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Abstract

Background: Oral cavity tumors are often diagnosed at advanced stages due to non-
specific early symptoms and limitations in imaging sensitivity. This study proposes a
novel methodology combining Radiomics and Model Checking to improve diagnosis and
prognosis. Methods: A retrospective dataset of 18 patients (12 with oral squamous cell
carcinoma and 6 healthy controls) who underwent contrast-enhanced MRI was analyzed.
Radiomic features were extracted and selected, then encoded into formal models. A two-
tier Model Checking approach was applied: (i) classification of healthy vs. pathological
patients and (ii) prediction of treatment response. Results: The proposed method achieved a
diagnostic accuracy of 93% and a prognostic accuracy of 75%. The approach demonstrated
robustness even with a limited dataset, outperforming traditional data-driven methods in
small-sample settings. Conclusions: The integration of Radiomics with Model Checking
provides an explainable and effective tool for early detection and prognosis of oral cavity
tumors. This approach may support clinicians as a decision-making aid, particularly in
data-scarce scenarios.

Keywords: Radiomics; Model Checking; oral cancer; MRI; prognosis; Formal Methods

1. Introduction

Cancer of the oral cavity is a widespread and significant health issue, prevalent
not only in developing nations but also in developed countries [1]. The most frequent
manifestation of this cancer is oral squamous cell carcinoma (OSCC), predominantly driven
by tobacco and alcohol use [2]. The pathogenesis of OSCC involves a typical pattern of
initiation and progression, characterized by the gradual accumulation of genetic mutations
that ultimately lead to overt neoplastic transformation [3]. This accumulation of mutations
is often facilitated by age, with the adult elderly population being particularly susceptible
due to the longer period available for genetic alterations to occur [4,5]. OSCCs commonly
originate in the oral tongue, which is not only the most prevalent sub-site but also carries
the worst prognosis, followed by the floor of the mouth, buccal mucosa, alveolar mucosa,
and hard palate [6,7].

Accurate prognosis prediction for oral cancer is crucial for optimizing treatment strate-
gies [8]. By evaluating the tumor’s aggressiveness and recurrence potential, healthcare
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providers can tailor interventions to enhance patient outcomes. Moreover, precise prog-
nostication facilitates vigilant disease monitoring and timely interventions, contributing to
more effective oral cancer management and potentially higher survival rates. Overall, pre-
dicting oral cancer prognosis offers substantial benefits, including personalized treatment
plans, improved patient care, and enhanced clinical outcomes [8].

Medical imaging plays a crucial role in providing details of the tumors that com-
plement clinical examinations and biopsies, identifying lymph node involvement, and
detecting distant metastases or synchronous tumors, thereby aiding in effective staging and
treatment planning. Commonly used imaging techniques determining the loco-regional
extension of the cancer are contrast-enhanced Computed Tomography (CT), contrast-
enhanced Magnetic Resonance Imaging (MRI), and neck Ultrasound (US) [9]. In selected
cases, Positron Emission Tomography (PET) combined with CT or MRI and performed
with dedicated coils and high-field machines (1.5 Tesla) is considered the first-choice exam-
ination in the study of tumors of the oropharynx, oral cavity, nasopharynx, hypopharynx,
and laryngeal tumors [9]. The current standard for treating oral cancer involves surgical
tumor removal, often followed by radiation or chemoradiation therapy. Recent advance-
ments in these techniques have improved survival rates. Effective treatment relies on a
multidisciplinary approach to optimize disease control while preserving oral function and
aesthetics [2]. Diagnosing oral squamous cell carcinomas (OSCCs) often faces delays due
to their generic symptoms, which can be mistaken for benign conditions. Additionally,
predicting treatment response is challenging because the tumor’s location and extent vary
widely. To address these issues, we propose a Model Checking-based approach [10] to facil-
itate early and automatic diagnosis of oral cavity tumors and predict treatment response
or prognosis. The absence of a training phase represents an important methodological
difference between the proposed framework and conventional Machine-Learning (ML) or
Deep-Learning (DL) approaches. In particular, the Model Checking-based strategy does not
estimate parameters from the available cohort and does not depend on train/test splitting
or iterative optimization. Therefore, it avoids some limitations typically associated with
training data-driven models on small datasets, such as unstable parameter estimation and
classical overfitting.

