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1: Stepwise regression and all-possible-regressions
Multiple Linear regression More practical applications of regression analysis employ models that are more complex than
the simple straight-line model. The probabilistic model that includes more than one independent variable is called
multiple regression models.

Load the sample data. Fit a linear model to the data. Set the criterion value to enter the model as 0. Specify the
starting model using Wilkinson notation, and identify the response and predictor variables using optional
arguments. Fit a linear model with a starting model of a constant term and Smoker as the predictor variable.
Specify the response variable, Weight, and categorical predictor variables, Sex, Age, and Smoker. At first
step, stepwise algorithm adds Sex to the model with a -value of 6. Then, removes Smoker from the model,
since given Sex in the model, the variable Smoker becomes redundant. The weight of the patients do not seem
to differ significantly according to age or the status of smoking. The value of T i,j is the exponent of variable j
in term i. Suppose there are three predictor variables A, B, and C: In general, If you have the variables in a
table or dataset array, then 0 must represent the response variable depending on the position of the response
variable. The following example illustrates this using a table. Load the sample data and define a table. The
response variable is in the second column of the table, so the second column of the terms matrix must be a
column of 0s for the response variable. The following example illustrates this. Load the sample data and
define the matrix of predictors. This model includes the main effect and two-way interaction terms for the
variables, Acceleration and Weight, and a second-order term for the variable, Weight. Now, perform a
stepwise regression with a constant model as the starting model and a linear model with interactions as the
upper model. To exclude a constant term from the model, include -1 in the formula. Wilkinson Notation
Wilkinson notation describes the factors present in models. The notation relates to factors present in models,
not to the multipliers coefficients of those factors.
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2: Stepwise Regression
In statistics, stepwise regression is a method of fitting regression models in which the choice of predictive variables is
carried out by an automatic procedure. In each step, a variable is considered for addition to or subtraction from the set of
explanatory variables based on some prespecified criterion.

Random errors are independent in a probabilistic sense You need to solve for , the vector of regression
coefficients that minimise the sum of the squared errors between the predicted and actual y values. The
closed-form solution is: You are already familiar with the dataset. Our goal is to predict the mile per gallon
over a set of features. Continuous variables For now, you will only use the continuous variables and put aside
categorical features. The variable am is a binary variable taking the value of 1 if the transmission is manual
and 0 for automatic cars; vs is also a binary variable. You can use the lm function to compute the parameters.
The basic syntax of this function is: The equation you want to estimate -data: The dataset used -subset: You
want to estimate the weight of individuals based on their height and revenue. The equation is The equation in
R is written as follow: The equation to estimate is: You will estimate your first linear regression and store the
result in the fit object. Store the model to estimate lm model, df: Estimate the model with the data frame df
Call: Intercept disp hp drat wt You can access more details such as the significance of the coefficients, the
degree of freedom and the shape of the residuals with the summary function. Min 1Q Median 3Q Max Only
the variable wt has a statistical impact on mpg. Remember, to test a hypothesis in statistic, we use: No
statistical impact H3: The predictor has a meaningful impact on y If the p value is lower than 0. Variance
explained by the model. In your model, the model explained 82 percent of the variance of y. R squared is
always between 0 and 1. The higher the better You can run the ANOVA test to estimate the effect of each
feature on the variances with the anova function. Analysis of Variance Table Response: You can use the plot
function to show four graphs: Theoretical Quartile vs Standardized residuals - Scale-Location: Fitted values vs
Square roots of the standardised residuals - Residuals vs Leverage: The first 2 adds the number of rows The
second 2 adds the number of columns. The lm formula returns a list containing a lot of useful information. It is
straightforward to add factor variables to the model. You add the variable am to your model. It is important to
be sure the variable is a factor level and not continuous. You need to compare the coefficients of the other
group against the base group. Stepwise regression The last part of this tutorial deals with the stepwise
regression algorithm. The purpose of this algorithm is to add and remove potential candidates in the models
and keep those who have a significant impact on the dependent variable. This algorithm is meaningful when
the dataset contains a large list of predictors. The stepwise regression is built to select the best candidates to fit
the model. You use the mtcars dataset with the continuous variables only for pedagogical illustration. Before
you begin analysis, its good to establish variations between the data with a correlation matrix. The GGally
library is an extension of ggplot2. The library includes different functions to show summary statistics such as
correlation and distribution of all the variables in a matrix. We will use the ggscatmat function, but you can
refer to the vignette for more information about the GGally library. The basic syntax for ggscatmat is: A
matrix of continuous variables -columns: Pick up the columns to use in the function. By default, all columns
are used -corMethod: Define the function to compute the correlation between variable. By default, the
algorithm uses the Pearson formula You display the correlation for all your variables and decides which one
will be the best candidates for the first step of the stepwise regression. There are some strong correlations
between your variables and the dependent variable, mpg. Stepwise regression Variables selection is an
important part to fit a model. The stepwise regression will perform the searching process automatically. To
estimate how many possible choices there are in the dataset, you compute with k is the number of predictors.
