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Project summary
Classical social choice theory (a.k.a. group decision making) sets an economic foundation for a
group of agents to make a joint decision in political domains, especially political elections. In the
Internet era, social choice arises naturally as a fundamental problem in many new applications in-
cluding non-electoral preference aggregation, e.g. opinion polling, multi-agent systems [51], and
e-commerce which includes meta-search engines [41], recommender systems [49], and crowd-
sourcing [67]. These new applications are beyond the scope of classical social choice theory
because of three features: (1) More than two alternatives: the number of alternatives can be
thousands or even millions. (2) Truth-revealing: agents’ preferences are viewed as data gener-
ated from a statistical model given the true state of the world, and the main goal of social choice
is to reveal the ground truth by aggregating agents’ preferences. (3) Partial preferences: agents
may not be able to compare some alternatives.

Addressing challenges in these new applications requires a combination of economics, statis-
tics, and computation. However, most previous work overlooked at least one of these aspects.
Moreover, there is a lack of principled and systematic framework for discovering new mechanisms.

The broad goal of my research career, situated within the emerging area of economics and
computation, is to establish a new theory of social choice to choose or discover application-
specific mechanisms for more than two alternatives by combining economics, statistics, and
computation. In pursuit of this goal, I propose to initiate studies in three directions for long-term
research: (i) Truth-revealing social choice for more than two alternatives; (ii) Social choice for
partial preferences; and (iii) Statistical and machine learning frameworks for new mechanisms.
Intellectual merit: The combination of economics, statistics, and computation is the most distinc-
tive feature and the main conceptual merit of the proposed research. This stands in sharp contrast
to all previous work, which either focused on the economic aspect as in classical social choice,
the statistical aspect as in statistics, machine learning, and political science, or the computational
aspect as in computational social choice [25, 22].

Success of the proposed research will also create new opportunities and techniques for apply-
ing social choice theory to other research fields, especially multi-agent systems and e-commerce.
Additionally, the theoretical analysis and computational techniques developed along the third di-
rection will advance the state of the art of statistics and machine learning.
Broader impacts: Broadly, success of the proposed research will not only theoretically justify
democracy and the wisdom of crowds, but also practically improve the usability and performance
of social choice mechanisms in the new applications.

I am serving on an international research board of the Trustworthy Random Sample Elections
project led by David Chaum and Deborah Hurley. This non-profit project aims at promoting
democracy by developing a novel trustworthy voting system, and I expect the proposed research
to have a significant impact on the theory and practice of this system. All codes in this project
will be open source and be made available to different applications such as the RPI student leader
elections. Another important part of the proposal is to disseminate the knowledge and spirit of
classical, truth-revealing, and computational social choice to K-12 students by participating in the
newly launched Rensselaer Science Ambassador program. The proposal also includes a rigorous
plan on various educational and outreach activities with a focus on diversity, including supervis-
ing graduate and undergraduate students, developing curriculum, chairing workshops (M-PREF
series) and conferences (including AMMA-15), and presenting tutorials.
Keywords: group decision making; social choice theory; multi-agent systems; e-commerce



1 Introduction
Classical social choice theory (a.k.a. group decision making) sets an economic foundation for a
group of agents to make a joint decision in political domains, especially political elections. The
primary approach of classical social choice has been to identify desired economic properties (ax-
ioms) to evaluate and choose manually-designed mechanisms. For two alternatives, e.g. electing
a Democratic candidate or a Republican candidate, the majority rule is optimal w.r.t. economics,
statistics, and computation. For more than two, such as three, alternatives, no social choice mech-
anism is optimal according to the Nobel-prize-winning Arrow’s impossibility theorem [6].

In the Internet era, social choice arises naturally as a fundamental problem in many applications
including non-electoral preference aggregation, e.g. opinion polling, multi-agent systems [51], and
e-commerce which includes meta-search engines [41], recommender systems [49], and crowd-
sourcing [67]. These new applications are beyond the scope of classical social choice theory,
because they often have the following three features:

1. More than two alternatives: the number of alternatives can be thousands or even millions.

2. Truth-revealing: agents’ preferences are viewed as data generated from a statistical model
given the true state of the world, and the main goal of social choice is to reveal the ground
truth by aggregating agents’ preferences.

3. Partial preferences: agents may not be able to compare some alternatives.

For example, when opinion polling is used to rank hotels, the number of hotels is often more
than two; the goal is to reveal the ground truth ranking over the hotels; and an agent may not be
able to compare an expensive and comfortable hotel to a cheap but less comfortable hotel. As
another example, when a meta-search engine is used to rank webpages, there are often thousands
or millions of alternatives (webpages); the goal is to reveal the ground truth ranking w.r.t. the input
keywords; and preferences of an agent (search engine) are often partial, for example when the
keyword is “Amazon”, a search engine may not have enough information to compare the webpage
about the Amazon rainforest and the webpage about the Amazon company.

Addressing challenges in these new applications requires a combination of economics, statis-
tics, and computation. However, most previous work overlooked at least one of the economic,
statistical, and computational aspects. Moreover, there is no principled and systematic framework
for discovering new social choice mechanisms. I believe that computer scientists are in an advanta-
geous position to address these challenges because computational techniques, especially machine
learning, are useful in discovering new mechanisms. And considering that there is a wide range of
applications of social choice in AI and e-commerce, computer science community as a whole can
benefit significantly from these studies.

The broad goal of my research career, situated within the emerging area of economics and
computation, is to establish a new theory of social choice to choose or discover application-
specific mechanisms for more than two alternatives by combining economics, statistics, and
computation. In pursuit of this goal, I propose to initiate studies in three distinct yet related
directions to set the foundations for long-term research:

(i) Truth-revealing social choice for more than two alternatives.

(ii) Social choice for partial preferences.

(iii) Statistical and machine learning frameworks for new mechanisms.
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My expertise and institutional context. My previous work focused on classical and compu-
tational social choice, including the truth-revealing aspects [34, 107, 102, 9, 95, 11, 10, 12, 98,
13] and an important subcase of social choice with partial preferences called combinatorial vot-
ing [104, 105, 106, 60, 103, 33, 107, 101, 108, 35, 32, 62], including a book chapter in preparation
with Prof. Jeŕom̂e Lang [61]. My work on social choice has been reported by Duke CS News,
Duke Economics News, Harvard SEAS News, and RPI news [1, 2, 3, 4, 5]. My Ph.D. disserta-
tion titled “Computational Social Choice: Strategic and Combinatorial Aspects” won the Duke CS
dissertation award and was recommended for the ACM Dissertation Award.

