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ABSTRACT 

One prevalent endocrine carcinoma that affects the thyroid gland is Thyroid Cancer (TC). Thyroidectomy is still the principal 

therapeutic option, despite significant efforts to improve diagnosis. An effective procedure with no unnecessary side effects 

depends on an accurate preoperative diagnosis. A precise preoperative diagnosis may not always be ensured by the current 

human evaluation of Thyroid Nodule (TN) malignancy, because this TN maligancy is prone to errors. Medical Data Analysis 

(MDA) problems can be easily solved with the use of Data Mining (DM) algorithms. To find every problem in the dataset, 

DM helps with complex DA. With several techniques for classification, clustering, association, etc., DM offers significant 

assistance with thyroid datasets. Though there is enormous scope for clinical utility in applying Deep Learning (DL) 

techniques to predict and identify TC, their development and application present a number of difficulties. In order to find 

critical features and remove irrelevant, redundant, or noisy features, data pre-processing is necessary for DL approaches. 

This reduces the size of the feature space. Data collection (DC), data pre-processing, feature selection (FS), data 

classification, and performance evaluation are the five main stages of the suggested task. Initially, the Kaggle online 

repository is used to gather the DC, TC risk prediction dataset. This dataset mimics real-world TC risk factors and includes 

212,691 records with 23 features. Then, issues with Data Encoding (DE), data resampling, data normalisation (DN), and 

handling missing data are addressed by using data pre-processing techniques. Min-Max normalisation (MMN), also known 

as Min-max scaling, is used to perform normalisation. Boosting, the Synthetic Minority Over-sampling Technique (SMOTE), 

and Tomek links (BST) are effective data balancing techniques for addressing data imbalance problems. Finally, the 

Modified Grasshopper Optimisation Algorithm (MGOA) is used to choose appropriate features. For TC detection, the most 

pertinent features (an optimal reduced feature subset) are chosen using MGOA. The search space (SS) can be effectively 

explored and exploited by MGOA, a nature-inspired algorithm (NIA). The TN malignancy is then predicted by classifying 

the data using Convolutional- (LSTM) Long Short-Term Memory (Conv-LSTM).  This will enhance estimation and makes 

the parameters easier to understand. The final metrics utilised for assessing efficiency are Accuracy (AC), Specificity (SP), 

Precision (PR), Recall (R) or Sensitivity (SE), and the Area Under Receiver Operating Characteristic (AUROC) curve. 

According to the study of the results, the suggested model outperformed the other methods currently in use in terms of AC. 

 

Keywords: Thyroid Cancer (TC), Deep Learning (DL), Modified Grasshopper Optimization Algorithm (MGOA), 

Convolutional Long Short-Term Memory (Conv-LSTM), Synthetic Minority Over-sampling Technique (SMOTE), Data 

Mining (DM), Boosting, SMOTE, and Tomek links (BST), Area Under Receiver Operating Characteristic (AUROC), Feature 

Selection (FS), and Classification. 

1. INTRODUCTION 

Over the past three decades, TC has become more prevalent. One of the most common endocrine system malignant tumours 

is TC. Around 1% to 3% of all newly identified malignant tumours globally are TC [1]. From 2005 to 2015, the prevalence 

of TC increased by 5.5% yearly, according to the NIH's Surveillance, Epidemiology, and End Results Program (SEER) [2]. 

In USA, the prevalence of TC is still rising. According to the American Cancer Society's most current estimate, there will be 

roughly 2,230 TC-related fatalities and 43,800 new cases in 2022 [3]. The initial indication of TC, a solid tumour, is usually 

a nodule or mass in the thyroid gland at the front base of the throat. TC results from rogue cells multiplying too quickly for  
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the immune system to handle. Cancer is usually caused by changes or mutations in genes that disrupt the genes that control 

the function of cells. As a result, unchecked cell division and tissue invasion occur.  

In most cases, tumour metastasis (TM) significantly deteriorate the diagnosis of the individuals and may even be the primary 

cause of the patient's eventual death. Effective treatment and reduced damage can be achieved by treating ED (Early 

Detection) of the malignant TN before the cancerous cells in the thyroid gland spread [4]. One method for the ED of 

malignant TN is TC screening. 2 key methods for detecting TC: (1) Neck palpation as part of a physical examination. (2) 

Both palpable and nonpalpable nodules, particularly those with a diameter of less than 1 cm, can be found using 

ultrasonography (US). The most important therapeutic procedure for identifying the features of TN is US. These features aid 

in the nodules classification as either benign or malignant. 

Papillary TC (PTC), follicular TC (FTC), medullary TC (MTC), and anaplastic TC (ATC) are the four histological forms 

that are typically included in TC. FTC and PTC make up 95% of TC, despite the fact that there are numerous additional types 

of TC [5]. As a result, there is a great deal of variation in the prognosis of TC patients. Of the TC, 99% are DTC, and 96% 

come from follicular cells. The primary treatments for DTCs include radioactive iodine remnant ablation, surgery, and TSH 

suppression therapy (levothyroxine), particularly PTC. Currently, surgery is the main therapeutic option, though customised 

care is depending on the type of lesion [6]. 

Differentiating among benign and malignant TN is one of the surgical operation's main goals. A seamless procedure, fewer 

unwanted side effects, and a lower chance of post-operative recurrence are all made possible by an appropriate preoperative 

diagnosis. In order to prolong the survival duration, it also aids in the selection of thorough post-surgery treatment [7]. As a 

result, using thyroid US, blood tests, and other fundamental medical data to create precise treatment and prognosis is 

essential. As of right now, radiologists' and surgeons' clinical expertise plays a major role in diagnosing malignant nodules 

(MN). Human judgement is frequently laborious and prone to mistakes. To help with medical decisions and cut down on 

labour, researchers must find prediction models (PM) that are accurate and comprehensible.  

