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Abstract : Statistics applications in all life sciences such as medicine, biology, 

economics, natural and social sciences, politics science, cultural issues, etc., that 

discussed in exploratory data analysis setting and classified data, graphical 

display, and calculate values such as facades, mean, median, etc., which reflects 

the characteristics individual members of the community. In all true fields of 

study, the experiments by researchers to discover what done about the process or 

special system. Process or system under study can be described by the 

Phenomena, equations, models or same anything. Statistics focuses on the topics 

that have found applications in the field of education. Descriptive statistics be 

applied to a set of procedures to collect, summarize, classify and describe the 

use of numerical facts. Statistical inference included estimation and hypothesis 

testing. But what is seen in studies show one of these two important, in 

experimental conditions. Cases where researchers test or only description 

phenomenon. Separation of these two conditions is essential for all areas studies 

of education in each country. This study reveals such cases with a sampling on 

design of experiments. 

Keywords: Statistics, Life Science, Education in Each Country, Design of 

Experiments, Biostatistics 

 

Introduction, Evidence 

Statistics is a vast field, with new topics such as proteomics, ensemble sampling, and 

statistics in opthalmology being introduced every now and then. A description of the statistics 

can be said of Viewpoint the its great scientists; Tukey (7411) After data are collected, often 

the first step in analyzing the data is exploratory data analysis (EDA), which consists of 

looking at data to see what they seem to say. Wainer (8222, 8222) provided several 

applications of EDA to education. Simple Summary Measures is often important to 

examine simple summary measures such as the mean and standard deviation (SD) of 

numerical information. In education, Measures of Association is often of interest to examine 

the amount of association between a group of variables. Probability theory providing a 
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mathematical description of our beliefs about the systematic properties of a random 

phenomenon is the first step in several statistical analyses. Some preliminary conclusions 

may be drawn by the use of EDA. Principal-component analysis (PCA) is often used to 

reduce multidimensional data sets to a lower number of dimensions for analysis. Some 

preliminary conclusions may be drawn by the use of EDA or by the computation of summary 

statistics as well, but formal statistical inference uses calculations based on probability theory 

to substantiate those conclusions. E.g. von Davier et al. (8221) in the National Assessment of 

Educational Progress (NAEP), a large-scale educational survey conducted in the USA, e.g.  

Jenkins et al. (8227) values of several hundred background variables are collected for each 

examinee. As it is important to use the information contained in these background variables 

in the statistical model used in NAEP, several principal components are computed from the 

original background variables and are used, instead of the original variable values, in the final 

NAEP statistical model. The beginning of factor analysis lies in the early attempts of Karl 

Pearson, Charles Spearman, and others to define and measure intelligence – hence factor 

analysis has been a popular tool in education. Johnson and Wichern (7442) correlations from 

the group of test scores in classics, French, English, mathematics, and music collected by 

Spearman suggested an underlying intelligence factor. Structural-equation modeling is an 

extension of factor analysis and is a methodology designed primarily to test substantive 

theory from empirical data. The goal of classification and discriminat analysis are to 

describe, either graphically or algebraically, the different features of observations from 

several known groups, and to sort new objects (whose group membership is unknown) into 

the groups. Cluster analysis is a technique to group similar observations into a number of 

clusters based on the observed values of several variables for each individual. As an 

application of cluster analysis to education, Everitt (7442) describes a data set that has 

achievement test scores on reading and arithmetic for children in the fourth and sixth grades 

of 82 schools and the interest is in identifying different levels of performance and assessing 

similarities and differences in the patterns of change from fourth to sixth grade – cluster 

analysis is the most appropriate technique for the example. Multidimensional scaling is 

related to cluster analysis and assigns a location of each sample observation in a low 

dimensional space so that their distances are close to their actual distances in multiple 

dimensions. A categorical variable has a measurement scale that consists of a set of 

categories. Hsu (8222) Analysis of variance (ANOVA) is the statistical procedure of 

comparing the means of a variable across several groups of individuals. ANOVA method was 

the second most frequently used data-analysis procedure in a survey of articles published 

between 7417 and 7442 in three reputed educational research journals. Cronbach et al. 

(7491) Generalizability theory, which is a competitor to the classical theory of reliability of 

tests, usually applies ANOVA procedures to test scores. Multivariate analysis of variance 

(MANOVA) is used to compare means of several variables simultaneously across several 

groups of individuals. For example, one could apply MANOVA to simultaneously compare 

the average scores on several subjects across several schools. Longford (7442) provides such 

an example. Analysis of covariance (ANCOVA) is used when, like in ANOVA, the interest 

is in comparing several means, but the investigator also has the values of an additional 

variable that influences the variable of interest. An experiment is a test in which purposeful 



 22-41، ص 1314،  تیر 1، جلد 1علوم انسانی اسالمی، شماره 
ISSN: 9174-8792 

 http://www.joih.ir 

 

 

22 
 

changes are made to the input variables of a process or system so that one may observe and 

identify the reasons for changes that may be observed in the output response. In some 

situations, it is not possible (for reasons such as budget constraints and ethical issues) to 

design an experiment to answer a question or to test a hypothesis. Any observed difference 

or association has several reasonable alternative explanations. Huang and Lee (8224) 

investigated whether television watching at ages 9–1 and 2–4 affects cognitive development 

measured by math and reading scores at age 2–4 using a rich childhood longitudinal sample. 

