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Abstract  

In the last two decades, there has been a tremendous rise in 

psychological problems in children. Early detection of 

psychological problems and proper treatment ensure quality 

life at a later stage. This study tries to assist mental health care 

professionals in early diagnosis of social and communication 

deficiency from the psychometric profiles of children 

collected by the psychologists. Ensemble of Naïve Bayes 

classifiers along with Fuzzy clustering of attributes has been 

applied for classifying the children with and without 

deficiency. The prediction of ensemble of classifiers was 

made using majority voting and weighted average techniques. 

The performance of the classifiers has been analysed with ten-

fold cross validation technique and measures like Sensitivity, 

Specificity, Kappa statistic value and the Balanced accuracy.. 

The study reveals that the ensemble of Naïve Bayes classifiers 

using weighted average technique performed better than the 

ensemble of classifiers using majority voting technique. 

Keywords: Ensemble of Classifiers, Naive Bayes, Fuzzy 

Clustering, Social and Communication Deficiency, Majority 

Voting, Mental Health Diagnosis 

 

INTRODUCTION 

Expert diagnostic systems in psychology are an emerging 

field of high importance for providing early diagnosis of 

psychological disorders. Early detection of psychological 

disorders benefits the professionals in prevention of disorders 

at a later stage. Expert systems use machine learning 

algorithms to identify psychological disorders. The literature 

review states that large number of expert systems has been 

developed to diagnose psychological disorders only at the 

extreme stage. Only a few systems have been developed for 

early detection of mental health problems before they get 

developed into mental health disorders. Most of those systems 

that help in diagnosis of mental health problems have utilised 

single machine learning technique. However, ensemble 

learning techniques that utilise multiple techniques or single 

technique with different data set samples have potential to 

improve classification accuracy of the expert systems. The 

literature review on diagnosis of mental health problems 

shows that ensemble learning techniques have been used in 

diagnosis of Parkinson’s disease, Alzheimer’s disease and 

other psychological disorders. In this study, early detection of 

Social and Communication deficiency is made using ensemble 

classification scheme. Social and Communication deficiency 

leads to many other mental health problems and hence the 

diagnosis of the deficiency has been considered for the study. 

The diagnostic results of the ensemble classifier have been 

compared with single classification schemes and it has been 

found that the performance of the ensemble of classifiers is 

relatively high. 

According to World Health Organization (WHO), ‘mental 

health is the emotional and spiritual resilience which enables 

us to enjoy life and survive pain, suffering and 

disappointment. It is a positive sense of well-being and an 

underlying belief in our and others dignity and worth. It is 

influenced by our experience and our genetic inheritance’. 

Mental health problems occur commonly among children of 

all ages. One third of the world’s population are children and 

adolescents. Globally, around 10 to 20 % of children and 

adolescents suffer from a mental health problem and suicide is 

one of the top three leading causes of death among 

adolescents. It has been found out that there is a severe 

shortage of mental health professionals and facilities in India. 

Of 5-17 year-old  children and adolescents, 3-18% have been 

found to suffer from a psychiatric disorder causing significant 

functional impairment [1]. Research by Costello, Kessler and 

Merikangas have also stated that mental health disorders in 

adults commonly have their onset early in their childhood [2]. 

Over a period of time, psychological problems develop into 

psychological disorders, thereby contributing to suicides at the 

extreme level. Computational psychiatry involves applying 

data mining techniques on data sets to find patterns without 

depending on theories related to mental illness. These data 

mining techniques help the mental health professionals in 

diagnosing children and adolescents with much greater 

accuracy. The techniques take care of relatively 

straightforward yet time consuming diagnosis tasks, thus, 
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freeing up the professionals for more clinically demanding 

procedures. 

In the last two decades, there has been a tremendous rise in 

psychological problems in children and there has been a 

severe shortage of mental health professionals.  Symptoms of 

various disorders can overlap and hence distinguishing among 

the psychiatric syndromes can be difficult. Early detection and 

intervention of mental health problems aims to reduce the 

dependency and disabilities associated with mental illnesses 

during one’s adult years. This study provides evidence that the 

ensemble of classifiers may be used as a complementary and 

adjunctive one for diagnosing the mental health problems at 

an early stage. 

