RESULTS INSPECTIONS EQUATIONS

In the last discussion about the coefficients of INSPSEINCOCUM, etc. we had in the last e-mails I committed a mistake: we discuss the sign and significance level of the coefficients according to the Unconditional Logit model when, under fixed-effects, these are inconsistent.

Ok, does this mean that we shouldn’t be trying to interpret the coefficients in the unconditional model? Then, do you wish to proceed with a conditional model for interpretation purposes and an unconditional model for fitting PINSP? 

This is what I do in Chapter 8. I say exactly this in the first paragraph. Although I should not say biased but inconsistent. 

What I did not include yet is the Hausman test to test whether there is indeed plant heterogeneity (fixed-effects). Here it is.

Under the null hypothesis H0)
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, both the Conditional Logit estimator (CLE) and the Unconditional Logit estimator (LE) are consistent, but the CLE is inefficient because it fails to use the information in H0. Under the alternative of plant heterogeneity, the LE is inconsistent whereas Chamberlain´s CLE is consistent and efficient. The Hausman test chi squared statistic is the following:
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For the unconditional logit estimator the row and column corresponding to the constant term are dropped from the estimated covariance matrix. 

I have never done this test so I did it twice. The first one uses the Unconditional Logit with the variables that the Conditional Logit drops due to no within plant variance (PTY, TANNERY, WOOL). These are the result of this test:

Hausman test for fixed effects between the Conditional Logit and the Unconditional Logit with all the variables

                


---- Coefficients ----

            
 
|      (b)
(B)            
(b-B)   sqrt(diag(V_b-V_B))

            
 
|     Prior       Current       Difference        S.E.

-------------+-------------------------------------------------------------

     inspcum 

|  -.0916737    .0922529        -.1839266      .021359

    inspothercum
|  -.0054948  
-.0061016         .0006067     .0007307

    inspseinco 
|  -.0712 
-.0224059        -.0487941     .0183706

       eacum 

|   .0449068    .1213851        -.0764782     .0298556

         vol 

|   .0115318    .0097417         .0017901     .0009065

          rf 

|   .386396      .0897407         .2966553     .1004132

    duringplan 
|  -.2553775   -.2277896        -.0275878     .0403747

    1997-1998
 
|  1.418698    1.449561        -.0308636     .0338891

    carrasco1999
|  2.195768    1.807132         .3886357     .1526707

      stream |    .397676     .2472767         .1503993      .560469

---------------------------------------------------------------------------

                b = less efficient estimates obtained previously from clogit

                B = fully efficient estimates obtained from logit

    Test:  Ho:  difference in coefficients not systematic

                chi2( 10) = (b-B)'[(V_b-V_B)^(-1)](b-B)

                          =   117.00

                          Prob>chi2 =     0.0000

As I say, I think that this model are not comparable (you could do me the favor of asking Bernie, if you wish). In case they are not, which is the most probable I repeated the test for the two regressions with the same variables (I ran the Uncoditional LE without PTY, TANNERY and WOOL).

Here are the results of this second test:

Hausman test for fixed effects between the Conditional Logit and the Unconditional Logit with same variables
               

 ---- Coefficients ----

 


|      (b)          (B)           
(b-B)   sqrt(diag(V_b-V_B))

             

|     Prior       Current      Difference        S.E.

-------------+-------------------------------------------------------------

    inspcum 

|  -.0916737      .126457      -.2181306     .0226333

    inspothercum
|  -.0054948    -.0059391       .0004443     .0007949

    inspseincocum
|     -.0712    -.0055252         -.0656747     .0189373

       eacum 

|   .0449068     .1645649       -.119658     .0320665

         vol 

|   .0115318      .009333             .0021988     .0010078

          rf 

|    .386396     .1035495               .2828465     .1023797

    duringplan
|  -.2553775    -.2204718     -.0349057     .0465864

    1997-1998 

|   1.418698       1.4667        -.0480024     .0363595

    carrasco1999
|   2.195768     1.758647        .4371204     .1586871

      stream 

|    .397676      .127416           .27026      .561159

---------------------------------------------------------------------------

                b = less efficient estimates obtained previously from clogit

                B = fully efficient estimates obtained from logit

Test:  Ho:  difference in coefficients not systematic

chi2( 10) = (b-B)'[(V_b-V_B)^(-1)](b-B)

=   188.06

Prob>chi2 =     0.0000

In both cases it is very clear that I should reject the null of no fixed effects in favor of the alternative of fixed effects. So now I have the test to proceed as said above and in Chapter 8: use the ULE to fit PINSP and the CLE to analyze coefficients.

IMM HAUSMAN TEST

. hausman

                ---- Coefficients ----

             |      (b)          (B)            (b-B)   sqrt(diag(V_b-V_B))

             |     Prior       Current       Difference        S.E.

-------------+-------------------------------------------------------------

inspimmtot~m |   -.210303     .1611335        -.3714366     .0428569

inspimmoth~m |  -.0090959    -.0098929          .000797     .0014119

inspseinco~m |  -.1349424    -.0340164         -.100926     .0288899

 finedimmcum |   .9895171     .6848828         .3046343     .2513618

         vol |   -.001576    -.0021678         .0005918            .

          rf |   .4235635     .1744571         .2491064     .1352236

  duringplan |   -.445678    -.3611685        -.0845095     .0375649

insp19971998 |   1.919823     1.961591        -.0417679     .0444875

      stream |   1.150011     .0141088         1.135902     .7750638

---------------------------------------------------------------------------

                b = less efficient estimates obtained previously from clogit

                B = fully efficient estimates obtained from logit

    Test:  Ho:  difference in coefficients not systematic

                chi2(  9) = (b-B)'[(V_b-V_B)^(-1)](b-B)

                          =    98.70

                          Prob>chi2 =     0.0000

.

DCA HAUSMAN TEST

SEINCO HAUSMAN TEST

. hausman

                ---- Coefficients ----

             |      (b)          (B)            (b-B)   sqrt(diag(V_b-V_B))

             |     Prior       Current       Difference        S.E.

-------------+-------------------------------------------------------------

inspseinco~m |  -.1319832      .071892        -.2038752     .0139935

  inspimmcum |  -.0532841     .1055921        -.1588762      .040652

  inspdcacum |   .2824613     .1039542         .1785071     .0481782

      stream |  -.1906383       .02031        -.2109483     1.269941

---------------------------------------------------------------------------

                b = less efficient estimates obtained previously from clogit

                B = fully efficient estimates obtained from logit

    Test:  Ho:  difference in coefficients not systematic

                chi2(  4) = (b-B)'[(V_b-V_B)^(-1)](b-B)

                          =   238.63

                          Prob>chi2 =     0.0000

If so, do you have a justification that the unconditional model will provide a reasonable fit, despite biased coefficients? 

No. I do not have. This issue is the justification for running the unconditional with pty, tannery and wool. But I do not think I should go on adding variables to find a better fit…..well, I may need your opinion here. I have a trade –off: adding variables vs. running the same Conditional Logit and Unconditional Logit.

This issue of the bias gives me in fact two criteria to choose among different specifications of the Inspection Equation:

(1) Theoretical: based on the Conditional Logit estimation

(2) Practical: based on the goodness of fit of the Unconditional Logit, given that it is this estimation that I will use to fit my PINSP.

