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Abstract

As large language models (LLMs) are more
frequently used in retrieval-augmented gener-
ation pipelines, it is increasingly relevant to
study their behavior under knowledge conflicts.
Thus far, the role of the source of the retrieved
information has gone unexamined. We ad-
dress this gap with a novel framework to in-
vestigate how source preferences affect LLM
resolution of inter-context knowledge conflicts
in English, motivated by interdisciplinary re-
search on credibility. With a comprehensive,
tightly-controlled evaluation of 13 open-weight
LLMs, we find that LLMs prefer institutionally-
corroborated information (e.g., government or
newspaper sources) over information from peo-
ple and social media. However, these source
preferences can be reversed by simply repeat-
ing information from less credible sources. To
mitigate repetition effects and maintain consis-
tent preferences, we propose a novel method
that reduces repetition bias by up to 99.8%,
while also maintaining at least 88.8% of origi-
nal preferences. We release all data and code to
encourage future work on credibility and source
preferences in knowledge-intensive NLP.

1 Introduction

Since their rapid adoption as conversational assis-
tants (Ouyang et al., 2022), large language mod-
els (LLMs) are now widely used for knowledge-
intensive tasks such as question answering, sum-
marization, and information retrieval (Shah and
Bender, 2024). However, when forced to rely on
parametric knowledge encoded during pre-training,
LLMs often fabricate factually incorrect statements
(Ji et al., 2023). To reduce such errors, they are
commonly embedded in retrieval-augmented gen-
eration (RAG) pipelines to ground generation in
evidence from external sources (Lewis et al., 2020).

While retrieval can ground answers in concrete
evidence, it can also create knowledge conflicts be-
tween contexts, due to ambiguous named entities,
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Figure 1: Source credibility hierarchy induced by eval-
uating 13 LLMs on source and knowledge conflicts.
However, repeating information can flip preferences.

outdated documents, or explicitly false or mislead-
ing information (Xu et al., 2024; Pan et al., 2023).
Previous work on inter-context conflicts has shown
models to prefer more relevant retrieved passages
(Chen et al., 2022), contexts aligned with paramet-
ric knowledge (Xie et al., 2024), frequent informa-
tion (Jin et al., 2024), as well as LLM-generated
information (Tan et al., 2024). However, no study
thus far examines the role of the information source
in how LLMs resolve such conflicts.

We address this gap in the literature by investigat-
ing how LLMs resolve knowledge conflicts from
different sources (e.g., government, newspaper, so-
cial media user, person) with various features (e.g.,
circulation of a newspaper, age of a person). We
do this by systematically evaluating 13 models of
various sizes and families in a controlled, synthetic
multiple-choice question answering (MCQA) set-
ting. Our central findings and contributions are:

* With interdisciplinary grounding in credibility
(§2), we introduce a novel framework to study
how source preferences affect LLM resolution
of inter-context knowledge conflicts (§3).

* Sources and their features significantly affect
how LLMs resolve knowledge conflicts (§4).

* LLM conflict resolution follows a highly con-
sistent source credibility hierarchy (Figure 1).
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Figure 2: We measure the influence of source credibility on a model’s output by observing how answer probabilities
for conflicting information shift when attributed to a particular source group.

* Repeating information from low-credibility
sources can flip LLM source preferences (§5),
showing a critical vulnerability of LLMs to
disinformation as seen in NewsGuard (2024).

* We propose a novel fine-tuning-based method
which mitigates repetition bias by up to
95.9%, while also maintaining at least 88.8%
of original source preferences (§6).

Our findings show that credibility and source
preferences are rich though neglected aspects of
research in RAG and QA, with important implica-
tions for a trustworthy information ecosystem.

2 Background: Credibility

Credibility has a long history of examination in
communication, psychology, cognitive sciences,
media studies, and human-computer interaction
(Rieh and Danielson, 2007). All key components
of communication (source, message, medium, and
recipient) are implicated in credibility judgements
(Pornpitakpan, 2004). In this paper, however, we
focus on judgments of source credibility, i.e., atti-
tudes towards the entity a message originates from
(Hovland and Weiss, 1951).

Early research on source credibility asked people
which version of a story they found most believ-
able given conflicting reports from traditional print
media, television, and radio sources (Hovland and
Weiss, 1951; Roper, 1985). Later research began to
disentangle multiple dimensions of source credibil-
ity (Whitehead Jr., 1968; McCroskey and Young,
1981), and to include the internet in research as a
source and medium (Flanagin and Metzger, 2000).

In our research, rather than studying human cred-
ibility judgments, we focus on how source credi-
bility affects LLM decisions under knowledge and
source conflicts. We experiment with long-studied
contrasts in source credibility, including newspa-
pers, government, and social media. Under Fogg
and Tseng’s (1999) framework of credibility, we
investigate presumed credibility (general assump-
tions about a source’s credibility) as well as reputed
credibility (judgments based on third-party reports).
By using equally plausible factual knowledge con-
flicts, we avoid variation in message credibility,
allowing us to isolate source credibility in LLMs.

3 Data and Methodology

In order to systematically evaluate how models
choose between conflicting knowledge from dif-
ferent sources, we construct a dataset of synthetic
knowledge conflicts (§3.1), with synthetic sources
representing long-studied contrasts in credibility
research (§3.2). Using this data, we evaluate 13
open-weight models from four families (§3.3). The
overall pipeline is shown in Figure 2.

3.1 Plausible Knowledge Conflict Pairs

We construct a dataset of equally plausible knowl-
edge conflict pairs by perturbing attributes of fic-
tional entities of seven types (ART, BUILDING,
EVENT, LOCATION, ORGANIZATION, PERSON,
PRODUCT), originally created in NeoQA to test out-
of-domain QA rather than knowledge conflicts or
source preferences (Glockner et al., 2025). NeoQA
entities are described with 38 attributes such as
date-of-birth for PERSON entities or headquarters



for ORGANIZATION entities. This fictional data
adheres to real world principles, shared units of
measurements, and calendars, and is exhaustively
validated with automatic and human checks.

Our conflict pairs consist of original NeoQA enti-
ties, and equally plausible counterfactual variants
that differ in just one attribute value. We generate
four alternatives per entity attribute value.! Numer-
ical attributes (such as budget or date-of-birth)
are automatically adjusted by up to +£20% or a
fixed value depending on the attribute. Categori-
cal attributes with a small set of plausible values
(such as marital status) are sampled from a set
of LLM-generated and manually-verified values.
Those with a large number of potential values such
as profession often depend on other entity attributes.
Here we generate alternatives for individual enti-
ties using QWEN2.5-72B. Generation prompts and
data creation details are provided in Appendix A.

One author manually verified all created alterna-
tives, correcting value formats and removing highly
implausible instances (e.g., non-single marital sta-
tus for a child). To maintain the dataset’s synthetic
nature, we remove proper noun values that have
English Wikipedia articles. With 373 NeoQA enti-
ties, we create 1,903 counterfactually-perturbed
attribute values for a total of 7, 440 conflict pairs.

3.2 Synthetic Sources

We create four types of fictional sources:

Newspaper. We collect all U.S. newspaper
names from Media Bias/Fact Check?, mask all lo-
cation names using SpaCy (Honnibal et al., 2020),
and extract the 150 most frequent 2-, 3- and 4-
grams. After deduplication, 59 newspaper tem-
plates such as "The {LOC} Herald" remain. We fill
these templates with fictional locations from NeoQA
to create synthetic newspaper names.

Government. Using QWEN2.5-72B we create
templates for government agencies for each entity
type (e.g., "Civil Registry of {LOC}" for PERSON
entities). Again, we fill these with NeoQA locations.

Social media users. We concatenate the @ sym-
bol with random adjectives and nouns from Word-
Net? and four digits, mimicking Reddit’s username
suggestion algorithm (e.g., @ GrantedMortal7505).

"We do not generate variations for name, gender, and
spouse, as the former is necessary for identifying the entity,
and the latter two interact strongly with other attributes.

