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A necessary prerequisite for the accumulation of beneficial knowledge,
or ‘cumulative cultural evolution’, is the sharing of information via social
learning. Yet little work in the field of cultural evolution has examined the
mechanisms that support information sharing in the face of exploitative
information free-riding and information hoarding. We ran a series of
online interactive experiments (N = 716) combined with computational
reinforcement and social learning models to test whether the mechanism
of reputation-based partner choice can effectively support information
sharing. Participants in groups chose whether to (i) engage in costly
innovation and (ii) whether to share the resultant knowledge. Sharers
received increased reputations for sharing and participants could use
reputations to select recipients of knowledge. We found strong priors
for information sharing that persisted throughout the experiments in
participants from both the UK and China (study 1). However, partner
choice was generally too weak to explain the presence of widespread
information sharing, which persisted even when we reduced the benefit
of innovation (study 2), introduced exploitative bots (study 3) and
removed reputations altogether (study 4). Our results suggest that
indiscriminate, group-based sharing is more important for facilitating
cumulative cultural evolution than discriminate reputation-based sharing.

1. Introduction

Humans are distinctive in our capacity for cumulative cultural evolution
(CCE), where populations accumulate ever-improving knowledge, technolo-
gies and customs over successive generations [1-3]. A key facilitator of CCE
is high-fidelity social learning: learners must be able to acquire accumulated
cultural knowledge from demonstrators with sufficient accuracy [4-6]. Often
neglected, however, is the demonstrators’ role in choosing whether to allow
potential learners to access their cultural knowledge in the first place. This
relates to an often-overlooked cooperative dilemma at the heart of CCE [7].
CCE requires both innovation (asocial learning) to create new knowledge
and copying (social learning) to preserve and accumulate knowledge across
generations [3]. The former is assumed to be more costly than the latter:
it takes more time and effort to invent something new than copy it from
someone else. Consequently, social learners can act as ‘information free-riders’
by copying beneficial knowledge from innovators without bearing the costs
of innovation [7,8]. To avoid exploitation, innovators can refuse to innovate
and themselves become free-riding social learners. But if no-one is innovat-
ing, then CCE stops. Alternatively, innovators might become ‘information
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hoarders’, refusing to let others copy their beneficial knowledge [7]. Again, though, CCE stops, as others cannot build on this n
beneficial knowledge.

Many examples through history show how information free-riding and hoarding can inhibit CCE. Medieval guilds and
apprenticeships, such as those controlling glass-making in Venice [9] or woollen yarn in Germany [10], stifled innovation by
hoarding knowledge [11]. Mokyr [12] argues that the Enlightenment occurred when information free-riding and hoarding
were replaced with widespread information sharing amongst European networks of scientists and inventors. The recent ‘open
science’” movement similarly represents a shift from scientists hoarding information for their own benefit to the open release of
data and methods, facilitating the identification of replicable results that can be built on by others [13].

Our aim here is to examine when and why demonstrators share information with potential learners and the consequences
for CCE. We test the mechanism of reputation-based partner choice [14], building on previous models [7] which explored
how mechanisms from the evolution of cooperation literature might solve informational cooperative dilemmas. Under partner
choice, demonstrators who share information with learners increase their reputation for sharing, and learners with high
reputations for sharing are preferentially chosen by demonstrators as recipients of sharing. Consequently, the costs of innova-
tion borne by demonstrators are paid back by preferentially receiving beneficial information from others. Information free-rid-
ers and information hoarders are excluded from these benefits as they have nothing to share or refuse to share, respectively,
hence have low reputations and are not chosen as recipients of beneficial information.

Reputation-based partner choice has likely been a significant driver of innovation and information sharing in human CCE
[7], which typically involves non-kin (precluding kin selection) interacting in wide networks of cooperators (precluding direct
reciprocity) who can choose with whom to interact rather than being randomly paired up (precluding indirect reciprocity
[15]). Reputation-based partner choice has been identified as crucial for information sharing by both historians [12] and in
contemporary settings such as contributions to open source projects like Wikipedia [16].

Most previous CCE models and experiments preclude information free-riding and hoarding by design. Learners can
typically automatically access demonstrators’ knowledge, and demonstrators have no choice whether or not to share their
knowledge. In one exception [17], participants could set ‘informational access costs’ that others had to pay in order to access
their knowledge. There, high-scoring participants set excessively high access costs that no other participant was willing to pay,
effectively blocking social learning. While this illustrates a strong tendency for information hoarding, the experiment did not
incorporate any mechanism to facilitate information sharing, nor did it feature true open-ended CCE. Elsewhere, a recent study
of advice-giving [18] allowed participants to choose whether to share advice with others, and in one condition incorporated
reputation. However, advice sharing occurred indiscriminately with all other participants by design and could not be targeted
at specific learners (precluding partner choice), while reputations reflected advice accuracy rather than sharing behaviour and
had no real consequences for the sharer. Hence neither the fundamental cooperative dilemma of information hoarding, nor
solutions to that dilemma, were possible.
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Here we ran a series of CCE experiments in which information free-riding and information hoarding were possible, and
where reputation-based partner choice could be used to maintain innovation and information sharing and facilitate CCE. While
models [7] show that partner choice can in theory maintain open innovation despite the temptation to free-ride and hoard,
experimental evidence is crucial for determining whether real people actually do this, and under what conditions. This is
particularly important given findings from behavioural economics that people often fail to behave ‘rationally’ in non-informa-
tional cooperative dilemmas [19].