An overview of instrumental variables and of their possible applications to education is 

discussed in the statistics section of the encyclopedia. Sampling plays an essential role in 

drawing conclusions about the large group (which is called the population) from the 

information contained in the sample. Gelman et al. (8221) on the contrary, a Bayesian 

analysis assumes that the parameter is a random variable with a certain probability 

distribution, referred to as the prior distribution. Bayes (7191) a Bayesian approach is to 

update the prior distribution on the basis of the likelihood function of the observed data 

through Bayes’ theorem.  Sinharay (8229) provided a review of the applications of Bayesian 

methods to educational measurement. Novick and Jackson (7419) included several 

applications of Bayesian methods to educational measurement. Other examples of 

applications of Bayesian methods to education are Rubin (7421), who applied Bayesian 

methods to three problems in educational measurement, Zwick et al. (7444), who applied an 

empirical Bayes method to differential item functioning, and Sinharay (8222), who applied 

Bayesian modelchecking methods to assess the goodness of fit of IRT models. Carlin and 

Louis (7449) Further details on Bayesian methods and empirical Bayes methods are 

discussed in the statistics section of the encyclopedia. Efron (7428) Resampling methods 

draw samples from the observed data to draw certain conclusions about the population of 

interest. Nonparametric methods, or distribution-free methods, are statistical methods that 

do not rely on assumptions that the data are drawn from a given probability distribution. Hsu 

(8222) multiple linear regression models have been extensively used in education. In an 

application of linear regression, the observations are assumed to be independent. Galton 

(7222) interestingly, the name regression, borrowed from the title of the first article on this 

subject. In an application of linear regression, the observations are assumed to be 

independent. Kobrin et al. (8222) several applications of multiple regression models can be 

found in the prediction of first-year grade-point average in college from the SAT scores and 

high school grade-point average. Value-Added Models (VAMs) require data that track 

individual students’ academic growth over several years in different subjects in order to 

estimate the contributions that teachers make to that growth Models. The statistics section of 

the encyclopedia includes two articles, one each on GLM and GLMM. Nonlinear 

Regression Methods is often interested is in studying how a set of independent variables 

affect a dependent variable, but the relationship between them cannot be assumed linear. IRT 

Models, models with numerous applications in education, are discussed in an article in the 

educational measurement section and are not covered here. A latent class model (LCM) 

relates a set of observed discrete multivariate variables to a set of latent variables. A class is 

characterized by a pattern of conditional probabilities that indicate the chance that variables 

take certain values. For example, Dayton and Macready (8229) discuss an application in 
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which the observed variables are the responses to ten questions on matrix algebra on a test, 

the latent variable refers to the knowledge of matrix algebra of students, and the latent classes 

refer to masters and non masters on matrix algebra. A time series is a sequence of data 

points, measured typically at successive time points. Draper and Smith (7442) Model fit and 

model selection analysis for the linear models employed in education do not pose any 

problems and proceed in a similar manner as in any other statistics field, for example, by 

using residual analysis, Akaike information criterion (AIC) and Bayesian information 

criterion (BIC). Swaminathan et al. (8229) provided a detailed review of the literature on 

model fit of IRT models. Kang and Cohen (8221) provided a detailed review of model 

selection methods for IRT models. As more students are tested, access to data becomes 

easier, computers become faster, and statistical software packages become more accessible, 

statistics is sure to find more applications in education. However, this situation also suggests 

the use of caution on several. Unless the investigator is careful, the resulting inference from a 

statistical analysis may be inappropriate. See, for example, Kramer and Gigerenzer (8222), of 

how statistics can be confusing and has been misused, Haller and Kraus (8228) to see how 

the concept of statistical significance is misunderstood by university students and their 

instructors alike, and Stigler (8222) to see how correlation is often misinterpreted as 

causation. These works show that there is a need to apply appropriate statistical methods to 

educational applications. The articles in the statistics and educational measurement sections 

of this encyclopedia (along with the references and the further readings therein) will help 

practitioners in the field of education to learn more about statistics and to do a better job in 

choosing appropriate statistical methods in their applications There is often a tendency to fit 

complicated statistical models to real data. However, before using such a model, a researcher 

should always make sure that the model performs considerably better than a simpler 

alternative, both substantively and statistically, and that the model is well identified. It is 

important to remember the comment Rubin (7421), William Cochran once told me that he 

was relatively unimpressed with statistical work that produced methods for solving non-

existent problems or produced complicated methods which were at best only imperceptibly 

superior to simple methods already available. Cochran went on to say that he wanted to see 

statistical methods developed to help solve existing problems which were without currently 

acceptable solutions (Sinharay, 8272). 

Observing a system or process while it is in operation is an important part of the learning 

process, and is an integral part of understanding and learning about how systems and 

processes work. The great New York Yankees catcher Yogi Berra said that “. . . you can 

observe a lot just by watching”. However, to understand what happens to a process when you 

change certain input factors, you have to do more than just watch—you actually have to 

change the factors. This means that to really understand cause-and-effect relationships in a 

system you must deliberately change the input variables to the system and observe the 

changes in the system output that these changes to the inputs produce. In other words, you 

need to conduct experiments on the system. Observations on a system or process can lead to 

theories or hypotheses about what makes the system work, but experiments of the type 

described above are required to demonstrate that these theories are correct. Investigators 
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perform experiments in virtually all fields of inquiry, usually to discover something about a 

particular process or system. Each experimental run is a test. More formally, we can define an 

experiment as a test or series of runs in which purposeful changes are made to the input 

variables of a process or system so that we may observe and identify the reasons for changes 

that may be observed in the output response. We may want to determine which input 

variables are responsible for the observed changes in the response, develop a model relating 

the response to the important input variables and to use this model for process or system 

improvement or other decision-making. Experimentation plays an important role in 

technology commercialization and product realization activities, which consist of new 

product design and formulation, manufacturing process development, and process 

improvement. The objective in many cases may be to develop a robust process, that is, a 

process affected minimally by external sources of variability. There are also many 

applications of designed experiments in a nonmanufacturing or non-product development 

setting. such as marketing, service operations, and general business operations. 

