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[bookmark: _Toc234888913]1.1 Context and Background
Deep neural networks are increasingly embedded in clinical diagnostics processes, such as convolutional networks, which support radiologists to identify pulmonary lesions on chest X-rays, computed tomography and magnetic resonance scans. Multi-institutional datasets, such as CheXpert Plus, contain hundreds of thousands of de-identified chest X-ray studies, with structured reports, allowing for clinically realistic models to be developed and benchmarked in different patient groups [1]. This is not hypothetical, as some classifiers used for COVID-19 chest X-rays demonstrate high accuracy when using other factors (hospital image markers, etc.) unrelated to the radiological findings of COVID-19, and those other factors are what standard external validation methods missed [2].
[bookmark: _Toc234888914]Current developments
Post-hoc explanation methods have been added to diagnostic imaging models to reveal the internal reasoning of these models. In a recent human-centered evaluation of these techniques for pneumonia and COVID-19 detection from chest X-rays and CT scans, clinicians seemed to prefer visual explanations. Grad-CAM was perceived as more coherent and trustworthy than LIME. Still, they also reported a general lack of understanding of how these should be used in practice, and concerns about the clinical usability of these techniques [3]. To successfully deploy algorithms in clinical practice, clinicians must be trained to question the results of the algorithm at the point of care, not the predictions of the model, as the final decision. 
[bookmark: _Toc234888915]1.2 Research Problem
Problem statement: A major problem with diagnostic deep learning is the "black box" phenomenon, which inevitably leads to concrete issues of responsibility and patient safety. If a model fails to identify a pulmonary abnormality, or it correctly identifies one but cannot explain the basis for this prediction, a clinician will be forced to either fully trust the model's opaque recommendation or ignore one potentially useful second opinion altogether, while institutions are unable to audit the basis for automated decisions whose consequences are important for clinical care.
The literature gap: Most existing methods of XAI used on medical images are benchmarked on algorithmic or mathematical metrics, such as localization accuracy or Shapley-value consistency, over real-world practicality and workflow integration. A recent systematic review of the PRISMA-guided survey of 31 human-centered evaluations of ECDSS revealed that explanations primarily boosted trust and diagnostic confidence among clinicians but also often raised cognitive load, were not seen as actionable, and were systematically different from a "good" explanation as measured by algorithmic evaluation [6]. This same gap was noted in particular within chest radiology: the participants in a recent human-centered evaluation appreciated the coherence and trust that Grad-CAM explanations brought, but had specific concerns about their clinical usefulness at the workflow level, and the authors of the study explicitly called for additional work to connect with clinical workflow and visual plausibility [3]. One previous systematic review of explainable clinical decision support (XCDS) concluded the same: a clear absence of applied research based on real user studies in clinical practice with clinicians [7].  The current critical gap can be concisely described as the gap in two families of evaluation criteria. The published literature is dominated by algorithmic metrics, including the accuracy of spatial precision, the mathematical neatness of feature attributions, and plausible-looking output, achieved through the heatmap. There are relatively few studies evaluating clinical utility metrics, including clinician trust in the clinical utility of the explanation, reduction in cognitive load for clinicians during diagnostic tasks, and appropriateness of the explanation for error checking during practice. This proposal is placed right in the middle of that. 
[bookmark: _Toc234888916]1.3 Research Aim and Objectives
Aim: To develop and comprehensively evaluate an explainable and human-centered diagnostic framework for chest radiography that balances algorithmic accuracy with interpretable features to support safe clinical decision-making.
Objectives:
1. To clean and preprocess multi-institutional chest radiography data arrays, including harmonising labels and mitigating class imbalance across source datasets, by week 2.
1. To train an ensemble convolutional architecture for pulmonary anomaly detection, benchmarked against single-model baselines on held-out data, by week 4.
1. To integrate post-hoc feature attribution layers, specifically Grad-CAM and SHAP, onto the trained network to generate visual and feature-level explanations for individual predictions by week 6.
1. To quantify cognitive fit and clinician validation performance using standardised human-centered metrics, including trust, diagnostic confidence, and cognitive load, by week 8.
[bookmark: _Toc234888917]1.4 Significance of the Research
Importance: The relevance of proposed regulatory frameworks for AI systems in medicine is growing with the inclusion of medical diagnostic software in the EU AI Act as high-risk and the FDA's release of transparency guiding principles for machine learning-powered medical device products in 2024 [5]. This work is useful to the research community because it is underpinned by a solid empirical foundation and proposes a dual-evaluation method that considers both algorithmic performance and human-centered clinical utility in tandem, a challenge that recent surveys indicate is a prominent weakness in the explainable healthcare AI literature [6]. It is useful to practitioners when they are exposed to unseen structural model errors before deployment, which can help to reduce diagnostic errors resulting from shortcut learning, as seen in radiograph classifiers used to identify COVID-19 infection [2], and by providing clear, actionable reasoning that can enhance clinicians' trust in useful, calibrated digital diagnostic assistants, rather than uncritical use. 
Potential applications: The framework and the dual-evaluation methodology developed here could be extended to other imaging-based diagnostic areas, such as dermatological or histopathological screening, where similar challenges are already reported with regard to trust and interpretability [8]. 





