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Summary

In the past, collaboration to form an aggregate from individual judgments or prefer-
ences was mostly investigated for either wisdom of crowds or group decision making.
While wisdom of crowds was typically examined by statistically aggregating indepen-
dent individual judgments, group members form a consensus decision by information
sharing and discussing in group decision making. Even though very different, both of
these methods were demonstrated to profit from considering expert judgment in the ag-
gregation process. However, the Internet vastly changed the way individuals can collab-
orate, share information, and form judgments. Large-scale online collaborative projects
such as Wikipedia and OpenStreetMap rely on sequential collaboration, a process in
which contributors consecutively adjust or maintain the latest versions of entries.

In this thesis comprising three articles, I add to research showing that weighing in-
dependent individual judgments by expertise improves resulting estimates. Moreover,
I demonstrate that sequential collaboration is a successful way of aggregating indi-
vidual judgments which relies at least partially on an implicit expertise-weighing of
judgments by contributors. In the first paper, I extend Cultural Consensus Theory to
two-dimensional continuous data which allows to derive estimates from independent
individual location judgments while simultaneously considering individuals’ compe-
tence. With this model extension, I show that aggregating location judgments with Cul-
tural Consensus Theory yields more accurate estimates than unweighted averaging. In
the second paper, I examine judgment aggregation with sequential collaboration show-
ing that sequential collaboration is a successful way of integrating individual judgments
which results in similar accurate estimates as unweighted averaging. Lastly, I investi-
gate the role of expertise in sequential collaboration in the third paper. There I show that
sequential collaboration allows contributors to implicitly weigh judgments by expertise
which results in more accurate estimates the more and later experts enter sequential
chains.

With my thesis, I aim to further deepen and extend the understanding of how exper-
tise influences judgments and estimates in wisdom of crowds and establish a theoretical
framework of sequential collaboration. Thereby, I hope to contribute to the understand-
ing of successful judgment aggregation and provide a theoretical underpinning for the
success and high information quality in large-scale online collaborative projects.





IX

Articles

This cumulative thesis comprises three articles of which two are submitted for publica-
tion, and one is currently under review. The main text provides an overview of informa-
tion collection and information sharing in online collaborative projects before detailing
how collaboration was examined so far and how it is influenced by judgment depen-
dency and expertise as a starting point for my research. Thereafter, the manuscripts are
summarized and discussed in the order in which they are listed below. In these sum-
maries, I refrain from providing specific details which can be found in the appended
manuscripts.

Article I

Mayer, M., & Heck, D. W. (2022). Cultural Consensus Theory for Two-Dimensional Data:
Expertise-Weighted Aggregation of Geographic Location Judgments. Manuscript
under review. http://doi.org/10.31234/osf.io/unhvc

Article II

Mayer, M., & Heck, D. W. (2022). Sequential Collaboration: The Accuracy of Dependent,
Incremental Judgments. Decision. Advanced online publication. https://doi.org/10.
1037/dec0000193

Article III

Mayer, M., Broß, M., & Heck, D. W. (2022). Expertise Determines Frequency and Accuracy
of Contributions in Sequential Collaboration. Manuscript under review. http://doi.
org/10.31234/osf.io/s7vtg
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1 Introduction

Over the past three decades, the Internet spread across the globe and the share of
worlds’ population regularly accessing the Internet rose from 1% in 1990 to almost
50% in 2017 (Roser et al., 2015). The Internet and its increased use around the globe
offered new possibilities for people to collaborate as sharing information and making
it publicly accessible became easier than ever. This enabled individuals to collaborate
asynchronously as they did not need to stay in the same place and work at the same time
anymore. In the following, large-scale online-collaborative projects such as Wikipedia
and OpenStreetMap emerged which aim at collecting information and making it freely
available to everyone. While contributors in Wikipedia create an online encyclopedia
in various languages (Wikipedia Contributors, 2022b), contributors of OpenStreetMap
seek to create a comprehensive world map (OpenStreetMap Contributors, 2022).

Both projects are frequently accessed, continuously developed and extended. As of
May 2022, each month two billion unique devices accessed Wikipedia and nine million
users created 15 million edits for all language versions (Wikipedia Contributors, 2022a).
Similarly, OpenStreetMap had already 8.5 million registered users in January 2021. Each
month 40,000 to 50,000 users were actively working on this project and added millions
of new objects to the map each day (OpenStreetMap Contributors, 2021).

Despite the success of online collaborative projects, there are recurring concerns about
information quality. Due to little monitoring by moderators (Giles, 2005), vandalism
(The Signpost, 2021), or political interest (Steinwehr & Bushuev, 2021; The Signpost,
2021) which can result in frequent back-and-forth changing referred to as edit war (Kit-
tur et al., 2007; Quinn & Bull, 2019), information in these projects may be misleading
or even incorrect. Nonetheless, research has demonstrated highly accurate informa-
tion for Wikipedia compared to the Encyclopedia Britannica (Giles, 2005), university
textbooks (Leithner et al., 2010), or governmental information (Kräenbring et al., 2014)
while OpenStreetMap yields highly accurate information compared with governmental
sources (Haklay, 2010) and commercial map services (Ciepłuch et al., 2010; Zielstra &
Zipf, 2010). These findings illustrate that even though these projects do not benefit from
all contributions made, information quality is still overall very high.

To collect information, large-scale online collaborative projects such as Wikipedia and
OpenStreetMap rely on wisdom of crowds which describes the phenomenon that aggre-
gating individual judgments of a group of individuals concerning the same task results
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in highly accurate estimates (Galton, 1907; Larrick & Soll, 2006; Surowiecki, 2005). Even
though wisdom of crowds is often referred to as an explanation for high information
quality in these projects (Arazy et al., 2006; Baeza-Yates & Saez-Trumper, 2015; Kittur &
Kraut, 2008; Niederer & van Dijck, 2010), crowd wisdom was mostly assessed focusing
on unweighted averaging of independent individual judgments (de Oliveira & Nisbett,
2018; Hueffer et al., 2013; Larrick & Soll, 2006). In contrast, contributors in Wikipedia
and OpenStreetMap do not provide independent judgments that are statistically aggre-
gated but rather judgment aggregation is organized in a dependent, sequential manner
(Mayer & Heck, 2022b). In sequential collaboration, one contributor starts with creat-
ing an entry which is consecutively adjusted or maintained by subsequent contributors
encountering it. This distinction is also depicted in Figure 1 contrasting unweighted av-
eraging of independent individual judgments and sequential collaboration in forming
an estimate from numerical judgments.

Figure 1: Process of generating estimates with either unweighted averaging or sequen-
tial collaboration for the question “How tall is the Eiffel Tower?” answered in meters.

In this thesis, I discuss how collaboration was investigated so far focusing on in-
dependent individual judgments on the one hand and group decision making on the
other hand. Thereby, I highlight how judgments and estimates obtained in both settings
can incorporate and benefit from expertise of single group or crowd members. In my
research, I first look into how weighing judgments by expertise can improve the aggre-
gation of independent individual judgments compared to unweighted averaging which
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is frequently investigated in the context of wisdom of crowds. To this end, I develop
an extension of Cultural Consensus Theory for two-dimensional continuous data in the
first paper, a method that allows to derive latent cultural truth estimates from inde-
pendent individual location judgments while simultaneously considering informants’
competence and item difficulty. Applying this method to location judgments of vari-
ous European cities, I demonstrate that aggregating independent individual location
judgments is improved with weighing by expertise compared to unweighted averag-
ing. Furthermore, I investigate sequential collaboration and the role of expertise in this
judgment aggregation process which further extends the scope of wisdom of crowds to
the aggregation of dependent, incremental judgments as present in online collaborative
projects. In the second paper, I therefore systematically examine sequential collaboration
in three experimental studies using numeric judgments and geographic location judg-
ments. Thereby, I show that change probability and change magnitude decrease over
the course of a sequential chain while judgment accuracy increases. This ultimately
results in similarly accurate estimates as can be obtained with unweighted averaging
of judgments. Lastly, I shed light into the role of expertise in sequential collaboration
with another three experimental studies finding that more knowledgeable individuals
contribute more to judgments in sequential collaboration than less knowledgeable in-
dividuals. Thus, sequential collaboration allows contributors to weigh their judgments
implicitly by expertise without explicitly estimating individuals’ expertise and weighing
judgments accordingly.





5

2 Collaboration Between Wisdom of
Crowds and Group Decision Making

In the following, I introduce wisdom of crowds and group decision making as meth-
ods to elicit group estimates which greatly differ in the extent to which judgments are
dependent among judges. Thereby, I especially focus on the role expertise plays for the
accuracy of provided judgments and derived estimates.

2.1 Wisdom of Crowds

Prior research has demonstrated that aggregating individual judgments, for instance
concerning the dressed weight of an ox, yields highly accurate estimates which result
in less error than the average error of provided judgments and are often more accurate
than even the crowds best judgment (Galton, 1907; Larrick & Soll, 2006; Surowiecki,
2005). This phenomenon is referred to as wisdom of crowds (Surowiecki, 2005). Wis-
dom of crowds was not only found to yield highly accurate estimates for numerical
judgments in forecasting (Clemen, 1989) but also for various other contexts and tasks
such as small crowds (Wagner & Vinaimont, 2010), combinatorial problems like the
traveling salesman problem (Yi et al., 2012), rank order tasks (Steyvers et al., 2009), or
even estimating the day of ice melting on an Alaskan river (Hueffer et al., 2013).

Highly accurate estimates obtained with wisdom of crowds can be attributed to the
cancellation of individual errors (Hogarth, 1978; Larrick & Soll, 2006). Due to this mech-
anism of error cancellation, judgment aggregation with wisdom of crowds performs
best if judgments fall on both sides of the correct answer and thereby bracketing it as
symmetrically as possible (Larrick & Soll, 2006). Moreover, if crowds are diverse (de
Oliveira & Nisbett, 2018; Larrick et al., 2012), individuals provide judgments indepen-
dently (Larrick et al., 2012), and judgments are negatively correlated (Davis-Stober et al.,
2014), estimates obtained with wisdom of crowds are likely to be highly accurate since
these features ensure that a wide range of relevant information is incorporated in the
provided judgments further facilitating error cancellation. However, even if these opti-
mal conditions are not met, obtained estimates are still accurate as wisdom of crowds
is highly robust against biases (Davis-Stober et al., 2014).

Research on wisdom of crowds mostly focused on independent judgments even
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though judgment independence is not a necessary precondition for wisdom of crowds.
Thus, it is still unclear whether presenting judgments of others to the judge is benefi-
cial or detrimental for subsequently provided judgments and resulting estimates. Since
aggregating individual judgments as a measure of crowd wisdom profits from error
cancellation, dependent judgments may cause a restriction in judgment range resulting
in less error cancellation and ultimately in less accurate estimates (Becker et al., 2017;
Larrick et al., 2012). In line with this notion, judgments may also become more homoge-
neous due to anchoring (Mussweiler et al., 2004; Tversky & Kahneman, 1974) if they are
not independent. These ideas are supported by Lorenz et al. (2011) who found that pre-
senting judges with others’ judgments results in diminished diversity of subsequently
provided judgments and reduced bracketing leading to a decrease in estimate accu-
racy. However, several other studies demonstrated that presenting judgments of others
can be beneficial for wisdom of crowds under certain conditions. Becker et al. (2017)
presented the aggregate of others’ judgments to participants which either incorporated
judgments equally weighted or overweighted one judgment compared to the others.
Presenting an equally weighted aggregate to participants improved subsequent individ-
ual judgments even though these judgments became less diverse. However, presenting
an unequally weighted aggregate resulted in participants’ subsequent judgments con-
verging towards this aggregate irrespective of whether it was accurate or inaccurate.
Moreover, both Minson et al. (2018) and Navajas et al. (2018) found that allowing indi-
viduals to discuss their answers to a question after they provided initial independent
judgments leads to more accurate group judgments and individual judgments after the
discussion. Finally, presenting individuals with the current best judgment in the crowd
leads to improved judgments through imitation (King et al., 2012). Overall, dependence
among judgments might be beneficial under some condition such as providing initial
judgments, encountering already highly accurate judgments, or being presented with
an unweighted aggregate of others’ judgments.

2.2 Group Decision Making

In contrast to wisdom of crowds, research on group decision making does not rely
on eliciting individual judgments to statistically aggregate into an estimate. This area
of research rather focuses on groups developing a consensus decision from a set of
individual preferences or positions by discussion (N. L. Kerr & Tindale, 2004). Even
though groups can outperform individual judgments in such settings (Sniezek & Henry,
1989, 1990), their judgments are worse than the one of best group member (Gigone &
Hastie, 1997).

Importantly, group decision making is impaired if not all group members are pro-
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vided with the same information prior to discussing a consensus decision. In the hidden
profile paradigm developed by Stasser and Titus (1985), participants are provided with
information on several choice alternatives, for instance potential student representatives
(Stasser & Titus, 1985) or football players (Franz & Larson, 2002). Before engaging in a
group discussion, all group members are presented with information on the choice al-
ternatives which is partially shared by all group members and partially only presented
to a single group member. Thereby information is distributed such that shared informa-
tion indicates a sub-optimal choice alternative while shared and unshared information
combined indicate the optimal alternative. Research on the hidden profile paradigm re-
vealed that decisions are biased towards shared information which results in incorrect
group decisions (Lu et al., 2012; Mesmer-Magnus & DeChurch, 2009; Stasser & Titus,
1985). This is due to a lack of information sharing such that unshared information is
less mentioned and less discussed (Lu et al., 2012; Mesmer-Magnus & DeChurch, 2009).
Moreover, information sharing is not increased if group discussion and interaction is
computer mediated rather than in person and groups are equally likely to solve the
hidden profile in both settings (Dennis, 1996; Dennis et al., 1998; D. S. Kerr & Murthy,
2009; Lu et al., 2012).

Impaired information sharing found in the hidden profile paradigm was attributed
to different group-level as well as individual-level processes. Wittenbaum et al. (1999)
found that the discussion can serve as social validation for information supporting ini-
tial preferences while Gigone and Hastie (1993) demonstrated that the discussion may
be used to negotiate preferences rather than share information which results in pre-
mature decisions of an incorrect alternative. Furthermore, social norms (Postmes et al.,
2001) or individuals’ tendency towards social desirability (Henningsen & Henningsen,
2004) also foster repetition of shared information. However, even if all relevant informa-
tion is exchanged, individuals nonetheless tend to retain their initial decision preference
resulting in erroneous decisions (Faulmüller et al., 2010; Greitemeyer & Schulz-Hardt,
2003). These findings demonstrate that forming a consensus decision through discus-
sion is prone to several biases leading to inaccurate group decisions.

2.3 Improving Estimates and Decisions with Weighing by
Expertise

Expertise is a multi-faceted concept which has no clear definition but consists of several
facets instead (Baumann & Bonner, 2013). It comprises abilities like logical reasoning
(Kruger & Dunning, 1999), semantic knowledge like received information (Stewart &
Stasser, 1995) or grammar rules (Kruger & Dunning, 1999), procedural skills such as
design rules for experiments (Schunn & Anderson, 1999), or experience like students
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judging their own curriculum (Dubrovsky et al., 1991) or handwriting experts judging
handwriting features (Martire et al., 2018). Formal education can result in expertise as
it incorporates several of these aspects (Martire et al., 2018). All these facets of exper-
tise imply some domain specificity. Furthermore, experts are expected to conduct tasks
differently (Dubrovsky et al., 1991; Franz & Larson, 2002; Schunn & Anderson, 1999)
which results in better task performance on expertise-related tasks (Budescu & Chen,
2014; Merkle & Steyvers, 2011; Merkle et al., 2020).

Expertise can be determined in various ways depending on the facet of expertise
that is assessed. Formal education can indicate individuals’ expertise, thereby includ-
ing various aspects of expertise such as knowledge and experience (Martire et al., 2018).
Moreover, judgment confidence can serve as a measure of expertise as both are pos-
itively related (Meyen et al., 2021; Palley & Satopää, 2022) if individuals do not hold
widespread but erroneous beliefs (Koriat, 2008, 2011). Another way to derive individu-
als’ expertise is to rely on their predictions about others’ judgments. Experts can accu-
rately predict how likely others are to provide the same judgment (surprisingly popular
method, Lee et al., 2018; Prelec et al., 2017) and which judgments others are likely to
provide in general (social projection, Grüning & Krueger, 2021), or which judgments
their peers are likely to provide (peer prediction, Wang et al., 2021). Lastly, expertise
can be measured by the performance on previous tasks (Lin & Cheng, 2009; Mannes
et al., 2014) or the same task (Budescu & Chen, 2014; Merkle & Steyvers, 2011; Merkle
et al., 2020).

Both wisdom of crowds and group decision making were found to profit from con-
sidering crowd or group members’ individual expertise. While experts help to improve
group decisions, it is necessary to communicate the expert role explicitly to other group
members before discussions starts (Baumann & Bonner, 2013; Bonner et al., 2002). Esti-
mates obtained with unweighted averaging of independent individual judgments also
improve if judgments are weighted by individuals’ expertise for the aggregation (Bude-
scu & Chen, 2014; Lin & Cheng, 2009; Mannes et al., 2014; Merkle & Steyvers, 2011;
Merkle et al., 2020).

Mayer, M., & Heck, D. W. (2022). Cultural Consensus Theory for Two-Dimensional Data:
Expertise-Weighted Aggregation of Geographic Location Judgments. Manuscript
under review. http://doi.org/10.31234/osf.io/unhvc

Building on the findings that weighing independent individual judgments by exper-
tise improves resulting estimates, we extend Cultural Consensus Theory (CCT, Romney
et al., 1986), a method allowing the derive estimates from judgments while simultane-
ously considering individuals’ competence, to two-dimensional continuous data. This

http://doi.org/10.31234/osf.io/unhvc
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model extension allows to compare the accuracy of location estimates obtained with
either unweighted averaging and a weighing by individuals’ competence both for sim-
ulated and empirical data.

CCT was originally developed in anthropological research to examine cultural be-
liefs for which both correct answers and informants’ competence are unknown to the
researcher (Romney et al., 1986). Therefore, CCT is also referred to as “test theory with-
out an answer key” (Batchelder & Romney, 1988). Optimally aggregating individual
judgments is more difficult if correct answers to questions are not known since it is un-
clear which informants provide the most accurate judgments. As a remedy, CCT allows
to identify latent cultural truths while taking into account informants’ competence and
item difficulty simultaneously by assuming that highly competent informants show
similar answer patterns on a certain set of questions as they are expected to provide
judgments similar to the latent cultural truth (Romney et al., 1986). For this purpose,
CCT requires multiple informants to provide judgments for numerous items from the
same knowledge domain (Weller, 2007). Since its development to elicit one cultural truth
from a set of questions with dichotomous answer options, CCT was extended both to
multiple cultural truths (Anders & Batchelder, 2012) as well as to other response for-
mats such as continuous, ordinal, or mixed data (Anders & Batchelder, 2015; Anders
et al., 2014; Aßfalg, 2018; Batchelder & Anders, 2012). Recently, CCT models have been
implemented using hierarchical Bayesian modeling (Anders & Batchelder, 2012; Anders
et al., 2014).

Even though CCT was originally developed for scenarios in which correct answers
to the questions asked are unknown, CCT can also be applied to scenarios in which
correct answers become available later as in forecasting tasks or are already known
from the beginning as for knowledge questions. These cases are especially interest-
ing for method comparison since the estimates obtained with different methods can
be compared against the correct answer. For instance, Merkle et al. (2020) recently
demonstrated that a CCT-inspired model outperforms simple unweighted averaging
and Waubert de Puiseau et al. (2017) showed that accuracy of eyewitness testimonies
increases when aggregated with CCT.

Despite various extensions and applications in the past, CCT has not been extended to
two- or higher-dimensional data even though such an extension would allow to apply
CCT to a larger set of scenarios such as geographical location judgments. Hence, we
developed a model extending CCT to two-dimensional continuous data (CCT-2D) and
applied this model to geographical location judgments in order to compare the accuracy
of location estimates obtained with either CCT-2D or unweighted averaging.

To develop a CCT model for two-dimensional continuous data, we extended the
model for one-dimensional continuous data by Anders et al. (2014). As Figure 2A dis-
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plays, observed judgments Yik for items k answered by informants i are modeled by one
shared cultural truth and an unsystematic error

Yik = Tk + εik. (2.1)

Similar to other CCT models, we assume conditional independence of errors εik given
the person competence Ei and the item difficulty λk. Since judgments are continuous
and two-dimensional, a bivariate normal distribution of errors is assumed

(εik | Ei, λk)
iid∼ MV-Normal (0, Σik) . (2.2)

Figure 2: Data structure and parameters of CCT-2D for location judgments of London.

Item difficulty
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The resulting covariance matrix of errors Σik is modeled as a function of informants’
competence and item difficulty. Thereby, error variances in both x- and y-direction are
assumed to be smaller for informants with higher competence and easier items resulting
in judgments closer to the cultural truth. Since dimensions may vary in difficulty as
geographical features such as borders, coasts, lakes, or other landmarks may restrict
positioning of locations, we assume one item difficulty parameter for each dimension,
λk1 and λk2. However, competence is not assumed to vary between dimensions and can
be interpreted as a one-dimensional trait as it is not likely that informants’ geographical
knowledge varies between longitude and latitude of locations. Figure 2B displays the
effect of informants’ competence and item difficulty on the variance of the distribution
of errors. As depicted, smaller values of Ei indicate higher competence while smaller
values in λk indicate easier items both resulting in judgments closer to the cultural
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truth. Lastly, certain geographical feature such as diagonal coastlines or borders may
also lead to spatially correlated errors of location judgments. We therefore consider
that errors for each dimension might correlate with ρk within each item as illustrated
in Figure 2A. Nevertheless, errors do not correlate between items or informants and
thereby not violate conditional independence of errors. These assumptions result in the
following covariance matrix for two-dimensional judgment errors or CCT-2D:

Σik =

(
(Eiλk1)

2 ρkE2
i λk1λk2

ρkE2
i λk1λk2 (Eiλk2)

2

)
. (2.3)

In contrast to Anders et al. (2014), we did not assume multiple cultural truths, an
additive response bias, or a scaling bias. Since this model is developed to compare the
accuracy of geographic location estimates obtained with either CCT-2D or unweighted
averaging and correct answers to all questions need to be known in this case, we do not
consider multiple cultural truths as CCT is most useful in such a case if it provides a
single competence-weighted estimate for each item. Moreover, we consider an additive
response bias as unlikely in the context of two-dimensional location judgments since
this would imply that all judgments are shifted horizontally, vertically, or diagonally
irrespective of coastlines, borders, or other geographical features constraining possible
responses. Lastly, we also omitted a scaling bias from the model as a multiplicative bias
heavily depends on the underlying scale of the judgments. However, for geographical
location judgments such a bias would depend on the location of the of the origin of
the underlying coordinate system which is unknown to the informants. To estimate
all parameters included in CCT-2D, we adopted the hierarchical Bayesian modeling
approach by Anders et al. (2014) assuming separate population distributions of compe-
tence parameters Ei across informants and item difficulty parameters λk across items
and implemented CCT-2D in JAGS (Plummer, 2003).

To asses the models’ parameter recovery and to compare the location estimates ob-
tained with CCT-2D and unweighted averaging, we first performed a simulation study
in which we varied the number of informants and items as well as the variance of infor-
mants’ competence and item difficulty. Parameter recovery for cultural truths Tk, indi-
viduals’ competence Ei, item difficulty λk, and correlation of errors ρk was satisfactory
especially for larger numbers of participants and items and for larger variance of in-
formants’ competence and item difficulty. However, recovery decreased with only little
variance in informants’ competence and item difficulty combined with only few items
or informants, respectively. Concerning the comparison of judgment aggregation with
CCT-2D and unweighted averaging, we found similar accurate estimates if there was
no variance in informants’ competence. However, CCT-2D outperformed unweighted
averaging with increasing variance in informants’ competence as it takes informants’
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competence into account when estimating locations while unweighted averaging does
not. Nonetheless, unweighted averaging profits from error cancellation such that esti-
mates became increasingly more accurate with larger numbers of informants.

In order to apply CCT-2D to empirical data, we reanalyzed the subset of independent
individual location judgments of 228 participants for 57 European cities collected in a
study on sequential collaboration (Mayer & Heck, 2022b) and compared the accuracy
of resulting location estimates to those obtained with unweighted averaging. We found
that CCT-2D on average led to an improvement of estimates by 12.35 pixels resembling
the improvement for Glasgow displayed in Figure 3 which was 15.63 pixels.

Figure 3: Comparison of estimates obtained with CCT-2D and unweighted averaging
for judgments on the map of the United Kingdom and Ireland.

In this study, we did not only extend CCT to two-dimensional continuous data, but
also further contribute to the literature demonstrating that weighing individual judg-
ments by expertise improves estimates compared to unweighted averaging (Merkle et
al., 2020). Even though CCT-2D was originally developed to allow aggregating location
judgments while simultaneously considering individuals’ competence, it can also be
applied to other two-dimensional data like ratings of arousal and valence of pictures
or trustworthiness and likability of facial images. As CCT-2D was specifically devel-
oped to compare expertise-weighted location estimates with estimates obtained with
unweighted averaging of judgments, we only assumed one latent cultural truth and did
not include judgment biases into the model. However, there may be varying represen-



2 Collaboration Between Wisdom of Crowds and Group Decision Making 13

tations of the location of certain places by different groups (Friedman et al., 2002, 2005)
making it useful to consider multiple latent cultural truths. Furthermore, we observed
that judgments tend to shift towards the center of presented land mass hinting towards
some response bias in judgments. Therefore, developing a model extension considering
this bias may be a useful addition to CCT-2D.
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3 Sequential Collaboration

Mayer, M., & Heck, D. W. (2022). Sequential Collaboration: The Accuracy of Dependent,
Incremental Judgments. Decision. Advanced online publication. https://doi.org/10.
1037/dec0000193

As outlined above, the spread of the Internet and the subsequent emergence of
large-scale online collaborative projects such as Wikipedia and OpenStreetMap vastly
changed how individuals can and do collaborate. While information generation in these
projects can be regarded as wisdom of crowds, information generation and judgment
aggregation differs from typical wisdom-of-crowds settings of averaging independent
individual judgments. In sequential collaboration, one contributors starts a sequential
chain by providing an initial independent entry. This judgment is subsequently encoun-
tered by other contributors who decide whether to adjust or maintain the presented
entry. In case of an adjustment, the entry is updated such that only the latest version of
the entry is displayed. The high accuracy of information in online collaborative projects
suggests that contributors in sequential collaboration reach consensus on a highly ac-
curate entry which is not adjusted and thereby possibly worsened anymore. Imagine
contributors sequentially locating Rome on a map of Italy. The first contributor may po-
sition the initial judgment near Naples around 150 kilometers south of Rome while the
second contributor may correct the judgment to be close to the actual location of Rome.
Lastly, a third contributor may not adjust the already highly accurate judgment. Thus,
compared to independent individual judgments that are averaged on the one hand and
group decision making on the other hand, sequential collaboration has a medium de-
gree of judgment dependency.

