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Basic Issues in Quantitative Methods of Data Collection and Analysis: 

Study Guide for Students and Researchers 

 

 

 

ABSTRACT 

This paper aims at providing students and other researchers with a basic 

knowledge of quantitative methods of data collection and analysis, which can be 

applied in a variety of research contexts. The paper deals with issues such as: 

definitions of research, research method, and quantitative research method; 

advantages and disadvantages of quantitative research methods; basic 

requirements for quantitative research; choosing a research method; steps in 

quantitative research; major steps in literature review; steps in quantitative 

method of data collection; steps in quantitative methods of data analysis; pre-

estimation and post-estimation diagnostic tests; how to draw conclusions and 

recommendations; and how to make internal and general referencing; and how to 

make an abstract. The paper concludes that the choice of quantitative, qualitative, 

or mixed methods depends not on the preference of a researcher but on the 

research question and suitability of the particular method for what he/she is 

studying and what he/she wants to find out. Furthermore, to succeed in the 

conduct of quantitative research, one must have excellent command of English, 

computer literacy, good understanding of the subject matter (Sanda, 2007), solid 

understanding of Statistics and Econometrics, and the ability to make use of 

statistical and econometric packages (Garba, 2013). 

 

Keywords: Quantitative research methods, qualitative research method, pre-estimation 

and post-estimation diagnostic tests. 

 

1. Introduction 

The choice of methods for data collection and analysis must be given much emphasis in 

the process of conducting any scientific research, both in the field of natural and social 

sciences. However, the idea of applying qualitative or quantitative methods of data 

collection and analysis has stimulated much interest and intense debate among 

researchers and academics (Garba, 2013). Some are of the opinion that qualitative 

methods are the best (Denzin & Lincoln, 1998a, 1998b, 1998c, 1998d) while some are 

proponents of quantitative methods (Moser & Kalton, 1971; Munn & Drever, 1990; 

Oppenheim, 1992) and others are for mixed-method (Ary, Jacobs, & Sorensen, 2010). 

Quantitative data collection methods produce numbers while qualitative data collection 

methods produce words (Ary et al., 2010). But each of these methods has its own 
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advantages and disadvantages. Nonetheless, this paper limits itself to quantitative 

approach alone.  

 

The main aim of this paper is to provide students and other researchers with basic 

knowledge of quantitative methods of data collection and analysis, which can be applied 

in a variety of research contexts. To achieve the objective of this paper, it has been divided 

into ten sections. After this introduction, section 2 is centered on definitions of research, 

research method, and quantitative research method; advantages and disadvantages of 

quantitative research methods; basic requirements for quantitative research; and choosing 

a research method. However, section 3 deals with steps in quantitative research while 

section 4 explains the major steps in literature review. Section 5 deals with steps in 

quantitative method of data collector. Section 6 however, concentrates on quantitative 

methods of data analysis, and section 7 deals with how to make conclusions and 

recommendations. Section 8 dwells on how to make good referencing style, and section 

9 shows how to form an abstract. Finally, section 10 concludes the paper. 

 

2. Definitions of research, research method, and quantitative research method; 

advantages and disadvantages of quantitative research methods; basic 

requirements for quantitative research; and choosing a research method 

 

Definitions of Research 

Research can be defined as a scientific and systematic search for important information 

on a specific aspect of interest (Kothari, 2004). In other words, it is a scientific 

investigation of a given phenomenon. It can also be defined as the search for knowledge 

through objective and systematic methods of finding solutions to a problem (Kothari, 

2004).  

 

Definition of a Research Method 

The method that a person employs for obtaining the knowledge of the unknown 

phenomena can be called research method (Kothari, 2004). 

 

Definitions of a Quantitative Research Method 

Quantitative research method is identified with positivism and the application of natural 

scientific methods and dispositions in social research (Dunne, Pryor, & Yates, 2005). 
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Social research is commonly classified into two broad categories: quantitative and 

qualitative research. Each category has its own methodology and terminology (Garba, 

2013). Quantitative research uses objective measurement to gather numeric data that are 

used to answer questions or test predetermined hypotheses (Ary et al., 2010). It generally 

requires a well-controlled setting (Ary et al., 2010). Quantitative research therefore, 

originated in positivism, a philosophic view formulated in Europe in the 19th century 

(Dunne et al., 2005). Positivists believe that general principles or laws govern the social 

world as they do the physical world and that through objective procedures researchers 

can discover these principles and apply them to understand human behavior (Dunne et 

al., 2005). Quantitative research method is often considered the traditional scientific 

method, which involves hypothesis testing and objective data gathering to arrive at 

findings that are systematic, generalizable, and open to replication by other investigators 

(Ary et al., 2010).  

 

Advantages of quantitative research methods 

Generally, quantitative methods are easy to administer, they can include relatively large 

number of questions, they can yield large samples, they are easier to summarize, and they 

are more widely accepted as a form of evidence regarding program effectiveness (Ary et 

al., 2010). 

 

Disadvantages of quantitative research methods 

Quantitative research methods also have some disadvantages. The data collected using 

these methods may not be as rich or as detailed as those in qualitative methods (Ary et 

al., 2010). Furthermore, structured  survey/written questionnaires used in quantitative 

research methods may be difficult for some participants, i.e., may not provide all the 

information needed for interpretations of data findings, and the large amounts of data may 

require more sophisticated analysis approaches (Ary et al., 2010). 

  

Basic requirements for quantitative research 

In order to be able to succeed in the conduct of quantitative research, one must have 

excellent command of English, computer literacy, good understanding of the subject 

matter, solid understanding of Statistics (Sanda, 2007) and Econometrics, and the ability 

to make use of statistical and econometric packages (Garba, 2013). Such packages include 
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SPSS, STATA, Microfit, PcGive, Eviews, among others. Since these packages are used 

in processing data through the use of computer, then computer knowledge in this regard 

is very essential (Garba, 2013). 

 

Choosing a Research Method 

Whether researchers choose quantitative, qualitative, or mixed methods depends not on 

their preference for one or another but on the suitability of the particular method for what 

they are studying and what they want to find out. What is most fundamental is the research 

question. That means, it is the research question that will determine the research method 

to be adopted to obtain useful (and the most thorough) answers (Ary et al., 2010). 

 

3. Steps in Quantitative Research 

Research process consists of necessary components or steps taken to effectively carry out 

research and the desired sequencing of these steps (Kothari, 2004). Various steps in 

research are closely related activities. The steps according to Kothari (2004) are arranged 

in the following order:  

 

1. Formulating research problem. A researcher must pinpoint the problem he wants 

to study. That is, he should demarcate the general area of interest or aspect of a 

subject matter that he wants to make inquiries into (Kothari, 2004). Therefore, a 

research problem is the issue that a researcher wants to investigate. However, the 

viability of a particular solution has to be considered before a working 

formulation of the problem can be set up (Kothari, 2004). That is, the possibility 

of investigating effectively a given problem and finding solution to it (Garba, 

2013). Therefore, formulation of the general topic into a specific research 

problem constitutes the first step in scientific enquiry. This aspect should deal 

with the efforts made by various individuals, researchers, or government to 

circumvent the problem under consideration but they have failed. From then, one 

draws his research questions. 

 

To be able to formulate a general topic into a specific research problem, one needs 

to read many journal articles that are related to the area of interest (Garba, 2013). 

From journal articles, one would be able to detect the gaps left by previous studies 
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in form of weaknesses in their methodology, sample size, omission of an 

important variable, etc. In fact, some previous studies give limitations of their 

studies and suggestions for further studies, which will guide a researcher into 

building a study in line with such suggestions.  

