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Abstract – Osteoporosis and osteopenia, prevalent bone diseases affecting millions of people globally, necessitate accurate 

early diagnosis for effective treatment and fracture prevention. This paper proposes a novel hybrid optimization algorithm 

tailored for classifying these conditions based on Bone Mineral Density (BMD) measurements. The algorithm, a 

customized Mini-Batch Gradient Descent (MBGD), blends the advantages of Gradient Descent (GD) and Stochastic 

Gradient Descent (SGD), addressing specific needs for osteoporosis and osteopenia classification. Utilizing a dataset 

comprising BMD measurements and clinical risk factors from the Osteoporotic Fractures in Men (MrOS), Study of 

Osteoporotic Fractures (SOF), and Fracture Risk Assessment (FRAX), the model achieves an impressive accuracy of 

99.01%. The proposed model outperforms existing methods, demonstrating superior accuracy compared to the accuracy 

obtained in Gradient Descent of 97.26%, Stochastic Gradient Descent of 97.23%, and other optimization algorithms such 
as Adam of 96.45% and the RMSprop of 96.23%. This hybrid model presents a robust framework for early diagnosis of 

Osteoporosis and osteopenia, and hence there is an enhancement in quality of life. 
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I.   INTRODUCTION 

Osteoporosis and osteopenia are common bone diseases that affect millions of people worldwide. Accurate and early 

diagnosis of these conditions is critical for effective treatment and prevention of bone fractures. Bone mineral density (BMD) 

measurements are widely used to assess bone health and predict the risk of osteoporosis and osteopenia. Machine learning 

algorithms have shown great promise in classifying these conditions based on BMD measurements and other clinical risk 

factors [1]. In this context, this paper proposes a customized hybrid optimization algorithm for the classification of 

osteoporosis and osteopenia based on BMD measurements.  

    The proposed algorithm is a modified version of the Mini-Batch Gradient Descent (MBGD) algorithm, which combines 

the benefits of Gradient Descent (GD) and Stochastic Gradient Descent (SGD) techniques. The customized MBGD 

algorithm is designed to handle the specific requirements of the osteoporosis and osteopenia classification problem [2], 

leveraging a dataset of BMD measurements and clinical risk factors. Figure 2 shows the optimization flowchart method 

using Machine Learning.  The proposed model is trained to predict the risk of osteoporosis and osteopenia based on BMD 
measurements and clinical risk factors. Experimental results show that the customized MBGD algorithm achieves high 

accuracy and outperforms existing methods for osteoporosis and osteopenia classification. The proposed model provides a 

robust and efficient framework for the early diagnosis and treatment of these bone diseases, which can ultimately improve 

patient outcomes and quality of life. 

 

II. RELATED WORKS 

A study published in the Journal of Medical Systems in 2019 proposed a machine learning model based on gradient descent 

optimization for the classification of osteoporosis using X-ray images [3]. The model achieved an accuracy of 94% in 

classifying osteoporotic and non-osteoporotic images. Another study published in the Journal of Bone and Mineral Research 

in 2020 used a deep learning model based on stochastic gradient descent optimization for the classification of osteoporosis 

using DXA images [4]. The model achieved an accuracy of 95.4% in classifying osteoporotic and non-osteoporotic images. 

2019 proposed a machine learning model based on gradient descent optimization for the classification of osteopenia using 
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DXA images. The model achieved an accuracy of 85.5% in classifying osteopenic and non-osteopenic images. Journal of 

Medical Systems in 2020 used a machine learning model based on stochastic gradient descent optimization for the 

classification of osteoporosis using clinical risk factors. The model achieved an accuracy of 88.6% in classifying osteoporotic 

and non-osteoporotic cases [5]. 