Study 1 provided an initial test of partner choice in participants from the UK and China. Study 2 addressed several potential
confounds in study 1. In both studies participants predominantly engaged in costly innovation and information sharing,
facilitating CCE. Yet partner choice was too weak to explain this, with most participants sharing indiscriminately rather than
based on sharing reputation. Study 3 introduced artificial bots who exclusively engaged in either information hoarding (study
3a) or free-riding (study 3b), allowing participants to see that these strategies do better than indiscriminately sharing. Study
4 removed reputation entirely, preventing partner choice from being used. Yet in both cases information sharing remained
the most common strategy amongst our participants. We end by discussing potential reasons for this mismatch between our
participants” behaviour and theoretical expectations.

2. Study 1
(a) Methods

Participants were presented with a fictional, unfamiliar scenario to avoid triggering pre-existing biases regarding real-world
information sharing. Participants played the role of space explorers who had to identify new elements on an unfamiliar planet
(see figure 1 for a schematic of the task, and electronic supplementary material, appendix S1 for screenshots and instructions).
Participants were randomly allocated to groups of n = 8 interacting in real time on oTree [20]. On each trial participants made
two primary independent and binary decisions. First, whether to innovate or not (figure 1, panel 1). This was framed as using
a Rock Analysis Unit to attempt to discover a new element. Innovation had a probability p = 0.75 of success. Participants
were informed that innovation was not certain, but not the exact probability. If successful, participants were informed that one
randomly selected element from a set of 1000 had been added to their element repository (figure 1, panel 2). Innovation cost ¢ =
10 credits whether successful or unsuccessful. There was no cost to not innovating.

The second decision was whether to share information or not (figure 1, panel 3). Participants choosing to share could select
one other group member to receive knowledge of their elements (figure 1, panel 4). Here participants could see every other
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Figure 1. Schematic of the decisions taken and feedback received by participants on each round of the experiments (NB these are simplified versions of what
participants saw; for actual screenshots see electronic supplementary material, appendix S1). Participants (1) chose whether to engage in costly innovation or not, and
(2) those who did potentially discovered a new element. They then (3) chose whether to let another group member copy their elements, and (4) those who did could
choose which group member based on reputations for past sharing. All participants then (5) received feedback regarding elements received and payoff on this and all
rounds. Finally, participants could (6) see the decisions and round payoff of other group members, allowing payoff-biased copying of strategies: in studies 2—4 they
saw all other group members as per the figure; in study 1, they saw only one randomly selected group member.

group member’s randomly-generated ID number and their reputation score, which in study 1 was the total number of elements
that the group member had shared with anyone else in all previous trials. The chosen recipient acquired knowledge of all
elements that the sharer knew but the recipient did not, and the sharer’s reputation increased by r = Ng where Nf is the number
of elements successfully copied. In study 1, choosing not to share incurred a hoarding cost of d = 5 credits. Note the terms
‘share’ or ‘sharing” were not used in the experiment to avoid priming participants that their decisions were necessarily acts of
cooperation, and were instead explained neutrally as ‘Do you want to let another participant see your elements?’. Following
the sharing choice, participants were informed how much their own reputation increased due to their decision, and how many
elements they learned via others sharing information with them.

Following these two decisions, participants received b = 20 credits for every known element in their element repository.
This benefit was received on the trial the element was discovered or copied and every subsequent trial. Participants were told
their payoff on each trial and cumulative payoff across all trials in both credits and real money (figure 1, panel 5). Finally,
they were shown the decisions (innovate or not; share or not) of one other randomly chosen group member, and whether
that participant received a higher, lower, or equal payoff to them (figure 1, panel 6). This was framed as using a Scanner to
eavesdrop on another planetary miner. The Scanner allowed participants to copy other participants’ strategies and potentially
copy the strategy of participants performing better than them (i.e. payoff-biased strategy copying: [7]). Reputations were not
shown by the Scanner. Conversely, payoffs and decisions were not shown during information sharing, so that sharing decisions
were based on reputation rather than performance. To keep each group synchronized in real time, participants had 30 s to make
each decision or read feedback, otherwise the computer made a default decision for them (not innovate/not share).

The two independent binary decisions (innovate or not; share or not) gave four possible strategies describing a participant’s
behaviour on each trial: Open Innovators both innovated and shared; Closed Innovators innovated but did not share; Open
Non-innovators did not innovate but shared; and Closed Non-innovators neither innovated nor shared. Open Innovators are
information sharers who also bear the cost of innovation and thus contribute to CCE; Closed Innovators are information
hoarders who benefit from private knowledge but do not share that knowledge with others; and Open and Closed Non-innova-
tors are information free-riders who do not bear the cost of innovation.

Study 1 comprised 16 groups of 8 participants (n = 128; gender: 73 male, 52 female, 3 other; age: mean = 38.72 years, s.d. =
11.91, range = 19-78) recruited online in the UK via Prolific and another 16 groups of 8 participants (n = 128; gender: 53 male,
72 female, 1 other; age: mean = 21.5, s.d. = 4.98, range = 18-52) in Macau, China who completed the same experiment online in
Cantonese. Participants were assigned to groups on a first-come-first-served basis: as each participant joined the session, they
were placed into the next available group until the group of eight was complete. Prolific provides higher quality data than other
online recruitment services [21]. UK participants were paid £6 per hour for an estimated time of 1 h plus a bonus based on their
final payoff. Chinese participants were paid 40 RMB for an estimated time of 1 h plus a performance bonus. Comprehension of
task instructions was assessed via five multiple choice questions (see electronic supplementary material, appendix S1), which
were answered with high accuracy (UK: mean = 4.30, s.d. = 0.97; China: mean = 4.27, s.d. = 0.73).

