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Abstract

Large Language Models (LLMs) are increasingly used in organiza-
tional decision-making processes, raising questions about potential
biases in their behavior. This study investigates whether identity
labels influence how LLMs allocate tasks between agents. We con-
ducted controlled experiments examining task allocation patterns
across multiple labelling conditions. Results indicate that when
identity labels were introduced, all models made less accurate task
allocations than in the unlabeled baseline conditions. These find-
ings suggest that LLMs exhibit identity biases in task allocation,
with important implications for their deployment in organizational
settings. The results highlight the need for bias mitigation strategies
when implementing LLMs in decision-making processes.
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1 Introduction

Large language models (LLMs) have moved from research proto-
types to production systems deployed in organizational workflows
[15]. Their capabilities in language understanding, reasoning, and
task completion have motivated organizations to consider LLMs
for decision-making beyond content creation, including routing
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customer requests, assigning software engineering tasks, and sup-
porting triage and prioritization [8, 11, 25, 27]. Organizational de-
sign theory treats task allocation as a central coordination prob-
lem, where mechanisms match tasks to actors using information
structures such as metrics and performance evaluations to reduce
uncertainty [16, 23, 35]. When an LLM is deployed as an agent of
authority, it effectively becomes part of the organization’s alloca-
tion mechanism, expected to use performance evidence to support
reliable, fair, and justifiable decisions. However, organizational the-
ory also emphasizes that evaluation is not purely evidence-based:
categories and labels can shape expectations about competence,
and in hybrid human-AI teams, labels such as human and AI may
serve as cues that influence how performance information is in-
terpreted [1, 4, 14, 18]. This leads to a concrete fairness risk, as
allocation decisions affect burden, opportunity, and exposure to
high-stakes tasks, and if allocation mechanisms privilege category
cues over evidence, they can systematically disadvantage particular
workers [5, 24]. This paper examines a deployment configuration
in which an LLM serves as a task allocation decision-maker, as-
signing incoming work to two agents based on explicit quantitative
performance evidence. Our central research question is:

How do identity labels, operationalized as labelling agents as
human or Al change the model’s performance when using
information to make allocation decisions?

We study this question in a controlled allocation paradigm simu-
lated on ticket routing. The model receives structured performance
profiles for two agents that differ in their strengths across task
difficulty, evaluated using the Inverse Efficiency Score (IES), which
combines speed and accuracy into a single indicator [9]. We syn-
tactically generated 480 call center scenarios among 12 industries,
presented to LLMs along with agents’ respective IES scores, where
the model must allocate one task to one selected agent [17, 28].
We vary only the agent identities while holding performance evi-
dence fixed, isolating the role of identity labels in a setting where
performance evidence is explicit.

Contribution: This work contributes to research on fairness
and accountability in sociotechnical systems by shifting attention
from content-level bias to decision-level bias in organizational allo-
cation. Furthermore, it introduces an experimental paradigm for
evaluating LLMs as allocation mechanisms under operational con-
straints, utilizing scenario-based tasks categorized by complexity
and emotional weight. Finally, it motivates auditing and governance
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practices that evaluate allocation behaviour under realistic identity
salience rather than only under anonymized conditions [5, 24].

2 Related Work

Task allocation is a foundational coordination problem in organiza-
tions. Classic organization theory frames allocation mechanisms
as responses to uncertainty and information-processing limits, in
which decision-makers must match tasks to heterogeneous capa-
bilities under operational constraints [16, 23, 35]. Some studies
argue that Al systems increasingly participate in these mechanisms
by assuming coordination and managerial functions, especially in
hybrid human-AI work systems [29, 31]. In parallel, empirical ev-
idence suggests that generative Al can reshape productivity and
workflow structure, motivating attention to how organizations as-
sign responsibility and authority when such systems are embedded
in operations [10, 15, 25, 27]. Our study builds on these perspec-
tives by treating an LLM as an allocation decision-maker rather
than a purely communicative tool, and by evaluating its behaviour
under sequential task-assignment constraints that resemble real
operational settings.

