
Extrapolating Volition with Recursive Information
Markets

Abhimanyu Pallavi Sudhir ∗

Department of Computer Science
University of Warwick

Coventry – CV4 7ES, UK.
abhimanyu.pallavi-sudhir@warwick.ac.uk

Long Tran-Thanh
Department of Computer Science

University of Warwick
Coventry – CV4 7ES, UK.

long.tran-thanh@warwick.ac.uk

Abstract

One of the impediments to the efficiency of information markets is the inherent
information asymmetry present in them, exacerbated by the “buyer’s inspection
paradox” (the buyer cannot mitigate the asymmetry by “inspecting” the information,
because in doing so the buyer obtains the information without paying for it).
Previous work has suggested that using Large Language Model (LLM) buyers to
inspect and purchase information could overcome this information asymmetry, as
an LLM buyer can simply “forget” the information it inspects. In this work, we
analyze this mechanism formally through a “value-of-information” paradigm, i.e.
whether it incentivizes information to be priced and provided in accordance with its
“true value”. We focus in particular on our new recursive version of the mechanism,
which we believe has a range of applications including in AI alignment research,
where it is related to Extrapolated Volition and Scalable Oversight.

1 Introduction

A key challenge in economics is the development of mechanisms for efficiently pricing and supplying
information [Stigler, 1961]. Simple, naive information markets suffer from a number of flaws: the
low cost of duplication [Samuelson and Nordhaus, 2009], the transaction costs of tenders [Thomassen
et al., 2016], the transaction cost of learning new information, and information asymmetry and the
buyer’s inspection paradox [Arrow, 1972, Van Alstyne, 1999].

The buyer’s inspection paradox refers to the fact that in information markets, a buyer cannot simply
inspect some information and decide whether to buy it, because the moment she does so, she has
already obtained it and no longer has an incentive to correctly value it. This creates a tradeoff between
information asymmetry and positive externalities of information, depending on how much of the
information the seller is willing to reveal freely. This flaw is relevant not only to information markets,
but even to regular goods markets without perfect information, as famously described in the “Market
for Lemons” [Akerlof, 1978]. Barzel [1985] goes further to claim that information market inefficiency
is the fundamental cause of all market failure.

Recently, Weiss et al. [2024] proposed a novel mechanism to mitigate the buyer’s inspection paradox,
via the use of Large Language Models: instead of a human buyer directly inspecting the information
for purchase, he deploys an LLM agent to inspect the information on his behalf. The LLM agent
makes the purchase decision (or recommends a purchase decision without further explanation) and
erases the inspected information from its context window.

In this work, we build on their framework, developing a formal mathematical theory for information
markets with inspection. In particular, we observe that their framework still does not eliminate
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information asymmetry, because the LLM buyer inspecting information still faces information
asymmetry.

Our contributions are as follows:

1. Recursive inspection protocol. Extending the work of Weiss et al. [2024] to account for the
persistence of information asymmetry in the subsidiary information market, we introduce
the Recursive Information Protocol. We discover that the straightforward method of “simply
applying Weiss et al. [2024] to itself” is too simplistic, and instead provide a more robust
protocol, formulated as an imperfect-recall game.

2. Mathematical formalism. We give a fully formal mathematical description for a Bayesian
agent participating in the Recursive Information Protocol, as well as a proof of an optimality
result Theorem 2.3 demonstrating that the “Recursive Inspection Protocol is ex-ante superior
to any other admissible protocol” (where an admissible protocol is one that respects the
property rights of the information sellers).

3. Practical implementation. We provide an implementation of an information market server
implementing the Recursive Inspection Protocol, detailed in Section 3, which can directly
be applied to various practical applications for information markets such as question-and-
answer sites, product inspections and online fact-checking.

1.1 Related work

Information economics. The foundational theory of information economics is the value-of infor-
mation framework [Kuhn et al., 1953, Howard, 1966], which treats information as an instrumental
good [Van Alstyne, 1999]. The buyer’s inspection paradox was introduced by Arrow [1972] and
named by Van Alstyne [1999]. Hanson [2011a,b] discussed the inefficiency of information markets
in the context of intellectual property (IP) law, commenting: “just as farmers developed barbed-wire,
someday I expect IP advocates will develop better forms of intellectual property”.