(b) Computational model and predictions

Before running study 1, we created computational models in which simulated participants (‘agents’) played the experimental
task (see preregistration at https://osf.io/fk8wy). These models extend previous models of partner choice and payoff-biased
strategy copying [7] to incorporate reinforcement learning [22] as per previous experiments [23,24]. The models were used
to generate preregistered predictions and ensure that reputation-based partner choice could in theory maintain information
sharing. Following data collection, the same models were fit to real participants’ data using multilevel Bayesian parameter
optimization in stan [25] via cmdstanr [26] in R [27]. This generated posterior distributions for each participant’s, and the
entire sample’s, parameter values, allowing parameters to vary across participants and incorporating non-independence of
participants within groups.
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The models (see electronic supplementary material, appendix S2) contain nine parameters determining agents’ behaviour. n
a (0<a<1)and g (B 2 0) are the updating rate and inverse temperature of the Q-learning reinforcement learning algorithm
[22], where weights (Q values) associated with each strategy (Open Innovation, Closed Innovation, Open Non-innovation and
Closed Non-innovation) determined the probability of choosing each strategy on each trial and were updated according to
payoffs received. Higher a gives faster updating of Q values due to payoffs. Higher § makes agents more likely to choose the
strategy with the highest Q value. Lower $ makes agents more exploratory with = 0 giving random choice. pg1 and pgp control
payoff-biased strategy copying via the Scanner. pg; is the probability of switching to the demonstrator’s strategy if they scored
higher than the agent. pgg is the probability of switching to the demonstrator’s strategy if they scored lower than or equal to
the agent. Payoff-biased strategy copying occurs if ps1 > 0 and ps1 > pso. Brep (Brep 2 0) controls the strength of reputation-based
partner choice. Higher frep, makes agents more likely to share with the player with the highest reputation, lower Brep causes
agents to also pick lower-reputation players, and frep = 0 makes partner choice random and independent of reputation. Four
parameters, Qlpj, Qlcy, Qlon and Qlcn, give agents” prior probabilities of using each strategy at trial 1. These were all equal in
the simulations given a lack of knowledge about real participants’ priors. All parameters were also identical across agents given
lack of prior information about how parameters vary across individuals.

Model analysis (electronic supplementary material, figure S1) showed that Open Innovation emerges when there is a
combination of: (i) reinforcement learning, where @ and p are sufficiently high that agents learn which strategy optimizes
payoffs, with a greater than zero and f greater than around 0.4; (i) partner choice, where fyep, is greater than around 0.4 such
that agents select recipients of sharing based on reputation rather than randomly; and (iii) payoff-biased strategy copying,
where the frequency of Open Innovation when favoured by partner choice increases with pg1. Our preregistered predictions
were therefore that (i) posterior distributions of a, 8, frep and pg; all have 95% credible intervals (Cls) greater than zero; (ii) the
frequency of Open Innovation in the final 50% of trials is higher than any other strategy as indicated by non-overlapping 95%
CIs; and (iii) the frequency of Open Innovation across participants should predict the total number of accumulated elements,
given that information sharing plus innovation should facilitate CCE. We also predicted that (iv) Open Innovation should
initially be more frequent in the Chinese than UK sample, given stronger tendencies for social learning in collectivistic East
Asian societies than individualistic Western societies [28,29]. Hence, the 95% Cls for the initial Q value for Open Innovation,
Qlpy, should be higher in the UK than Chinese sample. Given that partner choice should be a universal mechanism, we
predicted no differences in subsequent use of reputation or frequency of Open Innovation (i.e. all other parameters should have
overlapping UK and Chinese 95% Cls).

The model highlights a key difference between our information sharing game and the public goods game (PGG) [19]. In
a PGG, players divide resources (e.g. money) between a public pot and their private holding, with the pot shared equally
across all players. The optimal strategy is to free-ride and contribute nothing to the pot: both free-riders and contributors get
the same equal share of the pot, but free-riders always have greater private holding than contributors. Our game is different
because of the non-rivalrous nature of information [30]. Participants who share elements still have knowledge of, and benefit
from, those elements, unlike resources in a PGG which can either be contributed or kept, not both. Consequently, in the absence
of partner choice, non-sharers (e.g. Closed Innovators) do not always have higher absolute payoffs than sharers (e.g. Open
Innovators), because the latter do not lose their elements when they share. Assuming no partner choice and indiscriminate
sharing, and with no payoff-biased strategy copying, players should be indifferent between sharing and non-sharing (electronic
supplementary material, figure S1B, bottom-left grey area). With partner choice, Open Innovation should be favoured as Closed
Innovators will be excluded from receiving others’ elements (electronic supplementary material, figure S1B, upper orange
area). Adding payoff-biased strategy copying favours Closed Innovation when partner choice is weak or absent (electronic
supplementary material, figure S1B, bottom-right blue area) because, while Open and Closed Innovation have equal absolute
payoffs, Closed Innovators have higher relative payoffs due to their private elements. To maintain a similar incentive structure
to a PGG, our participants were paid in proportion to absolute rather than relative payoffs. Nevertheless, we expect participants
to be sensitive to the performance of other players and engage in payoff-biased strategy copying, consistent with previous
cooperation experiments incorporating social learning [31,32]. To reiterate, even without payoff-biased strategy copying based
on relative payoffs, Open Innovation should still not be the dominant strategy unless partner choice is sufficiently strong.
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(c) Results

As predicted, Open Innovation was the most frequent strategy in the final 50% of trials in both the UK (figure 2A) and
China (figure 2B), as indicated by non-overlapping Cls with other strategies (electronic supplementary material, table S1). The
frequency of Open Innovation was equally high at the start of the experiment and throughout all 20 trials, indicating strong
priors for Open Innovation that changed little over time.

