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Abstract

The rapid growth of scientific literature has
made automated verification of scientific
claims increasingly important, with Retrieval-
Augmented Generation (RAG) systems emerg-
ing as a promising solution. However, their
multi-stage architecture raises concerns about
confirmation bias, where systems preferentially
retrieve and generate evidence that supports a
given claim. In this paper, we present CoBiT
(Confirmation Bias Test), the first benchmark
for systematically evaluating confirmation bias
in RAG systems, consisting of 707 minimally
perturbed claim–counterclaim pairs. We pro-
pose a unified framework with stage-specific
metrics to quantify bias in both re-ranking and
generation, including Ranking Bias Magnitude
(RBM), Confirmation Bias Rate (CBR), and
consistency measures. Our experiments on
OpenScholar,ScholarQA, and LLM baselines
reveal that confirmation bias arises at different
stages of the RAG pipeline and can be ampli-
fied by re-ranking and generation. In partic-
ular, SciRAG achieves the lowest generation
bias (CBR = 0.13), it exhibits higher bias in
re-ranking, and OpenScholar shows the great-
est inconsistency between claims and counter-
claims. These findings highlight the need for
a fine-grained evaluation of epistemic risks in
RAG systems and provide practical tools to
diagnose confirmation bias.1

1 Introduction

The exponential expansion of scientific literature
has rendered the manual verification of scien-
tific claims increasingly intractable, necessitat-
ing automated, evidence-based validation frame-
works (Wadden et al., 2022a).

∗ Corresponding author.
1Code and Data available at CoBiT

Original Claim Example

Claim: CRISPR-Cas9 gene editing decreases off-
target mutations despite low-fidelity variants.
Retrieval: Mixed
Rerank: All Support
Score: 8.42
RAG Output: CRISPR-Cas9 gene editing has been
shown to decrease off-target mutations despite the
presence of low-fidelity variants (Mengstie et al.
2024). ...
Perspective of the Output: Support
Generation Bias Label: Unbiased

Counter Claim Example

Claim: CRISPR-Cas9 gene editing increases off-
target mutations despite low-fidelity variants.
Retrieval: Mixed
Rerank: Mixed
Score: -7.91
RAG Output: CRISPR-Cas9 gene editing is a pow-
erful tool for making targeted changes to DNA, but
it can also increase off-target mutations (Guo et al.
2023). ...
Perspective of the Output: Support
Generation Bias Label: Confirmation Bias

Figure 1: Example outputs generated by OpenScholar
for a claim and its counter claim. We report metrics of
confirmation bias for both re-ranking and generation.

Retrieval-Augmented Generation (RAG), which
combines retrieval mechanisms with powerful
Large Language Models (LLMs), provides a scal-
able and contextually grounded solution (Fan et al.,
2024). Recent advances have led to the emergence
of Deep Research systems (Xu and Peng, 2025),
including models such as OpenScholar (Asai et al.,
2024), ScholarQA (Singh et al., 2025), and propri-
etary systems, which generate responses grounded
in explicitly cited sources. As RAG systems are
increasingly adopted by researchers, it is critical to
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investigate whether retriever, ranking mechanisms
or generator evidence selection may inadvertently
reinforce confirmation bias, that is, the tendency to
seek and interpret evidence in ways that confirm
existing beliefs or hypotheses (Stewart, 2024).

As illustrated in Fig. 1, for the scientific claim
“CRISPR-Cas9 gene editing decreases off-target
mutations despite low-fidelity variants.” and its
corresponding counter claim obtained by replacing
decreases with increases, OpenScholar retrieves
only supporting evidence and generates a synthesis
supporting the queried claim, indicating confirma-
tion bias despite the change of a single word.

Although recent work (Wong et al., 2025) quali-
tatively identifies confirmation bias in proprietary
medical RAG systems, automatic detection and
quantification of such biases in scientific claim ver-
ification remain underexplored, as does the contri-
bution of individual pipeline stages.

To automate the evaluation of RAG models for
scientific claim verification, we construct CoBiT
(Confirmation Bias Test), the first benchmark con-
sisting of 707 claim–counterclaim pairs and a set
of novel metrics to quantify confirmation bias.

We focus on the scientific domain because
its strong logical structure and objective factual
grounding make it ideal for isolating confirmation
bias. This explicit setting allows for precise evalua-
tion without the confounding ambiguities of more
subjective topics.

We use claim–counterclaim pairs because scien-
tific claim verification is largely studied as a bipolar
task of validating or refuting claims against evi-
dence, making the stance-flipped pair the natural
unit of analysis, though confirmation bias may sur-
face in subtler multi-perspective forms elsewhere.
Because typical RAG systems re-rank top-k evi-
dence and then generate a synthesis, we design
stage-specific metrics for each.

Our metrics and empirical findings are sum-
marized as follows: (i) For the re-ranking mod-
ule, which produces top-k lists of retrieved doc-
uments, we propose Ranking Bias Magnitude
(RBM), a novel metric that learns a parametric
linear function to measure the similarity between
a target ranking and reference (biased and unbi-
ased) rankings; the same function yields V arr,
capturing bias consistency between a claim and
its counterclaim. (ii) For generation, we intro-
duce rule-based metrics: Confirmation Bias Rate
(CBR), the proportion of claims exhibiting confir-

mation bias, and V arg, which assesses bias con-
sistency between a claim and its counterclaim in
generated responses. (iii) Experiments show that
SciRAG (Ding et al., 2026) achieves the lowest
generation bias (CBR=0.13), ScholarQA’s entity-
focused retrieval and re-ranking yield the low-
est RBM, while OpenScholar shows the high-
est claim–counterclaim inconsistency under V arg,
worse than all evaluated LLM baselines.

