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Forecasting elections with mere recognition from smalisio
samples: A comparison of collective recognition, wisdom of
crowds, and representative polls

Wolfgang Gaissmaier Julian N. Marewskit

Abstract

We investigated the extent to which the human capacity fawgeition helps to forecast political elections: We com-
pared naive recognition-based election forecasts comfrden convenience samples of citizens’ recognition of ypart
names to (i) standard polling forecasts computed from smmiative samples of citizens’ voting intentions, and ijo (i
simple—and typically very accurate—wisdom-of-crowdseftasts computed from the same convenience samples of
citizens’ aggregated hunches about election results.|Rdsam four major German elections show that mere recogni-
tion of party names forecast the parties’ electoral sudeddg well. Recognition-based forecasts were most coitipet
with the other models when forecasting the smaller partiastess and for small sample sizes. However, wisdom-of-
crowds-forecasts outperformed recognition-based feteéa most cases. It seems that wisdom-of-crowds-foreeast
able to draw on the benefits of recognition while at the same &ivoiding its downsides, such as lack of discrimination
among very famous parties or recognition caused by factorslated to electoral success. Yet it seems that a simple
extension of the recognition-based forecasts—askinglpeaupat proportion of the population would recognize a party
instead of whether they themselves recognize it—is alse tabtliminate these downsides.

Keywords: political elections, recognition, forecastihguristics, wisdom of crowds.

1 Introduction test how well citizens’ memories that they have heard
of a party name before, that is, citizemaere recogni-
“The trouble with free elections is, you never know whotion of party names, allows forecasting the outcomes of
is going to win”, former political leader of the Soviet major political elections. We compare the performance
Union, Leonid Brezhneyv, is supposed to have said onG suchrecognition-based election forecastsomputed
(Rees, 2006). This did not only bother Brezhnev, but alsRom small and unrepresentative convenience samples of
keeps polling agencies busy around the world. They uskitizens, to other forecasting methods, including (i) tra-
ally rely onintention-based election forecastgenerated (ditional polls computed from large representative sam-
by interviewing large representative samples of citizengles of citizens’ voting intentions, and (i) a simple—but
about theirvoting intentions For instance, in Germany typically very accurate—forecasting method that builds
potential voters are typically asked which political partyon the aggregated judgments of many, orwisdom of
they will vote for in an upcoming election. The result-crowds(Galton, 1907; Sjoberg, 2009; Surowiecki, 2004).
ing responses can be used to extrapolate likely election
results. The article is structured as follows. First, we review
Here, we investigate how far one can get with d&revious research showing that recognition allows mak-
much simpler, almost naive, method that does not ré2g accurate forecasts in many domains. Second, we ex-

quire large and representative samples. Specifically, wdain why recognition could be an accurate predictor vari-
. _ able for forecasting elections and why recognition-based
Both authors contributed equally. Authorship order wasigined . .
by a coin flip. We thank Jon Baron, Mirta Galesic, Ralph Hegtwi election forecasts could be particularly useful for fore-
Konstantinos Katsikopoulos, and Henrik Olsson for manptutcom-  casting smaller political parties’ electoral successrdhi
ments. . _ we introduce election forecasts based on the wisdoms of
*Max Planck Institute for Human Development, Harding Center . . .
for Risk Literacy, Lentzeallee 94, 14195 Berlin, Germanymdi: the (_:I‘OWdS._ F'na_"y' we report and discuss q_senes of
gaissmaier@mpib-berlin.mpg.de studies that investigate the accuracy of recognition-dhase
_ "Max Planck Institute for Human Development, Center for Adap g|action forecasts compared to forecasts based on polls
tive Behavior and Cognition, Lentzeallee 94, 14195 BeiGgrmany. L. , . . .
Email: marewski@mpib-berlin.mpg.de. of citizens’ voting intentions and forecasts based on the
fIESE Business School, Barcelona, Spain wisdom of crowds.
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Figure 1: Goodman and Kruskal's (1954) gamma computed leatwlee frequency of mentions of 25 parties in the
newspaper “Tagesspiegel” in the period between 5 montha¢6 anhd 16 days prior to the National elections 2005,
the number of votes won by 25 parties in that election, anchthreber of participants who recognized the name of a
party 16 days prior to the election (cor: correlation). Téhesrrelations show that the unknown criterion (here: the
election result) is reflected by a mediator (here: the nepespgdagesspiegel”). The mediator makes it more likely for

a person to encounter alternatives with larger criteridnesthan those with smaller ones (e.g., the press mentions
more successful political parties more frequently). Assaulte the person will be more likely to recognize alternesiv
with larger criterion values than those with smaller onesl, alltimately, recognition judgments can be relied upon to
infer the criterion (here: the success of parties in paltedections).

Environmental Mediator
Tagesspiegel

Election Recognition cor. Name Recognition
Outcomes .66 Political Parties

1.1 The predictive power of recognition in  mains where recognition makes good predictions include
forecasting forecasts about the sizes of cities (Goldstein & Gigeren-
zer, 2002; Reimer & Katsikopoulos, 2004), the quality of
Why would recognition be useful for forecasting in gen-universities (Hertwig & Todd, 2003), the fortunes of bil-
eral? A major reason is an ecological one (Goldstein &ionaires (Hertwig et al., 2008), and the success of soccer
Gigerenzer, 2002; Hertwig, Herzog, Schooler, & Reimetteams in championships (Pachur & Biele, 2007).
2008; Schooler & Hertwig, 2005): The press, the inter- We have good reasons to believe that collective recog-
net, and otheenvironmental mediatorsake it likely that  nition will also allow forecasting elections. For one of
we will encountepbjects(e.g., tennis players, cities, uni- the elections that we studied (German National Elections
versities) that score high onaiterion of interest (e.g., 2005, see below), Figure 1 shows that there are substan-
success in sports, size of cities, quality of universitiedjal correlations between (i) election results, (i) the-fr
more frequently than those that score low. As a resulguency of newspaper mentions, and (i) the number of
objects with high criterion values are more likely to bepeople who recognized a party’s name. Thus, before we
recognized. Thus, when making forecasts, we can retgst collective recognition in more detail against other
on recognition to predict which objects are likely to scoranodels, this already is a first illustration that the domain
high on the criterion. of elections is principally suited for collective recogoit

The simple forecasting strategy to bet that objects th&$e€ also Marewski, Gaissmaier, Schooler, Goldstein, &
are recognized by more people will score higher on a crigerenzer, 2010). In the next section, we argue in more
terion of interest is also known as tiellective recog- detail why we believe that recognition could allow mak-
nition heuristic (e.g., Borges, Goldstein, Ortmann, & iNg accurate election forecasts.