With these two criteria in mind I estimated two different models by Unconditional Logit and Conditional Logit. These models are:

Model 1: 

INSP = INSP (INSPCUM, EACUM, VOL, RF, PTY, TANNERY, WOOL, DURINGPLAN, 1997-1998, CARRASCO1999, STREAM)

Model 2:

INSP = INSP (INSPCUM, INSPOTHERCUM, INSPSEINCOCUM, EACUM, VOL, RF, PTY, TANNERY, WOOL, DURINGPLAN, 1997-19989, CARRASCO1999, STREAM)

Below are the results for Model 1 and Model 2, Unconditional and Conditional Logit estimation:

Model 1 – Unconditional Logit

	Dependent Variable: INSP

	Method: ML - Binary Logit (Quadratic hill climbing)

	Included observations: 3848

	Excluded observations: 876 after adjusting endpoints

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-3.547338
	0.674859
	-5.256411
	0.0000

	INSPCUM
	0.092997
	0.022759
	4.086158
	0.0000

	EACUM
	0.118993
	0.051238
	2.322372
	0.0202

	VOL
	0.010762
	0.006691
	1.608567
	0.1077

	RF
	0.088142
	0.131910
	0.668203
	0.5040

	PTY
	0.203814
	0.106090
	1.921134
	0.0547

	TANNERY
	0.454553
	0.124446
	3.652601
	0.0003

	WOOL
	0.637891
	0.218429
	2.920358
	0.0035

	DURINGPLAN
	-0.551751
	0.131350
	-4.200600
	0.0000

	1997-1998
	1.566183
	0.130383
	12.01216
	0.0000

	CARRASCO1999
	1.832109
	0.235742
	7.771653
	0.0000

	STREAM
	0.248720
	0.110538
	2.250085
	0.0244

	Mean dependent var
	0.149168
	    S.D. dependent var
	0.356301

	S.E. of regression
	0.341947
	    Akaike info criterion
	0.770456

	Sum squared resid
	448.5346
	    Schwarz criterion
	0.789963

	Log likelihood
	-1470.358
	    Hannan-Quinn criter.
	0.777385

	Restr. log likelihood
	-1621.023
	    Avg. log likelihood
	-0.382110

	LR statistic (11 df)
	301.3313
	    McFadden R-squared
	0.092945

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	3274
	     Total obs
	3848

	Obs with Dep=1
	574
	
	
	


Model 2 – Unconditional Logit

	Dependent Variable: INSP

	Method: ML - Binary Logit (Quadratic hill climbing)

	Included observations: 3848

	Excluded observations: 876 after adjusting endpoints

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-2.691106
	0.760593
	-3.538166
	0.0004

	INSPCUM
	0.092253
	0.022805
	4.045317
	0.0001

	INSPOTHERCUM
	-0.006102
	0.002558
	-2.385105
	0.0171

	INSPSEINCOCUM
	-0.022406
	0.022922
	-0.977484
	0.3283

	EACUM
	0.121385
	0.051333
	2.364660
	0.0180

	VOL
	0.009742
	0.006697
	1.454723
	0.1457

	RF
	0.089741
	0.132389
	0.677854
	0.4979

	PTY
	0.214920
	0.107034
	2.007972
	0.0446

	TANNERY
	0.456237
	0.125018
	3.649367
	0.0003

	WOOL
	0.638934
	0.219313
	2.913341
	0.0036

	DURINGPLAN
	-0.227790
	0.203350
	-1.120185
	0.2626

	1997-1998
	1.449561
	0.139220
	10.41203
	0.0000

	CARRASCO1999
	1.807132
	0.237886
	7.596644
	0.0000

	STREAM
	0.247277
	0.110558
	2.236620
	0.0253

	Mean dependent var
	0.149168
	    S.D. dependent var
	0.356301

	S.E. of regression
	0.341682
	    Akaike info criterion
	0.769988

	Sum squared resid
	447.6074
	    Schwarz criterion
	0.792747

	Log likelihood
	-1467.457
	    Hannan-Quinn criter.
	0.778071

	Restr. log likelihood
	-1621.023
	    Avg. log likelihood
	-0.381356

	LR statistic (13 df)
	307.1318
	    McFadden R-squared
	0.094734

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	3274
	     Total obs
	3848

	Obs with Dep=1
	574
	
	
	


Model 1 – Conditional Logit

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -1348.0792

Iteration 1:   log likelihood = -1270.5252

Iteration 2:   log likelihood = -1269.1297

Iteration 3:   log likelihood = -1269.1295

Number of obs   =       3848

LR chi2(8)      =     205.91

Prob > chi2     =     0.0000

Log likelihood = -1269.1295                       Pseudo R2       =     0.0750

------------------------------------------------------------------------------

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

-------------+----------------------------------------------------------------

inspcum 
|  -.0875736   .0310894    -2.82   0.005    -.1485077   -.0266394

eacum 
|   .0443881   .0593224     0.75   0.454    -.0718817    .1606578

vol 

|   .0113462   .0067681     1.68   0.094    -.0019191    .0246115

 rf 

|    .395685   .1667639     2.37   0.018     .0688337    .7225362

 duringplan 
|  -.3858121   .1340905    -2.88   0.004    -.6486246   -.1229995

1997-1998 
|    1.56723   .1323004    11.85   0.000     1.307926    1.826534

carrasco1999 
|   2.128016   .2786763     7.64   0.000      1.58182    2.674211

 stream 
|   .3474971   .5746875     0.60   0.545    -.7788697    1.473864

------------------------------------------------------------------------------

Model 2 – Conditional Logit

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -1347.5382

Iteration 1:   log likelihood = -1266.6701

Iteration 2:   log likelihood = -1265.2755

Iteration 3:   log likelihood = -1265.2753

Number of obs   =       3848

LR chi2(10)     =     213.61

Prob > chi2     =     0.0000

Log likelihood = -1265.2753                       Pseudo R2       =     0.0778

------------------------------------------------------------------------------

   insp 


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

-------------+----------------------------------------------------------------

inspcum 

|  -.0916737   .0312453    -2.93   0.003    -.1529133    -.030434

inspothercum 
|  -.0054948   .0026605    -2.07   0.039    -.0107093   -.0002804

inspseincocum 
|  -.0712   
.0293751    -2.42   0.015    -.1287742   -.0136258

eacum 

|   .0449068   .0593838     0.76   0.450    -.0714833    .1612969

vol 


|   .0115318   .0067577     1.71   0.088     -.001713    .0247766

rf 


|   .386396   
.1661619     2.33   0.020     .0607246    .7120675

duringplan 

|  -.2553775   .2073195    -1.23   0.218    -.6617162    .1509612

1997-1998 

|  1.418698   
.1432852     9.90   0.000     1.137864    1.699532

carrasco 

|  2.195768   
.2826622     7.77   0.000      1.64176    2.749775

stream 

|    .397676   
.5712693     0.70   0.486    -.7219913    1.517343

------------------------------------------------------------------------------

I think it is fairly reasonable to conclude that Model 2 out-performs Model 1 in both Unconditional and Conditional regressions. The two things I do not like about it is (1) the sign of INSPOTHERCUM in the Conditional Logistic regression,

I don’t think that this is such a bad thing, because it suggests substitution which is what you would expect, especially with limited inspection budgets. The more I inspect other firms, the less I inspect you. 

