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Abstract

Interacting to reach a shared decision is an omreptemponent of human collaboration.
We explored the interaction between dyads of indiaid with different levels of expertise.
The members of the dyads completed a number lineptasktely, jointly and privately

again. In the joint condition, dyad members shdhed private estimates and then negotiated
a joint estimate. Both dyad members averaged theiatgrindividual estimates to determine
joint estimates, thereby showing a strong equalig. Their performance in the joint
condition exceeded the performance of the dyad’s best estimator, demonstrating interaction
benefit, only when the dyad members had similarlteoEexpertise and when the averaged
dyad performance was sufficiently accurate. At the@rtte task, participants rated their

and their partnés level of competence. Participants were accurateassifying themselves

as the expert or the novice within the dyad. Nevéstise novices tended to overestimate their
ability as they admitted to being less competemnnly slightly worse than their expert
partner. Experts, instead, believed themselves tadre competent but were humble and
considered their performance only marginally bettanttiheir partner. Overall, these results
have important implications for settings in which pleopith different levels of expertise
interact.

Keywords: Decision making, Numerical cognition, hatetive minds, Expertise, Number line.
Statement of the public significance:

Interaction to reach a shared decision is an omreptemponent of human collaboration,
and is presented in different scenarios from the iass, to the workplace, and the army.
Among pairs of individuals (dyads) with different les@lf expertise, it is desired that
novices will profit the most from collaborating wieim expert. We showed that the two
members of the dyad, regardless of their level of eigeergreatly adopted an averaging
strategy assigning asqual weight to their estimates. Interaction was bemndfivhen the

dyad members had similar levels of expertise and yretheir own, they were sufficiently
accurate. Moreover, novices tended to overestimateahiity as they admitted to being less
competent but only slightly worse than their partiemperts, instead, believed themselves to
be more competent but were humble and consider&dpgréormance only marginally better
than their novice partner.
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thank Mihaela Duta for programming the number line.tasks work has been supported by
the European Research Council (Learning&Achieveme&083). BB was supported by the
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Introduction

Many group decisions are made by counting the nummibestes in favour of each
available option- with the option favoured by most votes being thensr. Under this rule,
each vote carries the same weight, regardless of the voter’s expertise. However, in everyday
life, we often weight the opinions of others’ according to their estimated level of expertise.
Weighting opinions appropriately is especially impoat when individuals with different
levels of expertise are brought together to reach gpgieuision (Grofman, Owen, & Feld,
1983) This situation arises in many learning and edoaali contexts, such as school
classrooms where students with different abilitiestaought together to work on a common
project. Here, we tested how individuals with differlaviels of expertise combine
(continuous) estimates into a joint estimate indbietext of a numerical task and tested
whether the benefit of interaction differs for novices argerts.

Research on judgement and decision-making has sh@awiisimple) averaging (or
the median) of continuous estimates obtained frdferént individuals can improve
accuracy in a range of domain®ften over and above the single-best individuahestie
(Armstrong, 2001; Clemen, 1989; Galton, 1907; JacgbBobhbsMarsh, Liberman, &
Minson, 2011; Minson, Liberman, & Ross, 201A% a ruleef-thumb, averaging unbiased
but noisy estimates causes uncorrelated errors tecaunt (Bruce, 1935; Eysenck, 1939;
Galton, 1907; Gordon, 1924, 1935; Preston, 1938{t5m®31) Averaging, however, only
works well when the individual estimates are equbitkgly to fall on either side of the truth
a principle known as the ‘bracketing principle’. When the individual estimates are biased
towards the same side of the truth (overestimatiamderestimation by both dyad
members), the average estimate is, at best, as tzasrthe single-best individual estimate

(Jacobson et al., 2011; Larrick & Soll, 2006; Minsbale 2011; Soll & Larrick, 2009).
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Averaging can be beneficial not only for groups dabdor single individuals. For
example, the average of two estimates from the samtieipant tend to be more accurate
than either estimate (Vul & Pashler, 200Bhis within-individual benefit may arise when the
two estimates are ‘incorrect’ in different ways — for example, because the estimates are based
on different sources of knowledge (Herzog & Hertwigd2PThis ‘dialectal bootstrapping’
can be induced by asking people for a second opiitan considering the opposite stance
(Lord, Lepper, & Preston, 1984) or reasoning whyrthefial estimate might be incorrect
(Hoch, 1985)Individuals may also spontaneously engage in diallédotstrapping after
having had experience with combining the estimateth®rs with their own. For example,
Liberman et al. (2012) found that, after dyad membarkinteracted about joint estimates,
subsequent individual estimates reached a high téaccuracy- a result which does not
depend on feedback (Minson et al., 20ddfask expertise (Jacobson et al., 20The
guestion remains, however, whether interacting iddials would use weighted averaging to
combine continuous estimates in the face of diffezsnic expertise.

