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Persona-prompted LLMs and political bias
- Annotation diversity using persona prompting (WOAH workshop at ACL 2025)
- Politically biased LLMs doing hate speech detection (TheWebConf 2025, ACM TIST)
- Political advertising and persuasion (ICWSM 2026)
- Bias management (CACM, January 2024)
Humans Using Al — The risks of biased LLMs
- Helping humans spot bias (visualizing bias for better bias annotations) (IP&M)
- Helping criminal investigators solve murder cases (COLING 2025)
- LLM agents that complete tasks for us (CHI 2025)
- A spectrum of human-AI collaboration (CACM, April 2024)
- Understanding LLM Task difficulty for routing (ACL 2026)
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LLM impersonation generates more diverse annotations

ID Persona
189476 | An experienced biomedical engineer who has successfully brought cognitive rehabilitation devices to market
11276 | A project manager who is skeptical about the practicality and cost-effectiveness of containerization
123381 | A Muslim immigrant seeking legal assistance in defending their right to religious expression
81722 a French postgraduate student focusing on multidisciplinary research
73592 | A retiree living in the Auckland suburbs who often has Sunday barbecues with her neighbors and enjoys
discussing local issues with them.
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Persona-based LLMs

- We make LLMs answer the Political Compass Test
- We then make them impersonate 200,000 personas and answer the PCT again
- This shows how we can measure and control the political bias of LLMs.

- It also highlights embedded stereotypes like: “A business developer trying to bring new
investments to the region, regardless of environmental cost” being authoritarian right
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Harmful content moderation with biased LLMs

1 10 ®
= 2 L | Llama-3.1-8B Qwen-2.5-32B Llama-3.1-70B
S 5|, e 2 “ 10° Target Category
5 ) Left Right OR | Left Right OR | Left Right OR
< @
10* liberals 0.664 2.141* | 0.540 1.978* | 0.696 2.194*
_ ‘ communists 0.650 2.466* | 0.511 1.632* | 0.688 1.778*
5 - democrats 0.548 1.709* | 0.498 1.240* | 0.649 1.925*
: left-wingers 0.605 2.116* | 0.484 1.736* | 0.612 2.233*
- right-wingers 0.566 1.761* 0.504 0.777* 0.759  0.543*
102 republicans 0.512 1.536* 0.514 0.776" 0.680  0.589"
conservatives 0.562 1.774* 0.509 0.740* 0.616 0.728"
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Propagandistic strategies in political communication

|\ Loaded Language J
How stupid and petty things have Using specific words and phrases with strong
become in Washington. emotional implications (either positive or negative) to

influence an audience.

( Name Calling )

Labeling the object of the propaganda campaign as

either something the target audience fears, hates,
finds undesirable or loves.

Bush the Lesser.

[ Whataboutism J
A nation deflects criticism of its ™

recent human rights violations by
by citing U.S. slavery history

Discredit an opponent's position by charging them
with hypocrisy without directly disproving their

argument.
I' Appeal to fear/prejudice ]
We must stop those refugees as Seeking to build support for an idea by instilling
they are terrorists. anxiety and/or panic in the population towards an
alternative.

Figure 1: Examples of Persuasion techniques from the
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Political Social Media Ads during
the 2022 Australian federal election campaign

~30,000 advertisement campaigns on Facebook and Instagram

—=. United Australia Party
Sponsored * Paid for by United Australia Party
o,
Library ID: 690903592363566
Domestic violence, one trillion dollars of debt, broken families, bankrupt

businesses, mental iliness, depression, anxiety, loneliness. Never let it happen
again. Vote 1 United Australia Party.

VOTE |1

WWW.UNITEDAUSTRALIAPARTY.ORG.AU

WWW.UNITEDAUSTRALIAPARTY.ORG.AU
Wae it viunrth it9
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3-Day Moving Average of Mean Spend

—— Labor ] i
300k i i
—— Liberal i 1 . "
G e Ad campaigns over time
E 200K — Green E i
) 150k = ---- Election Day i i
g ---- Call for Election | |
< 100k : :
50k i P
Ok —_— - \~—
Party Spend Ads Impressions CPI  Vote (%)
14M
. ALP 50A$M 13,047 292 M 173 32.58
2 oM Liberal Coalition 3.9 A$M 9,364 261 M 15 35.70
Fa UAP 1L.6ASM 416 37.3M 422 412
E“ M Independents 0.9 ASM 2,844 51 M 17.9 5.29
Greens 0.6 ASM 2,088 31.8M 19.1 12.25
ﬁ aM
M
oM Table 4: Party-level spending, impressions, and vote share.
Vote percentages do not sum to 100% due to other minor par-
3.5k ties not shown. ALP: Australian Labor Party; UAP: United
g 30k Australia Party; CPI: Cost Per Impression (AS$).
o 2.5k
2 2.0k
S5k
£ 10k Micro-targeting vs carpet bombing (endless repetition)
“ 0.5k
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Ad targeting and content abor (45.7%)
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Use of Persuasion
in the 2022 Australian federal election campaign

https://stefano-civelli.github.io/facebook _ads_react/

3-Day Moving Average Time Series of Ad Impressions

Labor Party

10M Call for Election (10 April) Election Day (21 May)
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Bias Management, not bias removal

Employing an explicit and not transparent bias removal intervention might be potentially harmful to the user

Figure 2. The five steps of bias management.