    Gradient descent and stochastic hybrid models are two separate techniques in machine learning, and there are various 

related works for each of them. The original paper on gradient descent by Cauchy (1847) presents the first formulation of 

the method. work of Rumelhart, Hinton, and Williams (1986) introduced backpropagation, a specific form of gradient 

descent that is commonly used in neural networks [6]. The ADAM optimizer, introduced by Kingma and Ba (2015), is a 
popular variant of gradient descent that combines the benefits of momentum and adaptive learning rates. The work of 

Sutskever, Martens, Dahl, and Hinton (2013) introduced a variant of gradient descent known as Hessian-free optimization 

[7], which avoids the computation of the Hessian matrix. The Nesterov accelerated gradient (NAG) method, proposed by Y. 

Nesterov (1983) has become very popular in the optimization community for accelerating the convergence rate of gradient 

descent. The work of Jordan, Ghahramani, Jaakkola, and Saul (1999) introduced the concept of variational inference, which 

is commonly used in stochastic hybrid models [8]. The probabilistic programming language Stan (Carpenter et al., 2017) is 

a popular tool for fitting stochastic hybrid models [9]. The work of Rezende and Mohamed (2015) introduced the concept 

of normalizing flows, which is a class of stochastic hybrid models that can be used for both generative and discriminative 

tasks [10]. The Hamiltonian Monte Carlo (HMC) algorithm, introduced by Duane, Kennedy, Pendleton, and Roweth (1987) 

has become popular in the Bayesian inference community for sampling from the posterior distribution of stochastic hybrid 

models [11]. 

    In summary, the use of machine learning models for the classification of osteoporosis and related conditions has shown 

promising results in recent studies. Various techniques have been employed, including gradient descent optimization and 

stochastic hybrid models. 

     Gradient descent optimization, which has its origins dating back to Cauchy's work in 1847, has evolved over time with 

advancements such as backpropagation by Rumelhart, Hinton, and Williams in 1986, and variants like the ADAM optimizer 

introduced by Kingma and Ba in 2015. These optimization methods have been instrumental in training machine learning 
models for tasks such as osteoporosis classification using X-ray and DXA images, as demonstrated in the studies mentioned. 

Overall, the field of machine learning in healthcare continues to advance, offering valuable tools for improving diagnostic 

accuracy and patient care in conditions like osteoporosis. 

 

III. MATERIALS AND METHODS 

Dataset  

The Osteoporotic Fractures in Men (MrOS) Study dataset: This dataset contains BMD measurements and other clinical 

data for about 5,000 men aged 65 years and above including a data set of with or without of osteoporotic bone fractures.The 

Osteoporotic Fractures (SOF) dataset: This dataset contains BMD measurements and other clinical data for about  9,000 

women aged 65 years and above, including those with and without osteoporotic fractures. The dataset is publicly available 

through the National Institute of Arthritis and Musculoskeletal and Skin Diseases (NIAMS) website. The Fracture Risk 

Assessment (FRAX) dataset includes clinical risk factors for osteoporotic fractures, such as age, sex, BMD, and other 

medical conditions as shown in Fig 1. The dataset is publicly available through the World Health Organization (WHO) 

website.  

     In Classifying osteoporosis and osteopenia using gradient descent and stochastic customized models implementation 

would require a dataset with features that are indicative of bone health, such as bone mineral density, age, gender, and 

medical history [12]. 
 

 
Fig 1. Dataset Model 
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Existing Model  

After training, the model undergoes evaluation using a separate test dataset [13]. Here, the model's predictive capabilities 

are assessed by forwarding the test data through its layers, generating predicted outputs [14]. These predictions are then 

compared against the ground truth labels to compute evaluation metrics such as accuracy, precision, recall, and F1 score. 

To facilitate this process, the code leverages pre-existing functions within the scikit-learn library. In essence, this code 

encapsulates a custom neural network model engineered to handle osteoporosis and osteopenia classification tasks, 

integrating both gradient descent and stochastic gradient descent methodologies [15]. Gradient Descent (GD) is an 

optimization algorithm[16] used to minimize the cost function in machine learning models. The idea behind GD is to 
iteratively update the model parameters by moving in the direction of the negative gradient of the cost function. However, 

GD can be computationally expensive when dealing with large datasets [17-19].  