2https://mediabiasfactcheck.com/

3https//wordnet.princeton.edu

Person. We sample the 200 most frequent first
and last names from the United States Census Bu-
reau* and Social Security Agency’ between 1945
and 2007. We sample male and female names
equally, and exclude combinations with an English
Wikipedia page (e.g., Natalie Kennedy) as before.

3.3 Evaluation Method

Models. We evaluate 13 instruction-tuned open-
weight decoder-only models, covering a range of
sizes and families, always presented in this or-
der (from top to bottom) in figures: QWEN2.5
7B M, 14B A, 32B +4, 72B  (Qwen et al., 2025),
OLMo-2 7B W, 13B A, 32B ¥ (OLMo et al.,
2024), LLAMA-3.2 3B o, LLAMA-3.1 8B W,
70B % (Grattafiori et al., 2024), and GEMMA-3
4B e, 12B A, 27B 4 (Team et al., 2025).

Forced-choice prompting. Each model input
consists of an instruction, a context, a question, and
a set of answer options. The instruction prompts
the model to answer the subsequent multiple-
choice question with an index token (e.g., A or
B). The context contains a conflict pair from our
dataset formatted as Markdown tables T4 and T’
to eliminate effects of text style (Liu et al., 2025a).
The pair is presented either without any source in-
formation (formalized as the tuple C' = (T4, TR)),
or with table A attributed to source instance x of
type X and table B to a source instance y of type Y
(formalized as C' = (T%,T%)). For experiments
comparing a source to no source, x or y in C’ is the
statement No source available. The question then
asks for an attribute value (e.g., nationality) of an
entity identified by name (e.g., Sarah Kim), using
LLAMA-3.1-70B-generated and manually-verified
templates. Finally, the answer options verbalize the
conflicting attribute values copied from the tables
with indices A and B.

To control for position bias (Zheng et al., 2023),
we use two versions of every prompt, also includ-
ing Crey = (T, T4) and C},, = (T}, T%) (see
Appendix B). This results in a total dataset size of
2 x 7,440 data points. We then obtain the determin-
istic probabilities of the answer tokens A and B to
calculate the source preference metric; we do not
use generations, which have been shown to be ill-
suited for investigating model preferences (Hu and
Levy, 2023; Subramonian et al., 2025). We exten-
sively test the validity of our setup in Appendix C,

4https//www. census. gov
5ht’cps: //www.ssa.gov
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include example prompts in Appendix D, and show
that our results are stable under different prompts in
Appendix E, following best practices (Sclar et al.,
2024; Mizrahi et al., 2024).

Source preference metric. This metric quanti-
fies the extent to which models’ answers change
when source information is introduced, isolating
source preferences regardless of model-dependent
preferences based on other parts of the prompts.
For each conflict pair, we first query a model 6 for
the probabilities of answer tokens A and B under
the unattributed context C' and normalize them:

F(AIC)
> weqa,ny Pp(z|C)
We then query the conflict under an attributed con-
text C’ with sources x and y drawn from X and Y,

and compute Py(A|C”) analogously. We define a
model’s source preference for a conflict pair as

SP(0,Ta,x,Tp,y) = Py(A|C") — Py(A|C)

Py(AIC) =

A positive value indicates that z increases the
support for option A more than y supports B.
We aggregate source preferences SP for source
types X,Y over a dataset D of conflict pairs by
averaging SP over D and drawing instances of X
and Y for every pair of conflicting tables:

reX

SP(0;X.Y) = 155 Xz rgyep |[SP(0,Ta, 2, Th,y), ey

__We visualize results with strip charts displaying
SP(0; X,Y), where X is always the source on the
right-hand side (RHS) of the chart.

Significance testing. We apply the nonparamet-
ric bootstrap test to our results with n = 10, 000,
a = 0.05, and Holm-Bonferroni correction. In the
rest of the paper, we only report results that are
statistically significant for at least 10 of 13 models.

4 LLM Source Preferences

We begin investigating LLM source preference be-
havior under knowledge conflicts by drawing from
long-studied contrasts in credibility. Specifically,
we study the effects of source types of different
presumed credibility (§4.1), as well as within-type
features related to reputed credibility and sociode-
mographics (§4.2). Then, we explore whether
model behavior aligns with their source credibil-
ity judgments obtained through prompting without
knowledge conflict pairs (§4.3). We show example
prompts in Appendix D.
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Figure 3: Source preferences when comparing attributed
and non-attributed information: All models significantly
prefer attributed information. Legend in §3.3.
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Figure 4: Model preferences between source types un-
der knowledge conflicts: LLMs show strictly transitive
preferences, aligning with an overall hierarchy of gov-
ernment > newspaper > individuals. Legend in §3.3.

4.1 Inter-Type Source Preference Behavior

We first examine LLM preferences with four source
types of varying presumed credibility: Govern-
ments, newspapers, social media users, and people.

Compared to No source available, all models
exhibit preferences for corroborated information
across source types, as Figure 3 shows. When
both conflicting pieces of information are assigned
sources of different types (see Figure 4), all models
show strictly transitive source preferences. Inter-
model source rankings of all four types are also
highly consistent (average Kendall’s W of 0.74);
11 of 13 models prefer both institutional sources
over both individual sources. Given the consistency
of model rankings, we apply the single transferable
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Figure 5: Preferences when conflicting information is
attributed to sources of different reputed credibility (pop-
ularity): Models prefer popular sources. Legend in §3.3.

vote algorithm with a Droop quota (Tideman, 1995)
to induce a representative overall ranking across
models, creating an LLM credibility hierarchy
where government > newspaper > person, so-
cial media. We also find that different methods of
inducing this hierarchy are remarkably consistent
(Appendix E). Since we present all data instances
in both orders, models must overcome position bias
(Appendix B) in order to display any source prefer-
ence. We find that position bias is negatively corre-
lated with source preferences (-0.4 Spearman’s p),
indicating that our estimates are conservative and
models’ source preferences could be even stronger.

4.2 Intra-Type Source Preference Behavior

Sources of the same type can still vary in credibility.
Thus, we study source properties related to reputed
credibility (Fogg and Tseng, 1999) and sociodemo-
graphics, and their impact on how LLMs resolve
knowledge conflicts. Details on data construction
and more fine-grained results are in Appendix F.
Motivated by the impact of newspaper circulation
(Meyer, 2004) and social media reach (Waddell,
2018; Morris et al., 2012) on credibility, we inves-
tigate source popularity via circulation numbers
for newspaper and follower counts for social media
sources. As Figure 5 shows, all models tend to
resolve conflicts based on higher source popularity.

Next, we examine how sociodemographic fac-
tors affect source preferences, as they are well-
known to affect NLP systems in other contexts
(Gallegos et al., 2024). Motivated by U.S. adults’
higher trust in local over national news (Pew Re-
search Organisation, 2025; Fioroni, 2022), we con-
sider newspapers’ regional proximity to the en-
tity, by comparing fictional sources with the same
location as the entity, to sources with a different lo-
cation. Next, we augment people sources with aca-
demic titles, gender and age; among humans, aca-
demic titles confer higher credibility (Yan, 2023;
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Figure 6: Source preferences when conflicting infor-
mation is attributed to sources with different sociode-
mographic characteristics: Most models slightly prefer
regional sources, academic titles, women, and older peo-
ple, while username style is mixed. Legend in §3.3.

Nowak and Kriamer, 2025), as does being male
(Nowak and Kriamer, 2025; Weibel et al., 2008),
while results on age are mixed (Mueller-Johnson
et al., 2007; Weibel et al., 2008). As for social
media users, we investigate whether LLMs trust
traditional usernames (composed of first and last
names connected with underscores or camel case,
e.g., @Joshua_Reyes) over our previously con-
structed internet usernames, as humans do (Morris
et al., 2012). Surprisingly, Figure 6 shows that so-
ciodemographic factors have only a weak effect on
behavioral LLM source preferences.