Yes I agree. In fact this is what the Director of the Monitoring program of SEINCO, who happens to be a professor of the School of Engineering here, told me.

and (2) the poor prediction percentage of the Unconditional Logistic regression. (see Table below)

Model 1 – Unconditional Logit

Prediction Evaluation (success cut-off C = 0.5)

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	P(Dep=1)<=C
	3239
	542
	3781
	3274
	574
	3848

	P(Dep=1)>C
	35
	32
	67
	0
	0
	0

	Total
	3274
	574
	3848
	3274
	574
	3848

	Correct
	3239
	32
	3271
	3274
	0
	3274

	% Correct
	98.93
	5.57
	85.01
	100.00
	0.00
	85.08

	% Incorrect
	1.07
	94.43
	14.99
	0.00
	100.00
	14.92

	Total Gain*
	-1.07
	5.57
	-0.08
	
	
	

	Percent Gain**
	 NA 
	5.57
	-0.52
	
	
	

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	E(# of Dep=0)
	2827.92
	446.08
	3274.00
	2785.62
	488.38
	3274.00

	E(# of Dep=1)
	446.08
	127.92
	574.00
	488.38
	85.62
	574.00

	Total
	3274.00
	574.00
	3848.00
	3274.00
	574.00
	3848.00

	Correct
	2827.92
	127.92
	2955.84
	2785.62
	85.62
	2871.25

	% Correct
	86.38
	22.29
	76.81
	85.08
	14.92
	74.62

	% Incorrect
	13.62
	77.71
	23.19
	14.92
	85.08
	25.38

	Total Gain*
	1.29
	7.37
	2.20
	
	
	

	Percent Gain**
	8.66
	8.66
	8.66
	
	
	

	*Change in "% Correct" from default (constant probability) specification

	**Percent of incorrect (default) prediction corrected by equation


Model 2 – Uncontional Logit

Prediction Evaluation (success cut-off C = 0.5)

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	P(Dep=1)<=C
	3237
	539
	3776
	3274
	574
	3848

	P(Dep=1)>C
	37
	35
	72
	0
	0
	0

	Total
	3274
	574
	3848
	3274
	574
	3848

	Correct
	3237
	35
	3272
	3274
	0
	3274

	% Correct
	98.87
	6.10
	85.03
	100.00
	0.00
	85.08

	% Incorrect
	1.13
	93.90
	14.97
	0.00
	100.00
	14.92

	Total Gain*
	-1.13
	6.10
	-0.05
	
	
	

	Percent Gain**
	 NA 
	6.10
	-0.35
	
	
	

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	E(# of Dep=0)
	2828.88
	445.12
	3274.00
	2785.62
	488.38
	3274.00

	E(# of Dep=1)
	445.12
	128.88
	574.00
	488.38
	85.62
	574.00

	Total
	3274.00
	574.00
	3848.00
	3274.00
	574.00
	3848.00

	Correct
	2828.88
	128.88
	2957.77
	2785.62
	85.62
	2871.25

	% Correct
	86.40
	22.45
	76.87
	85.08
	14.92
	74.62

	% Incorrect
	13.60
	77.55
	23.13
	14.92
	85.08
	25.38

	Total Gain*
	1.32
	7.54
	2.25
	
	
	

	Percent Gain**
	8.86
	8.86
	8.86
	
	
	

	*Change in "% Correct" from default (constant probability) specification

	**Percent of incorrect (default) prediction corrected by equation


With this two things in mind I tried the last thing I had at the back of my mind as a possible way to go: running two different regressions to predict the probability of being inspected by the municipal government (IMM) and the national government (DCA). As I explain in the Chapters I sent you the two inspection strategies were different during the period and therefore, it may pay to try this.

I did it. Here are the results.

Model 2 IMM – Unconditional Logit

	Dependent Variable: INSPIMM

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.5124
	0.9613
	-1.5733
	0.1156

	INSPIMMCUM
	0.1619
	0.0492
	3.2919
	0.0010

	INSPIMMOTHERCUM
	-0.0107
	0.0032
	-3.2946
	0.0010

	INSPSEINCOCUM
	-0.0515
	0.0339
	-1.5205
	0.1284

	FINEDIMMCUM
	0.6761
	0.2616
	2.5846
	0.0097

	VOL
	-0.0019
	0.0089
	-0.2119
	0.8322

	RF
	0.1820
	0.1440
	1.2637
	0.2063

	PTY
	0.3026
	0.1394
	2.1706
	0.0300

	TANNERY
	0.4802
	0.1505
	3.1902
	0.0014

	WOOL
	0.4633
	0.2781
	1.6658
	0.0958

	1997-1998
	1.9444
	0.1978
	9.8292
	0.0000

	DURINGPLAN
	-0.3760
	0.1861
	-2.0203
	0.0433

	STREAM
	0.0221
	0.1386
	0.1594
	0.8733

	Mean dependent var
	0.1088
	    S.D. dependent var
	0.3114

	S.E. of regression
	0.3008
	    Akaike info criterion
	0.6366

	Sum squared resid
	280.07
	    Schwarz criterion
	0.6618

	Log likelihood
	-975.80
	    Hannan-Quinn criter.
	0.6456

	Restr. log likelihood
	-1068.8
	    Avg. log likelihood
	-0.3141

	LR statistic (12 df)
	186.06
	    McFadden R-squared
	0.0866

	Probability(LR stat)
	0.0000
	
	
	

	Obs with Dep=0
	2770
	     Total obs
	3108

	Obs with Dep=1
	338
	
	
	


INSPIMMCUM and INSPIMMOTHERCUM are defined as INSPCUM and INSPOTHERCUM but only for the municipal government inspections. FINEDIMMCUM is the cumulative number of fines imposed by the IMM. 

The inclusion of the number of detected violations in the last twelve months did not improve the fit of the model. This result is coherent with the policy approach of the period. Effectively, during this period the enforcement efforts were not so much directed at enforcing standards but at decreasing emissions. Towards this end was that the IMM implemented the commented Industrial Pollution Reduction Plan, characterized by a relaxation of emissions standards. 

	Dependent Variable: INSPIMM

	Method: ML - Binary Logit (Quadratic hill climbing)

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.598249
	0.960722
	-1.663592
	0.0962

	INSPIMMTOTCUM
	0.174811
	0.051267
	3.409816
	0.0007

	INSPIMMOTHERCUM
	-0.009895
	0.003142
	-3.149542
	0.0016

	INSPSEINCOCUM
	-0.034497
	0.028202
	-1.223207
	0.2213

	DVIMMCUM761
	-0.119111
	0.133452
	-0.892540
	0.3721

	FINEDIMMCUM
	0.698383
	0.261861
	2.666996
	0.0077

	VOL
	-0.002100
	0.008960
	-0.234362
	0.8147

	RF
	0.184060
	0.144526
	1.273535
	0.2028

	PTY
	0.283342
	0.136813
	2.071018
	0.0384

	TANNERY
	0.492354
	0.152596
	3.226528
	0.0013

	WOOL
	0.425305
	0.281923
	1.508588
	0.1314

	INSP19971998DUMMY
	1.948884
	0.197478
	9.868880
	0.0000

	DURINGPLAN
	-0.363755
	0.185713
	-1.958692
	0.0501

	STREAM
	0.059942
	0.147088
	0.407523
	0.6836

	Mean dependent var
	0.108752
	    S.D. dependent var
	0.311377

	S.E. of regression
	0.301001
	    Akaike info criterion
	0.636955

	Sum squared resid
	280.3213
	    Schwarz criterion
	0.664170

	Log likelihood
	-975.8279
	    Hannan-Quinn criter.
	0.646726

	Restr. log likelihood
	-1068.833
	    Avg. log likelihood
	-0.313973

	LR statistic (13 df)
	186.0097
	    McFadden R-squared
	0.087015

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	2770
	     Total obs
	3108

	Obs with Dep=1
	338
	
	
	


Also, the cumulative amount of fines was included instead of the cumulative number. This did not change the results either.