 

2. Research questions. One must draw his research questions from the research 

problem stated (Garba, 2013). Suppose one wants to investigate the influence of 

access to credit on business performance. The research questions can be drawn 

from this research problem in the form: does access to credit influence business 

performance? What other factors influence business performance? 

 

3. Clear statement of objective. A clear statement of objective is also very important 

because it determines the data which are to be collected and the techniques to be 

applied in the collection and analysis of the data. Objectives of the study can be 

divided into broad and specific. Furthermore, research objectives are stated in 

line with the research questions. In other words, they should tally with the 

research questions (Garba, 2013). For instance, given the aforesaid research 

questions, one can state his broad and specific objectives. The main object can be 

stated as: to investigate the influence of access to credit on business performance. 

Specific objectives can be stated as: to examine the relationship between access 

to credit and business performance; to investigate other determinants of business 

performance. 

 

4. Developing hypotheses. Hypotheses of the study are formulated in line with the 

research objectives. In other words, they should tally with the research objectives 

(Garba, 2013). A hypothesis is an assumption, belief, or opinion which may or 

may not be true (Saleemi, 2007). A hypothesis is also a tentative assumption 

made in order to draw out and test its empirical consequences (Kothari, 2004). 

And a hypothesis must be tested and therefore it has to be testable (Kothari, 

2004). For instance, the null hypothesis can be stated as: there is significant 

relationship between access to credit and business performance; and the 

alternative can be stated as: there is significant relationship between access to 

credit and business performance. 
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5. Extensive review of concepts, theories, and literature. At this juncture, a 

researcher should undertake extensive review of concept, theories, and literature 

that relate to the problem under investigation. This should contain review of the 

previous studies on the aspect under study. While reviewing previous studies, one 

should take into cognizance of the following aspects: type of data an author uses, 

the method of data analysis he uses, the sample size, variable measurement, the 

results he gets, policy implications and suggestions for further study. Then 

summarise the whole article in your own words. For e.g., one can say; Ravillion 

(1996), using cross-sectional data for a sample of 300 households and applying 

Ordinary Least Squares regression finds a negative relationship between 

household poverty and level of education. Or, using cross-sectional data for a 

sample of 300 households and applying Ordinary Least Squares regression, the 

finds suggest a negative relationship between household poverty and level of 

education (Ravillion, 1996).  Therefore, one will put the surname of the author 

only in the text but full name in the list of references.  

 

While reviewing, put only the surname of the author and the year of publishing 

the article he writes in brackets with page number after quotation (for a quotation) 

if the name comes at the beginning of the sentence. If it comes at the end of the 

sentence, even the name should be in brackets. 

 

If the authors of an article are two, write also their surnames. If they are more 

than two, one will write all their surnames at the first time, then all other 

subsequent citations of the same authors, one write the surname of the first author 

only, then you put et al., then year. For e.g., one can say according to Coltheart, 

Curtis, Atkins, and Haller, (1993), using a sample of 300 enterprises and applying 

Ordinary Least Squares regression on a cross-sectional dataset, find a significant 

negative relationship between access to credit and business performance. Then in 

the subsequent citation, one should state: according to Coltheart et al. (1993), 

using a sample of 300 enterprises and applying Ordinary Least Squares regression 

on a cross-sectional dataset, find a significant negative relationship between 

business size and business performance. 
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6. Preparing research design. A research design may consist of the means of 

obtaining the information, the skills of the researcher and his research assistants. 

A research design is the arrangement of conditions for collection and analysis of 

data (Kothari, 2004). According to Blaikie (2000), research design is the plan, 

structure, and strategy of investigation conceived so as to obtain answers to 

research questions and to control variance.   In general, a research design is 

expected to answer three basic questions (Blaikie, 2000), such as: What will be 

studied? Why will it be studied? How will it be studied? (What research strategy 

will be used, where will the data come from, how will the data be collected and 

analysed, when will each state of the research be carried out?). 

   

7. Determining sample design. Sample design is the mode of selecting units into the 

sample. There are many possible methods of selecting a sample of units from a 

population. The methods can be classified as either probability sampling method 

or non-probability sampling method (Garba, 2013). This refers to the way of 

selecting some units of population into the sample to represent the entire 

population. The main component of sampling is sample design. 

 

8. Data collection. A researcher has to design his method of data collection, 

depending on the type of dataset (primary or secondary) that suits his/her research 

problem. Primary data can be collected through observations, personal interview, 

telephone interview and questionnaire administration (Garba, 2013). However, 

secondary data can be collected through various publications of some institutions 

or government agencies like, Central Bank, National Bureau of Statistics, IMF, 

World Bank, etc. (Garba, 2013). 

 

9. Organisation of data. After collecting the data for the research, a researcher is 

expected to code, rename, and label the variables, ready for analysis (Garba, 

2013). 

  

10. Data analysis/hypotheses testing. This is concerned with computation of various 

percentages, coefficients, and level of significance of the parameters tested by 
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applying appropriate statistical methods of analysis. In the process of analysis, 

the relationship or differences in support of or against the hypotheses formulated 

would be subjected to statistical tests for drawing conclusions and policy 

implications (Garba, 2013). 

 

11. Interpretations, discussion of findings, and generalization. A researcher is 

expected to interpret the results after data analysis and compare the findings of 

the study with those of other authors he reviewed in the literature (Garba, 2013). 

Then finally he makes generalisation to the entire population.  

 

12. Conclusions, policy implications, and recommendations. Conclusions are drawn 

on the basis of the findings of the study (Garba, 2013). For instance, if the 

findings of a study indicate a significant positive relationship between household 

level of education and welfare, then the conclusion to be drawn should be 

household level of education is good for a household since it improves household 

welfare.  

 

And the ultimate aim of a research is to draw policy implication on how to solve 

a given economic, social, scientific or political problem (Garba, 2013). Therefore, 

policy implications are drawn on the basis of the findings of the research (Garba, 

2013). For e.g., since household level of education has a significant positive 

influence on household welfare an increase in household level of education will 

improve welfare.  

 

Then, the recommendation will then be given on the basis of the finding also. For 

instance, since household educational level improves welfare, efforts should be 

made to facilitate acquisition of education by providing adequate educational 

facilities and subsidizing the costs of education through scholarship award. 

 

4. Major steps in literature review 

This section should consist of theoretical framework and review of relevant theoretical 

and empirical literature.  
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Theoretical framework should contain a theory or theories explaining the aspect under 

study. The theory will be used as a foundation or basis for the study (Garba, 2013). 

 

Review of Empirical Literature should contain review of the previous empirical studies 

on the aspect under study (Garba, 2013). While reviewing previous studies, one should 

take into cognisance of the following aspects:  

1. Type of data an author uses, 

2. The sample size,   

3. The method of data analysis he uses,  

4. Place or country of study 

5. Variables measurement [i.e., how each variable is measured by the author(s)],  

6. The results an author gets,  

7. Policy implications and suggestions for further study.  

8. Then one should summarise the whole article in his own words. For e.g., one can 

say; Ravillion (1996), using cross-sectional data for a sample of 300 households 

in India and applying Ordinary Least Squares regression finds a negative 

relationship between level of education and  household poverty. Or, using cross-

sectional data for a sample of 300 households in India and applying Ordinary 

Least Squares regression, the findings suggest a negative relationship between 

level of education and household poverty (Ravillion, 1996).  But full names of an 

author must be put in the list of references.  