Gigerenzer, 1999; Herzog & Hertwig, 2011): Count how

many people recognize eachifobjects, and inferthe 4 5 £o,r reasons why recognition may help
recognized objects to score a larger value on the criterion .

than theN — nunrecognized ones. It has been shown that to forecast elections
people’s collective recognition allows for making accu-) » 1 Robustness of recognition with respect to the
rate forecas_ts in many domglns. The outcomes o_f Wim- characteristics of the citizens in the sample

bledon tennis matches, for instance, can be predicted by

simply betting that those players who are recognized blyirst, we suspect that recognition-based election fore-
most people will win (Scheibehenne & Brdder, 2007¢asts are relatively robust to the characteristics of the
Serwe & Frings, 2006). Such naive recognition-basesample used to compute the forecasts. For instance,
forecasts were more accurate than Association of Tenrfi&cheibehenne and Bréder (2007) found that both experts
Professionals rankings or Wimbledon seeds. Other dand laypeople’s recognition of tennis players’ names
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yielded almost equally good predictions of the outcomesis, but are unlikely to erase a sense of recognition from
of Wimbeldon tennis matches, although laypeople knetheir minds.
only very little about tennis and recognized, on average,
only about one fifth of the names that the experts recog- " :

n'y about of . - per g1.2.3 Robustness of recognition with respect to sam-
nized. Likewise, when it comes to deriving election fore- . )

. -, ple size in forecasts for smaller parties

casts, one may expect samples of people’s recognition of

party names to be more robust to sampling biases thamird, in order to be accurate, recognition-based forecast
samples of people’s voting intentions. To illustrate this, are likely to require smaller sample sizes of interviewed
a sample of German psychology students, the proportigitizens than intention-based forecasts. For instance, in
of voters for left-wing parties will be overrepresentedGermany, there are often between 1 or 2 dozen parties
Hence, election forecasts computed from these studentgmpeting in elections. Yet the vast majority of votes,
voting intentions will be biased towards the left-wing partypically between 90 and 95%, will go to the 4 or 5 larger
ties. German psychology students, however, are exposgérman parties, with only few votes being casted for the
to largely the same environmental mediators (e.g., TV, rdemaining smaller parties. Correspondingly, in surveys
dio, newspaper, Internet) as the rest of the electorate. Agfvoting intentions very few people (if any at all) will
result, these students’ recognition of party names isylikelgeclare that they intend to vote for one of the smaller par-
to be more representative of the electorate than the samés, resulting in very few observations that could be used
students’ voting intention. to compute intention-based election forecasts for these
smaller parties. As a result, intention-based forecasts fo
1.2.2 Robustness of recognition with respect to the these smaller parties require very large samples of inter-
influence of psychological variables viewees in order to be accurate, making such forecasts
costly. This is, perhaps, also one reason why pollsters
Second, even though a sense of name recognition cansually refrain from publishing polls for such small par-
easily induced (e.g., by advertising firms or politiciangies. In contrast, when interviewing Germans about their
placing election ads in an election), once a nasw@c- recognition of these smaller parties, many will still rec-
ognized, the recognition of this name is comparativelpgnize their names, which could allow making accurate
robust against the influence of other psychological varforecasts about small parties’ electoral success even when
ables. For instance, a sense of recognition is remarkie sample of interviewed voters is small. Put differently,
ably lasting and does not decline as much with age aghen it comes to forecasting smaller parties electoral
recall memory (e.g., Craik & McDowd, 1987). At the success, recognition-based forecasts may be more robust
same time, recognition is easily accessible, and likely taith respect to the sample size than intention-based ones.
emerge on the mental stage earlier than other information
a person may recall about a name (e.g., Pachur & Hey- o - .
tw?g, 2006). éhepard (1967) tried to(qu%ntify the huma 2.4 Th_e role of recognition in decision making and
capacity of recognition memory. In his experiment, sub- voting

jects were shown 612 pairs of photographs. I'n a pairgghyrth, recognition plays an important role in decision
comparison task with new pictures, subjects’ recognimaking (for a recent review, see Pachur, Todd, Gigeren-
tion accuracy was as high as 99%. Even when Standingy schooler, & Goldstein, in press): To illustrate this,
(1973) increased the number of pictures to 10,000, su-sense of recognition can determine what people like
jects were able to tell with a very large accuracy whiclie g, zajonc, 1968), which consumer products they pre-
pictures thgy had seen before _and which not. Votings, (e.g., Coates, Butler, & Berry, 2004, 2006), or which
intentions, in contrast, can be influenced by a host Qfompanies and cities they believe to be big (Goldstein &
other psychological variables, such as a person’s momegiigerenzer, 2002; Goldstein, 2007; Hertwig et al., 2008;
tary political preferences or her mood. In fact, in manyjjlpig, 2008; Hilbig & Pohl, 2008; Marewski, Gaiss-
democracies some proportion of swing voters end up Vofpaier, Schooler, et al., 2010; Newell & Fernandez, 2006;
ing differently then they declare in election surveys conpachyr, Broder, Marewski, 2008: Pohl, 2006: \Volz et
ducted be_forehapd. Such changesirj votir!g intentions can  2006). And in the political science and polling lit-
systematically bias the accuracy of intention-based elegratyres it has long been known that recognition plays
tion forecasts, but should affect to a lesser extent the agp, important role in voting. For instance, there is ev-
curacy of recognition-based forecasts, as voters may Rance that recognition influences candidate preference
able to easily change their intentions on a day-by-day b?e.g., Goldenberg & Traugott, 1980). In fact, recogni-

1we thank Ralph Hertwig for pointing out why recognition mag/ b tion could actually help voters to C.aSt their ballots in a
less prone to sampling biases than voting intentions fadasting elec- SMart way even when they know little about the candi-

tions. dates and parties competing in an election. \oters rely
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on simple rules of thumb, dneuristics to make deci- mann, 2006; Wolfers & Zitzewitz, 2004).