[bookmark: _Toc234888918]2. Literature Review
[bookmark: _Toc234888919]2.1 Deep Learning for Chest Radiograph Interpretation
Single-model approaches have proven to be less successful than ensemble convolutional architectures for pulmonary anomaly detection in chest radiographs. The ensemble of three pretrained convolutional backbones (DenseNet169, MobileNetV2, and a vision transformer) fine-trained on chest X-ray data achieves a significant boost in pneumonia classification accuracy compared to any single backbone utilized alone [9]. This has been made possible by large multi-institutional imaging datasets. In 2024, the original Stanford CheXpert data set was expanded with linked radiology reports, patient demographics, and additional image formats, increasing the size of similar English-language paired image-report data sets by nearly 100% to over 200,000 studies, and includes explicit support for cross-institutional training and for assessing subgroups for robustness [1]. Such datasets are critical for training models that will be deployed to a variety of clinical facilities, not just one hospital, and which will serve the multi-institutional data goal of this proposal. 
[bookmark: _Toc234888920]2.2 Explanation Techniques Applied to Diagnostic Imaging
Two predominant explanation techniques dominate the applied medical imaging XAI literature. Grad-CAM is a method for generating a visual heatmap of an image region that is most important for a convolutional network's final prediction, without making any changes to its architecture. Cooperative game theory is, by contrast, used by SHAP to assign a prediction to the individual input features by assigning them Shapley values to provide formal consistency guarantees that purely visual saliency methods do not provide. In a human-centred study of pneumonia and COVID-19 diagnosis from chest X-rays and CT scans images, Ihongbe, Fouad, Mahmoud, Rajasekaran, and Bhatia directly compared Grad-CAM and LIME, concluding that doctors felt Grad-CAM was more coherent and more trustworthy than LIME, but that there were concerns regarding its usage in the clinic and a lack of knowledge about its application. Beyond chest radiology, ensemble class-activation approaches have improved weakly-supervised thoracic disease localisation without requiring costly pixel-level annotations [11], while a comparative study of Grad-CAM, SHAP, and LIME on mammographic images similarly found Grad-CAM the most immediately interpretable of the three for clinical review [12]. However, a systematic perturbation-based evaluation of saliency methods across chest radiographs and brain MRI found generally weak sensitivity and robustness, cautioning against treating heatmap plausibility alone as evidence of trustworthiness [13].
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Figure 1: Grad-CAM and SHAP explanation outputs shown to clinicians via the dashboard: a spatial heatmap (left) and feature-level attribution ranking (right).
[bookmark: _Toc234888921]2.3 Human-Centered Evaluation and the Persistent Evaluation Gap
In a PRISMA-guided systematic review of 31 human-centred evaluations of explainable clinical decision support systems, more than 80% of evaluations were post-hoc, with model agnostic approaches: the median number of clinicians was less than 25; explanations were associated with an increase in trust, and explanations were systematically different from clinical reasoning [6]. However, in radiology, Grad-CAM received positive feedback, and clinicians expressed their cognitive burden differently based on their seniority. Our own separate systematic review by Antoniadi et al. confirmed that applied explainability research based on clinician need is still limited [7]. These four-yearly evaluations signal a structural and persistent evaluation gap. In the cardiovascular imaging area, a parallel review showed that most studies presented qualitative explanations of clinical utility, which were not validated with humans [14]. The conceptual problem is that the trust in AI must come with the vulnerability to AI misconduct, and the anticipation of the model's behavior, which this proposal follows [15].
[bookmark: _Toc234888922]2.4 Shortcut Learning and the Safety Case for Explainability
The expectations for transparency have been formalized by international governing bodies. In 2021, WHO issued guidelines with the six consensus principles regarding the use of AI in health, which include human rights and oversight [4]. There are guidelines from FDA, UK MHRA and Health Canada on the use of machine learning medical devices with interpretable output or explanation of decision making, especially when this impacts patient outcomes, issued in June 2024 [5]. This is explicitly reflected in the EU AI Act, which defines diagnostic imaging software as high-risk and introduces transparency and human oversight requirements, alongside data governance duties [16].
[bookmark: _Toc234888923]2.5 Regulatory and Ethical Frameworks
The literature review has identified transparency as an empirical gap that has been addressed by international governance bodies by formalising expectations for transparency. After eighteen months of discussion by 20 international experts, WHO's 2021 guidance on the ethics and governance of artificial intelligence for health set out six consensus principles for the design, development, and deployment of AI systems in health, which emphasize a focus on human rights and human oversight [4]. In June 2024, the FDA, Health Canada, and the MHRA of the United Kingdom collectively published guidance for machine learning-based medical devices that explicitly mentions the need to provide tools that generate interpretable outputs or mechanisms to explain the decision-making process for the tools, especially when the output affects the patient's clinical outcome [5]. The EU Artificial Intelligence Act formalises this expectation in law by classifying diagnostic imaging software as high-risk and imposing transparency, human oversight, and data-governance obligations on its developers [16].
[bookmark: _Toc234888924]2.6 Relation to the Present Study
More than 80% of the 31 human-centered evaluations of explainable clinical decision support systems (X-CDSs) that were included in this systematic review used post-hoc, model-agnostic explanation techniques, and the average number of participating clinicians was less than 25 [6]. Explanations usually raised the trust and trustworthiness of the clinician, but also created more cognitive load and often even differed from accepted clinical reasoning processes [6]. In the field of radiology, Grad-CAM generated significant interest, but most radiologists did not like using it because it was perceived as cognitively burdensome depending on their experience and seniority level [6]. Likewise, Antoniadi et al. reported that research on explainability is still in its early stages in relation to clinicians' needs, with the lack of involvement of patients in the design and evaluation of systems [7]. 
Table 1: Past algorithmic-only XAI evaluation practice compared with the dual-evaluation approach proposed in this study.
	Dimension
	Past / Conventional Practice
	Present Study (Proposed)