The amount of possibilities grows bigger with the number of independent variables. You need to install the
olsrr package from CRAN. The package is not available yet in Anaconda. Hence, you install it directly from
the command line: R-square, Adjusted R-square, Bayesian criteria. The model with the lowest AIC criteria
will be the final model. Construct the model to estimate lm model, df: Construct the graphs with the relevant
statistical information plot test: Plot the graphs Output: Linear regression models use the t-test to estimate the
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statistical impact of an independent variable on the dependent variable. Researchers set the maximum
threshold at 10 percent, with lower values indicates a stronger statistical link. The strategy of the stepwise
regression is constructed around this test to add and remove potential candidates. The algorithm works as
follow: Regress each predictor on y separately. Store the p-value and keep the regressor with a p-value lower
than a defined threshold 0. The predictors with a significance lower than the threshold will be added to the
final model. If no variable has a p-value lower than the entering threshold, then the algorithm stops, and you
have your final model with a constant only. Use the predictor with the lowest p-value and adds separately one
variable. You regress a constant, the best predictor of step one and a third variable. You add to the stepwise
model, the new predictors with a value lower than the entering threshold. If no variable has a p-value lower
than 0. You regress the stepwise model to check the significance of the step 1 best predictors. If it is higher
than the removing threshold, you keep it in the stepwise model. Otherwise, you exclude it. You replicate step
2 on the new best stepwise model. The algorithm adds predictors to the stepwise model based on the entering
values and excludes predictor from the stepwise model if it does not satisfy the excluding threshold. The
algorithm keeps on going until no variable can be added or excluded. Threshold of the p-value used to enter a
variable into the stepwise model. Threshold of the p-value used to exclude a variable into the stepwise model.
Print the details of each step Before that, we show you the steps of the algorithm. Below is a table with the
dependent and independent variables:
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3: Stepwise regression - Wikipedia
The end result of multiple regression is the development of a regression equation (line of best fit) between the
dependent variable and several independent variables. There are several types of multiple regression analyses (e.g.
standard, hierarchical, setwise, stepwise) only.

It is used when we want to predict the value of a variable based on the value of two or more other variables.
The variable we want to predict is called the dependent variable or sometimes, the outcome, target or criterion
variable. The variables we are using to predict the value of the dependent variable are called the independent
variables or sometimes, the predictor, explanatory or regressor variables. For example, you could use multiple
regression to understand whether exam performance can be predicted based on revision time, test anxiety,
lecture attendance and gender. Alternately, you could use multiple regression to understand whether daily
cigarette consumption can be predicted based on smoking duration, age when started smoking, smoker type,
income and gender. Multiple regression also allows you to determine the overall fit variance explained of the
model and the relative contribution of each of the predictors to the total variance explained. For example, you
might want to know how much of the variation in exam performance can be explained by revision time, test
anxiety, lecture attendance and gender "as a whole", but also the "relative contribution" of each independent
variable in explaining the variance. This "quick start" guide shows you how to carry out multiple regression
using SPSS Statistics, as well as interpret and report the results from this test. However, before we introduce
you to this procedure, you need to understand the different assumptions that your data must meet in order for
multiple regression to give you a valid result. We discuss these assumptions next. SPSS Statistics
Assumptions When you choose to analyse your data using multiple regression, part of the process involves
checking to make sure that the data you want to analyse can actually be analysed using multiple regression.
You need to do this because it is only appropriate to use multiple regression if your data "passes" eight
assumptions that are required for multiple regression to give you a valid result. In practice, checking for these
eight assumptions just adds a little bit more time to your analysis, requiring you to click a few more buttons in
SPSS Statistics when performing your analysis, as well as think a little bit more about your data, but it is not a
difficult task. Before we introduce you to these eight assumptions, do not be surprised if, when analysing your
own data using SPSS Statistics, one or more of these assumptions is violated i. This is not uncommon when
working with real-world data rather than textbook examples, which often only show you how to carry out
multiple regression when everything goes well! Even when your data fails certain assumptions, there is often a
solution to overcome this. Your dependent variable should be measured on a continuous scale i. Examples of
variables that meet this criterion include revision time measured in hours , intelligence measured using IQ
score , exam performance measured from 0 to , weight measured in kg , and so forth. You can learn more
about interval and ratio variables in our article: If your dependent variable was measured on an ordinal scale,
you will need to carry out ordinal regression rather than multiple regression. Examples of ordinal variables
include Likert items e. You have two or more independent variables, which can be either continuous i. For
examples of continuous and ordinal variables, see the bullet above. Examples of nominal variables include
gender e. Caucasian, African American and Hispanic , physical activity level e. Again, you can learn more
about variables in our article: If one of your independent variables is dichotomous and considered a
moderating variable, you might need to run a Dichotomous moderator analysis. You should have
independence of observations i. We explain how to interpret the result of the Durbin-Watson statistic, as well
as showing you the SPSS Statistics procedure required, in our enhanced multiple regression guide. There
needs to be a linear relationship between a the dependent variable and each of your independent variables, and
b the dependent variable and the independent variables collectively. Whilst there are a number of ways to
check for these linear relationships, we suggest creating scatterplots and partial regression plots using SPSS
