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ABSTRACT:

Traditional radiological workflows face mounting challenges, including escalating diagnostic volumes,
intra- and inter-observer variability, and the complexity of extracting clinically actionable insights from high-
dimensional imaging data. Explainable Artificial Intelligence (XAI), Multimodal Imaging and Radiomics are
driving the evolution of diagnostic radiology. These technologies present novel possibilities to enhance the
interpretation of medical images and the assistance for clinical decision making. Deep learning can help detect,
classify, segment and predict abnormalities in X-ray, computed tomography (CT), magnetic resonance imaging
(MRI), ultrasound, and positron emission tomography (PET). XAI techniques can increase transparency by
highlighting the areas or patterns in the images that are important for the Al to make its predictions. This could
help healthcare professionals assess and apply the Al's results accurately. The next step in image analysis is
radiomics, which transforms medical images into quantitative features for diagnosing, predicting or monitoring
treatment efficacy and response. Recently, multimodal Al has opened up the possibility to combine information

from various imaging modalities, which also includes information from
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radiomics, clinical, lab and genomic data, paving the way to more personalized patient evaluation.
Despite these advances, key questions on the challenges remain such as small and not standardized datasets,
algorithmic bias, poor reproducibility, lack of external validation, interoperability, privacy concerns, and
uncertainty about clinical implementation. Standardized datasets, multicenter validation, clinically relevant
explainability, ethical AI development, and prospective evaluation should thus be future focal points of
ongoing research. In summary, the adoption of Al-powered.

imaging technologies can enhance diagnostic precision, streamline workflows, and drive personalized patient
care, all while preserving radiologists' crucial role in clinical decision-making.

Keywords: Diagnostic radiology; Deep learning; Explainable artificial intelligence; Radiomics; Multimodal
imaging; Clinical decision-making and Precision medicine.

1. INTRODUCTION

Diagnostic radiology has become a key component of modern health care, and imaging techniques including
computed tomography (CT), magnetic resonance imaging (MRI), X-ray, ultrasound and positron emission tomography
(PET) provide valuable information for the diagnosis, characterization, and monitoring of disease. However, new
imaging techniques and growing volume of medical images have added to radiologists' burdens. While the role of the
expert interpreter is still very much at the heart of diagnosis, there is some observer variability, fatigue, time pressure,
and imaging pattern complexity that may create an influence on conventional image assessment. These difficulties have
led to the emergence of computational methods that aid the radiologist in his work, not to the exclusion of traditional
diagnosis (Hosny et al., 2018). Medical imaging is one of the most significant technological advancements of recent
times in terms of the benefits it offers to the field of medicine. Artificial Intelligence (Al) has become one of the most
impactful technological breakthroughs in medical imaging. Deep learning has shown to have remarkable capabilities in
image classification, lesion detection, segmentation, and disease prediction for various imaging modalities, in particular.
These Al systems are capable of analysing a vast amount of images and catching patterns that might be hard to see
visually consistently. The recent trend has also seen Al research shift away from task-specific models to more general
foundation models that learn representations that can be transferred to new imaging applications (Mazurowski et al.,
2019; Zhou et al., 2025).

While these progressions have been made, there are significant concerns around clinical implementation of Al.
Lots of deep learning models are “black boxes” that give you a prediction that you can't easily see how it was done. The
lack of transparency can make clinicians less confident in the results they receive from Al, especially when the results
could affect their diagnosis or treatment. Explainable artificial intelligence (XAl) is therefore important since it seeks
to provide interpretable information about the factors or regions of the image that led to an Al prediction (van der Velden
et al., 2022; Nazir et al., 2023). A second key advancement is the transformation of medical images into numerous
quantitative features that capture attributes like intensity, shape, texture, and spatial patterns known as radiomics. These
may be features which could be of help in the diagnosis, prognosis, and assessment of treatment response that might not
be obvious on routine visual interpretation. In oncology, in particular, the use of radiomics combined with machine
learning has sparked great interest because imaging data could play a role in a more individualized evaluation of patients
(Lambin et al., 2017).