RPI is an ideal place to carry out my proposed research, as well as educational and outreach
activities (more details in Section 5). There are many opportunities for joint work on social choice,
especially with the Social Cognitive Networks Academic Research Center led by Prof. Boleslaw
Szymanski. RPI’s strong support of undergraduate research and the Rensselaer Science Ambas-
sador outreach program will also contribute to the success of the proposed activities.

1.1 Intellectual Merit
The combination of economics, statistics, and computation in guiding the evaluation and discovery
of social choice mechanisms for new applications is the most distinctive feature and the main
conceptual merit of the proposed research. This stands in sharp contrast to all previous work,
which either focused on the economic aspect as in classical social choice, the statistical aspect as in
statistics, machine learning, and political science, or the computational aspect as in computational
social choice [25, 22].

In the new social choice applications, the notion of agents has been extended from humans to
software agents, search engines, and other sources of preferences. For example, in multi-agent
systems, software agents vote to schedule the next meeting for users [51]; in meta-search engines,
rankings over webpages by different search engines are merged to produce an aggregated rank-
ing [41]; in recommender systems, rankings over items according to various criteria are combined
to determine an aggregated ranking for recommendation [49]; in crowdsourcing, noisy answers to
the same question from online labors are aggregated to produce a more accurate answer [67].

Addressing challenges of social choice in these new applications requires a combination of eco-
nomics, statistics, and computation. Economic considerations, especially satisfiability of axioms,
are desired. This is because:

(a) For new applications with strong societal contexts, e.g. opinion polling, it is important to
ensure democracy and respect agents’ preferences, which are often evaluated by the satis-
faction of various axioms.

(b) For new applications with less societal contexts, for example meta-search engines, many so-
cial choice axioms are still desired because they represent sensible regulations on the mech-
anism. One example is the monotonicity axiom, which requires that moving an alternative
up in an agent’s ranking never hurts the alternative in the output of the mechanism.

The truth-revealing feature of the new applications immediately justifies the importance of and
desire for superior statistical properties. Meanwhile, computation becomes a major issue as the
number of alternatives increases. Hence it is important that the mechanisms have superior compu-
tational properties as well.
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In this proposal, I plan to focus on the following research questions in the three directions.

(i) Truth-revealing social choice for more than two alternatives. What is the truth-revealing
ability of existing mechanisms for more than two alternatives? How can we numerically
measure the truth-revealing ability of a mechanism for truthful agents and strategic agents?

(ii) Social choice for partial preferences. How can we extend existing social choice mecha-
nisms and axioms to partial preferences? What are the axiomatic, statistical, and computa-
tional properties of these mechanisms?

(iii) Statistical and machine learning frameworks for new mechanisms. Can we establish
principled and systematic frameworks to discover new social choice mechanisms given a
statistical model of agents’ preferences? Can we use machine learning to discover new
social choice mechanisms with desired axioms?

The first and second directions aim at extending the scope of classical and computational social
choice theory to new applications. Therefore, success of the proposed research will significantly
enrich existing social choice theory. Practically, this will create new opportunities and techniques
to develop and apply social choice theory and further deepen relationships between social choice
and other research fields, especially AI and e-commerce.

The third direction is related to but technically significantly different from automated mech-
anism design [28, 29]. In (automated) mechanism design, the goal is to design the “rule of the
game” to control the equilibrium outcome. In the proposed research, we want to design a so-
cial choice mechanism with desired axiomatic, statistical, and computational properties. Since the
design problem cannot be handled by existing techniques in statistics and machine learning, I ex-
pect that the theoretical analysis and computational techniques developed along this direction will
advance the state of the art in statistics and machine learning as well.

As such, I believe that the proposed research in this project naturally builds a promising path
towards the broad goal of my research career, which is a new theory of social choice to choose or
discover application-specific mechanisms for more than two alternatives by combining economics,
statistics, and computation.

1.2 Broader Impacts
Success of the proposed research will directly benefit most social choice applications. For appli-
cations that aggregate preferences of humans, including elections, opinion polling, and some e-
commerce applications, success of the proposed research will not only theoretically justify democ-
racy and the wisdom of crowds, but also practically allow agents to better express their preferences
and help to choose or discover application-specific social choice mechanisms.

For example, I am currently serving on the research board of the Trustworthy Random Sample
Elections project led by David Chaum and Deborah Hurley. This non-profit project aims at pro-
moting democracy by developing a novel trustworthy voting system using randomization [24], and
an important application is opinion polling. The research board consists of a strong international
team of professors from Harvard, Cornell, Concordia University, University of Birmingham, etc.
A prototype of the system has been developed and under test. I believe that the success of the
proposed research will have a significant impact on the theory and practice of this system.

Success of the proposed frameworks, statistical models, and learning techniques will also im-
prove the performance of social choice systems with software agents or other abstract notions of
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agents, e.g. meta-search engines and multi-agent systems. These will be further supported by the
open software packages and platforms developed for the proposed research (see Section 4).

This proposal also includes a plan on educational and outreach activities, including supervis-
ing graduate and undergraduate students, developing curriculum, and participating in professional
activities. I will also actively participate in the newly launched Rensselaer Science Ambassador
program to disseminate the knowledge and spirit of classical, truth-revealing, and computational
social choice to K-12 students.

2 Background and Related Work
We start with some general notation in social choice. A set of m alternatives is denoted by A =
{a1, . . . , am}. Let W(A) denote the set of all weak orders, namely transitive and total binary
relations, over A. Agents’ preferences are often assumed to be weak orders over all alternatives,
and each agent j reports a weak order Vj ∈ W(A) to represent her preferences, which might
be different from her true preferences. The collection of agents’ reported preferences is called a
profile, denoted by P = (V1, . . . , Vn). LetO denote an outcome space. A social choice mechanism
r is a function that maps each profile to an outcome, that is, r :W(A)n → O. Most previous work
focused on three types of outcome space: (1) O = A, where the mechanism chooses a single
winner and is often called a resolute rule; (2)O = 2A−∅, where the mechanism chooses multiple
winners and is often called an irresolute rule; and (3) O = W(A), where the mechanism chooses
a weak order and is often called a social welfare function.

2.1 Classical social choice theory
Below are two examples of commonly-studied social choice mechanisms where agents’ prefer-
ences are linear orders over all alternatives, namely transitive, antisymmetry, and total binary
relations, denoted by L(A). Many other mechanisms have been invented and used in practice,
see [21] for more examples.