Over the past several years, TC research has advanced. Further analysis is required in light of the treatment's intricacy and 

difficulties. Methods that characterise clinical functions, such the DM approach, could be used for these analyses. The process 

of extracting information from difficult data using innovative approaches is known as the DM methodology. Medical 

management and health quality could be enhanced by the new science. In order to build and implement a decision-supporting 

system (DSS), all useful variables are realised through the application of computer skills and DM methodologies [8]. For the 

accountable health services, survival prediction is crucial because TC treatment is costly and taking a long time. 

Tasks like learning, environment feature detection (FD) for self-driving, and clinical applications, by the utilization of 

Artificial intelligence (AI) has significantly improved in recent years due to algorithmic advancements in machine learning 

(ML). One class of algorithms used in ML is called an artificial (NN) neural network (ANN). Without the use of preset rules, 

the meaningful relationships are generated by ANN, as it has the potential to detect patterns and learn from inputs and outputs. 

ANN are compared with classical statistical modelling used in some of the more recent cancer prognostication applications. 

Furthermore, in terms of pattern recognition (PR) and classification, ANNs perform better than classical statistical modelling. 

Additionally, there is a strong correlation between the amount of training data and the ANNs' performance. To generate 

relevant results to feed the subsequent layer, ANN models are built in layers to learn progressively higher-dimension (HD) 

and distant representations of the input data [9]. Previous studies have created statistical frameworks for predicting the 

prevalence of MN based on a range of datasets. The complex, nonlinear (NL) relationship between clinical and demographic 

factors was disregarded by those models, which mostly used descriptive statistics or Logistic Regression (LR) [10–11]. The 

uncertainty in the PM was not taken into account by other ML-based models, which merely offered point estimation of the 

model performance. 

Traditional ML drawbacks, especially simpler ones, are generally computationally less expensive to train. ML can sometimes 

struggle to generalize well to unseen data, meaning they may not perform as well on new data as they do on the training 

data. In HD DA, FS has become a typical method to overcome the high input dimensionality and relatively small sample 

sizes. Although deep learning (DL) methods for TC detection and prediction have a lot of promise for clinical use, their 

development and use are filled with difficulties. In order to discover critical features, remove irrelevant, redundant, or noisy 

features, and minimise the size of the feature space, data processing is necessary for DL approaches. Their main features are 

not entirely independent of one another, but rather have intricate relationships with one another. Optimisation is the method 

of selecting the best response from a variety of possible solutions because of the problems with these approaches. 

Determining the optimal subset while maintaining classification accuracy is the primary objective of FS technique, which 

ideally searches among feature subsets. It is essential to give the health sector more attention and in developing novel 

strategies for ED of cancer to lower the mortality rate from this disease. Conv-LSTM and FS based on MGOA were 

introduced in this work for TC classification. 

In this paper, suggested a Conv-LSTM DL framework to predict nodule malignancy accurately. Firstly, data collection, TC 

risk prediction dataset is collected from Kaggle online repository. This dataset simulates real-world TC risk factors and 

includes 212,691 records with 23 features. Secondly data preprocessing, Min-Max normalization (or) Min-max Scaling 
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algorithm for normalization. BST to deal with missing values (MV). Thirdly FS; suitable features are selected by using 

MGOA. In order to identify the TC, the most pertinent features, an ideal reduced feature subset, were chosen using MGOA.  

Then data classification, Conv-LSTM to predict the thyroid nodule malignancy to achieve both better estimation and clearer 

interpretation. AC, R or SE, PR, AUROC, and SP are the final metrics used to evaluate performance. The publicly available 

benchmark data from the Kaggle online repository have been taken into consideration to evaluate and contrast the 

appropriateness of the recommended method with the other approaches that are already in use. 

The following is how the paper processes: An overview of relevant research on TC prediction using several classifiers and 

hybrid techniques is given in Section 2. The suggested system and some performance metrics are then described in detail in 

section 3. Section 3 provides an explanation of the DC procedure, data pre-processing, FS, and data classification techniques. 

The system's implementation and outcomes are detailed in Section 4. Section 5 concludes with a brief discussion and some 

suggestions for further research. 

2. LITERATURE REVIEW  

This section lists and analyses the various TC detection models that use ML and DL models. Based on the study, a novel 

framework is designed to address the core problems in TC detection and classification. 

To predict survival in TC, ANN, LR, and Multi Layer Prediction (MLP)were utilized by Jajroudi et al. [12] . These outcomes 

were compared and survival in TC was predicted using ANN and LR. Data from the SEER site was gathered. Based on 

evidence and radiation oncologist supervision, effective features of TC have been chosen. Following data reduction (DR), 

16 features were examined in 7706 samples. Survival was estimated for one, three, and five years using MLP as the selected 

NN. The model was evaluated using the parameters AC, SE, and SP. The results were comparable to those of statistical 

models, suggesting that ANN might effectively serve as an appropriate approach of survival prediction in TC patients. 

A Support Vector Machine (SVM) for early TC detection and treatment was created by Jain et al. [13]. An SVM approach 

based on ML has been used to classify the cancer kinds in thyroid disease. One of the most effective methods in this field is 

the multiclass (MC) SVM. Using the SVM approach and the ML datasets supplied by the University of California Irvine 

(UCI), the created AI model has been assessed (trained, tested, and validated). The SVM-based final AI model exhibits 

higher PR, R, f1-score, and AC. One of the most common forms of cancer is TC. ED of it is quite challenging. Due to its 

extensive support for Python and its libraries, Google Collaboratory has been used for implementation. 

An eXtreme Gradient Boosting (XGboost) and Association Rule Digging with Dynamic Thresholding and Weight 

Optimization (ARDdtwo), Association Rule Digging by constructing a dynamic threshold model (ARDcdt) and Self-

optimizing Component Importance Measurement model (SoCIM) for prediction method for TC was suggested by Jia et al 

[14].  ED of the TC using a bi-dimensional substratum information mining model based on ARDdtwo. SoCIM for 

quantitative analysis and ARDcdt for qualitative analysis make up this integrated assessment framework. To solve the 

distributional bias issue, the temporal and spatial features of sparse data are considered by ARDcdt.  

