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Introduction
Artificial intelligence (AI) is being increasingly investigated across myriad areas in medical 
imaging, including image analysis, diagnostic accuracy, and workflow efficiency. However, 
the effective integration of AI into medical practice requires clinicians to understand its 
capabilities and limitations. This paper provides a practical guide for clinicians on how to 
evaluate AI technologies in medical imaging, beginning with an overview of key clinical use 
cases. We cover foundational concepts in machine learning (ML), evaluation frameworks, 
barriers to clinical translation and future directions. Understanding these issues will enable 
clinicians to make informed decisions about adopting AI tools for medical imaging, 
improving patient care and clinical outcomes.

Applications in medical imaging
Virtually no area of medical imaging has remained unexplored when it comes to the 
development of AI tools. Clinical use cases are highly diverse. An exhaustive overview 
of AI applications in medical imaging is beyond the scope of this paper and a number of 
excellent reviews already exist, covering historical context, technical factors and clinical 
applications (Hosny et al, 2018; Barragán-Montero et al, 2021; Castiglioni et al, 2021; 
Varoquaux and Cheplygina, 2022; Najjar, 2023). Nonetheless, we briefly review key use 
cases relevant to the practising clinician. A visual summary of these is shown in Figure 1.

Detection and classification
Diagnostic errors are unfortunately relatively common occurrences, with error rates ranging 
from 3%–5% for all imaging studies (Itri et al, 2018). Diagnostic errors account for 40,000–
80,000 deaths per year in the United States and 75% of malpractice lawsuits in radiology; 
they are estimated to cost $38 billion annually (Lee et al, 2013). Unsurprisingly, there has 
been considerable interest in leveraging AI tools to assist with detection and classification 
of abnormalities on medical images. The idea that machines can help diagnostic decision-
making is not new. Computer-assisted diagnosis (CAD) has been explored for over two 
decades and traditional CAD software aims to identify the same features that radiologists 
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search for when building decision frameworks (Castellino,  2005 ). However, CAD software 
have had comparatively less clinical uptake than had been hoped, attributed to their subhuman 
performance, lack of generalisability and lack of demonstrable improvement to reporting 
accuracy, when integrated into diagnostic imaging workfl ows (Cole et al,  2014 ; Lehman 
et al,  2015 ; Hosny et al,  2018 ). 

 Artifi cial intelligence-enabled CAD software (AI-CAD) has shown considerably more 
promise. AI-CAD has been investigated across numerous pathologies and diagnostic 
modalities, particularly within ophthalmological, breast and respiratory imaging, with 
excellent results (Liu et al,  2019 ; Aggarwal et al,  2021 ). For the interested reader there are 
several relevant systematic reviews appraising AI-CAD performance (Aggarwal et al,  2021 ; 
Kelly et al,  2022 ; Kumar et al,  2023 ). In some instances, AI-CAD has been shown to have 
comparable diagnostic accuracy to human experts (Liu et al,  2019 ; Shen et al,  2019 ), even 

  Figure 1.      Overview of key clinical use cases for artifi cial intelligence in medical imaging. Radiomic features, such as texture, 
shape or intensity, are quantitatively derived (represented by the bar chart); each colour represents a different feature. Source 
image data: ‘Hypertensive basal ganglial bleed’ by Frank Gaillard is licenced under CC BY-NC-SA 3.0. Available at:  https://
radiopaedia.org/cases/hypertensive-basal-ganglial-bleed .     
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surpassing radiologists for the detection of breast cancer in mammography (McKinney 
et al, 2020) and dermatologists for classification of skin lesions (Esteva et al, 2017).

Segmentation
The characterisation of radiological features and regions of interest (ROI) is a key step 
in the interrogation of medical images. It is essential for diagnosis, treatment planning 
and disease monitoring. However, manual annotation is time and labour intensive, as well 
as being prone to error (Ma et al, 2024). Artificial intelligence software can be used to 
automatically or semi-automatically delineate anatomical structures and abnormalities 
on images, segmenting organs and lesions (Akkus et al, 2017). Clinical use cases include 
automated evaluation of tumour treatment response on brain magnetic resonance imaging 
(MRI) (Kickingereder et al, 2019) and cardiac segmentation for disease analysis on cardiac 
MRI (Khened et al, 2019). For comprehensive reviews on the role of AI in medical image 
segmentation the reader is encouraged to refer to the following papers: (Shen et al, 2017; 
Hesamian et al, 2019; Cai et al, 2020).