A recent set of studies, using visual psychophysiase shown that dyad members
only obtain a true interaction benefithat is, when joint decisions are more accurate than
those of the best dyad membershen they have similar levels of expertise (Bahrami,
Didino, Frith, Butterworth, & Rees, 2013; Bahrami ef 2012a, 2012b; Bahrami et al., 2010;
Bang et al., 2014; Mahmoodi, Bang, Ahmadabadi, & Bahra@i3). This pattern of
responses is thought to arise because dyad memisegs agual weights to their opinions
(akin to simple averaging), even when they are exjliciformed about their differences in
expertise or offered monetary incentives to maximis@ jbint accuracy (Mahmoodi et al.,
2015).This “equality bias” might be of a social nature; for example, thevice’ may insist
on playing a role, or the “expert” may feel obliged to treat the novice as an equal (Harvey &

Fischer, 1997; Mahmoodi et al., 201B)might also arise because people often are bad at
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identifying the relative expertise of diffettegroup members (Henry, 1995; Miner, 1984;
Trotman, Yetton, & Zimmer, 1983); for example, exsertis often judged from cues such as
confidence and tendency to talk (Littlepage, Romis Reddington, 1997), which correlate
poorly with expertise in some domains (Klayman, Seibnzalez-Vallejo, & Barlas, 1999)

Here we sought to bring together, on one hand, eareh on estimation strategies
and, on the other hand, research on the effect of eliféers in expertise on joint accuracy. To
induce differences in expertise, participants withkgaounds in either math®r humanities
(combination of participants: Maths-Maths, Maths-Huitias, and Humanities-Humanities)
estimated the location of different numbers on a nurbe privately, together and privately
again. Within each dyad, we classified participag®xperbr novice basdon ther
performance on the number line task (Sella, Sdaslipt, & Cohen Kadosh, 2016; Siegler &
Opfer, 2003).

First, we asked how the benefit of joint performamaged with individual expertise.
We would expect the joint responses to be more atethan the pre-interaction estimates
made by novicesvhereas we would expect such an improven@he smallerfor experts
(Minson et al., 2011 Nevertheless, the dyadic interaction might bring aebefi.e., joint
decisions might be more accurate than those of thiedgad member) when the two
members of the dyads have similar levels of expefBadrami et al., 2013; Mahmoodi et al.,
2013) Second, we asked whether novices were more swayttel®xperts- or whether the
useof a simple averaging strategy would prevail. Lastly, skeml how any post-interaction
benefit varied with individual expertise. We wouldoextthat novice’s post-interaction
performances higher than their pre-interaction performance, wheseah an improvement
would be limited or possibly absent for experts (Lib&nnet al., 2012). For example, novices
might recognise their poor performance in comparisibh experts and then adjust their

mapping strategy when performing the number line taske post-interaction condition.
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Method

Participants

Sixty university students (26 malédage=20.68,SD=2.45) from the faculties of maths
and humanities took part in the present study. Bnepte size was doubled compared to a
previous study exploring individuals' interactiortie numerical domain (Bahrami et al.,
2013; Experiment 1)T'he maths (n=31) and humanities (n=29) students a&signed to a
dyad according to their availability, resulting8rmaths-maths, 7 humanities-humanities and
15 maths-humanities dyad@aticipants did not know each other in advance ancewer
compensated for their time (approximately 1 hour 20 tesjuwith £5 and entry into a lottery
to win £100. The study was approved by the Medszaénces Inter Divisional Research
Ethics Committee at University of Oxford.
Tasks

The Number line task (Sella, Sader, Lolliot, & Coladosh, 2016; Siegler & Opfer,
2003) This task required participants to locatiarget number on a visual horizontal line,
where only the extremes of the line were labelldte Mumber line task was originally
implemented by Siegler and Opfer (2003) to investigat®erical estimation in children and
adults. It has been repeatedly found that the patteestimates shifts from a biased (log-
like) to an accurate (linear) mapping when childrengase their numerical knowledge and
experience with the proposed numerical intervals (8ie% Booth, 2004). For instance,
second graders display an accurate mapping whemglaagmbers in the interval 0-100 but
still display a biased mapping with the interval@0. The biased pattern was originally
thought to resemble the logarithmic compression eintlental number line (Dehaene, 2Q03)
However, several alternative theoretical accounts baea proposed to explain the shift
from biased to linear mapping (Barth & Paladino, 20ddhen & Sarnecka, 2014; Hurst,

Leigh Monahan, Heller, & Cordes, 2014; Moeller, Pixd&aufmann, & Nuerk, 2009). In
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particular, it has been suggested that the performartbe number line task can be
interpreted as a proportional judgment (Barth & Paladd®11). Accordingly, adults seem to
implement a proportional estimation strategy, whiahallg leads to high level of accuracy
(Cohen & Blanc-Goldhammer, 2011; Sullivan, Juhaszi&Sia & Barth, 2011), even though
individual differences can emerge. For instance, eratticians outperformed non-
mathematicians when mapping positive numbers ofirigalbeit this relation is fully
explained by visuospatial skills (Sella et al., 20Bmilarly, those with better mental
rotation abilities are able to perform more accuyatel the number line task (Thompson,
Nuerk, Moeller, & Cohen Kadosh, 2018&)verall, the task requires knowledge of the
symbolic numerical system, the representation of syimbhamerical quantities, strategies to
map numbers onto space and visuospatial skills (8et&, 2016; Sullivan et al., 2011).

