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Abstract: 

Depression is a general illness globally which causes severe implications. Depressive symptoms can predict earlier 
and it is considered as initial step in evaluation and treatment. There is a potential to generate computational 
intelligence model to detect the depression symptoms by using the depression datasets and machine learning 
advancements. Therefore, this research proposed DCNN-WiGRF algorithm to identify the depression disorder 
types such as normal, persistent disorder, bipolar disorder, and MDD. Initially the data is pre-processed and then 
augmented by using data augmentation process in which the rotation of image is performed. Further, the features 
are extracted by using Deep CNN algorithm from FER2013 dataset. Finally, the classification of the significant 
features is performed by using the Weight updated Informative Gain Random Forest algorithm based on queries 
and extracted features. Here the information gain is used because if the faster ability and it can exactly predict the 
depression from non-linear data. Thus, the depression prediction model can be adopted, which can contribute to 
classify the depression disorder types in order to provide earlier treatment. 

Keywords: Depression Disorders, Deep CNN, Informative Gain, Random Forest algorithm, Weight Updation 

1. Introduction 

Depression disorder is considered as a common disease. According to WHO- World Health Organization, the 
depression disorder affected peoples are estimated as more than 300 million globally (Uddin et al., 2022). 
Depression may cause critical influence to human well-being and affect the performances at school, family, and 
workplaces which even resulted in self-injury. Younger stage depression is related with mood disorders and critical 
mental illness. Every year 0.8 million people die from suicide and it is considered as fourth major cause of death 
in adolescent age, stated by WHO. Incapability and disability are the major causes of depression. The depression 
occurrence in adult population is nearly 5 percent in cultures and 20 percent are in mild form like probable and 
partial depression(Depression, 2017; Kessler & Bromet, 2013). Among the adults, the most risk people with 
depression is the middle-age population. The depression occurrences are increasing and earlier intervention by the 
medical care can enhances the mental symptoms such as rumination and self-confidence absence and solves the 
somatic issues such as sleeping disorders and gastrointestinal problems in most of the cases(Weinberger et al., 
2018).  

Earlier prediction of depression symptoms followed by evaluation and treatment can improves the probabilities for 
restricting the symptoms and the disease, removes the negative results on health well-being, economic, personal 
and social life(Jones et al., 2018). The detection of depression symptoms is resource demanding and challenging. 
The present approaches are usually based on questionnaire surveys and clinical interviews from medical healthcare 
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hospitals in which psychological assessment tables are used for mental disorder predictions. These questionnaires 
can diagnose psychological disorder roughly alone in case of depression. However recently Artificial intelligence 
approach employs certain computational techniques and linguistics in helps the machines to understand 
fundamental phenomena like emotions or sentiments from audio or texts or images or videos (Hantach et al., 2021).  

In addition, deep neural network can used more in various research fields. It is considered as more robust compared 
with standard neural networks which possess two major disadvantages. The first disadvantage is considered as over 
fitting and computational time. Hence later the convolutional neural network has developed and shows higher 
power related with other approaches. CNN can extract the features across the training data which shows certain 
convolutional stacks for generating the various convolutional layers. CNN is majorly applied for the image and 
video assessment rather than decoding of temporal information.  

Among various approaches, machine learning are widely used in evaluate the mental and physical states of human 
being from various datasets. Machine learning models are employed in performing important predictions. Hence 
the current research focuses on various machine learning models to predict the depression disorders from the 
reliable data source.  

The major contribution of the study involves, 

 To perform the pre-processing and data augmentation by randomly rotate the image dataset. 
 To extract the significant depression features from depression dataset namely FER2013 using the Deep 

CNN network model for detect the important feature without any human supervision. 
 To predict the depression disorder class namely normal, persistent disorder, bipolar dis-order and MDD 

by classify significant features using the Weight updated Informative Gain Random Forest algorithm based 
on the queries and extracted features. 

1.2 Paper Organisation 

The following section 2 describes the literature review of various depression types using the different artificial 
intelligence methods. Further section 3 describes the methodology of proposed DCNN-WiGRF method. The results 
and discussion is described in section 4. Finally, the study is concluded in section 5. 

2. Related Works 

The following section describes the related works of depression prediction using various artificial intelligence 
methods. 

