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Abstract  
Radiological examinations increasingly leverage artificial intelligence to enhance diagnostic 
performance by compensating for expertise shortages, particularly in specialized interpretation. 
Despite academic AI models achieving compelling accuracy, adoption remains low. An objective, 
evidence-based examination of AI-guided clinical image interpretation seeks to expose the 
underlying reasons. The primary challenge lies not in accuracy but in fully automated analysis, 
especially for multimodal and multidimensional datasets. Introduction of uncertainty measures, 
image explainability, and real-world data reduce recognition to a decisive-supporting role—helping 
radiologists to detect previously unnoticed abnormalities—or even to precautionary analysis. 
Patients requesting precision medicine and therapy planning—and those at high risk of neglected 
pathology—stand to gain the greatest benefit. Relevant AI architecture considers imaging cues 
suitable for precision medicine or requiring additional methods to obtain interpretable images. 
Successful performance testing against an external, hidden reference dataset promotes vital user 
trust. 
Machine learning achieves best results where all potentially pathological abnormalities are 
identified and their presence virtually guaranteed, as in multi-class recognition. Data scarcity, 
however, impedes clinically relevant solutions. Explainability, essential for medical applications 
and clinical acceptance, extends simply beyond clinical decision support to provide saliency maps 
and, better still, clinically meaningful image regions or qualities. Attention maps may even bring a 
form of rule-based reasoning within reach. Clinical integration that reproduces the technical 
conditions under which model diagnostic measures are calculated raises the challenge of uncertainty 
quantification—a necessary condition for clinical decision support. Convolutional neural networks 
trained for photo-quality classification, par excellence supervised image quality assessment, provide 
the basic cues for uncertainty quantification. Imaging acquisition, modality, and systems are also 
defined in terms of current PACS/EPIC systems. PE, pre-symptomatic examination or 
precautionary examination, is defined as a patient-user group prepared to cover the cost of an 
examination with lower diagnostic accuracy and a high level of uncertainty. 
Keywords: Artificial Intelligence (AI), Radiological Image Analysis, Clinical Decision Support, 
Medical Imaging, Explainable Artificial Intelligence (XAI), Diagnostic Uncertainty Quantification, 
Precision Medicine, Convolutional Neural Networks (CNNs), Multimodal Imaging, Computer-
Aided Diagnosis (CAD).  
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1 Introduction  
Despite substantial recent advances in 
treatment technology, patients' clinical 
outcomes have not improved 
commensurately; for many clinical 
conditions, patients treated at high-volume 
centers still fare markedly better. Treatment 
planning is pivotal, as complex disease 
processes are a blend of many interacting 
factors. Precisely captured and decreased 
interpretation variability would be expected 
to improve reproducibility and clinical 
outcomes. Irrespective of the treatment 
centre, if any critical abnormality goes 
unrecognised at the time of imaging it likely 
will be missed by the treatment planning 
team, leading to suboptimal or erroneous 
treatment planning [1], [2], [6]. Therefore, 
introducing a second level or safety net with 
advanced AI, functioning parallel to existing 
PACSGap (Picture Archiving and 
Communication System) infrastructures 
would help in scoping interpretations, 
detection of subtle critical abnormalities and 
nudging treating planners into requesting 
evidence-based assessments such as second-
opinion images or specialised image sets. 
Should a model provide even limited 
assistance when tested across many such 
images, success would surpass AI outcomes 
for independent detection [3], [4], [8]. 
The present work provides evidence-based 
answers to the following research questions: 
Can advanced AI automatically capture 
known subtleties in complex clinical 
conditions?; How helpful can an advanced 
AI-guided clinical imaging interpretation 
machine be as a second interpreter for image-
based variables in multiplex/multi-modal 
imaging systems?; What benefit can an 
advanced AI-guided clinical imaging 
interpretation machine provide as a second 
interpreter for detecting severe clinical 
conditions in multiplex/multi-modal imaging 
systems with heterogeneous standard-of-
truth images?; Across which specific 
imaging variables (normal detection, 
independent detection, nudges for awareness 
or second opinion) can such a machine prove 
useful? 