Even though sequential collaboration is successfully applied in online collaborative
projects, it was vastly overlooked as a method of judgment aggregation (Miller &
Steyvers, 2011). Despite its success, several theoretical arguments speak against contrib-
utors reaching consensus on a highly accurate judgment and stop adjusting judgments
when they reached the correct answer in sequential collaboration. Anchoring on the cur-
rently presented judgment may bias the subsequent judgment (Mussweiler et al., 2004;
Tversky & Kahneman, 1974) especially if the currently presented judgment is vastly
over- or underestimating the correct value. Thereby, anchoring may defer convergence

https://doi.org/10.1037/dec0000193
https://doi.org/10.1037/dec0000193
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to the correct answer or even result in convergence to a biased judgment. Moreover,
research on advice taking showed that advice in the form of others’ judgments is gen-
erally underweighted when forming judgments while individuals overweigh their own
judgment (Bonaccio & Dalal, 2006; Yaniv & Kleinberger, 2000). This could result in con-
stant adjustments which worsen already highly accurate or even correct judgments and
hinder convergence.

Nonetheless, judgments in sequential collaboration may benefit from contributors en-
countering the judgment of a previous contributor. Presenting judgments of others can
serve a as frame of reference and thereby prevent extreme judgments (Bonner et al.,
2007; Laughlin et al., 1999) which could help contributors in sequential collaboration to
make more accurate adjustments. Moreover, as outlined above, presenting (aggregated)
judgments of others was shown to improve subsequently provided individual judg-
ments as well as their unweighted average (Becker et al., 2017; King et al., 2012; Minson
et al., 2018). Thus, contributors judgments might as well profit from a presented judg-
ment, especially if this judgment is already an aggregate of others’ judgments or if it
is the current best judgment in the sequential chain. However, these positive effects
required either a first independent judgment which is not provided in sequential col-
laboration or an already highly accurate judgment of a previous participant to imitate
which is unlikely to happen in early stages of sequential chains. Furthermore, sequential
collaboration allows to opt out of providing a judgment which enables contributors to
not provide a new judgment if they feel they cannot improve the previous judgment and
their contribution is dispensable (N. L. Kerr & Bruun, 1983). Such an opt-out mechanism
was shown to improve estimates obtained from independent individual judgments as
individuals seem to select questions to answer based on metacognitive knowledge of
their own expertise (Bennett et al., 2018). Thus, if contributors adequately distinguish
between judgments to adjust and judgments to maintain based on metacognitive as-
sessments of their expertise, this may also improve judgments and estimates in sequen-
tial collaboration. Thereby, contributors may incorporate the advantages of weighing
judgments by expertise already into the judgment aggregation process. Lastly, Miller
and Steyvers (2011) conducted a study closely resembling sequential collaboration and
found that both group aggregates and individual performance increase when providing
judgments sequentially rather than independently in a rank-ordering task.

3.1 Obtaining Accurate Judgments and Estimates in Sequential
Collaboration

Based on the theoretical considerations above, we systematically investigated sequen-
tial collaboration to both show that this process is successful in aggregating individual



3 Sequential Collaboration 17

judgments and that the resulting estimates are highly accurate (Mayer & Heck, 2022b).
To this end, we examined whether change probability and change magnitude decrease
over the course of a sequential chain while judgment accuracy in turn increases which
would imply convergence of contributors’ judgments towards the correct answer. Fur-
thermore, as unweighted averaging yields highly accurate estimates, it was used as a
benchmark for comparing the accuracy of estimates obtained with sequential collabo-
ration.

These hypotheses were tested in three experimental studies. In the first two ex-
periments, participants were asked to provide judgments for 65 general knowledge
questions either independently or sequentially in chains of four (Experiment 1) or six
(Experiment 2) participants. To extend the results of the first two studies to a more
complex and ecological valid task, participants located 57 European cities on respec-
tive maps building sequential chains of four in Experiment 3. Sequential chains were
initiated by one participant who provided independent individual judgments. These
judgments were presented to later participants in the sequential chain who decided to
adjust or maintain the presented judgments which were updated for later participants
in case of an adjustment. Contributors did not know their position in the sequential
chain, did not see earlier judgments than the latest one, and did not know how of-
ten the presented judgment had already been adjusted. The latest judgments at the
end of a sequential chain are considered sequential estimates which were compared to
unweighted averaged judgments of same-sized groups of participants who provided
independent judgments. Since this paradigm results in a nested data structure with
judgments nested in participants and items, we estimated (generalized) linear mixed
models to test our hypotheses. Position in a sequential chain served as predictor to ex-
amine change probability, change magnitude, and judgment accuracy over the course of
a sequential chain while aggregation method, either unweighted averaging of indepen-
dent individual judgments or sequential collaboration, was used to predict the accuracy
of estimates obtained.

As expected, both change probability and change magnitude decreased over the
course of a sequential chain in two experiments while there was only an insignificant
trend for each effect in one experiment. Moreover, judgment accuracy increased over the
course of a sequential chain in all three experiments. These results demonstrate that con-
tributors approach some consensus on their judgments making sequential collaboration
a successful strategy to aggregate individual judgments. Furthermore, comparing the
error of estimates for sequential collaboration and unweighted averaging revealed more
accurate estimates obtained with sequential collaboration in two of three experiments.
To check the robustness of the estimate comparison between sequential collaboration
and unweighted averaging, we examined other possible aggregates of both indepen-
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dent individual judgments and judgments provided sequentially which showed that
both unweighted averaging and sequential collaboration result in similar accurate esti-
mates.

To summarize, sequential collaboration is a successful way to aggregate individual
judgments and resulting estimates are similar accurate as estimates obtained with un-
weighted averaging. These findings highlight that dependent, incremental judgments
can result in highly accurate estimates, thereby broadening the scope of not only wis-
dom of crowds in particular but collaboration methods in general.

Sequential collaboration might be suited better for more complex tasks as accuracy of
estimates outperformed estimate accuracy of unweighted averaging most for the city-
location task. Thereby, contributors may not necessarily change the whole presented
judgment but can also decide to adjust only one of two dimensions, thereby maintain-
ing parts of the previous judgment. However, estimating individuals’ competence sta-
tistically and weighting independent individual judgments accordingly provides even
more accurate estimates since estimates obtained with CCT-2D showed 12.35 pixels
improvement while sequential collaboration only resulted in 7.22 pixels improvement.
Nonetheless, sequential collaboration seems to at least partially enable contributors to
correct each other implying that they implicitly weigh their judgments by expertise.

3.2 How Expertise Affects Judgments in Sequential
Collaboration

Mayer, M., Broß, M., & Heck, D. W. (2022). Expertise Determines Frequency and Accuracy
of Contributions in Sequential Collaboration. Manuscript under review. http://doi.
org/10.31234/osf.io/s7vtg

While Mayer and Heck (2022b) showed that sequential collaboration is a success-
ful way of aggregating individual judgments, the mechanism behind sequential col-
laboration is still unclear. Thus, we investigated two possible predictors influencing
how frequent contributors adjust judgments and how much an adjustment improves
or worsens the previous judgment, namely accuracy of the presented judgment and
the contributors’ expertise. Irrespective of individuals expertise, the more a presented
judgment deviates from the correct answer and thus the more inaccurate it is, the easier
it may be for contributors to detect whether they can provide a judgment to improve
the presented one. Thus, contributors should adjust judgments more frequently and
make larger improvements the more the presented judgment deviates from the correct
answer.

Furthermore, as described above, both group decision making and wisdom of crowds

http://doi.org/10.31234/osf.io/s7vtg
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profit from weighing judgments by contributors’ expertise. For wisdom of crowds, Ben-
nett et al. (2018) demonstrated that such a weighing can also be achieved by allowing
individuals to opt out of providing a judgment since they may do so according to some
metacognitive assessment of their own expertise. Thus, highly accurate estimates ob-
tained with sequential collaboration may be due to contributors using the possibility to
opt in or opt out of providing a judgment to adjust or maintain judgments according
to their individual expertise. Thereby, more knowledgeable contributors should be able
to correct previous judgments already if these judgments only deviate slightly from
the correct answer and provide highly accurate judgments which should result in large
improvements. In contrast, less knowledgeable contributors can only correct previous
judgments if these show larger deviations from the correct judgment. In addition, even
if such contributors decide to adjust the presented judgment, they cannot to provide
a new judgment that is as accurate as the provided judgment of a more knowledge-
able contributor. Thus, we expect that individuals with higher expertise adjust previous
judgments more frequently and can also improve those judgments more than individu-
als with lower expertise.

However, as contributors need to rely on their metacognitive assessment about their
own expertise to evaluate both the accuracy of the presented judgment and their ca-
pacity to improve it, contributors with lower expertise may suffer from the Dunning-
Kruger effect (Jansen et al., 2021; Kruger & Dunning, 1999). This phenomenon describes
that low expertise may result in a miscalibartion concerning individuals’ metacognitive
knowledge about their own expertise which leads to an overestimation of one’s own
expertise. Thus, contributors with low expertise may provide improper adjustments of
previous judgments in sequential collaboration as they overestimate their own expertise.
Therefore, contributors with higher expertise may be better able to distinguish between
previous judgments they can improve and previous judgments they cannot improve.

Based on these theoretical ideas, expertise and deviation of the previous judgment
from the correct answer may interact such that contributors with higher expertise
change highly accurate or already correct judgments less often and inaccurate judg-
ments more often than contributors with lower expertise. Moreover, while contributors
with higher expertise may be able to reach a certain level of accuracy for all their ad-
justments, contributors with lower expertise who cannot make such precise adjustments
may be more influenced by the presented judgment. Such an anchoring effect (Muss-
weiler et al., 2004; Tversky & Kahneman, 1974) for contributors with lower expertise
also results in an interaction effect of deviation of the presented judgment from the
correct answer and expertise on improvement on the presented judgment. Thereby, the
effect of presented deviation is smaller for contributors with lower compared to higher
expertise as their capacity to improve judgments is undermined by an anchoring on the
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presented judgment.

Figure 4: Change probability and improvement of presented judgments in Experiment
1.

Note. Points and vertical lines show empirical means and corresponding 99% confidence
intervals. Violin plots indicate the distribution of the dependent variable aggregated
across items for each participant.

These hypotheses were examined in three preregistered experiments (Mayer, Broß,
& Heck, 2022). In the first experiment, we adapted the city-location task of Mayer and
Heck’s (2022b) Experiment 3 such that participants first provided independent judg-
ments for 17 cities which were used as a measure of expertise. The remaining 40 cities
were presented with a judgment having a preselected deviation from the correct judg-
ment of 0, 40, 80, or 120 pixels. These judgments were introduced to participants as
judgments of previous participants for which they could decide whether to adjust or
maintain them. To analyze the hypotheses described above, we estimated (generalized)
linear mixed models with individuals’ expertise and presented deviation as predictors
for frequency of adjustments and improvement of presented judgments and accounted
for the nested structure of our data by including random effects for participants and
items into the model. Figure 4 depicts the change probability and the improvement of
presented judgments depending on the distance of presented judgments to the correct
position and participants’ expertise. As displayed, presented judgments were more fre-
quently adjusted and more improved the higher participants’ expertise was and the
more the presented judgment deviated from the correct answer. Moreover, the higher
participants expertise was, the stronger the positive effect of presented deviation was
on both change probability and improvement of presented judgments. Contrary to the
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expectations, more knowledgeable participants also adjusted already correct presented
judgments more than less knowledgeable participants. Even though these results hint
towards accuracy of the presented judgment and expertise strongly impact frequency of
adjustments and improvement of presented judgments, inferences can only be weakly
causal since expertise was measured in this study.

Therefore, expertise was manipulated in a second study using the random-dots es-
timation task. In this task, participants encounter images depicting randomly gener-
ated non-overlapping dots and are asked to provide a judgment on the number of
presented dots. To manipulate expertise, participants were randomly assigned to either
learn raster scanning, a technique to overlay the presented image with a 3×3 raster and
count only the dots in one of the resulting areas before multiplying the result by nine,
or to an control condition in which participants read an essay about the importance of
accurate judgments. Afterwards, participants decided to adjust or maintain a presented
judgment for the number of dots depicted in a presented image. Again, the presented
judgment was framed as the judgment of a previous participant while the presented
values were actually preselected to be either correct or deviate from the correct answer
by +/-35% or +/-70% . The results were similar as in the previous experiment such that
larger deviations of the presented judgment from the correct answer resulted in more
frequent adjustments and more improvement. Moreover, participants assigned to the
expertise-manipulation condition adjusted presented judgments more frequently and
improved them more than participants in the control condition. Lastly, both presented
deviation and condition interacted such that experts showed stronger effects of pre-
sented deviation on both change probability and improvement while they again also
adjusted already correct judgments more frequently than novices.

Both experiments described above only examined the role of expertise in one step of
sequential collaboration. Nonetheless, positive effects of expertise should not only be
apparent in single adjustments but also in estimates obtained with sequential chains.
Thus, we performed a third study again manipulating expertise using the random-dots
estimation task but additionally assigned participants to sequential chains of two result-
ing in four different chain compositions, namely novice-novice, expert-novice, novice-
expert, and expert-expert. While the first participant in each sequential chain again
encountered preselected judgments with each image of random dots, the second partic-
ipant was presented with updated judgments according to the adjustments of the first
participant. On the level of one sequential step as in Experiment 1 and 2, we found sim-
ilar results as in the two previous experiments even though there was no effect of exper-
tise on change probability. On the level of sequential chains, experts adjusted judgments
of novices more frequently than judgments of experts while novices adjusted judgments
of previous experts and novices similar frequently. Moreover, judgments improved most



22 3 Sequential Collaboration

when experts corrected novices while novices worsened judgments of experts. Lastly,
sequential chains yielded more accurate judgments the more experts they contained
and the later these experts entered the sequential chain.

These findings shed a first light into the mechanism behind sequential collaboration
showing that contributors weigh their judgments higher, the higher their expertise is
which results in more frequent adjustments and more improvement of presented judg-
ments. Ultimately, this has a positive effect on estimates obtained with sequential col-
laboration. As contributors organize the weighing of judgments by expertise themselves
implicitly by opting in or out of providing a judgment, it is not necessary to explicitly
assign expert roles or derive individuals’ expertise from task performance and weigh
judgments statistically.

3.3 Towards a Theory of Sequential Collaboration

Even though sequential collaboration has yielded promising results in the studies dis-
cussed above, the mechanism behind sequential collaboration and possible boundary
conditions are still unclear. While Mayer, Broß, and Heck (2022) showed that contribu-
tors’ expertise determines change probability and improvement of presented judgments
in one sequential step, and ultimately also the accuracy of estimates obtained in sequen-
tial chains, there are probably other constructs affecting whether and how accurate
contributors adjust entries in sequential collaboration. One of these constructs closely
related to expertise may be judgment confidence. Even though individuals’ domain-
specific expertise can be one source of judgment confidence (Zakay & Tuvia, 1998) if
individuals do not hold erroneous beliefs (Koriat, 2008, 2011), judgment confidence
is also affected by miscalibrated metacognitive knowledge about one’s own expertise
(Kruger & Dunning, 1999) or item-specific knowledge that enables individuals to an-
swer a single item without having higher domain-specific expertise. However, both mis-
calibrated metacognitive knowledge about one’s own expertise and item-specific knowl-
edge may affect whether individual decide to adjust entries in sequential collaboration
and whether their adjustments improve or worsen previous judgments. Thereby, judg-
ment confidence may have two facets as contributors can make up to two decisions in
the process of sequential collaboration. First, they decide whether to adjust or main-
tain a presented and also provide a new judgment if they decide to adjust the presented
one. Thus, contributors are likely to hold a confidence for both of these judgments. Even
though both of these judgment confidences are supposedly positively related as more
competence contributors are likely to also be more confident, this might not always
be the case. If a contributor with average expertise in European geography encounters
a judgment of Rome positioned closely to Milan 400 kilometers north of the correct
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position of Rome, they might be very confident that this judgment is incorrect. How-
ever, this does not mean that they know the exact location of Rome and can position
the city very accurately resulting in only little to medium confidence in the judgment
they provide. To gain a more comprehensive image of prerequisites for adjustments in
sequential chains, future research should integrate expertise and judgment confidence
into a theoretical framework of sequential collaboration.

Another important but still open question is whether providing judgments sequen-
tially is beneficial over and above the possibility to opt out of providing a judgment
in sequential collaboration. Research on unweighted averaging has demonstrated that
allowing participants to select the questions to answer rather than to assign them to
these questions improves resulting estimates as participants can provide judgments ac-
cording to their metacognitive assessments (Bennett & Steyvers, 2022; Bennett et al.,
2018). However, some of these questions have only been selected rarely or not even
once which can make opting out of independent judgments inefficient even though
resulting judgments and estimates are highly accurate. Similarly, contributors in se-
quential collaboration also adjust presented entries according to their metacognitive
knowledge about their own expertise (Mayer, Broß, & Heck, 2022). This procedure is
more efficient than allowing to opt out of independent individual judgments as se-
quential chains start off with a judgment and thus at least one judgment is provided
for each question in a sequential chain. While opting out of providing a judgment is
an important mechanism for sequential collaboration, it is not clear whether providing
judgments sequentially also facilitates judgment accuracy. Thus, the effects of both of
these features on sequential collaboration should be disentangled. To this end, we con-
ducted a study using the city-location task already established in Mayer and Heck’s
(2022b) Experiment 3. In addition to requiring participants to provide independent in-
dividual judgments and the typical sequential-collaboration task allowing to opt out
of providing a judgment, we also included a condition in which participants decided
whether to provide an independent judgment or to opt out, and a condition in which
participants were required to adjust the presented judgment of a previous participant.
Thereby, we fully crossed judgment aggregation, either unweighted averaging of in-
dependent individual judgments or sequential collaboration, and whether participants
had the possibility to opt out of provide a judgment. Figure 5 depicts preliminary re-
sults of two studies comparing the accuracy of estimates obtained with all four modes
of judgment aggregation. In Experiment 1 (Panel A) we were able to replicate the result
of Mayer and Heck (2022b) concerning estimate accuracy of sequential collaboration
and unweighted averaging. Moreover, the findings hint towards the sequential process
itself has some benefits over and above opting out as estimates are descriptively more
accurate if participants provide judgments sequentially rather than independently even
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though they have to answer all questions in both cases. However, this difference was not
significant. Unfortunately, participants who had the possibility to opt out of providing
an independent judgment mostly refrained from it which lead to similar accurate esti-
mates in both conditions providing independent judgments. Thus, these results do not
allow to conclude that sequential collaboration with the possibility to opt out of pro-
viding judgments results in more accurate estimates than unweighted averaging when
opting out of providing judgments was allowed since both condition vastly differ in
how much participants actually opted out of providing a judgment. In an attempt to
increase opt-out rate for participants providing independent individual judgments, we
increased item difficulty such that participants may more frequently refrain from pro-
viding an independent judgment. However, this lead to no differences in the accuracy
of estimates between all conditions (Figure 5B). Thus a paradigm needs to be developed
which allows to adequately disentangle the effects of providing judgments sequentially
and opting out of providing a judgment to shed further light into the mechanism behind
sequential collaboration.

Figure 5: Comparison of estimates obtained with unweighted averaging of independent
judgments or sequential collaboration each for allowing participants to opt out and for
requiring them to provide a judgment.

(a) Experiment 1 (b) Experiment 2

Moreover, all studies that investigated sequential collaboration so far only have built
sequential chains of six participants at maximum. However, longer sequential chains
may not be as beneficial as shorter ones for resulting estimates compared to unweighted
averaging of independent individual judgments. While we found that change probabil-
ity and change magnitude decrease and judgment accuracy increases for short sequen-
tial chains (Mayer & Heck, 2022b), the results of Mayer, Broß, and Heck (2022) how-
ever indicate that both experts and novices adjust and thereby worsen already correct
and highly accurate judgments. Thus, it is more likely that judgments in long sequen-
tial chains can only reach a certain level of accuracy since correct and highly accurate
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judgments are nonetheless regularly worsened before being corrected again. Prelimi-
nary results of a first study comparing estimate accuracy of long sequential of twenty
contributors to equally large groups of participants providing independent individual
judgments are displayed in Figure 6. While the upper left panel illustrates that change
probability remained similar over the whole course of a sequential chain, change mag-
nitude as displayed in the upper right panel decreased over the first three sequential
steps before approaching a mean change magnitude of around 50 pixels in a sequential
step. Lastly, the lower panel of Figure 6 shows the accuracy of estimates measured as
distance of estimates to the correct location obtained with both sequential collaboration
and unweighted averaging. For sequential collaboration, the estimate is the latest judg-
ment in a sequential chain for an item. For unweighted averaging, the cumulative mean
of location judgments for participants whose data was randomly grouped into crowds
of twenty was computed as estimates for each item. Accuracy of estimates increased for
both aggregation methods for the first ten participants who either entered the sequential
chain or whose data was combined in a crowd However, estimates did not become more
accurate in the following and still have considerable error after aggregating judgments
of twenty participants. Nonetheless, estimates obtained with sequential collaboration
remained more accurate than estimates obtained with unweighted averaging. Future
research should look more closely into conditions under which long sequential chains
perform well in sequential collaboration compared to unweighted averaging. Moreover,
it is important to investigate how to improve contributors’ capacity to accurately assess
their possibilities to improve presented judgments such that contributors’ judgments
converge to the correct judgment over a long sequential chain.

Investigating the open research questions outlined above can help to develop a theory
of sequential collaboration indicating prerequisites and boundary conditions of success-
ful judgment aggregation. This may also help to develop a cognitive model of sequential
collaboration that sheds further light into the cognitive processes guiding judgments
and collaboration.

While sequential collaboration can be a beneficial method for judgment aggregation,
it is also used to share information in online collaborative projects. Thereby, collabora-
tion often resembles a natural hidden profile setting as contributors may share some
information on the topic, for instance where the Eiffel Tower is located when editing
the Wikipedia article about it, but contributors also hold unshared information, for in-
stance concerning its construction process. Even though research on group decision
making revealed that groups often fail to share information that is not available to all
group members (Stasser & Titus, 1985), sequential collaboration may be a promising
alternative for information sharing. As contributors do not interact directly with one
another but rather are only presented with entries of previous contributors, informa-
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Figure 6: Change probability, change magnitude, and estimate accuracy obtained with
sequential collaboration and unweighted averaging for groups of up to 20 participants.

Note. Points and vertical lines show empirical means and corresponding 95% confidence
intervals. Chain position 1 was omitted for both change probability and change magni-
tude since these participants could not opt out of answering. For unweighted averaging,
cumulative means of the provided positions were computed to obtain estimates.

tion sharing in sequential collaboration may be much less affected by group biases or
individual effects undermining information sharing in groups and may facilitate con-
tributing according to one’s expertise. Thus, future research should investigate whether
information sharing is indeed facilitated by sequential collaboration compared to dis-
cussion in groups. Furthermore, if sequential collaboration proves to be more successful
in information sharing than group discussion, a next step could be to examine whether
little interaction among contributors in this process or the sequential design of provid-
ing judgments drives improved information sharing.

All propositions for future research described above call for experimental studies.
However, sequential collaboration can also be examined by analyzing edits and entries
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in large-scale online collaborative projects. While edits in Wikipedia need to be ana-
lyzed using text processing as Wikipedia articles consist of full-text paragraphs, Open-
StreetMap offers both numeric spacial information such as longitude and latitude of
objects, their length, and area they cover as well as thematic information organized in
tags for each object. Thus, entries and changes in OpenStreetMap may be more easy to
extract and process for further statistical analyses (Mayer, Heck, & Mocnik, 2022) and
are suitable to test theories of how contributors adjust and maintain entries on projects
using sequential collaboration everyday.
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4 Conclusion

Research on collaboration has in the past mostly focused on aggregating independent
individual judgments on the one hand and group decision making on the other hand.
While unweighted averaging of independent individual judgments was shown to yield
highly accurate estimates, groups often fail to integrate their individual information
and hold onto their initial judgments resulting in biased group decisions. Nonetheless,
both methods profit from considering expert judgment when aggregating individual
judgments into either a statistical estimate or a group decision.

Going beyond previous approaches, we extended Cultural Consensus Theory, a
model allowing to consider informants’ expertise and item difficulty when aggregat-
ing individual judgments, to two-dimensional continuous data (Mayer & Heck, 2022a).
This model extension allows to weigh geographical location judgments by informants’
competence which resulted in more accurate location estimates than unweighted aver-
aging for both simulated and empirical data.

However, apart from unweighted averaging of independent individual judgments
and group decision making, with large-scale online collaborative projects such as
Wikipedia and OpenStreetMap an asynchronous, sequential way of collaborating
emerged within the last two decades. In sequential collaboration, contributors neither
provide independent judgments nor a consensus group decision. Instead, after an entry
is created by a first contributor independently, subsequent contributors who encounter
this entry decide whether to adjust and maintain it sequentially. We assumed that this
collaboration process is especially suitable to obtain highly accurate estimates as it al-
lows contributors to opt out of providing a judgment enabling them to weigh judgments
according to their expertise. A systematic investigation of judgment aggregation in se-
quential collaboration over three studies revealed that while adjustments become less
frequent and smaller over the course of a sequential chain, judgments become increas-
ingly accurate and estimates at the end of sequential chains are similarly accurate as
estimates obtained with unweighted averaging (Mayer & Heck, 2022b). Moreover, ad-
justing and maintaining judgments was shown to heavily depend on the accuracy of
the previous judgment as well as contributors expertise which ultimately affects the ac-
curacy of estimates obtained with sequential collaboration (Mayer, Broß, & Heck, 2022).
These findings support the notion that sequential collaboration allows contributors to
implicitly weigh their judgments by expertise through opting in or out of providing a
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judgments according to one’s expertise.
Even though these results suggest that sequential collaboration is a successful way

of aggregating individual judgments, these experiments are only a first step towards
a theoretical framework of sequential collaboration. Considering judgment confidence,
distinguishing the sequential providing of judgments from the possibility to opt out
of providing a judgment, and the development of judgments in long sequential chains
are further steps towards a better understanding of sequential collaboration. Findings
on these open questions may help to develop a theory of judgment aggregation in se-
quential collaboration and to determine prerequisites as well as boundary conditions
for highly accurate judgments and estimates. Moreover, sequential collaboration is not
limited to being a method of judgment aggregation but may also be successful in sup-
porting information sharing as detrimental group processes and individual biases may
be diminished compared to group decision making.

