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ABSTRACT 

It is well known that India is facing a nutritional transition phase, a phase in which there is a shift in the dietary 

consumption and energy expenditure that coincides with the economic, demographic and epidemiological 

changes. This transition is affecting the health of the society and the consequences of this progression can also 

be a reason among various responsible factors for causing diseases and death. So in order to define this 

problem one has to conduct the research and has to represent the outcomes of the study and all this needs the 

necessity of utilizing mathematical tools and models on the event. Because a data that was mathematically 

written and presented is reflecting the real meaning of the study, has also its great impact in educating the 

society, and sometimes also calls for the necessary actions against such events. So, the objective of this paper is 

to enlist the research work going on in mathematically analyzing the status of human health and diseases 

around the globe. This paper will be a guide for various researchers and scholars as it also demonstrates the 

inevitability of various mathematical tools that can be used in analyzing the status of human health and the 

effect of nutrition on the health (scope not limited to this only). 
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1. INTRODUCTION 

It is well known that what a person eats has a profound effect on his/her health. The human choice of foods is a 

complex process involving a multiplicity of influencing factors such as socioeconomic actors, cultural effects, 

access to and availability of food as well as education and a person‘s age [1,2]. Maintaining a healthy lifestyle is 

an important way to make sure that the person will stay in good health and reduce the likelihood of developing a 

number of long-term health problems. Being overweight or obese increases the risk of developing health 

problems including coronary heart disease, stroke, type 2 diabetes, osteoarthritis and some types of cancer. On 
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the other hand, being underweight is associated with increased mortality relative to the normal weight category 

[3,4]. 

India is facing a nutritional transition phase where, along with the existing problem of undernourished 

population, the proportion of overweight people is increasing rapidly [1,2]. Children and adolescents in India are 

also a part of this double burden of malnutrition [5,6]. While undernourished children and adolescents are more 

likely to have lower resistance to infections and a higher risk of morbidity and mortality, childhood obesity is 

associated with increased risk of non-communicable diseases like cardiovascular disease (CVD), diabetes, 

hypertension in adulthood [7,8]. It is, therefore, important to monitor the health and its related parameters like 

BMI, weight status, disease of children and adolescents at population level in order to make effective programs 

to handle this double burden among them [9]. 

The purpose of this work is to review, collect and summarize the research work carried out by the researchers 

worldwide and their various mathematical tools that will help researchers and scholars working in the similar 

area of research to generate a meaningful and valuable set of information, so as to maintain the health status of 

the society and will also help in controlling the nutritionally associated health problems, as like them.  

2. LITERATURE REVIEW 

Bwalya et al., 2017, a mathematician and biostatistician from Mulungushi university, Zambia has conducted a 

study to quantify the  prevalence of overweight and obesity among women of child bearing age in Zambian. 

They said overweight and obesity have become leading causes of non-communicable diseases and millions of 

deaths worldwide every year are attributed to these conditions. Currently, diseases such as high blood pressure, 

strokes, type II diabetes, cancer among others, are attributable to overweight and obesity. Their study sought to 

determine demographic and socioeconomic aspects associated with overweight and obesity among women 

residing in rural and urban areas of Zambia. It further examined the differences in factors that affect the 

prevalence of overweight and obesity among women residing in urban and those in rural areas of Zambia. The 

study analysed the BMI from a total of (6967) urban and (7855) rural women using data from the 2013-14 

Zambia Demographic and Health Survey (ZDHS). Both univariate and bivariate analyses were performed to 

describe the study population. Binary logistic regression analysis was used to examine the effect of demographic 

and socioeconomic factors on overweight and obesity among women in rural and urban areas of Zambia. 