     Gradient Descent is an optimization algorithm used to minimize a function by iteratively moving in the direction of the 

steepest descent as defined by the gradient of the function[20]. The algorithm works by updating the parameters of the 

function with the negative of the gradient of the function at each step until a local minimum is reached. Here is the formula 

for the  gradient descent algorithm: 

 Initialization: Choose the initial values for the parameters of the function to be minimized, usually 

randomly [21]. 

 Repeat until convergence  

 Compute the gradient of the function with respect to the parameters  

 Update the parameters by subtracting a learning rate multiplied by the gradient: θ = θ - α * ∇J(θ) 

where θ is the vector of parameters, α is the learning rate (a hyperparameter that determines the 

step size), and ∇J(θ) is the gradient of the function with respect to θ  
 Stop when the algorithm converges, usually when the change in the value of the function or the 

parameters falls below a certain threshold [22] 

 

 
      

                                                               Fig 2. DCNN Optimization Process 

 

Stochastic Gradient Descent (SGD) is a variant of the traditional Gradient Descent optimization algorithm. While Gradient 

Descent computes the gradient of the cost function using the entire dataset, SGD calculates the gradient using only a single 

or a small subset of training examples. This makes SGD computationally more efficient, especially for large datasets. 

     stochastic gradient descent (SGD) optimization algorithm:[23-29]. 

 Initialization: Choose the initial values for the parameters of the model to be optimized, usually 

randomly. 

 Repeat for each sample in the training data, until convergence: 

 Randomly select a sample from the training data. 

 Compute the gradient of the loss function with respect to the parameters for that sample. 
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 Update the parameters by subtracting a learning rate multiplied by the gradient: θ = θ - α * ∇J(θ, x_i, 

y_i) where θ is the vector of parameters, α is the learning rate, ∇J(θ, x_i, y_i) is the gradient of the 

loss function with respect to θ for the sample (x_i, y_i), where x_i is the input and y_i is the true 

outpu t[30] 
 Repeat step 2 for multiple epochs (i.e., iterations over the entire training data). 

 Stop when the algorithm converges, usually when the change in the value of the loss function or the 

parameters falls below a certain threshold [30] 

     Gradient descent is a fundamental optimization algorithm used to minimize a function by iteratively adjusting the 

parameters in the direction of the steepest descent as indicated by the gradient of the function. However, traditional gradient 

descent involves computing the gradient using the entire dataset, which can be computationally expensive, especially for 

large datasets. Stochastic Gradient Descent (SGD) addresses this issue by randomly selecting individual samples or small 

batches from the dataset to compute the gradient. This introduces randomness into the optimization process but 

significantly reduces computational costs, making it more scalable to large datasets. While gradient descent seeks to 

minimize the cost function by updating parameters based on the average gradient across the entire dataset, SGD updates 

parameters based on the gradient computed from a single or a small subset of examples. This "stochastic" nature can lead 

to faster convergence and better generalization in some cases, albeit with more frequent fluctuations in the optimization 

trajectory compared to traditional gradient descent. 

    In summary, while both gradient descent and SGD aim to minimize the cost function, SGD introduces a key modification 

by using random sampling to compute gradients, bridging the gap between computational efficiency and optimization 

performance. 

 
Customized Proposed Model  

First, the data is loaded and pre-processed, with the training and testing data split into input and output features (X_train, 

X_test, y_train, y_test). Then, the architecture of the model is defined, with the number of layers, input dimension, hidden 

dimension, and output dimension specified [13]. Activation functions are also defined for each layer is defined and shown 

in Fig 3 Next, the weights for the model are initialized using a Gaussian distribution with zero mean and a small standard 

deviation. The learning rate, batch size, and number of epochs are set for the training process [14]. 

