiguities that are not
captured by automated metrics. To assess the practical utility of clinician-guided vali-
dation, we evaluate whether clinician-approved synthetic images improve downstream
dermatology classification and subgroup fairness compared with both real-only training
and unfiltered synthetic augmentation. Although the broader framework also supports
iterative refinement of the generative model through clinician feedback, the present study
is limited to the empirical evaluation of the clinician-validation and synthetic-data selection
stages, without performing generator retraining or multi-cycle optimisation.

Before proceeding, we briefly outline the structure of the paper. Section 2 reviews
the background and related work, highlighting the research gap addressed by this study.
Section 3 presents the proposed methodological framework. Section 4 reports the results
of the clinician evaluation and downstream experiments. Section 5 discusses the findings,
outlines the study limitations, and identifies directions for future work. Finally, Section 5
concludes the paper.
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Research Questions

This study is guided by the following research questions (RQs):

• RQ1: To what extent do paediatric dermatologists perceive synthetic paediatric der-
matology images as visually realistic, and how do these assessments compare with
those of real images?

• RQ2: What patterns of clinician disagreement, uncertainty, and mask-quality deficien-
cies emerge from the structured evaluation of real and synthetic images?

• RQ3: Does training with clinician-approved synthetic images improve downstream
dermatology classification performance compared with real-only training and training
with unfiltered synthetic images?

• RQ4: Does the use of clinician-approved synthetic images reduce performance dis-
parities between Fair-Skin and Dark-Skin subgroups in downstream dermatology
classification?

For RQ4, performance-based fairness is assessed using subgroup gaps in accuracy, bal-
anced accuracy, and macro F1, whereas complementary parity-based fairness is evaluated
using disparate impact (DI), equalised odds ratio (EOR), and predictive rate ratio (PRR).
Together, these research questions define the scope of the empirical evaluation, which fo-
cuses on clinician-guided validation, synthetic-image selection, downstream classification
performance, and subgroup fairness.

Synthetic data generation has emerged as a promising strategy for addressing data
scarcity, class imbalance, and privacy constraints in medical imaging. A recent review by
Koetzier et al. [1] highlights the growing use of generative models across multiple imaging
modalities and reports that synthetic images can improve downstream diagnostic perfor-
mance when used for data augmentation. At the same time, the review emphasises that
widely adopted automatic quality measures, such as FID, precision, and recall, primarily
assess visual fidelity and diversity rather than clinical realism. Consequently, synthetic im-
ages that appear visually convincing may still contain anatomically implausible structures
or spurious correlations capable of misleading both clinicians and learning algorithms.
The authors therefore advocate the development of rigorous human-in-the-loop evaluation
protocols that integrate clinical expertise throughout the synthetic-data lifecycle. Recent ad-
vances have increasingly incorporated clinician feedback into the optimisation of generative
medical-imaging models. Wang et al. [19] introduced MINIM, a multimodal medical image–
text foundation model that combines clinician assessment with reinforcement learning from
human feedback (RLHF). Expert ratings are used to train a reward model that iteratively
improves image quality, resulting in progressive gains in both perceived realism and down-
stream diagnostic performance across multiple imaging modalities. Although this work
demonstrates the effectiveness of clinician-guided optimisation, the evaluation primarily
focuses on image quality and image–report consistency, without analysing inter-rater dis-
agreement, clinician confidence, fairness, or task-specific clinical attributes. Fairness has
also become an important objective in synthetic medical-image generation. Ktena et al. [20]
showed that conditional diffusion models can improve robustness and reduce subgroup
performance disparities under distribution shift by conditioning image generation on di-
agnostic and demographic attributes. Similarly, Luo et al. [21] proposed FairDiffusion,
a fairness-aware latent diffusion framework that explicitly optimises demographic equity
during image generation through group-specific Bayesian perturbation strategies [21]. Both
studies demonstrate that fairness can be addressed either through subgroup-aware data
augmentation or directly within the generative process itself. However, their evaluations
rely predominantly on quantitative performance and fairness metrics, without incorporat-
ing structured multi-clinician assessment, analysis of inter-rater agreement and confidence,
or clinician-guided selection of individual synthetic images. Taken together, these studies
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demonstrate significant progress toward clinically informed and fairness-aware synthetic
medical-image generation. Nevertheless, current approaches primarily focus on generator
optimisation, demographic conditioning, or downstream predictive performance. Compar-
atively less attention has been devoted to structured clinician-centred validation workflows
that explicitly characterise agreement, uncertainty, and clinical plausibility before synthetic
images are incorporated into downstream learning pipelines.

Closer to dermatology, Luschi et al. [10] proposed a framework for evaluating GAN-
generated dermatoscopic images using a combination of quantitative image-quality metrics
(FID, KID, precision, and recall) and expert assessment by dermatologists. Their results
showed that highly realistic synthetic images are often difficult for specialists to distinguish
from real ones, while inter-rater agreement remains relatively low. Although this study
demonstrates the importance of complementing automated metrics with expert evaluation,
it focuses primarily on image realism and origin discrimination, without systematically as-
sessing clinical plausibility, lesion delineation, skin-tone representation, or downstream fair-
ness. Within paediatric dermatology, Borghesi et al. [18] demonstrated that diffusion-based
models can successfully generate realistic clinical skin images even from limited hospital
datasets by combining lesion-centred patch extraction, segmentation masks, and disease-
specific preprocessing. Their work established the technical feasibility of synthetic image
generation under severe data scarcity but primarily addressed generative performance,
leaving clinician-centred validation and fairness-aware evaluation largely unexplored.
More recently, Wang et al. [22] introduced MAGIC, a clinician-guided framework for
medically accurate skin-disease image generation. Rather than relying exclusively on
automatic metrics, MAGIC incorporates dermatologist knowledge through structured
disease-specific checklists describing lesion morphology, colour, texture, and anatomical
location. These expert-derived criteria are subsequently transformed into optimisation sig-
nals for reward-based fine-tuning and direct preference optimisation, resulting in improved
medical consistency and downstream classification performance. However, image-level
evaluation during optimisation is largely AI-mediated, whereas dermatologist involvement
is mainly limited to checklist design and final validation. The study does not explicitly
analyse inter-clinician agreement, clinician confidence, paediatric populations, or fairness
across skin-tone subgroups. A complementary expert-feedback paradigm was proposed by
Sun et al. [17] for synthetic haematopathology image generation. Their pathologist-in-the-
loop framework uses expert feedback to train a reward model that guides diffusion-model
optimisation toward clinically plausible images. The resulting models improve both image
quality and downstream predictive performance, demonstrating the value of integrating
clinical expertise directly into the optimisation process. Nevertheless, clinician feedback is
primarily binary, while inter-rater disagreement, confidence, segmentation quality, and sub-
group fairness are not explicitly investigated. Collectively, these studies demonstrate that
clinician expertise can substantially improve the quality and clinical usefulness of synthetic
medical images, either through expert validation or feedback-guided optimisation. How-
ever, existing dermatology-oriented approaches largely emphasise generator refinement
or medical realism, whereas comparatively less attention has been devoted to structured,
multidimensional clinician evaluation capable of quantifying agreement, confidence, clin-
ical plausibility, and fairness before synthetic images are incorporated into downstream
learning pipelines.

Beyond the clinical domain, a growing body of work has addressed the method-
ological foundations of human evaluation for generative AI systems. Otani et al. [16]
argue that human evaluation of text-to-image models should follow transparent and re-
producible protocols, emphasising explicit reporting of experimental settings, annotator
characteristics, sample selection, and inter-rater agreement. Their framework highlights
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that automated image-quality metrics alone are insufficient to assess perceptual quality and
advocates multidimensional human evaluation supported by rigorous experimental design.
Although developed for general text-to-image generation, these recommendations are
directly relevant to safety-critical medical applications, where clinical expertise represents
an essential source of validation. Complementing this perspective, Schuff et al. [23] pro-
vide practical guidelines for designing and analysing human evaluation studies, covering
research-question formulation, study design, questionnaire construction, statistical anal-
ysis, and reporting practices. While their framework targets NLP and human–computer
interaction, its emphasis on reliable study design, appropriate statistical analysis, and trans-
parent reporting provides methodological principles that readily transfer to clinician-based
evaluation of medical images. Neither framework, however, addresses the specific chal-
lenges of expert-only clinical studies, where evaluations involve small numbers of highly
specialised clinicians assessing multidimensional constructs such as diagnostic plausibility,
lesion delineation, and skin-tone representation. These methodological developments
also reflect a broader shift towards data governance and accountable AI. Recent work
increasingly argues that synthetic medical data should be evaluated not only in terms
of visual fidelity or downstream predictive performance but also through transparent
documentation, structured expert involvement, and explicit quality-control procedures
throughout the data lifecycle [1,16,17,23]. Within this perspective, clinician participation
becomes a core component of synthetic-data curation rather than a post hoc validation step,
supporting more transparent, accountable, and fairness-aware development of medical
AI systems.