Statistics, and then visually inspecting these scatterplots and partial regression plots to check for linearity. If
the relationship displayed in your scatterplots and partial regression plots are not linear, you will have to either
run a non-linear regression analysis or "transform" your data, which you can do using SPSS Statistics. In our
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enhanced multiple regression guide, we show you how to: Your data needs to show homoscedasticity, which
is where the variances along the line of best fit remain similar as you move along the line. We explain more
about what this means and how to assess the homoscedasticity of your data in our enhanced multiple
regression guide. When you analyse your own data, you will need to plot the studentized residuals against the
unstandardized predicted values. In our enhanced multiple regression guide, we explain: Your data must not
show multicollinearity, which occurs when you have two or more independent variables that are highly
correlated with each other. This leads to problems with understanding which independent variable contributes
to the variance explained in the dependent variable, as well as technical issues in calculating a multiple
regression model. Therefore, in our enhanced multiple regression guide, we show you: There should be no
significant outliers, high leverage points or highly influential points. Outliers, leverage and influential points
are different terms used to represent observations in your data set that are in some way unusual when you wish
to perform a multiple regression analysis. These different classifications of unusual points reflect the different
impact they have on the regression line. An observation can be classified as more than one type of unusual
point. However, all these points can have a very negative effect on the regression equation that is used to
predict the value of the dependent variable based on the independent variables. This can change the output that
SPSS Statistics produces and reduce the predictive accuracy of your results as well as the statistical
significance. Fortunately, when using SPSS Statistics to run multiple regression on your data, you can detect
possible outliers, high leverage points and highly influential points. In our enhanced multiple regression guide,
we: Finally, you need to check that the residuals errors are approximately normally distributed we explain
these terms in our enhanced multiple regression guide. Two common methods to check this assumption
include using: Again, in our enhanced multiple regression guide, we: Assumptions 1 and 2 should be checked
first, before moving onto assumptions 3, 4, 5, 6, 7 and 8. Just remember that if you do not run the statistical
tests on these assumptions correctly, the results you get when running multiple regression might not be valid.
This is why we dedicate a number of sections of our enhanced multiple regression guide to help you get this
right. You can find out about our enhanced content as a whole here , or more specifically, learn how we help
with testing assumptions here. In the section, Procedure , we illustrate the SPSS Statistics procedure to
perform a multiple regression assuming that no assumptions have been violated. First, we introduce the
example that is used in this guide.
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4: What is stepwise linear regression? - Cross Validated
In the multiple regression procedure in most statistical software packages, you can choose the stepwise variable
selection option and then specify the method as "Forward" or "Backward," and also specify threshold values for
F-to-enter and F-to-remove.

Printer-friendly version In this section, we learn about the stepwise regression procedure. While we will soon
learn the finer details, the general idea behind the stepwise regression procedure is that we build our regression
model from a set of candidate predictor variables by entering and removing predictors â€” in a stepwise
manner â€” into our model until there is no justifiable reason to enter or remove any more. Our hope is, of
course, that we end up with a reasonable and useful regression model. This leads us to a fundamental rule of
the stepwise regression procedure â€” the list of candidate predictor variables must include all of the variables
that actually predict the response. Otherwise, we are sure to end up with a regression model that is
underspecified and therefore misleading. In particular, the researchers were interested in learning how the
composition of the cement affected the heat evolved during the hardening of the cement. Therefore, they
measured and recorded the following data cement. It looks as if the strongest relationship exists between either
y and x2 or between y and x4 â€” and therefore, perhaps either x2 or x4 should enter the stepwise model first.
Did you notice what else is going on in this data set though? A strong correlation also exists between the
predictors x2 and x4! How does this correlation among the predictor variables play out in the stepwise
procedure? The number of predictors in this data set is not large. The stepwise procedure is typically used on
much larger data sets, for which it is not feasible to attempt to fit all of the possible regression models. For the
sake of illustration, the data set here is necessarily small, so that the largeness of the data set does not obscure
the pedagogical point being made. The procedure Again, before we learn the finer details, let me again provide
a broad overview of the steps involved. First, we start with no predictors in our "stepwise model. We stop
when no more predictors can be justifiably entered or removed from our stepwise model, thereby leading us to
a "final model. The first thing we need to do is set a significance level for deciding when to enter a predictor
into the stepwise model. Of course, we also need to set a significance level for deciding when to remove a
predictor from the stepwise model. Specify an Alpha-to-Enter significance level. This will typically be greater
than the usual 0. Specify an Alpha-to-Remove significance level. Fit each of the one-predictor models â€” that
is, regress y on x1, regress y on x2, Now, fit each of the two-predictor models that include x1 as a predictor
â€” that is, regress y on x1and x2, regress y on x1and x3, The model with the one predictor obtained from the
first step is your final model. But, suppose instead that x2 was deemed the "best" second predictor and it is
therefore entered into the stepwise model. Now, since x1 was the first predictor in the model, step back and
see if entering x2 into the stepwise model somehow affected the significance of the x1 predictor. Suppose both
x1 and x2 made it into the two-predictor stepwise model and remained there. Now, fit each of the
three-predictor models that include x1 and x2 as predictors â€” that is, regress y on x1, x2, and x3, regress y
on x1, x2, and x4, The model containing the two predictors obtained from the second step is your final model.