There remain significant methodological challenges for the development of clinically 
useful AI segmentation software. For instance, the efficacy of such software may be limited 
to the task it is trained on, leading to calls for the development of task-agnostic ‘generalisable 
learners’ (Antonelli et al, 2022). Moreover, the effectiveness of AI segmentation software 
is contingent on the quality of the training labels, and is subject to systematic errors in 
annotation as well as inter-annotator variability; it is estimated that at least three expert 
annotators need to be used to generate accurate labels (Joskowicz et al, 2019).

Radiomics
Radiomics is a relatively nascent field, which involves the derivation of quantitative 
features at scale and correlation with biological or clinical endpoints; this provides a richer 
interpretation then that which is discernible to the human eye (Lambin et al, 2012; Avanzo 
et al, 2020). Supplementing a radiologist’s interpretative skill with quantitative measures 
could enable predictions of treatment response, heralding a new era in personalised medicine 
(Parekh and Jacobs, 2019; Miles, 2020). Traditional radiomic approaches use ‘hand-
crafted’ features such as intensity, shape or texture, which are applied to specific areas of 
images (Guiot et al, 2022). However, the utility of ‘hand-crafted’ features is constrained 
by difficulties in feature design and an inability to effectively capture image information 
(Avanzo et al, 2020). Artificial intelligence-based radiomic approaches have garnered 
significant attention as they can interrogate large number of feature combinations, facilitate 
the discovery of relationships not considered in ‘hand-crafted’ methods and remove human 
bias in feature development (Zhang et al, 2022).

Artificial intelligence-based radiomics has most extensively been studied in oncological 
imaging and has been explored in all stages of the clinical pathway (Li and Zhou, 2022; 
Zhang et al, 2023). In terms of diagnosis, AI-extracted radiomic features have been shown 
to discriminate lung cancer histological subtypes on computed tomography (CT) imaging 
(Guo et al, 2021; Marentakis et al, 2021). Moreover, AI-derived radiomic signatures have 
been demonstrated to predict treatment efficacy across modalities, including radiotherapy 
(Jiao et al, 2022), mutation-targeted therapies (Mu et al, 2020; Song et al, 2021) and 
immunotherapies (He et al, 2020; Park et al, 2020a).

Fundamentals of machine learning
Machine learning is the process that underlies the development of most AI tools. This involves 
the use of algorithms that enable computers to learn from and make predictions or decisions 
based on data, without explicit programming (Najjar, 2023). Machine learning algorithms 
are generally divided into supervised, unsupervised, and reinforcement learning approaches 
(Barragán-Montero et al, 2021). In supervised learning, models are generated from labelled 
data, where each input image is paired with the correct output (Barragán-Montero et al, 
2021). In unsupervised learning, models are constructed by identifying patterns in data 
without labelled inputs (Raza and Singh, 2021). This might involve clustering similar 
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images or groups (Raza and Singh, 2021). Finally, in reinforcement learning, models are 
built iteratively by receiving feedback from correct and incorrect actions (Hu et al, 2023).

Hybrid frameworks also exist such as self-supervised learning, in which the machine 
produces supervisory signals itself from unlabelled data (Huang et al, 2023). Given the 
computational costs of training ML models, pre-trained models are commonly used in a 
process known as transfer learning (Kim et al, 2022). These have often been trained on 
very large datasets such as ImageNet, and fine-tuned on medical imaging tasks (Kim et al, 
2022). Models may also be combined with each other to generate better performance, in 
a paradigm called ensemble learning (Castiglioni et al, 2021).

Data acquisition and splitting
The performance of an AI model heavily relies on the quality and quantity of training 
data. In medical imaging, this means acquiring high-resolution, well-annotated images 
that provide detailed information for the model to learn from (Varoquaux and Cheplygina, 
2022). Once acquired, the data is typically split into three main sets. The training dataset 
is the largest portion of the data and is used to build a model (Prinzi et al, 2024). During 
the training process, the machine learns how features of the data interact together and 
generates predictions (Castiglioni et al, 2021). Parameters are internal variables that are 
used to create predictions, whereas hyperparameters are configurations which govern the 
learning process (Prinzi et al, 2024). The validation dataset is used to prevent the model 
from being overfitted, where the model performs well on training data but poorly on new, 
unseen data (Erickson et al, 2017). Validation involves finding the best hyperparameters 
that allow the fitting of the data, while ensuring generalisability (Prinzi et al, 2024). The 
testing dataset is used to evaluate the performance of the fully trained model (Castiglioni 
et al, 2021). It is crucial that this data is not used in any way during the training or validation 
phases to ensure that the evaluation is unbiased and reflects the model’s ability to generalise 
to new data (Varoquaux and Cheplygina, 2022).