sions (Gigerenzer, 1982, 2007; Jackman & Sniderman, |n elections, Sjoberg (2009) showed that the wisdom
2002; Kelley & Mirer, 1974; Sniderman, 2000; Todorov,of crowds actually allowed for more successful forecasts
Mandisodza, Goren & Hall, 2005; Wang, 2008; see alsghan polls, making it a strong competitor to recognition.
Popkin's 1994). In deciding how to vote, especially vot-another reason why suctvisdom-of-crowds-forecasts
ers who know little about political issues could go withyay represent a strong competitor to recognition is that
the heuristic to choose recognized candidates and pPgfisqom-of-crowds-forecasts of elections may actually
ties. After all, voters do not only take the deswabllltybe partially based on recognition, combing recognition

of candidates or parties into account, but also their likes .. iv o\ iseful information. To generate wisdom-of-

lihood of being elected (Stone & Abramowitz, 1983)’crowds-forecasts, one asks citizens to guess the election

and using this heuristic could help even ignorant voters ) . . .
9 P 9 result; for instance, by rank ordering parties according

to identify likely winners or, at least, to eliminate losers th ber of vot ii beli th y il
from consideration (see Marewski, Gaissmaier, Schoolé?_ € NUMBET of VOIEs a cilizen DENEVES the parties wi

et al., 2009, 2010, for corresponding evidehcén Ger- win. These individual hunches are avera_tggd across citi-
many and many other countries, candidates and partig&"S: @nd the average is used as a prediction of the elec-
receive funding as a function of their past electoral sudion outcome. In past studies, we (Marewski, Gaissmaier,
cess, which in turn may influence both their name recog'ichooler, et al., 2010) have provided evidence that citi-
nition and their success in future elections. And for th&ens rely heavily on their recognition of party names to
United States, the political science literature documgnteédenerate such hunches about election outcomes, betting
that the advantages of incumbency, including better carfat the parties they recognize will win more votes than
paign financing, greater name recognition, and more pottose they do not. In comparisons of recognized parties,
itive voter evaluations, are critical factors affectingimg  in turn, citizens tend to rely on other information they
decisions (e.g., Abramowitz, 1975; Campbell, Alfordmay recall about the parties, such as the parties’ politi-
& Henry, 1984; Goldenberg & Traugott, 1980; Jacob<al agenda, publically available polls, or the partiestpas
son, 1987; Mann & Wolfinger, 1980; Miller & Krosnick, electoral success. To the extent that this other informa-
1998). This literature thus suggests that name recognitidion reflects the likely election result, wisdom-of-crowds
may allow forecasting elections. forecasts that take this information into account may turn
out to be more accurate than forecasts that rely on collec-
tive recognition alone.

For instance, based on publically available polling in-
formation, citizens may be able to accurately forecast the

Besides recognition, there are other techniques that &Rnk order of votes for the 4-5 larger German parties, us-
low forecasting elections in a simpler way than tradiing their recognition of party names to forecast the rank
tional polls of voting intentions. One such forecasting’rder of votes for the remaining smaller parties. For these
technique is based on the wisdom of crowds, which wagmaining parties, forecasts based on collective recogni-
investigated more than 100 years ago by Sir Francis Gdion will thus generate similar rank orders of predicted
ton, who visited a livestock fair where villagers estimatedyotes as wisdom-of-crowds-forecasts; however in con-
the weight of an ox. Galton was surprised to find thatrast to the wisdom-of-crowds-forecasts, the recognition
their median and mean average estimates were onlyb@sed forecasts are unlikely to reflect the rank order of
and 1 pounds, respectively, off the actual weight of 11980otes the 4-5 largest German parties will win, because
pounds (Galton, 1907). Subsequently, it was repeatediost Germans will recognize the names of all of these
shown for many domains that averaging the predictions dfarties.

many can improve the overall performance of forecasts Moreover, while wisdom-of-crowds forecasts and
about future events or unknown quantities (e.g., Armrecognition-based forecasts are likely to be similar for
strong, 2001; Clemen, 1989; Hogarth, 1978; Johnsoamaller political parties, they do not need to be identical:
Budescu, & Wallsten, 2001; Surowiecki, 2004; Timmer-Also for forecasts about the smaller parties, wisdom-of-

crowds-forecasts may enjoy an advantage over recogni-

*Marewski, Gaissmaier, Schooler, et al. (2009, 2010) prwiehi- 5y 10 many democracies, there are a couple of smaller
dence to suggest that voters rely on their recognition dfipal parties’ . . T
names to forecast the outcomes of German political elextignow-  Parties that are highly recognized although only few peo-
ever, Marewski, Gaissmaier, Schooler, et al. focused onihdividuals  ple will vote for them, as is often the case for radical
make election forecasts, and not on the collective reciognlieuris- right-wing parties. Recognition-based forecasts may thus
tic, or on forecasting techniques in general. As such, they did not L.
evaluatehow wellrecognition predicts election outcomes by (:omparingforecaSt unreallstlcally Iarge numbers of votes for these

recognition-based election forecasts against other &stirg models.  small, highly-recognizable parties.

1.3 Wisdom-of-crowds-forecasts: Another
simple forecasting method
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2 Study methods used to construct wisdom-of-crowds-forecasts. In this
task, people were asked to forecast which party would
2.1 Overview of the studies receive more votes. To this end, participants were either

. . asked to rank all parties according to their prediction of
TO te_st how W?” recognition allows forecastmg eIec—%he election outcome (Studies 1, 2, and 4) or to predict for
tions in comparison to standard polls and the W|sd0m-oé” possible comparisons of two parties which one would
"Win (Study 3). The order of parties and the order of pairs

parties were randomized.

crowds-principle, we studied four important elections i
Germany, which is the largest democracy in the Europe
Uninor?: The 2004 parliamentary elections in the federa . .
state of Brandenburg, the 2005 parliamentary elections in Study 4 aimed at replicating the results of our reanal-

the federal state of North Rhine-Westphalia, and the 2005°S of Studies 1 to 3, but it also had two important ex-

and 2009 German national elections. For the first thretgnsmns. First, the voting intention task typically usgd b

elections, we reanalyzed recognition data that had orig‘?—_Olllng institutions and employed by us in Studies 1 to 3

nally been collected by Marewski, Gaissmaier, Schooley,'elds only one observation per interviewee, that is, one

et al. (2009; 2010). For the fourth election, we ran a ne\>60ting intention forone party, given by one subject. In

study. This new data allowed us to run additional analy(;ontrast, our recognition task entails gathering sevdral o

ses that were not possible in the reanalyses. servations per interviewee, namely one recognition judg-

.. . . . entfor each of the Noarties competing in an election,
Participants in all studies were small convenience sam> N peting

ples of university students or pedestrians interviewed &'Yeg_?fy one Sl_lbjteth' To rgle Ol]ft tgat thet_poss_lblllty that
the streets—samples most professional pollster WOUH]”S erence In the NUMDET of ODSEIVAtons 1S respon-
deem lousy. In all studies, in @cognition task par- sible for potential differences between the accuracy of

ticipants from these samples were either given lists dptentlon—bas;ed delzctt;]on fotr_eca_stts atr_1d r(tacolgmug?d;as;
parties’ names in a questionnaire (Studies 1, 2, and €s, We extended Ihe voling Intention task in Study <.

