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ABSTRACT
Liquid democracy is a voting paradigm that allows voters to either
vote themselves or delegate (eventually transitively) their vote to
a peer. Votes are counted through a weighted majority, where a
delegate’s weight equals the number of individuals they represent
post-delegation. Liquid democracy promises to enhance collective
decisions through a process deemed both legitimate (delegates are
chosen endogenously by all) and accurate (experts tend to receive
more delegations). Such assertions rely on both delegations improv-
ing the group’s expertise post-delegation and no delegate amassing
too much power. To investigate liquid democracy on binary issues
for which there is a ground truth, Halpern et al. [16] modeled dele-
gation behavior stochastically and identified sufficient conditions
such that liquid democracy performs better than direct democracy.
Herein, we investigate whether these conditions are met empiri-
cally. Through six experiments with a total of 𝑁 = 101 participants
from 14 countries, we test the performance of liquid democracy
by asking voters to either vote or delegate on five tasks (group
of questions from a unique theme). Regardless of their delegation
choices, we collect voters’ answers to all questions and compare the
liquid vote with its counterfactual, the direct vote. We observe that
higher-expertise voters are statistically less likely to delegate than
lower-expertise ones. Further, the average expertise of voters who
delegate is lower than the expertise of those receiving delegations.
These findings are aligned with Halpern et al.’s requirement and
empirically suggest that delegation behaviors meet the conditions
for positive theoretical guarantees.
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1 INTRODUCTION
Liquid democracy is a voting paradigm that allows voters to either
cast a vote or nominate a delegate to decide on their behalf. Dele-
gations are transitive so that if A delegates to B, B delegates to C,
and C votes herself, C effectively casts a vote on behalf of all three.
The final decision is made through a weighted majority where a
voter’s weight equals the number of delegations she received; this
is illustrated in Figure 1.
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Figure 1: Liquid vote between propositions 0 and 1.

The figure represents the output of a liquid vote on two propositions
(0 and 1) among 𝑁 = 7 voters. The voters are connected through an
underlying social structure illustrated by the blue lines. The dotted
black arrows represent delegations: voter A delegates to voter B. The
voters who delegate (voters 𝐴, 𝐵,𝐶 , and 𝐺) are called delegators. The
voters who vote directly, that is, do not delegate and take part in the
final vote (voters 𝐷, 𝐸, and 𝐹 , circled in pink) are called delegates.
In liquid democracy, votes are counted through a weighted majority
where each voter 𝑖 ∈ [𝑁 ] has weight𝑤𝑖 depending on their delegation
behavior. Each delegate’s weight equals the number of individuals
they represent either directly or transitively (here𝑤𝐷 = 4,𝑤𝐸 = 1 and
𝑤𝐹 = 2). Indeed, delegate 𝐷 represents herself along with voters𝐺, 𝐵
and 𝐴. Delegate 𝐸, on the other hand, solely represents herself. The
weight of the delegators in the final decision is equal to zero. Finally,
the pink boxes display the policy for which each delegate votes. The
decision is made among the delegates, each of their vote weighted by
the number of delegations they received. Proposition 0 hence gathers
𝑤𝐸 +𝑤𝐹 = 3 votes and proposition B𝑤𝐷 = 4 votes. In summary, this
liquid assembly chose proposition 1.

Liquid democracy has been said to combine the best aspects
of direct voting (where all voters cast a vote) and representative
democracy (where voters elect representatives to vote on their be-
half) [4]. Moreover, it is currently being proposed as an alternative
to existing voting practices to elect per-issue bodies of experts (or
congress-members) [40]. Evaluating such proposals is beyond the
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scope of this paper; instead, we investigate the empirical perfor-
mance of liquid democracy on closed questions, i.e., those with a
correct answer. While such results cannot alone be used to advocate
for or against liquid democracy, they would test a key assumption at
the heart of this voting paradigm: local delegations will find experts
in the electorate and lead to better decisions. We will focus on the
epistemic setting, where voters decide on a binary issue for which
there is a ground truth, and evaluate the epistemic dimension of
decision-making investigating the performance of various rules in
identifying the correct answer to given problems.1

1.1 Collective Intelligence
Researchers on the epistemic dimension of collective decision-
making have documented for over two centuries the power of
collective intelligence that emerges when a group, through its col-
lective agency, is wiser than any of its individual members. These
results have theoretical underpinning [9] as formalized mathemati-
cally by the Marquis de Condorcet in 1785 (in what is known as the
Condorcet Jury Theorem) and have been supported by considerable
empirical evidence [12, 37], philosophical argument [24], and use
in business applications, for instance, in prediction markets [1] and
crowdsourcing [10, 41].

In the simple case of 𝑁 voters facing a binary decision (think
of the question “Will Emanuel Macron or Marine Le Pen win the
French presidential election?”) where 0 represents the wrong an-
swer and 1 the correct answer, a priori unknown, this phenomenon
can be modeled as follows. We use the notation [𝑘] = {1, . . . , 𝑘}.
Each voter 𝑖 ∈ [𝑁 ] has a competence or expertise level 𝑝𝑖 ∈ [0, 1]
(we will use these terms interchangeably). This 𝑝𝑖 represents the
probability the voter votes correctly, hence, their vote is a sam-
ple 𝑋𝑖 ∼ Ber(𝑝𝑖 ). In general, we will assume that these votes are
mutually independent. Further, we will assume that the 𝑝𝑖s are
themselves drawn i.i.d. from some distribution D. Note that the
proportion of correct votes will approach E[D] as 𝑁 increases
(simply from the Law of Large Numbers). Hence, if the average
expertise of a group member E[D] is strictly greater than 0.5, the
probability that at least half of the voters are correct converges to 1
as 𝑁 increases. In other words, for 𝑁 large enough, even when no
individual citizen is perfectly accurate, the group almost certainly
converges on the correct answer. 2

Of course, this result is flipped should the average expertise of
a group member E[D] be strictly smaller than 0.5. Empirically,
groups are also known to fall into this sub-optimal regime, creat-
ing what James Madison referred to as the confusion of the multi-
tude [29].3

The performance of this collective agency is therefore known to
depend on the inner characteristics of the groups. In lay terms, for
binary decision making, the premise of collective intelligence is that
1We will solely focus in this paper on issues that have a unique correct answer. In
Section 4, we will discuss the extent to which such insights extend beyond this to
decisions that are not only fact-based but moral-based.
2Note that this result still holds when comparing the group to the highest order statistic
of a fixed distribution (not changing with𝑁 ) that has 1 in its support, as the probability
that a sum of Bernouillis converges grows exponentially fast while the probability that
the highest order statistics does grows as 1/𝑁 [34].
3The death of the philosopher Socrates is often taken as an example of collective
confusion. Socrates was put on trial for “corrupting the youth” by politicians unhappy
with Socrates’ effort to teach students to have a critical spirit and sentenced to death
by a majority vote (56%) of 501 Athenians [31].

the average group member is better at voting than a random fair
coin. Importantly, liquid democrats suggest displacing the necessary
condition of collective intelligence from “knowing about an issue”
to “knowingwho knows about this issue.” I might not knowwhether
proposition 0 or proposition 1 is better suited to curb climate change,
but I most likely knowwho knows more than me. Liquid democracy
could leverage collective intelligence to identify the knowledgeable
agents and increase the likelihood of being collectively correct.
Herein, we identify whether such a phenomenon (where voters
identify more competent others through delegation) happens in
practice.