(He et al., 2021) suggested in considering the various features for identifying the depression using deep learning. 
More potential regression and representation patterns have been identified. The deep learning-based model can 
assist the doctors to assess the depressed patients also. In order to recognize the appearances from depressed 
patients, physiological signals, text, video, and audio from multi-modal depression and Chinese multimodal 
depressed patients progressed among various 570 cultures and races. (Priya et al., 2020) determines five severity 
levels with respect to stress, anxiety and depression. Five classification approaches such as Naïve Bayes, K-Nearest 
Neighbour, Random Forest, Decision tree, and Support vector machine have been considered. For the stress, 
anxiety, and depression scales, the significant variables identified as difficult to relax, scared without any reason 
and considered life as meaningless. While recognizing the psychological disorder these variables have been most 
significant.  

(Shetty et al., 2020) focusing on better methods to improve the accuracy. CNN model, Naïve Bayes, Bernoulli 
Naïve Bayes, Support vector machine, and logistic regression, gradient boosting and random forest classifier have 
been analysed for better diagnosis. (Chekroud et al., 2016) improved the antidepressant treatment efficacy using 
various machine learning algorithms in order to assess the patients with symptoms. The variables have been 
identified for clinical remission prediction. (Islam et al., 2018) analysed temporal and emotional process and 
linguistics style using machine-learning techniques for classify the features. From more emotional features types, 
another approach used for paraphrase extraction of depression analysis (Meshram & Rambola). 
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 (Andersson et al., 2021) assessed the postpartum depression predictions using demographic, psychometric and 
clinical data with the help of machine learning algorithms. From Sweden, the data has been collected with 4313 
samples. Randomized trees algorithm ensured potential performance with 73 percent accuracy. However, for 
women without former mental health concerns, the accuracy obtained was 64 percent. Variables focused were 
anxiety and depression during pregnancy associated with personality and resilience. Higher postpartum depression 
risk issues in order to facilitate cost-effectiveness and follow-up. (Gao et al., 2018) reviewed different machine 
learning techniques utilized for prediction and classification of brain imaging, followed by major depression 
disorder prediction with respect to mood or control disorders. The study examined the treatment outcome detection 
for every patient. MDD biomarker identification associated with detailed overview assists the readers to   identify 
the effective data mining technique.  

(Hochman et al., 2021) analysed healthcare based clinical risk detection models focusing on postpartum depression 
risk prediction. It assists the postpartum women’s clinical practice. In healthcare service, PPD risk prediction can 
serve as a warning sign for women before the depression symptoms alert identified. Secondary data analysis 
performed with respect to functional imaging, genetic data, and quantitative approach. (Bhakta & Sau, 2016) 
depression has detected as earlier from the socio-demographic and disease variables which assists the doctors in 
detecting the depression factor. Using GDS scale it has performed. For medical professionals the automatic 
predictive model development can provided the treatment accurate and faster. Five various learning procedures 
considered namely Decision table, Bayes net, Multilayer perceptron, and Logistic and SMO model. Better results 
have been obtained through Bayes Net. Optimization techniques have been required to avoid duplication confusion 
since depression is refer as multi-factorial illness. For more accurate depression prediction with feature selection, 
various nature inspired optimization algorithms have been utilized. The generalization of developed automatic 
prediction model has been assessed.    

(Shah et al., 2020) analysed various techniques in order to predict depression from the text provided. The major 
focus is not on depression user classification but it can focus on to minimize the time in order to detect every user 
state. Word2Vec Embed with Meta features have been resulted in better output. The major drawback identified are 
the increased time in detection of depression. (Lin et al., 2018) examined the Taiwanese antidepressant outcomes 
using deep learning model. In evaluating the antidepressant treatment response with proper accuracy, deep MFNN 
framework has been developed. The proposed model results have been generalized in detecting the human 
disorders treatment which can be employed by developing the molecular prognostic and diagnostic tools in 
predicting the depression. The deep learning models evaluated using the independent greater sample sizes.  