POod B8

oy

Identifying Measuring Indexing Surfacing Adapting
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Persona-prompted LLMs and political bias I Al l

- Annotation diversity using persona prompting (WOAH workshop at ACL 2025)
- Politically biased LLMs doing hate speech detection (TheWebConf 2025, ACM TIST)
- Political advertising and persuasion (ICWSM 2026)
- Bias management (CACM, January 2024)

Humans Using Al — The risks of biased LLMs
- Helping humans spot bias (visualizing bias for better bias annotations) (IP&M)
- Helping criminal investigators solve murder cases (COLING 2025)
- LLM agents that complete tasks for us (CHI 2025)
- A spectrum of human-AI collaboration (CACM, April 2024)
- Understanding LLM Task difficulty for routing (ACL 2026)
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The walkie-talkie charges stem from when soldiers raided her house on the day of the coup, reportedly discovering the contraband equipment.

u u
A Myanmar junta court on Monday convicted Aung San Suu Kyi of three criminal charges, sentencing her to four years in prison in the latest in a slew
e p I I I g l | | I l a | l S O S p O I a S of cases against the ousted civilian leader.

lived experiment with democracy.

The generals' power grab triggered widespread dissent, which security forces sought to quell with mass detentions and bloody crackdowns in which

Marking biased texts effectively increases media =~ meo st smmanmsms

A source with knowledge of the case said the 76-year-old was found guilty of two charges related to illegally importing and owning walkie-talkies and

one of breaking coronavirus rules.

.
b I a S a W a re n e S S Junta spokesman Major General Zaw Min Tun confirmed the verdicts and sentences and said Suu Kyi would remain under house arrest while other

cases against her proceed.

The walkie-talkie charges stem from when soldiers raided her house on the day of the coup, allegedly discovering the contraband equipment.

The United States condemned what it called the "unjust arrest, conviction and sentencing” of Suu Kyi, which it said was carried out in "an affront to
justice and the rule of law."

“We call on the regime to immediately release Aung San Suu Kyi and all those unjustly detained, including other democratically elected leaders,”
State Department spokesman Ned Price told reporters.

Monday's sentence adds to the penalties the court handed down in December when she was jailed for four years for incitement and breaching

Testing the role of Al-generated bias labels in » »
training people to spot bias :

The total six-year jail term would mean Suu Kyl would not be able to participate in fresh elections that the military authorities have Eledied to hold
by August 2023,

chief Min Aung Hlaing cut the sentence to two years and said she could serve her term under house arrest in the capital Naypyidaw.

December’s ruling drew international condemnation, and the Myanmar public reverted to old protesting tactics of banging pots and pans in a show
of anger. w—

The Norwegian Nobel Committee, which awarded Suu Kyi the Peace Prize in 1991, said it was "deeply concerned about her situation,” with

chairwoman Reiss-Andersen calling Monday's verdict "a politically motivated ruling."

Implications for designing bias indicators —————————

The verdicts come days after Cambodian strongman Hun Sen — who currently holds the chair for regional bloc ASEAN — held talks with Min Aung
Hlaing in Naypyidaw.

ASEAN has sought to use its influence to defuse the Myanmar crisis, but Hun Sen's visit attracted criticism from rights groups and anti-junta activists.

Under a previous junta regime, Suu Kyi spent long spells under house arrest in her family in Yangon, My 's largest city.

Please take some time now to get familiar with the app. Once you're finished, press Start to begin your duty as chief-editor.
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-------------------- ic Model 1 Q2 Q3
LLM - Document d € Dy, Metric ¢ Q Q Q Q4
k sentences to ; + current memory Gemma-2-9B 0.43 050 0.80 0.33
N documents (D) | p Gemma-2-27b 1.00 044 0.88 0.50
Document | | | Llama-3.1-8b  0.67 0.50 0.62 0.17
Collection | Phi-3-Medium 0.12 038 071 0.00
(Quey+k ) Gemma-2-9B  0.60 0.29 024 0.40
e fond! R Gemma-2-27b 0.40 024 041 0.40
Llama-3.1-8b  0.40 0.29 047 040
Figure 1: From a document collection and queries, Kri- Phi-3-Medium 0.20 0.18 0.29 0.00
RAG finds similar sentences and analyzes connected Gemma-2-9B 050 0.37 036 036
documents. A memory is built for each query as it loops r Gemma-2-27b  0.57 0.31 0.56 0.44
thIOugh the dmumentS. 1 Llama-3.1-8b 050 037 053 0.24
Type of misinformation Occurrences Example output Explanation
Fabrication of a single detail 76/117 Stabbed with a knife Document does not contain ’knife’
Fabrication of several details 13/117 He has a history of violent altercations, includinga Document does not mention these details
bar fight and a road rage incident.
Contextual error 6/117 Document 10 is an autopsy report and would directly Document 10 is not an autopsy