Mechanism design for information markets. Conitzer [2009] introduced a mechanism for re-
warding information-providing agents based on their influence on prediction market prices.

Scalable oversight The fundamental limitation of RLHF that it relies on a human’s ability to judge
a (potentially superhuman) AI’s outputs has long been recognized [Christiano et al., 2018], and is
known as the scalable oversight problem in the AI alignment literature [Hubinger, 2020, Bowman
et al., 2022]. One well-known scalable oversight proposal is Debate [Irving et al., 2018]; our proposal
to augment RLHF with information markets may be seen as yet another such proposal.

Mechanism design with LLMs. Market design for LLM participants has opened up many new
frontiers previously not possible with humans alone. Apart from the information bazaar [Weiss
et al., 2024], this includes e.g. token auctions for online advertising [Dütting et al., 2024], economic
simulations with AI agents [Li et al., 2024], and forecasting with LLMs [Schoenegger et al., 2024,
Halawi et al., 2024, Paleka et al., 2024, Buterin, 2024].

Zero-knowledge proofs. Another way for a seller to prove the value of his information without
revealing it is via a zero-knowledge proof [Goldreich, 2001] – in formal settings, this is available
if the information is a solution to a PSPACE problem [Impagliazzo and Yung, 1987, Ben-Or et al.,
1990]; extending this to informal settings is an active area of work [Hammond and Adam-Day, 2024].

Miscellaneous Recent works like Manelli and Vincent [2006], Babaioff et al. [2012], Bergemann
et al. [2018] have studied “optimal mechanisms for selling information”, but from the point-of-view
of a seller maximizing his revenue – we, on the other hand, are interested in improving the efficiency
of the information market itself. Information market mechanisms have also been designed for data
markets in machine learning, e.g. Fallah et al. [2024], Chen et al. [2022], Ghorbani and Zou [2019].
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2 Bayesian setting

We are concerned with modeling an agent α’s “value for information” in an expected utility max-
imization framework. We assume a probability space (Ω,F ,P) (with P a common prior for all
agents ever discussed) and that the only source of utility is some decision problem specified by a
set of choices X for α and payoffs given by a measurable utility function U : Ω × X → R. An
“information good” is a tuple of a random variable I , its realization or “true value”2 I(ω) = i and a
price: I = ⟨I, i, p⟩. All of these contents of an information good may be hidden from α. We want to
study how α values informational goods.

With no further information, α’s choice would just be argmaxx∈X E [U(x)]. With information
⟨I, i, p⟩, the agent would instead choose U(argmaxE [U(x) | I = i]). Thus we can say the utility
of that information is:

U(I) = U(argmaxE [U(x) | I = i])− U(argmaxE [U(x)])− p (1)

If α has to decide whether to buy an information good (or decide which one to buy out of a list of
offers), it has to take the expectation of U(I). There are several ways to do this. There is the ex-post
value of information E [U(I)|I = i], which is α’s estimate for I = ⟨I, i, p⟩ after viewing it:

E [U(I)|I = i] = max
x∈X

E [U(x) | I = i]−E

[
U

(
argmax

x∈X
E [U(x)]

)
| I = i

]
− p (2)

The ex-ante value (before seeing the information) may be taken as the expectation over Equation (2):
Ei∼I [E [U(I)|I = i]] (which would be the value of an experiment [Lindley, 1956]), though if α is
not even aware in advance which random variable I will be revealed by information good I, then we
would further need to assume a prior over the process generating I and take the expetation over it
EI∼P[I] [Ei∼I [E [U(I | I = i)]]].

A naive information market with no inspection would cause buyers to bid (and thefore incentivize
sellers to optimize for) the ex-ante value of information. The proposed framework in Weiss et al.
[2024] would cause buyers to bid the ex-post value of information.

However, ex-post VOI is still not enough: while knowing I = i (inspecting I) provides some
information on U(I), it does not provide all of it; there may still be information asymmetry, because
U(I) is itself a random variable not completely determined by I (much like in ordinary goods markets
where you can inspect the good but still have information asymmetry). For example, I could represent
some factual claim, but you do not actually know if it is correct until some evidence I ′ is presented
for it. You might say: surely the information (I, I ′) would be more valuable than I alone, so as long
as the market presents this option, we’re good? But it is also possible to imagine a situation where I
is false but believable, and I ′ falsifies it – then the ex-post VOI of (I, I ′) is less than that of I alone,
but the true utility of (I, I ′) is more than that of I alone.