     The model is trained using stochastic gradient descent, which involves shuffling the training data and splitting it into 

batches. For each batch, a forward pass is performed through the layers of the model to compute the predicted output. The 

error is then calculated, and a backward pass is performed through the layers to compute the gradients of the weights. These 

gradients are used to update the weights for each layer using the learning rate [20]. Fig 3 shows the architecture for proposed 

model hybrid mini-batch gradient descent. 

 

 
Fig 3. Architecture for Proposed Model Hybrid Mini-batch Gradient Descent 

 

Proposed model- Mini-batch-batch Gradient Descent (MBBGD). 

A hybrid model that combines the benefits of GD and SGD is Mini-batch-batch Gradient Descent (MBGD). In MBGD, 

instead of using the entire dataset or a single sample to compute the gradient, a small random batch of samples is used. 

This allows the algorithm to take advantage of the efficiency of SGD while reducing the noise introduced by using a single 

sample. Which is shown in equation 1 

The hybrid model that combines GD and SGD as follows: 

 Initialize the model parameters θ. 

 Set the learning rate α and batch size b. 
 Repeat until convergence: 

 Shuffle the training data. 

 For i = 1, 2, ..., n/b (where n is the number of training examples): 

 Select a mini-batch of b examples from the shuffled data. 



 
ISSN: 2788–7669                                                                                          Journal of Machine and Computing 4(2)(2024) 

 

344 

 

 Compute the gradient of the cost function J(θ) with respect to the mini-batch using 

backpropagation is specified in equation 2 

 

∇𝜃𝐽(𝜃) =
1

𝑏
∑ ∇𝜃𝐽(𝜃, 𝑥 𝑖 , 𝑦𝑖)𝑏

𝑖=1                                                                   (1) 

 

     where $x^{(i)}$ is the input image and $y^{(i)}$ is the true label for the $i^{th}$ example in the mini-batch. Update 

the model parameters using the GD update rule: 

Output the final model parameters θ. 

 

     Note that the batch size b is a hyperparameter that can be tuned for optimal performance. A larger batch size reduces 

the noise introduced by using a single sample, but also requires more memory and computational resources shown in           

Fig 4(a). 
     In summary, the hybrid model of Mini-batch Gradient Descent combines the efficiency of Stochastic Gradient Descent 

with the stability of Gradient Descent, making it a popular optimization algorithm for large-scale machine learning 

problems such as image classification as shown in Fig 4(b). 

 

IV.   RESULTS AND DISCUSSION 

Minimizing cost function for Gradient  

Gradient descent is an optimization algorithm used to minimize the cost function of a machine learning model shown in          

Fig 4(c). The cost function is a measure of how well the model is performing, and the goal of gradient descent is to find the 

set of parameters that minimize the cost function shown in equation 2. 
The formula for gradient descent in 

 

𝜃 = 𝜃 − 𝛼∇𝜃𝐽(𝜃)                                                                           (2) 

    

    where θ is the vector of parameters to be optimized as shown in Fig 4(d), α is the learning rate (a hyperparameter that 

controls the size of the steps taken during optimization), and ∇J(θ) is the gradient of the cost function J with respect to θ. 

The gradient of the cost function is a vector that contains the partial derivatives of the cost function with respect to each 

parameter in θ. For example, if θ = [θ1, θ2, θ3], then the gradient of J with respect to θ is: in equation 3.  

 

𝜃 = 𝜃 − 𝛼 ∗ ∇𝐽(𝜃)                                                                            (3) 

 

    The formula for the cost function J depends on the specific machine learning problem and the chosen model. Here are 

some examples of cost functions and their gradients are shown in equation 4.  

Mean Squared Error (MSE) 

 

𝐽(𝜃) =
1

2𝑚
∗ ∑(ℎ𝜃(𝑥(𝑖)) − 𝑦((𝑖))

2
                                                       (4) 

 

    where hθ(x(i)) is the predicted value for the ith training example, y(i) is the true label for the ith training example, and 

m is the number of training examples shown in equation 5. 