Experimentation is a vital part of the scientific method. Now there are certainly situations 

where the scientific phenomena are so well understood that useful results including 

mathematical models can be developed directly by applying these well-understood principles. 

The models of such phenomena that follow directly from the physical mechanism are usually 

called mechanistic models. Well-designed experiments can often lead to a model of system 

performance; such experimentally determined models are called empirical models (C. 

Montgomery7, 8278; PP.7-8). 

Problem 

In today’s society, decisions are made on the basis of data. Most scientific or industrial 

studies and experiments produce data, and the analysis of these data and drawing useful 

conclusions from them become one of the central issues. Statistics is an integral part of the 

quantitative approach to knowledge (Ramachandran, 8272). Statistics is a tool for collecting, 

calculating and displaying sets of data that are categorized according to pre-selected 

attributes. That the attributes are pre-selected suggests that the slice made would show bias, 

and will influence the data, as any pre-selection depends on a subjective decision-making 

process. Statistics may be useful, but we need to acknowledge that it is not objective. It can 

tell us only what we force it to say, and what we want to hear. The process of data selection 

or reporting will also influence the data, and so will the interpretation and presentation of the 

data (Steyn et al, 8277). Statistics focuses on the topics that have found applications in the 

field of education. Descriptive statistics be applied to a set of procedures to collect, 

summarize, classify and describe the use of numerical facts. Inference Statistics included 

estimation and hypothesis testing (Valiollahpour, 8279). Descriptive statistics, this term 

refers to the branch of the statistics useful for collecting, grouping and analyzing a known set 

of data, called population, by assigning a proper descriptive model or distribution family to it. 

Inferential (or inductive) statistics, it is adopted when it is necessary to infer the behavior of 

the entire population from a subset of sample data (Vergura et al., 8222). Both descriptive 
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and inference statistics rely on the same set of data. Descriptive statistics rely solely on this 

set of data, whilst inference statistics also rely on this data in order to make generalizations 

about a larger population. Descriptive statistics are very important because if we simply 

presented our raw data it would be hard to visualize what the data was showing, especially if 

there was a lot of it. Descriptive statistics therefore enables us to present the data in a more 

meaningful way, which allows simpler interpretation of the data. Inference statistics are 

techniques that allow us to use these samples to make generalizations about the populations 

from which the samples were drawn. It is, therefore, important that the sample accurately 

represents the population. Inference statistics arise out of the fact that sampling naturally 

incurs sampling error and thus a sample is not expected to perfectly represent the population 

(Lund, 8271). This description shows a new approach of research, investigation that 

according to viewpoint Clermont Gauthier (8229) maybe is third level research and reveals 

questions such: 

 Whether statistics should be used in any way? 

 Whether the application should be based on certain principles? 

 Whether necessary describe the results to understand condition of Inference? 

 Whether in issues design that undoubtedly Follower statistical results should not 

consider statistical patterns? 

 Whether? etc. 

Method, Results 

In this study what we want do draw the structure of descriptive and separation it from 

inference pattern with e.g. of biology on design of experiments. Both descriptive and 

inference methods are supplementary discussed. Methods selected from analysis of variance 

and analysis of covariance, comprehensive discussion from design of experiments. Example 

considered analysis with the Minitab v79 software only for understanding problem. 

Descriptive Statistics (1) 

Douglas C. Montgomery, Suppose we have a treatments or different levels of a single 

factor that we wish to compare. The observed response from each of a the treatments is a 

random variable. The data would appear as in table 7. An entry in table 7 (e.g., yij) represents 

the jth observation taken under factor level or treatment i.  
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Table 1. Typical Data for a Single-Factor Experiment 

Treatment (Level)  Observations                    Totals Averages     

  7    y77 y78 … y7n  y7.  ȳ7.   

  8     y87 y88 … y8n  y8.  ȳ8.  

   . . .                    …  .    .   . 

   . . .                       … .    .   . 

   a  ya7  ya8 … yan  ya.           ȳa.  

  y..           ȳ.. 
 

Source: Design and Analysis of Experiments, Eighth Edition, Douglas C. Montgomery, PP. 92 

Models for the data, we will find useful to describe the observations from an experiment 

with a model. One way to write this model is: 

yij =  +i +ij                          i=7,8,…, a ,  j=7,8,…,n                                                                              (1) 

In this form of the model, where yij is the ijth observation,  is a parameter common to all 

treatments called the overall mean and i is a parameter unique to the ith treatment called the 

ith treatment effect. and ij is a random error component that incorporates all other sources of 

variability in the experiment including measurement, variability arising from uncontrolled 

factors, differences between the experimental units (such as test material, etc.) to which the 

treatments are applied, and the general background noise in the process (such as variability 

over time, effects of environmental variables, and so forth). Equation (7) is usually called the 

effects model, also called the one-way or single-factor analysis of variance model because 

only one factor is investigated. Furthermore, we will require that the experiment be 

performed in random order so that the environment in which the treatments are applied (often 

called the experimental units) is as uniform as possible. Thus, the experimental design is a 

completely randomized design (C. Montgomery, 8278; PP.94). 