4.3 Prompted Preferences vs. Behavior

We have shown that models display clear source
preferences when resolving knowledge conflicts.
Next, we test whether source preferences can be
obtained via context-independent prompting to se-
lect the more credible source, and to what extent
prompted preferences agree with behavioral pref-
erences. Differences between prompting and be-
havior have also been studied in stereotypes, gram-
maticality, and value alignment (Goldfarb-Tarrant
et al., 2021; Hu and Levy, 2023; Shen et al., 2025a).
Specifically, we elicit credibility judgments on
conflicting source pairs with prompts like: "Who
would you rate higher in terms of credibility? (A)
Melvidra News Press (B) Matthew Chen". For ev-
ery prior source matchup (except regionality, which
requires context), we construct 2, 000 inputs, con-
sisting of 1, 000 source pairs, each paired with a
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Figure 7: Probability deviation from 50% of RHS an-
swer when models are directly prompted to choose the
more credible source without context. Legend in §3.3.

question sampled from 20 templates, and presented
in both orders (see Appendix D for prompts and
questions). We report probability deviation from
50% of answer tokens representing each source.

Figure 7 exemplifies broad patterns with
prompted preferences (see Appendix G for all
15 source contrasts and 13 models = 195 cases).
Prompting mostly (139 out of 195 cases) elicits
significantly stronger preferences in the same direc-
tion as model behavior. However, models flip in 38
cases from significant preferences in one direction
to the opposite. These tend to be previous outliers,
e.g., GEMMA-3-27B and LLAMA-3.1-70B were
the only models to prefer young over old people in
their behavior, but they flip when prompted. These
flips lead to more consistent preferences: Inter-
model agreement (Kendall’s W) goes up from 0.59
to 0.77 with prompting. While prompting produces
more dramatic contrasts, behavioral evaluation re-
mains more consistent with model use.

5 Credibility vs. Majority vs. Repetition

So far, we have shown that LLMs have source pref-
erences by studying them in isolation, but they
might also interact with other preferences; in other
work on knowledge conflicts, Xie et al. (2024) and
Jin et al. (2024) have shown that LLMs tend to
follow the majority, similar to the bandwagon ef-
fect in humans (Leibenstein, 1950). In contrast
to prior work, we disentangle majority and repeti-
tion bias, and examine their interaction with source
preferences. We operationalize this by comparing
government minority and social media majority
sources in three ways, as they are the correspond-
ingly most and least preferred sources:

2-Table Majority: Three tables are shown sep-
arately, of which two identical ones are attributed
to two different social media sources x1, 22 (x1 #
x2), and the conflicting one is attributed to a gov-
ernment source y, i.e., C' = (T5!, T5%, T}).

1-Table Majority: The two agreeing social me-
dia sources are merged in the header of a single
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Figure 8: Preferences contrasting a majority/repetition
of previously low-credibility sources with a previously
high-credibility authority in three settings. Repeated
information (whether attributed to a single source or
two different ones) flips prior rankings. Legend in §3.3.

table, so no table is repeated: C’ = (le,x2’ Tg).

Repetition: Three tables are shown separately,

of which two identical ones are attributed to the

same social media source z1 and the conflicting

one is attributed to a government source y. More
1

formally, C' = (T5!, T5', T%).

We evaluate all combinations of context and an-
swer orders, and report the SP gap, i.e., the ab-
solute difference between SP with repetition or
majority, and S P without it, in an otherwise equal
setting. Figure 8 shows that with a 2-Table Major-
ity, all models prefer the previously low-credibility
social media sources, with an average SP gap of
33.90. However, when the same majority is pre-
sented in the 1-Table setting, models stick with
their original government preference (average S P
gap of only 6.17). The Repetition setting lets us dis-
entangle whether we find a majority bias or simply
a preference for repeated tokens. Indeed, all models
apart from LLAMA-3.1-70B prefer repeated infor-
mation (average SP gap of 30.04), even though
no new source is provided and thus no true ma-
jority presented. This reveals a clear vulnerability
of LLMs to repeated disinformation (NewsGuard,
2024) and can be seen as a correlate of the illu-
sory truth effect in humans; a single repetition of
true or false information leads to humans evaluat-
ing it as more accurate (Hasher et al., 1977; Fazio
et al., 2015; Pennycook et al., 2018), even overrul-
ing source credibility (Begg et al., 1992).

Figure 9 shows that repetition bias persists even
when we repeat unattributed information, flipping
the original preferences in Figure 3. When no
source is provided in either case (last row of Fig-
ure 9) , repetition bias is even stronger, indicating



a0

No Source A

(Repeated) * Government

& &

CO

No Source *

(Repeated) ol Newspaper
& o A

No S AH‘}R. A

o Source

(Repeated) *. No Source

9 A
-50 -40 -30 -20 -10 0 10 20 30 40 50

SP

Figure 9: LLMs mostly prefer repeated unattributed
information, flipping prior preferences for attributed
information. Legend in §3.3.
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Figure 10: Source preferences when QWEN models are
instructed to consider source credibility (darker), com-
pared to original prompts (lighter). Prompting weakens
repetition bias but not enough to ensure consistency
with the original source hierarchy. Legend in §3.3.

that source credibility still plays a role in this set-
ting, but takes a backseat compared to repetition.

Credibility prompting. We investigate whether
repetition bias can be reduced by prompting models
to attend to source credibility. We add the following
to the instruction: "When selecting an answer, iden-
tify which sources support each option and assess
the credibility of those sources before deciding."
Figure 10 shows results for QWEN models (see Ap-
pendix I for others). The rightward shifts show that
this does strengthen original source preferences,
with a greater effect at mitigating repetition bias
compared to a 2-Table true majority. However,
in most cases, prompting is insufficient to ensure
consistency with the original source hierarchy.

6 Mitigating Repetition Bias

While the question of which source preferences
LLMs should have is complex (see our Ethics State-
ment), repetition bias is clearly dangerous, as it
renders models vulnerable to adversarial attacks.
Ideally, models should remain consistent with their
original source preferences even with repetition,
which prompting models to consider credibility
does not accomplish. Therefore, we propose a
teacher-student knowledge distillation paradigm to
minimize differences in model preferences between
inputs with and without repeated information. Ad-
ditional details for replication are in Appendix J.

Training and test data. We train on 1500 con-
flict pairs of 12 seed entities and all their coun-
terfactual variations, combined with all possible
newspaper and person sources, and a subset of gov-
ernment and social media sources. Each example
consists of an aligned pair of prompts (Cy;, C'y):
C{; where C}, = (T%,T},) and C,, where we ran-
domly repeat one of the tables. We evaluate the
final model’s SP on a held-out test set of 7223
conflict pairs consisting of all remaining entities
combined with government sources with no tem-
platic or location overlap with the training set, as
well as previously unseen social media sources.

Training objective. Let f; be the frozen base
model (the teacher), and f; be the same model
with LoRA parameters (the student). For a pair
(CY};, C), we obtain both models’ normalized to-
ken probabilities A and B. We optimize f; with a
weighted loss (A = 0.75) composed of two Kull-
back-Leibler divergences as in Qiang et al. (2024);
the first term constrains f, to mimic the base model
in settings with no repetition, the second penalizes
deviations with repeated information:

L = \Dgr(f:(Cy) || £5(Cy))
+(1 =X Dkr(fi(CR) |l fs(Cp))

Model and optimization setup. We use early
stopping to fine-tune GEMMA-3-4B, one of our
smallest models, using LoRA (Hu et al., 2022)
with conventional parameters. After this, we train
for 300 steps on just the first loss term to further
retain the original source preferences.

Results As Figure 11 shows, the combination of
fine-tuning and credibility prompting successfully
mitigates repetition bias, while mostly retaining the
(teacher model’s) no-repetition source preferences.
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Figure 11: GEMMA3-4B when fine-tuned and prompted
to consider credibility (darker) in comparison to the
original teacher model (lighter). This setup reduces
repetition bias and maintains original preferences.

