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Abstract
We present a first formal model of ranking-based human–AI aggregation. In our model, we represent both human
and AI judgments by ranking functions over possible worlds and study how AI advice affects the epistemic quality
of a collective decision. To obtain probabilistic guarantees, we introduce a top-choice abstraction that translates
ranking aggregation into a voting problem and connects our setting to a recent model from the voting literature.
This allows us to model a specific interaction setting that we refer to as AI-follow assistance with concurrent panel
revision. The resulting analysis yields a formal account of when AI influence can be epistemically harmful by
inducing dependence among human agents.
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1. Introduction

Human–AI interaction (HAI) studies how people and AI systems work together on decision-making
problems. Central questions include how to design interaction patterns that support human performance,
when control should remain with the human or be delegated to the AI, and which risks arise when
humans rely on AI advice [1]. A particular focus in the HAI literature is the structure of the interaction
itself, since the timing, format, and sequencing of AI advice can shape human judgment [2]. At the
same time, the empirical evidence is mixed: a recent meta-analysis found that human–AI combinations
are often better than humans alone, but on average still fail to outperform the better of humans or AI
alone, with particularly weak results in decision-making tasks [3]. This makes it important to study
not only whether AI advice is accurate in isolation, but also when its influence on a human group
becomes detrimental to collective decision-making. Two important questions in this context are, first,
how humans and AI systems represent their beliefs about the decision problem and, second, how we
can evaluate the correctness of their joint decision.

In this paper, we use ranking functions as a joint representation for both human and AI judgments in
order to address the first question. Ranking functions have attracted attention since Spohn introduced
them as a qualitative counterpart to probability theory [4]. They map possible worlds to natural
numbers, where higher numbers represent greater implausibility and worlds of rank 0 are considered
most plausible [4]. In the present paper, however, we focus on a top-choice abstraction of these rankings,
that is, on the worlds each agent ranks most plausibly. To address the second question, we translate the
agents’ ranking-based beliefs into a voting problem, a common model of collective decision-making.
This allows us to evaluate the collective belief epistemically through the so-called Condorcet Jury Theorem
(CJT), a classical result in voting theory that provides probabilistic guarantees for the correctness of a
collective decision [5]. Since the original CJT relies on assumptions about the voting process that rarely
hold in practice, we instead use a recent generalization [6] that, in particular, allows us to quantify the
dependence induced by the AI model, which is a major risk in human–AI interaction settings.
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Contributions. This paper makes two contributions. First, to the best of our knowledge, we introduce
the first formal model of a ranking-based human–AI interaction scenario. Second, by translating the
aggregation problem into a voting framework, we show how existing probabilistic guarantees can be
used to study when AI influence becomes epistemically harmful.

2. Related Work

Our work sits at the intersection of ranking-based belief representation, epistemic aggregation, truth-
tracking voting theory, and human–AI interaction. The key gap is that these strands have largely
developed separately. In particular, while there is already a rich theory of probabilistic truth-tracking
for voting, noisy rankings, and belief merging, these ideas have not yet been brought together in a
formal model of ranking-based human–AI aggregation in which AI advice influences human judgments
before aggregation. As a first step, we address this gap through a top-choice abstraction that allows us
to import probabilistic guarantees from the voting literature, while leaving the extension to full ranking
aggregation for future work.

A first relevant line of work concerns ranking functions themselves. Spohn (1988, 2012) develops
ranking functions as a formal theory of graded belief in which each possible world receives a degree of
disbelief and the most plausible worlds receive rank 0. A ranking on worlds can then be extended to
a ranking on all formulas built from these worlds. Huber (2006) recovers a ranking on worlds from a
ranking on more complex formulas. We build on this tradition by using ranking functions as the shared
epistemic language for both human and AI judgments.

A second relevant line of work comes from belief merging. Classical work by Everaere et al. (2007)
studies how several epistemic states can be combined under rationality and fairness constraints. More
closely related to our concerns, Everaere et al. (2010) develop an explicitly epistemic view of merging, in
which the merged outcome is evaluated by whether it identifies an unknown true world. This connects
belief merging to truth-tracking questions of the kind we study here, and it has recently been generalized
to a less restrictive voting setting [11]. Relatedly, this has been extended to the aggregation of numerical
estimates [12]. Our work continues this epistemic line, but shifts attention to a new dependence source:
the case in which an AI system influences the agents’ beliefs.

A third line of work comes from voting theory, where the main probabilistic tool used in this
paper originates. Caragiannis et al. (2016) study the probability that a voting rule recovers the correct
underlying ranking when voters have imperfect information. Procaccia et al. (2015) show that truth-
tracking guarantees can persist even when voters are not fully independent, for instance because
information flows through a social network. Most directly relevant for us is the recent result by Karge
et al. (2024), who prove correctness guarantees for a voting model with an opinion leader, i.e. an external
factor that induces correlation in the electorate.

