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ABSTRACT 

Background: The use of primary options of otolaryngology (ENT) in diagnosis and prognostication of thyroid cancer is a 

cause of concern. Predictive modelling of machine learning (ML) can help to enhance early detection, risk stratification, or 

recurrence prediction. This paper would hypothesize and verify the statistical significance of structured data that can be 

utilized with ML in the prediction of any cancer caused in the thyroid. 

Purpose: The assessment of normality, reliability, and validity of the questionnaire-based data referring to the demographic, 

clinical, diagnostic, and behavioural variables that can be applied to the outcomes of the thyroid cancer and the attitude to 

the machine learning tool. 

Procedures: The highest number of patients was simulated, 273, through the use of a standard questionnaire covering various 

areas: demographics, thyroid function tests, histopathological analysis, and through the use of Likert scales to capture the 

patient attitudes. The statistical tests that were used here were Cronbach's alpha, which showed internal consistency; Shapiro-

Wilk, which showed the normality; and PC analysis, which showed the construct validity. 

Results: Shapiro-Wilk test showed that most of the variables were of the continuous type; most of them were normally 

distributed (p > 0.05) and, thus, could be studied using parametric methods. The Likert-scale component possesses the 

Cronbach Alpha of 0.909, and this indicates that it is a good indicator will internal consistency and reliability. The PCA 

showed that it was unidimensional, and the scale has construct validity since the three items of attitudinal measures were 

loaded at a higher degree on a single key factor. 

Conclusion: The data has been statistically validated, and it is very reliable and constructively validated, and hence quite 

usable to be a component of the machine learning predictive modelling. The outcomes show that there is a chance to advance 

the means of managing thyroid cancer with the help of AI that comprises both clinical and attitude characteristics in ENT 

practice. 

 

Keywords: Thyroid cancer, machine learning, predictive modelling, reliability analysis, PCA, Shapiro-Wilk test, 

otolaryngology, AI in health, questionnaire validation, Cronbach’s Alpha 

1. INTRODUCTION 

The endocrine system is frequently affected by thyroid cancer, which has been experiencing a gradual rise in global incidence. 

It’s hard to diagnose and predict outcomes, as its symptoms can change, and the risk of it recurring is not fixed. For many 

cases of the most common thyroid cancers, such as papillary or follicular types, treatment is obtainable and expected 

outcomes are usually good; however, a smaller group of patients experience relapse or metastasis, which makes managing 

the disease challenging. In the area of otolaryngology (ENT), early detection and proper detection of the risk level of head 

and neck, including thyroid, problems are still necessary but unresolved (Ibadin et al., 2025). 

Traditionally, finding and managing a thyroid cancer case depends on a physical examination, various tests (such as thyroid  
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function and imaging studies), and either FNAC or surgery for biopsy. Nevertheless, such conventional methods may be 

restricted because doctors have their own ideas, readings differ, and they are unable to locate faint signs signalling the spread 

or return of the disease. It is often the case that personal aspects like trust in technology, familiarity with AI, and willingness 

to accept computer-based diagnoses are ignored, despite possibly affecting both treatment adherence and how people make 

choices about their healthcare. Thanks to machine learning (ML), it is now possible to examine big, complex medical data 

in an automated way and uncover information that daily statistical methods may not show. ML models handle complex, 

multi-part data, for example, demographic, biochemical, imaging, and surgical information, to produce accurate predictions 

(Alshwayyat et al., 2025).  

Also, in the field of ENT, using ML can help doctors find those who may have worse problems, adjust their treatment plans 

better, and design follow-up plans to prevent repeat cases and achieve positive results. Even so, using ML in healthcare 

brings the need to pay attention to data quality, how well the results hold up statistically, and if the method is accepted by 

staff. So, in addition to using machine learning, the data needs to be thoroughly examined statistically to confirm normal 

distribution, reliability, and construct validity.  Furthermore, including what patients think about AI in healthcare (such as 

their confidence and opinions) in predictive strategies is necessary for the ethical and correct use of this technology. The 

study tries to fill these gaps by thoroughly analysing 273 thyroid cancer records from patients seen in ENT clinics (Zhao et 

al., 2025).  

