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Why Logit and Probit

Continuous Dependent Variables

Up until now, we have been treating all of our models as if Y were
continuous.

Today we’ll consider the class of models where Y is non-continuous.

Examples of continuous Y might include:
I Presidential approval rates
I Policy mood
I Congressional polarization
I Political tolerance
I International trade
I Globalization
I Others?
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Why Logit and Probit

Discrete Dependent Variables

Lots of dependent variables cannot be characterized as continuous

Those fall into several categories, such as (with examples):
I Count (terrorist bombings)
I Binary (votes)
I Ordered (agree-to-disagree scales)
I Multinomial (candidates in a primary; parties in multiparty election)

And we’ll treat these separately.
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Why Logit and Probit

Functional Form of Discrete Models

All of our models will resemble probability models, of the sort:

Prob(event j occurs) = Prob(Y=j) = F[stochastic component, systematic
component]
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Why Logit and Probit

Illustrations of Bivariate Dependent Variable

This either occurs when the situation is genuinely binary—e.g., vote
Labour or vote Opposition

Or when the situation is continuous in the underlying (but
unobserved) reality, but binary in observation—e.g., the decision to
make, or not make, campaign contributions, which in a latent sense is
a (continuous) probability model, but all we observe is [contribute, do
not vote contribute].
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Why Logit and Probit

An Example: Vote Preference of UK Citizens

The example we will focus on in this lecture is from a 2004 survey of
the voting preferences of U.K. citizens.

The binary choice is vote Labour or vote for one of the opposition
parties.
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Why Logit and Probit

Illustrations of Bivariate Dependent Variable

Figure: Frequency of Labour versus Opposition Vote: UK 2004
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Why Logit and Probit

Insights from Limited-Dependent Variable Models

Figure: Predicting Vote Choice Based on Class: UK 2004
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Why Logit and Probit

What’s wrong with the linear probability model?

Why not just estimate:
y = xβ + ε

where y = 0 or y = 1?

In terms of our example from the 2004 European Election study this
would suggest,

Labour Vote = βo + β1∗lrself + ε
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Why Logit and Probit

What’s wrong with the linear probability model?

Figure: Estimating Hypothetical Vote Choice Model with OLS Regression
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Why Logit and Probit

What’s wrong with the linear probability model?

First, you can see where ε will be heteroskedastic.

The variance of it will be lowest around p = 0.5, and highest close to
0 and 1.

But we can fix this with GLS. So this isn’t too too too serious.
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Why Logit and Probit

What’s wrong with the linear probability model?

Much more seriously, the model—you can see why—will make
nonsense predictions, with p < 0 and p > 1.

That will also produce negative variances. We can see this more
clearly by estimating the following model using OLS:

Labour vote = retnat + class + union + southwest + urban + lrself
+ own + ε
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Why Logit and Probit

What’s wrong with the linear probability model?

Figure: Stata OLS Estimation of Labour Vote Model

  Tuesday February 2 13:49:00 2010   Page 1

                                                         ___  ____  ____  ____  ____(R)
                                                        /__    /   ____/   /   ____/   
                                                       ___/   /   /___/   /   /___/    
                                                         Statistics/Data Analysis      

1 . regr incumvote retnat class union southwest urban lrself own

      Source        SS       df       MS              Number of obs =     785
           F(  7,   777) =   18.66

       Model   25.6683298     7  3.66690426           Prob > F      =  0.0000
    Residual   152.693454   777  .196516671           R-squared     =  0.1439