Example 1. A positional scoring rule is characterized by a scoring vector ~s = (s1, . . . , sm) with
s1 ≥ s2 ≥ · · · ≥ sm. For any alternative c and any linear order V , we let ~s(V, c) = sj , where j is
the rank of c in V . Given a profile P , the irresolute version of positional scoring rule chooses all
alternatives c with the maximum

∑
V ∈P ~s(V, c); the resolute version chooses a single alternative

by further applying a tie-breaking mechanism; and the social welfare function version ranks the
alternatives w.r.t. their scores, and uses a tie-breaking mechanism when necessary. Popular spe-
cial cases include plurality with scoring vector (1, 0, . . . , 0), which is currently used in state-wise
presidential elections in the US, and Borda with scoring vector (m− 1,m− 2, . . . , 0).

Example 2. The social welfare function version of the Kemeny rule selects a ranking with the
minimum Kendall-tau distance based on the number of pairwise orderings flipped from the profile
P . That is, the output is a ranking W that minimizes

∑
V ∈P Kendall(V,W ). The resolution ver-

sion selects the alternative at the top of the winning ranking, and the irresolute version selects all
alternatives that are ranked at the top of rankings with the minimum Kendall-tau distance from P .

We now recall some commonly studied axioms for resolute voting rules.
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Example 3. A resolute voting rule r satisfies
• anonymity, if r is insensitive to permutations over agents;
• Condorcet criterion, if for any profile P where a Condorcet winner exists, it must be the winner.
The Condorcet winner is the alternative that beats all other alternatives in pairwise elections.
• reinforcement, if for all profiles P1 and P2 with r(P1) = r(P2), we have r(P1 ∪ P2) = r(P1).

For three or more alternatives, all positional scoring rules satisfy anonymity and reinforcement,
but none of them satisfy Condorcet criterion; the Kemeny rule satisfies anonymity and Condorcet
criterion, but does not satisfy reinforcement.

2.2 Statistical models and maximum likelihood estimators
A parametric modelM = (Θ,S,Pr) is composed of three parts: a parameter space Θ, a sample
space S , and a set of probability distributions over S, denoted by {Prθ(·) : θ ∈ Θ}. Below are two
commonly-studied parametric models in social choice that generate independent and identically
distributed (i.i.d.) linear orders over alternatives. In the first model (Mallows model) the parameter
space is discrete and is composed of all linear orders over alternatives. The probability of generat-
ing a linear order V decreases exponentially in the Kendall-tau distance between V and the ground
truth parameter.

Example 4. Given 0 < ϕ < 1, the Mallows model [66] with fixed dispersion ϕ is defined as
follows: the parameter space Θ is L(A); the sample space S is L(A)n; for any V, θ ∈ L(A),
Prθ(V ) = 1

Z
ϕKendall(V,θ), where Z is the normalization factor. 2

In the second class of models (random utility models), the parameter space is continuous. Each
alternative has a random subjective inherent utility for each agent that guides her ranking.

Example 5. In a random utility model [90], each alternative ai is characterized by a utility distribu-
tion µi(·|~γi) parameterized by a vector ~γi. The model is defined as follows: the parameter space Θ
is composed of all combinations of parameters for alternatives ~γ = (~γ1, . . . , ~γm), which is often a
continuous subspace of a finite-dimensional Euclidean space; the sample space S is L(A)n; given
any parameter ~γ = (~γ1, . . . , ~γm), an agent generates a ranking in the following way: she indepen-
dently samples a random utility Ui for each alternative ai with probability µi(·|~γi), then ranks the
alternatives according to their Ui’s, such that she prefers ai1 to ai2 if and only if Ui1 > Ui2 . For
most random utility models, no closed-form formula for Pr~γ(·) is known. 2

Well-known special cases of random utility models include the Plackett-Luce model [84, 65]
and the Bradley-Terry-Luce model [20, 65], which have been widely applied in econometrics [68]
and machine learning, especially learning to rank [64].

In statistics, an estimator of a parametric modelM = (Θ,S,Pr) is a function T : S → Θ that
outputs a parameter for each data. Given a parametric modelM, a maximum likelihood estimator
is a function TMLE : S → Θ such that for any P ∈ S, TMLE(P ) is a parameter that maximizes
the likelihood of the data. That is, TMLE(P ) ∈ arg maxθ∈Θ Prθ(P ). For example, the maximum
likelihood estimator of the Mallows model is equivalent to the social welfare function version of
the Kemeny rule (Example 2).

One of the most desired statistical properties for an estimator w.r.t. a parametric model is con-
sistency, which states that as the data size goes to infinity, the output of the estimator is the same
as the ground truth with probability 1.
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2.3 Truth-revealing social choice for two alternatives
The study of truth-revealing social choice mechanisms can be dated back to the Condorcet Jury
Theorem in the 18th century.

The Condorcet Jury Theorem [27]. Fix p > 1/2. Suppose there are two alternatives, one of them
is “correct”, and each agent has an independent probability of p to be correct. Then, the probability
for the majority aggregation of agents’ votes to be correct converges to 1 as the number of agents
goes to infinity.

In statistical terms, the Condorcet Jury Theorem states that the majority rule is consistent w.r.t. a
natural parametric model for two alternatives. The Condorcet Jury Theorem is of central impor-
tance in Political Science as it “lays, among other things, the foundations of the ideology of the
democratic regime” [80], but it only received due attention in the mid-20th century, after the re-
discovery of Condorcet’s manuscript by Black [16]. Since then, numerous works in economics
and political science extended the theorem to correlated agents [77, 89, 17, 55, 56, 57, 38, 37],
heterogeneous agents [50, 77, 70, 78, 80, 14, 52, 15], and strategic agents [8, 43, 69, 44, 45, 71,
92, 39, 48, 82]. However, most of these extensions focused on two alternatives and the techniques
cannot be generalized to three or more alternatives.

Only a few works extended the Condorcet Jury Theorem beyond two alternatives. Young
[109] extended Condorcet’s probabilistic model and observed that a maximum likelihood inference
coincides the Kemeny rule [53]. Lam and Suen [58] extended the theorem for the majority rule
with more than two alternatives. Chierichetti and Kleinberg [26] extended the theorem for the
plurality rule when agents receive private signals and follow some protocols to report preferences.
The work by Caragiannis et al. [23] can be viewed as proving the theorem for various commonly-
studied mechanisms w.r.t. the Mallows model.

2.4 Computational social choice
Computational social choice studies computational aspects of, and also applies computational
thinkings to social choice problems. Below we briefly recall three representative topics in compu-
tational social choice. Other major topics can be found in recent surveys [25, 22].

Preference elicitation studies how to elicit agents’ preference by as few queries as possible. Elic-
itation algorithms have been proposed and analyzed under the minimax-regret principles when no
probabilistic information about agents’ preferences is available [18], under the information max-
imization principle when probabilistic information is available [11], and to compute the outcome
of given social choice mechanisms [31].