Now, even if liquid democracy were to increase the expertise of
the average group member endogenously through delegations, it
may also lead to excessive concentration of power where, in the
extreme case, a unique delegate receives all the delegations. Beyond
the philosophical concerns, the Condorcet Jury Theorem suggests
that such a situation would be mathematically sub-optimal. Along
these lines, Kahng et al. [20] proved that, under a certain class of
delegation behaviors, it is always possible to construct pathological
network typologies such that a few agents amass too much power
for liquid democracy to outperform a majority vote. Hence, besides
testing whether voters identify more competent others, we will
also comment on whether we observe concentration of power in
our studies.

1.2 Related Work
Liquid Democracy. In Halpern et al. [16], the authors precisely

studied this trade-off identifying sufficient conditions on the max-
imum number of delegations one may receive and the average
increase in expertise post-delegation for liquid democracy to out-
perform direct democracy.

They further identify types of delegation behaviors that lead
to liquid assemblies whose characteristics respect the trade-off
mentioned above. They model delegation as dependent on voters’
relative expertise. Concretely, they consider a function 𝑞 : [0, 1] →
[0, 1] that maps expertise to probability of delegation so that voter 𝑖
with associated competence 𝑝𝑖 votes with probability 𝑞(𝑝𝑖 ). Next, if
voter 𝑖 delegates, she samples a peer 𝑗 to delegate to with probability
proportional to a value 𝜑 (𝑝𝑖 , 𝑝 𝑗 ) where 𝜑 : [0, 1]2 → [0, 1] depends
on both delegator 𝑖 and potential delegate 𝑗 ’s expertise and outputs
the probability that this neighbor is chosen. The authors show that
the following three classes of delegation behaviors are sufficient
for liquid democracy to weakly outperform direct democracy:

• Upward delegation: Voters delegate with a fixed proba-
bility 𝑝 independent of their expertise but only delegate to
more competent peers. In short: for all 𝑖 ∈ [𝑛], 𝑞(𝑝𝑖 ) = 𝑝
and for all (𝑖, 𝑗) ∈ [𝑛]2, 𝜑 (𝑝𝑖 , 𝑝 𝑗 ) = 1{𝑝 𝑗>𝑝𝑖 } .

• Confidence-based delegation: Voters’ propensity to del-
egate decreases with their expertise, and they choose some-
one randomly when they delegate. In short: 𝑞(𝑥) is a de-
creasing function and for all (𝑖, 𝑗) ∈ [𝑛]2, 𝜑 (𝑝𝑖 , 𝑝 𝑗 ) = 1.

• General Delegation: Voters delegate with a fixed proba-
bility 𝑝 independent of their expertise, but they put higher
weight on more competent peers. In short: for all 𝑖 ∈ [𝑛],
𝑞(𝑝𝑖 ) = 𝑝 or 𝑞(𝑥) is a decreasing function and 𝜑 (𝑥,𝑦) in-
creases in its second coordinate.
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The point of the present paper is to investigate the validity of
the delegation behaviors identified in [16]. Precisely, we will test
whether voters delegate more often when they are less competent
and when delegating, whether they tend to choose more competent
agents.

While [2, 7, 20] exposed negative results for liquid democracy
exhibiting pathological graphs with an intolerable amount of con-
centration of power and proving hardness results when trying to
find the optimal delegation flows, Halpern et al. identify delega-
tion behavior assuming connected social structure such that liquid
democracy proves to be a better-performing voting system than
direct democracy.

Note that liquid democracy has further been studied through
many lenses other than this epistemic one. From a political econ-
omy perspective, Green-Armytage [15] studies whether utility-
maximizing agents would rationally delegate; Bloembergen et al.
[3] and Zhang and Grossi [42] analyze more sophisticated game-
theoretic frames to motivate both voters and delegates’ rationale
in liquid democracy. Christoff and Grossi [8] investigate logically
interdependent propositions connecting liquid democracy to a De-
Groot model where voters “copy” their neighbor’s signal.

Others have proposed various practical solutions to bypass em-
pirical hurdles associated with liquid democracy: Brill and Talmon
[5] proposed to let voters nominate multiple delegates in case some
abstain and also suggests ways to let a central planner decide who
would receive the delegation among the short-list. In a similar vein,
Gölz et al. [14] offers to let voters nominate 𝑘 delegates and rely
on a central planner to choose the delegation graph that would
minimize concentration of power.

Finally, political philosophers have been studying the normative
properties of liquid democracy [4, 39] and proposing it as an alter-
native to the current legislative processes [25, 40]. Such research
often follows [23]’s minority view that representative democracy,
if achieved through cogent elections, may be a greater form of
democracy than direct democracy.

Wisdom of Crowds in Practice. This paper provides an empir-
ical analysis of liquid democracy’s performance, also relying on
the empirical literature focused on collective behaviors and the
“psychology of crowds” [26].

In his controversial 1895 book, Gustave Le Bon, with the spec-
trum of the French Revolution in mind, defines different types
of crowds and rationalizes their predictable irrationality through
the concept of “popular mind.” In his Memoirs of Extraordinary
Popular Delusions and the Madness of Crowds, Charles Mackay ref-
erences instances where groups’ judgements resulted in disastrous
outcomes [28]. Yet, examples dating back to the early twentieth
century have exhibited a phenomenon called “Wisdom of Crowds”
in which the quality of groups’ judgements surpasses those of a
few experts. For example, Francis Galton famously collected 787
predictions for the weight of an ox and observed that the “median
of the guesses—1,207 pounds—was, remarkably, within 1% of the
true weight” [12, 36].