To conclude, the present thesis further supports the notion that weighing individual
judgments by expertise is beneficial for the resulting estimates. Moreover, I demonstrate
that sequential collaboration is a successful method to aggregate individual judgments
as it allows contributors to weigh their judgments by expertise. Thereby, I extend the
scope of wisdom of crowds to dependent incremental judgments and shed light into
a collaboration mechanism which is used every day in large-scale online collaborative
projects like Wikipedia and OpenStreetMap.
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Abstract

Cultural consensus theory is a model-based approach for analyzing responses of

informants when correct answers are unknown. The model provides aggregate estimates

of the latent consensus knowledge at the group level while accounting for heterogeneity

both with respect to informants’ competence and items’ difficulty. We develop a specific

version of cultural consensus theory for two-dimensional continuous judgments as

obtained when asking informants to locate a set of unknown sites on a geographic map.

The new model is fitted using hierarchical Bayesian modeling, with a simulation study

indicating satisfactory parameter recovery. We also assess the accuracy of the aggregate

location estimates by comparing the new model against simply computing the

unweighted average of the informant’s judgments. A simulation study shows that, due

to weighting judgments by the inferred competence of the informants, cultural

consensus theory provides more accurate location estimates than unweighted averaging.

This result is also supported in an empirical study in which individuals judged the

location of European cities on maps.

Keywords: wisdom of crowds, group decision making, Bayesian modeling, test

theory, psychometrics
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Cultural Consensus Theory for Two-Dimensional Data: Expertise-Weighted

Aggregation of Location Judgments

1 Introduction

In many domains in the social sciences and particularly in psychological

research, participants often provide responses to questions for which correct answers are

not known. For instance, researchers may ask whether one agrees or disagrees with a set

of statements about a certain topic such as beliefs about AIDS (Trotter et al., 1999).

Cultural consensus theory (CCT, Romney et al., 1986) is a method for analyzing

responses from several informants when correct answers are unknown. The model infers

the latent cultural consensus of a group while considering variance both in the

competence of informants and in the difficulty of items. Hence, CCT has also been

described as “test theory without an answer key” (Batchelder & Romney, 1988).

The fact that true answers are unknown complicates the aggregation of

informants’ responses because it is not clear which of the informants are most

competent in the sense that they provide judgments close to the unknown cultural

truth. As a remedy, CCT allows researchers to identify the latent cultural truth while

simultaneously estimating the cultural competence of each informant. The main

principle of CCT is that informants with more cultural knowledge, and thus, higher

competence regarding the latent consensus, are likely to show similar answer patterns

across the set of questions asked (Romney et al., 1986). Based on the correlation of

answer patterns, the method jointly estimates the cultural truth at the group level and

the informants’ competence at the individual level. This requires that multiple

informants provide judgments to a set of items from the same knowledge domain

(Weller, 2007).

1.1 Applications and Extensions of Cultural Consensus Theory

CCT was first developed in anthropological research for questionnaires about

cultural topics with a dichotomous response format (Batchelder & Romney, 1988;

Romney et al., 1986). For instance, one of the first applications investigated the
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intracultural variability of beliefs about whether illnesses are contagious (Romney et al.,

1986). The method has since been applied in various contexts such as aggregating

eyewitness reports (Waubert de Puiseau et al., 2017; Waubert de Puiseau et al., 2012),

obtaining forecasts for various events (Anders et al., 2014; Merkle et al., 2020), or

estimating social networks where individuals provide information about social relations

among different people (Batchelder et al., 1997; Batchelder, 2009).

The original version of CCT was applicable only to dichotomous data with one

latent cultural truth to which all informants belong. As it may be possible that not all

informants share a single, common consensus, Anders and Batchelder (2012) extended

CCT to multiple cultural truths (see also Aßfalg & Klauer, 2020). Essentially, such

extended models assume that informants belong to separate latent classes which differ

with respect to the assumed cultural truth. For instance, medical professionals and lay

people may differ with respect to medical beliefs resulting in different latent cultural

truth if the group membership is not known.

CCT was also extended to other response formats than binary answers.

Extensions have been developed for continuous data (Anders et al., 2014; Batchelder &

Anders, 2012), ordinal responses (Anders & Batchelder, 2015), and mixed response

formats (Aßfalg, 2018), and have been used to aggregate ratings about the grammatical

acceptability of English phrases as well as judgments about the importance of various

health behaviors. Statistical inference for such extended CCT models has often relied

on hierarchical Bayesian modeling in which parameter estimates are obtained via

Markov chain Monte Carlo sampling (Anders et al., 2014; Anders & Batchelder, 2012;

Aßfalg & Klauer, 2020). Overall, all these extensions have enabled researches to adapt

the CCT approach to various types of data while assuming a certain structure of

cultural truths underlying informants’ answers.

CCT is also applicable to scenarios in which correct answers are not known

during the time of data collection, but may become available later. Such applications

are especially interesting because the performance of different aggregation methods can

be directly compared against each other. In fact, prior research in judgment and
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decision making showed that aggregating independent individual judgments with an

unweighted average of all judgments results in highly accurate group estimates for

various tasks and contexts (Hueffer et al., 2013; Larrick & Soll, 2006; Steyvers et al.,

2009; Surowiecki, 2005). This is surprising because all judgments are weighted equally

without considering or estimating informants’ competence with respect to the

corresponding domain. In contrast, the aggregation of judgments in CCT is weighted by

the estimated competence of informants, thereby assigning more weight to informants

closer to the cultural truth. Merkle et al. (2020) recently showed that a CCT-inspired

aggregation mechanism indeed outperforms unweighted averaging. Similarly, the

accuracy of aggregated eyewitness testimonies increases when accounting for the

witnesses’ competence levels (Waubert de Puiseau et al., 2017). This illustrates that

CCT is a useful tool for aggregating judgments when the ground truth becomes

available only at a later time.

While CCT has been adapted to several types of response formats and

applications, an extension to two- or higher-dimensional continuous judgments has not

been developed yet. Such an extension is especially useful for the aggregation of

geographical judgments about the unknown location of several sites on a map. Possible

applications for such an extension are, for instance, two-dimensional location judgments

in research on geographic knowledge and representation (Friedman, Brown, et al., 2002;

Friedman et al., 2012, 2005; Friedman, Kerkman, et al., 2002; Thorndyke &

Hayes-Roth, 1982), location judgments for objects hidden by obstacles (Yarbrough et

al., 2002), or the search of optimal locations for public facilities (e.g., park-and-ride

facilities, Faghri et al., 2002). Especially when comparing the geographical knowledge of

different cultural groups with respect to location judgments on maps (Friedman, Brown,

et al., 2002; Friedman et al., 2005), a two-dimensional extension of CCT allows

researchers to aggregate individual judgments while identifying individuals’ competence

as a possible source of variance in judgments. Furthermore, a two-dimensional extension

of CCT may be useful for locating unknown sites based on expert judgments in

scenarios such as finding a lost submarine (Surowiecki, 2005), ancient archaeological
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sites (Casana, 2014), natural resources (e.g., water harvesting sites, Al-shabeeb, 2016),

or suitable areas for ecotourism (Mahdavi et al., 2015).

In the following, we thus extend CCT to two-dimensional location judgments

based on Anders’ (2014) CCT model for one-dimensional continuous responses. We

check the validity and performance of the proposed CCT model and its Bayesian

implementation in JAGS (Plummer, 2003) by investigating parameter convergence and

recovery in a Monte Carlo simulation. Moreover, we use simulations to examine under

which conditions CCT’s weighting of judgments by individuals’ competence improves

the accuracy of location estimates at the group level. Empirically, we apply the new

model to reanalyze location judgments of European cities on maps (Mayer & Heck,

2021) and compare the accuracy of the aggregate location estimates to those obtained

with unweighted averaging. Overall, the results of our simulation studies and the

empirical reanalysis show that CCT’s weighting of individual location judgments by

informants’ competence improves the estimation accuracy compared to weighting all

judgments equally.

2 Model extension for two-dimensional continuous responses

2.1 Data structure

We extend the CCT model for one-dimensional continuous responses by Anders

et al. (2014) to two-dimensional continuous judgments. As in all CCT models, the

model requires that multiple informants provide judgments for a set of items from the

same competence domain (Weller, 2007). For instance, as illustrated in Figure 1A,

several informants could be asked to locate different European cities such as London on

geographic maps (Mayer & Heck, 2021). Locations can be measured in different units

depending on the application. For instance, one may use pixels of the presented image

as in our empirical study below or geographical coordinates such as longitude and

latitude, but other two-dimensional judgments are also feasible.
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Figure 1

Data structure and CCT parameters for location judgments of London.

Item difficulty
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Regarding the notation, we assume that i = 1, . . . , N informants answer

k = 1, . . . , M items by providing continuous, two-dimensional location judgments

Yik =




Yik1

Yik2


 . (1)

This means that each location judgment contains two components with Yik1 referring to

the first dimension (e.g., the x-axis or longitude on a map) and Yik2 referring to the

second dimension (e.g., the y-axis or latitude).

2.2 Model specification

The CCT model for two-dimensional judgments (CCT-2D) assumes that all

respondents share a single latent cultural truth Tk for each item k. In our example, the

latent-truth parameters refer to the group’s consensus knowledge about the location of

London and other European cities on a map. Note that our example concerns a case

where the true locations are in principle available, but of course, the model also applies
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to scenarios in which this is not the case.

As displayed in Figure 1A, we assume that the observed judgments Yik can be

modeled by two additive components, the shared cultural truth and an unsystematic

judgment error,

Yik = Tk + εik. (2)

This additive structure of a true score and an error term is not only common for CCT

models (Anders et al., 2014; Anders & Batchelder, 2012), but also at the core of

classical test theory (Lord et al., 1968). Similar to other CCT models (Anders et al.,

2014) and item response theory in general (Embretson & Reise, 2000), we assume that

the errors εik are conditionally independent given the person competence Ei and the

item difficulty λk. Moreover, since judgments are continuous, we assume a bivariate

normal distribution of errors,

(εik | Ei, λk) iid∼ MV-Normal (0, Σik) . (3)

The covariance matrix Σik of judgment errors is modeled as a function of the

informant’s competence and the item’s difficulty. The error variances in the x- and

y-direction (i.e., the diagonal elements of Σik) are assumed to be smaller for persons

with higher cultural competence and for items that are easier, meaning that in such

cases the observed judgments are closer to the cultural truth. For instance, when asked

to locate cities in the United Kingdom, informants with high competence will position

these cities close to the shared cultural knowledge about the location. Formally, this

idea is implemented by defining the person competence Ei and the item difficulty λkd as

multiplicative factors which jointly determine the standard deviation of informants’

judgments around the cultural truth in the d-th dimension,

σikd = Ei λkd (4)

Since cultural competence is modeled as a multiplicative factor affecting the standard

deviation, the parameter Ei is restricted to be positive (Ei > 0). Figure 1B illustrates

how the parameter Ei affects the variance of the distribution of errors. Essentially,
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smaller values of Ei reflect a higher competence since judgments are closer to the

cultural truth.

Recent versions of CCT (e.g., Anders et al., 2014) also assume that items vary in

difficulty such that more difficult items result in a larger variance of judgments around

the cultural truth. For the present case of location judgments, we define a vector-valued

item-difficulty parameter λk for each item with two components λk1 > 0 and λk2 > 0 for

the x- and y-dimension, respectively. We model the difficulty of each item with two

instead of only one value because the x- and y-dimension may differ in difficulty.

2.3 Model assumptions specific to location judgments

Two-dimensional location judgments have some unique features which require

special consideration in model development. Imagine that informants are asked to

locate London, Birmingham, Glasgow, Liverpool, and Dublin on a map of the United

Kingdom and Ireland similar to Figure 1A. The CCT-2D model outlined above

accounts for such two-dimensional continuous responses by assuming that all informants

answer according to the same underlying cultural truth. Here, the latent truth Tk refers

to the group’s shared knowledge about the positions of city k on the map. The model

assumes that the location judgments of an informant are closer or further away from the

shared consensus knowledge depending on their competence level. Importantly, the

parameter Ei refers to the general competence of an informant irrespective of the x- or

y-direction. Hence, when an informant knows that London is located in the south of the

United Kingdom, it is also likely that they know whether it is located more to the west

or to the east. This restriction simplifies the interpretation of the competency

parameter Ei as a one-dimensional trait or construct.

Whereas competence is modeled as a one-dimensional parameter, the model

assumes that each city has separate and possibly different difficulties λk1 and λk2 in the

x- and y-direction, respectively. Due to geographical features of a map such as borders,

lakes, coasts, or other anchor points, informants may be naturally restricted in the

positioning of a location in the vertical direction but not in the horizontal direction or
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vice versa. For instance, when positioning Liverpool and Dublin, informants are limited

by the coastline to the West and the East, respectively, which may in turn result in a

reduced variance of judgments in the x-direction (longitude) compared to the

y-direction (latitude).

More generally, certain features of geographic maps such as coastlines may also

lead to spatially correlated errors of location judgments. For instance, a positive

correlation may emerge when positioning cities on a map which are closely located to a

“diagonal” coastline (e.g., Aberdeen which is located close to a coast going from

South-West to North-East). In other cases, however, informants are not restricted by

nearby coasts (e.g., Birmingham), meaning that judgment errors in x- and y- direction

may be uncorrelated. Overall, these considerations lead us to allow for a stochastic

dependence of the judgment errors εik1 and εik2 in the x- and y-direction, respectively.

We thus assume that, for each item k, the normally-distributed errors may correlate

between the two dimensions with correlation ρk (as illustrated by the tilted red ellipses

in Figure 1A). This results in the following covariance matrix of the two-dimensional

judgment errors in Equation 3:

Σik =




(Eiλk1)2 ρkE2
i λk1λk2

ρkE2
i λk1λk2 (Eiλk2)2


 . (5)

Hence, the errors may be correlated between the two dimensions within each item for

each informant, which does, however, not imply that the errors are correlated across

items or informants. Hence, the CCT-2D model still satisfies the

conditional-independence assumption with respect to the two-dimensional vector of

errors εik.

2.4 Model simplifications

Compared to the CCT model for one-dimensional continuous data developed by

Anders et al. (2014), we simplified the CCT-2D model for two-dimensional judgments

with respect to several aspects. First, we do not assume multiple cultural truths. In our

example of positioning cities on a map of the United Kingdom and Ireland, multiple
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cultural truths would imply that there are two or more latent classes of informants with

each group having a different consensus of where the cities are located (Anders &

Batchelder, 2012). When inferring the position of unknown locations such as natural

resources, missing victims, or ancient archaeological sites, we assume that informants

often use similar information and background knowledge to form their judgment. Thus,

a multimodal distribution of distinct patterns of location judgments is possible but

rather unlikely. In other scenarios such as the city-location task, a single correct position

on the map does exist but is not available to the informants. In such cases, CCT is

most useful when it provides a single, competence-weighted group-level estimate for

each item which can then be compared to the accuracy of other aggregation approaches

such as unweighted averaging (Merkle et al., 2020; Waubert de Puiseau et al., 2017).

Second, we do not assume a systematic response bias of location judgments. A

bias for one-dimensional responses means that informants generally shift all their

answers up or down to a certain degree as reflected by an additive component for each

informant (Anders et al., 2014). When positioning cities on a map of the United

Kingdom, a response bias would imply that informants shift all their location judgments

in a certain direction by a fixed distance (e.g., horizontally, vertically, or diagonally).

However, such a general shift of location judgments for all items seems to be unlikely

given that certain cues provided by the map (e.g., the borders, coasts, or other

geographic features) constrain the possible responses for each item in different ways. For

instance, when positioning cities on a map of the United Kingdom and Ireland, a bias to

the east would simply result in slightly biased judgments for some cities (e.g. London,

Birmingham, and Manchester) but to judgments located in the ocean for others (e.g.,

Glasgow and Dublin). Hence, the CCT-2D model does not assume a response bias.

Lastly, the CCT-2D model does not include a scaling-bias parameter. For

one-dimensional continuous data, a scaling bias refers to a multiplicative bias (i.e., a

“stretching factor”) for each informant which is assumed to affect the judgments of all

items (Anders et al., 2014). When giving location judgments, a scaling bias would mean

that informants’ judgments on each axis and for all items are scaled by a multiplicative



CULTURAL CONSENSUS THEORY FOR LOCATION JUDGMENTS 13

component resulting in location judgments that are, for instance, positioned at about

half of the correct latitude. Since informants do not give their judgments numerically

but geographically, a scaling bias would depend on where the origin of the coordinate

system is located, which is usually unknown to the informants. Moreover, a possible

bias should not depend on the underlying coordinate system. We thus did not

implement a scaling bias in the CCT-2D model.

2.5 Hierarchical Bayesian modeling

To fit the CCT-2D model to data and estimate its parameters, we adopt the

hierarchical Bayesian modeling approach by Anders et al. (2014). Hierarchical modeling

allows researchers to specify a population distribution for a set of model parameters

such as person abilities or item difficulties (Lee & Wagenmakers, 2014). This provides

many benefits such as a partial pooling of the information between the individual and

the group level, which in turn results in shrinkage of the estimates (e.g., Heck, 2019;

Singmann & Kellen, 2019). In our case, we assume separate population distributions of

the competence parameters Ei across informants and of the item difficulty parameters

λk across questions.

Besides specifying hierarchical distributions, the Bayesian framework also

requires to define prior distributions. In the following, we adopt the common notation

of distributions of the software JAGS (Plummer, 2003) which is used to fit the CCT-2D

model below. The normal distribution is thus not parameterized by the mean µ and the

standard deviation σ, but rather by the mean µ and the precision parameter τ = 1/σ2

(i.e., the inverse of the variance). Similarly, for the t distribution, the second parameter

refers to the precision and not to the scale parameter.

Often, normal distributions are assumed as hierarchical group-level distributions.

Concerning the latent truth for each item k, we assume that the cultural truth

coordinates Tkd (with dimension index d = 1, 2) are located on the real line and are

normally distributed across items,

Tkd ∼ Normal(µT , τT ). (6)
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In contrast, the parameters Ei and λkd are constrained to be positive. As a remedy, we

first apply a log transformation to obtain parameters on the real line for which we can

assume unbounded normal distributions (Anders et al., 2014). Taking the

dimensionality of the parameters into account, the CCT-2D model assumes a

one-dimensional hierarchical distribution of the informants’ competence,

log Ei ∼ Normal(µlog E, τlog E), (7)

and a two-dimensional distribution (with dimensions d ∈ {1, 2}) of the items’ difficulty,

log λk ∼ MV-Normal(µlog λ, Σ−1
log λ). (8)

For Bayesian inference, it is necessary to specify prior distributions for the

hyperparameters of the hierarchical group-level distributions (e.g., for µlog E and µlog λ).

Our main goal is to estimate the parameters reflecting cultural truth, competence, and

item difficulty. Since we are not interested in testing hypotheses with theoretically

informed prior distributions (e.g., via Bayes factors, Heck et al., 2022), we rely on prior

distributions that are only weakly informative. Moreover, some hyperparameters are

fixed to constants to ensure the identifiability of the resulting model similar as in item

response theory (Embretson & Reise, 2000). For the correlation of judgment errors in

the x- and y-direction for item k, we assume the following prior:

ρk ∼ Uniform(−1, 1). (9)

For the mean and precision of the latent truth coordinates, we assume

µT ∼ Normal(0, 0.25) (10)

τT ∼ Half-tdf=1(0, 1). (11)

For the mean and standard deviation of the (log) competence, the prior is

µlog E = 0 (12)

σlog E ∼ Half-tdf=1(0, 1). (13)
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For the mean and standard deviation of the (log) difficulty parameters, we assume

µlog λ,d = 0 (14)

σlog λ,d ∼ Half-tdf=1(0, 3). (15)

Finally, the prior for the correlation of the (log) difficulty in x- and y-direction across

items is

ρlog λ ∼ Uniform(−1, 1). (16)

A positive correlation ρlog λ means that if positioning a city is difficult with respect to

one axis, it is also difficult with respect to the other axis.

3 Simulation study

We performed a simulation study to examine general properties of the CCT-2D

model. First, we want to assess how well the model can recover the true,

data-generating parameters in various, realistic scenarios. Second, we compare the

accuracy of location estimates obtained with the CCT model for two-dimensional

continuous data to location estimates obtained with the unweighted aggregation of

judgments. Simulated data and R scripts are available at https://osf.io/jbzk7/.

3.1 Method

In the simulation study, the following factors were varied in a fully crossed

design using 100 replications per cell:

• Number of informants: N = 10, 20, 50, 100

• Number of items: M = 5, 10, 25, 50

• Standard deviation of log informants’ competence: σlog E = 0, 0.25, 0.5, 1

• Standard deviation of log item difficulty: σlog λ = 0, 0.25, 0.5, 1

We chose a wide range for the sample size N to illustrate the effect of having few

or many informants on parameter recovery and on the relative performance of CCT-2D

compared to unweighted averaging. However, informants’ competence can only be
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estimated precisely if the number of items is sufficiently large. Hence, we also varied the

number of items M on a large range. Overall, these settings reflect the fact that CCT is

useful for a wide range of scenarios with both smaller and larger numbers of informants

who answer more or less questions (e.g., Waubert de Puiseau et al., 2012).

Furthermore, we varied the standard deviation of the logarithm of informants’

competence (σlog E) and the standard deviation of the logarithm of item difficulty

(σlog λ) on a large range, including conditions with no variance at all. The standard

deviations refer to the logarithm of these parameters since informants’ competence and

item difficulty must be positive, which also reflects the model’s assumption that the

log-transformed parameters follow unbounded normal distributions. While both types

of variances can be expected to affect parameter recovery of their respective parameters,

σlog E is especially relevant for the comparison of the accuracy of estimates obtained

with CCT-2D and unweighted averaging. Without any variance in informants’

competence, CCT and unweighted averaging are expected to perform approximately

equally well because equal weighting of judgments leads to optimal performance

(Davis-Stober et al., 2014). However, if the variance in informants’ location judgments

partially emerges due to differences in informants’ competence, CCT-2D is expected to

result in more accurate estimates than unweighted averaging because it assigns larger

weights to competent informants (Merkle et al., 2020).

All simulations were conducted with the software JAGS (Plummer, 2003) in R

using the packages rjags and runjags (Denwood, 2016; Plummer, 2021). For

parameter estimation, we used 8,000 Markov chain Monte Carlo (MCMC) samples from

six chains with 1,000 adaptions, 1,500 burn-in iterations, and a thinning factor of 3.

These MCMC settings were selected to achieve a potential scale reduction factor of

R̂ < 1.1 for all parameters. For this purpose, we first performed a small-scale simulation

study with only few informants, few items, and a small variance in informants’

competence and item difficulty to adjust the setting for JAGS. In the main simulation

study, only 56 simulations (0.22%) did not converge with more than 10% of parameters

having a potential scale reduction factor of R̂ > 1.1 and were, thus, excluded from the
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analysis. For the remaining simulations, the average potential scale reduction factor was

R̂ = 1.002 (99% quantile = 1.02). The model code for JAGS can be found in Appendix

A.

3.2 Parameter recovery

Figure 2

Parameter recovery of the CCT-2D model for a single simulated data set.
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Note. Parameter recovery for a single simulated data set with N = 20 informants, M = 10

items, σlog E = 1, and σlog λ = 0.5. The first two panels show the logarithm of informants’

competence (log Ei) and item difficulty (log λkd).

To examine parameter recovery in our extended CCT model, we first investigate

parameter recovery using a single simulated data set. For this example, we chose a

model with N = 20 informants, M = 10 items, a standard deviation of informants’

competence of σlog E = 1, and a standard deviation of item difficulty of σlog λ = 0.5.

Figure 2 shows the data-generating and estimated parameters for log Ei, log λkd, ρk, and

Tkd including the correlation of data-generating and estimated parameters and the

root-mean-square error (RMSE). For the vector-valued parameters λk and Tk, the

data-generating and estimated values for the x- and y-dimension are displayed jointly in

the respective panels. All correlations are above .98 with the RMSE of the estimates

ranging between 0.15 and 0.22. This indicates that the CCT-2D model performs quite

well even with a moderate number of informants and items.
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Figure 3

Parameter recovery across 25,544 replications.
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Note. Average correlations of data-generating and estimated parameters and RMSEs are

displayed with 95% confidence intervals. For simulations with log σE = 0 and log σλ = 0,

no correlations could be computed for the parameters log Ei and log λkd, respectively.

To judge the performance of the CCT-2D model for various scenarios, we assess

the parameter recovery by computing the average correlation and RMSE of the

data-generating and the estimated parameters across all 25,544 replications. Again, we

display the correlation and RMSE for log λkd and Tkd for both dimensions in one panel.

For all simulations with σlog E = 0 or σlog λ = 0, the correlation of generated and

posterior values for log Ei and log λkd, respectively, cannot be computed. This affected

11,188 replications for which either σlog E, σlog λ, or both were zero.

Figure 3 displays the average correlation and RMSE for all combinations of N

and M . The item parameters log λkd, ρk, and Tkd were clearly affected by the number of

informants (N). This is due to the item parameters requiring a certain number of

informants who answer these items to yield reliable parameter estimates. In contrast,

the person parameters Ei were more strongly affected by the number of items (M).
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This shows that the estimation of person parameters requires a certain number of items

to be reliable. Of all parameters, RMSEs of the cultural truth Tkd were somewhat more

affected by varying levels of N than those of all other parameters with RMSEs as high

as 0.30. However, correlations of data-generating and estimated parameters of log λkd

and log Ei were more strongly affected by varying levels of N and M respectively with

correlations just above .80 for both parameters.

Furthermore, Figure 4 displays the parameter recovery of log Ei (Panel A) and

log λkd (Panel B) for varying levels of σlog E and σlog λ, respectively. While RMSEs are

very small when there is no variance in either of the parameters, the recovery of Ei and

λkd is worse for low levels of σlog E and σlog λ, respectively, with correlations between

data-generated parameters and estimated parameters as low as .64 for log Ei and .65 for

log λkd. However, as already observed in Figure 3, with increasing M , parameter

recovery for log Ei improves, and with increasing N , parameter recovery for log λkd

improves.

