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Abstract

Economic agents must form models of their environments in order to develop expec-

tations and make decisions, yet these models are certain to be misspecified. An agent

aware of their own inability to perfectly capture the structural relationships of their

observed world will entertain model uncertainty. Under the plausible assumptions that

the “true” model is not known to the decision-maker and the decision-maker knows

this—known as the M-open case in Bayesian statistics—uncertainty over propositions

becomes numerically irreducible. The notion of model uncertainty is developed with

reference to Post Keynesian theories of fundamental uncertainty as well as relevant

areas of study within decision theory, including the growing literature on unawareness.

The model uncertainty view poses challenges for both literatures and provides a novel

justification for the types of uncertainty associated with Knight and Keynes.

Keywords: fundamental uncertainty, model uncertainty, decision theory, Post Key-

nesian
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1 Introduction

Since Knight (1921) and Keynes (1921) put forward their theories of fundamental un-

certainty a century ago, economics has grappled with the notion of uncertainty that cannot

be reduced to numerical risk. The decision theory literature has pursued the axiomatic

approach of subjective expected utility in which uncertainty typically yields to numerical

representation and revealed preference analysis. Post Keynesian contributors, meanwhile,

have defended Keynesian or Knightian notions of fundamental uncertainty, disputing the rel-

evance of the axioms and assumptions underlying the subjective expected utility approach.

This paper presents a novel formulation of fundamental uncertainty using the notion of

model uncertainty, or the extent to which an economic agent doubts her understanding of the

generative mechanisms of her environment. Model uncertainty arises when an agent lacks

access to the “true” model of the environment and knows this to be the case. I argue that

these conditions hold generally. In most meaningful choice scenarios, a full description of

the relevant causal structure is not possible. Models that guide action are necessarily coarse

approximations subject to doubt and revision.

Concepts drawn from Bayesian statistics help draw out the implications of model un-

certainty. A straightforward application of Bayes’ rule allows a decision-maker to make

closed-form predictions in the presence of multiple competing models—but only if the true

model of the environment is assumed to belong to the set of models under consideration.

If the agent recognizes that the true model is beyond her grasp, then she inhabits an M-

open environment (Bernardo and Smith 2000). In the M-open case, agents cannot form

the additive model priors necessary for closed-form numerical predictions. A simple though

overlooked consequence of model uncertainty is that under plausible assumptions, degrees of

belief over propositions in a Bayesian setting become numerically irreducible.

I build up the intuitions and formalism behind model uncertainty in Sections 2 and 3. In

Section 4, I examine model uncertainty in the context of Bayesian decision theory. Surveying

the canonical works of Savage and Ellsberg, I show how a model uncertainty view conflicts
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with some fundamental tenets of decision theory. Despite this disconnect, more recent work

in the field can be instructive. The growing literature on unawareness models agents who

encounter outcomes that were not previously in the state space of possible outcomes. Novel

outcomes invalidate the agent’s model and require her to shift an indeterminate amount of

probability from existing states to novel ones, a process of “Reverse Bayesianism” (Karni

and Vierø 2013). The numerical indeterminacy of agents’ beliefs in the face of unknown

unknowns recalls the irreducibility of Post Keynesian uncertainty.

Although the unawareness literature is illuminating, the axiomatic structure of decision

theory still obscures the agent’s model as an independent and discretionary component of

choice. Agents in the subjective expected utility literature passively accept models of their

environment, in contrast to a setting in which agents choose and assess their models. Thus

decision theory rests on highly restrictive assumptions about model uncertainty.

In Section 5, I relate model uncertainty to the Post Keynesian literature, drawing connec-

tions as well as distinctions between them. While model uncertainty does not map perfectly

onto any specific Post Keynesian categorization of uncertainty, it aligns with the broader

Post Keynesian notion of uncertainty that cannot be reduced to probabilistic risk. I argue

that uncertainty of this kind is entirely epistemological in nature, in contrast to Post Key-

nesian accounts of uncertainty that claim an ontological basis. Still, agents operating in

environments characterized by the sort of unpredictable structural change often associated

with ontological uncertainty will have good reason to entertain model uncertainty.

Model uncertainty diverges from several established frameworks for decision-making in

economics. First, it differs from the benchmark representation of uncertainty in decision

theory, where the decision-maker’s task is to assign probabilities to a given, exhaustively

described set of states of the world. It also differs from accounts of uncertainty influenced

by Ellsberg’s (1961) notion of ambiguity. These tend to discuss uncertainty in terms of the

completeness or quality of information but overlook whether agents can consciously encode

that information in a credible model.
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The type of model uncertainty advanced here also contrasts with common approaches

to uncertainty in macroeconomics. In the rational expectation framework, the agent knows

precisely the relevant model of the economy. In related macro frameworks, the agent knows

the structure of the economy but not the relevant parameter values (e.g., Sargent 1993, ch.

5). In both cases, model uncertainty is ruled out from the start. Model uncertainty does

feature in macroeconomic work such as Onatski and Williams (2003), Brock and Durlauf

(2006), and Cogley and Sargent (2005). But, as is detailed in Section 3, these authors

implicitly assume that the correct model is part of the set of models considered by the agent.

The M-open case presents a deeper challenge to economic modeling.

2 Model Uncertainty: Intuition

Economic agents operating in complex, dynamic environments must form expectations

to guide decisions despite lacking access to the “true” generative mechanisms underlying the

economy. To form expectations, agents need to answer “what is going on here?”—a question

that, for Kay and King (2020), embodies the central challenge facing market participants in

an environment of “radical” uncertainty. Answering “what is going on here?” requires agents

to formulate a model. In psychology this is known as a mental model (Johnson-Laird 2010;

Jones et al. 2011; Dosi and Egidi 1991, provide an economic context for mental models).

Models encode structural relationships between a limited set of relevant observable vari-

ables, coarse-graining a dauntingly complex reality into manageable parts. In constructing

a model, the agent must decide what observable data to use, how to define those data,

and what interrelationships and conditionalities the data possess. Agents are boundedly

rational, balancing the predictive power of their models against their parsimony and ease

of use. Rather than abiding by strict notions of rationality, I consider agents who possess

what Anna Carabelli has called “reasonableness,” which is “simply that [quality] of having

some grounds, some reasons, some evidence in favour of a solution in his/her mind while
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arguing in a non-demonstrative way” (Carabelli 2002, 171). The agent’s model provides a

grounds for behavior and expectations without locking agents into the strict logical system

of decision-making that is typically associated with “rationality.”