Deep learning
Deep learning is a subset of ML which uses artificial neural networks, complex architectures 
with multiple layers (Miotto et al, 2018). The incorporation of different processing layers 
enables the machine to develop various levels of learning representations with increasing 
abstraction (LeCun et al, 2015). Layers consist of individual nodes which receive information 
from other nodes and have summated weighted outputs (Currie et al, 2019). These are 
compared to the correct reference outputs and, during the training process, weights are 
adjusted to minimise error (Currie et al, 2019). Convolutional Neural Networks (CNNs) 
are a popular deep learning approach in medical image analysis and draw inspiration 
from the structure of the animal visual cortex (Yamashita et al, 2018). Convolutional 
Neural Networks can automatically identify and learn features from images, such as 
edges, textures, and shapes, with increasing levels of complexity (Kourounis et al, 2023). 
Hence, they are particularly good at developing an understanding of spatial hierarchies 
(Yamashita et al, 2018).

Convolutional Neural Networks have been extensively studied across myriad medical 
imaging tasks (Litjens et al, 2017). For instance, CNNs can detect a range of pulmonary 
pathologies on chest radiographs, including pneumonia, Coronavirus Disease 2019 (COVID-19)  
and tuberculosis, with excellent performance (Lakhani and Sundaram, 2017; Hashmi et al, 
2020; Breve, 2022). Convolutional Neural Networks also perform well in cross-sectional 
imaging such as CT and MRI scans, identifying appendicitis, pulmonary embolisms and liver 
tumours (Huang et al, 2020; Park et al, 2020b; Wu et al, 2020). Moreover, 2-dimensional 
and 3-dimensional CNNs can segment organs and lesions such as tumours, with state-of-
the-art accuracy across imaging modalities (Yamashita et al, 2018; Ilesanmi et al, 2024).

Model evaluation
Numerous metrics are used to quantify model performance, depending on whether the ML 
model is used for classification or segmentation. Unfortunately, there is no consensus on 
precisely which metrics to use and practice varies widely (Varoquaux and Cheplygina, 2022). 
Nonetheless, we give a brief summary of the most widely used performance metrics below.
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Classification metrics
Similar to other diagnostic test accuracy studies, evaluation of ML classification is done 
through the creation of a confusion matrix (Erickson and Kitamura, 2021). This is a 2 × 2 
table which outlines the number of true positives, false positives, true negatives and false 
negatives identified by the ML model (Erickson and Kitamura, 2021). The following 
commonly used metrics can then be derived:

Accuracy: The proportion of correctly identified cases out of all cases (Hicks et al, 2022).
Sensitivity (recall): The ability of the model to correctly identify positive cases (Hicks 

et al, 2022).
Specificity: The ability of the model to correctly identify negative cases (Hicks et al, 2022).
Precision: The proportion of true positive cases among all cases predicted as positive 

(Hicks et al, 2022).
Receiver operating characteristics curve: A graphical plot of true positive and false 

positive rates, illustrating the ability of the model to distinguish classes across all thresholds; 
the area under the curve represents the overall performance of the test (Erickson and 
Kitamura, 2021).

Segmentation metrics
Performance metrics for ML medical imaging segmentation are broadly divided into 
overlap and distance methods (Erickson and Kitamura, 2021). The most popular of these 
are described below.

Dice coefficient: The degree of overlap between the predicted segmentation and the actual 
segmentation, providing a score between 0 and 1, where 1 indicates perfect overlap (Zou 
et al, 2004). The Jaccard Index is a similar type of measure but is calculated differently 
(Eelbode et al, 2020).

Average hausdorff distance: The average distance between the points of the boundaries 
of two shapes, such as the predicted segmentation and the true object (Erickson and 
Kitamura, 2021).