Overall, parameter recovery is acceptable for small N and M as well as low

levels of σlog E and σlog λ. As expected, all parameters show better recovery the larger N

and M are and the larger the variances in informants’ competence and item difficulty

are. Accordingly, if N and M are small while there is little variance in σlog E and σlog λ,

the parameters log Ei or log λkd cannot be estimated reliably.

3.3 Comparing the accuracy of CCT-2D and unweighted averaging

In the following, we compare the accuracy of aggregating two-dimensional

location judgments either with the CCT-2D model or with unweighted averaging. To

obtain unweighted group-level estimates, we simply computed the unweighted mean of

all location judgments for each item (separately for the x- and the y-coordinate). As a

measure of accuracy, we use the Euclidean distance to the correct position for each

item. Figure 5 displays the mean Euclidean distances across all items between the

correct values and the CCT-2D estimates (gray points) and between the correct values

and the estimates obtained with unweighted averaging (black points). To facilitate
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Figure 4

Average parameter recovery for different σlog E or σlog λ.
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Note. Mean correlations and RMSEs are displayed with 95% confidence intervals. For

simulations with σlog E = 0 and σlog λ = 0 no correlations could be computed for log Ei

and log λkd, respectively.
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Figure 5

Marginal accuracy of aggregate location estimates.
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interpretation of the results, we aggregated across replications with varying numbers of

items.

As expected, Figure 5 shows that aggregating location judgments with CCT-2D

yielded more accurate estimates than aggregating judgments with unweighted

averaging. However, without any variance in informants’ competence (σlog E = 0) or

item difficulty (σlog λ = 0), both methods lead to equally accurate location estimates

(upper left panel). In line with the principles of averaging out individual errors, Figure

5 shows that both unweighted averaging and CCT generally provided more accurate

estimates the larger the sample of informants was. However, increasing sample size was

more beneficial for unweighted averaging than for CCT estimates. Furthermore,

estimates obtained with unweighted averaging became worse the larger the variance in

informants’ competence became. This was expected since increasing the heterogeneity

of informants’ competence yields larger variation in judgments, which in turn results in

larger Euclidean distances to the correct position. The CCT model accounts and

corrects for this additional variance in the observed location judgments, thereby

resulting in a better recovery of the latent truth.

Even in the absence of differences in competence (first row in Figure 5), CCT-2D

resulted in more accurate location estimates than unweighted averaging. This effect is

due to shrinkage of the item parameters in the Bayesian hierarchical model. More

precisely, the CCT-2D model assumes a hierarchical group-level distribution of the

cultural-truth parameters Tk across items. Shrinkage of these random-effect parameters

results in estimates closer to the mean µT compared to estimates based on assuming

independent item parameters (i.e., fixed effects, Heck, 2019). As a consequence, extreme

estimates are avoided especially when there are only few judgments for each item (i.e., if

the sample size N is small). In Figure 5, this results in a higher accuracy of CCT-2D

compared to unweighted averaging even in the absence of differences in competence.

However, with increasing numbers of judgments per item (i.e., for larger N), shrinkage

is reduced as the item parameters can be estimated more precisely. In turn, this results

in a similar accuracy for CCT-2D and unweighted averaging. Overall, our comparison
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shows that CCT-2D can increase the accuracy of aggregated location judgments by

accounting for heterogeneity in competence and item difficulty.

4 Empirical study

In addition to the simulation study, we also apply the CCT-2D model to

empirical data of participants who located various European cities on geographic maps

(Mayer & Heck, 2021). Additionally, we compare the accuracy of aggregated location

judgments of CCT-2D and unweighted averaging. Since multiple informants provided

judgments for multiple items from the same knowledge domain (i.e., locations of

European cities), the data fulfills the necessary requirements for an analysis with

CCT-2D. All data and R scripts are available at https://osf.io/jbzk7/.

4.1 Methods

In the following, we reanalyze the data of a study by Mayer and Heck (2021) in

which participants had to judge the location of 57 European cities on 7 different maps.

We recruited 417 adult participants via a commercial German panel provider for an

experiment on collaboration. 235 of these participants completed a condition in which

they provided independent location judgments for all the presented items which makes

their data suitable for an reanalysis with both CCT-2D and unweighted averaging.

However, we excluded 7 participants who positioned more than 10% of the cities outside

of the countries of interest (which were highlighted in white color), resulting in a total

of 228 participants. In the remaining sample of participants, the mean age was 46.68

(SD = 15.23) and 46.9% of the participants were female. Most participants had a

college degree (34.2%) or a high-school diploma (25.9%), while 24.1% had vocational

education, and 15.8% had a lesser educational attainment.

A comprehensive overview of all presented cities and maps can be found in

Appendix B1. All maps were scaled to 1:5,000,000 and were presented as images with

800 × 500 pixels. At this scaling, the influence of earth’s curvature is small and can be

neglected in further analyses. The maps only showed oceans which were colored in blue,

landmasses which were colored in white for countries of interest and in gray for all other
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countries, and national borders as black lines as shown in Figure 7.

While completing the study, participants indicated the position of each of the 57

cities independently in separate trials. Maps and cities clustered within maps were

presented in random order. Since the study was conducted online, we implemented a

maximum time limit of 40 seconds for each item to prevent looking up the correct

locations of the cities (for details, see Mayer & Heck, 2021).

4.2 Results

Figure 6

Accuracy of location estimates for 57 European cities.
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Note. Reanalysis based on N = 228 participants from the data by Mayer and Heck

(2021).

To compare the accuracy of CCT-2D and unweighted averaging, we first

computed the group-level estimates for all locations of the 57 cities. For unweighted

averaging, we simply aggregated the independent location judgments for each city by
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taking the mean in the x- and the y-direction. For the CCT-2D model, we extracted the

posterior-mean estimates of the two-dimensional cultural-truth parameters Tk. We then

computed the accuracy of the estimated locations by the Euclidean distance to the

actual location of the presented cities.

Figure 6 displays the mean Euclidean distances across the 57 cities for the

aggregate location estimates of CCT-2D and unweighted averaging. The results show

that aggregating location judgments with CCT-2D resulted in more accurate estimates

than unweighted averaging. To illustrate the advantage of CCT-2D for aggregating

location judgments, Figure 7 displays the estimated locations of both methods as well

as the correct locations for the five cities on the map of the United Kingdom and

Ireland. CCT-2D shows more accurate estimates than unweighted averaging for four of

the five cities (i.e., Birmingham, Dublin, Glasgow, and London) and an equally accurate

estimate for one city (Liverpool). Notably, for some cities such as London, the distance

between the true and the estimated location is approximately half as large for CCT-2D

compared to unweighted averaging. The supplementary material provides plots of all

seven European maps used in the study, each displaying the location estimates obtained

with unweighted averaging and CCT-2D as well as the cities’ actual positions

(https://osf.io/jbzk7/).

The descriptive patterns shown in Figures 6 and 7 were also supported by a

statistical analysis. A paired-sample t-test showed that the accuracy of the CCT-2D

estimates was significantly higher than that of estimates obtained with unweighted

averaging (t(56) = 10.43, p < .001). Notably, Cohen’s d indicated a large effect size of

d = 1.38. Across all cities, estimates were on average 12.35 pixels closer to the correct

position, resembling the improvement for Glasgow in Figure 7 which was 15.63 pixels.

To further examine the validity of the CCT-2D model, we also computed the

correlation between the estimated competence parameters log Ei and individuals’

education level. Individuals with a higher education level should have more geographic

knowledge and thus provide more accurate judgments which are closer to the cultural

truth. Since smaller values of the competence parameter indicate higher individual
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competence (i.e., reflecting a smaller variance of judgments around the cultural truth),

we expect a negative correlation between the estimated competence and education level.

When encoding the education level as an ordinal variable, a Spearman rank correlation

indeed showed a medium negative correlation of −.35 (p < .001), thus strengthening the

validity of the CCT-2D model and the log Ei parameters.

Figure 7

Estimated versus actual locations of five cities.
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5 Discussion

We proposed a novel model of Cultural Consensus Theory for two-dimensional

location judgments (CCT-2D). The model is based on the hierarchical Bayesian CCT

model by Anders et al. (2014) for one-dimensional data. The CCT-2D model estimates

the latent cultural truths of the presented items, that is, the group’s consensus

knowledge concerning the (unknown) positions of the items. To do so, the model infers

the informants’ competence based on the distance of their response patterns to the

shared consensus, as well as the difficulty of the items. To account for the spatial
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structure of the two-dimensional data, the model assumes that judgment errors are

correlated between the two dimensions for each item.

We successfully applied the new model both to simulated and empirical data.

Using simulations, we showed that the CCT-2D model has a very good parameter

recovery for a large range of numbers of informants and numbers of items. Moreover,

the simulations showed that the CCT-2D group-level estimates for the latent truths of

the locations were more accurate in terms of the Euclidean distance to the true

locations than the estimates obtained with unweighted averaging of individual

judgment. This is due to the fact that the CCT-2D model considers additional

information obtained by inferring differences in the items’ difficulty and the informants’

competence. Furthermore, a reanalysis of an empirical study in which informants

located 57 European cities on seven maps showed a large effect concerning an increase

in accuracy of CCT-2D compared to unweighted averaging. These findings conceptually

replicate the results of Merkle et al. (2020) who found that a CCT-inspired mechanism

of weighting informants’ judgments by their expertise outperformed unweighted

averaging for one-dimensional forecasting judgments (i.e., for point spread forecasts of

the Australian Football League).

5.1 Limitations and future research

While our results provide preliminary evidence for the usefulness of the proposed

CCT-2D model, the model has several limitations that should be addressed in the

future. First, it is possible that response biases may lead to a general shift of location

judgments away from the borders into the interior regions of the presented maps. A

similar effect may also occur due to certain geographic features such as coastlines or

national borders (Friedman, Brown, et al., 2002; Friedman et al., 2005). Note that a

simple, additive shift of all location judgments into a certain direction by a certain

distance similar as in the one-dimensional CCT model by Anders et al. (2014) cannot

describe such a complex, nonlinear bias towards inner regions. However, it may

generally be difficult to disentangle complex, item-independent response biases from
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distortions of the latent consensus knowledge about the locations of specific items both

empirically and conceptually.

Second, the proposed CCT-2D model assumes bivariate normal distributions of

the observed location judgments and of the latent truths concerning the positions of the

presented items. However, locations on maps are naturally constrained by the borders

of the map and by geographic features such as coasts or national borders (Friedman et

al., 2005). It is thus likely that our assumption that location judgments and latent

truths follow bivariate normal distributions with unbounded support is violated. As a

remedy, the CCT-2D model of location judgments may be improved by implementing a

truncation of the support in the two-dimensional space by respecting geographic

features of the map. For instance, when estimating the location of Dublin, one may

exclude observed judgments that position the city in the Atlantic Ocean, while also

implementing a corresponding truncation for the support of the bivariate normal

distribution of observed judgments (Gelfand et al., 1992). For the application of our

model to empirical data, we simply excluded participants who positioned more than

10% of their judgments outside the highlighted countries of interest to more adequately

fulfill this assumption.

In principle, it is also possible to truncate the support of the bivariate

distribution of latent truths to landmasses only. Thereby, one ensures that all posterior

samples of the inferred locations in MCMC sampling are actually located on land and

away from the sea. However, implementing complex, nonlinear, two-dimensional

truncations in JAGS or other software is not straightforward. Even when considering

only a set of simple, linear order constraints, tailored MCMC algorithms are usually

required to ensure that all posterior samples satisfy the constraints (Heck &

Davis-Stober, 2019). Moreover, these methods often assume that the truncated

parameter space is convex which is not the case for landmasses on geographic maps.

Thus, we leave it to future research to implement the truncation of distributions in the

CCT-2D model.

Besides aggregating location judgments on geographic maps, our extension of
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CCT to two-dimensional continuous data can also be applied to other types of

judgments such as continuous ratings of both the emotional arousal and valence of

pictures on two visual analogue scales (Funke & Reips, 2012; Reips & Funke, 2008).

When using such response scales, it is reasonable to include response-bias shifts and

scaling biases as in Anders et al. (2014) to account for different response styles. The

CCT-2D model can also easily be extended to d-multivariate responses on an arbitrary

number of judgment dimensions. Such an approach could be useful, for instance, when

rating faces with respect to several dimensions such as trustworthiness, attractiveness,

and symmetry on continuous scales (Oosterhof & Todorov, 2008).

5.2 Conclusions

The proposed CCT-2D model extends the scope of applications of cultural

consensus theory to two-dimensional continuous data. Researchers can now analyze and

aggregate geographical location judgments consisting of x- and y-coordinates or

longitude and latitude to infer the group’s cultural knowledge about the unknown

locations. In doing so, the model weighs the observed judgments both by the

informants’ competence and by the items’ difficulty. Concerning the study design, it is

necessary to recruit multiple informants who provide judgments for multiple items from

the same knowledge domain. We showed that the CCT-2D model provides good

parameter recovery and, in cases where the factual truth is known, provides aggregate

group-level estimates that are more accurate than those obtained by the unweighted

averaging of location judgments.
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Appendix A

JAGS code for the CCT-2D model of two-dimensional location judgments

model{

for(i in 1:n){

for(k in 1:m){

sigma[i,k,1] <- E[i]*lam[k,1]

sigma[i,k,2] <- E[i]*lam[k,2]

Sigma[i,k,1,1] <- pow(sigma[i,k,1], 2)

Sigma[i,k,2,2] <- pow(sigma[i,k,2], 2)

Sigma[i,k,1,2] <- rho[k] * sigma[i,k,1] * sigma[i,k,2]

Sigma[i,k,2,1] <- rho[k] * sigma[i,k,1] * sigma[i,k,2]

Tau[i,k,1:2,1:2] <- inverse(Sigma[i,k,1:2,1:2])

Y[i,k,1:2] ~ dmnorm(T[k,1:2], Tau[i,k,1:2,1:2])

}

}

# Parameters

for (i in 1:n){

Elog[i] ~ dnorm(Emu,Etau)

E[i] <- exp(Elog[i])

}

lamSigma[1,1] <- pow(lamsigmax, 2)

lamSigma[2,2] <- pow(lamsigmay, 2)

lamSigma[1,2] <- lamrho * lamsigmax * lamsigmay

lamSigma[2,1] <- lamSigma[1,2]

for (k in 1:m){

T[k,1] ~ dnorm(Tmu,Ttau)

T[k,2] ~ dnorm(Tmu,Ttau)

lamlog[k,1:2] ~ dmnorm.vcov(lammu[1:2], lamSigma[1:2,1:2])
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lam[k,1] <- exp(lamlog[k,1])

lam[k,2] <- exp(lamlog[k,2])

}

# Hyperparameters

Tmu ~ dnorm(0,0.25)

Ttau ~ dt(0,1,1)T(0,)

lammu[1] <- 0

lammu[2] <- 0

lamsigmax ~ dt(0,3,1)T(0,)

lamsigmay ~ dt(0,3,1)T(0,)

lamrho ~ dunif(-1, 1)

Emu <- 0

Etau <- pow(Esigma, -2)

Esigma ~ dt(0,1,1)T(0,)

for(k in 1:m){

rho[k] ~ dunif(-1, 1)

}

}
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Appendix B

European cities used in the reanalysis

Table B1

European cities and maps from the study by Mayer and Heck (2021).

Item Map Cities

1 Austria and Switzerland Zurich, Geneva, Basel, Bern, Vienna, Graz, Linz, Salzburg

2 France Paris, Marseille, Lyon, Toulouse, Nice

3 Italy Rome, Milan, Naples, Florence, Venice

4 Spain and Portugal Madrid, Barcelona, Seville, Lisbon, Porto

5 United Kingdom and Ireland London, Birmingham, Glasgow, Liverpool, Dublin

6 Poland, Czech, Hungary and Slovenia Warsaw, Prague, Bratislava, Budapest

7 Germany Berlin, Hamburg, Cologne, Frankfurt, Stuttgart, Düsseldorf,

Leipzig, Dortmund, Essen, Bremen, Dresden, Hannover,

Nuremberg, Duisburg, Wuppertal, Bielefeld, Bonn, Münster,

Karlsruhe, Mannheim, Augsburg, Wiesbaden, Braunschweig,

Kiel, Munich
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contributor creating an entry and the following contributors deciding whether to adjust or to
maintain the presented information. We refer to this process as sequential collaboration
since individual judgments directly depend on the previous judgment. As sequential
collaboration has not yet been examined systematically, we investigate whether dependent,
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Collaborative online projects have become a
popular source for information gathering over
the last 20 years. The most prominent example
is Wikipedia, an online encyclopedia that allows
users to contribute semantic information to various
topics in the form of structured articles (Wikipedia
Contributors, 2021). Giles (2005) showed that
information on Wikipedia is very accurate in
general. Moreover, certain topics, such as infor-
mation on cancer or certain drugs, are similarly
accurate as official health information or text
books (Kräenbring et al., 2014; Leithner et al.,
2010). Another example of online collaboration
is OpenStreetMap, a collaborative project that
aims at generating a comprehensive, open, and
free-to-use map of the world (OpenStreetMap
Contributors, 2021). OpenStreetMap does not
only comprise geographical numeric information
about the locations of objects, such as coordinates,
but also semantic information such as names of
streets, areas, buildings, and other useful informa-
tion (e.g., addresses or websites of shops and
restaurants). Comparing the accuracy of Open-
StreetMap with commercial map providers or
governmental sources also revealed a comparable
accuracy (e.g., Girres & Touya, 2010; Zielstra &
Zipf, 2010).
The high accuracy of Wikipedia and other

online collaborative projects has often been
attributed to the wisdom of crowds (e.g., Arazy
et al., 2006;Kittur&Kraut, 2008;Niederer&van
Dijck, 2010), which refers to the aggregation of
judgments from different informants (Galton,
1907; Surowiecki, 2004). The term “wisdom of
crowds” is a broad concept encompassing various
methods of eliciting and aggregating judgments.
As ameasure for crowdwisdom, prior work often
examined the unweighted mean or median of
independent individual judgments (e.g., Budescu
& Chen, 2014; Davis-Stober et al., 2014; Galton,
1907; Hueffer et al., 2013; Larrick & Soll, 2006;
Merkle et al., 2020). The high accuracy of these
judgments is due to the central limit theorem,which
ensures that errors in independent, individual judg-
ments cancel out (Hogarth, 1978) and has been
demonstrated for various tasks and in various
contexts (e.g., Hueffer et al., 2013; Steyvers et al.,
2009). The accuracy of unweighted averaging of
independent individual judgments increases when
judgments bracket the true answer (Larrick&Soll,
2006; Simmons et al., 2011) and are negatively
correlated and unbiased (Davis-Stober et al., 2014;
Keck & Tang, 2020).

The collection and aggregation of judgments
in online collaborative projects can be regarded
as a certain type ofwisdomof crowds. However,
in online collaboration, judgments are usually
not collected independently and then aggregated
mechanically but rather elicited in a dependent and
sequential manner. Instead of providing indepen-
dent judgments, contributors encounter already
existing entries and decide whether to change the
presented information reflecting the latest version
of an entry or whether to maintain the presented
version. We refer to this way of collaborating as
sequential collaboration. Because unweighted
averaging is known to result in highly accurate
estimates for various tasks and contexts, we will
use it as a benchmark for assessing the accuracy
of sequential collaboration.
In the following, we first define sequential

collaboration and distinguish it from other forms
of collaboration and aggregating judgments.
Next, we discuss prior research on dependent
judgments, which has shown both positive and
detrimental effects of dependency. Our main
goal is to compare sequential collaboration to
unweighted averaging. We investigate why and
under which conditions the elicitation of incre-
mental, dependent judgments can benefit accu-
racy compared to taking the unweighted average
of independent individual judgments. In three
studies, we used general knowledge questions
and maps on which cities should be positioned
to test whether sequential collaboration within
small groups of four to six contributors yields
improved judgments.Moreover,we testedwhether
the final judgments of a sequential chain are more
accurate than estimates obtained by aggregating
independent individual judgments. In line with
our hypotheses, we found that judgment accu-
racy increased over the course of sequential chain
and that sequential collaboration yielded similarly
accurate results as unweighted averaging.

Sequential Collaboration

As outlined above, collaboration in online pro-
jects is often organized sequentially by making
incremental changes to the latest available infor-
mation. Sequential collaboration starts with one
contributor creating an initial, independent entry.
The next contributors encountering this entry then
decide whether to adjust or maintain the presented
information. Whenever the entry is changed, the
information is updated such that only the latest
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version of the entry is presented to the next con-
tributor. For example, the first contributor might
respond to the question “How tall is the Eiffel
Tower?” with 420 m. The second contributor
encountering this judgment could simply main-
tain it, whereas the third contributormight adjust
the height to 290 m. After several contributors
have adjusted and maintained the judgment, the
correct height of 300 m may be entered. The
sequence of decisions of whether to maintain or
adjust entries made by a previous contributor
forms a sequential chain. Figure 1 displays how
group estimates are generated with unweighted
averaging and in sequential collaboration. In the
former, the aggregated estimate is obtained by
averaging independent individual judgments; in
the latter, the estimate is the last judgment in a
sequential chain generated by adjusting and
maintaining previous judgments.
Even though sequential collaboration is per-

formed by a group of individuals and shares
some aspects with other forms of group decision-
making, it also has some unique features distin-
guishing it from other forms of collaboration.
In research on group decision-making, group
work usually takes place simultaneously (Kerr &
Tindale, 2004; Lu et al., 2012; Stasser & Titus,
1985), even though interactions do not necessar-
ily take place in person (Dennis, 1996; Dennis

et al., 1998; Lu et al., 2012). In a paradigm
organized like this, all members of the group
have the opportunity to listen to all judgments and
opinions, to ask questions toother groupmembers,
and to share justifications andother information. In
sequential collaboration, however, information is
shared only by adding or correcting the judgment
of a previous contributor, which implies that
the dependency between judgments is limited to
the displayed information. Furthermore, direct
interactions with other contributors are neither
necessary nor possible in sequential collaboration,
and additional information such as the number of
adjustments already made to this information or
reasons why information was adjusted is initially
not available.
A form of collaboration similar to sequential

collaboration is the Delphi method (Dalkey &
Helmer, 1963;Geist, 2010; Jeste et al., 2010). The
Delphi method was designed to obtain judgments
on agiven topic fromagroupof expertswhodonot
interact directly. First, experts provide indepen-
dent judgments and justifications for these judg-
ments, which are then combined in a report by a
moderator. This report is sent to all experts, who
can then revise their judgments based on the
judgments and information included in the report.
When experts have reached a sufficient consensus,
the individual judgments are aggregated to a final
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Figure 1
Illustration of Group Estimates in Unweighted Averaging and Sequential
Collaboration

Note. See the online article for the color version of this figure.
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result. The Delphi method is similar to sequential
collaboration in that individuals do not directly
interact with each other. However, in sequential
collaboration, contributors do neither receive
judgments of several other contributors nor justi-
fications of these judgments. Moreover, contribu-
tors are not necessarily required to provide a
judgment, and even if they do, they may not
notice if their judgment is in turn adjusted by
others. Finally, the Delphi method focuses on
eliciting judgments by a group of experts, whereas
in sequential collaboration, neither the specific
contributors nor the number of contributors have
to be predefined.

Possible Issues and Benefits of Sequential
Collaboration

Even though sequential collaboration seems to
be a successful way of integrating judgments of
various individuals, the process of sequentially
deciding whether to adjust or maintain a previous
judgment has not been systematically examined
yet. Nonetheless, research on related phenomena
allows us to derive testable predictions.
Possible issues for the accuracy of sequential

collaboration may arise from the anchoring effect
(Tversky & Kahneman, 1974). Anchoring de-
scribes the robust phenomenon that a presented
numerical value influences subsequent, oftenunre-
lated numerical judgments (Mussweiler et al.,
2004). This effect may undermine the accuracy
of sequential collaboration such that adjust-
ments made to a previous judgment are system-
atically biased toward the previous judgment.
Especially, when the previous judgment heavily
over- or under-estimates the correct value, anchor-
ing might affect later judgments such that arriving
at accurate, unbiased estimates is prolonged or
hindered.
The conditions under which information pro-

vided by others is considered in forming a
judgment have been extensively studied in the
advice-taking literature (Bonaccio & Dalal, 2006).
Egocentric discounting describes the phenomenon
that advice is generally underweighted relative to
one’s own initial judgment, in turn resulting in
less accurate judgments compared to equally
weighing the advice and one’s own judgment
(Yaniv&Kleinberger, 2000). In sequential collab-
oration, egocentric discounting could lead contri-
butors to adjust the presented previous judgment

mainly according to their prior beliefs, which in
turn could be detrimental to accuracy as the chain
may not converge to the correct answer. However,
advice taking improves when no initial individ-
ual judgment is formed before receiving advice
(Koehler & Beauregard, 2006). This resembles
the situation in sequential collaboration more
closely, since contributors are directly confronted
with the previous judgment and do not have to
form an initial, independent judgment. Hence,
compared to the standard advice-taking paradigms,
contributors in sequential collaboration may be
more likely to accept a presented judgment.
Prior research also provides preliminary evi-

dence in favor of the accuracy of sequential
collaboration. Providing participants with a
frame of reference improves subsequent judg-
ments, especially because it prevents extreme
judgments (Bonner et al., 2007; Laughlin et al.,
1999). Previous judgments in a sequential chain
may serve as a frame of reference that prevents
extreme judgments and fosters to reach an accurate
estimate earlier. However, especially at the begin-
ning of a sequential chain, judgments by previous
contributors may not provide an accurate frame
of reference.
Providing judgments of other individuals can

also improve the accuracy of aggregation meth-
ods based on unweighted averaging. Imitating
successful individuals leads to more accurate
judgments (King et al., 2012), and discussions
in dyads also improve judgments, but only when
initial independent judgments are formed (Minson
et al., 2017). Moreover, Becker et al. (2017)
showed that information about others’ judgments
is beneficial when this information equally weighs
all other judgments (as opposed to overweighing
judgments of a single, highly influential indi-
vidual). Given that individual judgments can be
improved by providing judgments of others,
sequential collaborationmay lead tomore accurate
judgments. Especially, the finding that imitating
successful individuals improves accuracy (King
et al., 2012) is relevant for sequential collaboration
as contributors may often be presented with the
currently best judgment in the sequential chain,
which can easily be imitated by not making a
change.However,whileKinget al. (2012) selected
the currently most accurate judgment from a large
pool of independent judgments, the judgments
presented in a sequential chain are not necessarily
very accurate, especially if only a few contributors
have encountered and edited it.
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Sequential collaboration may also benefit from
the fact that in groupwork, not all groupmembers
contribute to a given task equally and some do not
contribute at all (free-rider effect; Bray et al.,
1978) and that group members often contribute
less the more they feel that their contribution is
dispensable (Kerr & Bruun, 1983). Such effects
may also be observed in sequential collaboration,
since contributors can maintain a previous judg-
mentwhen thinking that they cannot substantially
improve it. This opt-out mechanism could in turn
improve accuracy since giving respondents the
possibility to select the questions to be answered
improves accuracy of unweighted averaged judg-
ments (Bennett et al., 2018). The fact that con-
tributors can self-select which judgments to adjust
may thus lead to a higher accuracy of the resulting
judgments.However, this requires that contributors
can accurately distinguish which judgments to
maintain (assuming they cannot substantially
contribute to them) andwhich judgments to adjust
(assuming they can improve the present state of
an entry).
Miller and Steyvers (2011) performed a study

closely resembling sequential collaboration in a
rank-ordering task. Participants were presented
either with judgments of previous participants
(resulting in a sequential chain of judgments) or
with randomly generated rank orders (resulting
in independent judgments). They could opt out
from answering by accepting the presented rank
order, which was the order made by the previous
participant. Miller and Steyvers (2011) found
that both the group aggregate and the average
subject’s performance increased for sequential
compared to independent judgments. Moreover,
the last judgment in such a sequential chain was
more accurate than the group aggregate of inde-
pendent judgments. Forming sequential chains
may, thus, lead to improved judgment accuracy
and even outperform the aggregation of inde-
pendent judgments.Moreover, these results sug-
gest that providing an opportunity to opt out can
be beneficial both for individual and for group
accuracy.