These findings underscore the need for evalua-
tion tools that go beyond verification accuracy to
address the epistemic risks of AI-driven knowledge
access (Shi et al., 2025). We position CoBiT as a
first step, helping researchers diagnose and mitigate
confirmation bias before real-world harm occurs.

2 Dataset

Confirmation bias refers to the tendency to selec-
tively seek and favor information that supports ex-
isting beliefs while discounting contradictory ev-
idence. In the context of scientific RAG systems,
we define confirmation bias as the prioritization of
user-aligned evidence, which we quantify by evalu-
ating system objectivity across contradictory claim
pairs (c,¬c).

As illustrated in Fig. 2, we construct a bench-
mark of 707 claim pairs by first identifying original
claims and then systematically generating their cor-
responding counter claims. Annotated by two PhD
students for quality control. This setup enables
us to i) assess whether a model prioritizes factual
accuracy over simply aligning with a user’s hypoth-
esis, and ii) isolate and evaluate bias induced by
changes in perspective, stance, or relational context
between a claim and its counterclaim.

Inspired by red-teaming (Perez et al., 2022), our
dataset construction pipeline begins by generating
candidate claims using GPT-4o, grounded with sci-
entific literature inspired by SciFact-Open (Wad-
den et al., 2022b). We craft new claims rather
than reusing existing ones, as fewer than 5% of
the claims from SciFact-Open are likely to induce
confirmation bias. Next, we use Claude’s strong
reasoning capabilities to generate corresponding
counterclaims, followed by an additional round of
manual filtering to remove implausible instances
by following strategies we derived from (Kayhan,
2015). In total, 707 claim–counterclaim pairs are
retained for evaluation. To ensure dataset quality,
two annotators independently annotate the same
subset of the claim pairs, achieving a Cohen’s κ
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of 0.73. For reproducibility, all prompts used in
the pipeline are provided in the Appendix B. Our
dataset contains claims from two different field
of highly controversial topics with the following
distribution:

Domain Percentage

Science 59.6%
Health (bio-medicine) 40.4%

Table 1: Distribution of claim domains

3 Methodology

We present the first evaluation framework for quan-
tifying confirmation bias in RAG systems, which
we define as the measurable tendency of a retrieval
or generation component to produce outputs that
disproportionately align with the stance expressed
in the input query, regardless of the underlying
evidence distribution. Building on our claim-pair
dataset, we estimate the distribution of evidence
types from the Retrieval component (§3.1), design
similarity-based metrics for the Re-ranker (§3.2),
and develop rule-based metrics for the Generator
(§3.3), enabling a systematic analysis of how each
component contributes to confirmation bias. Both
of the main evaluated systems OpenScholar and
ScholarQA consist of a retrieval component, a re-
ranker, and a generator. For each system, we run
it on all claim pairs and collect the initial ranking
lists, the top-k lists after re-ranking, and the gener-
ated responses. For standalone LLMs that do not
provide access to ranking lists, we collect only their
textual outputs.

3.1 Distribution of Evidence in Retrieval

Almost all RAG systems for claim verification
employ a retriever to identify relevant documents
or passages given a scientific claim or a related
query. The resulting retrieval list is expected to con-
tain candidate evidence ranked by relevance scores.
Since the retrieval list for a claim may differ from
that of its corresponding counter claim, our aim is
to estimate the distribution of potential evidence
based on these retrieval lists. The prior distribu-
tion of potential evidence is utilized to construct
the metric to measure the confirmation bias in the
re-ranking and generation stages, as described in
Sect. §3.2 and Sect. §3.3, respectively.

We characterize the prior distribution of evi-
dence by the presence of supporting or refuting
evidence in the retrieval lists. Using Phi-4 (Mi-
croSoft, 2024), following the common practice in
claim verification (Wadden et al., 2022b) we cat-
egorize each retrieved document into one of four
classes w.r.t. an input claim c as follows: Support,
only evidence supporting c; Refute, only evidence
refuting c; Both, supporting and refuting evidence
for c; and Neutral, background or context without
a specific perspective on c.

We consider Phi-4 for this task, because it
achieves an accuracy of 94% on 200 passages man-
ually annotated by two university students. The
inter-annotator agreement between them is 98%.

Based on the counts of these evidence types, we
define the prior distribution as p(E), where E is
a random variable indicating whether a document
provides Support or Refute evidence. A document
labeled as Both contributes to the counts of both
evidence types.

Let p(E = s) (or simply p(s)) denote the proba-
bility of supporting evidence. Then we have

p(E = s) =
#Support

#Support +#Refute
, (1)

where #Support and #Refute denote the counts
of supporting and refuting evidence, respectively.
The probability of refuting evidence, p(E = r), is
defined analogously.

Rather than estimating evidence frequencies
from a single retrieval list, we find that the union of
retrieval lists for a claim and its counterclaim yields
a more reliable prior. A highly biased system may
retrieve only supporting and background evidence,
making such cases indistinguishable from claims
with genuinely one-sided evidence, e.g., “The earth
is round.”. Sec. 4 empirically examines to what
extent retrieval list length and the union of retrieval
lists influence the estimate of the prior.

3.2 Measuring Bias in Re-ranking
To avoid confirmation bias, a RAG system should
select supporting and refuting evidence in its top-k
lists in proportions consistent with the prior esti-
mated from the initial ranking lists. A systematic
over-representation of supporting evidence relative
to this prior indicates confirmation bias in the re-
ranking process. Designing a metric to quantify
confirmation bias imposes two key challenges: i)
how to consistently measure the degree of bias for
each claim or counter claim, and ii) how to quantify
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Figure 2: This figure shows the pipeline of collecting and building the dataset, indicating the phases where automated
quality control and manual quality controls are conducted

the variance between the bias scores of a claim and
its corresponding counter claim, since a top-k re-
ranked list may exhibit low bias for a claim while
indicating high bias for its counter claim.

