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3 ïRegression Analysis

and Forecasting

https://pedro.unifei.edu.br/quiz/previsao6

https://pedro.unifei.edu.br/quiz/previsao6
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Questionamentos comuns:

ÅComo implementar a 

equação Y=f(X) a partir de 

dados históricos ou 

experimentais?

ÅComo fazer previsões a 

partir dos dados históricos ou 

experimentais?

Y=f(X)
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y

x

Linha de Regressão

A variável X é dita variável

independente (ou exógena),

enquanto Y é dita variável

dependente(ouendógena).

Alternative namesfor X: Covariates, regressors, factors, carriers, predictors. O

nomeindependenteparaX, apesarde muito utilizado é o pior pois asvariáveissão

raramenteindependentes

Regression: Names
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Types of Regression
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Simple Linear Regression
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Multiple Linear Regression
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Modelo Linear

O termo Linear está relacionado com a forma de 

entrada dos coeficientes na equação

Modelo não Linear

Modelo Lineares com associaçãonão linear

Linearização dos modelos anteriores

Linear x Nonlinear
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Cross-Section x Time Series

ÅAll the data on the response and the 

predictors are collected at the same time

ïTime is not a factor

ïCross-section data

ÅThe data on the response and the 

predictors are time series
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Cross-Section Data 

Se as variáveis são apenas 

qualitativas a técnica de 

análise é a ANOVA.

Variáveis qualitativas devem ser codificadas 

para computação (dummy or indicator 

variables)

ANOVA e ANCOVA são 

casos especiais de 

Regresão

Se algumas variáveis preditoras são 

qualitativas e outras quantitativas, a técnica de 

análise é a ANCOVA
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xy ba+=

y

x
     x1                  x2                 x3

,Ĕ bxay +=

Uma 

importante 

condição para 

o uso de 

regressão 

simples é que 

os resíduos 

(Ⱡ) sejam 

independentes 

de x. Porque?

Curva de 

Resíduos (Ⱡ)

Resíduos
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Ex.: Obter a equaçãoda reta (chamadade reta dos mínimos

quadrados)paraosseguintespontosexperimentais:

x 1 2 3 4 5 6 7 8

y 0,5 0,6 0,9 0,8 1,2 1,5 1,7 2,0

Traçara retano diagramade dispersão. Calcularo coeficientede

correlaçãolinear.

Qualo valorprevistoparax=9?

QualaTolerânciadeX para0.5<Y<1.5?

Least Square: Exemplo
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Relembre Correlação!

Colinearidade: Um problema quando variáveis preditoras são 

altamente correlacionadas.

Autocorrelação: Quando a correlação é calculada em um 

mesmo conjunto de dados considerando lags.

Least Square: By Hand
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Previsão

Ho: modelo não é bom

Portanto rejeita-se Ho

Å<Stat><Regression> <Fitted Line Plot>

ÅResponse (Y)=Y

ÅPredictor(X)=X

ÅMarque Linear

Minitab Regression
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Linear nR-quadrado é a 

porcentagem da variação 

explicada pelo seu modelo.

nR-quadrado (ajustado) é a 

porcentagem da variação 

explicada pelo seu modelo, 

ajustada para o número de 

termos em seu modelo e o 

número de pontos de dados.

nO ñvalor-pò para a 

regressão é para ver se o 

modelo de regressão inteiro 

é significativo.

ðHa: O modelo permite 

significativamente 

prever a resposta.