 

The Scientific Method 

E.g. of Life Science (2) (Level 1)  

What is THE SCIENTIFIC METHOD? Science is usually fun. Most scientists enjoy their 

work, and fortunately it is sometimes useful to society. Since scientists are people rather than 

machines, they behave as other people do. They can be bad-tempered, pig-headed, jealous of 

the success of others and untruthful. Even so, the pattern of work employed by scientists, the 

scientific method, is the most powerful tool yet devised for the analysis and solution of 

problems in the natural world. The method can be applied as much to situations in everyday 

life as to conventional 'scientific' problems. The world might even be a happier place if more 
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people attempted to solve their problems in a 'scientific' way. An eminent Professor at 

Cambridge who gave a paper at a scientific meeting and was asked by a questioner "what 

statistical test did you use to verify your results?" The Professor explained that he used his 

own statistical test: "In our Department we have a long corridor with a notice board at one 

end. I draw a histogram of my results, pin it to the notice board, then walk to the other end of 

the corridor. If I can still see a difference between the treatments then it's significant". The 

relevance of this story lies in what it does not say! If an experiment is designed and executed 

properly - as we would expect of an eminent scientist - then the results often speak for 

themselves. For example, this might be true of experiments in which mutants are generated 

(or genes inserted) in an organism, giving a clear change of behavior such as resistance to an 

antibiotic or expression of a new trait. Such "all or nothing" effects seldom need to be backed 

by statistical tests, but they still need good experimental design. However, in many areas of 

biology we work with variable effects - differences in the growth rates of organisms, 

quantitative differences in antibiotic resistance or in size or in rates of biochemical reactions, 

etc. Then we not only need statistical tests to analyze those differences but we also need good 

experimental design to ensure that we haven't biased our results in some way, without 

realizing it (Biology Teaching Organization, University of Edinburgh).  

Data taken from Department of Biostatistics Vanderbilt University School that received 

from American Journal of Epidemiology. Observational studies have suggested that low 

dietary intake or low plasma concentrations of retinol, beta-carotene, or other carotenoids 

might be associated with increased risk of developing certain types of cancer. However, 

relatively few studies have investigated the determinants of plasma concentrations of these 

micronutrients. We designed a cross-sectional study to investigate the relationship between 

personal characteristics and dietary factors, and plasma concentrations of retinol, beta-

carotene and other carotenoids. Study subjects (n = 172) were patients who had an elective 

surgical procedure during a three-year period to biopsy or remove a lesion of the lung, colon, 

breast, skin, ovary or uterus that was found to be non-cancerous. We display the data for only 

two of the analytes. Plasma concentrations of the micronutrients varied widely from subject 

to subject while plasma retinol levels varied by age and gender, the only dietary predictor was 

alcohol consumption (r^8 = 12). Plasma beta-carotene levels were log-transformed prior to 

the analyses due to severe asymmetry of the residuals on the original scale. For log beta-

carotene, dietary intake, regular use of vitamins, and intake of fiber were associated with 

higher plasma concentrations, while quetelet index (defined as weight/height^8 in the units 

kg/m^8) and cholesterol intake were associated with lower plasma levels, adjusting for the 

other factors (r^8 = 22). There was one extremely high leverage point in alcohol consumption 

that was deleted prior to the analyses. Plasma concentrations of retinol and beta-carotene 

were not correlated. We conclude that there is wide variability in plasma concentrations of 

these micronutrients in humans, and that much of this variability is associated with dietary 

habits and personal characteristics.  A better understanding of the physiological relationship 

between some personal characteristics and plasma concentrations of these micronutrients will 

require further study (Department of Biostatistics Vanderbilt, University School of 

Medicine).  
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This data file contains 172 observations on 79 variables.  This data set can be used to 

demonstrate multiple regressions or factor analysis, transformations, categorical variables, 

outliers, pooled tests of significance and model building strategies. Variable are AGE; Age 

(years), Gender; Gender (Male, Female), SMOKSTAT; Smoking status (Never, Former, 

Current Smoker), QUETELET; Quetelet (weight/(height^8)), VITUSE; Vitamin Use (Yes, 

fairly often, Yes, not often, No), CALORIES; Number of calories consumed per day, FAT; 

Grams of fat consumed per day, FIBER; Grams of fiber consumed per day, ALCOHOL; 

Number of alcoholic drinks consumed per week, CHOLESTEROL; Cholesterol consumed 

(mg per day), BETADIET; Dietary beta-carotene consumed (mcg per day), RETDIET; 

Dietary retinol consumed (mcg per day), BETAPLASMA; Plasma beta-carotene (ng/ml), 

RETPLASMA; Plasma Retinol (ng/ml). 

Montgomery, your thoughts depicted of the descriptive data in table 7. Tabular that to help 

it drawn the following table. Table 8 Showed 172 observations, for easy enter data only 

entered 22 observations and its percent. Analyses did on same 172 observations, also 

considered levels of plasma (BETAPLASMA & RETPLASMA) and dietary (BETADIET & 

RETDIET) for factor experiment. 

Table 8. Real Data for a Single-Factor Experiment 

Dietary (mcg per day)  Plasma (ng/ml) Individual 
Mean P% RET P% BETA  Mean P% RET P% BETA Gender Persons 
2.77 2.22 822 2.7

1 
242 

 