In addition, diagnostic radiology's future is becoming more multimodal with integration of imaging data. The
integration of information from multiple imaging modalities or with other patient information (clinical, laboratory,
genomic) may give a more complete picture of disease than any single imaging modality. New multimodal Al
techniques are thus being explored to enable more personalized and clinically relevant decision-making. Yet challenges
concerning data quality, standardization, data interpretation, data validation, and data integration into clinical workflows
remain to be resolved before it is possible to routinely use these technologies (Hu et al., 2026). So the review will focus
on the changing landscape of deep learning, explainable Al, radiomics and multimodal imaging in the field of diagnostic
radiology. It centers on the roles of these technologies in augmenting radiologists; enhancing the retrieval and utilization
of clinically relevant information from medical imaging data and its contribution to increased accuracy, efficiency,
transparency and personalization of clinical decision-making.

2. DEEP LEARNING IN DIAGNOSTIC RADIOLOGY

2.1 Basic Concepts of Deep Learning and Convolutional Neural Networks

Deep learning (DL) is a subset of artificial intelligence (Al) which employs multilayer neural networks to learn
complex patterns directly from data. However, the convolutional neural network (CNN) has played a significant role in
diagnostic radiology by allowing it to learn the spatial features of medical images without having to define each feature
explicitly. CNNs typically have several convolutional layers to detect different patterns, like edges, shapes, and textures,
followed by deeper layers to create more complex representations. The network can then make a classification,
localization, or segmentation or prediction, depending on the clinical task. This learning from images capability has
triggered the interest of DL in large scale radiological analysis (Litjens et al., 2017).

As with DL, architectures have been developed that are specific to an imaging problem. For instance, the U-Net
and its variants are used in medical image segmentation, and three-dimensional (3D) CNNs can process volumetric CT,
MRI and PET datasets. More recent works have added attention mechanisms and transformer-based models which are
able to learn relationships between distant parts of an image or between different slices. These advances have expanded
the capability of DL from classification of images into more comprehensive image analysis and decision support for
healthcare.



Next-Generation Diagnostic Radiology: Deep
Learning, Explainable Artificial Intelligence,
Radiomics, and Multimodal Imaging for Improved
Clinical Decision-Making

2.2 Applications Across Major Imaging Modalities

Deep learning has been explored in nearly all the primary diagnostic imaging modalities. For X-ray imaging,
DL models have been created to identify abnormalities like pulmonary nodules, pneumonia, pneumothorax, fractures,
etc. Chest radiography has proved to be an ideal imaging modality for Al research due to its large, roughly uniform data
collection. For some diagnostic tasks, some studies have reported performance on par with that of certified radiologists;
however, performance of these models has been found to be dependent on disease, dataset, and clinical setting
(Rajpurkar et al., 2018). With deep learning, in CT, 3D anatomy information can be utilised and has been applied for
the detection of intracranial haemorrhage, pulmonary embolus, lung nodules, abdominal abnormalities and more. Some
of the applications of MRI are for brain tumor assessment, stroke imaging, detection of lesions in multiple sclerosis,
prostate imaging, and image reconstruction. MRI, particularly, is the most difficult modality due to the number of
sequences included in the examination and the very great variability in acquisition protocols, but DL can be useful to
extract information from these complex sets of data. DL is also being explored in the field of healthcare and medicine,
particularly in the context of ultrasound technology, where it can help with the classification of lesions, segmentation
of organs, and assessing the quality of the ultrasound images. In PET, deep learning has been investigated with respect
to the prediction of clinically relevant outcomes, image reconstruction, deep learning for attenuation correction and deep
learning for lesion detection. Moreover, the DL-based image synthesis method can possibly synthesize or estimate
images in one imaging modality from another, thus decreasing acquisition burden in some settings (Dayarathna et al.,
2024).

Table 1. Major Applications of Deep Learning in Diagnostic Imaging.

Imaging Common deep learning Potential clinical
modality applications contribution
Abnormality detection, Faster identification of urgent
X-ray . . . .
classification, triage findings
Lesion detection, organ Improved quantitative
CT segmentation, hemorrhage and | assessment and workflow
nodule detection prioritization
Tumor segmentation, stroke . .
! 8 A More detailed analysis of
MRI assessment, lesion detection, image . . :
, complex soft-tissue information
reconstruction
. . Greater  consistency  and
Organ/lesion segmentation, . . .
Ultrasound . : . assistance during image
classification, quality assessment . .
Interpretation
Lesion detection, image Improved quantitative
PET reconstruction, attenuation | analysis and potentially reduced
correction acquisition burden
Multimodality Image synthesis and cross- Integration of complementary
imaging modality analysis imaging information