Taken together, recent advances have substantially improved synthetic medical-image
generation by introducing clinician-guided optimisation, fairness-aware generative models,
dermatology-specific image synthesis, and rigorous methodologies for human evaluation.
However, these contributions have largely addressed individual aspects of the problem in
isolation. Existing studies typically focus on generator optimisation, downstream predic-
tive performance, or expert validation but rarely integrate these components into a unified
clinician-centred evaluation framework. To the best of our knowledge, no previous work
combines, within a paediatric dermatology setting, repeated blinded evaluation by multiple
clinicians; multidimensional assessment of clinical realism, diagnostic plausibility, lesion
delineation, and skin-tone representation; explicit analysis of inter-rater agreement and
clinician confidence; clinician-guided selection of synthetic images; and downstream evalu-
ation of classification performance and subgroup fairness. These limitations are particularly
relevant in paediatric dermatology, where limited data availability, under-representation
of darker skin tones, and the need for specialist expertise make both synthetic-data val-
idation and fairness assessment especially challenging. This work addresses these gaps
by proposing and empirically evaluating a clinician-in-the-loop framework that integrates
structured clinician evaluation with synthetic-image curation and downstream fairness
analysis. Rather than focusing on iterative optimisation of the generative model, the pro-
posed framework investigates how clinician-guided validation and image selection can
improve the quality and practical utility of synthetic data for fairness-sensitive paediatric
dermatology applications.

2. Materials and Methods
2.1. Methodological Framework

In this section, we present our methodological framework for clinician-in-the-loop
evaluation of synthetic paediatric dermatology images and describe how it is instantiated
in a dedicated web platform. Our aim is not to introduce yet another software stack but to
make explicit the design principles, evaluation tasks, and data flows that operationalise a
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co-designed, human-in-the-loop methodology for synthetic data in a safety-critical clinical
domain. Methodologically, our work is grounded in two strands of literature. First, we
build on proposals for verifiable and reproducible human evaluation of generative models,
which highlight the limitations of small-scale, poorly documented user studies and call
for explicit protocols, reliability reporting, and transparent sampling strategies for text-to-
image systems [16]. Second, we draw from best practices in human evaluation and user
studies in NLP [23], which emphasise clear research questions, careful design of rating
scales and experimental conditions, and appropriate statistical analysis and reporting. We
adapt and extend these principles to the specific constraints of clinician-based evaluation
in paediatric dermatology and to fairness-relevant aspects such as Fitzpatrick skin-type
representation. We also connect to recent work on clinician validation and feedback-guided
optimisation of synthetic medical images across both general medical-imaging and domain-
specific settings [10,12,17]. While these studies demonstrate the value of expert-informed
evaluation and generator refinement, their assessment protocols commonly rely on broad,
binary, or AI-mediated notions of clinical plausibility. Concretely, our framework extends
the methodological proposals by Otani et al. [16] and Schuff et al. [23] in three key ways.
First, it specialises their largely domain-agnostic guidelines to an expert-only, safety-critical
clinical setting with paediatric dermatologists. Second, it decomposes human evaluation
into task-specific modules that jointly cover clinical plausibility, diagnosis, and fairness-
relevant dimensions such as skin-tone representation. Third, it specifies how human
feedback can be linked to iterative refinement decisions in the synthetic data pipeline,
rather than treating expert judgements as a one-off validation step. In the present study, we
empirically evaluate the clinician-facing validation component of this broader framework,
while downstream iterative refinement remains specified at the methodological level and is
deferred to future empirical work.

The dataset used in this study originates from clinical images collected at Sant’Orsola
Hospital and has been previously described in [18]. As detailed in prior work, the raw
dataset consists of hospital-acquired images that undergo multiple stages of preprocessing,
including manual cleaning, patch extraction, and mask generation. In particular, variable-
sized images are transformed into fixed-size patches focusing on disease-relevant skin
regions, while segmentation masks are generated to identify pathological areas. This pre-
processing pipeline is essential for enabling both synthetic image generation and clinician-
based evaluation. While this preprocessing pipeline enables effective model training and
evaluation, it may also introduce acquisition-related artefacts, selection biases, and struc-
tural correlations tied to imaging conditions or patch extraction strategies. These factors are
particularly relevant in fairness-sensitive settings and are therefore explicitly considered in
our analysis and discussion (Section 4).

2.2. Synthetic Image Generation Pipeline

The synthetic images evaluated in this study were generated using the DreamBooth–
Stable Diffusion pipeline previously described in [24]. As the present work focuses
on clinician-guided validation and downstream use of synthetic images rather than on
generative-model development, only the main steps of the generation pipeline are sum-
marised here. The source dataset comprised approximately 8000 non-dermoscopic clinical
images from 273 paediatric patients collected at IRCCS Azienda Ospedaliero–Universitaria
di Bologna. The dataset covered nine skin-disease categories and was acquired under
routine clinical conditions using consumer-grade cameras, resulting in substantial variabil-
ity in image size, illumination, focus, acquisition angle, anatomical coverage, and lesion
visibility [24]. Prior to model training, images were processed using a lesion-centred patch-
extraction pipeline. A sliding-window procedure generated fixed-size 256 × 256-pixel
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patches, which were filtered according to lesion coverage and visual quality using the
corresponding segmentation masks [18]. Redundant overlapping patches were removed
through non-maximum suppression, producing standardised crops centred on clinically rel-
evant lesion regions. Skin tone was estimated using a modified individual typology angle
(ITA) procedure. Lesion pixels were excluded from the computation using the segmenta-
tion masks, and the resulting ITA values were clustered with a six-component Gaussian
mixture model, yielding the categories dark, brown, tan, intermediate, light, and very light.
These labels were used to identify under-represented skin-tone groups and construct the
generative training subsets. Synthetic generation focused on maculopapular exanthema,
viral exanthema, and scabies, as these were the only disease categories represented in both
the dark and brown skin-tone groups. For each disease–skin-tone combination, a dedicated
mini-dataset was manually assembled, resulting in six training subsets containing between
14 and 29 representative image crops after removal of redundant samples from the same
patient. Each mini dataset was used to fine-tune a pretrained stable diffusion model using
DreamBooth, which associates a small image collection with a unique textual identifier
while preserving the generative capabilities of the base diffusion model. Fine-tuning em-
ployed two instance prompts (“<unique_ID>” and “<unique_ID> human skin”), while a
grid search explored learning rates (5 × 10−7 to 1 × 10−5) and training steps (1000–5000,
depending on dataset size). A batch size of one was adopted throughout training. For
each disease and skin-tone subset, candidate models were selected through qualitative
inspection of the generated images, considering output diversity, disease-specific realism,
preservation of skin colour and texture, and fidelity to the corresponding real images.
The selected models were subsequently used to generate disease- and skin-tone-specific
synthetic image pools by varying both the hyperparameter configuration and the random
generation seed to maximise output diversity. The resulting synthetic image pools formed
the basis of the clinician evaluation reported in this work. Thirty synthetic images were
included in the blinded clinician study. Importantly, clinician feedback was not used to
retrain or optimise the DreamBooth models; instead, it was used exclusively to evaluate
clinical plausibility, analyse agreement and confidence, and partition the synthetic images
into clinician-approved and non-approved subsets for the downstream classification experi-
ments. The main components and configuration of the synthetic image generation pipeline
are summarised in Table 1.

2.3. Datasets and Experimental Splits

The complete dataset comprised approximately 8000 non-dermoscopic clinical images
from 273 paediatric patients spanning nine skin-disease categories. Different subsets of
this collection were used for generative-model fine-tuning, clinician evaluation, and down-
stream classification. Specifically, we distinguish four datasets: (i) the complete clinical
image collection; (ii) the disease- and skin-tone-specific subsets used for DreamBooth fine-
tuning; (iii) the real and synthetic images included in the clinician evaluation; and (iv) the
patient-level training, validation, and test sets used for downstream classification. The
complete image collection included iatrogenic drug-induced exanthema, maculopapular
exanthema, morbilliform exanthema, polymorphous exanthema, viral exanthema, urticaria,
pediculosis, scabies, and chickenpox. Images were acquired under routine clinical condi-
tions using consumer-grade cameras, resulting in substantial variability in illumination,
focus, image size, acquisition angle, anatomical coverage, and lesion visibility. Generative-
model training was restricted to maculopapular exanthema, scabies, and viral exanthema,
as these were the only diseases represented in both the dark and brown skin-tone groups.
Separate mini datasets were created for each disease–skin-tone combination, yielding six
training subsets containing between 14 and 29 representative image crops. The same three
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disease categories were subsequently used in the downstream classification experiments to
ensure consistency between synthetic-image generation, clinician evaluation, and model
training. The clinician evaluation comprised 93 unique images, including 63 real and
30 synthetic samples, and generated a total of 282 independent image-level assessments.
The real-image subset contained seven images from each of the nine disease categories,
whereas the synthetic subset contained ten images from each of the three target diseases.
Of the synthetic images, 19 represented the dark skin-tone group and 11 the brown skin-
tone group. Four clinicians with complementary expertise in paediatrics and dermatology
participated in the evaluation. Each image was independently assessed by between two
and four clinicians: 13 images received two assessments, 64 received three assessments,
and 16 received four assessments, resulting in the 282 completed evaluations analysed in
this study. The composition of the clinician-evaluation dataset is summarised in Table 2.

Table 1. Summary of the synthetic image generation pipeline.

