






Part 1: Introduction to CDA
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What is this class about?
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Topics considered



What are your applications?
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Overview of the models we consider

Examples of outcomes
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Measurement of the outcome
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Math and CDA
Read and run
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Part 2: Linear regression
Read and run
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Identification: a pre requisite to estimation



General principles of identification
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Interpretation with marginal effects
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Continuous variables

Dummy variables coded as 0 and 1:



o

o
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Example: academic job prestige
#1 Descriptive statistics
. use regjob3, clear 
(Long's data on academic jobs of biochemists \ 2009-03-13) 
 
. codebook job100 fem phd100 ment fel art cit, compact 
 
Variable Obs Unique      Mean  Min       Max  Label 
---------------------------------------------------------------------------- 
job100   408     80  223.3431  100       480  Prestige of 1st job on 100 to... 
fem      408      2  .3897059    0         1  Gender: 1=female 0=male 
phd100   408     89  320.0564  100       480  PhD prestige on 100 to 500 scale 
ment     408    123  45.47058    0  531.9999  Citations received by mentor 
fel      408      2  .6176471    0         1  Fellow: 1=yes 0=no 
art      408     14  2.276961    0        18  # of articles published 
cit      408     87  21.71569    0       203  # of citations received 
----------------------------------------------------------------------------- 
 

  

#7 Estimating the LRM
  <cmd>   <lhs>  <rhs> [, <options>] 
 
. regress job100 i.fem c.phd100 c.ment i.fel c.art c.cit 
 
 
      Source |       SS           df       MS      Number of obs   =       408 
-------------+----------------------------------   F(6, 401)       =     17.78 
       Model |  810584.791         6  135097.465   Prob > F        =    0.0000 
    Residual |  3047379.21       401  7599.44941   R-squared       =    0.2101 
-------------+----------------------------------   Adj R-squared   =    0.1983 
       Total |     3857964       407  9479.02704   Root MSE        =    87.175 
 
------------------------------------------------------------------------------ 
      job100 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         fem | 
    1Female  |  -13.91939   9.023442    -1.54   0.124    -31.65856    3.819769 
      phd100 |   .2726826   .0493183     5.53   0.000     .1757278    .3696375 
        ment |   .1186708   .0701164     1.69   0.091    -.0191709    .2565125 
         fel | 
    1Fellow  |   23.41384   9.482065     2.47   0.014     4.773075    42.05461 
         art |   2.280112   2.888427     0.79   0.430    -3.398239    7.958464 
         cit |   .4478843   .1968665     2.28   0.023      .060865    .8349036 
       _cons |   106.7184   16.61357     6.42   0.000     74.05785     139.379 
------------------------------------------------------------------------------ 
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Interpreting unstandardized coefficients

 

      job100 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         fem |  -13.91939   9.023442    -1.54   0.124    -31.65856    3.819769 
 

 

      job100 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         cit |   .4478843   .1968665     2.28   0.023      .060865    .8349036 

Tool: Standardizing to 1



#8 Standardizing variables
. egen job100std = std(job100) // job100 standardized 
. egen artstd = std(art) // articles standardized 
. sum job100 job100std art artstd 
 
    Variable |     Obs        Mean    Std. Dev.       Min        Max 
-------------+------------------------------------------------------ 
      job100 |     408    223.3431    97.36029        100        480 
   job100std |     408   -8.73e-09           1  -1.266873   2.636156 
         art |     408    2.276961    2.256143          0         18 
      artstd |     408   -1.68e-08           1  -1.009227   6.968991 
 
* unstandardized variables 
regress job100      fem phd100 ment fel art    cit  
 
* none standardized 
  regress job100    fem phd100 ment fel art    cit  
 
* y & x standardized 
  regress job100std fem phd100 ment fel artstd cit  
 
* x standardized 
  regress job100    fem phd100 ment fel artstd cit  
 
* y standardized 
  regress job100std fem phd100 ment fel art    cit  

#7 Standardized coefficients with listcoef
. listcoef, cons help 
 
regress (N=408): Unstandardized and Standardized Estimates  
 
 Observed SD: 97.360295 
 SD of Error: 87.174821 
 
------------------------------------------------------------------------------ 
      job100 |      b         t     P>|t|    bStdX    bStdY   bStdXY     SDofX 
------------+----------------------------------------------------------------- 
         fem | -13.91939   -1.543   0.124  -6.7966  -0.1430  -0.0698    0.4883 
      phd100 |   0.27268    5.529   0.000  26.0071   0.0028   0.2671   95.3751 
        ment |   0.11867    1.692   0.091   7.7765   0.0012   0.0799   65.5299 
         fel |  23.41384    2.469   0.014  11.3922   0.2405   0.1170    0.4866 
         art |   2.28011    0.789   0.430   5.1443   0.0234   0.0528    2.2561 
         cit |   0.44788    2.275   0.023  14.8070   0.0046   0.1521   33.0599 
       _cons | 106.71842    6.424   0.000 
------------------------------------------------------------------------------ 
       b = raw coefficient 
       t = t-score for test of b=0 
   P>|t| = p-value for t-test 
   bStdX = x-standardized coefficient 
   bStdY = y-standardized coefficient 
  bStdXY = fully standardized coefficient 

y standardized coefficients
 

regress job100std fem phd100 ment fel art    cit  
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      job100 |      b         t     P>|t|    bStdX    bStdY   bStdXY     SDofX 
-------------+---------------------------------------------------------------- 
         fem | -13.91939   -1.543   0.124  -6.7966  -0.1430  -0.0698    0.4883 

      job100 |      b         t     P>|t|    bStdX    bStdY   bStdXY     SDofX 
-------------+---------------------------------------------------------------- 
         cit |   0.44788    2.275   0.023  14.8070   0.0046   0.1521   33.0599 

Fully standardized ("beta") coefficients
 

regress job100std fem phd100 ment fel artstd cit  
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      job100 |      b         t     P>|t|    bStdX    bStdY   bStdXY     SDofX 
-------------+---------------------------------------------------------------- 
         cit |   0.44788    2.275   0.023  14.8070   0.0046   0.1521   33.0599 

 

Linear and nonlinear models



Marginal effect of xk in linear models
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Marginal effect of xk in nonlinear models
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Loglinear models: essential for later models
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What is a "factor change"?

Factor and percentage change

Factor change in y
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Example: Wages in Canada

. use slid-ontario01, clear 
(Canada's 1994 Survey of Labor and Income Dynamics \ 2011-04-04) 
 
. codebook, compact 
 
Variable     Mean   StdDev  Minimum  Maximum  Label                   
---------------------------------------------------------------------------- 
logwages     2.62     0.50     0.83     3.91  Log(wages) in base e       
male         0.50     0.50     0.00     1.00  Is male?                
age         36.96    12.00    16.00    65.00  Age in years.            
edyears     13.21     3.04     0.00    20.00  Years of education completed. 
---------------------------------------------------------------------------- 
N=3,997 

wages male edyears age

#11 estimating M1
. regress logwages male age edyears 
 

      Source |       SS       df       MS              Number of obs =    3997 
-------------+------------------------------           F(  3,  3993) =  629.73 
       Model |  324.777885     3  108.259295           Prob > F      =  0.0000 
    Residual |  686.449784  3993  .171913294           R-squared     =  0.3212 
-------------+------------------------------           Adj R-squared =  0.3207 
       Total |  1011.22767  3996  .253059977           Root MSE      =  .41462 
 

------------------------------------------------------------------------------ 
    logwages |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
        male |   .2244959   .0131208    17.11   0.000     .1987718    .2502201 
         age |   .0181548   .0005491    33.06   0.000     .0170782    .0192315 
     edyears |   .0558764   .0021713    25.73   0.000     .0516195    .0601334 
       _cons |   1.099018   .0379649    28.95   0.000     1.024585     1.17345 



#13 Transforming log(wages) to wages

o

#11 The rate of increase in wages
regress, eform(Factor) // "Factor" is a name I use to label coefficients 
 
------------------------------------------------------------------------------ 
    logwages |     Factor   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
        male |   1.251692   .0164232    17.11   0.000     1.219904    1.284308 
         age |   1.018321   .0005592    33.06   0.000     1.017225    1.019418 
     edyears |   1.057467   .0022961    25.73   0.000     1.052975    1.061978 
       _cons |   3.001216   .1139408    28.95   0.000      2.78594    3.233128 
------------------------------------------------------------------------------ 
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Maximum likelihood estimation (MLE)



Variance in estimated 's used for testing
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Overview of hypothesis testing
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. regress job100 fem phd100 ment fel art cit 
 
------------------------------------------------------------------------------ 
      job100 |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         fem |  -13.91939   9.023442    -1.54   0.124    -31.65856    3.819769 
      phd100 |   .2726826   .0493183     5.53   0.000     .1757278    .3696375 
        ment |   .1186708   .0701164     1.69   0.091    -.0191709    .2565125 
         fel |   23.41384   9.482065     2.47   0.014     4.773075    42.05461 
         art |   2.280112   2.888427     0.79   0.430    -3.398239    7.958464 
         cit |   .4478843   .1968665     2.28   0.023      .060865    .8349036 
       _cons |   106.7184   16.61357     6.42   0.000     74.05785     139.379 
------------------------------------------------------------------------------ 
 

Overview of continuous LHS
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Part 3: Binary outcomes
Read and run

Objectives
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Binary variables, means and expectations
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#1 Summary statistics
. use binlfp4, clear 
(binlfp4.dta | Mroz data on labor force participation of women | 2014-10-20) 
 

. regress lfp c.k5 c.k618 i.agecat i.wc i.hc c.lwg c.inc 
 
<snip> 
 
         lfp |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          k5 |  -.2827435   .0354894    -7.97   0.000    -.3524148   -.2130721 
        k618 |  -.0125888   .0141043    -0.89   0.372    -.0402778    .0151003 
      agecat | 
      40_49  |  -.1232177   .0417838    -2.95   0.003    -.2052458   -.0411896 
        50+  |  -.2663019   .0529478    -5.03   0.000    -.3702467    -.162357 
          wc | 
    College  |   .1616348   .0458621     3.52   0.000     .0716002    .2516693 
          hc | 
    College  |   .0235894   .0424713     0.56   0.579    -.0597884    .1069672 
         lwg |   .1235474   .0302773     4.08   0.000     .0641082    .1829865 
         inc |  -.0068515   .0015758    -4.35   0.000    -.0099451   -.0037578 
       _cons |   .7060677   .0576341    12.25   0.000     .5929229    .8192124 
------------------------------------------------------------------------------ 

 
         lfp |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          k5 |  -.2827435   .0354894    -7.97   0.000    -.3524148   -.2130721 

LPM



LPM versus BRM

BRM as a latent variable model
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What if you don’t believe in a latent variables?

Why use a latent variable model?
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Errors in the latent variable model
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Wewill now show where these formulas come from.

ty dt
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We need a formula for the shaded region

t dt
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Where is your observed data located?



Only low probabilities Change is linear

Negative relations are possible

On the support of the data



Scale change and regression coefficients

N
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Var x
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Scale change
Var b x b Var x
SD b x bSD x

Normalizing a variable

Var x Var x

. gen job100=100*job 

. label var job100 "job*100" 

. gen phd100=100*phd 

. label var phd100 "phd*100" 
 
. sum job job100 phd phd100 pub1 nopub9 female 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         job |       163    2.967117     .880396       1.01       4.69 
      job100 |       163    296.7117     88.0396        101        469 
-------------+-------------------------------------------------------- 
         phd |       308    3.177987    1.012738          1       4.77 
      phd100 |       308    317.7987    101.2738        100        477 
-------------+-------------------------------------------------------- 
        pub1 |       308    2.545455    3.092685          0         24 
      nopub9 |       308    .1980519    .3991801          0          1 
      female |       308    .3474026    .4769198          0          1 
 



. qui regress job phd pub1 female 

. estimates store m1job 

. qui regress job100 phd pub1 female 

. estimates store m2job100 

. estimates table m1job m2job100, stats(r2 ll) b(%8.3f) t(%8.2f) 
 
------------------------------------ 
    Variable |    m1job   m2job100   
-------------+---------------------- 
         phd |    0.357     35.709   
             |     5.54       5.54   
        pub1 |    0.032      3.212   
             |     1.61       1.61   
      female |   -0.246    -24.570   
             |    -1.65      -1.65   
       _cons |    1.736    173.555   
             |     7.62       7.62   
-------------+---------------------- 
          r2 |    0.190      0.190   
          ll | -192.819   -943.462   
------------------------------------ 
                         legend: b/t 

Identification in the BRM

Assumption 1: Value of threshold

Assumption 2: Mean of the errors
E

Assumption 3: Variance of the errors
Var

Var



Estimate the two models
. // logit 
. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog robust 
 
<snip> 
 
. estimates store blm 
 
. // probit 
. probit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
 
<snip> 
 
. estimates store bpm 
 
. // create table 
. estimates table blm bpm, stats(aic bic r2_p ll) b(%8.3f) t(%8.3f) p(%8.3f) 

Comparing estimates of coefficients

             | blm             | bpm             | ratio             
             |       b       z |       b       z |      b       z  
-------------+-----------------+-----------------+---------------- 
lfp          |                 |                 |                 
          k5 |  -1.392  -7.182 |  -0.840  -7.480 |  1.657   0.960  
        k618 |  -0.066  -0.916 |  -0.041  -0.975 |  1.593   0.939  
    1.agecat |      .b       . |      .b       . |      .       .  
    2.agecat |  -0.627  -3.042 |  -0.382  -3.107 |  1.643   0.979  
    3.agecat |  -1.279  -4.956 |  -0.780  -5.031 |  1.640   0.985  
        0.wc |      .b       . |      .b       . |      .       .  
        1.wc |   0.798   3.367 |   0.482   3.481 |  1.655   0.967  
        0.hc |      .b       . |      .b       . |      .       .  
        1.hc |   0.136   0.659 |   0.074   0.596 |  1.841   1.106  
         lwg |   0.610   3.677 |   0.371   3.894 |  1.644   0.944  
         inc |  -0.035  -3.989 |  -0.021  -4.136 |  1.665   0.965  
       _cons |   1.014   3.329 |   0.622   3.493 |  1.630   0.953 



Predicted probabilities
. estimates restore blm 
. predict prblm 
(option pr assumed; Pr(lfp)) 
. label var prblm "Logit: Pr(LFP|X)" 
 

. estimates restore bpm 
(results bpm are active now) 
. predict prbpm 
(option pr assumed; Pr(lfp)) 
. label var prbpm "Probit: Pr(LFP|X)" 
 
. pwcorr prblm prbpm 
 

             |    prblm    prbpm 
-------------+------------------ 
       prblm |   1.0000  
       prbpm |   0.9998   1.0000 
 
. twoway scatter prblm prbpm, ysize(7) xsize(7) mcol(blue) /// 
>     msym(Oh) xlabel(0(.2)1,grid) ylabel(0(.2)1,grid) /// 
>     caption("#24 `tag'", size(vsmall)) 

o

o
o
o



* Alternative derivations of the BRM
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When is the N large enough to justify MLE?

o



Adjusting p values for small samples?

Exact and Firth estimation for small samples

exlogistic

o
o
o
o
o

Possible problems with ML

. tabulate hipub mmale, miss 
 
      Pubs | 
   greater |           Mentor male? 
  than 10? |  0FemMent   1MalMent          . |     Total 
-----------+---------------------------------+---------- 
   0_LoPub |         4        293          5 |       302  
  1_10plus |         0          6          0 |         6  
-----------+---------------------------------+---------- 
     Total |         4        299          5 |       308  

o
o



logit
. logit hipub i.mmale phd, nolog 
 
note: 0.mmale != 0 predicts failure perfectly 
      0.mmale dropped and 4 obs not used 

note: 1.mmale omitted because of collinearity 
 
Logistic regression                               Number of obs   =        299 
                                                  LR chi2(1)      =       0.23 
                                                  Prob > chi2     =     0.6320 
Log likelihood = -29.276794                       Pseudo R2       =     0.0039 
 
------------------------------------------------------------------------------ 
       hipub |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       mmale | 
   0FemMent  |          0  (empty) 
   1MalMent  |          0  (omitted) 
         phd |  -.1927085   .4023944    -0.48   0.632    -.9813871    .5959701 
       _cons |  -3.293021   1.272882    -2.59   0.010    -5.787824   -.7982179 
------------------------------------------------------------------------------ 

o

Parameters and the probability curve
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Changing changes the effect of x



Changing changes the effect of x

The intercept absorbs the level of x2

y x x x x

y x x x

x

y x x x

x

x

How x2 "affects the effect" of x1



Interpretation using predictions

y F

ty dt F



Official Stata 11+
predict

margins

marginsplot margins

SPost13

mchange

mgen

mtable

mlincom

Tool: specifying values of regressors in margins and m*

 mtable, atmeans 

 mtable, at(age=25 male=1 edyears=20) atmeans 

 mtable, at(age=25) atmeans 

c.age#c.age

 mtable, at(age=(25(5)75) male=1 edyears=20) atmeans 

 mtable, at(age=25 male=1 edyears=20) /// 
          at(age=60 male=0 edyears=12) atmeans  



In sample predicted probabilities
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ty dt

estimates restore blm 
 
predict prblm 
label var prblm "Logit: predicted probability" 
 
* mean prediction 
qui sum prblm 
local mn = string(r(mean),"%5.3f") // store formatted string 
 
* distribution of predictions 
dotplot prblm, ylab(0(.2)1, nogrid) ylin(0 1, lcol(blue)) mcol(gs10) /// 
  title(Model: logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, pos(11)) /// 
  subtitle("Observed proportion of 1's: `mn'", position(11)) /// 
  caption(#34a `tag', size(vsmall)) 

#34 dotplot of predicted probabilities

o



Example of predictions for health outcomes

Marginal effects: changes in probabilities

o
o
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Marginal change versus discrete change
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Centered and uncentered changes of 1
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Effect of start value on DC of 1



Effect of other variables on DC of 1

Options for amount of change in xk

Summarizing the marginal effects

o
o
o

o
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. mchange, atmeans dec(2) 
 

logit: Changes in Pr(y) | Number of obs = 753 
 

Expression: Pr(lfp), predict(pr) 
 

                |    Change    p-value  
----------------+---------------------- 
k5              |                       
             +1 |     -0.32       0.00  
            +SD |     -0.18       0.00  
::: 
 

Predictions at base value 
 

             | not in LF      in LF  
-------------+---------------------- 
  Pr(y|base) |      0.42       0.58  
 
Base values of regressors 
 
             |                               2.         3.         1.         1. 
             |        k5       k618     agecat     agecat         wc         hc  
-------------+------------------------------------------------------------------ 
          at |       .24        1.4        .39        .22        .28        .39  
 
             |                       
             |       lwg        inc  
-------------+---------------------- 
          at |       1.1         20   



Hypothesis testing for marginal effects

o

o

Examples of marginal effects

. mchange, atmeans dec(2) amount(one sd) 
 
logit: Changes in Pr(y) | Number of obs = 753 
 
Expression: Pr(lfp), predict(pr) 
 
                |    Change    p-value  
----------------+---------------------- 
k5              |                       
             +1 |     -0.32       0.00  
            +SD |     -0.18       0.00  
       Marginal |     -0.34       0.00  
k618            |                       
             +1 |     -0.02       0.34  
            +SD |     -0.02       0.34  
       Marginal |     -0.02       0.34  
agecat          |                       
 40-49 vs 30-39 |     -0.15       0.00  
   50+ vs 30-39 |     -0.31       0.00  
   50+ vs 40-49 |     -0.16       0.00  
wc              |                       
  college vs no |      0.19       0.00  
hc              |                       
  college vs no |      0.03       0.51  

lwg             |                       
             +1 |      0.14       0.00  
            +SD |      0.08       0.00  
       Marginal |      0.15       0.00  
inc             |                       
             +1 |     -0.01       0.00  
            +SD |     -0.10       0.00  
       Marginal |     -0.01       0.00  
 
Predictions at base value 
 
             | not in LF      in LF  
-------------+---------------------- 
  Pr(y|base) |      0.42       0.58  
 
Base values of regressors 
 
           |                               2.         3.         1.         1. 
           |        k5       k618     agecat     agecat         wc         hc  
-----------+------------------------------------------------------------------ 
        at |       .24        1.4        .39        .22        .28        .39  
 
           |       lwg        inc  
-----------+---------------------- 
        at |       1.1         20  
 
1: Estimates with margins option atmeans. 