Statistical approaches in computational social choice have mainly focused on viewing agents’
votes as i.i.d. samples from a parametric model and computing their maximum likelihood estima-
tors [30, 34, 107, 102, 9, 23]. Only a few works went beyond maximum likelihood estimators.
Young [109] proposed to select an alternative with the largest probability to be ranked in the top,
and this idea has been extended by Procaccia et al. [87] and Elkind and Shah [42]. There are two
critical limitations of previous work. First, none of them systematically studied the satisfaction of
axioms of the proposed mechanisms. Second, none of them provided a principled and systematic
way to discover new mechanisms when the parameter space of the model is different from the des-
ignated outcome space of the mechanism, which is often the case in new social choice applications.
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Proposed research in Section 3.3 aims at addressing these limitations.

Combinatorial voting is an important subcase of social choice with partial preferences. In combi-
natorial voting, the number of alternatives is exponentially large, and each alternative is character-
ized by its values on multiple issues. Previous research has focused on using a compact language to
represent agents’ preferences as structured partial orders [19, 59, 85], and the design and analysis
of new mechanisms w.r.t. axiomatic and computational properties [104, 105, 106, 60, 103, 33, 107,
101, 108, 35, 32, 62]. See [22, 61] for recent surveys. However, social choice for general partial
preferences is still a challenging open question, which will be the main topic of Section 3.2.

3 Proposed Research

3.1 Truth-Revealing Social Choice for More than Two Alternatives
While the axiomatic and computational properties of existing social choice mechanisms for more
than two alternatives are well-understood, little is known about their truth-revealing properties. As
a first step, I plan to understand whether the Condorcet Jury Theorem holds for existing social
choice mechanisms for more than two alternatives.

Research Question 1. Can we extend the Condorcet Jury Theorem to more than two alternatives
for heterogeneous, correlated, and strategic agents?

We recall that the original Condorcet Jury Theorem proved the consistency of the majority rule
w.r.t. a parametric model (Section 2.2). Therefore, in statistical terms RQ 1 asks whether a given
social choice mechanism is consistent w.r.t. a given parametric model. Instead of conducting case-
by-case studies, I plan to extend the framework and techniques proposed in an ongoing work of
mine [98], where I introduced a general class of mechanisms defined as follows.

Fixing the number of alternatives m, a generalized outcome scoring rule is defined by two
functions (f, g), such that f maps each weak order V to a vector f(V ) inK-dimensional Euclidean
space for some fixed K, and g selects an outcome based on the ordering of the K components of∑

V ∈P f(V ) for the input profile P .
Generalized outcome scoring rules are quite general, because they include the resolute version,

irresolute version, and social welfare function version of many commonly-studied social choice
mechanisms, including positional scoring rules and Kemeny. For homogeneous, independent, and
truthful agents, I obtained a general necessary and sufficient condition for a generalized outcome
scoring rule to be consistent w.r.t. a parametric model [98].

I plan to leverage the results for homogeneous, independent, and truthful agents to the setting
with heterogeneous, correlated, and strategic agents. The latter setting is more realistic, especially
when agents interact in social networks. Meanwhile, it is also much more challenging, because
first, it is not clear how to model the correlation among agents’ preferences, and second, agents’
strategic behavior makes the output hard to predict—agents’ reported preferences now depend not
only their true preferences, but also on reported preferences of other agents.

For two alternatives, Dietrich and List [38] modeled the correlation among agents’ preferences
by a simple two-layer Bayesian network [81]. I plan to explore the more realistic case of more than
two alternatives by modeling agents’ preferences by a general and more complicated Bayesian
network, and then investigate the consistency of social choice mechanisms for truthful and for
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strategic agents. A promising first step is to incorporate social networks into the Bayesian network
to model the correlation among agents’ preferences.

Only knowing whether the Condorcet Jury Theorem holds (equivalently, the consistency of a
mechanism w.r.t. a parametric model) may not be sufficiently discriminative as a basis for choosing
mechanisms, because it is possible that many mechanisms are consistent w.r.t. the same paramet-
ric model [23]. Consequently, we need to adopt more discriminative, and hopefully numerical,
measures to evaluate and compare various mechanisms. This is our next research question.

Research Question 2. How can we numerically measure the truth-revealing ability of a social
choice mechanism w.r.t. a parametric model?

To answer this question, I plan to bring in statistical considerations and start with two natu-
ral statistical measures: the frequentist risk and the Bayesian risk. Given a parametric model, a
mechanism, and a ground truth parameter θ, the frequentist risk is the probability for the outcome
of the mechanism to be θ, when the profile is generated from the model given θ. The Bayesian
risk is calculated by further taking an expectation over a prior distribution over the parameters. I
plan to characterize both types of risk for commonly-studied mechanisms and parametric models,
especially the Mallows model and the random utility models.

Once we have a good understanding of the measures for the truth-revealing ability, we can set
out to measure the effect of agents’ strategic behavior.

Research Question 3. How can we numerically measure the effect of agents’ strategic behavior
given a social choice mechanism and a parametric model?

The question of measuring the effect of agents’ strategic behavior in general is often answered
by applying game theory [46] and study the price of anarchy of the game [54, 76]. Given a quality
metric of the outcomes, the price of anarchy of a game is the optimal quality of outcomes divided
by the worst quality of the equilibrium outcomes, e.g. Nash Equilibria [75], of the game. However,
for social choice problems, there is no well-accepted quality metric.

Having truth-revealing as a desired property in mind, it is natural to take the truth-revealing
ability developed for RQ 2 as the quality metric, which leads to the following definition based on
the frequentist risk. A similar definition can be obtained based on the Bayesian risk as well. Given
a social choice mechanism r, a parametric model M, and the number of agents n, the price of
sophistication, denoted by PoSnn(r,M), is defined as:

PoSnn(r,M) = max
θ∈Θ,r∗

PrPn∼M(r(Pn) = θ)

PrPn∼M(r∗(Pn) = θ)

In this definition, Pn is a randomly generated profile of n agents fromM given θ, and r∗ outputs
an equilibrium of the game. In words, the price of sophistication is the worst-case ratio of the
frequentist risk for truthful agents over the frequentist risk of the equilibrium outcome, where the
worst case is taken for all ground truth θ and all ways to choose an equilibrium. Unlike the price of
anarchy, surprisingly, it is possible that the price of sophistication is smaller than 1. This implies
that in such situations we should encourage agents’ strategic behavior, because the outcome of
the mechanisms will better reveal the ground truth. An example of such situations was implicitly
illustrated in the calculations by Wit [92] for the majority rule w.r.t. a simple parametric model for
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two alternatives. Yet the price of sophistication for mechanisms and parametric models for more
than two alternatives is unknown.