Overweight and obesity prevalence were (21.2 percent and 10.8 percent) among urban women versus (11.9 

percent and 2.9 percent) among rural women. Age, region of residence, educational level and household wealth 

of women were significant predictors of both overweight and obesity among women regardless of place of 

residence. Women in urban areas who resided in male headed households, had (4-6 children) and drunk alcohol 

had higher odds of being overweight, whereas, women in male headed households only and reported having 

been drinking alcohol were associated with being obese. Literacy was found to be a major contributor of 

overweight among rural women. Overweight and obesity are markedly higher  among urban women than rural 

women, and that differences on how these occur between these two groups of women have a socioeconomic and 

demographic dimension. In order to deal with increasing overweight and obesity challenges among women in 
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Zambia, the paper recommends continued sensitizations about dangers of overweight and obesity with emphasis 

on behavior changes in feeding or eating practices focusing more on traditional low fat and low calorie foods 

which in actual sense are cheaper and produce healthier results. Added to this recommendation is the need to 

change life styles to include routine exercising and increased medical check-ups. [10] 

Adebowale et al., 2017, conducted a preliminary study to evaluate rural and urban household consumer‘s 

knowledge of food safety and related practices in Ogun state, Nigeria. Similarly, awareness of food borne 

illnesses, and the association between the respondents‘ demographic characteristics and food safety knowledge 

were investigated. A crossectional study, which involved a questionnaire based interview of 120 volunteers 

from rural and urban areas in four different local government (LGA) in Ogun State, Nigeria was conducted. 

Overall, eighteen (15.8%, 95% CI, 10.0 – 23.7) male, and ninety-six (82.2%, 95% CI, 76.3 – 89.9) female 

within the age range 16 – 60 years took part in the study. Their data showed poor knowledge regarding food 

safety practices, and awareness of food borne illnesses among the rural and urban consumers surveyed. The 

level of awareness of food borne illnesses and associated complications between rural and urban household 

consumers was significant  (p <0.05). There was an association between respondent‘s marital status and 

knowledge of food safety and practices (p <0.001). Poor consumer knowledge of food safety, and food related 

illnesses were reported, informing the urgent need to improve on food safety education such as food handling, 

preparation, storage and general hygiene practices in Nigerian homes. [11] 

In our previously published paper, we have reported a statistical assessment of effect of nutritional habits on 

human health and weight in which a total of 422 study participants were examined in the cross-sectional study 

via questionnaire on eating habits, lifestyle and socio-demographic characteristics. The data were analyzed using 

descriptive statistics and a Chi-square test. The results showed that the anthropometric variables for the urban 

and rural residents were found to be normal, with their mean BMI of 22.97 and 21.68 kg/m², respectively. 

About, 51% of the rural‘s possess normal weight, however, the rate of obesity and underweight were 

comparatively high (27% and 22%, respectively, p<0.05). Similarly, 53% of the urban‘s has normal weight 

while 21% and 26% has underweight and heavy weight, respectively (p<0.05). 38% of females has high BMI 

than males(17%). The dietary habits were unhealthy. The regularity of meals was only 19.73% and 38.19% but 

the consumption of energy drinks, alcohol and fast food was high. The results showed the prevalence of 

overweightness and underweightness were equal in the society and it will be a reason of worriness in terms of 

health and diseases. [12].  

Mahfouz et al., 2016, conducted a study to assess the prevalence of underweight, overweight and obesity and to 

evaluate the nutritional habits and related factors among Jazan University students. They prepared a 

questionnaire involved items on eating habits, lifestyle and socio-demographic characteristics; these were 

completed by the students. Data on weight and height were also collected. The data were analyzed using 

descriptive statistics and a Chi-square test. The differences were considered statistically significant at p-value < 

0.05. The mean weight for males and females were 67.84 and 54.79 kg, respectively, with significant 

differences between males and females (p-value <0.05). The mean BMI for all study participants was reported 
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as 23.31 kg/m² with a significant difference according to gender. About 45% of the students were normal 

weight; the rate of underweight and obesity among students was very high (21.1% and 33.6% respectively). The 

dietary habits were unhealthy. The regularity of meals was only 16.5% and 20.4% and reported snacking during 

the day was 83.3% and 95.1% for males and females, respectively. Their results showed that the prevalence of 

overweightness and obesity were very high among the university students [13]. 