Finally, our work relates to the growing literature on human–AI collaboration. Recent studies show
that when people see AI advice early, they may anchor on it and shift their judgment toward the AI’s
suggestion [15, 16]. In our setting, this matters because such anchoring creates dependence between
human judgments and thereby threatens the epistemic benefit of group aggregation. Recent theoretical
work sharpens this concern: Peng et al. (2025) show that hybrid human–AI systems do not automatically
outperform their components and may even perform worse than the least accurate contributor. From a
more normative perspective, Almada (2019) argues that decision-support systems should preserve the
human’s capacity to question and contest AI advice. What this literature still lacks, however, is a formal
model of how AI influence propagates through a group and affects the quality of collective aggregation.

3. Ranking Functions

We model an agent’s belief state by means of a ranking function, following the general framework of
ranking functions, pioneered by Spohn [4, 7]. Conceptually, agents hold beliefs about propositions or
hypotheses. For aggregation, however, we represent each agent’s belief state by a pointwise ranking



over a finite set of possible worlds, from which proposition-level ranks are induced. Intuitively, a
ranking function assigns to each possible world a degree of disbelief: lower values indicate greater
plausibility, while higher values indicate stronger disbelief.

Let Ω be a finite set of possible worlds. A ranking function is a map

𝜅 : Ω → N0 ∪ {∞} (1)

such that
min
𝜔∈Ω

𝜅(𝜔) = 0. (2)

Thus, at least one world is assigned rank 0 and is treated as maximally plausible. Worlds with positive
rank are disbelieved to some degree, and worlds with rank ∞ are ruled out.

Following Huber’s proposition-level formulation, we extend 𝜅 from worlds to propositions. Let 𝒜 be
a field of subsets of Ω, that is, a family of propositions closed under complement, finite unions, and
intersections [8]. For each proposition 𝐴 ∈ 𝒜, we define

𝜅(𝐴) := min
𝜔∈𝐴

𝜅(𝜔), 𝜅(∅) := ∞. (3)

In words, a proposition is as plausible as its most plausible way of being true. This immediately yields
the familiar properties [8]:

𝜅(𝐴 ∪𝐵) = min{𝜅(𝐴), 𝜅(𝐵)} (4)

and, whenever 𝐴 ⊆ 𝐵,
𝜅(𝐵) ≤ 𝜅(𝐴). (5)

Example 3.1 (Running diagnosis example). Let

Ω = {𝜔flu , 𝜔cold , 𝜔pneumonia}

be a diagnostic state space, and suppose

𝜅(𝜔flu) = 0, 𝜅(𝜔cold ) = 1, 𝜅(𝜔pneumonia) = 5.

Then flu is most plausible, cold is less plausible, and pneumonia is highly implausible. At the proposition
level,

𝜅({𝜔cold , 𝜔pneumonia}) = 1 and 𝜅({𝜔flu , 𝜔cold}) = 0,

because propositions inherit the rank of their most plausible world.

3.1. Aggregating Multiple Ranking Functions

We now move from individual belief states to collective ones. We represent each agent’s state for
aggregation purposes by a pointwise ranking over Ω. Thus, suppose that each agent 𝑖 ∈ {1, . . . , 𝑛}
reports a ranking function

𝜅𝑖 : Ω → N0 ∪ {∞}. (6)

The input profile is the tuple
𝐸 = (𝜅1, . . . , 𝜅𝑛). (7)

An aggregation operator Δ maps this profile to a collective ranking function:

𝜅agg = Δ(𝜅1, . . . , 𝜅𝑛). (8)

This means that we pool the agents’ scores world by world and thereby obtain a group-level belief state.
As a simple baseline inspired by the merging literature [9], we consider sum pooling. Since pooling may



produce a raw world-score function whose minimum is not yet 0, we normalize the output. Given any
pooled world-score function 𝑓 : Ω → N0 ∪ {∞} with min𝜔∈Ω 𝑓(𝜔) < ∞, define

norm(𝑓)(𝜔) := 𝑓(𝜔)− min
𝜔′∈Ω

𝑓(𝜔′). (9)

Then min𝜔∈Ω norm(𝑓)(𝜔) = 0, so norm(𝑓) is again a valid ranking function. Given a profile 𝐸 =
(𝜅1, . . . , 𝜅𝑛), define the raw sum-pooled world-score function by

𝑠𝐸Σ(𝜔) :=
𝑛∑︁

𝑖=1

𝜅𝑖(𝜔). (10)

The corresponding normalized collective ranking is

𝜅Σ := norm(𝑠𝐸Σ). (11)

Example 3.2 (Three-agent aggregation). Consider again the diagnostic space

Ω = {𝜔flu , 𝜔cold , 𝜔pneumonia},

and suppose three agents report the following world-rankings:

World 𝜔 Agent 1 Agent 2 Agent 3

𝜔flu 0 3 3
𝜔cold 4 0 0
𝜔pneumonia 6 5 5

Sum pooling yields 𝑠𝐸Σ = (6, 4, 16)⇝ 𝜅Σ = (2, 0, 12). So 𝜔cold is the top-ranked collective diagnosis.