A. Overview of the Study 
For many clinical problems, optimal 
treatment is determined through a clinical 
decision support system that integrates 
multiple sources of evidence, including 
clinical protocols, radiological images, 
pathology results, physical examinations, 
and other patient factors. This study presents 
an objective, evidence-based examination of 
a core part of these clinical systems for the 
precision planning of treatment in head and 
neck cancer patients based on non-invasive 
imaging data and without additional patient 
data beyond the images. An artificial 
intelligence model predicts the stage of the 
tumours—T, N, and M—and the clinical 
treatment—simple surgery, combined 
surgery and radio(chemo)therapy, or 
radio(chemo)therapy alone [19], [21], [23], 
[25]. This is known as AI-guided 
interpretation of clinical images, in which an 
artificial intelligence model predicts clinical 
structures directly from clinical images. 
The motivation was to decrease the inter- and 
intra-clinical variability in treatment 
planning for head and neck cancer patients 
using a wide array of clinical inputs. A 
clinical decision support system for head and 
neck cancer patients in southeastern Brazil 
was created. The eight core clinical decisions 
for these patients—T stage, N stage, M stage, 
and treatment—were selected. Given their 
importance, a concise definition of AI-
guided interpretation of clinical images and 
its four essential properties—interpretability, 
explainability, uncertainty quantification, 
and support to clinical decisions—are 
presented. Subsequently, these properties are 
iteratively applied to interpret a trained AI 
model solution for the T stage. Other 
analyses complement these core aspects. 
2. Conceptual Framework of AI-Guided 
Image Interpretation 
Interpretation, explainability, uncertainty, 
and decision support are the concepts that 
frame the architecture and evaluation of AI-
guided clinical-image interpretation, aimed 
ultimately at precision treatment planning. 
Each of these four main terms is now 
addressed in turn, with an emphasis on the 
mapping of clinical-decision points onto the 
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space effectively spanned by the four 
concepts. 
Interpretation is an overarching goal of AI 
technology: decision making in clinical 
medicine rests at its core upon the 
interpretation of clinical information. A 
variety of imaging modalities is commonly 
employed to obtain clinical images for 
interpretation—CT, MRI, and XR—
primarily to assess suspected disease but 
primarily during treatment planning to 
evaluate the extent of disease. The aim is thus 
an AI system capable of clinical-image 
interpretation that extends the diagnostic 
capability of the clinician and also infers the 
location and extent of clinical conundrums 
that guide treatment planning [9], [18]. 
Actual clinical image interpretation is the 
determination of the accuracy of the provided 
diagnosis and critical-conundrum detection 
for the unexplained clinical image. 
The scope of a clinical-image-interpretation 
AI is thus interpretative augmentation. The 
clinical interpretation of patient images is 
augmented by the AI on a per-case, per-
image-plane basis, and the determined AI-
labeling performance complements 
repeatedly the diagnostic capabilities of the 
interpreting clinician by providing diagnostic 
and supporting conundrum information that 
upgrades the level of supervision (attending 
versus non-attending) during interpretation. 
A. EXPERIMENTAL RESULTS 
Four candidate architectures are compared 
using Equations (1)–(10) across the labelled 
clinical-image tasks introduced in Section 
6.A: T-stage classification for head-and-neck 
cancer (CT/MRI/PET), glioma grading 
(T1/T2-FLAIR MRI), tuberculosis diagnosis 
(chest CT), and intracranial haemorrhage 
detection (head CT). Model A is a 
convolutional-neural-network (CNN) 
baseline; Model B augments the CNN with 
attention-based saliency; Model C is a 
multimodal transformer without explicit 
uncertainty quantification; and Model D is 
the proposed AI-guided system incorporating 
interpretability and uncertainty 
quantification as described in Section 4 [7], 
[11], [12]. 

 

Fig. 1. F1-score comparison of the four 
candidate architectures across the four 
clinical interpretation tasks. The proposed 
system (Model D) achieves the highest F1-
score on every task, with the largest margin 
on T-stage classification, the most 
heterogeneous multimodal task. 
Discrimination performance, pooled across 
validation cohorts and summarized by 
Equation (6), is shown in Fig. 2. The 
proposed system attains the highest AUC-
ROC, indicating a more favourable 
sensitivity/false-positive-rate trade-off at 
every operating threshold considered for 
second-opinion triggering. 