The most common mental health problems of children are 

Autism, Anxiety Disorders, Attention Deficit Hyperactivity 

Disorder (ADHD), Depression, Eating disorders and Post-

traumatic disorders. Various mental health problems often 

show similar symptoms and hence the diagnosis is very 

difficult. This study focuses on diagnosing social and 

communication deficiency of children at an early stage instead 

of diagnosing psychological disorders at an extreme stage. 

Armañanzas et al., explored the application of different 

machine learning techniques to the classification of fMRI data 

for early Alzheimer’s disease diagnosis. The classification 

reached a 97.14% average accuracy [3]. Cheng & Liu, 

proposed a ensemble classification model for classification 

of Alzheimer ’s disease using Positron Emission 

Tomography (PET) brain images. The proposed method can 

automatically learn the generic features from PET imaging 

data for classification. The proposed method achieved an 

accuracy of 92.2% [4]. 

Ebadi et al.,  and Iftikhar, M. A., & Idris, A. used an ensemble 

framework to perform the classification of Alzheimer’s 

Disease and Mild Cognitive Impairment [5,6].  

Abou-Warda et al., predicted a number of mental disorders 

and drug abuse using random forests. The Random Forest 

classification technique was used to increase the accuracy rate 

of mental disorders prediction systems [7].Ortiz et al., 

constructed a  Computer Aided Diagnostic tool for the early 

diagnosis of Alzheimer’s Disease [8]. They composed an 

ensemble deep belief networks for final prediction using a 

voting scheme. Four different voting schemes are 

implemented and compared.  

Lebedev et al., developed a computer aided diagnostic tool for 

diagnosing Alzheimer’s disease by training Random Forest 

classifiers and compared the results with linear support vector 

machine [9]. Zhang et al., used speech based data in the 

classification of Parkinson disease [10]. 

Li, Y. et al., used speech based data in the classification of 

Parkinson disease (PD). They combined Classification and 

Regression Tree (CART) algorithm for obtaining speech 

samples with high separability and an ensemble-learning 

algorithm combining random forest (RF), Support Vector 

Machines (SVM) and Extreme Learning Machine (ELM) was 

trained based on the optimized training samples [11].  

Gok, M. developed a discriminative model based on a selected 

feature subset and applied several classifier algorithms in the 

context of Parkinson’s disease detection. All classifier 

performances from the point of both stand-alone and rotation-

forest ensemble approach were evaluated on a Parkinson's 

disease data-set according to a blind testing protocol. [12]  

Lee, E. S. explored the performance of stacking based 

ensemble classifier by combining five classifiers (i.e., Logistic 

Regression, Decision Tree, Neural Network, Support Vector 

Machine, Naïve Bayes Network) in the base-level learner and 

meta-level learner. [13]  

Hilbert et al., used machine learning on multimodal bio-

behavioral data for predicting General Anxiety Disorder, 

Major Depression and healthy subjects [14].  

Husain, W., Xin, L. K., & Jothi, N., transformed raw data into 

useful knowledge via data mining technology for predicting 

generalized anxiety disorder. Random forest approach is used 

to predict Generalized Anxiety Disorder among women in 

Malaysia [15]. 

Vyškovský et al., used random subspace ensemble method for 

improved prediction of schizophrenia with multi-layer 

perceptron (MLP) and support vector machines (SVM) and 

the classification results are based on their voting [16]. Farhan 

et al., proposed an automated image processing based 

approach for the identification of Alzheimer’s disease at an 

early stage from MRI of the brain [17]. An ensemble of 

classifiers, three different classification models SVM, MLP 

and J48, based on majority voting, is adopted to overcome the 

error caused by an independent base classifier. The accuracy 

achieved with ensemble of classifiers is 93.75%, with 100% 

specificity and 87.5% sensitivity. 

The literature review states that a number of expert systems 

have been developed in diagnosing mental 

health disorders at an extreme stage and no systems have been 

developed for the early diagnosis of mental health problems. 

Hence, this study was conducted to diagnosis social and 

communication deficiencies of children which is the main 

cause for other mental health problems. 

 

METHODOLOGY 

The paper aims to design an ensemble of classifiers to 

diagnose the social and communication deficiency of children. 

The methodology of the study is as follows: 

1. Data collection from the clinical psychologists and 

its processing. 
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2. Recursive Feature Elimination (RFE) algorithm has 

been chosen for eliminating the insignificant 

features, thereby reducing the number of features. 

3. Create a Mutual information matrix for significant 

features. Mutual information matrix provides degree 

of relationships between features. 

