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Abstract

The present research note contributes to the (citizen) forecasting literature by leverag-

ing vote expectation data from close to 3,200 district-level races in four countries (i.e.,

Canada, France, Germany, and Great Britain) in order to assess the relative merits of

two competing views of the ‘wisdom of crowds’ hypothesis: the democratic view and

the technocratic view. More precisely, the paper addresses the following question: Can

we improve citizens’ forecasts of election outcomes by weighting voters’ expectations

according to their level of expertise?

Keywords: aggregation, citizen forecasting, competence, political knowledge,

voter expectations, wisdom of crowds
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Introduction

According to the ‘wisdom of crowds’ (WOC) principle, “under the right circumstances, groups

are remarkably intelligent, and are often smarter than the smartest people in them. [...] Even if

most of the people within a group are not especially well-informed or rational, it can still reach a

collectively wise decision” (Surowiecki, 2004, pp. xiii–xiv). The benefits of collective judgment

have already been demonstrated multiple times in the fields of psychology, statistics, and manage-

ment science (see, for example, Clemen 1989; Davis-Stober, Budescu, Dana, and Broomell 2014;

(Dunning, 2007, pp. 84–86); (Stewart, 2001, pp. 95–96); Yaniv 2004). In political science more

specifically, the WOC principle has been invoked as the main explanation underlying the accu-

racy of voters’ collective expectations about electoral outcomes. A number of studies in the United

States, the United Kingdom, and Canada have shown that most citizens were able to correctly

predict which party or candidate would win in local, regional, or national elections and that the

aggregation of individual estimates increased the likelihood of a correct forecast (see, for example,

Graefe 2014; Lewis-Beck and Stegmaier 2011; Miller, Wang, Kulkarni, Poor, and Osherson 2012;

Murr 2011; 2015; 2016; Temporão, Dufresne, Savoie, and van der Linden 2019). In other words,

the proportion of correctly predicted outcomes was always higher than the proportion of correct

individual forecasts.
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Murr (2015) has also demonstrated that delegating the forecasting task to individuals with

‘competence-enhancing’ characteristics and weighting their forecasts according to their level of

expertise increased the proportion of correctly predicted state outcomes in American presidential

elections. Murr’s (2015) findings question the ‘democratic view’ of the WOC principle—i.e., that

every member of the group should be treated with equal importance—and point toward the po-

tentially superior efficiency of a ‘technocratic view,’ in which the judgments of sophisticated or

competent individuals are attributed greater weight. However, the limited amount of work devoted

to studying whether adjusting forecasts based on competence has an impact on accuracy offers

only mixed evidence (see Babad 1995; Ganser and Riordan 2015; Murr 2015).

The present research note contributes to the (citizen) forecasting literature by leveraging vote

expectation data from more than 3,200 district-level races in four countries (i.e., Canada, France,

Germany, and Great Britain) in order to assess the relative merits of two competing views of

the WOC hypothesis: the democratic view and the technocratic view. More precisely, the paper

addresses the following question: Can we improve citizens’ forecasts of election outcomes by

weighting voters’ expectations according to their level of expertise?

The Wisdom of Crowds and Aggregation

The WOC principle is mostly derived from Condorcet’s (1785) jury theorem, which states that,

under certain conditions, the probability of a group coming to a correct decision tends toward

unity as the group increases in size. This principle is closely related to what others have called

the ‘miracle of aggregation.’ The main argument is that statistical aggregation cancels out errors in

individual judgments (Page & Shapiro, 1992). When individuals are asked to make a forecast of

some sort, simply aggregating all forecasts is obviously not the only approach in order to obtain

the best possible prediction. Identifying the most competent member of the crowd based on some

predefined criteria—or, put another way, finding ‘the best and the brightest’—and relying solely

on the estimate of that member is another option (Budescu & Chen, 2015). However, according

to Davis-Stober et al. (2014), it is rarely justified to ignore the aggregated judgment of a group
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in favour of the single opinion formulated by an expert. As stated by Budescu and Chen (2015;

see also (Hertwig, Pleskac, & Pachur, 2019, p. 254)), a possible compromise between the WOC

approach and the ‘lone expert’ approach involves retaining only the best subset of judges in a group

(i.e., a ‘select crowd’).