9. Each variable should be reviewed in a separate paragraph. That is, one should 

review different findings on a given variable in a separate paragraph without 

merging it with another variable in the same paragraph. Some researchers may 

find that a given independent variable has a significant positive influence on a 

given dependent variable, some may find it does not have any significant 

influence, some may find that it has a significant negative influence on a 

dependent variable, some may find a non-linear significant relationship. It is 

therefore the duty of a researcher to bring all the different findings on a given 

variable together in a paragraph or in sequential paragraphs before reviewing 

another variable of interest. This pattern should be followed for each variable 

under review. 
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It is not logical to review a given variable in a paragraph and review it again in 

another paragraph after reviewing other and different variables. One has to make 

sure that he/she reviews everything on that variable sequentially before moving 

to another variable(s), so that its review will not appear somewhere else in the 

same document. 

10. One must also make sure that he/she reviews different findings on a given variable 

rather than been lopsided towards either only positive one negative side of the 

findings, or non-relationship. That is, one should not review only positive 

influence of a given independent variable or just its negative influence on a given 

variable throughout his/her review of literature, or no relationship between the 

variables of interest. If one does it this way, than there is no basis for conducting 

the study since all the findings of previous studies indicate positive influence, or 

they all indicate negative influence, or all indicate no relationship at all. However, 

one has to review different findings on a given variable to be able to justify the 

conduct of the study. That is, to indicate that the findings are not unanimous, 

therefore he/she can contribute to the debate. 

 

5. Steps in Quantitative Method of Data Collection 

 

5.1 Population of the Study 

The first step in quantitative method of data collection is to identify the population to be 

studied. According to McElroy (1979) population consists of all elements of a well-

defined group that is to be investigated. For instance, if a researcher is interested in 

investigating the determinants of Public Liability Companies’ performance, then all the 

companies listed on the Nigerian Stock Exchange will be his population of the study 

(Garba, 2013). 

 

5.2 Sample Size Determination  

After identifying the population, a researcher then needs to determine what will be the 

sample size of the elements he will like to study (Garba, 2013). This is required because it 

is difficult if not impossible for the researcher to study the whole population through 
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census survey. In a situation where a researcher has the list of all the elements in a 

population, i.e., he has the knowledge of the population size, he can make use of the 

following Yamane’s (1967) formula for sample size determination (Garba, 2013): 

 

n =
𝑁

1 + 𝑁(e)2
 

Where: 

n = Desired sample size 

N = Total population 

e = Accepted error limit (0.05 on the basis of 95% degree of confidence). 

For instance, if the N, population size of employees = 300, find n, the required sample 

size. 

 

Solution: 

n =
𝑁

1 + 𝑁(e)2
=  

300

1 + 300(0.05)2
 =  

300

1 + 300(0.0025)
 =  

300

1 + 0.7500

=  
300

1.7500
= 171.43 ≈ 171 

Therefore, the required sample size is 171 employees for this population. But in the 

absence of the knowledge of the population size, one should take reasonable sample size, 

because as the sample size increases, the sampling distribution of the mean approaches 

normal distribution regardless of the shape of the parent population (Salvatore & Reagle, 

2002) and the better will be the findings (Garba, 2013). 

 

5.3 Sampling Methods 

When a researcher determines his sample size, he then thinks of which sampling method 

he will adopt in selecting units of the population into the sample. Sampling is the scientific 

method used to select and analyse samples of universe or population (McElroy, 1979). 

And sample is a subset of a population. If sampling is conducted properly, it provides 

information about the universe more quickly and cheaply than the study of the whole 

population. 

 

There are many possible ways of selecting a sample of units from a population. The 

methods can be classified as either probability sampling or non-probability sampling 

(Garba, 2013). Probability sampling method consists of all forms of sampling techniques 

in which the sampling units are selected according to some well-defined chance 

mechanisms to the extent that each unit has equal or unequal but non-zero chance of being 
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selected (McElroy, 1979). The standard sampling procedures (techniques) considered 

under probability sampling are: simple random sampling, stratified sampling technique, 

cluster, two-stage and systematic sampling (McElroy, 1979). All these techniques under 

probability sampling method can be applied only if there is sampling frame (list of all 

observations in a population). If a researcher does not have the list of all the elements in 

a population of the study, he cannot apply any of the sampling techniques under 

probability sampling method. Moreover, each of these techniques is used on the basis of 

the nature of population. If the population is homogeneous, i.e., all the elements have the 

same characteristics, simple random sampling technique or systematic sampling 

technique can be used (McElroy, 1979). However, if the population under study is 

heterogeneous in nature, stratified sampling technique should be applied (McElroy, 

1979). Proportional allocation formula (PAF) = (Stratum size/N) × n should be applied 

when using stratified sampling technique (Garba, 2013). 

 

If the total area of study is very big, the most convenient way in which a sample can be 

taken is to divide the area into a number of smaller non-overlapping areas and then make 

a random selection of these small areas or clusters. You then study all the units of objects 

in the selected clusters or areas. If you do this, you are applying cluster sampling (Kothari, 

2004). 

 

Simple random sampling is a form of probability sampling in which all members of the 

population have equal chance of being selected into the sample. This approach requires 

that each member of the population of size ‘N’ be allocated a number and then a table of 

random numbers be used to select the required number of sample size ‘n’ from the 

population (Garba, 2013). For example, let us assume we want to study farming behaviour 

of farmers in a given area and we have 13 wards in a given area that is, wards A-M. 

Suppose we require a sample of three-ward groups and the wards are assumed to be 

homogeneous. Since three wards are to be chosen randomly out of 13 words, we will 

choose from the table of random numbers any three numbers we come across between 1 

and 13 and underline or cycle them (Garba, 2013). 
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Non-probability sampling method consists of three techniques which are applied where 

probability sampling techniques are either impracticable or unnecessary. These sampling 

techniques are appropriate when sampling frames (lists of objects) are not available or 

the population so widely dispersed (McElroy, 1979). In this technique, the units of 

observation are not selected randomly. The standard sampling procedures under non-

probability sampling are: purposive sampling technique, quota sampling technique and 

availability sampling technique (McElroy, 1979). 

 

For purposive sampling technique, some typical respondents in connection to the problem 

under investigation are selected. This can provide cheaper and surprising efficient 

predictions. For instance, if you are studying farming behaviour of farmers, and you could 

not get the sampling frame, you can just choose the most typical farmers as your 

respondents (Garba, 2013). 

 

Quota sampling technique is another common sampling technique under non-probability 

method aimed at producing representative samples without random selection of cases 

(Garba, 2013). Interviewers or researchers are required to find cases with particular 

characteristics.  The researchers are expected to assign quotas to particular types of 

respondents to fulfill. For example if you want to study the reason for migration of rural 

dwellers in a given L.G.A., you can select the villages based on the classification of all 

the villages according to the infrastructure available in each (Garba, 2013). You may make 

selection of the respondents by allocating a given number of sample size to each village 

that has certain defined characteristics. For instance, you may say, any village without 

feeder road, dispensary hospital and primary school will be part of your population that 

will be studied, and from such villages your respondents will be selected to constitute 

your sample size (Garba, 2013). 

 

Availability or haphazard sampling technique is also another common sampling 

technique under non-probability sampling method but must be used with caution and only 

for specific purposes and it is the least likely of any technique to produce representative 

samples (McElroy, 1979). This type of technique can be useful for pilot testing 

questionnaires or exploratory research to obtain the range of views, but must not be used 

to make any claim to representing any population but the sample itself (McElroy, 1979). 
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In this type you will just select any respondent you come across, that is, you will just 

select any respondent available to you haphazardly (Garba, 2013). 