X

Y

876543210

2,00

1,75

1,50

1,25

1,00

0,75

0,50

S 0,121335

R-Sq 95,7%

R-Sq(adj) 95,0%

Fi t ted Line Plot
Y =  0,1750 + 0,2167 X

Fitted Line Plot: Linear
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Quadrático

X

Y

876543210

2,00

1,75

1,50

1,25

1,00

0,75

0,50

S 0,0980767

R-Sq 97,7%

R-Sq(adj) 96,7%

Fi t ted Line Plot
Y =  0,4071 + 0,07738 X

+ 0,01548 X* * 2

Å<Stat><Regression> <Fitted Line Plot>

ÅResponse (Y)=Y

ÅPredictor(X)=X

ÅMarque Quadratic

Fitted Line Plot: Quadratic
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Cúbico

X

Y

876543210

2,00

1,75

1,50

1,25

1,00

0,75

0,50

S 0,108960

R-Sq 97,7%

R-Sq(adj) 96,0%

Fi t ted Line Plot
Y =  0,4571 + 0,0254 X

+ 0,02911 X* * 2 - 0,001010 X* * 3

Å<Stat><Regression> <Fitted Line Plot>

ÅResponse (Y)=Y

ÅPredictor(X)=X

ÅMarque Cubic

Fitted Line Plot: Cubic
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Intervalos de confiança e de previsão

Å Uma faixa (ou intervalo) de 

confiança é uma medida da 

certeza da forma da linha 

de regressão ajustada.  Em 

geral, uma faixa de 95% 

implica em uma chance de 

95% de que as linha 

verdadeira fique dentro da 

faixa. [Linhas vermelhas]

Å Uma faixa (ou intervalo) de 

previsão  é uma medida da 

certeza da dispersão dos 

pontos individuais em torno 

da linha de regressão.  Em 

geral, 95% dos pontos 

individuais (da população 

em que a linha de 

regressão se baseia) 

estarão contidos dentro da 

faixa. [Linhas azuis]

X

Y

876543210

2,5

2,0

1,5

1,0

0,5

0,0

S 0,121335

R-Sq 95,7%

R-Sq(adj) 95,0%

Regression

95% CI

95% PI

Fi t ted Line Plot
Y =  0,1750 + 0,2167 X

Å<Stat><Regression> <Fitted Line Plot>

ÅResponse (Y)=Y

ÅPredictor(X)=X

ÅMarque Linear

Å<Options> Marque os Display Options
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Bom Ruim

Nos casos ruins tente 

uma transformação 

em X,em Y ou 

ambos. Use Box-Cox 

Transformation

Considere a 

possibilidade da 

existência de 

variáveis ocultas que 

não foram 

consideradas no 

modelo (Lurking)

Residuals vs 

Each X

Time Plot of 

Residuals

Residuals vs 

Predicted Y 

(Fits)

Normal 

Probability Plot 

of Residuals

Análise de Resíduos

Entenda que X e Y não 

precisam ser normalmente 

distribuídos. Os resíduos, 

contudo, deveriam ser.
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Least Squares

Equação de Erros Quadráticos

Minimização de Erros
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Least Squares Normal Equations

Com apenas x1 existem duas eqs. 

Com x1 e x2 existem três eqs.

These equations are called the least squares normal equations. Note that 

there are p = k+1 normal equations, one for each of the unknown regression 

coefficients.
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Matrix formulation

É possível fazer uma análise de regressão sem um profundo entendimento de álgebra matricial. 

Em artigos científicos, contudo, tal notação simplifica  e é recomendada. 

Um ótimo livro sobre isso:

Matrix Algebraas a Tool (Hadi-1996)

X is usually called the model matrix,
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Matrix formulation
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Matrix formulation
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Matrix formulation
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(1)

(2)

(3)

(4)

(5) (6) (7)

(8)

(9) (10)

(11)

(12)

Matrix formulation: Resumo
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1.Modelo de Regressão Linear;

2.Termos da Equação de Regressão Linear;

3.Equação de Erros Quadráticos;

4.Minimização de Erros;

5.Coeficientes Estimados do Modelo;

6.Equação Normal de Erros;

7.Soma dos Quadrados dos Resíduos;

8.Variância dos Resíduos;

9.Equação Estimada de Regressão;

10.Vetor de erros;

11.BLUE (Best Linear Unbiased Estimator);

12.Variância dos Coeficientes Estimados.

