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Abstract

Multiverse analysis explores the sensitivity of statistical conclusions to the many
choices analysts make in the course of a data analysis, which that literature calls
analytic decisions. Decision theory studies more generally the choice of an action
whose consequences depend on unknown states of the world. This article draws
connections between multiverse analysis and formal frameworks for decision mak-
ing under uncertainty, robust Bayesian decisions in particular, and connects both
to agentic artificial intelligence (AI), the design of artificial agents that make
decisions autonomously in uncertain environments. We review Bayesian decision
theory, robustness in Bayesian learning and in Bayesian decisions, multiverse
analysis, and multi-agent systems built from large language models. We then
compare multiverse and robust Bayesian analysis along the elements of a deci-
sion problem. We describe multiverses of Bayesian analyses and model averaging,
and outline a staged approach from local diagnostics to global robustness, to the
robustness of decisions, and to the multiverse. We associate each point of the
multiverse with the perspective of an individual agent, and connect this reading
to Dawid’s notion of a bevy of Bayesians, to multi-Bayesian decision theory, and
to agentic Al In the last, a multi-agent system implements a multiverse wherein
agents with different perspectives specify the analytic choices. We apply this
concept to an example where twenty language-model agents estimate a clinical
referral cutoff based on a psychological test.

Keywords: Multiverse analysis, Robust Bayesian analysis, Bayesian decision theory,
Multi-agent systems, Agentic artificial intelligence



1 Introduction

Multiverse analysis, Bayesian decision theory, and agentic Al are three areas of
research that have developed largely independently, but which share a common con-
cern with decisions under uncertainty. This paper explores connections between these
areas and provides a more comprehensive understanding of how multiverse analysis
can inform and be informed by decision theory in practice.

The paper is organized as follows. Section 2 provides concise reviews of the key
concepts and methods from each area, highlighting their relevance for the connec-
tions drawn in Section 3. Section 3.1 draws parallels between multiverse analysis and
robust Bayesian decision theory, highlighting similarities and differences between the
two approaches, and discusses how multiverse analysis can inform decision-making
in practice in settings such as model averaging and staged approaches to robustness.
Section 3.2 discusses how the points in a multiverse can be thought of as coming from
analyses of separate agents. Section 3.3 further explores the connections between mul-
tiverse analysis and agentic Al, highlighting how multi-agent systems can implement
a multiverse by having agents with different perspectives specify the analytic choices.
Section 4 illustrates these concepts in a practical setting, using twenty language-model
agents each estimating a referral cutoff in a medical application. Section 5 concludes.

2 Reviews

This section briefly reviews the key aspects of each area. Section 2.1 discusses the key
elements behind Bayesian decision analysis. Sections 2.2 and 2.3 discuss robustness in
Bayesian learning and Bayesian decisions. Section 2.4 introduces multiverse analysis.
Section 2.5 presents a primer on agentic Al and its connection with decision theory.

2.1 Bayesian decision analysis
2.1.1 Elements of a decision problem

Bayesian decision theory is a formal framework for making decisions under uncertainty.
It combines probability theory and utility theory to provide a systematic approach
for choosing among alternative actions based on their expected outcomes. The frame-
work is grounded in the subjective interpretation of probability, where probabilities
represent an individual’s beliefs about uncertain events, and utility represents the con-
sequences of possible outcomes (Raiffa and Schlaifer 1961; Robert 1994; Parmigiani
and Inoue 2009). Formally, a decision maker (DM) chooses an action a within a set
of actions, called A, whose consequences depend on an unknown state of the world
0, which belongs to a set of states called ©. For example, a traveler may have the
option to purchase travel insurance before a flight. The consequences of this decision
depend on unknowns about the future, namely the events (that is, the states of the
world) that would trigger a claim. The basis for choosing among actions a € A is a
quantitative assessment of their consequences, which are measured by a wtility func-
tion u(a, ), that depends on both a itself and the state of the world 6 € ©.Since the
true 0 is unknown, the DM must account for its uncertainty when weighting options.



Table 1 Elements of a subjective Bayesian decision problem.

Symbol Interpretation

ac€A an action; A is the set of available actions

0ec0O a state of the world; © is the set of possible states

u(a, ) the utility of the consequence of action a when the state is 0

7(6) the DM’s probability distribution of the state of the world

z, f(z|#)  the outcome of an experiment, and its probability distribution given 6
7(0|z) the posterior distribution of 6 given x

o(x) a decision rule, used to turn data into actions

Ur,(a) the expected utility of a under the posterior 7, = 7(-|x)

a*, 6* a Bayes action; a Bayes decision rule

This uncertainty is quantified by a probability distribution 7 (), which is specified by
the DM.

From a statistical perspective, interesting questions arise when the outcome = of
an experiment whose distribution f(z|f) depends on 6 is available. In this case, the
DM translates data into action using a decision function, or decision rule, which is
any function §(x) of the data that returns values in A.

The core principle behind Bayesian decision theory is the expected utility principle:
a rational DM should choose the action that maximizes the expected utility of the
consequences, where the expectation is taken with respect to the DM’s own probability
distribution over the states of the world. When the outcome x of an experiment is
available, this probability is the posterior distribution, obtained via Bayes’ rule as
m(0|x) < 7(0) f(x|6). Then, the expected utility of action a is

Z/lm(a)z/eu(a,ﬁ)ﬂ(ﬂx) de, (1)

and an action a* that maximizes it is called a Bayes action. Before the experiment,
or when there is none, the same expressions hold with 7(#) in place of 7 (8|x). Since
the Bayes action depends on x, the principle implicitly defines a decision rule, which
we call the Bayes decision rule 6*(z). Table 1 summarizes the notation for all the
elements of a decision problem. The next section presents an illustrative example from
the psychology literature.

2.1.2 A practical illustration

van der Linden and Mellenbergh (1977) consider a situation in which a total test score
is used to classify examinees into two categories: accepted and not accepted. A latent
variable, unknown to the examiner, represents the true ability of each examinee, and a
value 6y of the latent variable, fixed in advance, separates suitable examinees (6 > 6y)
from not suitable ones. In the notation of Table 1, the DM is the examiner, the two
actions are to accept and to not accept the examinee, # is the examinee’s value on
the latent variable, x is the observed total score and f(z|6) its measurement model,
and 7(6) represents the examiner’s knowledge, prior to the test, of the examinee’s



ability. If nothing is known about such ability, a reasonable choice is to set 7w(6) as the
distribution of the latent variable in the population of examinees. We assume that the
utility of the examiner is linear in €, and is obtained by the following set of equations:

u(accept, §) = v1+51(0 —6p), wu(not accept,d) = vyo+5o(6o—0), Lo+ >0. (2)

Each part of the utility function has two components. The constants 7, and g are
the effects on utility of accepting and of not accepting an examinee, irrespective of
ability. The terms (51 (6 — 6p) and By(0y — 6) are proportional to the distance between
the examinee’s ability and y: accepting is worth more the further the ability is above
0y and less the further it is below, and wvice versa. Notice that a constant utility
would instead assign the same value to not accepting an examinee just above 6y and
one far above it. The four coefficients are chosen so that the utility represents the
psychological, social, and economic consequences of both actions.

By equation (1), the action of accepting has the larger posterior expected utility
if and only if

E(0]z) > 6y + 2~ 1, (3)
Bo + B

where E(0|z) is the mean of the latent variable under the posterior 7(8|x). The coef-
ficients enter the choice of action only through the ratio in equation (3), which moves
the bar for the posterior mean above 6y when not accepting carries the larger constant
utility and below 6y when accepting does. When the two constant utilities are equal,
the examinee is accepted when the posterior mean of the ability exceeds 6. The Bayes
rule §*(x) accepts the examinee when the observed score is at least the smallest x for
which equation (3) holds.