Such experiments have been repeated over the years to assess
knowledge [37], forecast stock prices [22], identify phishing web-
sites [27, 30], forecast political or social events [6, 19, 21, 32], and
predict sporting outcomes [17]. Predictions markets [1] have also

promised to deliver more accurate forecasts on forums generating
revenues for the prediction of highly uncertain events. Crowd-
sourcing also was built on similar premises [10, 41].

The most comprehensive empirical investigation of the Wisdom
of Crowds, to the best of our knowledge, is by Simoiu et al. [36];
they collected around 500,000 answers from almost 2,000 partic-
ipants for about 1,000 questions spanning 50 different domains
ordered in 5 categories (knowledge, tacit, popular culture, predic-
tions, and spatial reasoning). They found that the crowd does better
on individual questions and “considerably better than individuals
when performance is computed on a full set of questions within a
domain.”

While these experiments use simple aggregation metrics (such as
the mean or median of a sample), others were tested in an attempt
to extract an even wiser substrate from the signals gathered from a
group, such as in Prelec’s truth serum [33].

Wisdom of Crowds has also been found to fail in certain setups,
for example, situations “in which emotional, intuitive responses
conflict with more rational, deliberative responses” [36]. For in-
stance, Simmons et al. [35] found that voters’ biases prevented
them to make wise decisions in the sports betting context.

The notion of the Wisdom of Crowds is not, as it may first seem,
at odds with the idea of expertise. On the contrary, researchers have
identified that often, small crowds of identified experts perform
better than the large less-informed crowds [6, 13, 18, 38]. Liquid
democracy promises to identify such a smaller crowd endogenously.

1.3 Experiment Goals
In what follows, we present a series of six experiments where vot-
ers were given the chance to either vote or delegate different tasks.
Even in the case that they delegate on a given task, they were still
asked the question in the second phase of the experiment. This
allows us to do a few things. First and most directly, we can com-
pare the accuracy of voting under liquid and direct democracies.
Second, we can use the answers to all questions to get an estimate
of voter competencies by simply considering their number of cor-
rect answers. From this, we can study how delegation behavior
depends on expertise. Our hypothesis is that the behaviors match
the sufficient theoretical conditions of Halpern et al. [16]; that is,
first, voters are more likely to delegate the less competent they are,
and second, on average, more competent voters tend to receive
more delegations. Finally, we hope to experimentally exhibit that
many voters choose to vote directly and delegations are relatively
balanced, preventing accuracy-harming concentration of power.
The paper is organized as follows. In Section 2, we describe the
survey content (Section 2.2), the participants’ characteristics (Sec-
tion 2.1), and the statistical models used for inference (Section 2.3).
Next, in Section 3, we present the results looking at high-level dele-
gation behaviors (Section 3.1) before digging into the relationship
between expertise and delegation, both in likelihood of delegating
in Section 3.2 and in choice of delegate in Section 3.3. We con-
clude the section comparing the performance of liquid democracy
and direct democracy (Section 3.4). Finally, Section 4 discusses the
experiment’s limitations and routes for future work.
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2 METHODS
In this section, we present the different participating groups, the
survey material, and the analysis strategy.

2.1 Experiments
We conducted 𝐸 = 6 experiments between March 21st and April
5th, 2022, with a total of 𝑁 = 101 participants from 14 different
countries in Asia, Africa, North and South America, and Europe.
Of the participants across all experiments, 29% were native English
speakers, 16% were female, 4% non-binary, and 80% were male.
The series of experiments were conducted in Morocco, the United
States, France and the Netherlands. Each experiment involved one
group of 11 to 32 participants that had some social ties. (We will
use interchangeably the words “group” and “experiment” as again,
each experiment was conducted with a different group.) The details
of the groups that participated in the study are displayed below in
Table 1.

In each experiment, group members answered a survey with the
same 25 questions grouped into 5 tasks. The questions were also
identical across experiments, except for the prediction task, which
involved predicting sporting events that were to take place in the
following week (so the question needed to be changed periodically).
Section 2.2 is dedicated to detailing the survey content.

Note that such experiments cannot be run anonymously online
since liquid democracy relies on groups having an underlying so-
cial structure requiring more involved organization. We partnered
with universities, companies, and associations that helped us ac-
cess such groups. The experiment was submitted to a university
Committee on the Use of Humans as Experimental Subjects and is
IRB exempted.

2.2 Material
2.2.1 Questions. Each participant was faced with 5 tasks. A task
involved answering a series of questions from a given domain. The
5 domains, taken from Simoiu et al. [36], were: knowledge (identify
historical landmarks), pop culture (link a music theme to a movie),
tacit (recognize English idioms), prediction (predicting sporting
events), and spatial reasoning (following the position of a hidden
ball under cups). Each participant answered the same series of
questions (3 to 7) within each task.

In total, there were 25 questions grouped in the different tasks
(see Table 2). The questions were taken from Simoiu et al. [36] that
developed a curated list of 100 questions grouped into 50 domains,
further stratified into the five categories (knowledge, pop culture,
tacit, prediction, and spatial reasoning). To be sure, Simoiu et al.
[36] hadmultiple domains per category.We picked a unique domain
per category and created the tasks around that domains.4 To be
consistent with the epistemic setup under study, we converted
all categorical questions into binary ones. As an example, for a
question from Simoiu et al. [36] of the type “Where is this famous
landmark from?” with four options (Italy, Tibet, Greece, or Brazil)
to choose from, we selected a random option to reformulate the
question as: “Is this famous landmark from Brazil?” Finally, note

4We selected a random discrete domain per category and, for each domain, chose a
random sample of questions. In a discrete domain, participants chose between a finite
set of pre-set answers instead of answering open-ended questions.

that the prediction questions from Simoiu et al. [36] were about
March Madness (a basketball tournament in the United States for
college students playing first division of NCAA), and we re-used
those for our first two experiments. Then, for the experiments after
March Madness concluded, we constructed questions about other
upcoming sporting events. The questions are shown in Table 2.

2.2.2 Survey Flow. For each group, a survey link was provided. The
participants were first asked for informed consent and names. They
were then given a description of a task and were asked whether
they wanted to delegate or not. If not, they were taken to all the
questions from this directly. On the other hand, if they chose to
delegate, they were asked to select the name of their delegate and
were then presented with the next task. The prompts for each task
are shown here:

• Knowledge: You will be shown images of architectural
landmarks from around the world, and asked to select the
country where the landmark is located.

• Popular Culture: You will be provided with short audio
files with theme songs from various movies, and asked to
select the movie it was featured in.

• Tacit: You will be given English idioms, and asked to iden-
tify their meaning. An idiom is a group of words that have
a meaning not deducible from those of the individual words
(e.g., rain cats and dogs, see the light ).