Given a prior distribution p(E) with mixed ev-
idence, where p(E = s) > 0 and p(E = r) > 0,
we theoretically construct reference top-k re-rank
lists representing four categories: definitely biased,
definitely unbiased, biased-leaning boundary cases
and unbiased-leaning boundary cases. Their theo-
retical definitions are as follows:

• Definitely Biased: A reference top-k list that
simulates a worst-case scenario in which the
system maximizes exposure to supporting ev-
idence. The top portion of the list contains
min(k,ms) documents with supporting evi-
dence, where ms denotes the maximum num-
ber of supporting documents in the retrieval
list. The remaining positions, up to rank k,
are filled with Neutral documents.

• Definitely Unbiased: A set of reference top-k
lists in which the proportion of supporting and
refuting evidence approximates the prior dis-
tribution. In particular, documents labeled as
Both are prioritized at the top of the ranking
to ensure balanced exposure to both types of
evidence. The remaining positions are filled
by alternating supporting and refuting docu-
ments sampled without replacement from the
union of the corresponding retrieval lists.

• Biased-leaning boundary cases: A set of
top-k lists dominated by neutral documents
but containing exactly one supporting docu-
ment at varying positions. Removing the sup-
porting evidence, or replacing it with another
evidence type, eliminates the signal of confir-
mation bias.

• Unbiased-leaning boundary cases: A set of
top-k lists dominated by documents contain-
ing supporting evidence but including exactly
one refuting document at varying positions.
Removing the refuting evidence, or replacing
it with another evidence type, would signal
confirmation bias.

We emphasize the replacement of certain doc-
uments in a re-rank list will cause the definition
of the re-rank list to change to avoid contradictory
cases in our theory. Furthermore, given a claim, a
top-k list dominated by refuting evidence may in-
dicate systematic bias or hallucination in the RAG
system. Since such lists do not attempt to confirm
the user’s intent expressed in the query, they are
not considered signals of confirmation bias. The
construction of reference sets for evidence distri-
butions containing only one type of evidence or
entirely neutral cases is analogous and is provided
in the Appendix.

Metric. Given a biased reference set of top-k
lists consisting of Definitely Biased and Biased-
leaning boundary cases, and an unbiased reference
set consisting of Definitely Unbiased and Unbiased-
leaning boundary cases, we construct a metric
based on the similarity between a given top-k list
and these two reference sets. The more similar a
top-k list is to the biased cases, the more likely it is
to signal confirmation bias, and vice versa. In addi-
tion, the metric should be sensitive to the ranking
order, since an unbiased system is supposed to rank
supporting and refuting evidence at comparable
positions.

Existing ranking-based metrics, such as Spear-
man’s rank correlation, tend to overemphasize
the relative positions of individual documents, as
demonstrated in Sec. 4. Instead, we compare rank-
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ing lists based on the proportions of supporting
and refuting evidence they contain. To incorporate
ranking order, we adopt the Rank-Biased Over-
lap (RBO) metric (Webber et al., 2010), which
measures similarity between ranked lists using a
top-weighted comparison of their prefixes.

We further modify RBO by replacing the over-
lap measure with 1 − Hellinger Distance, allow-
ing the similarity function to capture differences
in the distributions of supporting and refuting evi-
dence while still accounting for ranking order. The
Hellinger distance is chosen because it remains
well-defined even when the probability of either
evidence type is zero.

More specifically, given two top-k lists u and
v, our metric computes a weighted average of the
distributional similarity between the prefixes of the
two rankings, assigning larger weights to higher
ranks so that agreement near the top contributes
more to the final score. Let ud and vd denote the
sets of documents ranked from position 1 to d in u
and v, respectively. Our metric, denoted as RBOH,
is defined as:

RBOH(u,v) = (1− q)
k∑

d=1

sim(ud,vd) q
d−1,

(2)
where q ∈ (0, 1) controls the rate at which the
weights decay with depth; smaller values of q place
greater emphasis on higher ranks.

For a prefix ud, we estimate the Bernoulli dis-
tribution {pud

(s), pud
(r)} where they sum to 1 by

counting the supporting and refuting evidence in
ud. Similarly, we obtain {pvd

(s), pvd
(r)} from vd.

The similarity between the two prefixes is defined
as

sim(ud,vd) = 1−H(pud
, pvd

), (3)

where the Hellinger distance H(·, ·) takes values
in [0, 1] and is defined as

H(pud
, pvd

) =

√√√√1−
∑

e∈{s,r}

√
pud

(e) pvd
(e).

For each target top-k list x, the unbiased refer-
ence set Su and the biased reference set Sb may
have different sizes. To avoid bias arising from this
difference and reuse parameters for ranking lists of
varying lengths, we identify the nearest neighbour
of x in each set using the RBOH similarity and use
these similarities to compute the final metric.

Let s∗b = maxv∈Sb
RBOH(x,v), and s∗u =

maxu∈Su RBOH(x,u), denote the similarities to
the nearest neighbours of x in the biased and unbi-
ased reference sets, respectively. The final metric
f(x) is defined as:

f(x) = αbs
∗
b − αus

∗
u (4)

where αb ∈ R+ and αu ∈ R+ are tunable weights
associated with the nearest neighbours from the
biased and unbiased reference sets, respectively.
This formulation is inspired by Support Vector Ma-
chines (SVM) (Hearst et al., 1998), where we as-
sign the label 1 to biased ranking lists and −1 to
unbiased ones. Accordingly, the sign of f(x) indi-
cates whether a ranking list exhibits confirmation
bias, while its magnitude reflects the degree of bias.