2.1.3 Justifications and limitations

The expected utility principle has been justified by translating it into interpretable
axioms characterizing rational choice (Savage 1954; Anscombe and Aumann 1963);
see Kreps (1988) for a critical discussion. However, in many applications, it is neither
desirable nor practical to take the expected utility view in literal terms: some decisions
involve aspects that are difficult to quantify reliably along one-dimensional utilities,
and the level of quantification required is not always achievable, because of difficulties
in relating a DM’s values to quantitative utilities or because of gaps in knowledge
(Parmigiani 2002). Hence, as a description of behavior, the principle is often violated in
practice. Prospect theory (Kahneman and Tversky 1979), for example, was developed
to describe some of the most important patterns of deviations from expected utility. A
comprehensive review on the topic is presented by Gilboa (2025), who also discusses
alternative theories proposed for choices with known and with unknown probabilities,
and the more recent evidence that challenges those alternatives.

2.2 Robustness in Bayesian learning

Robust Bayesian methods investigate how sensitive conclusions are to the specification
of the prior and the sampling distribution. The goal is to assess whether the conclusions
are robust to plausible departures from the operational model, and if not, to identify



what further elicitation or data collection is necessary. The following review is based
on Berger (1994) and Watson and Holmes (2016), with notation as in those sources.

2.2.1 Approximate models and global robustness

In a strict Bayesian framework, the DM specifies beliefs through the joint model of
data and parameter, namely p(6,2) = f(z|0)7(6), conditions on the data, and acts
according to equation (1). A difficulty, in the words of Watson and Holmes (2016), is
that this “assumes perfect precision in specifying” the joint model, captured by = and
f. In reality, both quantities are approximations, as acknowledged by the founders of
subjective probability. de Finetti, as quoted by Watson and Holmes, held that it is
important to know not only the exact answer for an exactly specified initial problem,
but “what happens [when] changing in a reasonable neighborhood the assumed initial
opinion”. However, eliciting a prior is a difficult problem in practice. The purpose
of robust Bayesian methods is to operate with a partial specification, compute the
corresponding range of answers, and suggest whether further elicitation is necessary
and what to elicit (Berger 1994).

One plausible approach in robust Bayes is to specify an operational model, that is,
a prior mg and a sampling distribution fy, to the best of the available time and ability,
and then to investigate the effect of departures from it. For example, local approaches
consider derivatives of the posterior quantities of interest with respect to perturbations
of the operational model (Carota et al. 1996). Instead, global approaches consider the
variation of these quantities as the prior and the sampling distribution vary in classes
containing the operational model. These departures are typically taken in the prior,
with f held fixed at distribution f.

In this regard, any quantity of scientific interest, such as the posterior mean of 6
or the posterior probability of an event pertaining to it, can generally be expressed as
functionals of the posterior distribution, namely ¢ (7, f) = [ h(0)7(6|x)dd. When f is
fixed, we write ¢)(m). Then, global robustness assumes that 7 € " and f € F for some
classes of densities I' and F containing mg and fy, respectively, and it computes the
following lower and upper bounds:

¢ = inf inf (m, f), 1 = sup sup (7, f). (4)

- el feF nel feF
The conclusion is considered robust if the interval [¢,)] is narrow enough for it to
be sufficiently clear. If the range is too wide, further elicitation, data collection, or
analysis is recommended (Berger 1994).

The most common choice for the class of sampling distributions is a parametric
one. For instance, one may choose Student t densities scaled to share their quartiles
with the normal density of the operational model, so that 6 keeps the same meaning
across JF. For the prior, a challenge is to define the nature and size of I" so as to capture
the plausible ambiguity in 7y, while taking into account ease of specification and
computational tractability. Berger proposes a set of desirable properties that I'" should
maintain. First, it should be easy to elicit and interpret, and extendable to higher
dimensions. Second, its distributions should be easy to handle computationally, which



usually means that the extrema in equation (4) are attained on a low-dimensional
set of extreme points. Third, the size of I' should reflect the vagueness of the prior
information, neither so small that robustness is concluded erroneously nor so large
that it contains clearly unreasonable priors. Classes that satisfy such properties can
be defined in various manners. For example, one can specify the shape or smoothness
of the density. Alternatively, one can specify the moments directly, or set bounds on
the prior probabilities of specified subsets of O (e.g., the quantile class) or the density
itself (e.g., the density ratio class). A third approach consists of specifying mixtures
of a family of densities indexed by a latent quantity A, namely 7(6) = [ 7(0|\) dG(N),
with the mixing distribution G in a class G. Finally, one can define a flexible class by
applying a contamination of the base prior as

F={r:m=(1—-¢€m+eq, g€ Q}, (5)

where € is the perceived possible error in g and Q is the allowed class of contamina-
tions. Berger’s own preference goes to the contamination and quantile classes, because
they are the easiest to elicit and interpret, and to mixture classes, because in multidi-
mensional problems the range of answers is typically very wide unless I' is constrained
so as not to contain unreasonable distributions, a behavior which is easily obtainable
using mixtures. The key difference with Watson and Holmes is that they place the
neighborhood on the posterior rather than on the prior, and on the states that enter
the decision: either a ball in Kullback—Leibler divergence around the posterior of the
operational model, over which a range as in equation (4) is computed, or a nonpara-
metric distribution over probability measures centered at that posterior, such as a
Dirichlet process, from which the variation of 1 is averaged rather than bounded. We
further comment on the difference in Section 2.3.

2.2.2 Limitations of global robustness approaches

Not all the points in the classes are equally plausible in view of the data. The marginal
density of the data, m(z|r, f) = [ f(x]|0)7(6)dd, can be considered to be the marginal
likelihood of 7 and f, and the bounds in equation (4) only consider the extremes,
irrespective of m(z|m, f). These extremes may be attained at priors that predict the
observed data poorly, that is, at m with small m(z|r, f). The range is then wide
because of priors that the data speak against, and this consideration makes bounds less
attractive as a summary. In Berger’s example, the class of priors for a vector of normal
means is indexed by a common prior mean p allowed to vary over a wide interval, and
the range of the posterior mean of one coordinate is correspondingly wide. However,
m(z|m, f) with f fixed, as a function of y, is a normal likelihood centered at the sample
mean with variance 1/p for p coordinates. This means that only a short interval of
values of p has appreciable likelihood, and over that interval the range of the posterior
mean is narrow. A global analysis might therefore indicate a lack of robustness where
a full Bayesian analysis, which weights each © by m(z|w, f), would find robustness.
Berger’s remedies are a higher-level robustness analysis, in which the uncertainty
is moved to a class of priors on the quantities that index I', and the replacement of
T by {m € T : m(x|r, f) > K} for a constant K. The second is related to empirical



Bayes, which retains only the prior maximizing m(z|m, f), and can give the wrong
answer, so he does not definitively recommend it. Besides global robustness, Berger
reviews the construction of inherently robust procedures, through flat-tailed models
and noninformative, partially informative or nonparametric priors, and the diagnostics
that detect that a robustness problem exists and where it lies. For further reviews on
diagnostics for decisions, see Watson and Holmes (2016).

2.2.3 Bayesian reasoning with imprecise probabilities

The class I' can also take the role that the single prior 7 has in the standard setting.
This approach is explored in the theory of imprecise probabilities (Walley 1991), where
a set of probability distributions replaces the single distribution as the basic modeling
entity. Augustin (2022) surveys the statistical uses and counts robust Bayesian analysis
among the approaches “directly working with sets of probabilities”. The set “has to be
understood and treated as an entity of its own”: its elements are not to be mixed into a
precise distribution, and it “can naturally be chosen to reflect the quality /determinacy
of prior knowledge: strong prior knowledge leads to ‘small’ sets; weak prior knowledge
to ‘large’ sets”. A set of priors I' induces the set of posteriors {m(8|x) : m € T'}, which
Walley’s theory of coherence justifies as the generalized Bayes rule. The width of the
set of posteriors carries information, as it contracts with the sample size when data
and prior agree and is inflated under prior-data conflict at intermediate sample sizes
(Augustin 2022). A set of distributions can be updated on data by more than one rule.
Gong and Meng (2021) compare three such rules and show that, unlike Bayes’ rule
with a single prior, each can behave in unexpected ways: the updated set can be wider
than the initial set whatever the data show (dilation), or narrower whatever the data
show (contraction), or imply bets that lose whatever the outcome (sure loss). Two
of the three rules also cannot update at all when the set of priors is uninformative,
however strong the data. Caprio and Gong (2023) study a related updating scheme,
in which an agent whose initial beliefs are a set of probabilities revises them on partial
information, and point to conditions, given in a companion preprint, under which the
updated set contracts, dilates, or incurs sure loss.

