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8. Development of a One-dimensional CNN Model6
 

n the present research work, a one dimensional CNN model has been developed to 

determine the stage and grade of any given tumor image. To achieve the goal, 

different varieties of deep learning techniques have been used. Features have been 

extracted from segmented images and then the database has been developed by clubbing 

different staging and grading information with the extracted feature set. The dataset thus 

prepared is then standardized and normalized and also resampled. After that, the 

resampled data has been fed into the CNN model and its varied derivatives. Other leading 

machine learning algorithms are also trained and tested with the final dataset. Results 

have been recorded and evaluated accordingly. A comparative study has also been 

conducted in this regard to analyze the efficacy of the newly developed CNN model.  

8.1 Methodology 

Different machine learning techniques have been used in this part of the study. This 

includes One Dimensional Convolutional Neural Network (1D CNN), Gated Recurrent 

Unit (GRU), Support Vector Machine (SVM), Fuzzy Rough Nearest Neighbour (FRNN), 

MultiLayer Perceptron (MLP), Logistic Regression (LR), and Random Forest (RF). 

8.1.1 One Dimensional Convolutional Neural Network (1D-CNN) 
A convolution takes two vectors or matrices (all are tensors of different rank) as input – 

one of them is the original input and the other is the kernel or filter (24). On injecting the 

input in an activation function, a vector is produced as the output. The one-dimensional 

convolution may be defined as: 

(f*g)(i)= ∑ 𝑔(𝑖). 𝑓(𝑖 − 𝑗 + )                     …Equation 8.1.1.1 

Where f is the input vector of length n and the filter g has length m, 

The kernel navigates across the input tensor iteratively as per some predetermined offset. 

The product of the overlapping values of the kernel and input tensor are being summed 

up. This sum of element-wise multiplications will be the output. The one-dimensional 

convolutional layers may be defined as: 

𝑦 = 𝑏 + ∑ (𝑓 ∗ 𝑔 )(i)                                …Equation 8.1.1.2 

                                                           
6 Based on author’s publication no. 3 and no. 4 [Appendix D] 
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Here, yl is the lth layer output, bl is the lth layer bias, fl-1 is the (l-1)th layer output and gl-1 is 

the (l-1)th layer filter. The dense layer output O may be expressed as: 

O = 𝑏 + ∑ 𝑤( ) 𝑥( )            …Equation 8.1.1.3 

Where b is layer bias, w is weight vector and x is input component 

The prediction 𝑦 was done by the softmax activation function: 

y = Sotmax(O)            …Equation 8.1.1.4 

Where Softmax = (exp (oi)/j exp (oj)) and oi is the level of confidence for belongingness 
to category i. The cross-entropy loss is calculated as: 

𝑙(𝑦, 𝑦) = − ∑ 𝑦 log 𝑦              …Equation 8.1.1.5 

Here, y is the actual and 𝑦 is the predicted value. 

8.1.2 Gated Recurrent Unit (GRU) 
Gated Recurrent Unit (GRU) [144] is a lightweight evolved version of simple Recurrent 

Neural network (RNN) and its performance is also stays on the higher side. GRU adds 

two more gates to the simple RNN architecture and they are called reset and update gates: 

Rt = ø (XtWxr+Ht-1Whr+br) 

Ut = ø (XtWxu+Ht-1Whu+bu)           ...Equation 8.1.2.1 

Here, ø is the activation function. Implementation of reset and update gates are as 

follows: 

Ht = ø (XtWxh+ (RtHt-1)ʘWhh+bh) 

Ht = UtʘHt-1+ (1-Ut) ʘHt           …Equation 8.1.2.2 

Where ʘ is the element-wise multiplication. These reset and update gates act like 
memory cells which help a new hidden state in acquiring from an old hidden state.  