address the cause of death.
Misinterpretation 22/117 Between 22:10 and 23:10. Document mentions dates, not time.
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1. Log in to user account

1.1 Obtain account login information iy . .
(Account ID: 54321 iccoum Password: Initial Plan Generation Task: My account ID is 54321, and the

n Lot PWD2023) with LLM password is PWD2023. I plan to make
0 JE‘ two foreign exchange transactions. The
YT\ 2. Conduct foreign exchange transactions N first is to buy 10,000 euros (with USD),
PIJ;‘I:nMg 2.1 Buy curos and the second is to sell 5,000 US dollars
22, Sell US dollars User-Involved (to EUR). Please help me operate.

. . EA ﬂ Planning
Agents as daily assistants =

Plan Edit 2. Conduct foreign exchange transactions — 3.1 Sell USD dollars
1. Log in to user account buy euros 3.1.1 Obtain information for selling US dollars
1.1 Obtain account login information

Tasks with different levels of risk e i

3.1.2 Check the US dollar holdings
3.1.3 Obtain US dollar holdings information
lor=) 1.2 Log in to the account
1.3 Confirm successful login

2.1.1 Obtain information for buying euros
(Currency Type: EUR, Purchase Amount:
10000)

2.1.2 Buy the specified amount of euros
2.1.3 Confirm successful euro purchase

(Foreign Exchange Holdings Information:
Obtained US dollar holdings information)
3.1.4 Sell the specified amount of US dollars
3.1.5 Confirm successful US dollar sale

Planning

Al agents used in a plan-then-execute manner >

r [] n
A ~ A
%.é?@ bank_account_login sell_currency buy_currency sell_currency
|E| Account 54321 Amount 10000 Amount 10000 Amount 5000

A - Action
d O u b Ie e d g e d SW O rd Prediction Passwd PWD2023 Sourcecurrency  USD ~ Sourcecurrency  USD v Sourcecurrency  USD ~

(1) they can work well with a high-quality plan 2 o ® m. : . o
and unnecessary user involvement S — N

(2) users can easily inappropriately trust the Al & w2 Userlovolved gy 2 g £

EXCCution Transaction! Transaction!

Execution

agents with plans that seem plausible

Figure 1: Illustration of the human-AI collaboration with plan-then-execute LLM agents.




Collaboration

Balance Task Allocation
Human Judgment
. . j’: A © Humans manually decide (about relevance)
B I a S I n L L M S ’? without any kind of Al support.
. ;% A &) Humans have full control of deciding but are
supported by machine-based text
The role of Humans e, does ot e
Model In The Loop
A Humans decide based on LLM-generated
X ® g
H umans u Sed to an notate d ata summaries needed for the decision.
LLMs can replace humans in data annotation tasks X =@  Balanced competence partitioning, Humans
] ) ] and LLMs focus on decisions they are good
Microsoft Bing now uses GPT-4 for relevance judgments! at.
Human In The Loop
“ . ” % —a &% Two (or more) LLMs each generate a
Wh OIS better? decision, and a human selects the better one.
versus % A & An LLM makes a decision (and an
“ ” explanation for it) that a human can
How can they work together? rocent | relect
% A @n LLMs are considered crowdworkers—varied
by specific characteristics—, aggregated and
controlled by a human.
Fully Automated

;% N D) Fully automatic decision without humans.
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Routing prompts to one LLM among several options

A way to manage bias is to decide which LLM to send a prompt to and get an answer from
- For example, you have 200k politically biased LLMs

This may allow users to:
- Pick the most appropriate LLM given their bias

- Save money by using cheaper LLMs for simpler questions and powerful LLMs for complex
questions
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Estimating the difficulty of a prompt

To perform routing we need to be able to estimate the gerai 08
complexity of a question. s 073
HSbeok
Italian e
. . . e 05 ¢
We use internal layers and linear probes to estimate the Py 0ad
difficulty of questions given to an LLM. o m— 032

Vietnauntlelge
0 6 12 18

Layer

Middle layers give us the best estimation.