Our approach is evaluated through two tasks: first, we assess its diagnostic perfor-
mance by measuring its effectiveness in distinguishing between patients with oral cavity
tumors (classified as ‘sick’) and healthy individuals. Second, we validate its accuracy
in predicting treatment response using data from patients identified as sick in the initial
task. This innovative approach aims to enhance early diagnosis and improve prognosis
prediction for OSCCs. The results obtained from the methodology are promising, although
more validation will be carried out in future work. Nevertheless, thanks to the Formal
Methods [10], we are able to obtain models that can be readable even by medical spe-
cialists, who can get more information on the correlation between radiomic features and
clinical parameters.

2. Materials and Methods

In this section, we will discuss the proposed methodology. Broadly speaking, after
the dataset is collected, the images are manually segmented, and radiomic features are
extracted from them. First, we performed a feature selection step through an automatic but
human-supervised procedure, looking at the distribution curves of the two relevant classes:
healthy vs. pathological patients in the diagnostic tier, and treatment-positive vs. treatment-
negative patients in the prognostic tier. Second, we added the exact discretization criterion
of each feature into three bins for the patient-specific formal model. Third, each MRI slice
was encoded as a state of a finite-state transition system, and transitions represented the
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ordered progression from one slice to the next. Diagnostic and prognostic patterns were
expressed as modal p-calculus formulae, and the model checker verified whether each
patient-specific model satisfied the corresponding property. Satisfaction of the diagnostic
property was interpreted as the presence of radiomic patterns associated with OSCC,
whereas satisfaction of the prognostic property was used to identify patterns associated
with treatment response.

2.1. Dataset

For this retrospective study, we selected 18 patients, including 12 with histologically
confirmed diagnoses of OSCC, and six healthy subjects were used as controls. All par-
ticipants underwent head and neck MRI at the Radiology Department of the University
of Campania “Luigi Vanvitelli” between 2020 and 2023. The study group comprised
11 males and 5 females, all of white ethnicity, with an average age of 63 years. The inclusion
criteria were:

e  The presence of risk factors such as cigarette smoking and alcohol consumption;

e  The location of the tumor in the palate, hemipalate, hard palate, soft palate, tongue, or
gingival arch;

e Patients who, after receiving a positive pathology result, continued the treatment at
the same healthcare department where the initial MRI screening was performed.

We chose to acquire only the axial plane selected from the MRI dataset, and the T1
series was acquired after the administration of the paramagnetic contrast agent.

Of the patients who were diagnosed as sick, four underwent surgery. The remain-
ing part (8 patients) received radiotherapy treatment: four had a complete response to
treatment, one a partial response, and three, unfortunately, progressed with the disease.
Therefore, it was necessary to clinically monitor individual patients throughout the period
between diagnosis and complete recovery to diagnose any recurrence of the disease or the
onset of another pathology or harmful effects resulting from the treatment.

2.2. Model Checking

Model Checking [10] belongs to formal verification techniques, guaranteeing that a
system or model meets established properties. It involves examining whether a model
aligns with specified behavioral requirements or constraints. Its typical workflow includes
the following operations:

e  Model Building: The system is represented as a formal model (e.g., finite state ma-
chines or transition systems);

e  Properties Specification: A formal specification defines desired properties or require-
ments, e.g., properties expressed with temporal logic formulas;

e  Model Verification: These algorithms explore all possible states of the model and verify
whether specified properties hold;

o  Counterexample Generation: If a property is violated, the tool produces a counterex-
ample, aiding debugging.

