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Abstract— Tobacco smoking is an alarming public health concern on a global scale due to its negative impact on the future generations 
wellbeing. This study aim to demonstrate the role of decision support system in predicting the depression level of youth using their smoking 
habits and related factors.  In this work, we developed a hybrid machine learning model that consisted of clustering and classification. The 
idea of this model is to provide health care providers with a tool to predict the level of depression for youth smokers using a set of novel 
factors including: father’s job, number of Aarghile (Shisha) heads smoked, and other relevant factors. Our model illustrated a significant 
relationship between smoking and level of depression.  Our model demonstrated a prediction accuracy of 94% when applied on a dataset 
consisting of 993 student smokers in Jordan. Age was found as the most influential attribute in predicting the depression level of youth 
smokers. Therefore, efficient solutions must be considered to find useful alternatives to smoking.  
Index Terms— Classification, Depression, Machine Learning, Smokers.   

——————————      —————————— 

1 INTRODUCTION                                                                   
MACHINE LEARNING (ML) is a branch of Artificial 

Intelligence (AI) concerned with “teaching” computers 

how to act without being explicitly programmed for every 

possible scenario [77]. The main concept in ML is 

developing algorithms that can self-learn by training on a 

very large number of inputs (possibly with known results) 

[76] [78].One of the major types of ML is supervised 

learning. This type relies fundamentally on estimating the 

future instances based on known instances. The aim of 

supervised learning is to extract a pattern of the 

distribution of class labels which rely on predictor features. 

This pattern is used to select class labels to the testing 

instances. Class labels for these instances are selected based 

on the predictor features that are known. Since features can 

be large in number and some of them can be less 

informative than the others, Feature Selection (FS), which is 

also called attribute selection, is a fundamental phase to 

build any prediction model. In recent years public health 

researchers adapted a multidisciplinary approach with the 

help of Bioinformatics studies to develop an approaches 

with the use of automated tools to assist in identifying and 

assessing individuals with health problems. Bioinformatics 

is based on investigating and examining biological data for 

many goals to solve main problems under consideration by 

human beings through deducing biological data via 

computerized methodologies such as machine learning and 

artificial intelligence. Currently, smoking is a major health 

risk behavior that is affecting many aspects of the 

individual life including personal, community, and social 

factors. This problem is currently an epidemic that needs 

research, policy, and program resourcefulness [02]. That is, 

solutions to such problem might be supplemented by 

building models that classify smoking behaviors and thus 

enable health providers and researchers with tools to 

improve the wellbeing of youth. However, the 

effectiveness of these models relay on clinicians and 

researchers preciseness in the selection of factors that are 

intensely associated with the smoker behavior.Early 

research has no noteworthy development of automated 

depression level categorization from clinical datasets using 

machine learning classifiers. Thus, we aim at investigating 

the possibility of a decision support system that could 

contribute in classifying depression levels that youth 

smoker could experience. As such, we apply different 

techniques of machine learning to a dataset of youth 

smoker questionnaires, which were originally undertaken 

by the lead researcher of this work [02], to determine and 

detect depression level of Jordanian school students.  The 

researchers hope to offer a tool that could enable and 

enhances the effectiveness of clinical decisions via 

developing a hybrid machine learning model. 

The remainder of this paper is organized as follows.  Section II 

analyses related work. Section III presents the methodology 

that we follow in this study.  Section IV shows the obtained 

results of our study.  Section V introduces the main threats to 

validity of this work followed by Section VI with the 

conclusion of our study and some ideas for future research. 

 
2 RELATED WORKS 
The Machine learning algorithms can improve health care 

delivery and management via supporting decision making. 

Previous researches used machine learning for decision 

support of health care systems. More than a decade ago 

Demner-Fushman et.al *7+ recommended that in order to 

move clinical and health care with the future it is imperative 

that both sides (i.e., Information Technology and health care) 
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team-up in developing fundamental natural language 