Following the SVM framework, given a set of
ranking lists D with labels yi ∈ {1,−1}, we opti-
mize the following hinge loss to learn αb and αu:

min
αb,αu

∑

i∈D
max (0, 1− yif(xi)) . (5)

To evaluate bias across systems we derive general
weighting parameters αb and αu for f(x). We ap-
ply rules detailed in Appendix B.6 to generate the
theoretical full permutation space as the training
dataset D. Our evaluation framework makes it
effective because a ranking list consists of only
{Support, Refute, Both, Neutral} type of docu-
ments and downstream evaluations are all based
on the symbolic representation of documents. αb

and αu are computed by fitting a SVM on dataset
D. We utilize the hinge loss signals from viola-
tion of misclassifications and anchoring re-rank
lists for training, the detailed training algorithm in
Appendix B.7. These general α values are subse-
quently applied to our empirical dataset to assess
consistency and evaluate the bias inherent across
individual RAG components. In this way, we quan-
tify confirmation bias in the re-ranking stage at the
system level using the Ranking Bias Magnitude
(RBM), defined as the mean value of f(x) over
all claims and counter claims in a dataset. For a
dataset D containing N claim pairs, we define:

RBM(D) = 1

N


 ∑

f(uci )>0

f(uci) +
∑

f(u¬cj )>0

f(u¬cj )




(6)
where uci and u¬ci denote the top-k ranking

list for the i-th claim and its counter claim respec-
tively. To quantify bias at the system level, we
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define the Confirmation Bias Rate (CBR) as the av-
erage proportion of biased outputs across N claim
pairs. Similarly, variance assesses the consistency
of bias decisions between a claim and its counter
claim. In our experiments, we show that RBM is
consistent with the Ranking Bias Rate (RBR) with
rule-based decisions indicating whether a claim or
counter claim exhibits confirmation bias:

RBR(D) = 1

2N

N∑

i=1

(
I[zci = confirmation bias]

+ I[z¬ci = confirmation bias]
)

(7)
where zci and z¬ci denote the rule-based decisions
indicating whether the ranking lists for the claim
and its counter claim are biased by applying the set
of rules below.

Rules for Ranking Classification. Let p(E) de-
note the prior of evidence and T denote a top-k list,
where an item in T belongs to {S,R,B,N} (Sup-
port, Refute, Both, Neutral). The decision rules are
summarized as follows:

Prior Type p(E) Top-k Content (T ) Decision
Mixed {S,R,B} ⊆ T Unbiased
p(s) > 0, p(r) > 0 S ∈ T,R /∈ T Confirmation Bias

R ∈ T, S /∈ T Other
Only N ∈ T Other

Support S ∈ T Unbiased
p(s) > 0, p(r) = 0 {R,B} ∩ T Other
Refute R ∈ T Unbiased
p(r) > 0, p(s) = 0 S ∈ T Confirmation Bias

B ∈ T Other
Neutral Only N ∈ T Unbiased

Table 2: Consistent rules for top-k list classification.

The label Other covers (1) systematic counter-
bias toward the opposing stance, (2) outputs reflect-
ing the model’s parametric beliefs regardless of the
query, and (3) genuinely ambiguous outputs where
the stance cannot be reliably determined. We keep
those cases separate to avoid false positives in the
confirmation-bias count.

A RAG system may produce different scores un-
der our metric for a claim and its corresponding
counter claim. To quantify this variation, we com-
pute the average squared difference between the
scores for each claim pair in a dataset D as follows:

Varr(D) =
1

N

N∑

i=1

(
f(uci)− f(u¬ci)

)2 (8)

In Sec. 4, our experiments demonstrate that rank-
ing lists from the biased and unbiased categories
are linearly separable under this metric and that the
resulting scores are consistent with human interpre-
tations of bias severity.

3.3 Measuring Bias in Generation
The generated outputs are classified as Both, Sup-
port, Refute, or Neutral using Phi-4 to detect cues
of confirmation bias.

Classification Rules in Generation. Let E de-
note the prior of evidence and G denote the gener-
ated output, where E,G ∈ {S,R,B,N} (Support,
Refute, Both, Neutral). The classification rules are
summarized as follows:

p(E) Output (G) Classification
p(s) > 0 G = B Unbiased
p(r) > 0 (Mixed) G = S Confirmation Bias

G = R Other
G = N Other

p(s) > 0 G = S Unbiased
p(r) = 0 (Support) G ∈ {R,B} Other
p(r) > 0 G = R Unbiased
p(s) = 0 (Refute) G ∈ {S,B} Confirmation Bias
p(s) = 0 G = N Unbiased
p(r) = 0 (Neutral) G = S Confirmation Bias

G ∈ {R,B} Other

Table 3: Classification rules for generated texts. The
label Other includes systematic bias, internal belief,
undecided cases, etc., for the generative models.

Based on classification labels, we define the con-
firmation bias rate (CBR), which is the ratio of
claims signaling confirmation bias over claims N .

CBR =
1

2N

N∑

i=1

(
I[g(yci) = confirmation bias]

+ I[g(y¬ci) = confirmation bias]
)
.

The corresponding system-level variance in gen-
eration is defined as

Varg(D) =
1

N

N∑

i=1

I[g(yci) ̸= g(y¬ci)] , (9)

where I(·) is the indicator function, and yci and
y¬ci denote the generated outputs for the claim and
its counter claim, respectively.

4 Experiments

4.1 Experimental Setup
We conducted experiments on these systems to gain
insights into different RAG components and evalu-
ate the consistency of our methodology.

963



Qualitative analysis We conducted a qualitative
analysis on the pipeline design and prompt engi-
neering of the two RAG systems. We also collected
outputs from GPT_Search to gain insights of RAG
system behaviors without knowing the prior evi-
dence distribution.2 By analyzing their output struc-
ture and evaluating the retrieval strategies among
systems. Based on our qualitative analysis of exper-
imenting searching on Google Scholar with decom-
posed entities rather than full claims, we concluded
that searching with decomposed entities will grant
wider perspectives of information. Based on the
generation prompt we emphasize that ScholarQA
is less likely to trigger confirmation bias comparing
to OpenScholar and SciRAG.