	Dependent Variable: INSPIMM

	Method: ML - Binary Logit (Quadratic hill climbing)

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.541030
	0.958907
	-1.607069
	0.1080

	INSPIMMTOTCUM
	0.158779
	0.049392
	3.214643
	0.0013

	INSPIMMOTHERCUM
	-0.010035
	0.003134
	-3.201515
	0.0014

	INSPSEINCOCUM
	-0.036177
	0.028110
	-1.287001
	0.1981

	FINEIMMCUM
	0.007744
	0.004032
	1.920612
	0.0548

	VOL
	-0.002220
	0.008958
	-0.247846
	0.8043

	RF
	0.176575
	0.144369
	1.223084
	0.2213

	PTY
	0.261432
	0.135594
	1.928053
	0.0538

	TANNERY
	0.517952
	0.151268
	3.424067
	0.0006

	WOOL
	0.427986
	0.282000
	1.517680
	0.1291

	INSP19971998DUMMY
	1.955986
	0.197319
	9.912787
	0.0000

	DURINGPLAN
	-0.376455
	0.185004
	-2.034844
	0.0419

	STREAM
	0.003922
	0.138021
	0.028414
	0.9773

	Mean dependent var
	0.108752
	    S.D. dependent var
	0.311377

	S.E. of regression
	0.301132
	    Akaike info criterion
	0.637152

	Sum squared resid
	280.6568
	    Schwarz criterion
	0.662423

	Log likelihood
	-977.1344
	    Hannan-Quinn criter.
	0.646226

	Restr. log likelihood
	-1068.833
	    Avg. log likelihood
	-0.314393

	LR statistic (12 df)
	183.3967
	    McFadden R-squared
	0.085793

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	2770
	     Total obs
	3108

	Obs with Dep=1
	338
	
	
	


Model 2 DCA – Unconditional Logit

	Dependent Variable: INSPDCA

	Convergence achieved after 7 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-7.383065
	1.058884
	-6.972497
	0.0000

	INSPDCACUM
	0.147614
	0.061626
	2.395308
	0.0166

	INSPDCAOTHERCUM
	-0.025586
	0.006795
	-3.765324
	0.0002

	EADCACUM
	0.110831
	0.075360
	1.470691
	0.1414

	TANNERY
	0.738892
	0.193899
	3.810712
	0.0001

	WOOL
	1.210052
	0.290194
	4.169808
	0.0000

	VOL
	0.044680
	0.009659
	4.625946
	0.0000

	CARRASCO1999
	2.809457
	0.321203
	8.746680
	0.0000

	STREAM
	0.525646
	0.189710
	2.770785
	0.0056

	Mean dependent var
	0.048337
	    S.D. dependent var
	0.214505

	S.E. of regression
	0.206095
	    Akaike info criterion
	0.343760

	Sum squared resid
	163.0618
	    Schwarz criterion
	0.358390

	Log likelihood
	-652.3937
	    Hannan-Quinn criter.
	0.348956

	Restr. log likelihood
	-744.9290
	    Avg. log likelihood
	-0.169541

	LR statistic (8 df)
	185.0705
	    McFadden R-squared
	0.124220

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	3662
	     Total obs
	3848

	Obs with Dep=1
	186
	
	
	


INSPDCACUM and INSPDCAOTHERCUM are defined as INSPCUM and INSPOTHERCUM but for DCA inspections. Similarly with EADCACUM and EACUM. INSPSEINCOCUM is not included because it was the municipal government that implemented the Monitoring Program. RF was not included because plants report to the municipal government (IMM). 1997-1998 was not included because these were municipal government campaigns. 

Separating EADCACUM in ORDERDCACUM, FINETHREATDCACUM and FINEDDCACUM did not improve the results.

	Dependent Variable: INSPDCA

	Convergence achieved after 7 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-7.455783
	1.063721
	-7.009152
	0.0000

	INSPDCATOTCUM
	0.141324
	0.062141
	2.274251
	0.0230

	INSPDCAOTHERCUM
	-0.025403
	0.006806
	-3.732416
	0.0002

	ORDERCUM
	0.100352
	0.139100
	0.721437
	0.4706

	FTDCACUM
	0.206788
	0.169883
	1.217238
	0.2235

	FINEDDCACUM
	-0.409893
	0.772760
	-0.530428
	0.5958

	TANNERY
	0.709133
	0.198075
	3.580131
	0.0003

	WOOL
	1.230625
	0.292416
	4.208481
	0.0000

	VOL
	0.045333
	0.009702
	4.672357
	0.0000

	CARRASCO1999
	2.807404
	0.321974
	8.719352
	0.0000

	STREAM
	0.524664
	0.190079
	2.760235
	0.0058

	Mean dependent var
	0.048337
	    S.D. dependent var
	0.214505

	S.E. of regression
	0.206064
	    Akaike info criterion
	0.344611

	Sum squared resid
	162.9289
	    Schwarz criterion
	0.362492

	Log likelihood
	-652.0313
	    Hannan-Quinn criter.
	0.350962

	Restr. log likelihood
	-744.9290
	    Avg. log likelihood
	-0.169447

	LR statistic (10 df)
	185.7954
	    McFadden R-squared
	0.124707

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	3662
	     Total obs
	3848

	Obs with Dep=1
	186
	
	
	


Model 2 IMM – Conditional Logit

note: 1 group (42 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -873.20488

Iteration 1:   log likelihood = -807.23447

Iteration 2:   log likelihood = -803.27243

Iteration 3:   log likelihood = -803.27126

Number of obs   =       3066

LR chi2(9)      =     170.56

Prob > chi2     =     0.0000

Log likelihood = -803.27126                       Pseudo R2       =     0.0960

------------------------------------------------------------------------------

     inspimm 

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

-------------+----------------------------------------------------------------

inspimmcum

|   -.210303   .0652314    -3.22   0.001    -.3381543   -.0824518

inspimmothercum
|  -.0090959   .0034423    -2.64   0.008    -.0158426   -.0023491

inspseincocum
|  -.1349424   .0403722    -3.34   0.001    -.2140705   -.0558142

finedimmcum 
|   .9895171   .3626297     2.73   0.006     .2787758    1.700258

vol 


|   -.001576   .0089426    -0.18   0.860    -.0191031    .0159511

rf 


|   .4235635   .1977639     2.14   0.032     .0359534    .8111736

duringplan 

|   -.445678   .1894164    -2.35   0.019    -.8169274   -.0744286

1997-1998 

|   1.919823   .2019669     9.51   0.000     1.523975    2.315671

stream 

|   1.150011     .78732     1.46    0.144    -.3931083    2.693129

------------------------------------------------------------------------------

Why finedimmcum  instead of cumulative enforcement actions?

Because I only have Intermediate Enforcement Actions for DCA. I only have FINES for IMM.