 

 

 

Figure 1: Methodology for detection of Social and 

Communication Deficit using Fuzzy Clustered Ensemble of 

Naïve Bayes Classifiers 

 

1. Cluster the features using Fuzzy k-Medoids 

clustering algorithm. 

2. Each cluster of features is passed as input to the 

Naïve Bayes classifier and diagnoses are made. 

3. Based on the balanced accuracy of the classifiers, 

weights are calculated and final predictions are 

made. 

4. Evaluate the performance of the ensemble of 

classifiers in predicting the social and 

communication deficiency of children. 

 

Table 1: Attributes extracted from dataset. Reduced Features 

are shown in bold 

No. Attribute States 

1 Academic performance A:Adequate; 

I:Inadequate 

2 Affectionate Y:Yes;N:No 

3 Age I:Infant;E:Early 

Childhood; 

M:Middle 

Childhood; 

A:Adolescent 

4 Staying aloof Y:Yes;N:No 

5 Anxious at many times Y:Yes;N:No 

6 Appetite level R:Regular; 

I:Irregular 

7 Arithmetic Skill A:Adequate; 

I:Inadequate 

8 Attention level A:Adequate; 

I:Inadequate 

9 Bowel Movement R:Regular; 

I:Irregular 

10 Concentration level A:Adequate; 

I:Inadequate 

11 Demands attention of 

parents/teachers 

Y:Yes;N:No 

12 Developmental delay Y:Yes;N:No 

13 Distracted Y:Yes;N:No 

14 Maintains eye-contact Y:Yes;N:No 

15 Psychiatric problem already in 

family history 

Y:Yes;N:No 

Calculate Mutual 

Information among features 

Data Collection 

Data Prepocessing 

Feature Extraction 

Fuzzy Clustering of 

features  - ‘k’ clusters 

Prediction of social and 

communication deficiency using ‘k’ 

classifiers 

Calculation of Weights of classifiers using 

Balanced Accuracy of predictions 

Calculate Weighted Average and perform 

prediction 

10-fold Cross-validation 

Preparation Phase 

Clustering Phase 

Ensemble Phase 

Calculate the performance of Ensemble 

Classifier 

Evaluation Phase 
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16 Fearful of normal things Y:Yes;N:No 

17 Has fidgets Y:Yes;N:No 

18 Fights with siblings/friends Y:Yes;N:No 

19 Friendly with elder children Y:Yes;N:No 

20 Number of friends F:Few; M:Many 

21 Impulsive Y:Yes;N:No 

22 Independent Y:Yes;N:No 

23 Listening-skill A:Adequate; 

I:Inadequate 

24 Moody at many times Y:Yes;N:No 

25 Has nightmares Y:Yes;N:No 

26 Mother had pregnancy 

complications 

Y:Yes;N:No 

27 Reading-skill A:Adequate;    I-

Inadequate 

28 Completes school-work Y:Yes;N:No 

29 Has seizures Y:Yes;N:No 

30 Sex M:Male;F:Female 

31 Sleeping Habit R:Regular; 

I:Irregular 

32 Attracted to Spinning objects Y:Yes;N:No 

33 Stubborn Y:Yes;N:No 

34 Temper-tantrums Y:Yes;N:No 

35 Under any medication Y:Yes;N:No 

36 Underactive Y:Yes;N:No 

37 Unusually loud Y:Yes;N:No 

38 Whines/Screams often Y:Yes;N:No 

39 Writing-skill A:Adequate; 

I:Inadequate 

40 Intelligence level BA:Below Average; 

A:Average; 

AA:Above Average 

41 Has Behavioural/Emotional 

Problem 

Y:Yes;N:No 

42 Has Anxiety/Depression 

symptoms 

Y:Yes;N:No 

43 Has Pervasive Developmental 

Disorder 

Y:Yes;N:No 

44 Has Autism Y:Yes;N:No 

45 Has Attention Deficit 

Hyperactivity Disorder 

Y:Yes;N:No 

46 Has 

Social/Language/Communication 

Deficit (Class attribute) 

Y:Yes;N:No 

 

Data Collection and pre-processing 

One hundred and thirteen psychometric profiles of children 

with various mental health problems were collected from a 

clinical psychologist and the children have been previously 

diagnosed according to the experience of the professional. The 

procedure for diagnosis of mental health problems includes 

data collection and personal interview. The psychometric 

profile data were collected by the novice psychologists and 

stored in text format. The children and their parents were 

separately interviewed by the professional. After interview, 

along with the psychometric data the decisions are made by 

the professional. The psychometric profiles of children, 

considered for the study, were randomly provided by the 

professional and those children have already been sent for 

treatment and living a happy life at present.  

