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Data and analysis6

The repository for this manuscript is www.github.com/michaelchimento/PopulationTurnoverEfficiency.7

The repository contains 3 folders. The analysis folder contains the R code necessary to re-run the statistical8

analyses and produce the figures presented in the text. The data folder contains contains the data set of9

solution behaviors for the experiment, the data set of latency to learn for each bird, and data sets of output10

from the agent based model. The images folder will store output from the figures script. The ABM folder11

contains the code for the agent based model, written for Python 3.x.12
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Table 1: Individual improvement with experience; Selection for efficient solution between conditions; LMM:
Improvement over course of experiment

Dependent variable:

log(TTS+1) log(TTS+1) efficient solution

linear linear generalized linear
mixed-effects mixed-effects mixed-effects

(1) (2) (3)

age (adult) −0.153 (0.087) −0.172 (0.092) −1.920 (0.079)
t = −1.757 t = −1.869 z = −24.260
p = 0.079∗ p = 0.062∗ p = 0.000∗∗∗

sex (male) 0.019 (0.079) 0.018 (0.083) −1.582 (0.069)
t = 0.236 t = 0.217 z = −22.795
p = 0.814 p = 0.828 p = 0.000∗∗∗

solution index (scaled) −0.027 (0.002)
t = −11.975
p = 0.000∗∗∗

solution (efficient) −0.395 (0.051)
t = −7.787

p = 0.000∗∗∗

solution index (scaled):solution (efficient) −0.117 (0.006)
t = −18.102
p = 0.000∗∗∗

experimental day (scaled) −0.048 (0.005)
t = −9.885

p = 0.000∗∗∗

experimental day 0.291 (0.010)
z = 28.986

p = 0.000∗∗∗

condition (turnover) 0.192 (0.127) −2.169 (1.700)
t = 1.518 z = −1.276
p = 0.129 p = 0.203

experimental day (scaled):condition (turnover) −0.077 (0.010)
t = −7.382

p = 0.000∗∗∗

experimental day:condition (turnover) 0.603 (0.016)
z = 38.713

p = 0.000∗∗∗

intercept 0.925 (0.215) 0.714 (0.258) −10.853 (1.088)
t = 4.299 t = 2.765 z = −9.974

p = 0.00002∗∗∗ p = 0.006∗∗∗ p = 0.000∗∗∗

Observations 113,145 113,145 141,059
Log Likelihood −93,309.000 −93,519.000 −5,741.600
Akaike Inf. Crit. 186,638.000 187,061.000 11,499.000
Bayesian Inf. Crit. 186,734.000 187,167.000 11,578.000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 1: A): LMM used to determine whether birds were improving their performance with experience,
quantified as the log(TTS + 1) to account for non-normality and that 0 seconds was the shortest recorded
TTS. Nested random effects of ID within population within year. B) LMM used to determine whether
populations were improving over experimental time, with performance quantified as the log(TTS + 1). ID,
population, year were included as nested random effects, and solution type was included as another random
effect. C) Logistic GLMM used to determine whether populations were selecting for the efficient solution.
The response variable was the production of an efficient solution type. Data was subset to the experimental
period (after T1), when both solutions were available. Random effects included population nested within
year. ID was excluded as the model failed to converge.
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Table 2: GLM: Differences in innovation timing between conditions

Dependent variable:

days solving days exposure experimental day

(1) (2) (3)

age (adult) −0.555 (1.843) −0.124 (1.348) 0.317 (1.555)
t = −0.301 t = −0.092 t = 0.204
p = 0.767 p = 0.928 p = 0.841

sex (male) 4.554 (1.816) −0.157 (1.328) 1.080 (1.531)
t = 2.508 t = −0.118 t = 0.706

p = 0.023∗∗ p = 0.908 p = 0.490
condition (static) 5.772 (1.918) 1.418 (1.403) 1.908 (1.618)

t = 3.009 t = 1.010 t = 1.179
p = 0.008∗∗∗ p = 0.327 p = 0.255

intercept 6.237 (1.928) 14.270 (1.410) 13.706 (1.626)
t = 3.234 t = 10.118 t = 8.427

p = 0.005∗∗∗ p = 0.000∗∗∗ p = 0.000∗∗∗

Observations 21 21 21
Log Likelihood −58.143 −51.573 −54.568
Akaike Inf. Crit. 124.290 111.150 117.140

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 2: Three GLMs in which 3 alternative measures of timing of innovations were predicted by age, sex
and condition to investigate whether innovation rates differed between conditions. A) Both male innovators
and innovators in the static condition took significantly more days of solving before innovation, however
the difference in condition was driven by 2 outlier data points. B) Days exposure to the puzzle box before
innovation did not significantly differ between conditions, and neither did C) experimental day of innovation.
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Table 3: GLMM: Predictors of failure to adopt efficient solution