Motivation for Ranking Functions in Human–AI Interaction. We conclude this section by briefly
explaining why ranking functions are a useful representation in a human–AI interaction setting.

Ranking functions are well-established representations of epistemic states in belief change and
nonmonotonic reasoning [4, 19, 20, 21]. They can furthermore be viewed as numerical implementations
of total preorders, which are another common way of representing epistemic states in nonmonotonic
reasoning and belief change [22, 23, 24]. Compared with bare orderings, however, ranking functions
are more expressive and support arithmetic operations, which lead to useful formal properties in some
settings [25, 26].

A further reason to work with ranking functions is their close connection to the belief revision
literature. Ranking functions are not only static representations of plausibility; they also support
well-studied update and revision operations [27]. This makes them attractive in settings where beliefs
may change in response to new information. In particular, they provide a natural formal language for
studying how epistemic states can be represented, compared, and aggregated when agents express
structured judgments over a space of possible worlds.

4. Human–AI Interaction

The aggregation framework introduced above does not operate in a vacuum. In human–AI settings, belief
states are shaped not only by the information available to the agents, but also by the way that information
is presented, timed, and exchanged. For this reason, the same aggregation operator may behave very
differently depending on the interaction pattern through which human and artificial agents arrive at
their beliefs. In the present setting, “AI” should be understood broadly as a task-specific algorithmic
decision aid. Depending on the application, this may include statistical predictors, language-model-
based systems, or broader decision support systems that integrate several computational components
into a human workflow and that contribute structured epistemic input to the joint decision process.



A particularly relevant class of cases arises in diagnostic decision support. Here an AI system may
process patient information and return a ranked list of candidate diagnoses, thereby producing an
output that can be represented in the same ranking-based language as the human agents’ beliefs. As a
motivating example, Isabel [28] is an online diagnostic decision support system that helps clinicians
construct or broaden a differential diagnosis list based on clinical features [29].

4.1. Interaction Patterns

Recent work in the human–AI interaction literature has proposed taxonomies of the main ways in
which AI systems enter human decision-making workflows.

One important pattern is AI-First Assistance. In this setup, the decision problem and the AI’s rec-
ommendation are presented at the same time, or the AI’s output is available from the beginning of
the task. The human may then accept, modify, or override the AI’s recommendation. This is a natural
pattern for highly integrated support tools, but it also creates a direct route for the AI system to shape
the human’s initial hypothesis generation [16]. A second important pattern is AI-Follow Assistance.
Here the human first forms an independent preliminary judgment, and only afterward receives the AI’s
recommendation. The AI output can then be used as a second opinion, a check against omissions, or a
prompt for reassessment [16].

Beyond these basic patterns, the literature also distinguishes more interactive forms of assistance.
Under Request-Driven Assistance, the human actively decides when to consult the AI system, for example
by clicking a button to request help. Under Secondary Assistance, the AI does not provide a direct
answer, but rather supporting information such as risk profiles or auxiliary evidence that the human
must interpret. Under AI-Guided Dialogic Engagement, the AI and the human exchange information
over several turns. Under User-Guided Interactive Adjustments, the user changes inputs, assumptions, or
constraints in order to observe how the AI’s output responds [16]. In the present paper we focus on the
simpler static cases first.

4.2. Risks and Challenges

Human–AI collaboration is often attractive because it seems to promise a combination of complementary
strengths. Yet mixed panels also introduce distinctive epistemic risks.

• A central concern is anchoring bias. When AI assistance is available from the outset, human
agents may anchor too strongly on the AI’s suggestion [15]. In the present framework, this means
that the human ranking may no longer be treated as independent.

• A second concern is the broader possibility that human–AI collaboration may fail to produce
any epistemic gain at all. Recent theoretical work has shown that, without further structural
assumptions, hybrid human–AI systems need not outperform their components and can even
perform worse than the least accurate individual contributor [17].

• A third concern is that the collaborative integration of AI output is often far less structured than
the output format itself. Even when an AI system produces a simple ranked list of candidate
diagnoses, the way in which humans interpret, revise, defer to, or ignore that ranking can vary
dramatically across interaction settings [30].