In particular, in this work the verification was performed using a p-calculus-based
Model Checking framework, with temporal properties and the specification of recursive
temporal and modal properties over finite-state transition systems. Transitions encoded
the ordered progression from one slice to the next within the radiological examination.
Thus, each complete radiological study was represented as a patient-specific formal model
describing the spatial evolution of radiomic patterns across slices. The diagnostic or
prognostic rule was encoded as a p-calculus formula. The model checker verified whether
the formal model associated with each patient satisfied the corresponding formula. In
the first tier, satisfaction of the diagnostic formula was used to classify the patient as
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Medical image

pathological, whereas non-satisfaction indicated absence of the target tumor-associated
radiomic pattern. In the second tier, satisfaction of the prognostic formula was used to
identify radiomic patterns associated with treatment response.

2.3. Radiomics and Methodology

Radiomics [11] is a quantitative analysis of images that allows us to exploit what we
do not see through the naked eye. The radiomic workflow is composed of different steps,
such as Image Acquisition, definition of the Region of Interest, and Feature Extraction.

Specifically, starting from diagnostic images, the region of interest is defined, and the
radiomic features are extracted [11]. Some of these concern various statistical values such as
mean, median, standard deviation, maximum, and minimum, obtained from the histogram
of grey levels contained in the slices. These features are quantitative patterns that can help
in identifying disease marks. They are used to derive prognostic and predictive factors of
therapy response and to discriminate against malignant tissues from benign ones.

As Figure 1 shows, the proposed methodology combines Radiomics and Model.

Checking in a two-tier approach:

1. Inthe first tier, the goal is to classify healthy versus sick patients;
In the second tier, the goal is to use the patients recognized as sick in the first step to
predict the treatment response.

Property Definition

First Tier

[Feature Extraction]—»[Feature Selection

Diagnosis
Prognosis
Prognosis

Model Building

Tier

Model Checking

Y \ 4

True ‘ | False

Figure 1. The proposed methodology is divided in first tier for the classification of healthy vs. patients
affected by OSCCs, and in a second tier, for the classification of patients who had a positive response
to treatment.

According to the IBSI standard [12], from a medical image it is possible to extract
many different features, i.e., 107 features [12]. However, only a small subset can represent
the sample, while some of them might be unnecessary, introducing additional complexity
and noise to the analysis. For the above reasons, we perform the Feature Selection process
to collect the most representative features and to reduce useless noise and complexity
in image processing by analyzing the feature distribution curves for each category of
patient. For each radiomic feature, the value distributions were automatically computed
and compared between the two classes considered in each tier. Features showing clearer
separation between the distributions were selected as candidates for the formal models.
The final selection was supervised by domain experts of radiology and computer science,
who retained the most discriminative and interpretable features for the p-calculus formulae.
No fixed universal threshold was used, because the radiomic features have heterogeneous
scales and distributions. Given the small cohort, the selected features were not claimed
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as statistically validated biomarkers; rather, they were considered discriminative features
within this exploratory dataset.

At the end of the Feature Selection process, only four features are selected for each ra-
diomic class to eliminate excessive and redundant data that do not contribute to improving
the accuracy of predictive models but tend to decrease it.

Feature Selection is specialized for each tier, producing different discriminant features
for the diagnostic phase compared to the predictive one.

Once the most significant features are obtained, to build formal models, it is necessary
to feed these values into a discretization algorithm that divides them into intervals. In
this specific case, a discretization on three equidistributed levels (low, basal, and up) was
performed, all with the same size and computed as the difference between the maximum
and minimum values of the features, divided by the number of intervals. This discretization
process is done for each slice of the exam and for each chosen feature, as in the example
below for the Median, Energy, and Variance features.

slice 1 = low_median; low_energy; high variance
slice 2 = basal_median; low_energy; low_variance
slice3=...