• Prediction: You will be given US college basketball teams,
and asked to predict which round they will make it to in
the NCAA Tournament, taking place in March 2022. OR
5 You will be given upcoming soccer games, and asked to
predict the games’ outcome. OR Youwill be given upcoming
sporting events (soccer and tennis games), and asked to
predict the games’ outcome?

• Spatial Reasoning: You will be asked to watch a short
video of the Cups and Balls magic trick, and identify the
location of the ball at the end of the trick.

After being exposed to all five tasks and asked to vote or delegate,
participants were taken to the final stage of the survey, where they
were asked to answer “additional questions” that were, in fact, all
the questions they had delegated in the first stage. This was done
at the end of the experiment, not to prime the participants on the
exercise. These signals allowed us to compare the results of liquid
democracy with direct democracy, the counterfactual where all
voters had voted. Finally, a few optional background questions
were asked on the last page. Excerpts from the survey are shown
in Figure 6.

Note that we randomized the order in which tasks, questions
within each task, and the “True/False” options appeared.

Next, we turn to explaining the ways data were processed and
analyzed.

2.3 Analysis Strategy
We begin with notation that we will use throughout the paper. Let
[𝑁 ] be the set of 𝑁 voters and [𝐸] be the set of 𝐸 experiments. Each
experiment 𝑒 ∈ [𝐸] has 𝑁𝑒 participants so that 𝑁 =

∑
𝑒∈[𝐸 ] 𝑁𝑒 .

5Again, different prediction questions were used for different experiments, because
predicted outcomes were realized between the running of experiments.
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Table 1: Groups Characteristics

Qualitative groups description, sizes and performance under direct and liquid democracy across all tasks

Group
ID

Group Description Group Size Direct
Democ-
racy

Liquid
Democ-
racy

1 Research Group: Members connected for 1 to 10+ years 11 0.682 0.713
2 Graduate and Undergraduate Class: Members from various years and programs

that do not necessarily know each other outside of class
12 0.726 0.730

3 Graduate Class: Students from various years in a program with small pods and
little interconnections among them

32 0.682 0.695

4 Sports Team: Members connected for 3 months to 10+ years 14 0.740 0.748
5 Financial Association: Members with shared interests and common enterprises

for 2+ years
17 0.694 0.729

6 Group of employees, students and faculty: Members connected for 1 to 10+
years with various degrees of connection

15 0.678 0.703

Let T = {𝑃, 𝑃𝐶, 𝑆𝑅,𝑇 , 𝐾} be the set of five tasks (respectively Pre-
diction, Popular Culture, Spatial Reasoning, Tacit, and Knowledge).
For each task 𝑡 ∈ T there are [𝑅𝑡 ] questions which prompts can be
found in Table 2. For each voter 𝑖 ∈ [𝑁 ] in experiment 𝑒 ∈ [𝐸] and
for each question 𝑟𝑡 ∈ [𝑅𝑡 ] in each task 𝑡 ∈ T , we collect:

(i) the direct vote to each question 𝑣𝐷
𝑖,𝑒,𝑟𝑡

∈ {0, 1} (votes are
binary)

(ii) the binary signal 𝛿𝑖,𝑒,𝑡 taking on the value 1 if 𝑖 delegated
the task 𝑡 and 0 otherwise

(iii) the liquid vote 𝑣𝐿
𝑖,𝑒,𝑟𝑡

∈ {0, · · · , 𝑁𝑒 }
(iv) the confidence level for each question 𝑟𝑡 , denoted by 𝑐𝑖,𝑒,𝑟𝑡 ∈

{0, 0.25, 0.5, 0.75, 1}

Indeed, recall that all participants answered every question (ei-
ther in the first experimental phase after choosing “Vote Myself”
or in the second experimental phase in the “additional questions”
section); this corresponds to 𝑣𝐷

𝑖,𝑒,𝑟𝑡
. Then, every participant was

asked in the first experimental phase to either vote or delegate at
the task level, which is a binary behavior captured by 𝛿𝑖,𝑒,𝑡 . The
liquid vote represents the contribution of voter 𝑖 to the liquid vote
on question 𝑟𝑡 , that is 𝑖’s vote multiplied by 𝑖’s transitive weight
post-delegation𝑤𝑖,𝑒,𝑟𝑡 (see Figure 1 for examples of weights). Hence,
𝑣𝐿
𝑖,𝑒,𝑟𝑡

= 𝑣𝐷
𝑖,𝑒,𝑟𝑡

×𝑤𝑖,𝑒,𝑟𝑡 the liquid vote is 0 if voter 𝑖 delegates, and
𝑖’s weighted vote otherwise. Finally, we measure voter confidence
by asking, after each question 𝑟𝑡 , how confident the voters felt
with their answer on a 5-point scale (normalized so that 0 is “not
confident at all” and 1 is “extremely confident”).

To be sure, the quantities of interest are: the votes of each voter
𝑖 on each question 𝑟𝑡 (where 𝑣𝐷𝑖,𝑒,𝑟𝑡 is the direct vote and 𝑣

𝐿
𝑖,𝑒,𝑟𝑡

is
the liquid vote) and the delegation decision voter 𝑖 took at task 𝑡,
𝛿𝑖,𝑒,𝑟𝑡 . Note that the indexes 𝑖 and 𝑒 are redundant but we keep
track of both so that we can account for the heterogeneity between
individuals and groups’ votes.

If a voter received delegations but did not participate in the study,
the delegations were ignored. In the one instance of a cycle (voter
𝑖 delegated to voter 𝑗 who delegated to voter 𝑖), the delegations
were also ignored; in many real-world implementations, such voters

would be notified of the cycle and asked to choose a new delegate
or vote directly.

Again, the goal of this paper is to study delegation behaviors as
we are testing whether the delegation behaviors match the theoret-
ical conditions in [16]. We explain below how we do so.

