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Abstract

The rapid deployment of Al systems has in-
tensified concerns about bias. Yet “bias” re-
mains loosely defined in the Al evaluation lit-
erature, often collapsing distinct phenomena
that require different measurement strategies.
Drawing on social science research, we pro-
pose a framework that distinguishes three di-
mensions of bias (preference, framing, and per-
ception) grounded in known typologies, sepa-
rates the diagnosis of bias (causes) from how
it appears (dimensions), and explains how del-
egation arises as a novel diagnosis for bias in
Al agents. We illustrate the framework with a
stylized example of an agentic meta-analysis,
showing how discretion over search strategy,
study inclusion, outcome prioritization, evi-
dence weighting, and reporting language may
shift conclusions toward different policy ori-
entations. Rigorous Al bias evaluation in the
agentic era remains a social science measure-
ment challenge, requiring attention to construct
validity, external validity, and an understanding
of delegation in complex systems.

1 Introduction

Al bias is often treated as a single property when
it is better understood as a context-specific, multi-
dimensional construct. Prior work demonstrates
that Al bias evaluations routinely deploy opera-
tionalizations poorly matched to the harms they
target (Blodgett et al., 2020), that fairness harms
in computational systems frequently trace to mis-
matches between theoretical constructs and their
operationalizations (Jacobs and Wallach, 2021),
and that Al evaluation practice tends to skip sys-
tematizing a concept before building instruments
to measure it (Wallach et al., 2025). Related work
has mapped broader social forms of bias (Solaiman
et al., 2025; Weidinger et al., 2023), the contextual
factors that produce them (Schwartz et al., 2022;
Bini et al., 2025), and the psychometric validity

of Al evaluation instruments (Wallach et al., 2025;
Jung et al., 2026).

We extend Wallach et al. (2025)’s original provo-
cation on Al evaluation as a social science mea-
surement problem in two ways. First, we propose a
three-dimensional decomposition of bias grounded
in established social science typologies and adapted
to agentic Al outputs. Second, whereas prior ac-
counts focus on large language models (LLMs), we
argue that delegation — the transfer of decision-
making from a human principal to an autonomous
agent — constitutes a structurally novel source of
bias in Al agents. We ground these claims in a styl-
ized agentic meta-analysis example showing how
delegated methodological choices can produce dis-
tinct shifts in preference and framing bias, requir-
ing evaluators to measure both rather than treating
one as a sufficient proxy for the other.

In sum, we argue that bias evaluation in agentic
Al systems requires social science tools at every
stage: conceptualizing and operationalizing the
construct (construct validity), measuring across
real-world contexts (external validity), and diag-
nosing causes (delegation).

2 Bias is a Construct with Multiple
Dimensions, Measures, and Contexts

As Figure 1 illustrates, bias is not a single mea-
surable quantity but a multidimensional construct
(Messick, 1995). Following Blodgett et al. (2020)
and Wallach et al. (2025), we call the preliminary
step conceptualization, or specifying the relevant
form of bias under investigation, which may be
context-dependent (e.g., having to do with political,
gender, or racial entities) and scoped narrowly or
broadly. We offer a general definition applicable
across settings: systematic skew in an agentic Al
system’s outputs relative to an explicit reference
point, conditional on task-relevant quality crite-
ria. By quality criteria, we refer to legitimate task-
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Figure 1: Components of Valid Measurement of Bias in Agentic AI Systems. Framework is illustrated with the
example of querying an agentic Al system for evidence synthesis on opioid use disorder interventions

relevant standards, for example, the credibility of
evidence in a literature review task. Observed dif-
ferences in outputs should not be attributed to bias
when they are explained by such criteria; bias is the
residual skew in outputs favoring certain groups,
ideas, viewpoints, or other concepts that persists
after accounting for these quality differences. Cru-
cially, any such definition requires an explicit ref-
erence point — the relevant baseline may be neu-
trality, balance across groups or viewpoints, popu-
lation proportionality, or exclusion of low-quality
sources — and no claim of bias is interpretable
without one.! We depart from prior frameworks in
expressly stipulating three dimensions of bias as a
shared structure for conceptualization, which prac-
titioners may further specify for their application
context.

Preference bias refers to systematic skew in how
a model selects, ranks, or recommends among sub-
stantively relevant alternatives, where those pref-
erences are not explained by differences in task-
relevant quality. In LLMs, such systematic prefer-
ences have been documented in a variety of con-
texts (Echterhoff et al., 2024; Bito et al., 2025;
Dominguez-Olmedo et al., 2024; Shi et al., 2025;
Bini et al., 2025; Pate et al., 2026).

