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Abstract 
High rates of maternal mortality, infant mortality, and 

preterm births, as well as continuing disparities in 

pregnancy outcomes are an important public health issue 

in India and worldwide. Health care industries must focus 

on improving the quality of treatment and continuing care 

of pregnant women. This study aims comparison of 

logistic regression with data mining techniques to identify 

most influenced predictor variables and to develop a 

decision support system to help the physicians for better 

decision making in low weight child birth. It is identified 

that the variables which were highly influenced to predict 

the low weight child birth are Mother’s last weight 

(pounds) before becoming pregnant, Mothers age, Number 

of physician visits during the first trimester, Number of 

previous premature labors. The results of this work have 

improved prediction accuracy in Datamining techniques 

when compared to logistic regression. 
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1. Introduction 
Health care is a big concern in India, the land of nearly 

1.12 billion people and the second most heavily populated 

countries in the world [12]. India has relatively poor health 

outcomes, despite having a well-developed administrative 

system, good technical skills in many fields, and an 

extensive network of public health institutions for 

research, training and diagnostics [48].  

 

The main objective of health care provider is to strengthen 

the health care system by developing better identify and 

track disease states and high risk patients, the data mining 

applications can be developed to better, design the 

appropriate interventions and reduce the number of 

hospital admission and claims [51]. 

 

Health care industry stores large amounts of data in the 

form of patient records. It is a key resource for medical 

research contains hidden information. Data mining 

methods are used to extract hidden information and 

relationships and applied to better decision making in 

many areas like marketing, fraud detection, investment, 

manufacturing, telecommunication, engineering, medicine, 

biomedical research [16],[4],[5],[69]. It helps the health 

care providers for better diagnosis and treatment. 

 
Low birth weight and preterm birth are identified as a 

leading cause of infant mortality and are at heightened 

risk. It is  a risk factor for brain damage, chronic lung and 

liver disease, deafness, blindness, epilepsy, learning 

disabilities, cerebral palsy, mental retardation, 

neurological disorders, physical disability, respiratory 

disease, gastrointestinal problems, High blood pressure, 

Type II diabetes and attention deficit disorder 

[33],[1],[20],[41], [35]. 

 

Birth weight and preterm birth are associated. Preterm 

birth contributes to 35% of the world’s 3.1 million 

neonatal deaths each year, making it the leading cause of 

infant mortality [49].  The child mortality rate age <5 

years was 63/1000 live births in 2010 (MDG target 38). 

The maternal mortality ratio was 254/100 000 live births 

in 2004-6 (MDG target <100). The prevalence of 

underweight children was 43% in 2005-6 (MDG target 

27%). There are 1.8 million child deaths and 68,000 

maternal deaths in India each year and 52 million 

undernourished children [42].  

 

Improving the health status of pregnant women and infants 

is an important public health issue in India and worldwide 

needs to be urgently addressed because it leads to short 

and long term impact of individuals, families, society and 

health care system [42]. Accurate and non-invasive 

method of identifying patients  who are at risk for preterm 

birth is greatly needed   for both the pregnant woman and 

health care providers may be used to  prevent preterm 

delivery and provide for improved treatment plans [41], 

[37], [15]. 

 

 

What is a “low birth weight” birth? 
 

Low birth weight is defined by the World Health 

Organization as a birth weight less than 2,500 grammes (g) 
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since below this value birth weight-specific infant 

mortality begins to rise rapidly (Kramer, 1987). Many 

factors affect the prevalence of low birth weight, includes 

Anthropometry/ nutritional status, Micronutrients, 

Cigarette, smoking, Substance misuse, Work/physical 

Activity, Prenatal care women, Bacterial vaginosis and 

multiple birth.  Low birth weight babies are at a greater 

risk of dying during the first year of life and more likely to 

have psycho-social problems, difficulties at school, and 

when they become teenagers, lower achievement on 

intellectual measures, particular arithmetic [35]. Hosmer 

and Lemeshow used logistic regression to predict low birth 

weight. Classification accuracy of logistic regression is 

very good for small to moderate sized datasets [72].  

 

This study aims comparison of logistic regression with 

data mining techniques to identify important predictor 

variables and to develop a decision support system to help 

the physicians for better decision making in low weight 

child birth.  
 