2.3 Detection, Classification, Segmentation, and Prediction

DL does not only help in identifying if the abnormality exists or not, it is useful for many other purposes related
to radiology. Detection models can identify suspected lesions or abnormalities in an image and classification models
can identify a diagnostic category for images or lesions. These functions could assist radiologists in highlighting subtle
findings and also assists prioritize examinations that require quick review. In certain scenarios, Al can serve as a second
reader, offering a second assessment in addition to the radiologist's. One of the other significant applications is image
segmentation. The segmentation process consists of detecting the region of the tumour, organ, vessel or other structure
at the pixel/voxel level. The automated segmentation can save time for manual contouring, and can give measurements
like tumor volume or organ size. This quantitative information may be helpful in planning and managing treatment and
the follow-up of disease. In addition, there are more and more DL models for prediction. Predictive models do not
simply predict what can be seen on an image, but rather aim to predict more clinical meaningful events such as disease
progression, treatment response, recurrence or prognosis. This is a change from image interpretation to predictive
radiology, but the prediction models need to be carefully validated to be used for routine management of patients.

Table 2. Deep Learning Tasks in Radiology.

DL task ‘What the model does use Example  clinical
Detection ‘ Locates an abnormality in Identifying lung

an image nodules on CT
Classification Assigns an image or lesion Classifying chest X-

to a category rays as normal or abnormal

. Delineates structures or Measuring  tumor

Segmentation .

lesions volume on MRI
Quantificatio Produces numerical Estimating organ

n imaging measurements volume or lesion burden
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. Estimates a future or Predicting treatment
Prediction ..
clinically relevant outcome response
Image Accelerating MRI or
. Improves or generates L . .
reconstruction/synth . L . estimating another imaging
. imaging information .
esis modality

2.4 Advantages for Diagnostic Accuracy and Workflow

The benefits of DL are that a large amount of imaging data can be processed quickly and accurately. Automated
systems can help limit repetitive tasks, provide quantitative measurements and help radiologists make their focus
clinically relevant. Al triage could also be used to prioritize potentially critical abnormalities in examinations in high-
volume departments. DL can also offer a set of standardized measures which may not be easily replicated using manual
assessment. But the most valuable clinical application of DL could be in a way that people collaborate with Al, not fully
replace it. Al can serve as a complementary tool that supplements the information provided by the radiologist, but that
the radiologist and their clinical context and other diagnostic information will be the final key to integrating the
information. Research on diagnostic Al has demonstrated high accuracy, but the performance of diagnostic Al systems
in clinical settings does not necessarily translate to patient outcomes or the workflow, as indicated by studies that
reported outcomes but did not design experiments to test for workflow improvements (Liu et al., 2019).

2.5 Current Limitations and Challenges

Although tremendous advances have been made, a few obstacles stand in the way of the widespread clinical use
of DL. First, in general deep learning needs a large quantity of high-quality data. The preparation of medical images is
often costly and time consuming, and requires expertise to annotate, or add information to the image. Further variability
in scanner hardware, scanning protocol, image quality and labeling can make model development more challenging.
Another key concern is bias. An algorithm may work differently on patient-by-patient basis if there are discrepancies in
the training datasets across the patient population with respect to disease presentation, institution or imaging conditions.
Bias can creep in during various steps of the data collection, labeling, model building and deployment to the clinic
(Mongan et al., 2020; Willemink et al., 2020). A related problem is generalizability. A model that is very accurate on
data from one hospital might not be as accurate on data from a different hospital, scanner or patient population. The
authors of this systematic review identified 81% of externally validated radiology DL algorithms, which showed some
loss of performance when tested on external datasets, highlighting the need for independent testing before clinical use
(Vasey et al., 2022).

3. EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

3.1 Definition and Importance of Explainability

Explainable Artificial Intelligence (XAI) is a set of techniques to explain how an Artificial Intelligence
prediction has been made. In the realm of diagnostic radiology, it is especially relevant as many deep learning models
are capable of making a very accurate prediction without making it abundantly clear why a certain diagnosis had been
suggested. In order to make these predictions more transparent, XAl tries to detect the corresponding regions, features
or patterns of images that are relevant to the model's prediction. This can help radiologists determine if the Al system
is paying attention to medically relevant data or to irrelevant features of the image (Gulum et al., 2023). Explainability
should not simply be considered an additional visual feature of an Al system. Useful explanation should be
understandable, clinically relevant and reliable enough for the desired task. Recent studies have highlighted the need to
test explanations instead of taking them at face value because they seem to make sense when they are presented in a
way that is visually appealing (Muhammad & Bendechache, 2024).