The study was explained to the professional and the features 

that provide identification of the children like name, address, 

phone number, school name and the referred person have been 

excluded for confidentiality. A number of features have been 

identified from the psychometric profiles and an analysis was 

made with the expert to include only the more relevant 

features. The semi-structured data in textual format are 

converted into structured format i.e. attribute relation file 

format in MS-Excel. This data is used for further analysis 

using R and WEKA tool. The children ranged from 2 to 16 

years of age. There were 20 girl children and 93 boy children. 

Among the collected data, 24 children have the social and 

communication deficiency and the rest do not. The features 

identified from the psychometric profiles after eliminating less 

important attributes by the experts are shown in Table 1. The 

data are passed to feature selection algorithm to select relevant 

features for the study. The reduced set of relevant attributes is 

shown in bold in Table 1. 

Various categories of attributes have been identified and 

included i.e. Personal, Biological, Social, Academic and 

Psychological attributes. 

 

Recursive Feature Elimination 

Recursive Feature Elimination (RFE) algorithm selects 

features by recursively considering smaller and smaller sets of 
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features. First, the estimator is trained on the initial set of 

features and the importance of each attribute is identified. 

Then the least important features are discarded from the 

current set of features. This procedure is repeatedly executed 

on the reduced set until no more features are discarded. The 

RFE algorithm, commonly used with a classifier, repeatedly 

constructs the classifier model and removes features with low 

weights. The Figure 2 shows the steps involved in Recursive 

Feature Elimination. In this study, Naïve Bayes is the 

classifier used for feature selection. 

 

Figure 2: Recursive Feature Elimination steps 

 

Classification Algorithms 

A number of machine learning algorithms are available for 

developing expert systems. They can be categorized into 

Supervised and Unsupervised learning algorithms. Supervised 

learning algorithms make predictions based on a set of 

instances with class labels. A supervised learning algorithm 

looks for patterns in those labels including other related 

attributes. In unsupervised learning, the instances have no 

labels associated with them. The goal of an unsupervised 

learning algorithm is to organize the data in some way and 

group it into clusters. This study has utilised a combination of 

supervised and unsupervised learning algorithms. The 

unsupervised learning algorithm, Fuzzy Clustering, is used for 

grouping the attributes and the supervised learning algorithm, 

Naïve Bayes, is used for classification of instances. 

 

Fuzzy Clustering 

Clustering involves assigning data points to clusters such that 

items in the same cluster are as similar as possible, while 

items belonging to different clusters are as dissimilar as 

possible. Clusters are identified using similarity measures 

including distance, connectivity and intensity. Clustering can 

be categorized into two types, hard clustering and soft 

clustering. Hard clustering divides data into distinct clusters, 

where each data point can only belong to exactly one cluster. 

Soft clustering divides data into overlapping clusters, where 

each data point can belong to multiple clusters. Figure 3 

shows the difference between hard clustering and soft 

clustering. As the attributes are difficult to classify manually, 

this study has utilised soft clustering i.e. fuzzy clustering , to 

group attributes.  

 

Figure 3: Hard Clustering and Soft Clustering 

 

Fuzzy k-Medoids Algorithm 

Fuzzy k-medoids algorithm, initially takes number of clusters 

‘k’. Randomly pick the ‘k’ initial set of medoids. Compute the 

memberships of each attribute. Based on the memberships, 

compute the new medoids. Again compute the memberships 

of the attributes. This process is repeated until the maximum 

number of iterations is reached or until there is no significant 

difference between the old medoids and new medoids.  

Naïve Bayes 

Naïve Bayes is a classification algorithm which is fast, 

straightforward and more powerful than other classification 

algorithms. Naïve Bayes classifier uses Naïve Bayes theorem. 

Naïve Bayes theorem uses the conditional probability concept. 

Conditional probability is the probability of an event using 

prior knowledge. Naïve Bayes classifier predicts membership 

probabilities for each class using Bayes theorem. The 

assumption made by the classifier is that all the evidences or 

features are unrelated to each other. 

 

 

Figure 4: Fuzzy Clustering Algorithm as given by 

Krishnapuram  [18] 

1. Train the model on the training set using all 

features. 