This paper is organized as follow: Section 2 discusses few 

studies related to low birth weight child, Section 3 

discusses the importance of data mining in healthcare 

sector in the literature and Section 4 discusses   various 

data mining algorithms used for this study, Section 5 

explains the dataset used in the study, Section 6 covers the 

comparative analysis of these algorithm and Section 7 

concludes the paper with future work. 

 

2. Related works 

 
In the recent years, researchers of medical field attempted 

to predict preterm birth and the associated risk factors. We 

discuss a few studies here that are relevant to our work. 

Yavar Naddaf, et al. have previously attempted to predict 

preterm birth using a very rich dataset resulted poor 

prediction performance collected  by  Northern and 

Central Alberta Perinatal Outreach Program between 1992 

and 2003 and suggests that predicting preterm birth is a 

very challenging problem. The dataset contains maternal 

and newborn data for 243948 cases, including 21193 

preterm cases. There are 244 attributes, containing 

“maternal demographic information, medical history, such 

as pre-existing chronic illness, lifestyle information such 

as smoking and alcohol use, past reproductive history, 

including previous [preterm] or [small for gestational age] 

delivery, and history with the current pregnancy such as 

presence of hypertension or toxaemia” [75]. 
 

Rabindra Nath Das, et al. used the dataset collected by 

1986 at Baystate Medical Center, Springfield, 

Massachusetts to identify a causal relationship between the 

risk factors of Low birth weight using Joint generalized 

linear log-normal statistical modeling. The traditional, 

simple, multiple, logistic regression and Log- Gaussian 

models (with constant variance) not more effective than 

the joint log-normal models (with non-constant variance) 

because they better fit the data [62]. 

 

Artificial Neural Network (ANN), Clinical Expertise and 

Multiple Linear Regression (MLR) models is applied for 

Predicting Extubation Outcome in Preterm Newborns, 

ANN performed better compared with MLR models and 

clinical expertise [45]. Mukhopadhyay, et al.  applied chi-

square test used for categorical variables and independent t 

test used for normally distributed continuous data and 

Mann- Whitney U test for skewed data to determine the 

association between each risk factor and outcome between 

Mortality and Major Morbidities in Extremely Low Birth 

Weight Neonates [36]. Ciaran S. Phibbs, et al. used 

logistic regression to estimate odds ratios for mortality 

associated with the NICU level of care and annual volume 

of very-low-birth weight infants [18]. 

 

Kleanthis C. Neokleous, et al.  applied Neural networks to 

predict the risk for early spontaneous preterm delivery 

using various demographic, clinical, and laboratory inputs 

[38]. Namasivayam Ambalavanan, et al. compared Neural 

network and multiple logistic regression models in 

predicting death of extremely low birth weight neonates 

[52]. Nasreen et al. investigated the independence effect of 

maternal antepartum depressive and anxiety symptoms on 

infant low birth weight. It is identified that maternal 

depressive and anxiety symptoms during pregnancy need 

to be considered for low birth weight [19]. Yorifuji et al. 

examined whether socio-economic position and parental 

characteristics are having the relationship in adverse birth 

outcomes using logistic regression model [70]. Guillermo 

Marshall et al. analyzed the associations between in-

hospital mortality and prenatal and admission infant 

characteristics using generalized additive logistic 

regression model and multiple logistic regression model 

[18].  

 

Aparajita Dasgupta et al. applied cluster sampling for 

selecting the sample, univariate analysis for identifying the 

determinants of LBW and multiple logistic models. 

Identified that anaemia in pregnancy was significantly 

associated with LBW [2]. Masaki Ogawa et al.  applied 

univariate analysis to identify the association between the 

causative determinant and obstertric complications and 

unconditional logistic regression used for multivariate 

analysis [46]. Nynke R. van den Broek et al. used 

multivariate logistic regression for finding the factors 

independently associated with preterm birth, early and late 

preterm birth. Women’s pregnancy history and identified 

maternal underweight, malaria and anemia as risk factors 

for preterm birth ; HIV status does not contribute to the 

risk of preterm births [56]. 

 

3. Importance of Data mining in Health Care 
Healthcare sector stores large amount of information about 

patients and their medical conditions.   Medical data 

analysis plays vital role in decision making and 

management in healthcare. Large amount of data requires 

an automated method for analysis. Data mining is the 

process of selecting, exploring, and modeling large 

amounts of data to discover unknown patterns or 

relationships useful to decision making. Data mining has 

great importance for area of medicine, and it represents a 
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comprehensive process that demands thorough 

understanding of the needs of the healthcare organizations. 