Component Configuration

Source data Approximately 8000 images from 273 paediatric patients.
Image type Non-dermoscopic, consumer-grade clinical photographs.
Preprocessing Sliding-window lesion-centred patch extraction.
Patch size 256 × 256 pixels.
Patch selection Disease coverage, contrast filtering, and non-maximum suppression.
Skin-tone estimation Modified individual typology angle (ITA) computation excluding lesion pixels.
Skin-tone grouping Six-component Gaussian mixture model.
Target diseases Maculopapular exanthema, viral exanthema, and scabies.
Target skin-tone groups Dark and brown.
Generative training sets Six mini datasets containing 14–29 crops each.
Generative model Stable diffusion fine-tuned using DreamBooth.
Base generation resolution 512 × 512 pixels.
Learning rates tested 5 × 10−7, 2 × 10−6, 5 × 10−6, and 1 × 10−5.
Training steps tested 1000–5000, depending on mini dataset size.
Batch size 1.
Instance prompts <unique_ID> and <unique_ID> human skin.
Model selection Qualitative assessment of diversity, disease-specific accuracy, skin texture, colour, and fidelity.
Diversity strategy Use of multiple selected models and varied random seeds.
Images evaluated by clinicians 30.
Use of clinician feedback Post-generation validation and image selection only.

Table 2. Composition of the clinician-evaluation dataset. Rating records refer to completed individual
clinician assessments.

Disease Real Images Synthetic Images Total Images Ratings

Maculopapular exanthema 7 10 17 50
Scabies 7 10 17 54
Viral exanthema 7 10 17 50
Chickenpox 7 0 7 21
Iatrogenic drug-induced exanthema 7 0 7 20
Morbilliform exanthema 7 0 7 24
Pediculosis 7 0 7 21
Polymorphous exanthema 7 0 7 21
Urticaria 7 0 7 21

Total 63 30 93 282

The synthetic evaluation set was balanced across disease categories, with ten images
per disease, but was not balanced across intended skin-tone categories. In particular, all
ten evaluated scabies images were generated for the dark skin-tone category. The disease-
and skin-tone-specific composition should therefore be considered when interpreting
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comparisons across conditions. The disease and skin-tone-specific composition of the
synthetic evaluation set is shown in Table 3.

Table 3. Disease and intended skin-tone distribution of the synthetic images included in the clinician
evaluation.

Disease Dark Brown Total

Maculopapular exanthema 6 4 10
Scabies 10 0 10
Viral exanthema 3 7 10

Total 19 11 30

2.4. Conceptual Clinician-in-the-Loop Framework

Figure 1 provides a high-level view of our conceptual framework. The pipeline can be
read as a cycle that starts from jointly defining clinical and fairness objectives and ends with
informed changes to the synthetic data pipeline. The full loop in Figure 1 represents the
broader conceptual framework; the empirical evaluation reported in this paper focuses on
its validation-stage component rather than on a completed multi-iteration refinement cycle.

Figure 1. Conceptual clinician-in-the-loop framework for synthetic paediatric dermatology. This
study evaluates the clinician-validation, feedback-aggregation, synthetic-image selection, dataset
assembly, and downstream classification stages. The iterative model-refinement loop represents the
broader framework and is left for future work.

We begin with a scoping phase in which paediatric dermatologists and researchers
identify relevant diseases, patient subgroups, and fairness-relevant dimensions such as
Fitzpatrick skin type. In this phase, we also co-define what counts as a clinically plausible
and ethically acceptable synthetic image in this domain, clarifying which types of artefacts,
anatomical inconsistencies, or combinations of attributes should be considered unaccept-
able. On this basis, a generative model produces candidate synthetic images conditioned
on disease and fairness-relevant attributes, with a particular focus on under-represented
subgroups. In parallel, real images and associated masks are pre-processed into crops
following a patch extraction and mask generation pipeline that expose the lesion and
surrounding skin as detailed in the study [18].

The implemented DreamBooth–Stable Diffusion generation procedure is described in
Section 2.2. The clinician-in-the-loop framework itself is model-agnostic, so that its validation,
feedback, and data-curation components can be applied to other generative architectures.
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Clinicians then evaluate real and synthetic images through a set of structured tasks
implemented in our web platform. Each task elicits multi-dimensional ratings (for example,
realism, crop quality, Fitzpatrick plausibility), categorical labels (such as diagnosis or
error tags), and optional free-text comments. Images are sampled at random and can be
presented to multiple clinicians, allowing us to estimate inter-rater agreement and to analyse
disagreement patterns, in line with recent methodological recommendations [16,23]. The
collected feedback is aggregated and analysed to derive an error taxonomy that captures
typical failure modes of synthetic images (for example, unrealistic skin tones for specific
Fitzpatrick types, anatomically inconsistent lesions, misleading crop boundaries). We relate
plausibility scores and error categories to fairness-relevant subgroups, identifying where
synthetic images systematically underperform or misrepresent certain populations. Finally,
the aggregated signals are fed back into the synthetic data pipeline: low-plausibility or
ethically problematic images can be filtered out, conditioning strategies can be adjusted
to better target underserved subgroups, and pre-processing steps on real images (such as
cropping or masking) can be revised. In this way, human evaluation is not a one-off ’sanity
check’ but an integral part of an iterative refinement loop.

2.5. Operationalisation in the Clinician Evaluation Platform

The conceptual framework described above is operationalised through a web-based
clinician evaluation platform. The platform is designed as a methodological instrument
rather than as a technology showcase: its main purpose is to make it feasible, systematic,
and reproducible to run human evaluation studies with paediatric dermatologists under
realistic time and workload constraints. The platform embodies three design principles
that directly reflect and extend methodological recommendations from the literature. First,
we explicitly document who the evaluators are. Before participating, clinicians complete
a short registration form capturing their paediatric dermatology expertise (specialisation,
years of experience, affiliated hospital). This enables us to analyse how judgements vary
with seniority and practice context and aligns with calls to report annotator characteristics
in human evaluation [16,23]. Second, we decompose evaluation into a small set of well-
defined tasks, each with task-specific questions and scales, rather than relying on a single
global realism score. This responds to the observation that different notions of quality and
plausibility are often conflated in prior work on synthetic medical images [10,17]. Third, we
combine quantitative and qualitative feedback: for each task, clinicians provide ratings on
Likert-style scales as well as optional free-text comments and error tags. This combination
follows best practices for user studies [23] and is essential to uncover domain-specific
failure modes that automatic metrics cannot detect.

Prior to the evaluation, clinicians were informed that they were participating in a
research study focused on the assessment of paediatric dermatology images for methodolog-
ical and quality evaluation purposes, including both real and synthetic samples. However,
the provenance of individual images (i.e., whether real or synthetic) was not disclosed
at the time of rating. Images were presented in randomised order via a web-based plat-
form, and all evaluations were conducted independently to minimise potential sources of
bias, including expectation and confirmation effects. Task instructions were deliberately
framed around clinically relevant assessment criteria—such as realism, lesion delineation,
diagnostic plausibility, and Fitzpatrick skin tone consistency—rather than on identifying
whether an image was synthetic. This design choice was intended to ensure that clinician
feedback reflected perceived clinical plausibility and utility, rather than an explicit attempt
to detect synthetic artefacts. While this approach mitigates bias associated with awareness
of image origin, residual bias cannot be entirely excluded, and this limitation should be
considered when interpreting the results. Figure 2 shows three representative screens
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from the platform, corresponding to crop and mask evaluation, synthetic batch evaluation
with Fitzpatrick assessment, and diagnosis on real images. All screens follow a consistent
pattern: a small number of focused questions, clearly labelled scales, and optional comment
fields, so as to minimise cognitive load while preserving expressiveness.

(a) Crop and mask evaluation (b) Synthetic batch and Fitzpatrick (c) Diagnosis on real images

Figure 2. Illustrative screenshots of the clinician evaluation platform for three of the tasks described
in Section 2.6.

2.6. Evaluation Tasks and Sampling Strategy

Concretely, the platform organises the clinician’s work into five evaluation tasks, which
correspond to the five modules introduced in the system design. Each task targets a distinct
aspect of clinical plausibility, disease recognisability, or fairness and produces structured
signals that feed into aggregation and refinement. In what follows, we describe the tasks
from a methodological perspective, rather than in terms of low-level user-interface details.

In the first task, clinicians assess the plausibility of real crop–mask pairs extracted
from hospital images. Each screen presents a cropped image together with its associated
segmentation mask, highlighting the lesion area. Clinicians judge whether the image and
mask are of sufficient quality for clinical use, rate visual realism and the correctness of
lesion delineation, and indicate their confidence. Optional comments allow them to point
out typical segmentation errors, such as under- or over-segmentation or missing lesions.
These judgements provide reference distributions for real data and reveal systematic
issues in pre-processing that might compromise subsequent synthetic generation. The
second task focuses on fairness-related aspects and disease recognisability in synthetic
images. Clinicians are shown batches of synthetic crops generated for a target disease class.
For each batch, they select the disease they believe is depicted (or “none of the above”),
assess the Fitzpatrick skin type they perceive, and rate their confidence in both diagnosis
and skin-type assessment. They can also comment on unrealistic tones, implausible lesion
appearances, or inconsistencies across images in the batch. By repeatedly sampling batches
across diseases, we obtain a plausibility-aware view of synthetic data quality and can
detect systematic mismatches between intended and perceived skin-tone distributions. The
third task elicits diagnostic judgements on real images from the hospital dataset. Here,
the goal is to characterise inter-clinician variability and diagnostic difficulty on real cases.
Images are sampled at random in batches; for each batch of images, clinicians select the
most likely diagnosis from a predefined list and rate their confidence, with the option to
comment on atypical or ambiguous presentations. These data later serve as a baseline
when interpreting judgments on synthetic images and support the construction of an
error taxonomy grounded in real-world diagnostic practice. In the fourth task, clinicians
rate the quality of image crops in isolation. Each screen displays a single crop and asks
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whether the lesion and relevant context are adequately visible, whether the technical quality
(focus, lighting, absence of artefacts) is sufficient, and how confident the clinician is in
the rating. Repeated sampling ensures that the same crop can be evaluated by multiple
clinicians, enabling us to estimate agreement and to identify patterns of low-quality imagery
across diseases and patient subgroups. Finally, the fifth task supports Fitzpatrick skin-
type annotation of uncropped, hospital-sourced images. Clinicians can filter images by
validation status or patient identifier and assign a Fitzpatrick skin type (I–VI), together with
a confidence score and optional comments on borderline cases. These annotations provide
a clinically grounded estimate of the skin-tone distribution in the underlying dataset, which
is crucial for designing fairness-aware generation strategies and for analysing subgroup-
specific patterns in the other tasks.

