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objection is. For example, a law firm or judge might be interested in the law school GPA of a
third-year student who is applying for an associates position or judicial clerkship. This GPA is
typically constructed by taking the average of the 18 or so classes taken during the first two years
of law school where each course grade would be placed on a 0 to 4 scale. In a sense the 18
professors are coding the quality of the exam performance for a given student, and the GPA is
the average score across the five-point scale of 18 subjective evaluations of merit. Similarly, the
egregiousness measures of 18 coders are averaged to get egregiousness scores for the 205 cases
in my sample. Michelson argues that such subjective evaluations could never be averaged, but
schools do this every day (and make admission decision based thereon) and employers routinely
rely on these GPA scores in hiring. Moreover, GPA is a frequent explanatory variable in many
published papers dealing with labor market and education issues. If GPA scores can be used in a
regression—as does a paper that Michelson cites with approval in his report3*—then
egregiousness coding scores averaged across 18 coders can be used in a regression. So
Michelson is simply wrong on this point.

But a fundamental finding of this report is that Michelson repeatedly makes accusations
that are not only incorrect, but also irrelevant. Thus, while I disagree with his criticism on the
averaging point, it helps to show that Michelson's critique makes no difference to my analysis.
Tables 33 and 34 replicate the base Tables 22 and 23 by taking the median (rather than the mean)
values for the two egregiousness measures, and generate nearly identical results to the earlier

tables. 3** Once again, we see that race powerfully influences both capital charging and

313 See footnote 391 and the ensuing discussion in the text.

314 Essentially, Michelson objects to any averaging of the egregiousness measures. With an even number of coders,
taking the precise median can require an average of the two middle observations. To prevent this and preserve
integer values, the median values are rounded up to the higher of the two numbers when averaging would otherwise
be used.
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sentencing and that being in Waterbury powerfully influences the likelihood that a death-eligible

case will receive the death sentence.

Table 33

Explaining Capital Charging in 205 Connecticut Death-Eligible Cases, 1973 — 2007,
Replicates Table 22 But Using Median Rather than Mean Egregiousness

Dependent Variable =

Capital Charges | Death Eligible

@) @ (©) 4) ©] Q)
Logit - Logit .
Logit Marginal Lln:/la(; dF;rIob. Logit Marginal Lmﬁ/la; dF;rlob.
Effects Effects
Explanatory Variables
Defendant White/ 0.791 0.148 0.131 0.718 0.136 0.118
Victim White (0.424)" (0.075)" (0.397)" (0.072)
Defendant Minority/ 1.693 0.248 0.275 1.754 0.255 0.279
Victim White (0.594)" (0.084)" (0.625)" (0.086)"
Defendant White/ 0.015 0.003 -0.002 -0.126 -0.026 -0.027
Victim Minority (0.908) (0.207) (0.984) (0.215)
Composite Egregiousness (4- -0.292 -0.058 -0.048
12) (Median) (0.184) (0.031)
Overall Egregiousness (1-5) -0.398 -0.079 -0.061
(Median) (0.300) (0.051)
Special Aggravating Factors 0.244 . 0.048 0.041” 0.251” 0.050 0.042**
(0.107) (0.018) (0.109) (0.018)
0.208 0.039 0.046 0.176 0.034 0.039
Waterbury (0.704) (0.126) (0.736) (0.131)
Pre-1998 Cases 0.937 . 0.182 0.169** 0.910** 0.178 0.167**
(0.354) (0.067) (0.348) (0.067)
Murder for Hire 0.806 0.134 0.184 0.869 0.143 0.192
(0.730) (0.131) (0.750) (0.134)
Kidnapped -0.580 -0.120 -0.120 -0.602 -0.125 -0.125
(0.469) (0.084) (0.462) (0.084)
0.325 0.061 0.074 0.318 0.060 0.070
Sexual Assault (0.729) (0.120) (0.736) (0.119)
Multiple Victims 1.028 . 0.191 0.182** 0.789 X 0.149 0.141 X
(0.498) (0.083) (0.465) (0.080)
Under Sixteen 1.420 . 0.229 0.265** 1.303** 0.215 0.242**
(0.599) (0.106) (0.553) (0.098)
Constant 0.858 0.643** -0.013 0.491**
(1.327) (0.233) (0.999) (0.176)
R? or Pseudo R? 0.159 0.159 0.182 0.154 0.154 0.177
N 205 205 205 205 205 205

Robust Standard errors in parentheses, * = p< 0.05, * = p <0.10

The omitted category from the race of defendant and victim variables is defendant Minority/victim Minority.

In this and the following table, columns (1) to (3) are identical to columns (4) to (6) in all but one respect — columns (1) to (3) use the Composite
egregiousness measure (4-12), and columns (4) to (6) use the Overall egregiousness measure (1-5). As one can see, the basic findings of the table

are unaffected by the choice of egregiousness scale.
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Table 34

Explaining Death Sentences in 205 Connecticut Death-Eligible Cases,
Replicates Table 23 But Using Median Rather than Mean Egregiousness

Dependent Variable =
Death Sentences | Death Eligible
(@) I_(2)_ @) 4) I_(5)_ (6)
ogit . ogit .
Logit Margginal Llnf/lar dP'iOb‘ Logit Margginal Lln&ar dPrlob.
Effects ode Effects ode
Explanatory Variables
Defendant Minority/ -0.144 -0.001 0.001 -0.196 -0.001 0.002
Victim Minority (1.278) (0.028) (1.392) (0.028)
Defendant Minority/ 2.465 0.045 0.084 2.470 0.049 0.083
Victim White (1.107) ™ (0.054) (1111 ™ (0.054)
Defendant White/ -0.059 -0.058
Victim Minority Droppedf (0.073) Droppedf (0.073)
Composite Egregiousness (4- -0.226 -0.002 0.001
12) (Median) (0.281) (0.010)
Overall Egregiousness (1-5) 0.249 0.002 0.007
(Median) (0.478) (0.020)
. . 0.313 0.002 0.006 0.268 0.002 0.006
Special Aggravating Factors (0.167) * (0.007) (0.172) (0.009)
6.201 0.698 0.333 5.463 0.554 0.330
Waterbury (1.861) (0.134) " (1.557) (0.135)
-0.963 -0.006 0.006 -0.762 -0.005 0.005
Pre-1998 Cases (1.197) (0.030) (1.222) (0.030)
Murder for Hire 4.729** 0.334 0.103 4.493 N 0.302 0.104
(2.036) (0.073) (2.004) (0.072)
Kidnapped 1.496 0.014 0.050 1171 0.011 0.049
(1.115) (0.048) (0.979) (0.048)
2.723 0.062 0.071 2.215 0.042 0.069
Sexual Assault (1.027) ™ (0.059) (0.844) " (0.056)
Multiple Victims 3.289 . 0.048 0.051 2.656** 0.034 0.052
(1.270) (0.051) (1.199) (0.056)
Under Sixteen 0.881 0.008 0.021 0.729 0.007 0.019
(1.981) (0.049) (1.951) (0.051)
Constant -7.179** -0.084 -9.307** -0.095
(2.910) (0.096) (2.675) (0.081)
R? or Pseudo R? 0.399 0.399 0.192 0.397 0.397 0.193
N 200 200 205 200 200 205

Robust Standard errors in parentheses, ™ = p< 0.05, * = p <0.10

The omitted category from the race of defendant and victim variables is defendant White/victim White.

Columns (1) to (3) are identical to columns (4) to (6) in all but one respect — columns (1) to (3) use the Composite egregiousness measure (4-
12), and columns (4) to (6) use the Overall egregiousness measure (1-5). As one can see, the basic findings of the table are unaffected by the
choice of egregiousness scale.

+ Dropped due to perfect prediction.

b. Replicating the Base Model with Median Egregiousness Scores
(With Dummies for Each Increment on the Unidimensional
Scale)

Michelson also expresses unhappiness with the implicit assumption that the movement
from one level to the next in the egregiousness scores can be treated as equally spaced in terms
of their impact on capital charging and sentencing. While this is a standard assumption when

scales are used in regressions, | am happy to address his concern by simply depicting separate
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dummies for each integer value of the egregiousness scale, which fully addresses Michelson's
argument. Once again, | will show that this critique has not the slightest bearing on the findings
presented for the base models in Tables 22 and 23: race and Waterbury are two factors that
strongly influence capital charging and sentencing.