Partner choice was not random, but it was not strong. Figure 2C,D shows that while the group member with the highest
reputation was chosen as the recipient of sharing more than chance, lower ranking players were also often chosen, even players
with the lowest reputations. This is reflected in model estimates of frep greater than zero (UK: Brep = 0.14[0.06,0.23]; China:
Brep = 0.29[0.19,0.40]; see figure 2E,F and electronic supplementary material, table 53) but lower than 0.4 which our simulations
indicated were needed to maintain Open Innovation. However, the sample estimates of frep conceal considerable variation
across participants. Electronic supplementary material, figure S3 shows the distribution of Brep, plus example reputation rank
plots for participants with high (Brep > 0.4), threshold (Brep = 0.4) and low (Brep = 0) values of Brep. Most participants (UK:
79.7%; China: 68%) had Brep well below the 0.4 threshold, with the remaining minority having large Brep denoting effective
partner choice.
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Figure 2. The proportion of participants in study 1 who engaged in each strategy over 20 trials for the (A) UK and (B) China sample. See electronic supplementary
material, figure S2 for frequencies in each group. (C) and (D) show, for the UK and China respectively, the frequency with which participants chose recipients of sharing
based on the reputational rank of other group members, where 1 is the player with the highest reputation and 7 the lowest reputation on that trial. Light pink bars
show the actual frequencies, while dotted lines and dark pink boxes show the mean and 95% Cls, respectively, for the frequencies that would be expected if choice was
random. Expected frequencies are not the same for all ranks because of ties; where two or more group members had the same reputation score then there were fewer
than seven unique ranks, so lower ranks would be expected less irrespective of reputation score. Expected frequencies were generated via simulation assuming random
choice but with the same tie structure as the real data. (E) and (F) show mean estimates and 95% Cls of the eight key parameters describing participant behaviour as
derived from model fitting (see text for details and electronic supplementary material, table S2 for parameter estimates).

Figure 2E,F shows evidence for reinforcement learning with updating rate (UK: a = 0.33[0.17,0.52]; China: a = 0.33[0.20,0.48])
and inverse exploration (UK: § = 1.04[0.86,1.28]; China: = 0.94[0.82,1.11]) parameters greater than zero, although only S
unambiguously differed from zero using explicit model comparison (electronic supplementary material, table S3). This suggests
little updating due to payoffs, and a preference for the highest-weighted strategy, consistent with the constant selection of Open
Innovation. Contrary to predictions, there was virtually no payoff-biased strategy copying, with pg; indistinguishable from
zero (UK: pg1 = 0.04[0.01,0.08]; China: pg1 = 0.03[0.01,0.06]; electronic supplementary material, table S3) and overlapping almost
exactly with pgg (UK: pgg = 0.03[0.01,0.06]; China: pgg = 0.03[0.01,0.06]). There were higher initial Q values for Open Innovation
(Qlpy) than for any other strategy. The lack of variation in strategy choice meant that the frequency of Open Innovation did
not predict the number of accumulated elements across participants (electronic supplementary material, table S4). Also contrary
to predictions, Chinese participants did not have stronger initial preferences for Open Innovation than UK participants given
overlapping Cls of Q1p; (UK: Q1p; = 3.48[2.68,4.44]; China: Qlpj = 2.72[2.26,3.27]). There were no meaningful differences in any
behavioural parameters, nor strategy frequencies, between the UK and China samples as indicated by overlapping Cls. This
suggests that these findings are not specific to a society with particular norms regarding information sharing or innovation, and
are replicable at least across these two countries.

Results from study 1 were ambiguous. While Open Innovation was the most frequent strategy, partner choice was not suffi-
ciently strong to explain this behaviour, with most participants sharing indiscriminately rather than based on reputation.
Moreover, there was virtually no payoff-biased strategy copying. Under these conditions we would expect participants to be
indifferent between Open and Closed Innovation (electronic supplementary material, figure S1B, bottom-left grey area), yet
Open Innovation dominated.

Study 2 addressed several methodological issues that potentially explain these results. Due to resource constraints, studies 2—
4 were conducted only in the UK. The revised study design and hypotheses were preregistered (https://osf.io/rhefc). Hypothe-
ses were the same as for study 1 minus the cross-cultural comparison. The changes were to (i) remove the cost of hoarding
paid when participants chose not to share (i.e. d = 0), which while models showed did not substantively affect strategy payoffs,
may have been a psychological barrier to hoarding and explain why Closed Innovation was rare; (ii) increase the number of
trials from 20 to 30, allowing more time to explore strategy payoffs; (iii) limit sharers” reputation increase per trial to » = 1 point
when at least one element was learnt, so that participants are not incentivized to share with low-reputation players with few
elements in order to increase their reputation by several points in a single trial; (iv) remove feedback regarding how much
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participants’” own reputations increased, because when participants chose to share with recipients who already knew all the
sharer’s elements then no elements were actually shared and the sharer’s reputation did not increase, giving the misleading
signal that sharing does not increase reputation; (v) increase the potential for payoff-biased strategy copying by showing on
each trial a leaderboard containing the payoffs and choices of all group members, not just one randomly-chosen player. Finally,
(vi) we added a condition reducing the benefit of innovation, b. Study 2a had high benefit, b = 20, as in study 1. Study 2b had
low benefit, b = 5. Reducing the benefit of innovation should reduce the payoffs of Open and Closed Innovation, given that
innovation yields lower benefits. Hence, we can test whether Open Innovation emerges despite lower benefits of innovation,
and where Open or Closed Non-innovation (i.e. information free-riding) represents the alternative exploitative strategy, rather
than Closed Innovation (i.e. information hoarding).

Our models were revised with new parameter values and the new payoff-biased strategy copying. The latter now has an
overall probability ps of engaging in strategy copying and a parameter fpg (fpp = 0) controlling the extent to which the strategy
of high-scoring players was copied rather than copying randomly. Electronic supplementary material, figure S4 shows revised
model results. Due to the smaller magnitude and variation of reputation scores, Prep must now be larger to support Open
Innovation, around Prep > 1.25 for b = 20 but increasing for higher p;, and Prep > 2 for b = 5 again increasing for higher p.
Generally, more-potent payoff-biased strategy copying means that a much smaller region of the parameter space now favours
Open Innovation.