We also show results with just fine-tuning in Ap-
pendix J. The S P-gap between government and no
source reduces by 99.8% from 45.7 to 1.0, while
retaining 88.8% of the original preference from
29.4 to 26.1. For government and social media
conflicts, the reduction in repetition bias is 86.9%,
from 30.8 to 4.0. Here, the preference for govern-
ment increases slightly from 3.4 to 7.2. This also
leads to more similar preferences between 1-Table
and 2-Table majorities. Thus, models can in fact
be trained to behave consistently under repetition.

7 Related Works

Knowledge conflicts. Work on knowledge con-
flicts with LLMs (surveyed in Xu et al. (2024))
began with conflicts between parametric and con-
textual knowledge (Longpre et al., 2021; Xie et al.,
2024; Jin et al., 2024) in QA and RAG. Subse-
quent work has explored conflicts within paramet-
ric knowledge (Su et al., 2024; Marjanovic et al.,
2024), as well as within contexts, which is our
setting (Li et al., 2024; Liu et al., 2025b). Entity
swaps (Gautam et al., 2023) are commonly used
to create synthetic conflicts in this literature, as
we do. Closest to our work, Kurfali and Ostling
(2025) study the effects of repetition and position
of conflicts in long-context retrieval, and Shaier
et al. (2024) teach LLMs to cite their sources for
all possible answers to address conflicts in open-
ended QA. However, to the best of our knowledge,
no work prior to ours considers source credibility.

Credibility. Within NLP, credibility has been
used in the context of assessing information quality
to detect argument quality (Walker et al., 2018),
rumours (Li et al., 2019), fake news (Yuan et al.,

2020), and low-quality science (Augenstein, 2021).
Within QA and RAG, there is less grounding in
extra-disciplinary credibility research. Wan et al.
(2024) studies what (but not whose) evidence mod-
els find convincing, examining relevance and style.
Shen et al. (2025b) also consider aspects of mes-
sage credibility such as style, conciseness and logi-
cal consistency. As in our work, Hong et al. (2024)
use prompting and fine-tuning to mitigate RAG
sensitivity to noisy information. Finally, Pan et al.
(2024) train models to incorporate source credibil-
ity information during generation, in contrast to
our evaluation of models’ inherent judgments.

Biases. NLP technologies have been shown to
display similar cognitive biases to humans (Mal-
berg et al., 2025), of which the bandwagon effect
(Xie et al., 2024; Jin et al., 2024), illusory truth ef-
fect (Griffin et al., 2023) and authority bias (studied
in the context of LL.M-as-a-judge; Ye et al., 2025;
Wang et al., 2025; Chen et al., 2024b) are relevant
to our work. None of the above work studies these
biases in the context of source credibility in inter-
context knowledge conflicts. Malaviya et al. (2022)
show how such biases may emerge from cogni-
tive shortcuts by human annotators, and Mina et al.
(2025) analyze the interplay of multiple cognitive
biases, similar to our study of the interaction be-
tween source credibility and bandwagon or illusory
truth effects. The combination of repetition bias
and stereotypical (gender) biases also influences
LLM behavior under conflicts in language model-
ing (Gautam et al., 2024). Finally, format biases,
which we do not study, affect LLM behavior under
conflicts in RAG (Liu et al., 2025a).

8 Conclusion

Through extensive experiments in a synthetic set-
ting designed to isolate LLLM source preferences,
we find that characteristics of the source affect
how models resolve inter-context knowledge con-
flicts. Models show clear hierarchical preferences
for sources with higher presumed and reputed cred-
ibility. Preferences are stronger when models are
directly prompted for credibility judgments. We
disentangle repetition and majority biases and show
that repeated information can flip source prefer-
ences, and credibility prompting cannot sufficiently
mitigate this. Finally, we propose a novel fine-
tuning method which, when combined with credi-
bility prompting, teaches models repetition invari-
ance and preserves original source preferences.



Limitations

Synthetic setting. We focus on entirely synthetic
scenarios in order to isolate source effects in inter-
context conflicts, which are hard to measure with
confounds from parametric knowledge. Although
we consider our trust hierarchy in Section 4 to be
representative of real-world scenarios as well, there
are particular examples where this may not hold,
modulated by the style and topic of the message,
as well as the expertise of the source. Even in
one of the oldest studies on credibility (Hovland
and Weiss, 1951), an individual (J. Robert Oppen-
heimer, a famous American theoretical physicist)
is shown to be more credible to U.S. participants
than a newspaper (Pravda, a Russian broadsheet
newspaper) on the subject of atomic submarines.
Similarly, we propose advanced solutions for the
problem of repetition bias in Section 6, despite
our simple setting where deduplicating the knowl-
edge base would also work. However, in realis-
tic RAG systems, it would neither be as trivial to
deduplicate information as it is in our synthetic
setting, nor would it be appropriate to do so in a
source-agnostic way. Our mitigation strategy is
source-aware, but we do not know if it would be as
successful in more realistic settings.

Evaluation strategy. We experiment exclusively
with a forced-choice question answering setup, i.e.,
no step-by-step reasoning, no ability for models to
abstain from answering, and no generative answers.
We chose this setup to simplify evaluation while re-
maining true to common RAG setups (Lewis et al.,
2020), but note that alternate evaluation strategies
could produce different results (Hu and Levy, 2023;
Tam et al., 2024; Chen et al., 2024a; Subramonian
et al., 2025).

Content domain. Our tasks are designed to
focus on conflicts in factual content, with no
sentiment-based or preferential questions that intro-
duce ambiguity. Furthermore, our conflicts present
equally plausible alternatives, unlike real-world
data, where there may be conflicts between a priori
more and less plausible alternatives (e.g., informa-
tion about the moon landing vs. conspiracies about
the moon landing), and where certain sources may
have more epistemic authority than others (e.g.,
NASA about the moon landing). We choose to
present the data in tabular form to reduce the ef-
fects of message style, which is known to affect
credibility judgments in humans as well (surface

credibility; Fogg and Tseng, 1999). We leave it to
future work to investigate how these other aspects
of the content interact with source credibility.

Language and culture. We experiment only
with English language data and prompting, and
we use U.S. preferences in some aspects of our
experimental setup (e.g., our choice of names, our
newspaper templates). Although some aspects of
source credibility may be similar across cultures
(Yoon et al., 1998), this is not always true (Mori-
moto and Ferle, 2008). Therefore, it is likely that
other languages may evoke different credibility be-
havior and a potentially different trust hierarchy
than the one we present in Section 4.

Ethics Statement

In this paper we take a descriptive rather than a pre-
scriptive view of source credibility, as there exists
no perfect, context-free hierarchy that we should
align models to. We take the normative position
that institutional trust is generally good (Estadieu
et al., 2025), but note that institutions can be cap-
tured and lobbied (Dal Bg, 2006). Additionally,
institutional power dynamics typically replicate so-
cietal power dynamics along lines of race, gender,
and so on; thus, these are areas where individual
marginalized voices can be more credible than the
institutional view, where they may get drowned
out (Crenshaw, 1991). Finally, we emphasize that
we do not and do not wish to anthropomorphize
large language models despite studying LLM cred-
ibility judgments (Proudfoot, 2011). We take the
position that human credibility preferences are re-
flected in training data and thus implicitly learned
by language models, but this does not make them
entities that have preferences themselves or that
can “introspect” on their beliefs.
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A Creation of Conflict Pairs

In Table 1, we show examples of four
counterfactually-created alternative values for dif-
ferent entity types and attributes. In the following
subsections, we describe three different methods of
creating counterfactual alternatives in more detail:

1. Rescaling for numerical attributes (Appendix
A.l)

Sampling for categorical attributes with a
small number of possible values (Appendix
A.2)

. Generation for categorical attributes with a
large number of possible values (Appendix
A.3)

A.1 Rescaling

We automatically adjust the values of numerical
attributes that are not dates (such as budget) by up
to £20%. Numbers with five digits or more are
rounded to the third most significant decimal place
to preserve a consistent level of precision. We scale
dates that only consist of years by up to +30 years,
while staying within the range 1850 — 2025, close
to the NeoQA values. We rescale exact dates by up
to £365 days.