2.3.1 Delegate or Not to Delegate: the role of expertise.

Fixed-effect Models with Robust Clustered Standard Errors. First,
we want to test whether voters that do not delegate are statisti-
cally more competent than those who do delegate, which would
satisfy Halpern et al.’s strongest requirement on their 𝑞 function
(see above). To do so, we compute voter 𝑖’s expertise in experiment
𝑒 for task 𝑡 by finding the proportion of questions voter 𝑖 correctly
answered. That is 𝑝𝑖,𝑒,𝑡 is the number of correct answers 𝑖 found
among the 𝑅𝑡 questions from task 𝑡 . More formally, voter 𝑖’s exper-

tise on task 𝑡 is 𝑝𝑖,𝑒,𝑡 =

∑
𝑟𝑡 ∈[𝑅𝑡 ] 𝑣

𝐷
𝑖,𝑒,𝑟𝑡

𝑅𝑡
. We then run a fixed-effect

model with robust clustered standard errors, regressing the voter’s
expertise against their delegation behavior at the task level:

𝑣𝐷𝑖,𝑒,𝑟𝑡 = 𝛼𝑖 + 𝛼𝑟𝑡 + 𝛼𝑡 + 𝛼𝑒 + 𝛿𝑖,𝑒,𝑡 𝛽𝑞 + 𝜀𝑖 (1)
where 𝛼𝑖 , 𝛼𝑡 and 𝛼𝑒 are fixed-effects for the participants, tasks and
experiments respectively. The fixed effects capture the fact that
there is unobserved heterogeneity between the different groups.
Next, 𝜀𝑖 denotes the standard errors that we cluster at the individual-
level and at the experiment-level. The robust clustered-standard
error account for the fact that the samples within one cluster are not
independent and identically distributed (i.i.d.): the answers given
by one same voter are correlated. Finally, 𝛽𝑞 is the estimate for the
increase in expertise in those who vote versus those who do not
delegate.

We run the same analysis stratified per task:

𝑣𝐷𝑖,𝑒,𝑟𝑡 = 𝛼𝑖 + 𝛼𝑟𝑡 + 𝛼𝑡 + 𝛼𝑒 +
∑︁
𝜏 ∈T

1{𝑡=𝜏 }𝛿𝑖,𝑒,𝜏𝛽
𝑞
𝜏 + 𝜀 (2)

The standard errors are unclustered (we have a unique sample per
voter per task) and 𝛽𝜏 is the heterogeneous increase in expertise in
those who vote versus those who do not delegate for category 𝜏 .
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Table 2: Survey Material

Questions used in the liquid democracy survey. Note that different prediction questions were used for different experiments; this is simply because
predicted outcomes were realized between the running of experiments. The questions in Knowledge, Popular Culture, and Spatial Reasoning relied
on audio-visual documents that we can share upon request.

Category Prompt Answer

Knowledge

This landmark is located in Italy. False
This landmark is located in Turkey. True
This landmark is located in Myanmar. False
This landmark is located in France. False
This landmark is located in Brazil. False

Popular Culture

This music was featured as a theme song in the movie The Hobbit. False
This music was featured as a theme song in the movie The Empire of Sun. False
This music was featured as a theme song in the movie Gravity. True
This music was featured as a theme song in the movie Goodfellas. False
This music was featured as a theme song in the movie The Pianist. False
This music was featured as a theme song in the movie A Passage through India. False
This music was featured as a theme song in the movie The Schindler’s List. True

Tacit

“A man of straw" means “A very active person". False
“To drive home" means “To emphasize". True
“To smell a rat" means “To suspect foul dealings". True
“To end in smoke" means “To excite great applause". False
“To catch a tartar" means “To deal with a person who is more than one’s match". False

Prediction for Experiments 1-2

The US college basketball team West Virginia Mountaineers will make it to the Elite Eight in
the 2022 NCAA Tournament.

False

The US college basketball team Michigan State Spartans will make it to the First Round in the
2022 NCAA Tournament.

True

The US college basketball team Syracuse Orange will win the 2022 NCAA Tournament. False
The US college basketball team Purdue Boilermakers will make it to the 2nd round in the 2022
NCAA Tournament.

True

The US college basketball team Arizona Wildcats will make it to the Elite Eight in the 2022
NCAA Tournament.

False

Prediction for Experiments 3-5

Galatasaray SK will beat FC Barcelona during the Europa League game on March 17th. False
Olympic de Marseille and OGC Nice will tie during the French League game on March 20th. False
VFL Wolfsburg will beat Bayer 04 Leverkusen during the German League game on March 20th. False
Salernitana will lose against Juventus during the Italian League game on March 20th. True
FC Barcelona and Real Madrid CF will tie during the Spanish League game on March 20th. False

Prediction for Experiment 6

Eintracht Frankfurt will beat FC Barcelona during the Europa League game on April 7th. False
Olympic de Lyon and West Ham United will tie during the Europa League game on April 7th. True
Brazil will lose to Spain during the Women’s International Friendly game on April 7th. False
Neither Rafael Nadal nor Novak Djokovic will qualify for the ATP Masters 1000 Monte Carlo
Final on April 17th.

NA

Stefanos Tsitsipas will win the ATP Masters 1000 Monte Carlo Tournament on April 17th. NA

Spatial Reasoning
The object is located in the middle cup at the end of the trick. False
The object is located in the middle cup at the end of the trick. False
The object is located in the right cup at the end of the trick. True

We repeat the same analysis regressing the voters’ average con-
fidence against the binary delegation variable. We denote voter
𝑖’s expertise on task 𝑡 by 𝑐𝑖,𝑒,𝑡 =

∑
𝑟𝑡 ∈[𝑅𝑡 ] 𝑐𝑖,𝑒,𝑟𝑡

𝑅𝑡
, where 𝑐𝑖,𝑒,𝑟𝑡 is the

self-reported confidence disclosed by voter 𝑖 for question 𝑟𝑡 (see
above).

Through this model, we test whether the expertise of those who
vote directly is significantly greater than those who delegate, and
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we test whether these results are task-dependent. We repeat the
analysis with the confidence levels.

Aggregate behaviors. Finally, we compute voter 𝑖’s propensity to
delegate 𝑞𝑖 as the percentage of times she delegates across the five
tasks 𝑞𝑖 =

∑
𝑡∈T 𝛿𝑖,𝑒,𝑡

5 and voter 𝑖’s average expertise across tasks
𝑝𝑖 =

∑
𝑡∈T 𝑝𝑖,𝑒,𝑡

5 .We regress the later against the former and repeat
the same analysis with the average confidence level 𝑐𝑖 =

∑
𝑡∈T 𝑐𝑖,𝑒,𝑡

5 .

Note that this is not exactly Halpern et al.’s 𝑞 function as theirs is
defined at the task level and ours is an aggregate at the individual’s
level. We hope this would provide general trends on how knowledge
(respectively confidence), loosely captured by 𝑝𝑖 (respectively 𝑐𝑖 ),
are predictive of aggregate delegation behaviors.

