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Abstract001

The rapid deployment of AI systems has in-002
tensified concerns about bias. Yet “bias” re-003
mains loosely defined in the AI evaluation lit-004
erature, often collapsing distinct phenomena005
that require different measurement strategies.006
Drawing on social science research, we pro-007
pose a framework that (1) distinguishes three008
dimensions of bias, (2) separates how bias ap-009
pears from the processes and evaluation choices010
that produce biased behavior or biased infer-011
ences about it, and (3) explains how agentic sys-012
tems complicate bias through delegation. We013
argue that rigorous bias evaluation requires ex-014
plicit construct definition, multiple operational-015
izations, validity evidence, and uncertainty-016
aware robustness analysis, especially as AI sys-017
tems evolve from static language models to018
autonomous agents.019

1 Introduction020

Bias in AI evaluations is often treated as a single021

property when it is better understood as a family022

of distinct constructs. Recent work has clarified023

important parts of this landscape, including differ-024

ent forms of bias (Solaiman et al., 2025; Weidinger025

et al., 2023), the contexts in which bias can arise026

(Schwartz et al., 2022; Bini et al., 2025) and mea-027

surement tools that can assess whether evaluation028

instruments actually capture the constructs they029

claim to measure (Liang et al., 2025; Gupta et al.,030

2025). We extend this line of work by offering031

a framework for defining, decomposing, and032

measuring bias, grounded in social science mea-033

surement theory and adapted to the distinctive034

challenges of agentic AI systems.035

2 Bias is a Construct with Multiple036

Dimensions037

In the language of construct validity, bias is not a038

single measurable quantity but a multidimensional039

construct, and its dimensions may require distinct040
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Figure 1: Diagnosing, Defining, Decomposing, and
Measuring Bias in AI Systems.

operationalizations and validation strategies (Mes- 041

sick, 1995). We define bias here as systematic di- 042

rectional skew in a generative AI system’s outputs 043

relative to an explicit reference point and condi- 044

tional on task-relevant quality criteria. Bias cannot 045

be identified apart from a baseline: the relevant ref- 046

erence point may be neutrality, balance, population 047

proportionality, or reliance on high-quality sources, 048

depending on the task and application. Drawing 049

on a rich social science literature, we further distin- 050

guish three dimensions of bias. 051

Preference bias refers to systematic skew in how 052

a model selects, ranks, or recommends among sub- 053

stantively relevant alternatives, where those pref- 054

erences are not explained by differences in task- 055

relevant quality. In LLMs, such directional prefer- 056

ences have been documented in a variety of con- 057

texts (Echterhoff et al., 2024; Bito et al., 2025; 058

Dominguez-Olmedo et al., 2024; Shi et al., 2025; 059

Bini et al., 2025; Pate et al., 2026). Preference bias 060

may itself be multidimensional. One important sub- 061

type is source bias or the systematic privileging of 062

certain outlets, authorities, or retrieved materials 063

over others. 064
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Framing bias involves systematic directional065

