Web Based Application for Early Detection of Thyroid Disorders in Nigeria
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Abstract
Thyroid problems are also common in Nigeria as it is in other parts of the world. This study presents a web application for early detection of thyroid disorders utilising the most effective machine learning model. The frontend was developed using HTML, CSS, JavaScript, and jQuery. HTML structured the web content, CSS managed layout and style, and JavaScript (aided by jQuery) enabled dynamic interactions and form submissions and the backend was developed using MYSQL. The design was made responsive for compatibility across various devices. The prototype allows real-time risk classification based on multiple health factors, including dietary habits, and displays actionable results. The web prototype offers a real-world implementation of the thyroid risk prediction model.
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1.0
INTRODUCTION

Thyroid gland disorders represent a significant public health challenge globally, with a particularly pronounced burden in low- and middle-income countries like Nigeria, where healthcare resources are often limited, and diagnostic delays exacerbate disease outcomes. The thyroid gland, a small endocrine organ located in the neck, plays a critical role in regulating metabolism, growth, and development through the production of hormones such as triiodothyronine (T3) and thyroxine (T4), controlled by thyroid-stimulating hormone (TSH) from the pituitary gland (Baloch et al., 2022). Disorders of the thyroid, including hypothyroidism, hyperthyroidism, goiter, and thyroid cancer, arise from disruptions in this delicate hormonal balance, leading to a spectrum of clinical manifestations ranging from fatigue and weight changes to life-threatening cardiovascular complications and malignancy (Kareem et al., 2024). In Nigeria, the prevalence of thyroid disorders is estimated to range between 15% and 20% in the general population, with higher rates in specific regions due to environmental and dietary factors (Ogbera et al., 2023). This high prevalence, coupled with limited access to advanced diagnostic tools and low public awareness, underscores the urgent need for innovative approaches to improve early detection and risk stratification.

Nigeria, as Africa's most populous nation, faces unique challenges in addressing thyroid disorders. The country's healthcare system is characterized by a shortage of specialized endocrinologists, limited availability of diagnostic imaging such as ultrasound, and inconsistent access to laboratory tests for thyroid function (TSH, T3, T4) and autoantibodies (anti-thyroid peroxidase [anti-TPO], anti-thyroglobulin [anti-Tg]) (Afolabi et al., 2022). Furthermore, socioeconomic barriers, including poverty and inadequate healthcare infrastructure in rural areas, hinder timely diagnosis and treatment. For instance, fine-needle aspiration cytology (FNAC), a critical diagnostic tool for evaluating thyroid nodules, is primarily available in tertiary hospitals located in urban centers, leaving rural populations underserved (Kareem et al., 2024). These systemic challenges contribute to late-stage diagnoses, particularly for thyroid disorder, which has seen a rising incidence in Nigeria, with papillary thyroid carcinoma accounting for approximately 53% of cases (Ogbera et al., 2023). Environmental and dietary factors play a significant role in the epidemiology of thyroid disorders in Nigeria. Iodine deficiency, a leading cause of goiter and hypothyroidism, remains prevalent in certain regions, particularly in the northern parts of the country where soil and water iodine levels are low (Afolabi et al., 2022). Despite efforts to promote iodized salt consumption, compliance remains inconsistent, with studies reporting that only 60% of households in northern Nigeria use adequately iodized salt (Yusuf et al., 2023). Additionally, the widespread consumption of goitrogenic foods, such as cassava, a staple in many Nigerian diets, further exacerbates thyroid dysfunction by inhibiting iodine uptake and thyroid hormone synthesis (Ogbera et al., 2023). Cassava, rich in cyanogenic glycosides, releases thiocyanate, which competes with iodine in the thyroid gland, leading to goiter formation, particularly in iodine-deficient populations (Afolabi et al., 2022). Other environmental factors, such as exposure to radiation from natural or medical sources, and genetic predispositions, including autoimmune thyroid diseases like Hashimoto’s thyroiditis and Graves’ disease, also contribute to the burden of thyroid disorders in Nigeria (Kareem et al., 2024).

Machine learning (ML) has emerged as a transformative tool in healthcare, offering the potential to address diagnostic gaps in resource-limited settings like Nigeria. ML algorithms, such as Random Forest, Support Vector Machines (SVM), and Neural Networks, can analyze complex datasets, including clinical, demographic, and environmental variables, to predict disease risk with high accuracy (Alyas, 2022). In the context of thyroid disorders, ML models have been successfully applied globally to classify patients as having hypothyroidism, hyperthyroidism, or thyroid cancer based on laboratory results, imaging features, and patient demographics (Baloch et al., 2022). For example, a study by Alyas (2022) demonstrated that a Neural Network model achieved an F1-score of 0.92 in classifying thyroid disease using TSH, T3, T4, and autoantibody levels. Similarly, Random Forest models have been shown to effectively handle high-dimensional data, making them suitable for integrating diverse features such as ultrasound findings and dietary patterns (Kareem et al., 2024).