One way to think of this is: Equation (1) creates a new decision problem for α, that of deciding
whether to buy I – or which information to buy out of a list of offers. The set of information goods
offered I = {I1, . . . Ik} is a new decision problem, with utilities of each choice now given by the
(unknown/random, much like U(x)) true value-of-information U(I). Thus we may be offered another
set of information goods {I11, . . . I1k} to help us with this decision, ad recursum. In general we have
a sequence of decision problems Xn+1 = P (In) where In := {In1 , . . . Ink} are the information
goods offered to us to help us decide Xn, and each choice corresponds to choosing a subset of that
information to help decide Xn, where X 0 = X and X 1 = P

(
I0

)
= P (I).

There are two ways that we can set up these recursive problems. The naive approach, which arises
from straightforwardly “applying Weiss et al. [2024] to itself”, is to model each decision problem
as having its own utility function Un : Xn → R based on its instrumental utility for the previous
decision problem Xn−1. The problem with this approach is it fails to account for the possibility that
a choice xn can directly (i.e. not through its impact on xn−1) impact a choice xm where m < n− 1.
This approach and an example illustrating why it is insufficient, are given in Appendix A.

2Including i in the tuple is to simplify notation when talking about taking conditional expectations on I . It
is not necessary: instead of writing E [U(x) | I = i] we can think of E [U(x) | I] as itself a random variable
correlated with I
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Figure 1: Recursive Inspection as an imperfect recall game; nodes are labelled by the information
available for making the decision at that node. Note how the decision tree is in the reverse order of
the inspection order: xN is decided first, and x0 last.

Instead our approach, the recursive information protocol implemented in Section 3, allows the agent
(or rather the LLM subcontracted by the agent) to retain the full sequence of information bought in
the recursive steps xn+1

∗ , . . . xN while making the decision xn ∈ Xn (where N is some pre-defined
finite depth we recurse till); furthermore xn is decided keeping in mind the full traceback of decision
problems X 0, . . .Xn−1 that may be influenced by this decision. This is naturally modelled as an
imperfect recall game3 [Tewolde et al., 2024] where we first decide xN

∗ ∈ XN with full information
I0 ∪ . . . IN−1, then xN−1

∗ ∈ XN−1 with information I0 ∪ . . . IN−2 ∪xN
∗ and so on until we finally

decide x0
∗ ∈ X 0 with information x1

∗ ∪ · · · ∪ xN
∗ . This is shown in Figure 1.

A node (xn, . . . xN ) corresponds to the state where the agent has purchased (xn, . . . xN ) and is
choosing some xn−1 ∈ Xn−1. For a Bayesian agent, we can thus recursively give the “value of being
at a node”:

U(xn, . . . xN ) = U

(
argmax
x∈Xn−1

E
[
U(x, xn, . . . xN ) | I0 ∪ · · · ∪ In−2 ∪ xn ∪ · · · ∪ xN

]
, xn, . . . xN

)
(3)

U(x0, . . . xN ) = U(x0)−
N∑

n=1

∑
⟨I,i,p⟩∈xn

p (4)

This then completely specifies the behavior of a Bayesian agent performing a depth-N recursive
inspection:

xn
∗ = argmax

x∈Xn

E
[
U(x, xn+1, . . . xN ) | I0 ∪ · · · ∪ In−1 ∪ xn+1 ∪ · · · ∪ xN

]
(5)

In what sense is this algorithm “optimal”? It is instructive to first consider what notions of optimality
don’t hold for the recursive inspection protocol:

Non-theorem 2.1. We might think that the resulting sequence (x0
∗, . . . x

N
∗ ) is optimal given all the

information present in the system I0, . . . IN−1, i.e.

x∗ = argmax
x∈

∏
X

E
[
U(x) | I0 ∪ · · · ∪ IN−1

]
3The decision-theoretic considerations in imperfect recall games do not matter to us, as the agent’s actions

themselves are not being forgotten — only the information offers
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Counter-example. It is always best to simply buy x0
∗ and none of the subsequent xn

∗ s that facilitated
this decision. The same argument applies at any level, thus we cannot even make any claim like “x∗
is optimal given the information purchased”.