The agent’s model is akin to that of the statistician or econometrician. Economic agents of

course do not reason like sophisticated scientists; their models could follow from convention,

heuristics or simple imitation. Yet like the statistician, while the agent suspects any model

is only approximate, she must apply the best one available given the circumstances. Keynes

(1937) highlighted the tensions economic actors face in making predictions despite lacking a

reliable model of the situation. Agents facing uncertain prospects, like the price of copper

in 20 years, find themselves in a position in which “there is no scientific basis on which to

form any calculable probability whatever. We simply do not know” (Keynes 1937, 214). Yet

this does not mean economic agents can sit the game out:

[T]he necessity for action and for decision compels us as practical men to do our
best to overlook this awkward fact and to behave exactly as we should if we had
behind us a good Benthamite calculation of a series of prospective advantages
and disadvantages, each multiplied by its appropriate probability, waiting to be
summed (214).

Circumstances force economic agents to act according to some model, however simpli-

fied or heuristic it may be. Typical fallback options, Keynes suggests, include convention-

following and projecting the present into the future (a method that, it should be noted,

does admit calculable probabilities). These models are not properly “scientific,” but they

are models nonetheless.1 Agents usually act according to some model, but confidence in

the model may vary. It may be useful to think of the degree of model uncertainty as rang-

ing from some arbitrarily low non-zero value at which decision-making converges to that of

conventional rational expectations.

Model uncertainty can affect behavior in several ways. First, agents suspect that their

1This reading of Keynes (1937) differs somewhat from the typical presentation. Like Packard, Bylund,
and Clark (2021), I find it important to quote the entire passage in which the oft-cited “we simply do not
know” quote appears, as it indicates that Keynes presumes there to be some model guiding action, if not a
“scientific” one.
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model is wrong or could soon prove unfit. Depending on the circumstances, this could lead

them to hedge their positions more than would be the case were they to fully trust their

existing model. Second, when they lose faith in their models, agents must find new ones,

which takes time.2 In the interim, they may substitute simple but less credible heuristic

models for the defunct one (e.g., Keynes’s fallback options listed above). Finally, model un-

certainty provides a good reason to copy others, as Keynes also emphasized. An illuminating

paper on this theme is Ormerod (2015). Linking “radical” uncertainty to model uncertainty,

Ormerod advances Alchian’s (1950) notion that the unpredictable variability of economic

environments provides an evolutionary prerogative for imitation.

To sum up, the model uncertainty view rests on four premises: (1) economic agents form

models, consciously or otherwise, amenable to probabilistic representation; (2) they know

their models may be misspecified; (3) they act according to expectations given the model at

hand and their confidence in it; and (4), when models prove ill-suited to their environments,

perhaps due to structural change, agents must find new ones.

3 Model Uncertainty in M-open Environments

One benefit of the concept of model uncertainty is its straightforward formal represen-

tation. Such a representation is lacking in decision theory, where the “model” emerges

essentially as an afterthought (this issue is discussed in Section 4). A more useful formalism

can be found in Bayesian statistics. Thus I heed the advice of generations of economists3

and model the economic agent as a kind of statistician or econometrician.

2Absent a credible enough model, it may be reasonable for an entrepreneur to avoid making new cash
commitments until the situation is better understood. In the Keynesian account, this sort of deep uncertainty
may induce a flight to liquidity that precipitates a downturn.

3For example, in a critique Knightian and Shacklean uncertainty, Arrow (1951) declared that businessmen
were more like statisticians than scientists, and thus “theories which have been proposed from time to time
as foundations for statistical inference are therefore closely related to theories of economic behavior under
uncertainty” (1951: 409-410). Sargent (1993, 22) defined bounded rationality “broadly as a research program
to build models populated by agents who behave like working economists or econometricians.” The quote
of Keynes is also apt: “Economics is a science of thinking in terms of models joined to the art of choosing
models which are relevant to the contemporary world” (Keynes 1938, 296).
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Assume the decision-maker (DM) is Bayesian. Bayes’ rule instructs the DM how to use

data on observations of the random variable(s) Y to update her beliefs about parameter

vector θj given her model of the situation Mj. This model may be something like “Y

is normally distributed with a mean α + βX and a standard deviation σ.” The DM’s

beliefs about θj after seeing data Y are contained in the posterior probability distribution,

p(θj|Y,Mj).

p(θj|Y,Mj) =
p(Y |θj,Mj)p(θj|Mj)∫
p(Y |θj,Mj)p(θj|Mj)dθj

(1)

The likelihood, p(Y |θj,Mj), formalizes the agent’s model Mj of her environment. The prior

distribution, p(θj|Mj), specifies her beliefs about θj before seeing new data. The denomina-

tor, which evaluates to p(Y |Mj), serves to normalize the posterior distribution. Each term

is conditional on a particular model Mj ∈ M; the set of models M may be a singleton.

The model Mj comprises two parts: Mj = (Sj, θj), where Sj is the set of structural

relations between variables, formalized in the likelihood, and θj is the parameter vector. The

more commonly discussed type of uncertainty surrounds θj in the prior distribution. Yet

DMs also face structural or model uncertainty about Sj (Draper 1995). They may question

whether, for instance, Y and X are related linearly, quadratically, or according to some other

functional form. In decision theory and economics, the uncertainty around the structural

relations of an agent’s model has been relatively neglected, despite deep ramifications for

decision-making.

In Bayesian statistics, the situation in which none of the models under consideration is

assumed to be the “correct” one is called M-open (Bernardo and Smith 2000). This is in

contrast to M-closed situations, in which the set of models contains the correct one. In an

M-closed environment, the posterior predictive distribution for a future observation given

past observations, p(Y ∗|Y ), is calculated according to:

p(Y ∗|Y ) =
∑
j

p(Y ∗|Mj, Y )p(Mj|Y ) (2)
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This expression takes the form of a weighted sum in which the conditional predictive distri-

bution for each model is weighted by its respective posterior model probability p(Mj|Y ):

p(Mj|Y ) =
p(Y |Mj)p(Mj)∑
j p(Y |Mj)p(Mj)

(3)

Arriving at these model posteriors requires an additive set of model priors p(Mj). Yet if

the correct model is beyond one’s grasp, Bayesian model averaging cannot be used, since

assigning these prior probabilities no longer makes sense (Bernardo and Smith 2000, 385).4

There is growing acceptance that M-open situations dominate statistical practice (Jewson,

Smith, and Holmes 2018).

