
International Journal of Basic and Applied Science 12 (1) (2023) 20-32 
 

 
 

Journal homepage: www.ijobas.pelnus.ac.id 

Published by: IOCSCIENCE 
 

International Journal of Basic and Applied Science 
 

Journal homepage: www.ijobas.pelnus.ac.id 

Comparative analysis of linear and quantile regression models 
in predicting body mass index among students  

 
Odoh, C. M.1, Ugwu, N. D.2, Aronu, C. O.3 

1Department of Mathematics and Statistics, Delta State Polytechnic Ogwashi Uku, Delta State, Nigeria 
2,3Department of Statistics, Chukwuemeka Odumegwu Ojukwu University, Uli Campus, Anambra, Nigeria 

Article Info  ABSTRACT  

Article history: 

Received May 20, 2023 
Revised Jun 16, 2023 
Accepted Jun 30, 2023 
 

 This study applies quantile regression to model the Body Mass Index 
(BMI) of 152 students from Delta State Polytechnic in Delta State, 
Nigeria. The BMI serves as the response variable, while skin fold (SK), 
feeding habit (FH), feeding frequency (FF), and frequency of exercising 
(FE) are considered as explanatory variables. A comparison is made 
between the results obtained from the classical linear regression model 
and quantile regression models at different quantiles (p = 0.1, 0.25, 0.5, 
0.75, and 0.9) to examine the impact of the variables on the students' 
BMI and assess if the relationships differ across quantiles. The findings 
reveal significant differences between the classical linear regression and 
quantile regression models, emphasizing the importance of quantile 
regression in capturing the nuances of the relationship between 
variables at different points of the BMI distribution. The study highlights 
the limitations of the classical linear regression model in providing a 
comprehensive understanding of the data and underscores the value of 
quantile regression in enhancing our insights into the relationship 
between BMI and the considered factors. This research contributes to 
the broader literature on quantile regression and its applications in 
exploring BMI and related health issues among students. 
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1. INTRODUCTION 
A widely used approach for modelling the correlation between dependent and independent variables 
is the classical or ordinary regression model [1]. However, because it only considers the mean and falls 
short of capturing the whole image of the distribution, this model only offers a partial comprehension 
of the data set [2]. A different strategy termed quantile regression has been presented to get around 
this restriction. A more thorough investigation of the connection between variables is provided by 
quantile regression, which calculates the conditional median or other quantiles of the answer variables 
[3–4]. It expands the conventional regression model and is especially helpful when the linearity, 
homoscedasticity, and normalcy assumptions are broken [5]. Similar research was done by the authors 
[6] among university students in different areas, and they discovered that the quantile regression 
model gave useful insights into how variables affected BMI at various quantiles. Their findings 
highlighted how crucial it is for BMI prediction models to take into account quantile-specific 
connections. In a school-based environment, research by [7] investigated the use of linear and quantile 
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regression models to predict BMI among teenagers. They found that, in contrast to linear regression, 
which offered a broad grasp of the typical association between factors and BMI, quantile regression 
allowed for a more in-depth analysis of the predictors' effects at various quantiles. These findings 
validated quantile regression as an effective approach for predicting BMI. The study by [8] stated that 
a cross-sectional study was carried out in Issele-uku, Delta State, Nigeria, to look at the prevalence of 
adult obesity.  

The uses of quantile regression in many disciplines have been investigated in several papers. 
In this essay, we emphasize its use in simulating students' Body Mass Index (BMI). BMI, a 
measurement of nutritional status, is used to categorize people into various weight groups by 
calculating the ratio of weight to squared height [9]. The importance of BMI in comprehending health-
related concerns has been stressed in earlier study [10–11]. Body mass index (BMI) is a measurement of 
a person's nutritional health based on their weight (kg) to height (m2) squared. Its value is used in 
classifying individuals to different weight classes, that is, underweight (<18.5), normal (18.5-24.99), 
overweight (25.00-29.99) and obese (≥30.00), based on the World Health Organization [9], standard 
classification in kg/m2. By utilizing quantile regression, the present study aim to gain a deeper insight 
into the relationship between BMI and other variables. The work by [1] asserts that ordinal variables 
in psychology are frequently mis-analyzed as metrics in statistical models, resulting in skewed effect-
size estimates and exaggerated error rates. According to the study by [2], a Korean financial conditions 
index was developed as a result of the heightened interest in the impact of financial conditions on the 
actual economy in the wake of the global financial crisis. To investigate the effect of Korean and US 
financial circumstances on future Korean GDP growth, quantile regression models were used in the 
study. The results showed that the financial situation in Korea had an unbalanced impact on GDP 
growth across quantiles. The study by [3] examined how health-risky activities at home, school, and in 
the community affected Korean adolescents' body weight. Using quantile regression models, the 
complete distribution of the body mass index (BMI) relationship was examined. The findings showed 
that higher mother education was connected to higher BMI in boys, especially at upper quantiles, while 
higher paternal education was linked to lower BMI in girls.  

With the use of quantile regression, the connection at various percentiles or quantiles was 
studied thereby providing a more detailed knowledge of the distribution of BMI among students [12]. 
This method contributes to the larger body of research on quantile regression and improves our 
understanding of the characteristics of BMI distribution among students. Additionally, many 
researchers have used linear and quantile regression in numerous domains, demonstrating its 
adaptability and efficiency in studying a range of phenomena. Since quantile regression methods may 
capture diverse connections, they are being utilized more often to predict BMI. The study by [13] 
looked at various investment levels and the applicability of the pecking order theory to industrial 
enterprises listed on the Borsa Istanbul. The panel quantile regression method they used led them to 
discover that the pecking order idea was not always true. Particularly, when internal funds were 
insufficient, high-leverage businesses showed a preference for equity financing at high investment 
levels, whereas low-leverage firms favoured borrowing as their top option. 