Evaluating evidence for artificial intelligence 
technologies
Despite the transformative potential of AI in medical imaging, there is unfortunately 
no singular approach in evaluating ML models for clinical practice. This is especially 
problematic given widespread concerns about poor study design and lack of external 
validation for many ML tools (Kim et al, 2019; Liu et al, 2019; Nagendran et al, 2020; 
Yusuf et al, 2020). A variety of consensus guidelines have been developed, which address 
pre-clinical, observational and interventional studies; interested readers are encouraged to 
refer to a number of excellent recent reviews (Ibrahim et al, 2021; Shelmerdine et al, 2021; 
Kolbinger et al, 2024). Authors producing clinical research in AI for medical imaging should 
refer to the Checklist for Artificial Intelligence in Medical Imaging (CLAIM), which can 
also serve as a starting point for a critical appraisal (Mongan et al, 2020).

Several proposals have also been made to modify existing reporting guidelines to be 
specific to AI technologies. This includes diagnostic test accuracy studies (Sounderajah et al, 
2021a), predictive studies (Collins et al, 2021) and systematic reviews (Cacciamani et al, 
2023). Modifications to popular study assessment tools have been suggested, including the 
Prediction Model Risk of Bias Assessment Tool (PROBAST) and Quality Assessment of 
Diagnostic Accuracy Studies (QUADAS), but these have yet to be published (Collins et al, 
2021; Sounderajah et al, 2021b). The multitude of reporting guidelines can be overwhelming; 
rather than providing an exhaustive overview, the following framework draws upon some key 
themes from these papers and can serve as a useful aide-memoire when evaluating research 
studies for AI tools in medical imaging. It sequentially addresses the internal validity, i.e., 
the robustness of study design, as well as the broader generalisability of study findings.
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Internal validity

Study design and population
Study design: Where is the study on the hierarchy of evidence (i.e., observational study, 
trial or meta-analysis?) (Murad et al, 2016)?

Population characteristics: What are the patient demographics and clinical characteristics? 
Were the inclusion and exclusion criteria appropriate to maintain representativeness and 
mitigate selection bias (Yu and Eng, 2020)?

Clinical Problem: Does the study design adequately address the clinical problem being 
investigated (Scott et al, 2021)?

Data
Data sources and structure: Where does the data come from? What is the quality and 
quantity of data, including the labels and annotations (Balki et al, 2019)?

Data preprocessing: What steps were taken to clean and prepare data, including handling 
missing values and outliers (Willemink et al, 2020)?

Performance
Performance metrics: Were appropriate metrics chosen to evaluate the model’s effectiveness 
(Bluemke et al, 2020; Erickson and Kitamura, 2021; Hicks et al, 2022)?

Generalisability

Population
Diverse populations: Is the model applicable to diverse patient populations and clinical 
environments? There are numerous instances of models failing to generalise to new clinical 
settings due to imbalances arising from disease prevalence or severity (Zech et al, 2018; 
Scott et al, 2021).

Testing
External validation: Was the model tested against an external dataset? Has it been tested 
in the ‘real world’ (Kim et al, 2019; Nagendran et al, 2020)?

Benchmarking against human performance: How does the model compare to experienced 
clinicians (Liu et al, 2019; Shen et al, 2019; Nagendran et al, 2020)?

Head-to-Head comparisons: How does the model compare against other AI technologies 
(Litjens et al, 2017)?

Practical implications and integration
Clinical workflow: How well does the model integrate into existing workflows? Does it 
impair clinician efficiency and increase workload (Scott et al, 2021)?

Interpretation: Are the model’s predictions easy to interpret? Are they explainable? Are 
there safeguards to handle anomalies (Singh et al, 2020)?

Impact on decision making: How does the model affect clinical decision-making 
processes, and does it lead to better patient outcomes (Scott et al, 2021)?

Robustness: Does the model adequately handle variations in imaging techniques or 
equipment, including scanner types and imaging protocols? Noise and variations in input 
can significantly affect model performance (Kulkarni et al, 2021; Anand et al, 2024).

Ethics
Fairness: Do the AI models ensure equitable treatment of minority patients and all subgroups 
within the population (Ricci Lara et al, 2022)?