While probability theory provides a principled, closed-form way of changing one’s priors

p(θj) given new information, it is silent on the formation of new models, i.e., adopting new

likelihoods p(Y |θj). Where a new model is needed—where the previously specified structural

relations between variables have ceased to be useful—we have no way of quantifying uncer-

tainty in an M-open environment. As Bernardo and Smith (2000, 93) write, “The problem

of generating the frame of discourse, i.e., inventing new models or theories, seems to us to

be one which currently lies outside the purview of any ‘statistical’ formalism.” Yet if we

assume the DM is a Bayesian, we should be concerned with the formation of both the priors

and the model, since Bayes’ rule requires both. Subjective expected utility theory is silent

on the formation or revision of models.

The M-open view recalls G. L. S. Shackle’s residual hypothesis. The conventional sub-

jective expected utility model assumes that DMs can specify every possible state of the

world. Against this, Shackle held that not only are agents unable to exhaustively list possi-

ble outcomes, they know that something else not yet thought of might occur. Shackle called

this something-else the residual hypothesis, “a closed door behind which there may lay any-

thing whatever in the way of outcomes unspecifiable as to their nature or their numbers”

4In fact, in the M-open setting, even Bayes’ rule arguably loses its meaning. If we acknowledge that the
observations arise from a structural model we cannot specify, then there is no joint probability p(Y, θj) from
which the posterior distribution, p(θj |Y ), can be derived (Walker 2013; Bissiri, Holmes, and Walker 2016).
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(1961, 49). Abusing Shackle’s formalism—treating the residual hypothesis as an unspeci-

fied model rather than a set of undefined states—the M-open situation is one in which the

prior probabilities of the agent’s models {p(Mj) : Mj ∈ M}, do not sum to unity, since

the residual hypothesis occupies an unquantifiable part of the distribution of model priors.

However difficult it may be to exhaustively enumerate the state space of an environment, it

is exponentially harder to list all possible models.

The M-open distinction highlights the difference between the type of model uncertainty

proposed in this paper and previous presentations of it in macroeconomics, which go back at

least to Friedman (1979). Papers such as Onatski and Williams (2003), Cogley and Sargent

(2005), and Brock and Durlauf (2006) present agents who are unsure as to the correct

functional form of their environments. But these authors make the implicit assumption

that the environment is M-closed. Their DMs have a limited number of models under

consideration and may arrive at a prediction by performing Bayesian model averaging. In

theM-open case, while agents may perform a similar procedure, they also face the awareness

that all of their models could be wrong.

Other studies have explored the impact of model misspecification among agents in macro

settings. In Setterfield (2018), it is shown that a central bank operating with an objectively

misspecified model of the economy may still achieve its policy priorities. This creates the

risk of “policy complacency,” however, as small deviations in parameter values in the “true”

model can then lead to profound policy errors. Farmer, Nakamura, and Steinsson (2021)

demonstrate that Bayesian agents equipped with misspecified models and trained on actual

historical macroeconomic data closely replicate well-established forecast anomalies observed

among professional forecasters. These studies incorporate the notion that DMs do not know

the “true” model of the economy. I take a further step in assuming that agents know their

models may be unfit, generating model uncertainty.

TheM-open concept dovetails with a recent typology of uncertainty that delineates three

layers of uncertainty in choice situations: (1) probabilistic risk within a given model, (2)

8



model uncertainty in the choice between competing models, and (3) model misspecification,

or uncertainty as to whether the “correct” model is within the DM’s model set (Hansen

2014; Marinacci 2015; Aydogan et al. 2020). Layer (3) is unique to M-open environments.

While work such as that of Hansen and Sargent (2022) makes reference to the risk of model

misspecification, their concept of model uncertainty is rather narrowly defined around a

DM’s existing benchmark model.5 As Aydogan et al. (2020, 5) note, most existing work

in this field “cannot explicitly accommodate model misspecification as a layer structurally

distinct from that of model uncertainty.” In what follows, the term model uncertainty will

collapse layers (2) and (3) into an umbrella category so that model uncertainty implies model

misspecification as well as (possible) uncertainty in the choice of existing candidate models.

This paper assumes that the M-open scenario and the residual hypothesis over the

model space pertain to all important economic decisions, though likely to varying degrees

depending on, say, the time horizons involved in the decision. As a result, uncertainty is

numerically irreducible and issues of model creation and assessment become behaviorally

significant. George Box’s famous maxim—“all models are wrong but some are useful”—

applies generally.

4 Model Uncertainty and Decision Theory

4.1 Background: Knight, Keynes, Savage and Ellsberg

Keynes (1921) and Knight (1921) independently put forward theories of DMs who could

not quantify their uncertainty about outcomes. Knight distinguished between risk, which

could be represented with a probability distribution, and uncertainty, which could not.

Keynes theorized that for many propositions, agents could attach no numerical probabili-

ties, or could not directly compare relevant probabilities. Keynes also distinguished between

5Formally, the DMs in Hansen and Sargent (2022) consider a set of alternative models that are statistical
neighbors to the benchmark model in that they have small relative entropies.
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likelihood judgments and the weight that agents put on those judgments, interpreted as the

amount or completeness of relevant information.

By contrast, the theory of subjective expected utility (SEU) presents a framework in

which all uncertainty can be pinned down numerically. Ramsey (2013 [1931]) and Finetti

(1937) argued that subjective probabilities could always be derived from the observed bet-

ting behavior of DMs. Savage (1972 [1954]) drew on these contributions for his canonical

presentation of SEU. The goal was to motivate the existence of well-behaved prior proba-

bility distributions, derived from DMs’ observed choices, which could serve as the basis for

Bayesian priors (Karni 2014).