(Kumar & Chong, 2018) exploited the machine learning and correlation analysis for identifying the attributes 
showing certain impact in classifying the health status of patients. Correlation analysis has been attained which 
shows the depressive disorder symptoms with respect to emotional classification. For the bipolar patients, the 
results shows interesting correlations and the significant features have been extracted through physiological data. 
(Kessler et al., 2016) analysed the lifetime MDD disorder from 1056 respondents. The accuracy of developed 
machine learning model prediction has related with traditional logistic regression model. From the respondents, 
greater persistence chronicity exhibited as 40.8 to 55.8 percent severity indicator, suicide attempts recorded as 1.5 
percent and frequent hospitalizations of 0.9 percent have been identified as machine learning predicted risks. From 
the patient self-reports MDD risk stratification models have been developed which improves the traditional 
methods in developing these models.   

(Zandvakili et al., 2019) utilized new data-driven approach in evaluating the EEG coherence to defines the 
treatment in recognizing the clinical utility’s candidate biomarkers. (Hatton et al., 2019) demonstrated the every 
individuals in developing the depression. Further machine learning based prediction model established in which 
most of the researches utilized the traditional statistical methods like logistic regression. In older individuals the 
predictive model’s efficacy has not been assessed and thus the machine learning approach aimed at predicting the 
depressive symptoms compared with baseline of sub-threshold depression. 

(Richter et al., 2020) employed cognitive behavioural tasks with respect to machine learning algorithms shows the 
several measures which characterize the subclinical psychiatric disorders. Higher level of depression or anxiety 
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symptoms have been identified from anxious and depression individuals. (Yang et al., 2017) provided text, audio 
and video context related with AVEC2017 depression trial and the experimental outcomes outperformed the 
baseline results. Text descriptor-based paragraph vector embedding and HDR based 2D facial landmarks have been 
used. The multimodal hybrid context incorporating the DNN and DCNN model shows better performance. More 
evaluation has been required to boosting the performance of depression recognition.  

(Zhou et al., 2018) focused on deep convolutional neural network fortified with global average pooling layer which 
are initially trained with facial expression information, allows in recognizing the prominent input image regions 
with respect to severity score of DAM - generated depression activation map. The overall recognition performance 
has been improved using the multi-region Depress Net approach. The method has been evaluated on two datasets 
and the results have been evaluated with respect to visual based depression identification. The learned deep model 
has expected to recognize the automated depression.  

3. Proposed Methodology 

In this research, the depression disorder is recognized using the deep feature extraction and machine learning 
techniques. Initially FER13 depression images dataset is pre-processed by performing resize the images. Followed 
by data augmentation process is performed for rotating the image. Further, the significant features are extracted 
from the augmented images using Deep CNN algorithm. Finally, Weight updated Informative Gain Random Forest 
algorithm is developed to classify the extracted features based on the queries provided. The overall flow of the 
proposed study is shown in below fig.1. 
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3.1 Data Augmentation 

The general data augmentation technique namely random rotation is used in this research. The image from dataset 
is rotated counter-clockwise or clockwise randomly with certain number of degrees with modifying the object 
position in frame.  

3.2 Feature Extraction using Deep CNN 

Convolutional Neural Network- CNN based deep learning approach which comprised with convolutional layers. 
The feature maps are extracting through convolutional layers from the image using various numbers of kernels. 
The pooling layers are comes followed by that which reduces these dimensions. Different pooling layers are also 
presented such as average pooling and max pooling. The network comprised with more layers like batch 
normalization layer, dense, dropout and flattern layers. The CNN architecture framework is shown below in fig.2. 
It is applied predominantly in widespread data like videos and images. Between the convolutional and fully 
connected layers, subsampling layers are presented. CNN can be applied automatically in datasets where relatively 
greater numbers of parameters and nodes are trained.   

 

Fig.2. Convolutional Neural Network Architecture 

Input layer 

From the pre-processed data, the selected features are determined as convolutional neural networks input vector, 
which are termed as 

X = [xଵ, xଶ, xଷ … x୩]          (1) 

From Eq. (1), no. of features per window is k after measurement. For speed up the model convergence, Min-Max 
Normalization formula is used in which the values in every dimension of data are transformed linearly and 
normalized to [0,1] range, 

x =
௫ି௠௜௡

௠௔௫ି௠௜௡
           (2) 

From Eq. (2), every column’s minimum is 𝑚𝑖𝑛, whereas the maximum value is 𝑚𝑎𝑥.  