To further identify High-Risk Low-Frequency (HRLF), new importance diagnostic computations were created. The SoCIM 

can determine the relative weight of each component by assessing its level of risk in the overall system using the Risk 

Enhancement Level (REL) and Risk Reduction Level (RRL). It recognises the weight setting's self-adjustment and 

optimisation. At last, an empirical investigation was used to validate the model. The assessment of the research project 

demonstrates that better outcomes, including PR, f1-score, and AC, were attained. The model's total Area Under the Curve 

(AUC) was 0.882. This demonstrates the suggested model's suitability for real-world uses. It can lower the cost of tests and 

make the pathological procedure simpler for patients. The Third Xiangya Hospital submitted medical examination data for 

11 provinces in 2021 for this study.  

Using a large dataset of several clinical factors, a ML model for the detection of TC has been suggested by Vu et al. [15]. To 

predict the existence of cancer, several ML algorithms were trained and assessed. The suggested results showed a noteworthy 

accomplishment, with the produced system attaining a roughly greater AC. This is a significant advancement over current 

diagnostic techniques and highlights how ML can help physicians detect TC more accurately and effectively. To confirm the 

suggested model's clinical usefulness and generalisability, more improvements and prospective research are required. The 

suggested study demonstrates how ML techniques have great promise for enhancing patient outcomes and TC detection.  

To find TC mutations early, Shah et al. [16] offer Deep (EL) Ensemble Learning (DEL) techniques such LSTM, Gated 

Recurrent Units (GRUs), and Bi-directional LSTM (Bi-LSTM). The model is trained with 633 samples collected from 

individuals of various demographics, containing 969 mutations across 41 genes. The dataset was obtained from 

asia.ensembl.org and IntOGen.org. Techniques such as Hahn moments, core moments, raw moments, and other matrix-based 

approaches are all included in feature extraction (FE). Three testing techniques are used in evaluation: the 10-Fold Cross 

Validation (FCV) Test (10-FCVT), the Independent Set Test (IST), and the Self-Consistency Test (SCT). Higher AC in the 

IST indicates that the suggested EL framework executes better. For a thorough assessment, statistical metrics such training 

AC, testing AC, R, SE, SP, Mathew's Correlation Coefficient (MCC), loss, training AC, F1 Score, and Cohen's kappa are 
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used. 

For TC detection, a Bi-Directional Recurrent NN (Bi-RNN) was suggested by  Begum et al. [17] . Utilising data gathered 

from the University of California, Irvine ML repository (UCI) store, the investigation and classification models are being 

used in the thyroid disease. In order to understand difficult learning tasks, like therapeutic conclusion and prognosis 

assignments, it is essential to ensure a traditional database that may be explored and used as a cross breed demonstration. To 

predict the assessed risk of a patient developing thyroid disease, ML Calculations Bi-RNN was used. The True Positive (TP) 

Rate (TPR), False Positive (FP) Rate (TPR), AC, PR, and R are the performance metrics. 

A method for ED of the TC diagnosis called Bagged Classification and Regression Trees (Bagged CART) was developed 

by Çiçek and Küçükakçalı [18]. The study's data set consisted of 724 patients who applied to China Median University 

Shengjing Hospital between 2010 and 2012. For every patient who had a thyroidectomy, the collection includes data on 

blood test results, US characteristics, demographics, and nodule malignancy. The modelling technique known as Bagged 

CART was used with this publicly available data set. F1-score, Accuracy (ACC), Balanced Accuracy (BACC), Positive 

Predictive Value (PPV), Negative Predictive Value (NPV), SE, and SP were the performance metrics used to evaluate the 

model's predictive performance. Additionally, the model's validity was assessed using the 10-FCV approach. The degree to 

which the input factors affect the output variable was also determined by establishing variable importance. From the 

outcomes, is clear that the Bagged CART model was successful in detecting TC. These findings will enable the condition's 

decision-making process to proceed more quickly, which will improve the effectiveness of therapeutic procedures. 

For the diagnosis of TC, the SMOTE, Principal Component Analysis (PCA), StratifiedKFold (SKF), and GridSearchCV 

(GSCV) were utilized by Reddy et al. [19]. The class imbalance and high-dimensionality, the system incorporates SMOTE 

and PCA. Additionally, SKF and GSCV are utilized for optimization and validation, ensuring robust model performance. 

The integration of domain-specific features leveraging expert knowledge further improves model efficacy. Model 

performance is improved through feature engineering, comprehensive data pre-processing, and hyperparameter (HP) tuning. 

The ensemble approach outperforms individual classifiers, achieving a higher accuracy, F1-Score. These outcomes highlight 

the efficiency of advanced ensemble techniques in improving thyroid cancer diagnosis and offer a promising direction for 

future advancements in medical diagnostics. 

To predict Differentiated TC (DTC), the SMOTE for Nominal and Continuous (SMOTE-NC), Regularised Class Association 

Rules (RCAR), Classification Based on Association Rules (CBAR), and Binomial LR (BLR) were suggested by Firat Atay 

et al. [20] . Pre-processing, classification, and DC are the suggested work steps. The first publicly available dataset includes 

13 clinicopathological features and 550 DTC samples gathered over a 15-year period. Next, the class imbalance in recurrence 

status was addressed using SMOTE-NC. A hybrid model was created by fusing association rule mining with classification 

algorithms. RCAR and CBAR, two relational classification techniques, were used. Independent predictors of recurrence were 

examined by BLR. The model's performance was evaluated using the F1 score, PPV, NPV, AC, SE, and SP. By obtaining 

higher AC, SE, and F1 scores, the suggested RCAR model outperformed the CBAR model. In DTC management, the model 

efficiently identifies high-risk people, enabling customised follow-up tactics that may enhance patient outcomes and 

maximise (RA) resource allocation. 