Ten groups of 8 participants completed study 2a (n = 80; gender: 41 male, 38 female, 1 other; age: mean = 39.36, s.d. = 11.85,
range = 20-77), and another 10 groups of 8 participants completed study 2b (n = 80, gender: 42 male, 37 female, 1 other; age:
mean = 39.62, s.d. = 11.60, range = 20-67), all run online via oTree and recruited via Prolific. No participant took part in more
than one session, either within or across studies. Comprehension of task instructions was very good (study 2a mean = 4.50, s.d. =
0.76; study 2b mean = 4.26, s.d. = 0.95).

(b) Results

Despite the methodological changes, results from study 2a with high benefit of innovation (b = 20) were virtually identical to
study 1. The most common strategy was again Open Innovation (figure 3A) which had higher, non-overlapping 95% Cls in the
final 50% of trials (electronic supplementary material, table S1) and higher initial Q values (figure 3C). As before, while partner
choice was not random (Brep = 0.54[0.19,1.07]; figure 3C; electronic supplementary material, table S3), the sample-wide Brep
estimate was still below the predicted threshold of 1.25 from the models. Reputation barplots (figure 3B) show lower absolute
frequencies of picking low-reputation group members, although this is partly because with less variance in reputations there
were more ties so very low ranks were often not present. Even taking this into account, lower reputation players were still
picked at around chance, rather than never as partner choice requires. The distribution of e, across participants (electronic
supplementary material, figure S8) showed a majority (67.5%) with low Brep < 1.25 inconsistent with partner choice. There was
again no relationship between frequency of Open Innovation and accumulated elements (electronic supplementary material,
table S4). Reinforcement learning was evident (a = 0.29[0.21,0.37]; g = 0.92[0.79,1.10]) and payoff-biased strategy copying was
higher than in study 1 but still not strong (ps = 0.07[0.02,0.12]) and did not differ from zero according to model comparison
(electronic supplementary material, table S3). When it was used, demonstrators were chosen based on payoff, albeit with much
uncertainty (8pp = 2.85[0.15,11.03]).

Reducing the benefit of innovation to b = 5 in study 2b reduced the frequency of Open Innovation (figure 3D) compared to
study 2a. Nevertheless, the frequency of Open Innovation in the final 50% of trials was still higher than any other strategy as
indicated by non-overlapping CIs (electronic supplementary material, table S1). In the final trials Open Non-innovation became
more frequent than Open Innovation, likely because participants knew the experiment ended at trial 30 and it took at least
three trials for the accumulated benefit of innovation b = 5 to exceed the cost of innovation ¢ = 10. Model fits otherwise revealed
similar parameter values for study 2b as for study 2a, except a lower initial Q value for Open Innovation in study 2b (Qlpoy
= 1.52[1.06,2.12]) than study 2a (Qlp; = 3.39[2.65,4.35]). Thus, participants did not just learn that Open Innovation was less
effective in study 2b, they anticipated it from the start. The strength of partner choice (Brep = 0.65[0.33,1.07]) was slightly higher
in study 2b than study 2a but with an identical upper CI, suggesting that partner choice was still not sufficiently strong to
explain the initial emergence of Open Innovation. The distribution of Brep, across participants in study 2b (electronic supplemen-
tary material, figure S8) showed a majority (65%) with low Bre,, < 1.25 inconsistent with partner choice. The frequency of Open
Innovation did not predict the number of accumulated elements in study 2b (electronic supplementary material, table 54).

Overall, study 2 replicated the findings of study 1 but with several methodological improvements ruling out artefacts
and alternative explanations. Open Innovation was again the most frequent strategy despite weak partner choice. Reducing
the benefit of innovation (b = 5) reduced the frequency of Open Innovation, especially in the final trials when the cost of
innovation exceeded its expected future benefits. However, Open Innovation remained the most common strategy, and partner
choice remained weak, even when innovation was less beneficial making Open Innovation in theory less likely to emerge.
Payoff-biased strategy copying was slightly more likely, but still very weak, and so did not facilitate the spread of Closed
Innovation or Closed Non-innovation as predicted.
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Figure 3. Strategy frequencies and reputation rank choices for Studies 2—4. See caption of figure 2 for details. Left panels show the condition with high benefit of
innovation b = 20, right panels show low benefit of innovation b = 5. Study 2 (panels A—F) had several methodological improvements compared to study 1 (see text
for details). Study 3 (panels G-L) had one bot in each group who always engaged in Closed Innovation (for b = 20) or Closed Non-innovation (for b = 5). Study 4
(panels M—R) removed reputation information, making partner choice strictly random. See electronic supplementary material, figures S5-57 for strategy frequencies
by group, and electronic supplementary material, tables S5—S7 for parameter estimates.

4. Study 3
(a) Methods

Study 3 addressed two related issues with studies 1 and 2. First, lack of variation in strategies: unlike in PGGs, where a minority
of participants typically always free-ride [33], in studies 1 and 2 few participants engaged in Closed Innovation (or Closed
Non-innovation for study 2b). Consequently, Open Innovators could not see via the leaderboard that Closed strategies could
out-perform Open Innovation. Second, lack of variation in reputation: because most participants engaged in Open Innovation,
most participants had similar reputation scores. Without variation in reputations, partner choice is ineffective.