In a study by [14], the quantile regression technique was used to examine the effects of several 
variables on the per capita income of participants in the microfinance program Amanah Ikhtiar 
Malaysia (AIM). The study concentrated on participants, primarily women, at various income 
distribution levels. The findings revealed that factors such as the value of assets, value of loans, 
household size, ratio of spending to income, and dummy state consistently influenced per capita 
income across various quantiles. The study by [15] made a valuable contribution by utilizing panel 
quantile regression to examine the dynamics of energy consumption in developing economies using 
data from 1990 to 2019. Their study served as a robustness check for previous findings, confirming the 
results obtained through other methodologies. Notably, the study discovered that the impact of 
remittances on energy consumption was more pronounced at upper quantiles. The study by [16] 
examined the impact of maternal pre-pregnancy BMI and gestational weight gain (GWG) on low birth 
weight (LBW) and macrosomia using the univariate and multivariate logistic regression analyses. It 
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was found that insufficient GWG in the first and second trimesters increased the risk of LBW, while 
GWG <2kg in the second trimester to delivery also raised the risk. These associations were consistent 
across BMI categories, and LBW/macrosomia correlated with sustained low/high BMI percentiles in 
early childhood. The study by [17] examined COVID-19 deaths in public hospitals during three waves 
of the pandemic in Brazil. Quantile regression was used to analyze the relationship between time from 
diagnosis to death and socio-clinical variables. Findings revealed different associations in each wave, 
including factors such as immunodeficiency, obesity, neoplasia, education, O2 saturation, chronic 
neurological disease, race/colour, difficulty breathing, and chronic cardiovascular disease. Author [18] 
studied the complex association between obesity and fracture risk, considering variations in obesity 
definition, skeletal site, and gender. They used linear regression with waist circumference and BMI to 
determine fracture risk, adjusting for relevant covariates from a directed acyclic graph. These studies 
exemplify the applicability and benefits of using quantile regression in different research domains, 
providing valuable insights into the relationships between variables at various points in the 
distribution. 

Also, relevant studies on BMI were reviewed to provide sufficient literature review depth on 
BMI. The study by [19] conducted a retrospective study on weight changes in patients receiving 
different biologic agents. Authors [20] examined the relationship between BMI, self-differentiation, 
and happiness in obese individuals. Coping styles were found to mediate this relationship. The study 
emphasizes the importance of specialized training to enhance happiness, self-differentiation, and 
coping styles in the obese population. Authors [21] investigated the causal associations between 
obesity, metabolic hormones, and female reproductive disorders. In a narrative review by [22], the 
association between adherence to the Mediterranean diet and overweight/obesity and age-related 
chronic diseases was examined.  Authors [23] evaluated the validity of anthropometric measurements 
Mid Upper Arm Circumference (MUAC), Body Mass Index (BMI), and Calf Circumference (CC) for 
detecting malnutrition in older adults in Ethiopia. The study found significant correlations with the 
Mini-Nutritional Assessment (MNA) tool and high reliability (Cronbach's α = 0.847). The area under 
the curve (AUC) indicated good overall accuracy (BMI: 0.98, MUAC: 0.94, CC: 0.96), with sensitivity 
and specificity ranging from 78-90% and 94-96%, respectively. Adjusted for age and sex, MUAC and 
CC had the best cut-off points with higher sensitivity and specificity. The study by [24] examined the 
prevalence and predictors of overweight and obesity in a multi-ethnic cohort from rural South Africa. 
Factors such as sex, age, education level, diabetes, and rural residence were associated with higher 
BMI. Women, older individuals, those with more education, and those in rural areas had higher odds 
of being overweight or obese. Conversely, smoking was associated with lower BMI and decreased odds 
of overweight or obesity. The study highlights the need for targeted community-based interventions 
to address obesity in this region, particularly among vulnerable groups. Authors [25] emphasized the 
significance of comprehending the factors contributing to overweight and obesity, as these conditions 
pose a considerable public health concern. The researchers noted that obesity is a risk factor for various 
diseases, including type 2 diabetes, which is becoming more prevalent in numerous low-income and 
middle-income countries (LMICs). Authors [26] investigated child malnutrition in Pakistan, analyzing 
data from the Pakistan Demographic and Health Survey. They found that 37.7% of children were 
stunted, 23% were underweight, and 8.0% suffered from wasting. Factors such as birth size, milk 
consumption, maternal education, socioeconomic status, and maternal BMI were associated with 
malnutrition. The study highlights the need for targeted public health policies and community-based 
education to address these issues. 