Model 2 DCA – Conditional Logit

note: 16 groups (832 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

Iteration 0:   log likelihood = -546.87165

Iteration 1:   log likelihood = -509.25365

Iteration 2:   log likelihood = -508.75761

Iteration 3:   log likelihood = -508.75732

Number of obs   =       3016

LR chi2(6)      =      90.24

Prob > chi2     =     0.0000

Log likelihood = -508.75732                       Pseudo R2       =     0.0815

------------------------------------------------------------------------------

     inspdca 

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

-------------+----------------------------------------------------------------

inspdcacum

|  -.1547578   .0748814    -2.07   0.039    -.3015227   -.0079928

inspdcaothercum
|  -.0165602   .0067463    -2.45   0.014    -.0297828   -.0033377

eadcacum 

|  -.0497041   .0831657    -0.60   0.550    -.2127059    .1132977

vol 


|   .0459809   .0098754     4.66   0.000     .0266256    .0653363

carrasco 

|   3.347768   .4205823     7.96   0.000     2.523442    4.172094

stream 

|   .6425517    .788267     0.82   0.415    -.9024232    2.187527

------------------------------------------------------------------------------

.

Model 2 IMM – Uncontional Logit

Prediction Evaluation (success cut-off C = 0.5)

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	P(Dep=1)<=C
	2763
	334
	3097
	2770
	338
	3108

	P(Dep=1)>C
	7
	4
	11
	0
	0
	0

	Total
	2770
	338
	3108
	2770
	338
	3108

	Correct
	2763
	4
	2767
	2770
	0
	2770

	% Correct
	99.75
	1.18
	89.03
	100.00
	0.00
	89.12

	% Incorrect
	0.25
	98.82
	10.97
	0.00
	100.00
	10.88

	Total Gain*
	-0.25
	1.18
	-0.10
	
	
	

	Percent Gain**
	 NA 
	1.18
	-0.89
	
	
	

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	E(# of Dep=0)
	2490.35
	279.65
	2770.00
	2468.76
	301.24
	2770.00

	E(# of Dep=1)
	279.65
	58.35
	338.00
	301.24
	36.76
	338.00

	Total
	2770.00
	338.00
	3108.00
	2770.00
	338.00
	3108.00

	Correct
	2490.35
	58.35
	2548.70
	2468.76
	36.76
	2505.52

	% Correct
	89.90
	17.26
	82.00
	89.12
	10.88
	80.62

	% Incorrect
	10.10
	82.74
	18.00
	10.88
	89.12
	19.38

	Total Gain*
	0.78
	6.39
	1.39
	
	
	

	Percent Gain**
	7.17
	7.17
	7.17
	
	
	

	*Change in "% Correct" from default (constant probability) specification

	**Percent of incorrect (default) prediction corrected by equation


Model 2 DCA – Uncontional Logit

Prediction Evaluation (success cut-off C = 0.5)

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	P(Dep=1)<=C
	3651
	174
	3825
	3662
	186
	3848

	P(Dep=1)>C
	11
	12
	23
	0
	0
	0

	Total
	3662
	186
	3848
	3662
	186
	3848

	Correct
	3651
	12
	3663
	3662
	0
	3662

	% Correct
	99.70
	6.45
	95.19
	100.00
	0.00
	95.17

	% Incorrect
	0.30
	93.55
	4.81
	0.00
	100.00
	4.83

	Total Gain*
	-0.30
	6.45
	0.03
	
	
	

	Percent Gain**
	 NA 
	6.45
	0.54
	
	
	

	
	           Estimated Equation
	           Constant Probability

	
	Dep=0
	Dep=1
	Total
	Dep=0
	Dep=1
	Total

	E(# of Dep=0)
	3500.04
	161.96
	3662.00
	3484.99
	177.01
	3662.00

	E(# of Dep=1)
	161.96
	24.04
	186.00
	177.01
	8.99
	186.00

	Total
	3662.00
	186.00
	3848.00
	3662.00
	186.00
	3848.00

	Correct
	3500.04
	24.04
	3524.09
	3484.99
	8.99
	3493.98

	% Correct
	95.58
	12.93
	91.58
	95.17
	4.83
	90.80

	% Incorrect
	4.42
	87.07
	8.42
	4.83
	95.17
	9.20

	Total Gain*
	0.41
	8.09
	0.78
	
	
	

	Percent Gain**
	8.50
	8.50
	8.50
	
	
	

	*Change in "% Correct" from default (constant probability) specification

	**Percent of incorrect (default) prediction corrected by equation


CONCLUSIONS

With respect to INSPOTHERCUM, the sign does not change. It looks that inspectors monitored in “waves”, so, although to a lesser extent than INSPCUM, the more the number of inspections in the other firms, the less the probability you have of being inspected because the less is the probability that inspectors “go out to inspect” in this month. Budget constraints? Yes surely. For example, they go to a firm. The firm says “oh, today is impossible because (a good excuse here)” and they do not return in the near future. At least this is what this same professor of engineering told as the reason why INSPSEINCOCUM
has a significant (although “small”) effect on BOD5 (a result you have not seen yet).

Also, along the lines of inspection substitutions, perhaps there was some agency substutition. This suggests including inspimmcum and inspimmothercum in the DCA model and visa-versa.

I can try this, although a-priori the story is that the agreement of 1995 divided the country in two: Montevideo for the IMM and the rest of the country for the DCA. This agreement was effective during my entire sample period. 

I try this below:

Model IMM with INSPDCACUM

Unconditional Logistic Regression

	Dependent Variable: INSPIMM

	Method: ML - Binary Logit (Quadratic hill climbing)

	Date: 04/02/04   Time: 09:26

	Sample(adjusted): 23 4736

	Included observations: 3108

	Excluded observations: 1606 after adjusting endpoints

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.702957
	0.965246
	-1.764271
	0.0777

	INSPIMMCUM
	0.149615
	0.049529
	3.020778
	0.0025

	INSPIMMOTHERCUM
	-0.009248
	0.003175
	-2.912611
	0.0036

	INSPSEINCOCUM
	-0.032103
	0.028274
	-1.135450
	0.2562

	INSPDCACUM
	0.083832
	0.050057
	1.674749
	0.0940

	FINEDIMMCUM
	0.647139
	0.262176
	2.468342
	0.0136

	VOL
	-0.001784
	0.008986
	-0.198531
	0.8426

	RF
	0.193293
	0.144510
	1.337580
	0.1810

	PTY
	0.269951
	0.135436
	1.993193
	0.0462

	TANNERY
	0.452537
	0.155194
	2.915949
	0.0035

	WOOL
	0.350621
	0.287298
	1.220409
	0.2223

	1997-1998
	1.988707
	0.197932
	10.04744
	0.0000

	DURINGPLAN
	-0.408875
	0.189037
	-2.162941
	0.0305

	STREAM
	0.011306
	0.138613
	0.081568
	0.9350

	Mean dependent var
	0.108752
	    S.D. dependent var
	0.311377

	S.E. of regression
	0.300962
	    Akaike info criterion
	0.636368

	Sum squared resid
	280.2483
	    Schwarz criterion
	0.663583

	Log likelihood
	-974.9153
	    Hannan-Quinn criter.
	0.646139

	Restr. log likelihood
	-1068.833
	    Avg. log likelihood
	-0.313679

	LR statistic (13 df)
	187.8350
	    McFadden R-squared
	0.087869

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	2770
	     Total obs
	3108

	Obs with Dep=1
	338
	
	
	


The fit of the model improved a little bit with respect to the model without INSPDCATOTCUM.