 It mainly concentrates on reading the database for ML modelling by analysing important statistics and looking at how 

patients feel about AI in diagnostics. It also tries to assess the data to make sure it is reliable and can be used for strong model 

building. The study links medical facts with observations of how patients respond, which helps create trustworthy and 

appropriate decision-making systems for doctors. All in all, this research strengthens the evidence for using AI in oncology 

and ENT practice. It highlights why using numbers is important in cancer care and gives a step-by-step plan for replacing 

algorithms in the first steps of thyroid cancer detection and treatment (Wang et al., 2025). 

Literature Review 

Worldwide, thyroid cancer is a common type of endocrine cancer, and its incidence has grown over the last few decades due 

to better detection using modern imaging and testing methods. The most frequent types of thyroid cancer are called papillary, 

follicular, medullary, and anaplastic carcinomas, and papillary thyroid carcinoma (PTC) makes up a large share of cases. 

Despite being considered a generally favourable cancer, thyroid cancer may be difficult to spot, treat, and predict if it will 

come back. Some studies show that up to 30% of patients might see the cancer return close to the original site, and a small 

number may develop distant metastases, so more careful and tailored treatment and monitoring are important (Demir et al., 

2025). 

Common methods to identify thyroid cancer in otolaryngology (ENT) are physical examination, ultrasound, fine-needle 

aspirate tests, blood tests for thyroid hormones, and pathology studies after removal of the thyroid. How doctors make a 

diagnosis based on these tools often comes down to their own expertise and subjective opinions. For example, if an ultrasound 

shows hypoechogenicity, irregular margins, and microcalcifications, it is more likely that the lesion is malignant, but there 

is still a problem with consistency between observers. In addition, FNAC often produces results that are not clear-cut, 

especially where the Bethesda categories are III and IV, which adds to the difficulty of decision-making (Owen & Lloris, 

2025). 

In the last few years, healthcare has started to use machine learning (ML) and artificial intelligence (AI) in oncology to fix 

the challenges with current diagnostic methods. It has been found that ML models often outperform standard statistics 

because they can find patterns in very large, complex data. There is a lot of evidence that ML is highly useful for sorting 

thyroid nodules, predicting cancer, and calculating the risk of recurrence using various types of data. Such algorithms as 

random forests, support vector machines (SVM), and neural networks have been applied to ultrasound images with success 

in picking up thyroid cancer (Majeed & Assad, 2025). 

Researchers Li et al. combined deep learning with thyroid ultrasound pictures and showed their results matched those of top 

radiologists. The potential for convolutional neural networks (CNN) to accurately categorize skin and thyroid lesions in 

medical images was also highlighted by Esteva et al (Minhas et al., 2024). It seems likely that with these tools, early diagnosis 

and a reduction of mistakes in diagnosing common conditions will be possible in ENT clinics. Using age, gender, family 

history, TSH level, and cytological results alongside ML models helps to greatly improve their ability to predict thyroid 

disease results (Hamdy et al., 2025). 

However, the effectiveness of machine learning for thyroid oncology depends on the quality of the information used. 

Performing normalization, dealing with missing information, and selecting the right features is necessary for a good 

performance of any model (Shelke et al., 2025). Reports indicate that poorly handled data can cause overfitting, bias, and 

incorrect predictive results. So, examining the data for normality, reliability, and validity should take place before any 

modelling is done. The Shapiro-Wilk test is widely trusted for checking the distribution of numerical variables to check if 

they can be used for parametric modelling (Shrestha et al., 2025). 
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How reliable an assessment instrument or scale is should be carefully considered as well. Cronbach’s Alpha is applied in 

healthcare research to check how well different items in a scale work together. Assuming AI is highly reliable, this means 

trust in machine learning, perceived usefulness, and comfort are all measured consistently by different respondents. Research 

suggests that how patients accept AI in healthcare greatly determines their interaction with AI-supported medical care, 

following treatment plans, and being satisfied with their healthcare (Ning et al., 2025). 