Fairness concerns often emerge not only from model predictions
but from the decision policies that translate information into al-
locations of resources, risks, and opportunities [2, 5, 21, 24]. This
literature emphasizes evaluation in deployment-relevant contexts,
where institutional constraints and governance practices shape who
is affected and how harm is produced [26, 30]. For organizational
allocation, the relevant outcome is frequently not a score or label,
but a concrete assignment decision that determines workload, expo-
sure to complex tasks, and downstream evaluation. Our work aligns
with this view by studying allocation outcomes under constraints
and by treating the allocator’s reasoning as part of an auditable
decision process.

A large body of work studies bias in language technologies
through stereotypes and representational harms in generated text,
as well as critiques of evaluation practices for foundation mod-
els [3, 6, 7, 33, 34, 37]. When language models are deployed as
decision-makers, however, bias can manifest as systematic differ-
ences in actions rather than in wording. Behavioural testing work
shows that targeted perturbations can reveal brittle or biased deci-
sion behaviour that aggregate performance metrics may obscure
[32]. Complementary research on judgment and reliance suggests
that identity labels about humans versus algorithms can influence
how decision makers weigh evidence and trust recommendations
[12, 20, 22]. These strands motivate the examination of whether
identity labels in hybrid teams alter how an LLM uses explicit
performance evidence when allocating tasks.

Recent studies document that generative Al can affect workplace
task performance [25] and that humans weigh algorithmic versus
human sources differently [22]. Work on Al-supported decisions
in applied workflows similarly evaluates performance outcomes
while keeping the human as the decision-maker [19]. In parallel,
LLM agentic work studies algorithms, including LLM-based agents,
as sequential decision-makers [13], but not in a contextualized
management allocation setting with an explicit performance-based
allocation policy.
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3 Method

We conducted a controlled experiment to investigate whether LLMs
exhibit systematic bias when allocating resources based on agent
identity labels (AI versus human), while controlling for objective
performance across synthetically generated scenarios. An identical
performance metric is tested across three conditions in a within-
subject design. Each condition demonstrates distinct labeling pat-
terns, which enable us to investigate whether the allocation is
influenced by agents’ labels.

3.1 Scenario generation

To systematically assess the presence of such bias, we developed an
automated pipeline to generate synthetic call center scenarios. As
the potential bias assessment is highly dependent on the scenarios,
we generated a diverse set of call center scenarios across different
industries using Claude 4.5 Sonnet via the OpenRouter API'.

Based on previous studies [36] in operation management, espe-
cially call centers’ streams, we defined a 2 X 2 complexity-emotion
matrix to categorize all generated scenarios across four distinct
scenario profiles:

(1) LCLE (Low Complexity, Low Emotion): Routine trans-
actional tasks (e.g., password resets) with neutral customer
sentiment.

(2) HCLE (High Complexity, Low Emotion): Technical or
multi-step analysis tasks requiring troubleshooting, performed
with cooperative customers.

(3) LCHE (Low Complexity, High Emotion): Straightfor-
ward tasks complicated by high customer distress or aggres-
sion.

(4) HCHE (High Complexity, High Emotion): High-stakes,
ambiguous problems coupled with intense emotional pres-
sure (e.g., critical system failures).

We generate N = 10 real scenarios per scenario profile across 12
industry domains. To prevent mode collapse, we implemented the
following prompting strategy. For each batch attempt, the system
constructs a complex prompt that incorporates three key com-
ponents. First, it injects profile-specific definitions that explicitly
specify the complexity and emotional state required for the current
quadrant. Second, it applies negative constraints by including a his-
tory of previously generated and rejected titles to explicitly forbid
semantic duplicates. Finally, it utilizes diversity heuristics, nudging
the system to consider a set of diversity hints, such as attention to
demographics and problem types.