Concisely, the work by [6] emphasized the necessity for capturing the effects of factors on BMI 
at different quantiles. The present study sought to address this requirement by contrasting the classical 
linear regression with quantile regression models. Consequently, the examination of quantile-specific 
impacts on BMI prediction in the context of Nigerian students' literature is still lacking. Quantile 
regression was necessary for the current study to acquire a deeper understanding of the link between 
BMI and other characteristics among students at Delta State Polytechnic, according to the study by 
[7], which validated the need for it. The research conducted by [8] took into account the same study 
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area as the current study, but it did not pay particular attention to quantile regression; instead, it 
offered valuable data on the prevalence of obesity in the study area. However, the current study 
emphasized the need of researching BMI and obesity-related concerns in the Nigerian setting, 
reiterating the necessity of local population-focused research.  In order to understand the distribution 
of BMI among students in greater depth, the study by [12] placed a strong emphasis on the use of 
quantile regression. The authors were able to use quantile regression to examine the relationship 
between BMI and other factors at various percentiles, revealing details about the peculiarities of the 
BMI distribution. As a result, the study provided evidence in favour of the objectives of the current, 
which was to use quantile regression to examine the association between BMI and explanatory factors 
among students at Delta State Polytechnic. The study by [19] looked at weight changes in individuals 
being treated for inflammatory bowel disease with various biologic drugs. Although unrelated to 
quantile regression or the student population in Nigeria, the study emphasized the significance of 
taking into account many parameters, including baseline BMI, in order to comprehend weight 
increases. It highlights the need of doing a thorough investigation of BMI prediction models and the 
impacts of explanatory factors, which is what the current study attempted to do by utilizing quantile 
regression. In a multi-ethnic sample from rural South Africa, the study by [24] looked at the prevalence 
and determinants of overweight and obesity. It included criteria including sex, age, education level, 
and living in a rural area that is linked to higher BMI while also emphasizing smoking's preventive 
qualities. Despite being conducted in a different setting from the one used in the current study, it 
highlights the need of comprehending the variables that contribute to overweight and obesity as well 
as the demand for focused treatments. This study, which examines BMI prediction models among 
students in Delta State, Nigeria, is thereby made even more pertinent by the research. 

The paucity of research on Body Mass Index (BMI) prediction models relevant to Nigerian 
students, especially those enrolled at Delta State Polytechnic, is the issue that the present study seeks 
to address, as shown by the results of the review of related literature. There is a vacuum in our 
knowledge of the particular drivers of BMI among Nigerian students and the consequences of these 
factors on certain quantiles, despite the fact that current literature has examined the association 
between BMI and a variety of parameters. The creation of efficient treatments and policies to address 
the increased incidence of overweight and obesity among Nigerian students is hampered by this 
information gap. By contrasting classical linear regression with quantile regression models to predict 
BMI and offer insights into the various impacts of explanatory factors across quantiles, the study seeks 
to close this gap. By addressing this issue, the present study aims to advance quantile-specific research 
and policy, add to the body of knowledge, guide targeted health interventions, improve health 
education programs, and address BMI issues among students at Delta State Polytechnic in Nigeria. 

2. RESEARCH METHOD 
The section looks at the research method adopted in the study to examine and analyze the data ob-
tained for the study between the variables considered for the study. Specifically, how the Linear Re-
gression Model and Quantile Regression will be utilized to examine the impact of predictor variables 
on the response variable.  
2.1. The General Linear Regression Model 

A popular statistical framework for assessing the associations between a response variable and 
one or more predictor variables is the general linear regression model (GLM). In order to estimate the 
unknown parameters, it assumes a linear connection between the response variable and predictors. 
The GLM offers a reliable approach to parameter estimation by taking into account specific assump-
tions, such as the normal distribution of the response variable and the absence of correlation among 
predictors. This section looks at the theoretical foundations of the GLM, explores its assumptions, and 
discusses the estimation techniques used to obtain the parameter estimates. 

The general linear regression model is given by the form: 
                                     𝑌 = 𝑋𝛽 + 𝜖 …………………………………………………………………. (1) 
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where 𝑌 = (𝑦1, 𝑦2, … , 𝑦𝑛)𝑇 is an 𝑛 × 1 column vector of response variables, 𝜖 = (𝜖1, 𝜖2, … , 𝜖𝑛)𝑇 is an 
𝑛 × 1 column vector of errors, 𝛽 = (𝛽0, 𝛽1, … , 𝛽𝑘)𝑇 is an (𝑘 + 1) × 1 column vector of unknown param-
eters and  

𝑋 = (

1 𝑥11 𝑥21 ⋯ 𝑥𝑘1

1 𝑥12 𝑥22 ⋯ 𝑥𝑘2

⋮
1

⋮
𝑥1𝑛

⋮
𝑥2𝑛

⋯
⋯

⋮
𝑥𝑘𝑛

) 

is an 𝑛 × (𝑘 + 1) matrix of predictor variables and 𝑘 is the number of predictor variables. 
The argument about the model in (1) borders on how to estimate the parameters vector 𝛽. Before this 
can be done, there are certain assumptions which are usually made concerning 𝑌, 𝑋and 𝜖 and they are 
as follows: 

a. Y is normally distributed, 
b. the predictor variables 𝑋 are stochastically fixed and uncorrelated,  
c. 𝜖 is normally distributed with zero mean and a constant variance i.e. 𝜖~𝑁(0, 𝜎2𝐼𝑛), where 

0 is an 𝑛 × 1 vector of zeros and 𝐼𝑛 is the n-dimensional identity matrix and 

d. The errors are uncorrelated i.e. 𝐶𝑜𝑣(𝜖𝑖 , 𝜖𝑗) = 0. 

Given the above assumptions, a suitable estimator 𝛽̂ is sought for 𝛽. 
2.2. The ordinary least squares (OLS) estimator for 𝜷 

The OLS method is the most commonly used method for estimating the parameter 𝛽 of the re-
gression model in (1) given the aforementioned assumptions.  The OLS method involves the minimi-
zation of the sum of square of the error 𝜖 given in the model in (1). Given 

𝑌 = 𝑋𝛽 + 𝜖, 
𝜖 = 𝑌 − 𝑋𝛽. 