Matrix formulation: Resumo
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A hospital is implementing a program to 

improve quality and productivity. As part 

of this program, the hospital is 

attempting to measure and evaluate 

patient satisfaction.

Table 3.2 contains some of the data that 

has been collected for a random sample 

of 25 recently discharged patients. The 

"severity" variable is an index that 

measures the severity of the patient's 

illness, measured on an increasing scale 

(i.e., more severe illnesses have higher 

values of the index), and the response 

satisfaction is also measured on an 

increasing scale, with larger values 

indicating greater satisfaction.

Minitab Example

See

Regressiopag79.mtw
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Example: By Hand
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Example: By Hand
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Example: By Hand

C11 C22
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Minitab Result

Modelo Reduzido
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Trend Adjustment

Normal 

equations
This how 

Minitab does 

its trend 

adjustment 

procedure, 

illustrated in 

Chapter 2

Aqui  

substitui-se 

n por T nas 

equações 

3.9 e 3.10.

k=1
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(1) (2)

(3)

(4)

Trend Adjustment
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Trend Adjustment: Minitab Example

60544842363024181261

400

390

380

370

360

350

340

330

320

310

Index

T
ra

d
e

MAPE 1,8999

MAD 6,6177

MSD 67,4325

Accuracy Measures

Actual

Fits

Variable

Trend Analysis Plot  for  Trade
Linear Trend Model

Yt = 313,99 + 1,16* t

Employ.mtw
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Statistical Inference in Linear Regression

In linear regression problems, certain procedures of tests of hypotheses about the 

model parameters and confidence interval estimates of these parameters are helpful 

in measuring the usefulness of the model.  These procedures require that the errors in 

the model are normally and independently distributed with mean zero and variance 

constant abbreviated NID (or IID). As a result of this assumption, the observations yi 

are normally and independently distributed with mean given by the linear model and 

variance as a constant.
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Regression: ANOVA Table

The test procedure involves an analysis of variance partitioning of the total sum of 

squares into a sum of squares due to the model (or to regression) and a 

sum of squares due to residual (or error), say,
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Statistical Inference in Regression: 

ANOVA

Ver ANOVA / Within Between

Alternatively, we could use the P-value 

approach to hypothesis testing and thus

reject the null hypothesis if the P-value for the 

statistic F is less than a.
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ANOVA: Computing Formulas

(Minitab reports P-values that are less than 0.001 as 0.000). 

The actual P -value is approximately 0, so there is strong 

evidence to reject the null hypothesis and we conclude that either 

patient age or severity are useful predictors for patient 

satisfaction.
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R2: Computing Formulas

The statistic R2
 is a measure of the amount of reduction in the variability of y obtained by using 

the predictor variables x1, x2 , Å.Å  in the model. It is a measure of how well the regression model fits 

the data sample. However, a large value of R2
 does not necessarily imply that the regression 

model is a good one. Adding a variable to the model will never cause a decrease in R2 even in

situations where the additional variable is not statistically significant. In almost all cases, when a 

variable is added to the regression model R2 increases. As a result, over reliance on R2 as a 

measure of model adequacy often results in overfitting: that is, putting too many predictors in 

the model.
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R2(Adj): Computing Formulas

In general, the adjusted R2 statistic will not always increase as variables are 

added to the model. In fact, if unnecessary regressors are added, the value of 

the adjusted R2
 statistic will often decrease. Consequently, models with a 

large value of the adjusted R2 statistic are usually considered good regression 

models. 

Both R2
 and R2(adj) are very similar, usually a good sign that the regression 

model does not contain unnecessary predictor variables. It seems reasonable 

to conclude that the regression model involving patient age and severity 

accounts for between about 88% and 90% of the variability in the patient 

satisfaction data.
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Tests on Individual Regression  Coefficients

These tests would be useful in determining the value or contribution of each 

predictor variable in the regression model. For example, the model might be 

more effective with the inclusion of additional variables or perhaps with the 

deletion of one or more of the variables already in the model.

