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Lecture 1
Introduction to Model Development
Model Development:
Models are representations of real objects or situations and can be presented in a number of ways and in various forms. For example, a scale model of an airplane is a representation of a real airplane. Similarly a child toy truck is a model of a real truck. The model airplane and toy truck are examples of models that are physical replicas of real objects. In modeling terminology, physical replicas are referred as Iconic Models.
A second classification includes models that are physical in form but do not have the same physical appearance as the object being modeled. Such models are referred as Analog models. The speedometer of an automobile is an analog model; the position of needle on speedometer represents the speed of vehicle. Thermometer is another example of analog model.
The third classification of models includes representation of a problem by a system of symbols and mathematical relations or expressions. Such models are known as mathematical models and are critical part of any quantitative approach in decision making. Like total profit from sales can be determined by multiplying the profit per unit by quantity sold.
P=10x
Flowchart for the transformational process of inputs into outputs
Uncontrollable inputs can either be known exactly or be uncertain and subject to variation. If all uncontrollable inputs to a model are known and cannot vary the model is referred to deterministic model. Methemetical model help to convert the input of controllable factors to output in the form of projections which are based on accuracy.


Report generation 
An important part of the quantitative analysis processes the preparation of managerial reports based on model solution. Referring to the lecture table, we see that the solution based on the quantitative analysis of a problem is one of the inputs the manager considers before making a final decision. Thus the results of the model must appear in a managerial report that can be easily understood by the decision maker. The report includes the recommended decision and other pertinent information about the results that may be helpful to the decision maker.















Lecture 2
Probability
Probability theory 
It is the branch of mathematics concerned with probability, the analysis of random phenomena. The central objects of probability theory are random variables, stochastic processes, and events: mathematical abstractions of non-deterministic events or measured quantities that may either be single occurrences or evolve over time in an apparently random fashion. If an individual coin toss or the roll of dice is considered to be a random event, then if repeated many times the sequence of random events will exhibit certain patterns, which can be studied and predicted. Two representative mathematical results describing such patterns are the law of large numbers and the central limit theorem.
As a mathematical foundation for statistics, probability theory is essential to many human activities that involve quantitative analysis of large sets of data. Methods of probability theory also apply to descriptions of complex systems given only partial knowledge of their state, as in statistical mechanics. A great discovery of twentieth century physics was the probabilistic nature of physical phenomena at atomic scales, described in quantum mechanics.
Definition:
Probability is a numerical measure of the likelihood that an event will occur. Thus probabilities could be used as measures of the degree of uncertainty, that an event will occur.
Probability provide a way to 
a. Measure
b. Express
c. Analyze the uncertainty associated with future events 
Laws of Probability
We have the following laws
d. a: 0≤P(E) ≤1
e. b. ∑P(E) = 1
f. Or P(E1)+ P(E2) +P(E3)…….P(En)=1
g. Of course sum of all probabilities will be non negative
Sample Space
In probability theory, the sample space or universal sample space, often denoted S, Ω, or U (for "universe"), of an experiment or random trial is the set of all possible outcomes. For example, if the experiment is tossing a coin, the sample space is the set {head, tail}. For tossing two coins, the sample space is {(head,head), (head,tail), (tail,head), (tail,tail)}. For tossing a single six-sided die, the sample space is {1, 2, 3, 4, 5, 6}.[1] For some kinds of experiments, there may be two or more plausible sample spaces available. For example, when drawing a card from a standard deck of 52 playing cards, one possibility for the sample space could be the rank (Ace through King), while another could be the suit (clubs, diamonds, hearts, or spades). A complete description of outcomes, however, would specify both the denomination and the suit, and a sample space describing each individual card can be constructed as the Cartesian product of the two sample spaces noted above.
In an elementary approach to probability, any subset of the sample space is usually called an event. However, this gives rise to problems when the sample space is infinite, so that a more precise definition of event is necessary. Under this definition only measurable subsets of the sample space, constituting aσ-algebra over the sample space itself, are considered events. However, this has essentially only theoretical significance, since in general the σ-algebra can always be defined to include all subsets of interest in applications.

Classical Method
The classical method was developed originally to analyse gambling probabilities, where assumption of equally likely outcomes often is reasonable.
Consider similar example of tossing a coin, where chance of getting head or appearing tail is equally likely, as the outcomes may either be head or tail with equal chance of appearance then we can say that probability to get head as outcome is 0.50 or ½ and similar is with tail appearance.
	P(H)=1/2       P(T)=1/2

Relative Frequency Method
Classical method has multiple limitations, towards scope, therefore alternative means have been developed
Relative frequency method describes the ratio of successive chances to occur and total number of outcome.
  P (E) = S/T
Example: 100 consumers buy a product from total production of 400  
	P (E)= 100/400=0.25
Subjective Method
The classical and relative frequency methods of assigning probabilities are objective. For the same experiment or data we should agree on the probability assignments. Subjective method, involves the personal degree of belief. Different individuals looking at same experiment can provide equally good but different subjective probabilities. e.g. in a game, winning, losing or tie wont have equal chance of occurrence. 

Complement of Set
a complement of a set A refers to things not in (that is, things outside of) A. The relative complement of A with respect to a set B, is the set of elements in B but not in A. When all sets under consideration are considered to be subsets of a given set U, the absolute complement of A is the set of all elements in U but not in A.
Union and Intersection
 The union (denoted by ∪) of a collection of sets is the set of all distinct elements in the collection.[1] It is one of the fundamental operations through which sets can be combined and related to each other.
The union of two sets A and B is the collection of points which are in A or in B or in both A and B. In symbols,
[image: A  \cup B = \{ x: x \in A \,\,\,\textrm{ or }\,\,\, x \in B\}].
For example, if A = {1, 3, 5, 7} and B = {1, 2, 4, 6} then A ∪ B = {1, 2, 3, 4, 5, 6, 7}. A more elaborate example (involving two infinite sets) is:
A = {x is an even integer larger than 1}
B = {x is an odd integer larger than 1}
[image: A \cup B = \{2,3,4,5,6, \dots\}]
If we are then to refer to a single element by the variable "x", then we can say that x is a member of the union if it is an element present in set A or in set B, or both.
Sets cannot have duplicate elements, so the union of the sets {1, 2, 3} and {2, 3, 4} is {1, 2, 3, 4}. Multiple occurrences of identical elements have no effect on the cardinality of a set or its contents. The number 9 is not contained in the union of the set of prime numbers {2, 3, 5, 7, 11, …} and the set of even numbers {2, 4, 6, 8, 10, …}, because 9 is neither prime nor even.
 The intersection (denoted as ∩) of two sets A and B is the set that contains all elements of A that also belong to B (or equivalently, all elements of B that also belong to A), but no other elements.
The intersection of A and B is written "A ∩ B". Formally:
[image: A \cap B = \{ x: x \in A \,\land\, x \in B\},]
that is the belongingness of an element of an intersection set is given by a logical conjunction:
x ∈ A ∩ B if and only if
· x ∈ A and
· x ∈ B.
For example:
· The intersection of the sets {1, 2, 3} and {2, 3, 4} is {2, 3}.
· The number 9 is not in the intersection of the set of prime numbers {2, 3, 5, 7, 11, …} and the set of odd numbers {1, 3, 5, 7, 9, 11, …}.
More generally, one can take the intersection of several sets at once. The intersection of A, B, C, and D, for example, is A ∩ B ∩ C ∩ D = A ∩ (B ∩ (C ∩ D)). Intersection is an associative operation; thus,
A ∩ (B ∩ C) = (A ∩ B) ∩ C.
If the sets A and B are closed under complement then the intersection of A and B may be written as the complement of the union of their complements, derived easily from De Morgan's laws:
A ∩ B = (Ac ∪ Bc)c

Additive law
P(AUB)=P(A)+P(B)-P(AnB)
· Example: of 200 students taking a course, 160 passed mid term exam, 140 passed final exam and 124 passed both.
A= event of passing mid term exam
B= event of passing final exam
	P(A)= 160/200=0.80
	P(B)=140/200=0.70
           P(AnB)=124/200=0.62
	P(AUB)=0.80+0.70-0.62=0.8














Lecture 3
Probability (Continued)
Conditional Probability
In probability theory, a conditional probability is the probability that an event will occur, when another event is known to occur or to have occurred. If the events are [image: A] and [image: B] respectively, this is said to be "the probability of [image: A] given [image: B]". It is commonly denoted by [image: P(A|B)], or sometimes [image: P_B(A)]. [image: P(A|B)] may or may not be equal to [image: P(A)], the probability of [image: A]. If they are equal, [image: A] and [image: B] are said to be independent. For example, if a coin is flipped twice, "the outcome of the second flip" is independent of "the outcome of the first flip".
In the Bayesian interpretation of probability, the conditioning event is interpreted as evidence for the conditioned event. That is, [image: P(A)] is the probability of [image: A] before accounting for evidence [image: E], and [image: P(A|E)] is the probability of [image: A] having accounted for evidence [image: E].

Mutually exclusive Events
Two events are 'mutually exclusive' if they cannot occur at the same time. An example is tossing a coin once, which can result in either heads or tails, but not both.
In the coin-tossing example, both outcomes are collectively exhaustive, which means that at least one of the outcomes must happen, so these two possibilities together exhaust all the possibilities. However, not all mutually exclusive events are collectively exhaustive. For example, the outcomes 1 and 4 of a single roll of a six-sided die are mutually exclusive (cannot both happen) but not collectively exhaustive (there are other possible outcomes; 2,3,5,6)
Independent Events
In probability theory, to say that two events are independent,  means that the occurrence of one does not affect the probability of the other. Similarly, two random variables are independent if the observed value of one does not affect the probability distribution of the other.
Two events
Two events [image: A] and [image: B] are independent iff their joint probability equals the product of their probabilities:
[image: P(A \cap B) = P(A)P(B)].
Why this defines independence is made clear by rewriting with conditional probabilities:
[image: P(A \cap B) = P(A)P(B)]
[image: \Leftrightarrow P(A) = \frac{P(A \cap B)}{P(B)} = P(A\mid B)]
[image: \Leftrightarrow P(B) = \frac{P(A \cap B)}{P(A)} = P(B\mid A)].
Thus, the occurrence of [image: B] does not affect the probability of [image: A], and vice versa. Although the derived expressions may seem more intuitive, they are not the preferred definition, as the conditional probabilities may be undefined if [image: P(A)] or [image: P(B)] are 0.
Venn diagram
A Venn diagram is constructed with a collection of simple closed curves drawn in a plane. According to Lewis (1918), the "principle of these diagrams is that classes [or sets] be represented by regions in such relation to one another that all the possible logical relations of these classes can be indicated in the same diagram. That is, the diagram initially leaves room for any possible relation of the classes, and the actual or given relation, can then be specified by indicating that some particular region is null or is not-null".[1]
Venn diagrams normally comprise overlapping circles. The interior of the circle symbolically represents the elements of the set, while the exterior represents elements that are not members of the set. For instance, in a two-set Venn diagram, one circle may represent the group of all wooden objects, while another circle may represent the set of all tables. The overlapping area or intersection would then represent the set of all wooden tables. Shapes other than circles can be employed as shown below by Venn's own higher set diagrams. Venn diagrams do not generally contain information on the relative or absolute sizes (cardinality) of sets; i.e. they are schematic diagrams.

Joint Probability
In the study of probability, given two random variables X and Y that are defined on the same probability space, the joint distribution for X and Y defines the probability of events defined in terms of both X and Y. In the case of only two random variables, this is called a bivariate distribution, but the concept generalizes to any number of random variables, giving a multivariate distribution. The equation for joint probability is different for both dependent and independent events.
The joint probability function of a set of variables can be used to find a variety of other probability distributions. The probability density function can be found by taking a partial derivative of the joint distribution with respect to each of the variables. A marginal density ("marginal distribution" in the discrete case) is found by integrating (or summing in the discrete case) over the domain of one of the other variables in the joint distribution. A conditional probability distribution can be calculated by taking the joint density and dividing it by the marginal density of one (or more) of the variables.
[image: ] [image: ]



Multiplicative law
Law for probabilities stating that if A and B are independent events then P(A ∩ B)=P(A)×P(B),and, in the case of n independent events, A1, A2,..., An,P(A1 ∩ A2 ∩...∩ An)=P(A1)×P(A2)×...×P(An).This is a special case of the more general law of compound probability, which holds for events that may not be independent. In the case of two events, A and B, this law states that P(A ∩ B)=P(A)×P(B|A)=P(B)×P(A|B).For three events, A, B, and C, this becomes P(A ∩ B ∩ C)=P(A)×P(B|A)×P(C|A ∩ B).There are six (=3!) alternative right-hand sides, for example P(C)×P(A|C)×P(B|C ∩ A). The generalization to more than three events can be inferred. 












Lecture 4
Random Variables
Definition
The outcome of an experiment need not be a number, for example, the outcome when a coin is tossed can be 'heads' or 'tails'. However, we often want to represent outcomes as numbers. A random variable is a function that associates a unique numerical value with every outcome of an experiment. The value of the random variable will vary from trial to trial as the experiment is repeated.
Discrete and Continuous Random Variable
A discrete random variable is one which may take on only a countable number of distinct values such as 0, 1, 2, 3, 4, ... Discrete random variables are usually (but not necessarily) counts. If a random variable can take only a finite number of distinct values, then it must be discrete. Examples of discrete random variables include the number of children in a family, the Friday night attendance at a cinema, the number of patients in a doctor's surgery, the number of defective light bulbs in a box of ten.
A continuous random variable is one which takes an infinite number of possible values. Continuous random variables are usually measurements. Examples include height, weight, the amount of sugar in an orange, the time required to run a mile.
Probability Density Function
The probability density function of a continuous random variable is a function which can be integrated to obtain the probability that the random variable takes a value in a given interval.
More formally, the probability density function, f(x), of a continuous random variable X is the derivative of the cumulative distribution function F(x):
[image: f(x) = d/dx F(x)]
Since [image: F(x) = P(X<=x)] it follows that:
[image: integral of f(x)dx = F(b)-F(a) = P(a<X<b)]
If f(x) is a probability density function then it must obey two conditions:
a. that the total probability for all possible values of the continuous random variable X is 1:
[image: integral of f(x)dx = 1]
b. that the probability density function can never be negative: f(x) > 0 for all x.

Mean and Variance of Random Variables 
The expected value (or population mean) of a random variable indicates its average or central value. It is a useful summary value (a number) of the variable's distribution.
Stating the expected value gives a general impression of the behaviour of some random variable without giving full details of its probability distribution (if it is discrete) or its probability density function (if it is continuous).
Two random variables with the same expected value can have very different distributions. There are other useful descriptive measures which affect the shape of the distribution, for example variance.
The expected value of a random variable X is symbolised by E(X) or µ.
If X is a discrete random variable with possible values x1, x2, x3, ..., xn, and p(xi) denotes P(X = xi), then the expected value of X is defined by:
[image: sum of xi.p(xi)]
where the elements are summed over all values of the random variable X.
If X is a continuous random variable with probability density function f(x), then the expected value of X is defined by:
[image: integral of xf(x)dx]
Example
Discrete case : When a die is thrown, each of the possible faces 1, 2, 3, 4, 5, 6 (the xi's) has a probability of 1/6 (the p(xi)'s) of showing. The expected value of the face showing is therefore:
µ = E(X) = (1 x 1/6) + (2 x 1/6) + (3 x 1/6) + (4 x 1/6) + (5 x 1/6) + (6 x 1/6) = 3.5
Notice that, in this case, E(X) is 3.5, which is not a possible value of X.
Variance
The (population) variance of a random variable is a non-negative number which gives an idea of how widely spread the values of the random variable are likely to be; the larger the variance, the more scattered the observations on average.
Stating the variance gives an impression of how closely concentrated round the expected value the distribution is; it is a measure of the 'spread' of a distribution about its average value.
Variance is symbolised by V(X) or Var(X) or [image: sigma^2]
The variance of the random variable X is defined to be:
[image: V(X)=E(X^2)-E(X)^2]
where E(X) is the expected value of the random variable X.
Notes
a. the larger the variance, the further that individual values of the random variable (observations) tend to be from the mean, on average;
b. the smaller the variance, the closer that individual values of the random variable (observations) tend to be to the mean, on average;
c. taking the square root of the variance gives the standard deviation, i.e.:
[image: sqrt(V(X))=sigma]
d. the variance and standard deviation of a random variable are always non-negative.

Lecture 5
Random Variables (Continued)
Uniform Distribution
Uniform distributions model (some) continuous random variables and (some) discrete random variables. The values of a uniform random variable are uniformly distributed over an interval. For example, if buses arrive at a given bus stop every 15 minutes, and you arrive at the bus stop at a random time, the time you wait for the next bus to arrive could be described by a uniform distribution over the interval from 0 to 15.
A discrete random variable X is said to follow a Uniform distribution with parameters a and b, written X ~ Un(a,b), if it has probability distribution
P(X=x) = 1/(b-a)
where
x = 1, 2, 3, ......., n.
A discrete uniform distribution has equal probability at each of its n values.
A continuous random variable X is said to follow a Uniform distribution with parameters a and b, written X ~ Un(a,b), if its probability density function is constant within a finite interval [a,b], and zero outside this interval (with a less than or equal to b).
The Uniform distribution has expected value E(X)=(a+b)/2 and variance {(b-a)2}/12. Example

[image: Un(10,20) pdf]

Binomial Distribution
Typically, a binomial random variable is the number of successes in a series of trials, for example, the number of 'heads' occurring when a coin is tossed 50 times.
A discrete random variable X is said to follow a Binomial distribution with parameters n and p, written X ~ Bi(n,p) or X ~ B(n,p), if it has probability distribution
[image: P(X=x) = (n choose x).p^x.(1-p)^n-x]
where
x = 0, 1, 2, ......., n
n = 1, 2, 3, .......
p = success probability; 0 < p < 1
[image: (n choose x) = n! / {x!(n-x)!}]
The trials must meet the following requirements:
a. the total number of trials is fixed in advance;
b. there are just two outcomes of each trial; success and failure;
c. the outcomes of all the trials are statistically independent;
d. all the trials have the same probability of success.
The Binomial distribution has expected value E(X) = np and variance V(X) = np(1-p).
Examples 

[image: Bi(10,0.5) pdf] [image: Bi(10,0.25) pdf]















Lecture 6
Normal Distribution
Normal distributions model (some) continuous random variables. Strictly, a Normal random variable should be capable of assuming any value on the real line, though this requirement is often waived in practice. For example, height at a given age for a given gender in a given racial group is adequately described by a Normal random variable even though heights must be positive.
A continuous random variable X, taking all real values in the range [image: minus infinity to infinity] is said to follow a Normal distribution with parameters µ and [image: http://www.stats.gla.ac.uk/steps/glossary/images/sigma.gif] if it has probability density function
[image: f(x) = {1/sqrt(2.pi.sigma^2)}.exp[-.5{(x-mu)/sigma}^2]]
We write
[image: X ~ N(mu, sigma^2)]
This probability density function (p.d.f.) is a symmetrical, bell-shaped curve, centred at its expected value µ. The variance is [image: sigma^2].
Many distributions arising in practice can be approximated by a Normal distribution. Other random variables may be transformed to normality.
The simplest case of the normal distribution, known as the Standard Normal Distribution, has expected value zero and variance one. This is written as N(0,1).
Examples 

[image: N(0,1) pdf] [image: N(2,1) pdf] [image: N(0,2) pdf]

Central Limit Theorem
The Central Limit Theorem states that whenever a random sample of size n is taken from any distribution with mean µ and variance [image: sigma^2], then the sample mean [image: x_bar] will be approximatelynormally distributed with mean µ and variance [image: sigma^2]/n. The larger the value of the sample size n, the better the approximation to the normal.
This is very useful when it comes to inference. For example, it allows us (if the sample size is fairly large) to use hypothesis tests which assume normality even if our data appear non-normal. This is because the tests use the sample mean [image: x_bar], which the Central Limit Theorem tells us will be approximately normally distributed.


Lecture 7 & 8
Introduction To Time Series and trend calculation
Definition
		Definition of Time Series: An ordered sequence of values of a variable at equally spaced time intervals.

	Applications: The usage of time series models is twofold:
· Obtain an understanding of the underlying forces and structure that produced the observed data
· Fit a model and proceed to forecasting, monitoring or even feedback and feedforward control.
Time Series Analysis is used for many applications such as:
· Economic Forecasting
· Sales Forecasting
· Budgetary Analysis
· Stock Market Analysis
· Yield Projections
· Process and Quality Control
· Inventory Studies
· Workload Projections
· Utility Studies
· Census Analysis
Techniques: The fitting of time series models can be an ambitious undertaking. There are many methods of model fitting including the following:
· Box-Jenkins ARIMA models
· Box-Jenkins Multivariate Models
The user's application and preference will decide the selection of the appropriate technique. It is beyond the realm and intention of the authors of this handbook to cover all these methods. The overview presented here will start by looking at some basic smoothing techniques:
· Averaging Methods
· Exponential Smoothing Techniques.
Later in this section we will discuss the Box-Jenkins modeling methods and Multivariate Time Series.