Hypotheses

Based on prior research, we expect that sequen-
tial collaboration is an effectivemethodof eliciting
and aggregating individual judgments. Our first
two hypotheses concern basic assumptions about
sequential collaboration:

Hypothesis 1: Over the course of a sequen-
tial chain, (1a) the probability of changing a
judgment and (1b) the magnitude of change
decrease.

Hypothesis 2: Over the course of a sequen-
tial chain, the accuracy of the most recent
judgment increases.

Given its high accuracy, unweighted averaging
can be used as a benchmark for other forms of
collaboration. As discussed above, sequential
collaboration may profit from the possibility
that contributors are not required to adjust the
presented information (Bennett et al., 2018), but
rather can decide to maintain the presented judg-
ment if they perceive their own judgments to be
dispensable (Kerr & Bruun, 1983). Since provid-
ing information about judgments from others can
improve accuracy (Becker et al., 2017; King
et al., 2012; Minson et al., 2017), especially
when such information is organized in a sequen-
tial chain (Miller & Steyvers, 2011), accuracy
of sequential collaboration may exceed that of
unweighted averaging:

Hypothesis 3: Sequential collaboration
yields more accurate group estimates than
unweighted averaging.

Since unweighted averaging is known to yield
highly accurate estimates, it is also plausible that
sequential collaboration does not yield better but
merely similarly accurate estimates. This would
already be an important and relevant finding
because sequential collaboration may not profit
from the central limit theorem for means of
independent random variables the same way as
unweighted averaging does (Hogarth, 1978).
Sequential collaboration does not involve the
computation of a mean of individual judgments,
and thus, the central limit theorem is not directly
applicable (Zhang et al., 2022). However, con-
tributors may integrate the presented information
when forming their own judgment (Bonaccio &
Dalal, 2006). Such an implicit averaging of the
presented and the internally generated judgment
could result in increased accuracy due to error
cancelation.
To test our hypotheses, we conducted three

online experiments (two of which were prere-
gistered) using chains of four to six contributors
in sequential collaboration and corresponding
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group sizes for unweighted averaging.1 The mate-
rials comprised general knowledge questions with
numerical judgments in the first two experiments
and geographic maps on which participants had to
position cities in the third experiment.

Experiment 1

Method

Materials

We presented 65 difficult general knowledge
questions such as “How tall is the Eiffel Tower?”
or “When was Leonardo da Vinci born?” to the
participants. The questions were taken from an
item pool on general knowledge questions (Pohl,
1998) and updated with contemporary informa-
tionwhenever necessary. Themedian of correctly
answered questions was 0.53% (median absolute
deviation = 0.78%), indicating that the questions
were indeed difficult to answer correctly for
participants. All items, their correct numerical
answers, and the unit in which the answer had to
be given are provided in Appendix Table A1.

Participants

For this online study, 310 German college
students participated via a German panel provider.
The compensation ranged between 0.60EUR and
1EUR according to the time for participation. To
control data quality already during data collection,
participantswho changed their browserwindowor
switched to other programs more than five times
were excluded during participation. Based on the
results of the pilot study,we suspected participants
to look up answers when more than 10% of the
questions were answered correctly. This was the
case for threeparticipantswhowerenot considered
for building sequences and whose data were
excluded for the analysis. Two participants were
excluded due to irregular answer patterns in more
than 10% of the questions (i.e., answering with
number series such as “23456” or answering “0”).
Last, two participants were excluded since the
same position in a sequential chain was assigned
to two participants due to a technical issue. We
kept the data of the participant whose data were
used throughout the rest of this sequential chain.
Our final sample comprised 303 participants, of
whom 76.6% were female, 22.8% were male, and

0.7% identified as diverse. The mean age of the
sample was 23.8 years (SD = 3.2).

Design and Procedure

Participants were randomly assigned to the
independent-judgments questionnaire (192 parti-
cipants) or the sequential-collaboration question-
naire (111 participants). After consenting to the
study, they were introduced to the corresponding
tasks illustrated in Figure 2. In the independent-
judgments questionnaire, one general knowledge
questionper trialwaspresented toparticipantswho
had to type their judgment into a text box before
proceeding to the next question. In the sequential-
collaboration questionnaire, participants also saw
one general knowledge question per trial, but
additionally, the answer of a previous participant
was shown below the question. Participants decided
whether to adjust or maintain the presented
judgment. Only in the former case, the text box
appeared in which the new judgment could be
entered before proceeding to the next question.
Participants were informed that the presented
judgments were from one or more of the previous
participants and did not know their position in the
sequential chain.
General knowledge questions were presented

in random order, and the unit in which the judg-
ment had to be given was provided directly after
the text box. To prevent looking up answers, we
implemented a time limit of 30 s for entering a
judgment in both questionnaires. Additionally,
we implemented a minimum waiting time of 2 s
for the sequential-collaboration questionnaire to
prevent clicking through the study.After answering
all questions, participants provided demographic
information, were thanked for participation, and
debriefed.
In the unweighted-averaging condition, 155 par-

ticipants completed the independent-judgments
questionnaire, and their judgments were then aver-
aged. In the sequential-collaboration condition,
independent initial judgments are required to
start sequential chains. Hence, we initialized
sequential chains by 37 participantswho answered
the independent-judgments questionnaire. We
used a sequence length of four, meaning that
each sequential chain consists of one participant
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1 Prior to conducting the three experiments reported in the
present article, we also conducted a pilot study to pretest and
improve the experimental paradigm.
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completing the independent-judgments question-
naire followed by three participants completing
the sequential-collaboration questionnaire consec-
utively. For each participant, only the latest judg-
ment in the sequential chain was presented. This
procedure resulted in a sample size of 148 parti-
cipants in the sequential-collaboration condition.

Results

Before analyzing the data, we excluded 314
judgments that were timed out after 30 s. Since
sequential chains containing such a judgment
were excluded completely, this resulted in the
exclusion of 809 judgments in total. Hence,
18,886 judgments remained for analysis.
Since judgments are given on vastly different

scales (e.g., from single digits for the length of a
soccergoalup tomillions for thenumberof students
enrolled in German universities), a standardization
of raw judgments is necessary. To this end, we
subtracted the correct answer for each question
from the raw judgments before dividing the result
by the standard deviation of all judgments obtained
with the independent-judgments questionnaire.
The resulting standardized errors are equal to
zero for correct judgments while being negative

and positive in case of under- and overestimation,
respectively. Moreover, we used absolute stan-
dardized errors for testing hypotheses concerning
the accuracy of judgments and estimates.
After standardizing the judgments, we removed

the 1% most extreme values from the data as
these judgments may distort the results. Excluding
outliers across conditions is also recommended
by André (2022), who demonstrated that exclud-
ing outliers separately within each condition can
increase false-positive rates. We identified 189
extreme judgments with this procedure. Again,
we excluded both these judgments and the corre-
sponding sequences, resulting in a final sample of
18,626 judgments.

Confirmatory Analyses

Hypothesis 1a states that change probability
decreases over the course of a sequential chain.
To test this prediction, we only considered data of
participants completing the sequential-collaboration
questionnaire who could decide whether to change
ormaintain a presented judgment (Position 2, 3, or
4 in a sequential chain). We modeled the decision
of whether to adjust or maintain a judgment as a
function of the chain position in the sequence by
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Figure 2
Questionnaires Used in Experiments 1 and 2

Note. See the online article for the color version of this figure.
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fitting a generalized linearmixedmodelwith theR
packages lme4 (Bates et al., 2015) and lmerTest
(Kuznetsova et al., 2017). Since the dichotomous
dependent variable can only be 1 (adjust) or 0
(maintain), we used a logit link function. As
every participant answered the same 65 items,
and we added random intercepts for items and
participants to account for the nested structure
of our data (Pinheiro & Bates, 2000). We added
crossed random effects of items and participants
to all hierarchicalmodels reported sinceall reported
studies have a data structure in which individual
judgments are nested in items and participants.
Last, we set polynomial contrasts to test for a
decline in change probability with increasing
chain position.2

Figure 3 shows themean change probability for
each chain position with corresponding between-
subjects error bars and violin and box plots indi-
cating the distribution of change probabilities
for participants (aggregated across items). Even
though descriptively in line with Hypothesis 1a,
the linear trend of the effect of chain position on
change probability was not significant (β=−0.311,
CI = [−0.685, 0.063], z = −1.629, p = .103).
Hypothesis 1b states that change magnitude

decreases over the course of a sequential chain.
Again, we only used judgments from the sequential-
collaboration questionnaire (Chain Positions 2, 3,
and 4) and excluded all trials in which participants
did not change the presented judgment of a previ-
ous participant. Change magnitude was computed
as the absolute difference between the standard-
ized error of a judgment and the standardized error
of the previous judgment.We fitted a linear mixed
model with change magnitude as a continuous
dependent variable and chain position as indepen-
dent variable and included polynomial contrasts
for the factor chain position. In linewithHypothesis
1b, the model revealed a significant negative linear
trend of chain position, β=−0.042, CI= [−0.074,
−0.011], t(82.093) = −2.633, p = .010. Figure 4
shows the empirical means of change magnitude
for each chain position with between-subjects
error bars, as well as violin and box plots of the
distribution of change magnitudes for partici-
pants (aggregated across items).
Hypothesis 2 states that judgments become

more accurate over the course of a sequential
chain. To test this prediction, we only considered
data from the sequential-collaboration condition.
We fitted a linear mixed model with absolute
standardized errors as dependent variable and

chain position as independent variable. Since
fixed-effect coefficients in linear mixed models
have been shown to be robust when residuals are
not normally distributed (LeBeau et al., 2018;
Schielzeth et al., 2020), we did not transform
the dependent variable accordingly. Furthermore,
we set polynomial contrasts for the factor chain
position.
Figure 5 shows themean absolute standardized

errors for each chain position with corresponding
violin and box plots. In line with Hypothesis 2,
judgments become more accurate as the distance
to the correct answer declines over the course of a
sequential chain. This pattern was also confirmed
by the linear mixed model showing a significant
negative linear trend, β = −0.024, CI = [−0.036,
−0.011], t(143.55) = −3.800, p < .001.
Hypothesis 3 states that sequential-collaboration

estimates are more accurate than estimates ob-
tained with unweighted averaging. Before test-
ing this hypothesis, we checked whether the
randomization worked as intended, meaning that
participants completing the independent-judgments
questionnaire had the same judgment accuracy
irrespective of whether theywere included in the
unweighted-averaging condition or served as
starters for sequential chains (Position 1) in the
sequential-collaboration condition. We only con-
sidered data obtained with the independent-
judgments questionnaire and fitted a linear
mixed model with the absolute standardized
error as dependent and condition as independent
variable. We did not find a significant effect of
condition on the absolute standardized error, β =
0.005, CI = [−0.012, 0.023], t(198.37) = 0.598,
p= .550, indicating that the randomizationworked
as intended.
Next, we computed the accuracy of the group

estimates for each condition. For sequential col-
laboration, the estimate for each chain is the
judgment at the last chain position (Position 4).
Accuracy of these estimates is defined as the
absolute standardized error of the last judgment
in a sequential chain. For unweighted averaging,
the group estimate is the mean of judgments for
groups of four participants. We computed the
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2 Whenever testing polynomial contrasts, we only
report results for the linear trend since we are interested
in a decrease in change probability (Hypothesis 1a), in
change magnitude (Hypothesis 1b), and in absolute error
(Hypothesis 2). Other trends are only reported when being
statistically significant.
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absolute standardized errors of these estimates by
(a) randomly assigning participants to virtual
groups of four, (b) averaging the four standardized
errors for each question, and (c) computing the
absolutevalueof the average.3Since thenumberof
participants in the unweighted-averaging condi-
tion (i.e., 155 participants) is not amultiple of four,
we randomly selected one participant whose data
were duplicated before generating the virtual
groups. This procedure resulted in absolute stan-
dardized errors of estimates of the 65 items
presented in the study for 39 groups of parti-
cipants in the unweighted-averaging condition
and 37 sequences of participants in the sequential-
collaboration condition.
To test Hypothesis 3, we fitted a linear mixed

model with absolute standardized errors as
dependent variable and condition as indepen-
dent variable. Figure 6 displays the mean abso-
lute standardized error and corresponding 95%
between-subjects confidence intervals with violin
and box plots referring to the distribution of
group accuracy (aggregated across items). Contrary
to Hypothesis 3, estimates in the sequential-
collaboration showed a slightly higher mean
absolute error of estimates, meaning that these
judgments were descriptively less accurate.
However, the linear mixed model did not show

a significant effect of condition, β = 0.008, CI =
[−0.005, 0.022], t(72.15) = 1.237, p = .220.
To explore the robustness of our results, we

conducted additional analyses examining the
influence of outlier exclusions and transformations
of judgments on the accuracy of unweighted aver-
aging and sequential collaboration. We also per-
formed nonparametric, descriptive assessments of
the hypotheses using the common-language effect
size and observation-orientedmodeling. The addi-
tional analyses led to similar conclusions as those
reported in the main text and can be found in the
Supplemental Material at https://osf.io/96nsk/.

Exploratory Comparison of Different
Aggregation Methods

We additionally assessed the effect of various
aggregation methods for obtaining group esti-
mates. For independent judgments, we computed
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Figure 3
Change Probability Within a Sequential Chain

Experiment 1 Experiment 2
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Note. Points display the empirical means for each chain position, error bars show the
corresponding 95% between-subjects confidence intervals. Violin and box plots illustrate the
distribution of change probabilities for the participants (aggregated across items).

3 To check the robustness of the grouping, we computed the
mean difference in absolute standardized errors of estimates
between conditions and the corresponding linear mixed model
for 100 different random groupings in the unweighted-
averaging condition. The mean difference in absolute estimates
was 0.007 (SD = 0.001) for Experiment 1 and 0.01 (SD =
0.001) for Experiment 2. The results of the linear mixed model
remained the same for all 100 comparisons in both experiments.
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the mean and the median of the four judgments
within each group. For sequential collaboration,
we did not only consider the last value in a chain
but also aggregated the four individual judgments
in a chain using the mean and the median. Fur-
thermore, we computed aweightedmeanwith the
weights 1/10, 2/10, 3/10, and 4/10 for judgments
at Chain Positions 1, 2, 3, and 4, respectively.
For all aggregation methods and both condi-

tions, Table 1 shows the mean absolute error and
the mean squared error of the group estimates. The
most accurate estimates were obtained when using
median aggregation for independent judgments.
Similar to the confirmatory analysis of Hypothesis
3, estimates obtained with unweighted averaging
were descriptively more accurate than those of
sequential collaboration irrespective of the aggre-
gationmethod for both absolute and squared errors.
For sequential collaboration, all aggregation meth-
ods yielded similar accurate results, which were
overall less accurate than aggregating independent
individual judgments.

Discussion

Overall, Experiment 1 yielded mixed results.
The results indicate a basic assumption about
sequential collaboration holds, namely, that

contributors can improve the accuracy of previ-
ous judgments by correcting each other sequen-
tially. There was, however, no evidence for
Hypothesis 3, as unweighted averaging and
sequential collaboration yielded similarly accurate
group estimates. Furthermore, the exploratory
moderator analyses showed that the accuracy of
sequential collaboration was not much influenced
by different aggregation methods, whereas inde-
pendent judgments showed more accurate esti-
mates when taking the median rather than the
mean. This may be due to reducing the effect of
extreme judgments, which may distort the mean.
While Experiment 1 provides first insights into

sequential collaboration, it has some limitations
that restrict the generalizability of our results.
First, the sample was restricted to college stu-
dents who typically have a similar age and
educational background. The limited diversity
in individuals’ expertise might have reduced the
chances of improving previous judgments in
sequential collaboration since the distribution
of knowledge might have been too homoge-
neous. Second, we implemented a rather short
chain length of four individuals. Results might
differ when using longer chains since additional
contributors might improve the sequential-
collaboration estimate substantially.
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Figure 4
Change Magnitude Within a Sequential Chain

Experiment 1 Experiment 2
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Note. Points display the empirical means for each chain position, error bars show the
corresponding 95% between-subjects confidence intervals. Violin and box plots illustrate
the distribution of change magnitude for the participants (aggregated across items).
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Experiment 2

To address the limitations of Experiment 1, we
conducted a second experiment using the same

general knowledge questions while increasing the
chain length from four to six and collecting an adult
sample with no restrictions in age or education.
Thereby, we test the robustness of our findings,
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Table 1
Comparison of Different Aggregation Methods for Independent Judgments and Sequential Collaboration

Experiment Method Aggregation Absolute error SE Squared error SE

Experiment 1 Sequential collaboration Last value 0.16 0.01 0.11 0.01
Mean 0.16 0.01 0.11 0.01
Median 0.17 0.01 0.12 0.01
Weighted mean 0.16 0.01 0.11 0.01

Independent judgments Mean 0.16 <0.01 0.08 <0.01
Median 0.14 <0.01 0.07 <0.01

Experiment 2 Sequential collaboration Last value 0.12 <0.01 0.07 0.01
Mean 0.13 <0.01 0.08 0.01
Median 0.13 <0.01 0.08 0.01
Weighted mean 0.13 <0.01 0.08 0.01

Independent judgments Mean 0.13 <0.01 0.07 <0.01
Median 0.13 <0.01 0.08 <0.01

Experiment 3 Sequential collaboration Last value 46.17 1.01 4120.77 208.22
Mean 46.00 0.86 3615.98 152.01
Median 44.90 0.95 3820.80 184.06
Weighted mean 43.33 0.85 3338.07 151.41

Independent judgments Mean 53.74 0.71 4205.06 114.84
Median 47.95 0.74 3723.38 131.24

Note. SE = standard error.

Figure 5
Accuracy of Judgments Within a Sequential Chain

Experiment 1 Experiment 2
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Note. Points display the empirical means for each chain position, error bars show the
corresponding 95% between-subjects confidence intervals. Violin and box plots illustrate the
distribution of errors for the participants (aggregated across items).
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especially the improvement of judgments within
a sequential chain, and apply the paradigm to a
more diverse sample and a longer sequential
chain. The design and confirmatory analyses
were preregistered.4 Note that we did not pre-
register Hypotheses 1a and 1b concerning the
change probability and changemagnitudewithin
a sequential chain. Moreover, we improved the
exclusion criteria for extreme judgments as already
applied in Experiment 1 and added an exploratory
analysis comparing different aggregationmethods
for independent judgments and sequential collab-
oration. All analyses concerning the accuracy of
estimates (Hypotheses 2 and 3) are again based
on absolute standardized errors similar as in
Experiment 1.

Method

Materials, Design, and Procedure

Experiment2used the samedesignandquestions
as Experiment 1 (see Figure 2 and Table A1,
respectively) with some minor adjustments. Since
the sample was not restricted in age, we extended
the time limit for answering a question from 30 to
40 s. Moreover, we implemented a chain length
of six, meaning that the first participant in a
sequential chain answered the independent-
judgments questionnaire and was then fol-
lowed by five participants answering the
sequential-collaboration questionnaire.

Participants

A German panel provider sampled 686 parti-
cipants for this study. Participants were compen-
sated between 0.75EUR and 1EUR depending
on the time for study completion. During data
collection, 21 participants were suspected to look
up answers, as they enteredmore than 10% correct
answers, andwere thus excluded both for building
sequential chains and for the analysis. Moreover,
eight participants had irregular answer patterns
and were excluded. One participant was excluded
since the position in the sequential chain was
allocated to two different participants. After
excluding these participants and, if necessary,
participants in the corresponding sequential
chains, the final sample comprised 646 parti-
cipants. Half of the participants were females
(49.9%), the mean age was 48.1 years (SD =
19.5). Most participants had a college degree

(27.2%), followed by a high-school diploma
(25.5%), and vocational education (23.1%),
whereas 24.2% of the participants had a lesser
education attainment.

Results

As preregistered, we first excluded judgments
(and corresponding chains) that were timed out
after 40 s. After this exclusion, 40,324 out of
41,990 judgments remained. The judgments were
then standardized itemwise similarly as in Experi-
ment 1 by subtracting the correct answer and
dividing by the standard deviation of all indepen-
dent judgments. Finally, the 1% most extreme
judgments (and corresponding chains) were
excluded from the data, resulting in 39,699
judgments for the analysis. We conducted the
same confirmatory and exploratory analyses as
for Experiment 1.

Confirmatory Analyses

To testwhether the change probability decreases
over the course of a sequential chain (Hypothesis
1a),wefittedageneralized linearmixedmodelwith
the decision whether to adjust or maintain a judg-
ment as dependent variable. Figure 3 displays
the distribution of change probabilities for each
chain position. As hypothesized, the change prob-
ability decreased over the course of a sequential
chain as indicated by a significant negative linear
trend (β = −0.581, CI = [−0.982, −0.181], z =
−2.843, p = .004).
Next, we fitted a linear mixed model to test

whether change magnitude decreases over the
course of a sequential chain (Hypothesis 1b).
Figure 4 shows that change magnitude slightly
decreased over the course of a sequential chain.
However, we did not find a significant negative
linear trend, β = −0.016, CI = [−0.040,0.009],
t(174.228) = −1.249, p = .214.
To testwhether accuracyof judgments increases

over the course of a sequential chain (Hypothesis
2), we estimated a linear mixed model with abso-
lute standardized errors as dependent variable.
As predicted, the model revealed a significant
negative linear trend of chainposition,β=−0.045,
CI = [−0.054, −0.036], t(290.96) = −9.528, p <
.001. Accordingly, Figure 5 shows a decrease of
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4 The preregistration form is available at https://aspredicted
.org/8vn9m.pdf.
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absolute standardized errors over the course of a
sequential chain.
Before testing whether sequential collaboration

yielded more accurate estimates than unweighted
averaging (Hypothesis 3), we checked whether
the randomized assignment to conditions was
successful.We analyzed only data obtainedwith
the independent-judgments questionnaire and
fitted a linear mixed model with absolute standard-
ized error of individual judgments as dependent
variable and condition as independent variable. The
model didnot showasignificanteffect ofcondition
on accuracy, β = 0.003, CI = [−0.011,0.017],
t(390.99) = 0.385, p = .701. This indicates that
no condition had an a priori advantage in judgment
accuracy.
The error of group estimates in both condi-

tions was computed as already established in
Experiment 1. Since sequential chains had six
participants, virtual groups for unweighted aver-
aging were also composed of six participants (see
Footnote 3). We then fitted a linear mixed model
with the absolute standardized error of the group
estimate as dependent variable. Figure 6 shows
that sequential-collaboration estimates were
slightly more accurate than those obtained with
unweighted averaging. This impression was con-
firmed by a linear mixedmodel, showing a signifi-
cant difference of the absolute standardized error
across conditions, β = 0.014, CI = [0.005,0.023],
t(100.71) = 3.067, p = .003.

Exploratory Comparison of Different
Aggregation Methods

Table 1 shows a comparison of different aggre-
gation methods for sequential collaboration and
independent judgments. In contrast to Experi-
ment 1, for absolute errors, sequential collabo-
ration provided the most successful aggregation
of individual judgments when using the last
judgment in a sequence. However, when focus-
ing on squared instead of absolute errors, taking
themean in unweighted averagingwas similarly
accurate as the last value of a sequential chain.
Overall, the differences between conditions
and aggregation methods are small, and there
seems to be no clear advantage in the accuracy
of estimates between unweighted averaging
and sequential collaboration. Further robust-
ness analyses can be found in the Supplemental
Material.

Discussion

Experiment2alsoshowedthatabasicassumption
of sequential collaboration holds, namely, that the
accuracy of judgments increases through incremen-
tal changes. Moreover, sequential-collaboration
estimates were more accurate than estimates
obtained with unweighted averaging in the con-
firmatory analysis. However, the comparison of
different aggregation methods across conditions
revealed that there are only small differences in
accuracy between sequential collaboration and
unweighted averaging.
Experiments 1 and 2 investigated the accuracy

of sequential collaboration when eliciting quan-
titative judgments. However, both experiments
used general knowledge questions, which limit
the generalizability of the results and may pose
some issues. First, the questions are prone to
extreme judgments. For instance, one participant
answered 120,000,000,000,000,000 km to the
question “How long is the mean distance between
Earth and Moon?” for which the correct answer
is 384,400 km. Having extreme judgments in the
data might especially hurt the performance of
unweightedaveraging.Furthermore,generalknowl-
edge questions occur rather seldom in online
collaboration projects, thus limiting the ecological
validity of the conclusions. Thus, we conducted a
conceptual replication using different materials,
which are less prone to extreme judgments and
more closely resemble actual online collabora-
tion projects.