To examine a SEER database that contained clinical data from de-identified TC patients,  a Fisher's discriminant ratio, 

Kruskal-Wallis' analysis, and Relief-F was suggested by Mourad et al. [21] . 34 distinct clinical factors, including the patient's 

age at diagnosis and lymph node information, were covered by the data. These clinical features were used to develop a 

number of novel classifiers that distinguished between patients who survived at least five years after diagnosis and those 

who did not.It has been shown that unspecialised and current clinical record can be consistently transformed into power of 

prediction to support clinicians make informed and optimised treatment decisions by properly optimising supervised NN, 

specifically MLP, employing information from sizable TC groups of patients (ranging from 6,756 to 20,344 for various 

approaches). This is because the highest AC has been achieved in distinguishing patients based on prognosis. Next, consider 

how the suggested ML approach might be used for various illnesses and objectives, such creating clinical trials to reveal the 

greatest advantages and reduce the risks of novel medication candidates for particular groups. PPV, NPV, MCC, AC, F1 

score (or F-measure), and F1 score are the performance metrics for assessment. 

Based on the analysis, ML algorithms drawbacks are ANN-high computational costs, Bi-RNN-increased computational 

complexity, Binomial LR (BLR)-lack of interpretability, and security vulnerabilities. A DL-based TC classification model 

is required to improve the efficiency and AC of TC in order to address the aforementioned problems. In this study, a Conv-

LSTM based on cancer cell detection and classification is developed to identify TC and classify the disease's severity. 

Addressing the difficulties of precisely detecting and diagnosing TC early on and enhancing the AC are the main objectives. 

3. PROPOSED METHODOLOGY  

For data classification, the suggested work presented an FS based on MGOA and Conv-LSTM. DC, Data Pre-processing, 

FS, Data Classification, and Performance Evaluation are the five main steps of the suggested study. Firstly, dataset collection, 

TC risk prediction dataset is collected from Kaggle online repository. Secondly, data pre-processing methods are 
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normalization is performed by using Min-Max normalization (or) Min-max Scaling. By utilizing BST, an effective data 

balancing method, for resolving the data imbalance issue. Then, to identify the TC, the most relevant features (an ideal 

reduced feature subset) were chosen using FS and MGOA.Next data classification, Conv-LSTM to predict the thyroid nodule 

malignancy to achieve both better estimation and clearer interpretation. At last, the PR, R or SE, SP, AC, and AUROC  are 

used to evaluate performance. The applicability of the suggested Conv-LSTM technique has been evaluated and compared 

with publicly available benchmark data from the Kaggle repository. 

 

FIGURE 1. FLOW CHART OF SUGGESTED SCHEME 

3.1 DC 

TC risk prediction dataset is collected from Kaggle online repository [22]. This dataset simulates real-world TC risk factors 

and includes 212,691 records with 23 features. The collected dataset taken as input data pre-processing to solve missing 

values, noise and class imbalance problems is described in section 3.2. 

3.2 DATA PRE-PROCESSING  

For retrieving valued insights from the original dataset, data pre-processing is a vital step in the training of any DL model. 

Essentially, these processing techniques serve to convert the original data into a comprehensible and readable format. The 

gathered dataset had issues with noise, MV, and class imbalance, so data pre-processing procedures are necessary. As a 

result, cleaning it up is necessary before using the DL model. To deal with MV, some common techniques can be employed, 

such BST. Data must also be standardised or normalised before DL techniques can be used. MMN (or Min-max Scaling) is 

used to perform the normalisation. 

3.3 Normalization 

In the context of statistical approaches, normalisation is the process of rescaling the features of numerical data to a 

predetermined range. Normalisation attempts to place the values of different variables onto a comparable scale in order to 

give reliable comparisons and prevent features with larger scales from predominating those with lower scales during analysis 

[23]. Numerous methods, such as robust scaling, Z-score normalisation (ZSN), and Min-Max scaling, are used to conduct 

normalisation. DN stands for when a dataset's risk factors have varying values. The dataset is normalised using MMN.  

Min-Max Scaling (or) MMN 

To alter numerical values within a specific range, often from 0 to 1, a data pre-processing technique known as Min-Max 

scaling, or MMN, is employed. Each feature is rescaled to a range with a minimum and maximum value using this method 

[24]. The MMN formula is represented by equation (1). 

𝑋𝑛 =
𝑋 − 𝑋min  

𝑋max  − 𝑋min  

 
(1) 

Data Pre-processing 

Performance Evaluation- PR, R or SE, SP, AC and AUROC curve 

Data Collection 
 

 Kaggle data repository- 

TC risk factors 

Real world data 

Normalization: Min-Max normalization 

FS 

Data Imbalance: Boosting, SMOTE, and Tomek links (BST) 

MGOA 

Data Classification 

 Convolutional Long Short-Term Memory (Conv-LSTM) 
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The scaled value is denoted as 𝑋𝑛. The original value of the feature is denoted as 𝑋. The minimum value of the feature in the 

dataset is denoted by 𝑋min  . The maximum value of the feature in the dataset is denoted by 𝑋max  . 

 

3.3.1 Data Imbalance 

When there are substantially differing numbers of examples for various classes in a dataset, this is known as data imbalance. 

A significant difference between the number of occurrences in one class and the other class is known as data imbalance. Data 

imbalance issue using an effective data balancing method Boosting, SMOTE, and Tomek links (BST). 

BST 

Because minority classes are under-represented and do not have enough examples to fully capture complex patterns, they 

frequently face misclassification problems. Therefore, the BS was first applied across I iterations to the imbalanced dataset, 

represented by D. In this phase, D is trained using samples that have identical weights (1/N), and the Learning Rate (LR) is 

calculated. and number of samples are denoted as N. The LR is then utilized to increase the weights for minority class 

samples, ensuring that in subsequent stages, greater emphasis is placed on minority instances. This deliberate weighting 

helps to produce more varied synthetic instances and improves the minority class’s representation. After adjusting the 

weights, applied the SMOTE technique to D.  