	Evaluation focus
	Algorithmic metrics only (localisation accuracy, Shapley-value consistency, heatmap plausibility) [7], [6].
	Dual evaluation: algorithmic performance AND human-centered clinical utility measured together.

	Explanation methods
	In most cases, only one technique (Grad-CAM, SHAP, or LIME) is tested individually. 
	Grad-CAM + SHAP, providing both spatial and feature-level explanations for each prediction.

	Clinician involvement
	Minimal or absent; explanations validated only against ground-truth masks or mathematical criteria [6].
	Practising/trainee clinicians' first-hand experience with real cases through a Streamlit dashboard.

	Outcome metrics
	Accuracy and precision, Recall, AUC-ROC, localisation/Jaccard scores.

	Detection metrics, plus trust, diagnostic confidence, perceived usefulness, and NASA-TLX cognitive load.

	Model architecture
	Predominantly single-backbone CNNs benchmarked individually.

	Ensemble of convolutional backbones compared with a single model baseline [9].

	Regulatory alignment
	Low level of interaction with new transparency regulations.

	Focusing explicitly on the WHO, FDA/MHRA, and EU AI Act transparency principles [5], [4], [16].

	Reported evaluation gap
	Most studies of XAI in CDSS (N=6) (∼80%) use post hoc, model-independent methods, and fewer than 25 clinicians (on average), and few studies evaluate XAI for real-world utility.
	Specifically addresses this void by making clinical validation a key research goal and not an ancillary research goal.
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Figure 2: Ten-Week Project Timeline (Gantt Chart)
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[bookmark: _Toc234888926]3.1 Research Design
This study is conducted using the Design Science Research (DSR) research methodology because the result of this study is a functional diagnostic framework characterized by the presence of an ensemble model, explanation layer, and clinician dashboard. DSR facilitates iterative design, development, and evaluation, allowing for refinement based upon quantitative performance measures and human-centred assessment of explanations. The DSR approach is grounded in a practical and iterative mixed methods research methodology that allows users to interact with a working system and thereby to validate results clinically [17].
[image: ]
Figure 3: Design Science Research (DSR) Cycle
[bookmark: _Toc234888927]3.2 Research Methods and Materials
[bookmark: _Toc234888928]Methods
The study is a mixed methods approach and includes quantitative model benchmarking, quantitative and qualitative human-centered evaluation. The performance of the detection will be measured in standard quantitative terms (accuracy, precision, recall, F1-score, AUC-ROC), similar to the ensemble evaluation methodology used for the pneumonia classification in chest X-ray [9]. The human-centered evaluation will include validated Likert-type scales for trust, diagnostic confidence, and perceived usefulness, as well as a measure of cognitive load (e.g., NASA Task Load Index) following a standardised series of chest radiograph cases that are read alone and in conjunction with explanation support. This will be complemented by a smaller qualitative component, in the form of brief, structured interviews or think-aloud comments, with a smaller subset of participants, to capture specific reasons for trust or distrust or cognitive difficulty that closed-ended scales cannot, as was done in previous chest radiology XAI assessments [3].  NASA-TLX has recently demonstrated sensitivity to clinically meaningful reductions in workload when AI tools are introduced into diagnostic and documentation tasks, supporting its use here as a validated instrument for capturing any cognitive-load trade-off associated with the explanation layer [18].
This evaluation gap has been sustained over four years, suggesting that the learning gap is not a short-term one. To support this, a systematic review of cardiovascular imaging studies showed that the majority of the studies only provided case examples of qualitative explanations, while only a few performed human subject evaluations to assess the clinical value of the explanations [14]. This is a general conceptual problem: meaningful trust of AI demands that clinicians predict how the model will act and that they know and understand the model's possible failures, and not simply take predictions at face value [15]. International frameworks such as the WHO AI principles [4], FDA-MHRA-Health Canada guidance [5] and the transparency and human oversight provisions of the EU Act on AI for high-risk medical AI systems [16] support these expectations.
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Figure 4: Proposed 5-Stage System Architecture
Data analysis will be carried out in two parallel streams; in the analysis of algorithmic performance, standard classification measures, as well as the confusion-matrix analysis, will be used and compared with ensemble and single-model baselines presented in literature [9]. The clinician responses will be analysed through human-centred performance metrics including scores for trust, confidence, and cognitive-load from both conditions, with qualitative interviews or think-aloud data analysed thematically to identify salient patterns across the conditions, including the preference for current clinical practice, effect of clinician seniority on human-centred performance metrics, and concern about the actionability of the explanation [6] similar to those catalogued in previous human-centred XAI review literature.
