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Organization of the course 

 
 Classes: 

Classes 1 to 10:  

-Introduction 

-Bivariate model  

-Multivariate model 

-Inference and tests 

-Advanced topics: Limited dependent variables; Interactions; etc. 

-Applications. 

 Evaluation: 
 

 Main task: a PAPER, answering your own question, using data of your choice.  

  Group work: 3 or 4 max. Due by January, 14th (30/100). 

 One individual home task:  due by December 5th (20/100).  

 Individual or group work.                         

  One final exam: late January (50/100), on Tuesday, 14th of January. 

 

 



Other logistics 

 

 Concepts you should be familiar with:  

 Key concepts of math and statistics as revised in Appendix A, B, and C of introductory 
Wooldridge.  
  

 Webpage of the class: http://www.mwpweb.eu/YarineFawaz/teaching.html 

 Material for homework 

 Help for your paper 

 Readings 

 

 Resources to help you learn and use Stata: http://www.ats.ucla.edu/stat/stata/ 

 Datasets used in the class: Wooldridge datasets 

 Textbooks for Econometrics I:  
 Wooldridge J., Introductory Econometrics: A Modern Approach, 4e, Cincinnati, OH: 

Southwestern, 2009. 

 Angrist J. & Pischke J.-S., Mostly Harmless Econometrics: 
An Empiricist's Companion, Princeton University Press.  

 

http://www.ats.ucla.edu/stat/stata/
http://fmwww.bc.edu/ec-p/data/wooldridge/datasets.list.html
http://fmwww.bc.edu/ec-p/data/wooldridge/datasets.list.html
http://fmwww.bc.edu/ec-p/data/wooldridge/datasets.list.html


 

Want to talk to me? 

 
 Ask questions in class! 

 

 Come see me during the break 

 

 Come see me in my office 

 Thursday 11-13; or by appointment 

 

 Send me an email: yarine.fawaz@yahoo.fr 

 



Outline for this class 

 

 Motivation 

 

 How does econometrics differ from statistics? 
 Some early alerts! 

 

 From an economic to an econometric model 

 

 Data 

 

 Bivariate Regression Model 

 

 



What is econometrics? 

Use of statistical methods for: 

  

 Estimating economic relationship 

 E.g. Each additional year of education increases average hourly wage by 54 cents in the 

70s in the US. 

 E.g. 50% of agricultural output decline during early transition in Eastern Europe can be 

attributed to price declines.  

 

 Testing economic theories 

 E.g. Is there a causal relationship between institutions/governance and growth? 

 E.g. Is there a causal relationship between the education of the mother and education of 

her children? 

  

 Impact analysis 

 E.g. What is the impact of an agricultural extension program on yields in Indonesia? 

 E.g. What is the impact of conditional cash transfers on school enrollment of children in 

Mexico? 

 



Why? 

 

 Forecasting 

 

 Predicting of behavior economic agents – advice on 

future policies 

  

 Evaluating existing/past policies  

 



How? 

 

 Infer a causal effect: correlation does not imply 
causality. 

 

 Notion of Ceteris Paribus: “other (relevant) factors 
being equal”.  

 

 When carefully applied, econometrics methods can 
simulate a ceteris paribus experiment. 



How does econometrics differ from 

statistics? 

 Natural sciences: often experimental data 

=>Causal inference automatic. 

 Social sciences:  

 Sometimes experiments  

=>Random assignment of interventions (policy evaluation) 

 Often can’t do experiments 

=> Need for a more “careful” use of the data 

 Need for new tools to deal with the complexities of 

economic data and to test the predictions of 

economic theories.  

 

 



Example of issues with the data:  

Impossible experimentation and spurious correlation 

 What are the returns to education? 



Spurious correlation may be a coincidence  

Y-axis: Percentage of a 

state's population that 

is Obese 

 

X- axis: Number of 

Placemarks with 

Keyword Christianity / 

Total number of 

Placemarks 

 

Bivariate correlation: 
0.729 



Possible reverse causality? 

 Diet soda and obesity: positive correlation 

 Sports and obesity: negative correlation 

 Alcohol and earnings:  

Bethany L. Peters & Edward Stringham : "No Booze? You May 

Lose: Why Drinkers Earn More Money Than nondrinkers”, 

2006, Journal of Labor Research. 

 Great paper to discuss for all sorts of reasons including 

measurement error, response bias, causality, etc. 