Across all tasks, images are sampled uniformly at random from predefined pools (for
example, real crops, synthetic images by disease, full hospital images). The same image
can be presented to multiple clinicians at different times, and the platform logs the full
evaluation history for each image, including time stamps and a pseudonymised clinician
identifier. This sampling and logging strategy directly addresses methodological concerns
raised in prior work [16,23]: it enables us to compute inter-rater agreement, to study
disagreement rather than discarding it, and to design analyses that respect the within-
subject and between-subject structure of the data. Across all tasks, image provenance was
concealed during evaluation, and clinicians were explicitly instructed to focus on clinical
plausibility and task-specific criteria, rather than attempting to determine whether an image
was real or synthetic.

The evaluation involved four clinicians with complementary expertise in paediatrics
and dermatology. Each image was independently assessed by between two and four clini-
cians, with images presented in random order and with provenance blinded at rating time.
Altogether, 13 images received two assessments, 64 received three assessments, and 16
received four assessments, resulting in 282 completed image-level evaluations. The num-
bers of completed assessments were unequal across clinicians: two clinicians completed 93
assessments each, one completed 78 assessments, and one completed 18 assessments.

For each image, Likert-scale ratings [16,23,25,26] (e.g., realism, mask accuracy, diag-
nostic confidence) were aggregated using the median to obtain a single image-level score,
reflecting the ordinal nature of the data. Binary judgements (real versus generated) were
instead aggregated via majority voting. Inter-rater reliability was assessed using ordinal
Krippendorff’s α [16,27], computed separately for each evaluation dimension and further
stratified by disease category and image type (real vs. synthetic). Disease-level summaries
were subsequently derived from these aggregated image-level scores. Importantly, inter-
clinician disagreement was not treated as noise or annotation error to be eliminated. Rather,
it was explicitly retained and analysed as a meaningful signal of epistemic uncertainty and
clinical ambiguity. This perspective is operationalised through the examination of agree-
ment patterns stratified by clinician confidence, enabling a more nuanced interpretation of
variability in expert judgement.

2.7. From Raw Feedback to Pipeline Refinement

The last component of our framework concerns how the collected feedback is trans-
formed into actionable insights for refining the synthetic data pipeline. Rather than treating
ratings as opaque scores, we explicitly define how they are aggregated, how errors are
classified, and how these results influence subsequent iterations. For each image (or batch
of images), ratings are aggregated into plausibility scores along multiple dimensions, com-
bining central tendencies with measures of dispersion and inter-rater agreement. This
makes it possible to distinguish, for example, images that are consistently judged as moder-
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ately plausible from images that trigger strong disagreement among clinicians. Free-text
comments and error tags are analysed thematically to build an error taxonomy that captures
recurring issues such as unrealistic skin tones in specific Fitzpatrick categories, anatomi-
cally inconsistent lesion shapes, misleading background artefacts, or inadequate cropping.
These quantitative and qualitative summaries are then examined through a fairness lens
by relating them to fairness-relevant subgroups such as skin tone and disease class. This
allows us to identify where synthetic images systematically underperform or misrepresent
certain populations and to prioritise corrective actions accordingly. Finally, the results feed
back into the synthetic data pipeline in the form of concrete decisions: low-plausibility or
ethically problematic images can be excluded from downstream use; generation prompts
or conditioning variables can be modified to better target underserved subgroups; and
pre-processing steps on real images can be revised where crop or mask quality is systemati-
cally low. By making this flow from raw clinician feedback to pipeline refinement explicit,
and by grounding it in methodological guidance from the human evaluation literature,
our framework turns the clinician evaluation platform into a central instrument for the
design and governance of synthetic paediatric dermatology data, rather than a one-off
validation tool.

Although the framework is iterative, it is not intended to operate as an open-ended
loop. Convergence criteria can be defined in terms of the stabilisation of plausibility
distributions across successive iterations, the improvement or stabilisation of inter-rater
agreement trends, and retention decisions informed by clinician confidence. In particular,
low-plausibility ratings provided with high confidence constitute strong signals for exclu-
sion, whereas low-confidence ratings are treated as uncertain cases and may be retained
for further inspection. In practice, the refinement process would be considered to have
converged once newly generated batches no longer yield materially improved plausibility
profiles or reductions in subgroup-specific failure modes. The current implementation
supports clinician-facing data collection, structured rating workflows, logging, aggrega-
tion, and subgroup-aware analysis. These components are empirically evaluated in the
present study. In contrast, downstream regeneration mechanisms, reward-based retraining,
and multi-cycle optimisation are specified and supported at the framework level but were
not empirically executed. As such, the present work should be understood as validating
the evaluation and decision-making layer of the pipeline, while deferring full closed-loop
optimisation to future work.

2.8. Downstream Classification and Fairness Evaluation

Although the complete source collection contained nine disease categories, the down-
stream classification experiment was restricted to maculopapular exanthema, scabies,
and viral exanthema. These were the three diseases for which disease- and skin-tone-
specific synthetic images had been generated and evaluated by clinicians. The downstream
experiment therefore represents a three-class subset of the complete hospital dataset.

To evaluate whether clinician-guided validation translates into downstream predictive
benefits, we conducted a classification experiment using a ResNet50 model pretrained
on ImageNet. The downstream experiment was designed to isolate the contribution of
clinician validation during synthetic-data selection. Within each patient-level split, all four
experimental conditions used the same real-image training, validation, and test partitions
together with identical network architecture, optimisation procedure, and training protocol.
The only difference between conditions was the subset of synthetic images included during
training. This design allows the contribution of clinician-guided synthetic-image selection
to be evaluated independently of other experimental factors.
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The classifier was trained under four conditions:

• C0 Real only: training using only real images.
• C1 Real + all synthetic: training using real images plus all evaluated synthetic images.
• C2 Real + approved synthetic: training using real images plus clinician-approved

synthetic images.
• C3 Real + non-approved synthetic: training using real images plus synthetic images

that did not satisfy the clinician-approval criteria.

C1 evaluates the effect of augmenting the training set with all evaluated synthetic
images irrespective of clinician assessment. C2 evaluates whether restricting augmentation
to clinician-approved synthetic images improves downstream classification performance
and subgroup fairness. C3 provides a complementary comparison by using only synthetic
images that did not satisfy the clinician-approval criteria.

Clinician approval was determined using the structured evaluations collected through
the clinician-evaluation platform. Each synthetic image was independently evaluated by
multiple paediatric dermatologists, who rated image realism and their confidence in that
assessment using 7-point Likert scales. For each image, realism and confidence ratings were
aggregated across clinicians by computing the mean score for each dimension. A synthetic
image was classified as clinician-approved only when both its mean realism score and mean
clinician-confidence score were at least 5. This criterion ensured that retained images were
not only judged to be visually realistic but were also supported by relatively confident
clinician assessments. Images satisfying both criteria formed the C2 synthetic subset,
whereas all remaining evaluated synthetic images formed the C3 subset.

Overall, 30 synthetic images were evaluated by clinicians, of which 18 satisfied the
clinician-approval criteria and 12 formed the non-approved subset (Table 4).

Table 4. Disease distribution of the evaluated synthetic images and the clinician-approved and
non-approved subsets used in the downstream classification experiment.

Disease C1: All C2: Approved C3: Non-Approved Approval Rate

Maculopapular exanthema 10 6 4 60%
Scabies 10 4 6 40%
Viral exanthema 10 8 2 80%

Total 30 18 12 60%

The clinician-approval rate differed across disease categories, ranging from 40% for
scabies to 80% for viral exanthema. Consequently, the C2 and C3 subsets differed not only
in clinician-assessed quality but also in disease composition. The downstream comparison
should therefore be interpreted as reflecting the combined effects of clinician-guided selec-
tion and synthetic subset composition. The four downstream classification conditions are
summarised in Table 5.

Within each experimental run, all four conditions used the same real-image training,
validation, and test partitions. The only difference between conditions was the synthetic
subset added to the training data: no synthetic images in C0, 30 in C1, 18 in C2, and 12 in
C3. Each experimental condition was repeated under three independent random seeds (42,
123, and 999). Within a given seed, C0–C3 used identical real-image training, validation,
and test partitions and differed only in the synthetic subset added to training. Across seeds,
the Fair-Skin patient partition was re-sampled, whereas the predefined Dark-Skin allocation
remained fixed at three training patients, one validation patient, and three test patients.

https://doi.org/10.3390/info17080749

https://doi.org/10.3390/info17080749


Information 2026, 17, 749 15 of 29

Table 5. Summary of the synthetic-data training conditions used in the downstream classification
experiments.

Condition Synthetic Images Subset Size Purpose

C0 None 0 Real-image-only baseline.

C1 All evaluated synthetic images 30 Baseline synthetic augmentation without
clinician filtering.

C2 Clinician-approved synthetic images 18
Evaluate whether clinician-guided
selection improves classification
performance and subgroup fairness.