2.3 Robustness in Bayesian decisions
2.3.1 Stability of the Bayes action

In a decision problem, the quantities whose stability matters are the posterior expected
utility of each action and the Bayes action itself. Watson and Holmes hold that the
consequence of an approximate model is contextual and should be dealt with in a
decision theoretic framework (Watson and Holmes 2016; Parmigiani and Inoue 2009):
a model can be adequate for one decision and inadequate for another, as the same
normal approximation to an exponential distribution serves the estimation of the mean
and fails the estimation of the probability of an interval. The utility function is an
input like the prior and the sampling distribution, and imprecision in its specification
enters in the same way. Kadane and Chuang (1978) provide an early conceptualization
of this issue: they characterize a decision problem by a utility and an opinion and
call the pair stable when small changes in both, weak convergence of the opinion and



uniform convergence of the utility, produce small changes in the expected utility of
nearly optimal actions. They find that squared error is unstable with any opinion when
the parameter space is the real line, while any bounded utility that is continuous in 6
uniformly in a is stable with any opinion. Later work treats imprecision in beliefs and
in preferences together (Rios Insua 1990; Rios Insua and Martin 1994); Berger et al.
(2000) review it. Nevertheless, robustness with respect to the utility has received less
attention than robustness with respect to the prior.

2.3.2 Measures of robustness

Let A be a class of utility functions containing the operational utility ug, alongside
the classes I and F of Section 2.2. Abraham and Cadre (2004) list the usual measures
of global robustness for a decision: the range of the posterior expected utility of each
action as the inputs vary in their classes,

U(a) = inf Uy (a), U(a) = su Ur, (a); 6
( ) u€A, el feF I( ) ( ) uEA,‘n'Ellz,fe]: (a) ( )

the set of Bayes actions obtained as the inputs vary; and the maximum regret of acting
on the operational inputs, that is the largest amount, over the classes, by which the
posterior expected utility of the operational Bayes action a* falls short of the largest
posterior expected utility attainable under the same inputs. They show that, as the
sample size n grows, the range of Bayes actions shrinks at rate \/n and the other
two measures at rate n. The measures in (6) share the limitation of Section 2.2: they
consider the extremes of the classes irrespective of how plausible each member is.

A different view starts from the map that sends each pair of inputs (m,u) in
I' x A to the action it makes optimal. The sets of inputs that lead to the same action
partition the class of inputs: an action is potentially optimal if some inputs in the
class lead to it, and it is a competitor of the operational Bayes action if the inputs
that lead to it border those that lead to the operational Bayes action. The distance
from the operational inputs (mp,up) to the nearest inputs that lead to a different
action, in a chosen metric, is an index of the sensitivity of the action, and points to
what would have to be elicited further. This is the framework of Rios Insua (1990)
and Rios Insua and French (1991), developed for a discrete set of alternatives and
judgmental inputs, probabilities and utilities together, constrained to a set of plausible
values, and organized in four steps: removal of dominated alternatives, identification of
the potentially optimal ones, of those adjacent to the current optimum, and distance
analysis. Its extension to a continuous set of actions and to statistical decision theory,
with the prior and the utility varying together, is in Rios Insua et al. (1997). The
question itself, how far the probabilities can be in error before the optimal act changes,
goes back at least to Isaacs (1963).

Watson and Holmes (2016) place the class on the posterior of the operational
model, mo(0|x), restricted to the states that enter the utility, and take it to be the ball
T'e = {m: KL(7 || m(+|x)) < C}, where KL is the Kullback—Leibler divergence and C'
its radius. For a bounded utility, the member of I'c with the smallest expected utility



for action a has the closed form

e (0) o mo (b)) exp{—nu(a,0)}, (7)

the posterior tilted exponentially toward low utility, with » > 0 a function of C;
the member with the largest expected utility tilts in the opposite direction. Plotting
the range of expected utility of each action against C' shows the radius at which the
smallest expected utility of a* first falls below the largest expected utility of some
other action, that is the size of misspecification that would change the action; the
derivative of the smallest expected utility at C' = 0 is the variance of the utility under
mo(0|x), with a negative sign, which serves as a local measure. As an alternative to
bounds, and closer to the Bayesian standpoint, they place a probability distribution
on the members of a neighborhood, a Dirichlet process centered at mo(6]x), and obtain
for each action a distribution of expected utilities rather than a range.

2.4 Multiverse analysis

Steegen et al. (2016) introduced multiverse analysis for the choices made in construct-
ing a data set from raw data: “instead of performing only one analysis, researchers
could perform a multiverse analysis, which involves performing all analyses across the
whole set of alternatively processed data sets corresponding to a large set of reasonable
scenarios”. The idea was extended to the choice of the statistical model (Simonsohn
et al. 2020; Girardi et al. 2024); Altoe et al. (2025) describe it as “a systematic explo-
ration of all reasonable analytical paths”. In the notation of Table 1, a specification
k=1,...,K is one combination of processing and modeling choices; it determines a
processed data set xj; and a model fi, both indexed by the specification since several
specifications may share one data set or one model, and yields an estimate or a test,
written ¢, of a quantity that the specifications share, for instance the coefficient of a
given predictor (Girardi et al. 2024). Four aspects of how the literature conceptualizes
the multiverse matter for the parallels drawn later.

2.4.1 The set of specifications

The set is defined by the analyst as the combinations of “reasonable” options at each
analytic choice (Steegen et al. 2016); Simonsohn et al. (2020) require specifications that
are “theoretically justified, statistically valid and non-redundant”. Del Giudice and
Gangestad (2021) give criteria for the inclusion of an alternative, and distinguish three
types of analytic decisions, in their terminology: Type E, principled equivalence, where
alternatives are expected to be practically equivalent and the choice among them “can
be regarded as effectively arbitrary”; Type N, principled nonequivalence, where some
alternatives are better justified than others and the choice is made rather than varied;
and Type U, uncertainty, where there is not enough information to tell, and for which
they recommend separate, exploratory multiverses. In their words, Type E decisions
“are properly used to populate a homogeneous multiverse”. Heyman et al. (2025)
propose to define the set by crowdsourcing the specifications from several analysts, and
Aczel et al. (2026) let many analysts each follow their own judgment on the same data.



Cantone and Tomaselli (2024b) observe that the specifications are not independent
draws and model the set as a network of connected specifications.

2.4.2 Weights and summaries

In the original proposal all specifications are reported, each with the same standing,
and the analysis “gives pointers as to which choices are most consequential” (Steegen
et al. 2016). Specification curve analysis displays the estimates sorted by size and adds
a joint inference across all specifications (Simonsohn et al. 2020); PIMA combines the
standardized test statistics of the K models through a function that is nondecreasing
in each argument, such as the mean, a weighted mean, or the maximum (Girardi et al.
2024). Del Giudice and Gangestad (2021) note that a median or mean effect across the
multiverse summarizes it when the specifications that estimate the effect of interest
are the majority. Cantone and Tomaselli (2024a) compare uniform weighting of the
estimates with Bayesian model averaging and report that in well-specified models the
alternatives did not perform better than uniform weighting; they place this within
“the ongoing debate on how to weigh a multiverse” (Cantone and Tomaselli 2024b).

2.4.3 The role of extremes

The variability of the results across specifications is itself a finding. Patel et al. (2015)
quantify the vibration of effects by the variance of the effect size and of the p value
across all combinations of adjustment covariates; specification curves are read for
the “consequential specifications decisions” (Simonsohn et al. 2020), and the chap-
ter describes the analysis as identifying “points of fragility, where results are highly
sensitive to specific decisions” (Altoé et al. 2025). In inference the extreme can carry
the test: with the maximum statistic, the global test of PIMA rejects when at least
one specification does, with strong control of the family-wise error rate, so that the
researcher may then select the significant specifications without inflating the error
(Girardi et al. 2024). Aczel et al. (2026) report the spread across independent re-
analyses of the same claim: for 100 studies, 34% of re-analyses gave the same result
as the original within 0.05 in Cohen’s d, 74% reached the same conclusion, 24% an
inconclusive result, and 2% the opposite conclusion.