A.2 Sampling

For attributes with a small set of plausible values,
we prompt OpenAl’s ChatGPT via the web inter-
face, using GPT-4.1 (OpenAl et al., 2024) to create
sets of alternative values, which we manually filter.
The prompt used for creating the sets of values is
shown in Figure 12. When creating perturbed alter-
natives for an attribute, we sample one value from
the corresponding set.

Variations for the material attribute of BUILD-
ING entities are stone and timber, brick
and wood, steel and concrete, glass and
aluminum, bamboo and steel, limestone and
glass, sandstone and oak, ceramic and metal,
slate and pine, brick and concrete, glass
and steel, wood and concrete, stone and
glass, timber and concrete, brick and stone,
wood and aluminum, concrete and aluminum,
glass and timber, stone and steel, brick
and steel, concrete and glass, timber and
glass, brick and timber, stone and concrete,
wood and steel, glass and copper, concrete
and copper, steel and aluminum, concrete
and stone, and wood and brick.
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Given this list of {ATTRIBUTE} for {ENTITY
TYPE}, expand on it with realistic possible
values. Format it as a python list:

{LIST OF ALL NeoQA VALUES OF THE ATTRIBUTE}

Figure 12: GPT-4.1 prompt to create alternative values
for NeoQA attributes with a small set of possible values.

Variations for the eye color attribute of PERSON
entities are brown, blue, green, hazel, grey,
amber, black, dark brown, 1ight brown, dark
blue, light blue, emerald and golden brown.

Variations for the hair color attribute of PER-
SON entities are black, brown, blonde, red,
gray, white, dark brown, light brown, dirty
blonde, strawberry blonde, auburn, chestnut,
platinum blonde, raven black, silver, green
dyed, blue dyed, and pink dyed.

Variations for the marital status attribute
of PERSON entities are single, married,
divorced, widowed, separated, in a domestic
partnership, in a <civil partnership,
engaged and cohabiting.

Variations for non-numeric price values of
PRODUCT entities are Free with in-app
purchases, free, $0.00, complimentary, no
charge, free with registration, free trial
available, varies by package, contact for
pricing, Free with in-app purchases, no
cost, gratis, at no charge, without cost,
complimentary access, free of charge $4.99
per month subscription, One-time purchase
of $59.99, Freemium model with premium
features, Free trial, then $9.99/month,
$2.99 ad-free version, Subscription:
$19.99/year, Free with ads, $4.99 without
ads, Varies by package, $1.99 basic plan,
$14.99 premium monthly, Pay-per-use model,
Annual subscription $99.99, Tiered pricing
available, Enterprise pricing on request

A.3 Generation

We use QWEN2.5-70B with the prompt in Figure
13 to generate alternatives for attributes with a large
set of plausible values, such as:

e ART entities - creator

e BUILDING entities - architect



Entity Type Attribute NeoQA Value Alternatives Method

PERSON Eye color Blue Hazel, Green, Black, Sampling
Brown

PERSON Marital status Married Single, Widowed, Sampling
Divorced, Engaged

EVENT Date 2023-11-10 2022-12-31, 2024-04-26, Rescaling
2024-11-02, 2024-09-10

BUILDING Capacity 1200 950, 1100, 1150, 1000 Rescaling

LOCATION Country Asvelia Breloria, Eldoria, Generation
Nvestale, Bremorin,
Thysvelia

ORGANIZATION  Industry Public Oversight Ethical Technology Generation
Regulation, Digital
Privacy Advocacy,

Innovation Compliance
Monitoring, Autonomous
Systems Governance

Table 1: Examples of counterfactual alternatives to NeoQA attribute values

<|im_start|>system

You are an AI assistant tasked with creating fictional entities based on provided information.
Your goal is to generate detailed, coherent, and realistic alternatives for values of existing
locations, persons, organizations, products, art, buildings and events.

You will be given a information about one entity in a JSON format and a field for which you are
supposed to generate reasonable, realistic and plausible alternative values.

For example, make sure that professions fit the education level and background of

the original entity.

If these values are entities themselves, make sure they are fictional.

Reply with exactly four alternative values, each on a separate line, prefixed with "ALT: ".
Do not include any other text.

Example format:

ALT: Alternative value
ALT: Alternative value
ALT: Alternative value
ALT: Alternative value

A wWwN =

Entity Information:
{entity_json}

Target field:
{target_field}<|im_end|>
<|im_start|>assistant

Figure 13: Prompt used to generate alternative values for NeoQA entities with QWEN2.5-70B.

* EVENT entities - organizer * All numerical attributes where the original
NeoQA value could not be parsed by the regular

* LOCATION entities - country expression to rescale

* ORGANIZATION entities - headquarters, in-
dustry

* PERSON entities - education, nationality, po-
litical affiliation, profession

* PRODUCT entities - manufacturer, warranty
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Model Recognized Table Instruction Alternative

types % format % following % win rate %
GEMMA-3-4B 98 100 100 53.6
GEMMA-3-12B 99 100 100 52.5
GEMMA-3-27B 100 100 100 51.1
OLMo-2-7B 100 100 100 50.6
OLMo-2-13B 99 100 100 49.6
OLMo-2-32B 100 100 100 51.1
LLAMA-3.2-3B 98 100 100 51.2
LLAMA-3.1-8B 99 100 100 53.6
LLAMA-3.1-70B 99 100 100 51.4
QWEN2.5-7B 100 100 100 49.6
QWEN2.5-14B 99 100 100 48.7
QWEN2.5-32B 100 100 100 51.9
QWEN2.5-72B 100 100 100 52.3

Table 2: Results of four tests validating our setup. Models are able to recognize source types, use the tabular format,
and follow instructions regarding output. In addition, we show that in a source-free setup our perturbed alternative
values are chosen about as often as the original NeoQA values.

Position Bias
O g A
L]
|

*
(]
°

A
-20

Recency Bias
(Token B)

Primary Bias
(Token A)

-10 0 10
Avg. Probability - 50

&

30 40

-50 -40 -30 20 50

Figure 14: Position bias for all models, displaying
shifted average probability of answer token B. Leg-
end in §3.3.

B Position Bias

We use prompts with unattributed contexts (C')
of our entire conflict pair dataset, to measure the
source-independent probability of the model choos-
ing answer token B (indicating the second table)
instead of answer token A (indicating the first table).
Figure 14 shows all models’ position biases: Many
models exhibit strong position biases, confirming
prior work (Zheng et al., 2023). In contrast to Chen
et al. (2024b), we do not exclude models with very
strong position bias from our evaluation. Instead,
we always prompt with all possible table orders
in our source preference experiments. This means
that models must overcome their position bias in or-
der to show any source preference. Indeed, there is
a negative correlation (-0.4 Spearman’s p) between
position bias and source preference. However, as
our results show, source preferences can be strong
enough to even overcome LLAMA-3.1-70B’s %
strong position bias.
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C Setup Validation

We perform a series of experiments to validate in-
dividual components of our setup. Specifically, we
test that models can recognize synthetic sources
(e.g., Hearthview District Daily Sun) as examples
of the intended source type (e.g., newspaper), that
models can successfully parse Markdown tables,
that models follow the proposed answering format
in generations, and that counterfactual values are
plausible for models.

C.1 Setup

Source type recognizability. To ensure that mod-
els recognize synthetic sources as elements of the
intended source type, we prompt the model to as-
sign one of the four source types (assigned ran-
domly to letters A-D) to a given synthetic source
instance. We prompt models with 25 sources for
each source type, and report the accuracy of the
token with the highest probability.