   

5.4 Data Collection Instrument 

There are two sources of data for quantitative analysis, i.e., primary and secondary 

sources. For the primary source, structured survey questionnaire instrument is mostly 

adopted in collecting data for quantitative analysis (Garba, 2013). However, for secondary 

source, existing databases are access to collect secondary data (Garba, 2013). 

5.4.1 Structured Survey Questionnaires 

In designing a questionnaire, one should make sure that all the variables reviewed in the 

literature review section are captured (Garba, 2013). Questionnaire has been considered as 

the heart of a survey operation. Therefore, it should be carefully constructed (Kothari, 

2004). If it is not properly set up, then the survey is bound to fail. The main aspects of 

questionnaire are: the general form of a questionnaire, question sequence and question 

formulation and wording (Kothari, 2004). 

 

Key issues to be considered in questionnaire administration include: Questionnaire 

sequence: In order to make a questionnaire effective and to ensure quality to the replies 

received, a researcher should pay attention to the questions sequence in preparing the 

questionnaire (Kothari, 2004). Questions sequence means the relation of one question to 

another should be readily apparent to the respondent, with questions that are easier to 

answer being put in the beginning (Kothari, 2004). Therefore, according to Kothari 

(2004) the following should be avoided: 

a) Questions that put too great tension on the memory or intellect of a respondent 

should be avoided. 

b) Questions on personal characteristics should also be avoided. 

c) Questions related to personal wealth should also be avoided. 

 

Questions formulation and wording: a researcher should consider that each question must 

be very clear for the fact that any misunderstanding of a question can be harmful to a 

survey (Kothari, 2004). The questions should also be impartial in order to avoid giving 
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bias picture of the true state of affairs. Therefore, Kothari (2004) argues that each question 

should meet the following standards: 

i. It should be easily understood 

ii. It should be simple 

iii. It should conform as much as possible to the respondent’s way of thinking. Do 

not ask a respondent a question like “How many pens do you use annually”, 

instead, you can ask “How many pens did you use last week.” 

 

The essentials of a good questionnaire according to Kothari (2004) are given as follows: 

i. A questionnaire should be short and simple. 

ii. The questions it contains should proceed in logical sequence, moving from easy 

to more difficult questions. 

iii. Personal and intimate questions should come to the end of the questionnaire. 

iv. Technical terms and vague expressions capable of different interpretations 

should be avoided. 

There should always be an indication of uncertainty among the alternative answers in a 

questionnaire, for e.g., ‘do not know’, ‘no preference’, ‘undecided’, ‘neutral’, etc. 

 

5.4.2 Pilot Tests of Questionnaire  

After designing a questionnaire, its pilot test should be performed so that if there is any 

problem with the questions a researcher could easily detect and make necessary 

amendments to the questionnaire before going finally for administration or data collection 

(Garba, 2013). 

 

5.4.3 Existing databases 

Existing databases constitute the secondary source of data. Secondary dataset is the 

dataset that has been collected for another and different purpose. It is the second hand 

data. Such existing databases may include: Central Bank of Nigeria, International 

Monetary Fund (IMF), the World Bank, African Development Bank databases, etc. 

(Garba, 2013). 

 

6. Quantitative Methods of Data Analysis 
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Before analysing a dataset collected, one should code and rename all the variables on 

which the data have been collected for the computer programme to analyse (Garba, 2013). 

Furthermore, all variables captured in the literature review must be measured and 

captured in the econometric model to be specified in the methodology section (Garba, 

2013).  

 

6.1 Variables Measurement 

A variable measurement is concerned with assigning proxy to a variable (Garba, 2013). 

For instance, if export is one of the variables reviewed by a research, he has to measure 

this variable in the appropriate section (Garba, 2013). For instance, a researcher can say 

export can be measured as value of a country total exports of goods and services per year 

as measured by Alfa and Garba (2012). Even dummy variables such as political stability, 

labour market participation, etc. must be measured. For e.g., if among the variables a 

researcher reviews include political stability, he say, this variable is measured as a dummy 

variable taking a value of 1 for years of political stability and 0 otherwise or for years of 

instability. Therefore all the variables captured in the econometric model specified by a 

researcher must be measured and where possible, it is expected that a research should cite 

some previous studies that use such measurement as a measure of a given variable. 

 

6.2 Using Appropriate Statistical Test 

A research is also expected to know the appropriate statistical test he should apply in 

testing the hypotheses he develops (Garba, 2013). The statistical tests include: student’s 

t test, z test, F-test, chi-square test, etc. (Garba, 2013). For instance, in testing for a 

significant difference between two different samples means, one can make use of Z test 

if the size of each of the samples is equal to or greater than 30 (Kazmier, 1979). But if 

either of the samples has size less than 30, then student’s t test should be applied 

(Kazmier, 1979). However, if a researcher has more than two samples to test for a 

significant difference in their means, he cannot apply either Z test or student’s t test. In 

this case he has to apply F-test, that is, analysis of variance (Kazmier, 1979). 
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6.3 Methods of Data Analysis 

Quantitative methods of data analysis can be divided in to descriptive and inferential 

methods (Garba, 2013). Inferential methods can also be divided into parametric and non-

parametric statistical methods (Garba, 2013). 

6.3.1 Descriptive Method 

Descriptive method consists of descriptive statistics in the form of mean, standard 

deviation and percentages (Garba, 2013). Descriptive statistics is concerned with 

summarizing and describing numerical data by drawing conclusion through the use of 

frequencies, percentages, bar-charts, pie-charts, graphs, etc. (Salvatore & Reagle, 2002). 

This method will help a researcher in knowing the nature of his variables and finding out 

whether there is problem of outliers in the dataset.  

6.3.2 Pre-estimation Diagnostic Tests 

After carrying out the descriptive analysis, before carrying out inferential estimation, it is 

expected of a researcher to undertake some pre-estimation diagnostic tests to circumvent 

violation of classical linear regression assumptions (Garba, 2013). Residuals (differences 

between the values predicted by the model and the real data values) that are very large 

can seriously distort the prediction. When these residuals are extremely large, they are 

called outliers (Garba, 2013). The outliers will inflate the error variance. Consequently, 

they inflate the standard errors (Yaffee, 2002b). Thus, it is imperative to conduct 

diagnostic tests to confirm breakdown of classical OLS model in an attempt to correct it 

(Garba, 2013). Assumptions of proper functional form, no outliers, residual normality, 

homoskedasticity, and no multicollinearity must be fulfilled for the model to be valid 

(Yaffee, 2002a). The following pre-estimation tests according to Yaffee (2002a) can be 

conducted:  

 

 First, checking for problematic outliers and normality of residuals 

 Second correct for multicollinearity problem.  

 Third, test for autocorrelation.  

 Fourth, test for heteroskedasticity.  

 Fifth, test for functional misspecification due to an omitted variable or 

measurement error in an independent variable.  
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 Sixth, test for endogeneity so as to correct for mis-specification due to incorrect 

functional form and simultaneity bias (Gupta, 1999). 

 Seventh, test for stationarity of the dataset in the case of time series dataset using 

unit roots tests. 

Check for problematic outliers 

To check for problematic outliers, there are two according to approaches Yaffee (2002a), 

namely:  

i. Sorting approach  

ii. Graphical approaches.  