After the discretization process, the chosen features are combined to build the formal
model, which mirrors the diagnostic exam. More in detail, the formal model is an abstrac-
tion of the medical image that can follow how radiomic features vary through the complete
diagnostic exam. To sum up, the formal model encloses the information in the medical
image. Thus, checking whether a specific behavior is exhibited by the formal model, e.g., a
particular disease arises in the image, is feasible through the formal property specification.
Formal properties express how the specific disease manifests itself in the medical image.
Precisely, a formal property reflects the combination of features in a particular sequence as
manifested in the diagnostic examination. Note that a formal property’s strength lies in its
inherited capacity to be expressed in temporal logic, allowing for accurately delineating
and capturing temporal and spatial relationships and behaviors within a system [13]. The
formal property enables the precise description of dynamic aspects, temporal ordering,
and the evolution of features or events over time. It provides a structured and rigorous
method to analyze and verify the behavior of a system leveraging temporal aspects. For
our purposes, different properties are defined, one for each tier of the methodology. We
will also test whether the property created for the diagnosis can be helpful in the treatment
response. The Model Checker tool achieves the clinical results by automatically verifying if
the knowledge included in the model exposes the behavior expressed by logical-temporal
properties [10]. Roughly speaking, its task is to check whether the formal models, created
from the transformation of the most significant features into a formal language, satisfy
certain properties related to a specific health state. Results of the first tier are shown in
Table 1.

Table 1. Diagnostic results reported for each considered feature class.

Feature Class Accuracy Precision Recall Specificity
FIRST 93% 89% 100% 83%
GLCM 86% 100% 75% 100%
GLDM 93% 100% 88% 100%

GLRLM 86% 80% 100% 67%
GLSZM 93% 89% 100% 83%
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In the second tier of the methodology, the analysis is carried out only on the diseased
patients, so the methodology ends for all patients classified as healthy in the first step by the
Model Checker. Conversely, if the patient shows typical patterns of oral cavity tumors, the
formal verification continues in order to predict the course of the disease and the response
to a specific therapeutic treatment. At this point, the 12 diseased subjects were divided into
patients who could eradicate the tumor following appropriate treatment, and patients in
whom the pathology reoccurred. Some subjects underwent only surgical therapy through
resection, while others also underwent systemic treatment.

2.3.1. Patient’s Treatment Response Identification Using the First Tier Formula

In the second step, we tried to use the diagnostic property (results are shown in
Table 2) to discover information about the patient’s treatment response. The aim is to verify
whether the same diagnosis formula contains information about the treatment, and hence,
it could correctly classify the response to treatment as well. Furthermore, this analysis was
designed to discover new treatment information from time 0 (t0) onwards, i.e., when the
patient has just been diagnosed. This could be advantageous in terms of reducing analysis
time. We created formal models with the features of FIRST, GLCM, GLRLM, and GLSZM.
The GLDM class was the better class, including Dependence Variance, Large Dependence
Emphasis, Large Dependence Low Gray Level Emphasis, and Small Dependence Low Gray
Level Emphasis.

Table 2. Results of the same diagnostic formula used to predict the response to treatment.

Feature Class Accuracy Precision Recall Specificity
FIRST 72% 62% 100% 50%
GLCM 67% 67% 67% 67%
GLDM 72% 64% 88% 60%

GLRLM 67% 57% 100% 40%
GLSZM 72% 62% 100% 50%

2.3.2. Patient’s Treatment Response Identification Using a New Prognostic Formula

Unfortunately, the property used for diagnosis needs to be more specific for classifying
treatment response. Therefore, we performed a new feature selection and, in collaboration
with radiologists, formulated a new formula to distinguish patients who responded well to
treatment from those who did not benefit. In particular, we exploited the FIRST, GLCM,
GLDM, GLRLM, GLSZM, and NGTDM classes; the results are shown in Table 3. In general,
the best performance was achieved by the GLSZM class, whose most important features
were Gray Level Non Uniformity Normalized, Gray Level Variance, Large Area Emphasis,
and Zone Variance.