Inherent in the collection of data taken over                                                                            time is some form of random variation. There exist methods for reducing of canceling the effect due to random variation. An often-used technique in industry is "smoothing". This technique, when properly applied, reveals more clearly the underlying trend, seasonal and cyclic components.
There are two distinct groups of smoothing methods 
· Averaging Methods
· Exponential Smoothing Methods
We will first investigate some averaging methods, such as the "simple" average of all past data.
[bookmark: 12]A manager of a warehouse wants to know how much a typical supplier delivers in 1000 dollar units. He/she takes a sample of 12 suppliers, at random, obtaining the following results:
	Supplier
	Amount
	Supplier
	Amount

	

	1
	9
	7
	11

	2
	8
	8
	7

	3
	9
	9
	13

	4
	12
	10
	9

	5
	9
	11
	11

	6
	12
	12
	10


The computed mean or average of the data = 10. The manager decides to use this as the estimate for expenditure of a typical supplier.
Is this a good or bad estimate? 
The Box-Jenkins Approach
The Box-Jenkins ARMA model is a combination of the AR andMA models

[image: X(t) = delt + phi1*X(t-1) + phi2*X(t-2) + ... + phip*X(t-p) +
 A(t) - theta*A(t-1) - theta2*A(t-2) - ... - thetaq*A(t-q)]
where the terms in the equation have the same meaning as given for the AR and MA model.
A couple of notes on this model.
1. The Box-Jenkins model assumes that the time series isstationary. Box and Jenkins recommend differencing non-stationary series one or more times to achieve stationarity. Doing so produces an ARIMA model, with the "I" standing for "Integrated".
2. Some formulations transform the series by subtracting the mean of the series from each data point. This yields a series with a mean of zero. Whether you need to do this or not is dependent on the software you use to estimate the model.
3. Box-Jenkins models can be extended to include seasonalautoregressive and seasonal moving average terms. Although this complicates the notation and mathematics of the model, the underlying concepts for seasonal autoregressive and seasonal moving average terms are similar to the non-seasonal autoregressive and moving average terms.
4. The most general Box-Jenkins model includes difference operators, autoregressive terms, moving average terms, seasonal difference operators, seasonal autoregressive terms, and seasonal moving average terms. As with modeling in general, however, only necessary terms should be included in the model. Those interested in the mathematical details can consult 







	
	

	
	







Lecture 9 & 10
Sampling and Sampling Distribution
Sampling
The sampling distribution of a statistic is the distribution of that statistic, considered as a random variable, when derived from a random sample of size n. It may be considered as the distribution of the statistic for all possible samples from the same population of a given size. The sampling distribution depends on the underlying distribution of the population, the statistic being considered, the sampling procedure employed and the sample size used. There is often considerable interest in whether the sampling distribution can be approximated by an asymptotic distribution, which corresponds to the limiting case as n → ∞.
For example, consider a normal population with mean μ and variance σ². Assume we repeatedly take samples of a given size from this population and calculate the arithmetic mean [image: \scriptstyle \bar x] for each sample — this statistic is called the sample mean. Each sample has its own average value, and the distribution of these averages is called the "sampling distribution of the sample mean". This distribution is normal [image: \scriptstyle \mathcal{N}(\mu,\, \sigma^2/n)] since the underlying population is normal, although sampling distributions may also often be close to normal even when the population distribution is not (seecentral limit theorem). An alternative to the sample mean is the sample median. When calculated from the same population, it has a different sampling distribution to that of the mean and is generally not normal (but it may be close for large sample sizes).
The mean of a sample from a population having a normal distribution is an example of a simple statistic taken from one of the simplest statistical populations. For other statistics and other populations the formulas are more complicated, and often they don't exist in closed-form. In such cases the sampling distributions may be approximated through Monte-Carlo simulations,bootstrap methods, or asymptotic distribution theory
Sampling distribution
Suppose that we draw all possible samples of size n from a given population. Suppose further that we compute a statistic (e.g., a mean, proportion, standard deviation) for each sample. The probability distribution of this statistic is called a sampling distribution.
Variability of a Sampling Distribution
The variability of a sampling distribution is measured by its variance or its standard deviation. The variability of a sampling distribution depends on three factors:
· N: The number of observations in the population.
· n: The number of observations in the sample.
· The way that the random sample is chosen.
If the population size is much larger than the sample size, then the sampling distribution has roughly the same sampling error, whether we sample with or without replacement. On the other hand, if the sample represents a significant fraction (say, 1/10) of the population size, the sampling error will be noticeably smaller, when we sample without replacement.
Central Limit Theorem
The central limit theorem states that the sampling distribution of any statistic will be normal or nearly normal, if the sample size is large enough.
How large is "large enough"? As a rough rule of thumb, many statisticians say that a sample size of 30 is large enough. If you know something about the shape of the sample distribution, you can refine that rule. The sample size is large enough if any of the following conditions apply.
· The population distribution is normal.
· The sampling distribution is symmetric, unimodal, without outliers, and the sample size is 15 or less.
· The sampling distribution is moderately skewed, unimodal, without outliers, and the sample size is between 16 and 40.
· The sample size is greater than 40, without outliers.
The exact shape of any normal curve is totally determined by its mean and standard deviation. Therefore, if we know the mean and standard deviation of a statistic, we can find the mean and standard deviation of the sampling distribution of the statistic (assuming that the statistic came from a "large" sample).
Sampling Distribution of the Mean
Suppose we draw all possible samples of size n from a population of size N. Suppose further that we compute a mean score for each sample. In this way, we create a sampling distribution of the mean.
We know the following. The mean of the population (μ) is equal to the mean of the sampling distribution (μx). And the standard error of the sampling distribution (σx) is determined by the standard deviation of the population (σ), the population size, and the sample size. These relationships are shown in the equations below:
μx = μ      and      σx = σ * sqrt( 1/n - 1/N )
Therefore, we can specify the sampling distribution of the mean whenever two conditions are met:
· The population is normally distributed, or the sample size is sufficiently large.
· The population standard deviation σ is known.
Note: When the population size is very large, the factor 1/N is approximately equal to zero; and the standard deviation formula reduces to: σx = σ / sqrt(n). You often see this formula in introductory statistics texts.
Sampling Distribution of the Proportion
In a population of size N, suppose that the probability of the occurence of an event (dubbed a "success") is P; and the probability of the event's non-occurence (dubbed a "failure") is Q. From this population, suppose that we draw all possible samples of size n. And finally, within each sample, suppose that we determine the proportion of successes p and failures q. In this way, we create a sampling distribution of the proportion.
We find that the mean of the sampling distribution of the proportion (μp) is equal to the probability of success in the population (P). And the standard error of the sampling distribution (σp) is determined by the standard deviation of the population (σ), the population size, and the sample size. These relationships are shown in the equations below:
μp = P      and      σp = σ * sqrt( 1/n - 1/N ) = sqrt[ PQ/n - PQ/N ]
where σ = sqrt[ PQ ].
Note: When the population size is very large, the factor PQ/N is approximately equal to zero; and the standard deviation formula reduces to: σp = sqrt( PQ/n ).









Lecture 11
Student t Distribution
In probability and statistics, Student's t-distribution (or simply the t-distribution) is a family of continuous probability distributions that arises when estimating the mean of a normally distributed population in situations where the sample size is small and population standard is unknown. It plays a role in a number of widely used statistical analyses, including the Student's t-test for assessing the statistical significance of the difference between two sample means, the construction of confidence intervals for the difference between two population means, and in linear regression analysis. The Student's t-distribution also arises in the Bayesian analysis of data from a normal family.
If we take k samples from a normal distribution with fixed unknown mean and variance, and if we compute the sample mean and sample variance for these k samples, then the t-distribution (for k) can be defined as the distribution of the location of the true mean, relative to the sample mean and divided by the sample standard deviation, after multiplying by the normalizing term [image: \sqrt{n}]. In this way the t-distribution can be used to estimate how likely it is that the true mean lies in any given range.
The t-distribution is symmetric and bell-shaped, like the normal distribution, but has heavier tails, meaning that it is more prone to producing values that fall far from its mean. This makes it useful for understanding the statistical behavior of certain types of ratios of random quantities, in which variation in the denominator is amplified and may produce outlying values when the denominator of the ratio falls close to zero. The Student's t-distribution is a special case of the generalised hyperbolic distribution.
	Student's t

	Probability density function
[image: Student t pdf.svg]


Sampling distribution
Let x1, ..., xn be the numbers observed in a sample from a continuously distributed population with expected value μ. The sample mean and sample variance are respectively
[image:  \bar{x} = \frac{x_1+\cdots+x_n}{n}\text{ and }s^2=\frac{1}{n-1}\sum_{i=1}^n (x_i - \bar{x})^2.]
The resulting t-value is
[image:  t = \frac{\bar{x} - \mu}{s/\sqrt{n}}. ]
The t-distribution with n − 1 degrees of freedom is the sampling distribution of the t-value when the samples consist of independent identically distributed observations from a normally distributedpopulation. Thus for inference purposes t is a useful "pivotal quantity" in the case when the mean and variance [image: (\mu,\sigma^2)] are unknown population parameters, in the sense that the t-value has then a probability distribution that depends on neither μ nor σ2.




Lecture 12
Statistical Inference (Estimation)
Statistical Inference
In statistics, statistical inference is the process of drawing conclusions from data that is subject to random variation, for example, observational errors or sampling variation.[1] More substantially, the terms statistical inference, statistical induction and inferential statistics are used to describe systems of procedures that can be used to draw conclusions from datasets arising from systems affected by random variation,[2] such as observational errors, random sampling, or random experimentation.[1] Initial requirements of such a system of procedures for inference and induction are that the system should produce reasonable answers when applied to well-defined situations and that it should be general enough to be applied across a range of situations.
The outcome of statistical inference may be an answer to the question "what should be done next?", where this might be a decision about making further experiments or surveys, or about drawing a conclusion before implementing some organizational or governmental policy.
Estimation
Estimation is the process of finding an estimate, or approximation, which is a value that is usable for some purpose even if input data may be incomplete, uncertain, or unstable. The value is nonetheless usable because it is derived from the best information available.[1] Typically, estimation involves "using the value of a statistic derived from a sample to estimate the value of a corresponding population parameter".[2] The sample provides information that can be projected, through various formal or informal processes, to determine a range most likely to describe the missing information. An estimate that turns out to be incorrect will be an overestimate if the estimate exceeded the actual result, and an underestimate if the estimate fell short of the actual result.
Mean Square /Error
Mean squared error (MSE) of an estimator is one of many ways to quantify the difference between values implied by an estimator and the true values of the quantity being estimated. MSE is a risk function, corresponding to the expected value of the squared error loss or quadratic loss. MSE measures the average of the squares of the "errors." The error is the amount by which the value implied by the estimator differs from the quantity to be estimated. The difference occurs because of randomness or because the estimator doesn't account for information that could produce a more accurate estimate.[1]
The MSE is the second moment (about the origin) of the error, and thus incorporates both the variance of the estimator and its bias. For an unbiased estimator, the MSE is the variance of the estimator. Like the variance, MSE has the same units of measurement as the square of the quantity being estimated. In an analogy to standard deviation, taking the square root of MSE yields theroot mean square error or root mean square deviation (RMSE or RMSD), which has the same units as the quantity being estimated; for an unbiased estimator, the RMSE is the square root of the variance, known as the standard deviation.
Point Estimation
Point estimation involves the use of sample data to calculate a single value (known as a statistic) which is to serve as a "best guess" or "best estimate" of an unknown (fixed or random) population parameter.
Estimator
Estimator is a rule for calculating an estimate of a given quantity based on observed data: thus the rule and its result (the estimate) are distinguished.
There are point and interval estimators. The point estimators yield single-valued results, although this includes the possibility of single vector-valued results and results that can be expressed as a single function. This is in contrast to an interval estimator, where the result would be a range of plausible values (or vectors or functions).
Statistical theory is concerned with the properties of estimators; that is, with defining properties that can be used to compare different estimators (different rules for creating estimates) for the same quantity, based on the same data. Such properties can be used to determine the best rules to use under given circumstances. However, in robust statistics, statistical theory goes on to consider the balance between having good properties, if tightly defined assumptions hold, and having less good properties that hold under wider conditions.















Lecture 13
Statistical Hypothesis
A statistical hypothesis test is a method of making decisions using data, whether from a controlled experiment or an observational study (not controlled). In statistics, a result is called statistically if it is unlikely to have occurred by chance alone, according to a pre-determined threshold probability, the significance level. The phrase "test of significance" was coined by Ronald: "Critical tests of this kind may be called tests of significance, and when such tests are available we may discover whether a second sample is or is not significantly different from the first."[1]
These tests are used in determining what outcomes of an experiment would lead to a rejection of the null hypothesis for a pre-specified level of significance; helping to decide whether experimental results contain enough information to cast doubt on conventional wisdom. It is sometimes called confirmatory data analysis, in contrast to exploratory data analysis.
Statistical hypothesis tests answer the question Assuming that the null hypothesis is true, what is the probability of observing a value for the test statistic that is at least as extreme as the value that was actually observed?.[2] That probability is known as the P-value.
Type I and Type II error
You have been using probability to decide whether a statistical test provides evidence for or against your predictions. If the likelihood of obtaining a given test statistic from the population is very small, you reject the null hypothesis and say that you have supported your hunch that the sample you are testing is different from the population.
[image: Click here to find out more!]
But you could be wrong. Even if you choose a probability level of 5 percent, that means there is a 5 percent chance, or 1 in 20, that you rejected the null hypothesis when it was, in fact, correct. You can err in the opposite way, too; you might fail to reject the null hypothesis when it is, in fact, incorrect. These two errors are called Type I and Type II, respectively. Table 1 presents the four possible outcomes of any hypothesis test based on (1) whether the null hypothesis was accepted or rejected and (2) whether the null hypothesis was true in reality.
	Table 1. Types of Statistical Errors

	 
	H0 is actually:

	 
	True
	False

	Reject H0
	Type I error
	Correct

	Accept H0
	Correct
	Type II error


A Type I error is often represented by the Greek letter alpha (α) and a Type II error by the Greek letter beta (β ). In choosing a level of probability for a test, you are actually deciding how much you want to risk committing a Type I error—rejecting the null hypothesis when it is, in fact, true. For this reason, the area in the region of rejection is sometimes called the alpha level because it represents the likelihood of committing a Type I error.
In order to graphically depict a Type II, or β, error, it is necessary to imagine next to the distribution for the null hypothesis a second distribution for the true alternative (see Figure 1). If the alternative hypothesis is actually true, but you fail to reject the null hypothesis for all values of the test statistic falling to the left of the critical value, then the area of the curve of the alternative (true) hypothesis lying to the left of the critical value represents the percentage of times that you will have made a Type II error.
Figure 1. Graphical depiction of the relation between Type I and Type II errors, and the power of the test.
[image: figure]
[image: Click here to find out more!]
Type I and Type II errors are inversely related: As one increases, the other decreases. The Type I, or α (alpha), error rate is usually set in advance by the researcher. The Type II error rate for a given test is harder to know because it requires estimating the distribution of the alternative hypothesis, which is usually unknown.
A related concept is power—the probability that a test will reject the null hypothesis when it is, in fact, false. You can see from Figure 1 that power is simply 1 minus the Type II error rate (β). High power is desirable. Like β, power can be difficult to estimate accurately, but increasing the sample size always increases power.
FOUR STEPS TO HYPOTHESIS TESTING
The goal of hypothesis testing is to determine the likelihood that a population 
parameter, such as the mean, is likely to be true. In this section, we describe the four 
steps of hypothesis testing that were briefly introduced in Section 8.1:
Step 1: State the hypotheses.
Step 2: Set the criteria for a decision.
Step 3: Compute the test statistic.
Step 4: Make a decision.
Step 1: State the hypotheses. We begin by stating the value of a population mean 
in a null hypothesis, which we presume is true. For the children watching TV 
example, we state the null hypothesis that children in the United States watch an 
average of 3 hours of TV per week. This is a starting point so that we can decide 
whether this is likely to be true, similar to the presumption of innocence in a 
courtroom. When a defendant is on trial, the jury starts by assuming that the 
defendant is innocent. The basis of the decision is to determine whether this 
assumption is true. Likewise, in hypothesis testing, we start by assuming that the 
hypothesis or claim we are testing is true. This is stated in the null hypothesis. The 
basis of the decision is to determine whether this assumption is likely to be true.
The null hypothesis (H0
), stated as the null, is a statement about a population 
parameter, such as the population mean, that is assumed to be true.
The null hypothesis is a starting point. We will test whether the value 
stated in the null hypothesis is likely to be true.
Keep in mind that the only reason we are testing the null hypothesis is because 
we think it is wrong. We state what we think is wrong about the null hypothesis in 
an alternative hypothesis. For the children watching TV example, we may have 
reason to believe that children watch more than (>) or less than (<) 3 hours of TV 
per week. When we are uncertain of the direction, we can state that the value in the 
null hypothesis is not equal to (≠) 3 hours.
In a courtroom, since the defendant is assumed to be innocent (this is the null 
hypothesis so to speak), the burden is on a prosecutor to conduct a trial to show 
evidence that the defendant is not innocent. In a similar way, we assume the null 
hypothesis is true, placing the burden on the researcher to conduct a study to show 
evidence that the null hypothesis is unlikely to be true. Regardless, we always make 
a decision about the null hypothesis (that it is likely or unlikely to be true). The 
alternative hypothesis is needed for Step 2.
An alternative hypothesis (H1) is a statement that directly contradicts a null 
hypothesis by stating that that the actual value of a population parameter is 
less than, greater than, or not equal to the value stated in the null hypothesis.
The alternative hypothesis states what we think is wrong for null hypothesis.
Step 2: Set the criteria for a decision. To set the criteria for a decision, we state the 
level of significance for a test. This is similar to the criterion that jurors use in a 
criminal trial. Jurors decide whether the evidence presented shows guilt beyond a 
reasonable doubt (this is the criterion). Likewise, in hypothesis testing, we collect 
data to show that the null hypothesis is not true, based on the likelihood of selecting 
a sample mean from a population (the likelihood is the criterion). The likelihood or 
level of significance is typically set at 5% in behavioral research studies. When the 
probability of obtaining a sample mean is less than 5% if the null hypothesis were 
true, then we conclude that the sample we selected is too unlikely and so we reject 
the null hypothesis.
Level of significance, or significance level, refers to a criterion of judgment 
upon which a decision is made regarding the value stated in a null hypothesis. 
The criterion is based on the probability of obtaining a statistic measured in a 
sample if the value stated in the null hypothesis were true.
In behavioral science, the criterion or level of significance is typically set at 
5%. When the probability of obtaining a sample mean is less than 5% if the 
null hypothesis were true, then we reject the value stated in the null 
hypothesis.
The alternative hypothesis establishes where to place the level of significance. 
Remember that we know that the sample mean will equal the population mean on 
average if the null hypothesis is true. All other possible values of the sample mean 
are normally distributed (central limit theorem). The empirical rule tells us that at 
least 95% of all sample means fall within about 2 standard deviations (SD) of the 
population mean, meaning that there is less than a 5% probability of obtaining a 
MAKING SENSE: Testing the Null Hypothesis
A decision made in hypothesis testing centers on the null hypothesis. This 
means two things in terms of making a decision:
1. Decisions are made about the null hypothesis. Using the courtroom 
analogy, a jury decides whether a defendant is guilty or not guilty. The 
jury does not make a decision of guilty or innocent because the defendant 
is assumed to be innocent. All evidence presented in a trial is to show 
that a defendant is guilty. The evidence either shows guilt (decision: 
guilty) or does not (decision: not guilty). In a similar way, the null 
hypothesis is assumed to be correct. A researcher conducts a study show­
ing evidence that this assumption is unlikely (we reject the null hypoth­
esis) or fails to do so (we retain the null hypothesis).
2. The bias is to do nothing. Using the courtroom analogy, for the same 
reason the courts would rather let the guilty go free than send the inno­
cent to prison, researchers would rather do nothing (accept previous 
notions of truth stated by a null hypothesis) than make statements that 
are not correct. For this reason, we assume the null hypothesis is correct, 
thereby placing the burden on the researcher to demonstrate that the 
null hypothesis is not likely to be correct.
DEFINITION6 P A R T   I I I :   P R O B A B I L I T Y   A N D   T H E   F O U N D A T I O N S   O F   I N F E R E N T I A L   S T A T I S T I C S
sample mean that is beyond 2 SD from the population mean. For the children 
watching TV example, we can look for the probability of obtaining a sample mean 
beyond 2 SD in the upper tail (greater than 3), the lower tail (less than 3), or both 
tails (not equal to 3). Figure 8.2 shows that the alternative hypothesis is used to 
determine which tail or tails to place the level of significance for a hypothesis test.
Step 3: Compute the test statistic. Suppose we measure a sample mean equal to
4 hours per week that children watch TV. To make a decision, we need to evaluate 
how likely this sample outcome is, if the population mean stated by the null 
hypothesis (3 hours per week) is true. We use a test statistic to determine this 
likelihood. Specifically, a test statistic tells us how far, or how many standard 
deviations, a sample mean is from the population mean. The larger the value of the 
test statistic, the further the distance, or number of standard deviations, a sample 
mean is from the population mean stated in the null hypothesis. The value of the 
test statistic is used to make a decision in Step 4.
The test statistic is a mathematical formula that allows researchers to 
determine the likelihood of obtaining sample outcomes if the null hypothesis 
were true. The value of the test statistic is used to make a decision regarding 
the null hypothesis.
Step 4: Make a decision. We use the value of the test statistic to make a decision 
about the null hypothesis. The decision is based on the probability of obtaining a 
sample mean, given that the value stated in the null hypothesis is true. If the 
NOTE: The level of significance in hypothesis testing is the criterion we use to decide whether the value stated in the null hypothesis is likely to be true.
NOTE: We use the value of the test statistic to make a decision regarding the null hypothesis.
µ = 3
We expect the sample mean to be equal to the population mean. 
µ = 3
µ = 3 H1: Children watch more than 3 hours of TV per week. 
H1: Children watch less than 3 hours of TV per week. 
H1: Children do not watch 3 hours of TV per week. 
 Alternative hypothesis determines whether to place the level of significance in one 
or both tails of a sampling  distribution. Sample means that fall in the tails are unlikely to occur (less than a 5% probability) if the value stated for a population mean in the null hypothesis is true.
Probability of obtaining a sample mean is less than 5% when the null hypothesis is 
true, then the decision is to reject the null hypothesis. If the probability of obtaining 
a sample mean is greater than 5% when the null hypothesis is true, then the 
decision is to retain the null hypothesis. In sum, there are two decisions a researcher 
can make:
1. Reject the null hypothesis. The sample mean is associated with a low proba­
bility of occurrence when the null hypothesis is true.
2. Retain the null hypothesis. The sample mean is associated with a high proba­
bility of occurrence when the null hypothesis is true.
The probability of obtaining a sample mean, given that the value stated in the 
null hypothesis is true, is stated by the p value. The p value is a probability: It varies 
between 0 and 1 and can never be negative. In Step 2, we stated the criterion or 
probability of obtaining a sample mean at which point we will decide to reject the 
value stated in the null hypothesis, which is typically set at 5% in behavioral research. 
To make a decision, we compare the p value to the criterion we set in Step 2.
A p value is the probability of obtaining a sample outcome, given that the 
value stated in the null hypothesis is true. The p value for obtaining a sample 
outcome is compared to the level of significance.
Significance, or statistical significance, describes a decision made concerning a 
value stated in the null hypothesis. When the null hypothesis is rejected, we reach 
significance. When the null hypothesis is retained, we fail to reach significance.
When the p value is less than 5% (p < .05), we reject the null hypothesis. We will 
refer to p < .05 as the criterion for deciding to reject the null hypothesis, although 
note that when p = .05, the decision is also to reject the null hypothesis. When the
p value is greater than 5% (p > .05), we retain the null hypothesis. The decision to 
reject or retain the null hypothesis is called significance. When the p value is less 
than .05, we reach significance; the decision is to reject the null hypothesis. When 
the p value is greater than .05, we fail to reach significance; the decision is to retain the null hypothesis.