C3 Non-approved synthetic images 12
Evaluate the contribution of synthetic
images that did not satisfy the
clinician-approval criteria.

ResNet50 Implementation and Training Details

Real images were partitioned at the patient level to prevent data leakage between the
training, validation, and test sets. For the Fair-Skin subgroup, patients were randomly
assigned to training, validation, and test partitions using proportions of 70%, 10%, and 20%,
respectively. A relatively small validation partition was chosen to maximise the number
of training images while retaining an independent set for model selection. Owing to the
limited number of Dark-Skin patients (7 patients), a predefined patient-level split assigned
three patients to training, one to validation, and three to testing. This predefined allocation
was adopted to preserve patient independence while ensuring that training, validation,
and test partitions each contained representative Dark-Skin cases.

No patient appeared in more than one partition. Synthetic images were included only
in the training set, whereas the validation and test sets contained exclusively real images.
This design ensures that synthetic images influence model training only, while model
selection and final performance evaluation are performed exclusively on real clinical images.
The same validation and test partitions were used for all four experimental conditions.
Apart from the synthetic-image subset included during training, all experimental settings,
preprocessing, optimisation parameters, validation procedures, and evaluation protocols
were identical across the four conditions. The patient and real-image counts for the three
experimental runs are reported in Table 6. The Fair-Skin and Dark-Skin subgroup counts
across the three experimental runs are reported in Table 7.

The number of image patches substantially exceeded the number of patients because
multiple lesion-centred patches could be extracted from an individual clinical photograph
and multiple photographs could be available for the same patient. Nevertheless, all images
and derived patches associated with a patient were assigned exclusively to one partition.
Across the three runs, the real-image training set contained 82,739–94,378 images from
86–87 patients, the validation set contained 14,561–15,323 images from 12–13 patients,
and the test set contained 18,937–31,200 images from 27–28 patients.

Table 6. Patient and real-image counts in the downstream classification partitions for the three
experimental runs. Splitting was performed at the patient level. Within each run, the same real-image
partitions were used for conditions C0–C3.

Run Training Validation Test

Patients Images Patients Images Patients Images

Run 1 87 92,295 12 14,561 28 21,782
Run 2 87 82,739 13 14,699 27 31,200
Run 3 86 94,378 13 15,323 28 18,937
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Table 7. Fair-Skin and Dark-Skin patient and image counts in the downstream classification partitions.

Run Subgroup Training Validation Test

Patients Images Patients Images Patients Images

Run 1 Dark-Skin 3 2470 1 38 3 1415
Fair-Skin 84 89,825 11 14,523 25 20,367

Run 2 Dark-Skin 3 2470 1 38 3 1415
Fair-Skin 84 80,269 12 14,661 24 29,785

Run 3 Dark-Skin 3 2470 1 38 3 1415
Fair-Skin 83 91,908 12 15,285 25 17,522

The Dark-Skin partition remained fixed across all runs and comprised 2470 training
images from three patients, 38 validation images from one patient, and 1415 test images
from three patients. The Fair-Skin partition was re-sampled across seeds. It comprised
80,269–91,908 training images from 83–84 patients, 14,523–15,285 validation images from
11–12 patients, and 17,522–29,785 test images from 24–25 patients.

Synthetic images were included only in the training partition and did not contribute
to checkpoint selection or final testing, both of which used exclusively real clinical images.

All images were loaded as three-channel RGB images and resized to 224 × 224 pixels.
During training, online data augmentation consisted of random horizontal flipping with
probability 0.5, random rotation within ±10◦, and colour jitter with brightness, contrast,
saturation, and hue parameters of 0.1, 0.1, 0.1, and 0.02, respectively. Images were then
converted to tensors and normalised using the ImageNet mean [0.485, 0.456, 0.406] and
standard deviation [0.229, 0.224, 0.225]. Validation and test images underwent only resizing,
tensor conversion, and ImageNet normalisation. The classifier was based on the Torchvision
implementation of ResNet50 and was initialised with ImageNet-1K pretrained weights.
The original classification layer was replaced by a task-specific head comprising a fully
connected layer with 512 hidden units, a ReLU activation, dropout with probability 0.2,
and a final fully connected layer with three output units. All parameters of the pretrained
backbone and the classification head were updated during training (i.e., full-network fine-
tuning). Models were trained using multiclass cross-entropy loss and stochastic gradient
descent with an initial learning rate of 1 × 10−3, momentum of 0.9, and weight decay of
5 × 10−4. No class weighting, weighted sampling, or oversampling procedure was applied.
A cosine-annealing learning-rate schedule with Tmax = 100 was used. Each model was
trained for a fixed 100 epochs with a batch size of 32. Training samples were loaded as
shuffled mini batches at every epoch, whereas validation and test samples were evaluated
in deterministic order. After each epoch, model performance was evaluated on the real-
image validation set. The checkpoint achieving the highest validation macro F1 score
across the three disease classes was retained and subsequently evaluated on the held-out
real-image test set. The test set was not used for checkpoint selection or hyperparameter
optimisation. The random seeds were applied to Python, NumPy, PyTorch, and all available
CUDA random-number generators, controlling model initialisation, mini batch ordering,
and stochastic data augmentation.

Experiments were conducted on one node of the Booster partition of the LEONARDO
supercomputer (BullSequana XH2135, supplied by ATOS), hosted by CINECA at the
Bologna Technopole, Bologna, Italy [28]. Each Booster node is equipped with four NVIDIA
A100 GPUs with 64 GB of memory per GPU; two GPUs and 64 GB of system memory were
allocated for the present experiments. The software environment comprised Python 3.11.6,
PyTorch 2.7.1, Torchvision 0.22.1, CUDA 12.6, and cuDNN 9.5.1. Data processing
and evaluation were performed using scikit-learn 1.7.2, NumPy 2.3.5, pandas 2.3.2,
and Pillow 11.3.0. Multi-GPU training was performed using PyTorch DataParallel.
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The classification task included three disease categories: maculopapular exanthema,
scabies, and viral exanthema. We evaluated overall performance using accuracy, balanced
accuracy, and macro F1. Balanced accuracy was computed as the average recall across
disease classes. Balanced accuracy is particularly appropriate for imbalanced classification
problems because it assigns equal importance to each class, rather than being dominated
by the majority classes [29]. Macro F1 was computed as the unweighted mean of the
disease-wise F1 scores. Macro F1 is widely used in imbalanced multiclass classification
because it gives equal importance to each class regardless of class frequency [29]. Macro
F1 complements balanced accuracy by incorporating both precision and recall, thereby
penalising models that achieve high recall at the expense of excessive false positives. To
assess subgroup fairness, all metrics were additionally computed separately for Fair-Skin
and Dark-Skin test subsets.

Balanced Accuracy =
1
K

K

∑
i=1

Recalli =
1
K

K

∑
i=1

TPi
TPi + FNi

(1)

Macro F1 =
1
K

K

∑
i=1

F1i (2)

where K denotes the number of disease classes [29].
We also computed subgroup performance gaps between Fair-Skin and Dark-Skin

groups:
Accuracy Gap = |AccuracyFair − AccuracyDark|, (3)

Balanced Accuracy Gap = |BAFair − BADark|, (4)

Macro F1 Gap = |Macro F1Fair − Macro F1Dark|. (5)

Lower values for these gap metrics indicate smaller subgroup performance dispar-
ities. These metrics can be interpreted as performance-based group fairness measures
because they quantify differences in predictive performance between demographic sub-
groups. Recent reviews of clinical AI fairness classify fairness metrics based on subgroup
differences in predictive performance (e.g., accuracy, sensitivity, specificity, and related
performance measures) as performance-based group fairness metrics [30]. In addition
to subgroup performance-gap metrics, we report disparate impact (DI), equalised odds
ratio (EOR), and predictive rate ratio (PRR), which are widely used fairness metrics in
algorithmic fairness evaluation [31,32]. These metrics have also been employed in recent
fairness analyses for AI-based skin disease diagnosis under data scarcity and representation
imbalance settings [24]. DI evaluates parity in positive prediction rates between groups,
EOR evaluates parity in true-positive and false-positive rates, and PRR evaluates parity in
positive predictive value between groups.

3. Results
This section introduces the empirical evaluation of the first and core module of the

proposed clinician-in-the-loop framework. This module represents the critical fairness-
sensitive component of the pipeline, as it directly governs the validation of synthetic images
generated to address representational gaps in the original dataset, with a specific focus on
under-represented skin tones. It is important to note that the evaluation is performed on
preprocessed image patches derived from the original dataset [18], which may influence
both clinician perception and the statistical properties of the data. By subjecting these
generated images to expert clinical evaluation, this module operationalises fairness en-
hancement not as an abstract design goal but as an empirically testable property grounded
in clinician judgement. Accordingly, the results reported here should be interpreted as
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an empirical assessment of the framework’s validation gate rather than as evidence of
completed end-to-end iterative optimisation of the generator. Here, fairness is conceptu-
alised as subgroup-aware validation of synthetic images generated for under-represented
skin-tone categories. This perspective is grounded in prior work emphasising fairness
across multiple subgroups and the challenges posed by imbalanced subgroup data [33,34].
Accordingly, fairness is addressed at the level of data curation and validation, rather than
being framed as evidence of downstream predictive parity across populations.