The formal Savage SEU setup has three primitives. The first is a set S of states s, each

being “a description of the world, leaving no relevant aspect undescribed” (Savage 1972

[1954], 9). Next is a set of acts or choices available to the DM. Finally, there is a set of

consequences, which are outcomes of actions that depend on the state of the world and

indicate how DMs feel about the outcomes. Acts map states to consequences. States, acts

and consequences are treated as objective, in that an outside observer could construct them.

The DM does not construct the state space, but rather is faced with it (Ghirardato 2001).

Savage showed that if preferences over acts satisfy certain axioms, DMs act as though they

possess a non-constant utility function and an additive prior probability distribution over

the state space. The result effectively collapses uncertainty into numerical risk.

It is only in the final expression of Savage’s famous representation theorem that the

agent’s probabilistic model arises. The typical presentation of the result is that possessing

preferences that follow Savage’s axioms is equivalent to the DM having an expected utility

representation over those acts. Here, expected utility is defined as the expectation of the

utility u of the acts in question with respect a probability measure µ(s). Formally, for acts

f and g, which have consequences in state s of f(s) and g(s):

f ≽ g ⇐⇒
∫
S

u(f(s))dµ(s) ≥
∫
S

u(g(s))dµ(s) (4)
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In words, the act f is preferred to the act g if and only if the expected utility of the conse-

quences of f is greater than or equal to the expected utility of g. The (unique) probability

measure µ encodes the DM’s model of the situation.

Remarkably, while neither the utility function u nor the probability measure µ appear

in any of the preceding axioms, they emerge as a result of these assumptions on the DM’s

preferences. Thus Savage shows a DM can in principle act as if in possession of a probabilistic

model so long as her preferences behave properly. Yet this leaves us unable to say very much

about the DM’s model of the environment, how it comes about, and how much stock the

agent puts in it. Since Savage’s axioms guarantee uniqueness of the probability measure,

model uncertainty is ruled out.6 The exogenously given state space further restricts what

we can say about model uncertainty, since the DM here cannot entertain the existence of

states of the world outside the existing state space.

While the origins of the DM’s probability measure receive little attention in Savage’s

presentation, readers are alerted to the questionable provenance of the state space. Since

SEU requires that the DM specify all possible contingencies, Savage cautioned that the

framework applied only to a “small world” amenable to exhaustive description. It would be

“ridiculous” to assume these conditions held in general: “It is even utterly beyond our power

to plan a picnic or to play a game of chess in accordance with the principle” (Savage 1972

[1954], 16)). The act of creating this small world goes beyond the ambit of SEU (16). In

practice, then, the state space tends to be an analytical and highly contrived construction

(Gilboa, Postlewaite, and Schmeidler 2009).

The signal critique of SEU was that of Ellsberg (1961), who introduced the notion of am-

biguity, or situations where the available information was “scanty,” “unreliable,” or “highly

conflicting.” Under ambiguity, the quality and completeness of information affect risk atti-

tudes (an argument reminiscent of Keynes’s weight of a proposition). Ambiguity conflicts

6This is not to say that certain narrow types of model uncertainty cannot be represented in SEU, as in
much of the ambiguity literature (reviewed below). In a recent paper, Marinacci (2015) explicitly explores
model uncertainty within a Savage-style decision framework, yet assumes that the DM believes “the true
model” to be within the set of posited models—in other words, it is an M-closed environment.
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with Savage’s “sure thing” axiom, which renders DMs indifferent between certain states of

the world if they would make the same choice regardless of which state obtained.

Ellsberg illustrated ambiguity using two urn problems. In one, the DM must bet on which

color will be chosen from a pair of urns. In Urn 1, the DM can see that there are 50 red balls

and 50 black balls. In Urn 2, there are 100 red or black balls in unknown proportions. If

Savage’s sure-thing principle held, DMs would be indifferent between the urns. In practice,

people prefer the known probability (Urn 1) to the unknown (Urn 2). They are ambiguity

averse. Ambiguity aversion suggests that DMs place additional weight on states of the world

with worse outcomes even when no information exists to suggest those states are more likely.7

These findings are “incompatible with the very notion of an (additive) probability measure

as representing beliefs” (Gilboa and Schmeidler 1994, 44).

Ellsberg’s critique inspired an extensive literature in decision theory attempting to explain

ambiguity aversion and related behavioral phenomena (Camerer and Weber 1992). Therefore

it is worth understanding the limitations and underlying assumptions of both the Ellsberg

critique and the framework it is based on before further exploring this literature.

Like most motivating examples in decision theory, the choice situation in Ellsberg (1961)

is an easily described betting game. The problem for the DM is not one of figuring out “what

is going on here” in a complex and changing environment, but one of assigning probabilities

to a given set of outcomes. This allows the theorist to abstract from the problem of model

choice. There is no risk of structural change altering the urn problem.8

Yet even in simple experimental settings, the specification of the agent’s model drastically

affects conclusions regarding choice behavior (Schipper 2016). In practice, the experimenter

first defines the state space of the problem at hand and then explores whether subjects act

7No information exists regarding the number of red balls in the second urn—it is just as likely to be
0 as 100. If the proportion of red balls is modeled as the maximally uninformative distribution, a uniform
distribution, then the expected value of red balls is 50. Subjects should thus be indifferent between the urns.

8Ellsberg suggested that ambiguity also arises in settings more complex than betting on urns, such as
“the results of Research and Development, or the performance of a new President, or the tactics of an
unfamiliar opponent” (Ellsberg 1961, 661). Some Post Keynesians argue that this type of information is, in
contrast to the contents of the second urn, unknowable in principle (Dequech 2000). See also Zappia (2021).
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according to a given theory of choice. Yet the subject’s state space may be quite different

from that of the experimenter. Regarding Ellsberg’s urn example, Kadane (1992) showed

that ambiguity aversion is perfectly consistent with SEU so long as the subject has “healthy

skepticism,” assigning an arbitrarily small probability to the experimenter acting strategi-

cally (see also Grabiszewski 2016; Grant et al. 2016, formalize this notion).9

Studies finding that human subjects fail as Bayesian updating machines similarly rely

on the assumption that the subject shares the experimenter’s model of the situation. A

canonical example is the well-established behavioral bias of probability matching. This

refers the tendency of experimental subjects, tasked with predicting random binary outcomes

with stable probabilities, to alternate their guesses in proportions roughly matching the

underlying probabilities rather than following the optimal strategy of guessing only the more

common outcome. An illuminating early example of probability matching is the experiment

of Feldman (1961), cited by Simon (1976) as a demonstration of bounded rationality. In

transcripts of the subjects explaining their reasoning, Feldman’s study participants looked

for patterns or tried to figure out some nonexistent strategy on the part of the experimenter.