Instead, our algorithm seems to be optimal in a “bounded rationality” sense: optimal in a way that
also accounts for the costs of acquiring the information that would help improve our decision. One
way to phrase this is: ex-ante (not knowing the information it is about to be offered), an agent would
prefer to use this protocol compared to any other protocol.
Definition 2.2 (Admissible purchase protocol). an “admissible purchase protocol” is a list of functions
ξn mapping a decision problem X 0 and a sequence of information offer sets I0, . . . IN−1 generated
from it, to X ,P

(
I0

)
, . . .P

(
IN−1

)
:

xN = ξN (I0, . . . IN−1)

. . .

xn = ξn(I0, . . . In−1, xn+1, . . . xN )

. . .

x0 = ξ0(x1, . . . , xN )

i.e. a decision cannot “steal” information offers specifically made to help improve that decision, it
can only depend on purchased information offers. We denote the tupled function as (x0, . . . xN ) =
ξ(I0, . . . IN−1) = ξ(I).

In order to express “ex-ante expected utility”, the agent must have a prior on the In that will be
generated — this can be achieved either by having a measurable map Ω→ finset(INFOOFFERS)N

(where INFOOFFERS = F×{0, 1}×R is the type of information goods) or more simply by assuming
the random variables Ink revealed are fixed and only having a prior over their values. Both allow us to
take an expectation over I0, . . . IN−1.
Theorem 2.3 (Recursive Inspections are ex-ante superior to any admissible protocol). Let xn

∗ be the
protocol described in Equations (3) to (5). Then for any admissible purchase protocol ξ:

EI0,...IN−1

[
U(ξ(I0, . . . IN−1))

]
≤ EI0,...IN−1

[
U(x∗(I0, . . . IN−1))

]
Proof. Let ξ∗n denote the following admissible protocol:

xN = ξN (I0, . . . IN−1)

. . .

xn+1 = ξN+1(I0, . . . In, xn+2, . . . xN )

xn = xn
∗ (I0, . . . In−1, xn+1, . . . xN )

. . .

x0 = x0
∗(x

1, . . . , xN )

Then ξ∗N = x∗ and ξ∗−1 = ξ. It suffices to show that ξ∗n+1 dominates ξ∗n, i.e.

EI0,...IN−1

[
U(ξ∗n(I0, . . . IN−1))

]
≤ EI0,...IN−1

[
U(ξ∗n+1(I0, . . . IN−1))

]
Observe that (where we have omitted the parameters to xn

∗ , ξn etc. as a shorthand):

U(ξ∗n(I0, . . . IN−1)) = U
(
x0
∗, . . . x

n
∗ , ξ

n+1, . . . ξN
)

= U
(
ξn+1, . . . ξN

)
Where we have recursively applied Equation (3) to transform the expression into one about the value
of a node at level n+ 1. Thus the goal is reduced to:

EI0,...IN−1

[
U(ξn+1, . . . ξN )

]
≤ EI0,...IN−1

[
U(xn+1

∗ , ξn+1, . . . ξN )
]

From Equation (5) we have that this is true for the expectation over I0, . . . In; we can then simply
take the expectation over In+1, . . . IN−1 and have our result.
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Algorithm 1 One-level Inspection Protocol from Weiss et al. [2024]

class BUYERCONTEXT
X : decision problem it wants information for
D : list[str]→ X , decision procedure based on available information

end class
class SELLER

A : BUYERCONTEXT → str×R, generate INFOOFFER and price
end class
procedure IP(Q : BUYERCONTEXT)

▷ Post contextual information to sellers to receive INFOOFFERS
I ← {β(Q) for β ∈ SELLERS}
▷ Use an LLM to decide which I to buy
I∗ ← LLM(prompt = “You need to buy an I from I to help decide Q”)()
▷ Decide based on purchased information
x∗ ← Q.D(I∗)
return x∗

end procedure

Algorithm 2 Recursive Inspection Protocol

procedure RIP(Q : BUYERCONTEXT)
▷ Post to sellers and get INFOOFFERS from them
I ← {β(Q) for β ∈ SELLERS}
▷ Create Recursive BuyerContext to help decide Q
Q′ ← BUYERCONTEXT(I, LLM(prompt = “You need to buy an I from I to help decide Q”))
▷ Get INFOOFFERS chosen in Q′

I∗ ← RIP(Q′)
▷ Decide based on all collected information from recursive steps
x∗ ← Q.D(I∗)
return x∗, I∗

end procedure

3 Recursive Inspection Protocol

Algorithm 1 shows the inspection protocol for information markets introduced in Weiss et al. [2024]:
information sellers offer information goods to a buyer, who spins off an LLM to inspect and purchase
the information goods. Our Recursive Inspection Protocol extends this by letting the subcontracted
LLM buyer further consult the information market (spin off another sub-LLM) to help it make its
decision, ad recursum. A simplified version of the logic, ignoring server implementation details, is
presented in in Algorithm 2 and Figure 2.