Lecture 14
Chi Square and Goodness of fit
The chi-square test is used to test if a sample of data came from a population with a specific distribution.
An attractive feature of the chi-square goodness-of-fit test is that it can be applied to any univariate distribution for which you can calculate the cumulative distribution function. The chi-square goodness-of-fit test is applied to binned data (i.e., data put into classes). This is actually not a restriction since for non-binned data you can simply calculate a histogram or frequency table before generating the chi-square test. However, the value of the chi-square test statistic are dependent on how the data is binned. Another disadvantage of the chi-square test is that it requires a sufficient sample size in order for the chi-square approximation to be valid.
The chi-square test is an alternative to the Anderson-Darling andKolmogorov-Smirnov goodness-of-fit tests. The chi-square goodness-of-fit test can be applied to discrete distributions such as the binomial and the Poisson. The Kolmogorov-Smirnov and Anderson-Darling tests are restricted to continuous distributions.
Additional discussion of the chi-square goodness-of-fit test is contained in the product and process comparisons c
The chi-square test is defined for the hypothesis:
	H0:
	The data follow a specified distribution.

	Ha:
	The data do not follow the specified distribution.

	Test Statistic:
	For the chi-square goodness-of-fit computation, the data are divided into k bins and the test statistic is defined as
[image: CHI-SQUARE=SUM(O(i)-E(i))**2/E(i) where the summation is from 1 to k]
where [image: O(I)] is the observed frequency for bin i and[image: E(i)] is the expected frequency for bin i. The expected frequency is calculated by
[image: E(i) = N*(F(Y(u) - F(Y(l))]
where F is the cumulative Distribution function for the distribution being tested, Yu is the upper limit for class i, Yl is the lower limit for class i, and N is the sample size.
This test is sensitive to the choice of bins. There is no optimal choice for the bin width (since the optimal bin width depends on the distribution). Most reasonable choices should produce similar, but not identical, results. For the chi-square approximation to be valid, the expected frequency should be at least 5. This test is not valid for small samples, and if some of the counts are less than five, you may need to combine some bins in the tails.

	Significance Level:
	[image: alpha].

	Critical Region:
	The test statistic follows, approximately, a chi-square distribution with (k - c) degrees of freedom where k is the number of non-empty cells and c = the number of estimated parameters (includinglocation and scale parameters and shape parameters) for the distribution + 1. For example, for a 3-parameter Weibull distribution, c = 4.
Therefore, the hypothesis that the data are from a population with the specified distribution is rejected if
[image: CHI-SQUARE > CHI-SQUARE(1-alpha,k-c)]
where [image: CHI-SQUARE(1-alpha,k-c)] is the chi-square critical value with k - c degrees of freedom and significance levelα.


We generated 1,000 random numbers for normal, double exponential, t with 3 degrees of freedom, and lognormal distributions. In all cases, a chi-square test with k = 32 bins was applied to test for normally distributed data. Because the normal distribution has two parameters, c = 2 + 1 = 3
The normal random numbers were stored in the variable Y1, the double exponential random numbers were stored in the variable Y2, the t random numbers were stored in the variable Y3, and the lognormal random numbers were stored in the variable Y4.
H0:  the data are normally distributed
Ha:  the data are not normally distributed  

Y1 Test statistic:  Χ 2 =   32.256
Y2 Test statistic:  Χ 2 =   91.776
Y3 Test statistic:  Χ 2 =  101.488
Y4 Test statistic:  Χ 2 = 1085.104

Significance level:  α = 0.05
Degrees of freedom:  k - c = 32 - 3 = 29
Critical value:  Χ 21-α, k-c = 42.557
Critical region: Reject H0 if Χ 2 > 42.557
As we would hope, the chi-square test fails to reject the null hypothesis for the normally distributed data set and rejects the null hypothesis for the three non-normal data sets.









Lecture 15
Basics of Regression Analysis
Regression analysis is a statistical tool for the investigation of relationships between variables. Usually, the investigator seeks to ascertain the causal effect of one variable upon another—the effect of a price increase upon demand, for example, or the effect of changes in the money supply upon the inflation rate. To explore such issues, the investigator assembles data on the underlying variables of interest and employs regression to estimate the quantitative effect of the causal variables upon the variable that they influence. The investigator also typically assesses the “statistical significance” of the estimated relationships, that is, the degree of confidence that the true relationship is close to the estimated relationship.
Regression techniques have long been central to the World of economic statistics (“econometrics”). Increasingly, they have become important to lawyers and legal policy makers as well. Regression has been offered as evidence of liability under Title VII of the Civil Rights Act of 1964,
1 as evidence of racial bias in death penalty litigation,
2 as evidence of damages in contract actions,
3 as evidence of violations under the Voting Rights Act,
4 and as evidence of damages in antitrust litigation,
5 among other things.
In this lecture, I will provide an overview of the most basic techniques of regression analysis—how they work, what they assume, and how they may go awry when key assumptions do not hold. To make the discussion concrete, I will employ a series of illustrations involving a hypothetical analysis of the factors that determine individual earnings in the labor market. The illustrations will have a legal favor in the latter part of the lecture, where they will incorporate the possibility that earnings are impermissibly influenced by gender in violation of the federal civil rights laws.
1. What is Regression?
For purposes of illustration, suppose that we wish to identify and quantify the factors that determine earnings in the labor market. A moment’s reflection suggests a myriad of factors that are associated with variations in earnings across individuals—occupation, age, experience, educational attainment, motivation, and innate ability come to mind, perhaps along with factors such as race and gender that can be of particular concern to lawyers. For the time being, let us restrict attention to a single factor—call it education. Regression analysis with a single explanatory variable is termed “simple regression.” a. Simple Regression In reality, any effort quantify the effects of education upon earnings without careful attention to the other factors that affect earnings could create serious statistical difficulties (termed “omitted variables bias”), which I will discuss later. But for now let us assume away this problem. We also assume, again quite unrealistically, that “education” can be measured by a single attribute—years of schooling. We thus suppress the fact that a given number of years in school may represent widely varying academic programs.
At the outset of any regression study, one formulates some hypothesis about the relationship between the variables of interest, here, education and earnings. Common experience suggests that better educated people tend to make more money. It further suggests that the causal relation likely runs from education to earnings rather than the other way around. Thus, the tentative hypothesis is that higher levels of education cause higher levels of earnings, other things being equal.
To investigate this hypothesis, imagine that we gather data on education and earnings for various individuals. Let E denote education in years of schooling for each individual, and let I denote that individual’s earnings in dollars per year. We can plot this information for all of the individuals in the sample using a two-dimensional diagram, conventionally termed a “scatter” diagram. Each point in the diagram represents an individual in the sample.
b. Multiple Regression
Plainly, earnings are affected by a variety of factors in addition to years of schooling, factors that were aggregated into the noise term in the simple regression model above. “Multiple regression” is a technique that allows additional factors to enter the analysis separately so that the effect of each can be estimated. It is valuable for quantifying the impact of various simultaneous influences upon a single dependent variable. Further, because of omitted variables bias with simple regression, multiple regression is often essential even when the investigator is only interested in the effects of one of the
independent variables.
For purposes of illustration, consider the introduction into the earnings analysis of a second independent variable called “experience.” Holding constant the level of education, we would expect someone who has been working for a longer time to earn more. Let X denote years of experience in the labor force and, as in the case of
education, we will assume that it has a linear effect upon earnings that is stable across individuals. The modifed model may be written:
I = α + βE + γX + ε
where γ is expected to be positive
[image: ]

Coefficient of Regression
The coefficient of determination, denoted R2, is used in the context of statistical models whose main purpose is the prediction of future outcomes on the basis of other related information. R2 is most often seen as a number between 0 and 1.0, used to describe how well a regression line fits a set of data. An R2 near 1.0 indicates that a regression line fits the data well, while an R2 closer to 0 indicates a regression line does not fit the data very well. It is the proportion of variability in a data set that is accounted for by the statistical model. It provides a measure of how well future outcomes are likely to be predicted by the model.
There are several different definitions of R2 which are only sometimes equivalent. One class of such cases includes that of linear regression. In this case, if an intercept is included then R2 is also referred to as the coefficient of multiple correlations and is simply the square of the sample correlation coefficient between the outcomes and their predicted values. (In the case of simple linear regression, it is thus the squared correlation between the outcomes and the values of the single regressor being used for 
prediction.) In such cases, the coefficient of determination ranges from 0 to 1. Important cases where the computational definition of R2 can yield negative values, depending on the definition used, arise where the predictions which are being compared to the corresponding outcomes have not been derived from a model-fitting procedure using those data, and where linear regression is conducted without including an intercept. Additionally, negative values of R2 may occur when fitting non-linear trends to data.[2] In these instances, the mean of the data provides a fit to the data that is superior to that of the trend under this goodness of fit analysis

[image: ]
Coefficient of Determination
A data set has values yi, each of which has an associated modelled value fi (also sometimes referred to as ŷi). Here, the values yi are called the observed values and the modelled values fi are sometimes called the predicted values.
The "variability" of the data set is measured through different sums of squares:
[image: SS_\text{tot}=\sum_i (y_i-\bar{y})^2,] the total sum of squares (proportional to the sample variance);
[image: SS_\text{reg}=\sum_i (f_i -\bar{y})^2,] the regression sum of squares, also called the explained sum of squares.
[image: SS_\text{err}=\sum_i (y_i - f_i)^2\,], the sum of squares of residuals, also called the residual sum of squares.
In the above [image: \bar{y}] is the mean of the observed data:
[image: \bar{y}=\frac{1}{n}\sum_{i=1}^n y_i ]
where n is the number of observations.
The notations [image: SS_{R}] and [image: SS_{E}] should be avoided, since in some texts their meaning is reversed to Residual sum of squares and Explained sum of squares, respectively.
The most general definition of the coefficient of determination is
[image: R^2 \equiv 1 - {SS_{\rm err}\over SS_{\rm tot}}.\,]
Relation to unexplained variance
In a general form, R2 can be seen to be related to the unexplained variance, since the second term compares the unexplained variance (variance of the model's errors) with the total variance (of the data). See fraction of variance unexplained.
As explained variance
In some cases the total sum of squares equals the sum of the two other sums of squares defined above,
[image: SS_{\rm err}+SS_{\rm reg}=SS_{\rm tot}. \,]
See partitioning in the general OLS model for a derivation of this result for one case where the relation holds. When this relation does hold, the above definition of R2 is equivalent to
[image: R^{2} = {SS_{\rm reg} \over SS_{\rm tot} } = {SS_{\rm reg}/n \over SS_{\rm tot}/n }.]
In this form R2 is expressed as the ratio of the explained variance (variance of the model's predictions, which is SSreg / n) to the total variance (sample variance of the dependent variable, which isSStot / n).
This partition of the sum of squares holds for instance when the model values ƒi have been obtained by linear regression. A milder sufficient condition reads as follows: The model has the form
[image: f_i=\alpha+\beta q_i \,]
where the qi are arbitrary values that may or may not depend on i or on other free parameters (the common choice qi = xi is just one special case), and the coefficients α and β are obtained by minimizing the residual sum of squares.
This set of conditions is an important one and it has a number of implications for the properties of the fitted residuals and the modelled values. In particular, under these conditions:
[image: \bar{f}=\bar{y}.\,]
As squared correlation coefficient
Similarly, in linear least squares regression with an estimated intercept term, R2 equals the square of the Pearson correlation coefficient between the observed and modeled (predicted) data values.
Under more general modeling conditions, where the predicted values might be generated from a model different than linear least squares regression, an R2 value can be calculated as the square of the correlation coefficient between the original and modeled data values. In this case, the value is not directly a measure of how good the modeled values are, but rather a measure of how good a predictor might be constructed from the modeled values (by creating a revised predictor of the form α + βƒi). According to Everitt (2002, p. 78), this usage is specifically the definition of the term "coefficient of determination": the square of the correlation between two (general) variables.
Interpretation
R2 is a statistic that will give some information about the goodness of fit of a model. In regression, the R2 coefficient of determination is a statistical measure of how well the regression line approximates the real data points. An R2 of 1.0 indicates that the regression line perfectly fits the data.
Values of R2 outside the range 0 to 1 can occur where it is used to measure the agreement between observed and modeled values and where the "modeled" values are not obtained by linear regression and depending on which formulation of R2 is used. If the first formula above is used, values can never be greater than one. If the second expression is used, there are no constraints on the values obtainable.
In many (but not all) instances where R2 is used, the predictors are calculated by ordinary least-squares regression: that is, by minimizing SSerr. In this case R-squared increases as we increase the number of variables in the model (R2 will not decrease). This illustrates a drawback to one possible use of R2, where one might try to include more variables in the model until "there is no more improvement". This leads to the alternative approach of looking at the adjusted R2. The explanation of this statistic is almost the same as R2 but it penalizes the statistic as extra variables are included in the model. For cases other than fitting by ordinary least squares, the R2 statistic can be calculated as above and may still be a useful measure. If fitting is by weighted least squares orgeneralized least squares, alternative versions of R2 can be calculated appropriate to those statistical frameworks, while the "raw" R2 may still be useful if it is more easily interpreted. Values forR2 can be calculated for any type of predictive model, which need not have a statistical basis.
In a linear model
Consider a linear model of the form
[image: {Y_i = \beta_0 + \sum_{j=1}^p {\beta_j X_{i,j}} + \varepsilon_i},]
where, for the ith case, [image: {Y_i}] is the response variable, [image: X_{i,1},\dots,X_{i,p}] are p regressors, and [image: \varepsilon_i] is a mean zero error term. The quantities [image: \beta_0,\dots,\beta_p] are unknown coefficients, whose values are determined by least squares. The coefficient of determination R2 is a measure of the global fit of the model. Specifically, R2 is an element of [0, 1] and represents the proportion of variability inYi that may be attributed to some linear combination of the regressors (explanatory variables) in X.
R2 is often interpreted as the proportion of response variation "explained" by the regressors in the model. Thus, R2 = 1 indicates that the fitted model explains all variability in [image: y]while R2 = 0 indicates no 'linear' relationship (for straight line regression, this means that the straight line model is a constant line (slope=0, intercept=[image: \bar{y}]) between the response variable and regressors). An interior value such as R2 = 0.7 may be interpreted as follows: "Approximately seventy percent of the variation in the response variable can be explained by the explanatory variable. The remaining thirty percent can be explained by unknown, lurking variables or inherent variability."
A caution that applies to R2, as to other statistical descriptions of correlation and association is that "correlation does not imply causation." In other words, while correlations may provide valuable clues regarding causal relationships among variables, a high correlation between two variables does not represent adequate evidence that changing one variable has resulted, or may result, from changes of other variables.
In case of a single regressor, fitted by least squares, R2 is the square of the Pearson product-moment correlation coefficient relating the regressor and the response variable. More generally, R2 is the square of the correlation between the constructed predictor and the response variable.
Inflation of R2
In least squares regression, R2 is weakly increasing in the number of regressors in the model. As such, R2 alone cannot be used as a meaningful comparison of models with different numbers of independent variables. For a meaningful comparison between two models, an F-test can be performed on the residual sum of squares, similar to the F-tests in Granger causality, though this is not always appropriate. As a reminder of this, some authors denote R2 by R2p, where p is the number of columns in X
To demonstrate this property, first recall that the objective of least squares regression is:
[image: \min_b SS_\text{err}(b) \Rightarrow \min_b \sum_i (y_i - X_ib)^2\,]
The optimal value of the objective is weakly smaller as additional columns of [image: X] are added, by the fact that less constrained minimization leads to an optimal cost which is weakly smaller than more constrained minimization does. Given the previous conclusion and noting that [image: SS_{tot}] depends only on y, the non-decreasing property of R2 follows directly from the definition above.
The intuitive reason that using an additional explanatory variable cannot lower the R2 is this: Minimizing [image: SS_\text{err}] is equivalent to maximizing R2. When the extra variable is included, the data always have the option of giving it an estimated coefficient of zero, leaving the predicted values and the R2 unchanged. The only way that the optimization problem will give a non-zero coefficient is if doing so improves the R2.
Simple Linear Regression
 Simple linear regression is the least squares estimator of a linear regression model with a single explanatory variable. In other words, simple linear regression fits a straight line through the set of n points in such a way that makes the sum of squared residuals of the model (that is, vertical distances between the points of the data set and the fitted line) as small as possible.
The adjective simple refers to the fact that this regression is one of the simplest in statistics. The slope of the fitted line is equal to the correlation between y and x corrected by the ratio of standard deviations of these variables. The intercept of the fitted line is such that it passes through the center of mass (x, y) of the data points.
Other regression methods besides the simple ordinary least squares (OLS) also exist (see linear regression model). In particular, when one wants to do regression by eye, people usually tend to draw a slightly steeper line, closer to the one produced by the total least squares method. This occurs because it is more natural for one's mind to consider the orthogonal distances from the observations to the regression line, rather than the vertical ones as OLS method does.