processing methods to provide computerized clinical decision 

support for health care. Karakülah et.al *0+ developed an 

approach for automatic scanning and defining of the 

phenotypic factors from the case reports associated with 

congenital anomalies. The proposed approach is based on text 

and natural language processing techniques, and represents a 

framework   for   probable   diagnostic   decision   support   

system   for congenital anomalies. Jin et.al *3+ developed a 

machine-learning approach for recognizing molecular entities 

to disease concepts in order to decide if the primary 

probabilistic model could be generalized to unrelated concepts 

within model retraining. The developed approach uses 

Conditional Random Fields trained using some domain-

specific features. The approach achieves 2.85 precision, 2.83 

recall, and 2.84 F-measure evaluation results. Skounakis et.al 

*4+ applied machine-learning methods to gain gene-disorder 

relations *78+. They evaluated their method effectiveness by 

extracting binary relations in three biomedical domains. In *5+, 

authors described a health data analytics engine that is based 

on machine learning algorithms. The engine is aimed at 

analyzing cloud based PHR health datasets for knowledge 

extraction that help healthcare decisions, such as disease 

prognosis and diagnosis, in an efficient way. The engine has 

been effectively applied to a dataset provided by Apache 

Hadoop.Several Classification Techniques have been offered 

in the literature for Healthcare researches.  Das et al. *6+ 

proposed a neural networks method for the diagnosis of heat 

diseases. They evaluated their approach using a dataset from 

Cleveland heart disease database. The evaluation results show 

that the approach achieves 89.27% accuracy. Chien et al. *7+ 

developed a hybrid decision tree approach that aims at 

classifying the activity of chronic disease patients in more 

accurate way. Zuoa et al. *8+ proposed a Fuzzy K-NN method 

to help the healthcare associated with Parkinson disease. The 

introduced approach has achieved the highest classification 

results through the 72-fold cross-validation analysis, where 

the accuracy of 97.47% is reached. Jena et al. *9+ used neural 

network and linear discriminate analysis to classify chronic 

diseases that is needed to generate prompt warning systems. 

The approach examines the relation between cardiovascular 

disease and hypertension along with the risk factors of 

numerous chronic diseases, where the early warning system 

developed to decrease the complication occurrence of such 

diseases.To the best of our knowledge, our study is the first 

examination in the area of exploring the role of machine 

learning classifiers in identifying the depression level of youth 

smoking persons (Age: 77-77 Years old). 

 
3 PROPOSED METHODOLOGY 
The methodology that we followed in our study is presented 

in this section. Firstly, we discuss the dataset that is used for 

our evaluation. Then, we introduce the factors that are used in 

the learning of our classifier. Lastly, we present the developed 

model and the metrics that are used in the evaluation 

experiments. 

  

A. Creating the Corpus 

The main step of classification experiment is preparing the 

corpus from the dataset that next would be used for training a 

developed machine learning classifier. Here, for each instance 

of our examined dataset, we extracted the value related to 

every considered factor posed early. We then developed a 

model that combines supervised and unsupervised learning. 

First, we labeled each instance with the relevant depression 

level using K-Means clustering algorithm. Second, we trained 

a classifier based on the supervised dataset generated from the 

first step. Error! Reference source not found. summarizes the 

corpus information. We used the levels L7-L4 to refer to the 

depression levels 7 to 4 in the rest of the paper. 

 

 

 

 

 

 
B. Classification Algorithms  

In our experiments, we employed the supervised classifiers in 

which the inputted dataset is distributed into two groups: a 

training set and a test set. The training set is the one that is 

used to train the classifier, while the performance of the 

classifier is computed through the test set. Here, we used the 

widely popular 72-fold cross-validation *73+ technique to 

obtain both the training and test sets. On the other hand, we 

employed the WEKA toolkit *74, 75+ to perform the supervised 

classification in our work.Now, we listed the various 

classification algorithms that were widely used in the 

literature *7, 8, 9, 07, 00+ of decision support systems presented 

for healthcare domain and have been used to develop our 

classifiers. 

 Support Vector Machine.   

 Trees.RandomTree. 

 Trees.J48. 

 Bayesian Learner (Naïve Bayes). 

 Sequential Minimal Optimization (SMO). 

 Logistic Regression. 

 K-Star. 

 Decision Table. 

 K-Nearest Neighbor (K-NN). 

 IBk. 

 
C. Evaluation Metrics 

To evaluate the effectiveness of a proposed classification 

model, several performance metrics have been widely used in 

the literature.  In our study, we choose to use the following 

metrics.  

 Precision: the ratio of retrieved instances which are 

relevant.Recall: the ratio of relevant instances 
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thatare retrieved by the classifier. F-Measure: is a 

metric epends on both recall andprecision of a 

model.  

 ROC: it is the area under the Receiver Operating 

Characteristic (ROC) curve. 

 

4 STUDY RESULTS 

Here, we present our obtained results from the undertaken 

classification experiments We developed machine learning 

classifiers that are based on the classification algorithm 

discussed before. When applying the classifiers, we employee 

the 72-fold cross validation technique in order to split the 

inputted dataset into training and test sets. As we discussed 

formerly, the performance of our classifiers are evaluated 

using the precision, recall, F-measure, and ROC metrics. 