I plan to initiate the study of the price of sophistication for commonly-studied social choice
mechanisms and parametric models by leveraging my experience in analyzing equilibrium of social
choice games, studying the ordinal price of anarchy for social choice games [100, 108, 97], and
applying asymptotic theory to social choice [99, 10, 12, 13].

3.2 Social Choice for Partial Preferences
Most previous work in social choice assumed that agents are able to compare all pairs of alter-
natives. However, this assumption is often too strong and impractical in many new social choice
applications with more than two alternatives, due to the following two reasons.

1. Alternatives are incomparable. For example, an agent may not be able to compare an
expensive and comfortable hotel to a cheap but less comfortable hotel.

2. Lack of information. The agent may not have enough information to compare some al-
ternatives. For example, a search engine may not have enough information to compare a
webpage about the Amazon rainforest and a webpage about the Amazon company.

The rationality behind partial preferences has been justified and studied at the individual-agent
level by Aumann [7] and many other economists, yet little is known about making social choice
based on partial preferences. The goal of this section is to initiate a social choice theory for partial
preferences combining considerations in economics, statistics, and computation.

Considerations in Economics. As a first step, I plan to focus on the following problem to under-
stand natural extensions of existing mechanisms and axioms. Answers to this question will provide
a basis for other questions in this section.

Research Question 4. How can we extend existing social choice mechanisms and axioms to partial
preferences? What axioms do these mechanisms satisfy?

For general partial preferences, some preliminary results have been obtained by AI researchers [83,
72], but the answer to RQ 4 is still largely open. To proceed, I plan to start with exploring exten-
sions of my previous work on combinatorial voting [105, 60] to general partial preferences.

Considerations in Statistics. To understand statistical properties of mechanisms for partial pref-
erences, we need natural parametric models that generate partial preferences to model agents’
preferences. However, there are only a few parametric models that generate pairwise comparisons,
e.g. the Bradley-Terry-Luce model [20, 65], which are very special cases of partial preferences.
The main challenge is the lack of natural parametric models for general partial preferences.

Research Question 5. What are natural statistical models for partial preferences?

I plan to start with extending existing models that generate linear orders or weak orders to par-
tial preferences. Recently myself and colleages extended Mallows model and Condorcet’s model
to partial preferences, and investigated axiomatic and computational properties of their maximum
likelihood estimators [107, 102]. I plan to continue working on other possible extensions of these
models as well as other popular parametric models, especially the random utility models.
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Considerations in computation. I plan to focus on preference elicitation for partial preferences in
this project, because this is a natural first question when agents have a different type of preferences
from that of classical social choice. Investigating other important topics in computational social
choice for partial preferences are natural subjects for future research.

Research Question 6. How can we design efficient elicitation algorithms for mechanisms for
partial preferences?

When no probabilistic information is available, we are interested in robust elicitation algo-
rithms based on minimax-regret principle as done by Boutilier [18] in a series of work for linear
orders. When probabilistic information is available, especially given a parametric model for partial
preferences in RQ 5, we can follow the information maximization principle recently explored by
myself and colleagues [11]. I also plan to characterize the communication complexity of mecha-
nisms developed in RQ 4, as Conitzer and Sandholm [31] did for linear orders.

3.3 Statistical and Machine Learning Frameworks for New Mechanisms
In this subsection, I will outline research questions for building two principled and systematic
frameworks to discover new application-specific social choice mechanisms based on statistical
decision theory and machine learning, respectively.

3.3.1 A framework based on statistical decision theory

Since it is impossible to directly design a mechanism with designated economic, statistical, and
computational properties, a more realistic and practical approach is to establish a general and
statistically justified framework, then discover new mechanisms using the framework and analyze
their axiomatic and computational properties.

A first natural idea is to use a standard statistical estimator, especially a maximum likelihood
estimator, as the social choice mechanism. However, standard statistical estimators are applicable
only if the parameter space of the model is the same as the designated outcome space of the
mechanism, which is seldom the case for new social choice applications.

For example, suppose we know that agents’ preferences are generated by the Mallows model,
where the parameter space consists of all linear orders over alternatives, and we want to design a
new social choice mechanism to select a single alternative as the winner. In this case we cannot
simply use an maximum likelihood estimator because its outcome is never an alternative. The naı̈ve
approach of choosing the top-ranked alternative in the linear order with the maximum likelihood
has been criticized by Young [109].

For the very specific case where the parameter space consists of rankings and the outcome
space consists of alternatives,Young [109] proposed to take a Bayesian approach and choose the
alternative with the largest marginal posterior probability to be ranked in the top. However, for
general cases it is not clear how such marginal probability is defined. Specifically, when agents’
preferences are generated by a random utility model, where the parameter space is continuous,
Young’s idea does not work anymore. Hence, we have the following question.

Research Question 7. How can we discover mechanisms with a statistical model where the pa-
rameter space is different from the designated outcome space?
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I plan to start with a novel statistical decision theory framework recently proposed by myself
and colleagues in an ongoing work [13], where we introduced a loss function to connect the pa-
rameter space and the outcome space. More precisely, a statistical decision theory framework for
social choice is a tuple F = (M,O, L), where M is a parametric model, O is the designated
outcome space of the social choice mechanism, and L : Θ×O → R is a loss function.

Given a statistical decision theory framework for social choice, we can choose a mechanism to
minimize frequentist expected loss or Bayesian expected loss [13]. We showed that this framework
is very flexible, because it naturally generalizes many previous approaches including maximum
likelihood estimators and Young’s marginal probability approach [109, 87, 42]. We gave examples
of new mechanisms obtained under this framework and showed that they satisfy unique combi-
nations of axiomatic, statistical, and computational properties. Therefore, I believe that this is a
fruitful and promising framework, and is worth pursuing further.

Research Question 8. What are the axiomatic, statistical, and computational properties of the
new mechanisms obtained in the statistical decision theory framework for social choice?

There are many natural configurations of the framework I plan to explore, each uniquely defines
a new social choice mechanism. To name a few, the parametric model can be Mallows model or any
random utility model; the outcome can be a single alternative, a set of alternative with fixed/unfixed
size, or a ranking over alternatives; the loss function can be the 0-1 loss function or other smooth
loss functions; and the new mechanism can be the minimizer of the frequentist expected loss or the
Bayesian expected loss.

3.3.2 A framework based on machine learning

Most existing social choice mechanisms were designed manually. Therefore, it is natural to ask
whether we can use machine learning to shift the burden of design from humans to computers.