Data mining tools reduce subjectivity and provide better 

knowledge for medical decision making. Discovered 

patterns improve the quality of the decision making 

process in health care [10] [6]. 

 

Discovered trends and hidden patterns from data mining 

significantly enhance our understanding of disease 

progression, management of the disease and to support 

medical diagnosis, improving quality of patient care, etc.. 

Classification analysis is the most commonly used in 

healthcare applications [68]. Different data mining 

techniques are applied in clinical decision support, 

explanatory and confirmative techniques are mostly used 

in medical data mining [14]. 

 

Data mining is a fast evolving technology of high 

importance for providing prognosis and a deeper 

understanding of the classification of neurodegenerative 

diseases, is being adopted in biomedical sciences and 

research [67]. Biomedicine database existing the 

phenomenon of “data rich, information poor”.  

Development of database technology has solved the 

memory and retrieval of substantive data.  Knowledge 

Discovery in Database (KDD) is likely to be of increasing 

importance in biomedical database can help us with 

disease diagnosis, treatment, research and decision 

making, by discovering the rules and mode of medical 

diagnosis [19]. 

 

Clinical databases have accumulated a large amount of 

data about patients. Knowledge discovery in databases. 

Data mining techniques have great importance of medical 

research databases to identify potentially useful 

relationships and patterns more efficiently to increase in 

volume of data earlier than using current methods used in 

decision making in a variety of contexts of healthcare 

organizations [43]. Medical decision making is highly 

specialized and challenging due to various factors, 

especially in the case of rare diseases or diseases that show 

similar symptoms. The amount of Medical data recorded 

in hospitals and its significance as an ever-growing source 

of information is used effectively by extracting valuable 

information to assist the medical fraternity using Data 

mining techniques including KNN classification and 

Neural Network, used to diagnose the most probable 

disease with the set of similar symptoms [64]. The huge 

amounts of data generated by healthcare transactions are 

too complex and voluminous to be processed and analyzed 

by traditional methods. Data mining can improve decision-

making by discovering patterns and trends in large 

amounts of complex data. Data mining application can 

have tremendous potential and usefulness to improve the 

effectiveness of treatment, management of health care; 

customer relationship management; and detection of fraud 

and abuse [23].  

 

 

 

4. Data mining Algorithms Used in this Study 

4.1. Support Vector Machines 
Support vector machines (SVM) are introduced by Cortes 

and effective method for binary classification, regression 

or ranking function and it is based on statistical learning. It 

is very popular used by the researcher in health care for 

classification due to many attractive features, handling 

complex non-linear data points. Its accuracy is high and 

less prone to over more fitting than other well-known 

classifier [23],[13],[22].  It is a good classifier, does not 

require a priori knowledge, even the input space is very 

high [65]. 

 

4.2. Logistic Regression 
Logistic regression is a special case of generalized linear 

modelling, also called a logistic model or logit model and 

is extensively used for binary classification method in the 

medical, social sciences, marketing applications. It is used 

based on the assumption when the outcome of a situation 

is not linearly associated to the explanatory variables.  It 

allows probabilistic interpretation; easily we can update 

the model for the new data, unlike decision trees or SVM 

and ease of interpretation. It has some drawbacks, not 

suitable for high-dimensional problems, it is slower than 

SVM, non-linearities and identifying interaction is 

difficult. The dependent variable is restricted to discrete 

number.  It accepts large number of explanatory variable, 

in many situations it is not. The researcher should decide 

whether to use logistic regression for the classification if 

the data set is a large size. It is applied to the studies that 

using between subject design. It may be suitable in the 

fields of medicine and psychology, in fact; it is not a 

choice always [3],[[60],[53],[63],[71]. 

 

4.3. Neural Network 
Neural Networks are a complex non-linear modelling 

method and able to learn complex relationship between 

dependent and independent variables without any external 

assistance based on a model of the neural architecture of 

the human brain.  Neural Network is a successful 

technique applied for the real world application like 

accounting and auditing, finance, management, decision 

making, marketing, production, biology, psychology, 

handwritten character recognition, pathology, statistics, 

mathematics, computer science, medical research and 

many more.  