Framing bias involves systematic skew in the
language, tonality, emphasis, or presentation of out-

"Depending on the context, bias may be defined to en-
compass concepts such as toxicity, hate speech, fairness, or
representational harm (Solaiman et al., 2025). Evaluators
should explicitly define the dimensions of bias under study,
the reference points against which it is assessed, and the qual-
ity criteria used to determine whether observed differences are
task-relevant or bias-relevant.

puts, distinct from quality as operationalized for
a particular task (Tversky and Kahneman, 1981).
Decades of political communication research show
that different framing choices — for instance, pre-
senting food stamp benefits as “welfare” versus
“poverty aid” — can shift judgment even when the
underlying factual content is held constant (Nelson
et al., 1997; Chong and Druckman, 2007). Fram-
ing bias may also surface through systematic dif-
ferences in hedging, confidence, aversion, scope,
or persuasive style of outputs (Cheng et al., 2025;
Bini et al., 2025; Pauli et al., 2026).

Perception bias refers to end-users’ subjective
perception that a system’s output is skewed or un-
fair. This dimension has received growing atten-
tion as survey-based evaluations find that perceived
slant in LLLM outputs varies systematically with
users’ own beliefs (Grimmer et al., 2025), echo-
ing decades of research on “hostile media effects,”
where partisans on opposing sides of an issue per-
ceive the same ostensibly balanced content as bi-
ased against their own side (Vallone et al., 1985).
Perception bias is downstream of the other dimen-
sions, but may be the most consequential, because
it shapes trust, adoption, and real-world use (Mc-
Clain et al., 2025).

These three dimensions are not mutually exclu-
sive. Preference and framing bias can co-occur and
reinforce one another, for instance with a model
that systematically selects ideologically skewed
sources (preference bias) which propagates the
framing conventions of those sources in its syn-
thesis (framing bias). Although perception bias is



downstream of the other two and may vary across
users who observe the same output, it may still be
shaped by whatever preference and framing biases
are present in the underlying output. Evaluators
are free to treat these dimensions as conceptually
distinct, but empirically correlated targets.”

A prerequisite for construct validity is opera-
tionalization wherein multiple measures are devel-
oped to fully cover all dimensions of the construct
(Bradburn et al., 2017). Consider the operational-
ization of political bias in the outputs of generative
Al systems: preference bias can be assessed by
observing the differential citation of media outlets
with associated measures of linguistic slant based
on their news text (Gentzkow and Shapiro, 2010)
while framing bias may be measured through dif-
ferential counts of frames used by partisans based
on Congressional floor speeches (Gentzkow et al.,
2019). Notably, within a given task context, what
appears to be a single dimension (preference bias)
may in fact contain multiple distinct subdimensions
(preference for liberal policy positions versus pref-
erence for liberal news sources).

A final challenge arises with generalization, or
ensuring that estimated bias appropriately repre-
sents a broad range of contexts in which a system
is actually deployed. This requires that evaluators
specify two things. First, they must identify the
contexts resembling realistic use cases in which
bias may arise. A single evaluation setting cap-
tures one task type, topic, or user population, but
bias may manifest differently across use cases;
evaluators should therefore sample from the ac-
tual distribution of deployment contexts rather than
from benchmark tasks constructed for convenience,
a canonical concern in external validity (Findley
et al., 2021). This connects to recent work argu-
ing that frontier Al capabilities — and their failure
modes — are only fully visible when systems are
tested in realistic, open-ended contexts rather than
closed benchmarks (Kapoor et al., 2026). Second,
the evaluator must select the appropriate aggre-
gation method, which may be a non-parametric
average or some kind of model-based aggregation.

*This is a property of reflective constructs, where dimen-
sions and their observable measures are downstream reflec-
tions rather than upstream causes of the underlying construct,
which is true for formative constructs (MacKenzie et al.,
2005).

3 Delegation and Bias in Agentic Al
Systems

The dimensions described above characterize how
bias appears, but they must be distinguished from
their causes. We refer to the identification of these
causal pathways as diagnosis. Although evaluators
may want a single aggregate bias estimate for a
particular stable implementation of an Al system,
the task of diagnosis is essential for understanding
how that estimate responds to changes in elicitation
choices, model structure, or delegation configura-
tion. Notably a single bias dimension may arise
through multiple causes, and the same cause may
surface across multiple dimensions. Identifying
and further varying causal factors via randomized
experiments can help disentangle these phenom-
ena.