2.4.4 Working model

Whether one specification serves as an operational model, in the sense of Section 2.2,
varies. The multiverse of Steegen et al. (2016) and the specification curve of Simonsohn
et al. (2020) have no operational specification. The chapter contrasts three reporting
strategies: a traditional analysis, which considers several branches and reports one
selected path; a planned analysis, which follows a single predefined branch; and a
multiverse analysis, which reports all plausible branches (Altoe et al. 2025). Gotz
et al. (2024) describe the multiverse as the background against which “the results
from a particular set” of choices, a universe, are examined. In PIMA the researcher is
free to choose “the preferred model post hoc, after trying all models and seeing the
results”, with adjusted p values (Girardi et al. 2024); in the principled multiverse of
Del Giudice and Gangestad (2021), Type N decisions fix a preferred option; and in the
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multi-analyst design the original report is the reference against which the re-analyses
are compared (Aczel et al. 2026).

2.5 Agentic Al in decision analysis
2.5.1 Agents and multi-agent systems

A large language model (LLM) is a neural network language model, trained on a very
large corpus of text, often to predict the next token, whose size has crossed the scale
at which it can carry out tasks stated to it in natural language. The literature on
AT agents is showing a rapid growth in recent months. See for example Zhao et al.
(2026Db) for a survey of their construction, adaptation, and evaluation. An agent, in
this literature, is an LLM equipped to perceive, reason, plan and act. Wang et al.
(2024) review the construction, applications, and evaluation of such agents, while
Guo et al. (2024) state that “LLM-based agent systems have rapidly evolved from
single-agent planning or decision-making to operating as multi-agent systems”, review
the domains in which these systems operate, the profiling and communication of the
agents, and the means by which they develop skills. A first categorization of the
multi-agent system is presented in Tran et al. (2025), who classify the collaboration
mechanisms of by “actors (agents involved), types (e.g., cooperation, competition,
or coopetition), structures (e.g., peer-to-peer, centralized, or distributed), strategies
(e.g., role-based or model-based), and coordination protocols”. Furthermore, Jin et al.
(2025) survey cooperative decision making by multiple agents more broadly, including
the simulation environments and the allocation of rewards among agents.

In the notation of Table 1, agents kK = 1,..., K work on a shared problem and
typically on shared data x. Each agent produces an output, an estimate, a probability
statement or a recommended action from its own reading of the problem, that is, with
its own implicit prior 7 and utility ug. Then, a coordinating agent, or a fixed rule,
turns the K outputs into the action a of the system. Importantly, this formulation
does not assume that the agents’ probabilities and utilities match those of the DM.

2.5.2 Multi-agent decision support

Medicine is one field where these systems have been applied to decision-making.
Gridach et al. (2026) review agentic Al in healthcare, categorize single-agent and multi-
agent frameworks, and “examine the communication, reasoning, and decision-making
processes of these Al agents”, with applications to electronic health records, clinical
triage, medical question answering and diagnosis. Four examples show the architec-
tures in use. MDAgents (Kim et al. 2024) assigns to a team of LLMs a collaboration
structure, solo or group, “tailored to the medical task at hand, emulating real-world
medical decision-making processes adapted to tasks of varying complexities”. MoMA
(Gao et al. 2025) uses specialist agents to convert images and laboratory results into
text summaries, an aggregator agent to combine them with the clinical notes, and a
predictor agent to produce the clinical prediction. DeepRare (Zhao et al. 2026a) is
a multi-agent system for rare disease differential diagnosis, with more than 40 tools,
that returns ranked diagnostic hypotheses “with transparent reasoning linked to veri-
fiable medical evidence”. Wu et al. (2026) build an orchestrator-specialist system for
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secondary headache: the orchestrator decomposes the case, routes it to the special-
ist agents whose red flag it involves, which execute in parallel, each independently,
and aggregates their outputs into a unified structured result. The authors ground the
design in the multi-agent principle that “subdividing a complex task into well-defined
components and assigning them to autonomous agents improves reliability, efficiency,
and flexibility”.

Two recent evaluations are instructive to understand the breadth of the applica-
tion. By benchmarking two agent systems on clinical decision tasks, Liu et al. (2026)
find that access to tools yielded only modest accuracy gains over baseline LLMs. Zhu
et al. (2025) audit systems that “emulate multidisciplinary consultation through spe-
cialist roles, peer review and consensus formation” and derive, from 3,600 execution
logs, a taxonomy of ten recurrent failures “spanning task comprehension, collabo-
rative discussion, and synthesis and decision-making”. Their title names the risk of
false consensus, and they hold that in clinical decision support “apparent consen-
sus is not enough”, since clinicians “also need to know whether agents checked the
evidence, addressed disagreement and kept uncertainty visible”. The elements of a
decision analysis appear in this literature under other names: the collaboration struc-
ture, the aggregator, the orchestrator and the consensus rule are the devices by which
the outputs of several agents become one action.

3 Parallels

All the concepts reviewed in Section 2 share the goal of understanding the influence
of judgment on conclusions and actions grounded on data. In this section we highlight
similarities and differences in these approaches. They are largely complementary and
practitioners may also be interested in using them together, so we sketch a few ways
in which that can be done.

3.1 Multiverse and robust Bayes
3.1.1 Data processing as part of the model

An important clarification concerns the distinction between judgment on the process-
ing of the data and judgment on the choice of a model. The multiverse literature
typically separates the two: a specification first produces a processed data set zj, by
choices about inclusion, transformation, coding and imputation, and then fits a model
fr toit. A Bayesian analysis that follows Section 2.1 to the letter makes no such sepa-
ration. If there is processing, it is considered part of the model. For example, handling
missing values may be considered part of preprocessing or data cleaning in some mul-
tiverse analyses. In contrast, missing data in a Bayesian model are unknowns with a
distribution that is part of the model and are integrated out together with the param-
eters (Rubin 1976). Naturally this model involves judgment and will require additional
priors, both of which can be varied in F and I'. The uncertainty carried by the pro-
cessing is then propagated to the posterior in a single fit, for instance by one Markov
chain Monte Carlo run over parameters and unknown data alike. From this perspec-
tive, a processing branch of the multiverse maps to a pair (7, f) applied to the same
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raw data x, and the multiverse of data sets of Steegen et al. (2016) is mapped to a
class of models. The choice between excluding the incomplete units and imputing the
missing values is an example. One model may group the units by their pattern of miss-
ingness and give each pattern its own parameters, as in the pattern-mixture models
of Little (1993). Excluding the incomplete units is the Bayesian analysis of the model
in which the parameters of the patterns are a priori independent and interest is in
estimating the parameter of the complete pattern, so that the incomplete units carry
no information about it. Imputing is the analysis of the model in which the patterns
share parameters and the missing data mechanism can be modeled (Rubin 1976), so
that the incomplete units contribute through their observed components.

In practice an important difference is that the multiverse fixes the data before
fitting, in the way an unknown parameter is replaced by an estimate, while the encom-
passing model carries the uncertainty of the processing through to the conclusion. To
digress a little bit, in practice the separation is often kept on purpose also in Bayesian
models. In a Bayesian graphical model made of modules, each relating to one source
of data, “misspecification of any module can contaminate the estimate and update of
others”, and practitioners, “particularly when certain modules are trusted more than
others”, have preferred to restrict the propagation of information between modules
(Jacob et al. 2017). A cut model is a graphical model in which the flow of information
across a chosen link is blocked in one direction, so that a module informs the rest of the
model but is not informed by it. The device is the cut function of the BUGS software,
described by Lunn et al. (2009) for sequential pharmacokinetic and pharmacodynamic
modeling; Bayarri et al. (2009) study it under the name of modularization, for situa-
tions in which the analyst is hoping to avoid that a less reliable source of information
may influence other more solid parts of the analysis; Plummer (2015) gives it a formal
treatment; and Nott et al. (2024) review it as modular inference, one of the routes to
Bayesian inference with a misspecified model.