 

Neural Network is a popular data mining tool because of 

its predictive power even in the complicated domain 

compared with statistical techniques. It will handle both 

categorical and continuous data types and tolerate noisy 

data. It supports parallelization techniques, which will 

speed up the computation process. Identifying patterns is 

very difficult and requires long learning time if the input 

features are large. Neural Networks are also called as 

“black boxes” due to its poor transparency to explain the 

process of neural networks built. Identifying the required 

number of parameters for modelling neural network is trial 

and error design like, network topology or structure, 

number of hidden layers, number of units in each hidden 
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layer an in output layer [22], [63], [47],[22],[7],[49].   . 

 

Neural network performance can be highly automated, 

minimizing human involvement. It is very flexible with 

incomplete, noisy and missing data. It does not make any 

prior assumption about the distribution of the data or the 

form of interaction between factors. It can be easily 

updated with new data.  The output of the Neural Network 

algorithm does not produce an explicit set of rules and it is 

lacking in classical statistical properties (confidence 

interval and testing of hypothesis) [61].  

4.4. Naïve Bayes  
Naïve Bayes Classifier very widely used, simple statistical 

Bayesian Classifier based on Bayes’ theorem with strong 

class conditional independence assumption for classifying 

the data.    This is an unrealistic assumption for most 

datasets; however, it leads to a simple prediction 

framework that gives surprisingly good results in many 

practical cases.  A more descriptive term for the 

underlying probability model would be "independent 

feature model".  It is also called idiot’s Bayes, Simple 

Bayes and independence Bayes.  It depends on the 

presence (or absence) of a particular feature of a class is 

unrelated to the presence (or absence) of any other feature 

[74],[58],[50]. 

 

Naive Bayes classifier will converge faster than logistic 

regression, so it requires only less training data. This 

method is very popular for different applications for 

several features. It can be trained very efficiently in a 

supervised learning setting and performance is better in 

many complex real life problem world situations. It can be 

used for binary and multi class classification and accurate 

in providing results (Zhang et al. 2004). The performance 

of the Bayesian classifiers is better compared to Decision 

Tree. It is robust, very easy to construct and fast.  It does 

not require any iterative parameter estimation schemes. It 

can be applied to discrete and continuous attributes; large 

data set and easy to interpret (not required any skilled 

person). It may not be the best classifier in any particular 

application, but it relies on well and robustly.  It is good at 

missing value handling. . Naive Bayes has a less error rate 

compared to the other classifier, but it is not always true 

practically and less accurate compared to other classifier.  

It can’t learn interaction between features does not support 

pruning, contains sharp decision boundaries 

[74],[58],[50].. 

 

4.5. Random Forest 
Random forest is an ensemble classifier, like decision 

trees, can be used to solve classification and regression 

problems.  It uses the concept of  generating multiple 

random trees with, bootstrap of training dataset, bagging 

on samples, voting scheme and the features are randomly 

selected in each decision split, which improves the 

predictive power and results in higher efficiency. It 

achieves better results most of the time compared to 

decision trees.  Selection of a random subset of features is 

an example of the random subspace method.   It was 

founded in 2001 and used in the different number of 

applications, includes medical research, image processing, 

etc., [50], [32],[26], [54]. 

 

The advantages of random forest are; it does not depend 

on the data, appropriate for high dimensional data 

modelling, overcoming the problem of over fitting, 

eliminates prune the trees. It will generate the most 

important variable used for classification. It runs 

efficiently on large databases produce high prediction 

accuracy. It is good with dealing missing values, outlier 

and maintain accuracy when a large proportion of the data 

are missing. The model interpretability and prediction 

accuracy provided by Random Forest is very unique 

among popular machine learning methods. It also supports 

a method for detecting interaction between variables. The 

main disadvantage is observed to over fit for some datasets 

with noisy classification/regression tasks. [50], 

[32],[26],[54]. 