Wahed and co-workers, 2016, estimated the prevalence and patterns of serum lipid profiles and associated 

factors among university students. The Study Design was based on a descriptive cross-sectional study on a 

group of 384 students. An interview-based questionnaire was used to gather information about demographic and 

lifestyle data. Weight, height, waist circumference and blood pressure measurements were taken for each 

student. Fasting blood samples were collected from all participants and assayed for fasting total cholesterol 

(TC), triglyceride (TG), high-density lipoprotein (HDL) and low-density lipoprotein (LDL). According to the 

National Cholesterol Education Program-Adult Treatment Panel III criteria, the overall prevalence of 

dyslipidaemia was 63.8%, hypercholesterolemia prevalence was 38.8%, hypertriglyceridemia 29.7%, low HDL-

C 27.1% and high LDL-C 33.1%. Significant associated factors of dyslipidaemia among study participants were 

urban residence, increasing age, physical inactivity, overweight and obesity, abdominal obesity, frequent fast 

food consumption and low fruit and vegetables consumption. The prevalence of dyslipidaemia is high among 

Fayoum university students. Important associated factors are obesity and overweight, physical inactivity, 

unhealthy dietary habits that need to be tackled through intervention programmes [14]. 

Gupta et al., 2016, studied the trend in BMI z-score among Private Schools‘ Students in Delhi using Multiple 

Imputation for Growth Curve Model. The anthropometric measurements of student from class 1 to 12 were 

taken from the records of two private schools in Delhi, India from 2005 to 2010. These records comprise an 

unbalanced longitudinal data: not all the students had measurements recorded at each year. The trend in mean 

BMI z-score was estimated through growth curve model. Prior to that, missing values of BMI z-score were 

imputed through multiple imputation using the same model. A complete case analysis was also performed after 

excluding missing values to compare the results with those obtained from analysis of multiply imputed data. The 

mean BMI z-score among school student significantly decreased over time in imputed data (β = -0.2030, 

se=0.0889, p=0.0232) after adjusting age, gender, class and school. Complete case analysis also shows a 

decrease in mean BMI z-score though it was not statistically significant (β = -0.2861, se=0.0987, p=0.065).  The 

estimates obtained from multiple imputation analysis were better than those of complete data after excluding 

missing values in terms of lower standard errors. They showed that anthropometric measurements from schools 

records can be used to monitor the weight status of children and adolescents and multiple imputations using 

growth curve model can be useful while analyzing such data [15]. 

Troiano et al., 2016, studied the Food related risks during pregnancy. This study analyzed women‘s knowledge 

about food related risk and the sources used to collect those information. They surveyed pregnant women and 

new mothers in ―Le Scotte‖ Hospital in Siena (Italy) using a questionnaire approved by Health Direction, 

processed by an optical reader and analyzed using χ² test and Odds Ratio. 149 women participated in the study; 
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78.5% of them received information from the gynecologist, 45% from Internet and the others from 

books/pamphlets. 67.8% felt well informed about food-related risks. 94% of them were aware of Toxoplasma, 

while 39.5% didn‘t know Listeria. Their results showed that graduated women tend to identify all foods as less 

safe and had better attitudes towards cleaning the fridge, respecting temperatures, avoiding consumption of 

undercooked foods, protecting food before consumption. Pregnant women have good awareness of food-related 

risks. However there‘s a huge confusion, due to the use of Internet and other not reliable sources. Their study 

demonstrates that it‘s necessary to improve the organisation of nutritional education by adequately trained 

health personnel [16].  

Parametric and nonparametric two-sample tests are applied to a large number of high-dimensional continuous 

data for explorative studies in order to detect differentially expressed (DE) features (genes, miRNAs, 

metabolites) between different biomedical conditions, such as diseased (cases) and healthy subjects (controls). 

In particular, the tests are exploited as univariable feature ranking methods in class comparison, as well as a 

preliminary step - feature screening - in class prediction. Such a screening is intended to identify promising 

features to be possibly included in a multivariable model, as the predictor or classifier, which aims at accurately 

predicting the class membership of a new sample based on a combination of expression levels of the selected 

features.  