In computational genomics, imaging and other fields raw data are preprocessed
through a pipeline, that is, a sequence of nested algorithms that perform different
summarizations, data cleaning or feature extraction. A pipeline can be thought of as a
fully cut model: information flows forward only. The choice between a pipeline and an
encompassing model is itself a modeling choice. Pipelines are the rule in some fields,
and their variation has been studied as a multiverse. In functional neuroimaging, Carp
(2012) identified ten analysis steps with two to four strategies each, 6,912 pipelines
in all, and applied them to one experiment; Botvinik-Nezer et al. (2020) had seventy
teams analyze the same data set; Dafflon et al. (2022) approximate the full set of
pipelines by active learning on a low-dimensional representation of their relationships.
In single-cell transcriptomics, Vieth et al. (2019) evaluated about 3,000 pipelines over
mapping, imputation, normalization and differential expression testing, and found the
choice of normalization to have the largest effect. An encompassing model can absorb
parts of such pipelines, at a cost in effort and time: Vallejos et al. (2015) model the
normalization and the technical noise of single-cell sequencing data jointly with the
biological variation of interest.
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Table 2 Multiverse analysis and global robustness in Bayesian learning, compared on the
elements of Table 1 and on the four aspects of Section 2.4.

Robust Bayesian analysis

Multiverse analysis

Objects varied

Data

Set construction

Operational model

Report

Extremes

Testing

Decisions

The prior 7, the model f, or both,
over I' and F

Raw data x; processing written
into (m, f), its uncertainty
propagated

Constraints on the density
(quantiles, contamination, bands,
mixtures); extreme points
Typically present; e.g. classes as
neighborhoods of (7o, fo)

The range (¥, 1) of a posterior
quantity
The main focus

Bounds on the Bayes factor over I'

Set of Bayes actions, regret,
radius at which the action

The processing and the model,
over specifications k =1,..., K
with processed data zj and
model fj

Processed data xg; output of each
processing choice fixed before
fitting

Combinations of options at each
analytic choice; Type E decisions

Absent in the original
formulation; present in some
(universe against multiverse, post
hoc preferred model)

The set {¢x} of estimates or tests,
displayed sorted or summarized
Points of fragility; the maximum
statistic in the global test
Adjustments for multiple testing
over the specifications

Endpoint is an estimate or a test;
a decision endpoint was not found

changes (Section 2.3) in the literature reviewed

3.1.2 Can a multiverse analysis be formally viewed as a robust
Bayesian analysis?

We begin by comparing the multiverse analysis as practiced, in which each specification
yields a frequentist estimate or test; the case of a multiverse applied to a Bayesian
analysis is taken up in the next section. In the notation of Sections 2.2 and 2.4, a
multiverse is a finite set of specifications k = 1,..., K, each determining a processed
data set x, and a model fi, and each yielding an estimate or a test ¢, of a shared
quantity of interest. A global robustness analysis takes classes I' and F containing an
operational prior and model and reports the range of the posterior quantity ¥(m, f)
over them. The two share the structure, a set of specifications and the set of answers
it yields; they differ in the answers themselves, an estimate or a test on one side and
a posterior quantity on the other, and in what is done with the set. Table 2 proposes
a simplified summary of where the two agree and where they part. There are many
examples where hybrids, combinations and variations are offered. The goal of this
table is to define dimensions along which to describe various analyses.

Many similarities exist in the structures. Both replace a single specification by a
set, both include in the set the alternatives that are judged reasonable and leave out
those that are not, both report what the set yields rather than a single value, and both
look for the choices that would change the conclusion. In their original formulations
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both give the members of the set equal standing; the weighted extensions of both are
taken up below under model averaging.

Differences arise in the treatment of the processing, in the role of an operational
model, in the treatment of extremes and in inference. Typically multiverse analyses fix
the output of each processing branch and then estimate; a Bayesian analysis, with the
processing written into the model, conditions on the raw data and carries the uncer-
tainty of the processing through, as in the previous section. Robust Bayesian analysis
is usually built around an operational model, with classes that are neighborhoods of it;
several multiverse formulations have no operational specification, and those that have
one use it as a reference against which the others are read. The range (4) reports two
members of the class and nothing about the others; a multiverse analysis reports every
specification, and some of its inferential procedures use the extreme, through the max-
imum statistic, to control the family-wise error rate over the specifications. In testing,
robust Bayesian analyses have reported bounds on the Bayes factor as the prior varies
over I' (Edwards et al. 1963; Berger and Sellke 1987; Berger 1994), whereas multiverse
analyses adjust for multiple testing over the specifications. In the multiverse literature
reviewed the endpoint is an estimate or a test; the robustness of a decision, the set of
Bayes actions and the regret of Section 2.3, has no counterpart there that we found.
The correspondence is close for the structure of the set and for what is done with its
members one at a time, and approximate for what is done with the set as a whole.

3.1.3 Multiverse analysis of a Bayesian analysis

A multiverse analysis can be applied to a Bayesian analysis, each specification being a
Bayesian model. The correspondence of Table 2 then tightens: a specification maps to a
pair (g, fx) applied to the raw data, as in Section 3.1, the multiverse is the finite class
{(m1, f1),.--, (7K, fK)}, the output of specification k is the posterior quantity ¢y, =
(7, fr), conditional on the same x, the question of multiplicity does not arise, and
the questions robust Bayesian analysis asks of a class, the range, the weight m(z|mg, fx)
of each member, the members at which the extremes are attained, can be asked of
the multiverse. Three published analyses have this flavor. Hoogeveen et al. (2023)
reanalyze a multi-laboratory replication project with Bayesian hierarchical models
and, “in a multiverse analysis, we assess the robustness of the results with varying
data-inclusion criteria and prior settings”; the specifications vary the prior, a finite T,
and the inclusion of units, the exclusion models of the previous section, and the report
is the set of Bayes factors, which “largely converge to a common conclusion”. van
Doorn et al. (2021), in guidelines for conducting and reporting a Bayesian analysis,
prescribe robustness checks over prior settings as a stage of the analysis, a multiverse
over I in small form. Schad et al. (2023) study the stability of Bayes factors “against
different MCMC draws and sampling variation in the data” and “the variability of
decisions based on Bayes factors using a utility function”, which reaches the decision
question of Section 2.3. Each reports the set of posterior answers and reads it for
convergence; the range, the weights and the extremes of Section 2.2 can be computed
from the same set.
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3.1.4 Model averaging

Both frameworks have an extension in which the members of the set are weighted, and
on the Bayesian side the extension is a standard analysis. Bayesian model averaging
(Madigan and Raftery 1994; Draper 1995; Raftery et al. 1997; Hoeting et al. 1999)
places a prior probability on each member of a finite class, updates it by the marginal
density of the data under that member, m(z|my, fr) in the notation of Section 2.2,
and reports the posterior quantity of interest averaged over the class with the poste-
rior model probabilities as weights. It is the higher-level analysis of Section 2.2 carried
to its conclusion: the class becomes a hierarchical prior, and the range of answers
becomes a single answer with the model uncertainty propagated into its posterior.
Two conditions follow from the definition. The members must condition on the same
data, so the processing must be written into the model as in Section 3.1; and the
analyst must be willing to mix the members, which the imprecise-probability view of
Section 2.2 declines. In the multiverse literature, the comparison of uniform weight-
ing with Bayesian model averaging by Cantone and Tomaselli (2024a), recalled in
Section 2.4, and the observation of Cantone and Tomaselli (2024b) that the specifica-
tions are not independent draws bear on the same question. In frequentist analyses,
the weights are supplied from outside.

3.1.5 Combining robustness and multiverse approaches

These various perspectives can be complementary. For example, they could be com-
bined via a sequence of questions, each answered with the tools of one section above.
This sequence is not intended to be prescriptive, but it illustrates how they can be
combined to provide a more complete picture of the robustness of conclusions and
actions.