Table 3. Results for formulae identifying the group of patients that exhibited positive responses to

the therapy.

Feature Class Accuracy Precision Recall Specificity
FIRST 67% 67% 100% 20%
GLCM 75% 78% 88% 50%
GLDM 50% 60% 75% 20%

GLRLM 75% 78% 88% 25%
GLSZM 75% 86% 75% 75%
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3. Results

Patient Diagnosis Classification. The first evaluation aims to assess the classification
performance of the proposed approach to distinguish healthy patients from those with oral
cavity neoplasms. Our approach aims to identify a set of discriminative and interpretable
radiomic features whose value distributions differ across predefined patient categories.
These features are then discretized and encoded into formal models specific to each patient,
allowing the properties of p-calculus to verify whether the radiomic model associated with
a given clinical class is present. The categories are healthy patients, composed of 6 patients,
and patients with OSCC neoplasm, consisting of 12 patients.

For the Feature Extraction step, the ROI coincides with the entire slice under examina-
tion. Thanks to the feature selection results, we decided not to include the feature classes of
NGTDM and SHAPE in the analysis.

An example of the type of p-calculus rule used in the Model Checking step. After
discretization, each selected radiomic feature is represented as a symbolic state variable.
For example, a simplified diagnostic property can be expressed as:

propl = uX.((fi_up A fo_basal A f3_low) V (prop2)X)

where f1, f», and f3 represent selected radiomic features and (prop2) denotes the transition
from the first MRI slice to the second and so on. This formula verifies whether, along the
ordered sequence of slices, there exists at least one state showing the specified radiomic
pattern (up, basal and low). If the patient-specific model satisfies the formula, the corre-
sponding diagnostic pattern is considered present and the patient is classified as affected
by oral cancer. The actual formulae used in the analysis were defined using the selected
feature combinations for each tier and feature class.

As displayed in Table 1, we reported the rule with the highest Accuracy for each
feature class. The best performance was achieved by the FIRST-order, GLDM, and GLSZM
features with an Accuracy of 93%. Precision was also considered, as it should be as close to
100% as possible, ensuring no false positives. In this way, the classifier will only identify a
patient as sick if it is sure that they are. Therefore, if the neoplasm is not yet diagnosable,
it is preferable not to transmit a falsely alarming message, thinking that the disease is
present when it is not. This way, healthy patients will only undergo necessary screening
and therapies to detect and combat the pathology, which would be useless and avoidable.

In Table 4, there is the Confusion Matrix with True and False Negatives, True and False
Positives of this first and second step.

Table 4. Diagnostic and Prognostic Confusion Matrix.

Tier Diagnosis (GLCM) Prognosis (GLSZM)

True Positives 9 6
True Negatives 6 3
False Positives 0 1
False Negatives 3 2
Accuracy % 83 75
Precision % 100 86
Recall % 75 75
Specificity % 100 75
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This methodology aims to achieve the lowest possible number of false positives
because, in such cases, the tool would erroneously indicate a positive treatment outcome,
which could lead to a falsely reassuring message suggesting the absence of pathology when
it is present. A false negative test result could prevent further diagnostic investigations
and appropriate therapies to fight a specific pathology. Nowadays, it is also known that a
delay in diagnosis or treatment can make a difference between life and death for the patient.
Therefore, as shown in Table 2, the GLCM features are selected as the most relevant, with
an Accuracy of 67%, compared to other classes that, although more accurate, showed a
higher number of FPs.

Patients’ Treatment Response identification using a New Prognostic Formula.

Results of Table 2 suggest we create a property specifically designed to accurately
identify and classify the classification of treatment response of patients affected by oral
cavity neoplasm in the database. Of these 12 patients, eight are labelled "Treatment Positive’,
i.e., the treatment had a beneficial effect on the oral cavity neoplasm. The other four patients
are labelled "Treatment Negative’, i.e., the treatment was ineffective.