Table 35 shows both charging and sentencing regressions using my modified 4-12
Composite egregiousness measure. Again, rather than using a single mean egregiousness score
for each of the 205 cases in my regressions as done in Tables 22 and 23, Table 35 is based on
assigning all 205 cases a median egregiousness score and then putting in separate dummies for
each integer value from 6 to 11 (where the omitted value is 12).31° The first three columns of the
Table are comparable to the first three columns of Table 22, providing estimates of the factors
that influence capital charging; the one difference is that Table 22 uses the single mean
egregiousness score, and Table 35 instead uses six dummies to capture the egregiousness
measures. This change actually increases the size of the coefficient on the minority on white
murders variable, showing once again that these murders are capitally charged at higher rates
relative to other similar crimes with comparable levels of egregiousness. Once again, race
matters, and Michelson's criticisms do not.

The last three columns of Table 35 address capital sentencing and are analogous to the
first three columns of Table 23. These regressions double up some of the dummy variables for
egregiousness to avoid dropping an additional 72 observation due to perfect prediction; the
omitted category includes cases that had median egregiousness scores of 11 or 12. Yet again, the
minority on white murders result in death sentences at a substantially (and statistically
significantly) higher rate than other comparable crimes, and the impact of Waterbury on death

sentencing remains similarly strong.

315 As Table 21 indicates, none of my 205 cases had a median Composite 4-12 egregiousness score below 6.

227



This exercise also illustrates the wisdom of my initial choice to employ the single mean
egregiousness score rather than the series of six dummies shown in Table 35. First, Table 35
shows that the impacts of higher values of the egregiousness measure do not have a monotonic
influence on the likelihood of charging or sentencing even though we would expect they would.
To see this, note for example that the 55 cases with median egregiousness values of 6 or 7 have
higher likelihood of receiving a death sentence than the 13 cases with median egregiousness
values of 11 or 12. This is exactly why one might well prefer using the linear approximation of
my core models because it is likely that the probability of death sentencing will rise
monotonically with egregiousness. The estimates in Table 23 constrained the data to fit this
reasonable theoretical prediction, but the Table 35 regression models did not.

Second, as noted in discussing the virtues of the mean egregiousness variable of Tables
22 and 23, when you divide up your data into too many separate cells—as you do when you have
six dummies for egregiousness rather than my mean egregiousness measure—many cases will
get dropped from the estimates if they are perfectly predicted. Indeed, the 12 cases with median
values of 6 and the 62 cases with median values of 8 get dropped from the logit models in
columns 4 and 5 of Table 35, which means that the number of observations drops sharply for

these logit regressions.
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Table 35

Explaining Capital Charging and Death Sentences in 205 Connecticut Death-Eligible
Cases, 1973 — 2007, Decomposing the 4-12 Composite Egregiousness Measure into A Series

of Unidimensional Dummy Variables

Dependent Variable = Dependent Variable=
Capital Charges | Death Eligible Death Sentences | Death Eligible
@) @3] [©) Q) ®) (6)
Logit Logit Linear Logit Logit Linear
Marginal Prob. Marginal Prob.
Effects Model Effects Model
Explanatory Variables
Defendant White/Victim White 0.814 0.15 0.131
(0.434)* (0.077)*
Defendant Minority/ Victim White 1.879 0.261 0.311 3.419 0.067 0.093
(0.570)** (0.084)** (0.051) * (0.090) *
Defendant Minority/Victim Minority 0.431 0.002 0.000
(0.798) (0.996)
Defendant White/Victim Minority 0.228 0.042 0.030 T Dropped -0.055
(0.920) (0.197) (0.492)
Composite Egregiousness (Median = 6) 1.980 0.236 0.292
(1.373) (0.237)
Composite Egregiousness (Median = 7) 1.846 0.27 0.298
(1.113)* (0.187)
Composite Egregiousness (Median = 8) 0.886 0.158 0.114
(1.032) (0.179)
Composite Egregiousness (Median = 9) 1.209 0.202 0.180
(1.062) (0.180)
Composite Egregiousness (Median = 10) 1.670 0.228 0.244
(1.190) (0.190)
Composite Egregiousness (Median = 11) -0.112 -0.022 -0.021
(1.112) (0.215)
Composite Egregiousness (Median =6 or 7) 2.387 0.022 0.029
(0.083) * (0.699)
Composite Egregiousness (Median = 8 or 9) 0.730 0.003 0.001
(0.657) (0.986)
Composite Egregiousness (Median = 10) 2.147 0.025 0.057
(0.450) (0.654)
Special Aggravating Factors 0.256 0.05 0.043 0.298 0.001 0.008
(0.109)** (0.018)** (0.169) (0.253)
Waterbury 0.137 0.026 0.010 6.721 0.713 0.328
(0.728) (0.125) (0.000) ** (0.010) **
Pre-1998 Cases 0.901 0.173 0.163 -1.230 -0.006 0.007
(0.384)** (0.071)** (0.281) (0.806)
Murder for Hire 0.639 0.109 0.166 5.012 0.298 0.085
(0.819) (0.155) (0.006) ** (0.222)
Kidnapped -0.733 -0.151 -0.136 1.889 0.013 0.042
(0.475) (0.088) (0.072) * (0.440)
Sexual Assault -0.147 -0.029 0.003 2.675 0.039 0.052
(0.746) (0.124) (0.137) (0.551)
Multiple Victims 0.883 0.163 0.148 3.834 0.045 0.037
(0.547) (0.089)* (0.003) ** (0.511)
Under Sixteen 1.190 0.195 0.237 0.830 0.005 0.018
(0.608)* (0.109)** (0.654) (0.699)
Constant -2.653 0.083 -11.400 -0.082
(1.319)** (0.226) (2.257) ** (0.084)
R? or Pseudo R? 0.179 0.179 0.203 0.442 0.442 0.200
N 205.000 205 205 200 200 205

Robust Standard errors in parentheses,”™ = p< 0.05,” = p <0.10

The omitted category from the race of defendant and victim variables is defendant Minority/victim Minority for columns (1) — (3),
and defendant White/victim White for columns (4) — (6).

T Dropped due to perfect prediction.




Table 36 replicates Table 35 except that it includes the individual dummies for each
integer value of the Overall 1-5 egregiousness score (instead of the Composite 4-12
egregiousness score). Again we see the problems just discussed about lack of monotonicity and
the dropping of variables in the sentencing regressions in columns 4-5 of Table 36, which signals
yet again that my core models are likely sounder specification choices than the multiple dummy
models. Nonetheless, we still see the identical patterns of statistically significant effects for race
and geography with this modified set of controls for the Overall 1-5 egregiousness score in Table
36 that we saw in Tables 22 and 23 using the single mean Overall 1-5 egregiousness measure.
The bottom line, once again, is that the objections that Michelson raises do not affect the results
of the regression analysis: race and geography powerfully influence capital outcomes in
Connecticut.

c. Decomposing Composite Egregiousness into Four Components:
Using Medians

Tables 22 through 30 measured the egregiousness of the crime using mean values (taken
across 18 coders) of either the 4-12 Composite egregiousness scale or the 1-5 Overall
egregiousness scale. Tables 31 and 32 showed that the core findings of this report were
unaffected even if these egregiousness measures were dropped from the analysis, thereby
showing the results are not sensitive to the inclusion or exclusion of these measures. Tables 33
and 34 simply shifted to median rather than mean values of these two egregiousness measures,
again revealing that the core results from the earlier Tables were unchanged. Tables 35 and 36
further established the robustness of my core findings by converting the two egregiousness
measures into a series of dummies rather than using a single numeric measure of egregious.