Conditional logistic regression

note: 1 group (42 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -873.18776

Iteration 1:   log likelihood = -807.07959

Iteration 2:   log likelihood = -803.07178

Iteration 3:   log likelihood = -803.07057

Number of obs   =       3066

LR chi2(10)     =     170.96

Prob > chi2     =     0.0000

Log likelihood = -803.07057                       Pseudo R2       =     0.0962

------------------------------------------------------------------------------

     inspimm 

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

-------------+----------------------------------------------------------------

inspimmcum 
|   -.211175    .065145    -3.24   0.001    -.3388568   -.0834932

inspimmothercum 
|  -.0089614     .00345    -2.60   0.009    -.0157232   -.0021996

inspseincocum 
|  -.1367159   .0404835    -3.38   0.001    -.2160621   -.0573696

inspdcacum 

|   .0404217   .0634409     0.64   0.524    -.0839202    .1647637

finedimmcum 
|   .9953013   .3621076     2.75   0.006     .2855834    1.705019

vol 


|  -.0013294   .0089579    -0.15   0.882    -.0188866    .0162277

rf 


|   .4211974   .1977428     2.13   0.033     .0336287    .8087661

1997-1998 

|   1.928655   .2024285     9.53   0.000     1.531903    2.325408

duringplan 

|  -.4704558    .193812    -2.43   0.015    -.8503202   -.0905913

stream 

|   1.149028   .7871032     1.46   0.144    -.3936659    2.691722

------------------------------------------------------------------------------

The new variable (INSPDCACUM) is not significant and the rest of the variables did not change coefficient or significant level.

Model IMM with INSPDCAALLCUM

Conditional (fixed-effects) logistic regression

note: 1 group (42 obs) dropped due to all positive or all negative outcomes.

Iteration 0:   log likelihood = -873.44047

Iteration 1:   log likelihood = -806.69198

Iteration 2:   log likelihood = -802.69419

Iteration 3:   log likelihood = -802.69299

Number of obs   =       3066

LR chi2(10)     =     171.72

Prob > chi2     =     0.0000

Log likelihood = -802.69299                       Pseudo R2       =     0.0966

------------------------------------------------------------------------------

     inspimm 

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

-------------+----------------------------------------------------------------

inspimmcum 
|  -.2096181   .0651894    -3.22   0.001    -.3373869   -.0818493

inspimmotherm 
|  -.0107521   .0037689    -2.85   0.004     -.018139   -.0033653

inspdcaallcum 
|  -.0092592   .0086795    -1.07   0.286    -.0262707    .0077524
inspseincocum 
|  -.1214341   .0423287    -2.87   0.004    -.2043968   -.0384714

 finedimmcum 
|   .9737346   .3627779     2.68   0.007     .2627029    1.684766

         vol 

|  -.0043447    .009246    -0.47   0.638    -.0224665    .0137771

          rf 

|   .4216626   .1978951     2.13   0.033     .0337952      .80953

  duringplan 

|   -.109027   .3670707    -0.30   0.766    -.8284724    .6104183

insp19971998 
|   1.784429   .2374311     7.52   0.000     1.319072    2.249785

      stream 

|   1.153141     .78647     1.47   0.143     -.388312    2.694594

------------------------------------------------------------------------------

INSPDCAALLCUM = INSPDCACUM+INSPDCAOTHERCUM

The variable is not significant and the model does not change, almost. 

I do not see as a good move to include INSPDCACUM or INSPDCAALLCUM. I see though that this result may be a good defence against a possible future question regarding the correlation between PINSPIMM and PINSPDCA. Actually the correlation between INSPIMM and INSPDCA is very low (0.047).

Model 2 DCA with INSPIMMCUM and INSPSEINCOCUM

Unconditional Logistic Regression

	Dependent Variable: INSPDCA

	Method: ML - Binary Logit (Quadratic hill climbing)

	Date: 04/02/04   Time: 11:55

	Sample(adjusted): 13 4736

	Included observations: 3848

	Excluded observations: 876 after adjusting endpoints

	Convergence achieved after 7 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-7.096478
	1.095827
	-6.475912
	0.0000

	INSPDCACUM
	0.160292
	0.062780
	2.553221
	0.0107

	INSPDCAOTHERCUM
	-0.024419
	0.006850
	-3.564946
	0.0004

	INSPIMMCUM
	0.085689
	0.035399
	2.420656
	0.0155

	INSPSEINCOCUM
	-0.029761
	0.032790
	-0.907627
	0.3641

	EADCACUM
	0.097884
	0.075732
	1.292503
	0.1962

	TANNERY
	0.681548
	0.196833
	3.462564
	0.0005

	WOOL
	1.097243
	0.301247
	3.642338
	0.0003

	VOL
	0.040847
	0.009920
	4.117598
	0.0000

	CARRASCO1999
	2.707110
	0.325716
	8.311248
	0.0000

	STREAM
	0.537937
	0.190429
	2.824870
	0.0047

	Mean dependent var
	0.048337
	    S.D. dependent var
	0.214505

	S.E. of regression
	0.205929
	    Akaike info criterion
	0.343116

	Sum squared resid
	162.7143
	    Schwarz criterion
	0.360997

	Log likelihood
	-649.1543
	    Hannan-Quinn criter.
	0.349467

	Restr. log likelihood
	-744.9290
	    Avg. log likelihood
	-0.168699

	LR statistic (10 df)
	191.5494
	    McFadden R-squared
	0.128569

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	3662
	     Total obs
	3848

	Obs with Dep=1
	186
	
	
	


The fit of the model improved a little bit.

Conditional Logistic regression

note: multiple positive outcomes within groups encountered.

note: 16 groups (832 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

Iteration 0:   log likelihood = -546.80847

Iteration 1:   log likelihood = -508.42422

Iteration 2:   log likelihood = -507.91067

Iteration 3:   log likelihood = -507.91033

Number of obs   =       3016

LR chi2(8)      =      91.94

Prob > chi2     =     0.0000

Log likelihood = -507.91033                       Pseudo R2       =     0.0830

------------------------------------------------------------------------------

     inspdca 

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

-------------+----------------------------------------------------------------

inspdcacum

|  -.1410654   .0777589    -1.81   0.070    -.2934701    .0113392

inspdcaothercum 
|  -.0160967   .0068015    -2.37   0.018    -.0294275   -.0027659

inspimmcum 
|  -.0287256    .049068    -0.59   0.558    -.1248971    .0674458

inspseincocum 
|  -.0477913   .0380027    -1.26   0.209    -.1222753    .0266926

eadcacum 

|  -.0644365   .0845206    -0.76   0.446    -.2300939    .1012209

vol 


|   .0427955   .0101916     4.20   0.000     .0228203    .0627707

carrasco1999 

|   3.289572   .4259981     7.72   0.000     2.454631    4.124513

stream 

|   .6179712   .8146723     0.76   0.448    -.9787573      2.2147

------------------------------------------------------------------------------

The coefficient of INSPDCACUM remained practically the same but its significance level worsened. Its P value is 0.07 and it was 0.039.  The correlation coefficient of this variable with INSPIMMCUM and INSPDCACUM is 0.16 and –0.13 respectively. INSPDCAOTHERCUM did not suffer any significant change. INSPIMMCUM and INSPSEINCOCUM are both insignificant. VOL remained highly significant and positive around 0.04. Similarly, they were not significant changes in either the coefficient or its significance level with the CARRASCO and the STREAM dummies. 

Model 2 DCA with INSPIMMALLCUM

Conditional (fixed-effects) logistic regression

note: 16 groups (832 obs) dropped due to all positive or all negative outcomes.