The sum of square of the error is thus expressed as: 
𝜖𝑇𝜖 = (𝑌 − 𝑋𝛽)𝑇 (𝑌 − 𝑋𝛽) 
        = (𝑌𝑇 − 𝛽𝑇𝑋𝑇)𝑇 (𝑌 − 𝑋𝛽) 
        = 𝑌𝑇𝑌 − 𝑌𝑇𝑋𝛽 − 𝛽𝑇𝑋𝑇𝑌 + 𝛽𝑇𝑋𝑇𝑋𝛽 
        = 𝑌𝑇𝑌 − 2𝛽𝑇𝑋𝑇𝑌 + 𝛽𝑇𝑋𝑇𝑋𝛽.       

………………………………………….………………… (2) 

To obtain the OLS estimate 𝛽̂  of 𝛽, we shall differentiate (2) w.r.t 𝛽 and set the derivative to zero and 
thereafter solving for 𝛽. That is 

𝜕𝜖𝑇𝜖

𝜕𝛽
= −2𝑋𝑇𝑌 + 2𝛽𝑋𝑇𝑋 = 0 

2𝛽𝑋𝑇𝑋 = 2𝑋𝑇𝑌 
and thus 

𝛽̂𝑂𝐿𝑆 = (𝑋𝑇𝑋)−1𝑋𝑇𝑌 ………………………………………….………………… (3) 

 

whenever (𝑋𝑇𝑋) is a non-singular matrix with an inverse. Thus 𝛽̂𝑂𝐿𝑆  gives the OLS estimator of 𝛽. Also, 

since 𝜖 is normally distributed with 𝐸(𝜖) = 0 and 𝑉𝑎𝑟(𝜖) = 𝐸(𝜖𝑇𝜖) = 𝜎2𝐼𝑛 the OLS estimator 𝛽̂𝑂𝐿𝑆  is 
also normally distributed with mean and variance given by 

𝐸(𝛽̂𝑂𝐿𝑆) = 𝛽, 

𝑉𝑎𝑟(𝛽̂𝑂𝐿𝑆) = 𝜎2(𝑋𝑇𝑋)−1. 

2.3. General Arguments for Quantile Regression  
Here we shall take a look at the theory and methodology behind quantile regression as distinct 

from the classical regression model specified in (1) under the aforementioned assumptions. We shall 
begin the section by looking at what quantiles mean. 
2.4. Quantiles 

In statistics and probability, quantiles are split points dividing the support of a probability distri-
bution into continuous intervals each with equal probabilities, or dividing the observations in a sample 
in a similar way. Thus, given a probability threshold 𝑝, the quantile corresponding to 𝑝 defined as 𝑄(𝑝), 
that is the 𝑝𝑡ℎ quantile is defined such that: 
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a. a proportion 𝑝 of the observations of the distributions have a value lower or equal to 𝑝; 
b. a proportion 1 − 𝑝 of the observations have a value greater or equal to 𝑝. 

Mathematically, the quantile 𝑄𝑌(𝑝) of level 𝑝𝜖(0,1) of a random variable 𝑌 with cumulative distribu-
tion function (cdf) 𝐹𝑌(𝑦) is defined in such a way that   

𝑃{𝑌 ≤ 𝑄𝑌(𝑝)} ≥ 𝑝 and 𝑃{𝑌 ≥ 𝑄𝑌(𝑝)} ≥ 1 − 𝑝 . 
It can also be defined as  

𝑄𝑌(𝑝) = 𝐹𝑌
−1(𝑝) = inf{𝑦𝜖ℝ: 𝐹𝑌(𝑦) ≥ 𝑝}. 

Thus the quantile function 𝑄𝑌(𝑝) of the random variable 𝑌 is the inverse of its cdf. The most used 
quantiles in Statistics and Probability are: 

a. 𝑝 = 0.5: the median of the distribution 

b. 𝑝 = {0.1,0.9}: the first and last deciles 

c. 𝑝 = {0.25,0.75}: the first and last quartiles. 

Now, the median 𝑄𝑌(0.5) = 𝑚 which is a quantile, of a real-valued random variable 𝑌 with cdf 𝐹𝑌(𝑦) =
𝑃(𝑌 ≤ 𝑦) separates the distribution of 𝑌 into two halves where 50% of the observations of the distri-
bution are below 𝑚 and the other 50% are above 𝑚. Mathematically, the median exist in such a way 
that  

𝑃(𝑌 ≤ 𝑚) ≥
1

2
and 𝑃(𝑌 ≥ 𝑚) ≥

1

2
. 

If the probability distribution of the random variable 𝑌 is symmetric like for the normal distribution, 
the median 𝑚 of 𝑌 and the mean (if it exists) are the same and the value is same as the value of the 
point where the symmetry occurs. The median can also be seen as the solution of a minimization 
problem. In fact, the median minimizes the absolute sum of deviations  

median(𝑌) = arg  min
𝑚

𝔼|𝑌 − 𝑚|. 

In general, quantiles can be viewed as particular centers of the distribution that minimizes the 
weighted absolute sum of deviations. For the 𝑝𝑡ℎ quantile: 

                        𝑄𝑝(𝑌) = arg  min
𝑐

𝔼[𝜌𝑝(𝑌 − 𝑐)] ………………………………………………………………………(4) 

where 𝜌𝑝(𝑦) is a loss function defined as: 

𝜌𝑝(𝑦) = [𝑝 − 𝕝(𝑦<0)]𝑦 

                                                          

= [(1 − 𝑝)𝕝(𝑦≤0) + 𝑝𝕝(𝑦>0)]|𝑦|. 