or presented parties’ names on a computer screen (St (;ht_er thﬁm e“lf't('jng s?le_ly atsTgIe V(k)tmg |nttehnt|on, we
3). The names were always randomly ordered. For ea : |o?a yas ed-part' |ct|r|?a.n S t(') ran (f)r erie rgmau:\c-
name, people were asked whether they had heard of (0 parties according to their voting prelerences. Specil-

seen it before participating in the study. Participantlsca”y’ we asked participants to rank the party they in-

could answer with yes or no. We will refer to these bi_tended to vote for at position one. All other parties were

nary decisions agecognition judgmentsin Studies 1 to to be assigned a lower rank in the order of their pref-

3, in avoting intention taskparticipants were asked for eLencesil Thlsextendted vo(;ung |nterr1]t|0n ta&;kellds one t of
which party they intend to vote in the upcoming election2PSeTvation per party, and as such, an equa’ amount o
bservations as the recognition judgment task. We will

using the question format that is regularly employed b . - .
g d g y employ efer to these rankings abserved voting intention rank-

German polling institution$. Participants answered by . Besid ) ition-based f s 1
writing down the party name or its abbreviatidnWe INgs. besides comparing recognition-based forecasts to

will refer to these responses abserved voting inten- intention-based ones, the extended voting task allows
tions. Completing these tasks took only a few minutes us to additionally assess how well intention-based fore-
Al studies also included arediction taskwhich we casts computed from aggregating intention rankings pre-
dict elections compared to intention-based forecasts com-

3Like most other European democracies, Germany is a mult-pa puted from eliciting just one voting intention (i.e., the

system, in which approximately 15 to 30 parties compete dh the party ranked above all others).
national and the federal level. In most German states asaseaih the . .
national level, every 4 years, each citizen has two votes fona direct As a second extension of Study 4, we tried to push the

candidate who will represent the person’s voting distritd a second  recognition principle a little further. As mentioned abpve
for a party, representing a list of candidates. Direct odaugis are typi-  for the 4—5 larger German parties and other highly recog-

cally affiliated with one of the parties and are elected iradiBment if izabl ti tai t left-wi ight
they win the most votes in their voting district. If a partyeiected into nizable parties (e'g" certain exwreme left-wing or ngnt-

Parliament, then, depending on its proportion of votes,maber of the ~ WiNg parties), recognition-based forecasts face the prob-
Can4didates from its list enter Parliament. _ lem that these parties are recognized by everyone, mak-
The precise phrasing of the voting intention question wahe" 4 it gifficult to predict which of these parties will win an

election takes place on Sunday %®, for which party will you vote?” lecti hi .. . id distcri
In all studies, the phrasing included the name and date ofldwion. election. In this case, recognition is said to dedcrim-

The precise phrasing of the recognition question was: “Dorgzog-  inate between the parties. To counter this discrimination
nize this party name, that is, have you heard or seen it bpfuteeipat-  problem, in arecognition estimation taske asked par-

ing in this study?” .. .
5There were a few participants who either indicated not te at ticipants to estimate how many out of 100 people would

to cast an invalid ballot, or who simply left the answer tsthilestion recogn?;e eac_h party. We h_OPEd that thegbjeCtive
blank. recognition estimatesould exhibit a larger variance than
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recognition judgments alone, which in turn, may allow2.2 Forecasting Models

for better discriminating between such parties. . . .
9 P To test how good recognition does in forecasting elec-

) ] tions, we tested a total of three classes of models:
2.1.1 Study 1: State elections in Brandenburg 2004 Recognition-based forecasts, intention-based forecasts

At two dates, 14 days and 1 day before the election, w"d Wisdom-of-crowds-forecasts.
invited pedestrians in the downtown areas of the Branden-

burgian cities of Potsdam and Werder to fill out a ques2.2.1 Recognition-based forecasts
tionnaire. The only criterion to select participants was

that they were eligible to vote. Of 246 recruited partic-P”Or to each election we counted how many participants

ipants, 172 completed the questionnaire (70%: 55% fé_ecognized each party’s name and used this count to pre-
male; mean age 38 yearSD = 14.7). All partici'pants dict the rank order of the number of votes the parties

were at least 18 years old (voting age in Germany). The ou!d win ((jR:ECbasic). ghis rehcognil'iion_—based forg_—
were paid€s ($7). asting model corresponds to the collective recognition

heuristic used in earlier studies for predicting sport éven

) . , and the performance of stocks (e.g., Borges et al., 1999;

2.1.2 Study 2:_ State elections in North Rhine- gaonve & Frings, 2006; Herzog & Hertwig, 2011). In
Westphalia 2005 Study 4, we additionally tested recognition-based fore-

Fifty-nine university students from Berlin, Germany,casts generated from participants’ subjective estimates

(43% female, mean age 26 yeaB8D = 3.6) filled out how many out of 100 randomly drawn people would rec-

a questionnaire 3 to 11 days before the election. Abo@gnize each party. We averaged these subjective recogni-
half of them completed the questionnaire in our lab anHon estimates across participants and used this average to
received€5 ($7) for their participation; the other half forecast the rank order of the number of votes the parties

worked on it in a university class. All participants hadwould win in the election (RE@ktendejl

to be at least 18 years of age, but were unlikely to be

eligible to vote in North Rhine-Westphalia as they lived2.2.2 Intention-based forecasts

about 400 km away from that state. i .
To evaluate the performance of naive recognition-based

forecasting models, we constructed benchmark models
that simulated the representative sampling of voting in-

Sixty-six residents of Berlin, Germany, most of them stutentions. As upper benchmark, we simulated intention-
dents (52% female; mean age 26 ye&B= 3.7), partic- based forecasts with samples of size 20 to 1,000 in steps
ipated in the study. They were recruited from the subje@f 20 drawn from theactual election results. For each
pool of our research institution. All participants were asample size, we repeated this procedure 10,000 times.
least 18 years old and eligible to vote. They were paidhatis, we generategerfectlyrepresentative samples of