 



A unit change: +1

k k
k

y
y x y x

x

kx kx kx
kx

                     |    Change    p-value  
     ----------------+---------------------- 
     k5              |                       
                  +1 |     -0.32       0.00  
 

A standard deviation change: +SD

k k k
k

y
y x s y x

x

                |    Change    p-value  
----------------+---------------------- 
inc             |                       
             +1 |     -0.01       0.00  
            +SD |     -0.10       0.00  
 

A change from 0 to 1: 0 to 1
i.wc mchange

                |    Change    p-value  
----------------+---------------------- 
wc              |                       
  college vs no |      0.19       0.00  
hc              |                       
  college vs no |      0.03       0.51  

 



#5.2 Centered changes in xk

k k
k

y
y x y x

x

k ks s
k k

k

y
y x y x

x
. mchange, atmeans dec(2) centered 
<snip>
                |    Change    p-value  
----------------+---------------------- 
k5              |                       
    +1 centered |     -0.33       0.00  
   +SD centered |     -0.18       0.00  
       Marginal |     -0.34       0.00  
<snip>
inc             |                       
    +1 centered |     -0.01       0.00  
   +SD centered |     -0.10       0.00  
       Marginal |     -0.01       0.00  
<snip> 

Change from the minimum to the maximum

k k
k

y
y x y x

x
. mchange k5 k618 wc hc lwg inc agecat, /// 
>     atmeans amount(range) stat(from to change pvalue) dec(2) brief 
 
logit: Changes in Pr(y) | Number of obs = 753 
 
Expression: Pr(lfp), predict(pr) 
 
                |      From         To     Change    p-value  
----------------+-------------------------------------------- 
k5              |                                             
          Range |      0.66       0.03      -0.63       0.00  
k618            |                                             
          Range |      0.60       0.47      -0.13       0.34  
wc              |                                             
  college vs no |      0.52       0.71       0.19       0.00  
hc              |                                             
  college vs no |      0.56       0.60       0.03       0.51  

 



                |      From         To     Change    p-value  
----------------+-------------------------------------------- 
lwg             |                                             
          Range |      0.17       0.83       0.67       0.00  
inc             |                                             
          Range |      0.74       0.09      -0.65       0.00  
agecat          |                                             
 40-49 vs 30-39 |      0.70       0.55      -0.15       0.00  
   50+ vs 30-39 |      0.70       0.39      -0.31       0.00  
   50+ vs 40-49 |      0.55       0.39      -0.16       0.00  
 

hc
k5 wc inc

trim() help mchange

* trim upper and lower 5th percentiles 
mchange inc, atmeans amount(range) trim(5) 

. mchange // <= no atmeans 
 
logit: Changes in Pr(y) | Number of obs = 753 
 
Expression: Pr(lfp), predict(pr) 
 
                |    Change    p-value  
----------------+---------------------- 
k5              |                       
             +1 |    -0.281      0.000  
            +SD |    -0.153      0.000  
       Marginal |    -0.289      0.000  
k618            |                       
             +1 |    -0.014      0.337  
            +SD |    -0.018      0.337  
       Marginal |    -0.014      0.335  
agecat          |                       
 40-49 vs 30-39 |    -0.124      0.002  
   50+ vs 30-39 |    -0.262      0.000  
   50+ vs 40-49 |    -0.138      0.002  

 

wc              |                       
  college vs no |     0.162      0.000  
hc              |                       
  college vs no |     0.028      0.508  
lwg             |                       
             +1 |     0.120      0.000  
            +SD |     0.072      0.000  
       Marginal |     0.127      0.000  
inc             |                       
             +1 |    -0.007      0.000  
            +SD |    -0.086      0.000  
       Marginal |    -0.007      0.000  
 
Average predictions 
 
             | not in LF      in LF  
-------------+---------------------- 
  Pr(y|base) |     0.432      0.568 



Interpretations (excluding p values)

MEM vs AME
mchange, amount(sd) // AME 
 
mchange, amount(sd) atmeans // MEM 
 
              | AME      | MEM      |   
              |   Change |   Change | AME-MEM 
--------------+----------+----------+---------- 
k5        +SD |   -0.153 |   -0.180 |    0.027  
k618      +SD |   -0.018 |   -0.021 |    0.003  
--------------+----------+----------+---------- 
agecat 40vs39 |   -0.124 |   -0.146 |    0.021  
 50+ vs 30-39 |   -0.262 |   -0.307 |    0.044  
 50+ vs 40-49 |   -0.138 |   -0.161 |    0.023  
--------------+----------+----------+---------- 
wc college vs |    0.162 |    0.186 |   -0.024  
--------------+----------+----------+---------- 
inc       +SD |   -0.086 |   -0.101 |    0.016  

Distribution of marginal effects

o

o

o

o



. list k5 k618 agecat wc hc lwg inc in 1, clean 
 

       k5   k618   agecat      wc      hc        lwg      inc   
  1.    0      3    30_39   NoCol   NoCol   .8532125   28.363   
 
. mchange lwg, at(k5=0 k618=3 agecat=1 wc=0 hc=0 lwg=.8532125 inc=28.363) 

atmeans 
 

logit: Changes in Pr(lfp) | Number of obs = 753 
 
             |    Change       P>|z| 
-------------+---------------------- 
lwg          | 
          +1 |     0.137      0.000 
         +SD |     0.084      0.000 
    Marginal |     0.148      0.000 
 

Base values of predictors 
 
    |     k5    k618   agecat      wc      hc     lwg      inc  
----+----------------------------------------------------------- 
 at |      0       3        1       0       0    .853     28.4  

Distribution of marginal change for lwg

#5.5 computing the distribution of effects for wc

 

margins, dydx(wc) generate(dydxwc) 
 

dydxwc

graph

help margins undocumented generate()

wc

gen wc_orig = wc 
label var wc_orig "source wc variable" 
replace wc = 0 
predict pratwc0 
label var pratwc0 "PR if wc=0 for all cases" 

wc pratwc1



prdif pratwc0 pratwc1 prdif
. // AME for wc 
. gen wc_orig = wc // save original values for wc 
. replace wc = 0 // make all cases wc=0 
(212 real changes made) 
. predict pratwc0 // make predictions 
(option pr assumed; Pr(lfp)) 
label var pratwc0 "PR if wc=0 for all cases" 
 
. replace wc = 1 // make all cases wc=1 
(753 real changes made) 
. predict effects_phat1 // make predictions 
(option pr assumed; Pr(lfp)) 
label var pratwc1 "PR if wc=1 for all cases" 
 
. replace wc = wc_orig // restore original values 
(541 real changes made) 
. drop wc_orig 
 
. gen double me_wc = pratwc1 - pratwc0 // DCwc 
. label var me_wc "Discrete change of wc on Pr(LFP)" 
 
. * sum me_wc matches result from margins, dydx(wc) 
. sum me_wc 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
       me_wc |       753    .1624037    .0344572   .0074083    .196826 

Distribution of DC for wc

o



#6 Predictions for ideal types

                           |    Pr(y)        ll        ul 
 --------------------------+----------------------------- 
            Average person |    0.578     0.539     0.616 
       Young lower ed kids |    0.159     0.068     0.251 
      Young higher ed kids |    0.394     0.234     0.554 
 Middle age higher ed kids |    0.748     0.672     0.823 
           Older higher ed |    0.631     0.528     0.734 

. estimates restore blm 
 
. mtable, rowname(Average person) atmeans ci clear 
 
Expression: Pr(lfp), predict() 
 
                 |    Pr(y)        ll        ul 
 ----------------+----------------------------- 
  Average person |    0.578     0.539     0.616 
 
Specified values of covariates 
 
           |                              2.        3.        1.        1. 
           |       k5      k618      agecat    agecat        wc        hc  
 ----------+-------------------------------------------------------------- 
   Current |     .238      1.35        .385      .219      .282      .392  
 
           |                     
           |      lwg       inc 
 ----------+------------------- 
   Current |      1.1      20.1 
 
 
. local Average "`r(atspec)'" // see next page  

. di "`Average'" 
k5=.2377158 k618=1.3532537 1b.agecat=.39575033 2.agecat=.38512616  
> 3.agecat=.21912351 0b.wc=.7184595 1.wc=.2815405 0b.hc=.60823373  
> 1.hc=.39176627 lwg=1.0971148 inc=20.128965.  

at()
. mtable, rowname(Average person) at(`Average') ci clear 
 
Expression: Pr(lfp), predict() 
 
                 |    Pr(y)        ll        ul 
 ----------------+----------------------------- 
  Average person |    0.578     0.539     0.616 
 
Specified values of covariates 
 
           |                              2.        3.        1.        1. 
           |       k5      k618      agecat    agecat        wc        hc  
 ----------+-------------------------------------------------------------- 
   Current |     .238      1.35        .385      .219      .282      .392  
 
           |                     
           |      lwg       inc 
 ----------+------------------- 
   Current |      1.1      20.1  



* note: in 1975 $2.10 is min wage; .75 for lwg 
mtable, rowname(Young lower ed kids) atmeans ci /// 
    at(agecat=1 k5=2 k618=0 inc=10 lwg=.75 hc=0 wc=0) below 
local YoungLowEdMom "`r(atspec)'" 

agecat==1 & k5==2 & k618==0 & wc==1 & hc==1 

lwg inc

o

o
 if agecat==1 & k5==2 & k618==0 & wc==1 & hc==1

 
. gen isYoungHiEdMom = agecat==1 & k5==2 & k618==0 & wc==1 & hc==1 
. label var isYoungHiEdMom "Select young, higher ed mothers" 

. tab isYoungHiEdMom, miss 
 
     Select | 
     young, | 
  higher ed | 
    mothers |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |        747       99.20       99.20 
          1 |          6        0.80      100.00 
------------+----------------------------------- 
      Total |        753      100.00 

. sum lwg inc // global 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         lwg |       753    1.097115    .5875564  -2.054124   3.218876 
         inc |       753    20.12897     11.6348  -.0290001         96 
 
. sum lwg inc if isYoungHiEdMom // local 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         lwg |         6    1.621039    .3411624   1.230121   2.230264 
         inc |         6    16.64083    3.490015     14.245       23.6 

at()

mtable, at(agecat=1 wc=1 hc=1 k5=2 k618=0 lwg=1.62 inc=16.64) 

if atmeans
mtable if isYoungHiEdMom, rowname(Young higher ed kids) /// 

     atmeans ci below 

gen isMiddleEdDad = agecat==2 & k5==0 & k618>=1 & wc==1 & hc==1 
mtable if isMiddleEdDad, rowname(Middle age higher ed kids) /// 
    atmeans ci below 

gen isOlderHiEd = agecat==3 & wc==1 & hc==1 & k618==0 
mtable if isOlderHiEd, rowname(Older higher ed) /// 
    atmeans ci below twidth(25) 

 



Expression: Pr(lfp), predict() 
 
                           |    Pr(y)        ll        ul 
 --------------------------+----------------------------- 
            Average person |    0.578     0.539     0.616 
       Young lower ed kids |    0.159     0.068     0.251 
      Young higher ed kids |    0.394     0.234     0.554 
 Middle age higher ed kids |    0.748     0.672     0.823 
           Older higher ed |    0.631     0.528     0.734 
 
Specified values of covariates 
<snip> 

Standard errors of predictions

statistics(ci)
ci

                           |    Pr(y)        ll        ul 
 --------------------------+----------------------------- 
            Average person |    0.578     0.539     0.616 
       Young lower ed kids |    0.159     0.068     0.251 
      Young higher ed kids |    0.394     0.234     0.554 
 Middle age higher ed kids |    0.748     0.672     0.823 
           Older higher ed |    0.631     0.528     0.734 



r(atspec)

mtable, at(`Average') at(`YoungLowEdMom') at(`YoungHiEdMom') /// 
    at(`MiddleEdDad') at(`OlderHiEd') post atright 
 
Expression: Pr(lfp), predict() 
 
           |                                      2.        3.        1. 
           |    Pr(y)        k5      k618    agecat    agecat        wc 
 ----------+------------------------------------------------------------ 
         1 |    0.578      .238      1.35      .385      .219      .282 
         2 |    0.159         2         0         0         0         0 
         3 |    0.394         2         0         0         0         1 
         4 |    0.748         0      1.77         1         0         1 
         5 |    0.631         0         0         0         1         1 
 
           |        1. 
           |       hc       lwg       inc 
 ----------+----------------------------- 
         1 |     .392       1.1      20.1 
         2 |        0       .75        10 
         3 |        1      1.62      16.6 
         4 |        1      1.32      26.3 
         5 |        1      1.38      27.9 
 
Specified values where .n indicates no values specified with at() 
 
           |  No at() 
 ----------+--------- 
   Current |       .n 

. mlincom 2 - 3 // young lower - young higher 
 
             |   lincom    pvalue        ll        ul 
-------------+---------------------------------------- 
           1 |   -0.235     0.000    -0.340    -0.129 



Tables of predicted probabilities

 Number      Did Not 
 of Young    Attend    Attended 
 Children    College   College    Difference 
 ------------------------------------------- 
    0         .60       .77         .17 
    1         .28       .46         .18 
    2         .09       .17         .09 < due to rounding 
    3         .02       .05         .03 
 ------------------------------------------- 

k5 wc

k wc

k wc

y k wc

k wc

wc=0

ky wc k

wc=1

k wc

wc k

k

y wc k

k

k

    

 # Young     Not      Attended 
 Children    College   College    Difference 
    0         .60       .77         .17 
    1         .28       .46         .18 
    2         .09       .17         .09 
    3         .02       .05         .03 

  



mtable
. mtable, atmeans at(wc=(0 1) k5=(0 1 2 3)) 
 
Expression: Pr(lfp), predict() 
 
           |       k5        wc     Pr(y) 
 ----------+----------------------------- 
         1 |        0         0     0.604 
         2 |        0         1     0.772 
         3 |        1         0     0.275 
         4 |        1         1     0.457 
         5 |        2         0     0.086 
         6 |        2         1     0.173 
         7 |        3         0     0.023 
         8 |        3         1     0.049 
 
Specified values of covariates 
 
           |                    2.        3.        1.                     
           |     k618      agecat    agecat        hc       lwg       inc 
 ----------+------------------------------------------------------------- 
   Current |     1.35        .385      .219      .392       1.1      20.1 

 

mtable
mtable mtable

clear

right

atvars(_none)

dydx(wc) i.wc
1]  . qui mtable, atmeans at(wc=(0) k5=(0 1 2 3)) atvars(k5) /// 
    >     clear estname(NoCol) 
2]  . qui mtable, atmeans at(wc=(1) k5=(0 1 2 3)) atvars(_none) /// 
    >     right estname(College) 
3]  . mtable, atmeans dydx(wc) at(k5=(0 1 2 3)) atvars(_none) /// 
    >     right estname(Diff) stats(est p) 
 
           |       k5     NoCol   College      Diff         p 
 ----------+------------------------------------------------- 
         1 |        0     0.604     0.772     0.168     0.000 
         2 |        1     0.275     0.457     0.182     0.001 
         3 |        2     0.086     0.173     0.087     0.013 
         4 |        3     0.023     0.049     0.027     0.085 
  

Local and global means

o

o

mtable

atmeans



k5 atmeans
. mtable if k5==0, estname(k5_0) at(wc=(0 1) k5=0) atvars(1.wc) atmeans /// 
>     clear 
 
       1.           
      wc      k5 0 
------------------ 
       0     0.583  <= prediction for k5==0 and wc==0 
       1     0.757  <= prediction for k5==0 and wc==1 
 
                              2.         3.         1.                       
       k5       k618     agecat     agecat         hc        lwg        inc  
---------------------------------------------------------------------------- 
    0.000      1.279      0.436      0.269      0.358      1.107     19.987  

 

k5=1
. mtable if k5==1, estname(k5_1) at(wc=(0 1) k5=1) atvars(_none) /// 
>           atmeans right 

k5=2 k5=3
. mtable if k5==2, estname(k5_2) at(wc=(0 1) k5=2) atvars(_none) atmeans /// 
>     right 
. mtable if k5==3, estname(k5_3) at(wc=(0 1) k5=3) atvars(_none) atmeans /// 
>     right 
 
       1.                                         
      wc      k5 0      k5 1      k5 2      k5 3 
------------------------------------------------ 
       0     0.583     0.337     0.154     0.017 
       1     0.757     0.530     0.288     0.037 

wc k5

o wc

dydx( ) margins m*

mtable if k5==0, dydx(wc) stat(est p) atmeans clear long /// 
    roweqnm(DCwc) coleqnm(k5_0) 
mtable if k5==1, dydx(wc) stat(est p) atmeans right long coleqnm(k5_1) 
mtable if k5==2, dydx(wc) stat(est p) atmeans right long coleqnm(k5_2) 
mtable if k5==3, dydx(wc) stat(est p) atmeans right long coleqnm(k5_3)  

Expression: Pr(lfp), predict() 
 
           | k5_0      k5_1      k5_2      k5_3     
           |  d Pr(y)   d Pr(y)   d Pr(y)   d Pr(y) 
 ----------+--------------------------------------- 
 DCwc      |                                        
   d Pr(y) |    0.173     0.193     0.134     0.020 
         p |    0.000     0.000     0.003     0.070 
 
Specified values of covariates 
<snip> 
  



             |      wc=0       wc=1     Change     pvalue  
-------------+-------------------------------------------- 
global       |                                             
        k5=0 |      0.60       0.77       0.17       0.00  
        k5=1 |      0.27       0.46       0.18       0.00  
        k5=2 |      0.09       0.17       0.09       0.01  
        k5=3 |      0.02       0.05       0.03       0.09  
-------------+-------------------------------------------- 
local        |                                             
        k5=0 |      0.58       0.76       0.17       0.00  
        k5=1 |      0.34       0.53       0.19       0.00  
        k5=2 |      0.15       0.29       0.13       0.00  
        k5=3 |      0.02       0.04       0.02       0.07  

Plotting predictions

o
marginsplot

mgen graph

local ylab "0(.25)1., grid gmin gmax" 

`ylab' 0(.25)1., grid gmin gmax 

  

o
o

 
local inc_rng  "0(5)100" 
local xlab_inc "0(20)100" 
local ylab     "0(.25)1., grid gmin gmax" 
local ylabdc   "0(.1).4, grid gmin gmax" 
local ytitle   "Pr(In Labor Force)" 
local lineprob "msym(i) lcol(green) lpat(solid)" 
local linelow  "msym(i) lcol(gold)  lpat(dash)" 
local line1    "msym(i) lcol(red)   lpat(dash)" 
local line0    "msym(i) lcol(blue)  lpat(solid)" 
local line30   "msym(Oh) msiz(*1.1) mcol(red)   lcol(red)" 
local line40   "msym(Sh) msiz(*0.9) mcol(green) lcol(green)" 
local line50   "msym(Th) msiz(*0.9) mcol(blue)  lcol(blue)" 



Intuition behind a lowess plot

. sum lfp if inc>=0 & inc<5 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         lfp |        12    .6666667     .492366          0          1 
 
<snip> 
 
. sum lfp if inc>=35 & inc<40 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         lfp |        18    .3888889    .5016313          0          1 

o



. sort inc 

. lowess lfp inc, jitter(3) gen(lowesslfp) xlab(`xlab_inc') /// 
      bwidth(.5) ytitle(Smoothed mean LFP) ylab(`ylab') /// 
      ylin(0 1, lcol(gs13)) msym(oh) lineopt(lcol(green) /// 
      lwid(medthick)) 

gen(lowesslfp)

 

Lowess and logit curves



. logit lfp inc 
  <snip> 
. estimates store blminconly 

mgen

o
o
mtable predname()

o

o

 <stat-name>  Description 
 -----------------------------------------------------------------
 predname     Estimate such as probabilities, dydx, etc. 
 ll           Lower level bound of confidence interval 
 ul           Upper level bound of confidence interval 
 pval         p-value for test margin is 0 
 se           Standard error of margin 
 z            z-value of test prediction is 0 

. mgen, at(inc=(0(5)100)) atmeans stub(PLT) predlabel(Logit prediction) 
 
Predictions from: margins, at(inc=(0(5)100)) atmeans predict(pr) 
 
Variable   Obs Unique      Mean       Min       Max  Label 
------------------------------------------------------------------------------ 
PLTpr1      21     21  .4223433  .2008354  .6669906  Logit prediction 
PLTll1      21     21   .320794  .0336831  .6007513  95% lower limit 
PLTul1      21     21  .5238926  .3679877  .7332299  95% upper limit 
PLTinc      21     21        50         0       100  Family income excluding . 
------------------------------------------------------------------------------ 
 
* inc is the only covariate, so there is no list of other covariates 

PLT mgen
. format %9.3g lfp inc PLTpr PLTll PLTul PLTinc 
. list lfp inc PLTpr PLTll PLTul PLTinc in 1/25, clean nolabel 
 
        Observed 
        Variables           mgen variables             
 

       lfp     inc   PLTpr1   PLTll1   PLTul1   PLTinc   
  1.     1   -.029     .667     .601     .733        0   
  2.     1     1.2     .644     .588     .699        5   
  3.     0     1.5     .619     .573     .666       10   
  4.     1    2.13     .595     .556     .633       15   
  5.     1     2.2     .569     .534     .605       20   
<snip> 
 15.     1       5     .319     .176     .462       70   
 16.     1    5.12     .297     .146     .448       75   
 17.     1    5.12     .276     .119     .433       80   
 18.     1    5.32     .255    .0938     .417       85   
 19.     0    5.33     .236    .0714     .401       90   
 20.     1    5.49     .218    .0514     .385       95   
 21.     0    5.55     .201    .0337     .368      100   
 22.     0       6        .        .        .        .   
 23.     0       6        .        .        .        .   
 24.     1    6.02        .        .        .        .   
 25.     1    6.25        .        .        .        .   