Each trial began with the presentation of an unmarkedber line extending from -
1000 to +1000, with the same target number displayede both extreme ends (Figure 1).
On each LCD monitor, the white number line was preskean a black background across
1000 pixels; each key press moved the slider bypored, which corresponded to two
numerical magnitudes on the number line. The monit@re identical, widescreen (51cm x
32cm) and had a spatial resolution of 1920 x 1208IpiXVe created the task in Matlab,
using the Psychophysics Toolbox extensions (Brain®&®@l/1Kleiner et al., 2007; Pelli,
1997)

The task was composed of four sequential conditipresinteraction, tdze-shared,
joint and post-interaction (Figure.Borty-eight different target numbers were presented for
each condition, except for the-be-shared and joint conditions in which the same targe
numbers were displag To avoidarepetition effect, different target numbers were presente
in the pre-interaction, tbe-shared, and post-interaction conditions. In eactdition, half of

the target numbers were positive and half were negahough the same absolute values
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were used for both halves. None of the numbers digrgible by five and none fell within
100 digitsof the endpoints (-1000 and +1000). Numbers that hestet criteria were selected
pseudorandomly and presented in a pseudorandom ottkeemdgnitude of target numbers
was similar across conditions (Pre-interaction: M=&105257; Tobe-shared: M=408,
SD=228; Post-interaction: M=39@D=205). Every participant was presented with the same
numbers in the same order. Two practice trials weesgnted at the beginning of each
condition.

In the pre-interaction condition (Figure 1a), particigaprivately estimated the
location of the target numbers on the line by prestie left and right arrow keys to move
their slider to the desired position. All slidereng initially presented at the extreme left or

right of the number linen negative and positive target trials respectively.

---- Please insert Figure 1 here------------------------
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Figure 1. Diagram of the number line task.a) An example o& number line task trial in the
pre-interaction condition: The novice and expert cletegl 48 trials without interacting. b)

An example of the tde-shared and joint conditions: in thelbe-shared triglthe novice and
expert privately estimated the position of a targehhber (in white boxes) on the line;
thereafter, in the joint trial, participants could Heeir estimates from the previous trial (i.e.,

a tobeshared one), distinguished by red and blue coloarhie same number line. Then, the
two members of the dyad alternately adpadhe slider to reach a shared joint estimate. c) An
example of a trial in the post-interaction conditionvice and expert completed 48 trials
without interacting. d) The configuration of monitorsdgparticipants in the testing room.

Upon completion, participantsessed the ‘Next’ key (i.e., the“b” key for the red

participant and théup arrow key for the blue participant; the keys were labefisdxt”
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with stickers), received no feedback and waited feir thartner to finish before progressing
onto the next trial. In order that individuals did netognise whether they were the slower or
faster member of the dyad, participants were inforrhatithey were waiting for the

computer to load the next number line. A random délayying between 1 and 3 seconds)
was inserted between the point at which the slowest dyad member pressed ‘Next’ and onset

of the next trial.

In the tobe-shared condition (Figure Lidhe nature of the task was identical to the
pre-interaction condition except participants wera@ihat the next trial was a joint one. |
the joint condition, both dyad members were simmdtausly shown the locations of their own
and theirpartner’s estimates from the previous trial (i.e., a tobe-shared one), distinguished
by different colours on the same number line (i.e.elalnd yellow, even though in the figures
we used red and blue to increase discriminabil@ne of the dyad members (A from hereon)
was handed control of a joint slider, which was g@lsgsented on the same number line. It
was alternated across trials whether dyad member AveadBhanded first control of the joint
slider. Participant A was encouraged to discuss teeatklocation of the joint response,
move the slider to this location and then press ‘Next’, after which control of the joint slider
was handed to participant B. Participant B either adjusted the joint slider’s location (in the
case of disagreement) or not (in the case of agreement) and then pressed ‘Next’ to hand
control back to participant A. This turn-taking progesntinued until both the participants
stopped readjustingpe slider before pressing ‘Next’. The entire process was displayed to
both dyad members on each of their monitors simatasly.

Finally, participants completed the post-interactondition (Figure 1c) in which the
nature of the task was identical to the pre-interaatmndition, except that participants were

aware that this was the last phase of the task. &dr estimate, we calculated the absolute
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deviation (see formula below) as a measure of erroraasiane in previous studies (Sella et
al., 2016).
absolute deviation = |estimate — target number |

Competence scalParticipants estimated theirs and their partner’s competence in the
computational estimation task and in the numbertiisk separatelgy writing down a
whole number between 1 and 100, where 1 indicatgsegtimates were extremely
inaccurate/very far from the true answer and 100 inelgcttat estimates were extremely
accurate/very close to the true answer. One dyadadidamplete the competence scale then

the following analysis is limited to 29 dyads.