Notes on interpreting R2
R² does not indicate whether:
· The independent variables are a true cause of the changes in the dependent variable;
· omitted-variable bias exists;
· the correct regression was used;
· the most appropriate set of independent variables has been chosen;
· there is collinearity present in the data on the explanatory variables;
· the model might be improved by using transformed versions of the existing set of independent variables.
Adjusted R2
Adjusted R2 (often written as [image: \bar R^2] and pronounced "R bar squared") is a modification due to The of R2 that adjusts for the number of explanatory terms in a model. The adjusted R2 can be negative, and its value will always be less than or equal to that of R2. Unlike R2, the adjusted R2 increases only if the new term improves the model more than would be expected by chance. If the best-fit polynomial for a given set of points were calculated multiple times, with the degree increasing by one each time, the level at which R2 reaches a maximum, and decreases afterward, would be the regression with the ideal combination of having the best fit without excess/unnecessary terms. The adjusted R2 is defined as
[image: \bar R^2 = {1-(1-R^{2}){n-1 \over n-p-1}} = {R^{2}-(1-R^{2}){p \over n-p-1}}]
where p is the total number of regressors in the linear model (not counting the constant term), and n is the sample size.
Adjusted R2 can also be written as
[image: \bar R^2 = {1-{SS_\text{err} \over SS_\text{tot}}}{df_t \over df_e}]
where dft is the degrees of freedom n– 1 of the estimate of the population variance of the dependent variable, and dfe is the degrees of freedom n – p – 1 of the estimate of the underlying population error variance.
The principle behind the adjusted R2 statistic can be seen by rewriting the ordinary R2 as
[image: {R^{2} = {1-{\textit{VAR}_\text{err} \over \textit{VAR}_\text{tot}}}}]
where [image: {\textit{VAR}_\text{err} = SS_\text{err}/n}] and [image: {\textit{VAR}_\text{tot} = SS_\text{tot}/n}] are the sample variances of the estimated residuals and the dependent variable respectively, which can be seen as biased estimates of the population variances of the errors and of the dependent variable. These estimates are replaced by statistically unbiased versions: 
 [image: {\textit{VAR}_\text{tot} = SS_\text{tot}/(n-1)}].
Adjusted R2 does not have the same interpretation as R2. As such, care must be taken in interpreting and reporting this statistic. Adjusted R2 is particularly useful in the feature selection stage of model building.
The use of an adjusted R2 is an attempt to take account of the phenomenon of statistical shrinkage. 
[image: http://upload.wikimedia.org/wikipedia/commons/thumb/8/86/Coefficient_of_Determination.svg/400px-Coefficient_of_Determination.svg.png]
















Lecture 16
Correlation and Coefficient of Correlation
In statistics, dependence refers to any statistical relationship between two random variables or two sets of data. Correlation refers to any of a broad class of statistical relationships involving dependence.
Familiar examples of dependent phenomena include the correlation between the physical statures of parents and their offspring, and the correlation between the demand for a product and its price. Correlations are useful because they can indicate a predictive relationship that can be exploited in practice. For example, an electrical utility may produce less power on a mild day based on the correlation between electricity demand and weather. In this example there is a causal relationship, because extreme weather causes people to use more electricity for heating or cooling; however, statistical dependence is not sufficient to demonstrate the presence of such a causal relationship (i.e., Correlation does not imply causation).
Formally, dependence refers to any situation in which random variables do not satisfy a mathematical condition of probabilistic independence. In loose usage, correlation can refer to any departure of two or more random variables from independence, but technically it refers to any of several more specialized types of relationship between mean values. There are several correlation coefficients, often denoted ρ or r, measuring the degree of correlation. The most common of these is the Pearson correlation coefficient, which is sensitive only to a linear relationship between two variables (which may exist even if one is a nonlinear function of the other). Other correlation coefficients have been developed to be more robust than the Pearson correlation – that is, more sensitive to nonlinear relationships
Correlation and Causality
The conventional dictum that "correlation does not imply causation" means that correlation cannot be used to infer a causal relationship between the variables.[13] This dictum should not be taken to mean that correlations cannot indicate the potential existence of causal relations. However, the causes underlying the correlation, if any, may be indirect and unknown, and high correlations also overlap with identity relations (tautologies), where no causal process exists. Consequently, establishing a correlation between two variables is not a sufficient condition to establish a causal relationship (in either direction). For example, one may observe a correlation between an ordinary alarm clock ringing and daybreak, though there is no direct causal relationship between these events.
A correlation between age and height in children is fairly causally transparent, but a correlation between mood and health in people is less so. Does improved mood lead to improved health, or does good health lead to good mood, or both? Or does some other factor underlie both? In other words, a correlation can be taken as evidence for a possible causal relationship, but cannot indicate what the causal relationship, if any, might be.

Correlation and linearity
[image: http://upload.wikimedia.org/wikipedia/commons/thumb/e/ec/Anscombe%27s_quartet_3.svg/325px-Anscombe%27s_quartet_3.svg.png]
[image: http://bits.wikimedia.org/static-1.21wmf7/skins/common/images/magnify-clip.png]
Four sets of data with the same correlation of 0.816
The Pearson correlation coefficient indicates the strength of a linear relationship between two variables, but its value generally does not completely characterize their relationship. In particular, if the conditional mean of Y given X, denoted E(Y|X), is not linear in X, the correlation coefficient will not fully determine the form of E(Y|X).
The image on the right shows scatterplots of Anscombe's quartet, a set of four different pairs of variables created by Francis Anscombe.[14] The four y variables have the same mean (7.5), standard deviation (4.12), correlation (0.816) and regression line (y = 3 + 0.5x). However, as can be seen on the plots, the distribution of the variables is very different. The first one (top left) seems to be distributed normally, and corresponds to what one would expect when considering two variables correlated and following the assumption of normality. The second one (top right) is not distributed normally; while an obvious relationship between the two variables can be observed, it is not linear. In this case the Pearson correlation coefficient does not indicate that there is an exact functional relationship: only the extent to which that relationship can be approximated by a linear relationship. In the third case (bottom left), the linear relationship is perfect, except for one outlier which exerts enough influence to lower the correlation coefficient from 1 to 0.816. Finally, the fourth example (bottom right) shows another example when one outlier is enough to produce a high correlation coefficient, even though the relationship between the two variables is not linear.
These examples indicate that the correlation coefficient, as a summary statistic, cannot replace visual examination of the data. Note that the examples are sometimes said to demonstrate that the Pearson correlation assumes that the data follow a normal distribution, but this is not correct.[4]
Pearson Correlation and Covariance
The most familiar measure of dependence between two quantities is the Pearson product-moment correlation coefficient, or "Pearson's correlation." It is obtained by dividing the covariance of the two variables by the product of their standard deviations. Karl Pearson developed the coefficient from a similar but slightly different idea by Francis Galton.[4]
The population correlation coefficient ρX,Y between two random variables X and Y with expected values μX and μY and standard deviations σX and σY is defined as:
[image: \rho_{X,Y}=\mathrm{corr}(X,Y)={\mathrm{cov}(X,Y) \over \sigma_X \sigma_Y} ={E[(X-\mu_X)(Y-\mu_Y)] \over \sigma_X\sigma_Y},]
where E is the expected value operator, cov means covariance, and, corr a widely used alternative notation for Pearson's correlation.
The Pearson correlation is defined only if both of the standard deviations are finite and both of them are nonzero. It is a corollary of the Cauchy–Schwarz inequality that the correlation cannot exceed 1 in absolute value. The correlation coefficient is symmetric: corr(X,Y) = corr(Y,X).
The Pearson correlation is +1 in the case of a perfect positive (increasing) linear relationship (correlation), −1 in the case of a perfect decreasing (negative) linear relationship (anticorrelation),[5]and some value between −1 and 1 in all other cases, indicating the degree of linear dependence between the variables. As it approaches zero there is less of a relationship (closer to uncorrelated). The closer the coefficient is to either −1 or 1, the stronger the correlation between the variables.
If the variables are independent, Pearson's correlation coefficient is 0, but the converse is not true because the correlation coefficient detects only linear dependencies between two variables. For example, suppose the random variable X is symmetrically distributed about zero, and Y = X2. Then Y is completely determined by X, so that X and Y are perfectly dependent, but their correlation is zero; they are uncorrelated. However, in the special case when X and Y are jointly normal, uncorrelatedness is equivalent to independence.
If we have a series of n measurements of X and Y written as xi and yi where i = 1, 2, ..., n, then the sample correlation coefficient can be used to estimate the population Pearson correlation rbetween X and Y. The sample correlation coefficient is written
[image: 
r_{xy}=\frac{\sum\limits_{i=1}^n (x_i-\bar{x})(y_i-\bar{y})}{(n-1) s_x s_y}
      =\frac{\sum\limits_{i=1}^n (x_i-\bar{x})(y_i-\bar{y})}
            {\sqrt{\sum\limits_{i=1}^n (x_i-\bar{x})^2 \sum\limits_{i=1}^n (y_i-\bar{y})^2}},
]
where x and y are the sample means of X and Y, and sx and sy are the sample standard deviations of X and Y.
This can also be written as:
[image: 
r_{xy}=\frac{\sum x_iy_i-n \bar{x} \bar{y}}{(n-1) s_x s_y}=\frac{n\sum x_iy_i-\sum x_i\sum y_i}
{\sqrt{n\sum x_i^2-(\sum x_i)^2}~\sqrt{n\sum y_i^2-(\sum y_i)^2}}.
]
If x and y are results of measurements that contain measurement error, the realistic limits on the correlation coefficient are not −1 to +1 but a smaller range.[6]
[edit]Rank correlation coefficients
Main articles: Spearman's rank correlation coefficient and Kendall tau rank correlation coefficient
Rank correlation coefficients, such as Spearman's rank correlation coefficient and Kendall's rank correlation coefficient (τ) measure the extent to which, as one variable increases, the other variable tends to increase, without requiring that increase to be represented by a linear relationship. If, as the one variable increases, the other decreases, the rank correlation coefficients will be negative. It is common to regard these rank correlation coefficients as alternatives to Pearson's coefficient, used either to reduce the amount of calculation or to make the coefficient less sensitive to non-normality in distributions. However, this view has little mathematical basis, as rank correlation coefficients measure a different type of relationship than the Pearson product-moment correlation coefficient, and are best seen as measures of a different type of association, rather than as alternative measure of the population correlation coefficient.[7][8]
To illustrate the nature of rank correlation, and its difference from linear correlation, consider the following four pairs of numbers (x, y):
(0, 1), (10, 100), (101, 500), (102, 2000).
As we go from each pair to the next pair x increases, and so does y. This relationship is perfect, in the sense that an increase in x is always accompanied by an increase in y. This means that we have a perfect rank correlation, and both Spearman's and Kendall's correlation coefficients are 1, whereas in this example Pearson product-moment correlation coefficient is 0.7544, indicating that the points are far from lying on a straight line. In the same way if y always decreases when x increases, the rank correlation coefficients will be −1, while the Pearson product-moment correlation coefficient may or may not be close to −1, depending on how close the points are to a straight line. Although in the extreme cases of perfect rank correlation the two coefficients are both equal (being both +1 or both −1) this is not in general so, and values of the two coefficients cannot meaningfully be compared.[7] For example, for the three pairs (1, 1) (2, 3) (3, 2) Spearman's coefficient is 1/2, while Kendall's coefficient is 1/3.
Spearman Rank Corelation
A method to determine correlation when the data is not available in numerical form and as an alternative the method, the method of rank correlation is used. Thus when the values of the two variables are converted to their ranks, and there from the correlation is obtained, the correlations known as rank correlation.









Lecture 17
ANOVA Analysis of Variance
In general, the purpose of analysis of variance (ANOVA) is to test for significant differences between means. Elementary Concepts provides a brief introduction to the basics of statistical significance testing. If we are only comparing two means, ANOVA will produce the same results as the t test for independent samples (if we are comparing two different groups of cases or observations) or the t test for dependent samples (if we are comparing two variables in one set of cases or observations). If you are not familiar with these tests, you may want to read Basic Statistics and Tables.
Why the name analysis of variance? It may seem odd that a procedure that compares means is called analysis of variance. However, this name is derived from the fact that in order to test for statistical significance between means, we are actually comparing (i.e., analyzing) variances.
· The Partitioning of Sums of Squares
· Multi-Factor ANOVA
The Partitioning of Sums of Squares
At the heart of ANOVA is the fact that variances can be divided, that is, partitioned. Remember that the variance is computed as the sum of squared deviations from the overall mean, divided by n-1 (sample size minus one). Thus, given a certain n, the variance is a function of the sums of (deviation) squares, or SS for short. Partitioning of variance works as follows. Consider this data set:
	 
	Group 1
	Group 2

	Observation 1
Observation 2
Observation 3
	2
3
1
	6
7
5

	Mean
Sums of Squares (SS)
	2
2
	6
2

	Overall Mean
Total Sums of Squares
	 4
28



The means for the two groups are quite different (2 and 6, respectively). The sums of squares within each group are equal to 2. Adding them together, we get 4. If we now repeat these computations ignoring group membership, that is, if we compute the total SS based on the overall mean, we get the number 28. In other words, computing the variance (sums of squares) based on the within-group variability yields a much smaller estimate of variance than computing it based on the total variability (the overall mean). The reason for this in the above example is of course that there is a large difference between means, and it is this difference that accounts for the difference in the SS. In fact, if we were to perform an ANOVA on the above data, we would get the following result:
	 
	MAIN EFFECT

	
	SS
	 df 
	MS
	F
	p

	Effect
Error
	24.0
4.0
	1
4
	24.0
1.0
	24.0
 
	.008
 



As can be seen in the above table, the total SS (28) was partitioned into the SS due to within-group variability (2+2=4) and variability due to differences between means (28-(2+2)=24).
SS Error and SS Effect. The within-group variability (SS) is usually referred to as Error variance. This term denotes the fact that we cannot readily explain or account for it in the current design. However, the SS Effect we can explain. Namely, it is due to the differences in means between the groups. Put another way, group membership explains this variability because we know that it is due to the differences in means.
Significance testing. The basic idea of statistical significance testing is discussed in Elementary Concepts, which also explains why very many statistical tests represent ratios of explained to unexplained variability. ANOVA is a good example of this. Here, we base this test on a comparison of the variance due to the between-groups variability (called Mean Square Effect, or MSeffect) with the within-group variability (called Mean Square Error, or Mserror; this term was first used by Edgeworth, 1885). Under the null hypothesis (that there are no mean differences between groups in the population), we would still expect some minor random fluctuation in the means for the two groups when taking small samples (as in our example). Therefore, under the null hypothesis, the variance estimated based on within-group variability should be about the same as the variance due to between-groups variability. We can compare those two estimates of variance via the F test (see also F Distribution), which tests whether the ratio of the two variance estimates is significantly greater than 1. In our example above, that test is highly significant, and we would in fact conclude that the means for the two groups are significantly different from each other.
Summary of the basic logic of ANOVA. To summarize the discussion up to this point, the purpose of analysis of variance is to test differences in means (for groups or variables) for statistical significance. This is accomplished by analyzing the variance, that is, by partitioning the total variance into the component that is due to true random error (i.e., within-group SS) and the components that are due to differences between means. These latter variance components are then tested for statistical significance, and, if significant, we reject the null hypothesis of no differences between means and accept the alternative hypothesis that the means (in the population) are different from each other.
[bookmark: bmulti]Dependent and independent variables. The variables that are measured (e.g., a test score) are called dependent variables. The variables that are manipulated or controlled (e.g., a teaching method or some other criterion used to divide observations into groups that are compared) are called factors or independent variables. For more information on this important distinction, refer to Elementary Concepts.
Multi-Factor ANOVA
In the simple example above, it may have occurred to you that we could have simply computed a t test for independent samples to arrive at the same conclusion. And, indeed, we would get the identical result if we were to compare the two groups using this test. However, ANOVA is a much more flexible and powerful technique that can be applied to much more complex research issues.
Multiple factors. The world is complex and multivariate in nature, and instances when a single variable completely explains a phenomenon are rare. For example, when trying to explore how to grow a bigger tomato, we would need to consider factors that have to do with the plants' genetic makeup, soil conditions, lighting, temperature, etc. Thus, in a typical experiment, many factors are taken into account. One important reason for using ANOVA methods rather than multiple two-group studies analyzed via t tests is that the former method is more efficient, and with fewer observations we can gain more information. Let's expand on this statement.
Controlling for factors. Suppose that in the above two-group example we introduce another grouping factor, for example, Gender. Imagine that in each group we have 3 males and 3 females. We could summarize this design in a 2 by 2 table:
	 
	Experimental
Group 1
	Experimental
Group 2

	Males
 
 
	2
3
1
	6
7
5

	Mean
	2
	6

	Females
 
 
	4
5
3
	8
9
7

	Mean
	4
	8



Before performing any computations, it appears that we can partition the total variance into at least 3 sources: (1) error (within-group) variability, (2) variability due to experimental group membership, and (3) variability due to gender. (Note that there is an additional source – interaction – that we will discuss shortly.) What would have happened had we not included gender as a factor in the study but rather computed a simple t test? If we compute the SS ignoring the gender factor (use the within-group means ignoring or collapsing across gender; the result is SS=10+10=20), we will see that the resulting within-group SS is larger than it is when we include gender (use the within- group, within-gender means to compute those SS; they will be equal to 2 in each group, thus the combined SS-within is equal to 2+2+2+2=8). This difference is due to the fact that the means for males are systematically lower than those for females, and this difference in means adds variability if we ignore this factor. Controlling for error variance increases the sensitivity (power) of a test. This example demonstrates another principal of ANOVA that makes it preferable over simple two-group t test studies: In ANOVA we can test each factor while controlling for all others; this is actually the reason why ANOVA is more statistically powerful (i.e., we need fewer observations to find a significant effect) than the simple t test.
Between-Groups Designs
All examples discussed so far have involved only one dependent variable. Even though the computations become increasingly complex, the logic and nature of the computations do not change when there is more than one dependent variable at a time. For example, we may conduct a study where we try two different textbooks, and we are interested in the students' improvements in math and physics. In that case, we have two dependent variables, and our hypothesis is that both together are affected by the difference in textbooks. We could now perform a multivariate analysis of variance (MANOVA) to test this hypothesis. Instead of a univariate F value, we would obtain a multivariate F value (Wilks' lambda) based on a comparison of the error variance/covariance matrix and the effect variance/covariance matrix. The "covariance" here is included because the two measures are probably correlated and we must take this correlation into account when performing the significance test. Obviously, if we were to take the same measure twice, then we would really not learn anything new. If we take a correlated measure, we gain some new information, but the new variable will also contain redundant information that is expressed in the covariance between the variables.
Interpreting results. If the overall multivariate test is significant, we conclude that the respective effect (e.g., textbook) is significant. However, our next question would of course be whether only math skills improved, only physics skills improved, or both. In fact, after obtaining a significant multivariate test for a particular main effect or interaction, customarily we would examine the univariate F tests (see also F Distribution) for each variable to interpret the respective effect. In other words, we would identify the specific dependent variables that contributed to the significant overall effect.
The F-test
Main article: F-test
The F-test is used for comparisons of the components of the total deviation. For example, in one-way, or single-factor ANOVA, statistical significance is tested for by comparing the F test statistic
[image: F = \frac{\text{variance between treatments}}{\text{variance within treatments}}]
[image: F = \frac{MS_\text{Treatments}}{MS_\text{Error}} = {{SS_\text{Treatments} / (I-1)} \over {SS_\text{Error} / (n_T-I)}}]
where MS is mean square, [image: I] = number of treatments and [image: n_T] = total number of cases
to the F-distribution with [image: I - 1], [image: n_T - I] degrees of freedom. Using the F-distribution is a natural candidate because the test statistic is the ratio of two scaled sums of squares each of which follows a scaled chi-squared distribution.
The expected value of F is [image: 1 + {n \sigma^2_\text{Treatment}} / 
{\sigma^2_\text{Error}}] (where n is the treatment sample size) which is 1 for no treatment effect. As values of F increase above 1 the evidence is increasingly inconsistent with the null hypothesis. Two apparent experimental methods of increasing F are increasing the sample size and reducing the error variance by tight experimental controls.
The textbook method of concluding the hypothesis test is to compare the observed value of F with the critical value of F determined from tables. The critical value of F is a function of the numerator degrees of freedom, the denominator degrees of freedom and the significance level (α). If F ≥ FCritical (Numerator DF, Denominator DF, α) then reject the null hypothesis.
The computer method calculates the probability (p-value) of a value of F greater than or equal to the observed value. The null hypothesis is rejected if this probability is less than or equal to the significance level (α). The two methods produce the same result.
The ANOVA F-test is known to be nearly optimal in the sense of minimizing false negative errors for a fixed rate of false positive errors (maximizing power for a fixed significance level). To test the hypothesis that all treatments have exactly the same effect, the F-test's p-values closely approximate the permutation test's p-values: The approximation is particularly close when the design is balanced.[31][32] Such permutation tests characterize tests with maximum power against all alternative hypotheses,  The ANOVA F–test (of the null-hypothesis that all treatments have exactly the same effect) is recommended as a practical test, because of its robustness against many alternative distributions.

Lecture 18
Introduction to Research Methods
Business Research
In general, business research refers to any type of researching done when starting or running any kind of business. For example, starting any type of business requires research into the target customer and the competition to create a business plan. Conducting business market research in existing businesses is helpful in keeping in touch with consumer demand. Small business research begins with researching an idea and a name and continues with research based on customer demand and other businesses offering similar products or services. All business research is done to learn information that could make the company more successful.
Business research methods vary depending on the size of the company and the type of information needed. For instance, customer research may involve finding out both a customer’s feelings about and experiences using a product or service. The methods used to gauge customer satisfaction may be questionnaires, interviews or seminars. Researching public data can provide businesses with statistics on financial and educational information in regards to customer demographics and product usage, such as the hours of television viewed per week by people in a certain geographic area. Business research used for advertising purposes is common because marketing dollars must be carefully spent to increase sales and brand recognition from ads.