In what follows, we address these issues by embedding one specific interaction pattern, namely,
AI-follow with concurrent panel revision, into an existing voting framework with opinion leader influence,
a classical dependence model from the voting literature. This move gives us a simple and structured
account of how information flows through the panel. It also lets us model the dependence between the
AI and the human agents explicitly. Finally, it allows us to draw on established guarantees from the
opinion leader model to quantify the probability that the collective ranking places the true world at the
top, and thus to study the epistemic gain of AI assistance under different parameter settings.



4.3. A First Model: AI-Follow with Concurrent Panel Revision

We begin with a deliberately simple setting. A panel consists of several human agents and one AI
system. Each human agent first forms an initial ranking 𝜅0𝑖 on her own. The AI then provides its
ranking 𝜅𝐴𝐼 . After seeing this advice, the human agents revise their rankings in parallel, which yields
updated rankings 𝜅1𝑖 . We then aggregate only these revised human rankings into a collective outcome.

We choose this setting for two reasons. First, it gives us a clear human baseline. Because the human
agents form 𝜅0𝑖 before they see the AI’s advice, we can compare the assisted panel with the unassisted
one. This lets us ask the central question to this work: when does AI assistance decrease the epistemic
quality of the collective judgement?

Second, this interaction pattern permits to formalize the dependence structure. Since all human
agents revise at the same time after receiving the same AI signal, we can study how AI advice affects
their rankings without also having to model sequential deliberation among the humans. That makes
concurrent revision a good starting point for a first formal analysis.

5. A Top-Choice Bridge to Opinion Leader Influence

In this section, we connect our ranking-based framework to the voting model recently proposed by
Karge et al. [6]. Their model provide a generalization of the Condorcet Jury Theorem, providing
probabilistic bounds on the collective belief tracking the truth. This provides a direct bridge to the
AI-follow interaction pattern with concurrent panel revision.

Intuitively, this voting model considers a finite set of voters, or agents, denoted by 𝒩 = {𝑎1, . . . , 𝑎𝑛},
where each agent 𝑎𝑖 may approve any number of alternatives, or worlds, from a finite set 𝑊 =
{𝜔1, . . . , 𝜔𝑚}. For each world 𝜔𝑗 , agent 𝑎𝑖 is assumed to approve 𝜔𝑗 with some probability 𝑝

𝜔𝑗

𝑖 . Since
exactly one alternative is assumed to represent the ground truth, denoted by 𝜔*, the probability 𝑝𝜔*

𝑖

is referred to as the agent’s competence. The alternative that receives the most approvals wins the
approval vote and thereby represents the collective opinion. If 𝜔* receives strictly more approvals than
any competitor, we count this as a success.

To model dependence between agents, this framework is based on the opinion leader (OL) model, one
of the classical dependence models in the voting literature. The opinion leader represents an external
influence on the election that does not itself take part in the voting, but approves alternatives and affects
the electorate through a uniform influence parameter 𝜋, that is, the probability that an agent copies
the OL’s choice. Moreover, the OL has its own competence parameter 𝑝, that is, the probability that it
approves the true world. Thus, each agent may either copy the opinion leader’s belief or vote according
to her own belief.

A top-choice ranking abstraction. At this stage, we do not yet model the full probabilistic revision
of complete rankings. Instead, we work with a top-choice abstraction. This keeps the ranking framework
in the background while giving us a clean way to model AI-induced dependence and to import the
bounds from the opinion leader setting by translating the problem of ranking aggregation into a voting
problem.

Each human agent 𝑖 first forms an initial ranking 𝜅0𝑖 , and the AI provides its own ranking 𝜅𝐴𝐼 . We
focus on the top-ranked worlds:

𝜏0𝑖 := argmin
𝜔∈Ω

𝜅0𝑖 (𝜔), 𝜏𝐴𝐼 := argmin
𝜔∈Ω

𝜅𝐴𝐼(𝜔), (12)

assuming for simplicity that these top worlds are unique, i.e., every agent assignes rank 0 to exactly one
world. Thus, 𝜏0𝑖 and 𝜏𝐴𝐼 denote the worlds to which the human agent and the AI, respectively, assign
the lowest rank; here, argmin returns a world attaining the minimum rank.