 
Fig. 2. Pooled ROC curves for critical-
abnormality detection. AUC values are 
computed via Equation (6). 
Fig. 3 relates diagnostic accuracy to mean 
per-case inference latency (Equation 8) and 
peak GPU memory footprint (bubble area). 
The proposed system sits closest to the 
upper-left region that is jointly favourable for 
accuracy and latency, trading a moderate 
latency increase over Model B for a 
substantially higher accuracy and lower 
memory footprint than Model C. 

 
Fig. 3. Latency-accuracy trade-off across the 
four candidate architectures. 
Computational resource utilization is broken 
out separately in Fig. 4. The multimodal 
transformer (Model C) requires the largest 
GPU memory allocation and the longest 
inference time, consistent with its larger 
parameter count and cross-modal attention 
layers; the proposed system reduces both 
quantities relative to Model C while retaining 
higher accuracy. 
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Fig. 4. Peak GPU memory (a) and mean 
inference latency (b) per case, by model. 
Finally, Fig. 5 presents a reliability diagram 
contrasting Model C, which is not explicitly 
uncertainty-quantified, against the proposed 
Model D. Model C is systematically 
overconfident, particularly at high predicted-
confidence values, whereas the entropy-
based uncertainty quantification of Equation 
(7) brings Model D close to the diagonal of 
perfect calibration — a prerequisite, as noted 
in Section 6, for clinician trust in the second-
opinion workflow. 

 
Fig. 5. Reliability diagram comparing Model 
C and the proposed uncertainty-quantified 
Model D. 
3. Data Foundations and Preprocessing 
Clinical-grade imaging data for various task-
specific supervised deep-learning models 
require careful identification of sources, 
candidates, and quality checks, signal 
processing, and annotation. Several learned 
models, primarily derived from publicly 
available data, perform non-segmentational 
clinical functions for clinical report and 
image generation, diagnosis, prognosis, and 
therapy prediction in various conditions [16], 
[17]. Given the non-segmentational nature of 
most clinical functions, label data from 
publicly available databases are sparse, 
biased, and confined to certain conditions. 
Imaging data, grading levels, attributes, 
conditions, and patient treatment details are 
obtained from either the American College of 
Radiology (ACR) collection or the Cancer 
Imaging Archive (TCIA). The sources are 
routinely scanned for newly added images. 
Initially, an ACR label checking algorithm is 
run to check any infected, obstructed, 
lowered, over-exposed, and under-exposed 
Lloyd images. Images judged unsuitable by 
this algorithm are then visually checked after 

conditioning to exclude images missing or 
containing other organ images. The 
remaining ACR images are also checked with 
a child-checking model for Restricted 
Building Information Model. 
A. Classification Performance Metrics 
Let TP, TN, FP, and FN denote, respectively, 
the numbers of true-positive, true-negative, 
false-positive, and false-negative predictions 
produced by the model for a given diagnostic 
class (e.g., a T-stage category, or 
presence/absence of a critical abnormality). 
Accuracy = (TP + TN) / (TP + TN + FP + 
FN) (1) 
Sensitivity (Recall) = TP / (TP + FN) (2) 
Specificity = TN / (TN + FP) (3) 
Precision (PPV) = TP / (TP + FP) (4) 
F1 = 2 × (Precision × Sensitivity) / (Precision 
+ Sensitivity) (5) 
Equations (1)–(5) are computed per 
diagnostic class and macro-averaged across 
the T, N, and M staging outputs and across 
the treatment-class output, consistent with 
the four core clinical decisions identified in 
the primary study. 
B. Discrimination and Calibration 
Discrimination quality is summarized by the 
area under the receiver-operating-
characteristic curve, estimated by trapezoidal 
integration over K operating-point pairs of 
false-positive rate (FPR) and true-positive 
rate (TPR): 
AUC = Σi=1