The evaluation reported here is based on the assessments of four clinicians with com-
plementary expertise in paediatrics and dermatology with high levels of expertise whose
clinical experience ranges from 11 to 39 years. The clinician pool is limited in absolute
size but reflects the practical constraints inherent to specialist-only paediatric dermatology
evaluation, where expert assessment requires highly specialised training, and annotation
is constrained by factors such as cost and reliance on scarce domain experts [10,16]. Con-
sistent with this context, prior human-in-the-loop studies in the medical domain have
often relied on small cohorts of expert annotators (e.g., 1, 3, 5, or 7 specialists) for the
evaluation of synthetic images, with no established consensus on an optimal annotator pool
size [17,35–37]. Within such settings, the key methodological consideration is not achieving
crowd-scale annotation but rather determining whether repeated expert-only assessments
can yield reliable and informative governance signals. Accordingly, the study is designed
around repeated ratings, image-level multi-rater evaluation, inter-rater agreement analysis,
and confidence stratification, rather than large annotator counts typical of general-purpose
human evaluation. This design prioritises depth and consistency of expert judgement over
breadth of annotation. The clinicians’ evaluations focus on synthetic images generated for
three selected diseases, chosen based on both their clinical relevance and the presence of
under-represented skin-tone categories in the source data. By concentrating on these condi-
tions, the analysis explicitly examines whether the generative model can produce clinically
plausible images in regions of the data space where real-world coverage is limited. This
directly addresses a central fairness concern in paediatric dermatology datasets, namely,
the under-representation of certain skin-tone subgroups.

The remaining modules of the framework operate downstream of this evaluation
component and are designed to consume its outputs—such as aggregated ratings, agree-
ment measures, and identified failure modes—without modifying the fairness-relevant
decision mechanisms assessed here. As a result, their behaviour does not affect the validity
of the fairness analysis presented in this section. We therefore provide a complete and
self-contained evaluation of the system at its critical fairness decision point while deferring
the empirical assessment of downstream modules, which primarily concern integration
and deployment, to future work.

Across the three diseases for which synthetic images were available (maculopapu-
lar exanthema, scabies, and viral exanthema), clinicians showed a marked tendency to
accept generated images as real (Table 8). The false real rate (FRR, i.e., the probability
that a medician mistakes a generated image as real) ranged from 0.42 to 0.50, meaning
that approximately half of the individual evaluations of synthetic images resulted in a
“real” judgement. Although confidence intervals are relatively wide, they consistently
exclude very low values, indicating that a small number of outliers does not drive this
effect but reflects a systematic difficulty in distinguishing synthetic from real images. At
the same time, inter-rater agreement on the binary real vs. generated decision was low,
with Krippendorff’s α between 0.18 and 0.31 across these diseases. This combination of
high FRR and low agreement suggests that clinicians not only struggle to reliably detect
synthetic images but also disagree substantially about which specific images appear real.
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In other words, synthetic images frequently “pass” as real for at least some experts but not
in a consistent way across the clinician pool.

Table 8. False real rate (FRR) on synthetic images and inter-rater agreement (Krippendorff’s α) by
disease. Each disease category included ten unique synthetic images.

Disease FRR [95% CI] Krippendorff’s α

Maculopapular exanthema 0.48 [0.28, 0.68] 0.22
Scabies 0.50 [0.31, 0.69] 0.31

Viral exanthema 0.42 [0.23, 0.64] 0.18

Disease-specific differences in FRR were relatively modest, ranging from 0.42 for viral
exanthema to 0.50 for scabies (Table 8). Although scabies exhibited the highest tendency
to be perceived as real and viral exanthema the lowest, the corresponding confidence
intervals overlapped substantially, indicating that these differences should be interpreted
as descriptive rather than conclusive. Overall, the results suggest that the difficulty of
distinguishing synthetic from real images is broadly consistent across the three evaluated
diseases rather than being driven by a single disease category.

Realism ratings on the 7-point Likert scale provide a more fine-grained view of this
phenomenon (Table 9). For the three diseases with synthetic images, generated samples
received a high proportion of ratings in the upper realism band (5–7), ranging from 52.6% to
66.7%, which is broadly comparable to the distributions observed for real images of the same
diseases. This confirms that a substantial fraction of synthetic images is perceived as visually
realistic. However, the associated agreement patterns differ markedly: for real images,
realism ratings exhibit moderate agreement (Krippendorff’s α ≈ 0.39–0.46), whereas for
generated images, agreement drops to low values (Krippendorff’s α ≈ 0.08–0.21). Thus,
realism is not a uniform property of the synthetic images: some are judged highly realistic
by most clinicians, while others elicit divergent opinions. For diseases without synthetic
images, real-image realism follows a consistent pattern, with the majority of ratings in
the 5–7 band and moderate agreement (Krippendorff’s α ≈ 0.40–0.47), providing a stable
reference for human perception on this dataset.

Table 9. Distribution of realism ratings (7-point Likert scale) and inter-rater agreement per disease
and image type. Percentages indicate the proportion of ratings falling into low (1–3), neutral (4),
and high (5–7) realism bands. Krippendorff’s α is computed on the ordinal scale.

Disease Type 1–3 (%) 4 (%) 5–7 (%) Krippendorff’s α

Maculopapular exanthema Real 21.4 18.6 60.0 0.41
Generated 19.0 14.3 66.7 0.12

Scabies Real 27.3 20.5 52.3 0.46
Generated 18.2 22.7 59.1 0.21

Viral exanthema Real 25.0 19.4 55.6 0.39
Generated 21.1 26.3 52.6 0.08

Urticaria Real 24.6 21.7 53.6 0.44
Pediculosis Real 29.8 18.4 51.8 0.42
Chickenpox Real 23.1 20.0 56.9 0.47
Morbilliform exanthema Real 26.4 17.6 56.0 0.45
Iatrogenic drug-induced exanthema Real 28.9 19.3 51.8 0.43
Polymorphous exanthema Real 27.1 20.8 52.1 0.40

The real-image categories that did not have synthetic counterparts (urticaria, pedicu-
losis, chickenpox, morbilliform exanthema, iatrogenic drug-induced exanthema, and poly-
morphous exanthema) served as reference conditions for clinician evaluation. Across these
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diseases, realism ratings remained consistently concentrated in the upper rating band
(5–7), with moderate inter-rater agreement (Krippendorff’s α ≈ 0.40–0.47), indicating stable
clinician perception across the underlying clinical dataset. No disease emerged as a clear
outlier in terms of realism ratings or agreement. These reference evaluations therefore
provide a stable baseline against which the greater variability observed for synthetic images
can be interpreted.

A similar qualitative pattern emerges for the evaluation of segmentation masks
(Table 10). For real images, most mask accuracy ratings fall in the 5–7 band (55–66%
across diseases) and agreement is again moderate (Krippendorff’s α ≈ 0.47–0.54), indi-
cating that clinicians broadly concur on the correctness of lesion delineations. In contrast,
the masks associated with generated images are rated more critically: the share of high
ratings (5–7) drops to 36.9–47.6%, with a corresponding increase in low and neutral ratings,
and inter-rater agreement decreases to Krippendorff’s α ≈ 0.14–0.22. These results indicate
that even when the underlying synthetic image can appear realistic, the quality of the
associated segmentation may be perceived as less reliable and more contentious. From a
methodological perspective, this illustrates the value of jointly evaluating visual realism
and lesion delineation, as relying on image-level impressions alone would miss a clinically
relevant weakness of the synthetic data pipeline.

Table 10. Distribution of mask accuracy ratings (7-point Likert scale) and inter-rater agreement per
disease and image type. Percentages indicate the proportion of ratings falling into low (1–3), neutral
(4), and high (5–7) accuracy bands. Krippendorff’s α is computed on the ordinal scale.

Disease Type 1–3 (%) 4 (%) 5–7 (%) Krippendorff’s α

Maculopapular exanthema Real 18.6 23.3 58.1 0.48
Generated 28.6 23.8 47.6 0.19

Scabies Real 16.0 20.5 63.5 0.52
Generated 31.8 27.3 40.9 0.22

Viral exanthema Real 19.4 22.2 58.3 0.46
Generated 36.8 26.3 36.9 0.14

Urticaria Real 17.9 21.5 60.6 0.50
Pediculosis Real 20.2 19.3 60.5 0.49
Chickenpox Real 15.4 18.5 66.1 0.54
Morbilliform exanthema Real 18.8 20.0 61.2 0.51
Iatrogenic drug-induced exanthema Real 21.7 22.9 55.4 0.47
Polymorphous exanthema Real 19.6 21.7 58.7 0.48

A similar pattern was observed for mask-quality assessments. Real images consis-
tently received predominantly high ratings across all disease categories, with moderate
inter-rater agreement (α ≈ 0.47–0.54). This stability suggests that the lower ratings and
weaker agreement observed for synthetic images are unlikely to reflect disease-specific
characteristics of the evaluation dataset alone but instead are associated with properties of
the generated images and their corresponding masks.

Finally, we examined how inter-rater agreement varies with clinicians’ self-reported
confidence (Table 11). Agreement increases monotonically with confidence, from α = 0.17
in the low-confidence band (1–3) to α = 0.44 in the high-confidence band (5–7). This pattern
suggests that disagreement is concentrated precisely where clinicians feel uncertain, rather
than reflecting arbitrary or noisy use of the scales. High-confidence evaluations reach
agreement levels comparable to those observed for real-image realism and mask accuracy,
supporting the internal coherence of the clinician-in-the-loop evaluation. At the same time,
the presence of many low- and neutral-confidence ratings, particularly for synthetic images
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and masks, highlights where further refinement of the generative model and data curation
is most urgently needed.