A working implementation of an information market server implementing the Recursive Inspection
Protocol is available at the infonomy-server repository4 – some screenshots of the platform’s GUI
are shown in Figure 3. Many applications of such a server are immediate:

• Question & Answer site – As presented, infonomy-server can be seen as a Q & A site
with market incentives for answering questions.

• Privatized product regulation – The BUYERCONTEXTS might be names or links to products
(the decision being “should I buy?”), and the INFOOFFERS could be inspection checks done
by private labs, or customer reviews, which are now incentivized to be answerable to the
customer.

• Community Notes – In the spirit of well-known crowdsourced fact-checking systems such as
Community Notes/Birdwatch [Wojcik et al., 2022], we might use information markets as a
“comments section for the internet”, where BUYERCONTEXTS would be links to webpages
or social media posts (the decision being “should I believe?”) and the INFOOFFERS would
be fact-checks or important context.

4https://anonymous.4open.science/r/infonomy-server-5668/
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Buyer submits Query

Seller posts InfoOffers in
response

Subcontracted buyer buys
some inspected InfoOffers
and returns their unlocked
contents to principal

Buyer subcontracts LLM
buyer to inspect selected
InfoOffers

LegendBuyer0 Sellers

Query

InfoOffers0

Buyer1

if inspect
InfoOffers0

Query

InfoOffers1

chosen subset
of InfoOffers0

Buyer2

if inspect
InfoOffers1

Query

InfoOffers2

chosen subset
of InfoOffers1

if inspect
InfoOffers2

...

Figure 2: The Recursive Inspection Protocol

(a) Posting a new question (BUYERCONTEXT); view-
ing BUYERCONTEXTSon the server

(b) Posting an answer (INFOOFFER); initiating a recur-
sive inspection

(c) Inspecting and purchasing INFOOFFERS; viewing
purchased INFOOFFERS

(d) Bot sellers automatically answer recursive BUYER-
CONTEXTS

Figure 3: Screenshots from the infonomy-server platform
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• Reasoning in prediction markets – Forecasters on prediction markets may benefit from in-
centivizing the provision of information relevant to a forecast. One solution to this was given
by Conitzer [2009]; another is to use infonomy-server: where the BUYERCONTEXTS are
the questions being forecasted on (“What is the correct probability of this question?”) and
the INFOOFFERS are any relevant pieces of information.

4 Conclusion

We have introduced the recursive inspection protocol as an information market mechanism for agents
that are capable of “inspecting and forgetting” information, and provided a working implementation
of the algorithm employing LLM agents. Our mechanism is optimal in a certain fundamental sense
that accounts for the cost of obtaining information.

The most promising direction for future work is to explore applications of this mechanism to scalable
oversight in AI alignment. Our mechanism may be seen as a formalization of Extrapolated Volition
[Yudkowsky, 2004], which is informally described as the “action an agent would prefer if it had all
the relevant information”. Algorithm 2 itself may be remniscient of scalable oversight proposals such
as “Humans Consulting HCH” [Christiano, 2018].

More generally, one of the key limitations of currently widely-used alignment techniques such as
reinforcement learning from human feedback (RLHF) is that they fundamentally rely on a human’s
ability to judge the correctness or value of a (potentially superhuman) AI’s outputs [Casper et al.,
2023, Burns et al., 2024]. In other words, the AI is trained on the human supervisor’s immediate,
superficial volition, rather than on her extrapolated volition [Yudkowsky, 2004]. In this context, our
proposal may be used to augment a human rater’s judgement of the AI’s outputs with an information
market, better reflecting her “extrapolated volition”.
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A Successive Inspection Protocol

We describe here the naive version of the recursive inspection protocol, or “simply applying Weiss
et al. [2024] to itself”.