skew in the language, tonality, emphasis, or pre-066

sentation of outputs, distinct from quality as op-067

erationalized for a particular task (Tversky and068

Kahneman, 1981). Decades of political commu-069

nication research show that framing – presenting070

a Ku Klux Klan rally as a matter of “free speech"071

rather than “‘public order" – can shift judgment072

even when the underlying facts are held constant073

(Nelson et al., 1997; Chong and Druckman, 2007).074

We argue that sycophancy is one important subtype075

of framing bias, replicating the user’s framing and076

shift its tone toward emotional validation, moral077

endorsement, or certainty, rather than neutrally pre-078

senting the issue (Sharma et al., 2024; Cheng et al.,079

2025; Shapira et al., 2026). Framing bias may also080

surface through systematic differences in hedging,081

confidence, aversion, scope, or persuasive style of082

outputs (Cheng et al., 2025; Bini et al., 2025; Pauli083

et al., 2026).084

Perceptual bias refers to end-users’ subjective085

perception that a system’s output is skewed or un-086

fair. This dimension has received growing atten-087

tion as survey-based evaluations find that perceived088

slant in LLM outputs varies systematically with089

users’ own ideology (Grimmer et al., 2025), echo-090

ing decades of research on “hostile media effects,”091

where partisans on opposing sides of an issue per-092

ceive the same ostensibly balanced content as bi-093

ased against their own side (Vallone et al., 1985).094

Perceptual bias is downstream of the other three095

dimensions, but may be the most consequential,096

because it shapes trust, adoption, and real-world097

use (McClain et al., 2025).098

A prerequisite for construct validity is that mul-099

tiple measures be used to fully cover all dimen-100

sions of the construct (Bradburn et al., 2017). First,101

this requires careful operationalization of each con-102

struct into tangible metrics. Consider the opera-103

tionalization of political bias in the outputs of gen-104

erative AI systems: preference bias can be assessed105

by observing the differential citation of media out-106

lets with associated measures of linguistic slant107

based on their news text (Gentzkow and Shapiro,108

2010); framing bias of language choices may be109

measured through counts of frames used by politi-110

cians of different parties based on Congressional111

floor speeches (Gentzkow et al., 2019). Notably,112

within a given task context, what appears to be a113

single dimension (preference bias) may in fact con-114

tain multiple distinct subdimension (preference for115

liberal policy positions versus preference for liberal116

news sources). 117

Importantly, bias as a construct is always de- 118

fined relative to an explicit and acceptable reference 119

point – neutrality, balance, population proportion- 120

ality, or reliance on high-quality sources – that may 121

itself vary by context and a particular definition of 122

bias. Any credible evaluation must specify what 123

the absence of bias looks like before claiming to 124

measure its presence. 125

Finally, bias should differentiated from (or situ- 126

ated with) concepts such as toxicity, hate speech, 127

and representational harm (Solaiman et al., 2025).1 128

3 Two Causes of Bias 129

The dimensions of bias discussed above describe 130

how bias appears in model behavior, but they 131

should be distinguished from the processes that 132

generate biased behavior and the evaluation choices 133

that generate biased inferences about it. This dis- 134

tinction matters for both conceptual clarity and 135

evaluation design. A single dimension of bias may 136

arise through multiple causal pathways, and the 137

same pathway may surface across multiple dimen- 138

sions. Conflating dimensions with causes makes it 139

harder to diagnose mechanisms, build valid mea- 140

sures, and design interventions. We distinguish 141

three broad sources of bias in LLM evaluation. 142

Elicitation refers to how inputs are formulated 143

and presented to the system, which may bias out- 144

puts along the dimensions described above. In 145

the same way the wording, format, and place- 146

ment of questions can systematically alter hu- 147

man responses, analogous effects are found in 148

LLMs, where prompt order, framing, justifica- 149

tion, source provenance, and demographic cues 150

can all induce methodological artifacts in model 151

judgments (Kalton and Schuman, 1982; Eckman 152

et al., 2024b,a; Brucks and Toubia, 2025; Ger- 153

mani and Spitale, 2025; Tonneau et al., 2026; Bini 154

et al., 2025). Demographic elicitation illustrates 155

this clearly: cues intended to represent the same 156

group are not interchangeable, and they often pro- 157

duce only partially overlapping behavioral changes 158

1Depending on the context, bias need not be overtly harm-
ful in any single output, but it may contribute to harmful
outcomes over time or at scale, particularly when preference
bias systematically marginalizes certain groups (Germani and
Spitale, 2025). Some researchers may use fairness to refer to
one or more of these dimensions, and reasonable disagreement
remains about the exact boundaries of these constructs. For
that reason, evaluators should explicitly define the dimensions
of bias under study, the reference points against which bias is
assessed, and the quality criteria used to determine whether
observed differences are task-relevant or bias-relevant.
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that vary in both magnitude and direction (Ton-159

