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Abstract

We are constantly faced with the question of how to aggregate preferences, views,
perspectives and values. This is a problem for groups attempting to accommodate
individuals with differing needs and interests, as will be our focus. It also applies to
individual rational decision makers attempting to trade-off conflicting interests. The
problem of “value aggregation” therefore crops up in myriads of places across the
social sciences—in rational decision theory, social choice models, and proposals for
systems of democratic voting, for instance. These sub-disciplines have formalized
proposals for how to deal with value aggregation, though, remarkably, no research
has yet directly compared people’s intuitions of two of the most obvious candidates
for aggregation—taking the sum of all the values (the classic “Utilitarian” approach)
and the product (a less well-known “contractualist” approach). In this paper, we
systematically explore the proposals suggested by each algorithm, focusing on
aggregating preferences across groups. Finally, we compare the judgments of
large language models (LLMs) to that of our (human) participants, finding marked
differences across model sizes. While the dominant assumptions in fields from
decision theory, to Al, to philosophy have favored a utilitarian approach to value
aggregation, we find that both humans and performant LLMs prefer a contractualist
approach.

How should limited resources be distributed when different people value different things? Two
major schools of thought have competing proposals. The “utilitarian” approach advocates for simply
adding up utilities associated with everyone’s welfare and picking the solution with the largest sum
(Equation [I). In contrast, a “contractualist” approach advocates for an agreement-driven method
of deciding. There are a range of contractualist proposals [109} [81], but here we focus on one that
is easy to formalize (and thus can be directly compared against the utilitarian approach): the Nash
Product (Equation [2).

Despite there being (at least) two theoretically-motivated approaches to the problem of value ag-
gregation, in practice, research across fields from decision theory [193|[119], to AT [38l 8l [76,175],
to philosophy [[116} [159 [170]] have operated (often unreflectively) using the utilitarian approach.
Moreover, to our knowledge, there has been little if any empirical investigation of which approach
yields more intuitively plausible results.

We empirically survey participants’ intuitions about the recommendations given by these contrasting
approaches. Unlike most past work, we randomly generate and sample the proposals suggested by
each mechanism instead of looking at isolated, illustrative cases. In addition, we design a series
of visual aids to convey the proposals to participants. This allows us to use quantitatively precise
stimuli, while not overwhelming subjects with task-intensive, numerical comparisons. Finally, we
test the alignment of large language models (LLMs) to the judgments of our (human) participants to
investigate whether Al systems can help make compromises across various use-cases [40].
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In this scenario, there are 3 groups: 3D Bar Chart (volume)

* group apple—é with 33 people init,
e group bee-44 with 33 people in it, and
e group cow- % with 33 people in it.

There are 3 proposals, each of which will
decrease the average cost of a medical visit
for each group by:

 proposal one M
51 dollar for group apple-@@,
1 dollars for group bee-#4, and Stacked Bar Chart (area)
1 dollars for group cow- .

e proposal : ) .
1 dollar for group apple-@, -

101 dollars for group bee-44, and
101 dollar for group cow-%s.

 proposal three I: » 4
51 dollars for group apple- @, -
51 dollar for group bee-#4, and N —
S gl

51 dollar for group cow-#.

Proposal one
Which proposal is the best

compromise in this situation? Proposal

Proposal three

Figure 1: This is one of the scenarios we generated. We asked participants to choose between three proposals
which would differentially affect three equally-sized groups. In this case, each proposal decreases the average
cost of a medical visit. We either showed participants just the text on the left (none of the charts) or some
combination of charts (area, volume, or both) to aid understanding of the scenarios.

The bottom right shows a stacked, area chart of the scenario on the left. Each group appears on the x-axis. The
colored bars show the outcome for each proposal for each group. These bias to the Utilitarian Sum.

The top right shows a 3-d, volume chart of the same scenario. Each of the lines labelled “apple”, “bee”, and
“cow” is an axis for each group. The colored boxes “one”, “two”, and “three” represent the different proposals.
Each proposal spans a length on each axis proportional to the outcome for that group. (E.g. The green box,
“three” spans 51 on the “apple” axis, 51 on the “bee” axis, and 51 on the “cow” axis.) These 3-d charts could be
dragged around with a cursor to see the boxes from different sides. We tested for this behavior and extensively

familiarized participants with these 3-d charts in a qualification task. These bias to the Nash Product.

Indeed, large language models (LLMs) such as ChatGPT are already used for variety of human
cognitive tasks [198]] and, increasingly, in value aggregation tasks [96]. For example, Bakker et al.
[LO] directly use LLMs in an attempt to find agreement between different groups of people. Indeed,
Conitzer et al. [40] specifically argue that aggregation mechanisms like those we study may better
align Al systems. Because of these trends, we sought to answer: Can any LLM serve as a cognitive
model of preference aggregation? Could LLMs be used as decision aides?

Aggregation Mechanisms

There are many SWFs one might use to aggregate viewsﬂ We will focus on two of the most popular.
First consider the utilitarian SWF, e.g. as identified by Von Neumann and Morgenstern [193]], which
we will term the “Utilitarian Sum.” Formally, this sums the utility of available choices based on the
amount of support for each.

arg max Z ug(€) X by )

ceC acA

There are many ways in which the Utilitarian Sum is intuitively appealing. For instance, it uses logic
similar to what we use for dealing with empirical uncertainty in a rational actor framework—simply
do the action that leads to the best consequence taking into account how likely each consequence is
and how good or bad it would be [28]], equating degree of likelihood and belief.

The Utilitarian Sum also has important drawbacks. For instance, the Utilitarian Sum biases toward
strong opinions of minority sub-groups—an issue called fanatacism. The Utilitarian Sum has been
widely studied, particularly as it relates to empirical uncertainty [81]].

"Let A be the set of groups. Let B be a set of voting power (size) for each group in the space of [0, 1] 1Al

Let C be the set of choices (or proposals). Let U in R!B1*I4I for the cardinal case be the outcomes (utilities)
associated for a particular group with a choice, where a particular choice, ¢, and group a, outcome is denoted
ug(c).
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Figure 2: The percent agreement of human (Mturk) participants and various models with two different value
aggregation algorithms: the Utilitarian Sum (an additive model, shown in green with the > symbol) and the Nash
Product (a multiplicative model, shown in orange with the IT symbol) on cases in which the two mechanisms
disagree. (N=102 per condition.) The panels represent the different visual aids that participants received: area,
volume, both, and none. The dashed line at 33% indicates random guessing. (Participants/models always
selected from three options.) Error bars show 95% binomial confidence intervals.

In contrast, Kaneko and Nakamura [99] introduce the Nash Social Welfare Function which we will
term the “Nash Product.” Formally, the solution to a Nash bargaining problem is to maximize the
product of utilities [197]E] The Nash Product is more conservative than fanatical. It maximizes
aggregate benefit, capturing notions of fairness.

arg max H g (c)b 2)

ceC acA

Many works theoretically seek to justify one aggregation method over other, often using intuition
to pick out single cases out as intuitive counter-examples [[120} [140, [81]] or axiomatically seeking
the most ‘rational’ aggregation mechanism [193] [119, 99]. Less work has sought to ground the
determination of the appropriate aggregation mechanism in studies of the decisions that people
actually make.

So: Which method of aggregating preferences, of arriving at a compromise for a distribution of
resources, is judged to be better—the Utilitarian Sum or the Nash Product?

Methods

Scenario generation To study this, we generated scenarios where the Nash Product and the
Utilitarian Sum disagree on the best way to aggregate value and designed an experiment with novel
visual aids in which human and LLM participants judged which compromise was best. The scenarios
and questions we asked participants are of the type shown in Fig.

Specifically, we generated a number of scenarios with different outcomes for three groups across
each of three proposals. We randomly sampled 18 cases of disagreement between the Nash Product
and the Utilitarian Sum from each set and 16 cases of agreement for a total of 34 scenarios each.