Social choice mechanisms can be naturally viewed as classifiers that take a profile as input
and output an element in the outcome space. Taking a supervised learning approach, Procaccia
et al. [86] assumed that the training data consist of multiple (P, o) pairs, where P is a profile and
o is the “correct” outcome, and characterized the sample complexity of learning positional scoring
rules. A natural question is whether we can learn a different class of social choice mechanisms.
For example, given the training data, we may want to learn a mechanism that satisfies Condorcet
criterion, which is not satisfied by any positional scoring rule.

The common approach in supervised learning is to compute an optimal classifier to minimize
an objective function, which is often chosen to be the empirical risk—the probability to misclassify
the training data, or structural risk—the empirical risk plus has a regularization term to control the
complexity of the classifier and prevent overfitting. However, our problem of learning a social
choice mechanism with designated axiomatic properties cannot be tackled by existing supervised
learning techniques, because none of the satisfiability of axioms can be modeled as a regularization
term in the objective function. Therefore, our main challenge is the following.

Research Question 9. How can we learn a social choice mechanism that satisfies designated
axioms?

I plan to explore two directions discussed in a recent position paper of mine [95]. First, we can
learn a mechanism from a general hypothesis class of social choice mechanisms, and then analyze
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its axiomatic properties. Due to the elegant mathematical structures of the generalized scoring
rules we introduced earlier [99] and their close relationship to machine learning [96], I believe that
generalized scoring rules are promising candidates for the hypothesis class.

The second direction is motivated by structure risk minimization. I plan to incorporate approx-
imate satisfiability of axioms into the data and the objective function. The high-level idea is to
automatically generate new training data as the result of enforcing axioms, then add a penalty term
to the objective function for misclassifications of such new data. This is related to but technically
significantly different from the work by Dütting et al. [40] on automated mechanism design, where
the objective is to learn the payment rule that makes the mechanism approximately strategy-proof.

As an example of the second direction, for the Condorcet criterion, we shall add some pairs
(P, c) as positive examples to the training data, where P is a profile with the Condorcet winner c;
and each misclassification of such an example contributes α > 0 to the objective function. The
main challenge is how to effectively generate new training data from given axioms, for which I
plan to explore active learning techniques [88].

4 Broader impacts: Open Software Packages and Social Choice Platforms

While most of the proposed research is theoretical, I also have a rigorous plan to develop open soft-
ware packages and platforms for the proposed parametric models, frameworks, and mechanisms,
and test them on synthetic data as well as real-world data.

Datasets: The main source of data is Preflib (www.preflib.org), which offers a comprehensive
collection of datasets, including political elections, ratings of figure skaters’ performances, and
product rating. Agents’ preferences are also in rich format, including rankings over all alternatives,
ranking over a subset of alternatives (which is a special case of partial preferences), and ratings.

Python Packages: I plan to continue working with students to develop efficient implementations
of the proposed research in Python, and make them open online. An evolving version has already
been put up on GitHub: https://github.com/zmjjmz/prefpy. This plan works well with RPI’s strong
support on undergraduate research (see the next section for more details) and the Rensselaer Center
for Open Source Software.

Practical Social Choice Platforms: As a direct beneficiary of the proposed research and the
Python packages, open online platforms mainly serving non-electoral social choice applications
will be built by my students and I in parallel with the Chaum/Hurley Trustworthy Random Sample
Elections project. We plan to design a convenient interface for users to express partial preferences,
as well as to develop a smart phone application for better preference elicitation (RQ 6). Data
collected by these platforms will be made open for research.

Applications: RPI is an ideal place to deploy and test the proposed platforms. Historically, RPI
students have a strong spirit of democracy. For example, one of the most important annual events
at RPI is the election of the student leader called the Grand Marshall since 1866. Students are also
highly autonomous in many student organizations. I am currently in touch with RPI’s student union
to explore possibilities of adopting novel social choice mechanisms, computer-aided preference
elicitation systems, and online voting platforms in various activities, for example the election of
the Grand Marshall and other decision-making scenarios in student organizations.

12



5 Broader impacts: Education and Outreach Activities
Supervising Ph.D. students: I enjoy working with students and view it as a vital part of my
academic career. I have supported an incoming Ph.D. student Ms. Erika Mackin to attend the
2014 workshop on computational social choice, and helped her prepare and present a poster. I
will continue putting a high priority on inspiring and encouraging female and minority students to
pursue a research career in academia or industry.

Undergraduate research projects: I have been actively attracting undergraduate students to par-
ticipate in research in the interdisciplinary area of economics and computation, which is jointly
supported by RPI’s undergraduate research program. In the past semester, I supervised two tal-
ented undergraduate students: Mr. William Schneider, and Mr. Zach Jablons, who took my course
on computational social choice and became interested in the topic, to take a first step in extend-
ing existing mechanisms to partial preferences (RQ 4) and building Python packages. William
just graduated in the summer and will join TripAdvisor soon. Zach will continue working on this
project. Another new student Mr. Ethan Gertler will join my research group in the next semester
to work on game theoretic aspects of social choice (RQ 1 and 3).

Outreach to K-12 students: I plan to actively participate in the Rensselaer Science Ambassadors
program. This program aims at promoting science among K-12 students by selecting RPI un-
dergraduate students as science ambassadors, helping them develop presentational skills, create
scientific presentations, and finally give presentations at participating schools. I plan to sponsor
one science ambassador and work closely with him/her on presentations and interactions with K-
12 students on topics classical and computational social choice. This, I believe, will promote the
spirit and practice of democracy to students at early ages.

Curriculum development: In the last year, I have developed and taught a multi-disciplinary
graduate-level course titled “Computational Social Choice” to help new Ph.D. students and se-
nior undergraduate students develop general methodologies for independent research in computer
science in the context of computational social choice. In the first half of the course I gave lec-
tures on important topics in the field, and the second half was seminar-like: students presented
selected papers and actively participated in discussions. A research project was also required for
each student.

The course was designed under the principle of situated learning [63], by putting students in
simulated scenarios of doing research. I pretended to be their academic supervisors, and setup
regular individual meetings to go through the following common lifecycle in computer science
research: literature review, critical thinking, brainstorming, developing ideas and results, paper
writing, and presentations. This differs from a common course-work project not only on the level
of engagement of the instructor, but also, more importantly, on the instructor’s mindset of guid-
ing students to discover and solve new research problems in the long run. Students were mostly
evaluated by their performance and efforts as researchers rather than mere learners.