Consequently, in study 3, we artificially introduced exploitative strategies via one computer-controlled bot per group. In the
b = 20 condition (study 3a) bots always played Closed Innovation (i.e. never shared but always attempted to innovate). In the
b = 5 condition (study 3b) bots always played Closed Non-innovation (i.e. never shared and never innovated). Model results
indicate that these strategies out-perform Open Innovation when partner choice is weak (electronic supplementary material,
figure S4). Participants were unaware that these were artificial bots until a post-experiment debrief. Study 3a comprised 10
groups of 7 real participants with b = 20 (n = 70; gender: 42 male, 37 female, 1 other; age: mean = 39.63, s.d. = 11.60, range =
20-67), and study 3b comprised 10 groups with 7 real participants with b =5 (n = 70; gender: 39 male, 31 female; age: mean =
38.1, s.d. = 11.76, range = 18-68). Comprehension of task instructions was very good (study 3a mean = 4.49, s.d. = 0.81; study 3b
mean = 4.50, s.d. = 0.81). Hypotheses and study design were preregistered (https://osf.io/rhefc). Hypotheses and analyses were
the same as for study 2, but with bots removed from analyses.

(b) Results

Despite the addition of exploitative bots, study 3 had very similar results to study 2. Open Innovation was again the most
frequent strategy for both b = 20 (figure 3G) and b = 5 (figure 3]). Model parameters were similar to study 2, and similar
across conditions (figure 3L L). Most relevantly, the strength of partner choice was no different in study 3 (study 3a: Brep =
0.63[0.30,1.09]; study 3b: Brep =0.56[0.31,0.90]) than study 2, indicating that the presence of exploitative bots did not increase
the use of reputation. A majority of participants in study 3a (58.6%) and study 3b (61.4%) had low Brep < 1.25 inconsistent
with partner choice (electronic supplementary material, figure S8). The frequency of Open Innovation again did not predict the
number of accumulated elements in study 3, after removing bots (electronic supplementary material, table 54).

Analysis of sharing patterns showed that the exploitative bots were mostly excluded from sharing (electronic supplementary
material, figures S9 and S10). Bots were shared with less than most other real participants, with a mean sharing rank of 6.4
out of 8 in study 3a and 6.7 in study 3b. Nevertheless, this exclusion was not perfect: even though bots had a fixed reputation
score of zero throughout the experiment, in 7 of the 10 study 3a groups and 6 of the 10 study 3b groups the bots were not the
player shared with least, and in no group were bots never shared with, as would be expected under partner choice. In study
3b, the exclusion from sharing led to bots performing worse than most genuine participants, with an average score rank of
7.1 out of 8. Without learning about elements via sharing, Closed Non-innovators knew few elements. In study 3a bots did
better, with an average score rank of 2.9 out of 8, because Closed Innovators could benefit from private innovation. Indeed,
in 4 of the 10 groups they finished with higher scores than any real participant. Yet participants still failed to copy this high
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performing strategy, indicated by the low frequency of Closed Innovation and low probability of payoff-biased strategy copying [ 8 |
(ps = 0.08[0.03,0.14]) which did not differ from zero (electronic supplementary material, table S3).

Participants in studies 2 and 3 were also asked on what basis they chose partners with whom to share. In study 2 around
40%, and in study 3 around 50-55% of participants reported selectively sharing with the group member who had the highest
reputation, as would be expected under reputation-based partner choice (electronic supplementary material, table S8). This
proportion was higher in study 3 than study 2, likely due to the exploitative bots. Often these responses invoked partner choice,
showing an awareness that sharing with high-ranked players led to being preferentially shared with. The next highest category
entailed randomly or indiscriminately sharing with all other group members. Some responses in this category again invoked
cooperative motivations, indicating that sharing indiscriminately is the ‘fairest” approach. A smaller proportion preferentially
shared with low-ranking players. Again, these often invoked cooperative motivations, such as to incentivise low-ranking
sharers to share more, or to equalise traits across the group consistent with a levelling mechanism.

5. Study 4
(a) Methods

While study 3 showed that non-sharing bots were largely excluded from sharing, it is still puzzling that participants failed to
adopt the high-performing Closed Innovator strategy in study 3a. In study 4, we explored the limits of participants” tendencies
to share information by removing reputation information altogether. If participants chose to share, the computer picked another
group member at random with whom to share. There were no reputations and sharing had no consequences beyond providing
others with element information. Theoretically, there is no reason to share element information given that sharing does not
return any benefits in terms of an increased chance of being the recipient of sharing. Models (electronic supplementary material,
figure S4) predicted that Closed Innovation (for b = 20 in study 4a) or Closed Non-innovation (for b = 5 in study 4b) should
be favoured if participants engage in payoff-biased strategy copying, or indifference between Open and Closed Innovation (for
study 4a) or Open Innovation and Closed Non-innovation (for study 4b) without payoff-biased strategy copying.

We ran 10 groups of 8 participants for study 4a where b = 20 (n = 80; gender: 34 male, 45 female; age: mean = 37.57, s.d. =
14.39, range = 18-76) and 10 groups of 8 participants for study 4b where b =5 (1 = 80; gender: 32 male, 45 female; age: mean =
36.21, s.d. = 11.15, range = 19-72). The experimental design and hypotheses were preregistered (https://osf.io/79emr). Participant
comprehension was tested with two questions, excluding the three original questions that were related to reputation, and
showed excellent understanding (study 4a mean =1.93, s.d. = 0.27; study 4b mean =1.79, s.d. = 0.41). We hypothesized that given
the impossibility of partner choice, in study 4a Closed Innovation should have a higher frequency over the final 50% of trials
than any other strategy as indicated by non-overlapping Cls, and in study 4b Closed Non-innovation should have the highest
frequency. We also hypothesized a lower frequency of Open Innovation in study 4 than for the equivalent conditions in studies 2
and 3, given the absence of partner choice.
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(b) Results