neau et al., 2026). Prompting the same persona160

through different sociodemographic cues can like-161

wise yield meaningfully different outputs, suggest-162

ing that single-cue studies may overstate the sta-163

bility of persona-conditioned bias (Weeber et al.,164

2026). In applied social settings, such prompts165

and the power asymmetries they encode can also166

shift both the semantics and quality of model re-167

sponses (Tan et al., 2025). Observed framing or168

preference bias may therefore reflect properties of169

the elicitation itself rather than stable properties of170

the underlying model.171

Models themselves can also induce bias through172

the composition of pretraining corpora, the objec-173

tives used in fine-tuning, and the incentives in-174

troduced through preference optimization. Prior175

work traces political leanings in training data into176

model representations and downstream task un-177

fairness, showing that ideological polarization in178

corpora can propagate into model behavior (Feng179

et al., 2023). Preference-based post-training can180

also amplify sycophancy, encouraging models to181

mirror user beliefs rather than truthfully correct182

them (Sharma et al., 2024; Shapira et al., 2026).183

Relatedly, covert racial prejudice can persist even184

when overtly biased behavior appears reduced: lan-185

guage models have been shown to assign less pres-186

tigious jobs, harsher criminal judgments, and death-187

penalty recommendations more often to speakers188

of African American English, and human-feedback189

training may reduce overt bias while leaving covert190

bias intact or even worsening it (Hofmann et al.,191

2024). Other research reveals many interpretable192

internal features associated with discussions of gen-193

der bias, racist claims about crime, and sycophantic194

praise; manipulating these features can causally195

change downstream behavior (Anthropic, 2024;196

Durmus et al., 2024).197

Finally, although it does not cause bias, we note198

that measurement choices themselves – operational-199

ization the construct, aggregation of measures,200

quantifying uncertainty, and designing benchmark201

tasks – can all distort conclusions about whether,202

where, and how much bias is present. Widely203

used benchmarks such as BBQ, WinoBias, and204

CrowS-Pairs tend to capture narrow opera-205

tionalizations of particular dimensions of bias206

rather than the full construct (Parrish et al., 2022;207

Zhao et al., 2018; Nangia et al., 2020). Recent208

federal guidance argues that AI benchmark re-209

sults should be analyzed explicitly with statistical210

models to distinguish benchmark-specific accuracy 211

from more generalizable performance and to pro- 212

duce more defensible uncertainty estimates (Keller 213

et al., 2026). Such models can also reveal vari- 214

ance components and item-difficulty structure that 215

simpler summary scores obscure. 216

4 Agents Complicate Bias 217

We argue that agentic AI systems – which plan, use 218

tools, and take sequential actions – dramatically ex- 219

pand the sources of biases and complicate the mea- 220

surement of such bias. Early evidence suggests that 221

rising capability scores on standard benchmarks 222

do not translate into corresponding improvements 223

in operational reliability (Rabanser et al., 2026a), 224

making the measurement challenges outlined above 225

more urgent, not less. 226

Delegation bias arises as a distinct source of 227

bias. Agentic systems are coupled processes: an 228

orchestrator decomposes goals, delegates subtasks, 229

curates context, selects tools or models, and then 230

synthesizes returned outputs (Ruan et al., 2026; 231

Zhang et al., 2025c). As a result, we theorize that 232

delegation bias arises as a distinct cause of bias 233

from elicitation bias in agentic systems, defined 234

here as the systematic directional skew in the plan- 235

ning, routing, execution, or synthesis of subtasks 236

within a larger agentic workflow. While elicitation 237

concerns how prompts, framing, and interaction 238

design shape outputs, delegation concerns how au- 239

thority is structured once a system is given discre- 240

tion to act. Agents do not simply answer prompts; 241

they operate under delegated authority within a de- 242

signed set of goals, rules, and constraints. This 243

introduces a classic principal-agent problem: some 244

accountability to a user’s elicitation is inherently 245

lost when decision-making authority is delegated 246

(Jensen and Meckling, 1976; Moe, 1984; Gailmard, 247

2014). 248

As the delegation literature in social science em- 249

phasizes, outcomes depend not only on agent ca- 250

pabilities or latent preferences, but on how dis- 251

cretion is allocated, what information and tools 252

are available, what objectives govern behavior, 253

and what oversight mechanisms discipline action 254

(Moe, 1984; McCubbins et al., 1989; Epstein 255

and O’Halloran, 1999; Gailmard and Patty, 2012). 256

For AI agents, the relevant question is therefore 257

not only whether a prompt biases an output, but 258

whether the system’s control structure systemati- 259

cally channels the agent toward biased patterns of 260
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action.261