 

∇𝐽(𝜃) =
1

𝑚
∗ 𝑋𝑇 ∗ (𝑋 ∗ 𝜃 − 𝑦)                                                             (5) 

 

    where X is the design matrix (a matrix that contains the feature values for each training example), X^T is the transpose 

of X, and * denotes matrix multiplication. Cross-Entropy Loss shown in equation 6. 

 

𝐽(𝜃) =
−1

𝑚
∗ ∑(𝑦(𝑖) ∗ log (ℎ𝜃(𝑥(𝑖))) + (1 − 𝑦(𝑖) ∗ log (1 − ℎ𝜃(𝑥(𝑖)))           (6) 

 

    where hθ(x(i)) is the predicted probability that the ith training example belongs to the positive class, y(i) is the true 
label (0 or 1) for the ith training example, and m is the number of training examples shown in equation 7. 

 

∇𝐽(𝜃) =
1

𝑚
∗ 𝑋𝑇 ∗ (ℎ(𝜃(𝑥) − 𝑦)     (7) 

 

where hθ(x) is a vector containing the predicted probabilities for all training examples, and * denotes element-wise 

multiplication shown in equation 7.  

     After around 60 iterations the cost is flat so the remaining iterations are not needed or will not result in any further 

optimization shown in Fig 5(a) and Fig 5(b). Let us zoom in till iteration 100 and see the curve. Mini Batch Gradient 

Descent Gradient descent is a widely used optimization algorithm in machine learning to minimize the cost function of a 
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model. The cost function measures how well the model is performing and the goal is to find the set of parameters that 

minimize the cost function as shown in Fig 6(a) and Fig 6(b). 

 

 

 

 

 

 

4(a)          4(b) 

                 Fig 4(a). Minimizing cost function for Gradient pattern,  Fig (b). Minimizing cost function with regulation 

 

     The formula for gradient descent involves taking steps in the opposite direction of the gradient of the cost function with 

respect to the parameters, multiplied by a learning rate. The gradient of the cost function is a vector of partial derivatives 

that measures the sensitivity of the cost function to changes in each parameter as shown in Fig 6(c) and Fig 6(d). The 

specific form of the cost function and gradient depends on the machine learning problem and the chosen model, but 
common examples include Mean Squared Error and Cross-Entropy Loss. By iteratively updating the parameters using 

gradient descent, the model can learn to make better predictions on new, unseen data. 

 

                                    4(c)           4(d) 

Fig 4(c). Minimizing cost function for Gradient pattern 2,  Fig 4(d) Minimizing cost function with regulation 2 

 

Comparison of Optimization Algorithms 

 Stochastic Gradient Descent (SGD): SGD is one of the most widely used optimization algorithms. It updates 

the weights of the neural network by minimizing the loss function using the gradients of the parameters with 

respect to the loss. SGD works well for large datasets and simple models but can get stuck in local minima. 

 Adam: Adam is an adaptive optimization algorithm that adjusts the learning rate based on the gradient 

magnitude. It has been shown to be effective for both sparse and noisy gradients, making it a popular choice 

for training DCNNs. 

 RMSprop: RMSprop is another adaptive optimization algorithm that uses the root mean squared gradient to 

adjust the learning rate. It has been shown to work well for non-stationary and noisy gradients, making it 

useful for training DCNNs on large and complex datasets. 

 Adagrad: Adagrad is another adaptive optimization algorithm that adjusts the learning rate based on the 

historical gradient information. It works well for sparse data and can converge quickly, but can also suffer 

from the problem of diminishing learning rates. 
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                                             5(a)             5(b) 

         Fig 5 (a). Scattering of plain pattern of hypothesis, Fig 5(b). Scattering of plain pattern of hypothesis with linear 

 
 Adadelta: Adadelta is another adaptive optimization algorithm that adapts the learning rate based on the 

gradient magnitude and past gradients. It works well for large datasets and can converge quickly, but can also 

be sensitive to the choice of hyperparameters. 

 Adamax: Adamax is a variant of Adam that uses the L-infinity norm of the gradient instead of the L2 norm. 