For the first approach, we sort the standardised residuals after predicting them and run a 

tabulation of them. If there are standardised residuals with absolute values in excess of 

3.5, then, we need to examine the leverage, difference of fits (dffits) and difference of 

betas (dfbetas) of the observations to determine whether they need to be trimmed or 

smoothed (Yaffee, 2002a). Residuals can be problematic with small sample size. 

 

Second, the graphical approach to checking for outliers can be applied. If graph is run, 

the points are supposed to be condensed in a particular direction. But if the points are 

scattered and stand alone, this is an indication of outliers above the normal range. 

 

Test for the normality assumption of the residuals 

To test for the normality assumption of the residuals, we predict residuals and perform 

Kolmogorov-Smirnov test for normality with Skewness/Kurtosis test (Yaffee, 2002b). 

The null hypothesis of the test is that the residuals are not statistically different from the 

theoretical normal distribution, i.e., they are normally distributed. If the test is statistically 

significant by at most 0.05 level, i.e., 5% level of significance, the residuals are different 

from the theoretical normal distribution (Yaffee, 2002b). If not, then they are normal. 

Thus, if the null hypothesis is accepted, the residuals are normal, and if it is rejected, then 

they are not normally distributed (Garba, 2013). 

 

Multicollinearity Test 

Multicollinearity refers to the situation where there is either an exact or nearly exact linear 

relationship among some or all explanatory variables of a regression model (Gujarati, 

1995). If explanatory variables are highly correlated among themselves, it will be difficult 
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to estimate the parameters of the model with greater precision i.e., with smaller standard 

errors (Gujarati, 1995). That is, we cannot isolate individual influence of independent 

variables on a dependent variable. Multicollinearity in its severe form could make the 

parameter estimates not significant even when the overall model may actually be adequate 

(Pallant, 2004). 

 

There are various ways of checking for the severity of multicollinearity (Garba, 2013). 

The ways are as follows:  

 

First, correlation coefficient of 0.7 and above for two or more variables. When you run 

correlation analysis and notice that two or more variables each of which has correlation 

coefficient of 0.7 and above, it is an indication that those variables may have collinearity 

problem. In view of this, Tabachnick and Fidell (1996) suggest that any two variables 

with a bivariate correlation of 0.7, that is, correlation coefficient of 0.7 and above should 

not be included in the same analysis, i.e., the same model. This is because the two 

variables may be correlated given the values of their coefficients.  

 

Second, through the use of Tolerance value: tolerance value can also be employed as a 

means of checking for the presence of multicollinearity. Tolerance value ranges from 0 

to 1, where lower value is associated with higher multicollinearity. Tolerance value 

measures the proportion of the variability in the corresponding independent variable that 

is independent of the other independent variables in the model (DeCoster, 2005).  

 

Third, Variance Inflation Factor (VIF) can also be employed as a means of checking for 

the presence of multicollinearity. VIF has a minimum value of 1, but once it is below 10, 

there is no ground to suspect severity of multicollinearity; when it is above 10, it is a 

cause of worry.  In that situation, adequate remedial measures are recommended (Hair, 

Anderson; & Black, 1995). VIF measures the magnitude of the increase in variance of a 

coefficient due to multicollinearity (DeCoster, 2005). If a variable is very closely related 

to another variable(s), the tolerance goes to 0, and the variance inflation gets very large 

(DeCoster, 2005). Therefore, if the coefficient of a variable has a VIF value of 4.5, the 

variance of that coefficient in the model is 4.5 times larger than it will be if it is not 

correlated with any of the other independent variables (IVs) (DeCoster, 2005). If 
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condition index or mean of VIF is greater than 10, then significant collinearity exists, and 

if it is greater than 30, severe collinearity exists (Gupta, 1999). 

 

Fourth, when R-squared is so high, greater than 0.75 (Gupta, 1999) and F calculated is 

statistically significant but most of the parameters of the model are not statistically 

significant. These are classic symptoms of multicollinearity (Garba, 2013). 

 

Test for heteroscedasticity 

To test for heteroscedasticity, Breusch and Pagan (1979) test can be applied. 

Heteroscedasticity occurs when the variance of the disturbance term is not the same for 

all observations (Dougherty, 2007). That is the existence of variation in the error 

variances. This is the opposite of homoscedasticity. If the variances are not the same, i.e., 

non-constant variances, then there is heteroscedasticity. Very often what causes 

heteroscedaticity may be due to the fact that some important variables are omitted from a 

model (Dougherty, 2007). Thus, in the demand function for a commodity, if we do not 

include the prices of commodities complementary to or competing with the commodity 

in question (the omitted variable bias), the residuals obtained from the regression may 

give the distinct impression that the error variance may not be constant (Dougherty, 

2007). The problem of heteroscedasticity is likely to be more common in cross-sectional 

than in time series data. The null hypothesis of the test is; there is no heteroskedasticity 

or the variances do not vary while the alternative hypothesis is saying there is 

heteroskedasticity or variances vary (Dougherty, 2007). Therefore, if the calculated value 

of the test is greater than or equal to its critical value, the problem of heteroskedasticity 

exists, if not the problem does not exist.  

 

Test for autocorrelation 

To test whether a model has autocorrelation in the residuals, there are a few tests that one 

can perform. The first is the Durbin-Watson Test. This test has a number of problems, but 

despite these, it remains widely used in the literature (Gujarati, 1995). This test does 

require that all the regressors be strictly exogenous (Gujarati, 1995). In brief, it generates 

a t-statistic for whether we have autocorrelation in the residuals of the model. However, 

the way this test is set up has "inconclusive regions" and cannot always be used. Roughly 
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you want your Durbin-Watson test value to be around 2. If the Durbin-Watson is "much 

smaller" (typically anything much less than about 1.5) than 2, is something to be worried 

about (Gujarati, 1995). This is an indication of positive autocorrelation.  

 

Second, h statistic (alternative Durbin-Watson test) or Breusch-Godfrey LM (Lagrange 

multiplier) Test can be used like in autoregressive distributed lag (ADL) model and 

autoregressive integrated moving average, i.e. ARIMA (Gujarati, 1995). The null 

hypothesis for h test is: there is no first order autocorrelation. If the h calculated value is 

greater than its critical value, we reject the null hypothesis of no first order autocorrelation 

and accept the alternative one, which says there is. Breusch-Godfrey test for residual 

serial correlation can also be used in testing for autocorrelation for time series data. The 

null hypothesis for Breusch-Godfrey test is there is no serial correlation. If the Breusch-

Godfrey calculated value is greater than its critical value, we reject the null hypothesis of 

no serial correlation and accept the alternative one. This test does not require that all the 

regressors be strictly exogenous. 

 

Autocorrelation, like heteroskedasticity problem, can inflate or deflate our standard errors 

of the estimated parameters, making us think a relationship is significant when it is 

actually not, or think it is not significant when it is. In other words, it hides statistical 

significant relationship.   

 

Test for omitted variable bias 

To test for omitted variable bias, Ramsey’s RESET Test for functional misspecification 

can be applied. Misspecification leads to selection bias, which leads to regressors 

correlating with error term. We should recall that error term captures the effects of all 

omitted and imperfectly measured variables. Therefore, if a variable is not specified 

correctly it will correlate with error term, leading to possible misspecification problem.   