* * * 7.11 472 Female Person 7 

2.84 2.72 927 2.9

2 

8921 2.12 2.97 181 2.72 789 Female Person 8 

2.78 2.71 182 2.7

2 

992 * * * 7.22 187 Female Person 1 

2.89 2.12 299 2.7
9 

7297 2.84 2.12 972 2.88 721 Female Person 9 

2.99 2.94 7824 2.9

1 

8291 2.84 2.92 144 2.71 48 Female Person 2 

2.98 2.22 7914 2.8

9 

7184 2.84 2.11 929 2.87 792 Female Person 9 

2.21 2.18 228 2.2
7 

2117 2.98 2.91 219 2.11 822 Female Person 1 

2.22 7.29 8217 2.7

8 

281 2.82 2.91 282 2.24 99 Female Person 2 

2.97 2.12 499 2.9

9 

8242 2.12 2.84 271 2.18 872 Female Person 4 

2.12 2.82 941 2.2
2 

1121 2.88 2.18 298 2.78 27 Female Person 72 

2.89 2.88 212 2.8

9 

7179 2.92 2.21 412 2.81 729 Female Person 77 

2.82 2.82 948 2.1

7 

8217 2.82 2.98 197 2.71 47 Female Person 78 

2.11 2.92 7722 2.1
2 

7428 2.82 2.12 914 2.71 782 Male Person 71 

2.11 2.98 7291 2.1

8 

8782 2.74 2.84 221 2.24 97 Female Person 79 

2.12 2.92 422 2.8

7 

7122 2.18 2.92 228 2.79 722 Male Person 72 

2.97 2.98 7292 2.2
4 

1222 2.27 2.17 7894 2.17 877 Male Person 79 

2.88 2.72 898 2.1

1 

8749 2.99 2.24 7212 2.19 812 Male Person 71 

2.19 2.74 914 2.2

1 

1912 2.21 2.17 7898 2.98 822 Male Person 72 

2.12 2.11 487 2.1
8 

8722 2.11 2.27 429 2.72 728 Female Person 74 

2.72 2.72 992 2.77721 2.21 2.42 7181 2.79 771 Male Person 82 
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2 

2.18 2.11 489 2.8

9 

7114 2.82 2.14 929 2.77 19 Male Person 87 

2.88 2.82 942 2.7

2 

7222 2.82 2.12 211 2.74 784 Female Person 88 

2.89 2.12 499 2.2
4 

929 2.18 2.91 192 2.82 792 Female Person 81 

2.82 2.84 122 2.8

7 

7122 2.11 2.99 224 2.82 712 Female Person 89 

2.92 2.91 7722 2.1

9 

9479 2.12 2.14 941 2.87 791 Female Person 82 

2.92 2.88 229 2.9
1 

9927 2.94 2.12 919 2.92 979 Female Person 89 

2.28 2.71 182 2.4

7 

2421 2.14 2.91 288 2.17 878 Female Person 81 

2.18 2.81 929 2.1

1 

8971 2.11 2.14 947 7.79 129 Female Person 82 

2.92 2.92 7744 2.9
1 

1221 2.82 2.19 244 2.22 12 Male Person 84 

2.89 2.14 412 2.2

2 

287 2.19 2.27 427 2.72 788 Male Person 12 

2.11 2.11 479 2.1

1 

8917 2.18 2.99 272 2.71 774 Female Person 17 

2.79 2.21 728 2.8
9 

7214 * * * 2.42 981 Female Person 18 

2.92 2.92 7972 2.8

2 

7992 2.17 2.12 989 2.81 729 Female Person 11 

2.94 2.17 7124 2.9

9 

9199 2.17 2.12 289 2.17 879 Female Person 19 

2.79 2.82 922 2.2
1 

949 2.21 2.21 7228 7.24 127 Male Person 12 

2.91 2.87 222 7.2

9 

1289 2.22 2.72 714 2.29 14 Female Person 19 

2.88 2.87 271 2.8

1 

7284 2.89 2.18 299 2.79 721 Female Person 11 

2.22 2.71 179 2.2
9 

897 2.72 2.89 929 2.77 19 Female Person 12 

2.74 2.89 222 2.7

2 

442 2.94 2.12 992 2.97 972 Male Person 14 

2.92 2.81 919 2.4

8 

9228 7.82 2.19 918 8.22 7972 Female Person 92 

2.84 2.71 974 2.9
7 

8197 2.91 2.82 228 2.22 922 Female Person 97 

2.12 2.99 7221 2.1

8 

8722 2.17 2.91 212 2.72 728 Female Person 98 

2.12 2.19 219 2.1

9 

8124 2.89 2.11 219 2.82 712 Female Person 91 

2.79 2.74 911 2.2
4 

921 2.89 2.12 977 2.79 41 Female Person 99 

2.81 2.84 121 2.8
2 

7982 2.88 2.81 919 2.72 789 Female Person 92 

2.82 2.71 181 2.9

9 

8222 2.12 2.17 299 2.82 742 Female Person 99 

2.87 2.89 927 2.7

1 

7244 2.74 2.81 977 2.79 721 Female Person 91 

2.11 2.12 222 2.1
8 

8721 2.71 2.81 912 2.22 21 Female Person 92 

2.88 2.77 899 2.1

9 

8892 2.82 2.72 187 2.87 792 Male Person 94 

2.72 2.88 222 2.2

1 

928 2.71 2.88 122 2.77 11 Female Person 22 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 
2.87 2.88 229 2.7

4 

7898  2.92 2.91 289 2.19 811 Female Person 172 

722 722 89112
2 

722 992922  722 722 71921
8 

722 92421 - Total 

 

Data Source: Department of Biostatistics Vanderbilt University School of Medicine, from American Journal of Epidemiology 

Design of Experiment Source: results of this study 

Inference statistics (1) 
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Equation 7 can written as follows; that is, E(yij( ≡ i =   +i, i = 1, 2, . . . , a; 

yij = i +ij                                                                                                                                                  (2)  

In this form of the model, where yij is the ijth observation, i is mean, and ij is a random 

error. We are interested in testing the equality of the a treatment means; the appropriate 

hypotheses are; 

H2:a  

HA:i≠j    )i,j( برای حداقل يک جفت 

Table 1. The Analysis of Variance Table for the Single-Factor 

Source of Variation Sum of Squares Degrees of Freedom Mean Squares F2 

Between treatments SSTr a - 7 MSTr = SSTr/(a-7) F2 = MSTr/MSE 

Error (within treatments) SSE N - a MSE = SSE/(N-a) - 

Total SST N - 7 - - 
 

Source: Design and Analysis of Experiments, Eighth Edition, Douglas C. Montgomery, PP. 12 

In table 1 F2; Fisher Statistic, SSTr; Sum of Squares for Treatments, SSE; Sum of Squares 

for Error, SST; Total Sum of Squares, MSTr; Mean Square for Treatments, MSE; Mean 