In Nigeria, the application of ML to thyroid disorder risk assessment is particularly promising due to the ability of these models to work with heterogeneous and incomplete datasets, which are common in the country’s healthcare system. By incorporating locally relevant risk factors, such as iodine deficiency, goitrogenic diet, and socioeconomic variables, an ML-based classification model can provide a cost-effective and scalable solution for early detection (Yusuf et al., 2023). Such a model could prioritize patients for further diagnostic workup, reducing the burden on over-stretched healthcare facilities and enabling timely interventions. 

This paper focused on develop a web application for early detection of thyroid disorders utilizing the most effective machine learning model.

2.0 Related Works

Borissova   et al (2015) developed an algorithm for detecting Thyroid diseases based on the results of blood tests. The algorithm was implemented in a web based application with client-server architecture. Three-tier architecture is used to realize the user interface, business logic and computer data storage and data access. Using the document object model of the HTML and JavaScript make it is possible to create user interaction with the application. Interaction between JavaScript, HTML and CSS allows loading pages faster. The described web application to identify the thyroid disease has been tested in different browsers and on different operating systems and showed no errors in its work.  This work does not focus on Web Based Application for Early Detection of Thyroid Disorders.

Idowu et al. (2015) presented a system which was developed for population based cancer registry in Nigeria. This system is an online system with spatial features. The online spatial cancer registry for Nigeria was developed using Adobe Dreamweaver and Notepad++ as the Integrated Development Environments, HTML, CSS and JavaScript were used for the frontend, PHP was used as the scripting language, and MySQL with google map. The software used were open source which ensured that the application would be robust, reusable, cheap and highly scalable. The result of the developed system shows that health officers, policy makers and all other authorized stakeholders would be able to register, login, and run queries on information that has been previously entered into the system. With the system, the spatial distribution of cancer in any location in Nigeria can be easily visualized and query. Policy makers and authorized users would be able to visualize and query the system in order to take appropriate steps in addressing cancer in Nigeria. In conclusion, this system will help create national database for cancer patients and be able to analyse the spatial distribution of cancer and the system is user-friendly. This work does not focus on Web Based Application for Early Detection of Thyroid Disorders.

Idowu et al. (2017), developed an online population based periodontal disease surveillance system that allows for easy access to statistics of periodontal occurrence on real-time basis. The system was implemented using HTML, PHP and CSS while the database was implemented using MYSQL. The simple interface design proved to be user-friendly for all users that handled the system. The system will also go a long in solving the problem of poor health care system for periodontal patients as access to information and statistics of periodontal occurrence is made real-time. This study does not really focus on web application for thyroid disorder detection.

In Oture  et al(2025) , an automated system capable of classifying three thyroid conditions using five machine learning models and a deep learning model was developed . Resampling techniques, such as SMOTE oversampling and Random undersampling, are utilised to correct the issue of class imbalance in the dataset. Finally, a web-based application is developed utilising the most effective model, GBC, which facilitates easy classification of thyroid diseases. The experimental analysis showed that the Gradient Boosting Classifier (GBC), using oversampling techniques, achieved the highest level of performance in classifying thyroid diseases, obtaining an accuracy and F1-Score of 99.76%. This study does not really focus on web application for thyroid disorder detection.

Andreou   et al (2026), collected biomarkers and create a web-based application for detecting the disease through machine learning. The web application was created using Python and Random Forest algorithm was selected to train the existing dataset. Taking advantage of machine learning algorithms, the application provides users with a practical means for predicting immortality based on their blood tests. Although there are limitations that need to be addressed, representing a valuable tool for early diagnosis and management of Hashimoto's disease is required. This study does not really focus on web application for thyroid disorder detection.

3.0
Method 

In order to develop a web application for early detection of thyroid disorders in Nigeria, there are key stages used which are:
1. Model Finalization
The models machine learning comprise of Logistic Regression, Random Forest, Gradient Boosting, and Multilayer Perceptron were optimized and validated. Each trained model was exported using the Pickle library in Python.

2. Backend Setup using Flask
Flask was used to create a RESTful API with endpoints (e.g., /predict) to handle model inference. The saved models in Pickle format were loaded within the Flask environment, allowing the backend to receive user input, make predictions, and return responses.

3. Frontend Development
The frontend was developed using HTML, CSS, JavaScript, and jQuery. HTML structured the web content, CSS managed layout and style, and JavaScript (aided by jQuery) enabled dynamic interactions and form submissions and the backend was developed using MYSQL. The design was made responsive for compatibility across various devices.

Also, the process Workflow for Web-based Application is as follow.
1. User Input: Clinical data related to thyroid risk is entered into the web form.