This technique computes the imbalance ratio as M/S. Here, the number of samples are denoted as 𝑆 and the number of 

minority classes are denoted as M. Then, it classifies the K-Nearest Neighbors (KNN) from M and randomly selects these 

neighbors. The imbalance ratio M/S is computed using this method. Here, the number of minority samples are denoted as 

M, and the samples count are denoted as S. It then selects these neighbours at random after determining which K-Nearest 

Neighbours (KNN) are present in M. The newly generated synthetic instances are then incorporated into the Augmented 

Dataset (AG).  

However, there is a potential drawback in this process, as the inclusion of noisy and irrelevant synthetic instances may 

introduce high complexity and hinder result reproducibility. Therefore, in the final stages, address these concerns by applying 

TL to the AG. In this stage, once again identify KNN from both majority and minority samples in AG [25]. This entails 

figuring out the Euclidean Distance (ED) between each instance in AG and the feature vector, then selecting the samples with 

the shortest distances from both classes. 

After that, find and eliminate the majority class data samples that are most similar to the minority class data. Due to the 

removal of irrelevant and noisy samples, these approaches greatly minimize the complexity of AG.  

3.4 FEATURE SELECTION 

The data pre-processing is completed TC dataset taken as input for MGOA based FS.With FS, a subset of the original features 

that are most pertinent to the issue at hand are chosen. Reducing the dataset's dimensionality while keeping its most 

significant attributes is the aim. It entails picking particular dataset features to be used in a learning algorithm's training 

procedure. MGOA based FS technique are employed to measure the effectiveness of features in classifying data. 

MGOA 

For detection purpose, the FS is utilized. The AC of the framework is upgraded by the FS. The natural foraging and swarming 

behaviors of the grasshoppers (GH) are simulated by the GOA algorithm, and this method is employed for the optimal 

selection of features from the TC dataset [26]. The crop production was damaged by these GH, and it is not suitable for 

processing or consumption. 

In nature, nymphs, or immature forms, and adults, or fully grown forms are the 2 different forms of GH. The distinctive 

feature of the GH swarm is that it exhibits swarming behaviour in both nymphs and adults. The TC dataset's features are 

selected using GH swarming. The following equation (2) describes the 𝑋𝑖, which is the 𝑖𝑡ℎ GH location for FS.  

𝑋𝑖 = 𝑆𝑂𝑖 + 𝐺𝑅𝑖 + 𝐴𝐷𝑖  (2) 

Here, social interaction is denoted by 𝑆𝑂𝑖. The gravitational force that ith GH experiences are denoted as 𝐺𝑅𝑖. Wind advection 

is 𝐴𝐷𝑖. The random behaviour of GH is given by equation (2). The primary element that the GH itself has developed is 𝑆𝑂𝑖. 

Equation (3) is the mathematical expression for it. 

 

𝑆𝑂𝑖 = ∑ 𝑠(𝑑𝑖𝑗)𝑑𝑖𝑗
́

𝑁

𝑗=1,𝑗≠1

 

(3)  

Here, 𝑑𝑖𝑗  =  | 𝑥𝑗 −  𝑥𝑖| denotes the distance between the ith and jth GH. A unit vector from the ith GH to the jth GH is indicated 
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by (𝑑𝑖𝑗
́ =

𝑥𝑗−𝑥𝑖

𝑑𝑖𝑗
. Equation (4) represents the function s, that can be employed for indicating the strength of social pressures. 

𝑠(𝑟) =
𝑓𝑒 − 𝑟

𝑙 − 𝑒 − 𝑟
 

(4) 

Here, the attractive length scale is denoted as 𝑙, and 𝑓 is the intensity of attraction. 

 

Equation (5) below illustrates the calculation of the 𝐺𝑅𝑖  component described in Equation (2).  

 𝐺𝑅𝑖 = −𝑔𝑒𝑔 (5) 

Here, the gravitational constant is denoted as 𝑔. A unit vector directed towards the globe centre is denoted as 𝑒𝑔. 

Equation (6) illustrates the calculation of the 𝐴𝐷 component  in Equation (2). 

𝐴𝐷𝑖 = 𝑢𝑒𝑤 (6) 

Here, a constant drift is denoted by 𝑢. A unit vector with the similar direction as that of the wind is denoted as 𝑒𝑤. Due to 

their lack of wings, the nymphs' motions will inevitably be closely tied to the wind's direction.  

Equation (7) is obtained by substituting the elements 𝑆𝑂, 𝐺𝑅 𝑎𝑛𝑑 𝐴𝐷 in Equation (2). 

𝑋𝑖 = 𝑗 = 1, 𝑗𝑖𝑁 𝑠(𝑑𝑖𝑗)(𝑑𝑖𝑗) − 𝑔𝑒𝑔 + 𝑢𝑒𝑤 (7) 

Here,  𝑠(𝑟)  =  𝑓𝑒 − 𝑟/𝑙 −  𝑒 − 𝑟. The number of GH is N. Only swarms may use this concept in the free space. One can 

use Equation (6) to simulate the interaction among GH in a swarm. GOA has certain disadvantages. (1) The outcomes of the 

study show that local optimal stagnation and insufficient global exploration remain its shortcomings. (2) Because it prevents 

the algorithm from investigating and taking advantage of the SS close to the solution, equation (7) is inapplicable to swarm 

simulation and optimisation algorithms. An optimisation algorithm must conduct constructive exploration and exploitation 

in order to determine the precise approximation of the global optimum. Equation (8) below illustrates the improved version 

of MGOA [27].  