As seen from the results in Table 3, the feature classes with the highest Accuracy are
GLCM, GLRLM, and GLSZM, all reaching an Accuracy of 75%. However, these results are
slightly lower than those obtained in the first diagnosis step, where the Accuracy reached
93%. However, the available dataset was more populated, so including additional subjects
with oral cavity tumors could help achieve higher performance in this second tier.

Here, the property is modified in the pattern values:

propl = uX.((fi_up A fr_basal A\ f3_up) V (prop2)X)

This formula verifies whether, along the ordered sequence of slices, there exists at least one
state showing the specified radiomic pattern (up, basal and low). If the patient-specific
model satisfies the formula, the corresponding prognostic pattern is considered present
and the patient is classified as Treatment Positive.

In Table 4, we reported the true positives, true negatives, false positives, and false
negatives, along with precision, recall/sensitivity, and specificity for the best-performing
feature class at each level. For the diagnostic level, the positive class corresponds to patients
with OSCC, while the negative class corresponds to healthy controls. For the prognostic
level, the positive class corresponds to patients with a positive response to treatment, while
the negative class corresponds to patients with a negative response to treatment.

These metrics are intended to provide a descriptive interpretation of the results rather
than formal inferential evidence, given the limited sample size of the cohort. In particular,
the diagnostic model based on GLCM features performed well, as it showed no false
positives, achieving 100% precision and specificity, although three patients with the disease
were incorrectly classified as healthy. At the prognostic level, the GLSZM-based model
achieved more balanced performance, with accuracy, recall, and specificity all at 75% and
one false positive.

4. Discussion

Oral cavity cancer is a malignant tumor that develops in the mouth, including the lips,
tongue, gums, palate, cheek mucosa, and floor of the mouth [14]. It can manifest as a lump
or an ulcerated lesion that does not heal, causing pain and difficulty speaking, swallowing,
or chewing. OSCC is the most common histology, and the main etiological factors include
smoking, tobacco use, excessive alcohol consumption, radiation, and human papillary
virus [3]. Other malignant tumors can arise from the epithelium, connective tissue, minor
salivary glands, lymphoid tissue, and melanocytes [2]. Diagnosing oral cavity tumors
can be complex due to several factors [15]. First, mild initial symptoms, such as oral
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cavity tumors, can present with mild or asymptomatic initial symptoms, such as small
lesions, ulcers, or changes in the color or texture of the tissues [16]. This makes it difficult
to recognize early signs and make an early diagnosis. Overlap of symptoms with other
conditions is possible because the visible clinical signs of oral cavity cancer can overlap
with other benign conditions, such as oral ulcers, traumatic lesions, or infections, making
accurate diagnosis challenging [17].

When the diagnostic delay exceeds one month, the risk of having an advanced-stage
oral cancer is significantly higher [18]. In most cases, the patient is responsible for a large
part of the diagnostic delay; however, delay can also be the result of an incorrect medical
approach by not suspecting an oral malignancy and not diagnosing and treating it promptly
and adequately [18-20]. Furthermore, the oral cavity is a complex anatomical area that
includes various structures such as lips, tongue, gums, palate, cheeks, and mouth floor.
There are many different types of oral cavity tumors, including squamous cell carcinomas,
melanoma, lymphomas, and sarcomas. Oral cancers belong to the type of OSCCs in more
than 90% of cases [3]; other tumors of the oral cavity include those of the salivary minor
glands, melanomas, and lymphomas [21]. Each type of tumor can present with distinctive
symptoms and characteristics, requiring specific diagnostic approaches.