The hypotheses for testing the significance of any individual regression 

coefficient are:
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Tests on Individual Regression  Coefficients

The test statistic for this hypothesis is
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Tests on Individual Regression  Coefficients

The regression equation is
y = 143 - 1,03 x1 - 0,556 x2

Predictor     Coef   SE Coef       T      P
Constant   143,472    5,955  24,09  0,000
x1         - 1,0311   0,1156  - 8,92  0,000
x2         - 0,5560   0,1314  - 4,23  0,000

S = 7,11767   R - Sq = 89,7%   R - Sq( adj ) = 88,7%

Analysis of Variance

Source          DF       SS      MS      F      P
Regression       2   9663,7  4831,8  95,38  0,000
Residual Error  22   1114,5    50,7
Total           24  10778,2

Often manual calculations will differ 

slightly from those reported by the 

computer, because the computer carries 

more decimal places.
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Tests on Groups of Coefficients

Extra Sum of Squares

Será que um modelo mais completo 

como o abaixo  melhora o ajuste?
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Tests on Groups of Coefficients

Full Model Reduced Model
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The regression equation is
y = 128 - 0,995 x1 + 0,144 x2 + 0,0065 x1x2 -
0,00283 x1sq - 0,0114 x2sq

Predictor       Coef    SE Coef       T      P
Constant      127,53     27,91   4,57  0,000
x1           - 0,9952    0,7021  - 1,42  0,173
x2            0,1441    0,9227   0,16  0,878
x1x2         0,00646   0,01655   0,39  0,701
x1sq       - 0,002830  0,008588  - 0,33  0,745
x2sq        - 0,01137   0,01353  - 0,84  0,411

S = 7,50264   R - Sq = 90,1%   R - Sq( adj ) = 87,5%

Analysis of Variance

Source          DF       SS      MS      F      P
Regression       5   9708,7   1941,7  34,50  0,000
Residual Error  19   1069,5    56,3
Total           24  10778,2

Tests on Groups of Coefficients

F0 é muito 

pequeno. Os 

termos 

adicionais 

não 

melhoram o 

modelo

(de Reduced )
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The regression equation is
y = 128 - 0,995 x1 + 0,144 x2 + 0,0065 x1x2 -
0,00283 x1sq - 0,0114 x2sq

Predictor       Coef    SE Coef       T      P
Constant      127,53     27,91   4,57  0,000
x1           - 0,9952    0,7021  - 1,42  0,173
x2            0,1441    0,9227   0,16  0,878
x1x2         0,00646   0,01655   0,39  0,701
x1sq       - 0,002830  0,008588  - 0,33  0,745
x2sq        - 0,01137   0,01353  - 0,84  0,411

S = 7,50264   R- Sq = 90,1%   R - Sq( adj ) = 87,5%

Analysis of Variance

Source          DF       SS      MS      F      P
Regression       5   9708,7  1941,7  34,50  0,000
Residual Error  19   1069,5    56,3
Total           24  10778,2

Tests on Groups of Coefficients

It is also interesting to compare the R- Sq 

and R- Sq( adj ) statistics for the two 

models. 

From the reduced model, we find that 

R- Sq=0.897 
and R- Sq( adj ) = 0.887 
for the original two-variable

Model.

From full model, we find that 

R- Sq=0.901 
 and R- Sq( adj ) = 0.885

Adding the quadratic terms caused the ordinary R- Sq to increase slightly (it will never 

decrease when additional predictors are inserted into the model). but the R- Sq( adj ) statistic 

decreased. This decrease in the R- Sq( adj )  is an indication that the additional variables did 

not contribute to the explanatory power of the model.
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Confidence Intervals on Individual Coefficients

The regression equation is
y = 143 - 1,03 x1 - 0,556 x2

Predictor     Coef   SE Coef       T      P
Constant   143,472    5,955  24,09  0,000
x1         - 1,0311   0,1156  - 8,92  0,000
x2         - 0,5560   0,1314  - 4,23  0,000

Minitab gera o Standard Error

mas não gera 

automaticamente o IC. 