𝑋𝑖𝑑 = 𝑐𝑗 = 1, 𝑗𝑖𝑁𝑐𝑢𝑏𝑑 −  𝑙𝑏𝑑2𝑠(|𝑥𝑗𝑑 − 𝑥𝑖𝑑|)𝑥𝑗 − 𝑥𝑗𝑑𝑖𝑗 + 𝑇𝑑 (8) 

Here 𝑠(𝑟)  =  𝑓𝑒 − 𝑟/𝑙 −  𝑒 − 𝑟, the dth dimension's upper bound is denoted as 𝑢𝑏𝑑. In the dth dimension, 𝑙𝑏𝑑 is the lower 

bound. The value of the target's dth dimension (best Feature solution) is 𝑇𝑑. To lessen the comfort, attraction, and repulsion 

regions, use 𝑐 = decreasing coefficient. The SO component indicated in Equation (2) is equal to s.  

As the iteration counter increases, the outer 𝑐 is in charge of decreasing the search coverage. The decrease of the attraction 

or repulsive forces between the GH is the responsibility of the inner 𝑐. The exploration and exploitation (E-E) space of the 

GH is linearly reduced by 𝑐𝑢𝑏𝑑 − 𝑙𝑏𝑑2. If the GH should explore is shown by 𝑠(|𝑥𝑗𝑑 − 𝑥𝑖𝑑|). Habitual attraction of the 

GH to the food source is denoted by 𝑇𝑑. To balance E-E, the parameter c is decreased proportionately to the iteration count. 

Equation (9), which expresses how the coefficient c reduces the comfort region proportionately with the iteration count, 

𝐶 = 𝑐𝑚𝑎𝑥 − 𝑙𝑐𝑚𝑎𝑥 − 𝑐𝑚𝑖𝑛 ∗ 𝑀𝑎𝑥𝑖𝑡𝑟 (9) 

Here, the maximum value is denoted as 𝑐𝑚𝑎𝑥 . The minimal value is 𝑐𝑚𝑖𝑛. current iteration is denoted as 𝑙. The maximum 

number of iterations is denoted by 𝑀𝑎𝑥𝑖𝑡𝑟. The following is a description of the suggested MGOA algorithm: 

1.Intialize 𝑐max,𝑐min and 𝑀𝑎𝑥𝑖𝑡𝑟 

2.Set population of swarms 𝑋𝑖(𝑖 = 1,2, . . , 𝑛) randomly 

3. Calculate fitness of every solution by Conv-LSTM classifier  

4. Fix T as the optimal solution 

5. While (𝑡 < 𝑀𝑎𝑥𝑖𝑡𝑟) 

6.    Update c with Eqn (9) 

7.    for every solution 

8.                   Normalize the separation among GH in [1,4] 

9.                   Update the location of present solution by Eqn (8) 

10.                 Reset the current solution if it violates the boundary of SS 
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11.   end for 

12.  Update T if there is an optimal solution in the population 

13.  𝑡 = 𝑡 + 1 

14.end while 

15.To create 𝑐 classifiers 

16.for 𝑖 = 1 𝑡𝑜 𝑐 

17.      Randomly sample the training data 𝐷 with replacement to produce 𝐷𝑖  

18.      Generate a root node, 𝑁𝑖 containing 𝐷𝑖  

19.       Call BulidTree(𝑁𝑖) 

20.end for 

21.BulidTree(𝑁): 

22.if N contains instances of 1 class then 

23.    return 

24.else 

25. Randomly choose number of probable splitting features in N 

26. Choose the feature F  

27. Create f child nodes of 𝑁, 𝑁1, … , 𝑁𝑓 where F has f probable values (𝐹1, … . . , 𝐹𝑓) 

28. for 𝑖 = 1 𝑡𝑜 𝑓 

29.          Fix the contents of 𝑁𝑖  to 𝐷𝑖  is all the samples in 𝑁 that match 

30.          𝐹𝑖 

31.          Call BulidTree(𝑁𝑖) 

32. end for 

33. end if 

34.Find the best feature 

35.End 

3.5 DATA CLASSIFICATION 

The selected number of features taken as input to Conv-LSTM algorithm for TC detection. The process of classifying data 

or objects into predetermined groups or classifications according to their features is known as classification. An algorithm is 

trained on a labelled dataset to predict the class in DL classification, a kind of supervised learning (SL) technique.Conv-

LSTM algorithm is to predict the thyroid nodule malignancy to achieve both better estimation and clearer interpretation. 

LSTM  

A memory cell and four gates make up the LSTM, a type of RNN. Forget gate 𝑓, input gate 𝑖, control gate 𝑐, and output gate 

o are those four gates in LSTM. The fundamental data pattern that fixes the long-term data dependency among data that 

arises in traditional RNN algorithms can be extracted and retained. According to LSTM, after executing certain operations 

on the prior memory content 𝑐𝑡−1, it produces current memory content 𝑐𝑡 and current cell state ℎ𝑡 as final outputs. It accepts 

bias b, current input vector 𝑥𝑡, and previous cell state ℎ𝑡−1as inputs. 

The amount of data from the previous memory cell that should be ignored is determined by the value that the 𝑓 generates in 

the range of 0 to 1 [28]. A value near 0 means that the majority of the information from the prior timestamp will be forgotten 

at the present timestamp, whereas a value near 1 suggests the reverse. Equation (10), which defines the operation of 𝑓, 

𝑓𝑡 = 𝜎𝑔(𝑤𝑓𝑥𝑡 + 𝑢𝑓ℎ𝑡−1 + 𝑏𝑓) (10) 

The amount of input from the current timestamp that is added to the memory cell is controlled by this 𝑖. Eqn 11 express it as 

follows,  
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𝑖𝑡 = 𝜎𝑔(𝑤𝑖𝑥𝑡 + 𝑢𝑖ℎ𝑡−1 + 𝑏𝑖) (11) 

By taking into account the output of the f and i, which is specified by equation (12), the c oversees the process of updating 

memory cell content from 𝑐𝑡−1 to 𝑐𝑡. 

 

𝑐𝑡 = 𝑓𝑡 × 𝑐𝑡−1 + 𝑖𝑡 × 𝜎ℎ(𝑤𝑐𝑥𝑡 + 𝑢𝑐ℎ𝑡−1 + 𝑏𝑐) (12) 

The o generates the current timestamp's final output. The cell state ℎ𝑡−1 is also updated to ℎ𝑡 by this o. Equations (13–14) 

define the final output.  