The course attracted both graduate and senior undergraduate students from various departments
including CS, economics, ISE, and math, and I am delighted and encouraged by a high average
overall score of 4.75/5.0. Some students continued working on their projects after the class towards
publications. I plan to teach the course in the next 5 years and further improve it along the direction
of situated learning. For example, in the next offering of the course in 2014 fall, I will integrate
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the review experience into the course by applying a novel peer review mechanism [93] combined
with a truncated-mean mechanism [47] for students to evaluate each other’s work.

I am planning to develop two undergraduate courses. One is an introductory junior-level course
on economics and computation, which aligns well with the proposed undergraduate research and
outreach activities. The other is a senior-level course called “Computational Social Processes” that
I will develop jointly with Prof. Anshelevich and Prof. Magdon-Ismail, to offer an introduction to
the computational and algorithmic aspects of social processes. The course will cover a wide range
of topics to illustrate the diverse challenges in algorithmic social process analysis including social
networks and social choice theory.

Professional activities: I am currently co-charing the 8th multidisciplinary workshop on prefer-
ence handling (M-PREF-14), and will co-chair the 2015 conference on Auctions, Market Mecha-
nisms and Their Applications (AMMA). I will continue contributing to organizational activities in
this area, including submitting a proposal for M-PREF-15 and actively participating in the organi-
zation of the computational social choice workshop in 2016, which is one of the most important
venues in the community. I have also given tutorials on computational social choice at ACM EC-
12, IJCAI-13, and WINE-13, and a winter school in Singapore in 2013. I am developing a new
tutorial on truth-revealing social choice for AAAI-15. These outreach activities provide opportu-
nities to inspire and encourage new researchers to the field.

6 Collaborations, Evaluation, and Timeline
Collaborations within RPI: I plan to collaborate with Prof. Elliot Anshelevich on game-theoretic
aspects (RQ 3), Prof. Malik Magdon-Ismail on the machine learning approach (RQ 9), Prof. Sibel
Adali on modeling heterogenous and correlated agents using social networks (RQ 1), Prof. Mukkai
Krishnamoorthy and Prof. Boleslaw Szymanski on extending basic social choice theory to partial
preferences (RQ 4), and Prof. Bulent Yener on security concerns in the social choice platforms
(Section 4).

International Collaborations: I have collaborated frequently with Prof. Jérôme Lang (Paris
Dauphine University) on a wide range of topics in combinatorial voting [104, 105, 106, 103, 33,
107, 108, 35, 62, 61], which are important subcases of partial preferences, including a book chapter
in progress [61]. I was offered a paid visiting professor position at University of Paris Dauphine
hosted by Prof. Jérôme Lang and Prof. Jérôme Monnot (the position was typically offered to es-
tablished researchers in the field), and plan to spend one month in Paris in 2015 to collaborate with
them on a wide range of topics especially on social choice for partial preferences in Section 3.2.

I have also collaborated frequently with Prof. Toby Walsh (UNSW and NICTA) on a wide
range of topics in computational social choice [36, 73, 91, 74]. I plan to visit Prof. Toby Walsh for
one month in 2016 to continue our collaborations especially on RQ 6. Since Prof. Toby Walsh is
the creator and manager of the Preflib datasets, I also expect to collaborate with him on the Python
packages and social choice platforms proposed in Section 4.

Evaluation. The proposed research, if successful, will result in multiple publications at prestigious
peer-reviewed conferences in computer science, especially artificial intelligence, multi-agent sys-
tems, and machine learning, including AAAI, AAMAS, ACM EC, CP, ICML, IJCAI, KR, NIPS,
and UAI. I also plan to publish papers at prestigious journals in artificial intelligence and eco-

14



nomics, including Artificial Intelligence Journal, Journal of AI Research, ACM Transactions on
Economics and Computation, Social Choice and Welfare, and Journal of Economic Research.

In the long run, the success of the proposed research will be evaluated by the social choice
mechanisms discovered, evaluated, and deployed using the proposed principles and frameworks.
More precisely, successful research in Section 3.1 will result in (1) a list of existing social choice
mechanism where the Condorcet Jury Theorem can be extended (for RQ 1), (2) frequentist risk
and Bayesian risk of these mechanisms w.r.t. popular parametric models (for RQ 2), and (3) the
price of sophistication of these mechanisms (for RQ 3). Successful research in Section 3.2 will
lead to (1) formally-defined extensions of axioms, extensions of social choice mechanisms, and
their satisfiability w.r.t. the extended axioms for partial preferences (for RQ 4), (2) new parametric
models for partial preferences (for RQ 5), and (3) efficient preference elicitation algorithms (for
RQ 6). Successful research in Section 3.3 will lead to two principled and systematic frameworks to
discover new mechanisms, and a comprehensive table of axiomatic, statistical, and computational
properties of some new mechanisms obtained in the new frameworks (for RQ 7–9).

Timeline. In the first three years I will mainly focus on truth-revealing social choice in Section 3.1
plus extensions of existing social choice mechanisms and axioms to partial preferences (RQ 4) and
new statistical models for partial preferences (RQ 5), because these are the basis for other research
questions. In the 3rd, 4th, and 5th years I plan to focus on computational social choice for par-
tial preferences, especially on elicitation algorithms (RQ 6) and frameworks for new mechanisms
discussed in Section 3.3. A brief timeline is listed in Table 1.

Months 0 -12: Extension of Condorcet Jury Theorem to > 2 alternatives (RQ 1)
Months 13 - 36: Measuring the truth-revealing ability (RQ 2)
Months 13 - 36: Measuring the effect of agents’ strategic behavior (RQ 3)
Months 0 - 24: Extending mechanisms and axioms to partial preferences (RQ 4)
Months 0 - 36: Statistical models for partial preferences (RQ 5)
Months 25 - 60: Elicitation algorithms for partial preferences (RQ 6)
Months 25 - 60: New mechanisms for parameter space 6= outcome space (RQ 7)
Months 25 - 60: A framework based on statistical decision theoretic (RQ 8)
Months 25 - 60: Learning mechanisms with designated axioms (RQ 9)

Table 1: A brief timeline of proposed research.

Prior NSF Support. In 2011–2013 I was supported by NSF under Grant #1136996 to the Com-
puting Research Association for the CIFellows Project, for conducting postdoctoral research at
Harvard University. Together with colleagues, I have made significant progress in computational
social choice and machine learning. The work was published at top-tier conferences in AI and
machine learning, including AAAI, AAMAS, ACM EC, CP, ICML, KR, NIPS, UAI. Among other
things, I took an important step forward towards better fraud detections in elections by studying
the computation of the margin of victory [94]; we obtained new results in using computational
complexity to protect elections [79, 91]; we provided approximation and constraint-satisfaction
viewpoints of combinatorial voting [32, 62]; and we designed several new computational meth-
ods to tackle statistical inferences for general random utility models, which were not known to be
computationally tractable [9, 11, 10, 12].
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rendues à la pluralité des voix. Paris: L’Imprimerie Royale, 1785.