 



PLTpr PLTinc

lfp

. graph twoway /// 
>    (rarea PLTul PLTll PLTinc, color(gs13)) /// shaded CI 
>    (connected PLTpr PLTinc, `lineprob'), /// line for prob 
>    subtitle("Model including only income", position(11)) /// 
>    ytitle("`ytitle'") ylab(`ylab') xtitle("`xtitle'") /// 
>    legend(off) 



logit lfp k5 k618 i.agecat i.wc i.hc lwg inc

y AGE
. estimates restore blm // full logit model 
 

. mgen, at(inc=(`inc_rng')) atmeans stub(PLT) 
 

Predictions from: margins, at(inc=(0(5)100)) atmeans predict(pr) 
 

Variable   Obs Unique      Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
PLTpr1      21     21  .3583955   .0768617  .7349035  pr(y=in LF) from margins 
PLTll1      21     21  .2680128  -.0156624  .6641427  95% lower limit 
PLTul1      21     21  .4487782   .1693859  .8056643  95% upper limit 
PLTinc      21     21        50          0       100  Family income excludi... 
------------------------------------------------------------------------------ 
Specified values of covariates 
 

                              2.         3.         1.         1.            
       k5       k618     agecat     agecat         wc         hc        lwg  
---------------------------------------------------------------------------- 
 .2377158   1.353254   .3851262   .2191235   .2815405   .3917663   1.097115 



inc

Visually: How x2 affects the "effect" of x1

o inc wc

age wc

y WC INC y WC INC



. mgen, at(inc=(`inc_rng') wc=0) atmeans stub(PLTwc0) /// 
>     predlabel(Did not attend college) 
 
Predictions from: margins, at(inc=(0(5)100) wc=0) atmeans predict(pr) 
 
Variable   Obs Unique      Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
PLTwc0pr1   21     21  .3177494   .0623648  .6889161  Did not attend college 
PLTwc0ll1   21     21  .2309727  -.0151898  .6107004  95% lower limit 
PLTwc0ul1   21     21   .404526   .1399194  .7671317  95% upper limit 
PLTwc0inc   21     21        50          0       100  Family income exclud... 
------------------------------------------------------------------------------ 
 
<snip values of covariates> 

. mgen, at(inc=(`inc_rng') wc=1) atmeans stub(PLTwc1) /// 
>     predlabel(Attended college) 
 
Predictions from: margins, at(inc=(0(5)100) wc=1) atmeans predict(pr) 
 
Variable   Obs Unique      Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
PLTwc1pr1   21     21  .4684761   .1286839  .8310055  Attended college 
PLTwc1ll1   21     21  .3404584  -.0173306  .7575446  95% lower limit 
PLTwc1ul1   21     21  .5964938   .2746983  .9044663  95% upper limit 
PLTwc1inc   21     21        50          0       100  Family income exclud... 
------------------------------------------------------------------------------ 
 
<snip values of covariates>  



Testing differences in predictions

wc i.wc mgen dydx(wc)
. mgen, dydx(wc) at(inc=(`inc_rng')) atmeans stub(PLTdc) /// 
>     predlabel(DC of wc by income) 
 

Predictions from: margins, dydx(wc) at(inc=(0(5)100)) atmeans predict(pr) 
 
Variable    Obs Unique      Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
PLTdcd_pr1   21     21  .1507267    .066319  .1967745  DC of wc by income 
PLTdcll1     21     21  .0556941  -.0111785  .0895455  95% lower limit 
PLTdcul1     21     21  .2457593   .1438166  .3049388  95% upper limit 
PLTdcinc     21     21        50          0       100  Family income excl... 
------------------------------------------------------------------------------ 
 
<snip values of covariates> 
 



. estimates restore blm 

. mgen, at(inc=(`inc_rng') agecat=1) atmeans stub(p30) predlabel(Age 30-39) 
 
Predictions from: margins, at(inc=(0(5)100) agecat=1) atmeans predict(pr) 
 
Variable   Obs Unique      Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
p30pr1      21     21  .4583632   .1230226  .8236541  Age 30-39 
p30ll1      21     21  .3331298  -.0230338  .7624032  95% lower limit 
p30ul1      21     21  .5835967    .269079  .8849049  95% upper limit 
p30inc      21     21        50          0       100  Family income exclud... 
------------------------------------------------------------------------------ 
 
Specified values of covariates 
 
                                         1.         1.            
       k5       k618     agecat         wc         hc        lwg  
----------------------------------------------------------------- 
 .2377158   1.353254          1   .2815405   .3917663   1.097115 
 
. mgen, at(inc=(`inc_rng') agecat=2) atmeans stub(p40) predlabel(Age 40-49) 
  <snip> 
. mgen, at(inc=(`inc_rng') agecat=3) atmeans stub(p50) predlabel(Age 50+) 
  <snip> 

The effect of income on LFP by age category

o



Interpretation with odds ratios (OR)

Probability and odds at x and x+1
y x y x

y x
x

y x
y x

x
y x

The OR is the ratio
x

OR x x
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x x x
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o
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. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc 
 
Logistic regression                               Number of obs   =        753 
                                                  LR chi2(8)      =     124.30 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -452.72367                       Pseudo R2       =     0.1207 
 
------------------------------------------------------------------------------ 
         lfp |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          k5 |  -1.391567   .1919279    -7.25   0.000    -1.767739   -1.015395 
        k618 |  -.0656678    .068314    -0.96   0.336    -.1995607    .0682251 
             | 
      agecat | 
          2  |  -.6267601    .208723    -3.00   0.003     -1.03585   -.2176705 
          3  |  -1.279078   .2597827    -4.92   0.000    -1.788242   -.7699128 
             | 
        1.wc |   .7977136   .2291814     3.48   0.001     .3485263    1.246901 
        1.hc |   .1358895   .2054464     0.66   0.508     -.266778    .5385569 
         lwg |   .6099096   .1507975     4.04   0.000      .314352    .9054672 
         inc |  -.0350542   .0082718    -4.24   0.000    -.0512666   -.0188418 
       _cons |   1.013999   .2860488     3.54   0.000     .4533539    1.574645 
------------------------------------------------------------------------------ 

listcoef
. listcoef, constant help 
 
logit (N=753): Factor Change in Odds 
 
  Odds of: 1InLF vs 0NotInLF 
 
---------------------------------------------------------------------- 
         lfp |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-------------+-------------------------------------------------------- 
          k5 |  -1.39157   -7.250   0.000   0.2487   0.4823     0.5240 
        k618 |  -0.06567   -0.961   0.336   0.9364   0.9170     1.3199 
    2.agecat |  -0.62676   -3.003   0.003   0.5343   0.7370     0.4869 
    3.agecat |  -1.27908   -4.924   0.000   0.2783   0.5889     0.4139 
        1.wc |   0.79771    3.481   0.001   2.2205   1.4319     0.4500 
        1.hc |   0.13589    0.661   0.508   1.1456   1.0686     0.4885 
         lwg |   0.60991    4.045   0.000   1.8403   1.4310     0.5876 
         inc |  -0.03505   -4.238   0.000   0.9656   0.6651    11.6348 
       _cons |   1.01400    3.545   0.000 
---------------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 



listcoef, percent



OR compared to Pr(y) for groups

 logit tenure pub phdyr if female==1 
 logit tenure pub phdyr if female==0 

Women Men
pub pub

Overview of binary LHS

o

o

Part 4: Hypothesis testing
Read and run

Overview



Barnett's model of inference

Test of a single coefficients
k k

a

k k k

k k
k

k

kz



. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
 
Logistic regression                               Number of obs   =        753 
                                                  LR chi2(8)      =     124.30 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -452.72367                       Pseudo R2       =     0.1207 
 
------------------------------------------------------------------------------ 
         lfp |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          k5 |  -1.391567   .1919279    -7.25   0.000    -1.767739   -1.015395 
        k618 |  -.0656678    .068314    -0.96   0.336    -.1995607    .0682251 
             | 
      agecat | 
          2  |  -.6267601    .208723    -3.00   0.003     -1.03585   -.2176705 
          3  |  -1.279078   .2597827    -4.92   0.000    -1.788242   -.7699128 
             | 
        1.wc |   .7977136   .2291814     3.48   0.001     .3485263    1.246901 
        1.hc |   .1358895   .2054464     0.66   0.508     -.266778    .5385569 
         lwg |   .6099096   .1507975     4.04   0.000      .314352    .9054672 
         inc |  -.0350542   .0082718    -4.24   0.000    -.0512666   -.0188418 
       _cons |   1.013999   .2860488     3.54   0.000     .4533539    1.574645 
------------------------------------------------------------------------------ 

Interpreting z test for a single coefficient
------------------------------------------------------------------------------ 
         lfp |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
          k5 |  -1.391567   .1919279    -7.25   0.000    -1.767739   -1.015395 
        k618 |  -.0656678    .068314    -0.96   0.336    -.1995607    .0682251 
------------------------------------------------------------------------------ 



Hypothesis for multiple coefficients

logit lfp k5 k618 i.agecat i.wc i.hc lwg inc 

o
o

logit

o

o

x zy x z

X
X XZ

Var
N



Wald tests of joint hypotheses

a

X Z

X X X Z

Z Z X Z

X

Z

X Z

L



W Var

Sampling distribution of the Wald test

test

logit lfp k5 k618 i.agecat i.wc i.hc lwg inc 
estimates store blm 

#13 H0: k5 = 0
. test k5 
 
 ( 1)  [lfp]k5 = 0 
 
           chi2(  1) =   52.57 
         Prob > chi2 =    0.0000 
 

X



How do you know the names of coefficients?
. logit, coeflegend 
 
Logistic regression                               Number of obs   =        753 
                                                  LR chi2(8)      =     124.30 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -452.72367                       Pseudo R2       =     0.1207 
 
------------------------------------------------------------------------------ 
         lfp |      Coef.  Legend 
-------------+---------------------------------------------------------------- 
          k5 |  -1.391567  _b[k5] 
        k618 |  -.0656678  _b[k618] 
             | 
      agecat | 
      40-49  |  -.6267601  _b[2.agecat] 
        50+  |  -1.279078  _b[3.agecat] 
             | 
          wc | 
    college  |   .7977136  _b[1.wc] 
             | 
          hc | 
    college  |   .1358895  _b[1.hc] 
         lwg |   .6099096  _b[lwg] 
         inc |  -.0350542  _b[inc] 
       _cons |   1.013999  _b[_cons] 
------------------------------------------------------------------------------ 

 

#14 H0: wc = hc = 0
. test 1.wc 1.hc // not test wc hc 
 
 ( 1)  [lfp]1.wc = 0 
 ( 2)  [lfp]1.hc = 0 
 
           chi2(  2) =   17.83 
         Prob > chi2 =    0.000 

X

#15 H0: wc = hc
. test 1.wc = 1.hc 
 
 ( 1)  [lfp]1.wc - [lfp]1.hc = 0 
 
           chi2(  1) =    3.24 
         Prob > chi2 =    0.0719 

X

LR test of nestedmodels



C U U CG M M L L

G



#21 23 H0: k5 = 0

. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc 
 
Iteration 0:   log likelihood =  -514.8732 
<snip> 
Iteration 4:   log likelihood = -452.72367 
 
Logistic regression                               Number of obs   =        753 
                                                  LR chi2(8)      =     124.30 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -452.72367                       Pseudo R2       =     0.1207 
<snip> 
 
. estimates store full 

. logit lfp    k618 i.agecat i.wc i.hc lwg inc, nolog 
  <snip> 
. estimates store dropk5 

 

. lrtest full dropk5 
 
Likelihood-ratio test                                 LR chi2(1)  =     62.55 
(Assumption: dropk5 nested in full)                   Prob > chi2 =    0.0000 
 

U UK5 K5G M M G M G M

             |         | Wald             | LR               | 
             |      df |    chi2     pval |    chi2     pval |   Ratio 
-------------+---------+------------------+------------------+--------- 
        k5_0 |   1.000 |  52.569    0.000 |  62.554    0.000 |   0.840 
     wc_hc_0 |   2.000 |  17.832    0.000 |  18.684    0.000 |   0.954 
       wc_hc |   1.000 |   3.239    0.072 |   3.264    0.071 |   0.992 
    agecat_0 |   2.000 |  24.273    0.000 |  25.417    0.000 |   0.955 
         all |   8.000 |  95.897    0.000 | 124.299    0.000 |   0.772 



keep drop

logit y female 2.edcat 3.edcat 4.edcat

2.edcat

logit y female         3.edcat 4.edcat 

 

Summary on testing

o
o

Part 5: Complex sampling

Read and run

Overview



svy

Complex sampling designs



SRS y

Clustered y

Stratified y

Stratified, clustered y

Practical steps for using complex samples

o

o

o
o

Using Stata for survey data
svy

svy

svyset

svy: svy: logit



HRS: Health and Retirement Study

arthritis  1=arthritis 0=no arthritis 

female     Is female? 
age        Age at 2006 interview 
ed11less   Ed years <= 11? 
ed12       Ed years = 12? 
ed1315     Ed years 13-15? 
ed16plus   Ed years 16 or more? 

secu     sampling error computation unit 
kwgtr    2006 weight: respondent level 
stratum  stratum id 

. svyset secu             /// clusters 
>     [pweight=kwgtr],    /// weights 
>     strata(stratum)     /// stratum 
>     vce(linearized) singleunit(missing) // method of compute 
SE's 
 
      pweight: kwgtr 
          VCE: linearized 
  Single unit: missing 
     Strata 1: stratum 
         SU 1: secu 
        FPC 1: <zero> 

vce(linearized)

singleunit(missing)

// #6 logits without survey 
 
logit arthritis age i.female i.ed4cat 
estimates store nosvy 
predict nosvyphat 
label var nosvyphat "nosvy phat" 
 
// #7 non-svy with weights and cluster 
 
logit arthritis age i.female i.ed4cat /// 
    [pweight=kwgtr], cluster(secu) 
estimates store wtclstr 
predict wtclstrphat 
label var wtclstrphat "wtclstr phat" 
 
// #8 logits with full survey adjustments 
 
svyset secu [pweight=kwgtr], /// 
    strata(stratum) vce(linearized) singleunit(missing) 
svy: logit arthritis age i.female i.ed4cat 
estimates store svy 
predict svyphat 
label var svyphat "svy phat" 



. // #9 tables of estimated coefficients 
 
. estimates table nosvy wtclstr svy, /// 
>     b(%9.3f) t(%9.2f) stats(N) eform 
 
-------------------------------------------------- 
    Variable |   nosvy      wtclstr       svy      
-------------+------------------------------------ 
         age |     1.046       1.049       1.049   
             |     29.57      910.60       21.92   
      female | 
          1  |     1.759       1.779       1.779   
             |     17.68       12.10       12.99   
             | 
    ed11less |     1.162       1.206       1.206   
             |      3.50        2.57        3.16   
      ed1315 |     0.961       0.937       0.937   
             |     -0.92       -0.94       -1.21   
    ed16plus |     0.703       0.638       0.638   
             |     -8.20      -11.47       -8.54   
       _cons |     0.054       0.046       0.046   
             |    -26.60     -226.92      -19.54   
-------------+------------------------------------ 
           N |     18341       16862       18375   
-------------------------------------------------- 
                                       legend: b/t 

Sources for complex sample

* Part 6: Internal fit
Read and run

Overview



Residuals for binary outcomes

i i iy

iy i

i i i i iVar y

i i
i

i i

yr

Std i i
i

i i i i i

r rr
Var r Var

. use binlfp4, clear 

. sort inc, stable // keep covariate sets in same relative order 

. generate index = _n 

. label var index "Observation Number" 

. // #11 estimate model 

. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
  <snip> 
. estimates store M1logit 
 
. // #12 standardized residuals 
. predict m1resid, rs 
. label var m1resid "m1 standardized residual" 



graph twoway scatter m1resid index,  
   msym(none) mlab(index) mlabpos(0) ... 
 

Influence for binary outcomes

o

predict   M1cookstat, dbeta 
label var M1cookstat "Cook's statistic" 



Examining outliers, residuals, and influence

o

o
 



Part 7: Scalar measures of fit
Read and run

Overview

Information criteria

o
o



likelihood N k

kG M df N

kdf

D D df N

D D

Comparing models with IC

. sysuse binlfp4, clear 

. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
  <snip> 
. estimates store m1 
 
. estat ic 
 
----------------------------------------------------------------------------- 
       Model |    Obs    ll(null)   ll(model)     df          AIC         BIC 
-------------+--------------------------------------------------------------- 
          m1 |    753   -514.8732   -452.7237      9     923.4473    965.0639 
----------------------------------------------------------------------------- 
               Note:  N=Obs used in calculating BIC; see [R] BIC note 
 
. qui fitstat, ic save 
 
. logit lfp k5      i.agecat i.wc      lwg c.inc##c.inc, nolog 
  <snip> 
. estimates store m2 
 
. estat ic 
  <snip> 

 



. estimates table m1 m2, stats(N bic) b(%9.3f) t(%6.2f) 
 
    Variable |    m1          m2       
-------------+------------------------ 
          k5 |    -1.392      -1.385   
             |     -7.25       -7.27   
        k618 |    -0.066               
             |     -0.96               
   agecat  2 |    -0.627      -0.585   
             |     -3.00       -2.87   
           3 |    -1.279      -1.186   
             |     -4.92       -5.08   
          wc |     0.798       0.904   
             |      3.48        4.36   
          hc |     0.136               
             |      0.66               
         lwg |     0.610       0.631   
             |      4.04        4.19   
         inc |    -0.035      -0.065   
             |     -4.24       -3.47   
 c.inc#c.inc |                 0.000   
             |                  1.88   
-------------+------------------------ 
           N |       753         753   
         bic |   965.064     956.484   
-------------------------------------- 
                           legend: b/t 

fitstat for IC measures
fitstat

. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
  <snip> 
. quietly fitstat, ic save 
 

. logit lfp k5      i.agecat i.wc      lwg c.inc##c.inc, nolog 
  <snip> 
 
. fitstat, ic diff 
 
                         |     Current        Saved   Difference  
-------------------------+--------------------------------------- 
AIC                      |                                        
                     AIC |     919.491      923.447       -3.956  
          (divided by N) |       1.221        1.226       -0.005  
-------------------------+--------------------------------------- 
BIC                      |                                        
         BIC (df=8/9/-1) |     956.484      965.064       -8.580  
 BIC (based on deviance) |   -4031.438    -4022.857       -8.580  
    BIC' (based on LRX2) |     -79.887      -71.307       -8.580  
 
Difference of    8.580 in BIC provides strong support for current model. 
 

* Pseudo R2's

o

o



. logit lfp k5 k618 i.agecat i.wc i.hc lwg inc, nolog 
 
Logistic regression                               Number of obs   =        753 
                                                  LR chi2(8)      =     124.30 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -452.72367                       Pseudo R2       =     0.1207 
<snip> 
. estimates store m1 
. qui fitstat, save 
 
. logit lfp k5      i.agecat i.wc      lwg c.inc##c.inc, nolog 
<snip> 
. estimates store m2 
 
. fitstat, diff 

 

. fitstat, diff 
                         |     Current        Saved   Difference  
-------------------------+--------------------------------------- 
Log-likelihood           |                                        
                   Model |    -451.746     -452.724        0.978  
          Intercept-only |    -514.873     -514.873        0.000  
-------------------------+--------------------------------------- 
Chi-square               |                                        
        D (df=745/744/1) |     903.491      905.447       -1.956  
          LR (df=7/8/-1) |     126.255      124.299        1.956  
                 p-value |       0.000        0.000        1.000  
-------------------------+--------------------------------------- 
R2                       |                                        
                McFadden |       0.123        0.121        0.002  
     McFadden (adjusted) |       0.107        0.103        0.004  
      McKelvey & Zavoina |       0.216        0.215        0.001  
            Cox-Snell/ML |       0.154        0.152        0.002  
  Cragg-Uhler/Nagelkerke |       0.207        0.204        0.003  
                   Efron |       0.156        0.153        0.003  
                Tjur's D |       0.156        0.153        0.003  
                   Count |       0.684        0.676        0.008  
        Count (adjusted) |       0.268        0.249        0.018  
-------------------------+--------------------------------------- 
IC                       |                                        
                     AIC |     919.491      923.447       -3.956  
        AIC divided by N |       1.221        1.226       -0.005  
         BIC (df=8/9/-1) |     956.484      965.064       -8.580  
::: 

 

-------------------------+--------------------------------------- 
Variance of              |                                        
                       e |       3.290        3.290        0.000  
                  y-star |       4.195        4.192        0.003  
 
Note: Likelihood-ratio test assumes current model nested in saved model. 
 
Difference of    8.580 in BIC provides strong support for current model. 



Overview of fit

o
o

* Part 8: Nonlinearities on the RHS
Read and run

o
o

#1 labels, retrieve mean                         
#2 lowess                                        
#3 logit with only age                           
#5 M1: age with controls                         
#6 M2: age + age^2                               
#7 M3: age + age^2 + age^3                       
#8 table of estimated coefficients               
#9 Models without survey estimation to compare B 
#10 svy: dotplot of predictions                  
#12 predictions by age for women with HS degree  
#13 predictions with CI for each of the 3 models 
#16 gender differences at 65  

Overview

o
o

o
o



Adding nonlinearities to a nonlinear model



Lowess for assessing nonlinearities

 arthritis  1=arthritis 0=no arthritis 
 diabetes   1=has diabetes 0=no diabetes 
 goodhlth   Is health good? 



Could these data be generated by a BLM?