Experiment 3

Experiment 3 is a conceptual replication of
Experiment 1. Both studies used a similar design
with some minor changes due to the different
materials. Instead of general knowledge questions,
participants were presented with geographic maps
on which they had to locate the positions of
different cities.We thus focus on two-dimensional
location judgments (i.e., x- and y-coordinates)
rather than one-dimensional numerical judgments.
In contrast to general knowledge questions, two-
dimensional location judgments on geographical
maps are naturally constrained by the size of the
map (more precisely, by the maximum distance
between the correct location and all possible judg-
ments), which limits the maximum range of
extreme judgments. We preregistered Experiment
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3 at www.aspredicted.org.5 Going beyond the
preregistration, we also tested whether change
probability (Hypothesis 1a) and change magni-
tude (Hypothesis 1b) decrease over the course of
a sequential chain. Furthermore, we adjusted the
outlier analysis as described in Experiments 1 and 2
and added an exploratory analysis comparing
different aggregation methods.

Method

Participants

We recruited 417 adult participants via a
commercial German panel provider, which com-
pensated participants according to the time for
completing the study. Since participants were
presentedwithmaps, theywere supposed to only
participate using a computer. Due to issues in the
recruitment of participants by the panel provider,
39 participants were nonetheless able to access
and complete the study using mobile devices.
We excluded all participants using mobile devices
andall sequences including theseparticipants, thus
excluding 70 participants in total. Additionally,
four participants were able to access and complete
the study a second time. Therefore, we excluded
the data collected at the secondparticipation. Since
two of these participants were assigned to the
sequential-collaboration condition for their second
participation, and sequences were built based on
their judgments, we excluded another 10 partici-
pants in total. We also checked whether partici-
pants looked up the correct answers or whether
participants clicked at a similar position for all
items and identified one participant who was
suspected to look up answers who was thus
excluded. The final sample comprised 333 par-
ticipants, of whom 46.0% were females. The
mean age was 45.5 years (SD = 15.2). Partici-
pants had a diverse educational background,
with 35.4% holding a college degree, 24.9%
having a high-school diploma, 24.0% having
vocational education, and 18.3% having a lesser
educational attainment.

Materials

As stimulus material, we selected seven maps
displaying different European countries: (a) Italy;
(b) France; (c)Germany; (d)UnitedKingdomand
Ireland; (e)Austria andSwitzerland; (f) Spain and
Portugal; and (g) Poland, Czech, Hungary, and

Slovenia.Allmapswere on a scale of 1:5,000,000
with an image resolution of 800 × 500 pixels.
Regarding the available geographic information,
the maps only showed land mass, oceans, and
country borders. The countries of interest were
colored white, whereas all other countries were
colored gray; oceans were colored blue and
country borders were represented as black lines.
Overall, we selected 57 cities across all seven
maps. For each map, we selected between 4
and 17 cities while considering the expected
geographic knowledge of German participants.
Appendix Table B1 provides a comprehensive
overview of the materials, and all maps are
also available in the Supplementary Material
(https://osf.io/96nsk/).

Design and Procedure

We randomly assigned participants to either the
sequential-collaboration questionnaire (112 parti-
cipants) or the independent-judgments question-
naire (221 participants). As in Experiment 1, we
formed sequences of four participants, meaning
thatoneparticipantwhoanswered the independent-
judgments questionnaire started a sequential chain
followed by three participants who completed
the sequential-collaboration questionnaire. This
resulted in 183 participants in the unweighted-
averaging condition and 150 participants in the
sequential-collaboration condition.
After being informed about the aim of the study

and providing informed consent, participants
were instructed about the task. In the independent-
judgments questionnaire, participants had to
indicate the position of the given cities on the
presented map as accurately as possible. In the
sequential-collaboration questionnaire, partici-
pants were provided with the location judgment
of a city given by a previous participant. Subse-
quently, they could choose either to modify the
given position by indicating a new position or to
directly continue to the next city without chang-
ing the presented location judgment. The order
in which the seven maps were presented was
randomized as was the order of the presented
cities within each map. Furthermore, each trial
asked about the position of only one city, such
that participants provided only a single location
judgment before continuing to the next city.
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Participants were given 40 s to indicate the city’s
position or to decide to not change the presented
position. Additionally, participants completing
the sequential-collaboration questionnaire had
a waiting period of 2 s before they could con-
tinue to the next city. Finally, participants
provided demographic information, were de-
briefed, and were thanked for participation.

Results

As dependent variable for Hypotheses 2 and 3,
we computed the Euclidean distance to the correct
answer for each judgment.6Next, we excluded 225
judgments (and corresponding sequential chains)
that were timed out after 40 s, meaning that 18,433
out of 18,981 judgments remained for analysis.We
again excluded the 1% most extreme judgments
(i.e., 184 judgments) as defined by the distance
to the correct answer. After the exclusion of
sequential chains that contained outliers, 18,161
judgments remained for analysis.

Confirmatory Analyses

To test whether change probability decreases
over the course of a sequential chain (Hypothesis

1a), we fitted a generalized linear mixed model
with the decisionwhether a judgmentwas adjusted
or maintained as dependent variable. Figure 7
displays the change probability for each chain
position with error bars as well as violin and box
plots illustrating the distribution of change proba-
bilities for participants (aggregated across items).
In line with Hypothesis 1a, the plot shows a
decreasing change probability with increasing
chain position. This visual impression was con-
firmed by the model, which revealed a significant
negative linear trendof chainposition (β=−0.937,
CI = [−1.845, −0.028], z = −2.021, p = .043).
To test whether the magnitude of changes

decreases over the course of a sequential chain
(Hypothesis 1b), we fitted a linear mixed model
with change magnitude as dependent variable.
Figure 8 shows the empirical mean and distribu-
tion of the change magnitude across chain posi-
tions. In line with our hypothesis, we found
a significant negative linear trend of chain
position, β = −14.952, CI = [−24.139, −5.765],

T
hi
s
do
cu
m
en
t
is
co
py

ri
gh

te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og

ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu

bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du

al
us
er

an
d
is
no

t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

Figure 6
Accuracy of Unweighted Averaging and Sequential Collaboration

Experiment 1 Experiment 2
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Note. Estimates for sequential collaboration pertain to the last judgment in a sequential chain.
Black points display the empirical means for each condition, error bars show the corresponding
95% between-subjects confidence intervals. Violin and box plots illustrate the corresponding
distribution of participants (aggregated across items).

6 All hypotheses were also analyzed using the x- and
y-coordinate separately as dependent variables. These analyses
yielded the same results as the analysis using Euclidean
distances as dependent variable.
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t(108.971)=−3.190, p= .002. Furthermore, we
also found a significant positive quadratic trend,
β = 9.507, CI = [0.279, 18.736], t(108.984) =
2.019, p= .046, which indicates a larger difference
between Positions 2 and 3 than between Positions 3
and 4 (cf. Figure 8).
To test whether judgments become more

accurate over the course of a sequential chain
(Hypothesis 2), we fitted a linear mixed model
with chain position as independent variable and
Euclidean distance of each judgment to the true
position of a city as dependent variable. Themodel
revealed a significant linear trend between chain
position anddistance,β=−17.610,CI= [−24.801,
−10.419], t(145.17) = −4.777, p < .001. Further-
more, the quadratic trend was also significant, β =
8.316,CI= [1.125, 15.507], t(145.17)=2.256,p=
.026. In combinationwith the negative linear trend,
the positive quadratic trend indicates that accuracy
improved more between Positions 2 and 3 com-
pared to Positions 3 and 4, a pattern also displayed
inFigure 9.Anoverviewof the judgments givenby
the participants for each city can be found in the
Supplementary Material.
Before comparing the accuracy of sequential

collaboration and unweighted averaging (Hypoth-
esis 3), we again performed a randomization

check. To compare judgment accuracy in the
independent-judgments questionnaire across
conditions, we estimated a linear mixed model
with the Euclidean distance to the true position as
dependent variable. We did not find a significant
difference in accuracy between judgments in
the unweighted-averaging condition and judg-
ments that were used to start sequential chains in
the sequential-collaboration condition, β=−0.768,
CI = [−10.691, 9.160], t(220.25) = −0.152, p =
.879, thus indicating that the randomization
was successful.
We computed group estimates for each condi-

tion similar as in Experiments 1 and 2. Estimates
obtained with independent judgments were based
on random groups of four participants. We aver-
aged the four location judgments separately for
each coordinate, thereby computing the geometric
center. For sequential collaboration, estimates
pertain to the last judgment in each chain. As a
dependent variable, we computed the Euclidean
distance between the resulting mean estimate and
the true position of each city.
Figure 10 displays the mean distance to the

true position with corresponding error bars and
violin and box plots indicating the distribution of
mean distances for different the two experimental
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Figure 7
Change Probability Within a Sequential Chain in Experiment 3
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Note. Points display the empirical means for each chain position, error bars show the
corresponding 95% between-subjects confidence intervals. Violin and box plots illustrate the
distribution of change probabilities for the participants (aggregated across items).
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groups (aggregated across items). In line with
Hypothesis 3, sequential-collaboration estimates
resulted in a smaller distance to the true position
than estimates obtained with unweighted averag-
ing. This impression was supported by a linear
mixed model with the Euclidean distance as
dependent variable, showing that sequential col-
laboration yielded more accurate estimates than
unweighted averaging, β=−7.411,CI= [−14.532,
−0.301], t(80.70) = −2.049, p = .044.
Figure 11 illustrates the high accuracy of sequen-

tial collaboration for five cities on the map of Italy.
The figure shows the mean estimates of the two
methods as well as the actual positions of the five
cities. For Florence, Milan, Rome, and Venice,
sequential collaboration yielded more accurate
estimates than unweighted averaging, while both
methods yielded similarly accurate estimates for
Naples. Across all maps and cities, sequential
collaboration resulted in location estimates that
were 16.03 km closer to the actual position than
those obtained via unweighted averaging (see
Figure 10). In Figure 11, this value resembles the
difference of the average distance of the two
estimates for the location of Rome (13.55 km).
Similar plots for the other six maps are available
in the Supplemental Material.

Exploratory Comparison of Different
Aggregation Methods

Similarly, as in Experiments 1 and 2, we com-
pared different aggregationmethods for sequential
collaboration and unweighted averaging. Table 1
shows that sequential collaboration generally
yielded more accurate estimates than unweighted
averaging when focusing on the Euclidean dis-
tance. However, sequential-collaboration esti-
mates yielded similar accurate estimates when
using the mean, median, or the weighted mean.
When measuring accuracy in terms of squared
Euclidean distance, median aggregation of inde-
pendent judgments was more accurate than the
last judgment in sequential collaboration, but all
other aggregations for sequential collaboration
remained more accurate.

Discussion

Experiment 3 replicated the results of Experi-
ments 1 and 2 using geographic maps instead of
general knowledge questions. Sequential collab-
oration yielded more accurate estimates over the
course of a sequential chain, whereas change
probability and change magnitude of judgments
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Figure 8
Change Magnitude Within a Sequential Chain in Experiment 3
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Note. Distances were converted from pixels to kilometers for this figure. Points display the
empirical means for each chain position, error bars show the corresponding 95% between-subjects
confidence intervals. Violin and box plots illustrate the distribution of change magnitude for the
participants (aggregated across items).
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decreased. Additionally, sequential collaboration
yielded more accurate results than unweighted
averaging in the confirmatory analysis. However,
the exploratory analysis revealed that various
methods of aggregating judgments into esti-
mates for sequential collaboration yielded similar
accurate estimates.

General Discussion

Sequential collaboration describes a collabora-
tion method in which contributors form a sequen-
tial chain of judgments by deciding whether to
adjust or maintain the latest judgment provided
by a previous contributor. In three online studies
using general knowledge questions and geo-
graphic maps, we examined whether change
probability and change magnitude decrease over
the course of a sequential chain (Hypotheses 1a
and 1b, respectively), whereas judgment accuracy
increases (Hypothesis 2). As a benchmark, we
compared the accuracy of estimates obtained
with sequential collaboration to estimates obtained
with unweighted averaging (Hypothesis 3). All
three experiments provided evidence that accu-
racy increased within sequential chains of judg-
ments, whereas a decrease in change probability

was observed only in Experiments 2 and 3, and
a decrease in changemagnitude only occurred in
Experiments 1 and 3. Sequential collaboration
outperformed unweighted averaging only in
Experiments 2 and 3, whereas showing a similar
level of accuracy in Experiment 1. While this
pattern did not remain as clear in the exploratory
analysis showingmixed patterns for the compari-
son with different aggregation measures, it is
noteworthy that sequential collaboration and
unweighted averaging overall performed similarly
well in terms of accuracy.
The present work contributes to research on

how judgments are influenced when providing
information about the judgments of others. Several
studies have already hinted toward dependent
judgments being beneficial for individual judg-
ments in certain situations (Becker et al., 2017;
King et al., 2012; Koehler & Beauregard, 2006;
Minson et al., 2017), with Miller and Steyvers
(2011) implementing a design quite similar to
sequential collaboration. We extend this line of
research by showing that even a very high level
of dependency of judgments can yield accurate
estimates. The observed improvement in accu-
racy within chains of judgments indicates that
sequential collaboration was neither obstructed
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Figure 9
Accuracy of Judgments Within a Sequential Chain in Experiment 3
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Note. Distances were converted from pixels to kilometers for this figure. Points display the
empirical means for each chain position, error bars show the corresponding 95% between-subjects
confidence intervals. Violin and box plots illustrate the distribution of distances to the correct
answers for the participants (aggregated across items).
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by anchoring effects (Mussweiler et al., 2004;
Tversky&Kahneman, 1974) nor by high rates of
inaccurate changes, for instance, due to egocen-
tric discounting (Bonaccio & Dalal, 2006). Our
results show that sequential collaboration provides
accurate estimates in controlled online studies
involving quantitative knowledge and location
judgments. This is in line with prior research
showing that large-scale online collaboration
projects that rely on this basic mechanism provide
high-quality information (e.g., Leithner et al., 2010;
Zielstra & Zipf, 2010).

Moderators Across and Within Experiments

Themixedresults acrossexperimentsmaybedue
to several factors relevant for the performance of
sequential collaboration andunweighted averaging.
First, while Experiment 1 used a homogeneous
sample of university students, Experiments 2 and
3 used more diverse samples (i.e., German adults
with a wide range in age and educational back-
ground). Limited diversity can not only reduce the
performance of unweighted averaging (Davis-
Stober et al., 2014; de Oliveira & Nisbett, 2018).

Sequential collaborationmay also generally benefit
from diverse samples since heterogeneity in
knowledge increases the chances that a few experts
provide accurate corrections to the judgments of
the remaining, less knowledgeable contributors.
Hence, participants may had fewer chances of
correcting each other inExperiment 1 compared to
the more diverse samples in Experiments 2 and 3.
Second, the inconsistent pattern of results may

be due to the difficulty of the different tasks.
Whereas the general knowledge questions in
Experiments 1 and 2 were very difficult, locating
cities on geographical maps (Experiment 3) was
easier because participants likely had some basic
geographic knowledge (e.g., from school, the
media, or by visiting some of the cities). The
difficulty of the tasks can explain the substantial
difference in change probabilities (approximately
20% in Experiments 1 and 2 compared to 60% in
Experiment3).Higher changeprobabilities indicate
that participants in the sequential-collaboration
condition were more likely to improve judgments
within a sequential chain.
Third, the experiments differed in the length of

the sequential chains (i.e., the group size varied
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Figure 10
Accuracy of Estimates Obtained With Unweighted Averaging and Sequential
Collaboration in Experiment 3
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Note. Distances were converted from pixels to kilometers for this figure. Estimates for
sequential collaboration pertain to the last judgment in a sequential chain. Points display the
empirical means for each chain position, error bars show the corresponding 95% between-
subjects confidence intervals. Violin and box plots illustrate the distribution of distances to the
correct answers for the participants (aggregated across items).
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between 4 and 6). Sequential collaboration may
require longer chains, especially for more diffi-
cult items, because substantial improvements in
judgments occur less frequently. In Experiment 1,
the high item difficulty combined with the shorter
sequential chains of only four contributors may
have reduced the performance of sequential
collaboration.
Fourth, certain tasks and materials may be

better suited either for unweighted averaging or
for sequential collaboration. Unweighted aver-
aging has often been shown to be highly accurate
when aggregating numerical point judgments as
in Experiments 1 and 2 (Galton, 1907; Hueffer
et al., 2013; Surowiecki, 2004) and is also quite
robust against biases in such scenarios (Davis-
Stober et al., 2014). In contrast, sequential col-
laborationmay bemore suitable formore complex
tasks, such as positioning cities on maps as in
Experiment 3 or generating rank orders (Miller &
Steyvers, 2011; Steyvers et al., 2009). In more
complex tasks, it is easier for contributors to

integrate partial knowledge into the judgment.
For instance, one may know that Berlin is located
close to the Polish border, and in turn correct the
latitudeofapresented judgment to theEastwithout
modifying any other aspect of the judgment (e.g.,
longitude). The contribution of partial knowledge
is also likely in online collaborative projects such
asWikipedia, where contributors usually edit only
small parts of an article while rarely (re)writing
complete articles. In complex tasks, mechanical
aggregation methods may even lead to unreason-
able estimates. For instance, unweighted averaging
of two-dimensional location judgments can result in
estimates for a city that is located in a lake or an
ocean. In contrast, contributors in sequential col-
laborationusuallydonotprovidesuchunreasonable
judgments.
Fifth, we also compared different aggregation

methods.Forunweighted averaging,wecomputed
the mean and the median. For sequential collabo-
ration, we used the last value of a sequential chain
as well as the mean, the median, and the weighted
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Figure 11
Estimated and Actual Locations of Five Cities on the Map of Italy
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Note. All maps presented in this experiment were generated using QGIS 3 (https://www.qgis
.org/en/site/index.html) licensed under Creative Commons CCBY-SA. To illustrate the material,
this map of Italy resembles the one presented in the experiment. See the online article for the
color version of this figure.
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mean across chain positions. We found that all
aggregation methods yielded similar results for
absolute errors inExperiment1, and for absolute as
well as squared errors in Experiment 2. However,
inExperiment 1, unweighted averaging resulted in
smaller squared errors than sequential collabo-
ration. In Experiment 3, sequential collaboration
generally yielded smaller absolute errors than
unweighted averaging for all aggregationmethods.
However,with respect to squared errors, sequen-
tial collaboration showed a similar accuracy as
unweighted averaging. Overall, different aggrega-
tion methods can affect the accuracy of estimates.
This may be especially relevant in small groups of
only four or six contributors, in which extreme
judgments have a large influence on the resulting
estimates.

Possible Mechanisms

Our results providefirst insights into sequential
collaboration, but the three experiments do not
provide explanations why sequential collabora-
tion yields accurate results. Prior research points
to differentmechanisms that could lead to improved
judgments over the course of a sequential chain.
Sequential collaboration may yield accurate
results because individual judgments are implicitly
weighted by expertise. Both the weighting of judg-
mentsbyexpertise (Budescu&Chen,2014;Merkle
et al., 2020) and the selection of experts based on
prior performance (Mannes et al., 2014) improve
accuracy when aggregating independent judg-
ments. However, sequential collaboration does
neither implement an explicit weighting mecha-
nism nor a selection of individuals based on
expertise. Instead, the task structure allows con-
tributors to maintain a judgment if they do not
feel they can substantially contribute to the
presented judgment. In fact, subjective confi-
dence can be a valid indicator of expertise
(Mannes et al., 2014), leading participants to
not contribute to groupworkwhen they feel their
judgment is dispensable (Kerr & Bruun, 1983).
Judgments in sequential collaboration are implic-
itlyweighted since experts aremore likely tomake
adjustments, thus adding a larger contribution to
thefinal outcome. In contrast, contributorswithout
expertise are more likely tomaintain the presented
judgment. In an ideal case, sequential collabora-
tion may lead to improvements in judgments until
a correct judgment is no longer changed.

The high accuracy of sequential collaboration
may merely be due to the opportunity of con-
tributors to opt out of answering and not due to
the dependent nature of sequential judgments. In
fact, allowing participants to self-select the sub-
set of questions to be answered improves judg-
ment accuracy and group estimates (Bennett
et al., 2018; Galton, 1907). However, typical
designs building on unweighted averaging do
not allow individuals to select whether to answer
a question or not, but rather requires them to
answer all questions irrespective of their exper-
tise or metacognitive knowledge (Larrick &
Soll, 2006). In our three studies, we compared
this typical paradigm to sequential collaboration,
meaning that the two experimental conditions did
not only differ in the level of dependency but also
in the possibility of opting-out of providing a
judgment. Future research should further examine
the role of the opt-out mechanism in sequential
collaboration.
In general, allowing participants to self-select

whether to answer a question when applying
unweighted averaging to the resulting judgments
may lead to quite varying numbers of judgments
per question. Bennett et al. (2018) observed that
some of the easiest questions were answered by
almost all participants, whereas other, more dif-
ficult questions were answered not even by a
single participant or only very few participants.
This can render independent individual judg-
mentswith anopt-out option rather uneconomical
and inefficient. In contrast, the opt-out mechanism
in sequential collaboration ensures a higher effi-
ciency because the decision whether to opt out is
made in context of the perceived quality of the
presented judgment. Hence, opting-out of adjust-
ing a judgment is informative with respect to the
accuracy of the current estimate.

Limitations and Future Research

Our experiments on sequential collaboration
have some limitations. First, we only studied a
very simple type of sequential collaboration,
where contributors could only change or main-
tain a previous judgment. However, Wikipedia
and OpenStreetMap offer several additional func-
tions, such as discussion sites, a board of mod-
erators checking on the contributors’ activities,
and a history of all changes ever made to an
entry. These additional functions are likely
to influence contributors’ behavior in online
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collaborative projects, even though they are less
prominent than the information itself, which is
directly available in an article or on a map.
Last, our studies used small chains of only four

or six contributors.While estimates obtainedwith
unweighted averaging improve for larger crowds,
estimates obtained with sequential collaboration
may not profit from longer chains. On the con-
trary, sequential chains may not converge to the
correct judgment because this requires that at
least one contributor adjusts the presented judg-
ment to be correct. Whereas correct judgments
become more likely as chains become longer,
they can still be modified by subsequent, less
knowledgeable contributors. Moreover, anchor-
ing due to the presented (possibly incorrect)
judgments may hinder contributors to provide
accurate judgments in the long run. Based on
these considerations and our findings, we expect
that sequential collaboration has advantages over
unweighted averaging in short sequential chains.
However, for longer chains of about 12–15 con-
tributors, unweighted averaging would probably
outperform sequential collaboration. To address
this open question, future research should assess
the performance of longer sequential chains.

Conclusion

Sequential collaboration is at the core of
many large-scale online collaborative projects,
such asWikipedia or OpenStreetMap. Our studies
show that contributors can successfully collabo-
rate through adjusting and maintaining previous
judgments of other contributors. More generally,
sequential collaboration has a high practical and
theoretical relevance and provides a fruitful para-
digm for studying how individuals perceive and
use information from others in order to decide
whether and how to adjust previous judgments.
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Appendix A

General Knowledge Questions
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Table A1
Table of Items for Experiments 1 and 2 Using General Knowledge Questions

Item Question Correct answer

1. How large is the Eiffel Tower? 300 m
2. How many sovereign countries are located in Africa? 54 countries
3. How long is the Nile? 6,650 km
4. How old was Johann Wolfang von Goethe? 82 years old
5. How many bones does a human have? 214 bones
6. What is Earth’s mean radius? 6,371 km
7. How old was Martin Luther King Jr.? 39 years old
8. How tall is the Brandenburg Gate? 26 m
9. How high was the highest temperature ever measured on Earth? 57 °C
10. At what temperature does lead melt? 328 °C
11. In which year did the first manned space flight take place? 1961
12. How high is Mount Everst? 8,848 m
13. How much does a tennis ball weigh? 57 g
14. How many keys does a typical piano have? 88 keys
15. How fast can a cheetah run? 112 km/h
16. How long can a blue whale become? 33 m
17. How much do 10 l of oxygen weigh? 14 g
18. When was UNICEF founded? 1946
19. How many prime numbers are in the interval between 1 and 1,000? 168 prime numbers
20. How many star constellations are officially recognized? 88 constellations
21. How many kilocalories do 10 gummy bears have (i.e., 30 g)? 98 kilocalories
22. How long is a soccer goal? 7 m
23. When was the last capital punishment enforced in France? 1977
24. How many plays of Shakespeare are preserved? 33 plays
25. How long is the kidney of a full-grown person? 12 cm
26. How many species of the hawaiian honeycreeper exist? 21 species
27. When was the lightning rod invented? 1,752
28. When did the first modern Oylmpic Games take place? 1896
29. How fast can a raindrop fall? 9 meters per second
30. When was Leonardo da Vinci born? 1,452
31. What is the maximum time that a total solar eclipse can take? 7 min
32. How many strings does a concert harp have? 47 strings
33. What is mean life expectancy for women in Germany? 81 years
34. How wide is Lake Constance at its widest point? 14 km
35. How long is the distance between Earth and Sun in million kilometers? 150 million kilometers
36. When was women’s suffrage adapted in Swizerland? 1971
37. How many chaptes does the Quran have? 114 chapters
38. How many times larger is the diameter of Juptier compared to the diameter of

Earth?
11 times

39. How large is the island of Borkum? 31 square-kilometers
40. How many singles did the Beatles officially release? 22 singles
41. How old was Alexander the Great when he waged his first campaign? 18 years old
42. How many species of insects live in Antarctica? 52 species
43. How many federal states does Austria have? 9 federal states
44. When was the first human heart transplant performed? 1967
45. How many marriages were there in Germany in 2018? 449,466 marriages
46. How many students were enrolled in German university in the winter term of 2019/

2020?
2,897,336 students

47. How many floors does Burj Khalifa have? 163 floors
48. How far is Frankfurt (Main) from Berlin (linear distance)? 424 km
49. When was the first color film available in Germany? 1936

(table continues)

(Appendices continue)
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Table A1 (continued)

Item Question Correct answer

50. When was the numerus clausus first applied in German universities? 1968
51. How far is Paris from London (linear distance)? 343 km
52. How far is Dortmund from Hamburg (linear distance)? 284 km
53. How far is Munich from Athens (linear distance)? 1,496 km
54. How tall is the Statue of Liberty including its pedestral? 93 m
55. When was slavery officially ended in the United States? 1865
56. When was the first Autobahn inaugurated? 1921
57. When did Albert Schweitzer receive the Nobel Peace Price? 1952
58. How long is the mean distance between Earth and Moon? 384,400 km
59. In which year was Uranus discovered by William Herschel? 1,781
60. How many letters does the Arabic script have? 28 letters
61. How deep is the Pacific at the deepest point? 10,094 m
62. When was Astrid Lindgren born? 1907
63. How much does the heart of a full-grown person weigh? 300 g
64. How long can a Green Anakonda become? 8 m
65. After how many days has a person’s top layer of skin completely renewed? 28 days