Landoni et al., 2016, conducted Parametric and nonparametric two-sample tests for feature screening in class 

comparison: a simulation study. The identification of a location-, scale- and shape-sensitive test to detect 

differentially expressed features between two comparison groups represents a key point in high dimensional 

studies. The most commonly used tests refer to differences in location, but general distributional discrepancies 

might be important to reveal differential biological processes. A simulation study was conducted to compare the 

performance of a set of two-sample tests, i.e. Student's t, Welch's t, Wilcoxon-Mann-Whitney (WMW), Podgor-

Gastwirth PG2, Cucconi, Kolmogorov-Smirnov (KS), Cramer-von Mises (CvM), Anderson-Darling (AD) and 

Zhang tests (ZK, ZC and ZA) which were investigated under different distributional patterns. They applied the 

same tests to a real data example. AD, CvM, ZA and ZC tests proved to be the most sensitive tests in mixture 

distribution patterns, while still maintaining a high power in normal distribution patterns. At best, the AD test 

showed a power loss of ~ 2% in the comparison of two normal distributions, but a gain of ~ 32% with mixture 

distributions with respect to the parametric tests. Accordingly, the AD test detected the greatest number of 

differentially expressed features in the real data application. The tests for the general two-sample problem 

introduce a more general concept of 'differential expression', thus overcoming the limitations of the other tests 

restricted to specific moments of the feature distributions. In particular, the AD test should be considered as a 

powerful alternative to the parametric tests for feature screening in order to keep as many discriminative 

features as possible for the class prediction analysis [17].  

Sadeghifar et al., 2016, utilized the  application  of  Poisson  hidden  Markov  model  to  forecasting  new  cases  

of congenital hypothyroidism in Khuzestan province. This  study  was  based  on  the  monthly  frequency  of  

new  Congenital Hypothyroidism  cases  in Khuzestan province of Iran, from 2008 to 2014. They applied 
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stationary Poisson hidden Markov with different  states  to  determine  the  number  of  states  for  the  model.  

According to the model, with the specified state, new CH cases were forecast for the next 24 months. The  

Poisson  hidden  Markov  with  two  states  based  on  Akaike  information  criterion  was chosen  for  the  data.  

The  results  of  forecasting  showed  that  the  new  CH  cases  for  the  next  2  years comforted in state two 

with the frequency of new cases at 6-18. The forecast mode and median for all months were 12 and 13, 

respectively. Each state is explained by each component of dependent mixture model. Their  estimates  indicated  

that  state  of  frequency  of  CH  case  is  invariant  during  the forecast time. Forecast means for the next 2 

years were from 13 to 14 new CH cases. Furthermore, forecasting intervals were observed between 7 and 25 

new cases. These estimates are valid when the general fertility rate and crude birth rate were been fixed. [18]. 

Youfa Wang and Hsin-Jen Chen, elaborated the use of Use of Percentiles and Z -Scores in Anthropometry. 

Percentiles and Z -scores are often used to assess anthropometric measures to help evaluate children‘s growth 

and nutritional status. In this chapter, they first compare the concepts and applications of percentiles and Z -

scores and their strengths and limitations. Compared to percentiles, Z -scores have a number of advantages: first, 

they are calculated based on the distribution of the reference population (mean and standard deviation), and thus 

reflect the reference distribution; second, as standardized quantities, they are comparable across ages, sexes, and 

anthropometric measures; third, Z -scores can be analyzed as a continuous variable in studies. In addition, they 

can quantify extreme growth status at both ends of the distribution. However, Z -scores are not straightforward 

to explain to the public and are hard to use in clinical settings. In recent years, there has been growing support to 

the use of percentiles in some growth and obesity references. They also discuss the issues related to cut point 

selections and outline the fitting/smoothing techniques for developing reference curves. Finally, several 

important growth references and standards including the previous and new WHO growth reference/standards 

and the US 2000 CDC Growth Charts, are presented and compared. They have been developed based on 

different principles and data sets and have provided different cut points for the same anthropometric measures; 

they could, thus, provide different results [19]. 