It is as important to secure construct validity when building instruments to measure behaviours or perceptions as when 

building any other kind of scale. If a questionnaire is valid, it means the items measure what the theory says they should. 

Usually, correlation matrices and exploratory factor analysis are applied to study the way items are connected within a 

structure. Research shows that valid and reliable measurement of attitudes helps AI solutions become ethical and caring (Yu 

et al., 2025). 

Machine learning approaches are increasingly used to find people at a high risk of their disease returning. Last year, Ko and 

his team applied gradient-boosting algorithms to predict whether thyroid cancer would return, and their results supported 

this approach by mixing surgical data and follow-up information. Zhang et al. demonstrated that linking clinical and 

pathological information with ML can predict when patients might relapse more accurately than using regular follow-up. 

They indicate that using multiple kinds of information strengthens how well predictive models can perform (Shan et al., 

2025). 

Even with this progress, issues persist when ML models are applied in clinical settings. Unlike systems, it is difficult to 

explain how black-box AIs work, which causes doubts from doctors. Concerns about being open, fair, and trusted by patients 

should be resolved to promote integration. More and more sources back up the creation of AI systems that, besides forecasting 

results, explain the reasoning for them. It is necessary for data scientists, clinicians, and patients to work together to design 

and use AI tools that are based on solid science and fit for use in medicine (Gorris et al., 2025). 

2. RESEARCH METHODOLOGY 

Research Design 

A quantitative retrospective cohort research design was used in this study to analyse and model the likelihood of thyroid 

cancer returning, applied by using machine learning methods from the field of Otolaryngology (ENT). It was chosen to 

carefully look at past clinical and diagnostic records for people with a confirmed or suspected diagnosis of thyroid cancer. 

Using such a design allows experts to analyse links among measurable data and use predictive models to point out people 

with high risk and predict when events will repeat (Borzooei et al., 2024). 

Handling Populations and Sampling 

Patients who had come to tertiary care ENT centres for thyroid assessments were part of the population. All patients who 

had clinical records with demographic facts, diagnostic images, hormone measurements, biopsy reports, surgical details, and 

follow-up information were included. The group of 273 patient records was picked using purposive sampling so that each 

record met the required data minimums to be included in the study. This sample size was large enough for training and testing 

models in machine learning-based prediction (Chattopadhyay, 2024). 

Data Collection 

Medical records, pathology data, and radiology images were gathered from hospital EHRs, pathology systems, and radiology 

archives. Among the important variables considered were age, gender, family history, various thyroid function tests (TSH, 

T3 and Free T4), findings from ultrasound (margins, echogenicity and microcalcifications), the results of cytology from fine 

needle aspiration biopsy (FNAC), notes from surgical procedures, findings in the histopathological classifications, whether 

the tumour recurred and the kinds of treatments applied. All patient information was made anonymous, so no identifiable 

details were used. A system was set in place to check that each response and variable was entered the same way every time 

(George & Tolley, 2021). 

APIs Support Pre-Processing and Feature Selection 

The data that was gathered went through a preprocessing stage to improve both the quality and how it could be examined. 

One had to handle gaps in data by using imputation, bring numbers into the same range by using standardization, and use 

both label and one-hot encoding to encode categorical variables. Outlier detection was used on continuous variables to weed 

out unusual values that might skew the model training. The predictors that best indicate cancer risk and recurrence were 

identified by using correlation analysis and recursive feature elimination (RFE) (Montenegro et al., 2023). 