Square for Error, N is total number of observations. The name analysis of variance is derived 

from a partitioning of total variability into its component parts. It states that the total 

variability in the data, as measured by the total corrected sum of squares, can be partitioned 

into a sum of squares of the differences between the treatment averages and the grand 

average plus a sum of squares of the differences of observations within treatments from the 

treatment average. Therefore; 

SST = SSTr + SSE       ,      N-7 = a-7 + N-a       ,        N = an                                                        (3) 

According to Table 7, the equality Equation (1) is as follows; 

 
 



 






a

i

n

j

iij

a

i

a

i

iij

n

j

yyyynyy
1 1

2

1 1

22

1

)()()(                                                  (4) 

We see that the “dot” subscript notation implies summation over the subscript that it 

replaces. In Equation (9) ȳi. = yi./n, ȳ..= y.. ./N. the degrees of freedom for SST and SSE add to 

N-7, the total number of degrees of freedom. Therefore, if the null hypothesis of no 

difference in treatment means is true, the ratio; 

MSE

TrMS

aNSSE

aTrSS
F

)(

)/(

)1/()(
0







                                                                                                     (5) 

We should reject H2 on values of the test statistic that are too large. This implies an upper-

tail, one-tail critical region. Therefore, we should reject H2 and conclude that there are 

differences in the treatment means if; 
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F2 > Fα, a-7, N-a                                                                                                                                                                                                                (6) 

Where F2 is computed from equation 2 alternatively, we could use the P-value approach 

for decision making. 

Now, we explain the basic procedure analysis of covariance for a single factor experiment 

with one covariate. Assuming that there is a linear relationship between the response and the 

covariate, we find that an appropriate statistical model is; 

yij =  +i +xij  x̄.. + ij                          i=7,8,…, a ,  j=7,8,…,n                                                      (7) 

where yij is the jth observation on the response variable taken under the ith treatment or 

level of the single factor, xij is the measurement made on the covariate or concomitant 

variable corresponding to yij (i.e., the ijth run), x ̄..is the mean of the xij values,  is an overall 

mean, i is the effect of the ith treatment,  is a linear regression coefficient indicating the 

dependency of yij on xij, and ij is a random error component. Notice from Equation 1 that the 

analysis of covariance model is a combination of the linear models employed in analysis of 

variance and regression. Since parameter  is preserved as the overall mean, appropriate 

statistical linear model; 

yij = ′ +i +xij + ij                                                                                                                                  (8) 

That in it ′ x̄..Manual computations are usually displayed in an analysis of 

covariance table such as Table 9 This layout is employed because it conveniently summarizes 

all the required sums of squares and cross products as well as the sums of squares for testing 

hypotheses about treatment effects. 

Table 4. Analysis of covariance for a single-factor experiment with one covariate 

 

 

Source of 

variation 

 

 

Degrees 

of 

freedom 

 

Sums of squares and  products 

Adjusted for regression 

 

y 

 

 

Degrees 

of 

freedom 

 

Mean square 
 

x xy y 

Treatments a-7 Txx Txy Tyy - - - 

Error a(n–7) Exx Exy Eyy xx/E8)xy(E –yy = E ESS a(n–7) -

7 

MSE = SSE/a(n–7) -7 

Total an-7 Sxx Sxy Syy xx/S8)xy(S –yy = S E′SS an-8 - 

Adjusted  - - - - SS′E–SSE a-7 SS′E–SSE/a-7 
 

Source: Design and Analysis of Experiments, Eighth Edition, Douglas C. Montgomery, PP. 656 

Note that, in general, S + T = E, where the symbols S, T, and E are used to denote sums of 

squares and cross products for total, treatments, and error, respectively. The sums of squares 

for x (concomitant variable) and y (response variable) must be nonnegative; however, the 

sums of cross products (xy) may be negative. 

http://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0CB0QFjAA&url=http%3A%2F%2Fwww.personal.psu.edu%2Fejp10%2Fblogs%2Fgotunicode%2F2010%2F03%2Fdealing-with-x-bar-x-and-p-hat.html&ei=5AZFVLDDAY-p7AbekYGwCQ&usg=AFQjCNG13Q_v05h_1M197b_8vSpQnxhXnA&bvm=bv.77648437,bs.1,d.ZWU
http://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0CB0QFjAA&url=http%3A%2F%2Fwww.personal.psu.edu%2Fejp10%2Fblogs%2Fgotunicode%2F2010%2F03%2Fdealing-with-x-bar-x-and-p-hat.html&ei=5AZFVLDDAY-p7AbekYGwCQ&usg=AFQjCNG13Q_v05h_1M197b_8vSpQnxhXnA&bvm=bv.77648437,bs.1,d.ZWU
http://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0CB0QFjAA&url=http%3A%2F%2Fwww.personal.psu.edu%2Fejp10%2Fblogs%2Fgotunicode%2F2010%2F03%2Fdealing-with-x-bar-x-and-p-hat.html&ei=5AZFVLDDAY-p7AbekYGwCQ&usg=AFQjCNG13Q_v05h_1M197b_8vSpQnxhXnA&bvm=bv.77648437,bs.1,d.ZWU
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S = T + E       ,     an-7 = a (n–7) + a-7                                                                                                     (6) 

Also, in general, the analysis of covariance involves adjusting the observed response 

variable for the effect of the concomitant. According to sums of squares and cross products 

table 9 Equality of equation (4) as follows; 
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(12)         

Assuming no treatment effect for the equation (1) the least squares estimators of  and  
shown to form  ̂ = ȳ..  و ̂ = Sxy/Sxx that The sum of squares for error in this reduced model is; 