Arthritis: Lowess and BLM on age

Diabetes: Lowess and BLM on age



Good health: Lowess and BLM on age

Logit models for arthritis

mgen

//  #A5 aM1: age 
 
 1> svy: logit arthritis age i.female i.ed4cat 
 2> estimates store aM1 
 3> predict aM1pred 
 4> label var aM1pred "M1: age" 
 5> test age 
 
//  #A6 M2: age + age^2 
 
 6> svy: logit arthritis c.age##c.age i.female i.ed4cat 
 7> estimates store aM2 
 8> predict aM2pred 
 9> label var aM2pred "M2: +age-squared" 
10> test age c.age#c.age 
 
//  #A7 aM3: age + age^2 + age^3 
 
11> svy: logit arthritis c.age c.age#c.age c.age#c.age#c.age /// 
12>     i.female i.ed4cat 
13> estimates store aM3 
14> predict aM3pred 
15> label var aM3pred "M3: +age-cubed" 
16> test age c.age#c.age c.age#c.age#c.age 

 



-------------------------------------------------- 
    Variable |    aM1         aM2         aM3      
-------------+------------------------------------ 
      female | 
     female  |   1.77543     1.80948     1.81087   
             |     12.97       13.08       13.10   
      ed4cat | 
   12 years  |   0.82788     0.82101     0.82109   
             |     -3.12       -3.27       -3.27   
13-15 years  |   0.77455     0.79218     0.79310   
             |     -3.82       -3.46       -3.44   
  16+ years  |   0.52825     0.53507     0.53543   
             |     -9.64       -9.69       -9.67   
         age |   1.04844     1.35998     2.28835   
             |     21.51       12.06        3.17   
 c.age#c.age |               0.99813     0.99076   
             |                -10.54       -2.55   
c.age#c.age#| 
       c.age |                           1.00003   
             |                              2.07   
       _cons |   0.05711     0.00001     0.00000   
             |    -16.39      -12.98       -3.86   
-------------------------------------------------- 
                                       legend: b/t 

 

//  #A11 predictions for women in high school 
 
estimates restore aM1 
mgen, at(age=(50(5)100) female=1 ed4cat=2) atmeans stub(aM1) 
 
estimates restore aM2 
mgen, at(age=(50(5)100) female=1 ed4cat=2) atmeans stub(aM2) 
 
estimates restore aM3 
mgen, at(age=(50(5)100) female=1 ed4cat=2) atmeans stub(aM3) 
 





             |         F          p       df_r         df  
-------------+-------------------------------------------- 
      M1age1 |   462.854      0.000     56.000      1.000  
      M2age2 |   111.134      0.000     56.000      1.000  
     M2age12 |   261.602      0.000     55.000      2.000  
      M3age3 |     4.294      0.043     56.000      1.000  
     M3age23 |    54.470      0.000     55.000      2.000  
    M3age123 |   168.888      0.000     54.000      3.000  

             |       AIC        BIC  
-------------+---------------------- 
         aM1 |  21247.04   21293.42  
         aM2 |  21093.76   21147.87  
         aM3 |  21086.76   21148.60  



. estimates restore aM1 

. mchange female if ed4cat==2 & age>=60 & age<=70, brief 
 
svy logit: Changes in Pr(y) | Number of obs = 2208 
 
Expression: Pr(arthritis), predict(pr) 
 
                |    Change    p-value 
----------------+---------------------- 
 female vs male |     0.139      0.000 
 
. estimates restore aM2 
. mchange female if ed4cat==2 & age>=60 & age<=70, brief 
 
                |    Change    p-value 
----------------+---------------------- 
 female vs male |     0.139      0.000 
 
. estimates restore aM3 
. mchange female if ed4cat==2 & age>=60 & age<=70, brief 
 
                |    Change    p-value 
----------------+---------------------- 
 female vs male |     0.139      0.000 

Logit models for diabetes
-------------------------------------------------- 
    Variable |    dM1         dM2         dM3      
-------------+------------------------------------ 
      female | 
     female  |   0.80854     0.81816     0.81815   
             |     -4.24       -3.99       -3.99   
      ed4cat | 
   12 years  |   0.66281     0.65679     0.65678   
             |     -8.01       -8.18       -8.18   
13-15 years  |   0.54123     0.55383     0.55378   
             |     -9.66       -9.10       -9.09   
  16+ years  |   0.44993     0.45797     0.45794   
             |    -12.83      -12.68      -12.69   
             | 
         age |   1.00656     1.29691     1.25235   
             |      3.14        8.22        0.66   
 c.age#c.age |               0.99819     0.99869   
             |                 -8.14       -0.28   
 c.age#c.age#| 
       c.age |                           1.00000   
             |                             -0.11   
       _cons |   0.25513     0.00004     0.00010   
             |     -8.95       -8.98       -1.15   
-------------------------------------------------- 
Note: Exponentiated coefficients; t statistics



             |         F          p       df_r         df  
-------------+-------------------------------------------- 
      M1age1 |     9.864      0.003     56.000      1.000 
      M2age2 |    66.222      0.000     56.000      1.000 
     M2age12 |    33.479      0.000     55.000      2.000 
      M3age3 |     0.011      0.915     56.000      1.000 
     M3age23 |    38.202      0.000     55.000      2.000 
    M3age123 |    25.701      0.000     54.000      3.000 

        |       AIC        BIC  
--------+---------------------- 
    dM1 |  16881.38   16927.77 
    dM2 |  16774.23   16828.34 
    dM3 |  16775.96   16837.81 

mchange female if ed4cat==2 & age>=60 & age<=70, brief 

 
                        |    Change    p-value 
------------------------+---------------------- 
Model 1: female vs male |    -0.033      0.000 
                        | 
Model 2: female vs male |    -0.033      0.000 
                        | 
Model 3: female vs male |    -0.033      0.000 



Logit models for good health
    Variable |    gM1         gM2         gM3 
-------------+------------------------------------ 
      female | 
     female  |   0.96264     0.96545     0.96540 
             |     -0.91       -0.84       -0.84 
      ed4cat | 
   12 years  |   2.67666     2.67569     2.67557 
             |     19.76       19.75       19.74 
13-15 years  |   3.69172     3.72017     3.71935 
             |     22.41       22.00       21.92 
  16+ years  |   6.33682     6.37862     6.37744 
             |     25.74       25.46       25.42 
         age |   0.98577     1.04372     0.97299 
             |     -5.10        1.41       -0.10 
 c.age#c.age |               0.99959     1.00059 
             |                 -1.97        0.16 
 c.age#c.age#| 
       c.age |                           1.00000 
             |                             -0.27 
       _cons |   2.68731     0.37568     1.91674 
             |      4.90       -0.88        0.10 
-------------------------------------------------- 
Note: Exponentiated coefficients; t statistics 





             |         F          p       df_r         df  
-------------+-------------------------------------------- 
      M1age1 |     9.864      0.003     56.000      1.000 
      M2age2 |     3.891      0.054     56.000      1.000 
     M2age12 |    25.570      0.000     55.000      2.000 
      M3age3 |     0.075      0.785     56.000      1.000 
     M3age23 |     2.273      0.113     55.000      2.000 
    M3age123 |    18.421      0.000     54.000      3.000 

        |     AIC       BIC 
--------+-------------------- 
    gM1 |  18999.61   19045.99 
    gM2 |  18989.54   19043.66 
    gM3 |  18989.99   19051.83  

Summary of nonlinearities on the RHS

o
o
o



Part 10: Nominal outcomes
Read and run

Overview

Level of measurement

Bias and efficiency is LRM
regress y x1 x2 x3    // true model 
 
regress y x1          // bias 
 
regress y x1 x2 x3 x4 // inefficiency 



Effects of assuming wrong level of measurement

Biased
Biased Biased
Biased Biased Biased
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#12 Minimal sets for 3 category MNLM

mlogit (N=337): Factor change in the odds of occlsp 
 
Variable: ed (sd=2.946) 
---------------------------------------------------------------- 
                     |        b       z   P>|z|     e^b  e^bStdX 
---------------------+------------------------------------------ 
1Labor   vs 2Skilled |  -0.1711  -2.900   0.004   0.843    0.604 
1Labor   vs 3Prof    |  -0.7433  -8.773   0.000   0.476    0.112 
2Skilled vs 1Labor   |   0.1711   2.900   0.004   1.187    1.655 
2Skilled vs 3Prof    |  -0.5722  -7.651   0.000   0.564    0.185 
3Prof    vs 1Labor   |   0.7433   8.773   0.000   2.103    8.936 
3Prof    vs 2Skilled |   0.5722   7.651   0.000   1.772    5.398 
---------------------------------------------------------------- 

labrskil

profskil

labrprof

occlsp

Comparing BLM and MNLM estimates

. logit labrskil ed 
 
  Odds of: 1Labor vs 0Skilled (N=225) 
 
    labrskil |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-------------+-------------------------------------------------------- 
          ed |  -0.18398   -2.989   0.003   0.8320   0.6485     2.3536 
 
. logit profskil ed 
 
  Odds of: 1Prof vs 0Skilled (N=237) 
 
    profskil |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-------------+-------------------------------------------------------- 
          ed |   0.56026    7.186   0.000   1.7511   4.9101     2.8403 
 
. logit labrprof ed 
 
  Odds of: 1Labor vs 0Prof (N=212) 
 
    labrprof |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-------------+-------------------------------------------------------- 
          ed |  -0.69037   -7.115   0.000   0.5014   0.1065     3.2443 



. mlogit occlsp ed  
 
mlogit (N=337): Factor Change in the Odds of occlsp  
 
Variable: ed (sd=2.9464271) 
 
Odds comparing    | 
Alternative 1     | 
to Alternative 2  |      b         z     P>|z|  
------------------+---------------------------- 
1Labor vs 2Skilled|  -0.1711   -2.900   0.004  
1Labor vs 3Prof   |  -0.7433   -8.773   0.000  
3Prof  vs 2Skilled|   0.5722    7.651   0.000  
----------------------------------------------- 

                  |      b         z     P>|z|  
------------------+---------------------------- 
         labrskil |  -0.1840   -2.989   0.003
         labrprof |  -0.6904   -7.115   0.000 

 profskil |   0.5603    7.186   0.000 
-----------------------------------------------  

#21 Descriptive statistics
occ    Occupation 
white  Race: 1=white 0=nonwhite 
ed     Years of education 
exper  Years of work experience 
 
-> tabulation of occ 
 
 Occupation |      Freq.     Percent        Cum. 
------------+----------------------------------- 
     Menial |         31        9.20        9.20 
    BlueCol |         69       20.47       29.67 
      Craft |         84       24.93       54.60 
   WhiteCol |         41       12.17       66.77 
       Prof |        112       33.23      100.00 
------------+----------------------------------- 
      Total |        337      100.00 
 
. sum white ed exper 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
       white |       337    .9169139    .2764227          0          1 
          ed |       337    13.09496    2.946427          3         20 
       exper |       337    20.50148    13.95936          2         66 

#22 Output frommlogit using base(1)
mlogit base( )

. mlogit occ i.white ed exper, base(1) nolog 
 
Multinomial logistic regression                   Number of obs   =        337 
                                                  LR chi2(12)     =     166.09 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -426.80048                       Pseudo R2       =     0.1629 
 
         occ |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
Menial       |  (base outcome) 
-------------+---------------------------------------------------------------- 
BlueCol      | 
     1.white |   1.236504   .7244352     1.71   0.088    -.1833631    2.656371 
          ed |  -.0994247   .1022812    -0.97   0.331    -.2998922    .1010428 
       exper |   .0047212   .0173984     0.27   0.786    -.0293789    .0388214 
       _cons |   .7412336    1.51954     0.49   0.626     -2.23701    3.719477 
-------------+---------------------------------------------------------------- 
Craft        | 
     1.white |   .4723436   .6043097     0.78   0.434    -.7120817    1.656769 
          ed |   .0938154    .097555     0.96   0.336    -.0973888    .2850197 
       exper |   .0276838   .0166737     1.66   0.097     -.004996    .0603636 
       _cons |  -1.091353   1.450218    -0.75   0.452    -3.933728    1.751022 
-------------+----------------------------------------------------------------



WhiteCol     | 
     1.white |   1.571385   .9027216     1.74   0.082    -.1979166    3.340687 
          ed |   .3531577   .1172786     3.01   0.003     .1232959    .5830194 
       exper |   .0345959   .0188294     1.84   0.066     -.002309    .0715007 
       _cons |  -6.238608   1.899094    -3.29   0.001    -9.960764   -2.516453 
-------------+---------------------------------------------------------------- 
Prof         | 
     1.white |   1.774306   .7550543     2.35   0.019     .2944273    3.254186 
          ed |   .7788519   .1146293     6.79   0.000     .5541826    1.003521 
       exper |   .0356509    .018037     1.98   0.048      .000299    .0710028 
       _cons |  -11.51833   1.849356    -6.23   0.000      -15.143   -7.893659 
------------------------------------------------------------------------------ 
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                         e^b    P>|z|  
WhiteCol vs BlueCol   1.3978    0.720  
Prof     vs BlueCol   1.7122    0.501  
Craft    vs BlueCol   0.4657    0.227  
Menial   vs BlueCol   0.2904    0.088  

                         e^b    P>|z|  
BlueCol  vs Craft     2.1472    0.227  
WhiteCol vs Craft     3.0013    0.179  
Prof     vs Craft     3.6765    0.044  
Menial   vs Craft     0.6235    0.434  

 

                         e^b    P>|z|  
Craft    vs Menial    1.6037    0.434  
BlueCol  vs Menial    3.4436    0.088  
WhiteCol vs Menial    4.8133    0.082  
Prof     vs Menial    5.8962    0.019  

                         e^b    P>|z|  
WhiteCol vs Prof      0.8163    0.815  
BlueCol  vs Prof      0.5840    0.501  
Craft    vs Prof      0.2720    0.044  
Menial   vs Prof      0.1696    0.019  

                         e^b    P>|z|  
Prof     vs WhiteCol  1.2250    0.815  
BlueCol  vs WhiteCol  0.7154    0.720  
Craft    vs WhiteCol  0.3332    0.179  
Menial   vs WhiteCol  0.2078    0.082 

. listcoef 

mlogit (N=337): Factor change in the odds of occ 
 
Variable: 1.white (sd=0.276) 
-------------------------------------------------------------------- 
                         |       b        z    P>|z|     e^b e^bStdX 
-------------------------+------------------------------------------ 
Menial       vs BlueCol  | -1.2365   -1.707    0.088   0.290   0.710 
Menial       vs Craft    | -0.4723   -0.782    0.434   0.624   0.878 
Menial       vs WhiteCol | -1.5714   -1.741    0.082   0.208   0.648 
Menial       vs Prof     | -1.7743   -2.350    0.019   0.170   0.612 
BlueCol      vs Menial   |  1.2365    1.707    0.088   3.444   1.407 
BlueCol      vs Craft    |  0.7642    1.208    0.227   2.147   1.235 
BlueCol      vs WhiteCol | -0.3349   -0.359    0.720   0.715   0.912 
BlueCol      vs Prof     | -0.5378   -0.673    0.501   0.584   0.862 
Craft        vs Menial   |  0.4723    0.782    0.434   1.604   1.139 
Craft        vs BlueCol  | -0.7642   -1.208    0.227   0.466   0.810 
Craft        vs WhiteCol | -1.0990   -1.343    0.179   0.333   0.738 
Craft        vs Prof     | -1.3020   -2.011    0.044   0.272   0.698 
WhiteCol     vs Menial   |  1.5714    1.741    0.082   4.813   1.544 
WhiteCol     vs BlueCol  |  0.3349    0.359    0.720   1.398   1.097 
WhiteCol     vs Craft    |  1.0990    1.343    0.179   3.001   1.355 
WhiteCol     vs Prof     | -0.2029   -0.233    0.815   0.816   0.945 
Prof         vs Menial   |  1.7743    2.350    0.019   5.896   1.633 
Prof         vs BlueCol  |  0.5378    0.673    0.501   1.712   1.160 
Prof         vs Craft    |  1.3020    2.011    0.044   3.677   1.433 
Prof         vs WhiteCol |  0.2029    0.233    0.815   1.225   1.058 
-------------------------------------------------------------------- 

 



Variable: ed (sd=2.946) 
-------------------------------------------------------------------- 
                         |       b        z    P>|z|     e^b e^bStdX 
-------------------------+------------------------------------------ 
Menial       vs BlueCol  |  0.0994    0.972    0.331   1.105   1.340 
Menial       vs Craft    | -0.0938   -0.962    0.336   0.910   0.758 
Menial       vs WhiteCol | -0.3532   -3.011    0.003   0.702   0.353 
Menial       vs Prof     | -0.7789   -6.795    0.000   0.459   0.101 
BlueCol      vs Menial   | -0.0994   -0.972    0.331   0.905   0.746 
BlueCol      vs Craft    | -0.1932   -2.494    0.013   0.824   0.566 
BlueCol      vs WhiteCol | -0.4526   -4.425    0.000   0.636   0.264 
BlueCol      vs Prof     | -0.8783   -8.735    0.000   0.415   0.075 
Craft        vs Menial   |  0.0938    0.962    0.336   1.098   1.318 
Craft        vs BlueCol  |  0.1932    2.494    0.013   1.213   1.767 
Craft        vs WhiteCol | -0.2593   -2.773    0.006   0.772   0.466 
Craft        vs Prof     | -0.6850   -7.671    0.000   0.504   0.133 
WhiteCol     vs Menial   |  0.3532    3.011    0.003   1.424   2.831 
WhiteCol     vs BlueCol  |  0.4526    4.425    0.000   1.572   3.794 
WhiteCol     vs Craft    |  0.2593    2.773    0.006   1.296   2.147 
WhiteCol     vs Prof     | -0.4257   -4.616    0.000   0.653   0.285 
Prof         vs Menial   |  0.7789    6.795    0.000   2.179   9.923 
Prof         vs BlueCol  |  0.8783    8.735    0.000   2.407  13.300 
Prof         vs Craft    |  0.6850    7.671    0.000   1.984   7.526 
Prof         vs WhiteCol |  0.4257    4.616    0.000   1.531   3.505 
-------------------------------------------------------------------- 

 

Variable: exper (sd=13.959) 
-------------------------------------------------------------------- 
                         |       b        z    P>|z|     e^b e^bStdX 
-------------------------+------------------------------------------ 
Menial       vs BlueCol  | -0.0047   -0.271    0.786   0.995   0.936 
Menial       vs Craft    | -0.0277   -1.660    0.097   0.973   0.679 
Menial       vs WhiteCol | -0.0346   -1.837    0.066   0.966   0.617 
Menial       vs Prof     | -0.0357   -1.977    0.048   0.965   0.608 
BlueCol      vs Menial   |  0.0047    0.271    0.786   1.005   1.068 
BlueCol      vs Craft    | -0.0230   -1.829    0.067   0.977   0.726 
BlueCol      vs WhiteCol | -0.0299   -1.954    0.051   0.971   0.659 
BlueCol      vs Prof     | -0.0309   -2.147    0.032   0.970   0.649 
Craft        vs Menial   |  0.0277    1.660    0.097   1.028   1.472 
Craft        vs BlueCol  |  0.0230    1.829    0.067   1.023   1.378 
Craft        vs WhiteCol | -0.0069   -0.495    0.621   0.993   0.908 
Craft        vs Prof     | -0.0080   -0.627    0.531   0.992   0.895 
WhiteCol     vs Menial   |  0.0346    1.837    0.066   1.035   1.621 
WhiteCol     vs BlueCol  |  0.0299    1.954    0.051   1.030   1.517 
WhiteCol     vs Craft    |  0.0069    0.495    0.621   1.007   1.101 
WhiteCol     vs Prof     | -0.0011   -0.073    0.941   0.999   0.985 
Prof         vs Menial   |  0.0357    1.977    0.048   1.036   1.645 
Prof         vs BlueCol  |  0.0309    2.147    0.032   1.031   1.540 
Prof         vs Craft    |  0.0080    0.627    0.531   1.008   1.118 
Prof         vs WhiteCol |  0.0011    0.073    0.941   1.001   1.015 
-------------------------------------------------------------------- 
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baseoutcome()
 mlogit occ white ed exper, baseoutcome(1) 
 mlogit occ white ed exper, baseoutcome(2) 
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#22 All contrast for white
. listcoef white  
mlogit (N=337): Factor change in the odds of occ 
 
Variable: 1.white (sd=0.276) 
-------------------------------------------------------------------- 
                         |       b        z    P>|z|     e^b e^bStdX 
-------------------------+------------------------------------------ 
Menial       vs BlueCol  | -1.2365   -1.707    0.088   0.290   0.710 
Menial       vs Craft    | -0.4723   -0.782    0.434   0.624   0.878 
Menial       vs WhiteCol | -1.5714   -1.741    0.082   0.208   0.648 
Menial       vs Prof     | -1.7743   -2.350    0.019   0.170   0.612 
BlueCol      vs Menial   |  1.2365    1.707    0.088   3.444   1.407 
BlueCol      vs Craft    |  0.7642    1.208    0.227   2.147   1.235 
BlueCol      vs WhiteCol | -0.3349   -0.359    0.720   0.715   0.912 
BlueCol      vs Prof     | -0.5378   -0.673    0.501   0.584   0.862 
Craft        vs Menial   |  0.4723    0.782    0.434   1.604   1.139 
Craft        vs BlueCol  | -0.7642   -1.208    0.227   0.466   0.810 
Craft        vs WhiteCol | -1.0990   -1.343    0.179   0.333   0.738 
Craft        vs Prof     | -1.3020   -2.011    0.044   0.272   0.698 
WhiteCol     vs Menial   |  1.5714    1.741    0.082   4.813   1.544 
WhiteCol     vs BlueCol  |  0.3349    0.359    0.720   1.398   1.097 
WhiteCol     vs Craft    |  1.0990    1.343    0.179   3.001   1.355 
WhiteCol     vs Prof     | -0.2029   -0.233    0.815   0.816   0.945 
Prof         vs Menial   |  1.7743    2.350    0.019   5.896   1.633 
Prof         vs BlueCol  |  0.5378    0.673    0.501   1.712   1.160 
Prof         vs Craft    |  1.3020    2.011    0.044   3.677   1.433 
Prof         vs WhiteCol |  0.2029    0.233    0.815   1.225   1.058 
-------------------------------------------------------------------- 

 

k B M k C M k W M k P MH

k B MH k C MH

k W MH k P MH

kH

k k k kW Var

k JW

test mlogtest



#24Wald tests using test
. test 1.white // test will work with svy estimates too 
. * 1.white is the variable created from i.white! 
 

 ( 1)  [Menial]o.white = 0         This is white,M|M 
 ( 2)  [BlueCol]white = 0 
 ( 3)  [Craft]white = 0 
 ( 4)  [WhiteCol]white = 0 
 ( 5)  [Prof]white = 0 
       Constraint 1 dropped 
 

           chi2(  4) =    8.15 
         Prob > chi2 =    0.0863 
 
. test ed 
  <snip> 
 
. test exper 
  <snip? 
 