Table 11. Global inter-rater agreement (Krippendorff’s α) stratified by self-reported confidence level.
Confidence ratings are grouped into low (1–3), neutral (4), and high (5–7) bands. Agreement is
computed across all diseases, image types, and evaluation tasks.

Confidence Band Confidence Scale Krippendorff’s α

Low confidence 1–3 0.17
Neutral confidence 4 0.26
High confidence 5–7 0.44

Downstream Classification Results

Because the dataset is substantially imbalanced across disease categories, balanced
accuracy and macro F1 provide a more informative assessment than standard accuracy
alone [29]. Balanced accuracy evaluates average disease-wise recall, whereas macro F1
evaluates average disease-wise precision and recall, ensuring that all disease categories
contribute equally to model evaluation regardless of class prevalence [29]. The overall
test performance across the three experimental runs is reported in Table 12. Skin-tone-
specific classification performance across the four training conditions is reported in Table 13,
while the corresponding subgroup performance gaps and parity-based fairness metrics are
summarised in Table 14.

Table 12. Overall test performance across three seeds. Values are mean ± standard deviation. Best
values are shown in bold.

Condition Accuracy Balanced Accuracy Macro F1

C0 Real only 0.613 ± 0.037 0.470 ± 0.019 0.462 ± 0.029
C1 Real + all synthetic 0.616 ± 0.043 0.472 ± 0.014 0.466 ± 0.028
C2 Real + approved synthetic 0.630 ± 0.035 0.485 ± 0.038 0.479 ± 0.050
C3 Real + non-approved synthetic 0.608 ± 0.047 0.475 ± 0.032 0.467 ± 0.046

Table 13. Skin-tone subgroup performance across three seeds. Values are mean ± standard deviation.
Bold values indicate the best performance within each skin-tone subgroup for each metric.

Group Condition Accuracy Balanced Accuracy Macro F1

Fair Skin C0 Real only 0.638 ± 0.051 0.482 ± 0.016 0.467 ± 0.035
Fair Skin C1 Real + all synthetic 0.639 ± 0.055 0.471 ± 0.019 0.461 ± 0.043
Fair Skin C2 Real + approved synthetic 0.650 ± 0.051 0.484 ± 0.043 0.476 ± 0.061
Fair Skin C3 Real + non-approved synthetic 0.625 ± 0.056 0.479 ± 0.027 0.464 ± 0.053

Dark Skin C0 Real only 0.237 ± 0.100 0.188 ± 0.058 0.229 ± 0.100
Dark Skin C1 Real + all synthetic 0.287 ± 0.092 0.320 ± 0.034 0.286 ± 0.097
Dark Skin C2 Real + approved synthetic 0.351 ± 0.140 0.348 ± 0.069 0.313 ± 0.128
Dark Skin C3 Real + non-approved synthetic 0.353 ± 0.083 0.258 ± 0.043 0.297 ± 0.085

Table 14. Fairness metrics and subgroup performance gaps. Values are mean ± standard devia-
tion. For gap metrics, lower is better. For DI and PRR, values closer to 1 are preferred. For EOR,
higher/closer to 1 is preferred. Bold values indicate the best result for each metric according to
these criteria.

Condition Accuracy Gap BA Gap Macro F1 Gap DI EOR PRR

C0 Real only 0.402 ± 0.151 0.294 ± 0.056 0.239 ± 0.110 1.027 ± 0.242 0.240 ± 0.070 4.709 ± 4.002
C1 Real + all synthetic 0.352 ± 0.142 0.151 ± 0.021 0.175 ± 0.126 1.249 ± 0.408 0.458 ± 0.101 13.181 ± 17.187
C2 Real + approved synthetic 0.299 ± 0.191 0.136 ± 0.061 0.163 ± 0.154 1.142 ± 0.353 0.483 ± 0.072 10.709 ± 14.504
C3 Real + non-approved synthetic 0.272 ± 0.110 0.221 ± 0.023 0.167 ± 0.098 1.117 ± 0.347 0.292 ± 0.053 10.412 ± 14.154
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The subgroup gap metrics (accuracy gap, balanced accuracy gap, and macro F1 gap)
correspond to performance-based group fairness measures. In contrast, DI, EOR, and PRR
correspond to parity-based fairness metrics that evaluate equality of prediction behaviour
across demographic groups [30–32]. Together, these complementary metrics provide in-
sight into both predictive-performance disparities and prediction-parity disparities between
Fair-Skin and Dark-Skin populations.

Disease-wise results show that the clinician-approved synthetic condition (C2)
achieved the highest mean F1 score for all three disease categories (Table 15), suggest-
ing that clinician-guided image selection consistently benefits downstream classification
rather than improving only a single disease class. Across the three experimental runs, C2
also achieved the strongest overall classification performance, improving accuracy, bal-
anced accuracy, and macro F1 compared with the real-only baseline (Table 12). The largest
gains were observed for the under-represented Dark-Skin subgroup, where balanced accu-
racy and macro F1 increased substantially relative to C0. Although these improvements
should be interpreted cautiously given the small subgroup size, they suggest that clinician-
approved synthetic images provide disease-relevant information for the population most
affected by the original representation imbalance. The fairness analysis showed a consistent
reduction in subgroup performance disparities under C2. Compared with the real-only
baseline, the balanced accuracy gap decreased by approximately 54% and the macro F1
gap by approximately 32%, while C2 achieved the highest equalised odds ratio among
the evaluated conditions. These results indicate that clinician-guided synthetic-image
selection is associated with both improved predictive performance and reduced subgroup
performance disparities.

Table 15. Disease-wise overall F1 scores across three seeds. Values are mean ± standard deviation.
Bold values indicate the highest mean F1 score for each disease.

Disease C0 Real Only C1 All Synthetic C2 Approved Synthetic C3 Non-Approved Synthetic

Maculopapular exanthema 0.132 ± 0.075 0.141 ± 0.094 0.149 ± 0.113 0.142 ± 0.105
Scabies 0.575 ± 0.131 0.563 ± 0.112 0.585 ± 0.140 0.581 ± 0.150
Viral exanthema 0.679 ± 0.070 0.693 ± 0.060 0.703 ± 0.026 0.677 ± 0.031

The parity-based fairness metrics require a more nuanced interpretation. Although dis-
parate impact (DI) was closest to one under the real-only condition, this did not coincide
with the strongest subgroup performance, highlighting that prediction-rate parity alone is
insufficient to characterise fairness in clinical classification. Similarly, predictive rate ratio
(PRR) exhibited high variability because precision estimates became unstable for disease–
subgroup combinations with very small denominators, particularly for maculopapular
exanthema. PRR is therefore reported for completeness but is not used to support the
principal fairness conclusions.

4. Discussion
The findings should be interpreted within the scope of the present study, which

evaluates clinician-guided validation and synthetic-image selection rather than iterative
optimisation of the underlying generative model. Clinician feedback was used to assess the
clinical plausibility of generated images and guide their selection for downstream classifi-
cation but not to retrain the DreamBooth–Stable Diffusion model. Accordingly, the results
provide evidence for clinician-guided validation as an effective data-curation mechanism
rather than for a fully closed-loop optimisation process. Despite this scope, the study
demonstrates that structured clinician evaluation provides information that cannot be
captured by automated image-quality metrics alone. Although many synthetic images
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were perceived as visually realistic, lower inter-rater agreement and variations in clinician
confidence revealed clinically meaningful ambiguities that would otherwise remain hidden.
These findings indicate that multidimensional expert assessment provides complementary
signals for identifying synthetic images suitable for downstream use and for exposing
failure modes requiring further investigation. More broadly, the proposed framework
positions clinician evaluation as an integral component of synthetic-data governance rather
than a post hoc quality-control step. Multidimensional ratings, inter-rater agreement,
and subgroup-aware analyses support transparent retention and exclusion decisions, align-
ing with recent recommendations for human oversight, accountability, and trustworthy
validation of synthetic medical data in safety-critical healthcare applications [1,38,39].

4.1. Comparison with Related Studies

Our findings reinforce previous evidence that visual realism alone is insufficient to
establish the clinical reliability of synthetic dermatology images. Luschi et al. [10] similarly
reported that highly realistic synthetic dermoscopic images are often difficult for dermatol-
ogists to distinguish from real ones despite limited inter-rater agreement. Consistent with
these observations, our synthetic paediatric dermatology images frequently received high
realism ratings while simultaneously exhibiting lower agreement than real images. Ex-
tending previous work, we show that evaluating additional dimensions—including mask
quality, diagnostic plausibility, clinician confidence, and skin-tone representation—reveals
clinically relevant ambiguities that are not captured by realism alone. Our results also
support the value of multidimensional clinician evaluation over feedback strategies based
primarily on global image quality or predefined clinical attributes. Previous approaches
such as MINIM [19], MAGIC [22], and the framework of Sun et al. [17] demonstrate that
expert feedback can successfully guide generative-model optimisation. However, these
studies rely predominantly on image-quality assessment, binary expert feedback, or AI-
mediated evaluation. In contrast, our framework combines repeated blinded evaluation by
multiple paediatric dermatologists with explicit analysis of inter-rater agreement and clini-
cian confidence. The observed discrepancy between high realism scores and weaker mask-
quality assessments further suggests that visually convincing images may still fail to satisfy
clinically relevant quality criteria. The downstream classification results are also consistent
with recent studies reporting that synthetic data can improve predictive performance and
subgroup fairness [20,21]. Unlike previous approaches, however, fairness in our study is not
pursued through demographic conditioning or direct optimisation of the generative model.
Instead, clinician feedback is used as a structured data-curation mechanism to identify syn-
thetic images that are most appropriate for downstream learning. The improved balanced
accuracy and macro F1 observed for the clinician-approved subset, particularly within the
under-represented Dark-Skin subgroup, suggest that clinician-guided image selection can
complement existing fairness-aware generative approaches. The comparison between the
four training conditions further highlights the importance of clinician-guided data curation.
Augmenting the training set with all available synthetic images produced only modest
improvements, whereas restricting augmentation to clinician-approved images yielded the
strongest overall performance. Although the approved and non-approved subsets differed
in both size and composition, these findings indicate that the clinical quality of synthetic
images is at least as important as their quantity. Consequently, clinician validation should
be viewed not only as an evaluation procedure but also as a practical mechanism for im-
proving the downstream utility of synthetic medical data. Overall, the proposed framework
complements existing clinician-guided and fairness-aware generative approaches. Rather
than focusing on iterative optimisation of the generator, it demonstrates that structured
clinician evaluation, uncertainty-aware interpretation, and expert-guided synthetic-image
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selection constitute effective data-curation strategies that improve the practical utility of
synthetic images for fairness-sensitive paediatric dermatology applications.