Mansournia et al., 2016, studied the mental health and ischemic stroke in young adults: A case-crossover study 

in Iran. This study was a case-crossover study on 18 young adults.  The study included patients aged 15-49 years 

who hospitalized for ischemic stroke for the first time from June 2012 to September 2013.  In  this  study,  

mental  health  status  was  considered  during  the  6-month period so that exposure within 1 month of stroke 

onset (hazard period) was compared with exposure during five control periods of 1 month preceding the hazard 

period. Conditional logistic regression showed there was an association between mental health and stroke so that 

for every 5 unit increase in mental health, odds of stroke will increase about 13-fold. In the other words, much 

higher scores on mental health, mental health condition weaker. Mental  health  status  is  associated  with  the  

occurrence  of  ischemic  stroke  in  young adults so that whatever mental health condition weaker odds of 

ischemic stroke incidence is high [20].        

Falahuddin et al., 2016, incorporates statistical analysis in various risk factors of tuberculosis in district Mardan, 

Pakistan. In  this study, an  effort  has been  made to  determine the  most important risk factors  of  tuberculosis 
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(TB)  in  district  Mardan.  A  total  of  645  cases  were  examined,  and  their  personal  and  medical  data were  

collected.  For  each  case,  the  phenomenon  of  TB  was  studied  in  relation  to  different  risk factors. 

Statistical  techniques of logistic  regression  and backward  elimination procedure  were  used to  analyze  the  

data  and  to  determine  a  parsimonious  model.  For  both  male  and  female  cases,  the final  selected  logistic  

regression  model  contain  the  risk  factors:  sex,  residence,  household population, diet, medical care, and 

close contact with infectious patients as well as a joint effect of two  factors  and  three  factors,  namely,  

medical  care  and  marital  status;  and  economic  status,  and medical  care  and  marital  status.  Separate  

logistic  regression  was  then  fitted  for  each  sex  using  the same  procedure.  For  male  cases,  the  final  

selected  logistic  regression  model  contains  risk  factors: residence, diet, and close contact with infectious 

patients as well as a combined effect of two factors, namely, economic status and diet, medical care and diet. 

For female cases, the final selected logistic regression  model  contains  the  risk  factors:  household  

population,  economic  status,  diet,  and  close contact  with  infectious  patients  as  well  as  a  combined  

effect  of  two  factors,  namely,  medical  care and close contact with an infectious patient [21]. 

Sahu et al., 2016, utilized probabilistic predictive Bayesian approach for determining the representativeness of 

health and demographic surveillance networks. Health and demographic surveillance systems, formed into net-

works of sites, are increasingly being established to circumvent unreliable national civil registration systems for 

estimates of mortality and its determinants in low income countries. Health outcomes, as measured by morbidity 

and mortality, generally correlatestronglywithsocioeconomicandenvironmentalcharac-teristics. Therefore, to 

enable comparison between sites, understand which sites can be grouped and where additional sites would aid 

understanding of rates and determinants, determining the environmental and socioeconomic representativeness 

of networks becomes important. This paper proposes a full Bayesian methodology for assessing current 

representativeness and consequently, identification of future sites, focusing on the INDEPTH network in sub 

Saharan Africa as an example. Using socioeconomic and environmental data from the current network of 39 

sites, they develop a multi-dimensional finite Gaussian mixture model for clustering the existing sites. Using the 

fitted model they obtain the posterior predictive probability distribution for cluster membership of each 1 ×1 km 

grid cell in Africa. The maximum of the posterior predictive probability distribution for each grid cell is 

proposed as the riterion for representativeness of the network for that particular gridcell. They demonstrate the 

conceptual superiority and practical appeal of the proposed Bayesian probabilistic method over previously 

applied deterministic clustering methods. As an example of the potential utility and application of the method, 

they also suggest optimal site selection methods for possible additions to the network [22]. 