 



Econometric Model (1)  

Example 1: relationship between wage and education 

 

 Economic model: wage = f (educ)  

 

 Econometric model:   

   

 

Wage:  Dependent (or left-hand side) variable  

Educ:  Independent (or right-hand side) variable 

    : Parameters: to be estimated! 

u:    Error term: 
 

 Captures the unobserved part of the relationship  

 We will need to make assumptions about these  

 

iii ueducWage  *10 

1,0 



Econometric Model (2)  

Example 2: relationship between wage and education 

depends on other variables as well. 

 

 Economic model: wage = f (educ,exper,train)  

 

 Econometric model:   

   

Interpretation of parameters: “Ceteris paribus” 

  i.e. “keeping everything else constant” 

 

iiiii utrainexpereducY  3210 



Data 

 Cross-section: sample of many entities (individuals, firms,…, countries) at one point in time. 

Main advantage: random sampling most of the time. 

 ex: affairs.dta ; wage1.dta. 

 

  Time series: Observations on one or several variables at many points in time. Careful to: 

- observations cannot be assumed to be independent over time 

- data frequency.  

 ex: consump.dta 

 

  Pooled cross-sections: both CS and TS. Allows to increase sample size and see how a 

relationship changes over time. 

 ex: cps78_85.dta 

 

  Panel: Observations on several entities at several points in time. Same cross-sectional units are 

followed over time. Main advantage: allows to control for unobserved characteristics of 

individuals, firms, etc=>easier to infer causality; allows to see lag effects. 

 ex: wagepan.dta 



THE SIMPLE (OR BIVARIATE) REGRESSION MODEL 

 



 

Outline 

 
 Definition and intuition 

 

 Estimation of slope and intercept  

 Criteria for a good estimate? 

 Interpretation of estimated coefficients 

 How good is the estimation at explaining the dependent variable?=> R-squared 

 

 What about non-linear relationships? 

 More on interpretation 

 

 Statistical properties of OLS  

 4 assumptions and unbiasedness  

 5th assumption: homoscedasticity  

 Precision of OLS estimates – standard error 

 



Intuition behind OLS 

Explain y in terms of x: how y varies with changes in x? 

Y: wage 

X: education. 

Plot Y against X and then find the line that sums up this relationship the best. 
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What’s the equation of this line? 

A simple equation relating y to x is: 

 

        (2.1) 

 

Where: 

 y is the dependent/predicted/explained/response variable 

 x is the independent/predictor/explanatory/control variable   

 u is the error/disturbance term: factors other than x that affect y 

=>unobserved factors 

 β0 is the intercept 

 β1 is the slope. 

 

uxy  10 



How do we get the best estimates of β0 , β1? 

 We have a random sample of size n with observations on 
individuals i. 

 We think there is a linear relationship between y and x  
for each i:    

  Here ui is the error term for observation i since it contains 
all factors affecting yi other than xi. 

 The goal is to obtain good estimates of β0, β1. 

         is the estimated value of β0. 

                              is the predicted value of yi. 

 Logical criteria: minimize                    . 

iii uxy  10 
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Ex.1: Returns to education in the US  

. scatter wage educ|| lfit wage educ
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Minimize the sum of squared residuals 

 We want small residuals=>Min 

 Why squared? 

 What do we obtain? Ordinary Least Squares estimates: 

 

 

 First order conditions =>     (2.19) 

 

 

          

         (2.17) 

 

 We then form the OLS regression line     (2.20) 
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How can we be sure of capturing a ceteris 

paribus relationship between y and x? 

Two crucial assumptions on u: 

 E(u) = 0     (2.5)  

Mean of u is 0.  

 

 E(u|x) =E(u)= 0    (2.6)   

Zero conditional mean assumption: 

u is unrelated (=>more than uncorrelated) to x.  

When is it a reasonable assumption? 

 

These assumptions allow to predict y given a certain x:  

E(y|x)=β0+β1x. 

 

 



Ex.1: Returns to education in the US (1)  

. use http://fmwww.bc.edu/ec-p/data/wooldridge/wage1

        wage         526    5.896103    3.693086        .53      24.98
        educ         526    12.56274    2.769022          0         18
                                                                      
    Variable         Obs        Mean    Std. Dev.       Min        Max

. sum educ wage

wage            float  %9.0g                  
educ            float  %9.0g                  
                                                                              
variable name   type   format      label      variable label
              storage  display     value

. describe educ wage

Description of  the data:  

Random sample of 526 individuals from the 1976 Current Population Survey. 