………………………………………………………………………(5) 

 
Thus, the loss function is an asymmetric absolute loss function; that is a weighted sum of absolute 
deviations, where a (1 − 𝑝) weight is assigned to the negative deviations and a 𝑝 weight is used for the 
positive deviations. If the random variable 𝑌 is discrete with probability mass function 𝑓𝑌(𝑦) =
𝑃(𝑌 = 𝑦), (4) becomes 

 𝑄𝑝(𝑌) = arg  min
𝑐

𝔼[𝜌𝑝(𝑌 − 𝑐)], 

= arg  min
𝑐

{(1 − 𝑝) ∑ |𝑦 − 𝑐|𝑓𝑌(𝑦) + 𝑝 ∑ |𝑦 − 𝑐|𝑓𝑌(𝑦)

𝑦>𝑐𝑦≤𝑐

} , 

and if 𝑌 is continuous with probability density function (pdf) 𝑓𝑌(𝑦) = 𝑃(𝑌 = 𝑦), (4) becomes 

 𝑄𝑝(𝑌) = arg  min
𝑐

𝔼[𝜌𝑝(𝑌 − 𝑐)], 

                 = arg  min
𝑐

{(1 − 𝑝) ∫ |𝑦 − 𝑐|𝑓𝑌(𝑦)𝑑𝑦 + 𝑝 ∫ |𝑦 − 𝑐|𝑓𝑌(𝑦)𝑑𝑦

∞

𝑐

𝑐

−∞

} , 

From definition, given a continuous random variable 𝑌 with pdf 𝑓𝑌(𝑦), the cdf corresponding to the 
pdf is given by 

 𝐹𝑌(𝑦) = 𝑃(𝑌 ≤ 𝑦) = ∫ 𝑓𝑌(𝑡)𝑑𝑡,

𝑦

−∞
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and the corresponding survival function is given by 

𝐹𝑌
̅̅ ̅(𝑦) = 𝑃(𝑌 > 𝑦) = ∫ 𝑓𝑌(𝑡)𝑑𝑡,

∞

𝑦

 

and consequently we have  
𝑐 = 𝐹𝑌

−1(0.5) = medaian. 
 
Thus the median minimizes the expected value of the absolute difference. In general, and for a contin-
uous random variable 𝑌, the 𝑝𝑡ℎ quantile of  𝑌 is given by 

 𝑄𝑝(𝑌) = arg  min
𝑐

𝔼[𝜌𝑝(𝑌 − 𝑐)] 

= arg  min
𝑐

{(1 − 𝑝) ∫ |𝑦 − 𝑐|𝑓𝑌(𝑦)𝑑𝑦 + 𝑝 ∫ |𝑦 − 𝑐|𝑓𝑌(𝑦)𝑑𝑦

∞

𝑐

𝑐

−∞

} . 

It follows that  
 𝑄𝑝(𝑌)  = (1 − 𝑝) 𝐹𝑌(𝑐) − 𝑝[1 −  𝐹𝑌(𝑐)] = 0, 

and thus  
 𝐹𝑌(𝑐) − 𝑝 𝐹𝑌(𝑐) − 𝑝 + 𝑝 𝐹𝑌(𝑐) = 0 

This implies that 
 𝐹𝑌(𝑐) = 𝑝 

and consequently we have  
𝑐 = 𝐹𝑌

−1(𝑝) = the pth quantile. 
2.5. Quantile regression 

In the classical linear regression model in (1) the focus was on the conditional distribution of the 
response variable 𝑌. That is, attention is only given to the mean effect of the predictor variable 𝑋 on 𝑌. 
Formally, given 

𝑌 = 𝑋𝛽 + 𝜖, 
𝔼[𝑌|𝑋] = 𝑋𝛽. 

Thus in many practical situations, we only look at the effects of a predictor on the conditional mean 
of the response variable. However, there might be some asymmetry in the effects across the quantiles 
of the response variable. In fact, it is not possible that the effect of a variable be the same for all obser-
vations. This is the rationale behind the use of quantile regression in place of the classical regression 
model which only accounts for the mean effect of the predictors on the response variable. In short, 
quantile regression offers a way out to account for these asymmetries which the classical linear regres-
sion model assumes away.  
Given  

𝔼[𝑌|𝑋] = 𝑋𝛽, 
here 𝛽 represents the marginal change in the mean of the response variable to a marginal change in 
the predictor variable 𝑋 and the OLS estimator of 𝛽 from (3) is  

𝛽̂𝑂𝐿𝑆 = (𝑋𝑇𝑋)−1𝑋𝑇𝑌. 
Now, instead of looking at the mean effect, we can look at the effect at a given quantile. The condition 
quantile is thus defined as 

𝑄𝑝[𝑌|𝑋] = inf{𝑦𝜖ℝ: 𝐹𝑌(𝑦|𝑥) ≥ 𝑝}. 