#24Wald tests using mlogtest
. mlogtest, wald  
 
Wald tests for independent variables (N=337) 
 
  Ho: All coefficients associated with given variable(s) are 0 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
         1.white |     8.149     4    0.086 
              ed |    84.968     4    0.000 
           exper |     7.995     4    0.092 

#25 LR test using mlogtest
. estimates restore full 
(results full are active now) 
 
. mlogtest, lr 
 
Likelihood-ratio tests for independent variables (N=337) 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
         1.white |     8.095     4    0.088 
              ed |   156.937     4    0.000 
           exper |     8.561     4    0.073 



ComparingWald and LR Tests
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Tests for combining can lead to inconsistencies



#26Wald tests for combining outcomes
mlogtest
. mlogtest, combine 
 

Wald tests for combining alternatives (N=337) 
 

Ho: All coefficients except intercepts associated with a given pair 
    of alternatives are 0 (i.e., alternatives can be combined) 
 

                 |      chi2    df    P>chi2 
-----------------+-------------------------- 
Menial & BlueCol |     3.994     3    0.262 
  Menial & Craft |     3.203     3    0.361 
Menial & White~l |    11.951     3    0.008 
   Menial & Prof |    48.190     3    0.000 
 BlueCol & Craft |     8.441     3    0.038 
BlueCol & Whit~l |    20.055     3    0.000 
  BlueCol & Prof |    76.393     3    0.000 
Craft & WhiteCol |     8.892     3    0.031 
    Craft & Prof |    60.583     3    0.000 
 WhiteCol & Prof |    22.203     3    0.000 

o

Overview of interpretation



predict

o

Example: occupation type

. predict prmenial prblue prcraft prwhite prprof 
(option pr assumed; predicted probabilities) 
 
. label var prmenial "Pr(menial)" 
. label var prblue   "Pr(blue)" 
. label var prcraft  "Pr(craft)" 
. label var prwhite  "Pr(white)" 
. label var prprof   "Pr(prof)" 
. local graphnm "`pgm'-phat-dotplot" 
 
. dotplot prmenial prblue prcraft prwhite prprof, /// 
>     ylab(0(.25)1, grid gmin gmax) 

 

o
o
o
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The DC for xk is affected by

. mchange, amount(one sd) brief 
 
mlogit: Changes in Pr(y) | Number of obs = 337 
 
Expression: Pr(occ), predict(outcome()) 
 
                     |    Menial    BlueCol      Craft   WhiteCol       Prof  
---------------------+------------------------------------------------------- 
white                |                                                        
 1White vs 0NonWhite |    -0.116      0.069     -0.129      0.052      0.124  
             p-value |     0.143      0.315      0.164      0.327      0.054  
ed                   |                                                        
                  +1 |    -0.017     -0.050     -0.033      0.002      0.099  
             p-value |     0.000      0.000      0.000      0.662      0.000  
                 +SD |    -0.050     -0.129     -0.111     -0.014      0.304  
             p-value |     0.000      0.000      0.000      0.333      0.000  
exper                |                                                        
                  +1 |    -0.002     -0.003      0.002      0.001      0.002  
             p-value |     0.127      0.051      0.338      0.329      0.187  
                 +SD |    -0.023     -0.040      0.019      0.017      0.027  
             p-value |     0.078      0.031      0.407      0.385      0.228 

 



mchangeplot, amount(sd sd) min(-.3) max(.4) gap(.1) mcol(rainbow) aspect(.3)    
title(Average discrete change, position(11)) leftmargin(4) sig(.10) 
 

 

More interpretation

o

o

o

#32 Marginal effect at the mean
mchange, atmeans amount(one sd) 

 
o

o



Odds ratios

o
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ORs for white

#41 Examining all ORs with listcoef
Variable: 1.white (sd=0.276) 
-------------------------------------------------------------------- 
                         |       b        z    P>|z|     e^b e^bStdX 
-------------------------+------------------------------------------ 
Menial       vs BlueCol  | -1.2365   -1.707    0.088   0.290   0.710 
Menial       vs Craft    | -0.4723   -0.782    0.434   0.624   0.878 
Menial       vs WhiteCol | -1.5714   -1.741    0.082   0.208   0.648 
Menial       vs Prof     | -1.7743   -2.350    0.019   0.170   0.612 
BlueCol      vs Menial   |  1.2365    1.707    0.088   3.444   1.407 
BlueCol      vs Craft    |  0.7642    1.208    0.227   2.147   1.235 
BlueCol      vs WhiteCol | -0.3349   -0.359    0.720   0.715   0.912 
BlueCol      vs Prof     | -0.5378   -0.673    0.501   0.584   0.862 
Craft        vs Menial   |  0.4723    0.782    0.434   1.604   1.139 
Craft        vs BlueCol  | -0.7642   -1.208    0.227   0.466   0.810 
Craft        vs WhiteCol | -1.0990   -1.343    0.179   0.333   0.738 
Craft        vs Prof     | -1.3020   -2.011    0.044   0.272   0.698 
WhiteCol     vs Menial   |  1.5714    1.741    0.082   4.813   1.544 
WhiteCol     vs BlueCol  |  0.3349    0.359    0.720   1.398   1.097 
WhiteCol     vs Craft    |  1.0990    1.343    0.179   3.001   1.355 
WhiteCol     vs Prof     | -0.2029   -0.233    0.815   0.816   0.945 
Prof         vs Menial   |  1.7743    2.350    0.019   5.896   1.633 
Prof         vs BlueCol  |  0.5378    0.673    0.501   1.712   1.160 
Prof         vs Craft    |  1.3020    2.011    0.044   3.677   1.433 
Prof         vs WhiteCol |  0.2029    0.233    0.815   1.225   1.058 
-------------------------------------------------------------------- 
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Lack of significance indicated by connecting line



Comparison x1 x2 x3

B|A B|A .693 0.693 0.347
exp( B|A) 0.500 2.000 1.414
p 0.04 0.01 0.42

C|A C|A 0.347 .347 0.693
exp( C|A) 1.414 0.707 2.000
p 0.21 0.04 0.37

C|B C|B 1.040 1.040 0.346
exp( C|B) 2.828 0.354 1.414
p 0.02 0.03 0.21



Variable: 1.white (sd=0.276) 
                                 b        z    P>|z|     e^b e^bStdX 
Menial       vs BlueCol  | -1.2365   -1.707    0.088   0.290   0.710 
Menial       vs Craft    | -0.4723   -0.782    0.434   0.624   0.878 
Menial       vs WhiteCol | -1.5714   -1.741    0.082   0.208   0.648 
Menial       vs Prof     | -1.7743   -2.350    0.019   0.170   0.612 
BlueCol      vs Menial   |  1.2365    1.707    0.088   3.444   1.407 
BlueCol      vs Craft    |  0.7642    1.208    0.227   2.147   1.235 
BlueCol      vs WhiteCol | -0.3349   -0.359    0.720   0.715   0.912 
BlueCol      vs Prof     | -0.5378   -0.673    0.501   0.584   0.862 
Craft        vs Menial   |  0.4723    0.782    0.434   1.604   1.139 
Craft        vs BlueCol  | -0.7642   -1.208    0.227   0.466   0.810 
Craft        vs WhiteCol | -1.0990   -1.343    0.179   0.333   0.738 
Craft        vs Prof     | -1.3020   -2.011    0.044   0.272   0.698 
WhiteCol     vs Menial   |  1.5714    1.741    0.082   4.813   1.544 
WhiteCol     vs BlueCol  |  0.3349    0.359    0.720   1.398   1.097 
WhiteCol     vs Craft    |  1.0990    1.343    0.179   3.001   1.355 
WhiteCol     vs Prof     | -0.2029   -0.233    0.815   0.816   0.945 
Prof         vs Menial   |  1.7743    2.350    0.019   5.896   1.633 
Prof         vs BlueCol  |  0.5378    0.673    0.501   1.712   1.160 
Prof         vs Craft    |  1.3020    2.011    0.044   3.677   1.433 
Prof         vs WhiteCol |  0.2029    0.233    0.815   1.225   1.058 



#43 OR plot for occupational attainment base P

#44 Change the base category to M



#45 Change the vertical offsets for clarity

#46 using AME for area of coefficients



mlogitplot for OR plots
 1] mlogitplot white ed exper,  
 

 2]    amount(sd sd) /// show OR and DC for SD change 
 

 3]    base(1) /// line up on category 1 
 4]    offsetlist(0 3 0 -3 0    2 -2 -2 0 0    1 -1 -3 0 3 )  
 

 5]    linep(.1) /// draw line if p>.1 
 6]    linegapfactor(.5) /// blank space around letter 
 7]    msizefactor(1.1) /// increase size of marker 
 

 8]    mchange /// size of letter based on DC 
 

 9]    min(-.5) max(2.5) ntics(7) mcol(rainbow) 
 

10]    leftmargin(3) /// more room on left for labels 
11]    aspect(.5) // aspect ratio of plot 

Example: Attitudes toward working mothers

warm

Working mom | 
   can have | 
       warm | 
relations w | 
     child? |      Freq.     Percent        Cum. 
------------+----------------------------------- 
       1_SD |        297       12.95       12.95 
        2_D |        723       31.53       44.48 
        3_A |        856       37.33       81.81 
       4_SA |        417       18.19      100.00 
------------+----------------------------------- 
      Total |      2,293      100.00 

. codebook warm yr89 male white age ed prst, compact 
 
Variable    Obs Unique      Mean  Min  Max  Label 
----------------------------------------------------------------------------- 
warm       2293      4  2.607501    1    4  Working mom can have warm... 
yr89       2293      2  .3986044    0    1  Survey year: 1=1989 0=1977 
male       2293      2  .4648932    0    1  Gender: 1=male 0=female 
white      2293      2  .8765809    0    1  Race: 1=white 0=not white 
age        2293     72  44.93546   18   89  Age in years 
ed         2293     21  12.21805    0   20  Years of education 
prst       2293     58  39.58526   12   82  Occupational prestige 
----------------------------------------------------------------------------- 
 

warm
mlogit warm i.yr89 i.male i.white age i.edcat /// 
   prst, base(1) nolog 



#24 Tests of regressors
. mlogtest, wald set(edcat_set=2.edcat 3.edcat 4.edcat) 
 
Wald tests for independent variables (N=2293) 
 
  Ho: All coefficients associated with given variable(s) are 0 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
          1.yr89 |    54.503     3    0.000 
          1.male |   100.836     3    0.000 
         1.white |     7.638     3    0.054 
             age |    86.556     3    0.000 
         2.edcat |     1.241     3    0.743 
         3.edcat |    10.994     3    0.012 
         4.edcat |    15.119     3    0.002 
            prst |     6.901     3    0.075 
       edcat_set |    26.063     9    0.002 
 
   edcat_set contains: 2.edcat 3.edcat 4.edcat 

 

#26 Tests for combining categories
. mlogtest, combine 
 
Wald tests for combining alternatives (N=2293) 
 
  Ho: All coefficients except intercepts associated with a given 
pair 
      of alternatives are 0 (i.e., alternatives can be combined) 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
      1_SD & 2_D |    38.245     8    0.000 
      1_SD & 3_A |   134.132     8    0.000 
     1_SD & 4_SA |   185.858     8    0.000 
       2_D & 3_A |    95.727     8    0.000 
      2_D & 4_SA |   172.166     8    0.000 
      3_A & 4_SA |    53.660     8    0.000 

#31 Predictions

  



#32 Average marginal effects we need a plot!
. mchange, amount(one sd) 
 
mlogit: Changes in Pr(y) | Number of obs = 2293 
 
Expression: Pr(warm), predict(outcome()) 
 
                        |      1 SD        2 D        3 A       4 SA  
------------------------+-------------------------------------------- 
yr89                    |                                             
           1989 vs 1977 |    -0.095     -0.029      0.079      0.045  
                p-value |     0.000      0.136      0.000      0.006  
male                    |                                             
         Male vs Female |     0.038      0.120     -0.010     -0.148  
                p-value |     0.006      0.000      0.622      0.000  
white                   |                                             
      White vs NonWhite |     0.040      0.018     -0.006     -0.052  
                p-value |     0.036      0.529      0.838      0.038  
age                     |                                             
                     +1 |     0.002      0.004     -0.003     -0.003  
                p-value |     0.000      0.000      0.000      0.000  
                    +SD |     0.037      0.059     -0.054     -0.042  
                p-value |     0.000      0.000      0.000      0.000  

 

                        |      1 SD        2 D        3 A       4 SA  
------------------------+-------------------------------------------- 
edcat                   |                                             
     12 yrs vs 0-11 yrs |    -0.012     -0.004      0.028     -0.012  
                p-value |     0.535      0.880      0.305      0.580  
  13-15 yrs vs 0-11 yrs |    -0.056     -0.042      0.053      0.045  
                p-value |     0.013      0.171      0.104      0.084  
  16-20 yrs vs 0-11 yrs |    -0.090     -0.015      0.050      0.055  
                p-value |     0.000      0.694      0.198      0.093  
    13-15 yrs vs 12 yrs |    -0.044     -0.038      0.025      0.057  
                p-value |     0.029      0.167      0.380      0.011  
    16-20 yrs vs 12 yrs |    -0.078     -0.011      0.022      0.066  
                p-value |     0.000      0.745      0.510      0.017  
 16-20 yrs vs 13-15 yrs |    -0.034      0.028     -0.003      0.009  
                p-value |     0.096      0.415      0.934      0.746  
prst                    |                                             
                     +1 |     0.000     -0.002      0.001      0.001  
                p-value |     0.818      0.011      0.193      0.220  
                    +SD |     0.002     -0.029      0.016      0.012  
                p-value |     0.841      0.009      0.214      0.240  
 
Average predictions 
 
             |      1_SD        2_D        3_A       4_SA  
-------------+-------------------------------------------- 
  Pr(y|base) |     0.130      0.315      0.373      0.182 
 

#32 Marginal effects: part 1



#32 Marginal effects: part 2

#34 OR plot with ADC: part 1

#34 OR plot with ADC: part 2



Example: Political orientation

#11 Outcome: party affiliation
. use partyid4, clear 
(partyid4.dta | 1992 American National Election Study | 2014-03-12) 
 
. tab party, miss 
 
   Party ID |      Freq.     Percent        Cum. 
------------+----------------------------------- 
D    StrDem |        266       19.25       19.25 
d       Dem |        427       30.90       50.14 
i     Indep |        151       10.93       61.07 
r       Rep |        369       26.70       87.77 
R    StrRep |        169       12.23      100.00 
------------+----------------------------------- 
      Total |      1,382      100.00 
 

#11 Regressors
. nmlab party age income black female educ 
 
party   Party ID 
age     Age 
income  Income in $1,000s 
black   Black? 
female  Female? 
educ    Level of education 
 
. sum party age income black female i.educ 
 
  Variable |       Obs        Mean    Std. Dev.       Min        Max 
-----------+-------------------------------------------------------- 
     party |      1382    2.817656    1.342787          1          5 
       age |      1382    45.94645    16.78311         18         91 
    income |      1382    37.45767    27.78148        1.5     131.25 
     black |      1382    .1374819      .34448          0          1 
    female |      1382    .4934877    .5001386          0          1 
      educ | 
  hs only  |      1382    .5803184    .4936854          0          1 
  college  |      1382    .2590449    .4382689          0          1 

#12 Fit MNLM and test regressors
. mlogit party age10 income10 i.black i.female i.educ 
  <snip> 
 
. mlogtest, lr set(educ_set=1.highschool 1.college) 
 
LR tests for independent variables (N=1382) 
 
  Ho: All coefficients associated with given variable(s) are 0 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
           age10 |    45.165     4    0.000 
        income10 |    24.361     4    0.000 
         1.black |   126.467     4    0.000 
        1.female |     9.143     4    0.058 
    1.highschool |     5.567     4    0.234 
       1.college |    21.582     4    0.000 
        educ_set |    26.881     8    0.001 
 
   educ_set contains: 1.highschool 1.college 
 



#21 Average marginal effects (AME)

o

o

#13 Odds ratios for age and income

#21 Odds ratios for age and income: with marginal effects



Stata code for mlogitplot
1]  mchange age10 income10 
 
2]  mlogitplot age10 income10, base(3) /// 
3]    linep(.1 .2 .3) lcolor(red) lshade /// 
4]    symbols(D d i r R) linegapfactor(.6) /// 
5]    offsetlist(2 2 0 -2 -2    0 2 -2 2 -2 ) /// 
6]    titletop(Odds ratios scale relative to category I) /// 
7]    titlebot(Logit coefficient scale relative to category I) /// 
8]    mcol(`partycol') min(-.3) max(.6) gap(.3) /// 
9]    aspect(.4) varlabels mchange 
 

o

o

#42 Probabilities by income



#42 Probabilities by age

#41 Code for plots

. mgen, atmeans at(age10=(2(.5)8.5)) stub(MNLMage) 
 

Predictions from: margins, atmeans at(age10=(2(.5)8.5)) predict(outcome(5)) 
 

Variable      Obs Unique      Mean       Min       Max  Label 
------------------------------------------------------------------------------ 
MNLMagepr1     14     14  .2046258  .1047786  .3256354  pr(y=SD) from margins 
MNLMagell1     14     14  .1675598  .0768825  .2487619  95% lower limit 
MNLMageul1     14     14  .2416917  .1326748  .4025089  95% upper limit 
MNLMageage10   14     14      5.25         2       8.5  Age in decades 
MNLMageCpr1    14     14  .2046258  .1047786  .3256354  pr(y<=SD) 
MNLMagepr2     14     14   .329003  .2561781  .3826132  pr(y=D) from margins 
MNLMagell2     14     14  .2874055  .1949605  .3331204  95% lower limit 
MNLMageul2     14     14  .3706006  .3173957   .435444  95% upper limit 
MNLMageCpr2    14     14  .5336288  .4873918  .5818136  pr(y<=D) 
 
<snip> 
 
Specified values of covariates 
 
                   1.         1.         2.         3. 
 income10      black     female       educ       educ  
------------------------------------------------------ 
 3.745767   .1374819   .4934877   .5803184   .2590449  

 

. mgen, atmeans at(income10=(0(1)10)) stub(MNLMinc) 
 

Predictions from: margins, atmeans at(income10=(0(1)10)) predict(outcome(5)) 
 

Variable      Obs Unique      Mean       Min       Max  Label 
------------------------------------------------------------------------------ 
MNLMincpr1     11     11  .1604032   .090648  .2445128  pr(y=SD) from margins 
MNLMincll1     11     11  .1253144  .0479288  .1908274  95% lower limit 
MNLMincul1     11     11  .1954919  .1333672  .2981982  95% upper limit 
MNLMincin~10   11     11         5         0        10  Income in $10,000s 
MNLMincCpr1    11     11  .1604032   .090648  .2445128  pr(y<=SD) 
MNLMincpr2     11     11  .3325221  .2827661  .3683488  pr(y=D) from margins 
MNLMincll2     11     11  .2882002  .2133308  .3252223  95% lower limit 
MNLMincul2     11     11  .3768441  .3522013   .420665  95% upper limit 
MNLMincCpr2    11     11  .4929253  .3734141  .6128616  pr(y<=D) 
 
<snip> 
 
Specified values of covariates 
 
                   1.         1.         2.         3. 
    age10      black     female       educ       educ  
------------------------------------------------------ 
 4.594645   .1374819   .4934877   .5803184   .2590449  

 



. gen PLTincome10 = MNLMincincome10 

. label var PLTincome10 "Income in $10,000s" 

. gen PLTincome = MNLMincincome10*10 

. label var PLTincome "Income in $1,000s" 

. gen PLTage10 = MNLMageage10 

. label var PLTage10 "Age in decades" 

. gen PLTage = MNLMageage10*10 

. label var PLTage "Age" 

. local yaxis_p /// 
> "ytitle(Probability of party affiliation)" 
. local yaxis_p /// 
> "`yaxis_p' ylab(0(.1).4, grid) ylin(0 .4, lcol(gs14))" 
. local yaxis_c /// 
> "ytitle(Cumulative probability) ylab(0(.2)1, grid) ylin(0 1, lcol(gs14))" 
. local titleopt "position(11) size(medium)" 
 
. * line options for probabilities 
. local line5_opts "msym(O Oh dh sh s)" 
. local line5_opts "`line5_opts' lwid(medium medium medium medium medium)" 
. local line5_opts "`line5_opts' lpat(solid dash shortdash dash solid)" 
. local line5_opts "`line5_opts' mcol(red red*.8 black blue*.8 blue)" 
. local line5_opts "`line5_opts' lcol(red red*.8 black blue*.8 blue)" 
 
. label var MNLMagepr1 "Strong Dem" 
. label var MNLMagepr2 "Democrat" 
. label var MNLMagepr3 "Independent" 
. label var MNLMagepr4 "Republican" 
. label var MNLMagepr5 "Strong Rep" 

 
. label var MNLMincpr1 "Strong Dem" 
. label var MNLMincpr2 "Democrat" 
. label var MNLMincpr3 "Independent" 
. label var MNLMincpr4 "Republican" 
. label var MNLMincpr5 "Strong Rep" 

. * probability by age 

. graph twoway (connected MNLMagepr1 MNLMagepr2 MNLMagepr3 /// 
>     MNLMagepr4 MNLMagepr5 PLTage, `line5_opts'), /// 
>     title("`title'", `titleopt') `yaxis_p' `xaxis_age' /// 
>     legend(rows(2)) // caption("`tag'",size(vsmall)) 
 
. * probability by income 
. graph twoway (connected MNLMincpr1 MNLMincpr2 MNLMincpr3 /// 
>     MNLMincpr4 MNLMincpr5 PLTincome, `line5_opts'), /// 
>     title("`title'", `titleopt') `yaxis_p' `xaxis_inc' /// 
>     legend(rows(2)) // caption("`tag'",size(vsmall)) 

Independence of irrelevant alternatives (IIA)

o

o



IIA, mlogit and logit
mlogit party age, base(5) nolog vsquish 
 
------------------------------------------------------------------------------ 
       party |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
StrDem       | 
         age |   .0104532   .0056788     1.84   0.066    -.0006771    .0215834 
       _cons |   -.072338   .3003037    -0.24   0.810    -.6609224    .5162464 
::: 
-------------+---------------------------------------------------------------- 
StrRep       |  (base outcome) 
------------------------------------------------------------------------------ 
 
. gen party15 = 1 if party==1 
. replace party15 = 0 if party==5 
 
. logit party15 age, nolog 
 
------------------------------------------------------------------------------ 
     party15 |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         age |   .0102276    .005633     1.82   0.069    -.0008129    .0212681 
       _cons |  -.0609598   .2981109    -0.20   0.838    -.6452465    .5233269 
------------------------------------------------------------------------------ 

Summary of IIA



Formal tests of IIA

#50 "Testing" IIA with mlogtest ( nrm partyid.do)

. mlogtest, hausman 
 
Hausman tests of IIA assumption (N=1382) 
 
  Ho: Odds(Outcome-J vs Outcome-K) are independent of other alternatives 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
          StrDem |     4.622    20    1.000 
             Dem |     0.919    21    1.000 
           Indep |    -2.244    19        . 
             Rep |     3.030    21    1.000 
          StrRep |    -0.580    21        . 
 