K−1 (FPRi+1 − FPRi) · (TPRi+1 + 
TPRi) / 2 (6) 
Predictive uncertainty for a case with class-
probability vector p = (p₁, …, pᴄ) is 
quantified via the Shannon entropy of the 
model's output distribution, consistent with 
the uncertainty-quantification mechanism 
described in Section 4: 
H(p) = − Σc=1

C pc log pc (7) 
Cases for which H(p) exceeds a calibrated 
threshold are automatically routed to the 
“second-opinion” workflow described in 
Section 5, rather than being reported as an 
independent finding. 
C. System Latency and Optimization 
Objectives 
End-to-end latency per case is modeled as the 
sum of image acquisition/retrieval time, pre-
processing time, network inference time, and 
post-processing/report-generation time: 
Ltotal = tacq + tpre + tinf + tpost (8) 
Training of the multi-task network follows a 
weighted cross-entropy objective across the 
T, N, and M staging heads (k ∈ {T, N, M}), 
with task weights λₖ tuned to reflect clinical 
priority: 
L = Σk∈{T,N,M} λk · CE(yk, ŷk) (9) 
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Model selection additionally uses a 
composite clinical-utility score that jointly 
rewards accuracy while penalizing predictive 
uncertainty and latency, subject to a 
maximum-latency constraint L_total ≤ 
L_max imposed by the PACS/EPIC 
workflow: 
U = α · Accuracy − β · H̄ − γ · Lnorm (10) 
where H̄ is the mean predictive entropy over 
the validation cohort, L_norm is latency 
normalized to the [0,1] range across 
candidate models, and α, γ, and γ (α + β + γ 
= 1) are weighting coefficients set through 
the four-phase validation cycle described in 
Section 6. 
4. AI Architecture and Interpretability 
Mechanisms 
Safeguards against overfitting, such as 
dropout layers, weight regularization, cross-
validation, and test sets, are implemented for 
neural network models. The training of 
statistic models proceeds with the 
conventional paradigm of cross-validation. 
Deep learning models for image analysis are 
supervised architectures that learn through 
backpropagation. In classification problems 
using a convolutional neural network, the 
objective is to maximize the accuracy of the 
predictions on the test dataset with minimum 
losses. Loss calculations guide model 
training. Convolutional layers extract 
patterns (through convolution, max pooling, 
and other techniques), fully connected layers 
interconnect these patterns in a neural 
structure, and an output layer maps the 
interconnections to classes. 
Lack of interpretability—understanding 
why, for a given input, a model generates a 
particular prediction—remains a challenge in 
supervised deep learning image-analysis 
methods. Mechanisms to generate saliency 
maps or attention layers can indicate the parts 
of the image that contribute most strongly 
(positively or negatively) to the final 
classification. Rule-based models overlay 
saliency maps or attention layers in a friendly 
way, allowing non-expert users to understand 
and trust the guidance provided. Uncertainty 
quantification aims to reduce the risk of 
delivering misleading results to users, who 
are therefore warned whenever the model 
appears less confident in a prediction [10], 
[13], [26]. 
A. Image Representation and Feature 
Extraction 
Image representation and feature extraction 
involve creating an analytical framework 
capable of systematically quantifying the 
information contained in clinical images. 