1. Are conclusions robust to modest perturbations around difficult choices? These are,
for example, the Type E decisions of Del Giudice and Gangestad (2021) or the spec-
ification of prior distributions when earlier evidence is scarce. This initial challenge
can be addressed using diagnostics and local measures, such as the derivatives of
Section 2.2, the leave-one-out measures on prior and data and the variance of the
utility of Watson and Holmes (2016). If the answer is yes, the analysis may stop
here.

2. If diagnostics question this robustness, then the analyst may broaden the scope
and ask are conclusions robust within a range of plausible model assumptions? An
answer may now come from global robustness: the range (4) over classes I' and F,
judged against the conclusion at stake.

3. The lack of robustness of a study conclusion may or may not have practical implica-
tions. A decision theoretic perspective then asks: are downstream actions robust to
the choice of assumption within the plausible set? An answer here may come from
the measures of Section 2.3: the set of Bayes actions, the regret, and the radius at
which the action changes. A wide range of v is compatible with a single optimal
action.

4. If by these analyses one is led to question robustness of practical implication of an
analysis, then the question arises of which assumptions support which conclusions
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and actions. A multiverse analysis reports every specification with its result, iden-
tifies the choices that drive the differences, and can be used to partition the set of
assumptions by the action each leads to, as in the framework of Rios Insua (1990).
The report is then not one action but a map from assumptions to actions, and the
reader’s own assumptions locate them on it.

Two conceptual hurdles run through all four steps. The first is the definition of
the plausible sets, whether a class I' x F or a multiverse. Berger’s criteria for a class,
recalled in Section 2.2, and the criteria of Simonsohn et al. (2020) and Del Giudice and
Gangestad (2021), that specifications be justified, valid, non-redundant and equivalent
on a priori grounds, address the same question from the two sides. Both literatures
record the consequence of a set that is too large: a range too wide to conclude, or a
multiverse in which few specifications estimate the effect of interest. The second hurdle
is the relative plausibility of the members of the set, and in particular of the sets of
assumptions that lead to each action in step 4. The tools for weighing them are those
of Section 3.1, model averaging with the marginal density of the data as the weight,
with the conditions and reservations stated there.

3.2 Multiverse and multi-agent decision theory

A different view of all these procedures begins by considering the perspective that both
robustness and multiverse analysis have the intended role of convincing others that
the results are sound. What then if we begin to view the robustness and multiverse
sets themselves as representative of multiple viewpoints?

3.2.1 Can a multiverse analysis be formally viewed as a
multi-agent Bayesian analysis?

Take again a multiverse of Bayesian specifications, as in Section 3.1, and read each
specification as an agent: agent k observes the same data x, holds the prior 7 and the
model fi, and, if a decision is at stake, carries a utility u; and a Bayes action aj,. The
set {tx } of a multiverse is then the set of posterior opinions of K agents about a shared
quantity, and the map from assumptions to actions of Section 3.1 is the collection of
their Bayes actions. In a multiverse the agents are the alternative analyses one analyst
is willing to entertain; in the multi-analyst studies of Section 2.4 they are persons.

Dawid (1980) gives one condition under which such agents agree on part of the
analysis. Write the parameter as (6, ¢), with ¢ a nuisance parameter, and consider a
collection of Bayesians who agree on the model f(z|f, ) and on the conditional prior
m(¢|0), while holding arbitrary priors on 6; Dawid calls it a bevy of Bayesians. All of
them share the marginal model f(z]0) = [ f(z|, ¢)7(¢|0)d¢, so that their posteriors
for 6 differ only through their priors on 6, and they agree on which reductions of the
data are sufficient for 6. For a multiverse the condition separates the specifications:
those that differ in the treatment of ¢ but agree on m(¢|0) form one bevy, whose
members’ posteriors are () f(x|f) up to a constant, a class T' over 6 alone; those
that differ in 7(¢|6), or in the model, do not share a marginal likelihood, and their
disagreement is of a different kind.
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When the agents must agree on one action, the setting is that of multi-Bayesian
decision theory: several Bayesians with the same data, their own utilities and possi-
bly different beliefs, choosing a joint decision procedure. Weerahandi and Zidek (1981,
1983) propose the Pareto optimal procedures, among which the one maximizing the
Nash product of the agents’ utilities, and note that the solution is randomized when
opinions or preferences are sufficiently diverse; Hylland and Zeckhauser (1979) show
that beliefs and values cannot be aggregated separately into a group Bayesian; Seiden-
feld et al. (1989) show that the preferences two Bayesians share are those of no single
Bayesian; and Genest and Zidek (1986) review the pooling of the agents’ probabilities
into one. For the multiverse this literature supplies summaries of the set of specifica-
tions other than the range and the average: the set of actions that no specification
would trade for another, and the pooled opinion. We do not pursue the connection
further here.

3.3 Agentic Al for the multiverse

In the notation of Section 2.5, an agent is a point in the multiverse: the agent index
and the specification index are the same k. Each agent, working from the shared data
x, arrives at a processed data set xj and a model fj, and with them at its own prior
7 and, when the analysis serves a decision, its own utility ux; the multiverse is the set
of the agents’ analyses, and the coordinating agent of Section 2.5 plays the part of the
analyst who assembles and reads it. A multi-agent system can implement a multiverse
by asking agents set up with different perspectives and concerns, a methodologist’s, a
subject-matter specialist’s, a skeptic’s, to specify the analytic choices independently, in
the way the multi-analyst studies of Section 2.4 ask persons. The set of specifications is
then defined by the diversity of the agents rather than by the enumeration of options at
each choice, and the questions of Section 2.4, how the set is built, whether its members
are weighed, what the extremes mean and whether one specification is operational,
are asked of the agents’ prompts and of the coordinating rule.

At an additional level, each agent can provide several points in the multiverse rather
than one. In one implementation, a user familiar with the science but not with the
statistical techniques prompts each agent for two analytic plans, a conservative one and
the one the agent considers most plausible; the multiverse then has 2K specifications,
paired by agent, and the pair itself carries information, the distance between an agent’s
conservative and most plausible plan serving as an indication of how much that agent’s
judgment is doing. The user’s own judgment enters through the choice of agents and
through the reading of the set, and not through the statistical choices, which is the
division of labor the multiverse literature describes between the analyst who defines
the set and the reader who locates their own assumptions on it. Section 4 illustrates a
related construction, in which the perspective is varied through the prompt and each
agent provides one plan.

4 Tllustration

We now illustrate a multiverse analysis in which the specifications are produced by
language-model agents working independently from partly shared instructions.
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4.1 Context

The MacArthur-Bates Communicative Development Inventory (CDI; Fenson et al.
2007) is a checklist of 680 words used by caregivers in developmental psychology to
assess children’s expressive language development. A child whose score falls below a
low percentile of the age-specific distribution is classified as a late talker and referred
for further assessment. The choice of the referral cutoff is discretionary, with published
reports ranging from the 2nd to the 30th percentile of the spoken word distribution
at 24 months (Desmarais et al. 2008).

Our goal is to illustrate an agentic Al workflow that estimates the referral cutoff
and its uncertainty. To simplify the analysis, we set the target cutoff as the 10th
percentile of the distribution of CDI word counts for a given set of children who
undergo the assessment. Following the notation above, the state of the world is

0 =inf {k € {0,...,680} : Fou(k) > 0.10}, (8)

where Fyy is the cumulative distribution function of the words produced at 24 months.
The action a is the number of words at or below which a child is referred, so A =
{0,...,680} as well, and the utility u(a,d) quantifies the consequences of a missed
referral and of an unnecessary one.

4.2 Data description

We obtain data x from Wordbank (Frank et al. 2017), an open repository of CDI
administrations, each a checklist completed for one child, contributed by laboratories
worldwide. We consider the by-child export of the English (American) Words and
Sentences form, which includes 9,093 children with records of age in months, sex, birth
order, caregiver education, ethnicity, and the number of words produced out of the 680
on the checklist. We also have information on which administrations were collected
for the study that produced the instrument’s published norms (called the “norming”
subsample) and which were contributed afterward by other projects (the “contributed”
one). In the first group, the median vocabulary size increases monotonically with age,
while in the second, it does not (not shown).