A cross-sectional study was conducted by Sarkar et al., 2015, among 150 adolescent girls of  Champadanga 

Bijoy Krishna Balika Vidyalaya, Tarakeswar block, Hooghly District, West Bengal, from January 2014 to June 

2014  with the help of a predesigned and pretested questionnaire to establish Eating habits and nutritional status 

among adolescent school girls.  Information  were collected regarding socio-demographic features and main 

eating habits from 10-19 years girls who were willing to participate and had no history  of  chronic  illnesses  

like  heart  diseases,  asthma,  physically  handicapped  etc.  Height  and  weight measurements  were  done  by  
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standard  techniques  and  BMI  was  calculated  using  WHO  Anthroplus  software. BMI  &  Height for  age  

were  taken  as  a  key  indicator to  assess  their  nutritional  status.  Data was analyzed by proportions, mean ± 

SD and χ2 test. Mean  age  was  13.33  ±  1.09  years.  Prevalence  of  thinness,  overweight  or  obesity  and  

stunting  were 16%,  11.4%  and  20.7%  respectively.    Significant  association  was    found  between  

different  age  groups, consumption of roots & tubers, cereals, puffed rice, green non leafy vegetables, fatty 

foods, eating at fast food centre, skipping of meals, going hungry, physical activity, number of classes on 

healthy eating, trying to change their  weight with the nutritional status of adolescent girls. There is a need to 

increase more nutritional counseling on healthy eating habits in school and thus to take appropriate interventions 

to improve the nutritional status of adolescent girls [23]. 

Missing data is a common problem in survey data.  The purpose of the survey conducted by Simpson  et al., 

2003, was to investigate the relationships between health and nutrition factors adjusting for control variables 

such as income, race, weight, and nutritional assistance program participation.  It is particularly troublesome to 

have missing control variables.  If they use all available cases, the sample size varies considerably. They 

investigate single and multiple imputation (MI) strategies.  The FOODS 2000 is a complex weighted sample.  

They discuss strategies for incorporating predetermined weights in the imputation [24]. 

Mishra et al., 2004, utilizes Multiple imputation for body mass index: lessons from the Australian Longitudinal 

Study on Women‘s Health. In large epidemiological studies missing data can be a problem, especially if 

information is sought on a sensitive topic or when a composite measure is calculated from several variables each 

affected by missing values. Multiple imputation is the method of choice for ‗filling in‘ missing data based on 

associations among variables. Using an example about body mass index from the Australian Longitudinal Study 

on Women‘s Health, they identify a subset of variables that are particularly useful for imputing values for the 

target variables. Then they illustrate two uses of multiple imputation. The first is to examine and correct for bias 

when data are not missing completely at random. The second is to impute missing values for an important 

covariate; in this case omission from the imputation process of variables to be used in the analysis may 

introduce bias. They conclude with several recommendations for handling issues of missing data [25]. 

Baye‘s theorem describes the probability of an event. Francisco et al., 2017, conducted Bayes theorem in 

analyzing Competing risks model in screening for preeclampsia in twin pregnancies by maternal characteristics 

and medical history [26] A bayesian perspective leads to an approach to clinical trials that is claimed to be more 

flexible and ethical than traditional methods, and to elegant ways of handling multiple substudies—for example, 

when simultaneously estimating the effects of a treatment on many subgroups. Proponents have also argued that 

a bayesian approach allows conclusions to be provided in a form that is most suitable for decisions specific to 

patients and decisions affecting public policy [27,28]. 

3. MATHEMATICAL TOOLS  

Following are the various mathematical tools that can be used in many ways and not only limited to analyze the 

status of human health and also to assess the effect of nutritional habits on the human health.  
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3.1 Data Collection 

Data collection is the process of gathering and measuring information on targeted variables in an established 

systematic fashion, which then enables one to answer relevant questions and evaluate outcomes. Data collection 

is a component of research in all fields of study including physical and social sciences, humanities, and business 

[29]. TABLE 1 enlists all types and methodologies for collecting the data. 

 

 

Table 1: Types and methods used for Data Collection  

Types Data collection methodologies 

Study Design  Population, Statistic, Effect size, Statistical power, Sample size 

determination, Missing data 

Survey methodology Sampling (stratified, cluster), Standard error,  Opinion poll,  

Questionnaire 

Controlled experiments Design (control, optimal), Controlled trial, Randomized, Random 

assignment, Replication, Blocking, Interaction, Factorial experiment 

Uncontrolled studies Observational study, Natural experiment, Quasi-experiment 

 

3.2 Descriptive statistics 

Descriptive statistics are brief descriptive coefficients that summarize a given data set, which can be either a 

representation of the entire or sample population. Descriptive statistics are broken down into measures of central 

tendency, dispersion and measures of variability (spread). Measures of central tendency include the mean, 

median, and mode. Dispersion including the range and quartiles of the data-set while measures of variability 

include the standard deviation, variance, the minimum and maximum variables, and the kurtosis and skewness 

[30]. 