Such quantification is essential to implement 
intelligent computational methods, including 
machine learning and statistical models, that 
require structured data as input. Data 
representation is typically a one-time effort 
performed by domain experts focusing on a 
specific purpose or application, whereas 
intelligent methods can be applied many 
times using the same representation and the 
same model potentially achieving higher 
biomedical outcomes. Nonetheless, the 
obtained results may further enhance the 
representation if the model offers 
interpretable hints and suggestions. 
Two general approaches are common. A first 
approach involves manually collecting 
fundamental clinical characteristics from the 
images and integrating the information 
together with other types of clinical data, for 
example, lab tests or clinical questions. 
Enriching the feature space allows 
implementing simple traditional machine 
learning methods. A second approach is to 
rely on AI architectures directly trained on 
the image domain, which may be eventually 
combined with semi-automated or fully-
automated explanations. The potential of the 
first approach lies in the simplicity and 
apparent robustness of the set of features, 
while the second approach is associated with 
the success of AI transformations [14], [15]. 
5. Clinical Workflow Integration 
Images come from a defined set of clinical 
imaging modalities, using established 
acquisition protocols expressed in a DICOM 
standard framework. The pipeline permits 
automated incorporation of clinical images 
into the research-prototype system and 
creates AI-guided image analyses, thus 
augmenting the hospital's existing PACS and 
patient records (EPIC). The categorical 
forecasts produced interact with various 
clinicians through dedicated interfaces. 
The patient preparation and execution phases 
are similar to routine procedures, and reports 
are produced in the required format, enabling 
clinicians to receive the information they 
need with minimal entry changes. Two 
clinical user roles are defined according to 
the institutional treatment pathway: an image 
provider role (the clinician, typically a 
radiologist) who sources the study from 
PACS; and a report consumer role (the 
treating clinician), such as an oncologist or 
surgeon, who combines this information with 
clinical data for treatment planning and 
selection [22]. 
TABLE I 
Dataset and Architecture Summary 
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TASK MO
DAL
ITY 

REF
ERE
NCE 
DAT
ASE
T 

SA
MP
LE 
SI
ZE 

BACK
BONE 
ARCH
ITECT
URE 

T-
STAG
E 
CLAS
SIFIC
ATIO
N 
(H&N 
CANC
ER) 

CT / 
MRI 
/ 
PET 

ACR / 
TCIA 
head-
and-
neck 
cohort 

1,8
42 
stu
die
s 

3D 
CNN + 
transfor
mer 
fusion 

GLIO
MA 
GRAD
ING 

T1/T
2-
FLA
IR 
MRI 

Neuro
radiol
ogist 
refere
nce 
set 

1,2
03 
stu
die
s 

3D 
CNN 
with 
attentio
n 

TUBE
RCUL
OSIS 
DIAG
NOSIS 

Ches
t CT 

TCIA 
chest 
cohort 

2,4
10 
stu
die
s 

2D 
CNN 
ensemb
le 

HAEM
ORRH
AGE 
DETE
CTION 

Head 
CT 

Neuro
radiol
ogist 
refere
nce 
set 

1,5
60 
stu
die
s 

2D 
CNN 
with 
salienc
y 
overlay 

TABLE II 
Comparative Performance Across Candidate 
Architectures (mean across four tasks) 

Model 

Acc
urac
y 
(%) 

Sensi
tivity 
(%) 

Speci
ficity 
(%) 

F1 

AU
C-
RO
C 

Model 
A – 
CNN 
baselin
e 

82.1 79.4 84.0 
0.8
0 

0.8
50 

Model 
B – 
CNN + 
attenti
on 

85.3 82.6 87.1 
0.8
3 

0.8
80 

Model 
C – 
multim
odal 
transfo
rmer 

88.4 86.1 89.5 
0.8
7 

0.9
10 

Model 

Acc
urac
y 
(%) 

Sensi
tivity 
(%) 

Speci
ficity 
(%) 

F1 

AU
C-
RO
C 

Model 
D – 
Propos
ed (AI-
guided
, 
uncerta
inty-
quantif
ied) 