We argue that there are three broad types of
causes for bias. While the first two are well known
to appear in monolithic large language models, this
paper introduces a third which arises in agentic Al
systems comprising many models.

Elicitation refers to how inputs are formulated
and presented to the system. Similar to how ques-
tion wording, framing, and ordering can system-
atically alter survey responses, prompt structure,
demographic cues, and source provenance pro-
duce methodological artifacts in model judgments
(Kalton and Schuman, 1982; Eckman et al., 2024;
Beck et al., 2025; Brucks and Toubia, 2025; Ger-
mani and Spitale, 2025; Tonneau et al., 2026; Bini
et al., 2025). Observed preference or framing
bias may therefore reflect properties of the elicita-
tion rather than stable properties of the underlying
model.

Models themselves induce bias through different
structural attributes such as their network architec-
ture, weights, built-in safety features or guardrails,
and default generation parameters. These, in turn,
may arise from aspects of the pretraining data, fine-
tuning objectives, and preference optimization, as
well as from the defaults chosen by application de-
velopers. Systematically imbalanced corpora may
propagate systematically imbalanced citations into
outputs (Feng et al., 2023); preference-based post-
training may favor the representation of certain
groups or “‘sycophantic” linguistic frames (Sharma
et al., 2025; Shapira et al., 2026); and covert bi-
ases can persist or worsen even when overt bias
appears reduced through human-feedback training
(Hofmann et al., 2024).



Delegation refers to the assignment of decision-
making authority to an Al system or subsystem.
Agentic Al systems are coupled processes: an
orchestration model decomposes goals and dele-
gates subtasks, while a planning model may select
tools for an execution model to use; the outputs
may then be delivered to a synthesis model and
propagated back to a user-facing response model
(Ruan et al., 2026; Zhang et al., 2025b). While
elicitation concerns what a user explicitly instructs,
delegation concerns how decision-making author-
ity is allocated in order to interpret and execute
those instructions. This allocation is shaped by
system-level prompts, instructions embedded in
external skills and tool documentation, available
tools and sources, task-routing rules, and synthesis
procedures relayed through agent protocols such
as the Model Context Protocol (MCP). These con-
ditions may be opaque to the end user and may
cascade across model calls: a biased routing or
source-selection decision at one stage may amplify
framing decisions downstream. This introduces
the classic principal-agent problem, where account-
ability to the user’s elicitation may be attenuated
once decision-making authority passes to the agent
(Jensen and Meckling, 1976; Moe, 1984; Gailmard,
2014).

A vast literature in political economy empha-
sizes that delegation is structured by constraints:
which choices are left to agents, which are gov-
erned by rules or procedures, what information and
tools agents can access, what objectives guide be-
havior, and what oversight mechanisms discipline
action (McCubbins and Schwartz, 1984; McCub-
bins et al., 1989; Epstein and O’Halloran, 1999;
Gailmard and Patty, 2012). For Al agents, the
relevant question is therefore not only whether a
prompt biases an output, but whether the system’s
allocation of decision authority and constraints
channels the agent toward biased patterns of out-
puts.

Delegation may moderate model-based and
elicitation-based biases. Work on multi-model
collaboration in agentic systems shows that small
local errors can cascade into system-level errors,
and intermediate outputs can be propagated into
later decisions (Xie et al., 2026; Xiong et al., 2025).
Related work on retrieval-augmented generation
(RAG) similarly shows that biases in retrieved con-
text can be amplified in final generations even
when the base model appears comparatively neu-
tral in isolation (Zhang et al., 2025a). In agentic

systems, delegation may not merely add a third
independent cause of bias; it may also moderate
how elicitation and model-based biases propagate
through the pipeline. Elicitation-caused skew in
intermediate task outputs can be amplified, attenu-
ated, or rerouted depending on how the pipeline is
structured: which subtasks are delegated, what con-
straints govern those subtasks, in what order they
occur, and which models execute them. Because
each nested model in an agentic system carries its
own fixed attributes, the effects of upstream elici-
tation choices may interact with the properties of
whichever model executes each stage. Evaluators
diagnosing delegation-caused bias may therefore
need to trace effects across subtask outputs rather
than attributing observed skew to a single causal
pathway implied by Figure 1.3