Iteration 0:   log likelihood = -546.72663

Iteration 1:   log likelihood = -507.67419

Iteration 2:   log likelihood = -507.26627

Iteration 3:   log likelihood = -507.26607

Number of obs   =       3016

LR chi2(7)      =      93.22

Prob > chi2     =     0.0000

Log likelihood = -507.26607                       Pseudo R2       =     0.0842

------------------------------------------------------------------------------

     inspdca 

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

-------------+----------------------------------------------------------------

inspdcacum 

|  -.1176132   .0781531    -1.50   0.132    -.2707904     .035564

inspdcaothercum 
|  -.0161678   .0068561    -2.36   0.018    -.0296054   -.0027301

inspimmallcum 
|   .0044791   .0026059     1.72   0.086    -.0006284    .0095865
    eadcacum 

|  -.0694737   .0846504    -0.82   0.412    -.2353855    .0964381

         vol 

|   .0407669   .0102458     3.98   0.000     .0206854    .0608483

carrasco1999 

|   3.208263   .4267491     7.52   0.000      2.37185    4.044676

      stream 

|   .7676073   .7916945     0.97   0.332    -.7840855      2.3193

------------------------------------------------------------------------------

The result is somewhat different in this case. First, INSPIMMALLCUM is significant at 10%. Second, INSPDCACUM turned insignificant. Although I am not 100% sure, I do not think that I should include INSPIMMALLCUM in the INSPDCA regression. First, its significance level is not high. Second, its coefficient is low. Third, the 1995 agreement was in effect. Fourth, I witnessed a total lack of information regarding inspections and almost everything between the two offices. What do you think?
Model SEINCO

Unconditional Logistic Regression

	Dependent Variable: INSPSEINCO

	Method: ML - Binary Logit (Quadratic hill climbing)

	Date: 04/03/04   Time: 11:39

	Sample(adjusted): 35 4736 está mal pegada la serie

	Included observations: 2220

	Excluded observations: 2482 after adjusting endpoints

	Convergence achieved after 4 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.8654
	0.1049
	-17.7769
	0.0000

	INSPSEINCOCUM
	0.2106
	0.0193
	10.9150
	0.0000

	INSPIMMTOTCUM
	0.0322
	0.0428
	0.7532
	0.4513

	INSPDCATOTCUM
	0.1415
	0.0384
	3.6887
	0.0002

	PTY
	0.4662
	0.1101
	4.2336
	0.0000

	TANNERY
	-0.2061
	0.1422
	-1.4494
	0.1472

	WOOL
	-0.1069
	0.2519
	-0.4241
	0.6715

	STREAM
	0.0121
	0.1101
	0.1096
	0.9127

	Mean dependent var
	0.2986
	    S.D. dependent var
	0.4578

	S.E. of regression
	0.4379
	    Akaike info criterion
	1.1309

	Sum squared resid
	424.19
	    Schwarz criterion
	1.1514

	Log likelihood
	-1247.29
	    Hannan-Quinn criter.
	1.1384

	Restr. log likelihood
	-1353.57
	    Avg. log likelihood
	-0.5618

	LR statistic (7 df)
	212.56
	    McFadden R-squared
	0.0785

	Probability(LR stat)
	0.0000
	
	
	

	Obs with Dep=0
	1557
	     Total obs
	2220

	Obs with Dep=1
	663
	
	
	


The goodness of fit of the model is similar to the IMM and DCA models.

Conditional (fixed-effects) logistic regression

note: 3 groups (90 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -1089.1826

Iteration 1:   log likelihood =  -1059.618

Iteration 2:   log likelihood = -1059.5861

Iteration 3:   log likelihood = -1059.5861

Number of obs   =       2130

LR chi2(4)      =      60.04

Prob > chi2     =     0.0000

Log likelihood = -1059.5861                       Pseudo R2       =     0.0275

------------------------------------------------------------------------------

  inspseinco 

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

-------------+----------------------------------------------------------------

inspseincocum
|  -.1319832   .0222953    -5.92   0.000    -.1756812   -.0882852

inspimmcum 
|  -.0532841   .0565535    -0.94   0.346    -.1641269    .0575587

inspdcacum 

|   .2824613   .0594518     4.75   0.000     .1659378    .3989847

stream 

|  -.1906383   1.273967    -0.15   0.881    -2.687568    2.306291

------------------------------------------------------------------------------

INSPECTIONS EQUATIONS WITH BOD5AV6

Model IMM with BODAV6– Unconditional Logit

	Dependent Variable: INSPIMM

	Method: ML - Binary Logit (Quadratic hill climbing)

	Date: 04/04/04   Time: 18:40

	Sample(adjusted): 23 4736

	Included observations: 2849

	Excluded observations: 1865 after adjusting endpoints

	Convergence achieved after 6 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.515804
	1.009238
	-1.501930
	0.1331

	INSPIMMCUM
	0.164310
	0.052088
	3.154466
	0.0016

	INSPIMMOTHERCUM
	-0.011246
	0.003373
	-3.334525
	0.0009

	INSPSEINCOCUM
	-0.053895
	0.035255
	-1.528728
	0.1263

	FINEDIMMCUM
	0.112897
	0.397585
	0.283958
	0.7764

	BOD5AV6
	9.77E-06
	3.17E-05
	0.308396
	0.7578

	VOL
	-0.001488
	0.009414
	-0.158042
	0.8744

	RF
	0.008402
	0.304470
	0.027595
	0.9780

	PTY
	0.286219
	0.146750
	1.950385
	0.0511

	TANNERY
	0.538749
	0.160452
	3.357686
	0.0008

	WOOL
	0.482219
	0.303051
	1.591213
	0.1116

	INSP19971998DUMMY
	1.978766
	0.208007
	9.512984
	0.0000

	DURINGPLAN
	-0.384068
	0.192165
	-1.998640
	0.0456

	STREAM
	0.065068
	0.150079
	0.433558
	0.6646

	Mean dependent var
	0.107055
	    S.D. dependent var
	0.309238

	S.E. of regression
	0.298920
	    Akaike info criterion
	0.631057

	Sum squared resid
	253.3162
	    Schwarz criterion
	0.660319

	Log likelihood
	-884.9413
	    Hannan-Quinn criter.
	0.641610

	Restr. log likelihood
	-969.5537
	    Avg. log likelihood
	-0.310615

	LR statistic (13 df)
	169.2248
	    McFadden R-squared
	0.087269

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	2544
	     Total obs
	2849

	Obs with Dep=1
	305
	
	
	


BOD5AV6 is not significant and its coefficient is small.

Model IMM with BOD5AV6 – Conditional Logit

note: 1 group (34 obs) dropped due to all positive or all negative outcomes.

Iteration 0:   log likelihood = -780.18934

Iteration 1:   log likelihood = -719.95945

Iteration 2:   log likelihood = -716.11766

Iteration 3:   log likelihood = -716.11684

Number of obs   =       2815

LR chi2(10)     =     153.22

Prob > chi2     =     0.0000

Log likelihood = -716.11684                       Pseudo R2       =     0.0966

-----------------------------------------------------------------------------

inspimm 

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

-------------+----------------------------------------------------------------

inspimmcum 
|  -.2891527   .0733453    -3.94   0.000    -.4329068   -.1453985

inspimmothercum 
|  -.0077741   .0036862    -2.11   0.035    -.0149989   -.0005493

inspseincocum 
|  -.1254338   .0422329    -2.97   0.003    -.2082088   -.0426588

finedimmcum 
|   .4365771   .4825666     0.90   0.366    -.5092362     1.38239

bod5av6 

|  -.0000415   .0000599    -0.69   0.489    -.0001589     .000076

vol 


|  -.0022098   .0094416    -0.23   0.815    -.0207151    .0162954

rf 


|  -.0594338    .389312    -0.15   0.879    -.8224714    .7036037

duringplan 

|  -.4274683    .196492    -2.18   0.030    -.8125855   -.0423511

1997-1998 

|    1.99511   .2138256     9.33   0.000      1.57602    2.414201

stream 

|   .8033951   .9916639     0.81   0.418     -1.14023    2.747021

------------------------------------------------------------------------------

I loss observations due to non-reporting.