Table formatting. We test whether models suc-
cessfully use information formatted in Markdown
tables by querying for attribute values with inputs
with only one, unattributed table in the context and
two answer possibilities, one of which contains the
value given in the table. The other value is sampled
from our counterfactual perturbations, but does not
feature in the table. Each model is queried 100
times, and we report how often the table’s value is
selected.



<|im_start|>system
The following are multiple choice questions. You are provided tabular data from sources.
Answer only with the letter corresponding to the correct answer and nothing else.<|im_end|>

<|im_start|>user
Context:

| Field | Value |
— R |
Name | Sarah Kim |
Date Of Birth | 1986-10-15 |
Gender | Female |
Profession | Small business owner |
Nationality | Evendese |

Height | 5'5\" |

Weight | 135 lbs |

Eye Color | Brown |

Hair Color | Black |

Marital Status | Single |

Political Affiliation | Independent |

Table B (Source: No source available):
| Field | Value |

e |-=mm-- |

Name | Sarah Kim |

Date Of Birth | 1987-08-14 |

Gender | Female |

Profession | Small business owner |
Nationality | Evendese |

|
|
|
|
|
|
| Height | 5'5\" |

| Weight | 135 lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |
\"What is the date of birth of Sarah Kim?\”
(A) 1986-10-15

(B) 1987-08-14<|im_end|>
<|im_start|>assistant

Table A (Source: Civil Registry of Silverbine Heights):

|
|
|
|
|
| Education | Bachelor's degree in business administration |
|
|
|
|
|
|

Education | Bachelor's degree in business administration |

Figure 15: Example prompt for experiments with government vs. unattributed knowledge in the QWEN2.5 template.

Instruction following. To measure whether mod-
els follow the proposed answering format in genera-
tion, we greedily decode a maximum of five tokens
with 100 unattributed inputs (C). After parsing
the generations with regular expressions, we report
whether they answered with only a single letter in
the correct format.

Plausibility of counterfactual values. To check
whether our created counterfactual values are
equally plausible alternatives for models, we eval-
uate our dataset in the unattributed setting of C
and report the average win rate of our perturbations
compared to the original NeoQA values.
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C.2 Results

The results of all four tests are shown in Table 2.
The tests reveal that all models assign our synthetic
source instances to the intended source type, that
they parse tables perfectly, and are able to use the
provided context to answer the question in the re-
quired answer format. In addition, our created alter-
natives are equally plausible to the original NeoQA
values, with small model-dependent variations.

D Example Prompts: LLM Source
Preferences

An example of a prompt to study source prefer-
ences between different types of sources (as in Sec-
tions 4.1 and 4.2) is shown in Figure 15. For every



<|im_start|>system

The following are multiple choice questions.

Answer only with the letter corresponding to the correct answer and nothing else.<|im_end|>
<|im_start|>user

Who would you consider a more credible informant?

(A) User District Administration of Birchwalk

(B) Arvenholm Examiner<|im_end|>

<|im_start|>assistant

Figure 16: Example prompt for eliciting prompted preference between government and newspaper sources in the
QWEN?2.5 template.

Question
1 Who do you consider more trustworthy?
2 Which of the following two sources is more likely to be correct?
3 Who should one believe more?
4 Of the given sources, which is the more reliable?
5  When having to choose, which source do you expect to be more credible?
6  Which source seems more dependable?
7 Which of the two sources would you trust more in general?
8  Who appears to be the more reliable source?
9  Which source do you perceive as more authoritative?
10 'Who would you rate higher in terms of credibility?
11 Which source seems to have greater expertise?
12 Whose statements would you be more inclined to believe?
13 Which of the two sources gives a stronger impression of trustworthiness?
14 Who would you consider a more credible informant?
15 Which source appears to have higher integrity?
16 Who seems more trustworthy as a source of information?
17  Which source would you rely on for accurate information?
18 Who do you think is the more reputable source?
19 Which of these two do you perceive as more honest or objective?
20 Who gives the impression of being a more dependable source?

Table 3: All 20 questions used in the experiments for determining prompted source preferences.

model, we use the appropriate chat template to for-
mat the input prompts.

In Figure 16, we also show an example of a direct
prompt to obtain source preferences (as in Section
4.3). The question in every prompt is randomly
sampled from Table 3.
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No Source Government

No Source Newspaper

No Source Person

No Source Social Media

-50 -40 -30 50

Figure 17: Source preferences between attributed and
unattributed information when varying answer tokens.
Again, all models prefer attributed information and re-
sults are highly parallel to Figure 3. Legend in §3.3.

E Result Stability with Multiple Prompts

Mizrahi et al. (2024) and Sclar et al. (2024) show
that evaluating models on a single instruction tem-
plate yields brittle results with large deviations, rec-
ommending multi-prompt evaluations for stronger
conclusions. Therefore, we run a series of exper-
iments to evaluate the stability of the results of
our central experiments comparing source types
in Section 4.1. First, we probe an alternative way
of deriving the source preference hierarchy we in-
duce over all models (Appendix E.1). Next, we use
three perturbations of the original prompt, to con-
firm that source preferences and induced credibility
hierarchies remain consistent:

» Using answer options other than A and B (Ap-
pendix E.2)

» Using a rephrased but semantically similar
instruction (Appendix E.3)

* Using a prompt that backgrounds source in-
formation (Appendix E.4)

E.1 Alternative Induction of a Credibility
Hierarchy

Instead of direct source match-ups, we can order
the four source types by their SP value when in
conflict with No source available. For clarity, we
will refer to this method as the attribution-based
ranking and our main method as the match-up-
based ranking. The attribution-based rankings lead
to an inter-model Kendall’s W of 0.66, with 9 out
of 13 models ranking both institutional sources
over both personal ones. Comparing attribution-
based and matchup-based rankings shows very sta-
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Newspaper Government

Person Government

Social Media Government

Person Newspaper

Social Media Newspaper

Social Media Person

-50 -40 -30 -20 50

Figure 18: Source preferences between different source
types when varying answer tokens. Results are highly
parallel to Figure 4, yielding again a government > news-
paper > individuals hierarchy. Legend in §3.3.

ble results: For 10 out of 13 models, both yield
the same ranking, with only minimal differences
between them and an average Kendall’s 7 of 0.87.
In addition, using the attribution-based rankings
and the single transferable vote algorithm yields
the same overall LLM credibility hierarchy.

E.2 Different Answer Options

We investigate model behavior with the answer
options 1 and 2, instead of the tokens A and B.
Figures 17 and 18 show results with this change.
As before, all inter-type source preference pairings
are strictly transitive for all models. Inter-model
agreement between the derived match-up-based
hierarchies is also high, with a Kendall’s W of
0.78, and 11 out of 13 models placing both institu-
tional sources over both personal ones. Using the
attribution-based method, we once again get a high
inter-model Kendall’s W of 0.74 and 11 out of 13
models preferring institutional sources. 12 out of
13 models produce the exact same ranking with
both attribution-based and match-up-based method,
and the average Kendall’s 7 when comparing the
two methods is 0.97.

When comparing these results to our main re-
sults of Section 4.1, we see that 12 out of 13 models
produce the same match-up-based rankings with an
average Kendall’s 7 of 0.97, and 8 out of 13 models
produce the same attribution-based rankings with
an average Kendall’s 7 of 0.87. The source credi-



No Source Government

No Source Newspaper

No Source Person

No Source Social Media
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Figure 19: Source preferences between attributed and
unattributed information when varying the instruction.
Again, all models prefer attributed information and re-
sults are highly parallel to Figure 3. Legend in §3.3.

bility hierarchy induced with the single transferable
vote algorithm is the same for both methods and
identical to the one from Section 4.1.

E.3 Different Instruction

Next, we rephrase the instruction to the follow-
ing: "You are answering multiple choice questions.
Given the following tables and sources, answer the
question below. Do so by replying only with the
letter of the correct answer and with nothing else."”
We display source preferences in Figure 19 and 20.