           Adj R-squared =  0.1362
       Total   178.361783   784  .227502275           Root MSE      =   .4433

   incumvote       Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

      retnat   -.1367916   .0194311    -7.04   0.000    -.1749353    -.098648
       class   -.0715786   .0162049    -4.42   0.000    -.1033892   -.0397679
       union    .0948849   .0384663     2.47   0.014     .0193747     .170395
   southwest   -.1605439   .0587451    -2.73   0.006    -.2758619    -.045226
       urban    .0599385   .0344262     1.74   0.082    -.0076409    .1275179
      lrself   -.0257666     .00704    -3.66   0.000    -.0395864   -.0119468
         own   -.1111831   .0380606    -2.92   0.004    -.1858969   -.0364694
       _cons    .9525068   .0732016    13.01   0.000     .8088105    1.096203

2 . 
3 . predict yhat

(option xb assumed; fitted values)
(339 missing values generated)
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Why Logit and Probit

What’s wrong with the linear probability model?
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Why Logit and Probit

Generating Predicted Probabilities for OLS

Figure: Predicted Probability of Voting: The Data

  Tuesday February 2 10:52:54 2010   Page 1

                                                         ___  ____  ____  ____  ____(R)
                                                        /__    /   ____/   /   ____/   
                                                       ___/   /   /___/   /   /___/    
                                                         Statistics/Data Analysis      

1 . list yhat incumvote retnat class union southwest urban lrself own in 1454/1474

      
            yhat   incumv~e   retnat          class   union   southw~t   urban   lrself   own 
      
1454.  -.0357318          0    worse   upper middle       0          0       0        7     1 
1455.   .2446636          .    worse   lower middle       0          0       1        4     1 
1456.     .27961          .    worse   lower middle       1          0       0        4     1 
1457.  -.0414531          .    worse         middle       0          0       0    right     1 
1458.   .0184854          0    worse         middle       0          0       1    right     1 
      
1459.   .3673287          .     same        working       0          0       0        5     1 
1460.     .06973          0    worse         middle       0          0       0    right     0 
1461.          .          .   better        working       0          0       0        .     0 
1462.   .5384504          1     same        working       0          0       1        5     0 
1463.   .1299316          .    worse        working       0          1       1        5     1 
      
1464.   .2422033          .    worse         middle       1          0       1        5     1 
1465.   .4269786          .     same        working       0          0       0        7     0 
1466.          .          .    worse              .       0          0       1        5     1 
1467.          .          0    worse         middle       0          0       1        .     1 
1468.   .6155921          1   better        working       0          0       1        3     1 
      
1469.   .4788004          .     same        working       0          0       1        3     1 
1470.   .3853604          0    worse        working       1          0       1        5     1 
1471.  -.1563826          .    worse          upper       0          1       1        5     1 
1472.          .          0    worse        working       0          0       1        .     0 
1473.   .4785118          .     same        working       0          0       0        5     0 
      
1474.          .          .   better              .       1          0       1        5     1 
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Why Logit and Probit

Generating Predicted Probabilities for OLS

Figure: Predicted Probability of Voting: The Data

  Tuesday February 2 13:35:30 2010   Page 1

                                                         ___  ____  ____  ____  ____(R)
                                                        /__    /   ____/   /   ____/   
                                                       ___/   /   /___/   /   /___/    
                                                         Statistics/Data Analysis      

1 . list yhat incumvote retnat class union southwest urban lrself own in 1454/1474, nolabel

      
            yhat   incumv~e   retnat   class   union   southw~t   urban   lrself   own 
      
1454.  -.0357318          0        3       4       0          0       0        7     1 
1455.   .2446636          .        3       2       0          0       1        4     1 
1456.     .27961          .        3       2       1          0       0        4     1 
1457.  -.0414531          .        3       3       0          0       0       10     1 
1458.   .0184854          0        3       3       0          0       1       10     1 
      
1459.   .3673287          .        2       1       0          0       0        5     1 
1460.     .06973          0        3       3       0          0       0       10     0 
1461.          .          .        1       1       0          0       0        .     0 
1462.   .5384504          1        2       1       0          0       1        5     0 
1463.   .1299316          .        3       1       0          1       1        5     1 
      