€25 ($37). The assessment took place 16 days prior f®w voters actually decided (INfBpresentativie How-
the election and was part of larger study. ever, real intention-based forecasts can suffer from both

sampling error and swing voters who vote differently
from what they declare in surveys. To make our intention-
based forecasts more realistic, we ran additional simu-
Thirty-four residents of Berlin, Germany, most of themlations where we randomly reassigned 5% of voters of
students (56% female; mean age 25 ye&B,= 3.0), each of the parties to have voted for a different party—as
completed a computerized survey in our laboratory duif they had reconsidered their choice. These simulations
ing the week before the election. They were recruitediere also repeated 10,000 times for sample sizes 20 to
from the subject pool of our research institution. All par-1,000 in steps of 20 (INTépresentative + swing voters
ticipants were at least 18 years old and eligible to vote and As a lower benchmark, we also computed intention-
participated as part of other studies without being paid exsased forecasts from our study participants’ observed
tra for it. In addition to the tasks employed in the othewoting intentions (INT$tudy sample  This model
studies, they completed a recognition estimation task, itNT/study samplenot only enabled us to compare the
which they had to estimate how many out of a 100 rarperformance of intention-based forecasts computed from
domly drawn people would recognize a party, as well ausy samples to the performance of recognition-based
an extended voting intention task, in which they had tdorecasts computed from the same lousy samples, but also
rank all parties in order of their preferences, assigningllowed us to assess how little representative our sample
the top rank to the party they actually intended to votef participants’ voting intentions was of the German elec-
for. The order of all tasks was randomized. torate’s votes.

2.1.3 Study 3: German national elections in 2005

2.1.4 Study 4: German national elections in 2009
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Finally, for Study 4, we additionally computed parties®
intention-based forecasts from participants’ observed
voting intention rankings. To do so, we averaged thesg3 2 Predictions of shares of votes
rankings across participants and used this average to fore-

cast the rank order of the number votes the parties woulyPically, the goal of election forecasts is not only to
win (INT/study sample rankinys predict an ordinal rank order but also to forecast shares

of votes. The predictor variables used in the sim-

ple forecasting models evaluated here (i.e., RE&6ic;
2.2.3 Wisdom-of-crowds-forecasts RECkxtendedW!IS) could, in principle, be incorporated

in correspondin@stimation mode|dor instance, by as-
Based on the prediction tasks in which we had askeglgning weights to them that translate ordinal ranks into

people to predict which parties would gain more votegnares of votes. It is beyond the scope of this paper to sys-
than others, we constructed wisdom-of-crowds-forecastgmatically evaluate which of many plausible estimation
Specifically, we averaged the predicted ranks of electorglyqels (e.g., including different weights and functional
success across study participants in each of the stuﬂ*ms) is most accurate; however, we will also present
and used these averages to forecast the election outcongegnaller subset of additional analyses that allow explor-
(WIS). ing how well recognition as a predictor variables could, at
least in principle, allow for forecasting shares of votes. |
doing so, we will focus on the shares of votes the smaller
political parties gain: As explained above, it takes very
large samples to predict shares of votes for these smaller
parties based on surveys of voting intentions, such that
Just as the collective recognition heuristic, also all bthed simpler alternative forecasting technique may actually
simple forecasting models considered here make ordielp here. Recognition, in contrast, may allow generat-
nal predictions of election outcomes (i.e., RE&ic; ing accurate forecasts based on small samples, and could
RECkxtended:WIS). We therefore compared all mod-thus be particularly useful when forecasting the small par-
els’ ability to predict the rank order of votes the politi-ties’ success. Much the same can be said with respect
cal parties received. To do so, we generated all pairwide simple forecasts based on the wisdom of crowds: As
comparisons between all parties. For RE&iG across We have explained above, these forecasts are likely to be
all pairs we counted how often the party that won morgartially based on recognition; correspondingly, alsg the
votes in the election was the one that was recognizéday help forecasting the smaller parties’ electoral suc-
by more people. Likewise, for RE€{tended across Cess.

all pairs we counted how often the party that won more

votes in the election was the one that the participants @£3.3 Large versus small parties

Study 4 had estimated to be, on average, recognized by . b icularl ful for §
more people. For the four intention-based models, S recognition may be particularly useful for forecast-

counted how often the party that won more votes wai§'g smaller parties electoral success, all ordinal foriscas

the one that had received more voting intentions, usin‘ﬁer? computed separately for both thg complete set Of.a"
the simulated voting intentions (INTfpresentativeand parties and for a subset of small parties. Smaller parties

INT/representative + swing votgsthe observed voting vyerelthoslg that Werehnot. reprefsinteclzl in%he German na-
intentions (INTétudy samplg and the averaged observed!ona Ear |amen'F at the time of the electi r(To enter
voting intention rankings (INEtudy sample rankings the national Parliament, a party needs to gain more than
respectively. For the WIS model, we counted how of2% of the votes in the national elections.) There were

ten the party that won more votes was the party that Weg55 parties competing in Brandenburg, 24 in North Rhine-

assigned the better rank, averaged across participan\%‘.asmha"a’ 25 in the national elections 2005, and 27 in

Whenever there was a tie, either because both partiglae n_ational elections 2009. The S‘_‘bset of smgll parties
were recognized by the same number of people or ngnS'StEd 0f 10, 19, 19, and 21 parties, respectively.
cause there were equally many voting intentions for both 6other accuracy measures (Kendall and Spearman rank diamela
parties or because the mean predicted rank was identielded the same patterns of results.

7 o . I
By our definition, the large parties were CDU/CSU, DieLikB5,
cal, the models made random guesses. ddmuracy of FDP, GRUNE, and SPD, all other parties were considered srié!

the forecastds the resulting proportion of correct pre- 5o ran the analyses using other criteria to define the sabsealler
dictions, computed across all comparisons between twarties. The pattern of results remained the same.

2.3 Performance Measures

2.3.1 Ordinal predictions
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Figure 2: Forecasting German elections with mere recagnitivith seven different forecasting models:
(REChasig recognition-based forecasts using averaged recognjtidgments from our study participants;
(INT/representativeintention-based forecasts using a simulated, perfeetlyasentative sample of voters (means
+ SD); (INT/representative + swing votérintention-based forecasts using a simulated, perfeeflyasentative sam-
ple of voters, but letting 5% of voters of each party recoasitieir choice by randomly reassigning them to have voted
for a different party (means $D); (INT/study sampleintention-based forecasts computed from the observedg/ot
intentions of our study participants; (WIS). Forecastseldasn the mean predicted ranks by our study participants.
Two forecasting models could only be computed for Study £CRxtendejlrecognition-based forecasts based on
participants’ subjective estimates how many out of 100 oanigt drawn people would recognize each party, averaged
across participants; (IN$fudy sample rankinggtention-based forecasts based on average observed watiention
rankings provided by the participants for each of the psrifdl results are depicted separately for the subset oflsmal
parties, which are not represented in German Parliamenfandhich usually no polls exist (upper panels), and
for all parties (lower panels). Note that a proportion cor@ 0.5 represents chance level, that is, the accuracy that
would be achieved by randomly guessing in all paired conspas between two parties. Further note that in panel
lla, REChasicand WIS are based on the same sample size and are just movefbapsasons of readability, and the
same is true for RE@ktendecand WIS in panels IVa and I1Vb.
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3 Results and discussion In fact, as comparisons of RBE@ESsig
INT/representativeand INTkepresentative + swing
3.1 Ordinal predictions votersin the set of all parties show (see lower panels),