To confirm the diagnosis of an oral cavity tumor, complementary diagnostic tests
such as biopsy, histopathological examinations, diagnostic imaging such as CT or MRI (as
shown in Figure 2), and in some cases, specific laboratory tests such as DNA testing or
immunological examinations, may be necessary [22]. These tests may require time and
specialized skills to perform and interpret correctly. Due to the complexity and diverse
clinical presentations of oral cavity tumors, it is crucial to involve a multidisciplinary
team of specialists, such as oncologists, pathologists, radiologists, surgeons, and dentists
specialized in oral surgery, to obtain an accurate diagnosis and appropriate treatment
plan. Early diagnosis of oral cavity tumors is crucial to increase the chances of successful
treatment and improve patient prognosis.

Figure 2. Images show example of the oral cancer inside yellow circles. The axial view (left image)
shows the heteroplastic formation of the right hard palate which extends to the floor of the maxillary
sinus and the nasopharynx; coronal view (right image) shows the absence of cleavage plane with the
pterygoid muscles and the muscles of the upper lip.

In recent years, Artificial Intelligence (AI) approaches have gained attention as a means
of improving image-based diagnosis [23]. Machine Learning (ML) and Deep Learning (DL)
are two subsets of Al, which, although the terms are sometimes used interchangeably, have
some crucial differences. Briefly, ML algorithms typically require an accurately categorized
data input. In contrast, DL networks rely on layers of artificial neural networks to generate
their categories by identifying edges (differences) within layers of neural networks when
exposed to many data points. Therefore, although both subsets of Al are “intelligent,”
DL requires much more data than a traditional ML algorithm. ML performs better with
fewer data sets clearly labeled or structured about a gold standard or specific interest
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criteria [24]. As a result, researchers have integrated image processing, pattern recognition,
ML, and DL methods to develop CAD for oral cancer diagnosis. The literature suggests
that automated quantification of an oral cancer diagnosis reduces grading conflicts between
pathologists [25]. The major advantage of such technologies is the time reduction in the
load of manual visualization of slices. They also assist pathologists in fast decision-making
with better accuracy. Computerized image analysis of tissue slices can obtain information
that may be missed with traditional viewing [26]. Precise and accurate histological findings
are necessary for early diagnosis, classification, prediction, and specific treatment planning
for OC [27]. Various reports have been published describing the application of Al in the
early diagnosis, prognosis, and classification of OC [28-31].

Recent ML approaches have reported promising results for oral cancer classification.
For example, Al-Batah et al. [32] reviewed and compared several data mining and ML
methods, including Neural Networks, K-Nearest Neighbors, Support Vector Machines, and
ensemble learning techniques, for oral cancer diagnosis and prognosis. In their analysis,
Neural Networks achieved the best reported classification performance, with an accuracy
of 93.6%. In comparison, our Model Checking-based radiomic framework achieved a diag-
nostic accuracy of 93%, which is comparable to the best ML-based performance reported
by Al-Batah et al. [32]. However, the methodological assumptions of the two approaches
are substantially different. Their approach relies on ML models, feature selection, dimen-
sionality reduction, and data-driven classification, whereas our method does not require
a training phase or parameter optimization. Instead, radiomic features extracted from
MRI are discretized and encoded into patient-specific formal models, and the classification
is obtained by verifying p-calculus formulae. Therefore, our contribution lies not only
in achieving comparable diagnostic performance, but also in providing an explainable,
training-free framework suitable for small-sample radiomic studies.

Even Deep Learning has recently been proposed as a promising tool for improving
the diagnosis of oral cancer. Varalakshmi et al. [33] discussed its potential to transform the
care of oral cancer by supporting early diagnosis and clinical decision-making, reporting
accuracy values ranging from 85% to 100%, although the available studies are highly
heterogeneous in terms of imaging modalities and framework structure. Our approach
differs substantially from these DL- and ML-based methods. Furthermore, while DL
systems often require additional explainability techniques, the proposed framework of
Formal Methods provides explicit logical rules that can be examined and discussed with
clinical experts. In this context, our diagnostic accuracy of 93% falls within the performance
range reported by DL studies in oral cancer, while our prognostic accuracy of 75% should
be considered preliminary.