[image: ]

Business Research Process
Scientific research involves a systematic process that focuses on being objective and gathering a multitude of information for analysis so that the researcher can come to a conclusion. This process is used in all research and evaluation projects, regardless of the research method (scientific method of inquiry, evaluation research, or action research). The process focuses on testing hunches or ideas in a park and Recreation setting through a systematic process. In this process, the study is documented in such a way that another individual can conduct the same study again. This is referred to as replicating the study. Any research done without documenting the study so that others can review the process and results is not an investigation using the scientific research process. The scientific research process is a multiple-step process where the steps are interlinked with the other steps in the process. If changes are made in one step of the process, the researcher must review all the other steps to ensure that the changes are reflected throughout the process. Parks andRecreation professionals are often involved in conducting research or evaluation projects within the agency. These professionals need to understand the eight Steps of the research process as they apply to conducting a study. Table 2.4 lists the Steps of the research processand provides an example of each step for a sample research study.
Step 1: Identify the Problem
The first step in the process is to identify a problem or develop a research question. The research problem may be something the agency identifies as a problem, some knowledge or information that is needed by the agency, or the desire to identify aRecreation trend nationally. In the example in table 2.4, the problem that the agency has identified is childhood obesity, which is a local problem and concern within the community. This serves as the focus of the study.
[image: Table 2.4]
Step 2: Review the Literature
Now that the problem has been identified, the researcher must learn more about the topic under investigation. To do this, the researcher must review the literature related to the research problem. This step provides foundational knowledge about the problem area. The review of literature also educates the researcher about what studies have been conducted in the past, how these studies were conducted, and the conclusions in the problem area. In the obesity study, the review of literature enables the programmer to discover horrifying statistics related to the long-term effects of childhood obesity in terms of health issues, death rates, and projected medical costs. In addition, the programmer finds several articles and information from the Centers for Disease Control and Prevention that describe the benefits of walking 10,000 steps a day. The information discovered during this step helps the programmer fully understand the magnitude of the problem, recognize the future consequences of obesity, and identify a strategy to combat obesity (i.e., walking).
Step 3: Clarify the Problem
Many times the initial problem identified in the first step of the process is too large or broad in scope. In step 3 of the process, the researcher clarifies the problem and narrows the scope of the study. This can only be done after the literature has been reviewed. The knowledge gained through the review of literature guides the researcher in clarifying and narrowing the research project. In the example, the programmer has identified childhood obesity as the problem and the purpose of the study. This topic is very broad and could be studied based on genetics, family environment, diet, exercise, self-confidence, leisure activities, or health issues. All of these areas cannot be investigated in a single study; therefore, the problem and purpose of the study must be more clearly defined. The programmer has decided that the purpose of the study is to determine if walking 10,000 steps a day for three days a week will improve the individual’s health. This purpose is more narrowly focused and researchable than the original problem.
Step 4: Clearly Define Terms and Concepts
Terms and concepts are words or phrases used in the purpose statement of the study or the description of the study. These items need to be specifically defined as they apply to the study. Terms or concepts often have different definitions depending on who is reading the study. To minimize confusion about what the terms and phrases mean, the researcher must specifically define them for the study. In the obesity study, the concept of “individual’s health” can be defined in hundreds of ways, such as physical, mental, emotional, or spiritual health. For this study, the individual’s health is defined as physical health. The concept of physical health may also be defined and measured in many ways. In this case, the programmer decides to more narrowly define “individual health” to refer to the areas of weight, percentage of body fat, and cholesterol. By defining the terms or concepts more narrowly, the scope of the study is more manageable for the programmer, making it easier to collect the necessary data for the study. This also makes the concepts more understandable to the reader.
Step 5: Define the Population
Research projects can focus on a specific group of people, facilities, park development, employee evaluations, programs, financial status, marketing efforts, or the integration of technology into the operations. For example, if a researcher wants to examine a specific group of people in the community, the study could examine a specific age group, males or females, people living in a specific geographic area, or a specific ethnic group. Literally thousands of options are available to the researcher to specifically identify the group to study. The research problem and the purpose of the study assist the researcher in identifying the group to involve in the study. In research terms, the group to involve in the study is always called the population. Defining the population assists the researcher in several ways. First, it narrows the scope of the study from a very large population to one that is manageable. Second, the population identifies the group that the researcher’s efforts will be focused on within the study. This helps ensure that the researcher stays on the right path during the study. Finally, by defining the population, the researcher identifies the group that the results will apply to at the conclusion of the study. In the example in table 2.4, the programmer has identified the population of the study as children ages 10 to 12 years. This narrower population makes the study more manageable in terms of time and resources.
Step 6: Develop the Instrumentation Plan
The plan for the study is referred to as the instrumentation plan. The instrumentation plan serves as the road map for the entire study, specifying who will participate in the study; how, when, and where data will be collected; and the content of the program. This plan is composed of numerous decisions and considerations that are addressed in chapter 8 of this text. In the obesity study, the researcher has decided to have the children participate in a walking program for six months. The group of participants is called the sample, which is a smaller group selected from the population specified for the study. The study cannot possibly include every 10- to 12-year-old child in the community, so a smaller group is used to represent the population. The researcher develops the plan for the walking program, indicating what data will be collected, when and how the data will be collected, who will collect the data, and how the data will be analyzed. The instrumentation plan specifies all the steps that must be completed for the study. This ensures that the programmer has carefully thought through all these decisions and that she provides a step-by-step plan to be followed in the study.
Step 7: Collect Data
Once the instrumentation plan is completed, the actual study begins with the collection of data. The collection of data is a critical step in providing the information needed to answer the research question. Every study includes the collection of some type of data—whether it is from the literature or from subjects—to answer the research question. Data can be collected in the form of words on a survey, with a questionnaire, through observations, or from the literature. In the obesity study, the programmers will be collecting data on the defined variables: weight, percentage of body fat, cholesterol levels, and the number of days the person walked a total of 10,000 steps during the class.
The researcher collects these data at the first session and at the last session of the program. These two sets of data are necessary to determine the effect of the walking program on weight, body fat, and cholesterol level. Once the data are collected on the variables, the researcher is ready to move to the final step of the process, which is the data analysis.
Step 8: Analyze the Data
All the time, effort, and resources dedicated to steps 1 through 7 of the research process culminate in this final step. The researcher finally has data to analyze so that the research question can be answered. In the instrumentation plan, the researcher specified how the data will be analyzed. The researcher now analyzes the data according to the plan. The results of this analysis are then reviewed and summarized in a manner directly related to the research questions. In the obesity study, the researcher compares the measurements of weight, percentage of body fat, and cholesterol that were taken at the first meeting of the subjects to the measurements of the same variables at the final program session. These two sets of data will be analyzed to determine if there was a difference between the first measurement and the second measurement for each individual in the program. Then, the data will be analyzed to determine if the differences are statistically significant. If the differences are statistically significant, the study validates the theory that was the focus of the study. The results of the study also provide valuable information about one strategy to combat childhood obesity in the community.
As you have probably concluded, conducting studies using the eight steps of the scientific research process requires you to dedicate time and effort to the planning process. You cannot conduct a study using the scientific research process when time is limited or the study is done at the last minute. Researchers who do this conduct studies that result in either false conclusions or conclusions that are not of any value to the organization.
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Lecture 19
Research Methods: Development of theoretical Frame work
Broad Problem Area
Identification of the broad problem area through the process of observing and focusing on the situation is called broad problem area in research. This refers to the entire situation where one sees a possible need for research and problem solving. The specific issues that need to be researched within this situation may not be identified at this stage. Such issues might pertain to problems currently existing in an organizational setting that need to be solved, areas that a manger believes need to be improved in the organization, a conceptual or theoretical issue that needs to be tightened up for the basic researcher wants to answer empirically. Examples of each type are provided taking the issue of sexual harassment which is a problem that at least some organizations will have to handle at some point in time. 

A situation might present itself where a manager might receive written complaints from women in some departments that they are not being treated right by the bosses. From the generalized nature of these complaints, the manager might become aware that he is facing gender-related problem, but may not be able to pin-point what exactly it is. That is the matter calls for further investigation before the exact problem can be identified and attempts are made to resolve it.
Types of Variables
Independent and Dependent
Variables used in an experiment or modelling can be divided into three types: "dependent variable", "independent variable", or other. The "dependent variable" represents the output or effect, or is tested to see if it is the effect. The "independent variables" represent the inputs or causes, or are tested to see if they are the cause. Other variables may also be observed for various reasons.
Moderating
The moderating variable is one that has a strong contingent effect on the independent-dependent variable relationship. That is a presence of a third variable that modifies the original relationship between the independent and the dependent variable. 
[image: ]
Intervening
A mediating or intervening variable is one that surfaces between the time, the independent variables start operating to influence the dependent variable and the time their impact is felt on it. There is thus a temporal quality or time dimension to the mediating variable. In other words, brings a mediating variable into play helps you to model a process. The mediating variable surfaces as a function of the independent variables operating in any situation, and helps to conceptualize and explain the influence of the independent variables on dependent variable.
[image: 27.tif                                                         00004370
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Development of Hypothesis
Definitions of hypothesis
ƒ “Hypotheses are single tentative guesses, good hunches – assumed for use in 
devising theory or planning experiments intended to be given a direct experimental test when possible”. (Eric Rogers, 1966)
ƒ “A hypothesis is a conjectural statement of the relation between two or more
variables”. (Kerlinger, 1956)
ƒ “Hypothesis is a formal statement that presents the expected relationship 
between an independent and dependent variable.”(Creswell, 1994)
ƒ “A research question is essentially a hypothesis asked in the form of a question.”
Nature of Hypothesis 
ƒ The hypothesis is a clear statement of what is intended to be investigated. It should 
be specified before research is conducted and openly stated in reporting the results. 
This allows to:
· Identify the research objectives
· Identify the key abstract concepts involved in the research
· Identify its relationship to both the problem statement and the literature review
· ƒ A problem cannot be scientifically solved unless it is reduced to hypothesis form
· ƒ It is a powerful tool of advancement of knowledge, consistent with existing      
· knowledge and conducive to further enquiry  
· ƒ It can be tested – verifiable or falsifiable
· ƒ Hypotheses are not moral or ethical questions
· ƒ It is neither too specific nor to general
· ƒ It is a prediction of consequences
· ƒ It is considered valuable even if proven false
Null and Alternate Hypothesis
The null hypothesis represents a theory that has been put forward, either because it is believed to be true or because it is to be used as a basis for argument, but has not been proved. 
ƒ Has serious outcome if incorrect decision is made!
The alternative hypothesis is a statement of what a hypothesis test is set up to establish.
· ƒ Opposite of Null Hypothesis.
· ƒ Only reached if H0 is rejected.
· ƒ Frequently “alternative” is actual desired conclusion of the researcher!





Lecture 20
Business Research Methods
[image: ]
Complete Certainty
Complete certainty means that the decision maker has all the information that he or she needs. The decision maker knows the exact nature of the business problem or opportunity. Eg an airline may need to know the demographic characteristics of its pilots. The firm knows exactly what information it requires and from where it can find it. If a manager is so completely certain about the problem or opportunity and future outcomes, then research may not be needed at all. However perfect certainty about future is rare

Uncertainty
It means that all the managers grasp the general nature of the objectives they wish to obtain, but the information about the alternatives is incomplete. Predictions about the forces that will shape future events are educated guesses. under conditions of uncertainty, effective managers recognize potential value in spending additional time gathering information to clarify the nature of problem. 
Absolute Ambiguity
Ambiguity means that the nature of problem to be solved is unclear. The objectives are vague and the alternatives are difficult to decline. This is so far considered as the  ost difficult situation of taking decision.
As the situation moves farther along the scale towards ambiguity, the need to spend additional time on business research becomes more compelling

Types of research
· Exploratory
· Descriptive
· Causal
[image: ]
Exploratory Study
Secondary data
Experience survey
Pilot studies
Exploratory research is a type of research conducted for a problem that has not been clearly defined. Exploratory research helps determine the best research design, data collection method and selection of subjects. It should draw definitive conclusions only with extreme caution. Given its fundamental nature, exploratory research often concludes that a perceived problem does not actually exist.
Exploratory research often relies on secondary research such as reviewing available literature and/or data, or qualitative approaches such as informal discussions with consumers, employees, management or competitors, and more formal approaches through in-depth interviews, focus groups, projective methods, case studies or pilot studies. The Internet allows for research methods that are more interactive in nature. For example, RSS feeds efficiently supply researchers with up-to-date information; major search engine search results may be sent by email to researchers by services such as Google Alerts; comprehensive search results are tracked over lengthy periods of time by services such as Google Trends; and websites may be created to attract worldwide feedback on any subject.
When the purpose of research is to gain familiarity with a phenomenon or acquire new insight into it in order to formulate a more precise problem or develop hypothesis, the exploratory studies ( also known as formulative research ) come in handy. If the theory happens to be too general or too specific, a hypothesis cannot to be formulated. Therefore a need for an exploratory research is felt to gain experience that will be helpful in formulative relevant hypothesis for more definite investigation.[1]
The results of exploratory research are not usually useful for decision-making by themselves, but they can provide significant insight into a given situation. Although the results of qualitative research can give some indication as to the "why", "how" and "when" something occurs, it cannot tell us "how often" or "how many".
Exploratory research is not typically generalizable to the population at large.
Descriptive Research
Descriptive research, also known as statistical research, describes data and characteristics about the population or phenomenon being studied. However, it does not answer questions about e.g.: how/when/why the characteristics occurred, which is done under analytic research.
Although the data description is factual, accurate and systematic, the research cannot describe what caused a situation. Thus, Descriptive research cannot be used to create a causal relationship, where one variable affects another. In other words, descriptive research can be said to have a low requirement for internal validity.
The description is used for frequencies, averages and other statistical calculations. Often the best approach, prior to writing descriptive research, is to conduct a survey investigation. Qualitative research often has the aim of description and researchers may follow-up with examinations of why the observations exist and what the implications of the findings are

Causal Research
Causal Research explores the effect of one thing on another and more specifically, the effect of one variable on another.
The research is used to measure what impact a specific change will have on existing norms and allows market researchers to predict hypothetical scenarios upon which a company can base its business plan.
For example, if a clothing company currently sells blue denim jeans, causal research can measure the impact of the company changing the product design to the colour white.
Following the research, company bosses will be able to decide whether changing the colour of the jeans to white would be profitable.
To summarise, causal research is a way of seeing how actions now will affect a business in the future.










Lecture 21
Broad Problem Area and Problem Definition
Research process begin, how to select the sample and collect the data, and how to analyze the data, embody the design aspects, which will be elaborated later in the book. denotes the final deduction from the hypotheses testing. when all or most of the hypotheses are substantiated   and the research question is fully answers, the research write up the reports, makes a presentation, and the manager is enable to examine different ways of solving the problems and make a final decision, are represented embody the design aspects.
Several of the hypothesis are not substantiated, or are only partially supported, one many go back to examine the reasons for this note the broken lines and the arrow to several other boxes in the process may have to be restarted  at the point where the research feels the need for examination. But managerial decision may have to be taken on the basis of current finding the research tries to make educated conjectures as to why certain hypotheses were not support, and  then the writers the report reflecting these. This is indicated by the curved line  leading from no box to report writing.
Data-collection methods are the identification of the broad problem area, preliminary information gathering, especially through unstructured and structured interviews and literature survey and problem definition.
 
3.   Why is it important to gather information on the background of the organization?
Because to be well acquainted with the background of the company or organization studied.  
 
4.  Should a research always obtain information on the structural aspect and job characteristic from 
 those interviewed ? Give reasons for your answer with example.
     Should, interviews are conducted, the next steps for the research is it tabulate the various types of information that have next step been gathered during the interviews and determine if there are patterns in the responses. For instance it might be observed from the qualitative data. For example, Mr. jack is graduated from GunadarmaUniversity, from major in economic. He bring Curriculum Vita And  he applied forfinancial section. We can see his skills it can be as consideration.  
 
       5. How would you go about doing literature survey in the area of business ethics?
   the researcher could start the literature survey even as information from the unstructured and structured interviews is being gathered. reviewing the literature on the topic area at this time helps the researcher to focus interviews more meaningfully on certain aspect found to be important in the published studied, even if these had not surfaced during the interviews.
 
       6. What is the propose of literature survey?
     Literature survey propose  help the researcher to include all the relevant variables in the research project, and also facilities the creative integration of the information gathered from the structured and unstructured interviews with what is found in prevision studies.
 
7. Why is appropriate citation important? What are the consequences of not giving credit to the source 
from which materials are extracted?
    Because appropriate test to assess the applicants analytical skills, judgment, leadership, motivation, oral and written communication skills, and the like. Yet it might be consequently losing excellent MBA's hires as managers, within a year, despite being highly paid.
 
8. “The problem definition stage is perhaps more critical in the research process than the problem 
solution stage” discuss this statement.
    Managers inputs help researchers to define the broad problem area and confirm their own theories about the situational factors impacting on the central problem. Managers who realize that correct problem definition is critical to ultimate problem solution do not begrudge the time spent in working closely with researchers.

     9. Why should one get hung up on problem definition if one already knows the broad problems are to be
     studied?
   Because it is critical that the focus for further research , or in order words, the problem, be unambiguously identified and defined. no amount of good research can find solutions to the solution, if the critical issue or the problem to be studied is not clearly pinpointed.
 