Delegation may cause bias to compound and262

interact. Work on multi-agent collaboration shows263

that small local errors can cascade into system-264

level errors and similarly intermediate outputs can265

be replayed and propagated into later decisions266

(Xie et al., 2026; Xiong et al., 2025). Related work267

on retrieval-augmented generation (RAG) similarly268

shows that biases in retrieved context can be ampli-269

fied in final generations even when the base model270

appears comparatively neutral in isolation (Zhang271

et al., 2025b). In bias terms, this suggests that up-272

stream tendencies in routing, framing, or source273

selection may be amplified downstream. In other274

words, one causal factor (elicitation) interacts with275

another (model). Thus, in agentic systems, dif-276

ferent dimensions of bias in the outputs may un-277

predictably amplify or attenutate. Preference bias278

in intermediate outputs to delegates, for instance,279

may later surface as framing bias in final outputs280

to users.281

Measurement of bias becomes more complex.282

Standard bias benchmarks assume a bounded out-283

put space and a relatively stable evaluation envi-284

ronment, but agents violate both assumptions. Cur-285

rent agent benchmarks such as AgentBench and286

τ -bench were designed primarily around task com-287

pletion, end-state correctness, and run-to-run relia-288

bility rather than bias attribution (Liu et al., 2023;289

Yao et al., 2024). More recent evaluation work290

argues that agent assessments are confounded by291

system prompts, toolset configurations, and envi-292

ronmental dynamics, and that existing benchmark293

suites remain “benchmark islands” that under-cover294

social context, bias, and risk asymmetry (Rabanser295

et al., 2026b; Zhu et al., 2026; Yehudai et al., 2025;296

Qi et al., 2026). In practice, many more measures297

must be required to trace full task trajectories—tool298

retrieval, delegation, memory reads and writes, in-299

termediate summaries, and final synthesis (Zhang300

et al., 2025a; Banerjee et al., 2025). The prob-301

lem becomes sharper in large, live tool ecosystems,302

where action spaces expand to hundreds of tools,303

environmental inputs vary over time, and static cu-304

rated tests cover only a narrow slice of the agent’s305

possible behavior (Gupta et al., 2026; Mo et al.,306

2025; Komoravolu and Mrini, 2025).307

5 What Evaluators Should Do308

We propose four methodological priorities for eval-309

uating bias in AI systems and agents, drawing on310

social science measurement theory and psychomet- 311

rics. 312

Define the construct. Measurement begins by 313

defining the construct itself and the reference point 314

relative to which bias is assessed. Without an ex- 315

plicit construct definition, disagreements about bias 316

may reflect competing definitions rather than dif- 317

ferences in system behavior. 318

Create and aggregate multiple measures. Rig- 319

orous evaluation requires multiple operationaliza- 320

tions of bias and, where possible, multiple mea- 321

sures for each, ideally combined through model- 322

based or psychometric approaches rather than 323

treated as interchangeable tests. 324

Demonstrate construct validity. At minimum, 325

this means assessing convergence across related 326

measures and discrimination from nearby but dis- 327

tinct constructs (Campbell and Fiske, 1959; Mes- 328

sick, 1995; Trochim et al., 2016). For agentic sys- 329

tems, validity evidence should extend beyond iso- 330

lated outputs to trajectories of retrieval, tool use, 331

source selection, and sequential choice. 332

Propagate uncertainty and assess robustness. 333

Evaluations should report uncertainty, test sensitiv- 334

ity to reasonable modeling choices, and examine 335

robustness across prompts, runs, environments, and 336

operationalizations (Su, 2025; Steegen et al., 2016; 337

Miller, 2024). For deployed systems, robustness 338

should also be assessed over time, since measured 339

bias may drift as models, retrieval sources, or task 340

environments change. 341

6 Conclusion 342

Bias in AI systems and agents is not a single mea- 343

surable property, but a multidimensional construct 344

that arises through distinct causal pathways and 345

appears in different forms. Evaluating it requires 346

more than one-off benchmarks: explicit definitions, 347

multiple measures, valid inference. These demands 348

are sharper for agentic systems, where bias may 349

emerge from complex delegation processes. This 350

makes bias mitigation not only a modeling problem 351

but an institutional design problem, since reducing 352

bias may require structuring discretion, constraints, 353

and decision pathways rather than only improving 354

base models. As bias evaluation increasingly enters 355

regulatory and governance settings, more rigorous 356

measurement frameworks will be necessary both 357

for scientific inference and for credible oversight. 358
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