Convolutional layer 

The 𝑗𝑡ℎ feature map output on first convolutional layer’s  𝑖𝑡ℎ unit, refer as, 

𝑥௜
௟,௝

= σ (b୨ + ∑ 𝑤௔
௝௠

௔ୀଵ  𝑥௜ା௔ିଵ
௟ିଵ ,௝

)        (3) 

From Eq. (3), for 𝑗𝑡ℎ feature map, bias term is 𝑏, the kernel size is 𝑚, jth feature map weight is 𝑤௔ , σ  is the 
activation function, and the filter index is 𝑎. Here ReLu activation function has used and verified based on faster 
efficiency and training speed which is similar to the synaptic efficacy of human nervous system.  

Max pooling layer 

This type of pooling layer develops the combination statistics for the nearby output of 𝑥௜
௟,௝, can minimize the 
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output’s sensitivity and dimension which can attains preservation of scale-invariant feature. Maxpooling operation 
is utilized in this research. It can divides the convolutional layer output feature into multiple partitions, further 
identifying the maximum in every partition. The max-pooling layer output is, 

𝑥௜
௟,௝

= 𝑚𝑎𝑥௡ୀଵ
௥ (𝑥(௜ିଵ)∗ ೙்

௟ିଵ,௝
)         (4) 

From Eq. (4), pooling size is 𝑛 and pooling stride is 𝑇. 

Training model 

Deep CNN comprised with several pooling layers, fully connected layers and convolutional layers. After the 
pooling, activation function and convolution operations, the input data has mapped into the feature space of hidden 
layer. The fully connected layer combines finally the various local structural features which are learned from below 
layer for final classification performance. This research used only the pair of max-pooling and convolutional layer 
which are then flatten 2D data into 1D data, the neural network completed with fully connected layer. The soft-
max classifier is utilized as model’s top layer which can recognize four kind of transportation mode, 

𝑓(𝑥) = argmaxୡ(
௘

ೣ೗షభ ೢೕ

∑ ௘ೣ೗షభ ೢ೙ಿ
೙సభ  

)         (5) 

From Eq. (5), class label is 𝑐, index layer is 𝐼, no. of class is 𝑁, sample feature is 𝑥. With respect to Eq. (3) to (5), 
forward propagation has processed. From the input layer, information is propagated forward and moves through 
hidden layer and then to output layer which can attains the entire network output. an iteration of forward 
propagation yields network error value. The cost function of cross-entropy has adopted for measure the error value, 

𝐿(𝑦) = −
ଵ

௡
 ∑ [𝑦𝑙𝑛𝑎 + (1 − 𝑦) ln(1 − 𝑎)]௫        (6) 

From Eq. (6), sample is 𝑥 , network predicted value is 𝑎, actual value is 𝑦, and no. of training samples is 
𝑛. The gradient descent algorithm has employed during the training process for parameters adjustment as bias 𝑏 
and weight 𝑤 of layer by layer with respect to error backward-propagations. Specifically, the weight 𝑤௜ is adjusted 
by informative gain and measures every parameter’s adaptive learning rate.  The procedure takes lesser memory 
and computationally effective. The above description is mentioned in following algorithm, 

Algorithm 1 

Input: 𝐷𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝐼𝑚𝑎𝑔𝑒𝑠 , 𝑂𝑢𝑡𝑝𝑢𝑡 ∶ 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

Sliding Window Process 

ef ←  Extract Shadow Features 

Normalize sf by equation (2) 

regularization feature data, size = 64 Units − 128 Units 

repeat: 

Forward Propagation 

cd ←  Convolution2D(ef ); 

mp ←  Max୮୭୭୪୧୬୥(ୡୢ); 

fc ←  Fully_connected(mp); 

class label ←  relu(fc); 

Backward Propagation: 

conduct backward propagation with Adam; 
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Until wi convergences; 

Use the trained network to predict the features 

 

Batch Normalization 

Batch normalization is a layer which permits every network layer to perform learning that is more independent. It 
is utilized to normalize the previous layer’s output. in normalization, the activation function scales the input layer. 
Learning becomes so effective using batch normalization and it can be utilized as regularization to avoid model 
over fitting. The layer is included to sequential model for standardize the outputs or inputs. At several points, it can 
be used in between the layers. After the sequential model defining it has placed and after the pooling and 
convolutional layers.  