2. Form Submission: Data is sent to the Flask backend via routing mechanisms.

3. Backend Processing: Flask processes the input and forwards it to the selected ML model.

4. Prediction: The ML model returns a result (e.g., "At Risk" or "Not at Risk").

5. Display: Flask sends the result to the HTML template for user display. 
The figure 3.1 illustrates the structure of the thyroid disorder web application using Flask.
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Figure 3.1: Structure of Flask Web Application
Bottom of Form

4.0
 Results and Discussion

The web-based applicable for thyroid disorder detection.The interface features a structured form input panel, where users provide required demographic, clinical, and lifestyle information (including diet), followed by a ‘Predict’ button that triggers the prediction process.

i. User Interaction- Users interact with the system through a clearly labeled form input section. The input fields correspond to features such as Age, Sex, TSH, TT4, T4U, FTI, medication history, and Diet pattern (0 – poor diet, 1 – balanced diet). Once the required information is entered, the user clicks the ‘Predict’ button, after which the system processes the input and displays a risk classification result in real time. 

ii. Functional Flow (Web Application) - the web application flowchart as illustrated in Figure 4.1 starting: 

a. Data Input: Users enter demographic, biochemical, and diet information in the form.

b. Predict Trigger: Clicking the ‘Predict’ button initiates model inference.

c. Backend Processing: The model, serialized into a .pkl file, is loaded through Flask, where inputs are validated and predictions computed using the pre-trained machine learning algorithm (Random Forest / Gradient Boosting).

d. Result Display: The prediction outcome (e.g., “Risk” or “No Risk”) is displayed to the user with supporting details.
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Figure 4.1: The Functional Flow of Web Application

iii. Significance and Application

This web interface demonstrates the practical application of the thyroid disorder risk classification model. Its simplicity ensures accessibility for users with varying technical expertise, including clinicians, patients, and researchers. Immediate feedback empowers healthcare professionals to assess thyroid risk factors, potentially aiding early diagnosis and facilitating timely intervention. The inclusion of dietary input in prediction further underscores the model’s holistic approach to thyroid health, acknowledging lifestyle as an influencing factor.

4.1
Web-Based Prototype Results for Prediction

Figure 4. 2 shows web-based application for Thyroid Disorder risk prediction and figure 4.3 illustrates the system output for a prediction scenario, displaying the user’s input alongside the model’s classification result.

ii. Example of User Input

· Age: 45

· Sex: Female

· TSH: 4.5

· TT4: 105

· FTI: 112

· Family History: Ye


Figure 4.2: Web-Based Prototype for Thyroid Disorder Risk Prediction


The model evaluates the inputs and returns “Positive Risk”, indicating that the patient is likely to have a thyroid disorder, while highlighting contributing factors such as abnormal TSH and medication history.

iii. Functional Flow

· Input and Submission: Users provide data and submit the form.

· Prediction Execution: Flask API calls the serialized ML model to compute results.

· Output Display: Prediction result is presented clearly, along with a summary of input factors influencing the risk classification.

iv. Significance and Application
The web prototype offers a real-world implementation of the thyroid risk prediction model. Healthcare professionals can leverage this tool for rapid patient screening, while patients can use it as a self-assessment guide. By incorporating dietary factors into the prediction, the system supports broader preventive care strategies.
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Figure 4.3: Web-Based Prototype Result Display for Normal Thyroid Function
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Figure 4.4: Web-Based Prototype Result Display for Abnormal Thyroid Function

4.2
 Prototype and User Interface Summary

The prototype allows real-time risk classification based on multiple health factors, including dietary habits, and displays actionable results. Figures 4.3 and 4.4 depict examples of positive and negative classifications. This integration of clinical and lifestyle data strengthens the predictive reliability of the model and its applicability for both clinical screening and patient self-monitoring.

Figure 4.5 displays the mobile app icon, representing a cross-platform tool for thyroid disorder risk assessment. This mobile application aligns with the growing trend of integrating AI-powered decision support into patient-centric health ecosystems.

i. User Interaction
The application interface offers a simplified data entry form with pre-labeled fields and drop-down options for categorical variables (e.g., Diet: Balanced / Poor). The Predict button instantly processes input and displays results on the same screen.

ii. Functional Flow (Mobile Application) as shown in Figure 4,30

· Launch App: User taps the Thyroid Risk App icon.

· Data Input: Enter age, biochemical values, and diet pattern.

· Prediction Execution: The app communicates with the backend API to compute predictions using the deployed model.

· Result Display: The output is presented as “Risk” or “No Risk”, with color-coded indicators for clarity.

iv. Significance and Application
The web-based implementation offers accessibility and convenience, empowering patients and clinicians to perform quick assessments anytime, anywhere. Incorporating diet as an input feature aligns the system with holistic health assessment practices, promoting early intervention and lifestyle optimization for thyroid management.
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Figure 4.5: The Functional Flow of Mobile Application
5.0
Conclusion
In conclusion, the predictive model was used to develop a web based application prototype for allows real-time risk classification based on multiple health factors, including dietary habits, and displays actionable results. This integration of clinical and lifestyle data strengthens the predictive reliability of the model and its applicability for both clinical screening and patient self-monitoring.

The system offers accessibility and convenience, empowering patients and clinicians to perform quick assessments anytime, anywhere. Incorporating diet as an input feature aligns the system with holistic health assessment practices, promoting early intervention and lifestyle optimization for thyroid management. The web prototype offers a real-world implementation of the thyroid risk prediction model.
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