Average number of years of education in the sample is 13, but educational 

attainment varies widely (between 0 and 18 years). Similarly, wages differ widely 

and range between a minimum of 53 cent per hour to a maximum of almost 25$ 

per hour.  Average wage is about 6$ per hour.  



Ex.1: Returns to education in the US (2) 

                                                                              
       _cons    -.9048516   .6849678    -1.32   0.187    -2.250472    .4407687
        educ     .5413593    .053248    10.17   0.000     .4367534    .6459651
                                                                              
        wage        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    7160.41429   525  13.6388844           Root MSE      =  3.3784
                                                       Adj R-squared =  0.1632
    Residual    5980.68225   524  11.4135158           R-squared     =  0.1648
       Model    1179.73204     1  1179.73204           Prob > F      =  0.0000
                                                       F(  1,   524) =  103.36
      Source         SS       df       MS              Number of obs =     526

. regress wage educ

    : A 1-year increase in education is predicted to increase the hourly earnings by 

0.54 US $, ceteris paribus. Therefore, four more years of education increase the 

predicted wage by 4(0.54)= 2.16 or $2.16 per hour. These are fairly large 

effects. Because of the linear nature of (2.27), another year of education increases 

the wage by the same amount, regardless of the initial level of education. 

    : A person with 0 years of education is predicted to have negative hourly  

earnings of -.90 dollars, ceteris paribus. (this is not necessarily very meaningful – 

the low number of observations with years below 6 can explain this prediction). 

 

1̂

0̂



Ex.1: Returns to education in the US (3)  

. scatter wage educ|| lfit wage educ
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Ex.1: Returns to education in the US (4) 

 

 What is the predicted daily wage of somebody with 11 

years of education?   

 

  => predicted wage is +/- 5 US$ per hour (=5.05) 

 

 Or you can also ask stata to compute it:  

reg wage educ 

predict wageh 

tab wageh if educ==11   

 

ii xy *54.090.0ˆ 



Ex.1: Returns to education in the US (5) 

 What happens if wage is expressed in daily earnings? 

=>wage´=wage*8 

 wage= β0+β1educ  wage´/8= β0+β1educ 

  wage’=8β0+8β1educ 

 

 So the new equation is wage´= β0
´+β1

´educ , with 

β0
´=8β0 and β1

´=8β1. 

 

 Conclusion: If the dependent variable is multiplied by the 

constant c, then the OLS intercept and slope estimates are 

also multiplied by c. 



Ex.1: Returns to education in the US (6) 

 

 

 

 

 

 

 

 

 

 Interpretation:  

 A 1-year increase in education is predicted to increase the daily 
earnings by 4.33 US $, ceteris paribus.  

 

 

                                                                              
       _cons    -7.238813   5.479743    -1.32   0.187    -18.00378     3.52615
        educ     4.330874   .4259843    10.17   0.000     3.494027    5.167721
                                                                              
   dailywage        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    458266.515   525  872.888599           Root MSE      =  27.027
                                                       Adj R-squared =  0.1632
    Residual    382763.664   524  730.465008           R-squared     =  0.1648
       Model    75502.8503     1  75502.8503           Prob > F      =  0.0000
                                                       F(  1,   524) =  103.36
      Source         SS       df       MS              Number of obs =     526

. regress dailywage educ

. ge dailywage=wage*8



Ex.1: Returns to education in the US (7) 

 What happens if educ is expressed in months? 

=>educ_m=educ_y*12: to express education in months, 

we need to multiply education in years by 12. 

 wage= β0+β1educ_m/12  

 wage= β0+β1/12 educ_m 

 So the new equation is wage= β0+β1
’educ_m , with 

β1
’=β1/12. 

 Conclusion: if the independent variable is divided or 

multiplied by some nonzero constant, c, then the OLS 

slope coefficient is also multiplied or divided by c 

respectively. 

 



 

Ex. 2: Relationship between size of house 

and house price (1) 

 
 Source: dataset hprice1.dta, Wooldridge, collected from the real estate 

pages of the Boston Globe during 1990.  These are home selling in the 

Boston, MA area. 