Figure 1 displays the distribution of words produced at 24 months. In total, we
have 985 children, 434 of whom are in the norming study. The empirical 10th percentile
of the pooled sample is equal to 50 words, though it varies by subset, as shown in
the right panel. Hence, choices about how to handle the data can create substantial
variability in the final recommendation.

4.3 Design

We consider a simplified scenario in which estimating 6 requires three types of choices:
which children to include, whether and how to borrow information across neighboring
ages (for example 23 and 25 months), and which family of distributions to fit and with
which prior. As in Section 3.1, each set of choices corresponds to a pair (7w, f) € T' X F
and yields a posterior distribution m,. A multiverse analysis enumerates a collection
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Fig. 1 Words produced at 24 months, as binned counts. Left: all 985 children, with the empirical 10th
percentile marked by the dashed line. Right: the same children split by whether the administration
belongs to the study that produced the published norms (columns) and by sex (rows), each panel
carrying its own 10th percentile. The top row uses every record; the sex rows omit the 167 children
whose sex is not recorded, all of them in the contributed data.

of these pairs and reports the resulting variation in the posterior of 6. Here the agents
make these choices, while the analyst sees only their reports.

We deploy twenty instances of an LLM, Claude Opus 5. Each instance acts as an
independent investigator. Specifically, it receives a copy of the data and three pieces of
text: 1) a common brief describing the variables, the required outputs, and the working
constraints; 2) an investigator prompt; and 3) a model-class prompt. We require the
agents to produce a reproducible R script that draws at least 2,000 posterior samples
of 8, along with a written record of each analytic choice with its justification, including
how the norming indicator was treated, and the cutoff the agent would recommend
in practice. Each agent works in its own directory without access to the other agents’
outputs, and is instructed not to search the web, so that no agent can anchor its
analysis on a published cutoff. The text of the common brief is reported in Appendix A.

We ran the twenty agents on 15 September 2026 between 01:55 and 04:42 CEST
using Claude Opus 5 (model identifier claude-opus-5) through the Claude Code
command-line interface, versions 2.1.270 and 2.1.272, with reasoning effort set to
xhigh. We downloaded the Wordbank by-child export for the English (American)
Words and Sentences form on 14 September 2026. Analyses were run under R 4.3.1;
nine agents fitted their models with Stan (rstan 2.32.6 or brms 2.21.0) and eleven
implemented their own Gibbs or Metropolis samplers. Each agent’s script, posterior
draws, written record of its choices, and full session transcript are deposited at a DOI
to be announced.

Figure 2 reports the prompts. The experiment follows a 2 x 2 factorial design with
five replicates per cell. The first factor is the concern communicated to the agent:
Investigator A asks for “the most plausible assumptions”, whereas Investigator B
states a concern about failures to refer a child who needs assessment. Neither states a
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COMMON PREAMBLE

Give me the posterior distribution for the 10th percentile for the variable words_produced in
the dataset (data/wordbank_by_child English_American_WS.csv). The variable records the number of
words spoken by a child out of a checklist of 680 words.

I need to estimate the 10th percentile of this distribution for children who are at or around 24
months of age. This is the cutoff to classify a child as a late-talker and is used to signal the need

for further clinical assessment.

INVESTIGATOR A

Make the most plausible assumptions
you can make about this dataset and this
distribution.

Create a reproducible R file that performs
an end-to-end analysis of the dataset and
reports the posterior distribution of the 10th
percentile. You are free to filter observation
(if needed) and make assumptions based on
what is reasonable. Always justify your
choices.

INVESTIGATOR B

I am very concerned about the possibil-
ity of not referring children who need to
be referred for further assessment.

Create a reproducible R file that performs
an end-to-end analysis of the dataset and
reports the posterior distribution of the 10th
percentile. You are free to filter observation
(if needed) and make assumptions keeping
my concern in mind. Always justify your
choices.

MODEL CLASS:

MODEL CLASS: PARAMETRIC
NONPARAMETRIC

Use a parametric model for the distribution = — — — — —
of words_produced. Choose the family yourself
and justify it. Fit it in a Bayesian framework
so that a posterior for the 10th percentile is
available, and state your priors explicitly.

Use a nonparametric model for the distri-
bution of words_produced. Choose the class
of model yourself and justify it. Fit it in a
Bayesian framework so that a posterior for the
10th percentile is available, and state your pri-
ors explicitly.

Fig. 2 The prompts, reproduced verbatim; the panel headings are ours. The preamble opens both
investigator prompts. Each agent received one investigator prompt and one model-class prompt,
together with the common brief of Appendix A. Emphasis as in the original, set in bold; within each
pair it marks the main clause that differs.

utility. The second factor is the model class, parametric or nonparametric; the family
within the class is left to the agent. Each cell is replicated five times with the prompt
held fixed, so the variation within a cell is attributable to the agent rather than to the
design.

4.4 Results

Nineteen of the twenty agents returned a posterior, while one failed to reach conver-
gence in its Markov chain Monte Carlo (MCMC) sampler. Within F, the likelihood
choice was nearly unanimous. All nine parametric agents fitted a beta-binomial model
with 680 trials, and all ten nonparametric agents fitted a Dirichlet process mixture:
eight mixed binomial or beta-binomial kernels directly, and two placed the mixture
on a latent logit with a binomial observation model. Both groups gave the same justi-
fication: the support is {0,...,680} and both endpoints are attained. The right-hand
column of Figure 3 records the family chosen and how each agent treated age.

The brief asked every agent to report how it dealt with the norming indicator
and why, without recommending a specific treatment, and described the contributed
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pool as “more heterogeneous but potentially larger and more representative”. All
nineteen agents nonetheless restricted the analysis to the norming subsample, and
each argued for the restriction based on the data: the age profile of the word counts,
which is not monotone in the contributed pool, and the sex missing for three in ten
of its administrations. Several agents also checked caregiver education as a competing
explanation and rejected it. The restriction is therefore not a design choice, nor one
the agents were told to make.

Figure 3 shows the resulting posteriors. The nineteen values of the posterior mean
range from 61.4 to 69.6 words, with an average of 67.6 and a standard deviation of 2.2.
Investigator B’s agents sit 2.4 words above Investigator A’s, and the nonparametric
agents sit 0.3 words above the parametric ones. The average standard deviation of a
single agent’s posterior is 5.1, and the nineteen 95% credible intervals share a point.
The spread across the whole multiverse is thus smaller than the uncertainty any one
member reports. The grey dotted line in the figure marks 68.6, the empirical 10th
percentile of the norming administrations at 24 months, which is the value in the
upper-left panel of Figure 1.