Their model was one in which the experimenter tried to fool the subject. No amount of

Bayesian updating can correct such a misspecified model.10 Only recently have experimenters

tested how subjects deal with model uncertainty (Payzan-LeNestour and Bossaerts 2011).

The types of problems outlined above stem from the application of small-world assump-

tions to settings—even highly controlled experimental settings—that defy small-world prin-

ciples. Binmore and Brandeburger (1988) make the distinction between “closed universe”

and “open universe” problems, with the former referring to Savage’s small worlds and the

latter referring to reality, where uncertainty as to the states is a necessary fact of life.11 We

should “expect distortions if ‘closed universe’ methodologies are applied to ‘open universe’

9Given that most experimental tests of SEU involve betting on games of chance, it may be quite rea-
sonable for subjects to include some probability of trickery and misdirection in their model of the situation.
The closest analog for the situation is the casino, where the house always wins.

10“We cannot count on ’the data to swamp the prior’ when what is at issue is the structural specification
of how known and unknown quantities are related” (Draper 1995, 51).

11See also the distinction between open systems and closed systems in Chick and Dow (2005)
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problems” (17). In contrast to SEU, the model uncertainty view acknowledges the open

nature of our environment as fundamental to decision-making.

4.2 Ambiguity and Unawareness

Although SEU is not a natural environment to explore the sort of model uncertainty

proposed here, more recent contributions in decision theory shed light on what might result

if DMs possess a more flexible state space. Two strands of the literature warrant review:

ambiguity, introduced above, and unawareness. Following Svetlova and van Elst (2012),

ambiguity can be thought of as “non-knowledge of probability measures” and unawareness

as “non-knowledge of complete state spaces.”

Ambiguity is the study of decision-making in the presence of “uncertainty about prob-

ability, created by missing information that is relevant and could be known” (Camerer and

Weber 1992, 330). Ambiguity models attempt to explain under what axiomatic conditions

a DM would choose Ellsberg’s first urn over the second, or known probabilities to unknown.

Ambiguity models typically hold that a DM’s beliefs cannot be adequately represented

by a single probability distribution (Kelsey and Quiggin 1992). The familiar additive prior

probability, where each event is associated with a single number, “does not reflect the heuris-

tic amount of information that led to the assignment of that probability” (Schmeidler 1989,

571). DMs may instead place a range of probabilities on an outcome (e.g., the probabilities

of drawing a red ball from Urn 2 range from 0 to 1). Approaches such as maximin expected

utility12 (Gilboa and Schmeidler 1989) and Choquet expected utility13 (Schmeidler 1989)

allow DMs to respond to ambiguity by essentially weighing acts differently than they would

12Under the maximin theory, or multiple priors, the DM chooses the option that maximizes the minimum
expected utility that is possible for each prior, a form of loss-aversion. In terms of Ellsberg’s urns, the
minimum expected utility of a bet on drawing a red ball from Urn 1, given a prize of $1, is $0.50. The
minimum expected utility of a bet on drawing red from Urn 2 is $0, since p(red) may be as low as 0.

13The theory of Choquet expected utility replaces unique, additive prior probabilities with a capacity µ,
a set function that is not necessarily additive (i.e., the sum of the capacities for all disjoint events needs not
equal 1). Weakening Savage’s sure-thing principle, Schmeidler (1989) showed that the expected utility of
an act under non-additive probabilities can be calculated with a Choquet integral rather than the typical
Lebesgue integral.
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if calculating expectations over a typical additive probability measure. (Siniscalchi 2008).

While ambiguity models allow for a more flexible representation of uncertainty than in

Savage’s model, they are still inadequate for the complex and evolving of social environment

under consideration here. Ambiguity can accommodate agents unable to pin down a single

prior for an event, but it cannot deal with novel states of the world or a DM who may

entertain new models of the world.

A more recent literature dealing with unawareness or unforeseen contingencies attempts

to model agents who are uncertain about their state space because events they cannot imagine

may transpire. According to Epstein, Marinacci, and Seo (2007, 356), “A sophisticated agent

would be aware of her limited foresight and admit the possibility that her conceptualization of

the future is incomplete, and then she would take this into account in her decision-making.”

In a similar register, Mukerji (1997, 24) writes, “it would appear to be irrational after a

fashion, if one were to assume in every uncertain situation that one may encounter, one can

anticipate every eventuality that might befall.” It is reasonable for economic agents to expect

unforeseen contingencies to arise: a new technology, a trade war, institutional upheaval. The

unawareness literature attempts to model agents who are aware of their ignorance.

Modeling unawareness requires a reconsideration of how states of the world operate in

decision theory (Karni 2017; Schipper 2016). If the DM’s state space is subject to doubt,

then it can no longer be an exogenously given primitive of the model. Standard state-space

models “preclude unawareness” (Dekel, Lipman, and Rustichini 1998) and “conceal critical

aspects of the notion of states” (Karni 2017, 74). The unawareness literature recasts the state

space as subjective, arising from the beliefs of the DM. Rather than exhaustively describing

the choice environment, the state space is a coarse approximation built on the preferences

of the DM. Agents essentially construct their models of the world.

One intriguing result of the unawareness literature is that awareness of possible unfore-

seen contingencies provides a justification for ambiguity aversion. In the model of Epstein,

Marinacci, and Seo (2007), an agent aware of the coarseness of their state space will vi-
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olate Savage’s sure-thing principle just as in the ambiguity literature. Mukerji (1997) and

Ghirardato (2001) each show that unawareness motivates the existence of non-additive prob-

abilities. These results recall Shackle (1961), whose non-additive measure of belief, potential

surprise, reflects the inability of the DM to specify all potential states of the world.14 Svetlova

and van Elst (2012) argue that the unawareness literature converges with Post Keynesian

notions of fundamental uncertainty.