When a sample consists of more than one variable, descriptive statistics (Bivariate and multivariate analysis) 

may be used to describe the relationship between pairs of variables. In this case, descriptive statistics include: 

Cross-tabulations and contingency tables, Graphical representation via scatterplots, Quantitative measures of 

dependence, Descriptions of conditional distributions [31]. TABLE 2 enlists all the types and methodologies for 

incorporating  descriptive statistics in the research.  

Table 2: Types and methods used for Descriptive statistics  

Types Descriptive statistics methodologies 

Continuous data Center Mean (arithmetic, geometric, harmonic), Median, Mode 

Dispersion Variance, Standard deviation, Coefficient of variation, 

Percentile, Range, Interquartile range 

Shape Central limit theorem, Moments (Skewness, Kurtosis, L-

moments) 

https://en.wikipedia.org/wiki/Population_(statistics)
https://en.wikipedia.org/wiki/Statistic
https://en.wikipedia.org/wiki/Effect_size
https://en.wikipedia.org/wiki/Statistical_power
https://en.wikipedia.org/wiki/Sample_size_determination
https://en.wikipedia.org/wiki/Sample_size_determination
https://en.wikipedia.org/wiki/Missing_data
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Count data Index of dispersion 

Summary tables Grouped data, Frequency distribution, Contingency table 

Dependence Pearson product-moment correlation, Rank correlation (Spearman's rho, 

Kendall's tau), Partial correlation, Scatter plot 

Graphics Bar chart, Biplot, Box plot, Control chart, Correlogram, Fan chart, Forest plot, 

Histogram, Pie chart, Q–Q plot, Run chart, Scatter plot, Stem-and-leaf display, 

Radar chart 

3.3 Inferential statistics 

Statistical inference is the process of using data analysis to deduce properties of an underlying probability 

distribution. Inferential statistical analysis infers properties of a population, for example by testing hypotheses 

and deriving estimates. It is assumed that the observed data set is sampled from a larger population. 

Inferential statistics can be contrasted with descriptive statistics. Descriptive statistics is solely concerned with 

properties of the observed data, and it does not rest on the assumption that the data come from a larger 

population. TABLE 3 enlists all the types and methodologies for incorporating inferential statistics in the 

research [32].  

Table 3: Types and methodologies for incorporating inferential statistics in the research 

Types Statistical inference methodologies 

Statistical theory Population, Statistic, Probability distribution, Sampling distribution (Order 

statistic), Empirical distribution (Density estimation), Statistical model (L
p
 

space), Parameter (location, scale, shape), Parametric family (Likelihood 

(monotone), Location–scale family, Exponential family,), Completeness 

Sufficiency, Statistical functional (Bootstrap, U, V), Optimal decision (loss 

function), Efficiency, Statistical distance (divergence), Asymptotics, Robustness 

Frequentist 

inference 

Point estimation Estimating equations (Maximum likelihood, Method of 

moments, M-estimator, Minimum distance), Unbiased 

estimators (Mean-unbiased minimum-variance (Rao–

Blackwellization, Lehmann–Scheffé theorem), Median 

unbiased), Plug-in 

Interval estimation Confidence interval, Pivot, Likelihood interval, 

Prediction interval, Tolerance interval, Resampling 

(Bootstrap, Jackknife) 

Testing hypotheses 1- & 2-tails, Power (Uniformly most powerful test), 

Permutation test (Randomization test), Multiple 

comparisons 

Parametric tests Likelihood-ratio, Wald, Score 

https://en.wikipedia.org/wiki/Statistical_graphics
https://en.wikipedia.org/wiki/Data_analysis
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Statistical_population
https://en.wikipedia.org/wiki/Sampling_(statistics)
https://en.wikipedia.org/wiki/Descriptive_statistics
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Specific tests Z-test (normal), Student's t-test, F-test 