Again the findings were robust.
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Table 36

Explaining Capital Charging and Death Sentences in 205 Connecticut Death-Eligible
Cases, 1973 — 2007, Decomposing The Overall 1-5 Egregiousness Measure into A Series of
Unidimensional Dummy Variables

Dependent Variable = Dependent Variable=
Capital Charges | Death Eligible Death Sentences| Death Eligible
()] I_(2)_ ©)] @) I_(5)_ (6)
ogit . ogit .
Logit Marginal Lln:/la; dF;']Ob' Logit Marginal Lm:/la(: erIOb'
Effects Effects
Explanatory Variables
Defendant White/ 0.722 0.133 0.114
Victim White (0.415)" (0.072)
Defendant Minority/ 0.128 0.000 0.001
Victim Minority (1.440) (0.029)
Defendant Minority/ 1.781 0.250 0.270 2.497 0.001 0.083
Victim White (0.631)" (0.087)" (1.216)" (0.056)
Defendant White/ -0.024 -0.005 -0.013 D g -0.059
Victim Minority (1.031) (0.221) Toppe (0.076)
E)vega}ll Egrze)giousness ( 2.390)x 0.251 (8.286)* Dropped? ((())&24)
Median = 1.451 .155 .064
Overall Egregiousness -0.043 -0.008 0.002 -15.060 -0.034 -0.010
(Median = 3) (0.867) (0.125) (1.316)" (0.056)
Overall Egregiousness -0.191 -0.037 -0.022 0.736 0.000 -0.002
(Median = 4) (0.767) (0.103) (1.146) (0.055)
Special Aggravating Factors 0.264” 0.051 0.041“ 0.232 0.000 0.006
(0.109) (0.019) (0.182) (0.009)
0.020 0.004 0.021 5.198 0.011 0.330
Waterbury (0.796) (0.138) (1.208)" (0.136)"
Pre-1998 Cases 0.916** 0.175 0.163** -0.473 0.000 0.006
(0.352) (0.068) (1.380) (0.028)
Murder for Hire 0.909 0.144 0.194* 19.945** 1.000 0.105
(0.768) (0.136) (2.122) (0.071)
Kidnapped -0.845* -0.175 -0.152* 1.602 X 0.000 0.050
(0.465) (0.084) (0.907) (0.046)
-0.007 -0.001 0.033 2.169 0.000 0.071
Sexual Assault (0.773) (0.119) (0.835)" (0.051)
Multiple Victims 0.659 0.123 0.119 3.029** 0.001 0.054
(0.468) (0.081) (1.242) (0.058)
Under Sixteen 1.174** 0.192 0.218** 0.938 0.000 0.020
(0.590) (0.101) (2.010) (0.053)
Constant -1.291 0.297 N -8.952** -0.064
(1.159) (0.178) (2.519) (0.071)
R? or Pseudo R? 0.172 0.172 0.189 0.416 0.416 0.193
N 205 205 205 190 190 205

Robust Standard errors in parentheses,”™ = p< 0.05,” = p <0.10
The omitted category from the race of defendant and victim variables is defendant Minority/victim Minority for columns (1) — (3), and
defendant White/victim White for columns (4) — (6).

+ Dropped due to perfect prediction.

We now take another step to address a Michelson complaint about the egregiousness

measure and yet again show it is unimportant. Michelson complains that the 4-12 scale should

be disaggregated into its four components instead of aggregated into a single measure. Of

course, there are very good substantive and statistical reasons to add the four components of the
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4-12 measure (which are each ranked on a 1 to 3 scale) into a single egregiousness measure, as
discussed above. Including the individual components as separate explanatory variables risks
perverse findings that, for example, the more victim suffering, the less likely that the case will
receive harsher treatment in the Connecticut death penalty system. In fact, as we shall see, this is
exactly what we will find, so Michelson's suggestion may have actually helped uncover another
dimension of the arbitrary and capricious results produced by the Connecticut death penalty
system.

| say "may have" because | have less confidence in relying on some of the individual
components of the Composite 4-12 egregiousnesss measure than on the overall aggregated score.
For example, victim suffering and defendant culpability, which are two components of the
Composite measure, might be correlated. Similarly, it is possible that multiple victim cases tend
to have less victim suffering (think about a bombing that kills many instantly versus a slow
beating of someone to death or a prolonged stabbing to death or strangulation). In these cases
the two individual components will likely not produce valid estimates on the individual impacts
on charging and sentencing of these two components (owing to the problem of multicollinearity),
even though the aggregated Composite measure that adds them both would still generate a useful
indication of the impact of their combined effect on capital charging and sentencing.

As discussed previously, adding the four components into a single Composite
egregiousness measure better constrains the data to reflect sensible relationships between
egregiousness and capital outcomes. Accordingly, there is value in using the constrained model
when testing for discriminatory outcomes, such as race, gender, or geographical effects. Given
the strong findings that minority on white murders are treated most harshly, the disaggregation

that Michelson advocates risks obscuring this racial discrimination by, for example, finding the
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harsher treatment of minority on white murders is "explained™ by the lower level of victim
suffering involved in these cases. Of course, this would be a nonsense result, but throwing in
additional explanatory variables, especially into a small data set, increases the risks that such
spurious results could deprive important variables of their true statistical significance. Indeed,
this has long been a standard ploy of defense experts in discrimination cases: try to cram in as
many extra explanatory variables into a data set with the hope that the evidence of discrimination
will be weakened as the regression gets taxed by the greater demands of estimating more and
more parameters.

As a statistical matter we are constrained in the number of explanatory variables we can
add to a regression explaining 9 sustained death sentences out of 205 (at the most) death-eligible
cases. A sensible response to the limited number of cases is to try to limit the number of
explanatory variables in prudent and transparent ways. This in part explains my original choice
of the single numeric egregiousness measures (although of course | present estimates using two
different numeric measures—the Composite and the Overall egregiousness scores). Nonetheless,
it turns out that the results found in the tables above are so strong that the changes that Michelson
advocates do not alter them. In other words, as is generally the case, Michelson's strident
objections are doubly feckless: they are both substantively dubious, and have no impact on the

ultimate results in any event.
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Table 37

Explaining Capital Charging and Death Sentences in 205 Connecticut Death-Eligible
Cases, 1973 — 2007,
Decomposing the 4-12 Composite Egregiousness Measure into Four Components (Medians)

Dependent Variable = Dependent Variable =
Capital Charges | Death Eligible Death Sentences | Death Eligible
()] I_(2)_ (©) 4 I_(5)_ (6)
ogit - ogit .
Logit Marginal Lln'\e/laé erIOb' Logit Marginal Lm&a; dF;rlob.
Effects Effects
Explanatory Variables
Defendant White/ 0.759 0.142 0.131
Victim White (0.445)" (0.077)"
Defendant Minority/ 0.716 0.001 0.013
Victim Minority (1.525) (0.028)
Defendant Minority/ 1.559 0.233 0.252 3.112 0.015 0.084
Victim White (0.597)" (0.085)" (1.599)" (0.053)
Defendant White/ 0.476 0.084 0.074 D g -0.029
Victim Minority (0.845) (0.192) Toppe (0.079)
Victim Suffering (1-3) -0.466 -0.092 -0.080 -1.467 -0.002 -0.023
(Median) (0.302) (0.050) (0.932) (0.014)
Victim Characteristics (1-3) -0.027 -0.005 -0.010 1.079 0.001 0.052
(Median) (0.372) (0.062) (0.941) (0.021)™
Defendant Culpability (1-3) 0.257 0.051 0.059 2.305 0.003 0.016
(Median) (0.403) (0.068) (1.148)" (0.028)
Number of Victims -0.417 -0.082 -0.061 -0.846 -0.001 -0.025
(0.242)" (0.018)" (1.114) (0.015)
Special Aggravating Factors (O(?.l21471)” 0.048 (O(?(.)Olz;l)“ (8 fgfy 0.001 (8883)
Waterbury 0.632 0.108 0.108 8.843** 0.836 0.351**
(0.813) (0.116) (1.978) (0.134)
Pre-1998 Cases 0.965** 0.187 0.175** -1.373 -0.002 0.001
(0.356) (0.066) (1.668) (0.030)
Murder for Hire 0.424 0.077 0.107 6.011** 0.227 0.103
(0.816) (0.142) (2.503) (0.078)
. -0.619 -0.128 -0.132 1.719 0.003 0.068
Kidnapped (0.490) (0.086) (1.188) (0.053)
Sexual Assault 0.220 0.042 0.063 4.740** 0.067 0.065
(0.682) (0.116) (1.613) (0.059)
Multiple Victims 1.123 X 0.206 0.180** 5.369** 0.033 0.083
(0.599) (0.087) (2.449) (0.056)
Under Sixteen 1.303** 0.213 0.250** 0.196 0.000 -0.011
(0.618) (0.104) (2.487) (0.051)
-0.455 0.398 -16.886 -0.162
Constant (1.403) (0.240)" (4.831)" (0.097)"
R? or Pseudo R? 0.181 0.181 0.209 0.505 0.505 0.222
N 205 205 205 200 200 205

Robust Standard errors in parentheses,”™ = p< 0.05,” = p <0.10
The omitted category for capital charges from the race of defendant and victim variables is defendant Minority/victim Minority. The omitted
category for death sentences from the race of defendant and victim variables is defendant White/victim White.