Dropout layers 

Dropout is considered as regularization approach which is used for over fitting prevention in model. Dropout are 
included to randomly switching certain neurons percentage in network. The outgoing and incoming connections 
are switched off when neurons are switched off. The model learning has enhanced further. After convolutional 
layers dropout layers are not in use and they used after network dense layers. It’s always better to only switch off 
the 50 percent neurons. 

Flattern layer 

Flattern layer has converts the data into 1D array for next layer input. The convolutional layers output is flattern 
for creating single long feature vector. Further, it has connected to final classification model refer as fully connected 
layer. 

3.3 Classification using Weight updated Informative Gain Random Forest algorithm 

Here using the improvised random forest algorithm, the sample dataset FER13 in 𝑀- dimensional feature space of 
𝑋 and no. of good trees 𝑅 are selected. From these 𝑅 trees the no. of un-correlated good trees 𝑄 − 𝑈 − 𝐶𝑜𝑟𝑟 are 
chosen. The algorithm to build an improvised random forest with X using 𝑄 − 𝑈 − 𝐶𝑜𝑟𝑟 follows following steps, 

Step 1: initial step is the data sampling which uses bagging method for generating the value of 𝑘 in group of data 
subsets, { 𝐵𝐴𝐺𝑀 ଵ , 𝐵𝐴𝐺𝑀 ଶ , . . . , 𝐵𝐴𝐺𝑀 ௞ }, using the random sample of dataset with replacement.  

Step 2: the second step is the building of tree classifier. It uses each in-group of data subset 𝐵𝐴𝐺𝑀 ௜  for building a 
tree and further provides the assessment value to tree. Continue all the steps until all trees are created and processed.  

Step 3: the third step is tree ordering, which can sort all these 𝑘 trees in descending order.  

Step 4: For variable subset, calculate the Gini Index in information gain. For faster processing, generate the 
vectorized format of informative gain.  The Gini index is used for to evaluate the attribute goodness to split in 
which the attributes with greatest Gini index value is selected as split in that node. Breiman who introduced Gini 
index as a measure of computing the data impurity(Nguyen et al., 2011). The following Eq. (7) shows the 
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measurement of Gini index, 

𝐺𝐼(𝐾) =  
ଵ

ଶ
− ൣ1 −  ∑ 𝑝௝ (𝑟௙)ଶ൧   (7) 

From the Eq. (7), it shows that 𝑟௙ is the relative frequency at 𝐾 node. From this expression, it shows that the samples 
are on similar category with 0 impurity or else it shows positive value. The instances are classified with respect to 
classifications’ majority votes from individual trees. 

Informative gain is considered as entropy based algorithm determined by Shannon for feature selection(Shannon, 
1948). It is used for entropy loss calculation. Entropy is the uncertainty measure in random variable and it is 
measures in bits which are describes the sample arbitrary collection’ impurity.  If there is 𝐶𝐿𝐶 collection with 𝑃 
outcomes then the entropy of 𝐶𝐿𝐶 is, 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐶𝐿𝐶) =  − ∑ 𝑟ூ∈௉ (𝐼) 𝑙𝑜𝑔ଶ𝑟(𝐼)       (8) 

From Eq. (8), 𝑟(𝐼) is the proportion of 𝐶𝐿𝐶 ∈ 𝐼 class. As discussed, entropy is the feature impurity measure. If 
there is 0 entropy value then all 𝐶𝐿𝐶 instances belong to same class. For the A feature of sample set 𝐶𝐿𝐶, the 
informative gain 𝐶𝐿𝐶, 𝐴 is expressed as, 

𝐺𝑎𝑖𝑛(𝐶𝐿𝐶, 𝐴) =  −𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐶𝐿𝐶) − ∑ ቀ
|஼௅஼ೡ|

஼௅஼
ቁ௩∈஺ . −𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐶𝐿𝐶)    (9) 

From Eq. (9), 𝐶𝐿𝐶௩ is considered as 𝐶𝐿𝐶 subset in which A feature has 𝑣 value. 𝐶𝐿𝐶௩ is the no. of instances 
classified as 𝐶𝐿𝐶௩ 𝑎𝑛𝑑 𝐶𝐿𝐶 is no. of instances classified as 𝐶𝐿𝐶. 

Step 5: Higher performance trees selection, choose the above R trees with higher AUC values. 