Lecture 22
Basics of Primary Data Collection: Survey Research
Surveys represent one of the most common types of quantitative, social science research. In survey research, the researcher selects a sample of respondents from a population and administers a standardized questionnaire to them. The questionnaire, or survey, can be a written document that is completed by the person being surveyed, an online questionnaire, a face-to-face interview, or a telephone interview. Using surveys, it is possible to collect data from large or small populations (sometimes referred to as the universe of a study).
Different types of surveys are actually composed of several research techniques, developed by a variety of disciplines. For instance, interview began as a tool primarily for psychologists and anthropologists, while sampling got its start in the field of agricultural economics (Angus and Katona, 1953, p. 15).
Survey research does not belong to any one field and it can be employed by almost any discipline. According to Angus and Katona, "It is this capacity for wide application and broad coverage which gives the survey technique its great usefulness..
Written Surveys
Mail Surveys
Imagine that you are interested in exploring the attitudes college students have about writing. Since it would be impossible to interview every student on campus, choosing the mail-out survey as your method would enable you to choose a large sample of college students. You might choose to limit your research to your own college or university, or you might extend your survey to several different institutions. If your research question demands it, the mail survey allows you to sample a very broad group of subjects at small cost.
Strengths and Weaknesses of Mail Surveys
Strengths
Cost: Mail surveys are low in cost compared to other methods of surveying. This type of survey can cost up to 50% less than the self-administered survey, and almost 75% less than a face-to-face survey (Bourque and Fielder 9). Mail surveys are also substantially less expensive than drop-off and group-administered surveys.
Convenience: Since many of these types of surveys are conducted through a mail-in process, the participants are able to work on the surveys at their leisure.
Bias: Because the mail survey does not allow for personal contact between the researcher and the respondent, there is little chance for personal bias based on first impressions to alter the responses to the survey. This is an advantage because if the interviewer is not likeable, the survey results will be unfavorably affected. However, this could be a disadvantage as well.
Sampling--internal link: It is possible to reach a greater population and have a larger universe (sample of respondents) with this type of survey because it does not require personal contact between the researcher and the respondents.
Weaknesses
Low Response Rate: One of the biggest drawbacks to written survey, especially as it relates to the mail-in, self-administered method, is the low response rate. Compared to a telephone survey or a face-to-face survey, the mail-in written survey has a response rate of just over 20%.
Ability of Respondent to Answer Survey: Another problem with self-administered surveys is three-fold: assumptions about the physical ability, literacy level and language ability of the respondents. Because most surveys pull the participants from a random sampling, it is impossible to control for such variables. Many of those who belong to a survey group have a different primary language than that of the survey. They may also be illiterate or have a low reading level and therefore might not be able to accurately answer the questions. Along those same lines, persons with conditions that cause them to have trouble reading, such as dyslexia, visual impairment or old age, may not have the capabilities necessary to complete the survey.
Group Administered Questionnaires
Imagine that you are interested in finding out how instructors who teach composition in computer classrooms at your university feel about the advantages of teaching in a computer classroom over a traditional classroom. You have a very specific population in mind, and so a mail-out survey would probably not be your best option. You might try an oral survey, but if you are doing this research alone this might be too time consuming. The group administered questionnaire would allow you to get your survey results in one space of time and would ensure a very high response rate (higher than if you stuck a survey into each instructor's mailbox). Your challenge would be to get everyone together. Perhaps your department holds monthly technology support meetings that most of your chosen sample would attend. Your challenge at this point would be to get permission to use part of the weekly meeting time to administer the survey, or to convince the instructors to stay to fill it out after the meeting. Despite the challenges, this type of survey might be the most efficient for your specific purposes.
Strengths and Weaknesses of Group Administered Questionnaires
Rate of Response: This second type of written survey is generally administered to a sample of respondents in a group setting, guaranteeing a high response rate.
Specificity: This type of written survey can be very versatile, allowing for a spectrum of open and closed ended types of questions and can serve a variety of specific purposes, particularly if you are trying to survey a very specific group of people.
Weaknesses of Group Administered Questionnaires
Sampling: This method requires a small sample, and as a result is not the best method for surveys that would benefit from a large sample. This method is only useful in cases that call for very specific information from specific groups.
Scheduling: Since this method requires a group of respondents to answer the survey together, this method requires a slot of time that is convenient for all respondents.
Drop-off Surveys
Imagine that you would like to find out about how the dorm dwellers at your university feel about the lack of availability of vegetarian cuisine in their dorm dining halls. You have prepared a questionnaire that requires quite a few long answers, and since you suspect that the students in the dorms may not have the motivation to take the time to respond, you might want a chance to tell them about your research, the benefits that might come from their responses, and to answer their questions about your survey. To ensure the highest response rate, you would probably pick a time of the day when you are sure that the majority of the dorm residents are home, and then work your way from door to door. If you don't have time to interview the number of students you need in your sample, but you don't trust the response rate of mail surveys, the drop-off survey might be the best option for you.
Strengths and Weaknesses of Drop-off Surveys
Strengths
Convenience: Like the mail survey, the drop-off survey allows the respondents to answer the survey at their own convenience.
Response Rates: The response rates for the drop-off survey are better than the mail survey because it allows the interviewer to make personal contact with the respondent, to explain the importance of the survey, and to answer any questions or concerns the respondent might have.
Weaknesses
Time: Because of the personal contact this method requires, this method takes considerably more time than the mail survey.
Sampling: Because of the time it takes to make personal contact with the respondents, the universe of this kind of survey will be considerably smaller than the mail survey pool of respondents.
Response: The response rate for this type of survey, although considerably better than the mail survey, is still not as high as the response rate you will achieve with an oral survey.
Oral Surveys
Oral surveys are considered more personal forms of survey than the written or electronic methods. Oral surveys are generally used to get thorough opinions and impressions from the respondents.
Oral surveys can be administered in several different ways. For instance, in a group interview, as opposed to a group administered written survey, each respondent is not given an instrument (an individual questionnaire). Instead, the respondents work in groups to answer the questions together while one person takes notes for the whole group. Another more familiar form of oral survey is the phone survey. Phone surveys can be used to get short one word answers (yes/no), as well as longer answers.
Strengths and Weaknesses of Oral Surveys
Strengths
Personal Contact: Oral surveys conducted either on the telephone or in person give the interviewer the ability to answer questions from the participant. If the participant, for example, does not understand a question or needs further explanation on a particular issue, it is possible to converse with the participant. According to Glastonbury and MacKean, "interviewing offers the flexibility to react to the respondent's situation, probe for more detail, seek more reflective replies and ask questions which are complex or personally intrusive" (p. 228).
Response Rate: Although obtaining a certain number of respondents who are willing to take the time to do an interview is difficult, the researcher has more control over the response rate in oral survey research than with other types of survey research. As opposed to mail surveys where the researcher must wait to see how many respondents actually answer and send back the survey, a researcher using oral surveys can, if the time and money are available, interview respondents until the required sample has been achieved.
Weaknesses
Cost: The most obvious disadvantage of face-to-face and telephone survey is the cost. It takes time to collect enough data for a complete survey, and time translates into payroll costs and sometimes payment for the participants.
Bias: Using face-to-face interview for your survey may also introduce bias, from either the interviewer or the interviewee.
Types of Questions Possible: Certain types of questions are not convenient for this type of survey, particularly for phone surveys where the respondent does not have a chance to look at the questionnaire. For instance, if you want to offer the respondent a choice of 5 different answers, it will be very difficult for respondents to remember all of the choices, as well as the question, without a visual reminder. This problem requires the researcher to take special care in constructing questions to be read aloud.
Attitude: Anyone who has ever been interrupted during dinner by a phone interviewer is aware of the negative feelings many people have about answering a phone survey. Upon receiving these calls, many potential respondents will simply hang up.
Electronic Surveys
With the growth of the Internet (and in particular the World Wide Web) and the expanded use of electronic mail for business communication, the electronic survey is becoming a more widely used survey method. Electronic surveys can take many forms. They can be distributed as electronic mail messages sent to potential respondents. They can be posted as World Wide Web forms on the Internet. And they can be distributed via publicly available computers in high-traffic areas such as libraries and shopping malls. In many cases, electronic surveys are placed on laptops and respondents fill out a survey on a laptop computer rather than on paper.
Strengths and Weaknesses of Electronic Surveys
Strengths
Cost-savings: It is less expensive to send questionnaires online than to pay for postage or for interviewers.
Ease of Editing/Analysis: It is easier to make changes to questionnaire, and to copy and sort data.
Faster Transmission Time: Questionnaires can be delivered to recipients in seconds, rather than in days as with traditional mail.
Easy Use of Preletters: You may send invitations and receive responses in a very short time and thus receive participation level estimates.
Higher Response Rate: Research shows that response rates on private networks are higher with electronic surveys than with paper surveys or interviews.
More Candid Responses: Research shows that respondents may answer more honestly with electronic surveys than with paper surveys or interviews.
Potentially Quicker Response Time with Wider Magnitude of Coverage: Due to the speed of online networks, participants can answer in minutes or hours, and coverage can be global.
Weaknesses
Sample Demographic Limitations: Population and sample limited to those with access to computer and online network.
Lower Levels of Confidentiality: Due to the open nature of most online networks, it is difficult to guarantee anonymity and confidentiality.
Layout and Presentation issues: Constructing the format of a computer questionnaire can be more difficult the first few times, due to a researcher's lack of experience.
Additional Orientation/Instructions: More instruction and orientation to the computer online systems may be necessary for respondents to complete the questionnaire.
Potential Technical Problems with Hardware and Software: As most of us (perhaps all of us) know all too well, computers have a much greater likelihood of "glitches" than oral or written forms of communication.
Response Rate: Even though research shows that e-mail response rates are higher, Opermann (1995) warns that most of these studies found response rates higher only during the first few days; thereafter, the rates were not significantly higher.
Analyzing Survey Results
After creating and conducting your survey, you must now process and analyze the results. These steps require strict attention to detail and, in some cases, knowledge of statistics and computer software packages. How you conduct these steps will depend on the scope of your study, your own capabilities, and the audience to whom you wish to direct the work.
Processing the Results
It is clearly important to keep careful records of survey data in order to do effective work. Most researchers recommend using a computer to help sort and organize the data. Additionally, Glastonbury and MacKean point out that once the data has been filtered though the computer, it is possible to do an unlimited amount of analysis (p. 243).
Jolliffe (1986) believes that editing should be the first step to processing this data. He writes, "The obvious reason for this is to ensure that the data analyzed are correct and complete . At the same time, editing can reduce the bias, increase the precision and achieve consistency between the tables [regarding those produced by social science computer software] (p. 100). Of course, editing may not always be necessary, if for example you are doing a qualitative analysis of open-ended questions, or the survey is part of a larger project and gets distributed to other agencies for analysis. However, editing could be as simple as checking the information input into the computer.
All of this information should be used to test for statistical significance. See our unit on Statistics for more on this topic.
Information may be recorded in any number of ways. Charts and graphs are clear, visual ways to record findings in many cases. For instance, in a mail-out survey where response rate is an issue, you might use a response rate graph to make the process easier. The day the surveys are mailed out should be recorded first. Then, every day thereafter, the number of returned questionnaires should be logged on the graph. Be sure to record both the number returned each day, and the cumulative number, or percentage. Also, as each completed questionnaire is returned, each should be opened, scanned and assigned an identification number.
Analyzing the Results
Before actually beginning the survey the researcher should know how they want to analyze the data. As stated in the Processing the Results section, if you are collecting quantifiable data, a code book is needed for interpreting your data and should be established prior to collecting the survey data. This is important because there are many different formulas needed in order to properly analyze the survey research and obtain statistical significance. Since computer programs have made the process of analyzing data vastly easier than it was, it would be sensible to choose this route. Be sure to pick your program before you design your survey - - some programs require the data to be laid out in different ways.
After the survey is conducted and the data collected, the results must be assembled in some useable format that allows comparison within the survey group, between groups, or both. The results could be analyzed in a number of ways. A T-test may be used to determine if scores of two groups differ on a single variable--whether writing ability differs among students in two classrooms, for instance. A matched T-Test could also be applied to determine if scores of the same participants in a study differ under different conditions or over time. An ANOVA could be applied if the study compares multiple groups on one or more variables. Correlation measurements could also be constructed to compare the results of two interacting variables within the data set.
Secondary Analysis
Secondary analysis of survey data is an accepted methodology which applies previously collected survey data to new research questions. This methodology is particularly useful to researchers who do not have the time or money to conduct an extensive survey, but may be looking at questions for which some large survey has already collected relevant data. A number of books and chapters have been written about this methodology, some of which are listed in the annotated bibliography under "Secondary Analysis."
Advantages and Disadvantages of Using Secondary Analysis
Advantages
· Considerably cheaper and faster than doing original studies
· You can benefit from the research from some of the top scholars in your field, which for the most part ensures quality data.
· If you have limited funds and time, other surveys may have the advantage of samples drawn from larger populations.
· How much you use previously collected data is flexible; you might only extract a few figures from a table, you might use the data in a subsidiary role in your research, or even in a central role.
· A network of data archives in which survey data files are collected and distributed is readily available, making research for secondary analysis easily accessible.
Disadvantages
· Since many surveys deal with national populations, if you are interested in studying a well-defined minority subgroup you will have a difficult time finding relevant data.
· Secondary analysis can be used in irresponsible ways. If variables aren't exactly those you want, data can be manipulated and transformed in a way that might lessen the validity of the original research.
· Much research, particularly of large samples, can involve large data files and difficult statistical packages.








Lecture 23
Collecting Primary Data through Questionnaire
No survey can achieve success without a well-designed questionnaire. Unfortunately, questionnaire design has no theoretical base to guide the marketing researcher in developing a flawless questionnaire. All the researcher has to guide him/her is a lengthy list of do's and don'ts born out of the experience of other researchers past and present. Hence, questionnaire design is more of an art than a science.
The qualities of a good questionnaire
The design of a questionnaire will depend on whether the researcher wishes to collect exploratory information (i.e. qualitative information for the purposes of better understanding or the generation of hypotheses on a subject) or quantitative information (to test specific hypotheses that have previously been generated).
Exploratory questionnaires: If the data to be collected is qualitative or is not to be statistically evaluated, it may be that no formal questionnaire is needed. For example, in interviewing the female head of the household to find out how decisions are made within the family when purchasing breakfast foodstuffs, a formal questionnaire may restrict the discussion and prevent a full exploration of the woman's views and processes. Instead one might prepare a brief guide, listing perhaps ten major open-ended questions, with appropriate probes/prompts listed under each.
Formal standardised questionnaires: If the researcher is looking to test and quantify hypotheses and the data is to be analysed statistically, a formal standardised questionnaire is designed. Such questionnaires are generally characterised by:
· prescribed wording and order of questions, to ensure that each respondent receives the same stimuli
· prescribed definitions or explanations for each question, to ensure interviewers handle questions consistently and can answer respondents' requests for clarification if they occur
· prescribed response format, to enable rapid completion of the questionnaire during the interviewing process.
Given the same task and the same hypotheses, six different people will probably come up with six different questionnaires that differ widely in their choice of questions, line of questioning, use of open-ended questions and length. There are no hard-and-fast rules about how to design a questionnaire, but there are a number of points that can be borne in mind:
1. A well-designed questionnaire should meet the research objectives. This may seem obvious, but many research surveys omit important aspects due to inadequate preparatory work, and do not adequately probe particular issues due to poor understanding. To a certain degree some of this is inevitable. Every survey is bound to leave some questions unanswered and provide a need for further research but the objective of good questionnaire design is to 'minimise' these problems.
2. It should obtain the most complete and accurate information possible. The questionnaire designer needs to ensure that respondents fully understand the questions and are not likely to refuse to answer, lie to the interviewer or try to conceal their attitudes. A good questionnaire is organised and worded to encourage respondents to provide accurate, unbiased and complete information.
3. A well-designed questionnaire should make it easy for respondents to give the necessary information and for the interviewer to record the answer, and it should be arranged so that sound analysis and interpretation are possible.
4. It would keep the interview brief and to the point and be so arranged that the respondent(s) remain interested throughout the interview.
Each of these points will be further discussed throughout the following sections. Figure 4.1 shows how questionnaire design fits into the overall process of research design that was described in chapter 1 of this textbook. It emphasises that writing of the questionnaire proper should not begin before an exploratory research phase has been completed.
Preliminary decisions in questionnaire design
There are nine steps involved in the development of a questionnaire:
1. Decide the information required.
2. Define the target respondents.
3. Choose the method(s) of reaching your target respondents.
4. Decide on question content.
5. Develop the question wording.
6. Put questions into a meaningful order and format.
7. Check the length of the questionnaire.
8. Pre-test the questionnaire.
9. Develop the final survey form.
Deciding on the information required
It should be noted that one does not start by writing questions. The first step is to decide 'what are the things one needs to know from the respondent in order to meet the survey's objectives?' These, as has been indicated in the opening chapter of this textbook, should appear in the research brief and the research proposal.
One may already have an idea about the kind of information to be collected, but additional help can be obtained from secondary data, previous rapid rural appraisals and exploratory research. In respect of secondary data, the researcher should be aware of what work has been done on the same or similar problems in the past, what factors have not yet been examined, and how the present survey questionnaire can build on what has already been discovered. Further, a small number of preliminary informal interviews with target respondents will give a glimpse of reality that may help clarify ideas about what information is required.
Define the target respondents
At the outset, the researcher must define the population about which he/she wishes to generalise from the sample data to be collected. For example, in marketing research, researchers often have to decide whether they should cover only existing users of the generic product type or whether to also include non-users. Secondly, researchers have to draw up a sampling frame. Thirdly, in designing the questionnaire we must take into account factors such as the age, education, etc. of the target respondents.
[bookmark: choose_the_method(s)_of_reaching_target_]Choose the method(s) of reaching target respondents
It may seem strange to be suggesting that the method of reaching the intended respondents should constitute part of the questionnaire design process. However, a moment's reflection is sufficient to conclude that the method of contact will influence not only the questions the researcher is able to ask but the phrasing of those questions. The main methods available in survey research are:
· personal interviews
· group or focus interviews
· mailed questionnaires
· telephone interviews.
Within this region the first two mentioned are used much more extensively than the second pair. However, each has its advantages and disadvantages. A general rule is that the more sensitive or personal the information, the more personal the form of data collection should be.
[bookmark: decide_on_question_content]Decide on question content
Researchers must always be prepared to ask, "Is this question really needed?" The temptation to include questions without critically evaluating their contribution towards the achievement of the research objectives, as they are specified in the research proposal, is surprisingly strong. No question should be included unless the data it gives rise to is directly of use in testing one or more of the hypotheses established during the research design.
There are only two occasions when seemingly "redundant" questions might be included:
· Opening questions that are easy to answer and which are not perceived as being "threatening", and/or are perceived as being interesting, can greatly assist in gaining the respondent's involvement in the survey and help to establish a rapport.
This, however, should not be an approach that should be overly used. It is almost always the case that questions which are of use in testing hypotheses can also serve the same functions.
· "Dummy" questions can disguise the purpose of the survey and/or the sponsorship of a study. For example, if a manufacturer wanted to find out whether its distributors were giving the consumers or end-users of its products a reasonable level of service, the researcher would want to disguise the fact that the distributors' service level was being investigated. If he/she did not, then rumours would abound that there was something wrong with the distributor.
[bookmark: develop_the_question_wording]Develop the question wording
Survey questions can be classified into three forms, i.e. closed, open-ended and open response-option questions. So far only the first of these, i.e. closed questions has been discussed. This type of questioning has a number of important advantages;
· It provides the respondent with an easy method of indicating his answer - he does not have to think about how to articulate his answer.
· It 'prompts' the respondent so that the respondent has to rely less on memory in answering a question.
· Responses can be easily classified, making analysis very straightforward.
· It permits the respondent to specify the answer categories most suitable for their purposes.
[bookmark: disadvantages_are_also_present_when_usin]Disadvantages are also present when using such questions
· They do not allow the respondent the opportunity to give a different response to those suggested.
· They 'suggest' answers that respondents may not have considered before.
With open-ended questions the respondent is asked to give a reply to a question in his/her own words. No answers are suggested.
Example: "What do you like most about this implement?"
Open-ended questions have a number of advantages when utilised in a questionnaire:
· They allow the respondent to answer in his own words, with no influence by any specific alternatives suggested by the interviewer.
· They often reveal the issues which are most important to the respondent, and this may reveal findings which were not originally anticipated when the survey was initiated.
· Respondents can 'qualify' their answers or emphasise the strength of their opinions.
However, open-ended questions also have inherent problems which means they must be treated with considerable caution. For example:
· Respondents may find it difficult to 'articulate' their responses i.e. to properly and fully explain their attitudes or motivations.
· Respondents may not give a full answer simply because they may forget to mention important points. Some respondents need prompting or reminding of the types of answer they could give.
· Data collected is in the form of verbatim comments - it has to be coded and reduced to manageable categories. This can be time consuming for analysis and there are numerous opportunities for error in recording and interpreting the answers given on the part of interviewers.
· Respondents will tend to answer open questions in different 'dimensions'. For example, the question: "When did you purchase your tractor?", could elicit one of several responses, viz:
"A short while ago".
"Last year".
"When I sold my last tractor".
"When I bought the farm".
Such responses need to be probed further unless the researcher is to be confronted with responses that cannot be aggregated or compared.
It has been suggested that the open response-option questions largely eliminate the disadvantages of both the afore-mentioned types of question. An open response-option is a form of question which is both open-ended and includes specific response-options as well. For example,
What features of this implement do you like?
· Performance
· Quality
· Price
· Weight
· Others mentioned:
The advantages of this type of question are twofold:
· The researcher can avoid the potential problems of poor memory or poor articulation by then subsequently being able to prompt the respondent into considering particular response options.
· Recording during interview is relatively straightforward.
The one disadvantage of this form of question is that it requires the researcher to have a good prior knowledge of the subject in order to generate realistic/likely response options before printing the questionnaire. However, if this understanding is achieved the data collection and analysis process can be significantly eased.
Clearly there are going to be situations in which a questionnaire will need to incorporate all three forms of question, because some forms are more appropriate for seeking particular forms of response. In instances where it is felt the respondent needs assistance to articulate answers or provide answers on a preferred dimension determined by the researcher, then closed questions should be used. Open-ended questions should be used where there are likely to be a very large number of possible different responses (e.g. farm size), where one is seeking a response described in the respondent's own words, and when one is unsure about the possible answer options. The mixed type of question would be advantageous in most instances where most potential response-options are known; where unprompted and prompted responses are valuable, and where the survey needs to allow for unanticipated responses.
There are a series of questions that should be posed as the researchers develop the survey questions themselves:
"Is this question sufficient to generate the required information?"
For example, asking the question "Which product do you prefer?" in a taste panel exercise will reveal nothing about the attribute(s) the product was judged upon. Nor will this question reveal the degree of preference. In such cases a series of questions would be more appropriate.
"Can the respondent answer the question correctly?"
· An inability to answer a question arises from three sources:
· Having never been exposed to the answer, e.g. "How much does your husband earn?"
· Forgetting, e.g. What price did you pay when you last bought maize meal?"
· An inability to articulate the answer: e.g. "What improvements would you want to see in food preparation equipment?"
"Are there any external events that might bias response to the question?"
For example, judging the popularity of beef products shortly after a foot and mouth epidemic is likely to have an effect on the responses.
"Do the words have the same meaning to all respondents?"
For example, "How many members are there in your family?"
There is room for ambiguity in such a question since it is open to interpretation as to whether one is speaking of the immediate or extended family.
"Are any of the words or phrases loaded or leading in any way?"
For example," What did you dislike about the product you have just tried?"
The respondent is not given the opportunity to indicate that there was nothing he/she disliked about the product. A less biased approach would have been to ask a preliminary question along the lines of, "Did you dislike any aspect of the product you have just tried?", and allow him/her to answer yes or no.
"Are there any implied alternatives within the question?"
The presence or absence of an explicitly stated alternative can have dramatic effects on responses. For example, consider the following two forms of a question asked of a 'Pasta-in-a-Jar' concept test:
1. " Would you buy pasta-in-a-jar if it were locally available?"
2. "If pasta-in-a-jar and the cellophane pack you currently use were both available locally, would you:
· Buy only the cellophane packed pasta?
· Buy only the pasta-in-a-jar product?
· Buy both products?"
The explicit alternatives provide a context for interpreting the true reactions to the new product idea. If the first version of the question is used, the researcher is almost certain to obtain a larger number of positive responses than if the second form is applied.
"Will the question be understood by the type of individual to be interviewed?"
It is good practice to keep questions as simple as possible. Researchers must be sensitive to the fact that some of the people he/she will be interviewing do not have a high level of education. Sometimes he/she will have no idea how well or badly educated the respondents are until he/she gets into the field. In the same way, researchers should strive to avoid long questions. The fewer words in a question the better. Respondents' memories are limited and absorbing the meaning of long sentences can be difficult: in listening to something they may not have much interest in, the respondents' minds are likely to wander, they may hear certain words but not others, or they may remember some parts of what is said but not all.
"Is there any ambiguity in my questions?"
The careless design of questions can result in the inclusion of two items in one question. For example: "Do you like the speed and reliability of your tractor?"
The respondent is given the opportunity to answer only 'yes' or 'no', whereas he might like the speed, but not the reliability, or vice versa. Thus it is difficult for the respondent to answer and equally difficult for the researcher to interpret the response.
The use of ambiguous words should also be avoided. For example: "Do you regularly service your tractor?"
The respondents' understanding and interpretation of the term 'regularly' will differ. Some may consider that regularly means once a week, others may think once a year is regular. The inclusion of such words again present interpretation difficulties for the researcher.
"Are any words or phrases vague?"
Questions such as 'What is your income?' are vague and one is likely to get many different responses with different dimensions. Respondents may interpret the question in different terms, for example:
· hourly pay?
· weekly pay?
· yearly pay?
· income before tax?
· income after tax?
· income in kind as well as cash?
· income for self or family?
· all income or just farm income?
The researcher needs to specify the 'term' within which the respondent is to answer.
"Are any questions too personal or of a potentially embarrassing nature?"
The researcher must be clearly aware of the various customs, morals and traditions in the community being studied. In many communities there can be a great reluctance to discuss certain questions with interviewers/strangers. Although the degree to which certain topics are taboo varies from area to area, such subjects as level of education, income and religious issues may be embarrassing and respondents may refuse to answer.
"Do questions rely on feats of memory?"
The respondent should be asked only for such data as he is likely to be able to clearly remember. One has to bear in mind that not everyone has a good memory, so questions such as 'Four years ago was there a shortage of labour?' should be avoided.
Putting questions into a meaningful order and format
Opening questions: Opening questions should be easy to answer and not in any way threatening to THE respondents. The first question is crucial because it is the respondent's first exposure to the interview and sets the tone for the nature of the task to be performed. If they find the first question difficult to understand, or beyond their knowledge and experience, or embarrassing in some way, they are likely to break off immediately. If, on the other hand, they find the opening question easy and pleasant to answer, they are encouraged to continue.
Question flow: Questions should flow in some kind of psychological order, so that one leads easily and naturally to the next. Questions on one subject, or one particular aspect of a subject, should be grouped together. Respondents may feel it disconcerting to keep shifting from one topic to another, or to be asked to return to some subject they thought they gave their opinions about earlier.
Question variety:. Respondents become bored quickly and restless when asked similar questions for half an hour or so. It usually improves response, therefore, to vary the respondent's task from time to time. An open-ended question here and there (even if it is not analysed) may provide much-needed relief from a long series of questions in which respondents have been forced to limit their replies to pre-coded categories. Questions involving showing cards/pictures to respondents can help vary the pace and increase interest.
[bookmark: closing_questions]Closing questions
It is natural for a respondent to become increasingly indifferent to the questionnaire as it nears the end. Because of impatience or fatigue, he may give careless answers to the later questions. Those questions, therefore, that are of special importance should, if possible, be included in the earlier part of the questionnaire. Potentially sensitive questions should be left to the end, to avoid respondents cutting off the interview before important information is collected.
In developing the questionnaire the researcher should pay particular attention to the presentation and layout of the interview form itself. The interviewer's task needs to be made as straight-forward as possible.
· Questions should be clearly worded and response options clearly identified.
· Prescribed definitions and explanations should be provided. This ensures that the questions are handled consistently by all interviewers and that during the interview process the interviewer can answer/clarify respondents' queries.
Ample writing space should be allowed to record open-ended answers, and to cater for differences in handwriting between interviewers.