This table replicates Tables 28 and 29 with one change: it calculates the values of the components of the Composite egregiousness measure using

medians rather than means.

+ Dropped due to perfect prediction.

To show this I begin in Table 37 to alter the specifications of Tables 22 and 23 that are

based on the 4-12 Composite egregiousness measure in the following ways. First, rather than

adding the four components of the 4-12 composite measure, | introduce the first three
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components as individual explanatory variables. Mean values for each of these three
components could be taken across the 18 coders, but Michelson objects to the averaging.
Accordingly, we again circumvent Michelson's concerns by using median values. Second, since
Michelson complains that the number of victims should be included as a new explanatory
variable (rather than put on a 1-3 scale to correspond with the other three components of my
Composite egregiousness measure), | have added this new "number of victims" measure (which
ranges from 1 to 14, with a mean of 1.55 as shown in Table 21). Once again, the results in Table
37 confirm the primary findings of Tables 22 and 23 that minority on white murders are both
capitally charged and receive death sentences at higher rates than other comparable murders, and
that Waterbury cases receive substantially harsher capital sentencing.!6

The decomposition of the 4-12 egregiousness measure into its four components indicated
that three of the four components had the wrong sign for capital charging decisions and two of
the four had the wrong sign for death sentencing. Some of this apparent chaos is simply the
result of the correlation between the components that we discussed earlier: multicollinearity can
cause the coefficients on the collinear variables to bounce around in spurious ways. (This
represents one argument for preferring the aggregated egregiousness score to the disaggregated
scores presented in Table 37, but again note that the core findings of the importance of race and
geography to capital outcomes doesn't turn on this modeling choice.)

To the extent the incorrect signs are capturing further elements of the arbitrariness of the
Connecticut death penalty system, the decomposition would be helpful. For example, the greater

the number of deaths in a death-eligible case, the less likely it was that the case would be

316 The minority on white coefficient in column 4 of Table 37 just misses statistical significance at the .05 level,
coming in with a p-value of 0.052. This would not alter my overall conclusion on the impact of race on death
sentencing in Connecticut. As one can see in all of the regression tables: race matters (with minority on white
crimes treated most harshly).
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charged as a capital felony. In his deposition, Michelson—who reached this same conclusion—
conceded that this finding was bizarre.3!” Subsequently, Michelson tried to explain away the
finding by arguing that this was simply because the multiple victim cases were arson cases in
which there was no proof of intent.3!® This is incorrect. While Michelson (erroneously) tried to
include the Daryl Lee Harrell case in the sample—which was a case in which there was no intent
to murder—I excluded that case for precisely this reason: | limited my analysis to cases that
were eligible for the death penalty. An individual who killed by committing arson without
intending to take a life would simply not fall into the class of death-eligible crimes. It is unlikely
that the explanation for the lower capital charging rate of unambiguously more egregious
cases—remember other factors are held constant by the regression—is that prosecutors
perversely go after the least deathworthy cases. Rather, the likely explanation is that either the
number of victims coefficient is being marred by the inclusion of the collinear Multiple Victims
identifier, or the arbitrary factors of race and geography are simply undergirding the haphazard
results that prevent the limitation of the death penalty in Connecticut to the truly worst of the
worst.

d. Decomposing Both Egregiousness Measures Into a Full Series of
Dummy Variables

I also tried one final response to Michelson's allegations that the egregiousness scores
were not proper cardinal numbers, should be disaggregated, and could not be averaged. Here, |
disaggregated the Composite 4-12 egregiousness measure (there is no need to disaggregate the
Overall 1-5 measure since that is already unidimensional), and | used medians rather than means

(to deal with the alleged problems of averaging). | then created a full series of dummy variables

317 Michelson Dep. Sep. 16 2010 865:8 — 865:22; Michelson Dep. Sep. 16 2010 867:1 - 867:16; Michelson Dep.
Sep. 16 2010 866:20 — 866:25.
318 Michelson Report, October 15, 2010 at 308.
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to deal with the claim that the egregiousness measures were not proper cardinal numbers.
Specifically, | created dummy variables for each value of the median score in the first three
components of Composite 4-12 egregiousness, and then used the number of victims as an
additional explanatory variable.

The results of this exercise are shown for the charging equation in the first three columns
of Table 38, and again we see that one of the most powerful factors influencing charging for
capital felonies among death-eligible cases is whether the case involves a minority on white
murder. In other words, responding to every concern that Michelson raised about the
mathematical structure of the egregiousness scores had no impact on the Table 22 findings.
Michelson's objections simply have no influence on this study’s findings!

Columns 4 and 5 of Table 38 show why Michelson's objections are imprudent; we cannot
follow the approach from the left-hand side of Table 38 to estimate a sentencing equation
because the logit model fails to converge when we use the full array of dummies for the first
three components of my Composite egregiousness measure.3!® The takeaway lesson from Table
38 is that the charging equations yield generally similar results, whether one uses the core 4-12
Composite egregiousness measure (as in Table 22) or a more complicated dummy structure for
each of the components of Composite egregiousness. In every case, where valid logit estimates
emerge, the findings that race and geography powerfully influence capital outcomes in
Connecticut are clearly demonstrated.32° One cannot control for Composite 4-12 egregiousness

scores in estimating the likelihood of a death sentence using the approaches that address

31% One problem that researchers can encounter in estimating logistic regression models is a failure of the likelihood
maximization algorithm to converge. In most cases, this failure is a consequence of data patterns in which certain
dummy predictor variables will have one level of the variable for which either every observation has the event or no
observation has the event. Allison, Paul D. (2004) “Convergence problems in logistic regression.” Pp. 247-262 in
Micah Altman, Jeff Gill, and Michael McDonald (eds.) Numerical Issues in Statistical Computing for the Social
Scientist. New York: Wiley-Interscience. For these patterns, the maximum likelihood estimates do not exist.

320 Similarly, Table 36 provided individual dummy variables for the Overall 1-5 egregiousness measure, also
showing the importance of race and geography in capital sentencing.

238



Michelson's concerns, which underscores yet again that the original specifications of Tables 22
and particularly Table 23 are preferable to the approaches Michelson seems to advocate.3?
Every permutation of my base model uniformly supports the impact of race and geography on

capital outcomes in Connecticut.

321 Note that Table 38, column 6 does show a linear probability estimate of the factors influencing capital
sentencing. That the results for this model are virtually identical to Table 23 again underscores the lack of validity
to Michelson's stated objections to the 4-12 Composite egregiousness measure. Specifically, if we compare the
values in column 6 for Tables 23 and 38, we see virtually identical values for the estimated higher likelihood that
minority on white and Waterbury murders will receive a death sentence.
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Table 38

Explaining Capital Charging in 205 Connecticut Death-Eligible Cases, 1973 — 2007,
Decomposing the 4-12 Composite Egregiousness Measure into A Series of Dummy
Variables (With a Control for Number of Victims)