The evidence regarding the usefulness or efficiency of the select-crowd approach for election

forecasting is somewhat mixed. In the case of American presidential elections, Murr (2015) has

shown that discriminating between respondents based on past performance makes for more ac-

curate forecasts. According to Murr (2015), the democratic principle of ‘one person, one vote,’

although necessary when aggregating preferences, might not be ideal when it comes to expecta-

tions. In fact, citizens’ forecasts “can become even better when the task of forecasting is delegated

to the most competent citizens, and their forecasts are weighted depending on their competence”

(Murr, 2015, p. 917). In the context of the 2013 German federal election, however, Ganser and

Riordan (2015) have found that ‘high-ability subgroups’ (i.e., the well informed, the academi-

cally educated, and the highly knowledgeable) were not better at forecasting the vote shares of

political parties than the whole sample of citizen forecasters. After surveying a sample of Israeli

voters before the 1992 Knesset election, Babad (1995, p. 294) came to the conclusion that “existing

knowledge had a very small effect on respondents’ realistic estimation [of election results] and a

negligible effect on wishful thinking, whereas the experimental provision of information had no

effect at all.” In fact, there are indications in the literature that increasing group diversity might

be more profitable than seeking out expertise (see Davis-Stober et al. 2014; Ganser and Riordan

2015; Hong and Page 2004; Larrick, Mannes, and Soll 2012).

To verify the claims of the technocratic view, I first identify potential indicators of expertise,

and I then proceed to weigh voters’ expectations based on these indicators. The following section

covers the data and methodological framework employed to achieve these tasks.
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Data and Methods

Dataset

The necessary data were drawn from 12 election studies, that is the British Election Study

(BES) Internet Panel, the 2000, 2004, 2006 and 2008 Canadian Election Studies (CES), and seven

electoral surveys from the Making Electoral Democracy Work (MEDW) project. These studies

provide the needed information on voters and voters’ electoral expectations at the district level

for 12 different elections (i.e., five national and two regional elections in Canada, one national

legislative election in France, one national election and one regional election in Germany as well

as two national elections in Great Britain). Furthermore, the BES Internet Panel and the 2004–

2006 panel of the CES prove valuable for the purpose of the present research note: the BES and

CES are among the very rare studies to have questioned the same individuals about their electoral

expectations at the district level for more than a single election which both allows me (1) to assess

the predictive power of past performance on subsequent forecasts and (2) to use past performance

as a weighting mechanism.

Methods

The main objective of this research note is to evaluate the relative merits of weighting forecasts

according to potential indicators of competence. To fulfill this objective, I proceed in two related

steps. First, the association between potential predictors of forecasting ability and forecasting abil-

ity itself is assessed through random intercept multilevel linear and logistic regression analyses

(depending on the nature of the dependent variable) controlling for political preferences as well as

sociodemographic and contextual variables. Multilevel analysis was chosen since voters are nested

within districts. Second, the most promising variables (which turned out to be political knowledge

and past performance) were used to weigh respondents’ forecasts.
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Variables1

Forecasting ability (DV)

In the 2006 and 2008 CES, respondents were asked to mention from which party they believed

the winning candidate would be. Hence, the accuracy of voter expectations was measured using

a binary indicator coded 1 for correct forecasts and 0 otherwise. MEDW respondents were asked

to evaluate the winning probability of each party candidate in their own district on a 0–10 scale,

where 0 meant ‘no chance at all’ and 10 meant ‘certain to win.’ A similar question was asked in the

BES Internet Panel as well as the 2000 and 2004 CES, this time on a 0–100 scale. The accuracy

of voter expectations was measured by using a summation of (half) Brier scores. The Brier score

is the sum of the squared differences between the predicted probability (i.e., between 0 and 1) of

an event occurring and the actual outcome coded 1 if the events occurs and 0 if it does not (see

(Jackson, 2018, p. 623)). Since respondents were asked to make a probability forecast for multiple

candidates in their district, their forecasting accuracy can be measured by adding the Brier score

of each potential outcome, a measure I later refer to as the ‘cumulative Brier score’ (CBS) index.