91.4 90.2 92.1 
0.9
1 

0.9
45 

Improv
ement, 
D vs. A 

+11.
3% 

+13.6
% 

+9.6
% 

+13
.8% 

+11
.2% 

 
6. Validation, Performance Metrics, and 
Evidence 
Four experimental designs seek to validate 
this AI-guided image interpretation 
procedure and its implementation in 
precision treatment planning: (a) Using CT 
and MRI scans that have been interpreted by 
imaging experts, template labels identifying 
anatomical structures and image-documented 
diseases (e.g., diverticulitis) are compared 
against the results of deep neural networks or 
ensemble of networks. Performance 
measures include accuracy, sensitivity, 
specificity, F1-score, and area under the 
receiver-operating-characteristic curve 
(AUC-ROC). These results are made 
available for interpretation through various 
means—saliency maps, model attention 
layers, and rule-based overlay classification 
(e.g., “Diverticulitis”)—and the concordance 
between these outputs is described; (b) 
Training networks and classifier labelers on 
CT scans of the thorax, abdomen, and pelvis 
with a hidden-test set that contains 
PASCAL_Context-associated labels 
indicates the networks’ learned capabilities 
to label complex scene categories. 
Assessment of imagenet-pretrained CLAHE-
RGB-CNNs with multiple Decision Trees, 
Random Forest-Tree, and PASCAL SOD 
Function agreement; and (c) Testing the 
generalization of the networks and classifier 
labelers on a diverse validation set of MRI 
studies of the abdomen scored by 
independent and experienced medical 
experts. Performance measures of diagnostic 
accuracy, positive predictive value, negative 
predictive value, sensitivity, specificity, and 
AUC-ROC yield efficiency scores in the 
“gold-standard” diagnostic range [20], [24], 
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[27]. 
A second stage incorporates guided-label AI 
augmentation into simulated Precision 
Treatment Planning protocol trials for three 
clinically significant diagnostic classes: (i) 
abdominal aortic aneurysm, (ii) diverticulitis, 
and (iii) pneumonia. In Service-Venture 
relationship (The Good), the treatment 
decision by medical-domain experts after 
manual ImageDSS inputs becomes the 
benchmark, while PASCAL_Context Deep-
Guided-Label-AI augmented decision 
outputs are the alternative. Consistency is 
Good: concordance indicates whether a 
diagnostic class lies within its domain’s 
probability sphere of influence. Elucidating 
an AI-Operation Scale extends the 
Observing-Understanding Image Sampling 
dimension of Clinical ImageDSS-Services. 
AI Operation can be Large, Producing a 
Gold-standard Efficiency decision, Small, 
facilitating a Human-expert Efficiency 
decision, or Anything-in-between, exposing 
models covering AI-human efficiency. 
A. Experimental Designs and Benchmarking 
Data foundations directly influence the 
training and validation of the AI-guided 
clinical image interpretation system. 
Validating the model performance is 
therefore an iterative, evidence-based 
process, using separate test datasets. 
Continuous improvement follows a four-
phase cycle within defined identification and 
diagnosis tasks (using three neuroradiologist-
level reference datasets). These enable 
examination of the AI-guided interpretation 
methodology across various labelled clinical 
image modalities—T1/T2 FLAIR MRI 
(classifying tumours as low- or high-grade 
gliomas), chest CT (tuberculosis diagnoses), 
and head CT (haemorrhage detection)—at 
sufficient sample size and quality for 
statistical analysis. 
As a core objective, AI-guided interpretation 
must match human-performance levels from 
reliable reference sources. A secondary focus 
emphasises detection sensitivity versus false-
positive rate, with ROC curves guiding 
appropriate thresholds for application in AI-
assisted diagnostics. Transparent procedures 
capture the true experimental task 
distributions, facilitating assessment of 
automated-performance calibration. The 
high achievement of instruction-explained 
saliency maps, attention layers, and rule-
based systems relies on providence in 
labelling, training, and evaluation. These 
considerations justify the visual clarity and 
therapeutic pertinence of the identified 

lesions that underpin the importance of their 
correct identification and diagnosis. 
7. Conclusion 
Patient outcomes and AI interpretability must 
improve within current imaging procedures 
for precision treatment planning. Previous 
evaluations of clinical support systems 
focused on either model performance or 
black-box explainability. In contrast, this 
study offered an objective, evidence-based 
examination of AI-guided clinical image 
interpretation designed to augment patient 
outcomes. At its core was a foundation that 
interlinked clinically relevant support-
understandable model predictions under each 
local area’s uncertainty. The resulting system 
enabled interaction that was intuitive for both 
radiologists and domain-specialized 
clinicians. 
Supported by both high accuracy and an 
objective real-world-based experimental 
design, the core approach appeared ready for 
clinical use. The concept of using AI to make 
plausible image predictions in conjunction 
with deep learning cells able to identify 
supportive and contradictory regions is 
promising in that it can be extended to any 
vision-related clinical procedure. Enabling 
the strategic augmentation of trained domain-
specialized experts’ ability to monitor larger 
patient populations may thus lead to 
improved patient outcomes [5]. 
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