The linear quantile regression model becomes: 
𝑌 = 𝑋𝛽𝑝 + 𝜖𝑝 ……………………………………………………………………. (6) 

 
where 𝑌 = (𝑦1, 𝑦2, … , 𝑦𝑛)𝑇 is an 𝑛 × 1 column vector of the response variable,  

𝑋 = (

1 𝑥11 𝑥21 ⋯ 𝑥𝑘1

1 𝑥12 𝑥22 ⋯ 𝑥𝑘2

⋮
1

⋮
𝑥1𝑛

⋮
𝑥2𝑛

⋯
⋯

⋮
𝑥𝑘𝑛

) 
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is an 𝑛 × (𝑘 + 1) matrix of predictor variables and 𝑘 is the number of predictor variables, 𝜖𝑝 =

(𝜖1,𝑝, 𝜖2,𝑝, … , 𝜖𝑛,𝑝)
𝑇
 is an 𝑛 × 1 column vector of quantile errors and 𝛽𝑝 = (𝛽0,𝑝, 𝛽1,𝑝, … , 𝛽𝑘,𝑝)

𝑇
 is a 

(𝑘 + 1) × 1 column vector of unknown quantile coefficient which corresponds to the marginal change 
in the 𝑝𝑡ℎ quantile following a marginal change in 𝑋. 
If we assume that   𝑄𝑝[𝜖|𝑋] = 0, then (6) becomes: 

                                                     𝑄𝑝[𝑌|𝑋] = 𝑋𝛽𝑝 …………………………………………………………………….(7) 

 
Observe that in the classical linear regression model in (1), the interest is on predicting the average 
value of the response variable 𝑌 given the explanatory variable(s) 𝑋 and hence, there is always one 
regression model. In the case of the quantile regression model in (7), the interest is not in predicting 
the mean or average value of the response variable 𝑌, but predicting its value for a given quantile of its 
observations. Thus there are many regression models in (7) with each corresponding to a given quan-
tile of interest. For example 𝑝 = 0.5 gives us the median regression with model 

 𝑄0.5[𝑌|𝑋] = 𝑋𝛽0.5, 
𝑝 = 0.1 gives us the first decile regression with model 

 𝑄0.1[𝑌|𝑋] = 𝑋𝛽0.1, 
𝑝 = 0.9 gives us the last decile regression with model 

 𝑄0.9[𝑌|𝑋] = 𝑋𝛽0.9, 
𝑝 = 0.25 gives us the first quartile regression with model 

 𝑄0.25[𝑌|𝑋] = 𝑋𝛽0.25, 
and 𝑝 = 0.25 gives us the last quartile regression with model 

 𝑄0.75[𝑌|𝑋] = 𝑋𝛽0.75. 
The idea or rationale behind the use of quantile regression is well woven within the context of appli-
cation. In the analysis of Body Mass Index (BMI) it is usually the lower or upper quantile that is of 
interest other than the average of the data. In this context, people with obesity or people with malnu-
trition are of interest and using the classical linear regression model will not allow us capture these 
two extremes in our analysis as all the observations on the weights of all the individuals are averaged 
out given some set of explanatory variables. This may lead one to make an erroneous predictive con-
clusion on how the explanatory variables impact the response variable which in this case is the weight 
of the individuals. However, quantile regression gives us the allowance to observe the effects of the 
explanatory variables on each quantile or specific quantile of the weight of the individuals. 
2.6. Estimating the quantile regression model 

As shown in sub-section 2.1, the unknown parameter vector 𝛽 in classical regression linear regres-
sion model in (1) is estimated using the OLS method by minimizing the sum of squared errors. That is  

𝛽̂ = arg  min
𝛽

{(𝑌 − 𝑋𝛽)𝑇(𝑌 − 𝑋𝛽)}. 

For quantile regression, the approach is different. Given that the 𝑝𝑡ℎ quantile minimizes the risk asso-
ciated with the asymmetric absolute loss function 

                        𝑄𝑝(𝑌) = arg  min
𝑐

𝔼[𝜌𝑝(𝑌 − 𝑐)], 

it follows that the 𝑝𝑡ℎ quantile of 𝑌 solves 

 min
𝑐

∑ 𝜌𝑝(𝑦𝑖 − 𝑐)

𝑛

𝑖=1

. 

Given that 
 𝑄𝑝[𝑌|𝑋] = 𝑋𝛽𝑝, 

it follows that the quantile estimator of the parameter vector 𝛽𝑝 is given by: 

                            𝛽𝑝 = arg  min
1

𝑛
𝛽

∑ 𝜌𝑝(𝑦𝑖 − 𝑋𝑖𝛽𝑝)

𝑛

𝑖=1

 
……………………………………………………………… (8) 

were the minimization problem in (8) is solved using linear programming which are well implemented 
in many software packages and in this study, we shall use the R software to perform the exercise. 
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Quantile regression will be applied to model BMI (kg/m2) of 152 students at Delta State Polytechnic, 
Nigeria. BMI is calculated as weight divided by height squared. Explanatory variables include skin fold, 
feeding habit, feeding frequency, and exercise frequency. Quantile and classical regression models will 
be compared to assess variable impact on BMI. 