Only recently have theorists explored how DMs facing unawareness actually respond

to unforeseen outcomes. A leading approach is that of Reverse Bayesianism, proposed by

Karni and Viero (henceforth KV; 2013 and 2017). KV depart from the standard Savage-type

setups to allow the DM to adjust her state space without altering the primitives of the formal

environment.15 This adjustment is necessary because, “with the discovery of a contingency

that he was unaware of, the decision maker’s prior conception—or ‘model’—of the universe

is falsified” (KV 2013: 2792).

The result of the theory set out in KV (2013) is that DMs who encounter unforeseen

consequences shift an indeterminate amount of prior probability mass from outcomes that

were anticipated to newly discovered outcomes. Axioms are presented which guarantee that

relative likelihoods of previously conceivable states remain constant. Yet the model is “silent

about the absolute levels of these probabilities” and thus “does not predict the probability

of the new events in the expanded state space” (KV 2013: 2805). When novel outcomes

expand the state space, the result is a numerically indeterminate shift in the agent’s priors.

To illustrate, a DM flips a coin, assigning a probability of 50% each to heads and tails,

only to see the coin land balanced on its edge. The events heads and tails will retain equal

probabilities, but some indeterminate amount of probability mass shifts from these outcomes

to a new one, edge. The formation of the posterior in this way resembles Bayesian updating

14Basili and Zappia (2009) provide a fascinating exploration of the unexpected affinities between modern
decision theory and Shackle’s analysis.

15In Savage, acts are functions from states to consequences; in KV (2013) states map acts to consequences.
KV (2013, 2017) also distinguish between a “feasible” state space, which defines the mappings between acts
and consequences which the DM actually finds possible, and a “conceivable” state space, which refers to all
mappings that can be described at all.
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in reverse, since it assigns a new prior to the posterior.

In an extension of Reverse Bayesianism, KV (2017) consider a DM who is aware of

her unawareness. To accommodate this feature, the authors introduce an extra parameter

to capture the DM’s “utility of the unknown.” Now the discovery of new consequences

can lead to a growing or shrinking sense of unawareness, which the authors call “residual

unawareness” (KV 2017: 324). This apparently unintentional echo of Shackle’s residual

hypothesis is instructive: when agents know they cannot describe all possible contingencies,

they must fill the missing probability space in some way that does not refer back to their

existing, incomplete state space. Reverse Bayesianism thus poses challenges for the revealed-

preferences approach to decision theory. Agents encountering novel states of the world are

subject to numerically irreducible shifts in beliefs, a result that recalls Post Keynesian notions

of uncertainty (see Section 5 below).

Yet for all the attention Reverse Bayesianism brings to agents’ models of their environ-

ments, it has limitations in representing the sort of model uncertainty proposed here. While

KV (2013) hold that a DM’s model is “falsified” when novel events come to pass, the model

faces only mild revision in a structural sense. The DM needs only to nudge the rest of her

prior probabilities over to make room for the prior on the new state. This process rules

out structural change of the sort that prompts a wholesale reappraisal of the model. With

Reverse Bayesianism, the DM’s model is simply appended with a new state.

Another drawback is that the state-space view adopted by the unawareness literature

suggests that model uncertainty arises only when novel outcomes transpire. Yet an agent

may reconsider her model even when the events prompting the uncertainty were describable

in advance. In August 2007, Goldman Sachs executive David Viniar famously told a reporter

that the bank had been “seeing things that were 25-standard deviation moves several days

in a row” (Larsen 2007). Given the astronomical odds implied by the statement, it is fair to

presume the bank’s model was misspecified. Yet Goldman’s analysts evidently faced no un-

foreseen contingencies; if they had, they could not have calculated the numerical likelihoods
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Viniar shared. Adopting a state space framework makes it difficult to characterize model

uncertainty in situations where the outcomes are conceivable but highly unlikely.

While the unawareness literature adds nuance to the conception of the state space, it

still relies on the implicit view that if the DM could fully delineate her state space, she

could construct a full and reliable model of her environment.16 The DM’s state space in this

literature is a coarse approximation or incomplete description of a true state space that does

not need revision. This is a contestable assumption, even in simple environments. Knowing

all the ways an environment might be arranged does not necessarily inform the agent about

the causal structure of the environment, which is needed to produce a reliable model.

For a simple illustration, consider a system with three random variables, all known to the

DM: an outcome of interest, a suspected cause of that outcome, and a third variable that is

correlated with the others. To use the parlance of the causal inference literature, whether

the agent treats the third variable as a collider or a confounder will lead to very different

Bayesian updates of her priors.17 Simply having access to all the possible arrangements of

the three variables does not tell the DM how to use each in inference.

A possible response is that the DM could parameterize the candidate models within

a larger model (i.e., a model that includes both the confounder and the collider models

within it). Yet in a more general setting this is both practically implausible and statistically

problematic. First, it forces us to assume that the DM has attained the holy grail of all

statistics and machine learning, a model general enough that Bayes’ rule alone is sufficient

for optimal prediction (this point is also stressed in Dosi, Marengo, and Fagiolo [2005]). It

also conflicts with work going back to Diaconis and Freedman (1986), who show that in

sufficiently high-dimensional problems, the parameter space is too large to guarantee the

16One exception in the unawareness literature is Grant and Quiggin (2013), who argue that standard
decision theory frameworks cannot accommodate true unawareness. They hypothesize two levels to the
decision process, one inductive and one deductive. Agents are aware of their unawareness on inductive
grounds, i.e., prior experience of surprising events. Yet they can still identify “small worlds” where they may
disregard unawareness and follow the axioms of Bayesian decision theory.

17In this example, a confounder affects each of the other two variables, while a collider is jointly affected
by the other two variables. Conditioning on a confounder is appropriate, while conditioning on a collider
can induce a spurious association between a the other two variables.
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success of Bayesian updating.

The axiomatic approach to decision theory is powerful in how it makes explicit the

premises that underlie its results. Yet many other assumptions sneak their way into the prim-

itives, and these receive far less attention than the axioms that are made explicit (Binmore

2017). The key assumption to be challenged is the analytical usefulness of characterizing

the agent’s model of the situation as some approximation to an exhaustively described state

space. While the unawareness literature improves over Savage’s formulation by rendering

state spaces subjective, it is still the case that the agent’s model cannot be reconsidered in

toto or swapped out for another, but only updated via a version of Bayes’ rule.