 Estimated model:  

 

usqrftprice  10 

                                                                              
       _cons     11.20415   24.74261     0.45   0.652    -37.98253    60.39082
       sqrft      .140211   .0118166    11.87   0.000     .1167203    .1637017
                                                                              
       price        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    917854.506    87  10550.0518           Root MSE      =  63.617
                                                       Adj R-squared =  0.6164
    Residual    348053.432    86  4047.13293           R-squared     =  0.6208
       Model    569801.074     1  569801.074           Prob > F      =  0.0000
                                                       F(  1,    86) =  140.79
      Source         SS       df       MS              Number of obs =      88

. regress price sqrft

       sqrft          88    2013.693    577.1916       1171       3880
       price          88     293.546    102.7134        111        725
                                                                      
    Variable         Obs        Mean    Std. Dev.       Min        Max

. sum price sqrft

sqrft           int    %9.0g                  size of house in square feet
price           float  %9.0g                  house price, $1000s
                                                                                             
variable name   type   format      label      variable label
              storage  display     value

. des price sqrft

. use http://fmwww.bc.edu/ec-p/data/wooldridge/hprice1,clear



 

Ex. 2: Relationship between size of house 

and house price (2) 

 
. scatter price sqrft|| lfit price sqrft
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Interpretation:   

A 1 square foot 

increase of the size of 

the house is predicted 

to increase the price of 

the  house by 140 $, 

ceteris paribus.  A 

house with 0 square 

feet has an estimated 

price of 11204$, 

ceteris paribus. 

(obviously the 

predicted price of a 

house with 0 square 

feet is however not very 

meaningful). 

 



Algebraic properties of the OLS 

   

 

   

 

  The point          is always on the OLS regression 

line. 
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How good is the estimation at explaining 

the dependent variable? 

 Measure of sample variation:  

 Total Sum of Squares: 

 

 Part that is explained by x:  

 Explained Sum of Squares: 

 

 Part that is unexplained by x: 

 Residual Sum of Squares: 

 

 SST=SSE+SSR 
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Goodness of fit: the R-squared 

   

 

 R2 is the ratio of the explained variation compared to 
the total variation=> fraction of the sample variation in 
y that is explained by x. 

 R2  lies between 0 and 1. 

 Higher value indicates a better fit. 

 Importance depends on the objective of the estimation: 
understand a relationship between two variables vs 
predicting an outcome. 

 

SST

SSR

SST

SSE
R  12



Meaning of “linear” regression 

 Careful: the simple regression model is linear in 

parameters, not in the explanatory variable!!! 

 

 Is   y= β0+ β1x
2+u   a linear equation? 

 What about  consumption=  1/(β0+ β1inc)+ u ? 

 

 The mechanics of simple regression do not depend 

on how y and x are defined, but the interpretation 

of the coefficients does depend on their definitions. 



Incorporating non-linearity: logarithmic form  

   

β1 is the change in wage given 1 additional year of 

education => constant returns to education. 

 

    

 100* β1  % change in wage given 1 additional year 

of education => increasing returns to an additional 

year of education, by using log of dependent 

variable. 

 

ueducwage  10 

ueducwage  10)log( 



Ex. 1b: Returns to education in the US 

 

 Source: Wooldridge, WAGE1.dta (data from 1976 Current 

Population Survey) 

 Estimated model:  

 use http://fmwww.bc.edu/ecp/data/wooldridge/wage1 

 

ueducwage  10)log( 

                                                                              
       _cons     .5837726   .0973358     6.00   0.000     .3925562     .774989
        educ     .0827444   .0075667    10.94   0.000     .0678796    .0976092
                                                                              
       lwage        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    148.329762   525   .28253288           Root MSE      =  .48008
                                                       Adj R-squared =  0.1843
    Residual    120.769132   524  .230475443           R-squared     =  0.1858
       Model    27.5606296     1  27.5606296           Prob > F      =  0.0000
                                                       F(  1,   524) =  119.58
      Source         SS       df       MS              Number of obs =     526

. reg lwage educ



Ex. 1b: Returns to education in the US(2) 

We obtain:  lwâge=0.584+0.083 educ. 

  R2= 0.186. 

 

 wage increases by 8.3 percent for every additional year of 
education =>constant percentage effect of education on 
wage.  

 The intercept is not very meaningful, as it gives the predicted 
log(wage) when educ=0.  

 R-squared => educ explains about 18.6 percent of the 
variation in log(wage) (not wage). Finally, this equation might 
not capture all of the nonlinearity in the relationship between 
wage and schooling. Ex: diploma effects. 
 



Another use of the log 

 Use log of dependent and independent variables: 

Ex.: 

 

 β1 is the % change in price given a 1% increase in 

size = elasticity of price with respect to size. 

 => constant elasticity model. 