Lecture 24
Quantitative Data Analysis: Observation Method
Criterion related observation
Criterion related observer reliability is the extent to which a trained observer’s scores agree with those of an expert observer such as the researcher who developed the observation instrument. Intra-observer reliability is the extent to which the observer is consistent in her observational codings. Both criterion related and intra related observer reliability use coding videotapes or audiotapes of events similar to those she will be seeing in the field. Inter-observer reliability is the extent to which the observers agree with each other during actual data collection. Pairs of observers collect data on the same events.
 
Validity and Reliability in Observation research
An observer effect is any action by the observer that has a negative effect on the validity or reliability of the data they collect. Following are observer effects and steps that can be taken to control them. 1) Effect of the observer on the observed. Being distracted by the observer can result in the production of nonrepresentational data. Making several visits beforehand will result in the students and teacher taking the visit for granted reducing the effect. 2) Observer personal bias refers to errors in observational data that are traceable to characteristics of the observer. Reduce this by looking for and eliminating obvious sources of personal bias. 3) Rating errors occur when observational rating scales are used. Some observers form a response set that produces errors in their ratings on these scales. The three response sets are error of leniency (giving the majority high marks), error of central tendency (give majority midpoint scores), and halo effect (make decisions based on early impressions). To prevent these rating errors, either reconceptualize the rating scale or select and train observers more carefully. 4) Observer contamination occurs when the observer’s knowledge of certain data in a study influences the data he records about other variables. Keeping possibly contaminating information from the observers might reduce this effect. 5) Observer omission is the failure to record the occurrence of a behavior that fits one of the categories on the observational schedule. Cause is personal bias or when behaviors being observed occur too frequently or rarely. Ways to avoid this is simplifying the observation schedule or assign multiple observers to a setting. Providing cues and reminders may help maintain the observer’s vigilance. 6) Observer drift is the tendency for observers gradually to redefine the observational variables, so that the data they collect no longer reflect the definitions they learned during training.. Observer drift can be avoided by starting to collect data immediately following training and for long term observation, hold weekly refresher training sessions 7) Reliability decay is the tendency for observational data recorded during the later phases of data collection to be less reliable than those collected earlier. Avoid this by frequently checking on observers during the course of study to keep them performing at a satisfactory level. Maintaining observer motivation should prevent most of the above effects.
 













Lecture 25
Experimental Design
We are concerned with the analysis of data generated from an experiment. It is wise to take time and effort to organize the experiment properly to ensure that the right type of data, and enough of it, is available to answer the questions of interest as clearly and efficiently as possible. This process is called experimental design.
The specific questions that the experiment is intended to answer must be clearly identified before carrying out the experiment. We should also attempt to identify known or expected sources of variability in the experimental units since one of the main aims of a designed experiment is to reduce the effect of these sources of variability on the answers to questions of interest. That is, we design the experiment in order to improve the precision of our answers. 
(Definition taken from Valerie J. Easton and John H. McColl's Statistics Glossary v1.1)
Control
Suppose a farmer wishes to evaluate a new fertilizer. She uses the new fertilizer on one field of crops (A), while using her current fertilizer on another field of crops (B). The irrigation system on field A has recently been repaired and provides adequate water to all of the crops, while the system on field B will not be repaired until next season. She concludes that the new fertilizer is far superior.
The problem with this experiment is that the farmer has neglected to control for the effect of the differences in irrigation. This leads to experimental bias, the favoring of certain outcomes over others. To avoid this bias, the farmer should have tested the new fertilizer in identical conditions to the control group, which did not receive the treatment. Without controlling for outside variables, the farmer cannot conclude that it was the effect of the fertilizer, and not the irrigation system, that produced a better yield of crops.
Another type of bias that is most apparent in medical experiments is the placebo effect. Since many patients are confident that a treatment will positively affect them, they react to a control treatment which actually has no physical affect at all, such as a sugar pill. For this reason, it is important to include control, or placebo, groups in medical experiments to evaluate the difference between the placebo effect and the actual effect of the treatment.
[bookmark: random]The simple existence of placebo groups is sometimes not sufficient for avoiding bias in experiments. If members of the placebo group have any knowledge (or suspicion) that they are not being given an actual treatment, then the effect of the treatment cannot be accurately assessed. For this reason, double-blind experiments are generally preferable. In this case, neither the experimenters nor the subjects are aware of the subjects' group status. This eliminates the possibility that the experimenters will treat the placebo group differently from the treatment group, further reducing experimental bias.
Randomization
Because it is generally extremely difficult for experimenters to eliminate bias using only their expert judgment, the use of randomization in experiments is common practice. In a randomized experimental design, objects or individuals are randomly assigned (by chance) to an experimental group. Using randomization is the most reliable method of creating homogeneous treatment groups, without involving any potential biases or judgments. There are several variations of randomized experimental designs, two of which are briefly discussed below.
Completely Randomized Design
In a completely randomized design, objects or subjects are assigned to groups completely at random. One standard method for assigning subjects to treatment groups is to label each subject, then use a table of random numbers to select from the labelled subjects. This may also be accomplished using a computer. In MINITAB, the "SAMPLE" command will select a random sample of a specified size from a list of objects or numbers.
Randomized Block Design
If an experimenter is aware of specific differences among groups of subjects or objects within an experimental group, he or she may prefer a randomized block design to a completely randomized design. In a block design, experimental subjects are first divided into homogeneous blocks before they are randomly assigned to a treatment group. If, for instance, an experimenter had reason to believe that age might be a significant factor in the effect of a given medication, he might choose to first divide the experimental subjects into age groups, such as under 30 years old, 30-60 years old, and over 60 years old. Then, within each age level, individuals would be assigned to treatment groups using a completely randomized design. In a block design, both control and randomization are considered.
Example
A researcher is carrying out a study of the effectiveness of four different skin creams for the treatment of a certain skin disease. He has eighty subjects and plans to divide them into 4 treatment groups of twenty subjects each. Using a randomized block design, the subjects are assessed and put in blocks of four according to how severe their skin condition is; the four most severe cases are the first block, the next four most severe cases are the second block, and so on to the twentieth block. The four members of each block are then randomly assigned, one to each of the four treatment groups. 
(Example taken from Valerie J. Easton and John H. McColl's Statistics Glossary v1.1)
Replication
Although randomization helps to insure that treatment groups are as similar as possible, the results of a single experiment, applied to a small number of objects or subjects, should not be accepted without question. Randomly selecting two individuals from a group of four and applying a treatment with "great success" generally will not impress the public or convince anyone of the effectiveness of the treatment. To improve the significance of an experimental result, replication, the repetition of an experiment on a large group of subjects, is required. If a treatment is truly effective, the long-term averaging effect of replication will reflect its experimental worth. If it is not effective, then the few members of the experimental population who may have reacted to the treatment will be negated by the large numbers of subjects who were unaffected by it. Replication reduces variability in experimental results, increasing their significance and the confidence level with which a researcher can draw conclusions about an experimental factor.
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Operational Definition: measurement attitude and Scale
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Measurement
· Is the process of assigning numbers or labels to objects, persons, states of nature, or events.
· Done according to set of rules that reflect qualities or quantities of what is being measured.
· Measurement means that scales are used.  Scales are a set of symbols or numbers, assigned by rule to individuals, their behaviors, or attributes associated with them.
· Four types of scales are used in research, each with specific applications and properties.  The scales are nominal, ordinal, interval, and ratio.
Scales
· Simply the Nominal scale is count of the objects belonging to different catageories.
· The ordinal scale positions objects in some order( such as it indicates that pinapples are jucies then apples and oranges are even more jucies than pinapples) The problem is it does not gies us information as to what extent one is jucier than the other. How much better is the pineapple than the apple and orange is better than the pine apple.Is pine apple onely marinally better than the apple .
· The interval scale indicates the distance between objects since it measured in units of equal interval.( the difference between temprature  of 20degree and 25 degree is the same as the difference between 40 and 45 degree. 
Scales for measurement of variables

Measurement scales
To measure is to assess, quantify, analyze or appraise. It is to discover the extent, dimensions, capacity and quantity of any physical object.
Business research deals with physical objects as well as ideas. “How sound is an idea” is parallel to assessing “how well you like a song, a painting or personality of your boss”. While physical objects are measured directly, ideas or concepts are measured with the help of anoperational definition. Obviously, salesmanship cannot be measured directly but it is easy to set a benchmark for a good salesman as one having sold 200 cars per year without any complaint.
Four scales are used to measure any object or to quantify any concept or idea or properties. These are discussed as follows:
NOMINAL SCALE
It is just a label having no intrinsic value or quality. It cannot be used in grading or ranking, There are no overlaps and nominal scale are mutually exclusive. One can be either Muslim or non-Muslim, not both at the same time as it requires an item to be placed in one and only one class. It is used for counting or cross-tabulation.
Hair could be black or grey, blood can be A,B,O or AB. In cricket, there is left arm or right arm spinners.
It is used for obtaining personal data and is usally exhaustive to include all categories or segmentation.
ORDINAL
It used for ranking, rating or grading. It can show best to worst status or first to last preference. But distance between two ordinal scales is not the same. income level of poor, middle and rich class are like less than Rs.10,000, between Rs.11,000 to Rs.50,000 and 51,000 and above. The distances are 10,000, 39,000 and infinitve respectively.
It is evident that ordinal scale can rank some items in an order like less than or more but not “how much more”
INTERVAL
It is more powerful than nominal and ordinal as it not only orders or ranks or rates but also shows exact distances in between. But it does not start from zero. If there is zero like zero temperature it is not natural but arbitrary as 0 degree does not mean no temperature. Likewise, year 0 in a forecast is the end of construction year.
This scale is used in addition or substraction of scale value to calculate mean, range, variance, standard deviation, correlation and regression.
Difference between interval and ordinal scale:
Ordinal scale only ranks but does not measure difference between the two ranks like “satisfactory” and “not-satisfactory”. Interval scale not only ranks but also give exact distance between them by assigning a value. Difference in temperature of 20 degree and 40 degree is 20 but 40 is not double hot than 20.
RATIO SCALE
This scale can perform all functions. It can show all mathematical and geographical indicators. It is useful when exact figures are required in objective matters are required.
If a person is drawing a salary of Rs.20,000 and another Rs.40,000, it can be said that the latter is getting double the salary of the former.
FOUR SCALES COMPARED
	NOMINAL 
	ORGINAL 
	INTERVEL 
	RATIO

	Classification but no order, distance or origin 
	Classification but order but no distance or unique origion
	Classificatiion, ordered and distance but no unique origin
	Classification, order, distance and unique origin

	Determinition of equality
	Determinination of greater or lesser value
	Determination of equlity of intervals or differences
	Determination of equality of ratios

	Only Label 
	Ranks, Rating and Grade 
	equal grouping 
	Weight, hieght 

	Gener (male, female)
	Doneness of meat, (well, medium well, medium rare, rare)
	temperature in degrees
	Age in years

	Counting
	Frequency Distribution
	Addition/substraction but no multiplication or division
	All functions

	Black & While
	AAA, BBB, CCC
	personality measure
	Can say no measurable value like zero sales 

	Religion
	Levels, one-star & 4-star
	Mean, range, variance, standard deviation 
	Annual Income 


Rating and Ranking Scales.
RATING SCALES
Requires the respondent to estimate the magnitude of a quality that an object possesses. Scoring an object without making a direct comparison to another object.
· DICHOTOMOUS
· LIKERT SCALE
· SEMANTIC DIFFERENTIAL SCALE
· GRAPHIC SCALE
· Staple Scale
RANKING SCALES
Requires that the respondents rank order a small number of activities, events or objects on the basis of overall preference or some characteristic of the stimulus.
· PAIRED COMPARISON
· FORCED CHOICE
· COMPARATIVE SCALE





Lecture 27
Qualitative Data Analysis	
Definition
transdisciplinary, and sometimes counterdisciplinary field.  It crosses the humanities and the social and physical sciences.  Qualitative research is many things at the same time.  It is multiparadigmatic in focus.  Its practitioners are sensitive to the value of the multimethod approach.  They are committed to the naturalistic perspective, and to the interpretative understanding of human experience.  At the same time, the field is inherently political and shaped by multiple ethical and political positions
Qualitative modes of data analysis provide ways of discerning, examining, comparing and contrasting, and interpreting meaningful patterns or themes. Meaningfulness is determined by the particular goals and objectives of the project at hand: the same data can be analyzed and synthesized from multiple angles depending on the particular research or evaluation questions being addressed. The varieties of approaches - including ethnography, narrative analysis, discourse analysis, and textual analysis - correspond to different types of data, disciplinary traditions, objectives, and philosophical orientations. However, all share several common characteristics that distinguish them from quantitative analytic approaches.
In quantitative analysis, numbers and what they stand for are the material of analysis. By contrast, qualitative analysis deals in words and is guided by fewer universal rules and standardized procedures than statistical analysis.
We have few agreed-on canons for qualitative data analysis, in the sense of shared ground rules for drawing conclusions and verifying their sturdiness (Miles and Huberman, 1984).
This relative lack of standardization is at once a source of versatility and the focus of considerable misunderstanding. That qualitative analysts will not specify uniform procedures to follow in all cases draws critical fire from researchers who question whether analysis can be truly rigorous in the absence of such universal criteria; in fact, these analysts may have helped to invite this criticism by failing to adequately articulate their standards for assessing qualitative analyses, or even denying that such standards are possible. Their stance has fed a fundamentally mistaken but relatively common idea of qualitative analysis as unsystematic, undisciplined, and "purely subjective."
Although distinctly different from quantitative statistical analysis both in procedures and goals, good qualitative analysis is both systematic and intensely disciplined. If not "objective" in the strict positivist sense, qualitative analysis is arguably replicable insofar as others can be "walked through" the analyst's thought processes and assumptions. Timing also works quite differently in qualitative evaluation. Quantitative evaluation is more easily divided into discrete stages of instrument development, data collection, data processing, and data analysis. By contrast, in qualitative evaluation, data collection and data analysis are not temporally discrete stages: as soon as the first pieces of data are collected, the evaluator begins the process of making sense of the information. Moreover, the different processes involved in qualitative analysis also overlap in time. Part of what distinguishes qualitative analysis is a loop-like pattern of multiple rounds of revisiting the data as additional questions emerge, new connections are unearthed, and more complex formulations develop along with a deepening understanding of the material. Qualitative analysis is fundamentally an iterative set of processes.
At the simplest level, qualitative analysis involves examining the assembled relevant data to determine how they answer the evaluation question(s) at hand. However, the data are apt to be in formats that are unusual for quantitative evaluators, thereby complicating this task. In quantitative analysis of survey results, for example, frequency distributions of responses to specific items on a questionnaire often structure the discussion and analysis of findings. By contrast, qualitative data most often occur in more embedded and less easily reducible or distillable forms than quantitative data. For example, a relevant "piece" of qualitative data might be interspersed with portions of an interview transcript, multiple excerpts from a set of field notes, or a comment or cluster of comments from a focus group.
Throughout the course of qualitative analysis, the analyst should be asking and reasking the following questions:
· What patterns and common themes emerge in responses dealing with specific items? How do these patterns (or lack thereof) help to illuminate the broader study question(s)?
· Are there any deviations from these patterns? If yes, are there any factors that might explain these atypical responses?
· What interesting stories emerge from the responses? How can these stories help to illuminate the broader study question(s)?
· Do any of these patterns or findings suggest that additional data may need to be collected? Do any of the study questions need to be revised?
· Do the patterns that emerge corroborate the findings of any corresponding qualitative analyses that have been conducted? If not, what might explain these discrepancies?
Two basic forms of qualitative analysis, essentially the same in their underlying logic, will be discussed: intra-case analysis and cross-case analysis. A case may be differently defined for different analytic purposes. Depending on the situation, a case could be a single individual, a focus group session, or a program site (Berkowitz, 1996). In terms of the hypothetical project described in Chapter 2, a case will be a single campus. Intra-case analysis will examine a single project site, and cross-case analysis will systematically compare and contrast the eight campuses.
 
Processes in Qualitative Analysis
Qualitative analysts are justifiably wary of creating an unduly reductionistic or mechanistic picture of an undeniably complex, iterative set of processes. Nonetheless, evaluators have identified a few basic commonalities in the process of making sense of qualitative data. In this chapter we have adopted the framework developed by Miles and Huberman (1994) to describe the major phases of data analysis: data reduction, data display, and conclusion drawing and verification.
 