3.2 Why Clinicians Need Interpretable Al Decisions

The radiologist will then have to synthesize the information from the imaging study with the history, lab results
and other clinical data. For this reason, an Al projection may not be easy to integrate into the process of professional
judgment. An interpretable system can enable the clinician to explore the areas or features that contributed to the
prediction and relate these to their own evaluation. XAl can also aid the clinician in recognizing inappropriate model
behavior. For instance, an algorithm could have high accuracy in testing, but use in part acquisition-related feature or
other characteristics. An explanation can offer a chance to identify such issues prior to widespread use of the system in
practice. But, explainability does not guarantee appropriate trust. There are indications that when clear and clinically
relevant explanations are provided, it builds confidence, while alternative, confusing, or contradictory explanations can
lead to a decrease in trust or may foster inappropriate reliance on Al (Rosenbacke et al., 2024).

Table 3. Common XAI Methods Used in Medical Imaging,.

XAI method Basic principle . Potential use m
radiology
Heatmaps . nghhghts image regions associated Showing suspected
with a prediction abnormal areas on X-ray or CT
Saliency Estimates the importance of individual Identifying regions
maps image regions or pixels influencing disease classification
Grad-CAM Uses gradients from deep networks to Visualizing regions
produce class-specific localization maps contributing to CNN predictions
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SHAP Estimates the contribution of Explaining quantitative or
individual features to a prediction clinical feature contributions
.Crea.ltes a_locally 1nt.erprej[able Explaining individual
LIME approximation  around an  individual . .
S cases or classifications
prediction
Attention- Shows areas receiving greater model Supporting interpretation
based explanations | attention of complex imaging models
3.3 Common XAI Methods

The heatmaps as well as saliency maps are especially appropriate for medical images because of their output can
be overlaid on the original image. They enable the radiologist to know where the model is focusing its attention. With
the convolutional neural network, gradient-based method can be used to generate class-specific visual map without the
complete reconstruction of the underlying model, which is widely used. These methods can be helpful for determining
the suspicious regions in chest radiographs and CT scans as well as other imaging studies (Gulum et al., 2023). Similarly,
Shapley Additive Explanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME) are slightly
different. Instead of just marking a region of an image, they make estimates on the relative contribution of individual
features to a specific prediction. LIME can be helpful in providing the local approximation of the behaviour of the model
for a model-specific case; while SHAP is helpful when the information provided by the images is coupled with other
quantitative or clinical variables. According to recent reviews, SHAP and LIME are two of the common xai techniques
used in healthcare settings, with some methodological assumptions that could impact their reliability and meaning of
explanations (Muhammad & Bendechache, 2024).

3.4 Applications in Disease Detection and Clinical Decision Support

XAl has been studied in a number of areas of radiology, such as chest imaging, oncology, neurological imaging,
and mammography. For disease detection, visual explanations can provide information about the area that made the
most significant contribution in making the positive or negative prediction. A machine learning model that analyses a
chest X-ray can, for instance, give a chance of pneumonia, as well as a visual indication of the region of the lungs that
affects the outcome. This makes it possible for the radiologist to make a comparison between the algorithm focus and
the actual imaging results. Another potential use of XAl could be in clinical decision support, where predictions from
imaging data are integrated with interpretable clinical information. For instance, in cancers, explanations can be used to
indicate to the patient which imaging characteristics or patient features helped to predict diagnosis, prognosis, or
treatment response. A recent systematic review of XAl in cancer care underscored the potential of XAl in the diagnosis,
prognosis, and treatment planning, as well as the lack of clinician engagement and of evaluating explanation as a
weakness in the existing literature (Mansour et al., 2024). Human-centered evaluation is particularly critical. In this
study that included chest radiograph, clinicians assessed the utility of visual explanations produced by the Grad-CAM
and LIME algorithms, concluding that the value of an explanation is not just based on the algorithm but on how the
clinician understands and utilizes the information (lhongbe et al., 2024).