Implementation Details To minimize the noise
introduced by hallucinations, we employ LLMs as
generative verifiers (Zhang et al., 2024) rather than
direct classifiers, since this approach constrains
the model to verify pre-specified candidate labels
rather than generate free-form judgments. This
reduces spurious reasoning chains and improves
consistency across repeated runs. The full LLM-
based classification setup, including model choice
and decoding parameters, is detailed in Appendix
4. The prompts used for document classification
and confirmation bias detection are provided in
full in Appendix 3, along with representative input-
output examples. For the three systems evaluated,
we adopt the generation settings from their respec-
tive official GitHub repositories to ensure a fair
comparison and avoid introducing bias through in-
consistent hyperparameter choices.

Validation and Evaluation details To make the
category labeling of documents and generation
outputs reliable with LLMs as the automated
agent, we collected in total 200 passages from the
retrieved documents and manually annotated their
categories with two annotators. The inter-annotator
agreement is 98% and the agreement between
human and LLM is 94%. All the experimental
results of the confirmation bias detection task
reported in this paper were conducted by Phi-4.
In our experimental setup, LLMs are not used as
direct bias detectors. Instead, they serve as claim
verifiers that evaluate claims against the provided
evidence.

2Table 6

4.2 Results and Discussion
RQ1: To what extent is confirmation bias
present in RAG systems? We evaluated
ScholarQA, OpenScholar and SciRAG with our
methodology and report the metrics in Table 4
with the qualitative analysis results in Fig.6 and
Fig.5. The evaluated systems exhibited evidence
of confirmation bias, with CBR values ranging
from 0.13 to 0.41. These results indicate that
confirmation bias is a pervasive phenomenon
in RAG-based pipelines. The CBR score also
indicates that OpenScholar is more biased than
other systems which follows the conclusion from
the qualitative analysis. The full context nature and
retrieving during generation with self-critic makes
SciRAG the least biased system we evaluated. Our
results highlight that careful evaluation and the
implementation of bias mitigation strategies are
essential before deploying RAG-based systems in
knowledge-intensive domains, particularly when
addressing controversial topics. In applications
such as scientific literature summarization,
knowledge retrieval, or decision support, biased
output from automated systems can reinforce
users’ existing beliefs, propagate misinformation,
or marginalize alternative perspectives.

Systems CBR f(x) Variance RBM RBR Varg(D)
OpenScholar 0.41 44.15 9.0 0.75 0.41
ScholarQA 0.40 35.57 7.51 0.50 0.40
SciRAG 0.13 40.81 9.06 0.77 0.14

Table 4: Main Results Table

RQ2: What is the role of the retriever and re-
ranker in triggering confirmation bias? Based
on the RBR and RBM metrics, the OpenScholar’s
re-ranker exhibits a pronounced confirmation bias
toward ’Support’ documents. While SciRAG’s
RBR and RBM is estimated by all retrieved doc-
uments for each claim as context distribution and
measure towards the full prior distribution due to
its full-context nature. Specifically, both RBR
and RBM scores are consistently higher for Open-
Scholar and SciRAG, as they use the same non-
entity based retrieval system. This phenomenon
indicates a systematic tendency to prioritize sup-
porting evidence within the top-k results compared
to ScholarQA. The general α values are consis-
tent across different systems for c ∧ ¬c, as we
achieve 100% accuracy for this case. A clear deci-
sion boundary at 0 is evident, as shown in Fig. 4.
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Intuitively, RBM measures the average magnitude
by which a re-ranked list leans toward the maxi-
mally biased reference (ALL_SUPPORT): higher
RBM means the re-ranked lists more closely resem-
ble ALL_SUPPORT, indicating that the re-ranker
systematically reinforces the belief or stance ex-
pressed in the user’s query.

Consistency Check with Human Annotation
To assess how well our metric f(x) aligns with
human judgements of bias, we conducted an anno-
tation study on 100 randomly sampled cases. This
validation is essential because the RBM is derived
largely from f(x). For each sampled ranking list,
two annotators independently assigned it to one of
the four categories defined in Section 3.2: biased,
boundary-biased, boundary-unbiased, and unbi-
ased. We then sorted the 100 cases by their f(x)
scores in descending order. A case was considered
aligned if its position in this sorted list fell within
the range implied by its annotated category under
the ordering

(biased) > (boundary-biased)

> (boundary-unbiased) > (unbiased).

Disagreements and boundary cases were recorded
separately and resolved through discussion. The re-
sulting human–machine agreement was 95%, while
the inter-annotator agreement between the two an-
notators was also 95%.

RQ3: Does the generator align with the prior or
confirm the user input? By qualitatively evalu-
ating the outputs and the prompt for generation in
OpenScholar, we find a pattern that the top-ranked
content is more favorable by the generators. We
performed the following experiment to find valid
empirical evidence to support this qualitative study.
For each instance in the dataset we compute the
semantic similarity between the model’s output and
each sub-passage used for generation. We use co-
sine similarity over sentence embeddings produced
by a pretrained encoder. This yields, for every row,
one similarity score per document rank index. To
assess how semantically aligned the output is with
each document position across the dataset, we aver-
age these similarity scores across all rows sharing
the same document rank, producing a single rep-
resentative similarity score per index. The result
is as follows: The first ranked document is more
favorable than the rest, and a decreasing semantic
similarity from the higher ranked documents to the
lower ranked documents

Document Rank Index semantic similarity

0 0.7725
1 0.7534
2 0.7527
3 0.7496
4 0.7487
5 0.7410

Table 5: Top Ranked document has higher semantic
similarity comparing to others

The Varg(D) score quantifies the intrinsic con-
sistency of the generators. In the absence of
reranked context, standalone LLMs exhibit greater
consistency; however, assuming a mixed prior in
their pretraining data, their elevated CBR suggests
a limited capacity to represent diverse perspectives
on a given claim. OpenScholar demonstrates lower
consistency compared to ScholarQA, a discrepancy
likely attributable to the differing capabilities of
their respective base models: a fine-tuned Llama-3
and the more robust GPT-4o.