Dependent Variable = Dependent Variable =
Capital Charges | Death Eligible Death Sentences | Death Eligible
1) 2 ®) 4) ©®) (6)
Logit . Logit .
Logit Marginal Linear Prob. Logit Marginal Linear Prob.
Model Model
Effects Effects
Explanatory Variables
Defendant White/ 0.802 0.149 0.139
Victim White (0.446)" (0.078)" Does Not Converge
Defendant Minority/ 1.654 0.241 0.268 0.084
Victim White (0.601)™ (0.084)™ (0.054)
Defendant Minority/ 0.012
Victim Minority (0.030)
Defendant White/ 0.427 0.076 0.064 -0.023
Victim Minority (0.852) (0.194) (0.079)
Victim Suffering -0.914 -0.198 -0.153 -0.005
(Median = 2) (0.607) (0.096) (0.038)
Victim Suffering -0.922 -0.179 -0.154 -0.045
(Median = 3) (0.621) (0.101) (0.029)
Victim Characteristics -0.137 -0.027 -0.037 0.040
(Median = 2) (0.484) (0.086) (0.027)
Victim Characteristics -0.145 -0.029 -0.031 0.105
(Median = 3) (0.776) (0.126) (0.044)**
Defendant Culpability -0.457 -0.093 -0.051 -0.036
(Median = 2) (1.532) (0.389) (0.052)
Defendant Culpability -0.125 -0.024 0.023 -0.015
(Median = 3) (1.558) (0.389) (0.066)
Number of Victims -0.423 -0.083 -0.062 -0.025
(0.251)" (0.019)™ (0.015)*
Special Aggravating Factors 0.225 0.044 0.039 0.009
P 99 9 (0.120)" (0.019)" (0.008)
0.590 0.101 0.096 0.351
Waterbury (0.828) (0.121) (0.133)**
0.925 0.179 0.167 0.003
Pre-1998 Cases (0.351)" (0.065)" (0.028)
Murder for Hire 0.471 0.084 0.116 0.102
(0.786) (0.136) (0.080)
Kidnanped -0.579 -0.119 -0.129 0.066
PP (0.508) (0.088) (0.054)
0.155 0.030 0.048 0.064
Sexual Assault (0.681) (0.116) (0.059)
. - 1.279 0.231 0.200 0.076
Multiple Victims (0.640)" (0.090)"" (0.055)
Under Sixteen 1.343 0.217 0.252 -0.020
(0.681)™ (0.113)" (0.051)
Constant 0.139 0.493 -0.067
(1.647) (0.395) (0.085)
R? or Pseudo R? 0.185 0.185 0.213 0.225
N 205 205 205 205

Robust Standard errors in parentheses,”™ = p< 0.05,” = p <0.10
The omitted category from the race of defendant and victim variables is defendant Minority/victim Minority for (1)-(3) and defendant

White/victim White for (4)-(6).

We ran the same models for capital sentencing but no results are shown in Columns 4-5 because the logit model did not converge.
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5. Robustness Check for Regressions—Adding Controls for Stranger
Murders and Prior Serious Criminality of Defendants

My analysis thus far has controlled for an array of potential explanatory characteristics of
each death-eligible case and documented that race is a strong determinant of capital charging,
and both race and geography are strong determinants of death sentencing. This finding has been
robust to the addition of a gender variable, dropping of the cases that Michelson argued should
be dropped, and all sorts of changes in specifications to address Michelson’s arguments about the
egregiousness measures. This section provides one final robustness check to see if my findings
are robust to controls for two additional factors: an identifier for whether the murder is of a
person who was a stranger to the defendant and a control for prior serious criminality by the
defendant. Accordingly, we now replicate Tables 22 and 23, but include controls for these two
factors.

The Data Collection Instrument (DCI) contains information for all 205 cases on the
degree of intimacy of the relationship between defendant and victim(s), ranging from
“Intimate/Family” to “Friend or Acquaintance” to “Stranger.” Tables 39-42 will contain a
dummy variable called "Stranger" to reflect this final category.®?? There are 58 stranger cases
out of the total of 205 (28%), 46 stranger cases out of the 141 charged with capital felony (33%),

and four stranger cases out of the nine that received a sustained death sentence (44%).

Harvard Professor Rafael Di Tella and his coauthor Ernesto Schargrodsky have shown
that the single most important factor in explaining the likelihood that recent convicts assigned to

some form of electronic monitoring would either escape or subsequently commit a crime that

322 To generate the Stranger dummy, we code stranger=1 if the relationship between the defendant and the victim or
any of the victims is strictly “Stranger,” and stranger=0 if the relationship falls into any other non-stranger category.
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sends them to prison is the number of prior episodes of incarceration.®?® Given the unusual
importance of this factor in recidivism, it is worth asking whether this same measure could
capture something important about the criminal defendant that explains capital charging and
death sentencing. Accordingly, I used the precise variable that Di Tella and Schargrodsky
employed: a count of “Prior Separate Prison Sentences Imposed.” In Tables 39 and 40, I use this
measure to capture the prior serious criminal history of the defendant by including a dummy
variable called Prior Prison Sentence Imposed (=1 if there was a prior prison sentence imposed
and =0 if not). | then go on to capture this effect a second way, in Tables 41 and 42, by replacing
the dummy variable on Prior Prison Sentences with the actual count of the number of Prior
Separate Prison Sentences Imposed (capping at 07 following the DCI coding). Thus, a defendant
who was never previously sentenced to prison would receive a 0 and a defendant with three prior
spells in prison would receive a value of 3.32*

The bottom line from these four tables is that controls identifying whether the crime is a
stranger murder or whether the defendant has prior prison sentences does not change the
fundamental results: race and geography still affect capital outcomes in much the way that we

have seen throughout. All four tables show that minority on white murders are treated more

323 Rafael Di Tella and Ernesto Schargrodsky, "Criminal Recidivism after Prison and Electronic Monitoring,"
NBER Working Paper No. 15602, http://www.nber.org/papers/w15602 (August 16, 2010).
324 1t is worth noting that in the DCI, total number of prior separate prison sentences imposed is coded
00-06 = As is

07 =7 or greater

09 = Unknown if sentenced to state prison sentence
The total number of cases for which prior prison sentences imposed is available (any value other than 09) is 190.
However, we have four anomalous cases where the number recorded is higher than 07 (and not equal to 09) and thus
does not correspond to any of the above codes. | include these four cases in my first set of regressions using the
prior prison sentence dummy (regressions in Tables 39 and 40) coding them as =1, but drop these cases out of the
second set of regressions using continuous values for prior separate prison sentences (regressions in Tables 41 and
42). My assumption is that the out of code variable is reflecting there was a prior prison sentence but we are not
sure if it was to be top coded at 7 or not, so I drop it from my continuous measure.
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Forgive me for thinking that Michelson's behavior in this matter is problematic.
Michelson has made his position on the use of ordinal variables in logistic regression analysis
quite clear: "You can't average ordinal data. It is not susceptible to averaging. It is not
susceptible to the mathematics of regression™ (Michelson Deposition, 9/16/2010). Yet we have a
Nobel economist doing just that, the most eminent American statistician of the last century
endorsing just that, and even the authors of the book that Michelson greatly admires.

iv. Yet another example of Michelson himself citing and

praising work that uses variables in a manner identical
to my methodology.

Michelson argues that the allegedly ordinal nature of my coders’ egregiousness scores
invalidates the use of the resulting average score as a regressor.> However, Michelson himself
has relied on and admired work that uses variables identical in structure to my own in regression
analyses. Consider Michelson’s citations®® to the work of Richard Sander,*! which uses
averaged scales as regressors in much the same way that my regressions do. Sander’s paper is
susceptible to the very allegations that Michelson levels against me.

Consider Sander’s use of a student’s grade point average (GPA) in his regressions.
Sander employs two measures of GPA—undergraduate and law school—depending on the
outcome variable under analysis. GPA enters regressions both in raw and standardized forms.39?

Of course, it is a widespread practice in the economics literature on education to use GPA
as a regressor, so there is nothing in the least unusual about Sander's reliance on this measure.

Indeed, even though the Sander paper that Michelson endorses was roundly criticized by many

389 |d. at 64 (“Component ranks are summed, per coder, and then these per-coder ‘total scores’ are averaged over the
nine coders. . . . All of these operations are illegitimate. . . . Scores must be cardinal to be summed or averaged.”).
390 1d. at 118-19.