5 Model Uncertainty and Post Keynesian Economics

The notion of model uncertainty advanced in this paper maps onto Post Keynesian char-

acterizations of uncertainty, though with some differences. Keynes (1921, 1936) proposed

that economic agents face numerically indeterminate uncertainty and linked this uncertainty

to macroeconomic dysfunction. Post Keynesian and other economists subsequently offered

numerous definitions of fundamental or radical or true uncertainty, as distinct from prob-

abilistic risk. A widely applicable definition is given in Lawson (1985, 914), who proposed

that Keynesian uncertainty characterizes situations “where there is no basis whatever upon

which to form any calculable probability,” a typical example being long-term investment.

Keynes’s (1921) notion of the weight of an argument informs Post Keynesian accounts

of uncertainty (for careful presentations of this concept and its interpretations, see Dequech

1999 and 2000). In Carvalho (1988), the weight of a probabilistic argument is tied to the

premises behind it, which represent the direct knowledge and intuition that agents bring to

bear. The weight that an agent places on a probability judgment—or nearly equivalently, her

confidence in that proposition18—depends on the completeness of the background knowledge

18There is some debate over the actual equivalence of confidence and weight in Keynes, about which see
Dequech (1999). The distinction is not important here.
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gathered in the premises:

The degree of confidence on a proposition obtained by probability depends on
how strong the signs are that not only the proposition is certain with respect
to its premises but that it is actually true, which means that the premises upon
which it is built are true (Carvalho 1988, 73).

Two separate propositions may have equal numerical probabilities but quite different weights

attached to them due to varying degrees of completeness of the agent’s knowledge over their

premises.19 Analogously, a DM’s choices may be affected both by the prediction given by

their model and the uncertainty pertaining to that model.

Several major themes emerge in the Post Keynesian literature on uncertainty: the impor-

tance of unforeseeable structural change and novelty in the economic environment; the role

of conventions, norms and institutions in shaping choice behavior; and the irreducibility of

decision-making to expected utility calculations over additive probability distributions. As

noted, the latter point was made forcefully by Shackle (1961), who emphasized the inability

of agents to specify all states of environment.

Post Keynesian authors have offered various classifications of uncertainty, (Dequech

2011). A common distinction is that of epistemological versus ontological uncertainty, with

the former depending on the limitations of human reasoning and the latter on the actual

nature of social systems (O’Donnell 2013).20 This distinction has provoked long-running

debates, a recent example being O’Donnell’s (2014) critique of Paul Davidson’s notion of

ontological uncertainty as arising from the non-ergodicity of the economic environment. See

Davidson (2015) for a response and Rosser Jr (2015) for further discussion.

Although Keynes himself arguably focused on epistemological uncertainty (Carabelli

1988; Packard, Bylund, and Clark 2021), ontological uncertainty plays a significant role

in the Post Keynesian literature. In an economy characterized by unforeseeable structural

19Dequech (1999) questions whether the completeness of an agent’s knowledge provides an appropriate
definition of weight, as does Runde (1990, 283), who writes, “we can never say how complete our information
is at any point.”

20A similar distinction has been made between procedural and substantive uncertainty, drawing on Simon’s
(1976) procedural and substantive rationality. Procedural uncertainty deals with a lack of competence in
problem-solving, while substantive uncertainty deals with a lack of information (Dosi and Egidi 1991).
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change—or non-ergodicity (Davidson 1991) or the absence of event regularities (Lawson

1997) or open systems (Chick and Dow 2005)—it is impossible in principle to form proba-

bilistic expectations over future outcomes, since those outcomes elude description. This view

echoes that of Knight (1921, 313), who argued that “change of some kind is a prerequisite to

the existence of uncertainty,” specifying that such change does not include “change according

to a known law.”

Accounts of ontological uncertainty tend to hinge on the existence of information that is

critical to the decision-making task. Fundamental uncertainty occurs in “situations in which

at least some essential information about future events cannot be known at the moment of

decision because this information does not exist and cannot be inferred from any existing

data set” (Dequech 1999, 415-416, emphasis in original). For Davidson (1991, 131), “true”

uncertainty arises when “the decision maker believes that no information regarding future

prospects exists today and therefore the future is not calculable.”

In the model-based view of uncertainty, by contrast, it is not the existence of informa-

tion that determines uncertainty, but the credibility of the model(s) used to encode available

information. By focusing on the existence of information, or its completeness, these Post

Keynesian accounts of ontological uncertainty implicitly accept the possibility that if eco-

nomic agents had sufficient information they could apply that information to a model without

uncertainty. Yet a suitably complex deterministic system (e.g., one described by a Lorenz

system) can prompt model uncertainty even if future outcomes are in principle knowable;

Dequech (2011) characterizes such an environment as one of “intricacy.” Model uncertainty

is thus epistemological rather than ontological in nature. It occurs even in environments

with stable data generating processes.

It follows that the existence of model uncertainty does not depend on the presence of

non-deterministic structural change. Still, the possibility of such change provides a com-

pelling motivation for model uncertainty. Entrepreneurs who have experienced technological

disruption or jarring credit contractions would find it reasonable to entertain a residual hy-
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pothesis on their model space. Even for those who are unduly confident in their models

during times of calm, model uncertainty will assert itself in times of turbulence.

A key concept in the Post Keynesian approach to uncertainty, related to the notion of

structural change, is the distinction between the short and the long run (Gerrard 1994).

Agents may be relatively confident in their view of short-run settings like pricing and output

decisions that occur repetitively, transpire amid stable environments, and can be evaluated

soon after taking place. By contrast, long-run decisions like investment are, in Shackle’s

terminology, “crucial experiments,” defined as situations where “the person concerned cannot

exclude from his mind the possibility that the very act of performing the experiment may

destroy forever the circumstances in which it was performed” (Shackle 1955, 6). Even if

the agent’s actions have no impact on the economic environment, long-term decisions run

a higher risk of some regime shift occurring between the time of decision and when the

relevant payoffs occur. The additional uncertainty that affects long-term decision-making

reflects doubt that the current model of the economy will retain its accuracy years hence.

Despite the intuitive relevance of unpredictable structural change to model uncertainty,

it is not a sufficient condition for model uncertainty. Change may fail to generate additional

uncertainty if the agent’s model of the previous regime appears equally useful in the new one.