8.1.3 Support Vector Machines (SVM) 
A Support Vector Machine (SVM) is a linear discriminant that separates data into classes 

using a hyperplane having the maximum-margin [145]: 

f(y) = wTy            …Equation 8.1..3.1 

Where, y results from applying a nonlinear transformation to the data; dot products are 

replaced by nonlinear kernel functions; the hyperplane w                                                                                                                         

maximizes the margin between the transformed classes. 
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8.1.4 Fuzzy Rough Nearest Neighbour (FRNN) 

The Fuzzy Rough Nearest Neighbour (FRNN) is a hybrid of Fuzzy Logic [146], Rough 

Set theory [147], and Nearest Neighbour algorithm [148]. The Fuzzy Logic states about 

the degree k (0  k  1) of belongingness of an element to a set. This contradicts the 

definite belongingness of an element to a particular set as proposed in the Cantor’s 

classical set theory. The fuzzy membership function may be represented by the 

expression:   

X(x)[0,1]             …Equation 8.1.4.1 

Where X is a set and x ϵ X. The Rough Set theory tells us about the indistinctness in 

decision making [149]: 

R-lower approximation of X: 
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         …Equation 8.1.4.2 

Thus, the lower approximation contains the elements that belong to the concerned set and 

the upper approximation contains the elements that may belong to the concerned set. The 

boundary region is the difference between the two approximations. If the boundary 

region is empty, the set is a rough set or crisp, otherwise. The Rough Set theory is helpful 

in machine learning as it does not need any prior knowledge about data like possibility 

value in Fuzzy.  Fuzzy and Rough Set theories often work in tandem and get more 

accurate results in data analysis. In such hybridizations, the rough approximation of fuzzy 

closeness is observed: 

µĀ(X)(x)=supwϵXµA(x,w)   

µA(X)(x)=infw∉XµA(x,w)           …Equation 8.1.4.3 
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Where A is a fuzzy indiscernibility relation and x ϵ U. 

K-nearest neighbor (KNN) selects a near-optimal value of K based on cross-validation. 

Thus, the clubbing Fuzzy-Rough algorithm with KNN may boost up the accuracy 

significantly, especially, in case of any modular classification problem [150]. The typical 

FRNN membership function may be described by the following expression [151]: 

𝜇y(x) = 1/(1+k||x-y||2/(q-1) )            …Equation 8.1.4.4 
 

Where q describes the shape of the membership function, ||x-y|| is the Euclidean distance 
between y and x and k is the bandwidth of the membership. 

8.1.5 MultiLayer Perceptron (MLP) 
A perceptron may be described as follows: 

fj(x,w) = sgn(∑  wjixi – θj)           …Equation 8.1.5.1 

First, the product of input xi and their corresponding weight wi has been summed up. 

Subsequently, the difference between this sum and the threshold θj is calculated. This 

expression passes through an activation function and produces the output fj. Several 

layers of such perceptrons are clubbed together to form the Multilayer Perceptron (MLP). 

Here, the output of one layer becomes the input to another and the final layer generates 

the class scores. 

8.1.6 Logistics Regression (LR) 
If k classes exist with n instances and m features, the parameter matrix B will have a 

dimension of m*(k-1) [152]. The probability for class j excluding the last class is: 

𝑃 (𝑋 )=
 

∑ …( )

                                                                         …Equation 8.1.6.1  

The last class has got a probability:   

1 − ∑  …( ) 𝑃 (𝑋 )= 1
∑ 𝑒…( )

                               …Equation 8.1.6.2 

The (negative) multinomial log-likelihood is thus:   

L=-∑ ∑ (𝑌 ∗ ln( 𝑃 (𝑋 )) + (1 − ∑ 𝑌 ) ∗ ln(1 − 𝑃 (𝑋 ))…( )…( )… +

𝑟𝑖𝑑𝑔𝑒 ∗ 𝐵                                                                                                …Equation 8.1.6.3 

The optimized values of the m*(k-1) variables have been searched heuristically to detect 

matrix B with minimized L.  Before using the optimization procedure, the matrix B is 

converted into an m*(k-1) vector. 
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8.1.7 Random Forest (RF) 
It constructs a forest of random trees [153]. The algorithm is as follows: 

1. Pick random samples from a set of data. 

2. Create a decision tree for each instance of a sample.  

3. Retrieve the prediction result from every decision tree. 

4. Voting is performed for every predicted result. 

5. The most voted prediction will be considered as the final result. 

8.2 Experiment 
A prolonged experiment has been carried out and the One Dimensional Convolutional 

Neural Network Model (1D CNN). In the initial CNN model (Figure 48), the input layer 

comprised a kernel equal to the input image resolution and in each subsequent layer, the 

kernel has been halved by the maxpooling layer. Default stride implies that all the data 

points have been considered during pooling. All the convolutional layers have the default 

padding i.e., the input is bounded by the padding of cells with zero values. L2 or 

Euclidean Norm regularizers have been used to prevent overfitting. After three hidden 

conv1d layers, the output has been flattened and fed into two subsequent fully connected 

dense layers. Here, the kernel of the first dense layer has been increased to match the 

image resolution and the kernel of the last dense layer is equal to the number of output, 

e.g., for grading it is equal to 4 as a 4-tier grading system is used in the experiment. 