Figure 3: Reference context vs raw re-rank context for
generation consistency on subset

To further examine generator sensitivity, we con-
ducted a controlled experiment using manually cu-
rated reranking contexts on a of our data. These
rerank context were constructed according to the
heuristic rules defined in Table 2 and we used the
same rerank context for both c & ¬c . Specifi-
cally, we maximized the ranking diversity by inter-
leaving document types, following the definition of
the Definitely Unbiased case. The consistency of
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the generator is illustrated in Fig. 3. We observe a
marked increase in the confirmation bias category,
suggesting that the generator selectively utilizes
the rerank context to confirm the user input. This
score exceeds that of the baseline configuration be-
cause, in the latter, the total observed confirmation
bias is partially inherited from the re-ranker’s own
bias—a phenomenon previously detailed in RQ2.
For Varg(D) of this experiment, we record 0.38 in-
dicating that while modifying the reranking context
can effectively mitigate confirmation bias during
the re-ranking process, the generator remains the
more significant contributor to biased outputs.

5 Related Work

Bias in LLMs. LLMs are now ubiquitous, used
for diverse tasks even when less efficient than tra-
ditional web searches (Bender et al., 2021). How-
ever, model performance remains tethered to train-
ing data, which—while beneficial—often intro-
duces systematic biases (Bansal, 2022). Since pre-
training serves as the model’s "prior information"
(Ranaldi and Pucci, 2025), LLMs frequently inherit
harmful human language patterns, such as stereo-
typed associations between social groups, profes-
sions, and emotions (Bolukbasi et al., 2016; Bartl
et al., 2020; Kiritchenko and Mohammad, 2018).

To address this, frameworks like the Prompt As-
sociation Test (P-AT) have been developed to de-
tect biases in word representations (Onorati et al.,
2023). Detection techniques have since expanded
to complex generative and retrieval systems; for in-
stance, SciFact-Open (Wadden et al., 2020), FAIR
(Gao et al., 2022), and SciClaimHunt (Kumar et al.,
2025) evaluate scientific claim verification.

RAG for Scientific Literature Review RAG sys-
tems streamline scientific literature reviews by inte-
grating user input with trustworthy context (Singh
et al., 2025; Asai et al., 2024). While standard
RAG uses a retriever and an LLM with prompt
engineering for downstream tasks, SOTA RAG sys-
tems employ re-rankers to reorder context based
on relevance and source trustworthiness, improving
overall quality (Moreira et al., 2024).

Efforts to address these challenges include sys-
tems such as OpenScholar (Asai et al., 2024) and
ScholarQA improve factual grounding but often
overlook the cognitive biases embedded in retrieval
dynamics. Similarly, while autonomous frame-
works like FARS (Analemma Intelligence, 2026)
automate the research lifecycle, bias which rein-

force beliefs are still under explored which may
lead to catastrophic consequences.

Confirmation Bias in Information Retrieval (IR)
Confirmation Bias in Information Retrieval with
modern search engines and retrieval methods in-
creasingly emphasizing semantic precision (Kay-
han, 2015), confirmation bias cannot be attributed
solely to users selecting confirmatory evidence.
Rather, the formulation of a search query that re-
flects a particular perspective can systematically
shape the retrieved results, thereby amplifying the
likelihood of confirmation bias. This phenomenon
is leveraged as the foundation for constructing a
confirmation bias benchmark in our work.

6 Conclusions

We presented CoBiT, the first benchmark for sys-
tematically evaluating confirmation bias in RAG
systems for scientific claim verification. Our contri-
butions are threefold: (i) a dataset of 707 minimally
perturbed claim–counterclaim pairs generated by
LLMs and manually filtered; (ii) a unified evalua-
tion framework with stage-specific metrics, RBM
and V arr for the re-ranker and CBR and V arg
for the generator; and (iii) a comparative empirical
analysis across three RAG systems (OpenScholar,
ScholarQA, SciRAG) and five LLM baselines, iso-
lating how retrieval design, re-ranker choice, and
base-model capability each contribute to confirma-
tion bias. Three empirical findings stand out. Con-
firmation bias is prevalent, with a CBR greater than
0.13 in all evaluated systems. It arises at distinct
stages and can be amplified downstream, as evi-
denced by ScholarQA’s re-ranker–dominated bias
profile. Stance-flipping further exposes inconsis-
tencies that aggregate accuracy metrics miss, with
OpenScholar performing worse on V arg than on
all baselines LLM. We release CoBiT to support
the development and auditing of more trustworthy
RAG systems.

Towards Mitigation. Although CoBiT focuses
on diagnosis, reliable measurement is a precondi-
tion for principled mitigation. The stage-specific
metrics proposed point directly to concrete inter-
vention strategies for future work.
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Limitations

Although our current work is limited in scope to the
scientific literature, this domain provides a highly
structured environment rich in factual content and
distinct claims. We acknowledge that it does not
capture the full spectrum of knowledge domains,
such as politics, health, or finance, where confir-
mation bias frequently manifests. Expanding this
benchmark to more diverse areas would undoubt-
edly broaden its impact and offer a more compre-
hensive understanding of bias in modern RAG sys-
tems. However, because our primary goal is to
establish quantitative analysis tools, the inherently
bipolar nature of scientific claims provides a logi-
cal, highly controlled baseline for our evaluation
design. Another potential limitation of our evalua-
tion is the possibility of a model-generated-claim
and model-judged-bias loop. If the same or similar
language-model priors influence both the construc-
tion of claim and counterclaim pairs and the assess-
ment of confirmation bias, the resulting patterns
may reflect artefacts of the generation and judging
procedures rather than genuine system bias. To
reduce this risk, most of our claims are associated
with grounding documents containing the under-
lying scientific evidence. Our use of grounding
documents is similar to SciFact-Open (Wadden
et al., 2022b).