To formally mirror the opinion leader model, we define indicator variables for each 𝜔 ∈ Ω:

𝑋𝜔
𝑖 := 1[𝜏0𝑖 = 𝜔], 𝑋𝜔

𝐴𝐼 := 1[𝜏𝐴𝐼 = 𝜔]. (13)



Here, an indicator variable takes value 1 if the stated condition is satisfied and value 0 otherwise. Thus,
𝑋𝜔

𝑖 records whether agent 𝑖’s private, that is, uninfluenced, top choice is 𝜔, and 𝑋𝜔
𝐴𝐼 records whether

the AI’s public top choice is 𝜔.
This gives us simple competence parameters at the top-choice level:

𝑝𝑖 := P(𝜏0𝑖 = 𝜔*) = P(𝑋𝜔*
𝑖 = 1), 𝑝 := P(𝜏𝐴𝐼 = 𝜔*) = P(𝑋𝜔*

𝐴𝐼 = 1), (14)

and the average human competence

𝑝 :=
1

𝑛

𝑛∑︁
𝑖=1

𝑝𝑖. (15)

Intuitively, 𝑝𝑖 and 𝑝 represent the probability that the human agent, respectively the AI, ranks the
true world first.

AI-follow assistance. We now model AI-follow assistance. After seeing the AI’s advice, each agent
updates her top choice. To match the model in [6], we first assume a common influence level 𝜋 ∈ [0, 1].
Agent 𝑖 copies the AI’s top choice with probability 𝜋, and otherwise keeps her own initial top choice:

𝜏1𝑖 =

{︃
𝜏𝐴𝐼 with probability 𝜋,

𝜏0𝑖 with probability 1− 𝜋.
(16)

Equivalently, the final vote indicator for world 𝜔 is

𝑉 𝜔
𝑖 := 1[𝜏1𝑖 = 𝜔], (17)

that is, 𝑉 𝜔
𝑖 records whether 𝜔 becomes agent 𝑖’s final top-ranked world after revision. Thus, in the

language of ranking functions, 𝑉 𝜔
𝑖 = 1 exactly when 𝜔 receives rank 0 in the agent’s post-revision

top-choice abstraction. Hence, for every 𝜔 ∈ Ω,

P(𝑉 𝜔
𝑖 = 1) = 𝜋 P(𝑋𝜔

𝐴𝐼 = 1) + (1− 𝜋)P(𝑋𝜔
𝑖 = 1). (18)

That is, the probability that an agent votes for world 𝜔 is a probabilistic mixture of two cases: with
probability 𝜋, the agent copies the AI’s top choice, and with probability 1− 𝜋, the agent keeps her own
private top choice.

We aggregate the revised top choices by vote totals. For each world 𝜔 ∈ Ω, define

𝑉 𝜔
total :=

𝑛∑︁
𝑖=1

𝑉 𝜔
𝑖 . (19)

Thus, 𝑉 𝜔
total is the total number of agents who rank 𝜔 first after the revision step.

The correct world wins whenever

𝑉 𝜔*
total > max

𝜔 ̸=𝜔*
𝑉 𝜔
total. (20)

Intuitively, we count how often each world is top ranked by an agent, and the winning world is the one
that is top ranked more often than any other world.

To return to the language of ranking aggregation, we induce a collective ranking from these vote
scores by defining

𝜅vote(𝜔) := max
𝜔′∈Ω

𝑉 𝜔′
total − 𝑉 𝜔

total. (21)

Thus, a world receives a lower collective rank exactly when it receives more votes, and the worlds
with rank 0 are precisely the vote winners. Although our probabilistic analysis operates only at the
top-choice level, this construction still yields a collective ranking over all worlds.



This construction also links the voting model back to our earlier aggregation rules. For each agent 𝑖,
define the binary top-choice ranking

𝜅sp𝑖 (𝜔) :=

{︃
0 if 𝜔 = 𝜏1𝑖 ,

1 otherwise.
(22)

If we apply sum pooling to these binary rankings, the resulting raw score of world 𝜔 is

𝑠Σ(𝜔) =
𝑛∑︁

𝑖=1

𝜅sp𝑖 (𝜔) = 𝑛− 𝑉 𝜔
total. (23)

Hence, minimizing the sum-pooled score is equivalent to maximizing the vote score. In this special
case, the vote-induced ranking 𝜅vote coincides with sum pooling on the revised top-choice rankings.

Example 5.1 (From post-revision rankings to a collective ranking). Consider again the diagnostic space

Ω = {𝜔flu , 𝜔cold , 𝜔pneumonia},

and suppose that after the revision step, four human agents have the following rankings:

World 𝜔 Agent 1 Agent 2 Agent 3 Agent 4

𝜔flu 0 2 0 0
𝜔cold 1 0 2 1
𝜔pneumonia 4 3 5 3

Post-revision rankings 𝜅1
𝑖 .

The corresponding top worlds are

𝜏11 = 𝜔flu , 𝜏12 = 𝜔cold , 𝜏13 = 𝜔flu , 𝜏14 = 𝜔flu .