 

𝑜𝑡 = 𝜎𝑔(𝑤𝑜𝑥𝑡 + 𝑢𝑜ℎ𝑡−1 + 𝑏𝑜) (13) 

ℎ𝑡 = 𝑜𝑡 × 𝜎ℎ(𝑐𝑡) (14) 

In this case, the sigmoid function is denoted as 𝜎𝑔 and hyperbolic tangent function are indicated by 𝜎ℎ. The vanishing 

gradients problem (VGP) is avoided by using the weight values w and u. A dense layer serves as the output layer (OL), 

performing the final classifications after the inputs are sent to an input layer (IL) and then passed through two hidden layers 

(HL). There are 100 LSTM units in each layer of the model. These 100 LSTM units  store the data pattern as the inputs, 

that are passed through them.  

An estimated attention value for every input in every layer indicates how crucial each input is to executing the final TC 

prediction. With the use of an attention vector, the dense layer ultimately determines whether a patient has TC. When the 

output gate of the LSTM is closed, it is unable to access the contents of its prior memory cell. Conv-LSTM addresses this 

problem by introducing an additional connection. Conv-LSTM referred to as a peephole connection, across every gate and 

the prior memory content. 

Conv-LSTM 

Conv-LSTM is an LSTM variation with a peephole connection. Even when the output gate is closed, Conv-LSTM permits 

all of the gates to use the contents of the prior memory cell. Figure 2 displays the Conv-LSTM diagram. In this case, each 

gate accepts an extra parameter (c_(t-1)) as input to guarantee that previous memory cells continue to have an impact even 

when the 𝑜𝑡 is closed [29]. Even with a lengthy input sequence, this relationship ensures that the earliest input will have an 

impact. Equations (15–19) describe how the Conv-LSTM's four gates operate.  

𝑓𝑡 = 𝜎𝑔(𝑤𝑓 ∗ 𝑥𝑡 + 𝑢𝑓 ∗ ℎ𝑡−1 + 𝑣𝑓 × 𝑐𝑡−1 + 𝑏𝑓 (15) 

𝑖𝑡 = 𝜎𝑔(𝑤𝑖 ∗ 𝑥𝑡 + 𝑢𝑖 ∗ ℎ𝑡−1 + 𝑣𝑖 × 𝑐𝑡−1 + 𝑏𝑖 (16) 

𝑐𝑡 = 𝑓𝑡 × 𝑐𝑡−1 + 𝑖𝑡 × 𝜎ℎ(𝑤𝑐𝑥𝑡 + 𝑢𝑐 ∗ ℎ𝑡−1 + 𝑏𝑐) (17) 

𝑜𝑡 = 𝜎𝑔(𝑤𝑜 ∗ 𝑥𝑡 + 𝑢𝑜 ∗ ℎ𝑡−1 + 𝑣𝑜 × 𝑐𝑡−1 + 𝑏𝑜 (18) 

ℎ𝑡 = 𝑜𝑡 × 𝜎ℎ(𝑐𝑡) (19) 
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FIGURE 2. CONVOLUTIONAL LSTM (CONV-LSTM) 

4. RESULTS AND DISCUSSION  

This part discusses the outcomes of several classifiers experimented on the TC risk prediction dataset is collected from 

Kaggle online repository [22]. It simulates real-world TC risk factors and has 212,691 records with 23 features.  

5. EVALUATION METRICS 

Performance measures: The classifiers in this work were evaluated using the PR, R or SE, SP, AC, and AUROC curves. 

Table 1 displays the confusion matrix's (CM) format in general. Based on the combinations of actual class and predicted 

class, samples for binary classification (BC) problems is classified into true positive (tp), false positive (fp), true negative 

(tn), and false negative (fn). 

TABLE 1. CM IN THIS RESEARCH 

Actual Class 
Prediction Class 

P N 

P tp fn 

N fp tn 

The results of all the classifiers are measured via the metrics like PR, R or SE, SP, AC and AUROC curve as shown by 

equations (20, 21, 22, 23, & 24). PR is an incorrect positive diagnosis could subject a patient to unnecessary treatments. 

Similarly, R or SE is paramount to avoid missing a thyroid cancer disease diagnosis, which can have serious health 

implications. SP to ensure that those without the disease are not falsely diagnosed, thus preventing unnecessary treatments. 

AC, which is assumed to be one of the extensively regarded measures is used to study the performance of classifiers. AUROC 

metric is utilized to assess the discriminative efficiency of the frameworks. This metric is crucial in clinical diagnostics as it 

helps in effectively identifying tp (sensitivity) while minimizing fp (specificity). 

PR is a proportion of how many thyroid cases the model correctly identified. Equation (20) provides its definition. 

Precision(PR) =
tp

tp + fp
 

(20) 

The model's capacity to accurately identify thyroid in living individuals is indicated by R or SE. Equation (21) defines a SE 

of 100%, which means that the algorithm chosen correctly predicted each instance of TC. 

Recall(R)/Sensitivity(SE) =
tp

tp + fn
 

(21) 

Equation (22) defines SP. SP assesses the model's capacity to identify individuals who will never experience thyroid 

problems. 
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Specificity(SP) =
tn

tn + fp
 

(22) 

Equation (23) defines AC. The percentage of all predictions that the model accurately predicted is measured by AC. 

(AC) =
tp + tn

tp + tn + fp + fn
 

(23) 

The True Positive Rate (TPR) against False Positive Rate (FPR) trade-off is displayed by AUROC. The discriminating 

thresholds can be changed to provide a sequence of TPR and FPR. AUROC is defined by Equation (24) illustrates that TPR 

and FPR, 

FPR =
fp

fp+fn
, TPR =

tp

tp+fn
 (24) 

The term "tp" refers to a thyroid person who is appropriately predicted to acquire TC. A non-affected thyroid person who 

was correctly predicted to be TC-free is referred to as tn. The incorrect diagnosis of affected in a non-affected individual is 

known as FP. Affected individuals is not impacted if they receive a fn result.  