391 Richard H. Sander, A Systemic Analysis of Affirmative Action in American Law Schools, 57 STAN. L. REV. 367
(2004).

392 Compare id. at 463 thl. 7.3 (raw GPAs) with id. at 464 tbl. 7.4 (standardized GPAs).
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between the beginning of the judicial process and the final judgment of the judicial system are
“post-treatment concomitant variables.” In general, post-treatment concomitant variables are not
included in regression analysis, as Rosenbaum explains:

The goal is to compare subjects who were comparable prior to treatment. An outcome

is, by definition, measured after treatment. Adjustments for unaffected outcomes render

people comparable prior to treatment only under special and restrictive circumstances,

that is, under assumptions that may be wrong and are often difficult to justify.*°
Including judicial process variables risks removing the main pathways through which the death
penalty framework may treat defendants differently based on race.*** As Rosenbaum notes,
“Estimators that adjust for a concomitant variable that has been affected by the treatment are
generally biased.”*%2

Post-treatment variables can be useful, however, not as controls but as dependent
variables. Used in the latter way, post-treatment variables may help illuminate at what stage in
the criminal justice system disparate treatment occurs. For example, with enough data, one
could estimate the impact of defendant and victim race on the charging decision, plea bargaining,
and jury and judicial decision making to isolate the discretionary processes where disparate
treatment occurs.*>® Although some researchers with far more cases to work with have

attempted studies that focus on successive stages of prosecutorial, judicial, and jury decision-

making, in this case the limited data supply of cases at each stage in the process limits the value

450 pAUL R. ROSENBAUM, OBSERVATIONAL STUDIES 220-21 (2002)(citing Paul R. Rosenbaum, The Consequences of
Adjustment for a Concomitant Variable That Has Been Affected by the Treatment, 147 J. ROYAL STAT. SOC'Y 656,
656 (1984)).

451 See Daniel J. Ho, Comment, Affirmative Action’s Affirmative Actions: A Reply to Sander, 114 YALE L.J.
2011(2005) (noting that if we hold constant something that is itself affected by the treatment, then we are removing
precisely one of the main effects we are trying to study); Paul R. Rosenbaum, The Consequences of Adjustment for a
Concomitant Variable That Has Been Affected by the Treatment, 147 J. ROYAL STAT. SoC'Y 656, 656 (1984).

452 Rosenbaum, supra note 451 at 656. Rosenbaum explains that “if treatment assignment is strongly ignorable...
given the pretreatment variables. .., then appropriate adjustment for [the pretreatment variables] is sufficient.” Id. at
659.

453 David C. Baldus & George Woodworth, Race Discrimination in the Administration of the Death Penalty: An
Overview of the Empirical Evidence with Special Emphasis on the Post-1990 Research, CRIM. L. BULL., Spring
2005, at 3.
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of analysis at that level of granularity. As Table 43 reveals, when Michelson tried to move down
this path, his regressions became perilously fragile because he simply didn't have enough
observations to validly estimate the number of explanatory variables he was trying to use.

F. MICHELSON'S CLAIM THAT MINORITY ON WHITE MURDERS ARE

MORE EGREGIOUS ON AVERAGE THAN OTHER MURDERS IS
DEMONSTRABLY FALSE

A stunning error in Michelson's report is his outrageous effort to establish that minority
on white murders are treated most harshly because these are the worst murders (without regard
for the race of the participants).

Since we have already seen that the facts are exactly the opposite of what Michelson
contends—minority on white murders tend to be less egregious than other murders, how does
Michelson purport to establish this non-fact? Amazingly, he uses my two egregiousness
measures—the very ones that he claimed made no sense when he attacked my report. Although
he hopelessly bungles his statistical evaluation using my egregiousness measures, the very fact
that he employs them in his own analysis and then tries to conclude that minority on white
crimes are the "worst" reveals that Michelson understands that the egregiousness measure has the
precise content | intended.

Thus, despite all of his attacks on my egregiousness measures, in Part B.5 of his report
Michelson essentially embraces these measures as valid because he—quite mistakenly—thinks
he can establish that the most harshly treated category of crimes are the most egregious. In
particular, Michelson claims in Figure B15 that minority on white homicides are correlated with
higher egregiousness, which he interprets in this way:

| prefer to believe the more straight-forward explanation, that [coders] see the murders

that are committed by nonwhites on whites as more egregious than other murders from
their race-neutral facts alone.**

454 MICHELSON REPORT, AUGUST 20, 2010, at 73.
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He continues,

Are analysts afraid of the ‘politically incorrect’ conclusion that nonwhite-on-white crimes
are, by their nature (without regard for race), more egregious than other crimes?4%®

Michelson’s taunting of imaginary “politically correct” analysts, however, is both highly
inflammatory and completely unwarranted. Michelson is flat-out wrong when he says minority-
on-white crimes are more egregious than other crimes; this result stems from an elementary
statistical error on his part. Because of the importance of this issue, | will establish the nature of
Michelson's error in detail.

1. Michelson's Claim that Minority-on-White Homicides are More
Egregious is False.

Minority-on-white crimes are simply not more egregious than other crimes, according to
the coders. Table 44 uses Michelson's own donplusrev.dta data set to illustrate the average
egregiousness score, Eg(B) (what | refer to as Overall egregiousness on a 1-5 scale) for each of

the four race categories of (minority and white for defendants and victims):

Table 44
Egregiousness By Defendant Race and Victim Race from Michelson's Dataset
White Defendant Minority Defendant
White Victim 3.71 3.41
Minority Victim 3.65 3.25

This table clearly shows that death-eligible murders committed by whites in Connecticut are, on
average, more egregious than those committed by minorities. Note that minority defendants (the
last column) have lower average Overall egregiousness scores than white defendants, regardless
of the race of the victim. In the following sections, we will show in detail why Michelson’s

Figure B15, which purports to show the opposite, is fatally flawed. However, even without that

45 1d. at 74.
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explanation, Table 44 indicates that his overall bald assertion “that nonwhite-on-white crimes
are, by their nature (without regard for race), more egregious than other crimes" is simply wrong.

Additionally, Michelson cannot possibly be right that differences in egregiousness
explain differences in capital charging and sentencing because, as | have previously shown in
detail throughout this report, minority-on-white crimes receive the most severe treatment
controlling for egregiousness of the crime. Table after table in this report establishes beyond
dispute that when we control for either measure of egregiousness that | employ—Michelson
refers to them as Eg(A) or Eg(B)—the minority-on-white variable correlates positively with both
capital charging and death sentence. That is, minority defendants with white victims in death-
eligible cases are charged and sentenced to death at a substantially higher rate for crimes of the
same level of egregiousness and for similar types of crimes.

In light of the above fact, we do not need to examine Figure B15 to know that
Michelson’s conclusions are wrong. When he asserts that minority-on-white crimes receive the
harshest treatment because they are the most egregious, he is dead wrong on two counts: these
crimes are not the most egregious, and they receive more severe treatment than other death-
eligible crimes when we compare cases of the same level of egregiousness. We could stop there
and the Court may be inclined to do so, since Michelson's point is clearly wrong. However, it
may be worth taking some time to illustrate the gross econometric error that Michelson made in
running his regressions that led him to argue so vehemently that something that simply isn't true
should be believed by this Court. Michelson's econometric error is outlined in the next
subsection.

2. Michelson Draws His Faulty Conclusion Because of His Faulty
Methodology.

Michelson’s Figure B15 is reproduced here:
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Eg(B) Eg(B)

Variable Coefficient t p Variable Coefficient t p
Defendant NW ‘Def. & victim

Victim W } 0.189 3.22 0.001 Same Race } -0.169 -3.28 0.001
Egl 0.498 11.39 0.000 Egl 0.494 12.21 0.000
Eg2 0.603 14.85 0.000 Eg2 0.596 14.90 0.000
Eg3 0.717 13.35 0.000 Eg3 0.728 13.37 0.000
Murder For Hire 0.112 1.21 0.229 Murder For Hire 0.108 1.19 0.234
Kidnapped 0.157 2.25 0.025 Kidnapped 0.156 2.49 0.013
Sold Drugs -0.354 -2.92 0.004 Sold Drugs -0.333 -2.14 0.034
Sex Assault 0.241 3.82 0.000 Sex Assault 0.252 3.51 0.001
Multiple Victims 0.365 5.82 0.000 Multiple Victims 0.362 6.49 0.000
Constant -0.794 -4.97 0.000 Constant -0.633 -3.63 0.000

N 207 Rz 0.887 N 207 RZ 0.887

What is Michelson doing here? He runs two separate regressions where he uses my
Overall 1-5 egregiousness score (what Michelson calls as Eg(B)) as the dependent variable and
correlates it with the listed set of independent variables, which includes Egl, Eg2, and Eg 3, and
a measure for multiple victims, which are essentially the four components of my Composite 4-12
egregiousness score (which Michelson terms as Eg(A)).**® There is actually some interesting
information in this table, although Michelson chose not to mention it. In essence, what
Michelson has done is provide strong confirmation that my two egregiousness scores are in fact
measuring the same thing. In other words, when the coders identified the cases of greatest victim
suffering, most vulnerable victims, most culpable, or crimes involving multiple murders they
were identifying the cases that overall seemed most egregious to them. Indeed, a simple
examination of the t-statistics in the table reveals that these four factors—that is, the four
components of my 4-12 egregiousness score were extremely highly correlated with
egregiousness.