unrepresentative recognition-based forecasts were gener

Figure 2 shows the proportion of correct recognitionally most likely to reach the level of accuracy of perfectly
based forecasts, intention-based forecasts and forecdggresentative intention-based forecasts when the sample
based on the wisdom of crowds. First, intentionsize of surveyed individuals was small. For instance,
based forecasts computed from the convenience samplgspanel Ilb (North Rhine-Westphalia, all parties), the
(INT/study samplewere the least accurate, illustratingmean accuracy attainable with mere name recognition
that the study samples were indeed unrepresentative @fceeded the mean accuracy of representative intention-
how German voters decided in the election (with théased election forecasts until up to a sample sizes of
exception of Brandenburg, which we will discuss sepabout 400 surveyed voters.
arately below). Just to give one example of how dif- Perhaps most interestingly, also for relatively large
ferent the electoral preferences of our samples were §ample sizes (e.g., 1000 in Panel lla, 700 in Panel llla,
comparison to the general population, consider Study 4nd 500 in Panel IVa), the mean accuracy of unrepre-
Here, 44.1% of participants would have voted for thesentative recognition-based election forecasts fell iwith
Green party, while this party only received 10.7% of théhe range of 1 standard deviation of the accuracy of
votes in the general population. Importantly, as compaperfectly representative intention-based election fasex
ing REChasicand INTktudy samplshows, recognition- (with the notable exception of panels la and Ib, Branden-
based forecasts, computed from the very same unrepiasrg). Note that this relative advantage of recognition-
sentative samples, tended to fare considerably better thi@sed election forecasts emerged even when participants
the intention-based ones, suggesting that recognition ksew very little about the election, as is the case in panels
indeed a predictor variable that is fairly robust to the ehaidla and llb, where all study participants lived in a differ-
acteristics of the citizens included in the sample. ent federal state than the one in which the election took

Importantly, this difference between intention-base@ace (North Rhine-Westphalid).
and recognition-based forecasts from the convenienceThird, WIS outperformed RE®asic in almost all
samples does not stem from a difference in number &@ses, most likely because people are able to rely on other
observations. Recall that in Study 4 we had additionallipfformation beyond mere recognition when ranking two
asked participants to rank all parties according to theRr more parties they recognize, which RB&sgiccannot
voting preferences (INBtudy sample rankings Al- do. Interestingly, forecasts based on participants’ aver-
though these complete voting intention rankings notabl§ged estimates how many out of 100 randomly drawn
improved intention-based forecasts based on the conyeople would recognize each party (RExtendejiwere
nience samples, these forecasts are still much inferi@@sically indistinguishable from WIS. The improvement
compared to recognition-based forecasts from the sargserved from RE®asic to RECextendedfrom the
unrepresentative samples (panels IVa and IVb). same convenience sample (panels IVa, 1Vb) suggests that

Second, as comparisons of RIBESG people seem to be able to successfully discriminate be-
INT/representativeand INTfepresentative + swing Ween highly recognizable parties (e.g., large parties,
voters reveal, unrepresentative recognition-basefpdical parties) when estimating population recognition
forecasts can compete with intention-based forecadidtes; and that it is this additional discrimination that is
computed fromperfectly representativesamples, es- responsible for this increment in performance.
pecially for the subset of smaller parties (see upper Finally, RECbasicwas not competitive in compari-
panels). One reason for this is that few people vote f¢ton to intention-based forecasts in Brandenburg. We do
the small parties, which makes it necessary to survé}Pt know why this result emerged; a plausible expla-
extremely large samples to get reliable estimates fdtation for it may be that in Brandenburg only 15 par-
intention-based forecasts. For instance, as Figure S competed against each other, as opposed to 24, 25,
shows, interviewing about 1,000 individuals is stilland 27 parties in the other three elections. This com-
not enough to generate accurate election forecasts fgratively small number of competing parties may have
small parties based on perfectly representative samplé9osted the accuracy of intention-based forecasts, as peo-
In comparison, recognition does relatively well, everPle’s votes—and hence their voting intentions—are di-
when based on very small, unrepresentative samples. \if€d among fewer parties, making intention-based fore-
short, when it comes to forecasting the smaller partie$aSts more robust to variation in the size and compo-
electoral success, recognition-based forecasts seem % ote that the large parties competing in German elections te

pe more robust with respect to the sample size thag |argely the same in different German states. Howeversiinailer
intention-based ones. parties vary more strongly across states.
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sition of the sample of voters being drawn. In fact]1,000 individuals drawn from a representative population
as can be seen in Figure 2, it is not so much the aevorks pretty well until the share of votes of a party is
curacy of REMbasic that differed across the elections,smaller than about 1%, which is when the correlation
but more the accuracy of the intention-based forecastetween sampled intentions and election outcomes starts
that was particularly high in Brandenburg. In particularto break down. Additionally, in all elections except for
REChasicachieved an accuracy of 0.80 in Brandenbur@randenburg 2004, sampling voting intentions bears a
(all parties), which is basically identical to its accuracysubstantial risk of not at all observing voting intentions
in the other elections ranging from .79 (National Elecfor particular parties. In Brandenburg, in contrast, vgtin
tions 2009) to .82 (North Rhine-Westphalia 2005). Tantentions are most often observed for all parties in the
compare, INTiepresentativavith a sample size of 1,000 race, even for the smallest ones. The reason for Bran-
achieved an accuracy of .94 in Brandenburg (all partiesdienburg 2004 being an exception is likely to be the same
which is substantially above its accuracy in the other eleave discussed above: There were fewer parties competing
tions ranging from .86 (North Rhine-Westphalia 2005) tan the Brandenburg election than in the other elections
.88 (National Elections 2009). (i.e., 15 parties in Brandenburg vs. 24 to 27 parties in the
If our explanation for the relative boost in perfor-other elections), resulting in people’s votes—and hence
mance of intention-based forecasts in Brandenburg is cdheir voting intentions—being divided among fewer par-
rect, then this suggests that the usefulness of R&€l¢ ties, which increases the chance to observe a voting in-
may be limited to elections where many parties are comention for any particular party.
peting against each other. (Unfortunately, we did not Comparing the scatter plots for REs@kic(panels A)
test RECéxtendedin Brandenburg, so that we do notwith wisdom-of-crowds-forecasts (panels C; WIS) from
know whether the same conclusion applies to this secottide very same convenience samples reveals that wisdom-
recognition-based forecasting model, which, as Figure @-crowds-forecasts are generally better able to diffieren
shows, turned out to be quite accurate, both in comparite between parties. This holds true not only for the large
son to REMdasicand the intention-based forecasts in thearties but also for the small parties, although to a lesser
2009 German national elections.) degree. Put differently, the predictions of RB&gicand
WIS are indeed more similar for the small parties than
. for the large parties; yet, WIS still provides a better re-
3.2 Predictions of shares of votes flection of the distribution of votes than RH#asiceven