Table 4. Potential Clinical Roles and Challenges of XAI
Potential benefit

Main concern
Highlighted regions may

Clinical role

Shows regions supporting an Al

Disease detection _ not always represent true
prediction
pathology
Second-reader Provides additional evidence for May create excessive

support the radiologist dependence on Al

Treatment Helps identify features Explanations may not be
planning associated with prognosis or response sufficiently validated

Error Allows clinicians to examine Incorrect explanations
identification unusual Al decisions may give false reassurance

Clinical decision Improves transparency of model Explanation may be too
support outputs complex for routine workflow

Model auditing

Helps investigate bias and

unexpected model behavior

Requires standardized

evaluation methods

3.5 Challenges in Trust, Interpretability, and Validation

While it has great potential, there are some significant caveats to XAl. First, an explanation is not necessarily a
faithful representation of the actual reasoning of the model. A pretty-looking heatmap can look clinically reasonable but
actually not contain the elements that lead to predictions. Therefore, explanations should be evaluated and judged based
on their fidelity, stability, and clinical relevance, not just on their appearance (Muhammad & Bendechache, 2024). One
of the challenges is the right trust. Excessive trust can result in a wrong Al recommendation being accepted, and
insufficient trust can result in the lack of a useful system being accepted. Therefore, XAl's goal is not to just boost trust,
but to establish a calibrated trust. Explanations that are high quality, clear, and clinically relevant may have a significant
impact on the response to Al recommendations (Rosenbacke et al., 2024). Lastly, there is no standard criterion or
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established gold standard to validate XAl methods in radiology. A number of studies determine if an explanation
is plausible, but not if it actually enhances diagnostic performance or clinical workflow. Existing evidence thus indicates
that more use of clinician-centred evaluation, external validation, explanation metrics that are standardized across
different systems and studies that look at workflows in advance of XAl systems being widely adopted in clinical practice
is warranted. Overall, XAl can contribute to the transparency and possible utility of Al-enabled radiology for the
clinician, but explainability itself is not a sign of a clinically reliable algorithm, it should be considered as part of the
trustworthy Al.

4. RADIOMICS AND QUANTITATIVE IMAGING

4.1 Concept and Workflow of Radiomics

One of the emerging quantitative imaging technologies is called "radiomics," which transforms medical images
into a vast array of measurable features. In contrast to classic image interpretation that relies primarily on visual
inspection, radiomics aims to extract data from lesions that reveals shape, intensity, texture, and spatial characteristics
that can’t be easily seen with the naked eye. The proposed general radiomics pipeline consists of image acquisition,
image preprocessing, ROI segmentation, feature extraction, feature selection, model building and clinical validation.
Each step of the process needs to be carefully controlled as it can affect the features that will be created in the image
(Huisman & Akinci D’ Antonoli, 2024). Radiomics could be used in other imaging modalities such as CT, MRI, PET or
Ultrasound. This method is especially appealing since all of the information in medical images pertains to the whole
lesion and its surrounding tissue, possibly enabling the non-invasive disease heterogeneity assessment. This information
can then be used to create predictive models along with clinical or biological variables.

4.2 Extraction of Quantitative Imaging Features

Most frequently, radiomic features are clustered into a few groups. First-order features refer to the distribution
of the intensity of the pixels or voxels, while shape-based features refer to the size, volume, surface area and geometry
of the lesion. The texture features represent the spatial distribution and the variation of intensities, and they can give
information on tissue heterogeneity. Higher order mathematical transformations and filtered images are also used in
more advanced techniques to detect other patterns. To ensure the extraction process, it is necessary to make the image
consistent in preprocessing and segmentation. Some features might be different depending on the voxel size,
reconstruction settings, intensity discretization, segmentation methods or software implementation. A standardised
definition and standardised procedure have thus been defined and proposed by the Image Biomarker Standardisation
Initiative (IBSI), with the goal of increasing the consensus on how different implementations of radiomics are agreed
(Whybra et al., 2024).

Table 5. Main Categories of Radiomic Features.

. . Example clinical
Feature category Information obtained xamp m
relevance
. Intensity distribution within a Assessment  of  tissue
First-order . o
region characteristics
Size, volume, surface and Tumor characterization
Shape-based .
geometry and monitoring
Spatial variation and Assessment of tumor
Texture . .
heterogeneity heterogeneity

Filtered features

Patterns emphasized through
mathematical filters

Identification of specific
spatial structures

Higher-order
features

Complex relationships among
image characteristics

Potential improvement of
predictive modeling

4.3 Applications in Oncology and Other Diseases

In the field of oncology, extensive studies have been conducted on radiomics, given the significance of tumor
heterogeneity and its biological behavior for the planning of treatment. Radiomic features derived from CT, MRI, and
PET have been used to characterize, stage, molecularly classify, assess for recurrence, and predict survival of tumors.
For instance, in lung cancer, radiomic data can be used in conjunction with machine learning to analyze tumor
phenotype, risk stratification, molecular features, and clinical outcomes (Jha et al., 2023). Radiomics can be used in
non-cancer applications. Neurological, cardiovascular, pulmonary and musculoskeletal as well as inflammatory diseases
have also been investigated with quantitative imaging features. The concept is the same, imaging data is converted to
measurable parameters that can provide insight into the differences between disease states. But there are still a lot of
applications in the research phase and the clinical relevance of each radiomic biomarker is quite different in various
studies.