We presented each of the above scenarios to participants and to models. Each scenario asked
participants which of three proposals they thought was the “best compromise” between the groups.

Visual aids Because of the numeric specificity of our generated scenarios, we made them easier for
participants to understand through visual aids. This is common practice in psychological research
[189,[171]. To study the effect the chart type had on the participants’ responses, we ran four different
conditions: no charts, both charts (ordered randomly on screen load time), volume chart (the stacked
bar chart), and area chart (the 3-d chart).

Since we worked with language models, we could make no obvious visual corollary with the charts
of the human experiment. To rectify this, we instead verbally described the algorithmic steps of either
the Nash Product (for the volume chart case), the Utilitarian Sum (for the area chart case), both, or
neither.

The Nash Product is degenerate when utilities are less than one. We thus restrict ourselves to utilities of one
or greater. This means that the outside option, or disagreement point, is also one.
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Figure 3: The percent agreement of human participants (Mturk) and models with the Utilitarian Sum and Nash
Product on cases in which the mechanisms agree. (N=102 per condition.) The panels represent the visual aids
participants received: area, volume, both, and none. The dashed line at 33% indicates random guessing.
High agreement with the Utilitarian Sum and the Nash Product when both agree indicates that the two capture
what participants intuit by a “best compromise.”

In comparison to the human results, the lower agreement of LLMs (except gpt-4 and claude-3) with the
Utilitarian Sum and the Nash Product when both agree indicates that computations besides those mechanisms
drive the choice of a “best compromise.”

Results

We focus on two different groups of scenarios: those in which the Utilitarian Sum and the Nash
Product disagree and those in in which they agree. In the agreement cases, we report the agreement
(across scenarios) between participants and the proposal chosen by both the Utilitarian Sum and
the Nash Product. In the disagreement cases, we report the agreement between participants and the
proposal of each of the Utilitarian Sum and Nash Product. Detailed results are in the appendix.

Discussion & Conclusion

When people aggregate values, what strategies do they think are best? In other words, which
algorithm yields more intuitively plausible compromises, the Utilitarian Sum (an additive view) or the
contractualist Nash Product (a multiplicative view)? Our evidence shows that in cases in which the
two mechanisms disagree, people overwhelmingly support the Nash Product, contrary to the current
default assumption to use the Utilitarian Sum when values must be aggregated [120, 81,175} 193]

In the no-chart condition, when participants were presented with value aggregation problems involving
raw numbers, they weakly favored the Nash Product over the Utilitarian Sum. However, when
provided with either an area-based or volume-based visual aid, their preference for the Nash Product
became even more pronounced (Fig[2). This was particularly striking given that the visual aids
were designed to represent (and thus bias toward) the calculations behind each of the aggregation
mechanisms (the volume representation visualizing the Nash Product and the area representation
visualizing the Utilitarian Sum).

Furthermore, in agreement scenarios, participants without a visual aid had weak or no significant
agreement with both the Nash Product and Utilitarian Sum while participants significantly agreed
with both mechanisms when provided a visual aid (Fig. [3). We take this as evidence for the need of
visual aids to disambiguate these scenarios.

As Al systems such as LLMs are increasingly deployed in value-laden decision making settings
[96,40]] and even to find compromises [[10], it is important to understand whether the aggregation
mechanisms Al systems use align with the mechanisms people intuitively prefer. So: Can any
LLM serve as a cognitive model of preference aggregation? Performant models such as gpt-4 and
claude-3 display a similar preference to our human participants for the Nash Product over the
Utilitarian Sum—they do model human preference aggregation. Nonetheless, models including
those two display systematically different biases in even slightly less constrained cases, calling into
question their degree of alignment with human intuitions. Smaller and less capable models we studied
diverged even farther from the behavior of our human participants, performing closer to chance across
conditions. The performance of gpt-4 and claude-3 suggests that more capable LLMs may be able
to serve as cognitive models of value aggregation or used as compromise aides themselves, although
further work should characterize in which domains performant LLMs are aligned with humans and in
which they are not [179].
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Related Work
Theoretical Foundations

The literature on aggregating preferences spans rational decision-theory [193L|119,[189], social choice
theory [169], and voting theory [156]. These theoretical frameworks offer distinct perspectives on
how individual preferences can be consolidated into collective decisions.

Rational decision-theory, as the basis of understanding individual preferences, posits that individuals,
when faced with multiple options, will choose the one that maximizes their utility [193} 189, 97].
Social choice theory, as an extension of rational decision-theory, analyzes individual preferences
in a society and how they can be aggregated to reflect a collective preference [[169]]. It focuses on
the design of mechanisms for making collective decisions, namely social welfare functions (SWFs).
SWFs rank decisions based on their desirability to some groupE] Voting theory goes further to
specifically addresses the methodology of preference aggregation in democratic decision-making
processes addressing concerns like strategic manipulation [156].

Aggregation Mechanisms Another SWF related to fairness is the Rawlsian lexical minimum. It
maximizes the benefit to the least well off:

arg max min uq(c) X bg 3)
ceC a€A

Indeed, all three of equations|[I} [2] and [3|are comparable. Moulin [135] shows that a parameterized
piece-wise function, where « tracks the degree of inequality aversion, results in the Nash Product
when o = 1, the Utilitariam Sum when oo = 0, and the lexical minimum when o = oo [10]:

e’ <
arg max {ZaEA(ua(Cl X ba) 0 S o, # 1
ceC HaEA ua(c) @ a=1

In this way, the Nash Product has more inequality aversion than the Utilitarian sum (it is less fanatical)

but not as much as the lexical minimum; it exhibits diminishing marginal returns. Indeed, the Nash
Product is equivalent to the Utilitarian Sum under a log transformation of all outcomesE]

“

One other model we consider extends the Utilitarian Sum to be sensitive to the degree of inequality
in outcomes:

arg max(1 — a)(z Ug(€) X by) 5)

ceC acA
«

Y (@)~ ua (@)

( 2 ) a,a’ €A,a#a’

3We exclusively look at cardinal SWFs: those which assume a numeric utility (outcome) for various groups.
This stands in contrast to purely ordinal accounts, such as MacAskill [120] introduce.

‘arg max e > aea(logua(c)) X ba
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The first term is just equation [T] while the second term is the amount of inequality. « controls the
degree of inequality aversion, with no aversion when o = 0 and increasing aversion otherwise. This
was introduced by Fehr and Schmidt [58]].

These (and most other) SWFs assume that utilities are definable and known—and this carries non-
trivial assumptions. For example, in economics, one might simply use a fungible price as a utility
while utilities of outcomes in voting theory are not fungible. Furthermore, people may use different
value functions to make decisions. In our experiments, we included both non-fungible and fungible
quantities. Mason [126]] reviews some theoretical concerns of such assumptionsEf

Normative Approaches

How do we judge whether one aggregation mechanism is superior to another? We survey two
attempts to argue why one SWF may be better than another, in order to compare the Nash Bargain
and Utilitarian Sum.

Based on mathematical merits One approach examines the theoretical, mathematical trade-offs
between SWFs, for instance by showing that in certain settings one SWF might not be mathematically
optimal. There have been a number of such comparisons between the Nash Product and Utilitarian
Sum-like approaches [151} [150, 149} [187]. More recent theoretical work on the Nash Product
seeks to approximate it with mathematically analogous mechanisms [128| 27, [152]]. Kimbrough
and Vostroknutov [[101] propose a number of game-theoretic heuristics (including the Nash Product)
which people might use as a proxy to make moral choices. The contrast between the Utilitarian Sum
and the Nash Product also connects to recent debates in economics between (respectively) additive
and multiplicative accounts of value, that is, averaging via the arithmetic vs. the geometric mean
[146].

