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Introduction

Our predictions for the 2014 mayoral race in Toronto were taken from a simple agent-based
model that used demographic characteristics and results of previous elections.

Now that the final vote results are available, here's a look at how our predictions held up at the
ward level. Unfortunately, the official turnout results are not yet available at the ward level. So,
we'll have to revisit our turnout predictions later.

Analysis

We start by looking at the distribution of differences as the proportion of actual votes minus
the proportion of predicted votes. Positive differences mean that we underestimated the votes
obtained, while negative differences mean we overestimated the votes.
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The differences appear to be slightly biased towards negative values, suggesting that in general
we overestimated votes. But, the median value is close to zero (-0.02) with a standard error of
0.01. Despite this small standard error, the overall range of the differences is large with a
minimum of -0.26 and maximum of 0.34.
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Now we take a look at the distribution of differences across wards and colour the points based
on the candidate, to look for patterns of deviation by candidate across wards. In general, the
differences appear randomly scattered across wards, but there are definitely some areas where
our modeling underestimated Ford’s support at the expense of Tory.

-
*
.l *
0.2- Sl
E : *
*
= * * + *
m . . e e *s candidate
= . * @
o * 1 . W ® * + any
u= * * * .
g . . * . e P Faord
c WU 7 T v
© o » e v, e, et * Chow
5 + % . 2% e .
e s - *
= * P_—
0 N . * * T +* *
* A . e
*
. *
boe * *” .
*
- *
* o*
*
I I I I I
Ward

Now, we turn to looking at differences across candidates.

=
Mo
|

Difference from actual

|
Tory Ford Chow
Candidate

Page | 2



This plot shows that our predictions has the smallest differences for Chow, though they
generally overestimated her support (i.e., the differences are negative). Excluding the outliers,
both Tory and Ford have roughly equal variation. However, our predictions consistently
underestimated Ford's support and they consistently overestimated Tory's support.

Finally, we can combine the ward and candidate effects by plotting the differences on a map.
We need to be careful interpreting this though, since candidates and geography are strongly
correlated with each other.
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The above map shows that in general, we overestimated Tory's support in areas where Ford
ended up with more actual votes.

This becomes clearer when we map each candidate separately:
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Conclusions

In the end, our estimates weren't too bad on average: the distribution of errors is centered on
zero (i.e., not biased) with a small standard error. But, on-average estimates are not sufficient
for the types of prediction we would like to make. We understood that our simple agent-based
approach wouldn't be enough. Now we're particularly motivated to gather up much more data
to enrich our agents' behaviour and make better predictions.
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