4.4 Integration of Radiomics with Machine Learning and Deep Learning
Due to the substantial number of features generated by radiomics, the resulting data is a high-dimensional
dataset, which can be much larger than the number of patients. Machine learning can contribute to feature selection to
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pinpoint those most strongly linked to a specific clinical outcome. Typical methods are featuring selection,
dimensionality reduction, classification, regression and survival modeling. Radiomics and machine learning are thus a
framework to leverage quantitative image features into clinically relevant predictions. Another route is deep learning,
which learns the imaging representations automatically without depending on manually-designed radiomic features
entirely. Traditional "radiomic" measurements can be used alongside deep-learning derived features and clinical data in
a hybrid approach. When there is complementary information about disease provided by different types of information,
such integration can be helpful. However, one needs to be careful with the feature selection and suitable validation
efforts must be undertaken to prevent overfitting and giving an inflated performance estimate (Zhang et al., 2023).

4.5 Potential for Diagnosis, Prognosis, and Treatment-Response Prediction

The 3 main potential clinical applications of radiomics are diagnosis, prognosis and prediction of treatment
response. Radiomic features can be used to differentiate between benign and malignant lesions or different disease types
for diagnosis. In prognosis, quantitative imaging features may be able to identify those patients with a greater likelihood
of recurrence or poor survival. Changes in radiomic features with time could be used to inform on the tumor response
before the conventional change in size. An important development is delta-radiomics which is used to assess radiomic
changes between different imaging exams. While this machine-based analysis of a tumor is usually performed at a single
time point, delta-radiomics aims to quantify the alterations in imaging phenotype that occur over the course of therapy.
Cancer immunotherapy studies have suggested that this could be beneficial, but the evidence is currently limited and
contains methodological limitations and a lack of prospective external validation (Abbas et al., 2023).

Table 6. Clinical Potential of Radiomics.

Clinical .
N Potential role Expected benefit
application
. . Characterization and Additional quantitative
Diagnosis . . . . .
classification of lesions information
. Assessment of tumor More detailed disease
Staging o . .
characteristics and disease extent profiling
. Prediction of survival or Identification of higher-
Prognosis . .
recurrence risk patients
Treatment Assessment of imaging changes Earlier identification of
response during therapy responders/non-responders
. . A iation of imaging featur e .
Precision . ssociation o aging e?“f es More individualized
. . with molecular or clinical ..
medicine .. treatment decisions
characteristics
Disease Quantitative comparison across Objective assessment of
monitoring serial scans disease evolution

4.6 Challenges in Reproducibility, Standardization, and Data Harmonization

Although promising, radiomics has a long road to go before its promising future can be realized in the clinic.
Reproducibility is one of the most important concerns. A feature that is predictive in one set of images can vary
significantly when the images are acquired with a different scanner, protocol, reconstruction method and segmentation
procedure. Also, differences in the software packages can result in different feature values from the same image. They
can diminish the trustworthiness and overall applicability of radiomic models (Whybra et al., 2024). Thus, data
harmonization is a crucial step, especially for multicenter studies. These methods include standardised acquisition
protocols, image preprocessing, feature scaling, selection of stable features and statistical harmonisation techniques like
ComBat. The intention of these strategies is to minimize the technical variability whilst maintaining clinically
meaningful biological differences (Zwanenburg et al., 2020). The sample size of the studies using radiomics is generally
small, and the number of features extracted large. This can cause overfitting and over optimistically estimate
performance. The clarity of reporting, the independence of the data sets, the external validation and application of
standardized radiomics guidelines are therefore crucial in order to enhance the credibility of published models. Recent
studies have pointed out the need for standardization of the whole radiomics pipeline in addition to feature extraction,
for successful clinical translation. Overall, the potential of radiomics as a link between medical imaging and quantitative
clinical decision making is promising. When combined with machine learning and deep learning, it has the potential to
enhance the personalized diagnosis and treatment evaluation but requires reliable clinical adoption, which will require
reproducible approaches, harmonized data, biological interpretation and solid external validation.