Informed consent: Did patients consent for their data to be used in model development 
and, if clinically deployed, in their own care (Geis et al, 2019)?
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Barriers to clinical translation
Despite the immense promise of AI for medical imaging, there has been comparatively 
little impact on clinical practice (Liu et al, 2019; Nagendran et al, 2020). There are several 
methodological constraints limiting effective clinical translation. Firstly, the development 
of robust ML models is impeded by the availability of high-quality data (Varoquaux 
and Cheplygina, 2022). This not simply a case of needing to use larger sample sizes; 
many existing datasets have an inherent bias due to a lack of diverse patient populations, 
measurement error or the presence of confounding features (Zech et al, 2018; Joskowicz 
et al, 2019; Winkler et al, 2019; Larrazabal et al, 2020). Discriminatory bias can arise 
during ML development for numerous reasons, including a selection of models which 
prioritise majority populations and a lack of training data for minorities (Kelly et al, 2019; 
Obermeyer et al, 2019). Models can also perform poorly across racial and demographic 
groups (Gichoya et al, 2022).

Secondly, there is a lack of robust evidence derived from prospective studies (Liu et al, 
2019; Nagendran et al, 2020; Aggarwal et al, 2021). One recent systematic review found 
only two documented randomised studies in the most highly investigated specialities for 
medical imaging AI (Aggarwal et al, 2021). Unfortunately, the vast majority of research 
in healthcare AI is retrospective in nature and the interpretation of results is affected by 
the presence of confounding setting-specific variables (Kelly et al, 2019). Many studies 
also do not test ML models outside of the datasets they were trained on; one systematic 
review has found only 6% of 516 studies employed any external validation whatsoever 
(Kim et al, 2019).

Future directions

Multimodal artificial intelligence
Given the rapid pace of growth in the development of AI for medical imaging, predicting 
the future remains challenging. One area that is attracting attention is multimodal data 
integration (Topol, 2023). By combining imaging data with clinical, genomic, and 
pathological information, AI tools can offer a more holistic understanding of diagnostic 
and prognostic features, leading to individualised treatment plans (Acosta et al, 2022). For 
instance, training models on both imaging data and clinical parameters such as respiratory 
rate, systolic blood pressure and blood glucose measurements in intensive care patients, 
have been shown to improve diagnostic performance when classifying chest radiograph 
pathologies (Khader et al, 2023). This is hardly surprising as it mimics reasoning in daily 
practice, where clinicians draw upon multiple dimensions of inputs when making complex 
decisions (Kitamura and Topol, 2023).

Federated learning
Issues of privacy, fairness and bias may also be mitigated by employing federated learning 
approaches. In contrast to centrally developed models, which typically use multi-institutional 
datasets, federated learning leverages local institutional data (Kwak and Bai, 2023). This 
has the advantage of reducing the impact of confounding variables across settings and 
facilitates the tailoring of models to local patient populations (Sheller et al, 2020). This 
may be particularly helpful for institutions that experience substantial differences in 
disease prevalence or severity, as it addresses resulting class imbalances (Darzidehkalani 
et al, 2022a). However, federated learning faces several challenges including difficulties in 
processing heterogeneous data, selecting appropriate training paradigms and developing 
local systems architecture (Darzidehkalani et al, 2022b).

Explainability
Machine learning models face the ‘black box’ problem – the decision-making process is 
opaque and the reasons for mapping inputs to outputs cannot readily be explained (Liu et al, 
2019). This makes human-machine interaction challenging and is especially concerning 
in healthcare, where decision-making is high stakes and has life-altering consequences 
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(Chen et al, 2022). There has been significant recent interest in developing explainable AI 
(XAI) systems, by incorporating techniques such as heat or saliency mapping (Singh et al, 
2020). These are attribution-based methods, which aim to determine how specific image 
features contribute to model outcomes (Singh et al, 2020). While still in its infancy, XAI 
systems will be crucial for fostering clinician trust and subsequent integration into clinical 
workflows (Borys et al, 2023).

Conclusion
A systematic and thorough evaluation of AI tools is essential for safe and efficacious 
implementation in clinical practice. Clinical use cases in medical imaging are highly 
diverse and include detection, classification, segmentation and radiomics. Understanding 
foundational ML concepts, including evaluation metrics, as well as appraising the internal 
validity and generalisability of evidence, can help clinicians rigorously evaluate the potential 
of AI tools. Future developments in AI for medical imaging could involve the creation 
of multi-modal AI, the use of federated learning, and incorporation of explainability 
into ML models.
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