But, suppose instead that x3 was deemed the "best" third predictor and it is therefore entered into the stepwise
model. Now, since x1 and x2 were the first predictors in the model, step back and see if entering x3 into the
stepwise model somehow affected the significance of the x1 and x2 predictors. Now, regressing y on x1,
regressing y on x2, regressing y on x3, and regressing y on x4, we obtain: The predictors x2 and x4 tie for
having the smallest t-test P-value â€” it is 0. But note the tie is an artifact of Minitab rounding to three decimal
places. The t-statistic for x4 is larger in absolute value than the t-statistic for x2â€”4. As a result of the first
step, we enter x4 into our stepwise model. Now, following step 2, we fit each of the two-predictor models that
include x4 as a predictor â€” that is, we regress y on x4 and x1, regress y on x4 and x2, and regress y on x4
and x3, obtaining: The predictor x2 is not eligible for entry into the stepwise model because its t-test P-value
0. But, again the tie is an artifact of Minitab rounding to three decimal places. The t-statistic for x1 is larger in
absolute value than the t-statistic for x3â€” As a result of the second step, we enter x1 into our stepwise model.
Now, since x4 was the first predictor in the model, we must step back and see if entering x1 into the stepwise
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model affected the significance of the x4 predictor. Therefore, we proceed to the third step with both x1 and
x4 as predictors in our stepwise model. Now, following step 3, we fit each of the three-predictor models that
include x1 and x4 as predictors â€” that is, we regress y on x4, x1, and x2; and we regress y on x4, x1, and x3,
obtaining: The predictor x2 has the smallest t-test P-value 0. Therefore, as a result of the third step, we enter
x2 into our stepwise model. Now, since x1 and x4 were the first predictors in the model, we must step back
and see if entering x2 into the stepwise model affected the significance of the x1 and x4 predictors. Therefore,
we remove the predictor x4 from the stepwise model, leaving us with the predictors x1 and x2 in our stepwise
model: Now, we proceed fitting each of the three-predictor models that include x1 and x2 as predictors â€”
that is, we regress y on x1, x2, and x3; and we regress y on x1, x2, and x4, obtaining: Neither of the remaining
predictorsâ€”x3 and x4â€”are eligible for entry into our stepwise model, because each t-test P-valueâ€”0. That
is, we stop our stepwise regression procedure. Our final regression model, based on the stepwise procedure
contains only the predictors x1 and x2: That took a lot of work! The good news is that most statistical
softwareâ€”including Minitabâ€”provides a stepwise regression procedure that does all of the dirty work for
us. Minitab tells us that: One thing to keep in mind is that Minitab numbers the steps a little differently than
described above. Minitab considers a step any addition or removal of a predictor from the stepwise model,
whereas our stepsâ€”step 3, for exampleâ€”considers the addition of one predictor and the removal of another
as one step. It took Minitab 4 steps before the procedure was stopped. The estimate S, which equals the square
root of MSE, is 8. The R2-value is The estimate S is 2. Does the stepwise regression procedure lead us to the
"best" model? No, not at all! Nothing occurs in the stepwise regression procedure to guarantee that we have
found the optimal model. Suppose we defined the best model to be the model with the largest adjusted
R2-value. Then, here, we would prefer the model containing the three predictors x1, x2, and x4, because its
adjusted R2-value is Again, nothing occurs in the stepwise regression procedure to guarantee that we have
found the optimal model. This, and other cautions of the stepwise regression procedure, are delineated in the
next section. Here are some things to keep in mind concerning the stepwise regression procedure: The final
model is not guaranteed to be optimal in any specified sense. The procedure yields a single final model,
although there are often several equally good models. It may be necessary to force the procedure to include
important predictors. One should not over-interpret the order in which predictors are entered into the model.
One should not jump to the conclusion that all the important predictor variables for predicting y have been
identified, or that all the unimportant predictor variables have been eliminated. The probability is therefore
high that we included some unimportant predictors or excluded some important predictors. Interested in this
question, some researchers Willerman, et al, collected the following data iqsize. A matrix plot of the resulting
data looks like: Using Minitab to perform the stepwise regression procedure, we obtain: The output tells us:
The first predictor entered into the stepwise model is Brain. Minitab tells us that the estimated intercept is 4.