SS′E = Syy – (Sxy)8/Sxx                                                                                                                                   (13) 

with an-8 degrees of freedom. According to table 9 the difference between SS′E–SSE sum 

of squares with a-7 degrees of freedom. Consequently, to test no treatment effect compute; 

]1)1(/[]1)1(/[

)1/()(
0











naSSE

MSE

naSSE

aSSSS
F EE                                                                                              (14) 

Which, if the null hypothesis is true, is distributed as Fα, a-7, a(n-7)-7. Thus, we reject H2 if; 

F2 > Fα, a-7, a(n-7)-7                                                                                                                                         (15) 

Where F2, calculate from equality equation (79). Furthermore, for full model equation (1), 

̂ = Exy/Exx. Therefore, for assume there is no linear regression relationship (independence xij 

to yij) compute; 

MSE
F

/Exx (Exy) 2

0
                                                                                                                                          (16)   

Thus, we reject H2 if; 

F2 > Fα, 7, a(n-7)-7                                                                                                                                           (17)   

Where F2, calculate from equality equation (79). 

E.g. of Life Science (Level 2)  
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Inference is to draw conclusions about a population using a sample from that population. 

A technique of statistical inference called hypothesis testing can be used to assist the 

experimenter in comparing these two formulations. Statistical inference makes considerable 

use of quantities computed from the observations in the sample (C. Montgomery, 8278; PP. 

89-12). The field of statistical inference consists of those methods used to make decisions or 

to draw conclusions about a population. Statistical inference may be divided into two major 

areas: parameter estimation and hypothesis testing. (C. Montgomery, 8228).  Statistical 

inference—that is, how the information contained in a sample can be used to draw 

conclusions about the population from which the sample was drawn. The techniques of 

statistical inference can be classified into two broad categories: parameter estimation and 

hypothesis testing (C. Montgomery, 8224). Achieved to inference statistics goals tied to the 

type of questions design or hypotheses forming. Here, we scrutiny three hypotheses: 

 Between persons (men and women) are significantly according to the levels of 

plasma separation. 

 Between persons (men and women) are significantly according to the levels of 

Dietary separation. 

 Between levels of plasma and levels of dietary, according to pattern of persons 

(men and women) separation are significant. 

Analysis of variance, this term refers to a statistical test consisting of assigning the 

variance to the different sources and deciding whether the variation arises within or among 

different population groups. Therefore, two types of variability are considered, i.e., the 

variability between groups due to the differences among the column means and the variability 

within groups due to the differences between the data in each column. The ANOVA test 

makes the following assumptions relative to the data (Hogg, 7421). 

Now, for testing the first hypothesis according to the table of descriptive statistics (Table 

8) examined relationship between the two variables. According to relation (9), the null 

hypothesis is not confirmed. According to the following table, there was at least one pair 

means are different. 

Table 2. The Analysis of variance Table for the Single-Factor, e.g. of Biology 

 

Result 

 

 α 
 

Fisher test 
 

P-value 
 

Description 

 

 

According to P-

value and fisher test 

hypothesis reject the 

hypothesis H2 and 

H7 hypothesis is 

confirmed. 

 

 

2.22 

 

 

947.19 

 

 

2.222 

 

 

Between Persons (men and 

women) are not significantly 

according to the levels of plasma 

separation 

 

H0 

 

Between Persons (men and 

women) are significantly 

according to the levels of plasma 

separation 

H 
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Source: results of this study 

For testing the second hypothesis according to the table of descriptive statistics (Table 8) 

examined relationship between the two variables. According to relation (9), the null 

hypothesis is rejected. Table 9 shows analysis of variance for the two indexes. 

Table 9. The Analysis of variance Table for the Single-Factor, e.g. of Biology 

 

Result 

 

 α 
 

Fisher test 
 

P-value 
 

Description 

 

 

According to P-

value and fisher test 

hypothesis reject the 

hypothesis H2 and 

H7 hypothesis is 

confirmed. 

 

 

2.22 

 

 

871.91 

 

 

2.222 

 

 

Between Persons (men and 

women) are not significantly 

according to the levels of dietary 

separation 

 

H0 

 

Between Persons (men and 

women) are significantly 

according to the levels of dietary 

separation 

H 

 

Source: results of this study 

Table 1 shows the analysis of covariance for levels of plasma and levels of dietary. 

According to relations (72) and (71) Fisher statistic indicates that the model estimated was 

not significant and there is not a significant relationship between plasma and dietary, whereas 

the persons (men and women) roles are significant. 

Table 1. Analysis of covariance for a single-factor experiment with one covariate, e.g. of Biology 

 

Result 

 

α 
 

Fisher test 
 

P-value 
 

Source Testing 
 

Description (Analysis of variance for plasma) 

According to 

P-value and 

fisher test 

hypothesis 

reject the 

hypothesis H7 

and H2 

hypothesis is 

confirmed. 

 

2.22 

 

2.92 

 

2.227 

 

Dietary 

H H0 

Between levels of 

plasma and levels of 

dietary, according to 

pattern of persons 

(men and women) 

separation are 

significant 

Between levels of 

plasma and levels of 

dietary, according to 

pattern of persons 

(men and women) 

separation are not 

significant 

 

2.22 

 

121.18 

 

   2.222 

 

Persons (men and 

women) 

 

Source: results of this study 

Conclusion 

Montgomery write so on the design of experiments, much of the research in engineering, 

science and industry is empirical and makes extensive use of experimentation. Statistical 

methods can greatly increase the efficiency of these experiments and often strengthen the 
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conclusions so obtained. The proper use of statistical techniques in experimentation requires 

that the experimenter keep the following points in mind: 

 Use your nonstatistical knowledge of the problem. Experimenters are usually 

highly knowledgeable in their fields. This type of nonstatistical knowledge is 

invaluable in choosing factors, determining factor levels, deciding how many 

replicates to run, interpreting the results of the analysis, and so forth. Using a 

designed experiment is no substitute for thinking about the problem. 