[bookmark: _Toc234888929]Materials
Research data: This study will leverage the large CheXpert Plus, a multi-institutional, de-identified chest X-ray dataset of more than two hundred thousand studies with associated structured labels, to enable cross-institutional model training and analysis of model robustness across all subgroups, specifically designed to facilitate this type of research [1]. Data-quality auditing tools such as Shapley-value-based data valuation, which have been shown to identify mislabelled or low-quality chest radiographs within large public datasets, offer a complementary means of screening the training sample before model fitting [19], while explicit attention to demographic subgroup fairness during preprocessing helps guard against the kind of algorithmic bias reported in other AI-driven imaging pipelines [20].
Human participants: The human component of the study is the recruitment of a small number of clinicians (or advanced clinical trainees) to review the cases of Chest X-rays de-identified through the study dashboard. This includes research in which humans are involved and will therefore need to be fully reviewed and consented to at the time of data collection, apart from the module research ethics form. Participating clinicians will not be requested to gather patient-identifiable data or have it included in the case material, and all imaging data will be taken from an existing de-identified public dataset. 
Ethical considerations: CheXpert Plus is a de-identified, publicly released research dataset, and as such has significantly less privacy risk than working with actual clinical records, but will still adhere to the requirements of the published research use agreement and citation requirements for CheXpert Plus. The clinician evaluation component presents new ethical requirements on informed consent, participant confidentiality, and the voluntary participation of the research subject, which will be covered by the institution's normal ethical approval procedure before the start of recruitment. 
Software: Python will be used as the primary programming language with PyTorch or TensorFlow for building ensemble models, the Grad-CAM and SHAP libraries will be utilized for generating explanations, and the Streamlit library will be used to create the interactive dashboard to be displayed to the clinician. 
Hardware: Ensemble model training on a stratified sample of chest radiographs will need GPU acceleration (which can be accessed through institutional HPC resources or via cloud resources like AWS EC2) due to the need for fine-tuning of multiple different convolutional backbones. 
[bookmark: _Toc234888930]4. Expected Outcome
Anticipated results: The ensemble framework proposed in this work should perform the task of pulmonary anomaly detection with accuracy similar to other published ensembles for chest X-ray classification [9]. Explanations should measurably improve clinician trust and diagnostic confidence compared to the same predictions without explanations, as has been found in both XAI studies in chest radiology [3] and dermatological XAI studies [8]. This effect is also plausibly to be accompanied by a rise in self-reported cognitive load for at least some participants, a trade-off observed in the broader human-centered CDSS literature [6]. This is consistent with more recent hybrid CNN-transformer architectures, which combine ontology-driven explanations with out-of-distribution detection to sustain strong cross-dataset generalisation on chest radiographs [10].
Implications: If successful, this result would give direct empirical evidence of where, and for which clinicians, explanation really aids, not obstructs, diagnostic decision making in chest radiography. This would be an important step towards a more targeted, adaptive design of explanation than a universally applicable approach. It would also provide a dual-evaluation method that has been developed algorithmically and human-centredly, which would be transferable to future research in explainable diagnostic imaging, to overcome the algorithmic-only validation method found in the literature, as identified throughout the literature review [7] and [6]. 
Limitations: Explanations generated are local; they may not be universally baselined; that is, what is found in one clinical context may not necessarily have transferability to another. While the visualization outputs of post-hoc methods are known to be sensitive to noisy and uncurated real-world clinical data and can impact how explanations appear coherent, this might not be immediately apparent when using them for explanation in a controlled evaluation environment. The extraction of the ensemble feature attributions in real time is also computationally intensive, potentially limiting the size or duration of human evaluation sessions. Lastly, the size of the clinician sample suggested for the human-centered evaluation is likely to be small, in line with that of similar published work [6], and considered to be a limitation to the conclusions of this proposal.