Based on intuition Another approach judges which aggregation mechanism better matches the
authors’ intuitions. Typically one examines isolated case-studies. For example, an author might claim
that a SWF produces unintuitive results on a particular case study, using this as an argument for
some other SWF. Mathematicians, particularly decision theorists, must exercise a degree of aesthetic
judgement, or intuition, in defining the axioms of SWFs [193|[87,|85]. For example, Luce and Raiffa
[L19] introduce a number of classic cooperative games to gain intuition about game theory.

One prominent normative disagreement between contractualist and utilitarian mechanisms arose
between Rawls [[154] arguing for a maximin account and Harsanyi [86]] arguing for an expected value
account. While both were operating under the assumption of a “veil of ignorance” style judgement,
each disagreed on the appropriate normative mechanism to use.

The use of authors’ intuitions to make normative claims about value aggregation is common in
moral philosophy. We will focus on the problem of “moral uncertainty” which is as an answer
for what to do when you believe in different ethical theories by different amounts [116} 170l [159].
Unlike when aggregating preferences across a group, the focus here is on aggregating across multiple
ethical theories. Specifically, drawing on the logic of consequentialist moral philosophy, MacAskill
[120,121]] argues for a view equivalent to the Utilitarian social welfare function (SWF) from social
choice theory when construed as aggregating the opinions of different group members. The bulk of
MacAskill’s argument comes in the form of specific scenariof] which MacAskill uses to argue why
intuition supports this favored mechanism.

In contrast, Newberry and Ord [140] argue for a contractualist (or agreement-based) logic as opposed
to a consequentialist one, using intuition about a different case-studyE] Greaves and Cotton-Barratt
[81] note that the Nash Product captures many of the virtues of their suggestion; the Nash Product
results in more equal outcomes, as per equation [d—this may capture Newberry and Ord [140]’s

SAll of these SWFs can be set up to maximize a relative or absolute gain in utility. To do so, one simply
changes the input utilities. In our case, we assume an absolute gain from zero.

SThe case-studies proceed like this: “Julia works for a research funding body, and she has the final say over
which of three proposals receives a major grant. ... The first, project A ... B, ... C ...” [120].

"Theirs begins, “Kira is deciding which of three options to order for dinner...” [140].
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intuition. Nonetheless, Greaves and Cotton-Barratt argue against the Nash Product in favor of the
Utilitarian Sum, arguing against its conservatism.

The Empirical Approach

Economic Psychology When people make decisions between multiple outcomes, what approaches
do they use? Questions like this are the domain of economic psychology. Many works examine which
resource distributions people favor, finding some evidence for a preference for equal allocations
(37, 1511 601

Noting the fanatacism of the Utilitarian Sum, Fehr and Schmidt [58}, [59]] introduce a formalism
sensitive to inequality (equation[5). Subsequent work [511[60] finds support for an inequality aversion
model over the Utilitarian Sum.

Other work in economic psychology focuses on the Nash Product, studying the effect of the disagree-
ment point [22]], characterizing different bargaining strategies [105], and framing the Nash Product
as a trade-off between utility or money [14]. In practice, Yao and Wang [[196] find that in a certain
modeling problem the Nash Product better fits the data than a Utilitarian approach, although they do
not probe human intuitions directly.

Empirical Philosophy Moral philosophers have increasingly used empirical inquiry to validate
individual philosophers’ intuitions with the opinions of the crowd making thought-experiments real
experiments, such as those about distributive justice [65]]. Bruner [23], for example, finds that when
presented with a variety of scenarios of different resource distributions, participants prefer a strictly
Utilitarian approach as compared to the Rawlsian minimum—participants maximize total utility not
the utility for the least advantaged member (Equation E]) This is in line with older results [66].

Similarly, Bauer et al. [12] study how various traits of agents change how much of a given resource
participants distribute (though they do not focus on Utilitarian Sum or Nash Product in particular).

Utilitarian Sum vs. Nash Product We have found only one work which empirically examines
participants’ responses regarding the Utilitarian Sum and Nash Product. Binmore et al. [15]] studied
a variety of aggregation mechanisms, including the Nash Product and Utilitarian Sum, finding
that it was more difficult to push participants to the Utilitarian Sum-supported answer. They ask:
is human behavior more susceptible to influence by one of various aggregation mechanisms? In
contrast, we ask: when asked to make judgements, which aggregation mechanism best describes
humans’ decisions? We update Binmore et al. [[15]’s work with a more direct comparison between
the Utilitarian Sum and Nash Product.

Aggregating Preferences in Al

Many subfields of Al, from game playing to computer vision, implicitly attempt to aggregate human
preferences. Simply through next-word prediction, pre-trained language models encapsulate some
preferences.

In a more general sense, there have been a variety of attempts to improve the moral reasoning ability
of LLMs [118}196], sometimes paired with RL [90} [89]. For example, Pan et al. [144] test whether
LLMs can avoid violating ethical norms in text-based adventure games, focusing on steerability.
What these approaches lack is explicit adherence to a specific aggregation mechanism.

Assumption of Utilitarian Sum Most existing attempts to deal with the problem of moral uncer-
tainty in Al apply an algorithm in the family of Utilitarian Sum by making inter-theoretic comparisons
or simply using the majority vote. This includes consequentialist approaches [[175, 138} 41]], choice
models [[124], voting methods [8 [142]], jury learning [76], and MDPs [36} [117].

Feffer et al. [S7]] critique such approaches by formally exploring what happens to a minority group if
averaging methods (like the Utilitarian Sum) are implemented. Ethayarajh and Jurafsky [52] further
desribe how the assumptions of expected utility theory fail to work for collapsing the annotations of
crowd workers. These assumptions become even more pronounced when considering reinforcement
learning from human feedback (RLHF) which explicitly optimizes models’ adherence to humans’
paired preferences [[106]. These methods often assume human values are universal [102].
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Other welfare functions Notably, Takeshita et al. [181] use the Utilitarian Sum to probe the
responses of the Delphi [96] model, but they fail to compare against other game theoretic models and
do not provide a systematic evaluation. Sorensen et al. [175] can be seen as turning language-based
moral dilemmas into the parameters of a bargaining game over moral dilemmas, but they too end up
using a form of the Utilitarian Sum.

Bakker et al. [[10] train a reward model to rank individuals’ agreement with the consensus-building
statements of a LLM. They aggregate those preferences using three different social welfare functions:
the Nash Product, Utilitarian, and Rawlsian. All three improve upon a model that does not incorporate
individuals’ preferences but Bakker et al. [10] find little differences between the SWFs. We see this
as complimentary to our work; we focus explicitly on the Nash Product and the Utilitarian Sum,
looking to find examples when the two theories come apart.

Methods
Scenario Generation

All scenarios were set up so that higher outcomes were more desirable, and thus the best outcomes
for either the Utilitarian Sum or the Nash Product maximized these measures. These proposals would
either decrease the average number of days to wait for an appointment, decrease the average number
of minutes to travel for an appointment, increase the average years to live, or decrease the average
cost of a medical visit. We deliberately chose outcomes which were not always fungible monetary
values in order to control for the effect of the kind of utility on the decision outcome.

Human participants

Our survey had four different scenarios in it for a total of eight questions including attention checks.
We collected three participant responses for each unique survey. We recruited participants through
Mturk. We used attention checks on each question and screened participants to only include those
with a perfect score on a preliminary qualification task. This qualification required participants
answer basic chart reading questions explained in the task. (App. sec. “Qualification Task™.) 19.94%
(646) of 3239 respondents passed all 13 multiple choice qualification questions. All participants also
had submitted at least 10k tasks on Mturk, were living in the United States, and had a task approval
rate of greater than 97%. The average response time across all qualifications was 10.6 minutes (STD
7.9). Having paid $3 (USD) per qualification task, this averages to $17.0 an hour. We only allowed
each qualified participant to submit one survey across all conditions. On average, a submission took
6.2 minutes (STD 3.5) and we paid $3 per submission, yielding an average hourly wage of $29.