Equation 1 below shows how this index (which ranges from -1 to 1) is computed.2

CBSij = 1−
k∑

m=1

(fmj − omj)
2 (1)

in which CBSij is the cumulative Brier score for respondent i in district j, fmj is the
forecasted probability of winning for party m in district j, omj is the actual outcome
of the election for party m in district j, and k is the number of parties for which a
probability forecast is made.

Predictors (IVs)

Past research (Dolan & Holbrook, 2001; Lewis-Beck & Tien, 1999; Meffert, Huber, Gschwend,

& Pappi, 2011; Mongrain, 2021; Murr, 2011) suggests that variables related to the level of infor-

mation possessed by individuals such as interest for the campaign, news attentiveness, and factual
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knowledge about politics can have a positive impact on citizens’ forecasting accuracy. An indica-

tor for each of these variables was included in the models.3 Political knowledge questions in the

2000, 2004, 2006, and 2008 CES were open-ended. In the MEDW surveys, the knowledge items

involved an association task (i.e., matching leaders and campaign promises with the appropriate

parties) akin to a multiple choice format. All knowledge items either probed respondents’ famil-

iarity with political figures or their awareness of parties’ election pledges. Each answer was coded

as either correct (1) or incorrect (0). Political knowledge is often measured using an additive scale

(see, for example, Daoust, Durand, and Blais 2020; Delli Carpini and Keeter 1991; 1993). This

approach, however, has a number of drawbacks, the most important being the lack of distinction

between items: one can reasonably expect that a set of factual questions will include items of

varying difficulty. However, additive scales assume that every item have similar properties. Item

response theory (IRT) appears as a valuable alternative to summated test scores (DeMars, 2010).

IRT was used to compute an ability (θ) score for each respondent (i.e., their level on the latent trait

of political knowledge). Note that due to space limitations, methodological details related to the

computation of ability scores are provided in the appendix (section B). Finally, past performance,

which is available only for the BES Internet Panel respondents and panel respondents of the 2006

CES, was measured using these respondents’ CBS values from the previous election. Conventional

sociodemographic characteristics (i.e., gender, age, and education), respondents’ partisan leanings

(a five-point scale ranging from ‘strong loser PID’ to ‘strong winner PID’), time of interview, com-

petitiveness (measured using the effective number of electoral parties or ENEP), and incumbent

reelection (when there was no redistricting between elections) were added to the models as con-

trols. An interaction term between partisan leaning and knowledge was also added to the models

to account for the possibility that more knowledgeable respondents are less susceptible to letting

their preferences orient their expectations (Meffert et al., 2011).
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Aggregation and weighting

Following Murr (2011), I rely on two different aggregation procedures—i.e., plurality voting

(PV) and range voting (RV). In the case of plurality voting, the party with the most forecasts in

its favour is predicted to win the district. Forecasts are coded 1 if a plurality of voters inside the

district predicted the correct outcome and 0 otherwise. Although PV is straightforward, it has the

disadvantage of discarding a lot of information. A respondent whose highest expectation is equal

to 40% is treated in the same manner as a respondent whose highest expectation is equal to 90%.

However, it is safe to say that one of the two is more confident about his or her forecast than the

other. The range voting procedure takes into account respondents’ level of confidence (Murr, 2011,

p. 774). The RV procedure consists in computing the sum of expectation scores for each party

across voters in a district. Consequently, district forecasts are coded 1 if the winning party has

the highest sum of expectations and 0 otherwise.4 Section E of the appendix provides an example

that shows how both aggregation mechanisms (i.e., PV and RV) work. For every election (with

the exception of British elections), the ability (political knowledge) score was used as a weighting

device in two different ways. First, the percentage of highest expectations for a party in a district

was weighted by the mean (normalized) ability score of respondents (within the same district) who

gave their highest expectation to that party. The party with the highest weighted percentage was

considered as the forecasted winner. I later refer to this weighting procedure as ‘weighted plurality

voting’ or WPV.5 For example, take a district where three parties compete (i.e., Party A, Party B,

and Party C). Party A won the election in that district. Imagine 40% of respondents in the district

believed Party A would win, 50% believed Party B would win, and 10% believed Party C would

win. According to the plurality rule, Party B is the forecasted winner. The mean ability score of

respondents who forecasted the victory of Party A is 0.7, it is 0.5 for those who expected Party