This is exactly what one would want from an egregiousness measure, and Michelson
shows that is exactly what we find in this data. The t-statistics on these four variables are the

highest in both sets of tables and indeed are stunningly high—one rarely sees t-statistics in the

456 MICHELSON REPORT, AUGUST 20, 2010, at 71.
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neighborhood of 11-15 as we see for the first three components of my 4-12 egregiousness
component (and the t-statistics on Multiple Victims of roughly 6 are also enormous). So far, so
good. Although Michelson doesn't mention it, he provides strong support for the accuracy and
reliability of the egregiousness measure. Since the four components of the 4-12 Composite
egregiousness are all central elements of any conception of egregiousness, Michelson's Figure
B15 powerfully supports the validity and reliability of my egregiousness measures.

Unfortunately, when Michelson tries to discuss this table, he quickly runs the train off the
tracks, making a gross error in understanding (or at least expounding upon) his regression. In
Michelson's Figure, he thinks (or says) he is showing in his first regressions that there is a
positive correlation between egregiousness and cases with a minority defendant and white
victim, and in the second showing a negative correlation between egregiousness and cases where
the victim and defendant were of the same race. While Michelson seems to think that he is
showing two pieces of information, he is really showing just one piece: since all but a handful of
cases are either minority on white cases or cases where the defendant and victim are the same, if
one group of cases is higher, the other must be lower. This explains why the coefficients in the
top row of his table have virtually identical significance and size, yet opposite signs. (The two
coefficients would be identical in size and opposite in size were it not for the trivial handful of
white on minority death-eligible crimes -- which totaled five in my final 205 data set.) Itis like
saying George is taller than Larry, and Larry is shorter than George. That is one fact, not two, so
the second regression is unnecessary.

Michelson then erroneously uses his race coefficients from this Figure throughout his

report to claim, “[w]e have seen the students’ reaction to white victim crimes, and especially
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black defendant-white victim crimes. They are, at least in their eyes, worse crimes.”*’

Michelson suggests that if the coders, who did not know the race of the defendant or victim,
found these crimes to be more egregious, a higher rate of capital felony charges or death
sentences for minority-on-white murders is not evidence of a racially-biased system.*® This is
nonsense, and simply comes from Michelson's commission of a gross econometric error. Either
Michelson doesn't know what he is doing, or he knows and is trying to deceive the Court.

Michelson seems to forget that his regressions in Figure B15 regress one measure of
egregiousness on another. In other words, the variable “egregiousness” appears on both sides of
his regression equation, in two different forms. On the left hand side, his dependent variable is
Eg(B), which is overall egregiousness measured on a five-point scale. On the right hand side, he
includes as dependent variables Egl, Eg2, and Eg3, which stand for three components of the
Eg(A) egregiousness measure (victim suffering, victim characteristics, and defendant
intent/culpability, respectively) and the Multiple victim variables, which is essentially the fourth
component of the Eg(A) egregiousness measure. The left-hand egregiousness metric and the
right-hand egregiousness metrics are just two different measures of the same overall trait: the
egregiousness of the crime. Michelson does not explain his choice to use Eg(B) as his dependent
variable and components of Eg(A) as independent variables, and of course there is no logical
justification for doing so.

The important point to note, then, is that the sign of the coefficient on the race variable
(in his top row of the table), which Michelson seems to think explains how race and
egregiousness are related, is entirely dependent on which egregiousness measure Michelson

chose to use as his independent variable and which he chose to use as his dependent variable.

457 MICHELSON REPORT, AUGUST 20, 2010 at 166. See also id. at viii n.7.
458 See id. at 71-72.
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Had Michelson chosen to use Eg(A) as his left hand variable, minority-on-white crimes would
appear to be less egregious than average, and crimes where the defendant and victim were of the
same race would appear to be more egregious than average. It is easy to see why. Suppose we
have a simplified regression equation that explains Eg(B) only in terms of a race variable, R,

and Eg(A):

Equation 1 Eg(B) = aR + SEg(A) + y

Assume o is positive, indicating a positive correlation between Eg(B) and race (which is what
Michelson shows in the left hand column of Figure B15). Using this equation to solve for Eg(A),

the alternative measure of egregiousness, we get:

Equation 2 Eod =% r+ L Eacmy— 2
g(A4) 5 +ﬂ g(B) 5

If B were positive in Equation 1—which is what one would expect, since Eg(A) and Eg(B) are
highly positively correlated in that they are different measures of the same underlying trait, and
indeed is the case in Figure B15—then the race coefficient in Equation 2 would necessarily be
negative. Had Michelson chosen to use Eg(A) as his dependent variable instead of Eg(B), his
race related coefficients would have come out with opposite signs. Of course, under Michelson’s
logic, this finding suggests the opposite conclusion: that minority-on-white murders are less
egregious. Obviously, one type of crime cannot both be more and less egregious than other
types, so it is Michelson's interpretation itself that is hopelessly confused.

The following regressions show empirically what was just demonstrated theoretically:
switching the egregiousness variables reverses the sign on the race coefficients. First, we
reproduce the regressions in Michelson’s Figure B135, using the combined measure Egl123, the
sum of Egl, Eg2, and Eg3, instead of the individual measures. (Eg123 is highly correlated with

Eg(A).) The relevant coefficients, t-statistics, and p-values (bolded) remain much the same as
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they were in Michelson's Figure B15: note that in Table 45a the coefficient on "minority on
white crimes™ is positive and significant (and in Table 45b, the comparable coefficient on same

race crimes is in the opposite direction) as in Figure B15
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Table 45a

. reg EGB dnonwhitevwhite EG123 ForHire kidnap selldrugs SexAssault MultVics if casenum < 300, robust

Linear regression No. of obs = 207

F(7, 199 | = 377.95

Prob > F = 0.0000

R-squared = 0.8810

Root MSE = 0.28416

Robust Std.

EGB Coef. Err. t P>|t| [95% Conf. Interval]
dnonw~vwhite 0.2156957 0.0569809 3.79 0.000 0.1033318 0.3280595
EG123 0.5674786 0.0196071 28.94 0.000 0.5288141 0.606143
ForHire 0.2129187 0.0917606 2.32 0.021 0.0319708 0.3938665
kidnap 0.1685952 0.0570101 2.96 0.003 0.0561738 0.2810166
selldrugs -0.5259249 0.1163163 -4.52 0.000 -0.7552956 -0.2965541
SexAssault 0.2483905 0.0608747 4.08 0.000 0.1283482 0.3684328
MultVics 0.4117558 0.0631828 6.52 0.000 0.2871621 0.5363495
_cons -0.5309541 0.1444215 -3.68 0.000 -0.8157471 -0.2461612
Table 45b

. reg EGB samerace EG123 ForHire kidnap selldrugs SexAssault MultVics if casenum < 300, robust

Linear regression No. of obs = 207

F(7,199) | = 375.86

Prob > F = 0.0000

R-squared = 0.8797

Root MSE = 0.28576

Robust Std.