Table B1
Table of Items for Experiment 3 Using Map Material

Item Map Cities

1. Austria and Switzerland Zurich, Geneva, Basel, Bern, Vienna, Graz, Linz, Salzburg
2. France Paris, Marseille, Lyon, Toulouse, Nice
3. Italy Rome, Milan, Naples, Florence, Venice
4. Spain and Portugal Madrid, Barcelona, Seville, Lisbon, Porto
5. United Kingdom and Ireland London, Birmingham, Glasgow, Liverpool, Dublin
6. Poland, Czech, Hungary and Slovenia Warsaw, Prague, Bratislava, Budapest
7. Germany Berlin, Hamburg, Cologne, Frankfurt, Stuttgart, Düsseldorf,

Leipzig, Dortmund, Essen, Bremen, Dresden, Hannover,
Nuremberg, Duisburg, Wuppertal, Bielefeld, Bonn, Münster,
Karlsruhe, Mannheim, Augsburg, Wiesbaden, Braunschweig,
Kiel, Munich

26 MAYER AND HECK
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Abstract31

Many collaborative online projects such as Wikipedia and OpenStreetMap organize32

collaboration among their contributors sequentially. In sequential collaboration, one33

contributor creates an entry which is consecutively encountered by other contributors34

who then decide whether to adjust or maintain the presented entry. Sequential35

collaboration yields improved judgments over the course of a sequential chain and36

results in accurate final estimates. We hypothesize that these benefits emerge since37

contributors adjust entries according to their expertise, implying that judgments of38

experts have a larger impact compared to those of novices. In three preregistered39

studies, we measured and manipulated expertise to investigate whether expertise leads40

to higher change probabilities and larger improvements in judgment accuracy.41

Moreover, we tested whether expertise results in an increase in accuracy over the course42

of a sequential chain. As expected, experts adjusted entries more frequently, made43

larger improvements, and contributed more to the final estimates of sequential chains.44

Overall, our findings show that the high accuracy of sequential collaboration is due to45

an implict weighting of judgments by expertise.46

Keywords: wisdom of crowds, group decision making, mass collaboration, team47

work48

Word count: 7,72649
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Expertise Determines the Frequency and Accuracy of Contributions in50

Sequential Collaboration51

Online collaborative projects such as Wikipedia and OpenStreetMap have52

become increasingly important sources of information over the last two decades and are53

frequently used by many people. Prior research showed that Wikipedia yields highly54

accurate information both in general (Giles, 2005) and for specific topics (Kräenbring et55

al., 2014; Leithner et al., 2010). Moreover, OpenStreetMap provides similarly accurate56

geographic information as commercial map services and governmental data (Ciepłuch et57

al., 2010; Haklay, 2010; Zhang & Malczewski, 2017; Zielstra & Zipf, 2010). Both58

Wikipedia and OpenStreetMap build on a sequential process of information gathering59

referred to as sequential collaboration (Mayer & Heck, 2021). One contributor creates60

an entry whereas the following contributors decide whether to adjust or maintain the61

presented entries. Thereby, only the latest version of an entry is shown.62

Mayer and Heck (2021) showed that sequential collaboration represents a63

successful way of eliciting group judgments. In three online studies, participants either64

answered general-knowledge questions or located European cities on geographic maps.65

Participants were randomly assigned to sequential chains of four to six contributors.66

Each chain started with one independent judgment. Following contributors then67

encountered the latest version of the judgment and could decide whether to adjust or68

maintain it. For instance, one individual may start with locating Rome on a map of69

Italy. The second contributor may then maintain the location, whereas the third70

contributor may move the location more to the south. Participants were unaware of71

their position in the sequential chain, the change history of the presented judgment, and72

how often a judgment had already been adjusted.73

While change probability and change magnitude were found to decrease over the74

course of a sequential chain, judgment accuracy improved (Mayer & Heck, 2021). These75

findings show that sequential collaboration is suitable for eliciting accurate judgments.76

Furthermore, the final judgments of sequential chains were similarly accurate, and in77
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some cases even more accurate, than unweighted averaging, that is, computing the78

mean of independent individual judgments for the same number of participants. This is79

an important finding given that unweighted averaging is known to yield highly accurate80

estimates in various contexts and tasks (Hueffer et al., 2013; Larrick & Soll, 2006;81

Steyvers et al., 2009; Surowiecki, 2004).82

However, the mechanisms contributing to the high accuracy of sequential83

collaboration are still unclear. In the present paper, we investigate whether individual84

differences in expertise are a relevant factor for the probability of changing presented85

judgments and for the accuracy of such changes. We hypothesize that individuals with86

higher expertise adjust presented judgments more frequently and more accurately since87

they better distinguish between presented judgments that they can improve and those88

they cannot improve (Mayer & Heck, 2021). Thereby, sequential collaboration would89

facilitate an implicit weighing of judgments by expertise, in turn leading to increasingly90

accurate judgments over the course of a sequential chain.91

In the following, we first define expertise and discuss its relevance for judgment92

accuracy in various contexts. We then refer to the literature on the role of expertise for93

individual judgments to establish a theoretical framework of how expertise influences94

both the frequency and accuracy of changing presented judgments in sequential95

collaboration. In three experimental studies using a city-location task and a96

random-dots estimation task, we measured and manipulated expertise. Thereby, we97

examined whether expertise influences how frequently and how accurately presented98

judgments in sequential collaboration are changed. As expected, we found that99

contributors with higher expertise change presented judgments more frequently and100

more accurately. Furthermore, experts have a larger impact on sequential chains than101

novices, while this effect is more pronounced the later experts enter into the chain.102

Expertise in Judgment and Decision Making103

Expertise is a multifaceted concept (Baumann & Bonner, 2013). It comprises104

general abilities such as logical reasoning (Kruger & Dunning, 1999), semantic105
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knowledge (Schunn & Anderson, 1999) such as unique information received (Baumann106

& Bonner, 2013; Stewart & Stasser, 1995) or grammar rules learned (Kruger &107

Dunning, 1999), prior experience such as students making decisions on their curriculum108

(Dubrovsky et al., 1991) or forensic experts judging the frequency of handwriting109

features (Martire et al., 2018), and procedural skills such as techniques of designing110

experiments (Schunn & Anderson, 1999). All these aspects have in common that111

expertise is domain-specific. With respect to knowledge, experience, and skills,112

expertise can be acquired by formal training (Martire et al., 2018).113

It has been shown that experts work on tasks in qualitatively different ways114

(Dubrovsky et al., 1991; Franz & Larson, 2002; Schunn & Anderson, 1999) and usually115

show better performance than novices (Budescu & Chen, 2014; Kruger & Dunning,116

1999; Merkle et al., 2020; Wang et al., 2021). Various measures of expertise have been117

used in the past. Most obviously, an individuals’ expertise can be measured based on118

previous performance on similar tasks (Lin & Cheng, 2009) or even the same task119

(Budescu & Chen, 2014; Mayer & Heck, 2022; Merkle et al., 2020; Merkle & Steyvers,120

2011). Moreover, one can take advantage of experts’ ability to accurately predict121

judgments of other individuals. For instance, experts are able to predict how likely122

others provide the same judgment (surprisingly popular method, Lee et al., 2018; Prelec123

et al., 2017) and which judgments are likely provided when asking others in general124

(social projection, Grüning & Krueger, 2021) or when asking their peers (peer125

prediction, Wang et al., 2021).126

Expertise has a positive effect on task performance in various contexts. In group127

decision making, the more individuals are aware of the expertise of other group128

members, the more accurate group decisions become (Baumann & Bonner, 2013).129

However, in such settings, it is crucial to explicitly communicate the expert status of130

group members before the discussion starts (Bonner et al., 2002). When eliciting131

independent judgments by a group of individuals, weighting these judgments by132

expertise improves the accuracy of the aggregated estimates (Budescu & Chen, 2014;133

Lin & Cheng, 2009; Mayer & Heck, 2022; Merkle et al., 2020; Merkle & Steyvers, 2011).134
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In such cases, expertise needs to be estimated statistically.135

Deviation of Presented Judgments from the Correct Answer136

We focus on two factors that may affect whether contributors in sequential137

collaboration adjust presented judgments and how accurate such adjustments are,138

namely, the accuracy of presented judgments and the expertise of contributors. In139

sequential collaboration, two aspects determine how difficult it is to accurately change a140

presented judgment. First, from a standard test-theoretical perspective, items or stimuli141

generally differ in how easy or difficult the correct answer is available (Embretson &142

Reise, 2000; Lord et al., 1968). Second, in sequential collaboration, individuals143

encounter not only the item itself but also a judgment by a previous contributor which144

may deviate more or less from the correct answer. In our studies, we focus on the145

deviation of a presented judgment from the correct answer, referred to as presented146

deviation, as an important predictor of whether and how much presented judgments are147

adjusted.148

We expect that as the presented deviation increases, judgments are adjusted149

more frequently since contributors can more easily detect whether they are able to150

provide a more accurate judgment. Furthermore, we hypothesize that with increasing151

deviation, contributors change the presented judgments to a larger degree as there is152

more opportunity for improvement:153

Hypothesis 1: With increasing deviation of the presented judgment from the154

correct answer, participants (1a) change judgments more frequently and (1b)155

provide larger improvements.156

The Role of Expertise157

When relying on the aggregation of independent judgments, weighing these158

judgments by expertise results in an increase in accuracy (Budescu & Chen, 2014; Lin159

& Cheng, 2009; Mayer & Heck, 2022; Merkle et al., 2020; Merkle & Steyvers, 2011). We160

hypothesize that sequential collaboration provides accurate outcomes because it results161
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in an implicit weighting of judgments by expertise. This follows when assuming that162

experts are able to distinguish between presented judgments they can improve and those163

they cannot improve. In sequential collaboration, an implicit weighing of judgments164

emerges due to the possibility to opt out of providing a judgment. When opting out and165

maintaining the presented judgment, participants assign more weight to the presented166

judgment. In contrast, when opting in and adjusting a presented judgment, participants167

give more weight to their own judgment compared to the presented judgment.168

The fact that judgments become increasingly more accurate over the course of a169

sequential chain (Mayer & Heck, 2021) indicates that contributors decide whether to170

opt in or opt out of revising the presented judgments according to their expertise. Such171

a process requires individuals to rely on task-related metacognitive knowledge about172

their expertise. Metacognition describes individuals’ “cognition about cognitive173

phenomena” (Flavell, 1979) which is divided into metacognitive knowledge and174

metacognitive control (Lai, 2011). In the context of sequential collaboration,175

metacognitive knowledge about one’s own expertise allows contributors to evaluate the176

accuracy of presented judgments and one’s own capacity to provide improvements177

(Kruger & Dunning, 1999). Given that contributors decide whether to opt in or opt178

out, sequential collaboration does not require the identification of experts. It is neither179

necessary to assign expert roles before group discussions, nor is it required to estimate180

expertise statistically as when eliciting independent judgments. Instead, contributors181

determine the weighting of judgments within sequential chains implicitly based on their182

metacognitive assessment of their expertise. Achieving high accuracy only requires a183

sample with sufficient diversity in task-related expertise (Davis-Stober et al., 2014).184

However, individuals may not have well-calibrated metacognitive knowledge185

about their own expertise. Specifically, the Dunning-Kruger effect, according to which186

individuals with low expertise overestimate their performance, may negatively affect187

judgment accuracy in sequential collaboration (Jansen et al., 2021; Kruger & Dunning,188

1999). Overestimating one’s knowledge may be a consequence of low expertise itself,189

since expertise is necessary both to perform well and to evaluate the accuracy of190
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judgments (Kruger & Dunning, 1999). In sequential collaboration, expertise is191

especially relevant for assessing the performance of others. For instance, when seeing a192

location judgment of Rome on a map of Italy, contributors require geographic knowledge193

both to evaluate the presented judgment and, when deciding to make a change, to194

provide an improved judgment. If this evaluation fails due to a lack of expertise,195

contributors with lower expertise may decide to adjust already accurate judgments and196

provide worse judgments. If many individuals suffer from the Dunning-Kruger-Effect,197

biased judgments will negatively affect the accuracy of sequential collaboration.198

Frequency of Adjustments to Presented Judgments. If contributors with199

higher expertise are better at detecting which judgments they can improve, the200

deviation of presented judgments from the correct answer will have a larger effect on201

change probability for contributors with higher expertise than for those with lower202

expertise. Imagine Rome being positioned either far away from the correct position203

(e.g., near Milan), closer to the correct position (e.g., near Naples), or at the correct204

position. Contributors with higher expertise should correctly adjust the incorrect205

judgments close to Milan and close to Naples, while realizing that they cannot improve206

the already correct judgment. In contrast, contributors with lower expertise may only207

know that Rome is roughly located in the center of Italy. Hence, they may recognize208

the incorrect position near Milan, but not the incorrect position close to Naples.209

Contributors with lower expertise may even adjust and worsen the already accurate210

position because they erroneously expect Rome to be closer to the eastern coast.211

This line of argument directly implies an interaction of expertise and the212

deviation of the presented judgment from the correct answer. However, it is less clear213

whether to expect a main effect of expertise on change probability. On the one hand,214

contributors with higher expertise should detect incorrect judgments with higher215

probability, but on the other hand, they should also maintain already highly accurate216

judgments. In our studies, most of the presented judgments deviate from the correct217

answer to a considerable degree, and hence, we predict a main effect of expertise:218
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Hypothesis 2a: Participants with higher expertise change presented219

judgments more frequently compared to those with lower expertise.220

Hypothesis 3a: Compared to participants with lower expertise, participants221

with higher expertise are better at distinguishing between judgments with222

larger than smaller deviations from the correct answer, in turn leading to a223

larger effect of the presented deviation on change probability.224

Accuracy of Revised Judgments.225

When deciding to adjust a presented judgment, we expect that contributors with226

higher expertise change judgments more accurately than contributors with lower227

expertise. Thus, we expect a main effect of contributors’ expertise on the improvement228

of presented judgments:229

Hypothesis 2b: Participants with higher expertise provide larger230

improvements to the presented judgments compared to participants with231

lower expertise.232

According to Hypothesis 3a, contributors with higher expertise should be better233

at detecting those judgments they can improve. Similarly, contributors with higher234

expertise should make especially large improvements to highly inaccurate presented235

judgments, only minor improvements to moderately inaccurate judgments, and no236

adjustments to correct judgments. In contrast, contributors with lower expertise may237

not be able to make similarly large improvements to highly inaccurate presented238

judgments, because they may also suffer from anchoring on the presented judgments239

(Mussweiler et al., 2004; Tversky & Kahneman, 1974). While contributors with higher240

expertise reach a certain level of accuracy when adjusting presented judgments,241

contributors with lower expertise may be more strongly influenced by the presented242

judgments. Therefore, we predict an interaction of expertise and the deviation of243

presented judgments from the correct answer with respect to the improvement of244

presented judgments.245
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Hypothesis 3b: For participants with higher expertise, the effect of the246

deviation of presented judgments on the amount of improvement is larger247

compared to participants with lower expertise.248

Experiment 1249

Methods250

In Experiment 1, we measured expertise in a city-location task before letting251

participants decide whether to change or maintain location judgments with varying252

distances to the correct answer. To this end, we draw on an established paradigm253

already used by Mayer and Heck (2021) to investigate sequential collaboration. In the254

original study, participants positioned 57 European cities on maps. We modified the255

paradigm with some of these items serving as measure of expertise while the remaining256

items were used to examine how participants adjust judgments in terms of change257

probability and accuracy. Thereby, expertise was operationalized as knowledge acquired258

in the past (Schunn & Anderson, 1999). The study design, sample size, hypotheses, and259

planned analyses were preregistered at https://aspredicted.org/blind.php?x=JZ7_K2K.260

Materials, analysis scripts, and data are available at https://osf.io/z2cxv/.261

Participants262

We recruited 290 participants who were compensated with 0.75€ for263

participation via a German panel provider for this study. However, we excluded one264

participant who provided judgments that were on average more accurate than the mean265

accuracy of judgments found in a small test sample in which we instructed participants266

to look up the correct locations of each city before providing a judgment. Furthermore,267

we excluded 8 participants who positioned more than 10% of the cities outside the area268

of the countries of interest. After these exclusions, the final sample comprised 281269

participants who were on average 46.49 years old (SD = 15.33) with 48.75% of270

participants being female. Concerning educational background, 15.71% had a college271

degree, 15% held a high school diploma, 31.07% had vocational education, and 38.21%272

had a lesser educational attainment.273
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Materials and Procedure274

Participants had to locate 57 European cities on 7 different European maps,275

namely 1) Austria and Switzerland, 2) France, 3) Italy, 4) Spain and Portugal, 5)276

United Kingdom and Ireland, 6) Germany, and 7) Poland, Czech Republic, Hungary277

and Slovakia. All maps had 800 × 500 pixels and were scaled to 1:5,000,000. Appendix278

A1 provides a list of all cities and the phase they were presented in.279

Participants first provided independent location judgments for 17 cities which280

served as a measure of expertise. We ensured a wide range in item difficulty by selecting281

cities based on the accuracy of independently provided judgments in a previous study282

(Mayer & Heck, 2021). Next, in the sequential phase, the remaining 40 cities were283

presented together with a preselected location judgment which was framed as a284

response of a previous participant. Figure 1 displays the map of Italy with four location285

judgments for Rome with different distances from the correct location. Separately for286

each city, participants decided whether to adjust or maintain the presented judgment287

before continuing to the next trial. All seven maps and the corresponding cities were288

presented in random order. Finally, participants provided demographic information,289

indicated their subjective expertise concerning the location of large European cities, and290

were debriefed and thanked for their participation.291

Unknown to the participants, the locations presented in the sequential phase292

were not provided by other participants but preselected to manipulate the presented293

deviation with the Euclidean distance to the correct answer (0, 40, 80, or 120 pixels).294

For each of the 40 cities, one deviation was randomly selected such that each was295

presented 10 times. Furthermore, we ensured that all levels of deviation occurred within296

each of the seven maps. As participants were deceived about the presented locations297

being judgments of other participants, the study was reviewed and approved by the298

ethical committee of the University of Mannheim and participants were debriefed after299

participation.300

To ensure that participants complied to the instructions, the online study was301
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Figure 1

Presented location judgments for Rome with different distances to the correct position.
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Note. Each participant was only presented with one of the four preselected judgments.

accessible only for participants using a computer (as opposed to mobile devices). We302

prevented looking up correct answers by implementing a time limit of 40 seconds for303

each response. Moreover, we already excluded participants during participation if they304

left the browser tab more than five times despite repeated warnings.305

Results and Discussion306

We estimated participants’ expertise based on the independently provided307

judgments to the first 17 cities. For each participant, we computed the mean of the308

Euclidean distances between the location judgments and the correct positions. To309

ensure that larger values indicate higher expertise, we use the negatively inverted310

distance as a measure for expertise in the analyses below. We examined the validity of311

this expertise measure by correlating it with the self-reported expertise about the312

location of European cities. The large, positive correlation of r = 0.43313
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(t(279) = 7.91, p < .001) indicates a satisfactory convergent validity.314

We tested Hypotheses 1a, 2a, and 3a concerning change probability using a315

generalized linear mixed model with a logistic link function. The model predicts the316

decision whether to adjust (= 1) or maintain (= 0) a presented judgment depending on317

expertise and presented deviation. We standardized our expertise measure for all318

analyses to address issues with model convergence. Moreover, we used a mean-centered319

linear contrast with values -1.5, -0.5, 0.5, 1.5 for the four levels of deviation of the320

presented locations from the correct location. The model accounts for the nested data321

structure by including random intercepts for items and participants (Pinheiro & Bates,322

2000).1323

Figure 2A displays the average change probability whereas Table 1 shows the324

estimated regression coefficients. In line with Hypothesis 1a, the linear contrast for the325

presented deviation was positive and significant (β = 0.444, CI = [0.392, 0.495]). The326

model also indicated a significant positive relationship between expertise and change327

probability, thus supporting Hypothesis 2a (β = 0.622, CI = [0.202, 1.042]).328

Furthermore, we found a significant interaction between expertise and the linear329

contrast for presented deviation (β = 0.218, CI = [0.165, 0.272]). However, contrary to330

our predictions, Figure 2A shows that individuals with higher expertise changed correct331

judgments more frequently than individuals with lower expertise which only partially332

supports Hypothesis 3a. The high change probability for accurate presented judgments333

can be explained by demand effects. Participants did not know that 25% of the334

presented judgments were already correct, and thus, they may not have expected that335

optimal behavior required to maintain a substantial proportion of the presented336

judgments.337

Before assessing whether the improvement depends on the presented deviation338

(Hypothesis 1a), expertise (Hypothesis 2b), and their interaction (Hypothesis 3b), we339

1 It is often recommended to include random slopes for within-person factors. However, our models

failed to converge when adding random slopes for the presented deviation.
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Table 1

Fixed-effects coefficients of the fitted (generalized) linear mixed models.

Independent Variable β SE 95% CI p

LL UL

Dependent variable: Change probability

Presented deviation 0.444 0.026 0.392 0.495 < .001

Expertise 0.622 0.214 0.202 1.042 .004Experiment 1

Presented deviation × expertise 0.218 0.027 0.165 0.272 < .001

Presented deviation (V-shaped contrast) 0.208 0.024 0.160 0.256 < .001

Presented deviation (linear contrast) 0.311 0.069 0.176 0.447 < .001

Expertise 0.566 0.213 0.148 0.984 .008

Presented deviation (V-shape) × expertise 0.067 0.031 0.006 0.128 .030

Experiment 2

Presented deviation (linear) × expertise -0.342 0.092 -0.522 -0.163 < .001

Presented deviation (V-shaped contrast) 0.141 0.013 0.116 0.167 < .001

Presented deviation (linear contrast) 0.367 0.038 0.292 0.441 < .001

Expertise 0.052 0.178 -0.297 0.401 .771

Presented deviation (V-shape) × expertise 0.075 0.018 0.040 0.111 < .001

Experiment 3

Presented deviation (linear) × expertise 0.052 0.053 -0.051 0.156 .322

Dependent variable: Improvement of presented judgments

Presented deviation 32.289 0.455 31.398 33.181 < .001

Expertise 15.545 1.047 13.492 17.598 < .001Experiment 1

Presented deviation × expertise 3.819 0.453 2.930 4.707 < .001

Presented deviation (V-shaped contrast) 6.770 0.229 6.320 7.220 < .001

Presented deviation (linear contrast) -0.591 0.566 -1.700 0.518 .305

Expertise 8.542 2.338 3.959 13.124 < .001

Presented deviation (V-shape) × expertise 0.666 0.241 0.194 1.138 .006

Experiment 2

Presented deviation (linear) × expertise -0.190 0.563 -1.293 0.912 .735

Presented deviation (V-shaped contrast) 6.653 0.185 6.290 7.016 < .001

Presented deviation (linear contrast) 0.791 0.465 -0.122 1.703 .089

Expertise 16.518 2.968 10.701 22.336 < .001

Presented deviation (V-shape) × expertise -0.024 0.257 -0.527 0.479 .925

Experiment 3

Presented deviation (linear) × expertise -1.516 0.627 -2.745 -0.287 .016

Note. All models included crossed random effects for participants and items. The models for change

probability (0 = no adjustment, 1 = adjustment) assumed a logit link function.
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assess the accuracy of the provided judgments. To this end, we only included trials in340

which participants actually adjusted the presented judgments. Accuracy was341

operationalized as the Euclidean distance between the adjusted and the correct342

location.2 Figure 2B displays the average distance to the correct position for the revised343

location judgments. Participants with higher expertise provided similarly accurate344

judgments for all levels of deviation. In contrast, for participants with lower expertise,345

inaccuracy of the revised judgments increased for larger presented deviations. This346

indicates that participants with lower expertise are prone to an anchoring effect.347

Next, we examined the improvement of presented judgments by computing the348

difference in accuracy between the revised and the presented judgment. The accuracy of349

presented judgments corresponds to the presented deviation (i.e., 0, 40, 80, or 120 pixels350

distance to the correct position). Positive (negative) values of the improvement measure351

imply that a revised judgment is more (less) accurate than the presented judgment. We352

used improvement as dependent variable in a linear mixed model with (standardized)353

expertise and presented deviation (linear contrast) as independent variables. Figure 2C354

displays the average improvement in judgment accuracy, whereas Table 1 shows the355

regression coefficients. As expected, improvements increased for larger presented356

deviations (Hypothesis 1b: β = 32.289, CI = [31.398, 33.181]) and higher expertise357

(Hypothesis 2b: β = 15.545, CI = [13.492, 17.598]). In line with the plot, the model358

also showed a significant interaction such that more knowledgeable participants showed359

a steeper increase in improvement than less knowledgeable participants (β = 3.819,360

CI = [2.930, 4.707]).361

2 The statistical analysis yielded similar results when including non-adjusted judgments in the analysis

with improvement scores of zero (main effect of expertise: β = 12.200, CI = [10.523, 13.876],

t(275.82) = 14.263, p < .001; main effect of deviation: β = 21.932, CI = [21.291, 22.574],

t(10, 861.76) = 66.979, p < .001; interaction of expertise and deviation: β = 5.726, CI = [5.085, 6.367],

t(10, 860.76) = 17.500, p < .001).
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Figure 2

Change probability, distance to the correct position, and improvement of presented judg-

ments in Experiment 1.
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Note. Points and vertical lines show the empirical means with the corresponding 99%

between-subjects confidence intervals, respectively. Violin plots indicate the distribution

of the dependent variable aggregated across items within each person.