Goodness of fit Chi-squared, G-test, Kolmogorov–Smirnov, Anderson–

Darling, Lilliefors, Jarque–Bera, Normality (Shapiro–

Wilk), Likelihood-ratio test, Model selection (Cross 

validation, AIC, BIC) 

Rank statistics Sign (Sample median), Signed rank (Wilcoxon), 

Hodges–Lehmann estimator, Rank sum (Mann–

Whitney), Nonparametric anova (1-way (Kruskal–

Wallis), 2-way (Friedman), Ordered alternative 

(Jonckheere–Terpstra)) 

Bayesian inference Bayesian probability (prior, posterior), Credible interval, Bayes factor, Bayesian 

estimator (Maximum posterior estimator) 

3.4 Correlation and regression analysis 

In statistics, dependence or association is any statistical relationship, whether causal or not, between two random 

variables or bivariate data. Correlation is any of a broad class of statistical relationships involving dependence, 

though in common usage it most often refers to how close two variables are to having a linear relationship with 

each other. Correlations are useful because they can indicate a predictive relationship that can be exploited in 

practice [33].  

In statistical modeling, regression analysis is a set of statistical processes for estimating the relationships among 

variables. It includes many techniques for modeling and analyzing several variables, when the focus is on the 

relationship between a dependent variable and one or more independent variables (or 'predictors'). More 

specifically, regression analysis helps one understand how the typical value of the dependent variable (or 

'criterion variable') changes when any one of the independent variables is varied, while the other independent 

variables are held fixed. 

Most commonly, regression analysis estimates the conditional expectation of the dependent variable given the 

independent variables – that is, the average value of the dependent variable when the independent variables are 

fixed. Less commonly, the focus is on a quantile, or other location parameter of the conditional distribution of 

the dependent variable given the independent variables. In all cases, a function of the independent variables 

called the regression function is to be estimated. In regression analysis, it is also of interest to characterize the 

variation of the dependent variable around the prediction of the regression function using a probability 

distribution [34].  

TABLE 4 enlists all the types and methodologies for correlation and regression analysis. 
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Table 4: Types and methodologies for correlation and regression analysis 

Types Methodologies 

Correlation Pearson product-moment, Partial correlation, Confounding variable, Coefficient 

of determination 

Regression analysis Errors and residuals, Regression model validation, Mixed effects models, 

Simultaneous equations models, Multivariate adaptive regression splines 

(MARS) 

Linear regression Simple linear regression, Ordinary least squares, General linear model, 

Bayesian regression 

Non-standard 

predictors 

Nonlinear regression, Nonparametric, Semiparametric Isotonic, Robust, 

Heteroscedasticity, Homoscedasticity 

Generalized linear 

model 

Exponential families, Logistic (Bernoulli) / Binomial / Poisson regressions 

Partition of variance Analysis of variance (ANOVA, anova), Analysis of covariance, Multivariate 

ANOVA, Degrees of freedom 

3.5 Other methods:  

Multiple Imputation: Multiple imputation is a statistical technique for analyzing incomplete data sets, that is, 

data sets for which some entries are missing. Application of the technique requires three steps: imputation, 

analysis and pooling. [http://www.stefvanbuuren.nl/mi/mi.html] 

Forecasting: To predict the future values or situation or probabilities of an event like disease, genetic 

expression, etc. Hidden Markov Model Chains, Time series (simple moving average, etc) are the methods of 

forecasting. 

There can be other mathematical tools and models apart from above mentioned one‘s that can also be used for 

generating the meaningful information about the events. 

4. CONCLUSION 

In this paper, various researches reported by researchers in mathematically analyzing the human health and 

diseases were reviewed and summarized. Thus, the amount and details of information (like use of descritptive 

statistics, inferential statistics, correlation regression, multiple imputation, Hidden markov model, forecasting, 

Bayesian, probability, etc) this paper can provide, renders it one of the most useful to the researcher‘s and 

scholars working in the similar area of research to utilize and generate a meaningful and valuable set of 

information, so as to aware and maintain the health status of the society and will also help in controlling the 

nutritionally associated health problems. 
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