Investigator A k=5 mean =66.6 Model chosen Sample Norming
Parametric arm

Beta-binomial reg 21-27 mo - quadratic norming only

Beta-binomial reg, 23-25 mo - linear norming only
Beta-binomial reg, 23-25 mo - linear norming only
Beta-binomial reg. 22-26 mo - linear norming only
Beta-binomial reg. 22-26 mo - linear norming only
Investigator A k=5 mean=66.3
Nonparametric arm YPM beta-binomial 23-25 mo - common shift norming only
2l Binomial + DP normal 22-26 mo - free shifts norming only
%l /,— 4\\ Binomial + DP normal 22-26 mo - quadratic norming only
- —;//5 &L \\\\ DPM binomial 24 mo - no age term norming only
_or= - o \\: SN DPM beta-binomial 23-25 mo - common shift  norming only
PEPSRE_LAC NSRS 1 1 S TN
Investigator B k=4 mean =684
Parametric arm Beta-binomial reg 23-25 mo - linear norming only
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Fig. 3 Posterior distribution of 6, the 10th percentile of words produced at 24 months, for each
of the nineteen agents that returned one. Left: one density per agent. Blue marks Investigator A
and red marks Investigator B, as do the panel labels; solid curves are parametric agents and dashed
curves are nonparametric ones; shades distinguish replicates within a panel. In each panel, the thin
vertical line and triangle show the mean of the posterior means for that cell, the ticks below the axis
show the individual posterior means, and the grey dotted line shows the empirical percentile in the
analysis sample. Right: the modeling choices behind each curve, in the color of that curve: the family
or mixture fitted (DPM: Dirichlet process mixture), the age range used and the form in which age
enters the model, and the treatment of the norming indicator is_norming, which is the same for every
agent. The Investigator B parametric panel contains four agents; the fifth did not converge.
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This statement concerns the specifications visited, not I' x F. The range in
equation (4) is taken over the whole class, whereas a multiverse displays the range
over the pairs it enumerates, and the two coincide only if the enumeration is rich
in the directions that matter. Here the enumeration was not. One agent refitted its
own model under alternative treatments of the norming indicator and obtained 64.6
words on the norming subsample, 46.6 on the two sources pooled, and 35.9 on the
contributed pool alone: a swing of roughly 29 words, against the 8 words that separate
the branches the agents actually took. The same agent then fitted all 3,101 adminis-
trations it had retained from both sources, with a source effect on both the mean and
the dispersion, and read the percentile off at the norming level, recovering 64.6 words.
The gap between sources is therefore a level shift between two populations and does
not represent information discarded by the restriction.

A second choice that no agent varied is visible in the right panels of Figure 1. The
empirical 10th percentile among norming administrations at 24 months is 77.2 words
for girls and 65.1 for boys, and the corresponding contributed values are 42.2 and
33.0. No agent conditioned its primary model on sex. One fitted sex-specific norms as
a sensitivity analysis and reported them separately. All nineteen therefore estimated
and recommended a single sex-pooled cutoff. However, the design did change the
agreement among agents. The standard deviations of the posterior means within a cell
are 1.90 and 3.37 in Investigator A’s two cells, against 0.05 and 0.57 in Investigator B’s.
Therefore, explicitly stating an asymmetric concern gave the agents a criterion for
choosing among defensible options, which made them converge to the same choice.

The referral threshold is an action rather than an estimate, and here the two diverge
as decision theory predicts. Several of Investigator B’s agents adopted, without being
shown it, the utility

ue(a,0) = —c(@—a)t — (a—0)", c>1, (9)

where (z)* = max(z,0). Under such utility, failing to refer a child who should be
referred costs ¢ times as much as referring one who need not be. The associated Bayes
action is the ¢/(c + 1) quantile of the posterior of §. At ¢ = 9 this is the posterior
90th percentile. One agent went further: it computed the Bayes action under each
specification it judged defensible and reported the largest, the upper end of the set of
Bayes actions of Section 2.3, without being asked for it.

The most important effect is visible in the recommendations rather than in the
posteriors. Investigator A’s agents proposed cutoffs between 61 and 70 words, at or
near their posterior medians, whereas Investigator B’s proposed between 74 and 80.
The two groups’ posteriors differ by about two words and their actions by about ten.
The concern moved the actions by about ten words while moving the posteriors by
about two. The analytic choices enumerated by the moved the posterior means by
eight words and the actions within an investigator by a similar amount.

Several of Investigator B’s agents recorded a correction they judged defensible and
then declined it because of the direction in which it would move the cutoff. One wrote
that re-weighting the sample toward representativeness “would lower the cutoff and
increase missed referrals”, that “given the stated asymmetric concern, that error is in
the acceptable direction”, and that this was “a judgment about which way to be wrong,
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stated openly rather than hidden in a weighting scheme”. Under a stated utility, this
is the Bayes action for equation (9). Read as a specification search, it is selection on
the outcome, one of the problems multiverse analysis is designed to expose. The two
readings differ only in whether u was stated in advance.

In summary, at least in this illustration, the agents enumerated a narrow multi-
verse: their posterior means spanned 8 words, while the choice on which they all agreed
moved the estimate by about 29 in one agent’s refit. The stated concern moved the
recommended cutoff by about ten words and the posteriors by about two. Agents thus
supply specifications, justifications, and actions at once, and the reading of Section 3.1,
which maps each specification to assumptions and actions, applies to their output as
it does to a multiverse built by hand.

5 Conclusions

We have presented an initial exploration of connections among multiverse analysis,
Bayesian decision theory and agentic AI. We highlight three to close.

First, a multiverse analysis and a robust Bayesian analysis address the same ques-
tion, which conclusions survive which choices, from two sides. The robust Bayesian
analysis defines a class of inputs and reports a range; the multiverse analysis enumer-
ates specifications and reports each. Once data processing choices are read as choices
of model, as in Section 3.1, the two operate on the same objects, and Table 2 records
where they agree and where they differ: in how the set is built, whether one speci-
fication is operational, how the extremes are read, how multiplicity is handled, and
whether the endpoint is a conclusion or an action. The staged sequence of Section 3.1
uses each approach for the question it was built for.

Second, each point of a multiverse can be read as the analysis of one agent
with its own prior and utility. This reading connects the multiverse to Dawid’s bevy
of Bayesians and to multi-Bayesian decision theory, which supply a language for
comparing and combining the points of a multiverse.

Third, LLM agents can implement this reading. In Section 4, twenty agents enu-
merated a multiverse, agreed without being asked on a choice that moved the estimate
more than any the design varied, and recommended actions that moved with the con-
cern stated by the user more than their posteriors did. The illustration also shows the
limits of the construction: a multiverse of agents is no richer than the directions in
which its agents differ, and agreement among agents is not necessarily evidence that
a choice is sound.

Many questions remain open in all three areas. Two of them are how to define
plausible sets, whether classes of inputs, multiverses or populations of agents, and
whether and how to assess the relative plausibility of the specifications that lead
to different actions. Agents make the second question easier to pose, because each
specification arrives with a justification, and leave the answer to the analyst.
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Appendix A The common brief

The text below was given verbatim to every agent, together with the data file, one
investigator prompt and one model-class prompt (Figure 2). Only the typesetting
differs from the original.

The dataset
A copy is already in your working directory at
data/wordbank by_child English American WS.csv.

column type description

data_id integer Unique identifier for the administration.

age integer Child’s age in months at administration, recorded
in whole months.

sex factor Male / Female

birth_order factor Order of birth for the child

caregiver_education factor Highest level completed by the reporting caregiver

ethnicity factor Hispanic / Non-Hispanic

is_norming logical TRUE if the administration came from a CDI

norming study; FALSE if it was contributed to
Wordbank from another research project. The
norming studies sampled diversely but not
nationally representatively; the wider contributed
pool is more heterogeneous but potentially larger
and more representative. Both are present in the
file.

words_produced integer These are MacArthur-Bates CDI: Words &
Sentences forms, English (American). Number of
checklist words the caregiver reports the child
produces, out of 680.

Deliverables
Work only inside your own working directory, given below.

1. analysis.R — the reproducible end-to-end script. It must run non-interactively
from that directory via Rscript analysis.R, and you must actually run it and
confirm it works.

2. q10_draws.csv — written by the script: one column named q10, at least 2000
posterior draws of the 10th percentile, one per row, no row names. These must be
genuine posterior draws, not a point estimate repeated.

3. NOTES.md — a short record containing:

every filter you applied and the resulting sample size;
how you treated is_norming, and why;

the model you fitted and whys;

your priors;

the cutoff you would recommend in practice, and why.

Constraints

26



Do not search the web or fetch web pages. Everything you need is in the dataset
and in this brief. Base your modelling on the structure of the data and on your own
statistical judgement, not on published figures.

Installing R packages from CRAN is allowed. If you install R packages, install them
into R1ib inside your working directory: put .1libPaths(c("R1lib", .libPaths()))
at the top of analysis.R and pass 1ib = "R1ib" to install.packages().

Do not read, list, or modify anything outside your working directory. Other inves-
tigators are working on the same question independently; do not look for their work,
and do not look for prior analyses of this dataset in this repository.

When finished, reply with your justification: the choices you made, why you made
them, and where they could fail. Be concise.
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