5.1 SIMULATION EXPERIMENT 

Then, various existing techniques are Bi-RNN, and Random Forest (RF), have been suggested for results comparison of 

suggested Conv-LSTM. The various performance indices now in utilisation are obtained through the application of 

classification and FS.The comparative analysis of the suggested classifier with current methods is discussed in table 2. 

 

TABLE 2. COMPARATIVE PERFORMANCE OF THE SUGGESTED CLASSIFIERS AND CURRENT 

METHODS 

Evaluation Metrics/Classifiers Bi-RNN RF Conv-LSTM 

Precision (PR) 80.5 84.6 85.8 

Recall (R) or Sensitivity (SE) 81.6 83.4 86.2 

Specificity (SP) 65.1 70.7 73.2 

Accuracy (AC) 80.2 84.3 88.5 

Area Under Receiver Operating Characteristic (AUROC) 81.3 84.5 86.2 

  

FIGURE 3. PR COMPARISON VS. CLASSIFIERS 

Figure 3 shows the PR performance metric comparison between existing classifiers like Bi-RNN, RF and proposed Conv-

LSTM for thyroid cancer detection. The classification methods are indicated in the X-axis and the y-axis represents the PR 

results. Suggested work using BST for data imbalance and it increases the precision outcomes. From the outcomes it is 
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concluded that the suggested Conv-LSTM classifier delivers highest PR outcomes of 85.8% and the existing Bi-RNN, and 

RF has lowest precision of 80.5%, and 84.6% (Refer Table 2). 

 

FIGURE 4. RECALL (R) COMPARISON VS. CLASSIFIERS 

The performance comparison outcomes for the current classifiers like Bi-RNN, RF and proposed Conv-LSTM for thyroid 

cancer detection in terms of recall (R) are shown in Figure 4. In the above figure, the classification methods are plotted in 

X-axis and the y-axis denotes the R results. From the outcomes it is concluded that the suggested Conv-LSTM classifier 

delivers highest R outcomes of 86.2% and the existing Bi-RNN, and RF has lowest recall of 81.6%, and 83.4% (Refer Table 

2).  

 

FIGURE 5. SPECIFICITY (SP) COMPARISON VS. CLASSIFIERS 

Specificity (SP) performance metric comparison between existing classifiers like Bi-RNN, RF and proposed Conv-LSTM 

for thyroid cancer detection are shown in figure 5. In the above figure, the classification methods are indicated in x-axis and 

the y-axis denotes the SP results. From the results it is concluded that the Conv-LSTM classifier delivers highest specificity 

results of 73.2% while the existing Bi-RNN, and RF has lowest specificity of 65.1%, and 70.7% (Refer Table 2). 
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FIGURE 6. ACCURACY (AC) COMPARISON VS. CLASSIFIERS 

Figure 6 shows the Accuracy (AC) performance metric comparison between existing classifiers like Bi-RNN, RF and 

proposed Conv-LSTM for thyroid cancer classification. In the above figure, the classification techniques are shown on the 

X-axis, and the AC results are shown on the Y-axis. From the results it is concluded that the suggested classifier Conv-LSTM 

delivers highest AC outcomes of 88.5% while the existing Bi-RNN, and RF has lowest accuracy of 80.2%, and 84.3% (Refer 

Table 2). 

 

FIGURE 7. AUROC COMPARISON VS. CLASSIFIERS 

Figure 7 shows the AUROC performance metric comparison between existing classifiers like Bi-RNN, RF and proposed 

Conv-LSTM for thyroid cancer classification. The FPR is shown on the X-axis and the TPR results are presented on the y-

axis , as presented in the above figure. From the outcomes it is concluded that the suggested classifier Conv-LSTM delivers 
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highest AUROC results while the existing Bi-RNN, and RF has lowest AUROC (Refer Table 2). 

6. CONCLUSION AND FUTURE WORK  

TC disease is a major healthcare concern globally, significantly affecting individual’s quality of life and health. TC issues 

are on the rise, and treatment that reduces mortality and avoids complications depends on ED. These factors have made it 

more crucial than ever for the medical field to identify TC abnormalities. For clinical treatment and therapy, it is vital to 

accurately predict how a disease will progress and to understand the interactions between clinical features. Although DL 

methods for TC detection and prediction have a lot of clinical utility potential, its development and application present a 

number of difficulties. In order to identify important features and remove irrelevant, redundant, or noisy features, data pre-

processing is necessary for DL techniques. This reduces the size of the feature space.  

This work aimed to provide a DL model for diagnosis of TC. The Conv-LSTM framework for simulating real-world TC risk 

factors, integrating techniques for DC, data pre-processing, FS, data classification and performance evaluation. Firstly data 

collection, TC risk prediction dataset is collected from Kaggle online repository. Secondly, data pre-processing using MMN 

(or) Min-max Scaling for normalization, and then data imbalance using BST. Finally, the most pertinent features (an ideal 

reduced feature subset) were chosen using FS and MGOA in order to identify the TC. Then data classification, Conv-LSTM 

to predict the TN malignancy to achieve both better estimation and clearer interpretation of the parameters. Finally, 

performance evaluation, evaluated based on PR, R or SE, Specificity SP, AC, and AUROC curve. Outcomes indicate that 

the suggested model achieves 88.5% accuracy which is better than other current frameworks. The simulation's results show 

that the Conv-LSTM model overtakes other frameworks for TC prediction in most cases. Additionally, (1) this research can 

be expanded using a self-developed dataset. (2) A meta classifier algorithm that boosts classification accuracy by combining 

the new ensemble model with bagging, stacking, voting, and boosting techniques; (3) In several datasets, data quality is 

calculated by the model prediction accuracy. 
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