2.3.2 Whom to delegate to? The role of expertise revisited.

Fixed-effect Models with Robust Clustered Standard Errors. We
then investigate whether voters who delegate choose neighbors
that are more competent or less competent. First, we check whether
the expertise of those who delegated is worst than the expertise of
those to whom they delegate (which would satisfy [16]’s strongest
requirement on their 𝜑 function (see above)). We only consider
the participants that are involved in a direct delegation (either the
delegator 𝑥 that delegates, or the delegate 𝑦 that receives the dele-
gation). To do so, we run a fixed-effect model with robust clustered
standard errors as in the previous section. We regress the voter’s
expertise against a binary variable 𝜅𝑖,𝑒,𝑡 indicating whether they
are delegators or delegates.

𝑣𝐷𝑖,𝑒,𝑟𝑡 = 𝛼𝑖 + 𝛼𝑟𝑡 + 𝛼𝑡 + 𝛼𝑒 + 𝜅𝑖,𝑒,𝑡 𝛽𝜑 + 𝜀𝑖 (3)

where 𝛼𝑖 , 𝛼𝑡 and 𝛼𝑒 are fixed-effects for the participants, and 𝜀𝑖
denotes the standard errors that we cluster at the individual-level
and at the experiment-level. The value 𝛽𝜑 is the estimate for the
difference between the delegate’s average expertise versus the del-
egator’s average expertise.

We run the same analysis stratified per task:

𝑣𝐷𝑖,𝑒,𝑟𝑡 = 𝛼𝑖 + 𝛼𝑟𝑡 + 𝛼𝑡 + 𝛼𝑒 +
∑︁
𝜏 ∈T

1{𝑡=𝜏 }𝜅𝑖,𝑒,𝜏𝛽
𝜑
𝜏 + 𝜀 (4)

Delegate’s expertise. Next, for each task 𝑡 , we compare the exper-
tise of delegator A 𝑝𝐴,𝑡 with that of delegate B, 𝑝𝐵,𝑡 , to whom A
delegated. We plot the delegator’s expertise against the delegate’s
expertise and observe a gradient from less to more competent voters
as Halpern et al. hoped it would be.

We repeat the same analysis with the confidence levels 𝑐𝑥,𝑡 to
compare both measurements’ power in predicting the delegation
behavior.

2.3.3 Liquid vs Direct Democracy. We finally compare qualita-
tively the results of liquid democracy versus direct democracy.
(Each experiment has only a few people so the results are under-
powered.) For the group members of a given experiment 𝑒 ∈ [6]
with 𝑁𝑒 participants and a question 𝑟𝑡 , we estimate the perfor-
mance of direct democracy for the question and that group through

𝑑𝑒,𝑟𝑡 =

∑
𝑖∈𝑁𝑒

𝑣𝐷
𝑖,𝑒,𝑟𝑡

𝑁𝑒
(the proportion of correct answers across the

group) and that of liquid democracy through 𝑙𝑒,𝑟𝑡 =

∑
𝑖∈𝑁𝑒

𝑣𝐿
𝑖,𝑒,𝑟𝑡

𝑁𝑒
=

∑
𝑖∈𝑁𝑒

𝑣𝐷
𝑖,𝑒,𝑟𝑡

×𝑤𝑖,𝑒,𝑡

𝑁𝑒
(theweighted proportion of correct answers across

the group). We further compute estimates of liquid and direct
democracies per experiment across tasks (𝑑𝑒 =

∑
𝑡∈T 𝑑𝑒,𝑟𝑡

5 and
𝑙𝑒 =

∑
𝑡∈T 𝑙𝑒,𝑟𝑡

5 respectively).

3 RESULTS
We will first present a few delegation graphs for each task and
experiment before presenting statistical analyses of the delegation
behaviors. After this, we analyze the relative performance of liquid
and direct democracy in all settings.

3.1 Delegation Graphs
We collected 505 delegation data points, one per participant per
task. Of those, 28% were delegations (like delegators 𝐴, 𝐵,𝐶,𝐺 in
Figure 1) and 57% are direct voters that did not receive any del-
egation besides their own (like delegate 𝐸 in Figure 1). Among
the delegates, 21% received only one delegation besides their own
(hence had weight 2 in the decision, like delegate 𝐹 in Figure 1),
11% received two delegations besides their own and just about 1%
received five or more delegations besides their own, showing little
sign of concentration of power.

Next, we look at the delegation graphs across different tasks and
experiments. Recall that delegations happened at the task-level so
we represent delegation behaviors per task. For each task 𝑡 and
experiment 𝑒 , we show in Figure 2 the delegation graphs with all
𝑁𝑒 participants in experiments 𝑒 , represented by nodes labeled by
their expertise 𝑝𝑖,𝑒,𝑡 =

∑
𝑖∈[𝑁𝑒 ] 𝑣

𝐷
𝑖,𝑒,𝑡

/𝑅𝑡 that is the average number
of correct answers given for that task.

The top left plot shows an example of a successful delegation
chain to the right, where an expert with 𝑝𝑖,6,𝐾 = 1 was identified
by six other voters either directly or transitively through a local
expert 𝑗 with 𝑝 𝑗,6,𝐾 = 0.8. On the right, a smaller chain pictures
two voters delegating to a more competent expert, who in turn
delegates to a non-expert.

Over the course of the six experiments based on five tasks each,
we observed only two delegation cycles of size two (where A dele-
gates to B, who delegates to A), both in Experiment 3 with 𝑁3 = 32.

The purpose of the next sections is to study these delegation
behaviors and understand if statistically significant phenomena
emerge in terms of propensity to delegate based on the expertise
(Section 3.2) and propensity to identify delegateswith high expertise
(Section 3.3).

3.2 To Delegate or Not to Delegate? The Role of
Expertise.

In this section, we show that those who delegate are statistically
less competent than those who do not delegate, as a result of the
regression analysis presented in Equation (1), confirming [16]’s
stronger hypothesis on the probability to delegate. These results are
driven by the delegation behaviors for the tasks tacit and prediction,
according to the heterogeneous regression governed by Equation (2).
Unsurprisingly, we find that those who do not delegate are more
confident in those tasks than those who do not.

Further, when looking at the aggregate delegation behavior
across tasks, we observe a negative correlation between delegation
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Figure 2: Delegation Graphs for the Different Categories

Each graph represents the performance of a group on a given category. Recall that delegations happen at the task-level, so that one computes the
average expertise across tasks 𝑝𝑖,𝑒,𝑡 . Each node represent a voter 𝑖 in the experiment 𝑒 and the numbers within the node indicate their expertise
𝑝𝑖,𝑒,𝑡 on task 𝑡 . An out-arrow from 𝐴 to 𝐵 indicates that 𝐴 delegated to 𝐵. From left to right, top to bottom: Knowledge in Experiment 6, Prediction
in Experiment 2, Tacit in Experiment 3, Spatial Reasoning in Experiment 5 and Popular Category in in Experiment 6.

rates and expertise, as expected. These results are non-significant.
Instead, the delegate rates are significantly negatively correlated
with the average confidence.