Of those who passed our qualification task and went on to complete the main experiment, 15% of
respondents failed at least one attention check. We excluded these respondents from our analysis and
collected more responses to replace theirs until we had 100% coverage of all scenarios with contexts.
Note that we had three different participants respond to exactly the same set of four scenarios with
attached contexts. Importantly, we compare the aggregated scenarios (with about 14.8 average
responses each) not the scenarios with added context.

LLM Participants

We prompted models with the answers to a few qualification task questions (quasi-few-shot), including
the textual versions of the volume and area charts. We say quasi-few-shot because the qualification
tasks had no mention of “compromise”. These examples we provided LLMs were made in a chain-
of-thought (COT) style, beginning with “Let’s think step by step” [[194]. (Examples of our prompts
appear in Fig. [0]and [TI0]) To better understand the distribution of model responses, we tested at
a temperature of 1 and took 10 samples for each query, turning the answers into a distribution of
responses.

Having defined a multiple-choice question answering task, we follow Fu et al. [67] in prompting
models to summarize their (often verbose) responses in a single letter (A, B, etc.). While smaller
models might struggle to respond in such a paradigm despite containing relevant knowledge [92, 29]
we found no such issue in the case of the large models on which we tested. For those models which
gave API access to log probabilities, we follow [[162] app. 3] in gathering a distribution over model
responses.
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Condition (# of agreeing responses / total #)
area | volume | both | none
Models II[165/216|145/216|158/216| 116/216
Disagree sksksk ks gtk sksksk
3| 26/216 | 38/216 | 24/216 | 37/216
skesksk skok gk skeksk
Models || I & X[ 97/132 | 85/132 |100/132] 56/132
Agree skeksk ks dekeok *k

Figure 4: The agreement count between human participants and each of the Nash Product (I1I) and
the Utilitarian Sum (3) when those mechanisms disagreed with each other and when they agreed.
(See Fig. PJand3]) Columns show the visual aids participants received: the area chart, volume chart,
both, or none. (N=102 per cell.) The disagreement cases contained 18 unique scenarios presented
with 4 different contexts each answered by 3 unique participants for 216 responses total (18 x 4 x 3).
Similarly, the agreement cases had 132 responses (11 x 4 x 3). In each case, we run a binomial test
with a null hypothesis of random guessing (1/3). *** : p < .001; * : p < .05

We report experiments on a number of large closed-source models from OpenAl
(gpt-4-0613, gpt-3.5-turbo-16k-0613, davinci-002) and Anthropic (claude-2.1,
claude-3-opus-20240229).

In addition to running the main scenarios as we did with our human participants, we wanted to test
if LLMs were capable of performing the underlying calculations of each aggregation mechanism—
could they do the math of equations 2 and 4? We did so by administering a version of the qualification
task we used to screen human participants in the chart conditions, asking models to choose the
proposal with either the largest volume (Nash product) or area (Utilitarian Sum). Here we prompted
models with questions without any preceding context or examples (0-shot). When prompted to choose
the proposal of largest volume or area (instead of the “best compromise”), we found that models
agreed with the Nash Product or the Utilitarian Sum both in agreement (Fig. [6) and in disagreement
scenarios (Fig. [7). In the qualification task, when we prompted models to answer which option
yielded the greatest “volume” (for the Nash Product) or “area” (for the Utilitarian Sum) we found
that all models except davinci-003 (which performed at chance) performed quite well (agreed with
the Nash Product or the Utilitarian Sum, respectively), both in agreement and in disagreement cases.
For example, investigating the step-by-step math of the models demonstrates many mistakes (e.g.
with exponentiation and multiplication, see Fig. [TT).

Results

Humans Our central finding is that in the disagreement cases, human participants overwhelmingly
supported the Nash Product, as is evident in Fig. [2| In the default scenarios for all four conditions
(area, volume, both, and none—no charts) according to a binomial test, participants favored the
Nash Product over random chance (p < .001) (see Fig. .

The majority of respondents across conditions almost always chose the correct answer in the agree-
ment cases (the answer both the Utilitarian Sum and the Nash Product agreed on). For the default
scenarios, respondents endorsed the correct answer across the four different visualization conditions
(at a mean rate of 71%). Notably, agreement between respondents and the proposal chosen by the
Nash Product and Utilitarian Sum was much lower in the none condition for the default proposals,
with a mean of about 40%. (See Fig. @ and Fig. [3)

LLMs In the agreement scenarios, in which the Utilitarian Sum and Nash Product agreed on the
same proposal, gpt-4 saw very similar results to our human participants with a mean agreement in
the default scenarios of about 40%.

In the disagreement scenarios, gpt-4 similarly supported the Nash Product but to a much greater
degree, with a mean agreement of more than 70%. Strangely, gpt-4 never agreed with the Utilitarian
Sum.

In all conditions, we ran a binomial test. We found that in all disagreement scenarios, gpt-4 agreed
with the Nash Product more than chance (p < .001). In the agreement scenarios, the performance of
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Figure 5: Count and number of scenarios with the Nash Product (II) or the Utilitarian Sum (X) for
LLM disagreement and agreement cases by condition, whether a model saw the area chart, volume
chart, both, or none. In the agreement cases, we had 18 unique scenarios presented with 4 different
contexts each answered by each model for 72 responses (18 x 4) total. Similarly, for the agreement
cases we had 44 responses (11 x 4). In each case, we run a binomial test with a null hypothesis of
random guessing (1/3). *** : p < .001; ** : p < .01; * : p < .05

gpt-4 diverged from our human participants. For the default scenarios, while gpt-4 agreed with
both the Nash Product and Utilitarian Sum more than chance in the volume condition (p < .01),
gpt-4 did not agree with both more than chance in in other conditions.

In the agreement compromise scenarios, all models had lower mean agreement rates than gpt-4 and
claude-3, across conditions ( Fig. [3), that is whether they were shown nothing in addition to the
scenario (none), the textual description of the Utilitarian Sum (area), or the description of the Nash
Product (volume) (see Tab. E]) All models achieved a lower mean agreement when not shown the
descriptions as compared to when shown the descriptions. Across conditions, gpt-3.5 performs
much worse than in the qualification task, despite the fact that simply applying the Utilitarian Sum
(which it can do) would have sufficed.

In the disagreement compromise cases, we saw a similar trend as to the human experiment in which
the performant models (all but davinci-002, which performed at chance) overwhelmingly achieved
a higher agreement rate with the Nash Product than with the Utilitarian Sum. Nonetheless, in the
agreement conditions we saw less agreement between the models and the Nash Product and the
Utilitarian Sum answer.

Study: Prevalence

How often do disagreements between the Utilitarian Sum and the Nash Product arise in real preference-
aggregation problems? To answer, we analyzed three large and influential data sets for which this
problem arises: Value Kaleidoscope [175]], NLPositionality [163]], and Moral Machines [8]].