Ethics Statement

We will release our dataset under the CC BY-NC
4.0 license. The analysis, manual annotation, and
automated confirmation bias detection processes
do not involve the use of personal, offensive, or
sensitive information. Furthermore, the types of
bias discussed and analyzed in this work pertain to
confirmation bias in information retrieval and gen-
eration systems. They do not involve or target any
specific demographic group and do not carry nega-
tive implications for any protected or marginalized
populations.
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A Appendix

Figure 4: RBOH score based Bias distribution with clear decision boundary

Original Claim Document Set

Claim: CRISPR-Cas9 gene editing decreases
off-target mutations despite low-fidelity variants.
Retrieval keyword: CRISPR-Cas9 gene editing,
ff-target mutations
Document distribution size retrieval: 218
Re-rank context: CRISPR-Cas9 gene editing
decreases off-target mutations despite low-fidelity
variants.
Document distribution size re-rank: 59

Counter Claim Document Set

Claim: CRISPR-Cas9 gene editing increases
off-target mutations despite low-fidelity variants.
Retrieval Keyboard: CRISPR-Cas9 gene editing,
off-target mutations
Document distribution size retrieval: 218
Re-rank context: CRISPR-Cas9 gene editing
increases off-target mutations despite low-fidelity
variants.
Document distribution size re-rank: 34

Figure 5: ScholarQA use entity-focused retrieval which depends on the keywords, we can see that these two claims
use the same set of keyword for retrieval, resulting in similar distribution of documents. Small hamming distance.
While the re-ranking use the full context of the claim, so the size and content for the distribution of documents will

be much different than the time of retrieval

Original Claim Document Set

Claim: CRISPR-Cas9 gene editing decreases
off-target mutations despite low-fidelity variants.
Retrieval context: CRISPR-Cas9 gene editing
decreases off-target mutations despite low-fidelity
variants.
Document distribution size retrieval: 100
Re-rank context: CRISPR-Cas9 gene editing
decreases off-target mutations despite low-fidelity
variants.
Document distribution size re-rank: 20

Counter Claim Document Set

Claim: CRISPR-Cas9 gene editing increases
off-target mutations despite low-fidelity variants.
Retrieval context: CRISPR-Cas9 gene editing
increases off-target mutations despite low-fidelity
variants.
Document distribution size retrieval: 100
Re-rank context: CRISPR-Cas9 gene editing
increases off-target mutations despite low-fidelity
variants.
Document distribution size re-rank: 20

Figure 6: OpenScholar use K-means retrieval to match the full context of the claim with the closest semantic
meaning documents, the retrieval and re-rank are also fixed size. Because the initial retrieval uses the same context

as the re-ranking process, the overall difference are not as significant comparing with ScholarQA’s re-ranking
process.
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System Name Confirmation Bias Rate
GPT-search 0.43
ScholarQA-Claude 0.56

Table 6: Results of Human Annotation on the 70 claim
pairs sub-set.

LLMs CBR Varg(D)
yi 0.63 0.39
phi4 0.61 0.35
llama 0.63 0.39
qwen 0.60 0.37
GPT4o 0.74 0.25

Table 7: LLM Standalone Test
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Figure 7: The change in document ID overlap density when comparing initial retrieval results to those refined by a
full-input reranker: OpenScholar
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Figure 8: The change in document ID overlap density when comparing initial retrieval results to those refined by
entity focused reranker: ScholarQA
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B Prompts

B.1 Scientific Claim Generation Prompt (Claude)

Generate a set of concise scientific claims grounded in real-world evidence. For each claim, retrieve
or associate a relevant supporting document (e.g., research abstracts, news articles, or reports).
Present the results as a JSON file, where each entry includes:

• "claim": A clear, testable scientific claim.

• "source": A URL or citation grounding the claim.

Ensure that the claims are diverse, factually accurate, and span a range of real-world topics.

B.2 Double-Checking Prompt (GPT)

Evaluate the following scientific claims and verify that they do not contain imaginary, fabricated,
or non-existent terminology.
For each claim:

• Cross-check terminology against valid scientific sources.

• If valid, return the claim with a supporting citation.

• If invalid, flag it and optionally suggest a correction.

Output format (JSON):

{
"original-claim": "...",
"is-valid": true | false,
"source": "..."

}

B.3 Confirmation Bias Detection Prompt

Task: Determine the relationship between the claim and the evidence.
Labels: Support, Refute, Neutral, Both.
Input:

Claim: {claim_text}
Evidence: {evidence_text}

Output (JSON):

{
"label": "Support | Refute | Neutral | Both",
"explanation": "Brief explanation."

}
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B.4 RAG Hyperparameter Configuration
For reproducibility, we used the default RAG hyperparameters specified in the demonstration commands
provided in the official GitHub repositories of the three systems. We did not perform additional system-
specific hyperparameter tuning. The configuration sources are summarized in Table 8.

Table 8: Sources of the RAG hyperparameter configurations used for the evaluated systems. The configurations
follow the demonstration commands provided in the corresponding official repositories.