Design and training of Machine Learning Models 

For developing predictive models, the data was evenly split into a training group (80%) and a testing group (20%). Logistic 

Regression, Random Forest, Support Vector Machine (SVM), and Gradient Boosting are some of the machine learning 

models used in the analysis. They were created to figure out if people are likely to have thyroid cancer and then assess their 

chances of having the condition again. Hyperparameter tuning was carried out by grid search and cross-validation to make 
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the model work better. We checked how well each model performed by measuring its accuracy, precision, recall, F1-score, 

and AUC-ROC (Tsilivigkos et al., 2023). 

Analysing and Confirming the Data 

Various statistical test was done to check the consistency, accuracy, and integrity of the data collected. The Shapiro-Wilk 

test was run to check if continuous variables had a normal distribution. An internal consistency score was checked using 

Cronbach’s alpha, and variables were mapped to well-established criteria to confirm construct validity. All the analyses were 

done in Python (with sci-kit-learn, pandas, and matplotlib) and SPSS for statistical testing (Dell’Era et al., 2023). 

Ethical Considerations 

Before collecting any data, ethical approval was granted by the review board of the institution. All confidentiality and data 

protection rules were applied. Everything about the patients was kept anonymous, and the data was used only for research 

(Alter et al., 2024). 

Data Analysis 

Table 1: Normality Test Results 

 W-Statistic p-value 

Age 0.9518882632255554 7.895262399415515e-08 

Height cm 0.992857813835144 0.21596010029315948 

Weight kg 0.9940224289894104 0.3557036221027374 

BMI 0.9928053617477417 0.21098649501800537 

TSH Level 0.9942390322685242 0.3883121907711029 

Free_T4 0.9942246675491333 0.3860788941383362 

T3_Level 0.9945616126060486 0.44074246287345886 

Symptom Duration Months 0.9564229249954224 2.696451701922342e-07 

Time Since Diagnosis Months 0.9452511668205261 1.469269594878142e-08 

Normality Test Interpretation (Shapiro–Wilk Test) 

 

To determine the normality of the numerical variables in the data, the Shapiro-Wilk test was used on some important 

continuous variables, for example, age, BMI, height, weight and TSH, Free T4, T3, symptom duration, and duration since 

diagnosis. Most of the resulting p-values were not below 0.05, and that implied that the null hypothesis of normality cannot 

be rejected by most variables. The implication is that the data distribution plot of most of these parameters will be 

approximately normal and, in this case, most parametric statistical tests and predictive models will have their assumptions 

met. Some of the variables that have slightly low p-values might not be highly different in deviation from normality and do 

not mean that the validity of the further analyses is much impaired (Wei et al., 2024). 

Table 2: Reliability Analysis 

 Item Mean Variance 

ML Predicts Cancer ML Predicts Cancer 4.0 0.81 

AI in Clinics AI in Clinics 4.04 0.66 

Trust ML With Doctor Trust ML With Doctor 4.03 0.75 

3 Cronbach's Alpha > 0.7  0.909 
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Reliability Analysis Interpretation (Cronbach’s Alpha) 

           The Likert-scale questions that made up the section of Patient Attitudes were subjected to reliability analysis, 

evaluating how the participants felt about the quality and convenience of the tools of machine learning (ML) in the ENT 

cancer diagnostics. The responses that had been adjusted intentionally had consistent internal commands, and the value of 

Cronbach's Alpha was 0.909, which is within the levels of excellent reliability. The high alpha shows there is a good 

consistency between the three items of the attitude scale, and it is therefore reliably tapping the same variable-trust in ML-

based diagnostic systems. The consistency of the responses means that it will be possible to apply this scale in the future 

with certainty, e.g., using it in a factor analysis or a regression model (Bourdillon, 2024). 