 

4.6. Decision Tree 
A decision tree is a classifier used in statistics, data mining 

and machine learning for modeling classification and 

prediction. In decision analysis, a decision tree can be used 

to visually and explicitly represent decisions and decision 

making. There are two varieties in decision tree used data 

mining are classification tree or regression tree. Decision 

tree inducers are algorithms that automatically construct a 

decision tree from a given dataset. Typically the goal is to 

find the optimal decision tree by minimizing the 

generalization error [25],[9],[31],[40],[21],[59]/ 

 

Its representation is easy to understand and interpret by 

non-professional user. It is capable of handling; both 

nominal and numerical input, requires little data 

preparation, data sets that may have errors and missing 

values, efficiency in processing with large  datasets. It 

does not require any domain knowledge or parameter 

setting, and therefore appropriate for exploratory 

knowledge discovery.  Reliability of the model can be 

validated using statistical tests. It has some disadvantages 

such as: most of the algorithms support only discrete 

values as the target attribute. Perform well if a few highly 

relevant attributes exist, but less if many complex 

interaction is present. Classification tree analysis when the 

predicted outcome is the class to which the data belongs 

and used only for classifying discrete category (the class). 

It will construct a model using example of cases and able 

to predict the class of new example 

[25],[9],[31],[40],[21],[59]. 

 

5. Dataset Description  
The original dataset was collected in 1986 at Baystate 

Medical Center, Springfield, Massachusetts. The data 

consist of maternal information about 189 women, 59 of 

which had low birth weight babies and 130 of which had 

normal birth weight babies.  There are 11 attributes, 

containing “ID – identification number, Mothers age in 

years (AGE), the weight of the subject at her last 
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menstrual period (LWT), the number of physician visits 

during the first trimester of pregnancy (FTV), race 

(RACE), lifestyle information such as smoking (SMOKE), 

a history of previous preterm delivery (PTL), the presence 

of uterine irritability (UI), and hypertension (HT)". The 

infant outcome was low birth weight (yes/no) (LOW). 

Hosmer and Lemeshow used transformations and stepwise 

variable selection techniques to fit logistic regression 

models and there were no significant missing values 

[28],[24]. 

 

6. Results and Analysis 
Different ‘data mining’ algorithms have been applied to 

the prediction of low birth weight child, including logistic 

regression, naïve Baye’s, random forest, support vector 

machines (SVM), neural network and classification tree. 

Performance of data mining algorithms based on accuracy, 

sensitivity, specificity, area under curve (AUC), F1, 

precision, recall and the data evaluated using leave-one-

out, cross validation, random sampling and test on train 

data. The accuracy measures of different data mining 

algorithms with different validations techniques are 

depicted in the Table 2 and it is shown in Figure 1. The 

accuracy of a model on a given test set is the percentage of 

test set that are correctly classified by the classifier. 

Measures are defined [34],[23],[10],[27], [17] as follows 

 

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑡_𝑝𝑜𝑠

𝑝𝑜𝑠
                  (1) 

 

                 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑡_𝑛𝑒𝑔

𝑛𝑒𝑔
                              (2) 

 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑡_𝑝𝑜𝑠

𝑡_𝑝𝑜𝑠+𝑓_𝑝𝑜𝑠
                     (3) 

 

where t_pos is the number of true positives (“normal” 

tuples that were correctly classified as such), pos is the 

number of positive (“normal”) tuples, t_neg is the number 

of true negatives (“Abnormal” tuples that were correctly 

classified as such), neg is the number of negative 

(“Abnormal”) tuples, and f_ pos is the number of false 

positives (“Abnormal” tuples that were incorrectly labeled 

as “normal”). Accuracy is defined as follows 

 
              𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑝𝑜𝑠

(𝑝𝑜𝑠+𝑛𝑒𝑔)
+ 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

𝑛𝑒𝑔

(𝑝𝑜𝑠+𝑛𝑒𝑔)
 

(4) 

 

Precision 

Precision is the ratio of the number of relevant records 

retrieved to the total number of irrelevant and relevant 

records retrieved. It is usually expressed as a percentage.  

 

       𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
       (5) 

 

 

Recall     

Recall is the ratio of the number of relevant records 

retrieved to the total number of relevant records in the 

database. It is usually expressed as a percentage.  

                           𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

(𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
            

(6) 

 

F-measure is a weighted harmonic mean of precision and 

recall  

        𝐹 =
2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙)
                 (7) 

The area under ROC curve (AUC) technique provides a 

comprehensive assessment of accuracy of a predictor of 

screening the range of threshold values for the decision 

making. The larger area, the more accurate the diagnostic 

test is. AUC of ROC curve can be measured by the 

following equation, Where    t = (1 – specificity) and ROC 

(t) is sensitivity[34],[33],[10],[27],[17]. 