5. MULTIMODAL IMAGING AND INTEGRATED CLINICAL DECISION-MAKING
5.1 Combining Information from Multiple Imaging Modalities

The information from more than one radiological diagnosis is essential in order to make the modern diagnosis.
CT can be used to give detailed anatomical and structural information, MRI can be used to give excellent soft-tissue
characterisation, PET can be used to give functional and metabolic information, and ultrasound and X-ray remain
important and have been widely used clinically, as they are easy to obtain, rapid and simple. The aim of multimodal



48 / Journal of Daoist Studies 18-1s (2025)

imaging is to integrate the complementary aspects in order to give an assessment of a disease from different
perspectives both from a biological and anatomical point of view. Studies have recently shown that when using a
combination of imaging modalities, image-fusion methods can help to visualize, characterize and segment lesions better
than using any single imaging modality. The integration isn't always about creating a single integrated picture, but will
be concerning the production of a single image. Information could also be combined at the feature/decision level, where
different imaging examinations make independent contributions to a common prediction, in the same way that artificial
intelligence can do so. This is especially important when various forms of imaging (CT, MRI, PET, ultrasound or X-
rays) give differing, but complementary, information regarding the same disease.

5.2 Fusion of Imaging, Radiomics, Clinical, Laboratory, and Genomic Data

Images are seldom the only basis for clinical decision making. Clinical and laboratory data, previous
examinations, patient history, and pathobiology are also important factors for radiologists and clinicians. This more
comprehensive form of reasoning is replicated in multimodal Al, which learns from various forms of patient information
concurrently. Imaging features can be added to the radiomic measurements and clinical, laboratory biomarkers, EHRs
and genomic or other molecular data. Such integration could be of a more complete nature than any single data source,
giving a better picture of disease biology. There are three different types of fusion which can be applied: early fusion,
where data is fused prior to model learning; intermediate fusion, where the data is fused in the model; and late fusion,
where the predictions from different models are fused. The best approach varies based on the features, availability and
quality of the various data sources.

5.3 Multimodal AI for Personalized Diagnosis

Al models are now more and more studied for personalised diagnosis and prediction in multimodal systems.
These models can use multiple complementary sources of information to predict the probability of a disease state, the
prognosis (or outcome of disease), or the response to treatment in an individual. These models can process multiple
complementary sources of information to predict the probability of a disease state, the prognosis (or outcome of disease),
or the expected response to treatment in an individual. There is recent evidence that multimodal models can outperform
unimodal models in a few clinical prediction tasks, but their performance is highly dependent on the quality of the data
and the availability of full multimodal data. For instance, in oncology, PET, CT or MRI data could be fused with other
lab or molecular data to better characterize and plan treatment for the tumor. In other disorders, such as neurological
disorders, structural and functional imaging can be used along with clinical data or in other cardiovascular disorders,
imaging data can be used in conjunction with physiological measurements and blood markers. These applications
facilitate moving from image centered diagnosis to more extensive patient centered decision making.

Table 7. Applications and Potential Benefits of Multimodal Al in Clinical Imaging.

Clinical area Possible multimodal data Potential contribution
CT/MRUI/PET + radiomics + Tgmqr .
Cancer . characterization, prognosis,
laboratory/genomic data .
treatment planning
Neurological MRI/PET + clinical findings Disease classification
disease + cognitive data and progression assessment
Cardiovascular CT/MRI/ultrasound + Risk assessment and
disease ECG/laboratory data disease characterization
Pulmonary X-ray/CT + clinical and Detection and severity
disease laboratory information assessment
Precision Imaging + clinical + . I‘ndwlduallzed
. . . . diagnosis and treatment
medicine molecular information .
selection
Clinical decision Images + EHR + reports + More comprehensive
support biomarkers patient-level predictions