EGB Coef. Err. t P>|t| [95% Conf. Interval]
samerace -0.1846381 0.0521201 -3.54 0.000 -0.2874166 -0.0818595
EG123 0.5634777 0.019927 28.28 0.000 0.5241826 0.6027728
ForHire 0.2201352 0.0914457 241 0.017 0.0398083 0.4004622
kidnap 0.175058 0.0576555 3.04 0.003 0.0613639 0.288752
selldrugs -0.5132657 0.1146008 -4.48 0.000 -0.7392534 -0.287278
SexAssault 0.2650207 0.0606018 4.37 0.000 0.1455167 0.3845248
MultVics 0.4140518 0.0634088 6.53 0.000 0.2890125 0.5390911
_cons -0.3261298 0.1523555 -2.14 0.034 -0.6265682 -0.0256914
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Now we show where Michelson went wrong. We re-run these regressions but now with Eg123

as the dependent variable and Eg(B) as a right-hand variable. Our theoretical demonstration that

this reversal must shift the sign on the race variables in fact occurs: now the coefficient on

minority white in Table 46a is negative and significant (and the same race coefficient in Table

46D is positive and significant), which is the opposite of what we saw in Tables 45a and 45b.

Table 46a

. reg EG123 dnonwhitevwhite EGB ForHire kidnap selldrugs SexAssault MultVics if casenum < 300, robust

Linear regression No. of obs = 207

F(7, 199) | = 289.8

Prob > F = 0.0000

R-squared = 0.878

Root MSE = 0.44259

Robust Std.

EG123 Coef. Err. t P>|t| [95% Conf. Interval]
dnonw~vwhite -0.347991 0.0923164 -3.77 0.000 -0.530035 -0.1659471
EGB 1.376667 0.0527801 26.08 0.000 1.272587 1.480747
ForHire -0.5686341 0.1322126 -4.3 0.000 -0.8293516 -0.3079166
kidnap -0.1948386 0.0888704 -2.19 0.030 -0.3700872 -0.01959
selldrugs 0.0484663 0.1963431 0.25 0.805 -0.3387138 0.4356463
SexAssault -0.0501878 0.1059205 -0.47 0.636 -0.2590584 0.1586828
MultVics -0.7083529 0.0938096 -7.55 0.000 -0.8933414 -0.5233645
_cons 2.214209 0.1934376 11.45 0.000 1.832758 2.59566
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Table 46b
. reg EG123 samerace EGB ForHire kidnap selldrugs SexAssault MultVics if casenum < 300, robust

Linear regression No. of obs = 207

F(7, 199) | = 29157

Prob > F = 0.0000

R-squared = 0.8754

Root MSE = 0.44729
EG123 Coef. Robust Std Err t P>t [95% Conf. Interval]
samerace 0.2788102 0.08628 3.23 0.001 0.1086699 0.4489505
EGB 1.380537 0.0528008 26.15 0.000 1.276416 1.484658
ForHire -0.5854755 0.1312994 -4.46 0.000 -0.8443921 -0.3265589
kidnap -0.2031559 0.0906119 -2.24 0.026 -0.3818385 -0.0244732
selldrugs 0.0090644 0.1923138 0.05 0.962 -0.37017 0.3882988
SexAssault -0.0746546 0.106569 -0.7 0.484 -0.2848041 0.1354949
MultVics -0.7150098 0.0949159 -7.53 0.000 -0.9021799 -0.5278397
_cons 1.92908 0.2054143 9.39 0.000 1.524012 2.334148

Of course now we see that Michelson's interpretation of his regression result was wrong.
He stated that the positive sign on the minority on white murders meant they were more
egregious, but that can't be right because when we do the regression one way (see Table 45a), the
coefficient is positive and when we do it the other way (see Table 46a), it is negative. The heart
of Michelson’s confusion is that he erroneously thought that the coefficient on the race variable
identifies the relationship between race and egregiousness. He was wrong. Rather, the
coefficient signifies a correlation between race and the difference between the two measures of
egregiousness.

Another theoretical demonstration will make the point. From Equations 1 and 2, we find:

Equation 3 Eg(B)— PBEg(A)=aR + &

364



Thus, the coefficient on the Race variable in Michelson's regression (which | here refer to
as o) identifies the difference between the egregiousness estimates which is not the same as the
level of egregiousness.

While Michelson's error is so basic that no knowledgeable econometrician would make it,
it still may be hard for a lay person to understand this point. Perhaps an example might help.
Assume that a set of coders were asked to assess the heights of NBA basketball players while
watching them in a game and while observing them at a dinner function. If the "game" estimates
were higher than the "dinner" estimates for black players (but not for other players), this does not
mean that black players are taller. It simply means that the discrepancy in the two estimates is
greater for black players than for non-black players (perhaps, as in Michelson's Figure B15 by
some trivial amount).

As the above discussion shows, Michelson thought his Figure B15 regressions were
telling us something about the level of egregiousness of minority on white murders when they
were only telling us that there was a difference in the two measures of egregiousness for these
crimes (and since there is a difference, one estimate has to be higher than the other). The fact
that there are minor differences in the two egregiousness measures is exactly the reason that two
measures were coded. Since we generated the same results that minority on white crimes were
treated more harshly in both charging and death sentencing whether we controlled for the
Composite or Overall egregiousness measures simply means that Michelson's Figure B15 is
irrelevant to the argument that he is trying to make. Michelson is wrong when he tries to claim
that minority on white crimes are more egregious. His explanation for why minority on white

crimes are treated more harshly in the Connecticut capital punishment regime fails.
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G. MICHELSON'S CONCEPTUALLY AND TECHNICALLY FLAWED
(AND HENCE, EVER-CHANGING) REGRESSIONS

Michelson has repeatedly made serious errors in his regression analysis, which can be
grouped into two broad categories. The first is that he somehow gets the regression wrong in the
sense that what he puts in his tables (which he oddly refers to as "Figures" -- a term usually used
as a label for a graph) is not what comes from the regressions he says he is running. One would
be well advised to be charitable if this were an occasional or rare mis-step, but Michelson has
generated faulty regression output over and over again. This has imposed enormous burdens,
since so much time has to be invested in finding and then pointing out the errors, which then
leads to yet another in the endless set of Michelson reports (with number 8(!) apparently on the
way). It is challenging enough to understand an expert report when the regressions are run
correctly (from the technical perspective), but it is impossible when, by virtue of such shoddy
work by Michelson, the reader has no confidence that what the reader is reading is actually what
Michelson intended to write.

The second problem is that even when Michelson gets the regression technically correct,
he often completely misinterprets his results. This typically reflects Michelson's conceptual
confusion over what he is trying to accomplish with the regression tool.

This section shows that the regressions in the Michelson report emphatically do not
support the conclusions he draws from them. In Part B of his report, Michelson purports to show
that my “statistical analysis may ‘explain’ nothing”**® because my egregiousness measures are
“technically illegitimate.”*®° In Part D he attempts to “provid[e] a counter-example”*®! to my

report, demonstrating how he would have analyzed the data, given all 231 DClIs. In both of these

459 MICHELSON REPORT, AUGUST 20, 2010, at 29.
460 14 at 46.
461 14 at 272.
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Parts, Michelson uses Stata to perform his own regression analysis, plugging data into the
program and using the output to declare that my egregiousness measures are flawed and the
factors influencing which defendants are sentenced to death are non-arbitrary and not race-based.
He is wrong on all accounts. Many of Michelson’s regressions are problematic in concept or
execution, and this section highlights these problems, which yet again undermine the credibility
of his report.

| discuss both recurring problems with Michelson’s regressions. | begin by looking at
cases where Michelson runs a reasonable regression but then interprets the regression in an
unreasonable way. Next, | point out some of the abundant instances where Michelson has
sloppily generated unreplicable regressions in his reports.

1. Michelson Draws Unsupported Inferences From His Regressions.

Michelson frequently runs a regression that is, in itself, accurate, but then goes on to
make assertions based on the regression that are wholly unsupported by the data or by his
statistical analysis of it. Sometimes Michelson misinterprets his results, suggesting that his
coefficients indicate a flaw in my report where they are actually entirely consistent with or even
strongly buttress my work. Other times, Michelson suggests my regressions have been set up
incorrectly, but implementing his suggested changes does nothing to remedy the “problematic”
result. Here, | show examples of all these kinds of errors.

a. Michelson Uses Conceptually Flawed Regressions to Attack the

Composite 4-12 Egregiousness Measure When Proper
Regressions Strongly Validates Its Components

Michelson sets out to try to discredit my Composite 4-12 egregiousness measure, but his
regression approach is conceptually flawed. If he had adopted a conceptually proper approach,

he would have strongly validated this egregiousness measure.
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