To explore the continuous relation between election rd0" the small parties. However, as panel A shows for
sults on the one hand and the forecasts made by tffé€ national elections 2009, RERtendectan differen-
different models on the other, we log-transformed théate between parties as well as WIS. It can be nicely
election results and the sampled voting intentions (Figi®en that RE@ktendeds able to eliminate the down-
ure 3). (The log-transformation helps to visualize théides of REQdasic for instance by correcting unrealisti-
data for the very small parties.) The three rows shmﬁ‘_”‘"y high forecasts for parties that are small, yet recog-
three different model classes: Panels A show the pr&ized by many people for reasons unrelated to electoral
dictions of REChasic based on the convenience samSuccess (such as radicalism).
ples; for the German national elections 2009, panel A
additionally shows predictions of RE€tended Panels . .
B show the predictions of the most accurate intenti0r|4 General discussion
based model, INTépresentativebased on sample sizes
of 1,000. As the predictions of INTépresentativeary as Much research centers on forecasting the outcomes of po-
a function of the voting intentions included in the samplditical elections (see e.g., Campbell & Lewis-Beck, 2008;
being drawn in our simulations, we show 4 random drawkeéWis-Beck & Rice, 1992, Sigelman, Batchelor, & Stek-
of 1,000 voting intentions for INTépresentativethis  ler, 1999, for overviews). We investigated whether peo-
way illustrating the variation observed between differeniples’ mere recognition of party names helps forecasting
draws. Finally, panels C show the predictions for WISthe results of political elections. As we have shown for
based on the same convenience samples asiREC/ major German elections, at least for smaller political par-
(Note that the x-axis is reversed in panels C: smaller nunties recognition-based election forecasts (i.e., Riagig
bers indicate more successful ranks.) RECkxtendell can be as accurate as interviewing vot-
Panels A illustrate that REBasic does basically not ers about their voting intentions. In contrast to surveys
discriminate among larger parties, as all of them are reof voting intentions, recognition-based election forégas
ognized by about 100% of our participants. Samplingeem to be less in need of large representative samples
intentions, on the other hand, works better the larger thef voters in order to be reasonably accurate. Rather, they
party (panels B). More precisely, sampling intentions o€an be computed from small, lousy samples, illustrating
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Figure 3: Visual inspection of the continuous relation bedw election results in all four elections on the one hand
and recognition-based forecasts (panels A: RE&Sic,& REC/extendedor national elections 2009), intention-based
forecasts (panels B: INTépresentative and wisdom-of-crowds-forecasts (panels C: WIS), retygelg, on the other.
The scatter plots showing the intention-based forecakif/(¢presentativierepresent four random draws wibh =
1,000 each. The scatter plots showing the recognitioneb@eChbasic,& REC/extendedor national elections 2009)
and the wisdom-of-crowds-forecasts (WIS) represent theahstudy samples with varying sample sizes, indicated
on the X-axes labels. Note that both the election resultstaacsampled voting intentions are depicted using a
logarithmic scale. For wisdom of crowds (WIS), the X-axisésersed, as lower ranks indicate more success. The
dashed horizontal lines roughly represent the split betiarge and small parties that we have applied, as it reptesen
the 5% threshold that is required to enter both national eddrial parliaments.
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that recognition is a robust predictor variable in electiomodelor a version of theake-the-best heuristigGraefe
forecasts for smaller political parties. & Armstrong, in press), both of which were successful in
It may seem somewhat counterintuitive that it is posforecasting presidential elections in the U.S.A.
sible to forecast elections with such naive, recognition- In fact, also the other simple forecasting method
based methods, and in fact, we would like to point outhat we actually did test—wisdom of crowds, WIS—
that prior to conducting our first study in 2004, we didwas more successful than REB@sics forecasts, which
not expect recognition-based forecasts to perform as welthoes similar results in the literature demonstrating
as they did. As the first three studies represent reanalysbat wisdom-of-crowds-forecasts are quite accurate,(e.qg.
of already existing data, we retained our skepticism angjéberg, 2009.In our studies, it is likely that WIS’s suc-
thought it was particularly important to replicate these recess is fuelled by additional information the interviewed
sults in Study 4, in which we also added further competpersons may have used to generate their individual pre-
ing models, such as RES{tended Our results fit to a dictions of the election outcomes, particularly to diserim
growing body of research showing that simple forecasinate between two or more parties they recognized. This
ing models perform often as good or even better as moremost likely the case for the larger parties. These parties
complex ones (e.g., Brighton, 2006; Czerlinski, Gigerentend not only to be commonly recognized, but also peo-
zer, & Goldstein, 1999; Dawes, 1979; Einhorn & Hog-ple tend to know more about them than about the smaller
arth, 1975; Gigerenzer & Brighton, 2009; Gigerenzer &arties; opinion polls and other information relevant for
Gaissmaier, 2011; Hogarth & Karelaia, 2007; Marewskiforecasting electoral success tend to be widely communi-
Gaissmaier, & Gigerenzer, 2010a, b). And indeed, recogated by the media about these parties—not only prior to
nition plays an important role in some of these simplelections.