The classical regression model for these variables is given by: 

𝐵𝑀𝐼 = 𝛽0 + 𝛽1𝑆𝐾 + 𝛽2𝐹𝐻 + 𝛽3𝐹𝐹 + 𝛽4𝐹𝐸 + 𝜖 ……………………………………………………………… (9) 

We shall formulate the quantile regression model for the quantiles 
 𝑝 = 0.1, 0.25,0.5,0.75,0.9 in the following order: 

𝐵𝑀𝐼 = 𝛽0,0.1 + 𝛽1,0.1𝑆𝐾 + 𝛽2,0.1𝐹𝐻 + 𝛽3,0.1𝐹𝐹 + 𝛽4,0.1𝐹𝐸 + 𝜖0.1 ………………………………………….(10) 

𝐵𝑀𝐼 = 𝛽0,0.25 + 𝛽1,0.25𝑆𝐾 + 𝛽2,0.25𝐹𝐻 + 𝛽3,0.25𝐹𝐹 + 𝛽4,0.25𝐹𝐸 + 𝜖0.25 ………………………………………….(11) 

𝐵𝑀𝐼 = 𝛽0,0.5 + 𝛽1,0.5𝑆𝐾 + 𝛽2,0.5𝐹𝐻 + 𝛽3,0.5𝐹𝐹 + 𝛽4,0.5𝐹𝐸 + 𝜖0.5 ………………………………………….(12) 

𝐵𝑀𝐼 = 𝛽0,0.75 + 𝛽1,0.75𝑆𝐾 + 𝛽2,0.75𝐹𝐻 + 𝛽3,0.75𝐹𝐹 + 𝛽4,0.75𝐹𝐸 + 𝜖0.75 ………………………………………….(13) 

𝐵𝑀𝐼 = 𝛽0,0.9 + 𝛽1,0.9𝑆𝐾 + 𝛽2,0.9𝐹𝐻 + 𝛽3,0.9𝐹𝐹 + 𝛽4,0.9𝐹𝐸 + 𝜖0.9 ………………………………………….(14) 

We shall use the classical linear regression model in (9) and the quantile linear regression models in 
(10) – (14) to fit the data on the variables using the ‘quantreg’ package in the R programming software. 
The results are well tabulated in Tables in the next section. We shall compare the results of the classical 
linear regression model to those obtained from the quantile regression model at respective quantile 
value in order to determine whether the value of each parameter in the models are either overstated 
or understated by the linear regression model for a given quantile. The would also use the comparison 
to determine if the nature of relationship between respective explanatory variables and the BMI will 
change from that of the  classical linear regression model for a given quantile. 

3. RESULTS AND DISCUSSIONS 
In this section, we shall carry out the fitting of the regression model in (9) and the quantile regression 
models in (10) – (15). The results are contained in Tables (1-5). 

Table 1. Comparison of the performance of the methods setting  𝑝 = 0.1 

Coefficients Classical Linear Regression 
Quantile Linear regression 

𝑝 = 0.1 

𝛽0 23.0286 18.9917 
𝛽1 1.1210 0.4250 
𝛽2 -0.3516 0.3250 
𝛽3 0.4401 -0.0833 
𝛽4 -0.5349 0.3250 

The result presented in Table 1 shows coefficients of linear and quantile regression models (p=0.1). 
Linear regression had higher 𝛽0 than quantile regression. 𝛽0 represents autonomous BMI (independent 
of factors). First decile autonomous BMI is 18.9917 kg/m2, average is 23.0286 kg/m2. 𝛽1, 𝛽2, 𝛽3, 𝛽4  differ 
between linear and quantile regression, measuring marginal effects of variables on BMI. 𝛽1 = 1.1210  
implies 1 unit increase in skin fold leads to BMI increase. 𝛽1 = 0.4250  in quantile regression for the 
first decile, showing smaller increase. Negative coefficients indicate BMI decrease with variable 
increase. By contrasting the coefficients of classical linear regression and quantile regression models 
for BMI prediction, the present study's findings add to the conclusion reached by [13] and [24] and 
further the results of those studies. 

Table 2. Comparison of the performance of the methods setting  𝑝 = 0.25 

Coefficients Classical Linear Regression Quantile Linear regression 
𝑝 = 0.25 

𝛽0 23.0286 21.5750 
𝛽1 1.1210 -0.7500 
𝛽2 -0.3516 -0.5250 
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𝛽3 0.4401 0.0250 
𝛽4 -0.5349 0.9250 

The result presented in Table 2 shows the individual model coefficients of the two methods setting 
p=0.25. It was found that the classical linear regression clearly gave a value of 𝛽0 higher than the one 
obtained for the quantile regression even though both are positive. The result clearly reveals the au-
tonomous BMI of the first quartile of the population is 21.5750 kg/m2 while the average autonomous 
BMI is 23.0286 kg/m2. Observe also the difference in the value of the 𝛽1, 𝛽2, 𝛽3, 𝛽4 for the case of the 
classical linear regression model and the quantile linear regression. For example, 𝛽1 = 1.1210 implies 
that for every one unit increase in skin fold, there would be a corresponding increase in the BMI and 
the rest parameters are interpreted similarly. Observe that for the quantile regression, 𝛽1 =
−0.7500 this implies that one unit increase in skin fold will only lead to a 0.7500 kg/m2 decrease in the 
BMI only in the first quartile of the population. Here the classical linear regression model is stating an 
increase while the quantile regression is specifying a decrease. The outcome was consistent with the 
findings obtained by [6–8], which supported the use of quantile regression for a more thorough exam-
ination of the impact of variables at various quantiles. 

