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We see thal the rural:perAA can be dropped. A subsequent test reveals that rural
can also be removed. This gives us a final model of:

> finalm <~ lm{undercount equip + econ + perAk + equip:econ
+ equip:perAi, gavote)
> summery{finalm)
Coefficients: (2 not defined because of singularities)
Estimate Std. Error t valus Pr(>It!)

[Intercept) 0.04187 0.00503 .33 £.5e-14
equip0s-CC 0.01133 0.00737 -1.54 0.12670
equip0S-PC 0.cogse 0.01118 0.77 0.44429
equipPAPER -0.05843 0.03701 -1.58 0.1166%
equipPUNCH 2.01575 0.01875  -0.84 0.40218
eCOnpoor 0.02027 0.00553 3.67 ©.00033
econrich -0.01697 0.01239 -1.37 0.17313
perda -0.04204 0.0165% -2.53 0.01239
equip0S-CCieconpoor -0.01096 0.00988 -1.11  0.26922
equip0S-FC:econpoor 0.04838 0.01380 3.51 0.0006:
equipPAPER:econpoor NA NA NA NA
equipPUNCH:econpoor -0.00356 0.01243  -0.29 0.77492
equip05-CCreconrich €.00228 d.01538 0.15 0.B8824¢%
equiplS8-PC:econrich ~0.01332 0.01705 -0.78 0.43615
equipPAPER:econrich NA NA NA& NA
271ipPUNCH:econrich 0.02003 0.02200 0.91 0.36405
111p0S8-CC:perAA 0.10725 0.0328%6 3.26 0.00138
i -0.00591 0.04341 -0.14 0.8%198
0.12914 0.08181 1.58 0.11668
2 ipPUNCH: perAA 0.08685 0.04650 1.87 0.06388

n=sidual standard error: 0.02 on 141 degrees of freedom
siitiple R-Squared: 0.428,Adjusted R-squared: 0.359
v-statistic: 6.2 on 17 and 141 DF, p-value: 1.32e-10

Because there are only two paper-using counties, there is insufficient data to esti-
mate the interaction terms involving paper. This model output is difficult to interpret
because of the interaction terms.




Conclusion: Let’s attempt an interpretation of this final model. Certainly we should
explore more models and check more diagnostics, so our conclusions can only be
tentative. The reader is invited to investigate other possibilities.

To interpret interactions, it is often helpful to construct predictions for all the levels
of the variables involved. Here we generate all combinations of equip and econ for
a median proportion of perAA:
> pdf <- data.frame (econ=rep{levels{gavoteSecon),5),

equip=rep (levels(gavoteSequip), rep(3,5)),perad=0.233)

We now compute the predicted undercount for all 15 combinations and display the
result in a table:

> pp <- predict(finalm, new=pdf)

> xtabs{round{pp,3) ~ econ + equip, pdf)
equip
£con LEVER 0S-CC 0S%-PC PAPER PUNCH

middle 0.032 0.046 0.039 0.004 0.037

poor 0.052 0.055 0.108 0.024 0.053

rich 0.015 0.031 0.009 -0.013 0.040
We can see that the undercount is lower in richer counties and higher in poorer coun-
tics. The amount of difference depends on the voting system. Of the three most com-




24 INTRODUCTION
We create a three-level factor for the three levels of perak to aid the construction of
the table:

> prophd <- gl(3,1,15,1labels=c{"low", "medium", "high"})
> xtabs (round{pp,3) ~ prophAA + equip,pdi)

equip
prophh LEVER 0S-CC 0S8-PC PAPER PUNCH
lo 0.037 0.038 0.045 -0.007 0.031
medium 0.032 0.046 0.03% 0.003 0.03%
high 0.027 0.053 0.034 0.014 0.042

We see that the effect of the proportion of African Americans on the undercount
is mixed. High proportions are associated with higher undercounts for OS-CC and
PUNCH and associated with lower undercounts for LEVER and OS-PC.