Procedure

Participants reported their field of study, togethehwi¢ mographic information (age,
gender, university, degree type, year of study, natity and ethnicity), on the questionnaire
provided. Participants were informed of whether thgadic partner was studying maths or
one of the humanities. Throughout the study, partitgpaat in the same room at right angles
to one another, each with their own keyboard and tao(figureld). After completing the
demographic questionnaire, participants completedirtsteten trials ofa computational
estimation task and then the conditions (pre-inteyacto-be-shared, joint, and post-
interaction) of the number line task. At the endh&f humber line task, participants
responded to the remaining ten trials of the contjrtal estimation task. Finally,
participants estimated theirs and theirtner’s competence in the computational estimation
task and in the number line task using the competenale. The results from the
computational estimation task are reported in tipplementary materials. Specifically, the
pattern of results (see below) remained stable wieenategorised participants in expert and

novices using the performance in the computatios@ination task (see supplementary
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materials) The data can be fourad

https://osf.io/lwnzhm/?view_only=f92fa71c4a88452{b32392c6b94f6.

Results

Statistical analyses were conducted using thesioéierare JASP (JASP Team, 2017)
using default priors and (R Core Team, 2014) along with the package ggplotgraphs
(Wickham, 2009)We ran Bayesian analyses and reported Bayes factois) @®ressing
the probability of the data given H1 relative to H@.(ivalues larger than 1 are in favour of
H1 whereas values smaller than 1 are in favour of HOjabke of model comparison, we
computed the BF as the ratio between theoBFthe first model and the B&of the second
model (i.e., values larger than 1 are in favour offits¢ model whereas values smaller than 1
are in favour of the second modé&le described the evidence associated with BFs as
“anecdotal” (1/3 < BF <3), “moderate” (BF <1/3 or BF > 3) “strong” (BF < 1/10 or BF >
10), “very strong” (BF < 1/30 or BF > 3Qhnd “extreme” (BF < 1/100 or BF > 100)
(Jeffreys, 1961). Results from NHST approach andcestsal p-values can be found in the

supplementary materials.

Participants

There was anecdotal evidence for a difference in adehenodds of being
British/other nationality, Caucasian/other ethnicityaorundergraduate/postgraduate between
maths and humanities students or between (see belperts and novices (all Bfos
between 0.31 and 2.19). There was strong evidendegber odds of being male for maths
students than for humanities students;B+20. However, there was anecdotal evidence for

a difference in the odds of being male between expadsovices, B =0.36.

Number line task
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For each participant in each task condition, weuwated the mean absolute deviation
and removed those trials below and above three atdrmtkviations (percentageftrials
removed: 1% in the pre-interaction condition, 0.7@Pthie tobe-shared condition, 0.35% in
the Joint condition, 0.97% in post-interaction caiodi).

We classified participants as experts and novicesdan their performanceio-be-
shared condition of the number line task becausetndition represents the estimates that
participants were about to share with their partnerginy determining the actual level of
expertise within the dyad. Hence, the more accumat®pner within each dyad was labelled
the expert (n=30) and the less accurate member walkddbhe novice (n=30).

In the joint condition, experts and novices evaluahbeit estimates from the toe-
shared trial and then negotiated a joint estimatas€guently, both experts and novices
obtained the same absolute deviations in the gmndition. Nevertheless, to be thorough, we
analysed the absolute deviation (log ba6¢ransformed) in a Bayesian mixed ANOVA with
Condition [pre-interaction, tbe-shared, joint, post-interaction] as a within-subjéatfor
and Expertise [Expert, Novice] and Dyad type [Mathsf#idaMaths-Humanities,
Humanities-Humanities] as the between-subjects facide inclusion of Dyad type into the
model led to an inclusion Bayes factor of 0.095 (Bitsis obtained from averaging BFs from
all the models including a specific effect, compaiedll models that do not include the
effect), therefore the Dyad type was removed from thdelnd here was extreme evidence in
favour of the model including the interaction Coralitix Expertise compared to the model
with the two main effects (BF>100)Ve compareexperts’ and novices’ absolute deviations
in the pre-interaction, tbe-shared, and post-interaction conditions as wetllzserving
within each group whether there were relevant differebetseen pre-interaction and be-
shared, tdse-shared and joint, joint and post-interaction, aretipteraction and post-