Table 3. Comparison of the performance of the methods setting  𝑝 = 0.5 

Coefficients Classical Linear Regression Quantile Linear regression 
𝑝 = 0.5 

𝛽0 23.0286 22.0500 
𝛽1 1.1210 0.0000 
𝛽2 -0.3516 -0.3500 
𝛽3 0.4401 0.6000 
𝛽4 -0.5349 -0.0500 

The result presented in Table 3 shows the individual model coefficients of the two methods setting 
p=0.5. It was found that the classical linear regression clearly gave a value of 𝛽0 higher than the one 
obtained for the quantile regression even though both are positive. The result clearly reveals the au-
tonomous BMI of the median of the population is 22.0500 kg/m2 while the average autonomous BMI 
is 23.0286 kg/m2. Observe also the difference in the value of the 𝛽1, 𝛽2, 𝛽3, 𝛽4 for the case of the classical 
linear regression model and the quantile linear regression. For example, 𝛽1 = 1.1210 implies that for 
every one unit increase in skin fold, there would be a corresponding increase in the BMI and the rest 
parameters are interpreted similarly. Observe that for the quantile regression, 𝛽1 = 0.0000 this implies 
that one unit increase in skin fold will have no effect on the BMI only in the first median of the popu-
lation. Here the classical linear regression model is stating an increase while the quantile regression is 
specifying no effect. This finding conflicts with those of [6] and [14], who found that the quantile re-
gression model gave useful insights into the ways in which various factors influenced BMI and per 
capita income at different quantiles.  

Table 4. Comparison of the performance of the methods setting  𝑝 = 0.75 

Coefficients Classical Linear Regression Quantile Linear regression 
𝑝 = 0.75 

𝛽0 23.0286 25.4000 

𝛽1 1.1210 1.3250 

𝛽2 -0.3516 -0.6500 

𝛽3 0.4401 0.5250 

𝛽4 -0.5349 -0.6250 

The result presented in Table 4 shows the individual model coefficients of the two methods setting 
p=0.75. It was found that the classical linear regression clearly gave a value of 𝛽0 lower than the one 
obtained for the quantile regression even though both are positive. The result clearly reveals the au-
tonomous BMI of the third quarter of the population is 25.4000 kg/m2 while the average autonomous 
BMI is 23.0286 kg/m2. Observe also the difference in the value of the 𝛽1, 𝛽2, 𝛽3, 𝛽4 for the case of the 
classical linear regression model and the quantile linear regression. For example, 𝛽1 = 1.1210 implies 
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that for every one unit increase in skin fold, there would be a corresponding increase in the BMI and 
the rest parameters are interpreted similarly. Observe that for the quantile regression, 𝛽1 = 1.3250 this 
implies that one unit increase in skin fold will result in an increase in the BMI only in the third quartile 
of the population. This result was consistent with the findings of the study by [6–9], which advocated 
quantile regression and highlighted its advantages in examining the relationships between factors and 
BMI at various quantiles. 

Table 5. Comparison of the performance of the methods setting  𝑝 = 0.9 

Coefficients Classical Linear Regression Quantile Linear regression 
𝑝 = 0.9 

𝛽0 23.0286 27.0750 
𝛽1 1.1210 2.3500 
𝛽2 -0.3516 -0.2500 
𝛽3 0.4401 0.9750 
𝛽4 -0.5349 -2.1500 

The result presented in Table 5 shows the individual model coefficients of the two methods setting 
p=0.9. It was found that the classical linear regression clearly gave a value of 𝛽0 lower than the one 
obtained for the quantile regression even though both are positive. The result clearly reveals the au-
tonomous BMI of the last decile of the population is 27.0750 kg/m2 while the average autonomous BMI 
is 23.0286 kg/m2. Observe also the difference in the value of the 𝛽1, 𝛽2, 𝛽3, 𝛽4 for the case of the classical 
linear regression model and the quantile linear regression. For example, 𝛽1 = 1.1210 implies that for 
every one unit increase in skin fold, there would be a corresponding increase in the BMI and the rest 
parameters are interpreted similarly. Observe that for the quantile regression, 𝛽1 = 2.3500 this implies 
that one unit increase in skin fold will result in a increase in the BMI only in the last decile of the 
population. The findings show that the effects of the factors on BMI vary across different quantiles of 
the population, according to the quantile regression technique. It emphasizes the need of taking into 
account the quantile-specific effects for a more thorough understanding of the link between factors 
and BMI by pointing out that the associations between the variables and BMI are more significant in 
the higher BMI range. 

By contrasting classical linear regression with quantile regression models for BMI prediction, 
the outcome of the present study extends previous findings from [13] and [24]. Additionally, it was 
discovered that the results agreed with [6–8], supporting the use of quantile regression for a thorough 
examination of variable influences across quantiles. The results of [6] and [14], which stressed the use 
of quantile regression in evaluating the effect of variables on BMI and per capita income at various 
quantiles, were found to be contradicted by one of the findings. Further results were found to be con-
sistent with [6–9], which supports the use of quantile regression to study associations between varia-
bles and BMI at different quantiles. 

4. CONCLUSION 
The study compared classical linear regression with quantile regression models for predicting BMI in 
152 students from Delta State Polytechnic, Nigeria. The findings revealed significant differences be-
tween the models, indicating varying effects of explanatory variables across quantiles. Quantile regres-
sion offered a more nuanced understanding of the data, highlighting the limitations of the classical 
linear regression model. The study contributes to the body of knowledge by emphasizing the im-
portance of tailored health interventions, enhanced health education programs, and quantile-specific 
research and policies to address BMI concerns. The research implications include the need for person-
alized interventions, informed lifestyle decisions, and policy strategies promoting healthy BMI ranges. 
The research limitations suggest the potential for sample size expansion, improved generalizability, 
longitudinal design, integration of more variables, comparison analyses, and intervention studies. Fu-
ture research should address these limitations to enhance understanding and practical actions for 
maintaining a healthy BMI range among students of Delta State Polytechnic, Nigeria.     
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