The estimate S is The second and final predictor entered into the stepwise model is Height. Minitab tells us
that the estimated intercept is At no step is a predictor removed from the stepwise model. Some researchers
observed the following data bloodpress. Stepwise regression Brain size and body size. Imagine that you do not
have automated stepwise regression software at your disposal, and conduct the stepwise regression procedure
on the iqsize. Setting Alpha-to-Remove and Alpha-to-Enter at 0. First, fit each of the three possible simple
linear regression models. Performing a basic regression analyis. What is the first predictor that should be
entered into the stepwise model? Which predictor should be entered into the model next?
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5: Create linear regression model by stepwise regression - MATLAB
Multiple linear regression is used to answer these types of questions by finding if there is a linear relationship between
an effect (ice cream sales) and possible causes (temperature and humidity). The SPC for Excel software contains
regression as well as stepwise regression.

Although multiple regression analysis is simpler than many other types of statistical modeling methods , there
are still some crucial steps that must be taken to ensure the validity of the results you obtain. Since the internet
provides so few plain-language explanations of this process, I decided to simplify things â€” to help walk you
through the basic process. Please keep in mind that this is a brief summary checklist of steps and
considerations. An entire statistics book could probably be written for each of these steps alone. Use this as a
basic roadmap, but please investigate the nuances of each step, to avoid making errors. Google is your friend.
Lastly, in all instances, use your common sense. Before getting into any of the model investigations, make
inspect and prepare your data. Check it for errors, treat any missing values, and inspect outliers to determine
their validity. The two following methods will be helpful to you in the variable selection process. Try out an
automatic search procedure and let R decide what variables are best. Stepwise regression analysis is a quick
way to do this. Make sure to check your output and see that it makes sense Use all-possible-regressions to test
all possible subsets of potential predictor variables. Popular numerical criteria are as follows: R2 â€” The set
of variables with the highest R2 value are the best fit variables for the model. R2 values are always between 0
and 1. Cp â€” The smaller the Cp value, the less total mean square error, and the less regression bias there is.
Test the significance of your predictor variables as a group for predicting the response of your dependent
variable. Check the overall sample variation of the dependent variable that is explained by the model after the
sample size and the number of parameters have been adjusted. Adjusted R2 values are indicative of how well
your predictive equation is fit to your data. Larger adjusted R2 values indicate that variables are a better fit for
the model. Root mean square error MSE: MSE provides an estimation for the standard deviation of the
random error. Coefficient of variation CV: If you want a valid result from multiple regression analysis, these
assumptions must be satisfied. You must have three or more variables that are of metric scale integer or ratio
variables and that can be measured on a continuous scale. Your data cannot have any major outliers, or data
points that exhibit excessive influence on the rest of the dataset. Variable relationships exhibit 1 linearity â€”
your response variable has a linear relationship with each of the predictor variables, and 2 additivity â€” the
expected value of your response variable is based on the additive effects of the different predictor variables.
Your data shows an independence of observations, or in other words, there is no autocorrelation between
variables. Your data demonstrates an absence of multicollinearity. Your data is homoscedastic. Your residuals
must be normally distributed. If your data is heteroscedastic, you can try transforming your response variable.
If your residuals are non-normal, you can either 1 check to see if your data could be broken into subsets that
share more similar statistical distributions, and upon which you could build separate models OR 2 check to see
if the problem is related to a few large outliers. If so, and if these are caused by a simple error or some sort of
explainable, non-repeating event, then you may be able to remove these outliers to correct for the
non-normality in residuals. If you are seeing correlation between your predictor variables, try taking one of
them out. If your model is generating error due to the presence of missing values, try treating the missing
values, or use dummy variables to cover for them. The following three methods will be helpful with that.
Check the predicted values by collecting new data and checking it against results that are predicted by your
model. Check the results predicted by your model against your own common sense. Cross validate results by
splitting your data into two randomly-selected samples. Use one half of the data to estimate model parameters
and use the other half for checking the predictive results of your model. Grab the free pdf download â€” A 5
step checklist for multiple linear regression analysis.
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6: Stepwise regression in R - How does it work? - Cross Validated
stepwise multiple regression example Math Guy Zero. Multiple Regression with the Stepwise Method in SPSS Duration: Simple Linear Regression.

Contact Us Stepwise Regression When there are a large number of potential independent variables which can
be used to model the dependent variable, the general approach is to use the fewest number of independent
variables that can do a sufficiently good job of predicting the value of the dependent variable. This leads to the
concept of stepwise regression, which was introduced in Testing Significance of Extra Variables. The reader is
once again alerted to the limitations of this approach, as described in Testing Significance of Extra Variables.