  Note: A significant test is evidence against Ho. 
 

 

. mlogtest, smhsiao 
 
Small-Hsiao tests of IIA assumption (N=1382) 
 
  Ho: Odds(Outcome-J vs Outcome-K) are independent of other alternatives 
 
                 | lnL(full)  lnL(omit)       chi2    df   P>chi2 
-----------------+----------------------------------------------- 
          StrDem |  -696.753   -690.654     12.198    21    0.934 
             Dem |  -565.571   -557.488     16.166    21    0.760 
           Indep |  -764.563   -758.290     12.547    21    0.924 
             Rep |  -621.562   -615.492     12.140    21    0.936 
          StrRep |  -761.598   -752.804     17.587    21    0.675 
 
  Note: A significant test is evidence against Ho. 

 



. mlogtest, smhsiao 
 
Small-Hsiao tests of IIA assumption (N=1382) 
 
  Ho: Odds(Outcome-J vs Outcome-K) are independent of other alternatives 
 
                 | lnL(full)  lnL(omit)       chi2    df   P>chi2 
-----------------+----------------------------------------------- 
          StrDem |  -727.367   -692.048     70.639    21    0.000 
             Dem |  -610.636   -573.268     74.736    21    0.000 
           Indep |  -783.456   -747.654     71.604    21    0.000 
             Rep |  -650.962   -615.434     71.057    21    0.000 
          StrRep |  -751.887   -740.193     23.388    21    0.324 
 
  Note: A significant test is evidence against Ho. 
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Part 11: Ordinal outcomes
Read and run

Overview



What does ordinal mean?

Is the outcome ordered?



A latent variable model for ordinal outcomes
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             | OLM1: beta0=0       | OLM2: tau1=0 
             |         b         z |         b         z 
-------------+---------------------+--------------------- 
        yr89 |     0.524     6.557 |     0.524     6.557 
        male |    -0.733    -9.343 |    -0.733    -9.343 
       white |    -0.391    -3.304 |    -0.391    -3.304 
         age |    -0.022    -8.778 |    -0.022    -8.778 
          ed |     0.067     4.205 |     0.067     4.205 
        prst |     0.006     1.844 |     0.006     1.844 
-------------+---------------------+--------------------- 
        tau1 |    -2.465   -10.319 |         .         . 
        tau2 |    -0.631    -2.704 |     1.834    29.098 
        tau3 |     1.262     5.392 |     1.893    32.537 
       beta0 |     0.000     0.000 |     2.465    10.319 
-------------+---------------------+--------------------- 
        2lnL | -2844.912     0.000 | -2844.912     0.000 
      LRchi2 |   301.716     0.000 |   301.716     0.000 
 
. display -.631 - -2.465 
1.834 
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#12 Descriptive statistics
Working mom | 
   can have | 
       warm | 
relations w | 
     child? |      Freq.     Percent        Cum. 
------------+----------------------------------- 
        1SD |        297       12.95       12.95 
         2D |        723       31.53       44.48 
         3A |        856       37.33       81.81 
        4SA |        417       18.19      100.00 
------------+----------------------------------- 
      Total |      2,293      100.00 

. nmlab warm yr89 male white age ed prst 
 
warm   Working mom can have warm relations w child? 
yr89   Survey year: 1=1989 0=1977 
male   Gender: 1=male 0=female 
white  Race: 1=white 0=not white 
age    Age in years 
ed     Years of education 
prst   Occupational prestige 
 
. sum warm yr89 male white age ed prst 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
        warm |      2293    2.607501    .9282156          1          4 
        yr89 |      2293    .3986044    .4897178          0          1 
        male |      2293    .4648932    .4988748          0          1 
       white |      2293    .8765809    .3289894          0          1 
         age |      2293    44.93546    16.77903         18         89 
          ed |      2293    12.21805    3.160827          0         20 
        prst |      2293    39.58526    14.49226         12         82 
  



#13 Ordinal logit and probit
. ologit warm i.yr89 i.male i.white age ed prst, nolog 
 

Ordered logistic regression                       Number of obs   =       2293 
                                                  LR chi2(6)      =     301.72 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -2844.9123                       Pseudo R2       =     0.0504 
 

        warm |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
        yr89 | 
       1989  |   .5239025   .0798989     6.56   0.000     .3673036    .6805014 
        male | 
       Male  |  -.7332997   .0784827    -9.34   0.000     -.887123   -.5794765 
       white | 
      White  |  -.3911595   .1183808    -3.30   0.001    -.6231816   -.1591373 
         age |  -.0216655   .0024683    -8.78   0.000    -.0265032   -.0168278 
          ed |   .0671728    .015975     4.20   0.000     .0358624    .0984831 
        prst |   .0060727   .0032929     1.84   0.065    -.0003813    .0125267 
-------------+---------------------------------------------------------------- 
       /cut1 |  -2.465362   .2389128                     -2.933622   -1.997102 
       /cut2 |   -.630904   .2333156                     -1.088194   -.1736138 
       /cut3 |   1.261854    .234018                      .8031871    1.720521 
------------------------------------------------------------------------------ 
. estimates store olm 
 

. oprobit warm yr89 male white age ed prst, nolog 
  <snip> 
. estimates store opm 

#13 Comparing OLM and OPM: ratios on next page
             | olm                    | opm 
             |          b           z |          b           z 
-------------+------------------------+------------------------ 
warm         |                        | 
        yr89 |      0.524       6.557 |      0.319       6.805 
        male |     -0.733      -9.343 |     -0.417      -9.156 
       white |     -0.391      -3.304 |     -0.227      -3.260 
         age |     -0.022      -8.778 |     -0.012      -8.471 
          ed |      0.067       4.205 |      0.039       4.153 
        prst |      0.006       1.844 |      0.003       1.705 
-------------+------------------------+------------------------ 
cut1         |                        | 
       _cons |     -2.465     -10.319 |     -1.429     -10.294 
-------------+------------------------+------------------------ 
cut2         |                        | 
       _cons |     -0.631      -2.704 |     -0.361      -2.633 
-------------+------------------------+------------------------ 
cut3         |                        | 
       _cons |      1.262       5.392 |      0.768       5.605 
-------------+------------------------+------------------------ 
aux          |                        | 
           N |   2293.000           . |   2293.000           . 
      LRchi2 |    301.716           . |    294.319           . 
         BIC |   5759.463           . |   5766.861           . 

             | ratio olm to opm 
             |            b          z  
-------------+------------------------- 
warm         | 
        yr89 |        1.643      0.964 
        male |        1.758      1.020 
       white |        1.727      1.014 
         age |        1.773      1.036 
          ed |        1.735      1.012 
        prst |        1.850      1.081 
-------------+------------------------- 
cut1         | 
       _cons |        1.726      1.002 
-------------+------------------------- 
cut2         | 
       _cons |        1.750      1.027 
-------------+------------------------- 
cut3         | 
       _cons |        1.643      0.962 
-------------+------------------------- 
aux          | 
           N |        1.000         . 
      LRchi2 |        1.025         . 
         BIC |        0.999         . 



Interpretation with marginal change in y*
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#14 y* standardized coefficients
. ologit warm i.yr89 i.male i.white age ed prst 
. listcoef, help std 
 

ologit (N=2293): Unstandardized and standardized estimates  
 

  Observed SD:  0.9282 
    Latent SD:  1.9411 
 

          |          b        z    P>|z|    bStdX    bStdY   bStdXY     SDofX 
----------+------------------------------------------------------------------ 
     yr89 |     0.5239    6.557    0.000    0.257    0.270    0.132     0.490 
     male |    -0.7333   -9.343    0.000   -0.366   -0.378   -0.188     0.499 
    white |    -0.3912   -3.304    0.001   -0.129   -0.202   -0.066     0.329 
      age |    -0.0217   -8.778    0.000   -0.364   -0.011   -0.187    16.779 
       ed |     0.0672    4.205    0.000    0.212    0.035    0.109     3.161 
     prst |     0.0061    1.844    0.065    0.088    0.003    0.045    14.492 
----------------------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
   bStdX = x-standardized coefficient 
   bStdY = y-standardized coefficient 
  bStdXY = fully standardized coefficient 
   SDofX = standard deviation of X. listcoef, help std 
 



                 b         z     P>|z|    bStdX    bStdY   bStdXY     SDofX 
   1.yr89 |   0.52390    6.557   0.000   0.2566   0.2699   0.1322    0.4897 

                 b         z     P>|z|    bStdX    bStdY   bStdXY     SDofX 
     age |  -0.02167   -8.778   0.000  -0.3635  -0.0112  -0.1873    16.7790 

                 b         z     P>|z|    bStdX    bStdY   bStdXY     SDofX 
      ed |   0.06717    4.205   0.000   0.2123   0.0346   0.1094     3.1608 

#14 Comparing OLM and LRM
. regress warm i.yr89 i.male i.white age ed prst 
<snip> 
. listcoef 
<snip> 

         | b              | z              | bstdy          | bstd            
         |    lrm     olm |    lrm     olm |    lrm     olm |    lrm     olm  
---------+----------------+----------------+----------------+---------------- 
  1.yr89 |  0.262   0.524 |  6.944   6.557 |  0.283   0.270 |  0.138   0.132  
  1.male | -0.336  -0.733 | -9.171  -9.343 | -0.362  -0.378 | -0.180  -0.188  
 1.white | -0.177  -0.391 | -3.166  -3.304 | -0.191  -0.202 | -0.063  -0.066  
     age | -0.010  -0.022 | -8.699  -8.778 | -0.011  -0.011 | -0.183  -0.187  
      ed |  0.031   0.067 |  4.143   4.205 |  0.034   0.035 |  0.106   0.109  
    prst |  0.003   0.006 |  1.734   1.844 |  0.003   0.003 |  0.042   0.045 

             |        b         t     bStdY    bStdXY  
-------------+---------------------------------------- 
      1.yr89 |   -0.261     0.387     0.013     0.006  
      1.male |    0.398     0.173     0.016     0.008  
     1.white |    0.214     0.139     0.011     0.004  
         age |    0.012     0.078     0.000     0.005  
          ed |   -0.036    -0.062    -0.001    -0.003  
        prst |   -0.003    -0.111    -0.000    -0.003 
  

#15 Standardized coefficients for OLM and OPM
 
          | olm                       | opm                             
          |       b    bstdy     bstd |        b    bstdy      bstd  
----------+---------------------------+----------------------------- 
   1.yr89 |   0.524    0.270    0.132 |    0.319    0.296     0.145  
   1.male |  -0.733   -0.378   -0.188 |   -0.417   -0.388    -0.193  
  1.white |  -0.391   -0.202   -0.066 |   -0.227   -0.210    -0.069  
      age |  -0.022   -0.011   -0.187 |   -0.012   -0.011    -0.191  
       ed |   0.067    0.035    0.109 |    0.039    0.036     0.114  
     prst |   0.006    0.003    0.045 |    0.003    0.003     0.044 

o



Predicted probabilities
q qy q F F

Predictions at observed values
#21 Compute predicted probabilities
. predict OLMpr1sd OLMpr2d OLMpr3a OLMpr4sa 
(option pr assumed; predicted probabilities) 
. label var OLMpr1sd "Pr(1SD|X)" 
. label var OLMpr2d  "Pr(2D|X)" 
. label var OLMpr3a  "Pr(3A|X)" 
. label var OLMpr4sa "Pr(4SA|X)" 
 
. sum OLMpr1sd OLMpr2d OLMpr3a OLMpr4sa 
 
  Variable |       Obs        Mean    Std. Dev.       Min        Max 
-----------+-------------------------------------------------------- 
  OLMpr1sd |      2293    .1291898    .0827858   .0078648   .4583639 
   OLMpr2d |      2293    .3152269    .0702155   .0811076   .4066651 
   OLMpr3a |      2293    .3740882    .0585058   .1494467   .4274917 
  OLMpr4sa |      2293    .1814951    .0976008    .018211   .5864362 

 



#23 Dotplot of predictions

Tables of predicted probabilities

        warm |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
      1.yr89 |   .5239025   .0798989     6.56   0.000     .3673036    .6805014 
      1.male |  -.7332997   .0784827    -9.34   0.000     -.887123   -.5794765 
     1.white |  -.3911595   .1183808    -3.30   0.001    -.6231816   -.1591373 
         age |  -.0216655   .0024683    -8.78   0.000    -.0265032   -.0168278 
          ed |   .0671728    .015975     4.20   0.000     .0358624    .0984831 
        prst |   .0060727   .0032929     1.84   0.065    -.0003813    .0125267 
-------------+---------------------------------------------------------------- 



#32 Probabilities by year and gender using global means

. mtable, at(yr89=(0 1) male=(0 1)) atmeans clear 
 
Expression: Pr(warm), predict(outcome()) 
 
           |     yr89      male      1_SD       2_D       3_A      4_SA 
 ----------+----------------------------------------------------------- 
         1 |        0         0     0.099     0.308     0.413     0.180 
         2 |        0         1     0.186     0.403     0.316     0.095 
         3 |        1         0     0.061     0.228     0.441     0.270 
         4 |        1         1     0.119     0.339     0.390     0.151 
 
Specified values of covariates 
 
           |        1. 
           |    white       age        ed      prst 
 ----------+--------------------------------------- 
   Current |     .877      44.9      12.2      39.6 

at(yr89=(0 1) male=(0 1)) yr89 male

atmeans

i.male dydx(male) male
yr89

. mtable, dydx(male) at(yr89=(0 1)) atvars(1.yr89 1.male) atmeans 
 
Expression: Marginal effect of Pr(warm), predict(outcome()) 
 
           |        1.        1. 
           |     yr89      male      1 SD       2 D       3 A      4 SA 
 ----------+----------------------------------------------------------- 
         1 |        0      .465     0.087     0.094    -0.097    -0.085 
         2 |        1      .465     0.058     0.111    -0.050    -0.119 
 
Specified values of covariates 
 
           |        1.        1. 
           |     male     white       age        ed      prst 
 ----------+------------------------------------------------- 
   Current |     .465      .877      44.9      12.2      39.6 



mchange

o
. mchange male, at(yr89=0) atmeans brief 
 
ologit: Changes in Pr(y) | Number of obs = 2293 
 
Expression: Pr(warm), predict(outcome()) 
 
                |      1 SD        2 D        3 A       4 SA  
----------------+-------------------------------------------- 
male            |                                             
 Male vs Female |     0.087      0.094     -0.097     -0.085  
        p-value |     0.000      0.000      0.000      0.000  
 
. mchange male, at(yr89=1) atmeans brief 
 
ologit: Changes in Pr(y) | Number of obs = 2293 
 
Expression: Pr(warm), predict(outcome()) 
 
                |      1 SD        2 D        3 A       4 SA  
----------------+-------------------------------------------- 
male            |                                             
 Male vs Female |     0.058      0.111     -0.050     -0.119  
        p-value |     0.000      0.000      0.000      0.000 

mtable
* predictions for 1977 
mtable, at(yr89=0 male=1)     atmeans rowname(Men)       clear roweqnm(1977) 
mtable, at(yr89=0 male=0)     atmeans rowname(Women)     below roweqnm(1977) 
mtable, dydx(male) at(yr89=0) atmeans rowname(Men_Women) below roweqnm(1977) 
 
           |     1 SD       2 D       3 A      4 SA 
 ----------+--------------------------------------- 
 1977      |                                        
       Men |    0.186     0.403     0.316     0.095 
     Women |    0.099     0.308     0.413     0.180 
 Men_Women |    0.087     0.094    -0.097    -0.085 
 
<snip> 
 
* predictions for 1989 
mtable, at(yr89=1 male=1)     atmeans rowname(Men)       below roweqnm(1989) 
mtable, at(yr89=1 male=0)     atmeans rowname(Women)     below roweqnm(1989) 
mtable, dydx(male) at(yr89=1) atmeans rowname(Men_Women) below roweqnm(1989) 
 
* DC for year by gender 
mtable, dydx(yr89) at(male=1) atmeans rowname(77to89) below roweqnm(Men) 
mtable, dydx(yr89) at(male=0) atmeans rowname(77to89) below roweqnm(Women) 
 

 
Expression: Marginal effect of Pr(warm), predict(outcome()) 
 
            |     1 SD       2 D       3 A      4 SA 
 -----------+--------------------------------------- 
 1977       |                                        
        Men |    0.186     0.403     0.316     0.095 
      Women |    0.099     0.308     0.413     0.180 
  Men Women |    0.087     0.094    -0.097    -0.085 
 1989       |                                        
        Men |    0.119     0.339     0.390     0.151 
      Women |    0.061     0.228     0.441     0.270 
  Men Women |    0.058     0.111    -0.050    -0.119 
 Men        |                                        
     77to89 |   -0.067    -0.063     0.074     0.056 
 Women      |                                        
     77to89 |   -0.038    -0.080     0.028     0.090 
 
Specified values of covariates 
<snip>
 



age ed prst

. sort yr89 male 

. by yr89 male: sum white age ed prst 
 
-> yr89 = 1977, male = Female 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
       white |       718    .8760446    .3297604          0          1 
         age |       718    45.19638    16.59508         19         88 
          ed |       718    11.73816    2.813291          3         19 
        prst |       718    37.38579    13.53379         12         78 
-> yr89 = 1977, male = Male 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
       white |       661    .8910741    .3117821          0          1 
         age |       661    44.38729    16.49907         19         89 
          ed |       661    11.86233     3.53949          0         20 
        prst |       661    39.26475    14.58292         12         82 
-> yr89 = 1989, male = Female 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
       white |       509    .8447937    .3624574          0          1 
         age |       509     46.2888    17.17135         18         89 
          ed |       509     12.6444     2.70048          3         20 
        prst |       509    41.05108    14.81345         12         78 
-> yr89 = 1989, male = Male 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
       white |       405    .8938272    .3084397          0          1 
         age |       405    43.66667    16.98412         19         89 
          ed |       405    13.11358    3.368747          0         20 
        prst |       405    42.16543      14.999         12         82 

mtable

yr89 male
atmeans

mtable if yr89==0 & male==1, atmeans rowname(Men)   /// 
    clear roweqnm(1977) nobs 
mtable if yr89==0 & male==0, atmeans rowname(Women) /// 
    below roweqnm(1977) nobs 
mtable if yr89==1 & male==1, atmeans rowname(Men)   /// 
    below roweqnm(1989) nobs 
mtable if yr89==1 & male==0, atmeans rowname(Women) /// 
    below roweqnm(1989) nobs 

mtable, atmeans over(yr89 male) 

#33 Probabilities by year and gender with local means



             |      1SD        2D        3A       4SA  
-------------+---------------------------------------- 
1977         |                                         
         Men |    -0.00     -0.00      0.00      0.00  
       Women |    -0.00     -0.01      0.00      0.01  
-------------+---------------------------------------- 
1989         |                                         
         Men |     0.01      0.01     -0.01     -0.01  
       Women |     0.00      0.00     -0.00     -0.00  
-------------+---------------------------------------- 
1977         |                                         
   Men_Women |     0.00      0.01     -0.00     -0.01  
-------------+---------------------------------------- 
1989         |                                         
   Men_Women |     0.01      0.01     -0.01     -0.01  

  

Marginal effects
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#44 AME

. mchange 
 
ologit: Changes in Pr(y) | Number of obs = 2293 
 
Expression: Pr(warm), predict(outcome()) 
 
                   |      1 SD        2 D        3 A       4 SA  
-------------------+-------------------------------------------- 
yr89               |                                             
      1989 vs 1977 |    -0.053     -0.064      0.042      0.075  
           p-value |     0.000      0.000      0.000      0.000  
male               |                                             
    Male vs Female |     0.079      0.087     -0.066     -0.100  
           p-value |     0.000      0.000      0.000      0.000  
white              |                                             
 White vs NonWhite |     0.038      0.048     -0.026     -0.059  
           p-value |     0.000      0.001      0.000      0.002  
age                |                                             
                +1 |     0.002      0.003     -0.002     -0.003  
           p-value |     0.000      0.000      0.000      0.000  
               +SD |     0.043      0.038     -0.036     -0.046  
           p-value |     0.000      0.000      0.000      0.000  
          Marginal |     0.002      0.003     -0.002     -0.003  
           p-value |     0.000      0.000      0.000      0.000  

 

ed                 |                                             
                +1 |    -0.007     -0.008      0.005      0.010  
           p-value |     0.000      0.000      0.000      0.000  
               +SD |    -0.021     -0.026      0.015      0.031  
           p-value |     0.000      0.000      0.000      0.000  
          Marginal |    -0.007     -0.008      0.006      0.009  
           p-value |     0.000      0.000      0.000      0.000  
prst               |                                             
                +1 |    -0.001     -0.001      0.001      0.001  
           p-value |     0.066      0.065      0.066      0.065  
               +SD |    -0.009     -0.010      0.007      0.013  
           p-value |     0.058      0.069      0.052      0.071  
          Marginal |    -0.001     -0.001      0.001      0.001  
           p-value |     0.066      0.065      0.067      0.065 
 