interaction conditions using Bayesian t-tests (FiQUrél he experts displayed less absolute
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deviation in the pre-interaction (Experts: M=1.688=0.13; Novices: M=1.81SD=0.12;
BF10>100, extreme evidence) and post-interaction condittbmpared to novices (Experts:
M=1.57,SD=0.12; Novices: M=1.745D=0.16; BR¢>100, extreme evidence). Both groups
displayed a reduction in absolute error from theipteraction to the tdoe-shared conditions
(Experts:BF1=72, very strong evidence; Novic&f15>100, extreme evidence). Only
novices displayed a reduced absolute deviatiohendint condition compared to the be-
shared condition (Joint condition, M=1,585=0.12; NovicesBF10>100, extreme evidente
whereas experts’ absolute deviation remained stable (Experts:BF10=0.21, moderate
evidence). Novices also showed an increase in alesd@wiation in the post-interaction
condition compared to the joint condition (NovicB&10>100, extreme evidence) whereas
experts’ performance appeared to remain stable (Experts:BF15=0.25; moderate evidence)
Finally, only experts displayed a strong reductioalisolute deviation in the post-interaction
condition compared to the pre-interaction conditiérperts:BFi0=24, strong evidence)
whereas this difference appeared to be modest forddseyNovicesBF10=4.77; moderate
evidence)A detailed comparison of expertsd novices’ spatial mapping can be found in

the supplementary materials.

---- Please insert Figure 2 hefe------------------------
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Figure 2. Mean absolute deviation (logo transformed) in the number line task for each
condition separately for experts (blue dots) and novicgsed dots; error bars represent
95%Cls).
Joint strategy

In the following analyses, we aimed to individuateetWter experts or novices led the
positioning of the joint estimates on the line. Aahally, we investigated the distribution of
joint estimates in order to assess the presence Hging.

In the joint condition, each member of the dyad saw the other’s member estimate
from the tobe-shared trial and then both members negotiatethagstimate. We removed
from the analysis eleven triaia which the expert and novice provided exactly th@e
estimate in the tibe-shared condition and therefore no negotiatios ngguired to obtain
their joint response. For each joint trial, we defitiee decision maker (i.e. the main
contributor) as the participant who moved the slidere (as measured in pixels). In 14% of

trials, each member of the dyad moved the slideraheeswumber of pixels along the line, so

their contribution was equal (i.e., “equal contribution” in the same trial). The experts moved
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the mouse cursor more pixels compared to the novicg3% of trials, whereas in the
remaining 43% of trials the novices moved the mawssor more pixels. Therefore, the two
members of the dyad contributed equally to the jestimates across trials.

Figure 3 shows the percentage of estimates in thegoindition as a function of the
proportional distance between thevice’s (x=0) and the expert’s (x=1) estimates in the to-
be-shared condition. For instance, consider a trialhictvthe target number is 100 and the
novice places the cursor on 50 whereas the expegpthe cursor on 120. Then, in the joint
condition, the two members of the dyad agree iniptathe cursor on 80. The distance
between the two estimates is 70 (i.e., 120-50), tstarmte between the joint estimate and the
novice’s estimate is 30 (i.e., 8050) and the distance between the joint estimate aad th
expert’s estimate is 40 (i.e., 12080). Similarly, the distance between the correct pasiéind
the novice’s estimate is 50 (i.e., 10050) whereas the distance between correct position and
the expert’s estimate was 20 (i.e., 120100). Then, we sethe novice’s estimate to be 0 and
the expert’s estimate to be 1, therefore the distance between the two estimates, which is 70, is
now set to 1. Thereafter, the distance between the novice’s estimate and the joint estimate is
rescaled to @3 (i.e., 30/70) whereas the distance between the expert’s estimate and the join
estimate is the reciprocal,50. The distance between the correct position and the novice’s
estimated is rescaled to 0.71 (i.e., 50/70). Consely @hen the value on the x-axis is zero
or one, the estimate in the joint condition equathlethovice’s or expert’s estimate in the to-
be-shared condition, respectively. It was found that 38%ne joint estimates fell within the
interval created by the two members’ estimates from the tobe-shared condition. Specifically,
most of the joint estimates were placed halfway between members’ estimates or on one of the
member’s estimate. The joint estimates were rarely (2% of trials) placed outside the obtained

interval, either on theovice’s or expert’s side, even though the target position was outside
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the interval in 60% of the trials. Notably, expeatsl novices were both responsible for

averaging in the joint condition.

---- Please insert Figure 3 here------------------------
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Figure 3. The percentage of trials in the joint conditia that were placed within and
outside the numerical interval created by the novice’s (x=0) and expert’s (x=1) estimates

in the to-be-shared condition, subdivided by the trials in whichthe expert or the novice
mainly contributed to the joint estimate. The classification of novices and experts was
based on their performance in thebt®shared condition of the number line task. In 14% of
trials, the two members of the dyad moved the stidersame number of pixels along the
line, so their contribution was equal (green dots$ lare). In the remaining 86% of trials,
experts (blue dots and line) contributed most to Haiie joint estimates and novices
contributed most to the other half (red dots and lirtee pattern of results indicates that both
expert and novice displayed a largely overlappingpimapstrategy with strong use of
averaging. The orange triangles represent the taog#ign with respect to the interval
created by the expert’s and novice’s estimate in the to-be-shared condition. In 40% of triats$
the joint condition, the position of the target fell within the interval created by the novice’s

and expert’s estimates in the to-be-shared trial. In 98% of triglof the joint condition, experts
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and novices decided to place the joint estimathiwithe interval they created in the be-
shared trial.
Interaction benefit

Here we analysed whether the dyad interaction ledidenefit and whether such a
benefit could be explained by similarity in performarbetween the two members of the
dyad and their average performance as dyad.