1464.   .2422033          .        3       3       1          0       1        5     1 
1465.   .4269786          .        2       1       0          0       0        7     0 
1466.          .          .        3       .       0          0       1        5     1 
1467.          .          0        3       3       0          0       1        .     1 
1468.   .6155921          1        1       1       0          0       1        3     1 
      
1469.   .4788004          .        2       1       0          0       1        3     1 
1470.   .3853604          0        3       1       1          0       1        5     1 
1471.  -.1563826          .        3       5       0          1       1        5     1 
1472.          .          0        3       1       0          0       1        .     0 
1473.   .4785118          .        2       1       0          0       0        5     0 
      
1474.          .          .        1       .       1          0       1        5     1 
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Why Logit and Probit

Generating Predicted Probabilities for OLS

Figure: Predicted Probability of Voting: The Data

Variable Value Beta Result
incumb_vote
retnat 3 ‐0.14  ‐0.41 
class 4 ‐0.07  ‐0.29 
union 0 0.09 0.00
southwest 0 ‐0.16  0.00
urban 0 0.06 0.00
lrself 7 ‐0.03  ‐0.18 
own 1 ‐0.11  ‐0.11 
constant 1 0.95 0.95

‐0.03 
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Why Logit and Probit

How to address limitations of OLS?

Any continuous probability distribution defined over the real line would
work.

We use the normal because it’s widely studied (which produces
probit), and the logistic because it’s mathematically convenient
(logs—which produces logit).

Ideologues might have reasons to prefer one to the other. If your
results hinge on using one versus the other, you have problems.

What we need is a probability model that looks like the following:

E[y|x] = 0[1− F (xβ)] + 1[F (xβ)] = F(xβ)
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Probability Models for Binary Data: Logit

The Logit Data Generating Process

The general problem with binary data is identifying a data generating
process, a probability function, that maps our systematic component
E(yi|X) = xiβ into the unit interval, i.e., between 0 and 1.

Prob(yi = 1|xi) = F (xiβ)

The logistic distribution is like a normal with longer tails (i.e., more
extreme values are likely).

Prob(yi = 1|xi) =
1

1 + e−xiβ
= Λ(xiβ)

where Λ is the logistic cumulative distribution function.
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Probability Models for Binary Data: Logit

The Logit Data Generating Process

We can generate example of logistic cumulative density function using
Stata:

Here we manipulate alpha:

twoway function y=1/(1+exp(5+2*(-x))), range(-10 10) xline(0)
scheme(s1mono)

|| function y=1/(1+exp(2+2*(-x))), range(-10 10)

|| function y=1/(1+exp(.5+2*(-x))), range(-10 10)
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Probability Models for Binary Data: Logit

The Logit Data Generating Process: Alpha
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Probability Models for Binary Data: Logit

The Logit Data Generating Process

We can generate example of logistic cumulative density function using
Stata:

Here we manipulate beta:

twoway function y=1/(1+exp(5+2*(-x))), range(-10 10) xline(0)
scheme(s1mono)

|| function y=1/(1+exp(2+2*(-x))), range(-10 10)

|| function y=1/(1+exp(.5+2*(-x))), range(-10 10)
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Probability Models for Binary Data: Logit

The Logit Data Generating Process: Beta
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Probability Models for Binary Data: Logit

Estimating Logit Equation in Stata

Figure: Stata Estimation of Logit Labour Vote Model

  Tuesday January 29 13:11:38 2008   Page 1

                                                      ___  ____  ____  ____  ____tm
                                                     /__    /   ____/   /   ____/  
                                                    ___/   /   /___/   /   /___/   
                                                      Statistics/Data Analysis     

1 . logit  incumvote retnat class union southwest urban lrself own

Iteration 0:   log likelihood = -507.77976
Iteration 1:   log likelihood = -445.90699
Iteration 2:   log likelihood = -443.71375
Iteration 3:   log likelihood = -443.69615
Iteration 4:   log likelihood = -443.69615