2. Calculate model performance. 

3. Calculate feature  rankings. 

4. For each subset of features do 

5.        Keep the most important features. 

6.        Train the model on the training set using                 

the subset of features. 

7.        Calculate the model performance. 

8.        Recalculate the rankings for each 

feature. 

9. End 

10. Calculate the performance over the subset of 

features. 

11. Determine the appropriate number of 

features. 
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Ensemble of Classifiers 

Ensemble methods combine the predictions of base / 

individual classifiers, thereby, improving the generalizability 

over a single classifier and obtaining highly accurate 

classifiers by combining less accurate ones. Various 

techniques are involved in combining the classifiers eg. 

Averaging, Majority voting, Weighted or Unweighted voting, 

Boosting, Bagging etc. Hansen and Salamon [21] have stated 

that a necessary and sufficient condition for an ensemble of 

classifiers to be more accurate than any of its individual 

members is if the classifiers are accurate and diverse. Figure 5 

shows how the ensembles of classifiers work. An ensemble of 

Naïve Bayes classifiers with fuzzy clustered features have 

been constructed in this study. Balanced Accuracy based 

weighted voting is considered to enhance predictive accuracy 

of the classifier.  

 

 

Figure 5: Ensemble of Classifiers 

 

Performance Measures 

The performance of ensemble of Naïve Bayes classifiers are 

measured using various performance measures like 

Sensitivity, Specificity, Kappa statistics value and the 

Balanced accuracy. The values of the performance measures 

are derived from the confusion matrix which contains the 

information about actual and predicted classifications made by 

the classification system. The confusion matrix is shown in 

Table --- and the measures which are computed using 

confusion matrix are shown below. 

 

Confusion Matrix 

Table 2: Confusion Matrix 

Actual Predicted 

 Positive Negative 

Positive True Positive (TP) False Negative (FN) 

Negative False Positive (FP) True Negative (TN) 

Sensitivity 

Sensitivity measures the proportion of positives that are 

correctly identified as such. A perfect predictor would be 

described as 100% sensitive i.e. all children with 

social/language/communication deficit are correctly identified 

as deficit and no healthy child is incorrectly classified as the 

child with deficit. Classifiers with high sensitivity are 

preferred as it has few false negatives. The formula for 

calculating sensitivity is as follows. 

 

Sensitivity = 
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 (𝑻𝑷)

𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 (𝑻𝑷)+𝑵𝒖𝒎𝒃𝒆𝒓𝒐𝒇 𝑭𝒂𝒍𝒔𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 (𝑭𝑵)
 

 

Specificity 

Specificity measures the ability of the classifier to correctly 

identify those without the mental health problem. It is also 

called as true negative rate. It is calculated as the number of 

correct negative predictions divided by the total number of 

negatives. The best specificity is 1.0 whereas the worst is 0.0. 

 

Specificity = 
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑻𝒓𝒖𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 (𝑻𝑵)

𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 (𝑭𝑷)+𝑵𝒖𝒎𝒃𝒆𝒓𝒐𝒇 𝑻𝒓𝒖𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 (𝑻𝑵)
 

 

Kappa Statistic 

Kappa Statistic is a metric that compares the Observed 

Accuracy with the Expected Accuracy or Random chance. 

Observed accuracy is the number of true positives divided by 

the total number of instances. It is used to measure the inter-

classifier reliability i.e. compare the ability of different 

classifiers to classify subjects into one of several groups, by 

comparing the predictions with the actuals. In this study, 

Kappa is used to measure the percentage of agreement 

between the psychologist’s diagnosis and the classifier’s 

diagnosis. This can also be defined as the proportion of 

agreement after chance agreement is removed. The formula 

for calculating Kappa statistics is given below. 

𝐾 =
Pr(𝑎) − Pr (𝑒)

𝑁 − Pr (𝑒)
 

Pr(a) refers to simple agreement among raters, Pr(e) 

represents the likelihood that agreement is attributable to 

chance and N refers to the number of observations. The values 

of Kappa vary from  -1 to +1. Kappa of 0 occurs when 

agreement is no better than chance and Kappa of 1 indicates 

perfect agreement between the psychologist’s and the 

classifier’s diagnoses. Negative Kappa means that there is less 

agreement than expected by chance. Landis and Koch, 

suggested the interpretation of Kappa measures. Kappa is an 

important measure on classifier performance, especially on 

imbalanced data set [20]. 
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Table 3: Interpretation of Kappa statistic values 

Kappa Value Agreement 

0.00 – 0.20 No / Slight 

0.21 – 0.40 Fair 

0.41 – 0.60 Moderate 

0.61 – 0.80 Substantial 

0.81 – 1.00 Perfect 

 

In Epidemiology and medicine, the Kappa statistic value is 

interpreted as follows: 

Table 4: Interpretation of Kappa statistic values in 

epidemiology and medicine. 