 

Test of endogeneity 

A test of endogeneity (simultaneity) is essentially a test of whether an endogenous 

independent variable is correlated with the error term. If it does correlate, the endogeneity 

problem exists, as such, an alternative to OLS must be found. But if it does not correlate, 

we can use OLS (Gujarati, 1995). To carry out this test, we can use Hausman’s 
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specification error test. Therefore, under the null hypothesis that there is no simultaneity, 

the correlation between endogenous independent variable and error term should be zero. 

If we run the test and find that the test is statistically zero, i.e., not statistically significant, 

we can conclude that there is no endogeneity problem and vice versa (Gujarati, 1995). 

We use t test if we have a single endogenous independent variable and f test if we have 

more than one. 

 

Unit Roots Tests 

In testing for unit roots, there are traditional and modern methods of conducting the tests. 

Traditional methods used in testing for nonstationarity of time series dataset include: 1. 

The unit root test for stationary of a variable [Autoregressive process, Dickey-Fuller, 

augmented Dickey and Fuller (1979) (ADF) and Phillips and Perron (1988) unit root 

tests] and 2. Cointegration test for unit root of residuals. 

 

However, modern methods used in testing for non-stationarity of time series dataset 

include: 1. Elliott, Rothenberg; and Stock (1996) DF-GLS (Dickey-Fuller Generalised 

Least Squares); 2. Zivot and Andrews  (1992) approach; 3. Kwiatkowski, Phillips, 

Schmidt and Shin, (1992) (KPSS) unit root test, and 4. Clemente, Montanes and Reyes 

(1998) unit root test. 

 

However, the choice of optimal lag length in unit root test is very critical too for the fact 

that the size and properties of the unit root tests are sensitive to the number of lags of a 

series variable used (Acaravci, 2010). Optimal lag length of a series should be taken into 

consideration during the test. But there are different criteria used in selecting the optimal 

lag to be included in unit root test that give different results. It is therefore appropriate to 

use more than one criterion. Alternative criteria that are based on information criteria 

include: Akaike Information Criteria (AIC) and Bayes Information Criteria (BIC), also 

known as the Schwartz Information Criteria - SIC (Acaravci, 2010). Other criteria are 

Hannan-Quinn Information criterion (HQIC), final prediction error (FPE) and likelihood 

ratio (LR). But among the information criteria, the best information criterion according 

to Hoxha (2010) is Hannan-Quinn Information criterion (HQIC). 
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6.3.3 Inferential Method 

Inferential method is concerned with estimating or making a decision about a population 

parameter based on a sample statistics. It analyzes data by testing hypotheses and draws 

conclusion on the basis of the statistical significance of the estimated parameters of the 

model (Salvatore & Reagle, 2002). Inferential statistical method can be divided into 

parametric and non-parametric methods.  

 

A statistical method is said to be parametric when certain assumptions are made about the 

parameters of the populations (population distribution), which the samples represent 

when testing hypotheses (Kazmier, 1979). For e.g., when Z test is used to test a hypothesis 

about population mean, it is assumed that the sample comes from a normally distributed 

population with a mean of a specific value. Such methods include; independent t test or 

testing the difference between two means, interval estimation, confidence interval for the 

difference between two means, analysis of variance, some regression models, etc. 

(Kazmier, 1979).  

 

But tests, which do not require knowledge or assumptions about the shape of the universe 

or its population parameters, are called nonparametric tests (Kazmier, 1979). At times 

these methods are called distribution free methods. Nonparametric methods (distribution 

free methods) are used when one or more of the assumptions required for the use of 

parametric methods are not satisfied (Kazmier, 1979). Nonparametric methods are used 

according to Kazmier (1979) when:  

 

 The sample size is so small that the sampling distributions of statistics do not 

approximate the normal distribution, and when no assumption is made about 

population parameter from which the sample is drawn. 
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 When dataset is in rank or ordinal scale (data that tell us only whether one item 

is higher than, lower than, or equal to another item; they do not tell us the size of 

the difference) are used. Example of ordinal data is that, if an investment analyst 

ranks five stocks from highest to lowest in terms of appreciation potential, the 

stock issue ranked 1 is considered to be a better investment than the one ranked 

2, and so forth. But the differences cannot be measured, i.e., one cannot tell from 

the numbers how much number 1 is better or larger than the number 2, or by 

how much the quality or quantity of the rankings differs between successive 

ranks.  

 When nominal data are used. Nominal data are simply data that are in form of 

“male” or “female”, “yes” or “no”. For e.g., qualitative variable of gender, male 

may be coded as 1 and female as 0. Therefore, the numerical values in the 

nominal scale of measurement do not indicate any amount or quantity as such. 

Rather, as is implied by the word “nominal”, the numbers simply serve as names 

for categories. 

 When one or more of the assumptions required for the use of parametric 

methods are not satisfied. 

Some of the nonparametric methods include the following: 

 Chi-square (X2) 

 The Spearman Rank Correlation Coefficient 

 The Mann-Whitney-test (U test for two independent samples or Rank 

Sum Test) 

 The Sign Test for Paired Observations 

 One-Sample Runs Test (The Run Test for Randomness) 

 The Wilcoxon Test for Paired Observations, among others. 

 

Therefore, adoption of a given statistical method depends on the nature of the dataset 

(Garba, 2013). There are some steps that are normally followed in testing a hypothesis. 

 

6.3.3.1 Steps in Hypothesis Test 

 

 (1) To formulate the null hypothesis (H0) and the alternative hypothesis  
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(H1). H0 specifies the parameter to be tested and H1 specifies the parameter value 

or values, which are to be accepted if the null hypothesis is rejected. For example, 

we formulate hypothesis as: 

H0:1 = 2 

H1:1 ≠ 2 

 

(2) To specify the level of significance to be used. This is the statistical standard used 

as the basis for rejecting the null hypothesis. For e.g., 1% level of significance, 

5% level of significance or 10% level of significance. 

 

(3) To select the test statistic. This is the value based on the sample used to determine 

whether the null hypothesis should be rejected or accepted. For e.g., Z normal 

statistics, t, x2, or F statistics. 

 

(4) To establish the critical value of the test statistic. This is the area in the interval or 

the table value of the test statistics e.g. 1.65, 1.96, 2.58, etc. in the case of Z 

distribution. For e.g. Z ( = 0.05) = ± 1.96. 

 

(5) To determine the actual value of the test statistic. This refers to the value of the 

test statistic using the formula of a test statistic. For e.g.  

 

𝑍 =
1 − 2

δ1−2

       --------------------- for population means 

       

Z = X̅1 - X̅2              --------------------- for sample means 

      SX̅1 - X̅2 

  

(6) To make decision: the obtained value of the sample statistic is compared with the 

critical value or (value) of the test statistic. The null hypothesis is then either 

rejected or accepted. 

 

(7) To take appropriate managerial action such as decision like which of the two 

brands of a product should be marketed. 

 

6.3.3.2 Decision Rule 

In testing a hypothesis formulated by a researcher at this level, there is a decision rule. If 

the absolute computed value i.e., absolute value of test statistic is less than or equal to the 
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critical value (the table value), null hypothesis (H0) will be accepted, but if the absolute 

computed value is greater than the table value we reject the null hypothesis and accept 

the alternative hypothesis (H1) (Wonnacott & Wonnacott 1990; and Becker & Greene, 

2001). 

 

Two errors are commonly committed when testing the hypothesis i.e, type I and type II 

errors. Type I error is committed when null hypothesis is rejected when it is true and type 

II error is committed when null hypothesis is accepted when it is false (Wonnacott and 

Wonnacott 1990; and Becker and Greene, 2001). 