Step 6: Building the Weight updated Informative Gain Random Forest algorithm: the correlations among R trees 
predicted probabilities are observed,  

𝑡 =  ൥
1 𝑡(1,2) 𝑡(1,3)
⋮ ⋮ ⋮

𝑡(𝑡, 1) 𝑡(𝑡, 2) 1
൩ ∗ 𝐺𝑎𝑖𝑛(𝐶𝐿𝐶, 𝐴)       (10) 

From Eq. (10), observed 𝑡 is utilized as an input in process of variable clustering and 𝑄 − 𝑈 − 𝐶𝑜𝑟𝑟 correlated the 
clusters trees. In every cluster, the trees are sorted in ascending order. Select tree from every cluster with greater 
AUC value which provides 𝑄 − 𝑈 − 𝐶𝑜𝑟𝑟 un-correlated higher performing trees and arrange the trees into Weight 
updated Informative Gain Random Forest. 

The algorithm for Weight updated Informative Gain Random Forest is mentioned below, 

Algorithm 2 

1. Inputs: TC, NT, TR, NI  
[ TC =  Number of target classes (in our case 5)  

NT =  Number of 𝑅 𝑡𝑟𝑒𝑒𝑠 required in decision making 

TR =  Training dataset  

NI =  Number of instances in TR ] 

2. For j =  1 to TC ( 𝑅 𝑡𝑟𝑒𝑒𝑠 are obtained for each class) 
3.  𝑅 𝑡𝑟𝑒𝑒𝑠 ୍୬୧୲(୔୓୔)(୔୭୮୳୪ୟ୲୧୭୬ ୍୬୧୲୧ୟ୪୧୸ୟ୲୧୭୬) 
4. Init

୛ୣ୧୥୦୲ୱ(୛)ቀ ୛ୣ୧୥୦୲ ୍୬୧୲୧ୟ୪୧୸ୟ୲୧୭୬ ୟୱ ୛୧ ୀ
భ

ొ
୤୭୰ ୣୟୡ୦ ୧୬ୱ୲ୟ୬ୡୣ ୧ቁ

 

5. For k = 1 to NT (𝑅 𝑡𝑟𝑒𝑒𝑠 evolved using Gini Random Forest) 
i. Fill POP. New set of 𝑅 𝑡𝑟𝑒𝑒𝑠 

ii. Evolving GP string capable of recognizing Class TCj, keeping AUC as  
iii. fitness function  
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6. end For  
7. end For 
8. (NT ∗  TC) 𝑅 𝑡𝑟𝑒𝑒𝑠 are acquired for every class TCj 
9. Accumulative classification result of each class Cj is calculated by  

weighted sum of 𝑡 𝑎𝑛𝑑 𝑜𝑢𝑡𝑝𝑢𝑡௧ 𝑜𝑓 𝑡ℎ𝑒 𝐼𝑚𝑎𝑔𝑒𝑠  

 

From the above algorithm, it shows that the informative gain can extends weight updation support over the 
instances, since can be not correctly classified in the before iteration. Further it can saves time for introducing the 
new Weight updated Informative Gain Random Forest, the whole new population is not generated rather updated 
weights over instance space seen in following iteration. Based on higher value the final test instances prediction is 
made from weighted sum of outputs.  

4. Results and Discussion 

The following section illustrates the proposed DCNN-WiGRF algorithm results for predicting the depression 
disorder types with respect to various performance metrics such as accuracy, precision, F1-score and Recall values.        

4.1 Dataset Description 

The depression dataset for this research is obtained from https://www.kaggle.com/msambare/fer2013. Here, the 
data comprised with pixel value as 48x48 grayscale face images of Normal, abnormal, persistent, Major Depressive 
Disorder- MDD, and bipolar disorder.   

Table 1: Sample Depression disorder images 

Normal 

    

Abnormal 

    

MDD 

    

Persistent disorder 

    

Bipolar Disorder 

    

 

The face is nearly centred and resides in the space with similar amount in every image. The training set comprised 
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with examples of 21010 and 2342 examples of test set.  The sample images in the dataset are shown in below table 
1. The following table-2 depicted the additional sample features which are added to images for every patient and 
it considered as queries which are to be enquired.  