B to win, and 0.4 for those who thought Party C would prevail. The weighted percentages (once

converted back to sum 100%) are 49.1% for Party A, 43.9% for Party B, and 7.0% for Party C.

Hence, once the weighting procedure is applied, Party A (rather than Party B) is the forecasted

winner. Equation 2 shows how these weighted percentages are obtained (the weighting component
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is in bold):

wpmj =

∑n
i=1

(
θij−θmin

θmax−θmin

)
n

× pmj (2)

in which wpmj is the weighted percentage of respondents who believe party m in
district j will win, θij is the ability score of respondent i in district j, θmin is the
minimum value on the ability scale, θmax is the maximum value on the ability scale,
pmj is the percentage of respondents who believe party m in district j will win, and n
is the number of respondents who forecasted party m’s victory in the district.

The second weighting scheme is similar to the range voting procedure, the only difference

being that individual probability estimates of candidates’ chances are replaced by the ability scores

of respondents. In other words, the party with the highest sum of (normalized) ability scores among

the respondents who forecasted its victory is considered as the forecasted winner. I later refer to

this weighting procedure as ‘plurality-range voting’ or PRV. For the BES and the 2004–2006 CES

panel respondents, the same two weighting schemes (i.e., WPV and PRV) were also applied by

replacing the ability scores of respondents with their (normalized) previous election CBS value as

a measure of past performance.

Results

Figure 1 shows regression coefficients for each election in which forecasting ability was mea-

sured using the CBS index. Figure 2 shows average marginal effects (AME) for the 2006 and 2008

Canadian federal elections (as well as the 2004–2006 CES panel respondents) in which forecast-

ing ability was measured using a binary (correct/incorrect) indicator.6 Interest for the election is

statistically significant in only three elections while news attentiveness is never significant. This is

perhaps not surprising since these indicators might be more relevant for the national- or regional-

level contest than they are for the district race. In line with past research, the results also suggest

the presence of wishful thinking (citizens who identify with the eventual winner are more likely

to predict its victory than those who side with one of the losing parties). As can also be seen,
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elections are generally harder to predict in more competitive districts and easier to predict where

the incumbent party candidate is reelected. Political knowledge is statistically significant in seven

of the 10 elections for which political knowledge items were available. The influence of political

knowledge is, however, quite small. Results from the 2017 and 2019 British general elections as

well as the 2004–2006 CES panel show that past performance (as measured through the respon-

dents’ CBS value from the previous election) is positively associated with forecasting ability. Once

again, however, the association is weak.

[Figure 1 about here]

[Figure 2 about here]

Figure 3 shows the percentage of districts correctly predicted once individual forecasts are ag-

gregated (using the PV and RV methods) and weighted (either through WPV or PRV) to take into

account respondents’ political knowledge or past performance. Although it seems difficult to make

a general conclusion that equally applies to all elections, we can see that the simplest and most

common way of aggregating expectations (i.e., PV) almost always has the lowest percentage of

correctly predicted district-level outcomes. With the exception of the 2013 German federal elec-

tion, where WPV leads to an important decrease in accuracy, weighting produces small to sizable

increases in the percentage of correct forecasts depending on the election. Interestingly, RV almost

consistently performs better than WPV and cannot be dismissed as inferior to PRV. The confidence

intervals show, however, that the difference between methods in the proportions of correct forecasts

is almost never significant. I would argue, however, that this is mostly due to the relatively small N

for most elections. Dismissing the results as meaningless based on the significance of two-sample

tests of proportions would be somewhat premature: the results suggest that one would almost al-

ways do better by using RV instead of PV if expectations were measured in a probabilistic fashion

and that, absent probability estimates, weighting according to competence would almost always

prove preferable than PV. The average increase is 8.21 percentage points between PV and RV,

10.95 percentage points between PV and PRV, and 3.03 percentage points between PV and WPV.
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In many cases, these increases are far from trivial: for example, in the 2019 British general election,

the PRV procedure makes a difference of 76 additional correctly predicted outcomes compared to

RV (i.e., 436 vs 360 districts). Furthermore, confidence intervals for pooled data show that the

difference between PV and PRV is, overall, statistically significant (see section G of the appendix).