[28] Vincent Conitzer and Tuomas Sandholm. Complexity of mechanism design. In Proceedings
of the 18th Annual Conference on Uncertainty in Artificial Intelligence (UAI), pages 103–
110, Edmonton, Canada, 2002.

17



[29] Vincent Conitzer and Tuomas Sandholm. Self-interested automated mechanism design and
implications for optimal combinatorial auctions. In Proceedings of the ACM Conference
on Electronic Commerce (EC), pages 132–141, New York, NY, USA, 2004. Early version
appeared as a poster in the ACM Conference on Electronic Commerce, 2003, pp. 232–233.

[30] Vincent Conitzer and Tuomas Sandholm. Common voting rules as maximum likelihood
estimators. In Proceedings of the 21st Annual Conference on Uncertainty in Artificial Intel-
ligence (UAI), pages 145–152, Edinburgh, UK, 2005.

[31] Vincent Conitzer and Tuomas Sandholm. Communication complexity of common voting
rules. In Proceedings of the ACM Conference on Electronic Commerce (EC), pages 78–87,
Vancouver, BC, Canada, 2005.

[32] Vincent Conitzer and Lirong Xia. Paradoxes of Multiple Elections: An Approximation
Approach. In Proceedings of the 13th International Conference on Principles of Knowledge
Representation and Reasoning (KR), pages 179–187, Rome, Italy, 2012.
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[35] Vincent Conitzer, Jérôme Lang, and Lirong Xia. Hypercubewise preference aggregation in
multi-issue domains. In Proceedings of the Twenty-Second International Joint Conference
on Artificial Intelligence (IJCAI), Barcelona, Catalonia, Spain, 2011.

[36] Vincent Conitzer, Toby Walsh, and Lirong Xia. Dominating manipulations in voting with
partial information. In Proceedings of the National Conference on Artificial Intelligence
(AAAI), pages 638–643, San Francisco, CA, USA, 2011.

[37] Franz Dietrich. The Premises of Condorcet’s Jury Theorem Are Not Simultaneously Justi-
fied. Episteme, 5(1):56–73, 2008.

[38] Franz Dietrich and Christian List. A Model of Jury Decisions Where All Jurors Have the
Same Evidence. Synthese, 142(2):175–202, 2004.

[39] John Duggan and Cesar Martinelli. A Bayesian Model of Voting in Juries. Games and
Economic Behavior, 37(2):259–294, 2001.

[40] Paul Dütting, Felix Fischer, Pichayut Jirapinyo, John K. Lai, Benjamin Lubin, and David C.
Parkes. Payment Rules Through Discriminant-based Classifiers. In Proceedings of the 13th
ACM Conference on Electronic Commerce, pages 477–494, Valencia, Spain, 2012.

[41] Cynthia Dwork, Ravi Kumar, Moni Naor, and D. Sivakumar. Rank aggregation methods for
the web. In Proceedings of the 10th World Wide Web Conference, pages 613–622, 2001.

18



[42] Edith Elkind and Nisarg Shah. How to Pick the Best Alternative Given Noisy Cyclic Pref-
erences? In Proceedings of the 30th Conference on Uncertainty in Artificial Intelligence,
2014.

[43] Timothy Feddersen and Wolfgang Pesendorfer. Voting Behavior and Information Aggrega-
tion in Elections With Private Information. Econometrica, 65(5):1029–1058, 1997.

[44] Timothy Feddersen and Wolfgang Pesendorfer. Convicting the Innocent: The Inferiority of
Unanimous Jury Verdicts under Strategic Voting. The American Political Science Review,
92(1):23–35, 1998.

[45] Timothy Feddersen and Wolfgang Pesendorfer. Elections, information aggregation, and
strategic voting. Proceedings of the National Academy of Sciences, 96(19):10572—10574,
1999.

[46] Drew Fudenberg and Jean Tirole. Game Theory. MIT Press, October 1991.

[47] Florent Garcin, Lirong Xia, and Boi Faltings. How Aggregators Influence Human Rater
Behavior? In Workshop on Social Computing and User Generated Content, 2013.
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Facilities, Equipment, and Other Resources
RPI provides facilities that support regular everyday work, including high-speed wifi, library space,
shared PCs. RPI library has access to articles in many major journals.

RPI computer science department offers major software packages including various scientific
computing softwares. The PI has his own office space. Graduate students share offices.



Data Management Plan
The data management plan is prepared under the guidance of the CISE Directorate (http://www.
nsf.gov/cise/cise dmp.jsp). I will address the following two main questions:

1. What data are generated by the project?

2. What is the plan for managing the data?

The main data products of the projects are:

• publications based on research performed in this project;

• software written by project team members;

• experimental data collected by the proposed online open social choice platforms (see Sec-
tion 4).

• metadata such as study designs, coding schemes for protocols, and software for analyzing
the experimental data.

Publications. Technical reports, posters, and publications resulting from this project will be placed
on my homepage and will be available for public download, which will be made valid for at least
five years after the end of the project.
Software. The Python packages and social choice systems/platforms and their descriptions (see
Section 4) will be made open online on my homepage as well as GitHub (https://github.com/)
or Source Forge (http://sourceforge.net/). An evolving Python package for research proposed in
Section 3.2 is already online at GitHub (https://github.com/zmjjmz/prefpy). These will be made
valid for at least five years after the end of the project.
Experimental Data. The proposed research does not require new data. The main source of data
is an open dataset called Preflib (www.preflib.org, see Section 4 for more details).

Since the proposed online open social choice platforms (Section 4) will provide free services
on online preference aggregation, we expect to obtain new data on users’ preferences. These data
will be anonymized, stored in standard formats, and made available at my homepage and Preflib.
Another potential source of data is applications of the proposed platforms at various organizations
for elections, e.g. RPI student leader elections. For such case, the data will be handled in accor-
dance with the agreements of individual organizations. We will aggressively pursue sharing as
much of the relevant details of the data as possible and made them online at my homepage and
Preflib. These will be made valid for at least five years after the end of the project.

I have already initiated an application for Institutional Review Board (IRB) approval and expect
that many of the studies in the proposed project will be granted IRB approval under “Exempt”
status, because we do not expect to store any personally identifying information on the subjects.
Experimental Metadata. All experimental metadata, that is, all data describing the experimental
studies—coding schemes, use cases, details of which software versions were used, and so on—
sufficient to permit replication of the work, will be treated just as experimental data. Any software
written to analyze the experimental data will be treated in the same way as all the other software
developed by the project.