Hence the vote totals are

𝑉
𝜔flu

total = 3, 𝑉 𝜔cold
total = 1, 𝑉

𝜔pneumonia

total = 0.

Using 𝜅vote, we obtain

𝜅vote(𝜔flu) = 0, 𝜅vote(𝜔cold ) = 2, 𝜅vote(𝜔pneumonia) = 3.

Thus, the induced collective ranking is

𝜔flu ≺ 𝜔cold ≺ 𝜔pneumonia .

So, even though only the top worlds of the post-revision rankings enter the voting step, the resulting
vote totals still induce a full collective ranking over all worlds.

To provide the reader a more detailed understanding of the full pipeline, we illustrate the full formal
process in Figure 1.

Motivation for Top-Choice Rankings. When working with ranking functions, worlds with rank 0
have a special role as they represent the worlds believed to be most plausible. In the context of belief
revision, the worlds with rank 0 correspond to the models of the agent’s belief set. Analogously, in the
context of defeasible reasoning, formulas with rank 0 are the formulas an agent considers plausible
if no other context information is given. Therefore, for now, we assume that agents exchange their
beliefs about which worlds have rank 0. Intuitively, this seems plausible for short interactions, as it
corresponds to an agent telling others what she thinks is correct, without also communicating what
she might believe under other circumstances. This assumption also aligns well with belief aggregation
by voting, where everyone votes for the preferred choice or choices while ignoring the remainder of
the preference ranking.
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𝑉 𝜔
total =

∑︀𝑛
𝑖=1 𝑉

𝜔
𝑖

𝜅vote(𝜔) = max𝜔′ 𝑉 𝜔′
total − 𝑉 𝜔

total

AI competence
Public signal: 𝜏𝐴𝐼 = argmin𝜔 𝜅𝐴𝐼(𝜔)
Competence: 𝑝 = P[𝜏𝐴𝐼 = 𝜔*]

Human competences
Private signal: 𝜏0𝑖 = argmin𝜔 𝜅0

𝑖 (𝜔)
Competence: 𝑝𝑖 = P[𝜏0𝑖 = 𝜔*]

Revision parameter
𝜋𝑖 = probability that agent 𝑖 copies the
AI’s top choice
1−𝜋𝑖 = probability that agent 𝑖 keeps her
own top choice

Collective output
Correct-world success event:
𝑉 𝜔*
total > max𝜔 ̸=𝜔* 𝑉 𝜔

total

Link to ranking aggregation
Equivalent to sum pooling on binary spike
rankings:
𝜅sp
𝑖 (𝜔) = 0 if 𝜔 = 𝜏1𝑖 , else 1

public signal 𝜏𝐴𝐼

competence 𝑝

private top choices 𝜏0𝑖
competences 𝑝𝑖

revision via 𝜋𝑖

Figure 1: Overview of the top-choice bridge from ranking aggregation to the opinion leader model. Human
agents first form private rankings 𝜅0

𝑖 , from which only their top worlds 𝜏0𝑖 are used. The AI provides its own
ranking 𝜅𝐴𝐼 and public top choice 𝜏𝐴𝐼 . During the AI-follow revision step, each agent either copies the AI’s top
choice with probability 𝜋𝑖 or keeps her own top choice with probability 1− 𝜋𝑖, yielding revised top choices 𝜏1𝑖 .
These revised top choices are then aggregated into vote totals 𝑉 𝜔

total, which induce a collective ranking 𝜅vote.

5.1. Vote Aggregation and Sum Pooling

We briefly illustrate the connection between voting and sum pooling. Once we collapse each revised
ranking to its top world, each agent contributes a very simple binary top-choice ranking: the world she
votes for receives score 0, and every other world receives score 1. If we now sum these binary rankings
across agents, the total score of a world counts how many agents did not vote for it. This is why

𝑠Σ(𝜔) =

𝑛∑︁
𝑖=1

𝜅sp𝑖 (𝜔) = 𝑛− 𝑉 𝜔
total.

Here, 𝑉 𝜔
total is the number of votes that world 𝜔 receives, so 𝑛− 𝑉 𝜔

total is the number of agents who
did not place 𝜔 at the top. As a result, a world gets a low sum-pooled score exactly when it gets many
votes. Minimizing the sum-pooled score is therefore the same as maximizing the vote total.
Example 5.2. Suppose 𝑛 = 3 and the revised top choices are

𝜏11 = 𝜔flu , 𝜏12 = 𝜔cold , 𝜏13 = 𝜔flu .

Then the vote totals are

𝑉
𝜔flu

total = 2, 𝑉 𝜔cold
total = 1, 𝑉

𝜔pneumonia

total = 0.