models (e.g., Gigerenzer & Goldstein, 1996). However, WIS also allowed better discriminating be-
We hasten to add, however, that the usefulness okeen the smaller parties than RB@sic One expla-
REChasic for predicting elections is likely to be re- nation for this finding could be that some small parties
stricted to multi-party systems as they exist in many Euare recognized by many people for reasons unrelated to
ropean countries. If only a few well-known parties com-electoral success, which holds true for extremely right-
pete (e.g., as Democrats and Republicans in the U.S.Ajing parties, for instance. If people are aware that they
then the binary recognition judgments elicited in Studrecognize a party name for reasons unrelated to elec-
ies 1-4 cannot discriminate between them and will nabral success, they may simply discount their recogni-
yield accurate predictions. At the same time, as we hat®n (Marewski, Gaissmaier, Schooler, et al., 2009; see
pointed out above, even in multi-party systems the colle@lso Oppenheimer, 2003, for similar findings in other do-
tive recognition used by RE@asicwill not be a useful mains). In principle, the party name could even allow
predictor variable for the larger political parties’ ele@! people to discriminate between two unrecognized small
success, because these parties tend to be equally well rparties, for instance when the party name is an absurd,
ognized (see Figure 3). Furthermore, as suggested batiric one (as in the eyes of many may be the case for the
the relative boost in performance of the intention-basef@narchistic Pogo Partyalthough the authors do not take
forecasts in the Brandenburg election (Study 1), in whickides here). As a side note, Sjoberg (2009) actually spec-
only 15 parties competed compared to 24 to 27 in thalated that knowledge of polls would be a major source
other elections, the relative usefulness of recognitiorfer the success of wisdom of crowds, and in his case
based forecasts in comparison to intention-based on#8s may be true as he exclusively studied large parties.
may be further limited to elections where many partieslowever, it is unlikely that polling results aided the per-
compete. Finally, recognition can be biased when parties
are recognized for reasons unrelated to the parties’ elec-°To generate wisdom-of-crowds-forecasts, we asked peoppest
toral success. This is likely the case for radical partieglict the rank order of votes the parties would gain, and thamaged

To give iust one example. consider Fiaure 3. panel A fot|hese rank orders, using the average ranks to forecastebigoal out-
give|) ple, 9 P ' "“comes. As pointed out to us by Jon Baron and an anonymousveayie

the national elections 2009: The party that actually rezmer than averaging the rank predictions of electionltesgross par-
ceived the lowest share of votes, 0.0044%, was the DKiipants, it would have been interesting to ask participdor estimates
(“German Communist Party”), yet this party was still rec-of vote shares: “How many out of a 100 randomly drawn people do

. 0 - you think would vote for this party?” This would have allowadnore
ognlzed by about 65% of our participants. direct comparison with the extended recognition model RE@hded

Moreover, at the close of this article, we would like toand would thus have helped telling whether averaged retogrésti-
stress that other simple forecasting methods may allofetes are largely fuelled by recognition per se, or by thetfzat es-
forecasting elections as accurately as or even more acd{Ji2tes (of some sort) are being aggregated. Unfortunatellid not

. . Ollect corresponding data when we ran our studies. HowthweWIS
rately than recognition. These methods include modef§oel that we tested is similar in principle, except that wased on
that we did not test here, such as Lichtman’s (20@8)s predictions of ranks rather than shares.
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formance of our wisdom-of-crowds-model WIS for theBrighton, H. (2006). Robust inference with simple cogni-
small parties we studied here, as such information is usu- tive models. In C. Lebiere & B. Wray (EdsBetween
ally not available for these parties in Germany. a rock and a hard place: Cognitive science principles
Finally, we wish to point out that even WIS did not out- meet Al-hard problems. Papers from the AAAI Spring
perform our second recognition-based forecasting model, SymposiuntAAAI Tech. Rep. No. SS-06-03, pp. 17—
RECkxtendendwhich bases forecasts on people’s aver- 22). Menlo Park, CA: AAAI Press.
aged estimates how many out of 100 randomly draw@ampbell, J. E., Alford, J. R., & Henry, K. (1984). Tele-
people would recognize a party. These two models’ vision Markets and Congressional Electioh®gisla-
performance was basically indistinguishable, suggesting tive Studies Quarterly,,.%65-678.
that people seem to be able to successfully discriminaampbell, J. E., & Lewis-Beck, M. S. (2008). US presi-
between highly recognizable parties (e.g., large parties, dential election forecasting: An introductiomterna-
radical parties) when estimating population recognition tional Journal of Forecasting, 24.89-192.
rates. In fact, as much as it is possible that people baggemen, R. T. (1989). Combining forecasts: A review
the election forecasts used in WIS on recognition (see and annotated bibliographynternational Journal of
above), it isalsopossible that people’s estimates of other Forecasting 5, 559-583.
people’s recognition are at least partially based on ”’@oates, S. L., Butler, L. T., & Berry, D. C. (2004). Im-
same information that may come to bear in WIS: For in- plicit memory: A prime example for brand consider-
stance, if a person knows she recognizes the party “Grey ation and choice Applied Cognitive Psychologyi8,
Panthers”—a small party for the elderly—exclusively be- 1195_1211.
cause her grandmother happens to be a member of ﬂ@%ates, S. L., Butler, L. T., & Berry, D. C. (2006). Im-
party, then the person may discount her recognition of plicit memory and consumer choice: The mediating
this party name and adjust her estimate of the population role of brand familiarity. Applied Cognitive Psychol-
recognition rate accordingly. ogy, 20, 1101-1116.
Let us conclude by returning to the dilgmma fac.e(braik, F. 1. M. & McDowd, M. (1987). Age differences
by Leonid Brezhnev, who, as pointed out in the begin- in recall and recognitionlournal of Experimental Psy-

ning, once remarked that “The trouble with free elec- chology: Learning, Memory, and Cognition, 1874—
tions is, you never know who is going to win” (Rees, ,5q ' ’ T

2006?‘ Bre_zh_nevs dllemm_a can be_solve_d n Varlo.u&zerlinski, J., Gigerenzer, G., & Goldstein, D. G. (1999).
ways: abolishing free elections, manipulating who will How good are simple heuristics? In G. Gigerenzer, P.

e eyany. M- Todh & 1 ARC Researc Grousmple s
. P tics that make us sma(pp. 97-118). New York: Ox-

yet another solution. As we have shown, simple fore- . )

: . - ... ford University Press.
casting models based on collective recognition, people’s R. M. (1979). The robust b i i
estimates of other people’s recognition, or the aggregatgoawes' d I.(' q )‘, 'hero E,St eaut.yo lgprorﬁ)elr In-
wisdom of many may help forecasting who will win. Ad- ear models in decision makinghmerican Psycholo-

mittedly, this may not be the solution that Brezhnev had _g'St’ 34,571-582. ) o
in mind. Einhorn, H. J., & Hogarth, R. M. (1975). Unit weighting

schemes for decision makin@rganizational Behav-
ior and Human Performance, 1371-192.
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