Adam optimizer has been used with a learning rate of 1e-4. The batch size used is 128; 

the Rectified Linear Unit (RelU) is used as the activation function for all layers and 

Softmax is used as the activation function for the final output layer, respectively. All the 

hyper-parameters have been determined by performing repeated experiments. 

 

 Figure 48: The initially developed 1D CNN model  
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1-D convolutions extract subsequences from sequences. Larger convolution windows can be 

used with 1-D CNN which is not possible with a traditional 2-D convolution layer. 1-D 

CNNs are also faster than 2-D CNN. A 1-D CNN can offer a computationally inexpensive 

alternative to a 2-D convent. While carrying out experiments it has been observed that the 

overall accuracy of the model gets improved whenever CNN acts as a preprocessor 

before an RNN. A Recurrent Neural Network (RNN) has a feedback path which helps in 

memorizing the earlier incidents, whereas a CNN does not have such a memory cell. This 

may boost up (Figure 49) the overall accuracy of the system. Thus, the new model 

becomes a memory enabled CNN which is a combination of the speed and lightness of 

CNN and the order-sensitivity of RNNs.   

 
Figure 49: Structure of CNN-RNN Combined Model 

 

The initial model is updated by adding GRU layers. The spatial information from the 

segmented tumor image has been retrieved, merged with the clinical staging and grading 

information, and then used with the CNN-RNN hybrid model to classify the information. 

The present research work has given its dataset a shape of a rank 1 tensor. A rank 1 

tensor has a typical two-dimensional data structure, e.g. (row, column). A rank 2 tensor 

has a 3-D data structure, e.g. (row, column, color channels). Being a computationally 

cheap alternative to a recurrent network, a set of one-dimensional convolutional layers is 

used as preprocessing layers whose output was fed into an RNN. The CNN-RNN model 

comprises a one-dimensional convolutional input layer followed by three hidden one-

dimensional convolutional layers and one GRU layer. Each convolutional layer is 

succeeded by a 1-D MaxPooling layer. The CNN output is fed to a lightweight GRU 

layer. The dense layer has a 2-D structure i.e. (output from the preceding layer, filter 

size). On the other hand, 1-D convolutional layers, or GRU layers have 3-D structure i.e. 

(output from the preceding layer, filter size, number of filters). As the dense layers and 
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their predecessors are incompatible, a flatten layer has been introduced in between so 

that, the output from the GRU layer could be fed into the dense layer. Thus, the GRU 

layer is succeeded by one flatten and one fully connected dense layer (Fig. 50). The 

following fully connected layer considers all the possible dot products. At last, there is an 

output layer with a sigmoid activation function for calculating the class scores. 

 

Figure 50: Finally developed CNN-RNN model 
 

The training and test accuracy for each of the T stage, N stage, M stage, and grade have 

been separately measured and the results have also been compared with a few of the 

leading machine learning techniques: Support Vector Machines (SVM), Fuzzy Rough 

Nearest Neighbour ( FRNN), Random Forest (RF), Logistic Regression (LR), and 

Multilayer Perceptron (MLP).  

8.3 Evaluation 
The base of the evaluation has been the confusion matrix which has four quadrants: True 

Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). This 

resembles the famous McNemar’s statistical test that yields a contingency table as output 

by comparing before and after status while conducting the test.  
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Figure 51: Structure of a typical Confusion Matrix 

According to figure 51, if the actual value is true and the predicted value is true as well, 

the output is true positive; if the actual value is true and the predicted value is false, the 

output is false negative; if the actual value is false and the predicted value is true, the 

output is false positive; if the actual value is false and the predicted value is false as well, 

the output is a true negative. True positive shows the rate of acceptance; true negative 

shows the rate of rejection; false-positive shows the type-I error or false alarm; false-

negative shows rate of miss or type-II error. Thus, the confusion matrix shows not only 

classification errors but also different types of classification errors. Such a confusion 

matrix may be applied to a binary as well as a multiclass problem. Many useful 

evaluation parameters may be derived after giving the class scores a shape of a confusion 

matrix. An important evaluation metric is the Receiver Operating Curve (ROC) which is 