Figure 1: Layer-wise performance of difficulty probes
across languages for LLaMA-3. 1-8B. Heatmap shows,
for each test language (rows) and transformer layer
(columns), the average Spearman correlation between
probe predictions and ground-truth difficulty, where
each value is averaged over probes trained on all other
languages. Performance peaks in the middle layers,
indicating that difficulty representations are most con-
sistently aligned across languages at intermediate depths
of the network.
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Estimating the difficulty of a prompt

Training and testing difficulty probes across languages works well.

Arabic .80.77 .81 .81.80.78.79.81.74 .76 .81 .80 .80.81 .77 .77 .77 .78 .79
Bengali B:4 J76.81 .80.80.77.79.80.76.77 .81 .80.79.79 .77 .78.77 .79 .78 0-86
Chinese B[ 1] .80.79 .77 .75.79.77 .78 .79.79.79 .79 .73 .75 .77 .77 .78

Dutch KNl .81.79.80.76 .78 .B0 .81 .80 .80 .78 .78 .77 .79 .B0 0.84
S|l .77 .78 .77 .80 E «79.79.76.76.79.75.78 .77 .78.77 .79 .74 .76 .77 .77 .77

French LRI IE: ] £7.81.79.79.82.78.79 .81.82.80.81.76 .78 .77 .80 .80

0.82
German E3B:IINL] .80.79.82.77 .80.82.81 - .81.78.78.78.80.81
c
Greek RN Ii: (] .80.81 .77.79.76 .78 .79 ,80 .81 .79 .70 .73 .78.79.78 =
1]
W (A 'l.61 .80.77 .81 " .82 .81. .81.76.79.81.81.81.80.78 .78.78.79 .80 D-BUE
o
T [E1[E).80 .80 .77 .81.80.79F] .77.79.81 :- .B1 -..77.78.76.80.81 S
[=1]
FRENENCECN 76 .76 .78 .79.77. .78.78.78. 72.74.76.77 .77 s
- 073E
c Gl ul.78 .79 .78. .81.80.78. .77 .81.80.80. 75.76.78.80.79 5
E 1]
= Polish E:INE:(I A .B1.80. . - 77 .77 .78.80 .81 2
Portuguese RINCLIRZ .81.82. 77.79. . .77.78.78 .80 .81 D'mé
Russian ULV .B1.81. .77.79.81. .77 .77 .78.79 .81
Spanish E:hE:{H .80. 77. .825:.1 ,77.78.78.80 .80 0.74
Swahili VLR .80.73. .72.77.80.79. 79.76.75.77 .77
A V') .80 .80 .76 . .80.77. .78 .80.80. 76 .81.77.80.78
. 0.72
Thai RERFERLIE .79.76. .75.77.79.79. .75/81.77.78
Turkish REE:DINEE .80.78. .78 .80 .80 . .78.77 .82 .78
Vietnamese [t:ii Byl .79.76. .75.78.79 .80. 77.76.77 0.70
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Next steps — work in progress

Use the best internal linear probe to estimate the difficulty of a question / quality of the answer
and information about model costs (e.g., price per token) to improve cost/quality results.

Transfer probe mean

AUROC

4 8 12 16 20 24 28 32 36
Layer

—o=— Mean AUROC +/- 1 std. dewv.

(b) Qwen3-8B

0.875 A

Average empirical success
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The pooled multilingual route
86% expected success, matc
anchor baseline, while reduci
expected generation cost by !

e English-only transfer probe
e Pooled multilingual probe
--- Always anchor

r reaches
hing the

ng
27 %.

30

40

50

60 70 80 90 100
Cost ratio vs anchor (%)

Figure 4.8: Accuracy cost trade-off for reusable probe-based routing on the test split.

Each point corresponds to a routing policy obtained by varying the routing parameters.

Cost is reported as a percentage of the expected cost of always using gpt-oss-20b_high.
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Lessons learned and what to do

 LLMs carry human bias, but are used in decision making
« How do we make humans aware of existing bias?
« How do we make humans and LLM work together effectively?

* Increasing transparency, (e.g., track and profile 1
data bias across Al pipelines) |

« Select and diversify the sources of data (i.e.,
diverse human annotators, LLMs)

* Routing to different LLMs

* Bias management instead of bias removal

DOI:10.1145/3611641
Opinion
Data Bias Management

Envisioning a unique approach
toward bias and fairness research.



THE UNIVERSITY
OF QUEENSLAND
AUSTRALIA

Visiting PhD Students Scheme

Visit us in Brisbane, Australia!

2 or 3 months visits for PhD students to work on a joint paper E =S
Funding info and application instructions: https://d-lab.github.io/visiting/ " Raked =40 Inthe e

QS World University Rankin gs2027

Since 2023, we hosted 15+ PhD students based in 8 countries
(CH, NL, DE, DK, NO, BE, CN, IT); Example outputs:



https://d-lab.github.io/visiting/
https://d-lab.github.io/visiting/
https://d-lab.github.io/visiting/
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