Table 1: Successive decision problems, naive approach
Choice set True utilities Information Offers
X U : X → R I = {0, I1, I2, . . . }
X 1 = I U1 : X 1 → R I1 = {0, I11, I12, . . . }
X 2 = I1 U2 : X 2 → R I2 = {0, I21, I22 . . . }
. . . . . . . . .

Un+1 (⟨I, i, p⟩) := Un

(
argmax
x∈Xn

E [Un(x) | I = i]

)
− Un

(
argmax
x∈Xn

E [Un(x)]

)
− p (6)

These choice sets and utilities are very similar to the decision problems created by the recursive
inspection protocol described in Algorithm 2 and in the main body; except that each action xn ∈ Xn

is made only consulting the information chosen in xn+1 ∈ Xn+1. We can then say that the decisions
made under this protocol are:

xn
∗ = argmax

x∈Xn

E
[
Un(x) | xn+1

∗
]

(7)

In general this is an ill-defined infinite recursion. But finite restrictions of this are natural, stopping
at some fixed xN

∗:N = argmaxx∈XN
E
[
UN (x)

]
(you can think of this stopping as caused by the

transaction costs of inspection), so that for n < N :

xn
∗:N = argmax

x∈Xn

E
[
Un(x) | xn+1

∗:N
]

(8)

Counter-example. Take the decision problem X 0 = {x0, x1, x2} where x0 = eat raw legume,
x1 = eat rice and x2 = eat boiled legume. Then in reality, U(x2) > U(x1) >> U(x0) (rice is
unhealthy, but raw legumes are toxic).

Suppose I0 = {I10 , I11} where I10 = legumes are toxic, I11 = rice is unhealthy and I10 =
legumes are toxic; and I1 = {I20} where I20 = the toxins in legumes can be removed by boiling.
All of these information offers could even be free.
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Then the optimal action is (x2, {I10 , I11}, {I20}); however, if the information bought in level-2 {I20} is
not available while deciding x0, the best the agent can do is (x2, {I10}, {I20}) to prevent itself from
eating raw legumes (since it will not know that the toxins can be removed by boiling).

B Basic results about value-of-information

We include two basic lemmas which are perhaps obvious, but upon which the whole theory of
value-of-information rests. Lemma B.1 asserts “A Bayesian agent expects to gain from information”5.
Lemma B.2 asserts: “A Bayesian agent expects to gain from inspection”6 (simply because it can
always choose not to buy anything after inspecting), thus in the absence of transaction costs of
inspection buyers will want to inspect more and more at each step.
Lemma B.1 (Bayesian agent expects to gain from information). Assume a probability space
(Ω,F ,P), a set of choices X and a measurable utility function U : Ω × X → R. Then for
any random variable I : Ω→ R, we have:

EI

[
U(argmax

x
E [U(x) | I])

]
≥ maxE [U(x)]

Proof. For all values of I = i and for all x0 ∈ X , we have (from the definition of argmax):

E

[
U(argmax

x
E [U(x) | I = i]) | I = i

]
≥ E [U(x0) | I = i]

We take the expectation over i ∼ I on both sides, apply the law of total expectation and set
x0 = argmaxE [U(x)] to obtain our result.

Lemma B.2 (Bayesian agent expects to gain from inspection). Let the recursive construction of Xn,
Un, INFOOFFERSn,xn

∗ be as in Section 2. Then ∀n, E
[
Un+1(xn+1

∗ )
]
≥ 0. The same also applies

to finite-depth inspections i.e. E
[
Un+1(xn+1

∗:N )
]
≥ 0.

Proof. Equation (7) implies that E
[
Un

(
xn
∗ | xn+1

∗
)]

is ≥ any version of the same expression with
xn
∗ replaced by any x ∈ Xn. We choose x = 0, for which the expression evaluates to 0, and take the

expectation over xn+1
∗ .

5From an AI alignment perspective, this may instead be phrased “A Bayesian agent trusts a more informed
version of itself”, and is a statistical-information version of Vingean reflection or tiling agents [Fallenstein and
Soares, 2015], the desire that (even logically non-omniscient) agents can trust smarter versions of themselves.

6Lemma B.2 is also the corrected and generalized version of an incorrectly formulated result in the arXiv
version of Weiss et al. [2024]
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