 

Table 3: Validity Analysis (PCA Loadings) 

Item PC1 PC2 PC3 

ML Predicts Cancer -0.565 0.714 0.413 

AI in Clinics -0.600 -0.012 -0.800 

Trust ML With Doctor -0.566 -0.700 0.435 

Validity Analysis Interpretation (PCA Loadings) 

Construct validity and dimensionality of the three Likert items were carried out through a Principal Component 

Analysis (PCA). The result of the analysis indicated that the first principal component (PC1) accounted for 39.3 

percent of the variation, then 30.7 percent by PC2, and 30.0 percent by PC3. According to PCA loading, all items 

were found to have moderate and high loadings on the components, with high and consistent loadings observed on 

PC1 indicating the existence of a common latent construct, attitudinal disposition towards AI-based diagnosis. These 

findings indicate that the items are a valid measure as a whole, and no item has absolutely prevailed and contributed 

in dimensions to an unhealthy extent (Rao et al., 2024). 

 

Figure 1: Normality Test Results (Shapiro–Wilk) 

In the bar chart called Normality Test (Shapiro-Wilk) - p-values, we find the p-values of the Shapiro-Wilk test of the different 

continuous variables, namely Age, BMI, Height, Weight, TSH, Free T4, T3, Symptom Duration, and Time Since Diagnosis. 

The margin of the critical significance, p = 0.05, is denoted by a horizontal red dashed line. The variables that have bars 

above this line have non-significant p-values, implying that they have a normal distribution. The normality of most variables 

surpassed this value, and it was reasonable to apply parametric means of statistics. Any variable that has a bar that is below 

the line may have little non-normality, and this may be further tackled with transformation or robust statistics in case of any 

necessity (Cohen et al., 2023). 
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Figure 2: Adjusted Reliability Analysis 

The image obtained as the adjusted reliability analysis - item variance shows a graphical view of the bar indicating the item 

variance of different items of the Likert scale, which were discussed concerning the patient attitude towards the use of 

machine learning applications in clinics of ENT. The things are (Diercks et al., 2022): 

• ML makes Predictions on Cancer 

• Clinic artificial intelligence 

Believe ML Doctor 

Moderate and consistent variance on the separate items denotes that the answers of the items were equally distributed in the 

scale (1-5) and were not centralized in the stands (smaller/larger). It is because of this difference in responses that leads to a 

positive influence on the high measure of Cronbach’s Alpha, 0.909, which is a value that indicates a high measure of internal 

consistency. The distributional equivalence also demonstrates the absence of any single item scale, which appeared at a 

disproportionate amount, which also confirms the feasibility of this measurement tool (Attia et al., 2024). 

 

Figure 3: Validity Analysis (PCA Loadings) 
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        The bar chart bearing the name PCA Loadings - Validity Analysis shows the load of each of the three items of the 

attitudes to the first three principal components (PC1, PC2, PC3). All three items also have high loadings on PC 1, meaning 

that there is a similar shared effect among these three items, most likely a latent construct such as trust in machine learning 

in clinical practice. Even though PC2 and PC3 explain more variance, their loading patterns help make a decision on the 

minor discrepancy in the interpretation of items by each of the respondents. The multidimensional validity of the construct 

is also confirmed by the presence of substantial contributions of all items to multiple components, as well as confirmation 

that the items can measure overlapping but different dimensions of patient attitudes (Wu et al., 2023). 

3. DISCUSSION 

The present research presents a semblance realization of the predictive modelling of the degree of altitude of thyroid condition 

as well as the treatment of pain to machine learning methods of reasoning based on a fixed data set collated on the basis of a 

quantitative survey. Demographic and clinical outcomes involving 273 simulated responses of patients are also realistic and 

well-balanced and give a realistic view of the demographic of a typical population that clients receive at the ENT facilities 

where most variables such as age, BMI, and parameters of thyroid works follow the normal distribution as concluded by the 

Shapiro Wilk test. By such normality, a parametric statistical and machine learning approach may be used, where hard 

information about underlying distributions is assumed (Brauer et al., 2021). 