For example, the Value Kaleidoscope project [[175] aims to aid moral decision making. Type in
a natural language dilemma, such as, “Telling a lie to protect a friend,” and it outputs values that
may support or oppose the dilemma, such as the “Duty to protect your friend’s well-being” or the
“Right to truthful information.” In fact, each of those values assign a weight to each stance (e.g.
98% supporting, 2% opposing) as well as a relevance (e.g. 90% relevant). This fits naturally into
a value aggregation formulation we outline; both the Nash Product and Utilitarian Sum could be
used to suggest whether one should support or oppose a given dilemma. We study a large data set of
such examples, plugging them into the Nash Product and the Utilitarian Sum to measure how often
disagreements arise. For the Value Kaleidoscope project [[175] disagreements arise about 15% of
the time. We find smaller proportions of disagreement for the other datasets (see Fig. [§)). (For more
details see App. sec. “methods”) Nonetheless, even though disagreement scenarios at times may
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Figure 6: Performance of LLMs on the qualification task when the scenarios prompted were ones in
which the Nash Product and Utilitarian Sum agreed. Box plots show the average agreement with the
correct answer. In the Area condition, models are prompted to choose the proposal which computes
the Utilitarian Sum—maximizes the area of the proposals. In the Volume condition, models are
prompted to choose the proposal which computes the Nash Product—maximizes the product of the
proposals. For prompts see Fig.
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Figure 7: Performance of LLMs on the qualification task when the scenarios prompted were ones
in which the Nash Product and Utilitarian Sum disagreed. Box plots show the average agreement
with the correct answer. In the Area condition, models are prompted to choose the proposal which
computes the Utilitarian Sum—maximizes the area of the proposals. In the Volume condition, models
are prompted to choose the proposal which computes the Nash Product—maximizes the product of
the proposals. For prompts see Fig. [IT]

occupy a small percentage of total scenarios, they can amount to a very large number of decisions
in the real world, especially as we increasingly see automated decision making systems deployed.
Furthermore, up to now, the Utilitarian Sum has been the default (see App. “Assumption of Utilitarian
Sum”)—Sorensen et al. [[175]] even reintroduce it—although our work suggests that the Nash Product
is more intuitive.

Further Discussion

Recently, scholars have begun to turn to contractualist accounts to explain the workings of the moral
mind. André et al. [6] make an evolutionary argument that long-term concerns about an agent’s social
reputation explain the use of something like the Nash Product to ground and guide morality (see,
also, the work by Bruner [24]]). Levine et al. [110] argue, from a resource-rationality framework,
that imagined approximations of a contractualist ideal (such as the one defined by the Nash Product)
are pervasive in human moral thinking. Our findings corroborate these lines of work, providing
empirical evidence that our participants have contractualist intuitions about the best way to solve value
aggregation problems. At the same time, however, we do not necessarily anticipate that participants
are doing a complex multiplication problem in their heads to solve the value aggregation task we
set in front of them. It therefore remains an open question what algorithmic cognitive mechanisms
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| % Disagree | # Disagree /n

Our generations — {1,51,101} .82 162719657
Our generations — {1,...,101} & 17 172144 /999901
Value Kaleidoscope [[175] 15 1521798694
NLPositionality [[163]] 1.0 3/291
Moral Machines [8]] v 89 /12600

Figure 8: Structuring various data sets into the assumptions required to use aggregation mechanisms,
we find that disagreements between the Utilitarian Sum and the Nash Product arise naturally. These
figures should be interpreted as ballparks; given the numerical character of the Utilitarian Sum and the
Nash Product, the number of disagreements varies dramatically with the shape of the numerical input.
& averages three samples. "Our generations — {1, 51, 101}" are the default scenarios we used for all
experiments reported here. Our other generations, described at the end of the "Scenario Generation"
section sample from a wider range of outcomes. See App. sec. "Prevalance" for more explanation.

allow participants to solve this task in line with the predictions of the Nash Product. (We explore
other approaches in App. “Formalizing Contractualism.”)

In this work, we chiefly compare the Utilitarian Sum and the Nash Product (Equations [I] and [2)).
Nevertheless, as Moulin [135] shows (Equation[d), a variety of very similar mechanisms are possible.
Still, prior work has shown that people intuitively prefer the Utilitarian Sum over the strong inequality
aversion of the lexical minimum [23}166]. For this reason, we chiefly compare the Nash Product with
just the best of past cases, the Utilitarian Sum, finding that people prefer the Nash Product. Indeed,
this may be due to the greater inequality aversion of the Nash Product—and hence its similarity
with some parameterizations of the Inequality Sum. Much prior work has shown that people prefer
outcomes with fair (or equal) allocations [37, 511 160].

.1 LLM Qualification

Are LLMs even able to compute the Nash Product and the Utilitarian Sum? Yes, to some degree.
This discriminitive ability—when to apply which approach-may be what differentiates, for example,
gpt-3.5 from gpt-4; while both can compute the Utilitarian Sum to some degree, the latter knows
when to do so.

When asked to choose the proposal of greatest “area” or “volume”, instead of the “best compro-
mise”, gpt-4 successfully mirrored the calculations of the Utilitarian Sum and the Nash Product,
respectively, performing significantly better than chance. Therefore, a lack of performance on the
“best compromise” task cannot be due to the fact that models are inherently unable to perform the
necessary calculations but might rather be due to a misalignment in which approach to apply when.
Indeed, in the default agreement scenarios, when the wording was changed to “best compromise”
and we provided a textual aide, gpt-4 did not perform better than chance. This suggests some sort
of discriminative ability is at play, in fact one which, at least in these agreement scenarios, failed to
capture the intuitions of human participants.

Limitations & Future Work

Our studies compare one contractualist method of preference aggregation with the Utilitarian Sum.
However, contractualism comes in many forms and future work should explore whether formalizations
of other contractualist mechanisms may capture people’s intuitions better than the Nash Product or
(perhaps most likely), whether different mechanisms capture intuitions in different circumstances.
Future work along these lines might aim to capture, for instance, the turn taking nature of parliaments
and negotiation, perhaps using some sort of sequential decision making approach. (See App. sec.
“Formalizing Contractualism” for a description of some attempts to do so.)

Our approach focuses on scenarios with fully-specified outcomes, group sizes, and a discrete number
of available actions. In our prevalence analysis (Study 3), we show that these conditions are indeed
sometimes met in real world cases that call for value aggregation. However, the majority of cases
where value aggregation is required will not have such information available. Furthermore, we would
like to see work which weakens some of our assumptions. For example, systems might begin with
natural-language scenarios and decompose into the formal models which we describe. Alternatively,
one might attempt to replicate this work in an ordinal as opposed to cardinal setting.
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We surveyed only U.S.-based crowd workers and thus may have detected preferences that are
constrained to that particular group. Future work should explore individual and cultural differences
in preference aggregation strategies. We looked at intuitions of compromise in aggregate but
individual-level effects likely drive this effect. Psychologists can improve the strength of our results
by replicating them across cultures and developmental milestones in an attempt to track the emergence
and universality of the results we find here.

While in this paper we have focused on aggregating preferences between groups, the underlying
formal mechanisms (but not necessarily the assumptions) are equivalent when aggregating between
preferences within an individual. Consider: You sit down for dinner pining for a burger but torn up
about animal welfare. What should you eat? In such cases, philosophers have asked what strategies a
person should use when deciding between various normative theories [116} 120} [81]]. Equivalently,
psychologists might study what kind of mechanisms the mind uses to choose which cognitive module
to use, similar to work on resource rationality [[110, (93| [112].

Finally, in conducting research on the moral reasoning abilities of language models, we do not mean
to suggest that people should look to models for advice. As our results show, LLMs demonstrate
significant limitations and have different biases in moral reasoning compared to humans.

Formalizing Contractualism

What is the best way to aggregate value? Below we survey a range of algorithmic implementations of
contractualist (agreement-based or negotiation-based) answers to this question.

Nash Product The Nash Prodcut provides a contractualist [[110] account of moral uncertainty—one
built around agreement—in contrast to the dominant consequentialist approach of the Utilitarian Sum.
Indeed, we began this work as an attempt to question some of the assumptions that the Utilitarian
Sum makes, namely that it engages in intertheoretic comparisons, it equates individuals utilities, and
it is prone to fanaticism, it can be swayed by strong opinions of minority groups. The Nash Product
is not as susceptible to fanaticism as the Utilitarian sum but it fundamentally makes intertheoretic
comparisons on the Pareto frontier Furthermore, the Nash Product formally requires the specification
of a disagreement point, or outside option [81]. Often the Nash Product is used on utilities greater
than or equal to one (lest the product become infinitesimal) and so requires a structural transformation
to a different range, usually, e.g. [1, co)—a similar structural transformation as is suggested for the
Utilitarian Sum.