By design, the strength of partner choice was virtually zero (study 4a: Brep = 0.06[0.03,0.12]; figure 30; study 4b: Brep =
0.06[0.02,0.11]; figure 3R; electronic supplementary material, table S3) with sharing frequencies at random levels (figure 3N,Q).
Nevertheless, and contrary to our hypothesis, Open Innovation was again the most frequent strategy in the final 50% of trials
of both study 4a (figure 3M) and study 4b (figure 3P) (electronic supplementary material, table S1) However, cross-study
comparisons confirmed that, as predicted, the frequency of Open Innovation was lower in study 4 when partner choice was
impossible than in studies 2 and 3 when partner choice was possible, for both the b = 20 and b = 5 conditions (electronic
supplementary material, table S9). Indeed, 2 of the 10 groups in study 4a ended with Closed Innovation higher than Open
Innovation, while 6 of the 10 groups in study 4b ended with Closed or Open Non-innovation higher than Open Innovation.
So while Open Innovation was still the most common strategy in study 4, at least some participants had learned that without
reputation, Closed Innovation (in study 4a) or Closed Non-innovation (in study 4b) were at least as good. Moreover, the strong
initial preference for Open Innovation seen in previous studies was no longer present in study 4, with CIs for Q1o estimates
overlapping with those of other strategies (figure 30,R). Reinforcement learning and payoff-biased strategy copying were
largely identical to previous studies (figure 30,R).

Electronic supplementary material, figure S11 shows the rate at which elements accumulated over time across all eight
experiments. As expected, the predominance of Open Innovation facilitated the steady accumulation of elements across all
experiments. While study 4 showed a slower rate of accumulation than the other studies, consistent with the lower frequency of
Open Innovation, cultural accumulation still occurred despite the lack of partner choice.

6. Discussion

Our aim here was to test whether reputation-based partner choice can maintain a combination of information sharing and costly
innovation, despite temptations to let others engage in costly innovation without oneself doing so (information free-riding) and
to innovate but refuse to share information with others (information hoarding). Earlier models [7] showed that the mechanism
of partner choice can maintain open innovation and hence facilitate CCE in the face of information free-riding and hoarding.
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Reputation-based partner choice works by conferring high reputations on information sharers, and allowing individuals to n
preferentially share with those who have high reputations. Hence the initial cost of innovation and cost of advantaging others

with beneficial information is outweighed by preferentially receiving beneficial information from others via reputation. Yet
while this mechanism works in theory [7], and there is experimental evidence for partner choice in non-informational, material
cooperative dilemmas [14], it is unknown whether people actually use reputation-based partner choice to maintain open
innovation in the face of informational cooperative dilemmas.

Overall, our four studies showed limited evidence that partner choice is used to facilitate information sharing, with most
participants showing a strong preference for costly innovation and indiscriminate information sharing irrespective of reputa-
tion. In study 1 (both UK and China samples) and study 2 (which addressed various potential methodological artefacts),
Open Innovation, i.e. costly innovation plus information sharing, was clearly the dominant strategy. While partner choice
was operating as indicated by the partner choice parameter (Brep) exceeding zero, it was not strong, and showed substantial
variation across participants. While some participants had high frep at levels which models predicted would support informa-
tion sharing in the face of information free-riding and hoarding, a majority had ﬁrep close to zero, indicative of sharing at
random irrespective of recipients’ sharing reputations. This was true whether the benefit of innovation was high (study 2a)
making Closed Innovation, i.e. information hoarding, the relevant exploitative strategy, or low (study 2b) making Closed
Non-innovation, i.e. information free-riding, the relevant exploitative strategy. In study 3, unbeknownst to participants, we
introduced bots who never shared and consequently had fixed reputations of zero. Genuine participants used partner choice
to mostly, but not entirely, exclude these bots from sharing. Yet Open Innovation remained the most frequent strategy despite
participants being able to see, at least in the high benefit of innovation condition (study 3a), that non-sharing bots out-per-
formed indiscriminately sharing participants. In study 4, we removed reputation entirely, precluding partner choice by design.
As predicted, Open Innovation was less frequent than in studies 1-3 and no longer initially favoured over other strategies. Yet
Open Innovation remained the most common strategy overall, even though there was no mechanism by which information
sharing could be rewarded.

Our computational models (electronic supplementary material, figures S1 and S4) highlight exactly how our participants’
behaviour deviates from expectations. In the models, Open Innovation is only favoured when partner choice is strong (high
Prep)- Here, only Open Innovators accrue reputations for sharing their elements and consequently only they receive beneficial
information from others. Yet our participants predominantly employed Open Innovation even though partner choice was weak
(Iow Brep) or, in study 4, absent (Brep = 0), such that Open Innovators were no more likely to receive beneficial information
than participants playing non-sharing Closed strategies. In the models, when partner choice is weak or zero, the optimal
strategy depends on the strength of payoff-biased strategy copying. When payoff-biased copying is strong (high ps; or pg),
then exploitative Closed strategies do best. Closed strategies benefit from both public and private knowledge whereas Open
strategies benefit only from public knowledge, so Closed strategies do relatively better and are preferentially copied. Yet
our participants showed virtually no payoff-biased strategy copying (low pg; or pg indistinguishable from zero). Here, the
models predict that participants should be indifferent between Open and Closed strategies. This is because whether you
share makes no difference to others’ sharing behaviour, so in absolute terms you neither gain nor lose from sharing because
you receive beneficial knowledge regardless. In contrast to this prediction, our participants predominantly engaged in Open
Innovation, and seldom Closed strategies. This is the puzzling aspect of our findings: given weak or absent partner choice and
weak or absent payoff-biased strategy copying, participants have no incentive to prefer Open over Closed strategies, yet they
predominantly do so.