4 Stylized Illustration: Delegation in an
Agentic Meta-Analysis

We illustrate the framework with a stylized exam-
ple involving an Al agent asked to conduct a meta-
analysis of interventions for opioid use disorder
(OUD). The example is not intended as an em-
pirical benchmark or a clinical recommendation.
Rather, it shows how preference, framing, and per-
ception bias can arise in a consequential evidence-
synthesis task where bias concerns skew toward
one intervention orientation rather than another.
We ground the example in the Department of
Health and Human Services’ overdose-prevention
framework (U.S. Department of Health and Human
Services, 2026a,b). Suppose a researcher asks an
Al agent: “Conduct a meta-analysis comparing the
effects of harm-reduction-oriented and abstinence-
oriented interventions for OUD. Estimate effects on
overdose, treatment initiation, treatment retention,
opioid use, infectious-disease outcomes, and qual-
ity of life. Summarize the strength of the evidence
and write a policy-facing conclusion.” The task
requires many choices before any final answer is
produced: which search terms to use, which studies
to include, how to classify interventions, which out-
3Model attributes and user elicitation may also moderate
each other through what is called multi-turn context drift (con-
text, here, referring to a language model’s context window),
where model behavior degrades or shift as conversation history
accumulates and earlier instructions become diluted (Sharma
et al., 2025; Rabanser et al., 2026). The distinction with dele-
gation is in the locus of control: in multi-turn settings, context
drifts because the user’s own inputs accumulate in the prompt,
but the user still remains the principal. Bias arises from a

structural transfer of decision authority that the user did not
author, typically cannot observe, and cannot modify.
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comes to privilege, how to handle heterogeneous
populations, how to assess study quality, and how
to translate statistical results into policy language.

In this setting, we define bias as systematic
skew toward either a harm-reduction-oriented or
abstinence-oriented interpretation of the evidence,
relative to a pre-specified meta-analytic protocol,
and conditional on task-relevant quality criteria.
Here, the reference point may be considered the bal-
ance of evidence found in a high-quality research
archive or compiled by an expert reviewer. Rele-
vant criteria include study quality, outcome rele-
vance, causal identification, external validity, clin-
ical relevance, publication bias, and transparent
handling of heterogeneity. Hence, a finding is not
biased merely because it favors one intervention
family but because it does so even after accounting
for the protocol and the quality of the underlying
evidence and above some baseline.

Preference bias appears in the agent’s evidence-
synthesis choices. An agent may disproportion-
ately retrieve harm-reduction studies, classify am-
biguous interventions as harm reduction, privilege
overdose outcomes over abstinence or retention
outcomes, or emphasize study designs that favor
low-barrier services. Conversely, it may dispro-
portionately retrieve abstinence-oriented treatment
studies, privilege abstinence and program comple-
tion outcomes, exclude studies focused on overdose
reversal or syringe services, or treat relapse as the
dominant endpoint. These choices affect the appar-
ent direction of the evidence before the final report
is written.

Framing bias appears in how the agent describes
the same body of evidence. A report might de-
scribe harm-reduction interventions as “lifesaving,”
“pragmatic,” and “evidence-based,” while describ-
ing abstinence-oriented programs as “restrictive”

or “difficult to sustain.” Another report might de-
scribe abstinence-oriented programs as “recovery-
focused” and “comprehensive,” while describing
harm-reduction interventions as ‘“temporary” or
“not addressing root causes.” These differences in
tone, emphasis, and scope can shift interpretation
even when the same studies are cited.

Perception bias appears in how different users in-
terpret the same synthesis. A public health official
may view a harm-reduction emphasis as evidence-
based overdose prevention. A treatment provider
may view the same report as underweighting long-
term recovery. A recovery advocate may perceive
the report as dismissive of abstinence goals. A
methodologist may focus instead on whether the
meta-analysis followed its protocol, handled hetero-
geneity appropriately, and distinguished evidence
strength from policy preference.

Delegation enters when the system allocates
methodological discretion across agents, laid out
across hypothetical system implementations in Ta-
ble 1. In T1, a single Responder model writes a
narrative synthesis from the prompt alone. In T2,
the system delegates subtasks to specialized mod-
els under strict constraints: a Searcher uses pre-
specified search strings, a Screener applies fixed
inclusion criteria, an Extractor codes outcomes
using a fixed schema, an Analyst applies a pre-
specified meta-analytic model, and a Responder
writes under a constrained rubric. In T3, aPlanner
chooses the search strategy, intervention taxon-
omy, inclusion criteria, outcome hierarchy, quality
weights, and reporting frame before downstream
models execute the workflow.