System Configuration Official repository
AI2 ScholarQA Official demo defaults https://github.com/allenai/ai2-scholarqa-lib
OpenScholar Official demo defaults https://github.com/akariasai/openscholar
SciRAG Official demo defaults https://github.com/yale-nlp/SciRAG

B.5 Cross-Model Agreement
As suggested, we evaluated the Qwen2.5-14B model on 50,000 instances and compared its classifications
with those produced by Phi-4. The two models achieved an agreement of 88%, measured using Jaccard
similarity, demonstrating that the classification process is consistent across different LLMs.

Table 9: Cross-model agreement between Qwen2.5-14B and Phi-4.

Model evaluated Reference model Instances Jaccard similarity
Qwen2.5-14B Phi-4 50,000 88%

B.6 Theoretical Training-Set Construction
Let L denote the size of the top-k re-ranking list, where L = k. Each list is constructed from four possible
labels: Support, Refute, Both, and Neutral. Let pS , pR, and pB ∈ [0, 1] denote the desired proportions
of Support, Refute, and Both, respectively. Categories not specified in the input statistics are assigned
proportion zero.

First, the desired proportions are converted into integer counts by rounding to the nearest integer:

nB = round(pBL), nS = round(pSL), nR = round(pRL). (10)

All Both elements are placed at the beginning of the sequence:

h = (Both, . . . ,Both︸ ︷︷ ︸
nB copies

). (11)

The remaining capacity is
nrem = L− nB. (12)

Because the rounded counts may exceed the available capacity, the Support category is assigned priority
when filling the remaining positions:

n̂S = min(nS , nrem), (13)

n̂R = min (nR, nrem − n̂S) . (14)

Any positions that remain unfilled are assigned the label Neutral:

nN = max (0, L− nB − n̂S − n̂R) . (15)

The multiset used to construct the tail of the sequence is therefore

T = {Support, . . . , Support︸ ︷︷ ︸
n̂S

,Refute, . . . ,Refute︸ ︷︷ ︸
n̂R

,Neutral, . . . ,Neutral︸ ︷︷ ︸
nN

}. (16)
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Zero-count categories are omitted from T . The generated set for a given proportion configuration is the
set of every distinct permutation of the tail appended to the fixed Both head:

U(pS , pR, pB) = {h ∥ π : π ∈ Permdistinct(T )} , (17)

where ∥ denotes concatenation.
Thus, the training data are generated exhaustively rather than sampled randomly. For a fixed proportion

configuration, the number of generated sequences is

|U(pS , pR, pB)| =
(L− nB)!

n̂S ! n̂R!nN !
. (18)

Let ϕ(u) denote the feature representation of a generated sequence u. The complete training set is
constructed as

D =
⋃

p∈P
{(ϕ(u), y(u)) : u ∈ U(p)} , (19)

where P is the set of considered proportion configurations and y(u) is the target value assigned by
the theoretical scoring rule. Consequently, D contains the theoretical maximum set of distinct valid
combinations under the specified generation rules.

B.7 Multi-Objective Hinge-Loss Optimization

For each training example (xi, yi) ∈ D, the implementation first applies the label indicator to the feature
vector:

x̃i = yixi. (20)

Given a parameter vector w, the score of an example is

fw(x̃i) = x̃⊤
i w. (21)

The model is optimized using three complementary hinge-loss components. The first component handles
ordinary classification violations, while the second and third components impose ordering constraints for
edge and reference cases.

Classification hinge loss. The classification loss penalizes examples whose signed score does not reach
the unit margin:

Lcls =
1

N

N∑

i=1

[1− yifw(x̃i)]+ , (22)

where [z]+ = max(0, z). This term is positive whenever an example is misclassified or classified with
insufficient confidence.

Reference-case hinge loss. A reference case is an anchor example whose desired relative position is
known in advance from the theoretical construction or annotation. In the current implementation, the
reference example, indexed by r, is required to obtain a higher score than every other training example.

The reference loss is therefore

Lref =
1

N − 1

N∑

i=1
i ̸=r

[mref − (fw(x̃r)− fw(x̃i))]+ , (23)

where mref > 0 is the required reference margin. The loss is zero only when the reference score exceeds
every other score by at least mref .
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Edge-case hinge loss. Edge cases are examples located at important boundaries or extremes of the
score space. Their desired ordering is known, but the score difference may be small. They are therefore
explicitly constrained during training.

Let ℓ denote the lower-scoring edge case and h denote the higher-scoring edge case. The pairwise edge
constraint is

Lpairedge = [medge − (fw(x̃h)− fw(x̃ℓ))]+ . (24)

This term is zero when the higher edge case exceeds the lower edge case by at least medge.
In addition, let b denote the designated lowest-scoring edge case. To ensure that this case remains

globally lowest, we impose

Llowestedge =
1

N − 1

N∑

i=1
i ̸=b

[mlowest − (fw(x̃i)− fw(x̃b))]+ . (25)

The complete edge-case loss is

Ledge = ωpairLpairedge + ωlowestLlowestedge , (26)

where ωpair and ωlowest control the importance of the two edge constraints.

Total objective. The three hinge-loss components are combined into the total training objective:

Ltotal = λclsLcls + λedgeLedge + λrefLref . (27)

The parameter vector is optimized using stochastic gradient descent:

w← w − η∇wLtotal, (28)

where η is the learning rate. The optimization continues for a fixed num-
ber of iterations, after which the final scores are computed as fw(x̃i).

Algorithm 1: Pseudo code for demonstration of Main, Edge-Case, and Reference-Case Hinge
Losses
for t← 1 to MAX_ITERS do

optimizer.zero_grad();
s← Xw + b;
Lmain ← 1

N

∑N
i=1max (0, 1− yisi);

sedge ← x⊤
edgew + b;

Ledge ← max (0, 1− yedgesedge);
sref ← x⊤

refw + b;
Lref ← max (0, 1− yrefsref);
Ltotal ← Lmain + Ledge + Lref ;
Ltotal.backward();
optimizer.step();
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