[Figure 3 about here]

Note that since all the elections considered here were contested in single-member districts

according to the ‘first-past-the-post’ principle (with the exception of France7), we should not expect

institutional differences to considerably influence the efficacy of the aggregation and weighting

methods previously discussed. Furthermore, the limited number of cases per country hardly allows

the detection of specific system-level patterns. It is true, however, that under different electoral

laws, the proposed weighting schemes might not work as well.

Discussion and Conclusion

Although the literature on citizen forecasting is growing, few studies have considered the po-

tential benefits of using voters’ differential levels of competence or sophistication as a means of

increasing the accuracy of electoral predictions. This research note compared two competing views

of the WOC principle, that is the democratic view—which treats all forecasts equally—and the

technocratic view—which considers that opinions should be weighted according to potential indi-

cators of expertise. This paper has shown two things: (1) RV appears as a superior alternative to PV

when expectations are measured on a probabilistic scale and (2) when expectations are recorded

in a non-probabilistic fashion, as is often the case (e.g., by simply asking who will win), applying

weights appear as a relatively simple way to improve upon conventional (unweighted) aggregation.

Both political knowledge and past performance seem to be potent markers of expertise. Since most

elections under study had a relatively small number of observations per district, I was unable to

assess the benefits of delegating the forecasting task to the most competent individuals—an op-

tion that, combined with weighting, could prove quite successful. Finally, the study of electoral
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expectations would greatly benefit from the designing of surveys including a panel component (to

efficiently track expertise) and a large number of respondents in every district.
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Footnotes

1Data sources, coding information, and descriptive statistics can be found in the appendix (sec-

tions A, C, and D respectively).

2The sum of Brier scores is subtracted from 1 so positive values correspond to better forecasts.

3However, the items measuring political knowledge in the BES Internet Panel were very dif-

ferent in nature from the items found in the other surveys (see footnote 4 in the appendix). Hence,

political knowledge was not included in British models.

4The range procedure was not applied to the 2006 and 2008 CES since it requires probability

estimates.

5Note that the weighting procedure cannot be applied to the range voting rule since the sum

of expectations for each party involves the answers of every respondent in the district (hence, the

weight would be exactly the same for each sum of expectations).

6See section F of the appendix for complete regression results. Section H contains information

related to the replication of results.

7In France, elections take place under a two-round system. MEDW French respondents were

asked to make a forecast for the second round of the election before the first round. This might

explain the somewhat lower proportions of correct forecasts for this election.
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FIGURE 1. Linear prediction (fixed portion)

 

Note. The horizontal lines represent the 95% confidence intervals. The reference category for PID is ‘strong loser PID.’
Continuous independent variables with no natural metric (i.e., all variables with the exception of reelection, gender, and
age) were standardized (i.e., mean = 0, sd = 1) to ease comparisons. Interaction coefficients as well as sociodemographic
and time controls are not shown.
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FIGURE 2. Average marginal effects

 

Note. The horizontal lines represent the 95% confidence intervals. The reference category for PID
is ‘strong loser PID.’ Continuous independent variables with no natural metric (i.e., all variables
with the exception of reelection, gender, and age) were standardized (i.e., mean = 0, sd = 1) to ease
comparisons. Sociodemographic and time controls are not shown.
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FIGURE 3. Aggregated and weighted forecasts

 

 

 

 

         

Note. The vertical red line shows the percentage of correct individual-level forecasts for reference. N = number of
districts. Circles = no weight; Squares = political knowledge weight; Diamonds = past performance weight.