The algorithm we use can be described as follows where x1, â€¦, xk are the independent variables and y is the
dependent variable: Establish a significance level. Build the k linear regression models containing one of the k
independent variables. Choose the independent variable whose regression coefficient has the smallest p-value
in the t test that determines whether that coefficient is significantly different from zero. Then stop and
conclude there is no acceptable regression model. Otherwise, continue to step 2a. As in step 2a, choose the
independent variable whose regression coefficient has the smallest p-value. Then stop and conclude that the
stepwise regression model contains the independent variables z1, z2, â€¦, zm. Otherwise, continue on to step
2c. Now loop back to step 2a. Note that this process will eventually stop. Carry out stepwise regression on the
data in range A5: E18 of Figure 1. Figure 1 â€” Stepwise Regression The steps in the stepwise regression
process are shown on the right side of Figure 1. Columns G through J show the status of the four variables at
each step in the process. An empty cell corresponds to the corresponding variable not being part of the
regression model at that stage, while a non-blank value indicates that the variable is part of the model. We see
that the model starts out with no variables range G6: J6 and terminates with a model containing x1 and x4
range G Columns L through O show the calculations of the p-values for each of the variables. The even
numbered rows show the p-values for potential variables to include in the model corresponding to steps 1a and
2a in the above procedure. The value in cell L8 is the p-value of the x1 coefficient for the model containing x1
and x3 as independent variables since x3 was already in the model at that stage. The values in range L8: J8 ,
which will be explained below. For each even row in columns L through O, we determine the variable with the
lowest p-value using formulas in columns Q and R. Thus we see that at variable x4 is the first variable that can
be added to the model provided its p-value is less than the alpha value of. The odd numbered rows in columns
L through O show the p-values which are used to determine potential elimination of a variable from the model
corresponding to step 2b in the above procedure. J7 , which we will describe below. The determination of
whether to eliminate a variable is done in columns G through J. We see that x1 is not eliminated from the
model. In the following step, we add variable x4 and so the model contains the variables x1, x3, x4. In the
final step of the stepwise regression process starting with variables x1 and x4 , we test variables x2 and x3 for
inclusion and find that the p-values for both are larger than. The Stepwise Regression procedure described
above makes use of the following array functions. We can also determine the final variables in the stepwise
regression process without going through all the steps described above by using the following array formula:
Real Statistics Data Analysis Tool: We can use the Stepwise Regression option of the Linear Regression data
analysis tool to carry out the stepwise regression process. For example, for Example 1, we press Ctrl-m, select
Regression from the main menu or click on the Reg tab in the multipage interface and then choose Multiple
linear regression. On the dialog box that appears as shown in Figure 2. Figure 2 â€” Dialog box for stepwise
regression The output looks similar to that found in Figure 1, but in addition the actual regression analysis is
displayed, as shown in Figure 3. Figure 3 â€” Stepwise Regression output Note that the SelectCols function is
used to fill in some of the cells in the output shown in Figure 3. For example, the range U K14 and range V
Here the range H K14 describes which independent variables are maintained in the stepwise regression model.
This range is comparable to range H K12 of Figure 1 and contains the same values. Leave a Reply Your email
address will not be published.
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7: Checklist for Multiple Linear Regression - Data-Mania, LLC
â€¢ Using the Analysis menu or the Procedure Navigator, find and select the Stepwise Regression procedure. â€¢ On
the menus, select File, then New Template. This will fill the procedure with the default template.

This webpage will take you through doing this in SPSS. Stepwise regression essentially does multiple
regression a number of times, each time removing the weakest correlated variable. At the end you are left with
the variables that explain the distribution best. The only requirements are that the data is normally distributed
or rather, that the residuals are , and that there is no correlation between the independent variables known as
collinearity. Once you have your file in SPSS, pick the following menu item This should bring up the
following dialog box Pick your dependent and indepenent variables. To pick the variables you want to
generate the statistics for, select them in the left side of the dialog box example hightlighted red above , and
click the arrow button in the middle of the dialog box to shift them into the various boxes. You can select
several variables at once using the "shift" and "control Ctrl " keys. You can shift variables out of the boxes
using the reverse procedure. If you click on the "Statistics" button, you should get the following dialog box
This allows you to generate several statistics. The most important in this context is the "Collinearity
diagnositics". Ensure this box is ticked and push "Continue" to get back to the first dialog. In the "Method"
list, choose "Stepwise" And then press "Ok" to run the analysis. After a short delay, the results viewer should
appear. This shows various statistics for each "model". The models are composed of different sets of the
variables. These models are the combinations of variables that best explain the dependent variable. This shows
the variables used to build the models. The next should be the "Model Summary" which gives details of the
overall correlation between the variables left in the models and the dependent variable. With model 5 below,
some 7 percent of the variation in the dependent variable can be explained using the independent variables
listed below the box as "e". There should also be a Coefficients box, showing the linear regression equation
coefficients for the various model variables. The "Constant" is the intercept equilivant in the equation i. There
should also be an "Excluded Variables" box showing the variables removed from each model. Finally there
should be a "Collinearity Diagnostics" box, if you picked to have this shown. This gives you details of how the
variables vary with each other. When two or more of the supposedly independent variables are correlated, the
condition index for each will be above one. Values of one are independent, values of greater than 15 suggest
there may be a problem, while values of above 30 are highly dubious. If the variables are correlated, one of the
variables should be dropped and the analysis repeated. You can find more information on assessing
collinearity here. If you find collinearity is a problem in your data i. Principle Components analysis will
regroup collinear variables into a single variable which can be used in techniques that require non-collinear
data. You can run the stepwise linear regression using Principle Component groups to then cut out those
groups which are not important. For more information see Principal Components Analysis note that the PCA
page was written by previous students - it will talk you though the basics, but there may be better ways of
doing parts of it!