The Nash Product depends on the utility gains in a way that Utilitarian Sum does not. Thus what
counts as a gain is contingent on what each agent’s outside option is. The disagreement point is what
happens if no majority is reached—often either a utility of zero, some extreme value, or the outcomes
of some other default strategy. Define the disagreement point, d € RI“! such that the outcome of
the disagreement point is also an available utility for each agent, U U {d} [81]]. Still, we do not find
the specification of a disagreement point as a significant assumption. How often is it the case that
a decision has specified all of the utilities for the potential proposals or actions but does not have a
specified disagreement point? Fundamentally, assessing the utilities of actions is not that different
from assigning utilities for a disagreement point (a sort of null action).

Nonetheless, it is possible to circumvent this issue by stipulating utilities at the disagreement point
(or stipulating the change in utilities from the disagreement point for every action available in the set).
This is what we do in our studies.

Still, there are a variety of other formal approaches one might take to contractualism.

Turn-Taking Games Our first approach was to model a bargain as an extensive, turn-taking game
like chess. This has the benefit of avoiding any intertheoretic comparison: each group imagines their
best choice given the choice of every other group in which groups have differnt voting power—similar
to a parliament. In order to encourage coalitions in such a game, Newberry and Ord [140] suggest
setting the utility of a choice in proportion to the weights each vote receives (groups by group weight)
but then choosing the best option by majority vote. For a two player game assume some voting
mechanism (social welfare function), F', which operates over the outcomes, U, group beliefs, B, and

8The Nash Product itself applies a structural normalization over the input utility values while the Utilitarian
Sum has to be supplemented with one—usually the variance [81].
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choices, C, where ¢; € {0,1}, 1 if group 7 chose that choice and 0 otherwise and u(c) is the vector
of U for choice c. I}, is the function for proportional chances.

rcneagncnaxF(U B,{c,c'}) (6)
Fpe = max <u Z Cq X b ) @)
acA

What becomes apparent is that taking the proportion is not strictly necessary for each player to
incorporate the others’ actions. It can also cause free-riding. Consider an example which we have
set up to appear like an intuitive opportunity for negotiation to occur. A plurality group, “a” has the
highest voting power and prefers an option much dispreferred by the two minority groups. Each
minority group, “b” and “c” prefers an option dispreferred by the rest, “2” and “3” respectively. The
minority groups want choice “4” second-best. They should collaborate to vote for this option. All of
the terms in b, > by, b, are greater than zero, and u ,(4) < uc(3), up(2).

Nevertheless, when cast as a proportional chances game, no cooperation emerges here because either
of the minority groups can free ride off of the others’ vote for the second-best option and still vote for
their preferred option (at least as they see it in the game tree). For example, consider whether “b”
chooses to vote for “2” or “4” give that “a” votes for *1” and “c” attempts to bargain by voting for
“4”; the utility of the former will always dommate the utility of the latter.

batig (1) 4 bpup(2) + bee(4) > baug (1) + byuy(4) 4 beue(4)
byuy(2) > byup(4) + be

Still, many other voting mechanisms, I, might be used. If the strict majority vote is used, it will fail
to give answers when only a plurality is reached; it will not be complete. Instead, terminal utilities
can simply be the players’ respective outcomes for what would happen if each player voted a certain
way, using the weighted majority vote. Call this approach the maximax disagreement (mmd), F’,.ma

P _Jo max.cc ZaeA Cq X by < .5 @)
mmd u (ZQGA Ca X ba) otherwise

Unfortunately, turn-taking games are prone to dominant strategies by the first player. Depending on
the social welfare function used it can become an ultimatum game (the player to go first dictates the
outcome) or yield different solutions based on which agent chooses first.

For example, consider a game with two groups, a and b, of equal bargaining power considering three
choices, “a-pref”, “bargain”, and “b-pref”, where u, (a-pref) = uq(bargain) > u,(b-pref) and
up(b-pref) > up(bargain) = up(a-pref). In this case, the outcome of any turn taking game always
depends on which group votes first in the game tree and the groups will never choose the bargain
option.

Strategic Games More promising would be a strategic, non turn-taking, equlibrium selection
approach [[87]]. Unfortunately, these are notoriously complicated and case specific. For example,
neither of the outcome (utility) vectors (1,10, 100) nor (100, 100, 1) Pareto-dominates the other.
Nonetheless, it seems obvious that the second is preferred. What about (1,51, 10) compared to
(1,10,51) or (1,51,10, 10) compared to (9, 2,52,9)? These issues are legion.

Shapley Values Coalition-forming approaches such as Shapley values (which still make intertheo-
retic comparisons) are also worth exploring. In such coalition-forming games, groups with asymmetric
bargaining power form coalitions with each other, each coalition perhaps in favor of a certain choice.
Allow some function to describe which coalition is successful, usually a loose majority vote. Here
the difficulty is how to assign credit to each of the individual groups in a coalition. The standard
interpretation describes the dispersal of some fixed, usually monetary, quantity between agents. The
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Shapley value is one approach to give the most credit back to the agent who most contributed to the
success of the particular coalition. This may not be tenable unless intertheoretic comparisons are
allowed. Other interpretations are possible and should be explored in the case of moral negotiation,
perhaps as a kind of voting credit in a sequential game, capturing the sense of “you helped me out
last time” (similar to the approach used in [50]).

It may simply be that no game theoretic approach sufficiently captures the variance of human
negotiation. In that case, language-based approaches might be the best way forward, e.g. if we could
accurately simulate different perspectives in various LL.Ms and literally put them in conversation
with each other.
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LLM Prompt

Human: TASK: In this task we assess how to compromise between different views.
Tell us which of the options specified is the best compromise for the given situation.

Whether one option is a better compromise than another is up to you. It might be that multiple parties have to accept a slightly worse
outcome for themselves in order to best balance the desires of the group.

In this version of the task, groups prefer higher outcomes. This means that higher outcomes are better.
SCENARIO: Your local health department is looking for advice on a project.

To figure out what to do, the health department has researched how the proposals will affect different groups. We won't get into the specifics
of the proposals, but none is perfect; some groups prefer some proposals over others.

TIP: If you find yourself stuck between different proposals, please go with your gut/intuition.

Human: In this scenario, there are 3 groups:
- group apple-@with 33.0 people in it,

- group bee-«with 33.0 people in it, and

- group cow-=with 33.0 people in it.

There are 3 proposals, each of which will decrease the average number of days a group member must wait for an appointment by:
- proposal one: 101.0 days for group apple-@, 1.0 days for group bee-«, and 1.0 days for group cow-.

- proposal two: 1.0 days for group apple-@, 51.0 days for group bee-«, and 51.0 days for group cow-
- proposal three: 1.0 days for group apple-@, 51.0 days for group bee-«, and 1.0 days for group cow-.

{Chart Description}

Which proposal is the best compromise in this situation? You must give exactly one answer.
- (A) Proposal one

- (B) Proposal two

- (C) Proposal three

Area Chart Description

The total area for a proposal is calculated by
summing up the product of group size and Area Condition
proposed outcome for each group.

For proposal one, the total area is 101.0 * 33
(for group “apple-@”) + 1.0 * 33 (for group “bee-
«”) + 1.0 * 33 (for group “cow-=") = 3333.0 +
33.0 + 33.0 = 3399.0.

For proposal two, the total area is 1.0 * 33 (for
group “apple-@”) + 51.0 * 33 (for group “bee-
«”) + 51.0 * 33 (for group “cow-=") = 33.0 +
1683.0 + 1683.0 = 3399.0.