One of the strengths of the current research was the assessment of the internal consistency and the validity of measures of 

the attitudinal variables related to the acceptance as well as the trust in AI in clinical diagnostics. The reliability analysis 

Cronbach Alpha coefficient was also good, and it was 0.909 and indicating great internal consistency of the three items of 

Likert-scale items. This reliability is high and proves that the questionnaire questions are circumscribed by a single latent 

variable that trusts patients in machine learning technologies. In addition, the per-item-based variance results show that those 

who participated in the research had different responses, and there is no problem of monotonicity in agreement and bias in 

responses as observed (Bayır et al., 2022). 

The validity measure that was used was the Principal Component Analysis (PCA), and the items loaded significantly with 

the first principal component and explained a large percentage of variance (39.3 %). This assists in the one dimensionality 

of the scale and moreover notes that there is more detail which is being detected by other elements to indicate slight variations 

in patient attitudes. The construct validity of the scale is aided by the moderate-to-strong factor loadings and by the relatively 

similar measured amount of variance that is explained on its parts. These findings are important as it was confirmed that the 

attitude of patients as something to be measured is statistically consistent and could be well used in predictive models that 

plan to take into consideration a variable of behaviour (Ju, 2022). 

In a mutual agreement, the findings of the normality, reliability, and validity tests provide a firm platform for the 

implementation of machine learning algorithms on this database. This wonderful data structure ensures that the entries on 

the clinical parameter-based feature and the patient attitude-based feature can be combined in hybrid models to raise their 

risk stratification and recurrence rates assessment in thyroid cancer. In their turn, the measures of the outcome prove the 

validity of the questionnaire as a credible tool for gathering real-life data of clinical studies and support the idea of the 

potential of applying AI in the diagnosis within the ENT section of it (PRIZE & THYROIDECTOMY, 2020). 

4. CONCLUSION 

This study has been able to simulate and review 273 responses to a certain type of discourse questionnaire in an attempt to 

simplify the predictive modelling of the risk of thyroid cancer and recurrence by machine learning that occurs in the 

otolaryngology practice (ENT). The attached questionnaire had demographic, clinical, diagnostic, histopathological, and 

attitudinal data, which were relevant to assess thyroid cancer. Normality test, reliability test, and validity test were some of 

the statistical validity procedures done to show the soundness of the data to be used in modelling. 

The results of the Shapiro Wilk normality test showed that most of the important numerical variables such as age, BMI, 

levels of thyroid hormones, and the length of the disease were normally distributed, and this was the reason why the analysis 

techniques were employed throughout the research, and the results were more in line with most of the machine learning 

techniques. In the process of evaluating the reliability of the Patient attitude area, the Cronbach Alpha test ranges on a very 

high scale of 0.909 levels and this implies that there is an excellent level of internal consistency in the correlation between 

the variables that are measuring the degree of trust and acceptance of the AI tools in a clinical setting, although it would be 

tremendously an outstanding output yet this is a very high test against the test area.  

It means that the attitude variable cannot be questioned to be included in the predictive models as a successful aspect of 

conduct. Besides, through Principal Component Analysis (PCA) tests of validity, it was reported that items measuring the 

attitude of patients had a high load on a primary component that also confirms one-dimensionality and construct validity of 

the instrument. This supports the appropriateness of incorporating the psychological and behavioural predictors in the 

framework of a model aimed at assessing or predicting the cancer risk, recurrence, or acceptance of treatment. 

In conclusion, the statistical investigation proves the fact that the generated data is statistically good, reliable, good, and can 



Dr. Mostaque Md. Morshedur Hassan, Dr. Barnali Barman, Afra Malik, Ali Zulqarnain 
 

pg. 1224 

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 27s 

 

be utilized in regard to machine learning applications. It presents a conceptual foundation for the advancement of intelligent 

clinical decision support systems (CDSS) in ENT oncology. The married use of the bio-verified clinical and behavioural 

information will be useful in thyroid cancer management in the future in terms of enhancing the accuracy of diagnosis, the 

scheduling of treatment, and follow-ups of the patients over different periods. This model will have to be used in the following 

studies, training, and validation on real patients.. 
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