ROC is a plot of the true positive rate against the false-positive rate. Some other major 

evaluation metrics are [154], [155]:  

Accuracy = (TP+TN)/ (TP+TN+FP+FN)                       …Equation 8.3.1 

Error Rate = 1 – Accuracy                         …Equation 8.3.2 

True Positive Rate or, Recall = TP/ (TP+FN)                      …Equation 8.3.3  

Precision = TP/ (TP+FP)                         …Equation 8.3.4  

False Positive Rate = FP/ (FP+TN)                        …Equation 8.3.5  

F-Measure = (2.Precision.Recall)/ (Precision+Recall)                     …Equation 8.3.6  

RMSE =  (𝑓 − 𝑜)                  …Equation 8.3.7  

Where, f = forecasts (expected values or unknown results) and o= observed values 

(known results)   

Kappa = (po - pe)/(1 - pe)                                     …Equation 8.3.8  
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Where po is the relative pragmatic conformity and pe is the assumed probability of 

conformity [156]. Kappa statistics closer to one, better is the classification result 

A cost-sensitive evaluation has also been carried out simultaneously to prohibit the 

chances of getting a biased confusion matrix. The (i, j)th element in the cost matrix is the 

penalty for wrongly classifying an instance of class j as class i, e.g., for grading the 

penalty matrix would look like 

figure 52. 

 
 
 
 
 
 
 
 
 
 

Figure 52: An example of the cost matrix used for grading 

It has often been seen that accuracy alone may not stand as a trustworthy evaluation 

parameter as it assigns equal weight to both kinds of errors. There may be many 

impurities in the dataset including class biasness. So, other auxiliary parameters have 

been used to demonstrate the efficiency of the model developed affirmatively. High recall 

means less false negative or less type-II errors. This also means high true positives i.e. 

rate of hit is higher than the rate of miss. On the other hand, high precision means less 

false positive or less type-I error. This also means a high true positive rate. A type-I error 

means rejecting a true null hypothesis and Type-II error means accepting a false null 

hypothesis. Both the errors put an equal barrier before the correct conclusion. Precision 

and recall depict type-I and type-II errors respectively.  Individually, they may be treated 

as good predictors of classification errors. However, they exist at one another’s cost. This 

implies that both precision and recall cannot be high arbitrarily at the same time. On the 

contrary, F-score is a combination of both precision and recall. It can also measure 

classification errors correctly more than accuracy does. High recall, low precision implies 

that most of the true samples are properly acknowledged (low FN) but there is a chance 

of having significant false positives. On the other hand, low recall, high precision implies 

that many true samples have been overlooked (high FN) but the instances that have been 

classified as true are indeed true cases. This means the result has fewer False Positives. 
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F-Score makes a balance between precision and recall by using their harmonic mean. 

Thus it punishes the outliers and reaches at its best when =1 that turns it into F1-Score. 

Area Under Curve (AUC) fetched out of ROC provides a collective measure of 

performance against all possible classification threshold values. AUC may also be 

explained as the likelihood that the model ranks a random positive instance more highly 

than a random negative instance. AUC closer to 1 depicts better classification results. 

Thus, all the evaluation metrics used in the study are capable of determining the 

classification errors far more effectively and portrays a bias-free result which more 

trustworthy.  

The simple one-dimensional CNN model is quite successful in identifying the TNM stage 

and histopathological grade of NSCLC tumor images (as described in the author’s first 

full paper in Appendix E). However, during experimentation, it has been felt that features 

need to be re-incurred while moving ahead with CNN down-sampling. This triggers the 

embedding RNN after CNN pre-processing layers. 

8.4 Conclusion 
In this chapter, the process of developing a new one-dimensional deep learning model by 

combining CNN and GRU has been described. Techniques used in the study, details of 

experiments carried out, and methods of evaluation of outcome have also been described. 

Almost all the traditional machine learning methods efficiently do vector processing. 

Deep learning is capable of processing high order data but has not yet delved into the 

vector processing domain. The present research work has pioneered in developing such a 

model that can process vector or rank one tensor with equal efficiency as that of the 

leading machine learning models.  

  

  