Experiment 2362

Experiment 1 allows only weak causal conclusions since expertise was merely363

measured rather than manipulated. As a remedy, we implemented a new study design364

in which expertise was operationalized as a skill or strategy (Kruger & Dunning, 1999;365

Schunn & Anderson, 1999). While acquiring knowledge is usually a time-consuming366

process, acquiring skills or strategies can often be achieved much easier by learning and367

rehearsing (Anderson et al., 1997; Anderson & Fincham, 1994).368

We manipulated the level of expertise in a random-dots estimation task (Honda369
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et al., 2022) in which participants had to estimate the number of randomly positioned,370

colored dots. Participants in the experimental group learned a strategy to provide371

accurate estimates for the number of presented points. This strategy can also be used372

to evaluate the accuracy of presented judgments. In contrast, participants in the control373

condition completed a control task and should thus have a disadvantage in providing374

and evaluating judgments. In a pilot study, we examined whether the manipulation of375

expertise was successful and whether participants in the control condition came up with376

any solution strategy themselves, which was not the case. The preliminary data were377

also used to calibrate the time limit per item and to define outliers. Hypotheses, study378

design, sample size, and planned analyses were preregistered at379

https://aspredicted.org/DGV_R52. Materials, data and analysis scripts are available380

at https://osf.io/z2cxv/.381

Methods382

Participants383

We recruited 124 college students from the University of Marburg and a study384

exchange platform. Participants received course credit or the opportunity to take part385

in a gift-card lottery in exchange for participation. Of the 11 participants excluded from386

the analysis, one did not complete the study conscientiously, one vastly underestimated387

and one vastly overestimated the number of dots for most items, one almost always388

gave the correct number of dots, one did not answer attention-check questions about389

the instructions correctly, and six participants in the experimental condition indicated390

that they did not apply the learned strategy. The remaining 113 participants (69.03%391

female) had a mean age of 25.72 (SD = 10.14).392

Procedure393

Participants were randomly assigned either to the expertise-manipulation394

condition (referred to as “experts”) or the control condition (“novices”). Experts were395

introduced to raster scanning, a strategy for estimating the number of objects on a396

presented image more accurately by mentally overlaying a 3 × 3 raster on top of the397
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presented image. With the raster in mind, one can pick one of the nine areas with an398

approximately average number of dots and count the number of dots within this box.399

Participants simply had to multiply the result by nine to obtain an estimate for the400

total number of dots in the image. To make multiplication easier, we advised401

participants to multiply the number of dots by ten and then subtract the number.402

Participants in the control condition only read an essay about the importance of403

accurate judgments. Afterwards, both groups answered four attention-check questions404

concerning the instructions.405

First, all participants had to estimate the number of dots for five images. Only406

in the experimental condition, these five images were overlaid with a visible 3 × 3 raster407

to train raster scanning. Next, participants were presented with five more images, now408

without a raster. The judgments in this phase served as a manipulation check.409

Participants then saw 30 images, each with an (alleged) judgment of a previous410

participant and had to decide whether to adjust or maintain the presented number of411

dots. The images were shown in random order with a time limit of 60 seconds412

(including a warning after 40 seconds). As in Experiment 1, presented judgments were413

not actually provided by previous participants but rather preselected to manipulate the414

deviation from the correct answer. Lastly, participants provided demographic415

information and were asked whether they used raster scanning in the experimental416

condition, whether they used any special strategy to estimate the number of dots in the417

control condition, and whether they completed the study conscientiously.418

Materials419

We generated 30 images (600 × 600 pixels, see Figure 3) with white background420

depicting between 100 and 599 randomly-positioned, non-overlapping, colored dots421

using the R package ggplot2 (Wickham, 2016). Five of these images were used to train422

participants and five were used for the manipulation check. The remaining 20 images423

were shown jointly with an (alleged) judgment of the number of dots. These values were424

preselected and either correct or deviated ±35% or ±70% from the correct answer.425
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Moreover, for motivational purposes, we also showed 10 additional images depicting426

only 10 to 59 dots which were displayed with a judgment that was either correct or427

deviated ±20% or ±35% from the correct answer. For these items, it was very easy for428

participants in both conditions to detect whether the presented judgment was correct429

since the time limit allowed to simply count the small number of dots.430

Figure 3

Example images in the random-dots estimation task.

Note. Both images show 379 dots. The left image was used in the training phase for the

control condition. The right image displays the 3 × 3 raster overlaid during training in

the expertise-manipulation condition. Images presented for the manipulation check and

in the sequential phase resembled the left image.

Results and Discussion431

To test whether the manipulation was successful, we examined whether experts432

provided more accurate independent judgments than novices. As a measure of accuracy,433

we computed the percentage error for each item, defined as the absolute difference434

between the judgment and the correct answer, divided by the correct answer and435

multiplied with 100. Using this measure allowed us to analyze average accuracy across436

items even though the number of dots varied from 100 to almost 600. Including only437
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the independent judgments for the five items in the manipulation-check phase, we fitted438

a linear mixed model with condition as independent variable (dummy-coded with 1 =439

expertise, 0 = control). We found a significant negative effect of condition on the440

percentage error (β = −15.805, CI = [−23.593, −8.017], t(111.18) = −3.977, p < .001).441

Hence, our manipulation of expertise was successful with novices showing a mean error442

of 35.81% in contrast to experts who showed a mean error of only 20.00%.443

We first focus on Hypotheses 1a, 2a, and 3a using a generalized linear mixed444

model for change probability. While expertise was coded with a dummy contrast (1 =445

experts, 0 = novices), we used two orthogonal, centered contrasts for presented446

deviation. Since the presented deviation includes both over- and underestimation of the447

correct answer, we use a centered, V-shaped contrast (values: 4, -1, -6, -1, 4) to test448

whether change probability is lowest for correct presented judgments and increases the449

more the presented judgment deviates from the correct judgment. The regression450

coefficient of this contrast is positive for a V-shape, negative for an inverse V-shape,451

and zero for the absence of such an effect. Participants may not equally often adjust the452

presented judgments when these are over- or underestimating the correct judgment.453

Hence, we also include a linear contrast testing whether the slope of the V-shaped454

contrast differs for over- and underestimation of the presented judgment. A positive455

coefficient indicates a steeper slope for underestimation, a negative coefficient indicates456

a steeper slope for overestimation, and a value of zero indicates a symmetric V-shape.457

Figure 4A illustrates the average change probability including 99% confidence458

intervals. Change probabilities followed the expected V-shape as a function of the459

presented deviation. Moreover, experts generally changed items more frequently than460

novices. Table 1 shows the fixed-effects coefficients of the logistic model. Supporting461

Hypothesis 1a, the model revealed a significant, positive V-shaped contrast for item462

difficulty (β = 0.208, CI = [0.160, 0.256]). The positive linear contrast was also463

significant, indicating a smaller effect of the presented deviation (i.e., a smaller slope of464

the V-shape) for presented judgments underestimating the correct answer (β = 0.311,465

CI = [0.176, 0.447]). In line with Hypothesis 2a, we found a significant positive effect of466
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condition (β = 0.566, CI = [0.148, 0.984]). As expected in Hypothesis 3a, the467

interaction between condition and the V-shape contrast of the presented deviation was468

positive, meaning that experts better distinguished between accurate and inaccurate469

judgments (β = 0.067, CI = [0.006, 0.128]). However, experts adjusted already correct470

presented judgments more frequently than novices (Figure 4), and thus, our results only471

partially support Hypothesis 3a. Besides demand effects, this could also be due to the472

raster-scanning strategy providing only an approximate estimate of the actual number473

of presented dots. While the approximation leads to improved judgments, it is still474

prone to errors. Hence, for already accurate presented judgments, participants may have475

adjusted the judgment even though it already was correct. Lastly, we found a significant476

interaction between condition and the linear contrast of presented deviation, indicating477

that the V-shape is more symmetric (with respect to over- or underestimation of the478

correct answer) for experts than for novices (β = −0.342, CI = [−0.522, −0.163]).479

Next, we assess Hypotheses 1b, 2b, and 3b concerning the accuracy and amount480

of improvement of revised judgments. We thus consider only trials in which the481

presented judgment was adjusted. 3 The percentage error of the revised judgments is482

displayed in Figure 4B. Judgments of experts were generally more accurate than those483

of novices. In both conditions, accuracy appeared to be similar for all levels of484

presented deviation suggesting that there is no anchoring effect due to the presented485

judgments in both conditions.486

We statistically test Hypotheses 1b, 2b, and 3b by focusing on the percentage487

improvement, defined as the difference between the percentage errors of the presented488

and the revised judgment. We used a linear mixed model to predict the improvement of489

presented judgments using the same contrasts for condition and presented deviation as490

3 Similar results were obtained when analyzing all trials while assigning an improvement of zero to

maintained judgments (condition: β = 8.575, CI = [4.543, 12.607], t(111.02) = 4.168, p < .001;

V-shaped contrast for presented deviation: β = 4.833, CI = [4.484, 5.182], t(37.58) = 27.139, p < .001;

interaction of condition and V-shaped contrast: β = 1.197, CI = [0.792, 1.601], t(2, 117.18) = 5.800,

p < .001; all other effects were not significant).
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Figure 4

Change probability, percentage error, and percentage improvement of presented judgments

for Experiment 2.
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Note. Points display empirical means with error bars showing the corresponding 99%

between-subjects confidence intervals. Violin plots show the distribution of the dependent

variable for participants aggregated over items.

in the model for change probability. Figure 4C displays the mean percentage491

improvement of presented judgments including 99% confidence intervals and violin492

plots, while Table 1 shows the estimated regression coefficients. Supporting Hypothesis493

1b, presented deviation had a V-shaped effect such that presented judgments were494

improved more the larger the deviation from the correct judgment was. This effect was495

significant in the model-based analysis (β = 6.770, CI = [6.320, 7.220]). Compared to496

novices, experts improved presented judgments more if there was room for improvement497

and worsened already correct judgments less (β = −0.591, CI = [−1.700, 0.518]).498
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Furthermore, the model showed a positive interaction between condition and the499

V-shaped contrast for presented deviation (β = 0.666, CI = [0.194, 1.138]). This speaks500

for a larger anchoring effect for novices compared to experts, which provides evidence501

for Hypothesis 3b.502

Experiment 3503

While experiment 1 and 2 showed that change probability and improvement of504

presented judgments depend on expertise, they implemented only a single incremental505

step in sequential collaboration using preselected values for the presented judgments.506

Importantly, the effects should still hold if individuals encounter actual judgments of507

previous individuals rather than preselected judgments. The benefits of expertise on the508

accuracy of sequential chains of judgments should especially manifest for the final509

estimates.510

In the following, we derive additional hypotheses for sequential judgments made511

by groups of contributors. These hypotheses focus at the sequential-chain level rather512

than the individual level (as Hypotheses 1 to 3). Individuals with higher expertise513

should better distinguish between presented judgments provided by other experts and514

those by novices, which should in turn affect change probability and improvement of515

judgments. In contrast, novices are predicted to be worse at making this distinction,516

meaning that change probability is affected less by the status of the previous517

contributor, and that only judgments of other novices can be improved. Moreover, the518

more experts are assigned to a sequential chain, the more accurate the final estimates519

are expected to be. The improvements made by experts are less likely to be changed by520

others (and possibly worsened) if experts enter into the sequential chain later than521

sooner.522

Hypothesis 4: In sequential chains, experts change presented judgments of523

novices more frequently than those of other experts. In contrast, novices524

have similar change probabilities regardless of the expertise of the previous525

participant.526
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Hypothesis 5: In sequential chains, accuracy improves most when experts527

adjust judgments of novices. Smaller improvements occur when experts528

correct experts or when novices correct novices. In contrast, novices worsen529

judgments of experts.530

Hypothesis 6: The more experts are in a sequential chain, the better the531

final estimates. For sequential chains with the same number of experts and532

novices, final estimates are more accurate if experts are at the end of the533

chain than at the beginning.534

To test Hypothesis 1 to 6, we again relied on the random-dots estimation task535

using the raster-scanning strategy as a manipulation of expertise. However, we now536

implemented a sequential-collaboration paradigm in which participants actually537

encountered judgments made by previous participants. The design allowed us to538

manipulate the number and position of experts and novices in a sequential chain.539

The hypotheses, study design, sample size, and planned analyses were540

preregistered at https://aspredicted.org/HZT_QW3. Materials, data, and analysis541

scripts can be found at https://osf.io/z2cxv/.542

Methods543

Materials and Procedure544

We used the same experimental paradigm as in Experiment 2 with some minor545

changes. In the expertise condition, we already excluded participants during546

participation if they did not answer at least three questions about the raster-scanning547

strategy correctly. Thus, it was not necessary to exclude data from other persons in the548

same sequential chain later during the analysis. We also generated five new images for549

the sequential-collaboration phase.550

Participants were randomly assigned either to the expertise-manipulation or the551

control condition. We then built sequences of two participants, which differed with552

respect to status and order of the contributors (i.e., novice-novice, expert-novice,553
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novice-expert, and expert-expert). As in Experiment 2, the first participant in each554

chain saw preselected judgments which were either correct, ±35% or ±70% below or555

above the correct number of dots. The second participant in each chain then saw the556

revised judgments provided by the first participant. If the first participant maintained a557

presented judgment, the second participant encountered the same value.558

Participants559

We recruited 464 participants via a German panel provider who were560

compensated with 1€. One participant was excluded because they answered “1” to all561

items, which in turn required to remove another participant assigned to the same chain.562

Moreover, five participants were excluded due to duplicate assignments to sequential563

chains. The final sample included 457 participants (46.83% female) with mean age 46.16564

(SD = 14.36) and various educational background (college degree: 34.79%; high-school565

diploma: 26.04%; vocational education: 24.07%; lesser educational attainment: 15.10%).566

Results and Discussion567

We computed the same dependent measures as in Experiment 2. As a568

manipulation check, we fitted a linear mixed model to test whether the independent569

judgments for the five items during the manipulation-check phase were more accurate570

for experts than for novices. As expected, the expertise manipulation lead to a decrease571

of the percentage error (β = −28.898, CI = [−36.319, −21.477], t(111.18) = −3.977,572

p < .001) indicating that judgments of experts were twice as accurate as those of573

novices (mean error = 27.46% vs. mean error = 56.36%, respectively).574

Change Probability and Improvement of Judgment Accuracy at the575

Individual Level576

We first test Hypotheses 1 to 3 which refer to individual-level decisions and577

judgments. To analyze change probabilities in the sequential phase, we included only578

participants who saw the preselected judgments but not those who saw the judgments579

of other participants. Similar as in Experiment 2, we used a generalized linear mixed580
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model to predict whether a presented judgment was changed, using the same contrasts581

for presented deviation and condition. Figure 5A displays the average change582

probabilities in Experiment 3. As expected, the V-shaped effect of presented deviation583

emerged, while it was steeper for presented judgments that underestimated rather than584

overestimated the correct answer. Moreover, the plot does not indicate an effect of585

condition. This impression was supported by the model-based analysis (see Table 1). In586

line with Hypothesis 1a, the V-shaped contrast of presented deviation on change587

probability was significant (β = 0.141, CI = [0.116, 0.167]). The linear contrast of588

deviation was also significant, indicating a steeper slope for the left than the right limb589

of the V-shaped effect (β = 0.367, CI = [0.292, 0.441]). Contrary to Hypothesis 2a, the590

effect of experimental condition was not significant (β = 0.052, CI = [−0.297, 0.401]).591

The interaction between condition and the V-shaped contrast was significant592

(β = 0.075, CI = [0.040, 0.111]) indicating that the effect of presented deviation on593

change probability was slightly stronger for experts than for novices. As shown in 5A,594

experts adjusted presented judgments less often than novices if judgments were already595

correct, but more often if judgments deviated by ±70% from the correct answer.596

We tested Hypotheses 1b, 2b, and 3b concerning the improvement of presented597

judgments including only participants at the first chain position.4 Figure 5B displays598

the percentage error of the revised judgments. As in Experiment 2, participants599

achieved a certain level of accuracy in both conditions independent of the presented600

deviation, while accuracy was generally higher for experts than for novices. Figure 5C601

displays the improvement of presented judgments which followed a V-shaped pattern,602

with already correct presented judgments being slightly worsened. Fitting a linear603

mixed model for the percentage improvement provided similar results. We used the604

same contrasts for condition and presented deviation as above. In line with Hypothesis605

4 Similar results were obtained when including maintained judgments as providing an improvement of

zero (V-shaped contrast of deviation: β = 4.871, CI = [4.596, 5.145], t(5, 599.39) = 34.822, p < .001;

linear contrast of deviation: β = 1.143, CI = [0.417, 1.870], t(5, 599.24) = 3.084, p = .002; condition:

β = 12.784, CI = [7.998, 17.571], t(236.25) = 5.235, p < .001; all other terms were not significant).



EXPERTISE IN SEQUENTIAL COLLABORATION 28

Figure 5

Change probability, percentage error, and percentage improvement of presented judgments

for Experiment 3.
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Note. Points display empirical means with error bars showing the corresponding 99%

between-subjects confidence intervals. Violin plots show the distribution of the dependent

variable for participants aggregated over items.

1b, the model showed a V-shape effect of presented deviation (β = 6.653,606

CI = [6.290, 7.016]). Supporting Hypothesis 2b, the main effect of condition was607

significant, indicating more improvement of judgments for experts than novices608

(β = 16.518, CI = [10.701, 22.336]). In contrast to Hypothesis 3b, the interaction of609

condition and presented deviation was not significant (β = −0.024,610

CI = [−0.527, 0.479]). Moreover, the interaction between the linear slope for presented611

deviation and expertise was significant, indicating a steeper slope for the left than the612

right limb of the V-shape for experts compared to novices (β = −1.516,613
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CI = [−2.745, −0.287]).614

As robustness check, we also tested Hypotheses 1, 2, and 3 using judgments of all615

participants. The deviation of presented judgments thus becomes a continuous variable616

since participants at the second chain position may see revised judgments of participants617

at the first position. In the linear mixed models, we included the standardized deviation618

and the corresponding, quadratic trend as predictors. For this analysis, we excluded 44619

judgments provided by participants at the first chain position which had an percentage620

error of more than 200% since these judgments serve as presented judgments for621

participants at the second chain position and could obstruct the analysis.622

For change probability, the results were similar as when including only623

participants at the first chain position. The model showed a significant quadratic effect624

of presented deviation (β = 0.273, CI = [0.208, 0.338], z = 8.223, p < .001) and a625

significant interaction with condition (β = 0.362, CI = [0.262, 0.461], z = 7.098,626

p < .001), whereas the effect of condition on change probability was not significant627

(β = −0.232, CI = [−0.490, 0.025], z = −1.768, p = .077). Concerning the improvement628

of the presented judgments, results were again similar to analyzing only participants at629

the first chain position. We found a positive effect of the quadratic trend of deviation630

(β = 19.345, CI = [18.245, 20.445], t(7, 197.89) = 34.466, p < .001) and a positive effect631

of condition (β = 15.575, CI = [10.649, 20.501], t(555.30) = 6.197, p < .001) while the632

interaction was not significant (β = 0.389, CI = [−1.102, 1.879], t(7, 182.28) = 0.511,633

p = .609).634

Change Probability, Judgment Accuracy, and Improvement of Presented635

Judgments at the Chain Level636

We tested the hypotheses at the chain level based on the data of participants at637

the second chain position. Concerning Hypothesis 4, we fitted a generalized linear638

mixed model to predict whether change probability differs between the four639

compositions of sequential chains (i.e., novice-novice, expert-novice, novice-expert, or640

expert-expert). For this purpose, we implemented two contrasts: one comparing641
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novice-novice chains against expert-novice chains, and another comparing novice-expert642

chains against expert-expert chains. In line with Hypothesis 4, change probability was643

larger for novice-expert than for expert-expert chains (β = 0.326, CI = [0.063, 0.588],644

z = 2.432, p = .015) while novices changed the entries of experts and novices similarly645

frequently (β = 0.136, CI = [−0.098, 0.370], z = 1.140, p = .254). As illustrated in646

Figure 6A, novices showed similar change probabilities when encountering judgments of647

novices and experts, while experts were more likely to change judgments of novices648

compared to those of experts.649

Figure 6

Change probability, accuracy, and amount of improvement for the four compositions of

sequential chains in Experiment 3.

0.00

0.25

0.50

0.75

1.00

novice−
novice

expert−
novice

novice−
expert

expert−
expert

C
ha

ng
e 

pr
ob

ab
ili

ty

A

20

40

60

novice−
novice

expert−
novice

novice−
expert

expert−
expert

P
er

ce
nt

ag
e 

er
ro

r 
of

fin
al

 e
st

im
at

es

B

−30

0

30

60

novice−
novice

expert−
novice

novice−
expert

expert−
expert

Composition of the sequential chain

P
er

ce
nt

ag
e 

im
pr

ov
em

en
t

of
 p

re
se

nt
ed

 ju
dg

m
en

ts

C

Note. Points display empirical means with error bars showing the corresponding 99%

between-subjects confidence intervals. Violin plots illustrate the distribution of changes

and jugdments aggregated for each participant across items.
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To test Hypothesis 5, we only considered judgments that were adjusted by650

participants at the second chain position5 and implemented a linear mixed model with651

percentage improvement as dependent variable and type of sequential chain as predictor.652

We additionally used Helmert contrasts to test our hypothesis by contrasting the653

novice-expert chain with all other chains, the expert-novice chain with the novice-novice654

and expert-expert chains, and, lastly, testing the novice-novice and expert-expert chains655

against each other. Figure 6C displays the empirical means for percentage improvement656

for all compositions of sequential chains. In line with this pattern and Hypothesis 5, we657

found a significant contrast for the novice-expert sequential chain (β = 3.760,658

CI = [1.264, 6.256], t(215.08) = 2.952, p = .004). Furthermore, we found a significant659

contrast for the expert-novice chain (β = −3.852, CI = [−7.227, −0.477],660

t(221.47) = −2.237, p = .026). In fact, as Figure 6 displays, novices worsen judgments661

of experts. Lastly, we did not find a significant difference in improvement between662

expert-expert and novice-novice groups (β = −5.965, CI = [−12.137, 0.208],663

t(222.70) = −1.894, p = .060). These findings are in line with Hypothesis 5.664

To test Hypothesis 6, we fitted a linear mixed model with percentage error of the665

final judgment in a sequential chain as dependent variable and chain composition as666

predictor. Depending on whether participants adjusted the presented judgment, the667

final judgment could either be the presented judgment, the judgments entered by the668

first participant, or the judgment entered by the second participant. We used a linear669

contrast to test for a decreasing percentage error and thus increasing accuracy across670

chain compositions.671

In line with Hypothesis 6, we found a significant linear trend between chain672

composition and accuracy of the final estimates (β = 5.779, CI = [2.199, 9.359],673

5 Similar results are obtained when maintained judgments are considered as not improved with a value

of zero (β = 3.182, CI = [1.195, 5.169], t(214.61) = 3.139, p = .002 for comparing relative improvement

of judgments of novice-expert chains to all other types of sequential chains, β = −2.985,

CI = [−5.633, −0.336], t(214.50) = −2.209, p = .028 for comparing expert-novice chains to

novice-novice and expert-expert chains, and β = −3.404, CI = [−8.161, 1.352], t(214.60) = −1.403,

p = .162 for comparing expert-expert and novice-novice chains).
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t(216.79) = 3.164, p = .002). This pattern is displayed in Figure 6B showing that the674

percentage error was largest for sequential chains with two novices and smallest for675

sequential chains with two experts. Regarding mixed sequential chains which included676

both an expert and a novice, the percentage error was smaller when chains ended rather677

than started with an expert.678

General Discussion679

Our three experiments show that the probability of changing a presented680

judgments depends on its deviation to the correct answer (Hypothesis 1a), on681

participants’ expertise (Hypothesis 2a), and on the corresponding interaction682

(Hypothesis 3a). However, Experiment 1 and 2 did not provide evidence for the683

interaction, whereas Experiment 3 did not indicate an effect of expertise. Presented684

deviation, expertise, and their interaction also affected the amount of improvement685

made to presented judgments (Hypothesis 1b, 2b, and 3b), while the interaction was686

not supported in Experiment 3. Experiment 3 investigated sequential chains of687

contributors, showing that experts adjust judgments of novices more frequently than688

those of other experts (Hypothesis 4), that experts improve judgments of novices most689

(Hypothesis 5), and that final estimates become more accurate the more experts are in690

a sequential chain and the later they enter (Hypothesis 6).691

Overall, expertise is an important predictor of change probability and the692

amount of improvement of judgments in sequential collaboration. This supports the693

theoretical assumption that contributors adjust and maintain judgments based on their694

expertise which in turn results in an implicit weighting of judgments. Even though this695

weighting happens at the individual level within each sequential step, the increased696

accuracy due to overweighting judgments of experts can be observed at the chain level.697

Still, the number of experts and the position in which they enter a sequential chain698

affects the accuracy of group estimates. Accurate judgments of experts at the beginning699

of a sequential chain may be obstructed by novices later, in turn resulting in reduced700

accuracy. In contrast, possibly inaccurate judgments by novices at the beginning can be701
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corrected by experts later.702

Our findings also add to the literature on the wisdom of crowds, supporting the703

notion that weighing judgments by expertise increases accuracy (Budescu & Chen, 2014;704

Mayer & Heck, 2022; Merkle et al., 2020). In contrast to other experimental designs and705

statistical techniques, sequential collaboration does not require researchers to identify706

experts before or after the judgment task, respectively. Instead, sequential collaboration707

results in an implicit weighting of judgments which is determined by the contributors’708

meta-cognitive assessment of whether they can improve the present judgments.709

Future Research Directions710

Our three studies are limited in that they only examined the effect of expertise711

for short sequential chains with only two contributors. We expect that the effects on712

change probability and improvement of judgments should similarly hold for longer713

sequential chains, given that participants were not aware about the number of714

contributors. However, this assumptions needs to be tested using experiments with715

longer chains.716

Other variables besides expertise may also affect the frequency and improvement717

of judgments in sequential collaboration. Specifically, individuals’ confidence will likely718

determine the decision whether to adjust a judgment. Domain expertise can be a source719

of high confidence if individuals do not hold erroneous belief (Koriat, 2008, 2011).720

However, confidence can also stem from miscalibrated meta-cognition (Kruger &721

Dunning, 1999) or from item-specific knowledge. Especially for general knowledge722

questions, contributors’ knowledge for specific facts becomes relevant. For instance,723

contributors may know the location of certain cities since they lived there or recently724

visited them. Future research should thus examine the role of confidence in sequential725

collaboration.726

While our studies show that expertise predicts change probability and the727

amount of improvement in sequential chains of judgments, it remains unclear whether728

the increased accuracy is due to the sequential judgment process itself or due to the729
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possibility to opt out of answering. Providing the opportunity to opt out increases the730

accuracy of independent individual judgments, since individuals can use their731

metacognitive knowledge to select those tasks that fit their individual expertise best732

(Bennett et al., 2018). Future research should thus disentangle the effects of the733

sequential judgment-elicitation process and of the opportunity to opt out of providing a734

judgment.735

Conclusion736

Sequential collaboration is a key mechanism found in many large-scale, online737

collaborative projects. Our studies show that expertise is an important predictor of738

whether individuals adjust or maintain presented entries, how much they improve an739

entry, and how accurate the final estimates are. Thereby, we provide evidence for the740

implicit-weighting of expertise in sequential collaboration, which may contribute to the741

high accuracy of online collaborative projects.742
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