 

1.3.4 Model Specification 

At this level, a researcher is expected to specify mathematically or econometrically the 

model he applies for his analysis (Garba, 2013). This is just a mathematical representation 

of the variables captured in the analysis. However, the specification of a model differs 

from one dataset to another (Garba, 2013). For a cross-sectional dataset, a model can be 

specified for e.g., as: 

 

SUBPOVi = β̑̑̑̑0 + β̑1hhchari +  ̑̑i    __________ (1 ) 

 

Where:  

SUBPOVi = A dummy variable measuring subjective poverty (taking 

value of 1 for poor and 0 otherwise). 

β̑̑̑̑0 = Estimated constant parameter or intercept 

β̑1̑ = Vector of the estimated parameters of different household 

characteristics 

hhchar  = Vector of different household characteristics. 

 ̑̑i = Error term. 

 

However, a panel model can be specified as: 
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𝐹𝑖𝑟𝑚 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒it  

=  0  +  1 𝐺𝐸𝑁𝐷𝐼𝑆𝑇𝑌it  +  2 𝐸𝑇𝐻𝐷𝐼𝑆𝑇𝑌it  +  3 𝐹𝑅𝐺𝑁𝐷𝐼𝑅it  

+  4 𝐵𝑂𝐴𝑅𝐷𝐶𝑂𝑀it  +  5 𝐵𝑂𝐴𝑅𝐷𝑆𝑍it  +  6 𝐵𝑂𝐴𝑅𝐷𝑆𝑍𝑆𝑄it   

+ 7 𝐷𝐼𝑅𝑂𝑊𝑁𝑅it     + 8 𝐷𝐼𝑅𝑂𝑊𝑁𝑅𝑆𝑄it    + 9 𝐹𝐴𝑀𝐷𝐼𝑅it + Ci + 
it 

− − − − − − − (2 ) 

Where: 

0= The intercept , GENDISTY= The measures of gender diversity, ETHDISTY= The 

measures of ethnic diversity, FRGNDIR= The measures of foreign directorship, 

BOARDCOM= The measures of board composition, BOARDSZ= The measures of 

board size, BOARDSZ𝑆𝑄 = The measures of board size squared, DIROWNR= The 

measures of directors’ ownership, DIROWNRSQ= The measures of directors’ ownership 

squared, FAMDIR= The measures of family directorship, Ci= Is a unit-specific error 

component, = The remaining error component. 

 

For time series model, it can be specified for e.g., as: 

 

lrgdpt = β̂0+ β̂1ldiIt-i + β̂2lexpt-i + ̂t, where ̂t ~ 1(0) _______ ( 3) 

 

6.3.5 Post-estimation Diagnostic Tests 

After estimating the models specified, there is a need for testing the adequacy of the 

models (Garba, 2013). For the panel dataset, Hausman test for Fixed and Random Effects 

statistic is being used for the choice between random effects and fixed effects models 

(Fosu, 2009). The null hypothesis is that the fixed effect is not more appropriate than 

random effect, while the alternative hypothesis is that, the fixed effects model is more 

appropriate than random effect (Fosu, 2009). Therefore, the null hypothesis is for random 

effects (the intercepts and slopes do not vary) and alternative hypothesis is for fixed 

effects (intercepts vary and slopes are constant). If the alternative hypothesis is rejected, 

this suggests that the coefficient estimates are consistent if random effects are used, i.e., 

inconsistent when random effects are not used but fixed effects are used. Best model also 

can be detected from its lower Standard Error (in the case of cross-sectional dataset) or 

rho (in the case of panel data analysis) and higher adjusted R2 (Fosu, 2009). 
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The Breusch and Pagan (1980) Lagrange multiplier (LM) test helps you decide between 

a random effects regression and pooled OLS regression. The null hypothesis in the LM 

test is that variances across entities are zero. That is, no significant difference across units 

(i.e. no panel effect). If no panel effect, then Pooled-OLS can be used instead of random 

effects model. 

 

Moreover, for other datasets (cross-sectional and time series), adequacy of a model can 

be detected from the F-Statistic value of the model, in the case of cross-section dataset. 

For the time series dataset, the results of Jarque and Bera (1987) test and stability test, 

one would be able ascertain the adequacy of the model (Garba, 2013).   

 

6.3.6 Alternative Estimators when Classical Linear Regression Assumptions are 

violated 

 If the influential outliers are many, then an analyst may embark upon the use of robust 

regression techniques (Finger & Hediger, 2008 and Yaffee, 2002a) instead of Ordinary 

Least Squares (OLS). Robust regression option generates consistent standard error in the 

event of heteroskedasticity and when the residuals are not normally distributed (Yaffeee, 

2002a). But if the omitted variables are included in the model, that impression may 

disappear. However, at times, transformation of the variables into natural log may work 

as well. Exceptional observations (outliers) can cause misleading results if least squares 

regression is applied. Such outliers are adequately treated if robust regression is used 

(Finger & Hediger, 2008 and Yaffee, 2002a). Robust regression analysis provides an 

alternative to a least squares regression model when fundamental assumptions are 

unfulfilled by the nature of the data (Yaffee, 2002b).  

 

If the distributions of residuals are not normal and are heteroskedastic, one can also 

bootstrap the results with application of Bootstrapped Quantile Regresssion (Yaffee, 

2002a). But if influential outliers are not a serious problem, though the data are skewed 

and not normal, then quantile regression (median regression) may be the answer (Yaffee, 

2002b).  
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In the case you detect autocorrelation, then you are in bigger trouble, because OLS 

estimators are now inconsistent and inefficient. Note that the problem of autocorrelation 

is usually more common in time series data, although it can occur in cross-sectional data 

(Garba, 2013). 

 

In short, under autocorrelation situation, it is Generalized Least Squares (GLS) or 

Weighted Least Squares (WLS) estimator that is the best unbiased linear estimator 

(BLUE) rather than OLS (Gujarati, 1995). This can be applied in the form of Praise-

Winston method, Cochran-Orcutt two-step, an iterative Praise-Winston procedure or an 

iterative Cochran-Orcutt procedure. Thus, even if we use OLS, the confidence intervals 

derived are likely to be wider than those based on the GLS procedure. This is likely to be 

the case even if the sample size increases indefinitely. We are likely to declare a 

coefficient statistically insignificant even though in fact, based on the correct GLS 

procedure it may be significant. Therefore, to establish confidence intervals and to test 

hypotheses in the presence of autocorrelation, one should use GLS and not OLS even 

though the estimators derived from the latter are unbiased and consistent (Garba, 2013). 

 

Omitted variable bias problem may be solved by either applying Instrumental Variables 

(IVs) model or Adding quadratic terms of the explanatory variables to the specification 

(Dougherty, 2007). 

 

If there is simultaneity or endogeneity, OLS estimators are not even consistent. In the 

presence of endogeneity, the methods of two-stage least squares (2sls) or instrumental 

variables estimator is consistent and efficient (Gujarati, 1995). Therefore, a common 

econometric solution to this problem is to use instrumental variables estimation such as 

2SLS (Ersado, 2006).However, this suggests that we should check for the endogeneity 

problem before we discard OLS in favour of the alternative methods (Gujarati, 1995). 

 

When dealing with time series dataset, different estimators are used depending on the 

stationarity and non-stationarity of the time series variables (Garba, 2013). The most 

commonly used methods in modeling stationary time series data are:  

1. Autoregressive integrated moving average (ARIMA) in bivariate simple regression 

case,  
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2. Vector autoregression (VAR) in multivariate regression case, and  

3. Distributed lag models, which include; Distributed lag model, autoregressive model, 

and autoregressive distributed lag (ADL) model in bivariate multiple regression case. 