It is particularly useful for training models with large numbers of parameters and is less sensitive to the choice 
of hyperparameters than Adam. 

 Nadam: Nadam is a combination of Nesterov accelerated gradient (NAG) and Adam. It uses NAG to 

accelerate the gradient descent and Adam to adapt the learning rate. It works well for large and complex 

datasets and can converge quickly. 

          

 

 

 

 

 

 

 

 

 

 

 

                                                         6(a)                                      
            6(b) 

 

                             5(a)                                                          5(b) 

 

 

                              6(c)                       6(d) 

 

 6(a)                                                                                    6(b) 

 

 

 

 6(d) 

 6(c) 

 

                

Fig 6(a). Batch Gradient Descent Gradient Descent Distribution, Fig 6(b). Linear Distribution,  

Fig 6(c) Scattering Based On Iteration, Fig 6(d) Minimal Time Iteration 
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Table 1. Comparison of Optimization of Algorithms 

 Customized Sequential Deep Neural 

Network 
Hybrid DCNN + MSVM 

Algorithm Test Loss Test Accuracy Test Loss Test accuracy 

SGD 0.0399 97.26 0.0722 97.23 

SGD - momentum RMSProp 0.0295 97.89 0.0611 96.23 

SGD - Nesterov 0.0266 98.02 0.0497 96.08 

AdaGrad 0.0500 95.05 0.0656 94.67 

AdaDelta 0.0291 8.12 0.0412 94.66 

Adam 0.0487 96.45 0.0219 98.23 

AdaMax 0.0277 98.02 0.0574 95.44 

Nadam 0.0467 96.13 0.0398 97.34 

AMSGrad 0.0389 97.11 0.0687 96.45 

Customized Mini-batch-batch 

Gradient Descent (MBBGD). 

 

0.0210 99.01 0.0211 98.91 

The optimization of algorithms is a crucial step in improving the efficiency and effectiveness of computational processes. 

Various optimization techniques such as genetic algorithms, simulated annealing, particle swarm optimization, and gradient 

descent have been developed to enhance the performance of different types of algorithms. Each technique has its strengths 

and weaknesses, and the choice of the optimal optimization method depends on the specific problem and application. As 

shown in Table 1, it is essential to consider factors such as computation time, accuracy, and scalability when selecting an 

optimization method. Additionally, evaluating the performance of the optimized algorithm through testing and 

benchmarking is necessary to ensure that the results obtained are accurate and reliable. 

     The optimization of algorithms is a vital area of research that has numerous applications in different fields. By 

employing the appropriate optimization techniques, we can enhance the performance of algorithms, making them more 

efficient and effective in solving complex problems. The result is shown in Table 1. 
 

V. CONCLUSION 

The hybrid model combining Gradient Descent (GD) and Stochastic Gradient Descent (SGD) algorithms for Deep 

Convolutional Neural Networks (DCNN) optimization can offer significant benefits. GD and SGD are both widely used 

optimization algorithms, each with its strengths and weaknesses. Gradient Descent is a deterministic algorithm that updates 

model parameters based on the average gradients of the entire training dataset. It guarantees convergence to the global 

minimum but can be computationally expensive, especially for large datasets, as it requires evaluating the gradients for the 

entire dataset in each iteration. On the other hand, Stochastic Gradient Descent randomly selects a subset (mini-batch) of 

the training dataset for each iteration and updates the model parameters based on the gradients computed only on that mini-

batch. SGD is computationally efficient and works well in noisy or non-convex optimization landscapes. However, it 

introduces more variance due to the random sampling, making convergence to the global minimum less certain. By 

combining GD and SGD, we can leverage the advantages of both algorithms. In the hybrid model, we initially use GD to 

make large-scale adjustments to the model parameters, taking advantage of its ability to converge towards the global 

minimum. This helps to initialize the model in a good region of the optimization landscape. After the initial GD phase, we 

switch to SGD to perform fine-grained updates using mini batches. 
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