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8: How to perform a Multiple Regression Analysis in SPSS Statistics | Laerd Statistics
This video demonstrates how to conduct and interpret a multiple linear regression with the stepwise method in SPSS.
Multiple linear regressions return the contribution of multiple predictor.

Excel file with regression formulas in matrix form Latest news: If you are at least a part-time user of Excel,
you should check out the new release of RegressIt, a free add-in developed by the author of this site. See it at
http: It may make a good complement if not a substitute for whatever regression software you are currently
using, Excel-based or otherwise. RegressIt now includes a two-way interface with R that allows you to run
linear and logistic regression models in R without writing any code whatsoever. It also includes extensive
built-in documentation and pop-up teaching notes. Stepwise and all-possible-regressions Stepwise regression
is a semi-automated process of building a model by successively adding or removing variables based solely on
the t-statistics of their estimated coefficients. Improperly used, it may converge on a poor model while giving
you a false sense of security. It is not a tool for beginners or a substitute for education and experience.
Suppose you have some set of potential independent variables from which you wish to try to extract the best
subset for use in your forecasting model. These are the variables you will select on the initial input screen. The
stepwise option lets you either begin with no variables in the model and proceed forward adding one variable
at a time , or start with all potential variables in the model and proceed backward removing one variable at a
time. At each step, the program performs the following calculations: At the next step, the program
automatically enters the variable with the highest F-to-enter statistic, or removes the variable with the lowest
F-to-remove statistic, in accordance with certain control parameters you have specified. So the key relation to
remember is: You can also specify "None" for the method--which is the default setting--in which case it just
performs a straight multiple regression using all the variables. The program then proceeds automatically.
Under the forward method, at each step, it enters the variable with the largest F-to-enter statistic, provided that
this is greater than the threshold value for F-to-enter. When there are no variables left to enter whose
F-to-enter statistics are above the threshold, it checks to see whether the F-to-remove statistics of any variables
added previously have fallen below the F-to-remove threshold. If so, it removes the worst of them, and then
tries to continue. It finally stops when no variables either in or out of the model have F-statistics on the wrong
side of their respective thresholds. The backward method is similar in spirit, except it starts with all variables
in the model and successively removes the variable with the smallest F-to-remove statistic, provided that this
is less than the threshold value for F-to-remove. Whenever a variable is entered, its new F-to-remove statistic
is initially the same as its old F-to-enter statistic, but the F-to-enter and F-to-remove statistics of the other
variables will generally all change. Similarly, when a variable is removed, its new F-to-enter statistic is
initially the same as its old F-to-remove statistic. Until the F-to-enter and F-to-remove statistics of the other
variables are recomputed, it is impossible to tell what the next variable to enter or remove will be. Hence, this
process is myopic, looking only one step forward or backward at any point. Return to top of page There is no
guarantee that the best model that can be constructed from the available variables or even a good model will
be found by this one-step-ahead search procedure. Hence, when the procedure terminates, you should study
the sequence in which variables were added and deleted which is usually a part of the output , think about
whether the variables that were included or excluded make sense, and ask yourself if perhaps the addition or
removal of a few more variables might not lead to improvement. For example, the variable with the lowest
F-to-remove or highest F-to-enter may have just missed the threshold value, in which case you may wish to
tweak the F-values and see what happens. Usually it should get consistently larger as the stepwise process
works its magic, but sometimes it may start getting smaller again. In this case you should make a note of
which variables were in the model when adjusted R-squared hit its largest value--you may wish to return to
this model later on by manually entering or removing variables. Return to top of page Warning 1: For all the
models traversed in the same stepwise run, the same data sample is used, namely the set of observations for
which all variables listed on the original input screen have non-missing values, because the stepwise algorithm
uses a correlation matrix calculated in advance from the list of all candidate variables. More about this below.