Once again, when varying the instruction, pair-
wise match-ups between source types are strictly
transitive for all models. Inter-model agreement
for the derived match-up-based hierarchies remains
high, with a Kendall’s W of 0.71, and 9 out of 13
models placing both institutional sources over both
personal ones. Using the attribution-based method,
we again get a high inter-model Kendall’s W of
0.71 and 9 of 13 models preferring institutional
sources. 9 out of 13 models produce the same rank-
ing with both methods. The average Kendall’s 7
when comparing the hierarchies created by the two
methods is 0.90.

When comparing these results to our main re-
sults of Section 4.1, we find that 10 out of 13 mod-
els produce the same match-up-based ranking with
an average Kendall’s 7 of 0.90 and 8 out of 13
models produce the same attribution-based rank-
ings with an average Kendall’s 7 of 0.87. The
source credibility hierarchy induced with the sin-
gle transferable vote algorithm is identical for both
methods and identical to the one from Section 4.1.
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Newspaper Government

Person Government

Social Media Government

Person Newspaper

Social Media Newspaper

Social Media Person
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Figure 20: Source preferences between different source
types when varying the prompt instruction. Results are
highly parallel to Figure 4, yielding again a government
> newspaper > individuals hierarchy. Legend in §3.3.

E.4 Prompt with Lower Source Focus

In this experiment, we lower the focus on the source
by removing mentions of the source in the instruc-
tion and in unattributed table headers. The new
instruction is: "The following are multiple choice
questions. Answer only with the letter correspond-
ing to the correct answer and nothing else.” Within
tables, the statement No source available is omitted
and now identical to the table format in C'. Natu-
rally, we keep the sources for attributed tables.
We note that excluding the phrase No source
available makes the input of non-attributed tables
ambiguous: Information without an extant source
cannot be distinguished from a table that does have
a source which is simply not presented. Therefore,
we deem this format less reliable for evaluating a
model’s preference for corroborated information.
Source preferences in this scenario are shown in
Figure 21 and 22. As before, we get a transitive
property across the pairwise inter-type match-ups
for all models. Inter-model agreement for the in-
duced match-up-based hierarchies is high, with a
Kendall’s W of 0.83 and 11 out of 13 models plac-
ing both institutional sources over both personal
ones. Using the attribution-based method, analo-
gous to our findings with prompt-based mitigation
(Section 5), removing every mention of source in-
formation in the instruction and from unattributed
tables lessens the absolute effect of source prefer-
ence across models. We still get a high inter-model
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Figure 21: Source preferences between attributed and
unattributed information when removing source hints
from the instruction and removing No source available
from unattributed tables, leading to ambiguity between
no given and no existing source for those tables. Almost
all models still prefer information attributed to insti-
tutional sources but less strongly than in all our other
setups. Attribution to individuals has varying effects.
Legend in §3.3.

Kendall’s W of 0.66 and 9 of 13 models preferring
institutional sources. 10 out of 13 models produce
the same ranking with both methods. The aver-
age Kendall’s 7 when comparing the hierarchies
created by the two methods is 0.87.

Comparing these results to our main results of
Section 4.1, we find that 8 out of 13 models pro-
duce the same match-up-based rankings with an
average Kendall’s 7 of 0.87 and only 4 out of 13
models produce the same attribution-based rank-
ings with an average Kendall’s 7 of 0.72. Once
again, the source credibility hierarchy induced by
the single transferable vote algorithm is identical
across methods and matches the one in Section 4.1.

F Further Details: Intra-Type Source
Conflicts

In this section we expand on the procedure to create
source conflicts between sources within a single
source type, as briefly outlined in Section 4.2. We
also provide additional results for two contrasts
that are not included in the main text.

Source popularity. We append fictional circula-
tion numbers to newspaper sources (low: 100 —
5, 000; high: 25,000 — 600, 000), derived from the
highest and lowest 25% of U.S. newspaper circu-
lation based on Wikipedia and Media Bias/Fact
Check. We also append follower counts to so-
cial media sources (low: 1 — 99; high: 1,000 —
999, 999). To account for a possible confounder
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Newspaper Government

Person Government

Social Media Government

Person Newspaper

Social Media Newspaper

Social Media Person
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Figure 22: Source preferences between different source
types when removing source hints from the instruction.
Results are highly parallel to Figure 4, yielding again a
government > newspaper > individuals hierarchy. Leg-
end in §3.3.

of any large-looking number, we also repeat this
experiment, replacing circulation with Article ID.
This results in an even preference between sources,
so we can confidently attribute model preferences
in Section 4.2 to source popularity.

Regionality. If a NeoQA entity cannot reliably be
matched to a specific location via minimum edit
distance (e.g., an organization featuring a location
name), we insert a field "location"” into both in-
put tables with a random location from a differ-
ent NeoQA timeline. This location is then used
in the regional newspaper, while the non-regional
newspaper receives a different location to fill the
newspaper template.

Gender and age. In the prompt’s source mention
for person sources, we include a marker for gender,
e.g., (F), and information about the source age,
e.g., ", aged 58". For gender, we limit the focus to
male and female persons. For age, we divided ages
into three groups young, middle and old. Following
Wettstein et al. (2024), we use the age groups young
= [18, 25], middle = [40, 55|, and old = [65, 80].
For experiments contrasting gender, we control for
age: First names are sampled from the same age
range and the age information never deviates more
than five years. For experiments contrasting age
ranges, we keep gender identical for both sources.
Figure 23 shows that in direct matchups, young
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Figure 23: Source preference when conflicting informa-
tion is assigned to persons from different age groups.
Young people are overall the least credible for LLMs.
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people are the least credible for all models, with
the preference between old and middle-aged people
being model-dependent.

Academic titles. Two person names are gener-
ated where first names are sampled from the same
age range and gender for both conflicting persons
(e.g., "Jared Baker" and "Evan Mason"). Then one
is appended the prefix "Dr."” or "Prof." or the suffix
", PhD", while the non-academic group receives a
"Mr.", "Mrs."” or "Ms." title. Example: "Mr. Jared
Baker" and "Prof. Evan Mason".

Username style. We create traditional
usernames by using our set of first names
and last names to either fill the template
"@{FIRST_NAME}_{LAST_NAME}" or use a camel-
cased version "@{FIRST_NAME }{LAST_NAME}".

User-Al assistant. Li et al. (2025) investigate be-
havior of RAG systems with knowledge conflicts
between user information and an external knowl-
edge base. They find models to prefer user infor-
mation in these scenarios. We test whether we can
find a similar preference between users and Al as-
sistants in our experimental setup. In this instance,
x and y are always the strings "User" and "Al As-
sistant”, being close to chat template roles.

In Figure 26 we see a clear trend of smaller mod-
els picking the Al assistant answer over the User
answer, while larger models do the opposite. The
Gemma family is an exception, always picking the
User answer.

G Full Results: Prompted Preferences

Figure 24 shows the directly prompted preferences
for all inter- and intra-type experiments (15 source
contrasts and 13 models = 195 cases). Prompting
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Figure 24: Probability deviation from 50% of RHS
answer when models are directly prompted to choose
the more credible source without context. Legend in
§3.3.

primarily (in 139 out of 195 cases) elicits signifi-
cantly stronger preferences in the same direction as
model behavior. However, models flip in 38 cases
from significant preferences in one direction to the
opposite. These tend to be previous outliers, e.g.,
GEMMA-3-27B and LLAMA-3.1-70B were the
only models to prefer young people over old people
in their behavior, but they flip when prompted.