We post-process raw outputs from LLM in two ways. In the
first stage, each generated scenario is parsed and checked against
heuristic quality rules. The system rejects any outputs that fail to
parse into the required structured fields (Title, Persona, Situation,
Task) or that fail specific length constraints (titles < 10 characters
or descriptions < 100 characters). Furthermore, to ensure speci-
ficity, the validator filters out scenarios with generic titles such as
“Angry Customer” or “Billing Issue,” requiring the model to generate
specific incident descriptions. A scenario is only considered struc-
turally valid if it explicitly contains distinct Customer, Situation,
and Task components. The second stage of verification removes

!https://openrouter.ai


https://openrouter.ai

When Your Boss is an Al: Identity Label Bias in LLM Task Allocation Decisions

Scenario Generation

xO &@

LCLE

&8

Simple-S iali Hard-S

Low IES on low-
complexity tasks

Low IES on high-
complexity tasks

IES = Time/Accuracy

— Within-Subject Experiment —

2 8

Al-Simple-Specialist

HCLE HCHE
Complexity (C)-Emotion (E) Matrix Industries
LLM
. Decision —
Performance Evidence
Maker

Al-Complex-Specialist

HEAL @ CHI 26, April 15, 2026, Barcelona, Spain

Evaluation Metrics

Anonymous Optimal Allocation Rate (OAR)

Proportion of scenarios where the
model chooses the performance-
superior agent (lower IES at that

Alpha Beta scenario’s difficulty)

Directional Bias Metrics

optimal scenarios misallocated to Al
Human Net Bias: (Al>H rate) - (H~Al rate)

Al>H rate: Fraction of Al-optimal
‘|e|' scenarios misallocated to human.
[= H->Al rate: Fraction of human-
Al

Scenario Profiles

Scenarios are grouped by Al
relative capability (High vs. Low;
based on comparative IES) and
emotional intensity (High vs. Low)

23

Human Al

Figure 1: Overview of the experimental pipeline for testing label-driven allocation bias in LLMs. We first generate a balanced
set of synthetic call-center scenarios across 12 industry domains and a 2 X 2 complexity—emotion matrix (LCLE, HCLE, LCHE,
HCHE). For each trial, the LLM decision-maker receives the same performance evidence for two agents, summarized by
Inverse Efficiency Scores (IES) derived from response time and accuracy. We then manipulate the agents’ identity labels in a
within-subjects design: Anonymous (Agent Alpha/Beta), AI-Simple-Specialist (Al assigned to low-complexity specialist; Human
to high-complexity specialist), and AI-Complex-Specialist (labels reversed), while holding prompts and metrics constant. The
model outputs a task allocation decision (and justification), enabling measurement of Optimal Allocation Rate (OAR) and
directional misallocation bias attributable to agent identity labels rather than empirical performance.

duplicate scenarios to avoid duplicates in the dataset. In the final
step of verifying the scenarios’ quality and their correspondence
to the scenario profiles, we manually reviewed the scenarios and
their assigned profile assignments. Table 2 contains examples of
the generated scenarios and their corresponding scenario profiles.

3.2 Study design and experimental conditions

To assess potential biases in LLMs’ decision-making, we designed a
controlled experiment to examine whether LLMs rely on empirical
performance data or exhibit preference biases when allocating tasks
between agents. Our method uses a within-subjects design in which
identical performance metrics are presented under different agent-
label conditions, enabling us to isolate the effect of labeling on
allocation decisions.

In order to define the objective truth for allocation, we combined
speed and accuracy using the Inverse Efficiency Score (IES),

Time

IES = ——,
Accuracy

1

where lower values indicate better performance [9].