 

However, the most commonly used methods in modeling non-stationary time series data 

are:  

i. Engle and Granger’s (1987) cointegration approach in bivariate simple 

regression,  

ii. Johansen’s (1988) cointegration approach in multivariate regression case,   

iii. Granger causality test,  

iv. Error correction model (ECM) in bivariate simple regression regression case,  

v. Vector Error Correction (VEC) model in multivariate regression case.  

vi. Pesaran, Shin, and Smith (2001) and Pesaran and Shim (1999) Autoregressive 

Distributed Lag (ARDL) Bounds Testing approach, in a case where the 

variables are integrated of different order, i.e., I(0)  and I(1).  

However, Aktas and Yilmaz (2008) assert that the most widely applied method is that of 

Johansen (1988) and Johansen and Juselius (1990). 

 

The steps in performing Johansen’s (1988) cointegration test and VEC estimation are as 

follows: 

2. To plot the series in order to identify whether constants or trends should be 

included in the tests for non-stationarity 

3. Apply unit root tests 

4. Specify a VEC rank test model at level values of the integrated variables 

5. If there is no evidence of cointegrating vector, you should specify VAR models 

in terms of the first difference (order of integration) of the integrated variables 

6. If there is evidence of cointegrating vector, you should specify VEC models in 

log level value of the cointegrated variables, before conducting Granger 

causality test. 

7. If there is no evidence of cointegrating vector(s), then Granger causality would 

be conducted directly with first difference values of the integrated variables 
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In deal with panel dataset, there are three basic traditional models of pooled cross-section 

and time-series analysis (panel data analysis) (Ahn, Adji, & Willett, 1998) which are as 

follows: 

a. The pooled ordinary least squares (Pooled-OLS) model,  

b. The fixed effects model, and  

c. The random effects model 

 

The OLS model assumes that the intercepts and slopes of the regression model are 

constant across countries and over time. The fixed effects model assumes that intercepts 

vary across countries (one intercept for one country) but over time. Instead of assuming 

a set of given (unknown) constants for each country, the random effects model assumes 

a single intercept and differences among countries is merged with the disturbance terms 

(Ahn et al., 1998). 

 

When the dependent variable is a dummy variable, categorical dependent variable models 

(CDVMs) should be used as estimators (Gujarati, 1995). A regression model may have 

its dependent variable as dummy, taking the value of 1 or 0. Suppose we want to study 

the labor-force participation of adult members of a household as a function of the 

unemployment rate, average wage rate, family income, education, etc. (Garba, 2013). 

Hence, the dependent variable, labor-force participation, can take only two values: 1 if 

the person participates in labor force and 0 if he or she does not. Similarly, suppose we 

want to study the union membership status of college professors as a function of several 

quantitative and qualitative variables. A college professor either belongs to a union or 

does not. Thus, the dependent variable, union membership status, is a dummy variable 

taking on values of 0 or 1, 0 meaning no union membership and 1 meaning union 

membership (Garba, 2013). 

 

A unique feature of all these examples is that the dependent variable is of the type that 

elicits a yes or no response; that is, it is dichotomous in nature. The four categorical 

dependent variable models (CDVMs) or discrete choice models (approaches) most 
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commonly used to estimate a regression model with dummy variable as a dependent 

variable according to Gujarati (1995) are: 

 The linear probability model (LPM) 

 The logit or logistic model 

 The probit model (normit model) 

 The tobit (censored regression) model. 

Logistic regression models can be used to predict the relationship between multilevel 

ordinal outcomes and a set of explanatory variables (Yaffee, 2002b). 

 

When the dependent variable is categorical, the ordinary least squares (OLS) method can 

no longer produce the best linear unbiased estimator (BLUE); that is, OLS is biased and 

inefficient. Consequently, researchers have developed various categorical dependent 

variable models (CDVMs). However, nonlinearity of CDVMs makes it difficult to 

interpret outputs, since the effect of a change in a variable depends on the values of all 

other variables in the model (Long 1997). 

 

In CDVMs, the left-hand side (LHS) variable or dependent variable is neither interval nor 

ratio, but rather categorical. The level of measurement and data generation process (DGP) 

of a dependent variable determine the proper type of CDVM. Thus, binary responses are 

modeled with the binary logit and probit regressions, ordinal responses with two 

categories are formulated into the ordered logit/probit regression models, and nominal 

responses with more than two categories are analyzed by multinomial logit, conditional 

logit, or nested logit models. Independent variables on the right-hand side (RHS) may be 

interval, ratio, or binary (dummy). The CDVMs adopt the maximum likelihood (ML) 

estimation method, whereas OLS uses the moment based method (Long, 1997). 

 

6.3.7 How to Interpret and Discuss Results? 

A researcher is expected to interpret the results after data analysis, and compare the 

findings of the study with those of other authors he reviewed in the literature under the 

discussion of findings (Garba, 2013). One has to interpret the results on the basis of the 

significance of parameters tested. Discussion of results is done under a subheading, by 
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comparing the findings of a study with other findings from other studies reviewed under 

the literature review section (Garba, 2013).  

 

 

7 How to draw Conclusions and Policy Implications? 

Conclusions are drawn on the basis of the findings of the study. And the ultimate aim of 

a research is to draw policy implication on how to solve a given economic, social, 

scientific, or political problem. Therefore, policy implications are drawn on the basis of 

the findings of the research (Garba, 2013). 

 

8 How to make a good Referencing Style? 

Referencing can be classified into internal referencing in the text and list of references. 

Under this, all the authors cited in the text of the paper must be reflected in the list of 

references. The surnames of all the author(s) must be written in full, then, other names 

may be abbreviated. For e.g., if a researcher cites an author from a textbook in the text, 

he should in the list of references put the author’s names and the year of publication. In 

this case, the title of the textbook should be written in italic fonts or be underlined. Then, 

full-stop, then place of publication, then you put colon, then you write the name of the 

publishers of the book (Garba, 2013). 

 

According to American Psychological Association (APA) (2010) style, 6th Edition, if a 

journal article is being cited by a researcher, the title of the article should be written 

without quotation marks in the list of references, then full-stop. Then the title of the 

journal should be written in italic fonts, then comma, then the volume of the journal 

outside brackets, then number of the journal inside (brackets), then comma, then pages 

number, then full-stop. However, the referencing style differs from one journal to another 

(Garba, 2013). 

 

9 How to form an Abstract? 

 

An abstract should consist of the main objective of the study, sample size and sampling 

technique, period coverage, type of data used or to be used (e.g., panel dataset, time series 

dataset or cross-sectional dataset), method of data analysis, major or expected findings, 
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and policy implications or expected policy implications and major conclusions (Garba, 

2013). 

 

10 Conclusions  

On the basis of what has been discussed in this paper, the following conclusions have 

been drawn: 

 

Each method of data collection and analysis has its merits and demerits. However, 

quantitative methods are easy to administer. Furthermore, the choice of quantitative, 

qualitative, or mixed methods depends not on the preference of a researcher but on the 

research question and suitability of the particular method for what he/she is studying and 

what he/she wants to find out.  

 

In order to be able to succeed in the conduct of quantitative research, one must have 

excellent command of English, computer literacy, good understanding of the subject 

matter, solid understanding of Statistics (Sanda, 2007) and Econometrics, and the ability 

to make use of statistical and econometric packages (Garba, 2013). 
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