3.2.1 Significance Tests. Table 3 presents the results of the regres-
sion of the average expertise against the binary delegation decision.
The estimates displayed are the 𝛽𝑞 = 0.078 (under the Overall
Model) and the 𝛽𝑞𝑡 s (under the various Tasks Models) and are the
estimates for the difference between the expertise of those who do
not delegate versus the expertise of those who do. At the aggregate
level, we see that the expertise is significantly lower among those
who delegate. This result is driven by the behavior for the Tacit
and Prediction tasks.

We compare these results with those regressing the average
confidence for each task collected post-delegation for each question
and see that those who did not delegate are more confident than
those who did across all tasks. These are significant at 95% for the
Prediction and Tacit categories too. Note that we expect confidence
to be correlated with delegation behaviors.

3.2.2 Aggregate Behavior. Finally, we show the average trend across
tasks, testing whether average knowledge and confidence across
tasks are negatively correlated with delegation rates. As shown

on Figure 3, both average expertise and confidence are negatively
correlated with delegation rates, and the regression coefficient is
solely significant for the average confidence. Importantly, these
quantities do not model the 𝑞 function we study, as the latter should
be defined at the task level. It also shows that, as expected, delegates
are more confident than delegators.

Following up on the surveys, we ran interviews and gathered
interesting feedback: some voters claimed they never delegated
because they made a point to participate directly to be part of the
final decision, regardless of their expertise. This speaks to the fact
that, while it seems that those who do not delegate are more per-
forming, some voters are driven by other motives when deciding
on delegation. While we do not know whether such behavior cor-
relates otherwise with expertise, it indicates delegation behaviors
also depend on other procedural factors.

3.3 Whom to delegate to? The role of expertise.
In this section, we only focus on the voters involved in a direct
delegation chain of the form “A delegates to B.” Recall that we dub A
a delegator and B a delegate. Importantly, note that in the previous
section, we also accounted for the many voters that voted directly
and did not receive any delegation, which are not of interest here.
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Table 3: Results on the Relation between Delegation Behaviors and Average Expertise or Confidence

The summary of the average and heterogeneous effects, estimated by the models in Equations (1) and (2). Rows correspond to different contrasts:
Average Expertise and Average Confidence. We indicate whether fixed effects were used (t stands for fixed-effects at the task level, e at the
experiment level and i at the individual level). We further indicate whether robust clustered standard errors were used to account for correlation
within individuals 𝑖’s answers.

Overall Model Tasks Models

(Tasks)

(Knowledge) (Prediction) (Popular Culture) (Spatial Reasoning) (Tacit)

Average Expertise 𝑝𝑖,𝑒,𝑡 0.078∗∗∗ 0.081 0.14∗∗∗ −0.039 −0.0055 0.19∗∗∗
(0.023) (0.052) (0.042) (0.045) (0.055) (0.049)

Average Confidence 𝑐𝑖,𝑒,𝑡 0.17∗∗∗ 0.099∗ 0.31∗∗∗ 0.099∗ 0.032 0.21∗∗∗
(0.021) (0.049) (0.040) (0.043) (0.053) (0.047)

Tasks interaction No Yes Yes Yes Yes Yes

Fixed Effects t, e, i t, e t, e t, e t, e t, e

Cluster-Standard Errors i NA NA NA NA NA

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Delegation Rate as a Function of
Average Expertise (left) and Average Confidence (right)

Figure 3: Delegation rate as a function of the average exper-
tise

The left plot represents 𝑞𝑖 =
∑
𝑡 ∈T 𝛿𝑖,𝑒,𝑡/5 the delegation rate as

a function of 𝑝𝑖
∑
𝑡 ∈T 𝑝𝑖,𝑒,𝑡/5 the average expertise across all tasks

for each participant 𝑖 ∈ [𝑁 ]. Note that the survey contained five
tasks so the delegation rates are stratified. The blue line represents the
regression line (slope = −0.24, std = 0.22, p-value = 0.28). The blue
line represents the regression line (slope = −0.24, std = 0.2226, p-value
= 0.28). This is a loose of estimation of [16]’s 𝑞 function that maps
the probability of delegating to the voter’s expertise, with quantities
defined at the individual level instead of at the task level. The right
plot represents the regression of the delegation rate against the average
confidence 𝑐𝑖 =

∑
𝑡 ∈T 𝑐𝑖,𝑒,𝑡/5. The pink line represents the regression

line (slope= −0.46, std= 0.16, p-value=0.0046).

We find that voters statistically delegate to more competent
voters, as a result of the regression analysis presented in Equa-
tion (3) where we only considered delegators and delegates, con-
firming [16]’s stronger hypothesis on the delegation function 𝜑 . Ac-
cording to the heterogeneous regression governed by Equation (4),

these results carry over to the tasks but are only significant for
the Tacit task. The difference in confidence between those who
delegate and those who do not is even larger and significant across
almost all tasks.

We present two heat maps that visualize the previous results,
showing, for each level of expertise (respectively confidence), the
amount of delegation that goes to a delegate of various expertise
levels (respectively confidence). The color gradient indicates that, as
hypothesized by [16], delegator A may choose delegates 𝐵s through
𝜑 (𝑝𝐴, 𝑝𝐵) increasing in its second coordinate.

3.3.1 Significance Tests. Table 4 presents the results of the regres-
sion of the average expertise against the binary indicator of whether
one is a delegator or delegate. The estimates displayed are the
𝛽𝜑 = 0.062 (under Overall Model) and the 𝛽𝜑𝑡 (under the various
Tasks Models) and are the estimates for the difference between the
expertise of the delegate vs. the delegators. At the aggregate level,
we see that the expertise is significantly lower among the delega-
tors. This result is driven by the behavior for the Tacit task. We
compare these results with those regressing the average confidence
per task collected post-delegation per question.

3.3.2 Delegate’s expertise. In the previous sub-section, we com-
pared the average expertise of delegators and delegates. Now, we
group delegators with the same expertise 𝑝𝑖,𝑒,𝑡 and investigate the
distribution over their delegate’s expertise as shown in Figure 4. We
see on the left plot that delegators tend to delegate more to more
expert agents, corroborating [16]’s strongest requirement on the
delegation behaviors. Moreover, we see this phenomenon carries
over to the analysis of confidence.
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Table 4: Results on the Relation between Delegators and Delegates’ Average Expertise or Confidence

The summary of the average and heterogeneous effects, estimated by the models in Equations (3) and (4). Rows correspond to different contrasts:
Average Expertise and Average Confidence. We indicate whether fixed effects were used (t stands for fixed effects at the task level, e at the
experiment level and i at the individual level). We further indicate whether robust clustered standard errors were used to account for correlation
within individuals 𝑖’s answers.