For each dyad, we calculated the interaction indetha ratio between thiyad’s
absolute deviation in the joint condition and tlyadis best estimator’s (BE) absolute
deviation calculatedn all the trialsof the tobe-shared condition. With a ratio larger than
one, the joint performance of the dyad was worse tha performance of the BE in the dyad,
indicating that the interaction led adoss in performance. Conversely, with a ratio lower
than one, theyad’s performance exceeded that of the BE in the dyadcatidg that the
interaction led t@ benefit in performance. The mean obtained interactidex wasl
(SD=0.19), indicating that the performance of the diyathe joint condition tended to match
the performance of thé#yad’s BE in the tobe-shared condition and did not vary as a function
of the dyad typeRBF10=0.28, moderate evidencén line with previous literature (Bahrami et
al., 2010), we investigated whether the interadtienefit index varied as a function of the
similarity in performancef the two dyad members in thelbe-shared conditionThe
similarity index was calculated as the ratio of the worst to the best estimators’ (z-scored)
absolute deviation, with higher values indicatinghar differences in individual
performance. We also investigated whether the raéanlute deviation (z-scored) of the two
members of the dyad in the-be-shared condition explained any variance in theaugon
index or may change depending on similafitys possible that the effect on similarity on the
interaction benefit may change depending on the geeadility of the dyad, although we

acknowledge the exploratory nature of this analysis.rsv a regression analysis with the
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interaction index as the dependent variable andaiityilin performance and average
performance as the predictors (Table 1; ModeWig found extreme evidence for the model
including the interaction term compared to the maal&lding only the two main effects

(BF>10Q Model 2.

---- Please insert Table 1 here-------------------—----

Model Measures B 95% Cls Model comparison AR? BFmumz
1 Average of performance 0.03 [-0.03 0.08] LvsNull .56  >100
Similarity in performance 0.125 [0.07 0.18]
2 Average of performance 0.04 [0.0002 0.085] 2vsl .18  >100
Similarity in performance 0.15 [0.11  0.20]
Average X Similarity -0.07 [-0.11 -0.04]

Table 1. Regression analyses with the interaction indeas the outcome variableFor

each dyad He interaction index was calculated as the ratio between the dyad’s absolute
deviation and the dyaslbest estimator’s (BE) absolute deviation. For both regression
models: Multicollinearity was absent (i.e., all Vamarinflation Factors lower than 4); No
outliers were identified (i.eBonferroni’s tests on Studentized residuals were associated with
ps>.05) and no influential observations were fourd, €ll Cook’s distances were below or
equal 1); Normal distribution of residuals was respe (i.e., Shapiro tests were associated
with ps>.05).

From the visual inspection of the Figure 4, it eneerthat for dyads with
sufficiently accurate mean performance in thééeshared condition, an interaction benefit
emerged if the two dyad members displayed similaiop@ance in the tde-shared

condition (for further exploration of this interactiogesthe supplementary materials).

---- Please insert Figure 4 hefe------------------------
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Figure 4. Predicted values (thehue outside the dots obtained with linear interpolatior)
from the regression analysis on interaction index as fanction of the statistical
interaction between similarity between thaedyad’s members and the dyad’s average
performance. The circles represent the actual dyad’s scores for similarity and average
performance (z-scored), with the colour inside theles representing théyad’s actual
interaction indexAs the average performance of the dyad decreasertl#t®nship
between similarity and the interaction index progresg disappeared

Real and perceived competence
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Both members rated their and their partner ability ippiag numbers on the
competence scale. Therefore, for each participant, vlel c@rive measures of real
competence and perceived competence with resp#utitopartner. For real competence, we
computed the logarithhof the ratio between ttpartner’s absolute deviation and the self-
absolute deviation in the tme-shared condition (i.e., ratio of real competenadjereby
positive values represent a better performance gbdntecipant compared to her partner and
negative values represent a worse performance cechpaher partner. For perceived
competence, we computed the logarithm of the ratiwéxn the self-perceived competence
and the partner’s perceived competence (i.e., ratio of perceived competence), whereby
positive values represent a participant considerergriore accurate than her partner and
negative values represemparticipant considering her less accurate than hengra ratio
of perceived competence of zero means that a panicqoasidered herself having the same
competence of her partner. In Figure 5, we plottedelagion between the real and perceived
competences. Points landing in the upper right quednad in the bottom left quadrant are
correct identifications whereas points in the othexdyants are wrong identifications. Only
17% of the participants (8 novices and 2 experts) aisodassified themselves as the novice
or the expert in the dyad. Therefore, participants aggzeto be aware about their level of
competence in the task. It is interesting to nathee the distribution of ratios of perceived
competence is narrow and to some extent skewed tquessitive values. Individuals
consideedthemselves to be marginally better or worse thain gagtners with a tendency to

grant themselves a better ability in placing numloer¢he line.