 Keep the design and analysis as simple as possible. Don’t be overzealous in the use 

of complex, sophisticated statistical techniques. Relatively simple design and 

analysis methods are almost always best.  If you do the pre-experiment planning 

carefully and select a reasonable design, the analysis will almost always be 

relatively straightforward. In fact, a well-designed experiment will sometimes 

almost analyze itself! However, if you botch the pre-experimental planning and 

execute the experimental design badly, it is unlikely that even the most complex 

and elegant statistics can save the situation. 

 Recognize the difference between practical and statistical significance. Just 

because two experimental conditions produce mean responses that are statistically 

different, there is no assurance that this difference is large enough to have any 

practical value.  

 Experiments are usually iterative. Remember that in most situations it is unwise to 

design too comprehensive an experiment at the start of a study. Successful design 

requires the knowledge of important factors, the ranges over which these factors 

are varied, the appropriate number of levels for each factor, and the proper 

methods and units of measurement for each factor and response. Generally, we are 

not well equipped to answer these questions at the beginning of the experiment, but 

we learn the answers as we go along. This argues in favor of the iterative, or 

sequential, approach discussed previously. Of course, there are situations where 

comprehensive experiments are entirely appropriate, but as a general rule most 

experiments should be iterative. Consequently, we usually should not invest more 

than about 82 percent of the resources of experimentation (runs, budget, time, etc.) 

in the initial experiment. Often these first efforts are just learning experiences, and 

some resources must be available to accomplish the final objectives of the 

experiment. 

Statistics suggest that the interactions of interdisciplinary issues. Statistical results could 

be used to justify correctness about any position. We have seen example of the biology just 

for single-factor experiment. May, Situations occur that require to multiple covariance 

structure, i.e. y related non-linear to x, or exist two or more auxiliary random variables. This 

shows that statistics can be enter any science the conditions. It first, data are describes then 

with guidance descriptive data and direction it to side the inference, elicit results. Where 



 22-41، ص 1314،  تیر 1، جلد 1علوم انسانی اسالمی، شماره 
ISSN: 9174-8792 

 http://www.joih.ir 

 

 

22 
 

found estimate and statistical hypothesis test. However, it wants any branch of science. Given 

all the cases mentioned above, this is important that statistics expressed not only in what the 

design of experiments but in all its forms is required to follow the particular procedures and 

rules. 
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national assessment of educational progress: Recent developments and future directions. In Rao, C. R. 

and Sinharay, S. (eds.) Handbook of Statistics, vol. 89, PP. 7214– 7222. Amsterdam: Elsevier. 

12. Wainer H (8222). Visual Revelations: Graphical Tales of Fate and Deception from Napoleon 

Bonaparte to Ross Perot, 8nd edn. Hillsdale, NJ: Erlbaum. 

14. Wainer H (8222). Graphic Discovery: A Trout in the Milk and Other Visual Adventures. 

Prince ton, NJ: Princeton University Press. 
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Statistical Sources & Databases 

Determinants of Plasma Retinol and Beta-Carotene Levels, Summary; Observational studies have 

suggested that low dietary intake or low plasma concentrations of retinol, beta-carotene, or other carotenoids 

might be associated with increased risk of developing certain types of cancer.  However, relatively few studies 

have investigated the determinants of plasma concentrations of these micronutrients. We designed a cross-

sectional study to investigate the relationship between personal characteristics and dietary factors, and plasma 

concentrations of retinol, beta-carotene and other carotenoids. Study subjects (N = 172) were patients who had 

an elective surgical procedure during a three-year period to biopsy or remove a lesion of the lung, colon, breast, 

skin, ovary or uterus that was found to be non-cancerous. We display the data for only two of the analytes. 

Plasma concentrations of the micronutrients varied widely from subject to subject, while plasma retinol levels 

varied by age and gender, the only dietary predictor was alcohol consumption (R^8 = .12). Plasma beta-carotene 

levels were log-transformed prior to the analyses due to severe asymmetry of the residuals on the original scale. 

For log beta-carotene, dietary intake, regular use of vitamins, and intake of fiber were associated with higher 

plasma concentrations, while quetelet Index (defined as weight/height^8 in the units kg/m^8) and cholesterol 

intake were associated with lower plasma levels, adjusting for the other factors (R^8 = .22). There was one 

extremely high leverage point in alcohol consumption that was deleted prior to the analyses. Plasma 

concentrations of retinol and beta-carotene were not correlated. We conclude that there is wide variability in 

plasma concentrations of these micronutrients in humans, and that much of this variability is associated with 

dietary habits and personal characteristics. A better understanding of the physiological relationship between 

some personal characteristics and plasma concentrations of these micronutrients will require further study.  

Source; these data related reference is Nierenberg DW, Stukel TA, Baron JA, Dain BJ, Greenberg ER.  

Determinants plasma levels of beta-carotene and retinol.  American journal of epidemiology 7424, 712:277-

287. Department of Biostatistics Vanderbilt University School of Medicine, American Journal of Epidemiology; 

at: http://lib.stat.cmu.edu/datasets/Plasma_Retinol 
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P.S 

7. All statistical analysis presented of eighth edition the design of experiments book written by Professor 

Douglas C. Montgomery, Arizona State University.  

8. You can also see other examples at:  

a) http://growingscience.com/beta/msl/7272-a-study-on-relationship-between attracting-deposits-and-

granting-facilities-on-growth-of-banks-deposits.html or http://www.civilica.com/paper-mbmconf27-

mbmconf27_724.html. 

b) http://www.civilica.com/Paper-ECOO27-ECOO27_281.html. 
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