          

 𝐴𝑈𝐶 = ∫ 𝑅𝑂𝐶(𝑡)𝑑𝑡
1

0
                    (8)     

         

Most of the researcher's aim is to identify the most 

influenced predictors for diagnosis and prediction of 

diseases. The most influenced predictor is always 

increasing the predictive accuracy of the model. 

Generalized cross validation (GCV) developed by Craven 

and Wahba. Friedman uses the modified form of the 

generalized cross-validation criterion is used  to identify 

the most influenced predictor, rank the predictor and 

eliminate insignificant predictor of the model [10], 

[30],[29],[44],[57],[52].  The rank of the most influenced 

predictors in the predication of low birth weight has 

depicted in the Table 3 and it is shown in Figure 2. 

 

Table 2: Predictive performance of various classification 

methods 
Algorithm Accuracy Sensitivity Specificity AUC F Precision Recall 

Logistic 
regression 

0.7407 0.9231 0.3390 0.7724 0.8304 0.7547 0.9231 

Naive Bayes 0.7778 0.9000 0.5085 0.8008 0.8478 0.8014 0.9000 

Random Forest 0.7090 0.9923 0.0847 0.8420 0.8243 0.7049 0.9923 

SVM 0.7407 0.9846 0.2034 0.7738 0.8393 0.7314 0.9846 

Neural Network 0.7619 0.9385 0.3729 0.7804 0.8443 0.7673 0.9385 

Classification 
Tree 

0.8995 0.9769 0.7288 0.9380 0.9304 0.8881 0.9769 

 

Table 3: Low birth weight risk factors rank  

  

Attribute Rank 

LWT 
Mother’s last weight (pounds) before 

becoming pregnant 

 
100.0000 

AGE Mother’s age in years 98.0024 

FTV 
Number of physician visits during 

the first trimester 

45.8563 

PTL Number of previous premature labors 43.1132 

HT Hypertension-high blood pressure 25.4303 

RACE Race 18.2630 

UI Uterine irritability 15.0174 

SMOKE Smoke 7.7369 
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For prediction of low birth weight infants, it can be seen 

that, using validation method test on train data the 

classification tree gives a higher overall prediction 

accuracy (89.95%), specificity (72.88%) and AUC 

(93.80%) F-value (93.04%) and Precision (88.81%) 

comparing other classification methods. It is identified that 

the area under the curve (AUC) in classification tree is 

higher than the other methods,  indicating that the 

classification tree excellently determining the low birth 

weight infants . Sensitivity plays an important role in the 

correct diagnosis of the disease. Random forest gives a 

lower overall prediction accuracy 70.9% and higher 

sensitivity 99.23% than other algorithms. The results of 

this work have improved prediction accuracy when 

compared to logistic regression. Mother’s last weight 

(pounds) before becoming pregnant highly influenced to 

predict the low birth weight, i.e., 100%. The first four 

variables which were highly influenced are Mother’s last 

weight (pounds) before becoming pregnant, Mothers age 

in years (98.00%), Number of physician visits during the 

first trimester (45.86%), Number of previous premature 

labors (43.11%). Hypertension-high blood pressure, Race, 

Uterine irritability and Smoke are weakly influenced 

predictors.  

 

 

     

Fig 1. Accuracy measures of classification 

methods 

Fig 2. Low birth weight risk factors rank 

 

7. Conclusion and Future works 
Low birth weight and preterm birth are identified as a 

leading cause of infant mortality and are at heightened risk 

for individuals, families, society. Deeper understanding of 

the important factors highly associated with low birth 

weight, different data mining algorithms has been applied 

to the prediction of low birth weight child, including 

logistic regression, naïve Baye’s, random forest, support 

vector machines (SVM), neural network and classification 

tree. The variables which were highly  influenced in the 

predication of  low birth weight  are Mother’s last weight 

(pounds) before becoming pregnant, Mothers age, Number 

of physician visits during the first trimester, Number of 

previous premature labors. Classification tree performed 

best compared with other algorithms. Hosmer and 

Lemeshow used transformations and stepwise variable 

selection techniques to fit logistic regression models. The 

results of this work have improved prediction accuracy in 

Datamining techniques when compared to logistic 

regression. Future work is to improve the accuracy of 

prediction by using soft computing techniques and to 

create a powerful tool to assist physicians in their decision 

making for the prediction of low birth weight.  
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