BODAV6 is not significant. 

Model DCA with BODAV6 – Unconditional Logit

	Dependent Variable: INSPDCA

	Method: ML - Binary Logit (Quadratic hill climbing)

	Sample(adjusted): 23 4736

	Included observations: 3084

	Excluded observations: 1630 after adjusting endpoints

	Convergence achieved after 7 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-7.415320
	1.211014
	-6.123235
	0.0000

	INSPDCATOTCUM
	0.152954
	0.063561
	2.406401
	0.0161

	INSPDCAOTHERCUM
	-0.018962
	0.007434
	-2.550687
	0.0108

	EADCACUM
	0.161365
	0.082641
	1.952608
	0.0509

	BOD5AV6
	5.85E-05
	4.32E-05
	1.354239
	0.1757

	VOL
	0.038975
	0.011278
	3.455872
	0.0005

	TANNERY
	0.870185
	0.221532
	3.928040
	0.0001

	WOOL
	1.218263
	0.357865
	3.404248
	0.0007

	CARRASCO1999
	2.816183
	0.337213
	8.351337
	0.0000

	STREAM
	0.879421
	0.230815
	3.810064
	0.0001

	Mean dependent var
	0.046044
	    S.D. dependent var
	0.209615

	S.E. of regression
	0.199522
	    Akaike info criterion
	0.320785

	Sum squared resid
	122.3732
	    Schwarz criterion
	0.340351

	Log likelihood
	-484.6512
	    Hannan-Quinn criter.
	0.327813

	Restr. log likelihood
	-575.7776
	    Avg. log likelihood
	-0.157150

	LR statistic (9 df)
	182.2528
	    McFadden R-squared
	0.158267

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	2942
	     Total obs
	3084

	Obs with Dep=1
	142
	
	
	


Model DCA with BOD5AV6 – Conditional Logit

note: 30 groups (1230 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

Iteration 0:   log likelihood = -387.68512

Iteration 1:   log likelihood =  -357.7148

Iteration 2:   log likelihood = -357.21579

Iteration 3:   log likelihood = -357.21434

Number of obs   =       1854

LR chi2(7)      =      73.32

Prob > chi2     =     0.0000

Log likelihood = -357.21434                       Pseudo R2       =     0.0931

------------------------------------------------------------------------------

inspdca 

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

-------------+----------------------------------------------------------------

inspdcacum 

|  -.2066361   .0800541    -2.58   0.010    -.3635392   -.0497331

inspdcaothercum 
|  -.0063416   .0076074    -0.83   0.405    -.0212518    .0085687

eadcacum 

|   .0663535   .1008536     0.66   0.511    -.1313159    .2640229

bod5av6 

|   .0000242   .0000887     0.27   0.785    -.0001497     .000198

vol 


|   .0402504   .0115547     3.48   0.000     .0176036    .0628972

carrasco1999 

|   3.287496   .4708725     6.98   0.000     2.364603    4.210389

stream 

|   .7332887   1.296958     0.57   0.572    -1.808702    3.275279

------------------------------------------------------------------------------

. 

Model SEINCO – Unconditional Logit 

	Dependent Variable: INSPSEINCO

	Method: ML - Binary Logit (Quadratic hill climbing)

	Sample(adjusted): 35 4736

	Included observations: 2046

	Excluded observations: 2656 after adjusting endpoints

	Convergence achieved after 4 iterations

	Covariance matrix computed using second derivatives

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	C
	-1.842177
	0.111954
	-16.45477
	0.0000

	INSPSEINCOCUM
	0.197743
	0.019777
	9.998624
	0.0000

	INSPIMMTOTCUM
	0.035741
	0.043918
	0.813800
	0.4158

	INSPDCATOTCUM
	0.136327
	0.038623
	3.529658
	0.0004

	BOD5AV6
	5.78E-05
	2.48E-05
	2.332748
	0.0197

	PTY
	0.458782
	0.114073
	4.021823
	0.0001

	TANNERY
	-0.213593
	0.146941
	-1.453594
	0.1461

	WOOL
	-0.323116
	0.275978
	-1.170801
	0.2417

	STREAM
	0.064743
	0.114413
	0.565872
	0.5715

	Mean dependent var
	0.311339
	    S.D. dependent var
	0.463154

	S.E. of regression
	0.444127
	    Akaike info criterion
	1.157843

	Sum squared resid
	401.7954
	    Schwarz criterion
	1.182580

	Log likelihood
	-1175.473
	    Hannan-Quinn criter.
	1.166916

	Restr. log likelihood
	-1268.864
	    Avg. log likelihood
	-0.574523

	LR statistic (8 df)
	186.7805
	    McFadden R-squared
	0.073602

	Probability(LR stat)
	0.000000
	
	
	

	Obs with Dep=0
	1409
	     Total obs
	2046

	Obs with Dep=1
	637
	
	
	


The model does not improve in goodness of fit and I lose 2220-2046=174 observations.

Model Seinco with BOD5AV6– Conditional Logit

note: multiple positive outcomes within groups encountered.

note: 3 groups (57 obs) dropped due to all positive or all negative outcomes.

note: wool omitted due to no within-group variance.

note: tannery omitted due to no within-group variance.

note: pty omitted due to no within-group variance.

Iteration 0:   log likelihood = -1023.8494

Iteration 1:   log likelihood = -991.51904

Iteration 2:   log likelihood = -991.46943

Iteration 3:   log likelihood = -991.46943

Number of obs   =       1994

LR chi2(5)      =      68.16

Prob > chi2     =     0.0000

Log likelihood = -991.46943                       Pseudo R2       =     0.0332

------------------------------------------------------------------------------

inspseinco 

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

-------------+----------------------------------------------------------------

inspseincocum 
|  -.1467638   .0231246    -6.35   0.000    -.1920872   -.1014404

inspimmcum 
|  -.0634778   .0595501    -1.07   0.286    -.1801939    .0532383

inspdcacum 

|   .2888059   .0609249     4.74   0.000     .1693952    .4082166

bod5av6 

|   .0000717   .0000357     2.01   0.044     1.78e-06    .0001416

stream 

|   -.149505   1.274184    -0.12   0.907     -2.64686    2.347851

------------------------------------------------------------------------------

In this case BOD5AV6 is significant.

Goodness of fit:

Unconditional Logit:

It looks like the separate models produce better fits than the common one in terms of the “Log likelihood” and the “LR statistic”. The IMM model has a lower McFadden R2.

But honestly I am not 100% sure about how to proceed.

Is it possible to fit PINSP with the separate models? Isn’t this the main point of doing the unconditional models?

What I am planning to do is to fit two PINSPs, one for IMM and one for DCA. This was an original idea from the time of my prospectus. There were two enforcement agencies, I should differentiate between their monitoring and enforcement actions. This, if done correctly of course, could be very interesting I think. I cannot compare it with other papers because I do not remember they said something about municipal vs. national government actions.

Conditional Logit:

The differences are clearer in this case.

Prediction Evaluation:

The “% Correct” are better in the separate models, although not a big difference in the IMM Model. It looks like I should go this way.
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