The corresponding binary top-choice rankings are

𝜅sp1 = (0, 1, 1), 𝜅sp2 = (1, 0, 1), 𝜅sp3 = (0, 1, 1),

where the coordinates are ordered as (𝜔flu , 𝜔cold , 𝜔pneumonia). Summing these vectors gives

𝑠Σ = (1, 2, 3).

So flu has the lowest sum-pooled score, cold comes next, and pneumonia comes last. This is exactly
the same ordering we get from the vote totals (2, 1, 0): flu is best because it has the most votes, cold is
second, and pneumonia is last.



5.2. Probabilistic Guarantees

In this section, we state the lower bound derived in Karge et al. (2024) and outline the underlying
assumptions on the competence and dependence structure necessary to apply these bounds.

More specifically, this lower bound relies on three assumptions, paraphrased from Karge et al. (2024)
in the notation of our top-choice framework:

• First, the human agents must be independent at the private-signal level: conditional on the true
world 𝜔*, the initial top choices 𝜏01 , . . . , 𝜏0𝑛 are independent. Equivalently, the corresponding
variables 𝑋𝜔

𝑖 are independent once the true world is fixed.
• Second, the panel must be reliable on average. This is what the parameter Δ𝑝 > 0 captures: for

every competing world 𝜔 ̸= 𝜔*, the average probability that the humans place 𝜔* first exceeds
the average probability that they place 𝜔 first by at least Δ𝑝. In this sense, Δ𝑝 measures the
panel’s built-in margin in favor of the true world before the AI’s advice is revealed.

• Third, the AI’s influence must not be too strong. Since 𝜋 is the probability that an agent replaces
her own initial top choice 𝜏0𝑖 by the AI’s top choice 𝜏𝐴𝐼 , the opinion leader model requires

𝜋 <
Δ𝑝

Δ𝑝+ 1
,

which means that the AI may shape the panel’s revisions, but not so strongly that it overwhelms
the panel’s own average tendency to favor the true world.

A Bound on the Correct Top Choice. Adapting the bound of Karge et al. (2024) to our top-choice
bridge, we can bound the probability that the correct world is top-ranked in the induced collective
ranking by

P
(︀
𝜔* wins

)︀
≥ 𝑝

(︁
1− (𝑚− 1)𝑒−

𝑛
2
Δ𝑝2(1−𝜋)2

)︁
+ (1− 𝑝)

(︁
1− (𝑚− 1)𝑒−

𝑛
2
(Δ𝑝(1−𝜋)−𝜋)2

)︁
. (24)

This expression gives a direct worst-case estimate of epistemic gain under different parameter settings.
In particular, it makes transparent how success depends on the size of the panel 𝑛, the average reliability
gap Δ𝑝, the AI’s competence 𝑝, and the strength of AI influence 𝜋.

Example 5.3 (Computing the bound from the model parameters). Suppose there are 𝑚 = 3 candidate
worlds and 𝑛 = 50 human agents. Let Δ𝑝 = 0.3, so that before seeing the AI’s advice, the human panel
is on average at least 0.3 more likely to place the true world at the top than any competing world. Let
𝑝 = 0.2, meaning that the AI places the true world first with probability 0.2, and let 𝜋 = 0.1, so that
each human copies the AI’s top choice with probability 0.1. Then Equation (24) yields the lower bound

P
(︀
𝜔* wins

)︀
≥ 0.1585.

This should be interpreted as a worst-case lower bound: it guarantees only that, under the assumptions
of the model, the probability that the induced collective ranking places the true world strictly at the top
is at least 0.1585.

We illustrate the potential detrimental effect of anchoring bias in Figure 2. In the figure, we fix the
number of worlds 𝑚, the number of agents 𝑛, and the AI’s competence 𝑝, while varying the human
reliability gap Δ𝑝 on the x-axis and the AI influence parameter 𝜋 across the different curves. Intuitively,
the bound improves when the panel is larger or when the humans have a stronger built-in margin in
favor of the true world, that is, when 𝑛 or Δ𝑝 increases. Conversely, stronger AI influence 𝜋 weakens
the guarantee when the AI is not sufficiently reliable. In Figure 2, where 𝑝 = 0.2, we see that, all else
being equal, larger values of 𝜋 yield uniformly lower success guarantees. In this parameter setting,
stronger AI influence is therefore epistemically detrimental to collective accuracy.
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Figure 2: Lower bounds on success probability as a function of Δ𝑝 for different levels of AI influence. We fix
𝑚 = 3, 𝑛 = 50, and 𝑝 = 0.2. The dashed black curve shows the standalone human baseline. Higher values of 𝜋
lower the guarantee, and this effect becomes more pronounced as AI influence increases.