1 We log transformed the ratios to overcome asymmetry. For example, a nudriiimedyad rated her
competence to be 50 and her partner’s to be 100, yielding a ratio of 1/2 (i.e., 50/100). The other member of the
dyad rated her competence to be 80 and heiigpa to be 40, yielding a ratio of 2 (i.e., 80/40). In this specific
case, the perceived levels of competence are symmetrical: one participsidered her competence to be half
compared to the partner and the other participant considered her competence to beodparkrido the
partner’s. This symmetry is not properly assessed by ratios (i.e., comparing 0.5 and 2) but it is preserved with

the log transformation, whereby In(0.5)=-0.69 and In(2)=0.69. The logged ratios have the saimelmbgt
different sign.
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---- Please insert Figure 5 here------------------------
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Figure 5. Relation between ratios of real and percead competence for novices¢d

dots) and experts (blue dots)Grey lines connecting dots represent individuadaifthe

same dyad. The grey bands at the bottom marginegpliot denote the distribution of ratio of
perceived competence whereas grey bands on themayigin of the plot denote the
distribution of ratio of real competence. The obliguey line defines the perfect
correspondence between real and perceived competence.

Furthermore, there seems to be a discrepancy betWweeral and perceived
competence as represented by the points on thégilog far away from the oblique grey
line, which represents a perfect correspondence kettihe real and perceived competence.
We calculated for each participant the difference betviee ratio of perceived competence
and the ratio of real competence: a positive valdecates that a participant overestimated
her actual ability compared to her partner whereagative value indicates an

underestimation of competence. Interestingly, theaes extreme evidence for a difference

between novices and experts: Novices overestimagaddbmpetence whereas experts
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underestimated their competence (Novices: M=08E%0.31; Experts: M=-0.35D=0.3;
BF10>100). Overall, novices realised to be the noviciéndyad but they tended to
overestimate their competence as they admitted tedsecompetent but only slightly worse
than their partner. Experts, instead, realised to dxe mompetent but were humble and

considered their performance to be only slightlydydthan their novice partner.

---- Please insert Figure 6 here------------------------
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Figure 6. Difference between ratios of perceived anceal competencePositive values
denote that participants overestimated their reaitalosbmpared to their partner whereas
negative values denote an underestimation of competen

Discussion

In the present study, young adults with an acadéa&ground in mathematics and
the humanities were assigned to balanced dyadsiplete the number line task privately
privately but knowing that they were about to shaeértestimates (i.e., the-be-shared
condition), jointly, and privately again. Afterwargmrticipants rated their and their partiser
ability in mapping numbers on a numerical scale.

First, within each dyad, participants were categaorasan expertor novice based on

their performance in the toe-shared condition of the number line task. Not suipgig,



Who Gains More: Experts or Novices?24

experts outperformed novices also in the pre-inteyaatondition. Both experts and novices
mapped numbers more accurately in theeehared condition compared to the pre-
interaction condition. This improvement in thelteshared condition could be attributed to a
Hawthorne-like effect (Landsberger, 1958) given thatiggants knew that their estimates
would be shared with the other member of the dyademembers of the dyad negotiated
their shared response in the joint condition, tlepldiyed joint accuracy was higher compared
to the accuracy of the toe-shared trials for novices but not for experts (Minsoal., 2011)
Moreover, novices, but not experts, showed a mappaturacy in the post-interaction
condition that was similar to the pre-interaction.ohlgerefore, in the long run, novices
obtained a minimal benefit from interacting with ampest in the current settg. Overall, the
type of dyad (i.e., Maths-Maths, Humanities-Mathsptdnities-Humanities) did not
influence performance across the different conditidnik@number line task.

In the joint condition, each member of the dyad dasirrespective estimates from
the tobe-shared condition and was asked to move a thideisto agree upon a joint
estimate. Ninety-eight percent of joint estimatdvi@hin the interval that was created by
novices’ and experts’ estimates in the to-be-shared condition, thebg indicating that in the
joint condition, participants averaged their prior wsges (Bang et al., 2017; Mahmoodi et
al., 2015). According to the bracketing principlegaging nearly all the time would have
been the most effective strategy if the interval ciebaieindividual estimates had nearly
always included the target number (Jacobson etGll;2 arrick & Soll, 2006; Minson et al.,
2011) However, this was clearly not the case in the cuegperiment, with the correct
location of the target number falling outsidie dyad’s estimates on 60% of occasions.
Participants failed to conceive a scenario in whicthhheir estimates were either under or

over the target number position (i.e., an undever-estimation pattern). This result
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highlights the importance of advising interactingple that both novices and experts can be
biased in the same direction; in which case, theylshcompletely reconsider their opinions.