Average predictions 
 
             |      1_SD        2_D        3_A       4_SA  
-------------+-------------------------------------------- 
  Pr(y|base) |     0.129      0.315      0.374      0.182 
 



. * DC(male) in 1977 

. mtable, dydx(male) at(yr89=0) rowname(DCmale_77) clear 
::: 
. * DC(male) in 1989 
. mtable, dydx(male) at(yr89=1) rowname(DCmale_89) below 
 
            |     1 SD       2 D       3 A      4 SA 
 -----------+--------------------------------------- 
  DCmale 77 |    0.089     0.081    -0.083    -0.088 
  DCmale 89 |    0.062     0.099    -0.041    -0.119 
 

o margins, post mlincom



#45margins for predictions with post
mtable margins

o

. margins, at(yr89=(0 1) male=(0 1)) predict(outcome(1)) post 
 

Predictive margins                                Number of obs   =       2293 
 

Expression   : Pr(warm==1), predict(outcome(1)) 
1._at        : yr89            =           0 
               male            =           0 
2._at        : yr89            =           0 
               male            =           1 
3._at        : yr89            =           1 
               male            =           0 
4._at        : yr89            =           1 
               male            =           1 
 

             |            Delta-method 
             |     Margin   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         _at | 
          1  |   .1085645   .0077007    14.10   0.000     .0934714    .1236576 
          2  |   .1980111   .0116351    17.02   0.000     .1752067    .2208155 
          3  |   .0680602   .0058309    11.67   0.000     .0566319    .0794886 
          4  |   .1298218   .0099298    13.07   0.000     .1103597    .1492839 
------------------------------------------------------------------------------ 

lincom
. lincom (_b[1bn._at]-_b[2._at]) - (_b[3._at]-_b[4._at]) 
 
 ( 1)  1bn._at - 2._at - 3._at + 4._at = 0 
 
------------------------------------------------------------------------------ 
             |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
         (1) |   -.027685   .0049492    -5.59   0.000    -.0373854   -.0179847 
------------------------------------------------------------------------------ 

mlincom
 
mlincom (1-2)-(3-4) 
             |   lincom    pvalue  
-------------+-------------------- 
    Outcome1 |   -0.028     0.000 

            |     1 SD       2 D       3 A      4 SA 
 -----------+--------------------------------------- 
  DCmale 77 |    0.089     0.081    -0.083    -0.088 
  DCmale 89 |    0.062     0.099    -0.041    -0.119 
 Difference |    0.027    -0.018    -0.042    -0.031 
 

. mlincom, clear // remove any prior results 

. estimate restore olmfv 
 
. foreach o in 1 2 3 4 { 
 2.  quietly { 
 3.    margins, at(yr89=(0 1) male=(0 1)) predict(outcome(`o')) post 
 4.    mlincom (1-2)-(3-4), add rowname(Outcome`o') stats(est p) 
 5.    estimate restore olmfv 
 6.  } 
 7. } 
 
. mlincom 
 
             |   lincom    pvalue  
-------------+-------------------- 
    Outcome1 |   -0.028     0.000  
    Outcome2 |    0.018     0.000  
    Outcome3 |    0.042     0.000  
    Outcome4 |   -0.032     0.000 
 



Plotting probabilities

q q

q

q
j

y q F F

y q y j F

o

o
o
o

#51mgen for the ORM

. mgen, at(age=(20(5)80) male=0 yr89=1) atmeans stub(W89) 
Predictions from: margins, at(age=(20(5)80) male=0 yr89=1) atmeans predict(outco 
> me()) 
 
Variable   Obs Unique      Mean       Min       Max  Label 
-------------------------------------------------------------------------------- 
W89pr1      13     13  .0720984  .0364676   .121933  pr(y=1_SD) from margins 
W89ll1      13     13  .0586271  .0281642   .097223  95% lower limit 
W89ul1      13     13  .0855696   .044771   .146643  95% upper limit 
W89age      13     13        50        20        80  Age in years 
W89Cpr1     13     13  .0720984  .0364676   .121933  pr(y<=1_SD) 
W89pr2      13     13     .2465  .1551205  .3431755  pr(y=2_D) from margins 
W89ll2      13     13  .2198686  .1308338  .3085207  95% lower limit 
W89ul2      13     13  .2731315  .1794073  .3778303  95% upper limit 
W89Cpr2     13     13  .3185984  .1915881  .4651085  pr(y<=2_D) 
<snip> 
-------------------------------------------------------------------------------- 
 
Specified values of covariates 
 
                              1.                       
     yr89       male      white         ed       prst  
------------------------------------------------------ 
        1          0   .8765809   12.21805   39.58526 
 



. label var W89pr1 "SD" 

. label var W89pr2 "D" 

. label var W89pr3 "A" 

. label var W89pr4 "SA" 

. label var W89Cpr1 "SD" 

. label var W89Cpr2 "SD or D" 

. label var W89Cpr3 "SD, D or A" 

. local warmsym "mcol(red red*.5 green*.5 green) " 

. local warmsym "`warmsym' msym(s sh Oh O) msiz(3.5 3.5 3 3)" 
 
. graph twoway connected W89pr1 W89pr2 W89pr3 W89pr4 W89age, /// 
>     `warmsym' title(Women in 1989, pos(11))  /// 
>      subtitle("SA indicates support for working women", pos(11)) /// 
>      xtitle("Age") xlabel(20(10)80) /// 
>      ylabel(0(.25).50, grid gmin gmax) /// 
>      xline(44.93) ytitle("Probability") 
 
. graph twoway connected W89Cpr1 W89Cpr2 W89Cpr3 W89age, /// 
>     `warmsym' title(Women in 1989, pos(11)) mcol(`warmcol') /// 
>     subtitle("SA indicates support for working women", pos(11)) /// 
>     xtitle("Age") xlabel(20(10)80) ylabel(0(.25)1, grid gmin gmax) /// 
>     xline(44.93) ytitle("Cumulative probability") 



Odds ratios for the OLM
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#62 Odds ratios for supporting working mothers

P SD P SD D P SD D A
P D A SA P A SA P SA

. listcoef, help 
 

ologit (N=2293): Factor change in odds  
 

  Odds of: >m vs <=m 
 

             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
        yr89 | 
       1989  |     0.5239    6.557    0.000     1.689     1.292     0.490 
        male | 
       Male  |    -0.7333   -9.343    0.000     0.480     0.694     0.499 
       white | 
      White  |    -0.3912   -3.304    0.001     0.676     0.879     0.329 
         age |    -0.0217   -8.778    0.000     0.979     0.695    16.779 
          ed |     0.0672    4.205    0.000     1.069     1.237     3.161 
        prst |     0.0061    1.844    0.065     1.006     1.092    14.492 
------------------------------------------------------------------------- 
       b = raw coefficient 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 
   SDofX = standard deviation of X 



             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
        yr89 | 
       1989  |     0.5239    6.557    0.000     1.689     1.292     0.490 

             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
        male | 
       Male  |    -0.7333   -9.343    0.000     0.480     0.694     0.499 

        warm |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-------------+-------------------------------------------------------- 
         age |  -0.02167   -8.778   0.000   0.9786   0.6952    16.7790 

Parallel regressions (for 4 outcomes)

Dichotomizing anyplace and the slope is unchanged



The parallel regression assumption imples

Without the parallel regression assumption

o



#66 Comparing ologit and mlogit predictions

. ologit warm i.yr89 i.male i.white age ed prst 
  <snip> 
. predict OLMpr1 OLMpr2 OLMpr3 OLMpr4 
  <snip> 
. mlogit warm i.yr89 i.male i.white age ed prst 
  <snip> 
. predict NRMpr1 NRMpr2 NRMpr3 NRMpr4 
  <snip> 
. corr OLMpr1 NRMpr1 
  <snip> 
 

NRMpr1 & OLMpr1: 0.9013  
NRMpr2 & OLMpr2: 0.9239  
NRMpr3 & OLMpr3: 0.8593  
NRMpr4 & OLMpr4: 0.9469  

 



Modeling political party

. tab party, miss 
 
   Party ID |      Freq.     Percent        Cum. 
------------+----------------------------------- 
     StrDem |        266       19.25       19.25 
        Dem |        427       30.90       50.14 
      Indep |        151       10.93       61.07 
        Rep |        369       26.70       87.77 
     StrRep |        169       12.23      100.00 
------------+----------------------------------- 
      Total |      1,382      100.00 
 
. sum party age income black female i.educ 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
       party |      1382    2.817656    1.342787          1          5 
         age |      1382    45.94645    16.78311         18         91 
      income |      1382    37.45767    27.78148        1.5     131.25 
       black |      1382    .1374819      .34448          0          1 
      female |      1382    .4934877    .5001386          0          1 
        educ | 
    hs only  |      1382    .5803184    .4936854          0          1 
    college  |      1382    .2590449    .4382689          0          1 

. ologit party age10 income10 i.black i.female i.educ 
  <snip> 
. listcoef, help 
 
ologit (N=1382): Factor Change in Odds 
 
  Odds of: >m vs <=m 
 
------------------------------------------------------------------------- 
             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
       age10 |    -0.0636   -2.037    0.042     0.938     0.899     1.678 
    income10 |     0.0961    4.792    0.000     1.101     1.306     2.778 
       black | 
        yes  |    -1.4759   -9.824    0.000     0.229     0.601     0.344 
      female | 
        yes  |    -0.1571   -1.584    0.113     0.855     0.924     0.500 
        educ | 
    hs only  |     0.2942    1.943    0.052     1.342     1.156     0.494 
    college  |     0.6420    3.543    0.000     1.900     1.325     0.438 
------------------------------------------------------------------------- 
       b = raw coefficient 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 
   SDofX = standard deviation of X



#22 Testing parallel regression assumption
. brant 
 
Brant Test of Parallel Regression Assumption 
 
              |       chi2     p>chi2      df 
 -------------+------------------------------ 
          All |      89.84      0.000      18 
 -------------+------------------------------ 
        age10 |      42.87      0.000       3 
     income10 |       2.11      0.550       3 
      1.black |      12.82      0.005       3 
     1.female |       6.54      0.088       3 
       2.educ |       2.92      0.404       3 
       3.educ |      12.24      0.007       3 
    Variable |      chi2   p>chi2    df 
 
A significant test statistic provides evidence that the parallel 
regression assumption has been violated. 
 

o

#23 OLM: Average discrete change

OLM: Predicted probabilities by age



#24 OLM: Predicted probabilities by income

 
Wald tests for independent variables (N=1382) 
 
  Ho: All coefficients associated with given variable(s) are 0 
 
                 |      chi2    df   P>chi2 
-----------------+------------------------- 
           age10 |    43.815     4    0.000  p=.042 for OLM 
        income10 |    22.985     4    0.000  p=.000 for OLM 
           age10 |    43.815     4    0.000 
        income10 |    22.985     4    0.000 
         1.black |    83.978     4    0.000 
        1.female |     9.087     4    0.059 
          2.educ |     5.569     4    0.234 
          3.educ |    20.613     4    0.000 

#13 MNLM: ADC of age and income: What's going on?



#14 MNLM Predicted probabilities by income

#24: OLM Predicted probabilities by income

#14 MNLM Predicted probabilities by age



#24 OLM: Predicted probabilities by age

Ordinal or nominal?

o

o



* Alternative models for ordinal outcomes
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Overview of ordinal LHS
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Part 12: Count outcomes
Read and run

Roadmap

Howmany times does the spinner land on green?

Explaining count outcomes
Chance alone

Chance and heterogeneity

Overview

o
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The Poisson Process
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#11 & 12 Plotting a Poisson PDF ( crm couart.do)
. poisson art, nolog 
 
Poisson regression                                Number of obs   =        915 
                                                  LR chi2(0)      =       0.00 
                                                  Prob > chi2     =          . 
Log likelihood = -1742.5735                       Pseudo R2       =     0.0000 
 
------------------------------------------------------------------------------ 
         art |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       _cons |   .5264408   .0254082    20.72   0.000     .4766416      .57624 
------------------------------------------------------------------------------ 
 
. * create variables with mean predictions 
. mgen, pr(0/10) meanpred stub(pdf)  
  <snip> 
 
. label var pdfpreq "Poisson PDF" // label for plot 
. label var pdfobeq "Observed Probability" // label for plot 
 

 

. list pdfval pdfobeq pdfpreq in 1/12, clean 
 
       pdfval    pdfobeq    pdfpreq   
  1.        0   .3005464   .1839859   
  2.        1   .2688525    .311469   
  3.        2   .1945355   .2636424   
  4.        3   .0918033    .148773   
  5.        4    .073224   .0629643   
  6.        5   .0295082   .0213184   
  7.        6   .0185792    .006015   
  8.        7   .0131148   .0014547   
  9.        8   .0010929   .0003078   
 10.        9   .0021858   .0000579   
 11.       10   .0010929   9.80e-06   
 12.        .          .          .  

twoway connected pdfobeq pdfpreq pdfval, /// 
    msym(O s) msiz(2 2.4) mcol(black red) lcol(black red) lpat(dash dash) /// 
    ytitle("Pr(y = k)") xtitle("Number of articles") /// 
    ylab(0(.1).4, grid gmax gmin) xlab(0(1)9, nogrid)  



The BIG idea of heterogeneity



The Poisson regression model (PRM)
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PRMwith a single continuous regressor

PRMwith a single continuous regressor at large mean counts

o



ML estimation

N
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Example of scientific productivity

. use couart4, clear 
(couart4.dta | Long data on productivity of biochemists | 2013-07-15) 
 

. nmlab art fem mar kid5 phd ment 
 

art   Articles in last 3 yrs of PhD 
fem   Gender: 1=female 0=male 
mar   Married: 1=yes 0=no 
kid5  Number of children < 6 
phd   PhD prestige 
ment  Article by mentor in last 3 yrs 
 
. sum art fem mar kid5 phd ment 
 

    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
         art |       915    1.692896    1.926069          0         19 
         fem |       915    .4601093    .4986788          0          1 
         mar |       915    .6622951     .473186          0          1 
        kid5 |       915     .495082      .76488          0          3 
         phd |       915    3.103109    .9842491       .755       4.62 
        ment |       915    8.767213    9.483916          0         77 
 

. poisson art i.fem i.mar kid5 phd ment 
 
Poisson regression                                Number of obs   =        915 
                                                  LR chi2(5)      =     183.03 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -1651.0563                       Pseudo R2       =     0.0525 
 
------------------------------------------------------------------------------ 
         art |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
      female | 
     Female  |  -.2245942   .0546138    -4.11   0.000    -.3316352   -.1175532 
             | 
     married | 
    Married  |   .1552434   .0613747     2.53   0.011     .0349512    .2755356 
        kid5 |  -.1848827   .0401272    -4.61   0.000    -.2635305   -.1062349 
         phd |   .0128226   .0263972     0.49   0.627     -.038915    .0645601 
      mentor |   .0255427   .0020061    12.73   0.000     .0216109    .0294746 
       _cons |   .3046168   .1029822     2.96   0.003     .1027755    .5064581 
------------------------------------------------------------------------------ 

phd
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#22 Factor change in rate
. listcoef fem ment, help 
 

poisson (N=915): Factor change in expected count 
 

  Observed SD:  1.9261 
 

             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
      female | 
     Female  |    -0.2246   -4.112    0.000     0.799     0.894     0.499 
      mentor |     0.0255   12.733    0.000     1.026     1.274     9.484 
------------------------------------------------------------------------- 
     e^b = exp(b) = factor change in expected count for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in expected count for SD increase in X 
 

. listcoef fem ment, percent help 
 

poisson (N=915): Percentage change in expected count 
 

  Observed SD:  1.9261 
 

             |          b        z    P>|z|         %     %StdX     SDofX 
-------------+----------------------------------------------------------- 
      female | 
     Female  |    -0.2246   -4.112    0.000     -20.1     -10.6     0.499 
      mentor |     0.0255   12.733    0.000       2.6      27.4     9.484 
------------------------------------------------------------------------- 
       % = percent change in expected count for unit increase in X 
   %StdX = percent change in expected count for SD increase in X 

             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
      female | 
     Female  |    -0.2246   -4.112    0.000     0.799     0.894     0.499 
 

 

             |          b        z    P>|z|         %     %StdX     SDofX 
-------------+----------------------------------------------------------- 
      mentor |     0.0255   12.733    0.000       2.6      27.4     9.484 
 



#22 Plotting the rate
. margins, atmeans at(ment=(0(5)50)) 
. marginsplot, ylabel(0(1)6, grid gmin gmax) 

Marginal effects on rates are not constant
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#23 DCM in the rate
. mchange female kid5, amount(one) atmean 
 
poisson: Changes in mu | Number of obs = 915 
 
Expression: Predicted number of art, predict() 
 
                   |    Change    p-value  
-------------------+---------------------- 
female             |                       
    Female vs Male |    -0.359      0.000  
kid5               |                       
                +1 |    -0.272      0.000  
<snip> 
1: Estimates with margins option atmeans 

 

#25 DCM in rate at mean with CIs

. qui mtable, at(fem=0) atmeans ci rowname(Men) 

. qui mtable, at(fem=1) atmeans ci rowname(Women) below 

. mtable, dydx(fem) atmeans ci rowname(Diff)  below 
 

Expression: Predicted number of art, predict() 
 

           |       mu        ll        ul 
 ----------+----------------------------- 
       Men |    1.785     1.664     1.907 
     Women |    1.426     1.310     1.542 
      Diff |   -0.359    -0.529    -0.190 
 

Specified values of covariates 
           |                   1.                                      1. 
           |   female    married      kid5       phd    mentor    female 
 ----------+------------------------------------------------------------ 
     Set 1 |        0       .662      .495       3.1      8.77         . 
     Set 2 |        1       .662      .495       3.1      8.77         . 
   Current |        .       .662      .495       3.1      8.77       .46 
 

#23 Aside: ADC in the rate
. mchange female kid5, amount(one) 
 
poisson: Changes in mu | Number of obs = 915 
 
Expression: Predicted number of art, predict() 
 
                |    Change    p-value  
----------------+---------------------- 
female          |                       
 Female vs Male |    -0.375      0.000  
kid5            |                       
             +1 |    -0.286      0.000  
 



#24 Relationship between exp( ) and DCM

. listcoef fem, percent 
 

poisson (N=915): Percentage Change in Expected Count  
 

       art |      b         z     P>|z|      %      %StdX      SDofX 
-----------+-------------------------------------------------------- 
     1.fem |  -0.22459   -4.112   0.000    -20.1    -10.6     0.4987 
-------------------------------------------------------------------- 

. qui mtable, at(fem=0) atmeans stat(est ll ub) rowname(Men) 

. qui mtable, at(fem=1) atmeans stat(est ll ub) rowname(Women) below 

. mtable, dydx(fem) atmeans stat(est ll ub) below rowname(Diff) 
 
           |       mu        ll        ul 
 ----------+----------------------------- 
       Men |    1.785     1.664     1.907 
     Women |    1.426     1.310     1.542 
      Diff |   -0.359    -0.529    -0.190 
 
. di 100*(-0.359/1.785) 
-20.112045 
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 . mtable, dydx(fem) atmeans ci rowname(Diff)  below 
  

 Expression: Predicted number of art, predict() 
  

           |       mu        ll        ul 
  ----------+----------------------------- 
        Men |    1.785     1.664     1.907 
      Women |    1.426     1.310     1.542 
       Diff |   -0.359    -0.529    -0.190 
 

o

#27 Comparing probabilities for men and women
. qui mtable, at(fem=0) atmeans pr(0/5) stat(est)   clear roweq(Men) 
. qui mtable, at(fem=1) atmeans pr(0/5) stat(est)   below roweq(Women) 
. mtable,     dydx(fem) atmeans pr(0/5) stat(est p) below roweq(Change) 
 

Expression: Marginal effect of Pr(art), predict(pr()) <= from last mtable 
 

           |        0         1         2         3         4         5 
 ----------+----------------------------------------------------------- 
 Men       | 
         1 |    0.168     0.299     0.267     0.159     0.071     0.025 
 Women     | 
         1 |    0.240     0.343     0.244     0.116     0.041     0.012 
 Change    | 
   d Pr(y) |    0.072     0.043    -0.023    -0.043    -0.030    -0.014 
         p |    0.000     0.000     0.000     0.000     0.000     0.000 

o



Assessing models with average predictions
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mgen,meanpred

#31 Predictions for 1st two observations
. list art fem mar kid5 phd ment in 1/2, nolabel clean 
 

       art   fem   mar   kid5    phd   ment   
  1.     0     0     1      0   2.52      7   
  2.     0     1     0      0   2.05      6   
 

. qui mtable, at(fem=0 mar=1 kid5=0 phd=2.52 ment=7) /// 
>     pr(0/5) atmeans rowname(case1) colstub(pr) 
. mtable, at(fem=1 mar=0 kid5=0 phd=2.05 ment=6) /// 
>     pr(0/5) atmeans below rowname(case2) colstub(pr) 
 

Expression: Pr(art), predict(pr()) 
 

        |      pr0       pr1       pr2       pr3       pr4       pr5 
--------+----------------------------------------------------------- 
  case1 |    0.141     0.277     0.271     0.176     0.086     0.034 
  case2 |    0.274     0.355     0.230     0.099     0.032     0.008 
 

Specified values of covariates 
 

           |   female   married      kid5       phd    mentor 
 ----------+------------------------------------------------- 
     Set 1 |        0         1         0      2.52         7 
   Current |        1         0         0      2.05         6 

#32 predict for all observation
. predict estpr0, pr(0) 
. predict estpr1, pr(1) 
. predict estpr2,pr(2) 
 
. list estpr0-estpr2 art fem mar kid5 phd ment in 1/2, nolabel clean 
 
         estpr0     estpr1     estpr2   art   fem   mar   kid5    phd   ment   
  1.   .1414034   .2766047   .2705385     0     0     1      0   2.52      7   
  2.   .2735238   .3545871   .2298374     0     1     0      0   2.05      6   
 
. * average predictions for all observations 
 
. sum estpr* 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+-------------------------------------------------------- 
      estpr0 |       915    .2092071    .0794247   .0000659   .4113403 
      estpr1 |       915    .3098447    .0634931   .0006345   .3678775 
      estpr2 |       915     .242096    .0311473   .0030544   .2706704 
 

mgen,meanpred



#33mgen for average predictions
. mgen, pr(0/9) meanpred stub(prm) 
 
Variable   Obs Unique       Mean        Min       Max  Label 
------------------------------------------------------------------------------ 
prmval      10     10        4.5          0         9  Articles in last 3 ... 
prmobeq     10     10   .0993443   .0010929  .3005464  Observed proportion 
prmoble     10     10   .8328962   .3005464  .9934427  Observed cum. propo... 
prmpreq     10     10   .0998819   .0009304  .3098447  Avg predicted Pr(y=#) 
prmprle     10     10   .8308733   .2092071  .9988188  Avg predicted cum. P.. 
prmob_pr    10     10  -.0005376  -.0475604  .0913393  Observed - Avg Pr(y=#) 
------------------------------------------------------------------------------ 
 
. list art prmval prmpreq prmobeq in 1/12, nodisplay clean 
 
       art   prmval    prmpreq    prmobeq 
  1.     0        0   .2092071   .3005464 
  2.     0        1   .3098447   .2688525 
  3.     0        2   .242096    .1945355 
  4.     0        3   .1346656   .0918033 
  5.     0        4   .0611696    .073224 
  6.     0        5   .0249554   .0295082 
  7.     0        6   .0099346   .0185792 
  8.     0        7   .0041384   .0131148 
  9.     0        8    .001877   .0010929 
 10.     0        9   .0009304   .0021858 
 11.     0        .          .          . 