Table 2: Additional sample features added to the images for every patient- queries 

Lack of 
energy 

Feeling 
hopeless 

Delusions Mood 
swings 

Trouble 
concentrating 

Manic 
Episode 

Over 
Energized 

Over 
Happy 

0 0 1 0 1 1 0 0 

1 1 0 0 0 0 1 0 

1 0 0 1 1 0 1 1 

0 0 0 0 1 0 1 0 

0 1 0 0 1 0 1 1 

1 1 1 1 0 1 1 1 

1 0 0 0 0 0 1 1 

 

4.2 Experimental analysis 

The features which are extracted before sampling and after sampling are described in following table 3. Sampling 
is a random module with inbuilt function, returns specific items’ length selected from sequence list. Here the 
abnormal values are increased after the sampling procedure and the rest are remaining same. 

Table 3: Features- Before and after sampling 

 Sampling Normal Abnormal MDD 
Persistent 
disorder 

Bipolar 
Disorder 

Before Sampling 5245 436 3995 4830 4097 

After Sampling 5245 5245 3995 4830 4097 

 



www.healthinformaticsjournal.com Frontiers in Health Informatics ISSN-
Online: 2676-7104 
2024; Vol 13: Issue 3 Open Access 

 

9173 

  

 

 

Fig.3. Confusion matrix 

The confusion matrix is defined as table which are used to explain the classification model performance on set of 
testing data in which the true values are identified. The above fig.3 is the confusion matrix of proposed classifier 
with respect to test data.  Followed by the predicted video results are shown in table 4. 

Table 4: Predicted Depression types Results 
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The experimental results of before and after sampling the data is shown in following fig.4 with respect to various 
performance metrics such as accuracy, precision, recall and F1-score. Here after sampling the accuracy, precision, 
recall, and F1-score values obtained as 0.9516, 0.9521, 0.9518, and 0.9587 values respectively. However, before 
sampling the accuracy, precision, recall, and F1-score values obtained as 0.8745, 0.8698, 0.8612, and 0.8736 
respectively.  

  

Fig.4. Experimental Results- Before and after sampling 

4.3 Internal comparison 

For every class of normal, abnormal, MDD, persistent disorder, and bipolar disorder, the proposed DCNN-WiGRF 
algorithm with respect to performance metrics precision, recall and F1-measure values’ results are shown in fig.5. 
Here, in case of abnormal prediction all the metrics rates are high, followed by normal, persistent disorder, bipolar 
dis-order and MDD class values. 

0.8745 0.8698 0.8612 0.8736

0.9516 0.9521 0.9518 0.9587
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1
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Fig.5. Depression class analysis results 

Furthermore, the proposed DCNN-WiGRF algorithm results are compared with existing methods of Random 
Forest, SVM, K-Nearest Neighbours, Logistic regression, and Naïve Bayes algorithms shown in fig.6. The 
proposed method shows better results compared with the existing methods in terms of all metrics as accuracy as 
98.9, precision as 98.2, recall as 98.5 and F1-score as 98.3 values. Here random forest, SVM, logistic regression 
shows lesser values compared with other algorithms. 

 

Fig.6. Internal comparison of proposed and existing methods 

The following fig.7. Describes the proposed DCNN-WiGRF algorithm accuracy in depression disorder prediction 
as 98.9% which are compared with existing Support Vector Machine-SVM algorithm shows the average 
recognition accuracy as 63% value. The below fig.8. Clearly indicated the ROC curve of multiclass types of 
depression disorder.  
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Fig.7. Comparative results- Accuracy 

 

Fig.8. Multiclass ROC curve 

5. Conclusion 

To detect the depression disorder and its types automatically an effective computational intelligent approach is 
required. For that this research proposed DCNN-WiGRF algorithm for detecting the depression exactly from the 
FER2013 depression dataset. The proposed algorithm is effectively performed in extracting the significant features 
initially, further the proposed Weight updated Informative Gain Random Forest algorithm is classify the significant 
depressed features accurately. The proposed algorithm outperformed the existing algorithms such as Random 
Forest, SVM, K-Nearest Neighbours, Logistic regression, and Naïve Bayes algorithms in terms of accuracy, 
precision, recall and F1-score. Further when compared with existing studies the proposed algorithm shows better 
accuracy value as 98.9%. Thus, the depression prediction model can be adopted, which can contribute to classify 
the depression disorder types in order to provide earlier treatment. 
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