The contrast between T2 and T3 isolates the role
of delegation constraints. Both workflows delegate
evidence synthesis, but only T3 gives the agent
discretion over methodological choices that can



shift the direction of the final conclusion. If the
Selector privileges overdose mortality and low-
barrier access, the synthesis may tilt toward harm
reduction. If it privileges program completion and
relapse prevention, the synthesis may tilt toward
abstinence-oriented treatment. The resulting skew
may not necessarily arise from the user’s prompt,
the quality of the retrieved evidence, or the final
Responder alone. It would arise from upstream
choices about how the agent defines, filters, weighs,
and summarizes the evidence.

This example illustrates why bias dimensions
should be measured separately. A workflow could
include a balanced set of studies but frame one in-
tervention family more favorably. Conversely, a
workflow could use neutral language while select-
ing outcomes or inclusion criteria that favor one
policy orientation. Treating study selection and re-
port language as interchangeable measures of bias
would miss these distinctions.

5 Conclusion

Measuring bias in Al agents inherits the same
methodological challenges that social scientists
have long grappled with and that Al researchers
have already begun to apply to evaluate LLMs.
Agents make those challenges harder, not different
in kind. Rather than reinvent the wheel, we ex-
tend Wallach et al. (2025)’s position forward to the
agentic era and assert that bias evaluations should
— where appropriate — draw on well-established
tools in psychometrics (e.g. construct validity and
scale development), survey methodology (e.g. elic-
itation design), causal inference (e.g. experimental
identification of bias sources), and applied statistics
more broadly (e.g. generalizability).*

Our framework introduces two further tools
whose relevance to agentic bias evaluation has been
underappreciated. From political science and social
psychology, ideal point measurement motivates a
three-dimensional structure for bias — preference,
framing, and perception — that treats these as re-
lated but empirically distinct dimensions of a sin-
gle construct rather than entirely interchangeable
or entirely independent indicators. From political

“Although construct validity frameworks do not assume
that language models reason or respond like human survey
respondents, specific conceptualization or operationalization
may make such assumptions. The psychometric validity of
instruments designed for humans is not guaranteed for LLMs
(Jung et al., 2026; Pate et al., 2026) and should be treated as
an open question rather than an inheritance from the human
measurement literature.

economy, the concept of delegation provides a diag-
nostic for identifying a structurally distinct causal
pathway through which agentic systems introduce
bias that cannot be reduced to model attributes or
elicitation choices.

Our paper carries implications for how bias
benchmarks for agentic systems should be de-
signed. Current benchmarks treat task completion
as the primary outcome and hold delegation struc-
ture fixed — typically delegating all subtasks to
the same model in the same configuration (Liu
et al., 2023; Yao et al., 2024). Our illustration sug-
gests three design principles that such benchmarks
should incorporate. First, variations in delegation
structure should be baked in. Varying which de-
cisions are delegated to the model is necessary to
isolate delegation-induced bias from model and
elicitation effects. Second, benchmarks should op-
erationalize multiple bias dimensions, not just mea-
sure one and treat it as a proxy for all others. In our
example, measures of preference bias would cap-
ture whether the agent selected studies, outcomes,
or inclusion criteria that favored one intervention
orientation, but would miss whether the final syn-
thesis framed the same evidence more favorably
or skeptically. Measures of framing bias would
capture language and emphasis, but would miss
upstream methodological choices that determine
which evidence enters the synthesis. The two di-
mensions may respond differently to the same del-
egation manipulation, which justifies measuring
them separately. Third, sampled contexts should re-
flect realistic deployment distributions rather than
convenience tasks. A benchmark’s external validity
depends on whether its items represent the range of
contexts in which a deployed system will actually
be used (Kapoor et al., 2026).

This paper situates itself in a growing body of
work arguing for deeper integration of social sci-
ence theory and methods into Al research (Eckman
et al., 2024; Bini et al., 2025; Wallach et al., 2025;
Jung et al., 2026). Looking forward, the connec-
tion between agentic Al evaluation and the social
science literature on institutional design deserves
particular attention. That literature has studied
how principals design delegation mechanisms —
through procedural constraints, structural restric-
tions, and oversight requirements — to limit sys-
tematic drift in agent behavior. Future work would
do well to treat delegation architecture in Al agents
as a design space in which bias can be actively
constrained.
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