For proposal three, the total area is 1.0 * 33
(for group “apple-#”) + 51.0 * 33 (for group
“bee-w”) + 1.0 * 33 (for group “cow-=") = 33.0
+ 1683.0 + 33.0 = 1749.0.

Figure 9: An example survey task as asked to Claude-2.1 in the area condition. Each had either the
area or volume chart description paced in the braces and bolded section in the question (top, in grey)
based on the condition.
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Volume Chart Description

The total volume for a proposal is cal-
culated by multiplying the proposed out-
come raised to the (normalized) group
size for each group.

For proposal one, the total volume is
101.0 ** 0.3 (for group “apple-@”) + 1.0
** (.3 (for group “bee-w”) + 1.0 ** 0.3
(for group “cow-=")=4.7*1.0* 1.0 =
4.7.

For proposal two, the total volume is 1.0
** 0.3 (for group “apple-@”) + 51.0 **
0.3 (for group “bee-«) + 51.0 ** 0.3
(for group “cow-") =1.0 * 3.7 * 3.7 =
13.8.

For proposal three, the total volume is
1.0 ** 0.3 (for group “apple-@”) + 51.0
** (.3 (for group “bee-w”) + 1.0 ** 0.3
(for group “cow-")=1.0*3.7* 1.0 =
3.7.

Volume Condition

Figure 10: An example survey task as asked to Claude-2.1 in the volume condition, continuting the
previous figure, [0
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LLM Qualification Prompt

Human: This is a qualification task. Your answers will be compared to our ground truth answers.
TASK: In this task we assess how well you can judge various aggregated properties of groups.
These charts will show you the numeric outcomes on a few proposals for a few groups.

Human: In this scenario, there are 3 groups:
- group apple-@with 33.0 people in it,

- group bee-«with 33.0 people in it, and

- group cow-=with 33.0 people in it.

There are 3 proposals:

- proposal one: with an outcome of 101.0 for group apple-@, 1.0 for group bee-«, and 1.0 for group cow-=.
- proposal two: with an outcome of 1.0 for group apple-@, 51.0 for group bee-«, and 51.0 for group cow-=.
- proposal three: with an outcome of 1.0 for group apple-@, 51.0 for group bee-«, and 1.0 for group cow-.
Which of the proposal(s) takes up the largest total area?

- (A) Proposal one

- (B) Proposal two

- (C) Proposal three

Volume Condition

Area Condition

Figure 11: An example qualification task as asked to Claude-2.1 in the area condition (on the
bottom left) and the volume condition (on the bottom right), where the bolded word in the question
(top, in grey) changes based on the condition. Notice that the area answer is correct, and the math is

right. The volume answer is correct, although the math is wrong (e.g., 51.033:0/990 = 3.7),
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1183 ks for participating in this HIT!

This HIT has two parts: a qualification and a survey. If you score high enough on the qualification, you'll be allowed to
complete the survey (and will be paid double for it).

You may only answer one HIT.
QUALIFICATION DESCRIPTION:
Your answers will be compared to our ground truth answers.

In this task we assess how well you can read different charts. If you don't have much experience reading graphs and
charts, that's fine. We'll explain everything you need to know in the instructions.

If you show that you can read these charts correctly, you'll be able to complete the next task!

These charts will show you the numeric outcomes on a few proposals for a few groups.

TASK DESCRIPTION:
I this task we assess how to compromise between different views.

Tell us which of the options specified is the best compromise for the given situation.

Whether one option is a better compromise than another is up to you. It might be that multiple parties have to accept a
slightly worse outcome for themselves in order to best balance the desires of the group.

In this version of the task, groups prefer higher outcomes. This means that higher outcomes are better.

The charts shown might aid your reasoning about the proposals, but they do not contain an obvious answer like in the
qualification task. We've included answers to those examples.

Scenario:

Medical Costs

In this scenario, there are 3
groups:

« group apple-@with 33
people init,

« group bee-aliwith 33
people in it, and

« group cow-ifwith 33
people init.

There are 3 proposals, each of
which will decrease the average
cost of a medical visit for each

group by:

« proposal one Bl 1 dollars
for group apple-@ 51
dollars for group bee-42}
and 51 dollars for group
cow-.

« proposal two M: 1 dollars
for group apple-@ 51
dollars for group bee-4tk
and 1 dollars for group cow-

« proposal three I 101
dollars for group apple-@ 1
dollars for group bee-4y
and 1 dollars for group cow-

3D Bar Chart

Stacked Bar Chart

o1
SCENARIO: What is the outcome for group o5t
Your local health department is looking for advice on a project. apple-@of proposal three? o
To figure out what to do, the health department has researched how the proposals will offect different groups. We won't
getinto the specifics of the proposals, but none is perfect; some groups prefer some proposals over others.
[@E If you find yourself stuck between different proposals, please go with your gut/intuition. OProposal one

Which proposal is the best OProposal two
(@®) Click and drag to view the 3D charts from different angles. compromise in this situation?

OProposal three

RN Travel Times

In this scenario, there are 3 In this scenario, there are 3

groups: Stacked Bar Chart groups: Stacked Bar Chart

« group apple-@with 33
peopleiin it,
« group bee-efiwith 33
n

« group apple-@with 33
people init,

« group bee-efiwith 33
people init, and

« group cow- % with 33

peopleinit.

There are 3 proposals, each of
which will decrease the average
number of days a group member
must wait for an appointment
by:

« proposal one M 51 days for
group apple-@ 1 days for
group bee-444 and 1 days
for group co\

« proposal two

e .

3D Bar Chart

days for

group apple-@ 101 days. for group apple-@ 101
for group bee-¢44 and 101 days for group bee-44) and
days for group cow-&. 1 days for group cow- .

« proposal three Bl: 51 days « proposal three B 101 days
for group apple-@ 51 days for group apple-@ 1 days.

for group bee-#4} and 51
days for group cow- %

people in it

There are 3 proposals, each of
which will decrease the average
number of minutes a group
member must travel for an
appointment by:

« proposal one l: 1 days for
group apple-@ 51 days for
group bee-#4) and 1 days
for group cow-i.

« proposal two M 101 days

for group bee-4f4 and 1
days for group cow-

==

3D Bar Chart

0s1 o1

What is the outcome for group What is the outcome for group

bee-#gjof proposal one? o bee-#aiof proposal two? 051
101 o101
OProposal one OProposal one

Which proposal is the best
compromise in this situation?

Which proposal is the best

OProposal two compromise in this situation?

OProposal two

OProposal three OProposal three
PRI Life Expectancy

In this scenario, there are 3

groups: 3D Bar Chart

+ group apple-@with 33
people in'it,

« group bee-aajwith 33
people in it, and

« group cow-i with 33
people in i

There are 3 proposals, each of
which will increase the average
number of years a group
member will live by.

« proposal one B 1 years for
group apple-@ 1 years for
group bee-#4) and 1 years
for group cow-%.

« proposal two M: 101 years
for group apple-@ 1 years
for group bee-44) and 51
years for group cow-

« proposal three M. 1 years
for group apple-@ 51 years
for group bee-¢4} and 101

- ‘. l
="

(Optional) Please let us know if anything was unclear, if you
experienced any issues, or if you have any other feedback

Stacked Bar Chart

* apple@
o1
What s the outcome for group
apple-@of proposal one? o
os1

OProposal one
Which proposal i the best oo
compromise in this situation? OProposal two

OProposal three

31



Instructions (click to

Thanks ok efticipating in this HIT!

This is a qualification task. You may only answer one HIT. Your answers will be compared to our ground truth

answers.

TASK DESCRIPTION:

In this task we assess how well you can read different charts. If you don't have much experience reading graphs and

charts, that's fine. We'll explain everything you need to know in the instructions.
I you show that you can read these charts correctly, we'll add you to the list to work on our next task!

These charts will show you the numeric outcomes on a few proposals for a few groups.

