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1. INTRODUCTION

Experimental studies of cultural evolution, social learning, cooperation, and collective decision-making
ask fundamental questions about our capacities to learn, decide, and communicate in a world that is
shared with other people. Experiments have revealed how structured forms of communication emerge
from individual learning and decision-making [Verhoef et al. 2014; Claidiere et al. 2014], how innova-
tions accumulate in populations to produce technologies that go beyond what any one individual could
create [Caldwell and Millen 2008; Dean et al. 2012], and how the format of communication affects
transmission and acquisition of new skills [Morgan et al. 2015; Hill et al. 2014].

In-laboratory experiments of this kind are logistically complex and resource intensive, requiring re-
cruitment and coordination of participants to perform tasks sequentially and in concert, with enough
space and time to isolate and control their interactions. These requirements drive experimental de-
signs towards simple network structures, small groups, and limited interaction between participants.

Crowdsourcing provides a promising avenue for scaling up experiments on cultural transmission.
Using crowdsourcing platforms, researchers can access a larger and more diverse pool of human sub-
jects, automate data-collection procedures, and scale experiment designs to more complex arrange-
ments of people. If leveraged to their full capacity, crowdsourcing platforms may transform the way we
study cultural transmission through experiments.

2. DALLINGER

We created a software-based tool for orchestrating cultural transmission using online crowdsourcing.
Our tool, named Dallinger, provides efficient high-throughput automation for running behavioral ex-
periments: it recruits participants, obtains their informed consent, arranges them into a network,
coordinates their communication, records the data they produce, pays them, and validates and man-
ages the resulting data. Dallinger runs on commodity hardware and cloud platforms, communicates by
means of its API, uses widely supported languages and markups such as Python, HTML, JavaScript,
and CSS, and is released as free and open-source software under the permissive MIT license.
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Dallinger is modular and includes a library of components that will be useful in the creation of
new experiments. Prepackaged network structures include the linear chain [Bartlett 1932], scale-free
network [Barabási and Albert 1999], star and burst formations, micro-society [Jacobs and Campbell
1961], and the discrete generational structure of the Wright Fisher model from population genetics,
among others. Prepackaged behavioral tasks include story recall, category learning, function learning,
magnitude estimation, a public goods game, stimulusresponse mapping, and numerosity judgment.
Experiments can also use custom network structures, processes, and tasks, which can be built by
modifying the provided templates. With respect to participant recruitment, Dallinger uses a plugin
architecture, through which new recruitment services can be added. One such plugin is for the popular
Amazon Mechanical Turk crowdsourcing platform.

3. VALIDATION

To validate the extensibility of the tool, we recreated experiments from evolutionary biology, game
theory, and psychology, ranging from Galtons 1907 study of the wisdom of crowds [Galton 1907] to a
modern study of herding in humans [Raafat et al. 2009]. Some of these studies include:

—Langlois et al. (2018) used Dallinger to run massive transmission-chain experiments, revealing bi-
ases in visual memory. Each chain lasted 20 generations, and hundreds of chains were run in paral-
lel.

—Gates et al. (2017) used Dallinger to run collective memory experiments in which groups of partici-
pants worked together to collaboratively recall a list of words.

—Morgan et al. (in prep.) used Dallinger to run experimental evolutionary simulations of the Baldwin
Effect, arranging participants into an intergeneration network structure, with 40 generations of 60
individuals (see more in what follows).

To validate the efficiency of Dallinger, we analyzed log data from a large-scale experiment run on
Dallinger and reported elsewhere. The experiment, which examined genetic encoding of learned behav-
ior (i.e., the Baldwin Effect), began with a population of 60 bionic agents — human learners endowed
with artificial genes that affected the success of learning. The 39 non-overlapping generations follow-
ing the founding generation were each composed of a set of 60 further bionic agents, who inherited
(artificial) genetic information from a member of the previous generation. Parents were chosen with
probability proportional to a fitness measure that was based on their performance on the learning
task. This network structure imposes a strict linear dependency across generations, but permits con-
currency within each generation, such that the time complexity is linear in the number of generations
and constant in the size of each generation.

Dallinger makes efficient use of time, space, and human capital. Using a funnel analysis, we de-
termined that to yield the 2400 participants called for by the design, 3300 needed to be recruited, of
whom 90 (2.7%) did not begin the task, 203 (6.2%) began but quit before completion, 87 (2.6%) did
not finish within the allotted time, and 460 (13.9%) finished but did not meet the required level of
performance, leading to a fractional yield of 77.2%. The distribution of task completion times, which
is well described as a truncated log-normal distribution (µ = 788 s, σ = 0.25 ln s, b = 1800 s), implies
a minimum achievable runtime of 6.17 104 s (roughly 17 hours) under conditions of perfect yield and
concurrent filling of a generation. The actual runtime was 2.95 105 s, 5.35 slower than the minimum.
A blocked-time analysis [Ousterhout et al. 2015] identified yield and upper-tail completion time as
primary performance bottlenecks.
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4. DISCUSSION

A growing concern amongst behavioral scientists is reproducibility, which is weakened by unscripted
interactions with participants, small sample sizes, vaguely reported methods, unavailable source code,
and undocumented data. Guided by the principle that the adoption of best practices can be promoted
by the default behavior of technology, Dallinger implements best practices from the ICPSRs guidelines
for data preparation and archiving [Austin et al. 2010]. The tools automation and efficiency lessen the
burdens that ordinarily hinder reproducibility. For example, because the experiments are run entirely
via code, they can be self-documenting, creating as a byproduct shareable packages containing the
original source code, a register of all events that took place during the experiment, and the data.
Dallinger also offers automated preregistration.

In conclusion, Dallinger is an extensible platform for automating experimentation on cultural evolu-
tion, social learning, cooperation, and collective decision-making. The tool makes efficient use of time,
space, and human capital, while promoting reproducibility in the behavioral sciences. We anticipate
that its greatest potential will be found in facilitating experimental designs that go beyond small linear
transmission chains, leading to the proliferation and mainstreaming of paradigms such as simulating
evolution with bionic agents and other forms of human-in-the-loop computation.

Collective Intelligence 2019.



1:4 • Suchow et al.

REFERENCES

Erik Austin, Corey Colyer, Darrell Donakowski, Russel Hathaway, Cynthia Hoxey, Peter Joftis, and Child C Bureau. 2010.
Guide to Social Science Data Preparation and Archiving Best Practice Throughout the Data Life Cycle. (2010).
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