Moreover, we trained our classifiers using the factors that are 

listed in TABLE2.  

 
The performance results of our classifiers are shown in 

Error! Reference source not found.. That is, we would 

conclude that our models would accurately predict the 

depression levelOn the other hand, we noticed that SMV 

and KNN obtained better accuracy when compared with 

the other machine learning classifiers. For instance, KNN 

computes a possibility for each class based on the 

investigating characteristics of one of the instances in order 

to expect it for its nearest neighbors given that nearest 

neighbor data points have similar trends. Thus, for each 

training instance, the preceding and the likelihood could be 

changed dynamically to gain strength against possible 

classification faults. Similarly, the SMV learner reaches 

better accuracy since it increases the dimensionality of 

inputted dataset till the instances are recognized in specific 

dimension. Furthermore, SMO is appropriate to work with 

large datasets and gains greater accuracy because the space 

usage required for SMV is linear in size [12]. Moreover, the 

similarity between the recall and precision values indicates 

that our created dataset can efficiently be used for 

prediction.   

 
We need to assess the usefulness of each factor independently 

as a predictor of the depression level. To do so, we developed 

our classifiers using decision trees that are trained using all 

classification factor discussed early. Using decision trees, it is 

possible to rank factors based on their usefulness in our 

prediction experiments by performing the Top Node analysis 

*77+ associated with the decision tree approaches. This node 

analysis approach inspects the structure of a developed 

decision tree to count the presence of each factor under the 

consideration, at each level of the tree *72+. Next, the tree level 

where a factor appears and the occurrence count of the factor 

are used together to decide the usefulness rank of that factor. 

Explicitly, the most influential factor would be the root node 

of the constructed decision tree. Additionally, the factors 

recognized as less important as we move down the tree 

*03+.Thus, in our study, we developed a decision tree using the 

C4.5 algorithm *72+, which was trained by using all the factors 

under consideration in this work. C4.5 employs the greedy 

divide and conquer approach on the training data to add 

decision nodes at each level of the constructed tree. The 

information observed from each attribute is computed, and 

next the attribute that gains the highest information is 

selected. This process is a repetitive task at each level of the 

tree up until the count of records in the leaf nodes equals a 

given cut-off value. The performance results obtained from 

our decision tree classifier is shown in Table 4. Additionally, 

the results of the Top Node analysis are illustrated in Table 5. 

Specifically, the table provides the factors that are in the first 

three levels (e.g., levels 2, 7, and 0) of the developed tree 

beside the occurrence count associated with each factor. As we 

could observe, the age is the most influential factor compared 

with the other factors under our consideration. 

 
5 THREATS TO VALIDITY 
As with any study our work has its limitations, one of which 

not to generalize these results to datasets of none-smokers. We 

used datasets of 993 school students with an age range of 77 to 

77 years, which will not represent students beyond this age 

range making our dataset not be demonstrative of all school 

students. Moreover, the current study did not include students 
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smoking cessation efforts and other psychological status such 

as anxiety which the researchers recommend to be included in 

future studies.In this study, our developed classifiers are 

based on machine learning techniques that were successfully 

and widely used in the literature. But, each of the used 

machine learner has its own drawbacks that might negatively 

impact the validation of the obtained results. Therefore, 

developing classifiers using other machine learners would be 

our consideration in the future.  

 

6 CONCLUSION AND FUTURE WORK 
In this study, we investigated the effectiveness of machine 

learning models in predicting and categorizing the depression 

level of youth smoker. Here, we have accomplished a study on 

a dataset of 993 students, with an age range of 77 to 77 years, 

using a set of factors such as age, gender, and father’s job. The 

work offers machine learning classifiers developed using 

support vector machine, nearest neighbor algorithm, Bayesian 

learner, and decision trees. Developed classifiers aim at 

predicting depression level of Jordanian students. The 

evaluation experiments show that the developed classification 

models have equitable accuracy with 94% recall in the best 

case and 76% recall in the worst case.  On the other hand, a 

precision of 94% is reached in the best case and 76% in the 

worst case. By performing a Top Node analysis, we found that 

the age factor is the most influential attribute in predicting the 

depression level of youth smokers.In future, we plan to 

examine additional factors and explore the usefulness of other 

machine learning techniques in predicting depression levels 

with the aim of achieving better prediction performance. Also, 

we plan to extend our study by studying diverges datasets 

from other countries. 
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