#34 distribution of observed counts
. tab art 
 
Articles in | 
 last 3 yrs | 
     of PhD |      Freq.     Percent        Cum. 
------------+----------------------------------- 
          0 |        275       30.05       30.05  <= see prmobeq from mgen 
          1 |        246       26.89       56.94  <= see prmobeq from mgen 
          2 |        178       19.45       76.39  <= see prmobeq from mgen 
          3 |         84        9.18       85.57 
          4 |         67        7.32       92.90 
          5 |         27        2.95       95.85 
          6 |         17        1.86       97.70 
<snip> 
         12 |          2        0.22       99.78 
         16 |          1        0.11       99.89 
         19 |          1        0.11      100.00 
------------+----------------------------------- 
      Total |        915      100.00 

#35 plotting observed probabilities and mean predictions
. twoway connected prmobeq prmpreq prmval, /// 
>     msym(O d) msiz(2 2.4) mcol(gs6 green) lcol(gs6 green) lpat(dot dot) /// 
>     ytitle("Pr(y = k)") xtitle("Number of articles") /// 
>     ylab(0(.1).4, grid gmax gmin) xlab(0(1)9, nogrid) 

 

#35 Observed probabilities and average predictions from PRM



Negative binomial regression model
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Continuous mixing (the Poisson gammamixture model)
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Gamma distributions with varying parameters

Negative binomial distribution
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#41 The NBRM for articles
. nbreg art i.fem i.mar kid5 phd ment, nolog 
 
Negative binomial regression                      Number of obs   =        915 
                                                  LR chi2(5)      =      97.96 
Dispersion     = mean                             Prob > chi2     =     0.0000 
Log likelihood = -1560.9583                       Pseudo R2       =     0.0304 
 
------------------------------------------------------------------------------ 
         art |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       1.fem |  -.2164184   .0726724    -2.98   0.003    -.3588537   -.0739832 
       1.mar |   .1504895   .0821063     1.83   0.067    -.0104359    .3114148 
        kid5 |  -.1764152   .0530598    -3.32   0.001    -.2804105     -.07242 
         phd |   .0152712   .0360396     0.42   0.672    -.0553652    .0859075 
        ment |   .0290823   .0034701     8.38   0.000     .0222811    .0358836 
       _cons |    .256144   .1385604     1.85   0.065    -.0154294    .5277174 
-------------+---------------------------------------------------------------- 
    /lnalpha |  -.8173044   .1199372                     -1.052377   -.5822318 
-------------+---------------------------------------------------------------- 
       alpha |   .4416205   .0529667                      .3491069    .5586502 
------------------------------------------------------------------------------ 
Likelihood-ratio test of alpha=0:  chibar2(01) =  180.20 Prob>=chibar2 = 0.000 
 

#42 Comparing PRM and NBRM
. estimates table prm nbrm, stats(N bic r2_p) b(%9.3f) t(%6.2f) eform 
 
-------------------------------------- 
    Variable |    prm        nbrm      
-------------+------------------------ 
      fem 1  |     0.799       0.805   
             |     -4.11       -2.98   
      mar 1  |     1.168       1.162   
             |      2.53        1.83   
        kid5 |     0.831       0.838   
             |     -4.61       -3.32   
         phd |     1.013       1.015   
             |      0.49        0.42   
        ment |     1.026       1.030   
             |     12.73        8.38   
       _cons |     1.356       1.292   
             |      2.96        1.85   
-------------+------------------------ 
lnalpha_cons |                 0.442   
             |                 -6.81   
-------------+------------------------ 
Statistics   |                         
           N |       915         915   
         bic |  3343.026    3169.649   
        r2_p |     0.053       0.030   
-------------------------------------- 
                           legend: b/t  
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Likelihood-ratio test of alpha=0: chibar2(01) = 180.20 Prob>=chibar2 = 0.000 
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#43 Comparing rates
. estimates restore nbrm 
. mgen, at(ment=(0(2)50)) atmeans stub(NB) 
 
Predictions from: margins, at(ment=(0(2)50)) atmeans 
 
Variable   Obs Unique      Mean       Min       Max  Label 
------------------------------------------------------------------------------ 
NBmu        26     26   2.82001  1.241455  5.314301  mean art from margins 
NBll        26     26  2.333907  1.122784  3.825262  95% lower limit 
NBul        26     26  3.306114  1.360127   6.80334  95% upper limit 
NBment      26     26        25         0        50  Mentor's arts last 3... 
------------------------------------------------------------------------------ 
 
Specified values of covariates 
 
        1.         1.                       
   female    married       kid5        phd  
------------------------------------------- 
 .4601093   .6622951    .49508    3.103109 
 
. estimates restore prm 
. mgen, at(ment=(0(2)50)) atmeans stub(PR) 
<snip> 
 



#44 Comparing probabilities of 0
. estimates restore nbrm 
. mgen, at(ment=(0(2)50)) pr(0/9) atmeans stub(NB) 
 
Predictions from: margins, at(ment=(0(2)50)) atmeans predict(pr(9)) 
 
Variable Obs Unique      Mean       Min       Max  Label 
------------------------------------------------------------------------------ 
NBpr0     26     26  .1939652  .0648641   .371642  pr(y=0) from margins 
NBll0     26     26  .1615177  .0318453  .3382501  95% lower limit 
NBul0     26     26  .2264127  .0978828  .4050339  95% upper limit 
NBment    26     26        25         0        50  Mentor's articles last 3... 
<snip> 
------------------------------------------------------------------------------ 
 
Specified values of covariates 
 
        1.         1.                       
   female    married       kid5        phd  
------------------------------------------- 
 .4601093   .6622951    .495082   3.103109 
 
estimates restore prm 
. mgen, at(ment=(0(2)50)) pr(0/9) atmeans stub(PR) 
<snip> 



Average predictions

Zero modified count models
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Step 1: Model group membership as a BRM
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Step 2: Model counts in Group S as PRM or NBRM
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Step 3: Model counts in Group A (always 0)
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Two types of zeroes
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#51 Estimation of ZIP
. zip art i.fem i.mar kid5 phd ment, inflate(i.fem i.mar kid5 phd ment) nolog 
 

Zero-inflated Poisson regression                  Number of obs   =        915 
                                                  Nonzero obs     =        640 
                                                  Zero obs        =        275 
Inflation model = logit                           LR chi2(5)      =      78.56 
Log likelihood  = -1604.773                       Prob > chi2     =     0.0000 
 

         art |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
art          | 
       1.fem |  -.2091446   .0634047    -3.30   0.001    -.3334155   -.0848737 
       1.mar |    .103751    .071111     1.46   0.145     -.035624     .243126 
        kid5 |  -.1433196   .0474293    -3.02   0.003    -.2362793   -.0503599 
         phd |  -.0061662   .0310086    -0.20   0.842     -.066942    .0546096 
        ment |   .0180977   .0022948     7.89   0.000     .0135999    .0225955 
       _cons |    .640839   .1213072     5.28   0.000     .4030814    .8785967 
inflate      | 
       1.fem |   .1097465   .2800813     0.39   0.695    -.4392028    .6586958 
       1.mar |  -.3540107   .3176103    -1.11   0.265    -.9765155    .2684941 
        kid5 |   .2171001    .196481     1.10   0.269    -.1679956    .6021958 
         phd |   .0012702   .1452639     0.01   0.993    -.2834418    .2859821 
        ment |   -.134111   .0452461    -2.96   0.003    -.2227918   -.0454302 
       _cons |  -.5770618   .5093853    -1.13   0.257    -1.575439     .421315 
------------------------------------------------------------------------------ 



#51 factor change coefficients for ZIP
listcoef, help 
 
zip (N=915): Factor change in expected count  
 
  Observed SD:  1.9261 
 
Count equation: Factor change in expected count for those not always 0 
 
------------------------------------------------------------------------- 
             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
      female | 
     Female  |    -0.2091   -3.299    0.001     0.811     0.901     0.499 
             | 
     married | 
    Married  |     0.1038    1.459    0.145     1.109     1.050     0.473 
        kid5 |    -0.1433   -3.022    0.003     0.866     0.896     0.765 
         phd |    -0.0062   -0.199    0.842     0.994     0.994     0.984 
      mentor |     0.0181    7.886    0.000     1.018     1.187     9.484 
    constant |     0.6408    5.283    0.000         .         .         . 
------------------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in expected count for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in expected count for SD increase in X 
   SDofX = standard deviation of X 

Binary equation: factor change in odds of always 0 
------------------------------------------------------------------------- 
             |          b        z    P>|z|       e^b   e^bStdX     SDofX 
-------------+----------------------------------------------------------- 
      female | 
     Female  |     0.1097    0.392    0.695     1.116     1.056     0.499 
             | 
     married | 
    Married  |    -0.3540   -1.115    0.265     0.702     0.846     0.473 
        kid5 |     0.2171    1.105    0.269     1.242     1.181     0.765 
         phd |     0.0013    0.009    0.993     1.001     1.001     0.984 
      mentor |    -0.1341   -2.964    0.003     0.874     0.280     9.484 
    constant |    -0.5771   -1.133    0.257         .         .         . 
------------------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 
   SDofX = standard deviation of X 

#52 Plotting sometimes 0's and total 0's from ZIP



#52 Comparing mean rates for ZIP and NBRM

Comparisons among count models
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Lambert plot: summarizing mean predictions

#62 LR tests of nested models

. qui zip art fem mar kid5 phd ment, inflate(fem mar kid5 phd ment) 

. est store zip 

. qui zinb art fem mar kid5 phd ment, inf(fem mar kid5 phd ment) 

. est store zinb 
 
. lrtest zip zinb, force 
 
Likelihood-ratio test                            LR chi2(1)  =    109.56 
(Assumption: zip nested in zinb)                 Prob > chi2 =    0.0000 
 

#63 Vuong test of non nested models
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. zip art i.fem mar kid5 phd ment, /// 
>     inflate(i.fem mar kid5 phd ment) vuong nolog 
  <snip> 
 
Vuong test of zip vs. standard Poisson:            z =     4.18  Pr>z = 0.0000 
 
. zinb art i.fem mar kid5 phd ment, /// 
>     inflate(i.fem mar kid5 phd ment) vuong nolog 
  <snip> 
 
Vuong test of zinb vs. standard negative binomial: z =     2.24  Pr>z = 0.0125 

countfit

#63 countfit
. countfit art i.fem i.mar kid5 phd ment, /// 
>          inf(i.fem i.mar kid5 phd ment)  
 
-------------------------------------------------------------------------------- 
                      Variable |    PRM        NBRM         ZIP        ZINB      
-------------------------------+------------------------------------------------ 
art                            | 
                        female | 
                       Female  |     0.799       0.805       0.811       0.822   
                               |     -4.11       -2.98       -3.30       -2.59   
                       married | 
                      Married  |     1.168       1.162       1.109       1.103   
                               |      2.53        1.83        1.46        1.16   
                 # of kids < 6 |     0.831       0.838       0.866       0.859   
                               |     -4.61       -3.32       -3.02       -2.80   
                  PhD prestige |     1.013       1.015       0.994       0.999   
                               |      0.49        0.42       -0.20       -0.02   
        Mentor's # of articles |     1.026       1.030       1.018       1.025   
                               |     12.73        8.38        7.89        7.10   
                      Constant |     1.356       1.292       1.898       1.517   
                               |      2.96        1.85        5.28        2.90   
-------------------------------+------------------------------------------------ 
lnalpha                        | 
                      Constant |                 0.442                   0.377   
                               |                 -6.81                   -7.21  .  
 plus inflation results  



Comparison of Mean Observed and Predicted Count 
 
            Maximum       At      Mean 
Model     Difference    Value    |Diff| 
--------------------------------------------- 
PRM         0.091         0      0.026 
NBRM       -0.015         3      0.006 
ZIP         0.054         1      0.015 
ZINB       -0.019         3      0.008 
 
PRM: Predicted and actual probabilities 
 
Count   Actual    Predicted    |Diff|   Pearson 
------------------------------------------------ 
0        0.301       0.209      0.091    36.489 
1        0.269       0.310      0.041     4.962 
2        0.195       0.242      0.048     8.549 
3        0.092       0.135      0.043    12.483 
4        0.073       0.061      0.012     2.174 
5        0.030       0.025      0.005     0.760 
6        0.019       0.010      0.009     6.883 
7        0.013       0.004      0.009    17.815 
8        0.001       0.002      0.001     0.300 
9        0.002       0.001      0.001     1.550 
------------------------------------------------ 
Sum      0.993       0.999      0.259    91.964 

Tests and Fit Statistics 
 
PRM            BIC=  3343.026  AIC=  3314.113  Prefer  Over  Evidence 
------------------------------------------------------------------------- 
  vs NBRM      BIC=  3169.649  dif=   173.377  NBRM    PRM   Very strong 
               AIC=  3135.917  dif=   178.196  NBRM    PRM 
               LRX2=  180.196  prob=    0.000  NBRM    PRM   p=0.000 
------------------------------------------------------------------------- 
  vs ZIP       BIC=  3291.373  dif=    51.653  ZIP     PRM   Very strong 
               AIC=  3233.546  dif=    80.567  ZIP     PRM 
               Vuong=   4.180  prob=    0.000  ZIP     PRM   p=0.000 
------------------------------------------------------------------------- 
  vs ZINB      BIC=  3188.628  dif=   154.398  ZINB    PRM   Very strong 
               AIC=  3125.982  dif=   188.131  ZINB    PRM 
------------------------------------------------------------------------- 
NBRM           BIC=  3169.649  AIC=  3135.917  Prefer  Over  Evidence 
------------------------------------------------------------------------- 
  vs ZIP       BIC=  3291.373  dif=  -121.724  NBRM    ZIP   Very strong 
               AIC=  3233.546  dif=   -97.629  NBRM    ZIP 
------------------------------------------------------------------------- 
  vs ZINB      BIC=  3188.628  dif=   -18.979  NBRM    ZINB  Very strong 
               AIC=  3125.982  dif=     9.935  ZINB    NBRM 
               Vuong=   2.242  prob=    0.012  ZINB    NBRM  p=0.012 
------------------------------------------------------------------------- 
ZIP            BIC=  3291.373  AIC=  3233.546  Prefer  Over  Evidence 
------------------------------------------------------------------------- 
  vs ZINB      BIC=  3188.628  dif=   102.745  ZINB    ZIP   Very strong 
               AIC=  3125.982  dif=   107.564  ZINB    ZIP 
               LRX2=  109.564  prob=    0.000  ZINB    ZIP   p=0.000 

Commands andmodel extensions
predict gnbreg nbreg poisson
xtgee xtnbreg xtpoisson zinb zip

predict pr( ) pr( )

pr( )

pr( , )

margins m*

tnbreg
tpoisson
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Part 15: Conclusions
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** Part 9: Comparing groups
Amotivating example

Read and run

Statistical and substantive issues



Group comparisons in the LRM
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Gender differences in tenure
Variable       Mean   StdDev  Minimum  Maximum  Label                   
------------------------------------------------------------------------- 
tenure         0.12     0.33     0.00     1.00  Is tenured?             
female         0.38     0.48     0.00     1.00  Scientist is female?    
year           3.86     2.30     1.00    10.00  Years in rank.          
yearsq        20.17    22.15     1.00   100.00  Years in rank squared.  
select         5.00     1.41     1.00     7.00  Selectivity of bachelor's 
articles       7.05     6.58     0.00    73.00  Total number of articles. 
prestige       2.65     0.78     0.65     4.80  Prestige of department. 
presthi        0.05     0.21     0.00     1.00  Prestige is 4 or higher? 
------------------------------------------------------------------------- 
N = 2797 (person-years)



Testing group differences in the BRM
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#2 M1: dummy variable for gender
year yearsq

select pres

female

tharticles i

  Odds of: Tenure vs NoTenure 
 
    tenure |      b         z     P>|z|    e^b    e^bStdX      SDofX 
-----------+-------------------------------------------------------- 
    female |  -0.35260   -2.677   0.007   0.7029   0.8429     0.4849 
      year |   1.69865   10.426   0.000   5.4666  49.9816     2.3028 
c.year#c.y.|  -0.12295   -8.748   0.000   0.8843   0.0656    22.1512 
    select |   0.12228    2.699   0.007   1.1301   1.1878     1.4075 
  articles |   0.04948    5.986   0.000   1.0507   1.3845     6.5757 
   presthi |  -1.05052   -2.662   0.008   0.3498   0.8009     0.2113 
-------------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 

female year yearsq

select articles presthi

female year yearsq

select articles presthi
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BRMwith 's differing by group
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Linear model for y*

Computing Pr(y) from y*
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#4 M2: articles and gender
logit (N=2797): Factor Change in Odds 
 
  Odds of: Tenure vs NoTenure 
 
WOMEN              b         z     P>|z|    e^b    e^bStdX   
----------------------------------------------------------- 
    constant   -2.50116  -17.858   0.000   0.0820   0.2974   
    articles    0.04714    4.490   0.000   1.0483   1.3150   
 

MEN                b         z     P>|z|    e^b    e^bStdX   
----------------------------------------------------------- 
    constant   -2.72101  -22.402   0.000   0.0658   0.2673  
    articles    0.10239    9.756   0.000   1.1078   1.8054  
 

---------------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 
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Adding variables
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#7 M3: articles and prestigious jobs
logit (N=2797): Factor Change in Odds  
 
  Odds of: Tenure vs NoTenure 
 
WOMEN              b         z     P>|z|    e^b    e^bStdX   
----------------------------------------------------------- 
    constant   -2.60432  -17.320   0.000   0.0740   0.2829 
    articles    0.06761    5.358   0.000   1.0699   1.4811  
     presthi   -1.98396   -2.685   0.007   0.1375   0.7484  
 
 
MEN                b         z     P>|z|    e^b    e^bStdX  
----------------------------------------------------------- 
    constant   -2.71499  -22.268   0.000   0.0662   0.2681 
    articles    0.10554    9.890   0.000   1.1113   1.8385  
     presthi   -0.94529   -2.058   0.040   0.3886   0.8627  



#10 M4: full model for women
logit (N= 2797): Factor Change in Odds  
 
  Odds of: Tenure vs NoTenure 
 
WOMEN              b         z     P>|z|    e^b    e^bStdX  
----------------------------------------------------------- 
    constant   -5.84198   -6.747   0.000   0.0029   0.0589 
        year    1.40777    5.472   0.000   4.0868  30.1273  
      yearsq   -0.09559   -4.364   0.000   0.9088   0.1857  
      select    0.05513    0.769   0.442   1.0567   1.1534  
 

    articles    0.03395    2.693   0.007   1.0345   1.2181  
    prestige   -0.37079   -2.376   0.017   0.6902   0.6013  
 

----------------------------------------------------------- 
       b = raw coefficient 
       z = z-score for test of b=0 
   P>|z| = p-value for z-test 
     e^b = exp(b) = factor change in odds for unit increase in X 
 e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 

#10 M4: full model for men
logit (N= 2797): Factor Change in Odds  
 
  Odds of: Tenure vs NoTenure 
 
 MEN                b         z     P>|z|    e^b    e^bStdX  
 ----------------------------------------------------------- 
     constant   -7.68016  -11.271   0.000   0.0005   0.0241 
         year    1.90885    8.915   0.000   6.7454 130.9789  
       yearsq   -0.14322   -7.699   0.000   0.8666   0.0622  
       select    0.21577    3.513   0.000   1.2408   1.7711  
 

     articles    0.07369    6.367   0.000   1.0765   1.5299  
     prestige   -0.43119   -3.963   0.000   0.6497   0.5418  
  

 ----------------------------------------------------------- 
        b = raw coefficient 
        z = z-score for test of b=0 
    P>|z| = p-value for z-test 
      e^b = exp(b) = factor change in odds for unit increase in X 
  e^bStdX = exp(b*SD of X) = change in odds for SD increase in X 





Conclusions