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Therefore, be careful about including variables which have many fewer observations than the other variables,
such as seasonal lags or differences, because they will shorten the test period for all models whether they
appear in them or not, and regardless of whether "forward" or "backward" mode is used. If the number of
variables that you select for testing is large compared to the number of observations in your data set say, more
than 1 variable for every 10 observations , or if there is excessive multicollinearity linear dependence among
the variables, then the algorithm may go crazy and end up throwing nearly all the variables into the model,
especially if you used a low F-to-enter or F-to-remove threshold. Sometimes you have a subset of variables
that ought to be treated as a group say, dummy variables for seasons of the year or which ought to be included
for logical reasons. Stepwise regression may blindly throw some of them out, in which case you should
manually put them back in later. Remember that the computer is not necessarily right in its choice of a model
during the automatic phase of the search. Use your own judgment and intuition about your data to try to
fine-tune whatever the computer comes up with. Automated regression model selection methods only look for
the most informative variables from among those you start with, in the limited context of a linear prediction
equation, and they cannot make something out of nothing. If you have insufficient quantity or quality of data,
or if you omit some important variables or fail to use data transformations when they are needed, or if the
assumption of linear or linearizable relationships is simply wrong, no amount of searching or ranking will
compensate. The most important steps in statistical analysis are a doing your homework before you begin, and
b collecting and organizing the relevant data. See this page for more details of the dangers and deficiencies of
stepwise regression. Return to top of page What method should you use: If you have a very large set of
potential independent variables from which you wish to extract a few--i. If, on the other hand, if you have a
modest-sized set of potential variables from which you wish to eliminate a few--i. What values should you use
for the F-to-enter and F-to-remove thresholds? As noted above, after the computer completes a forward run
based on the F-to-enter threshold, it usually takes a backward look based on the F-to-remove threshold, and
vice versa. Hence, both thresholds come into play regardless of which method you are using, and the
F-to-enter threshold must be greater than or equal to the F-to-remove threshold to prevent cycling. Usually the
two thresholds are set to the same value. I recommend using a somewhat smaller threshold value than 4 for the
automatic phase of the search--for example 3. Since the automatic stepwise algorithm is myopic, it is usually
OK to let it enter a few too many variables in the model, and then you can weed out the marginal ones later on
by hand. However, beware of using too low an F threshold if the number of variables is large compared to the
number of observations, or if there is a problem with multicollinearity in your data see warning 2 above. Often
this opens the gates to a horde of spurious regressors--and in any case you should manually apply your usual
standards of relevance and significance to the variables in the model at the end of the run. At each step in the
stepwise process, the program must effectively fit a multiple regression model to the variables in the model in
order to obtain their F-to-remove statistics, and it must effectively fit a separate regression model for each of
the variables not in the model in order to obtain their F-to-enter statistics. When watching all this happen
almost instantaneously on your computer, you may wonder how it is done so fast. Instead, the stepwise search
process can be carried out merely by performing a sequence of simple transformations on the correlation
matrix of the variables. The variables are only read in once, and their correlation matrix is then computed
which takes only few seconds even if there are very many variables. After this, the sequence of adding or
removing variables and recomputing the F-statistics requires only a simple updating operation on the
correlation matrix. This operation is called "sweeping," and it is similar to the "pivoting" operation that is at
the heart of the simplex method of linear programming, if that means anything to you. The computational
simplicity of the stepwise regression algorithm re-emphasizes the fact that, in fitting a multiple regression
model, the only information extracted from the data is the correlation matrix of the variables and their
individual means and standard deviations. The same computational trick is used in all-possible-regressions.
Return to top of page Stepwise regression often works reasonably well as an automatic variable selection
method, but this is not guaranteed. Sometimes it will take a wrong turn and get stuck in a suboptimal region of
model space, and sometimes the model it selects will be just one out of a number of almost-equally-good
models that ought to be studied together. All-possible-regressions goes beyond stepwise regression and
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literally tests all possible subsets of the set of potential independent variables. This is the "Regression Model
Selection" procedure in Statgraphics. If there are K potential independent variables besides the constant , then
there are 2K distinct subsets of them to be tested including the empty set which corresponds to the mean
model. For example, if you have 10 candidate independent variables, the number of subsets to be tested is ,
which is , and if you have 20 candidate variables, the number is , which is more than one million.
All-possible-regressions carries all the caveats of stepwise regression, and more so. This kind of data-mining
is not guaranteed to yield the model which is truly best for your data, and it may lead you to get absorbed in
top rankings instead of carefully articulating your assumptions, cross-validating your results, and comparing
the error measures of different models in real terms. When using an all-possible-regressions procedure, you
are typically given the choice between several numerical criteria on which to rank the models. The two most
commonly used are adjusted R-squared and the Mallows "Cp" statistic. The latter statistic is related to adjusted
R-squared, but includes a heavier penalty for increasing the number of independent variables. Cp is not
measured on a 0-to-1 scale. Rather, its values are typically positive and greater than 1, and lower values are
better. The models which yield the best lowest values of Cp will tend to be similar to those that yield the best
highest values of adjusted R-squared, but the exact ranking may be slightly different. Other things being equal,
the Cp criterion tends to favor models with fewer parameters, so it is a bit less likely to overfit the data.
Generally you look at the plots of R-squared and Cp versus the number of variables to see a where the point of
diminishing returns is reached in terms of the number of variables, and b whether there are one or two models
that stand out above the crowd, or whether there are many almost-equally-good models. Then you can look at
the the actual rankings of models and try to find the optimum place to make the "cut". Among the various
automatic model-selection methods, I find that I generally prefer stepwise to all-possible regressions.
9: SPSS: Stepwise linear regression
PRACTICE PROBLEMS: Stepwise regression. Brain size and body size. Imagine that you do not have automated
stepwise regression software at your disposal, and conduct the stepwise regression procedure on the
www.enganchecubano.com data set.
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