The Formal Methods-based methodology offers several advantages, including the
absence of an initial training phase, which is often time-consuming and resource-intensive
in conventional models. Our approach can also be applied to small datasets due to the
lack of a training phase, making it particularly useful for analyzing rare diseases where
the dataset consists of a small number of patients. The software does not undergo a
learning process from a dataset, as is typical in many Al techniques. Instead, all the
domain-specific knowledge and expertise of the radiologist is explicitly encoded into
the properties and logical rules used by the formal verification environments to classify
patients. Thus, our approach eliminates the need for a separate training phase, where
models learn patterns from a labelled dataset. By explicitly defining the representative
characteristics and properties that constitute the condition of interest, the expertise of
radiologists becomes an integral part of the reasoning process of the software. This tight
integration of human knowledge into the core logic of the software ensures that the analysis
is closely aligned with established clinical practices and standards and makes the tool more
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reliable. However, our approach is only partially automatic, as it requires the involvement
of a domain expert to define the representative pattern of the OSCC to be found in the
formal model. It is important to note that Al tools cannot replace the clinical expertise of
healthcare professionals. Instead, Al techniques should be seen as complementary tools
that aid in early diagnosis and treatment decision-making [25].

Limitations

The reported performances should be interpreted as preliminary results. The cohort
included only 18 subjects in the diagnostic tier and 12 OSCC patients in the prognostic
tier, all recruited from a single Italian institution. Therefore, the selected radiomic features
and formal properties may be influenced by local acquisition protocols, scanner-related
factors, segmentation procedures, and population characteristics. Consequently, the present
results should be considered preliminary feasibility findings. Larger, multicenter, and
externally validated cohorts are required to assess the reproducibility and transferability of
the proposed approach across different clinical settings.

However, we would emphasize that the proposed methodology differs from con-
ventional ML approaches by not involving a training phase. The formal models and
temporal-logic properties are not learned from the dataset via parameter optimization;
rather, they are explicitly defined via radiomic feature selection, discretization, and domain-
driven formal specification. Therefore, the small sample size does not affect the method
with respect to training instability or overfitting.

Regarding the involvement of experts in defining the clinically meaningful properties
of u-calculus, this represents a strength in terms of interpretability, since the final rules
can be reviewed and discussed with clinicians. Second, the construction of patient-specific
formal models and logical properties introduces modeling complexity, especially for those
unfamiliar with Formal Methods. Conversely, however, they have a mathematical structure,
which makes them extremely straightforward for the computer science expert to manage.

5. Conclusions

Radiomics, which involves extracting and analyzing quantitative data from medical
images, can provide valuable insights into the characteristics of oral neoplastic lesions.
By combining this approach with Formal Methods, which involve rigorous mathematical
analysis of systems, researchers can enhance the accuracy of diagnostic processes and
enable early detection of abnormalities.

One of the key advantages of this combined approach is its ability to produce reliable
results even when working with small datasets. Unlike ML-based systems, which often
require large amounts of training data to achieve high levels of accuracy, the MRI Radiomics
and Formal Methods approach can yield meaningful insights from limited sample sizes.
By leveraging the strengths of both MRI Radiomics and Formal Methods, healthcare
professionals can improve the efficiency and effectiveness of diagnostic and prognostic
processes for oral neoplastic lesions with a respective accuracy of 93% and 75%. This
integrated approach can help identify potential abnormalities at an earlier stage, leading to
better patient outcomes and potentially saving lives.

Therefore, the reported prognostic accuracy should be considered preliminary and
not yet sufficient to support definitive clinical conclusions. Further studies involving larger,
multicenter, and independent cohorts are necessary to validate the reproducibility, general-
izability, and clinical utility of the proposed prognostic formal properties. Nevertheless, the
present results suggest that combining MRI Radiomics with Formal Methods may provide
an explainable and training-free methodological framework that is particularly suitable for
small-sample settings and worthy of further investigation.
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