The two members of each dyad assigned an equahtteigheir estimates (i.e.,
averaged their estimates) despite their different lefetempetence, thereby showing a clear
equality bias (Mahmoodi et al., 2015). Both expenid aovices were responsible for the
heavy reliance on averaging. In fact, neither expeantsovices attempted to pull their joint
estimate towards their individual estimate in thdvé-shared condition; instead, both dyad
members sought the average. The presence of a snoiadjty bias is in line with previous
studies, which have shown that the assignmentudlageight to judgments emerges even
when the difference in performance is large, when hyaiHal feedback about the true
answer is provided, when cumulative feedback abbmiperformance of each observer is
provided and when participants have monetary incegtio deviate from equal weighting
(Bang et al., 2017; Mahmoodi et al., 201Bhe strong reliance on averaging may be
explained bythe novice’s desire to participate in the joint conditiend the expert’s implicit
obligation to integrate theovice’s contribution (Harvey & Fischer, 1997; Mahmoodi et al.,
2015)or by the fact that participants failed to identifie expert in the dyad (Miner, 1984;
Trotman et al., 1983), even though the latter doése®m to be the case in the present study.
Therefore, in the case of peer interaction, as dfegpens in learning contexts, the expert
should be clearly identified and rendered responsinleeading the novice toward a better
accomplishment of the assigned task.

People typically discount others’ opinion (egocentric discounting), a behaviour which,
paradoxically, is strongestrong people of low competence who really should take others’
advice (i.e., Dunning-Kruger effect) (Dunning, 2011; Keug Dunning, 1999). One
difference between paradigms investigating egocengaondnting and the current one is that

they did not involve interaction, and, as such,ehgas no social obligation to take the
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other’s opinion into account. Another difference is that studies on adiakeng typically

focus on situations where it would be in participants’ best interest to take the others’ advice

into account. The current study stands out in &t le@o ways. First, we study advice-taking
in a more natural setting where social dynamicswaoee likely to come into play. Second,
we study both sides of the interaction: the perspesbf the less competent individual who
has something to gain and the more competent tha@viwho has something to lose. These
features of our study together with our findings allatairefine the idea that people
typically discount others’ opinion. While the observed ‘equal’-weighting strategy implies that
the less competent dyad member did not give a setiigi high weight to their more
competent partner (classic egocentric discounting)sd implies that the more competent
dyad member did not give a sufficiently low weightheir less competent partner (a
phenomenon which perhaps should be dali#ocentric’ discounting).

In our study, performance in the joint condition teshtie equal performance of the
best estimator in the dyad (Bahrami et al., 2012b)céd¢ime beneficial effect of interaction
was generally limited. Nevertheless, the interactiemeiit was not uniform but better
explained by the statistical interaction betweendihglarity in performance of the two dyad
members and the average accuracy of dyad members ioftb-shared condition. In line
with previous studies (Bahrami et al., 20liBjeraction led t@ benefit when the two dyad
members exhibited a similar level of accuracy inttdibe-shared condition. In an exploratory
analysis, we found that this relationship was evigddmen the averaged performance of the
two dyad members in the twe-shared condition was above the mean and progedgsiv
disappeared with lower average performance. Interastéenbeneficial when the dyad
members had similar levels of expertise and wherhein own, they were sufficiently
accurate. Therefore, an optimal arrangement of workingsighould take into consideration

both their similarity and their level of ability. ladt, two individuals with the same but low
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level of expertise appeared to represent the leasttigfeneans of achieving an interaction
benefit.

After performing the conditions of the number linektaparticipants estimated their
and their partnés ability in the number line task by completing amzetence scale. Overall,
participants displayed an accurate categorisationevhselves and their partner as the expert
or the novice in the dyad. Nevertheless, novicesestienated their actual competence and
considered themselves as only slightly worse thair partner. Experts, instead, were
humble and underestimated their performance in congravigh their novice partner.

In summary, the present study demonstrated that, afezaating with an expert in a
numerical estimation task, novices showed minimaktiefrom the interactiorT his result
occurred at least when feedback and the explicitiitigation of the expert dyad member
were absent, as was the case in the current stuebpit@ declaring different levels of
expertise, interacting individuals assigned an eg@gght to their estimates, thereby showing
a clear equality bias (Mahmoodi et al., 2015). Finale demonstrated that for the
interaction benefit to emerge, dyad members must kiawidar levels of expertise and
sufficiently accurate average performance. Taken tegetiur findings provide important
information for dyads interacting within learning amrgjanisational contexts. We suggest
that experts should lead the interaction and comvihe novices to follow their experienced
guidance. Moreover, the dyad should be assembl#thsohe two interacting individuals
have similar levels of expertise and that their avergayformance is sufficiently accurate. In
particular, we suggest that individuals with similat kow average performance should not

be paired during interaction given the resultant lafc&n interaction benefit.
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