Calcule o valor de t 

considerando a/2=0,025 e 

n-p=25-3=22 Ą t= -2,07387

This confidence interval does not include zero; this is equivalent to rejecting (at the 0.05 

level of significance) the null hypothesis that the regression coefficient is equal to 0.
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Confidence Intervals on the Mean Response

Predicted Values for New Observations

New Obs    Fit  SE Fit      95% CI          95% PI
      1  58,96     1,51   (55,84; 62,09)  (43,87; 74,05)

Values of Predictors for New Observations

New Obs    x1    x2
      1  55,0  50,0

SE Fit 
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Note that the standard errors for each observation are 

different. This reflects the fact that the length of the CI on 

the mean response depends on the location of the 

observation. Generally, the standard error increases as

the distance of the point from the center of the predictor 

variable data increases.

SE Fit 

Confidence Intervals on the Mean Response
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Prediction of New Observations

Predicted Values for New Observations

New Obs    Fit  SE Fit      95% CI          95% PI
      1  32,78 2,79  (26,99; 38,57)  (16,93; 48,64)

Values of Predictors for New Observations

New Obs    x1    x2
      1  75,0  60,0
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Prediction of New Observations

Predicted Values for New Observations

New Obs    Fit  SE Fit      95% CI          95% PI
      1  32,78 2,79  (26,99; 38,57)  (16,93; 48,64)

Values of Predictors for New Observations

New Obs    x1    x2
      1  75,0  60,0

It is reasonable that the PI should be longer, as the CI is an interval estimate on the mean of the 

response distribution at a specific point, while the PI is an interval estimate on a single future 

observation from the response distribution at that point. There should be more variability 

associated with an individual observation than with an estimate of the mean, and this is reflected 

in the additional length of the PI.

The PI formula looks very similar to 

the formula for the CI on the mean. 

The difference is the ñ1" in the 

variance of the prediction error under 

the square root. This will make a PI 

longer than the corresponding CI at 

the same point. 
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1. Normal probability plots

2. Plot of residuals versus the fitted values

3. Plots of residuals in time order (if known and applicable)

Residual plots

Residual plots are the primary approach to model adequacy checking

To check the assumption of constant variance, plot the residuals versus the fitted 

values from the model. If the constant variance assumption is satisfied, this plot 

should exhibit a random scatter of residuals around zero. Problems with

the equal variance assumption usually show up as a pattern on this plot. The most

common pattern is an outward-opening funnel or megaphone pattern. indicating 

that the variance of the observations is increasing as the mean increases. Data 

transformations are useful in stabilizing the variance.
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ñFour-in-one" plot
Melhor: Standardized Residuals!

Histograms are 

more useful for 

large samples of 

data
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Standardized Residuals

where we generally use the standard deviation as a function of 

MSE in the computation. The standardized residuals have mean 

zero and approximately unit variance; consequently. they are useful 

in looking for outliers. Most of the standardized residuals should lie 

in the interval -3<di<+3, and any observation with a standardized 

residual outside this interval is potentially unusual with respect to 

its observed response.
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Studentized Residuals
In some data sets, residuals may have standard deviations that differ greatly. We 

now present a scaling that takes this into account.

where hii is the ith diagonal 

element of the hat matrix H.
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Studentized Residuals

Standardized and studentized residuals often convey equivalent 

information.
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Residuals

Note that Minitab refers to 

studentized residuals as 

standardized residuals. 

Large values of the studentized 

residuals are usually an indication 

of potential unusual l values or 

outliers in the data. 
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Residuals

The largest studentized residual, -2.65767, is associated with observation 9. 