5.4 Benefits for Precision Medicine and Clinical Decision-Making

The greatest benefit of multimodal Al is that it can combine complementary information and not just rely on a
single source. Radiological information may help determine where a lesion is located and its shape, while laboratory or
molecular information may help determine the biological behavior of a lesion. It may thus be better to use the
combination of these sources to increase diagnostic confidence and to assist in more individualized decisions.
Multimodal Al has been highlighted in recent reviews as a potential solution to enhance the diagnosis, prognosis,
treatment planning and personalized care approaches. Multimodal systems could also limit the work of the clinician in
having to manually combine information that exists in various information systems. These models could, in the future,
be helpful for multidisciplinary teams, offering a comprehensive evaluation of imaging and clinical and molecular data.
Critically, these systems need to be used as decision support systems and clinicians should always consider the Al output
in the broader clinical context of the patient.
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5.5 Remaining Challenges

Multimodal imaging has great promise but has several practical and technical challenges. A significant challenge
is interoperability, where imaging systems can be different formats and standards, as can laboratory databases, electronic
health records, and genomic platforms. Another concern is incomplete patient records since not all patients receive all
imaging tests or laboratory tests. Thus, models trained with the complete data might fail to function if one or more
modality is missing in normal applications. Also related to data quality and harmonisation. Variations in scanner,
acquisition protocols, institutions, laboratory measurements and clinical documentation may cause unwanted variation.
Patient privacy is another issue, as with multiple types of health information, there is a greater amount of potentially
identifiable data. Institutions can collaborate without regularly sharing patient data with each other through privacy-
preserving methods such as federated learning and secure data-sharing systems. Last, but not least, there are the clinical
implementation steps to take beyond the demonstration of high model accuracy. There is a need to embed multimodal
Al into the current radiology and hospital workflow, assess it in a prospective fashion, and test it for reliability, fairness,
interpretability and clinical value. The multi-source nature of data, interoperability, lack of data, lack of interpretability,
and deployment in the real world are still seen as significant challenges in the way forward to the routine adoption of
such systems. Generally, multimodal imaging and Al can help diagnostic radiology to become more integrated into
precision medicine. These systems can integrate imaging with quantitative, clinical, laboratory and molecular data to
help give a better understanding of the individual patient. But it will require standardization in data infrastructure,
ensuring privacy is safeguarded, strong validation procedures and a close relationship between those developing Al and
healthcare professionals to make it a success.

Future Perspectives and Conclusion

Al is likely to be widely used in everyday radiology, from interpreting images and prioritizing workflow to
evaluating quantitative measures, supporting reporting, and aiding clinical decisions. The key to the successful
implementation will be the use of Al as an enabling tool in existing workflows and not as a substitute for radiologists.
The professional societies highlight the importance of careful assessment, monitoring, and collaboration between
radiologists, developers, healthcare institutions, and regulators in implementing Al systems in clinical practice (Brady
et al., 2024). The next generation of radiology systems will be based on trustworthy, transparent, and clinically
explainable Al. Models should show consistent results in various hospitals, patient populations, scanners, and imaging
protocols. Going forward, the accuracy of an Al system in environments different from its training will be a key
determinant, and standardized datasets and external testing will be crucial. On top of that, it is important to keep an eye
on it after deployment, as the performance of this model can vary over time as clinical practice and patient populations
evolve (Sajda et al., 2024).

Ethical and regulatory matters will continue to be a key focus in the evolution of Al in radiology. There are
several issues regarding patient privacy, responsible data use, algorithmic bias, accountability, transparency, and
informed human oversight that must be addressed during the Al lifecycle. The World Health Organization highlights
key principles of Al in the healthcare sector: safeguarding autonomy of the human person, enhancing safety, fostering
transparency and explainability, and ensuring equity and accountability (World Health Organization, 2021, 2024).
Radiologists will therefore remain well positioned to interpret images as well as evaluate Al outputs, identify
recommendations that may not be appropriate, provide clinical expertise during model development, and make sure
technology is not being used for its own sake but remains focused on patient needs. More studies are required to not
only report the accuracy of the models, but also to test whether Al can really enhance diagnostic results, efficiency,
patient safety, and accessibility to healthcare. Clinical trials on the horizon, multicenter studies, standardized assessment
tools, human — Al interaction studies, and cost-effectiveness analyses will be of great value. In summary, the integration
of deep learning, explainable Al, radiomics and multimodal imaging holds great promise for the revolution of diagnostic
radiology. Responsible development and implementation of multimodal systems are expected to enable faster and more
quantitative evaluation and better and more personalized clinical decision making with the help of Al. The future of
radiology is therefore likely to be characterized by a synergy between human knowledge and intelligent computing
systems, with the ultimate aim to enhance the care of individual patients.
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