In both cases, the model is an approximation judged on its usefulness and explanatory power.

An agent may recognize that the environment has shifted but still refrain from adopting a

new model if the old one seems to get the job done. One function of behavioral conventions

may be that they have evolved to apply across shifting economic regimes, lending conditional

stability to the economic system (Crotty 1994).

In sum, model uncertainty provides justification for fundamental uncertainty of the Post

Keynesian variety. In terms of common typologies of uncertainty in this literature, model

uncertainty is epistemological in nature, although ontological considerations are also impor-

tant. Model uncertainty does not fundamentally conflict with Post Keynesian theories of

uncertainty but clarifies and extends them.
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6 Discussion

Several further directions may be pursued in the study of model uncertainty. First, in

recent years an empirical literature has emerged using surveys, textual analysis, and other

data to quantify economic uncertainty (Bloom 2014). This literature develops measures of

uncertainty from sources including news coverage (Baker, Bloom, and Davis 2016), business

surveys (Bachmann, Elstner, and Sims 2013) and text of securities filings (Handley and Li

2020). Friberg and Seiler (2017) draw from public filings to categorize firm-level uncertainty

as either risk or ambiguity. A similar typology might be made for model or structural

uncertainty as opposed to risk or ambiguity.

Another direction is to revisit macroeconomic models that posit some form of learning or

uncertainty about the structure of the economy and ask how they might change if M-open

model uncertainty were assumed instead of M-closed model uncertainty (or, in many cases,

simple parameter uncertainty). Given the results of this paper, it is unlikely that such a

specification would be straightforward to implement. There is no obvious way to model the

process of model creation by agents.

The above challenge points to agent-based modeling as a potential tool for understanding

model uncertainty. It may be possible to equip decision-making units in a simulation with a

suite of potential models of their environment or even a generative mechanism for creating

new models. A rough proxy for model uncertainty might be quantified using some ap-

proximation of Bayesian posterior model uncertainty, p(Mj|Y ) ∝
∫
p(Y |θj,Mj)p(θj|Mj)dθj.

Agents facing sharp changes in their measure of model uncertainty may be induced to shift

to alternate models or to adopt some simple rule of thumb (e.g., seek liquidity) until a better

and more explanatory model for the situation is found.

An objection that may be raised to the presentation of model uncertainty here is its

reference to the “true” model of the environment. Quote tags surround the word “true”—as

is often the case in uncertainty literature—to indicate that the concept is useful only as an

analytical device. How does the notion of model uncertainty fare if we extend to the DM
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this same recognition, that achieving a true or complete model is impossible? One approach

may be to present the DM’s decision environment as one in which a model is selected to

minimize the expectation of some loss function on predicted outcomes (e.g., mean squared

error) subject to constraints on model complexity (e.g., the number of parameters). While

such an agent need not believe in a “true” model, they still recognize that there may exist a

model that is optimal given their current information, information they could feasibly attain,

and their cognitive constraints. They may further recognize that this optimal model could

differ from their own.

A roughly comparable approach can be found in recent advances in Bayesian statistics

and machine learning, which offer a way forward in M-open settings where conventional

Bayesian inference falls apart. This literature reinterprets Bayes’ rule as the outcome of an

information optimization problem (Knoblauch, Jewson, and Damoulas 2019; Bissiri, Holmes,

and Walker 2016). Generalizing the optimization setup recovers other, existing approaches

to Bayes-type inference beyond the canonical Bayesian posterior. Most notable among these

is variational inference, whose attractive computational properties have given it a role in bur-

geoning approaches in neuroscience and cognitive studies (e.g., Friston 2009; Prat-Carrabin

et al. 2021).

7 Conclusion

This paper put forward a theory of model uncertainty in the context of decision-making

by boundedly rational agents in a complex and dynamic economy. In order to make sense of

their environments and formulate expectations, economic actors must construct models, even

if those models are simple or heuristic. Reasonable agents will be aware that their models

are approximate or could fail at any time. This gives rise to a deep form of uncertainty that

has not been well explored in prior literature.

With reference to the concept of M-open environments in Bayesian statistics, I showed
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that under plausible assumptions, Bayesian agents aware of model uncertainty cannot gen-

erate numerical, closed-form probabilistic expectations. Probability theory offers no means

of arriving at model priors p(Mj) when the correct model of the environment is known to lie

outside the space of models under consideration. The situation is analogous to that of the

residual hypothesis proposed by Shackle (1955).

A form of model uncertainty arises in recent contributions in decision theory, in which

“Reverse Bayesian” agents encounter novel, unforeseen states of the world, forcing them to

adjust their models to a numerically indeterminate degree. Yet the type of model uncertainty

I posit still conflicts with the baseline assumptions of decision theory, even the somewhat re-

laxed assumptions of the unawareness and Reverse Bayesian literatures. Subjective expected

utility characterizations of decision-making are ill-suited to complex and evolving economic

environments in which agents must formulate and reformulate models to guide action.

Finally, I related the notion of model uncertainty to existing categorizations of uncertainty

within Post Keynesian economics. Model uncertainty is better characterized as epistemo-

logical rather than ontological in nature since it reflects agents’ reasoning abilities and their

awareness thereof. Yet model uncertainty still bears a close connection to structural change,

the chief precondition for ontological uncertainty. Agents aware of possible structural change

will tend to entertain model uncertainty, and economic regime shifts or phase changes may

lead to model uncertainty shocks.
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Aydogan, Ilke, Löıc Berger, Valentina Bosetti, and Ning Liu. 2020. “Three layers of uncer-
tainty and the role of model misspecification.” Tech. rep., HAL open science.

Bachmann, Rudiger, Steffen Elstner, and Eric R. Sims. 2013. “Uncertainty and Economic
Activity: Evidence from Business Survey Data.” American Economic Journal: Macroe-
conomics 5:217–49.

25



Baker, Scott R., Nicholas Bloom, and Steven J. Davis. 2016. “Measuring Economic Policy
Uncertainty.” The Quarterly Journal of Economics 131:1593–1636.

Basili, Marcello and Carlo Zappia. 2009. “Shackle and modern decision theory.” Metroeco-
nomica 60:245–282.
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