4.2. Implications of the Downstream Fairness Evaluation

The downstream classification experiments demonstrate that clinician-guided synthetic-
image selection can improve both predictive performance and subgroup fairness. Whereas
the clinician evaluation identified differences in realism, mask quality, confidence,
and agreement, the downstream analysis shows that these signals also have practical
value for model development. In particular, restricting augmentation to clinician-approved
synthetic images consistently outperformed both real-only training and indiscriminate
synthetic augmentation, indicating that expert-guided data curation can improve the utility
of synthetic datasets. The largest gains were observed for the under-represented Dark-Skin
subgroup, which represents the primary fairness motivation of this study. Clinician-
approved synthetic images substantially improved balanced accuracy and macro F1 for
this subgroup while simultaneously reducing subgroup performance gaps. These findings
are consistent with recent work emphasising performance-based fairness in clinical AI,
where equitable predictive performance across demographic groups is often more clinically
meaningful than prediction parity alone [24,30]. The comparison between the four training
conditions further highlights the importance of synthetic-image quality. Including all
evaluated synthetic images produced only modest improvements, whereas restricting aug-
mentation to clinician-approved images yielded the strongest overall performance and the
greatest reduction in subgroup disparities. Although the approved and non-approved sub-
sets differed in both size and composition, these results suggest that careful clinician-guided
filtering is more beneficial than indiscriminate synthetic-data augmentation. The comple-
mentary fairness metrics also require careful interpretation. While the clinician-approved
condition achieved the strongest equalised odds ratio, the real-only baseline produced
a disparate impact value closest to one despite substantially poorer performance on the
Dark-Skin subgroup. This illustrates a well-recognised limitation of parity-based fairness
metrics: similar prediction rates do not necessarily imply comparable diagnostic perfor-
mance or clinical utility. Accordingly, the conclusions of this study are based primarily
on subgroup performance and performance-gap metrics, whereas parity-based measures
provide complementary information. Predictive rate ratio (PRR) is reported for complete-
ness but is not used to support the main conclusions because its dependence on precision
makes it unstable when subgroup precision values approach zero. Overall, these findings
indicate that clinician validation can serve not only as a quality-assurance mechanism but
also as an effective fairness-aware data-curation strategy. Although the present study does
not implement iterative retraining of the generative model, it demonstrates that clinician
feedback can be successfully translated into downstream improvements by guiding the
selection of synthetic images used for model training. This validation-to-classification
workflow provides a practical foundation for future clinician-in-the-loop pipelines in which
expert feedback may also support iterative refinement of the generative model.

4.3. Study Limitations

Several limitations should be considered when interpreting the results of this study.
First, the empirical evaluation was conducted using data collected at a single institu-
tion following a specific acquisition and preprocessing pipeline. Although patient-level
splitting prevented data leakage, institution-specific imaging conditions, patch extraction,
and mask-generation procedures may have introduced biases that were learned by both
the generative and classification models. Consequently, the findings may not generalise to
images acquired under different clinical protocols, imaging conditions, or patient popula-
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tions. Validation on independent multi-centre paediatric dermatology datasets is therefore
required. Second, the clinician evaluation involved four experts and a relatively small
set of synthetic images (30 images from three disease categories). Although repeated
independent assessments enabled the analysis of inter-rater agreement and clinician confi-
dence, the limited numbers of clinicians, diseases, and evaluated images reduce statistical
power and the generalisability of the observed rating patterns. Moreover, all clinicians
were affiliated with the same hospital system, which may limit the representativeness of
the evaluation. Future studies should involve larger and geographically diverse expert
panels together with broader disease coverage. Third, the fairness analysis was constrained
by the limited representation of darker skin tones in the source dataset. The Dark-Skin
subgroup comprised only seven patients, making subgroup performance estimates sen-
sitive to individual cases. Furthermore, grouping Fitzpatrick skin types into Fair-Skin
and Dark-Skin categories simplifies a clinically continuous and partially subjective char-
acteristic. Consequently, the reported fairness improvements should be interpreted as
exploratory and validated using larger cohorts spanning all Fitzpatrick skin types. Fourth,
the comparison among the downstream training conditions does not fully isolate the effect
of clinician-guided image selection from differences in synthetic subset size and disease
composition. Although all experimental settings were identical across conditions, the supe-
rior performance of the clinician-approved subset may reflect the combined influence of
image quality, subset composition, and dataset size. In addition, the approval criterion con-
sidered only realism and clinician confidence, without explicitly incorporating diagnostic
correctness, mask quality, or skin-tone consistency. Future work should evaluate alternative
selection criteria using balanced synthetic subsets. Fifth, the downstream evaluation was
performed using a single classification architecture (ResNet50), one patient-level splitting
strategy, and three random seeds. Although identical training and evaluation protocols
were adopted across all experimental conditions, the observed improvements should be
confirmed using additional architectures, repeated patient-level resampling, larger test
sets, and formal statistical significance analyses. Finally, the present study evaluates the
clinician-validation and synthetic-image selection stages of the proposed framework rather
than a fully iterative generation–evaluation–refinement process. Clinician feedback was
used to curate synthetic images for downstream classification but was not employed to
optimise the generative model through reward learning or preference optimisation. Like-
wise, the study prioritised clinician-based validation over representation-level analyses
such as embedding-space alignment or domain-discrimination experiments. Accordingly,
the results should be interpreted as evidence supporting clinician-guided validation and
synthetic-data curation, rather than demonstrating convergence of an iterative clinician-in-
the-loop optimisation framework or complete statistical alignment between synthetic and
real image distributions.

4.4. Future Directions

The proposed framework should first be validated on larger and more diverse paedi-
atric dermatology datasets collected across multiple institutions, imaging devices, and clin-
ical protocols. Broader clinical validation involving independent expert panels and a
wider range of diseases, anatomical locations, age groups, and Fitzpatrick skin types will
be essential to assess the generalisability of the observed clinician-rating patterns and
subgroup-fairness improvements. Such studies will also enable more robust analyses of
intersectional effects involving skin tone, disease, age, sex, and acquisition conditions. A
second direction concerns the evolution of the current validation-to-classification workflow
into a fully iterative clinician-in-the-loop optimisation framework. In this setting, clinician
assessments of realism, diagnostic plausibility, mask quality, skin-tone consistency, confi-
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dence, and agreement could be translated into reward or preference signals for iterative
refinement of the generative model. Future studies should also investigate principled
convergence criteria based on the stabilisation of clinician ratings, inter-rater agreement,
subgroup performance, and diminishing performance gains across successive refinement
cycles [40–42]. Finally, future work should combine clinician-centred evaluation with
complementary technical validation and investigate the deployment of clinician-guided
synthetic-data curation in routine clinical workflows. Representation-level analyses, such as
embedding-space alignment and domain-discrimination models, could provide additional
evidence regarding the similarity between real and synthetic data while remaining comple-
mentary to expert clinical assessment. At the same time, practical aspects including image
provenance, documentation of clinician decisions, management of expert disagreement,
and post-deployment monitoring of subgroup performance should be incorporated to sup-
port transparent, accountable, and reusable clinician-in-the-loop pipelines for safety-critical
medical AI.

5. Conclusions
This study presented and empirically evaluated a clinician-guided framework for the

validation and selection of synthetic paediatric dermatology images. The proposed method-
ology integrates structured clinician assessment with synthetic-data curation to evaluate
visual realism, diagnostic plausibility, mask quality, clinician confidence, and skin-tone
representation. Our results show that visual realism alone is insufficient to establish the
clinical suitability of synthetic images. Although many generated images were perceived
as realistic, multidimensional clinician evaluation revealed lower inter-rater agreement
and weaker mask-quality assessments than those observed for real images. Moreover, re-
stricting data augmentation to clinician-approved synthetic images improved downstream
classification performance and reduced subgroup performance disparities, particularly
for the under-represented Dark-Skin population. Overall, these findings demonstrate
that structured clinician evaluation provides an effective mechanism for fairness-aware
synthetic-data curation, improving the downstream utility of synthetic images without
requiring direct optimisation of the generative model. Future work will validate the frame-
work on larger multi-centre datasets and investigate iterative clinician-in-the-loop pipelines
in which expert feedback directly supports generative-model refinement.
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