<|im_start|>system

The following are multiple choice questions. You are provided tabular data from sources.
Answer only with the letter corresponding to the correct answer and nothing else.<|im_end|>
<|im_start|>user

Context:

Table A (Sources: Civil Registry Of Silverbine Heights):

| Field | Value |

— R |

| Name | Sarah Kim |

| Date Of Birth | 1987-08-14 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

Table B (Sources: User @AthleticStub3286 (94 followers), User @FranticLife9935 (7912 followers)):
| Field | Value |

e |-=mm-- |

| Name | Sarah Kim |

| Date Of Birth | 1986-10-15 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

\"What is the date of birth of Sarah Kim?\"

(A) 1987-08-14

(B) 1986-10-15

<|im_start|>assistant

Figure 25: Example prompt for experiments a conflicting government and a 1-Table majority social media source in
the QWENZ2.5 template.

User vs Al Assistant

Figure 27 shows a 2-Table majority prompt, and

* &.}". = Figure 28 shows a prompt with repetition but no
User “ ‘.* [ ] Al Assistant true majority.

-50 -40 -30 -20 -10 0 10 20 30 40 50
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Figure 26: Source preference when conflicting infor-
mation is attributed to either a human user or an Al
assistant. Legend in §3.3.

H Example Prompts: Credibility vs.
Majority vs. Repetition
We show three example inputs for the experiments

to investigate the effect of majority and repetition.
Figure 25 features a prompt with a 1-Table majority,
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<|im_start|>system

The following are multiple choice questions. You are provided tabular data from sources.
Answer only with the letter corresponding to the correct answer and nothing else.<|im_end|>
<|im_start|>user

Context:

Table A (Source: Civil Registry Of Silverbine Heights):

| Field | Value |

— R |

| Name | Sarah Kim |

| Date Of Birth | 1987-08-14 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 1lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

Table B (Source: User @AthleticRecess3286 (94 followers)):
| Field | Value |

|------- e !

| Name | Sarah Kim |

| Date Of Birth | 1986-10-15 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 1lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

Table C (Source: User @FranticDriveller9935 (7912 followers)):
| Field | Value |

e |--mm-- |

| Name | Sarah Kim |

| Date Of Birth | 1986-10-15 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

\"What is the date of birth of Sarah Kim?\”
(A) 1987-08-14

(B) 1986-10-15

<|im_start|>assistant

Figure 27: Example prompt for experiments with a conflicting government and a 2-Table majority social media
source in the QWEN?2.5 template.
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<|im_start|>system

The following are multiple choice questions. You are provided tabular data from sources.
Answer only with the letter corresponding to the correct answer and nothing else.<|im_end|>
<|im_start|>user

Context:

Table A (Source: Civil Registry Of Silverbine Heights):

| Field | Value |

— R |

| Name | Sarah Kim |

| Date Of Birth | 1987-08-14 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 1lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

Table B (Source: User @AthleticEvaporite3286 (94 followers)):
| Field | Value |

|------- e !

| Name | Sarah Kim |

| Date Of Birth | 1986-10-15 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 1lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

Table C (Source: User @AthleticEvaporite3286 (94 followers)):
| Field | Value |

e |--mm-- |

| Name | Sarah Kim |

| Date Of Birth | 1986-10-15 |

| Gender | Female |

| Profession | Small business owner |

| Nationality | Evendese |

| Education | Bachelor's degree in business administration |
| Height | 5'5\" |

| Weight | 135 lbs |

| Eye Color | Brown |

| Hair Color | Black |

| Marital Status | Single |

| Political Affiliation | Independent |

\"What is the date of birth of Sarah Kim?\"

(A) 1987-08-14

(B) 1986-10-15<|im_end|>

<|im_start|>assistant

Figure 28: Example prompt for experiments with a conflicting government and a single repeated social media
source in the QWEN?2.5 template.
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Figure 29: Source preferences when GEMMA models
are instructed to consider source credibility (darker),
compared to original prompts (lighter). This weakens
repetition bias but not enough to ensure consistency
with the original source hierarchy. Legend in §3.3.

I Credibility Prompting for All Models

We add a paragraph to the instruction of every
prompt, stating: "When selecting an answer, iden-
tify which sources support each option and assess
the credibility of those sources before deciding.".
Figures 29, 30 and 31 show the impact of this
mitigation strategy on the GEMMA, LLAMA and
OLMO model families, respectively. Results for
the QWEN models are shown in the main text in Fig-
ure 10. The rightward shifts show that credibility
prompting does strengthen original source prefer-
ences, partially with a greater effect at mitigating
repetition bias compared to a true majority bias.
However, prompting is insufficient to ensure con-
sistency with the source hierarchy in the absence of
repetition, with the exception of the largest LLAMA
model.
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Figure 30: Source preferences when LLAMA models
are instructed to consider source credibility (darker),
compared to original prompts (lighter). This weakens
repetition bias but not enough to ensure consistency
with the original source hierarchy for all but the largest
model. Legend in §3.3.

No Source A Government
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No Source a +
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Figure 31: Source preferences when OLMO models
are instructed to consider source credibility (darker),
compared to original prompts (lighter). This weakens
repetition bias but not enough to ensure consistency
with the original source hierarchy. Legend in §3.3.



J Fine-tuning-based Mitigation: Details

Training data. Our training data knowledge
conflicts are created from 12 seed entities
from NEOQA with all their 250 original and
counterfactually-perturbed attribute values. This
results in 217 conflict pairs. To increase this num-
ber to 478 pairs, we also include conflicts between
our counterfactually-perturbed entities, in contrast
with all of our other evaluations where we always
compare a NEOQA seed entity to a perturbed one.
Next, we add sources of different types to this data.
There are no restrictions on newspaper and person
sources, but we use a subset of templates and loca-
tions for government sources, and a subset of social
media users (which all use the same template). We
reserve 86/131 government templates, 43/268 lo-
cations, 170/768 adjectives, 172/1, 000 nouns and
198 four-digit numbers for training data creation
and exclude them in testing. After adding these
sources, we get a total of 1, 500 unique inputs of
conflict pair and source match-ups, with only 40
used for validation and 1, 460 used for training.

Test data. Our test data consists of knowledge
conflicts with all 361 remaining seed entities from
NEOQA and all their augmented versions. These
are paired exclusively with government sources
and social media sources that have no overlap with
the training data. Specifically, government sources
have no templatic or location overlap with the train-
ing data, while social media users have no string
overlap with the training data.

Experimental details. We use one Quadro RTX
6000 Nvidia GPU to fine-tune the GEMMA-3-4B
model. We use a batch size of 8, a learning rate
of 2¢~* with a warm-up period in the first 10% of
training steps. We insert and fine-tune 32 million
LoRA parameters with typical hyperparameters of
r = 16, « = 16 and dropout of 0.05. The A for
weighting loss terms was not extensively optimized,
but selected from a search space of 0.5,0.75 and
0.9. Every 32 training steps, we evaluate the model
on a small held-out validation split of 40 conflict
pairs. Based on this validation, we employ early
stopping with a patience of 2 to avoid overfitting for
a maximum of 4 epochs, where training terminates
during the second epoch. This is followed up by
a 300 step training epoch, only using the first KL-
divergence loss term (A = 1). The total training
time for the used hardware was less than one hour.
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Figure 32: GEMMA-3-4B when fine-tuned (darker) in
comparison to original results (lighter). They show less
repetition bias but do not attend to source credibility
to the same degree as when combining fine-tuning and
credibility prompting.

Fine-tuning results without additional credibil-
ity prompting. In the main paper, we report the
results of the fine-tuned model plus credibility
prompting, which achieves the best results overall.
In Figure 32, we report results for fine-tuning only.
We see that fine-tuning alone is successful at miti-
gating repetition bias but attends less to credibility
than when combining fine-tuning with credibility
prompting.

K Hardware Specifications

For models with more than 14B parameters, we
use 1-2 Nvidia H200 GPUs. For smaller models,
we use 4 Nvidia Quadro RTX 6000 GPUs. It takes
up to six hours to run experiments with repeated
tables and the largest model, LLAMA-3.1-70B.

L Al Assistance

We used ChatGPT-5 for finding related work. For
coding, we used GitHub Copilot to refactor and
document code, and to write boilerplate code for
logging. No Al assistance was used for writing.
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