Minitab flags this observation as a large studentized residual (refer to Table 

3.3), and it does show up on the normal probability plot of residuals in Figure 

3.1 as a very mild outlier, but there is no indication of a significant problem 

with this observation.
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PRESS
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PRESS
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PRESS
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R-Student

Minitab will compute the R-

student residuals (Minitab 

calls these the deleted t 

residuals). 
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Measures of Leverage and Influence
In building regression models, we occasionally find that a small subset of the 

data exerts a disproportionate influence on the fitted model. That is, estimates 

of the model parameters or predictions may depend more on the influential 

subset than on the majority of the data.
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Measures of Leverage and Influence
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Measures of Leverage and Influence
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CookËs Distance

This does not exceed twice the cutoff of unity. so 

there are no influential observations in these data.
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Variable Selection Methods

ÅSelecting the ñbestò subset of predictors out of a set 

of candidate predictors

ÅAll possible regressions

ÅStepwise-type selection methods

The definition of ñbestò is not always clear

This can be a complex problem, as these data sets frequently have outliers, 

strong correlations between subsets of the variables, and other complicating 

features. There are several techniques that have been developed for selecting 

the best subset regression model. Generally, these methods are either 

stepwise-type variable selection methods or all possible regressions.

Forward selection

Backward elimination

In all possible regressions with K candidate predictor variables, the analyst examines

all 2 K possible regression equations to identify the ones with potential to be a useful 

model. Obviously, as K becomes even moderately large, the number of possible

regression models quickly becomes formidably large.
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Variable Selection Methods: Example

Regression pg121



77Previsão | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

Forward Selection
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Backward Elimination

Note that in this 

example, the forward  

selection procedure 

produced a different 

model than the 

backward elimination 

procedure. This 

happens fairly often, 

so it is usually a good

idea to investigate 

different model-

building techniques 

for a problem.
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Stepwise Regression
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Best Subsets Regression

The Mallows Cp statistic, is 

a measure of the amount of 

bias and variance in the 

model. If a model is 

specified incorrectly and 

important predictors are left 

out, then the predicted

values are biased and the 

value of the Cp statistic 

will exceed p, the number 

of model parameters. 

However, a correctly 

specified regression model 

will have no bias and the 

value of Cp should equal p. 

Generally, models with 

small values of the Cp 

statistic are desirable.



81Previsão | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

Aplicação

Determine a função de transferência entre o Número de Setups 

e o Tempo de Ciclo para diversas operações em uma certa 

empresa. Use a planilha cycletime.mtw.

Faça a análise de Resíduos. 

Qual a previsão do Tempo de Ciclo para uma operação que 

consiste em 10 Setups de equipamento?

A equação final é adequada? Se não for, como melhorá-la?
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Regressão Curvilínea

200 250 300 350 400

1900

1950

2000

2050

2100

Temperature

Seal Strength

(g/cm2)

Um laboratório está fazendo testes 

em adesivos em função da 

temperatura. Quando a 

temperatura aumenta a força do 

contato entre duas superfícies 

aumenta Em um determinado 

ponto, contudo a força desse 

contato começa a diminuir em 

função de propriedades térmicas 

do adesivo. Qual o modelo 

empírico da força (Seal Strength) 

em função da temperatura?