Kappa Value Agreement 

0.00 – 0.40 Poor 

0.41 – 0.60 Fair 

0.61 – 0.80 Good 

0.81 – 1.00 Excellent 

 

Balanced Accuracy 

Balanced accuracy (BA) refers to the average accuracy 

obtained on either class. The Balanced accuracy is more 

useful than as it balances the imbalanced data set. The formula 

for calculating balanced accuracy is as follows. It stands for 

the relationship defined by True Positive Rate (TPR) and 

False Positive Rate (FPR) of a 2-class problem, including the 

True Negative Rate (TNR) and False Negative Rate (FNR).  

𝐵𝐴 =
1

2
(
𝑇𝑃

𝑃
+

𝑇𝑁

𝑁
) 

The relationship between the balanced accuracy, specificity 

and sensitivity is  

𝐵𝐴 =
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
 

 

RESULTS AND DISCUSSION 

The Ensemble of Naïve Bayes classifier was constructed with 

fuzzy clustering of full feature set and reduced feature set. 

Two techniques, majority voting and weighted average were 

applied on the predictions of individual classifiers. The final 

predictions made by the classifier are evaluated with test data 

set. Using the confusion matrix values, the sensitivity, 

specificity, kappa values and balanced accuracy were 

calculated using the formula given in previous section. 

Table 5: Performance of Ensemble of Naïve Bayes Classifier 

in diagnosing Social and Communication Deficiency (MV-

Majority Voting; WA-Weighted Average) 

 Sensitivity Specificity Kappa-

Value 

Balanced 

Accuracy 

Attribute Set MV WA MV WA MV WA MV WA 

K-Medoids 

Clustered - Full 

0.95 0.98 0.60 0.62 0.60 0.66 0.78 0.80 

K-Medoids 

Clustered - 

Reduced  

0.95 0.98 0.60 0.69 0.60 0.73 0.78 0.83 

Fuzzy K-Medoids 

Clustered - Full 

0.93 0.95 0.67 0.77 0.62 0.74 0.80 0.86 

Fuzzy K-Medoids 

Clustered  - 

Reduced 

  

0.98 

0.98 0.69 0.77 0.73 0.79 0.83 0.87 

 

The measures calculated using the confusion matrix for the 

ensemble of classifiers has been shown in Table 5. It clearly 

states that the weighted average technique outperformed the 

majority voting. The sensitivity, specificity, kappa statistic 

values and balanced accuracies have been compared 

pictorially in figure 6, figure 7, figure 8 and figure 9 

respectively.   

 

 

Figure 6: Sensitivity analysis of Ensemble of Classifiers 

 

 

Figure 7: Sensitivity analysis of Ensemble of Classifiers 
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Figure 8: Kappa value analysis of Ensemble of Classifiers 

 

 

Figure 9: Balanced accuracy analysis  of Ensemble of 

Classifiers 

 

CONCLUSION 

Early detection of psychological problems ensures quality life 

at a later stage. This study has designed and developed an 

ensemble of Naïve Bayes classifiers with fuzzy clustering of 

features. This classifier may be used to assist mental health 

care professionals in early diagnosis of social and 

communication deficiency among children. The psychometric 

profiles of children collected by the psychologists were used 

to construct the classifier. The prediction of ensemble of 

classifiers was made using majority voting and weighted 

average techniques and the performances have been analysed. 

Ten-fold cross validation technique and measures like 

Sensitivity, Specificity, Kappa statistic value and the balanced 

accuracy are used for analysing the performance. The study 

reveals that the ensemble of Naïve Bayes classifiers using 

weighted average technique performed better than the 

ensemble of classifiers using majority voting technique. In 

future, this study can be extended for other mental health 

problems among children. Other parameters like kappa 

statistic value, sensitivity can be used for providing weights to 

the classifier and analyse which provides better predictive 

accuracy. 
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