Stacked Bar Charts:

The first kind of chart s a stacked bar chart. In this chart, the groups drawn (e.g. group "A" and group "B") appear on the
horizontal (x) -axis. The height of the bars (on the vertical, , -axis) show the outcome for each group for each proposal (e.g.

one and two).

Question: LR

This chart shows two groups ("A" and "B") and one proposal (one).

Group "A" has an outcome of 20 for the proposal one and group "B"

has an outcome of 10 for the proposal one. Which of the
»

- groups shown in
the chart has

] highest outcome
o for proposal one?
“ oA
o

OB
o]
-] oc
6| O none
o A 8

GuesiEn

This chart shows two groups ("A" and *B") and two proposals (one
and two). Group "A" has an outcome of 20 for proposal one and and
outcome of 0 for two. Group "B" has an outcome of 0 for proposal

d 10 fi 1 Which of the

one and an outcome of 10 for proposal two. proposals shown in
If a group has an outcome of zero for a proposal it won't show up in :‘“ehﬂhﬂ" has the
the chart (e.g. one for group "B"). ighest outcome

for group "A"
Oone
Otwo
Othree
©none

e A B

s

This is like stacked-2, but now each group also has an outcome of 5
for the other proposal (and the y-axis now ranges from 0-25).

Which of the

2| proposals shown in
2-| the chart has the
- highest outcome
-} for group "B"?
1o}

o] Oone

-} Otwo

‘:: Othree

o Onone

o

o

o8 S B

Different sized groups:

Now, we'll add the final element to the charts. In these charts, the width of the bars will change depending on the size of the

group. Larger groups will have wider bars and smaller groups will have thinner ones.

Question: (LIRS

This is like stacked-2 but now the proportions of the groups have
changed. Group "A" is now twice as big as group "B", occupying 66%
of the total as opposed to 50% in stacked-2. Which is the
smallest group?
oA
o
oc
Onone

‘5 A 8
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Question: (T

This is a combination of examples stacked-3 and stacked-4 Notice

how the sizes of the stacked bars change based on the change in

proportion of the groups. Which of the
proposals shown in

2| the chart takes up
- the largest total
20-| area?
o]
16-] Oone
14} Otwo
-]
10| Othree
o] O none
-
2
3
% A B 1007

Question: (TEITE)

Inthis scenario, there are 3

+ group "A" with 30 people.
init

+ groUp "B" with 10 people.
init,

« and graup "C” with 20
people in it

There are 3 proposals.
+ proposal one with an
outcome of 1000 for

group "A", 1000 for group
B, and 1000 for group.
c

+ proposal two with an
outcome of 1 for group.
and 1

+ proposal three with an
outcome of 1 for group.
“A°, 1 for group "B", and
10000 for group

Which of

Oone
Otwo

Othree
©none

3D Bar Charts:

Now we'll show you some 3D bar charts.

Each dimension of these charts (the X, y, or z axes) measures the outcomes for a different group. While the stacked bar
charts show percentage on the horizontal (x) -axis and outcome on the vertical (y) -axis, the 3D bar charts show the outcome
for the first group on the horizontal (x) -axis, the outcome for the second group on the vertical (y) -axis, and the outcome for
the third group on the depth (z) -axis.

In the 3 bar charts, each bar (or cube) is a different proposal where its dimensions are determined by the outcome for each
group for that proposal.

(§i) Click and drag to view the 3D charts from different angles.
({@#) The axes of the 3D bar charts are not the same as the axes of the stacked bar charts.

(FiB) In stacked bar charts each proposal is spread across multiple bars with the same color, but in 3D bar charts each
proposal s a differently colored cube.

Question: [

Drag this chart with your mouse or finger to reveal the name of the

hidden axis. In general, you will need to drag these 3D charts to get a

sense of them. What is the name
of the hidden axis?
(Hint: it is not x, y,
orz)

.

Qo

This chart shows two groups (*A" and "B") and one proposal (one).
Group "A" has an outcome of 20 for the proposal one and group
"B" has an outcome of 10 for the proposal one. This is the same

Which of the
data as stacked-1. groups shown in
Try dragging the plot to see what it looks like at different angles. the chart has

lowest outcome
for proposal one?
oA
o8
oc
Onone
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Questior

This chart shows two groups ("A" and "B")

and two proposals (one

and two). Group "A" has an outcome of 20 for proposal one and and

outcome of 0 for two. Group B" has an outcome of 0 for proposal
one and an outcome of 10 for proposal two

Ifa group has an outcome of ero for a proposal it won't show up in
the chart (e.g. one for group "B"). This is the same data as

i

Which of the
proposals shown in
the chart has the
lowest outcome for

roup "B"?
(Hint: find the
proposal that takes
up the least length
on the axis labeled
iy

Oone

Otwo

Othree

O none

This is like 3D-2, but now each group also has an outcome of 5 for the

other proposal. This is the same data as

two
one
B

Question: (12

Which of the
proposals shown in
the chart has the
lowest outcome for
group "A"?

(Hint: find the
proposal that takes
up the least length
on the axis labeled
A%

Oone
Otwo
Othree
O none

This is like 3D-2 but now the proportions of the groups have changed.

Group "A" is now twice as big as group

3D Bar Charts: Volume

', occupying 66% of the total
as opposed to 50% in 3D-2. This is the same data as stacked-4.

Which is the largest
group?

(Hint: it s hard to
tell proportion
from 3D charts
alone. In these
cases you may
have to resort to
reading the text)

OA
OB
oc
O none

One difference between stacked bar charts and 3D bar charts is how they show proposals.

In stacked bar charts proposals (colored bars) take up area because there are only two axes (proportion by outcome) but in
3D bar charts proposals (colored cubes) take up volume because there are potentially three axes (for up to three groups).

In the example below, groups A" "B, and "C" all have an

In the example below, groups "A" and "B have an outcome

outcome of 100 for proposal one and an outcome of 10for o only 1 for proposal one while "C” still has an outcome of

proposal two. Thus proposal one has a larger volume.

100. All groups still have an an outcome of 10 for proposal
two. Thus proposal two has a larger volume. Even though
proposal one s fonger, it has less total space inside than
proposal twoj it has a smaller volume.

33

Question:

This is like 3D-2 but now the proportions of the groups have changed.

Group "A" is now twice as big as group "B

3D Bar Charts: Different Sized Groups.

occupying 66% of the total
as opposed to 50% in 3D-2. This is the same data as stacked-4.

Which is the largest
group?

(Hint: itis hard to
tell proportion
from 3D charts
alone. In these
cases you may
have to resort to
reading the text)

OA
OB
oc
O none

One thing to note about 3D bar charts is how they change when the groups are not of an equal size.

When groups sizes are different, the axes of the 3D Bar Charts are scaled in proportion to the size of the grou
(logarithmically to be specific). This makes the differences between the proposals seem relatively minor even if the outcomes

for the groups are quite different

In the example below, the groups are of equal size. Groups
"A" and "B" have an outcome of 100 and group an
outcome of 1 for proposal one. Then groups "A" an:
have an outcome of 1 and group "C" has an outcome of 101
for proposal two. Thus proposal one has a larger volume.

<
‘one o
I B

Queston: (B

[T
aroups

© roup A with 30 peopie
« roup it 10 pecpe
i c e

Thereare 3 proposats

000
% 1000 or o

Cibomeol 1ot oun

B orgroup - and |
forgoup

s thesame dota 21
swikddt

This is the same as the adjacent example but here the
groups are not of equal size; group "C" is of size 2 while
groups "A" and "B" are of size 1. Thus proposal two has a
larger volume. Notice how the scales have changed based
on the change in group size!

o+

These e ok necssanly e same ting)
Othese
Onone

(Optional) Please let us know if anything was unclear, if you
experienced any issues, or if you have any other feedback
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