Epistemically Beneficial versus Epistemically Detrimental. Under these assumptions, Equa-
tion (24) gives a lower bound on the probability that the correct world wins after revision and aggregation.
In our setting, we read this as a lower bound on the probability that the induced collective ranking
places the true world at the top. However, as Figure 3 shows, even when the AI is always correct (𝑝 = 1),
increasing AI influence (𝜋) still lowers the guaranteed success probability. This feature is inherited
from the way Equation (24) is derived in Karge et al. (2024), and should therefore be interpreted as a
property of the imported voting bound rather than as a general claim about ranking-based human–AI
aggregation. This nevertheless provides a useful first benchmark: it shows how harmful AI-induced
dependence can be studied formally and identifies a special case of our framework in which sum-based
aggregation inherits established probabilistic guarantees.1

6. Outlook: Belief-Change Perspectives on Panel Revision

As we have indicated at the end of Section 3, ranking functions connect naturally to belief change
theory. This is particularly relevant for our setting because the central interaction step, namely AI-follow
revision in Figure 1, is a revision step: each human agent moves from an initial state 𝐻𝑖 (pre) to a
revised state 𝐻𝑖 (post) after receiving the AI’s advice. In the present paper, we model this transition
only through a simple top-choice copying mechanism. A natural next step is therefore to analyze the
revision process itself by means of belief change operators over sets of possible worlds [31, 32].

Under the current top-choice abstraction, each agent’s pre-revision state is represented by a single top
world 𝜏0𝑖 , and the AI contributes a single top world 𝜏𝐴𝐼 . In this simplified setting, a credibility-limited
revision operator ∘ [33] can be used to express the choice between retaining the original top world
and switching to the top world suggested by the AI. In this sense, the present update rule can be read
schematically as either preserving the current top choice, 𝜏0𝑖 ∘ 𝜏𝐴𝐼 = 𝜏0𝑖 , or adopting the AI’s top
choice, 𝜏0𝑖 ∘ 𝜏𝐴𝐼 = 𝜏𝐴𝐼 . Under the present top-choice abstraction, any belief change can only amount
to replacing the agent’s original top world by the AI’s top world.

1More precisely, in the derivation of Equation (24), the opinion leader is treated in a worst-case way that effectively allows it
to approve all incorrect worlds as well. As a result, even when 𝑝 = 1, larger values of 𝜋 still weaken the bound, because
stronger copying makes it harder to separate the correct world from its competitors in the voting scores.
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Figure 3: Lower bounds on success probability as a function of Δ𝑝 for different levels of AI influence. We fix
𝑚 = 3, 𝑛 = 50, and 𝑝 = 1. The rightmost curve is truncated on the left because, for 𝜋 = 0.20, the bound is only
valid for Δ𝑝 > 𝜋/(1− 𝜋) = 0.25.

A natural generalization to consider is the case where we allow a top-choice set of worlds rather
than a single top-choice world. For standard revision operators, this is equivalent to allowing an
arbitrary formula of the language to represent the agent’s beliefs. Following this generalization, one
can investigate other non-prioritized belief change operators, in which the new information does not
necessarily take priority over the old, and which model more complex enrichment of the human agents’
decisions in light of the AI’s advice, for instance while accounting for doubt [34] or relevance-sensitive
attitudes [35]. Moreover, it may be possible to model both the transition to 𝐻𝑖 (pre) and the subsequent
revision by AI advice as iterative belief change processes [23]. Lastly, it would be of interest to investigate
how such richer credibility-limited revision operators relate to the probabilistic guarantees appearing
in the present paper.

7. Conclusion

Summary. In this work, we presented a first formal model of a ranking-based human–AI aggregation
scenario. More specifically, we studied the interaction pattern of AI-follow assistance with concurrent
panel revision, in which human agents first form their beliefs independently and then may revise
them after the AI’s opinion is revealed. To analyze this setting probabilistically, we worked with a
top-choice abstraction of ranking functions and translated the resulting aggregation problem into a
voting framework. This allowed us to import probabilistic guarantees from the opinion leader model
and to derive a first formal account of when AI influence can be epistemically harmful through the
dependence induced by anchoring bias. At the same time, the resulting vote totals still induce a collective
ranking over all worlds, even though the current guarantees apply only at the top-choice level.

Future Work. There are several natural directions for future work. First, the current top-choice
bridge should be extended to full ranking functions, so that probabilistic guarantees can be studied
beyond the top-ranked world. Second, the panel revision step should be modeled in a richer way
by using explicit belief-revision operators rather than a simple copying parameter. Third, it would
be important to move beyond the current worst-case perspective and to identify conditions under
which AI influence is not only detrimental, but epistemically beneficial. More generally, future work



should clarify how richer models of revision and aggregation interact with probabilistic truth-tracking
guarantees in human–AI settings.
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