Data Reduction
First, the mass of data has to be organized and somehow meaningfully reduced or reconfigured. Miles and Huberman (1994) describe this first of their three elements of qualitative data analysis as data reduction. "Data reduction refers to the process of selecting, focusing, simplifying, abstracting, and transforming the data that appear in written up field notes or transcriptions." Not only do the data need to be condensed for the sake of manageability, they also have to be transformed so they can be made intelligible in terms of the issues being addressed.
Data reduction often forces choices about which aspects of the assembled data should be emphasized, minimized, or set aside completely for the purposes of the project at hand. Beginners often fail to understand that even at this stage, the data do not speak for themselves. A common mistake many people make in quantitative as well as qualitative analysis, in a vain effort to remain "perfectly objective," is to present a large volume of unassimilated and uncategorized data for the reader's consumption.
In qualitative analysis, the analyst decides which data are to be singled out for description according to principles of selectivity. This usually involves some combination of deductive and inductive analysis. While initial categorizations are shaped by preestablished study questions, the qualitative analyst should remain open to inducing new meanings from the data available.
In evaluation, such as the hypothetical evaluation project in this handbook, data reduction should be guided primarily by the need to address the salient evaluation question(s). This selective winnowing is difficult, both because qualitative data can be very rich, and because the person who analyzes the data also often played a direct, personal role in collecting them. The words that make up qualitative analysis represent real people, places, and events far more concretely than the numbers in quantitative data sets, a reality that can make cutting any of it quite painful. But the acid test has to be the relevance of the particular data for answering particular questions. For example, a formative evaluation question for the hypothetical study might be whether the presentations were suitable for all participants. Focus group participants may have had a number of interesting things to say about the presentations, but remarks that only tangentially relate to the issue of suitability may have to be bracketed or ignored. Similarly, a participant’s comments on his department chair that are unrelated to issues of program implementation or impact, however fascinating, should not be incorporated into the final report. The approach to data reduction is the same for intra-case and cross-case analysis.
With the hypothetical project of Chapter 2 in mind, it is illustrative to consider ways of reducing data collected to address the question "what did participating faculty do to share knowledge with nonparticipating faculty?" The first step in an intra-case analysis of the issue is to examine all the relevant data sources to extract a description of what they say about the sharing of knowledge between participating and nonparticipating faculty on the one campus. Included might be information from focus groups, observations, and indepth interviews of key informants, such as the department chair. The most salient portions of the data are likely to be concentrated in certain sections of the focus group transcripts (or write-ups) and indepth interviews with the department chair. However, it is best to also quickly peruse all notes for relevant data that may be scattered throughout.
In initiating the process of data reduction, the focus is on distilling what the different respondent groups suggested about the activities used to share knowledge between faculty who participated in the project and those who did not. How does what the participating faculty say compare to what the nonparticipating faculty and the department chair report about knowledge sharing and adoption of new practices? In setting out these differences and similarities, it is important not to so "flatten" or reduce the data that they sound like close-ended survey responses. The tendency to treat qualitative data in this manner is not uncommon among analysts trained in quantitative approaches. Not surprisingly, the result is to make qualitative analysis look like watered down survey research with a tiny sample size. Approaching qualitative analysis in this fashion unfairly and unnecessarily dilutes the richness of the data and, thus, inadvertently undermines one of the greatest strengths of the qualitative approach.
Answering the question about knowledge sharing in a truly qualitative way should go beyond enumerating a list of knowledge-sharing activities to also probe the respondents' assessments of the relative effectiveness of these activities, as well as their reasons for believing some more effective than others. Apart from exploring the specific content of the respondents' views, it is also a good idea to take note of the relative frequency with which different issues are raised, as well as the intensity with which they are expressed.
 
Data Display
Data display is the second element or level in Miles and Huberman's (1994) model of qualitative data analysis. Data display goes a step beyond data reduction to provide "an organized, compressed assembly of information that permits conclusion drawing..." A display can be an extended piece of text or a diagram, chart, or matrix that provides a new way of arranging and thinking about the more textually embedded data. Data displays, whether in word or diagrammatic form, allow the analyst to extrapolate from the data enough to begin to discern systematic patterns and interrelationships. At the display stage, additional, higher order categories or themes may emerge from the data that go beyond those first discovered during the initial process of data reduction.
From the perspective of program evaluation, data display can be extremely helpful in identifying why a system (e.g., a given program or project) is or is not working well and what might be done to change it. The overarching issue of why some projects work better or are more successful than others almost always drives the analytic process in any evaluation. In our hypothetical evaluation example, faculty from all eight campuses come together at the central campus to attend workshops. In that respect, all participants are exposed to the identical program. However, implementation of teaching techniques presented at the workshop will most likely vary from campus to campus based on factors such as the participants’ personal characteristics, the differing demographics of the student bodies, and differences in the university and departmental characteristics (e.g., size of the student body, organization of preservice courses, department chair’s support of the program goals, departmental receptivity to change and innovation). The qualitative analyst will need to discern patterns of interrelationships to suggest why the project promoted more change on some campuses than on others.
One technique for displaying narrative data is to develop a series of flow charts that map out any critical paths, decision points, and supporting evidence that emerge from establishing the data for a single site. After the first flow chart has been developed, the process can be repeated for all remaining sites. Analysts may (1) use the data from subsequent sites to modify the original flow chart; (2) prepare an independent flow chart for each site; and/or (3) prepare a single flow chart for some events (if most sites adopted a generic approach) and multiple flow charts for others. Examination of the data display across the eight campuses might produce a finding that implementation proceeded more quickly and effectively on those campuses where the department chair was highly supportive of trying new approaches to teaching but was stymied and delayed when department chairs had misgivings about making changes to a tried-and-true system.
Data display for intra-case analysis. Exhibit 10 presents a data display matrix for analyzing patterns of response concerning perceptions and assessments of knowledge-sharing activities for one campus. We have assumed that three respondent units - participating faculty, nonparticipating faculty, and department chairs - have been asked similar questions. Looking at column (a), it is interesting that the three respondent groups were not in total agreement even on which activities they named. Only the participants considered e-mail a means of sharing what they had learned in the program with their colleagues. The nonparticipant colleagues apparently viewed the situation differently, because they did not include e-mail in their list. The department chair - perhaps because she was unaware they were taking place - did not mention e-mail or informal interchanges as knowledge-sharing activities.
Column (b) shows which activities each group considered most effective as a way of sharing knowledge, in order of perceived importance; column (c) summarizes the respondents' reasons for regarding those particular activities as most effective. Looking down column (b), we can see that there is some overlap across groups - for example, both the participants and the department chair believed structured seminars were the most effective knowledge-sharing activity. Nonparticipants saw the structured seminars as better than lunchtime meetings, but not as effective as informal interchanges.
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Exploratory Research
As the term suggests, exploratory research is often conducted because a problem has not been clearly defined as yet, or its real scope is as yet unclear. It allows the researcher to familiarize him/herself with the problem or concept to be studied, and perhaps generate hypotheses (definition of hypothesis) to be tested. It is the initial research, before more conclusive research (definition of conclusive research) is undertaken. Exploratory research helps determine the best research design, data collection method and selection of subjects, and sometimes it even concludes that the problem does not exist!
Another common reason for conducting exploratory research is to test concepts before they are put in the marketplace, always a very costly endeavor. In concept testing, consumers are provided either with a written concept or a prototype for a new, revised or repositioned product, service or strategy.
Exploratory research can be quite informal, relying on secondary research such as reviewing available literature and/or data, or qualitative (definition of qualitative research) approaches such as informal discussions with consumers, employees, management or competitors, and more formal approaches through in-depth interviews, focus groups, projective methods, case studies or pilot studies.
The results of exploratory research are not usually useful for decision-making by themselves, but they can provide significant insight into a given situation. Although the results of qualitative research can give some indication as to the "why", "how" and "when" something occurs, it cannot tell us "how often" or "how many". In other words, the results can neither be generalized; they are not representative of the whole population being studied.
Exploratory research is conducted into an issue or problem where there are few or no earlier studies to refer to. The focus is on gaining insights and familiarity for later investigation. Secondly, descriptive research describes phenomena as they exist. Here data is often quantitative and statistics applied. It is used to identify and obtain information on a particular problem or issue. Finally causal or predictive research seeks to explain what is happening in a particular situation. It aims to generalise from an analysis by predicting certain phenomena on the basis of hypothesised general relationships.
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Secondary Data
In social science research, you may often hear the terms primary data and secondary data. Primary data is data that was collected by the researcher, or team of researchers, for the specific purpose or analysis under consideration. Here, a research team conceives of and develops a research project, collects data designed to address specific questions, and performs their own analyses of the data they collected. The people involved in the data analysis therefore are familiar with the research design and data collection process.
Secondary data analysis, however, is the use of data that was collected by someone else for some other purpose. In this case, the researcher poses questions that are addressed through the analysis of a data set that they were not involved in collecting. The data was not collected to answer the researcher’s specific research questions and was instead collected for another purpose. The same data set can therefore be a primary data set to one researcher and a secondary data set to a different researcher.
Using Secondary Data
When using secondary data in an analysis, there are some important things that must be done beforehand. Since the researcher did not collect the data, he or she is usually not familiar with the data. It is important for the researcher to become familiar with the data set, including how the data was collected, what the response categories are for each question, whether or not weights need to be applied during the analysis, whether or not clusters or stratification needs to be accounted for, who the population of study was, etc. Basically, the researcher needs to become as familiar as possible with the data set and the data collection process used.
There are a great deal of secondary data resources and data sets available for sociological research, many of which are public and easily accessible. Read more about commonly used secondary.
Advantages of Secondary Data Analysis
The biggest advantage of using secondary data is economics. Someone else has already collected the data, so the researcher does not have to devote money, time, energy, and other resources to this phase of research. Sometimes the secondary data set must be purchased, but the cost is almost always certainly lower than the expense of collecting a similar data set from scratch, which usually entails salaries, travel/transportation, etc. There is also a huge savings in time. Since the data is already collected and usually cleaned and stored in electronic format, the researcher can spend most of his or time analyzing the data instead of getting the data ready for analysis.
A second major advantage of using secondary data is the breadth of data available. The federal government conducts numerous studies on a large, national scale that individual researchers would have a difficult time collecting. Many of these data sets are also longitudinal, meaning that the same data has been collected from the same population over several different time periods. This allows researchers to look at trends and changes of phenomena over time.
A third major advantage of using secondary data is that the data collection process is often guided by expertise and professionalism that may not be available to individual researchers or small research projects. For example, data collection for many federal data sets is often performed by staff members who specialize in certain tasks and have many years of experience in that particular area and with that particular survey. Many smaller research projects do not have that level of expertise available, as data is usually collected by students working at a part-time or temporary job.
Disadvantages of Secondary Data Analysis
A major disadvantage of using secondary data is that it may not answer the researcher’s specific research questions or contain specific information that the researcher would like to have. Or it may not have been collected in the geographic region desired, in the years desired, or the specific population that the researcher is interested in studying. Since the researcher did not collect the data, he or she has no control over what is contained in the data set. Often times this can limit the analysis or alter the original questions the researcher sought out to answer.
A related problem is that the variables may have been defined or categorized differently than the researcher would have chosen. For example, age may have been collected in categories rather than as a continuous variable, or race may be defined as “White” and “Other” instead of containing every major race category.
Another major disadvantage to using secondary data is that the researcher/analyst does not know exactly how the data collection process was done and how well it was done. The researcher is therefore not usually privy to information about how seriously the data are affected by problems such as low response rate or respondent misunderstanding of specific survey questions. Sometimes this information is readily available, as is the case with many federal data sets. However, many other secondary data sets are not accompanied by this type of information and the analyst must learn to read between the lines and consider what problems might have been encountered in the data collection process.
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Sampling and field work
The process of using a small number of items or parts of large population to make conclusions about the whole population
Although sampling has a common place in daily activities, but most of these familiar concepts are not scientific in nature. The understanding of the concept might be intuitive, but actually it has a complex procedure and central importance in business research and data collection, which requires in depth examination
Definition of Universe
The universe comprises all individuals aged 10 and over living in private households in the United Kingdom. Individual radio services have their own Total Survey Areas (TSAs) defined within this. From 2007, the building blocks for stations to determine their TSA has moved from postcode sector to postcode district. All TSAs are then overlaid and non-overlapping segments are created to produce the sampling framework.

[bookmark: 1.2]Sample Design
Creating segments
The segments are the pieces of jigsaw that are formed by the overlap between stations TSAs. Therefore each segment represents a unique pattern of radio stations available for listening.
Number of assignments
The adult (15+) population of each TSA is divided by its required sample size, as dictated by the rate card, to produce its diary requirement (e.g. for a station with a population of 100,000, its diary requirement is 500 diaries per year) and finally its assignment requirement (using the same example and assuming each assignment yields 10 diaries, this station would need 500 / 10 = 50 assignments per year).
The number of assignments is optimised so as to deliver the smallest number of assignments such that the effective sample size for all TSAs will be at least as large as their requirement. The effective sample size for a TSA is the sample size after accounting for necessary weighting effects caused by any disproportionate sampling of the segments that make up that TSA. The sample is drawn to quarterly targets and builds up to balanced 6 monthly/yearly samples.
Selecting Sample Points
The basic units for sampling point selection are Output Areas (OAs), which are the smallest geographical unit of information available from the census. Each OA is a unit of around 125 consecutive addresses. Each RAJAR sampling point consists of a pair of OAs, usually about half a mile apart, which are issued together.
Within each segment, all Output Areas are listed in order by:
· Postcode District
· Quadrant
· Ripple
· Population
Then Sample Frames are constructed within each segment, by listing each Output Area in order by Postcode District, Quadrant, Ripple and Population.
The TSA Sampling Interval is defined as follows:
Sampling Interval = TSA Population / Assignment requirement.
(so using the sample example of a TSA of 50,000 with a yield of 10 diaries per assignment and therefore an assignment requirement of 50 (500 diaries / 10 diaries by assignment), SI = 50,000 / 50 = 1,000. Therefore we need to sample every 1,000th person in this station’s TSA to generate the required number of respondents).
The first Output Area is selected at random. Then based on the Sampling Interval for each segment, consecutive Output Areas containing the n’th person further down the list are sampled (where n = Sampling Interval). The assignments are then allocated to individual Quarters and Weeks within Quarters.
In addition the selected OAs are controlled to represent the ACORN profile of the segment as a whole (or Net Local Radio Areas when segments are too small), and also an additional geographical check ensures that the number of sampling points remains constant in each postal town.
Setting Quotas
The final stage of sampling entails the setting of quotas for each sampling point based upon the household and population profile of each pair of OAs. Quotas are set for adult respondents (15+) based on age, sex, working status and household size. For ethnic origin, minimum targets for 'non-white' respondents are set from Census and Labour Force Survey data.

[bookmark: 1.3]Respondent Selection
Starred Addresses
Each interviewer is issued with up to 150 addresses selected from the Postcode Address File (PAF), up to 75 from each OA (Output Area) forming the sampling point. Every fourth address is asterisked - these are priority addresses at which interviewers make two calls. The rest of the addresses are used as substitutes. Stringent rules are applied for the use of the primary and alternative addresses to maximise the spread of interviews across the whole sampling point.
At each sampling point the interviewer is required to place diaries with one household member aged 15+ at a total of 15 households. In addition, up to two children (4-14) may be selected per household, up to a maximum of five per assignment.
If the recruited adult is aged 25+ and a 15-24 year-old lives in the same household, then interviewers may also recruit the 15-24 year-old. Only one 15-24 year-old can be recruited in this way per assignment.
As with all large-scale surveys, RAJAR faces an ongoing and increasing challenge to adequately represent certain sub-sectors of the population, notably young people and certain ethnic groups. RAJAR takes a pro-active approach to these groups, trialling a range of procedures designed to improve representation. One procedure, now a permanent part of the survey, that has seen an increase over recent years is targeted enumeration.
Targeted enumeration
Snowballing is used to recruit, in particular, 15-24 year olds from the list of 150 addresses. This means interviewers are allowed to ask respondents if they know of any 15-24 year olds living nearby. If the provided address is listed within the Output Area, interviewers are allowed to recruit from it, even if the address isn't starred.
Each assignment is accompanied by a quota sheet, reflecting the demographic composition of the area, and interviewers are incentivised to return an assignment within the boundaries of the set quota.
Special boosts are also in place for the following targets: 15-24s, Men 25-34s, Asians, and Welsh.

[bookmark: 1.4]Placement Procedure
Information is collected by means of a seven day self completion diary. Diaries are personally placed by interviewer with one selected adult (15+) and up to two children (according to the number of children present) in each selected household.
Diary placements tend to take place between the Friday and Sunday immediately prior to the Diary Week which starts on Monday.
All paper diaries are personally collected on the Monday or Tuesday immediately following the Diary Week. The online diary survey week closes the following Monday after placement.















Lecture 31
Report Writing
Writing a research report 
A research report can be based on practical work, research by reading or a study of an organisation or industrial/workplace situation.
1.Preparing 
Identify the purpose/the aims of the research/research question.  
Identify the audience.– lecturer/supervisor/company/organization management/staff. The amount of background included will vary depending on the knowledge of the “audience”.
2. Collecting and organising information 
There are two main sources of information depending on the research task:
1. Reading — theory and other research
2. Research — experiments, data collection ‐ questionnaires, surveys, observation, interviews.
Organise and collate the information in a logical order. Make sure you record the bibliographic information of your reading as you go along.  
See Quick Tips on mind mapping techniques.
3. Planning 
Before writing the report, prepare a detailed plan in outline form.  
Consider the following:
Logical organisation 
Information in a report must be organized logically. Communicate the main ideas followed by supporting details and examples. Start with the more important or significant information and move on to the least important information.  
Headings 
Use headings and suitable sub headings to clearly show the different sections. In longer reports the sections shouldbe numbered.  
4. Writing the report 
1. Draft the report from your detailed plan.  
2. Do not worry too much about the final form and language, but rather on presenting the ideas coherently and logically.  
3. Redraft and edit. Check that sections contain the required information and use suitable headings, check ideas flow in a logical order and remove any unnecessary information.
4. Write in an academic style and tone.  
•  Use a formal objective style.
•  Generally avoid personal pronouns; however, some reports based on your own field
experience or work placement can be reflective the first person can be used. For example, “I observed..”. If in doubt about this, check with the lecturer.





Lecture 32
Quantitative Data Analysis
Quantitative data analysis is helpful in evaluation because it provides quantifiable and easy to understand results. Quantitative data can be analyzed in a variety of different ways. In this section, you will learn about the most common quantitative analysis procedures that are used in small program evaluation. You will also be provided with a list of helpful resources that will assist you in your own evaluative efforts.  
Quantitative Analysis in Evaluation
Before you begin your analysis, you must identify the level of measurement associated with the quantitative data. The level of measurement can influence the type of analysis you can use. There are four levels of measurement:  
· Nominal
· Ordinal
· Interval
· Ratio (scale)
Nominal data – data has no logical; data is basic classification data  
· Example: Male or Female
· There is no order associated with male nor female
· Each category is assigned an arbitrary value (male = 0, female = 1)
Ordinal data – data has a logical order, but the differences between values are not constant  
· Example: T-shirt size (small, medium, large)
· Example: Military rank (from Private to General)
Interval data – data is continuous and has a logical order, data has standardized differences between values, but no natural zero  
· Example: Fahrenheit degrees
· Remember that ratios are meaningless for interval data.
· You cannot say, for example, that one day is twice as hot as another day.
· Example: Items measured on a Likert scale – rank your satisfaction on scale of 1-5.
· 1 = Very Dissatisfied
· 2 = Dissatisfied
· 3 = Neutral
· 4 = Satisfied
· 5 = Very satisfied
Ratio data – data is continuous, ordered, has standardized differences between values, and a natural zero  
· Example: height, weight, age, length
· Having an absolute zero enables you to meaningful say that one measure is twice as long as another.
· For example – 10 inches is twice as long as 5 inches
· This ratio hold true regardless of which scale the object is being measured in (e.g. meters or yards).
Once you have identified your levels of measurement, you can begin using some of the quantitative data analysis procedures outlined below. Due to sample size restrictions, the types of quantitative methods at your disposal are limited. However, there are several procedures you can use to determine what narrative your data is telling. Below you will learn how about:  
· Data tabulation (frequency distributions & percent distributions)
· Descriptives data
· Data disaggregation
· Moderate and advanced analytical methods
To demonstrate each procedure we will use the example summer program student survey data presented in “Enter, Organize, & Clean Data” section.
 
· Data Tabulation
· Descriptives
· Disaggregating the Data
· Moderate and Advanced Analytical Methods
The first thing you should do with your data is tabulate your results for the different variables in your data set. This process will give you a comprehensive picture of what your data looks like and assist you in identifying patterns. The best ways to do this are by constructing frequency and percent distributions  
A frequency distribution is an organized tabulation of the number of individuals or scores located in each category (see the table below).  
· This will help you determine:
· [bookmark: _GoBack]If scores are entered correctly
· If scores are high or low
· How many are in each category
· The spread of the scores
From the table, you can see that 15 of the students surveyed who participated in the summer program reported being satisfied with the experience.
[image: http://toolkit.pellinstitute.org/wp-content/uploads/2009/12/Table-7-1.PNG]
Variable Frequencies for Student Summer Program Survey Data
A percent distribution displays the proportion of participants who are represented within each category (see below). From the table, you can see that 75% of students (n = 20) surveyed who participated in the summer program reported being satisfied with the experience.  
[image: http://toolkit.pellinstitute.org/wp-content/uploads/2009/12/Table-7-2.PNG]
Variable Percentages for Student Summer Program Survey Data
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Example

* Consider that islamabad police force consists
of 1200 officers, during the period 2000 to
2011. the stry of interior promoted 288
men and 36 women to the rank of sergeant.
Following table describes

= T =

Women 36 208 20

Total En £ 1200
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Solution

* P(Promoted|Men)=P(PnM)/P(M)=0.30
* P(Women|Promoted)=P(WnP)/P(P)=0.11

Police Cops | Promoted | Not Promoted | Total
Men 28 72 960
Women 36 200 20
Total 21 876 1200
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