[bookmark: _Toc234888931]5. Timeline
The project is designed for a period of ten weeks (approximately two and a half months) after the project was approved. The key milestones are summarised below.
Table 2: Project Timeline
	Period
	Phase
	Key Activities / Milestone

	Week 1
	Project initiation
	Complete scope, submit expedited ethics (dataset use and clinician participant recruitment), set up development environment, and gain access to CheXpert Plus.

	Week 2
	Data preprocessing
	Label cleaning, harmonization, normalisation of images, and handling of class imbalance. (Objective 1 complete.)

	Weeks 3-4
	Ensemble model training
	Fine-tune and test ensemble CNN backbones for pulmonary anomaly detection; compare with baselines. (Objective 2 complete.)

	Weeks 5-6
	Explanation layer integration
	Embed the trained ensemble in combination with Grad-CAM and SHAP; construct the Streamlit clinician dashboard. (Objective 3 complete.)

	Weeks 5-6
	Ethics approval and recruitment
	Recruit clinician/trainee evaluators (in parallel with model development from week 1); complete expedited human-participant ethical approval ahead of the evaluation phase.

	Weeks 7-8
	Human-centered evaluation
	Perform clinician evaluation sessions, gather trust, confidence, and cognitive-load data, and analyse results. (Objective 4 complete.)

	Week 9
	Data analysis and artefact refinement
	Perform full statistical evaluation of algorithms; thematically review qualitative comments; update dashboard and explanation based on clinician feedback.

	Week 10
	Write-up and dissemination
	Evaluate both algorithmic and human-centered results together; complete the final report; prepare materials for submission and dissemination.
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Figure 2. The build-and-evaluate DSR cycle guiding artefact development in this study.
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Figure 3. Complementary explanation outputs presented to clinicians via the Streamlit dashboard: a spatial Grad-CAM overlay (left) and a tabular SHAP feature ranking (right).