Logistic regression                               Number of obs   =        785
                                                  LR chi2( 7)      =     128.17
                                                  Prob > chi2     =     0.0000
Log likelihood = -443.69615                       Pseudo R2       =     0.1262

   incumvote       Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]

      retnat   -.7038763   .1034497    -6.80   0.000     -.906634   -.5011186
       class   -.3854525   .0861783    -4.47   0.000    -.5543589    -.216546
       union    .5060247   .1915331     2.64   0.008     .1306267    .8814226
   southwest    -.933915   .3541623    -2.64   0.008     -1.62806   -.2397697
       urban    .3036703   .1060421     2.86   0.004     .0958315    .5115091
      lrself   -.1339321   .0369293    -3.63   0.000    -.2063122   -.0615519
         own   -.5231139   .1897608    -2.76   0.006    -.8950382   -.1511896
       _cons     1.97143   .4262088     4.63   0.000     1.136076    2.806784
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Probability Models for Binary Data: Logit

Generating Point Estimates

Interpretations of the parameter effects β are sensitive to the values of
X

A more straightforward and informative strategy is to generate some
interesting predictions

Here are the Stata logistic regression results for the UK 2004 model
introduced at the beginning of the lecture

Labour vote = retnat + class + union + southwest + urban + lrself
+ own + ε
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Probability Models for Binary Data: Logit

Generating Point Estimates

Using these estimates we can generate a predicted Labour vote probability
for any respondent in our data set.

Prob(LabourV otei = 1|xi) =
exβ

1 + exβ

Here is a histogram of the predicted vote for all respondents in the UK
2004 survey based on each of their individual characteristics

How does this differ from the histogram of predicted votes generated
by OLS regression?
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Probability Models for Binary Data: Logit

The Data

+--------------------------------------------------------------------------------------------------+
| yhat_l~t incumv~e predic~e retnat class union southw~t urban lrself own |
|--------------------------------------------------------------------------------------------------|

1. | .3869703 1 0 worse working 0 0 1 5 0 |
2. | .5643634 . 1 better working 0 0 1 6 1 |
3. | .3406143 1 0 same middle 0 0 1 2 1 |
4. | .5597182 . 1 same working 0 0 1 5 0 |
5. | .5643634 . 1 better working 0 0 1 6 1 |

|--------------------------------------------------------------------------------------------------|
6. | .4918689 0 0 same working 0 0 1 7 0 |
7. | .5929783 . 1 same working 0 0 1 4 0 |
8. | .7458074 0 1 better working 0 0 1 4 0 |
9. | .4533052 0 0 same lower middle 1 0 1 5 1 |

10. | .3869703 0 0 worse working 0 0 1 5 0 |
|--------------------------------------------------------------------------------------------------|

11. | .3425307 1 0 same working 0 0 0 5 1 |
12. | .2179674 0 0 worse working 0 0 1 7 1 |
13. | .7864491 0 1 better working 1 0 1 6 0 |
14. | .4919069 . 0 same working 0 0 1 3 1 |
15. | .2955182 . 0 worse working 0 0 1 4 1 |

|--------------------------------------------------------------------------------------------------|
16. | . 1 1 worse . 0 0 0 left 0 |
17. | .2085973 . 0 same working 0 0 0 right 1 |
18. | . . 1 better . 0 0 0 5 1 |
19. | .2338773 0 0 worse working 1 0 1 right 1 |
20. | .4243549 . 0 same working 0 0 1 5 1 |

|--------------------------------------------------------------------------------------------------|
21. | .1828862 0 0 worse middle 0 0 1 3 1 |
22. | .5098422 0 1 better middle 0 0 1 6 0 |
23. | .491298 0 0 worse working 1 0 0 3 0 |
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Probability Models for Binary Data: Logit

Generating Point Estimates

Figure: Predicted Probabilities from Logistic Regression of Labour Vote
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