That participants failed to engage in payoff-biased strategy copying conflicts with evidence from cultural evolution
experiments that payoff-biased social learning is frequently used in general [17,23], and economic experiments in which
payoff-biased copying promotes the spread of exploitative strategies [31,32]. Our participants even failed to employ payoff-
biased copying in study 3a when they could see Closed Innovator bots performing well, and in 4 of 10 groups out-performing
all genuine participants. The lack of payoff-biased copying may be because we rewarded participants based on absolute score.
If instead we had rewarded participants based on relative group rank, we may have seen more payoff-biased copying, and
consequently higher frequencies of Closed strategies. This may in turn have led to the establishment of reputation-based partner
choice, and the emergence of Open Innovation due to strong partner choice as predicted. We plan to test this prediction in
future work. If this is the case, it would suggest that partner choice is most likely to emerge with zero-sum relative payoffs
rather than non-zero-sum absolute payoffs. This could be tested historically; indeed, many of the examples noted in the
Introduction where partner choice facilitated information sharing probably involved relative payoffs (e.g. firms competing for
market share; scientists competing for priority).

As noted above, however, even with absolute payoffs we would still not expect the high frequency of Open Innovation that
was observed. One potential proximate explanation is that people are driven to increase their reputation by indiscriminately
sharing, even when this indiscriminate sharing leaves them vulnerable to exploitation by non-sharers. Psychologists have
shown that the desire for status or reputation is a fundamental human motive tied to self-esteem, wellbeing and physical health
outcomes [34]. Consequently, our participants could have been maximizing reputations rather than payoffs. However, while this
might explain some of our participants’ behaviour, at least in initial trials, it cannot explain why information sharing remained
the most common strategy in study 4 when reputation was removed entirely. Moreover, very few participants (5/300) in studies
2 and 3 reported being motivated to share indiscriminately purely because they wanted to maximize their own reputation.

Another potential explanation is that our participants, and people generally, have acquired culturally evolved norms to
over-share information within groups, with weak tendencies to monitor and respond to information hoarding and free-riding.
These norms may have evolved via cultural group selection [7,35], where groups of sharers accumulate information faster and
hence outperform groups of non-sharers. This fits with some participants’ self-reported strategies of sharing indiscriminately to
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maximize the spread of elements across their group, or of levelling knowledge across the group by sharing with low reputation m
group members. There may therefore be a trade-off between individual- and group-level interests relating to information
sharing. Highly discriminate sharing only with the highest reputation members of one’s group (high Prep) maximizes individual
interests and relative payoffs by protecting against exploitation within groups, but at the expense of hindering the spread of
information across the group. Indiscriminate sharing (Brep = 0) maximizes group interests and absolute payoffs by rapidly
spreading information across the group but at the expense of vulnerability to exploitation. The weak partner choice seen in our
experiments may therefore reflect a balance between past individual- and group-level selection: too weak to maintain Open
Innovation on its own, but strong enough when combined with inter-group competition to favour Open Innovation. While
we cannot test this in our data given that our groups were independent with no inter-group competition, we can model this
scenario to evaluate its plausibility. Electronic supplementary material, figure S12 shows that when inter-group competition
is added to our existing partner choice models, Open Innovation is favoured at lower values of Brep than when inter-group
competition is absent. Hence, the low frep found in our experiments may be a product of past cultural group selection, with
individual-level partner choice preventing it becoming entirely indiscriminate. Future empirical research might test this by
incorporating inter-group competition to see whether people are more responsive to group-level incentives than they were to
individual-level incentives in our current experiments. In particular, the group selection hypothesis predicts that participants
should share information within groups but not between them, if groups are in competition.

The strong tendency to share information observed in our experiments fits with previous experimental findings from the
advice literature, where participants generally choose to leave honest advice for others [18], albeit where there is no temptation
to free-ride or hoard information, nor any mechanism to maintain information sharing in the face of such temptations. Our
studies show that information sharing persists even in such contexts. Our results do not match those of [17] where participants
could set informational access costs and high performing participants set excessively high access costs that prohibited any
information sharing. Perhaps when participants can potentially profit from ‘selling’ their information, as in [17], different
dynamics emerge compared to the present experiments which entailed a binary choice of whether to share or not, and the
benefit of sharing was more diffuse, i.e. preferentially receiving information in the future. Alternatively, it may be because
participants in [17] were not paid monetarily and so had less incentive to maximize points in the task and more incentive to
maximize relative performance rank in their group, as discussed above.

Despite the improvements of study 2, several methodological limitations remain. First, our implementation of CCE as the
linear accumulation of independent elements only captures one simple kind of CCE, sometimes described as ‘core CCE’ [3].
More elaborate tasks might implement trait interdependencies, branching lineages or recombination (‘extended CEE’ [3]), or
qualitative shifts to new design spaces [36]. These complexities may increase the difficulty of innovation and reduce people’s
willingness to indiscriminately share information that is more costly to acquire. Second, the timeframe of our experiment, while
increased in studies 2—4, was still relatively short. Increasing the number of timesteps further may give more opportunity for
hoarding and free-riding to emerge and the partner choice system to be established. Third, innovation and information sharing
were the only route to higher payoffs. In reality, costly innovation and information sharing may be compensated by receiving
other kinds of benefits, such as food, mating opportunities or money. Future experiments might integrate CCE games such as
ours with more traditional PGGs to explore interactions between different kinds of cooperative activities and goods.

In summary, our studies provide tentative evidence that people are over-sharers when it comes to information: they have
strong preferences to share costly information with others across a range of contexts and conditions, even when exploitative
information hoarding strategies give higher payoffs (study 3a), and even with no possibility of benefits being returned via
reputations for sharing (study 4). It may be that this relatively indiscriminate information sharing is at least as important as
high-fidelity social learning for enabling and accelerating human CCE. However, further research is needed to explore the limits
of this indiscriminate information sharing, and whether other mechanisms of cooperation are better candidates for facilitating
human CCE than partner choice appears to be.
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