 

usizeprice  )log()log( 10 



 

Example 2b: Relationship between size of 

house and house price 

 
 Estimated model: 

 

 

 

 

 

 

 

 

  

usqrftprice  )log()log( 10 

                                                                              
       _cons    -.9751299   .6410485    -1.52   0.132    -2.249492    .2992323
      lsqrft     .8726595   .0846048    10.31   0.000     .7044708    1.040848
                                                                              
      lprice        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    8.01760352    87  .092156362           Root MSE      =  .20414
                                                       Adj R-squared =  0.5478
    Residual    3.58394286    86  .041673754           R-squared     =  0.5530
       Model    4.43366066     1  4.43366066           Prob > F      =  0.0000
                                                       F(  1,    86) =  106.39
      Source         SS       df       MS              Number of obs =      88

. reg lprice lsqrft

lsqrft          float  %9.0g                  log(sqrft)
lprice          float  %9.0g                  log(price)
sqrft           int    %9.0g                  size of house in square feet
price           float  %9.0g                  house price, $1000s
                                                                                             
variable name   type   format      label      variable label
              storage  display     value

. des price  sqrft lprice lsqrft

. use http://fmwww.bc.edu/ec-p/data/wooldridge/hprice1,clear



 

Summary of functional forms involving 

logarithms 

 



Population parameters vs. estimated 

parameters 

 Population model: y= β0+ β1x+u  

 Use random sample of observations  

  {(xi,yi): i=1,…,n} to obtain an OLS estimate.  

 β0 and β1 are estimators of the true values, and 
different random samples will result in different   

 and      . 

=>we never know the true      and      , but we can 
establish the statistical properties of their 
distributions over different random samples. 
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Unbiasedness of OLS 

Remember assumptions: 

 Linearity (in parameters!): 

 Random sampling:       , i=1,2,…,n. 

 Zero conditional mean: E(u|x)=0. 

 Sample variation:       . 

Using all these assumptions we can prove the first 

important statistical property of OLS: unbiasedness

    and    . 
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What if the third assumption fails? 

Using data from 1988 for houses sold in Andover, MA, 
from Kiel and McClain(1995), the following equation 
relates housing price (price) to the distance from a 
recently built garbage incinerator (dist): 

 

log(prîce)=  9.40 +0.312 log(dist) 

n =135, R2=0.162 

 

=>Interpret β1, does it have the expected sign? Is it an 
unbiased estimator? 



Homoskedasticity 

1̂        is centered about β1, but how far is it from β1  on average? 

=>criterion to choose the best estimator: minimize variance, or standard deviation. 

 

Assumption 5: Homoskedasticity (constant variance) 

 

 

 

=>simplify computation of the variances of         and        . 

 

 

Consequences:  

         

        so    σ2  is the error variance or disturbance 

         variance.  

          σ  is the standard deviation of the 

         error.  
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Heteroskedasticity 

 When is homoskedasticity not a realistic assumption? 

 

 Example: y: wage; x: education.  

 Is V(wage|education) constant across all education 
levels? 

 

 Whenever V(y|x) is a function of x, there is 
heteroskedasticity => Need to think about it as an 
empirical issue. 

 



Variances of OLS estimators  

 Assumptions 1 to 5 allow deriving a formula for the 
precision of the coefficient estimates: 

 

 

 

 More variation in the unobservables  

=>more difficult to get precise estimates. 

 More variation in the independent variables 

=> easier to get precise estimates. 
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Errors vs. Residuals 

 Population model:   , where ui is the 
error for obs i.  

 

 Estimated model:                  , where ûi is 
the residual for obs i.   

 

 ui ≠ ûi :            so that E(ui - ûi)=0 

 

 σ2 =E(u2) => how to estimate σ2 ?  
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Estimating the error variance 

 σ2 =E(u2) => a good guess is             . 

 

BUT: The errors are never observable, while the residuals 
are computed from the data. 

 

 A realistic one:             . BUT: biased. 

 

 An unbiased computable one:               .  

 

 Under assumptions 1 to 5:         . 
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Standard error of the regression 

Also called standard error of the estimate and the 

root mean squared error (“root MSE in stata”):  

  

 

It is an estimate of the standard deviation in the 

unobservables affecting y. 

It is an estimate of the standard deviation in y after 

the effect of x has been taken out. 

2ˆˆ  



Standard error of   

 We can use     to estimate the standard deviation of    ,   
which is called standard error of    . 

 Plug      into   . 

 

 

 We get:  

 

 

 Precision of estimate      depends on : the residuals, the 
number of obs, the variation of the indep. var.   
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