Curve.mtw
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Termo quadrático

Observe resíduos

VIF

Armazena 

resíduos

Função 

quadrática

Deve-se criar a variável 

quadrática e em seguida rodar 

o modelo em Regression

Termo quadrático da regressão
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Regressão Curvilínea

X
X2

The regression equation is

SealStrength  = 923 + 7.45 Temperature -  0.0125 TempSqrd

Predictor        Coef        StDev           T        P       VIF

Constant       922.98       72.33      12.76    0.000

Temperat        7.4469      0.5033      14.80    0.000     132.9

TempSqrd    - 0.0124596   0.0008499     - 14.66    0.000     132.9

S = 25.18       R - Sq = 69.4%     R - Sq( adj ) = 68.7%

Analysis of Variance

Source            DF          SS          MS         F        P

Regression         2      139321       69661    109.87    0.000

Residual Error    97       61498         634

Total             99      200819

Source       DF      Seq SS

Temperat       1        3051

TempSqrd       1      136270

Unusual Observations

Obs   Temperat    SealStre          Fit   StDev  Fit    Residual    St Resid

 32        250    2060.00     2005.99        3.38       54.01        2.16R 

 42        260    2070.00     2016.91        3.44       53.09        2.13R 

 78        210    1880.00     1937.37        5.58      - 57.37       - 2.34R 

 89        260    1960.00     2016.91        3.44      - 56.91       - 2.28R 

X e X2 são 

fortemente 

correlacionados. 

Nenhuma surpresa

Conclusão: Existe uma curvatura 

significativa
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Uma reação Química foi realizada 

sob seis pares de  diferentes 

condições de pressão e 

temperatura. 

Em cada caso foi medido o tempo 

necessário para que a reação se 

completasse. Obter a equação de 

regressão do tempo em relação a 

pressão e temperatura.

Regressão Múltipla

Regressão.mtw
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Menores 

que 0,05

Maior melhor

Regressão Múltipla: Resultados

Å<Stat><Regression> <Regression>

ÅResponse (Y)=Tempo

ÅPredictor(X)=Temperatura Pressão
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92 estudantes americanos 

participam de um simples 

experimento. Cada estudante 

registra o seu peso, altura, 

gênero, pulso e se é fumante 

ou não.  Todos eles jogam uma 

moeda e sorteiam se vão dar 

uma corrida (cara) ou não por 

um minuto. Após a corrida, 

todos os alunos registram o 

seu pulso novamente. Um 

aluno sugere que seja inserida 

a seguinte ñimportanteò 

consideração: Se a pessoa 

pinta o cabelo ou não.

Deseja-se fazer uma regressão 

do segundo pulso em relação a 

todas as outras variáveis.

Regressão.mtw

Exemplo
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Equação de regressão 

inicial. Muito complexa

Correlação muito alta. 

Quem pinta cabelo é 

ñgeralmenteò mulher

Resultados

Å<Stat><Regression> <Regression>

ÅResponse (Y)=Pulso2

ÅPredictor(X)=Pulso1 Corrida ... PintaCabelo

<Correlation>
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Pulso1

15010050 2,01,51,0 2,01,51,0 2,01,51,0 757065 200150100 2,01,51,0

100

75

50

Pulso2

150

100

50

Corr ida

2,0

1,5

1,0

Fum ant e

2,0

1,5

1,0

Sexo

2,0

1,5

1,0

Alt ura

75

70

65

Peso

200

150

100

Pint a Cabelo

Matr ix Plot  of  Pulso1; Pulso2; Cor r ida; Fumante; Sexo; Al tura; ...

Å<Graph><Matrix Plots> <Simple>

ÅGraph Variables=Pulso1 Corrida ... PintaCabelo

Å<Matrix Options> Upper right

Matrix Plots
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Residual
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Normal Probabilit y Plot  o f  t he Residuals Residuals Versus t he Fit t ed Values

Hist ogram of  t he Residuals Residuals Versus t he Order of  t he Dat a

Residual  Plots for  Pulso2

Análise de Resíduos
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Melhor 

ajuste

Best Subsets
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Supervisor Performance Data

Industrial Psychology/ Employee satisfaction  with their supervisor / X1, X2, X5 

(relationship employee and supervisor) / X3, X4 (less personal), X6 (not related 

to the supervisor).

30 departments / 

Responses from 

questionnaires / Likert 

scale 1-5 / {1, 2} favorable 

response and {3, 4, 5} 

unfavorable responses