Overall Model Tasks Models

(Tasks)

(Knowledge) (Prediction) (Popular Culture) (Spatial Reasoning) (Tacit)

Average Expertise 𝑝𝑖,𝑒,𝑡 0.062∗∗ 0.07 0.044 0.0092 0.053 0.17∗∗
(0.023) (0.063) (0.042) (0.050) (0.064) (0.057)

Average Confidence 𝑐𝑖,𝑒,𝑡 0.19∗∗∗ 0.21∗∗ 0.25∗∗∗ 0.15∗∗ 0.023 0.23∗∗∗
(0.022) (0.063) (0.040) (0.052) (0.065) (0.059)

Tasks interaction No Yes Yes Yes Yes Yes

Fixed Effects t, e, i t, e t, e t, e t, e t, e

Cluster-Standard Errors i NA NA NA NA NA

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 4: Difference between Delegators and delegates Exper-
tise and Confidence

The left plots represents the number of times a voter with a fixed
expertise 𝑝𝑖,𝑒,𝑡 (bucketed into five equally spaced groups) delegate to
a voter with expertise 𝑝 𝑗,𝑒,𝑡 (also bucketed into five equally spaced
groups). This is an estimation of a discretization of [16] to check
whether voters tend to delegate more to more competent voters. The
also embeds the distribution of delegators’ (y-axis) and delegates’ (x-
axis) expertise. The right plot represents the same phenomenon when
comparing delegators’ and delegates’ confidence. It also embeds the
distribution of delegators (y-axis) and delegates (x-axis) confidence.

3.4 Liquid or Direct Democracy?
Finally, we compare the performance of direct democracy with that
of liquid democracy. For each experiment 𝑒 and task 𝑡, we show
the liquid and direct estimates, 𝑙𝑒,𝑡 and 𝑑𝑒,𝑡 respectively in Figure 5.
Note that none of the sample sizes allow for statistically significant
results and the standard errors (not displayed) are rather large. Note
that liquid democracy performs rather badly on the task Popular

Cateogory. Spatial Reasoning was almost never failed so that the
liquid and direct estimates are indistinguishable. The Prediction,
Knowledge, and Tacit tasks were usually not as hard as Popular
Culture nor as easy as Spatial Reasoning. Liquid democracy consis-
tently improves the decision in Prediction and Tacit tasks, while
the pattern is not as clear in the Knowledge tasks. A few obser-
vations we made are that (i) liquid democracy tends to help more
on questions that are neither too hard nor too easy for the group
(the direct democracy score is between 0.6 and 0.8) and (ii) liquid
democracy tends to help more on tasks that have a narrower scope
(English sentences and soccer games are more alike than movies
from any period and landmarks from anywhere in the world).

Table 1 finally shows the difference in estimates 𝑑𝑒 and 𝑙𝑒 as
the performance of liquid and direct democracies per experiment.
Liquid democracy is always more efficient than direct democracy,
by 0.4% (in Experiment 2, where group members mostly did not
know each other) to 3.5% (in Experiment 5, where participants knew
each other for 2+ years and share common professional interests).

4 CONCLUSION
This paper focused on the epistemic performance of liquid democ-
racy, where voters decide on a binary issue for which there is a
ground truth, and tested the sufficient conditions on the delegation
behaviors found by [16]. We find that voters are more likely to
delegate when they are less competent and that those who dele-
gate tend to be less competent than those who receive delegations,
corroborating the most demanding of Halpern et al.’s conditions.

Interestingly, the delegation behaviors tend to be heterogeneous
across tasks and we observe that better-defined tasks (such as Tacit
and Prediction) are those on which liquid democracy is most helpful.
More research would be needed to test this claim rigorously.
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Figure 5: Liquid and Direct Estimates across Tasks and Experiments

For each experiment 𝑒 and task 𝑡, the blue dot (respectively pink triangle) represents the score of the group through direct (respectively liquid)
democracy. We observe that liquid democracy tends to do better when direct democracy does neither too bad nor too good and when the scope of
the tasks is narrower.

Further, we also used our measure for confidence to analyze
whether delegation behaviors could also be driven by self-confidence
(under the assumption that charismatic voters known by the group
could also attract more delegations because of charisma and not
expertise). We find that confidence also increases among those
who do not delegate and those who receive delegations. On the
one hand, this is intuitive as those who vote directly are likely
to do so out of increased confidence (and we see it is also out of
higher competence). But, on the other hand, we see that delega-
tions go from statistically less confident voters to more confident
voters for certain tasks, in which the expertise is not statistically
different between groups. This may suggest that delegations could
sometimes be driven by over-confidence instead of expertise. Im-
portantly, note that these results must be taken with a grain of salt
as the current experiment was not designed to collect unbiased esti-
mates (confidence was asked after voters decided to delegate or not,
which might have biased those who did not delegate to claim they
were more confident than those who did not). Instead, we believe
this is an interesting trend that should be further investigated in
subsequent work.

In addition to these comments, note that the current survey did
not incentivize voters to make good or bad decisions. Future direc-
tions could include testing whether the epistemic performance of
liquid democracy and the roles of expertise and confidence change
in the presence of rewards for good answers, taken either directly
or through transitive delegations.

Next, our experiments, targeted to collect delegation behaviors,
could not detect the significance of the use of liquid democracy
itself as the group sizes were all relatively small. Further work is
needed to test more challenging questions (where direct democracy

may fall below 0.5) as well as the asymptotic epistemic performance
that has been studied thus far in theoretical work [7, 16, 20].

Finally, note that the scope of this study is particularly narrow
as it only considers binary questions with correct answers. In short,
epistemic studies of voting relate primarily to the instrumental
value of democracy. This informs efforts to deploy liquid democracy
in prediction markets or to make corporate decisions with clear
(but hard to achieve) goals. However, deploying liquid democracy
in political settings, for instance, would require further research
and tests on the intrinsic value of delegations and how they relate
to paradigms of representation of conflicting moral values that may
not reduce to factual evidence. Further work at the intersection
of political philosophy and social choice would be most needed to
understand these other aspects of liquid democracy.6
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A SURVEY OUTLOOK
This section contains examples of the delegating and the voting pages.

Figure 6: Excerpts from the Liquid Democracy Survey.

Example of survey task when participants were asked to delegate at the category-level (top) and to answer at a specific questions (bottom).
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