Dependent variable:

failure to adopt

days experience 0.364 (0.132)
t = 2.761

p = 0.006∗∗∗

socially observed inefficient 0.485 (2.062)
t = 0.235
p = 0.815

intercept −3.421 (1.977)
t = −1.730
p = 0.084∗

Observations 53
Log Likelihood −18.481
Akaike Inf. Crit. 46.962
Bayesian Inf. Crit. 56.813

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3: Logistic GLMM used to determine what predicted the failure to adopt the efficient solution after
sampling it. The response variable was failure to adopt, which was calculated by measuring the majority
solution of the last 10% of solves produced by an individual bird. Predictors include experience (days spent
producing the inefficient solution prior to sampling the efficient solution), as well as conformity (the proportion
of socially observed inefficient solutions on the day the bird first produced the efficient solution). Age and
sex did not significantly predict the failure to switch, and were excluded from the final model. Only days
experience significantly predicted whether or not the birds failed to switch, indicating that experience and not
conformity was responsible for behavioral conservatism in these birds.
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Table 4: GLMM: Did learning during the diffusion period affect sampling?

Dependent variable:

sampler

learned during diffusion 1.187 (0.505)
t = 2.352

p = 0.019∗∗

intercept −0.323 (0.492)
t = −0.655
p = 0.513

Observations 99
Log Likelihood −63.467
Akaike Inf. Crit. 132.930
Bayesian Inf. Crit. 140.720

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 4: Logistic GLMM to check if learning to solve the puzzle during the diffusion period while the efficient
solution was unavailable (binary variable ”learned during diffusion”) inhibited birds from sampling both sides
during the experimental period. Population was used as a random effect. Learning to solve the puzzle during
the diffusion period actually were more likely to be samplers of both sides.
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Figure 1: Overview of solution frequencies by bird ID (y-axis) over experimental time (x-axis), faceted by
population, with solution type (blue-inefficient, red-efficient) and innovation events (asterisk circles) marked
(n = 18 populations, 97 birds, 174939 solutions). The efficient solution was innovated predominantly by
experienced individuals, yet adopted by incoming naive individuals in the turnover condition.
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Figure 2: Comparison of innovation timing between conditions (static: dark blue, turnover: yellow; n = 21
innovation events). A) Days exposure to the task before innovation and experimental day was not found to
be significantly different between conditions. B ) Days solving before innovation was significantly lower in the
turnover condition, however note the two data points that drove this difference. C) Experimental days before
innovation and experimental day was not found to be significantly different between the two conditions. From
this data, we suggest the difference in innovation between conditions was not primarily responsible for the
strong selection for efficiency in the turnover condition.
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Figure 3: ABM results with varying levels of conformity. Selection for efficiency is measured as the proportion
of efficient solutions at final time step. A-E) Non-conformist agents who weight social information linearly
(conformity exponent value of 1; n = 62,500 static sims, n = 42,324 turnover sims). F-J) ABM results with
simulations of extremely conformist agents who weight social information hyper-linearly (conformity exponent
value of 10; n = 62,500 static sims, n = 42,202 turnover sims). Hyper-conformity generally led to weaker
selection for efficiency, as the social information from the original tutor carried more weight. However, turnover
produced the same result of enlarging the parameter space in which the efficient solution could be selected
for.
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Figure 4: ABM results with varying payoffs for the inefficient and efficient solutions. Selection for efficiency
is measured as the proportion of efficient solutions at final time step. A-E) Simulations using smaller payoff
values (5 and 10) for the inefficient and efficient behavior (n = 62500 static sims, n = 42348 turnover sims).
F-J) Simulations using larger behavior payoff values (payoffs of 50 and 100; n = 62500 static sims, n =
42,494 turnover sims). The overall results are similar independent of payoff values, with turnover producing a
stronger selection for efficiency across parameter space. However, the magnitude of difference between payoff
values does affect how agents treat behaviors. Smaller payoff values gave a smaller magnitude of difference,
which affected how the conservatism parameter influenced agents’ choices. In the smaller payoff simulations,
agents with a linear sensitivity (conservatism = 1) perceived less of a difference between behaviors, and were
thus more likely to sample the efficient behavior, even if they hadn’t received a payoff for it yet.
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Figure 5: ABM results with a reversed conditional probability of learning to test if this function was an
important factor (n = 62500 static sims, n = 18,922 turnover sims). Selection for efficiency is measured as
the proportion of efficient solutions at final time step. The rate of extinction in turnover simulations was much
higher, since agents needed to be exposed to the task for longer before acquiring the behavior. However, of
the simulations in which the behavior didn’t go extinct, results only differed slightly compared to the model
run with experimental data, showing that the effect of turnover should be robust to various real-world contexts
in which this learning function may vary.)
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