We defined two hypothetical agents with distinct and yet com-
plementary performance profiles based on task complexity. Agent A
demonstrated superior efficiency on low-complexity tasks, achiev-
ing an IES of 47.9 for low-complexity, low-emotion scenarios (45
seconds response time, 94% accuracy) and 106.7 for low-complexity,
high-emotion scenarios (95 seconds, 89% accuracy). However, Agent
A’s performance degraded substantially on high-complexity tasks,
with IES scores of 177.6 for low-emotion scenarios (135 seconds, 76%
accuracy) and 260.6 for high-emotion scenarios (185 seconds, 71% ac-
curacy). Conversely, Agent B exhibited the opposite pattern. While

less efficient than Agent A on low-complexity tasks—registering
IES scores of 63.2 and 129.4 for low-emotion and high-emotion
scenarios respectively—Agent B excelled on high-complexity tasks
with IES scores of 115.4 (105 seconds, 91% accuracy) and 142.0 (125
seconds, 88% accuracy). This configuration produces clear optimal
allocations: Agent A should be assigned to low-complexity tasks
while Agent B should handle high-complexity tasks. The magnitude
of performance differences ranges from 15.3 to 118.6 IES points,
ensuring that data-driven optimal allocations are unambiguous.

The experimental intervention involved three labeling condi-
tions implemented in a within-subjects design. In the anonymous
condition, agents were labeled as "Agent Alpha" and "Agent Beta"
to establish baseline allocation behavior without potentially bi-
asing identity labels. In the AI-Simple-Specialist, Agent A was
labeled as "AI Agent" and Agent B as "Human Agent," while the
AI-Complex-Specialist reversed these labels, designating Agent
A as "Human Agent" and Agent B as "Al Agent."

This counterbalanced labeling facilitates the detection of label-
dependent bias by assuming that, if the model allocates tasks solely
on IES data, allocation patterns should remain consistent across all
three conditions, since the underlying performance metrics remain
identical. Conversely, systematic deviations between the AI-Simple-
Specialist and AI-Complex-Specialist conditions would indicate
that agent identity labels influence decisions independently of em-
pirical performance metrics, suggesting the presence of identity
bias favoring either human or Al regardless of their performance.

Task allocation decisions were contextualized using synthetically
generated call center scenarios, a domain where both human and
AT agents can commonly operate in contemporary practice. The
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choice of call centers has another benefit: because both Al and
human agents interact with humans, the speed at which tasks are
accomplished can be comparable.

For each trial, the LLM received a structured prompt contain-
ing four essential components. The prompt began with contextual
framing, describing a call center optimization task that required
assigning an incoming call to the optimal agent based on historical
performance data. Complete IES metrics for both agents across
all four scenario profiles were then presented in tabular format.
The prompt subsequently introduced a specific customer service
scenario, provided its profile classification, and concluded by re-
questing a structured response including the selected agent, explicit
reasoning referencing the provided IES data, and the model’s rea-
soning for its decision.

Per the tested model, we have 480 scenarios and three conditions,
with five repetitions each, for a total of N = 7200 data points. Each
unique scenario-condition combination was repeated 5 times to
account for the inherent response variability in LLM outputs, as sto-
chastic sampling methods can yield different outputs for identical
inputs. Initial validation employed a reduced set of four scenarios,
one representing each profile type, to verify proper functioning of
the experimental apparatus before full deployment across all avail-
able scenarios and conditions. API calls were temporally spaced by
one-second intervals to comply with rate limitations while promot-
ing response independence across trials.

Model responses were parsed to extract the agent decision, the
model’s explicit justification for its choice. All responses underwent
validation for completeness and parsability, with invalid responses,
including those with unparseable formatting or missing decision el-
ements, excluded from subsequent analysis to maintain data quality.
All experimental materials, including scenario files, performance
data specifications, and analysis scripts, are accessible in this anony-
mous repository?. The prompts used in this study align with the list
of industries for scenario generation, and all scenarios are available
in the supplementary material.

We evaluated five LLMs via OpenRouter: Claude Opus 4.5 3,
Claude Haiku 4.5 4, GPT-4.1 mini °, gpt-oss-120B 6 and Mistral
Large 3 7 based on their comparable intelligence benchmarks, en-
abling fair comparison across proprietary and open-weights archi-
tectures. To investigate whether reasoning capabilities influence
model performance, we included two reasoning models: gpt-oss-
120B (open weights) and Claude Opus 4.5 (proprietary). We logged
all prompts, model outputs, and allocation decisions across all ex-
perimental rounds.

3.3 Metrics

Our primary outcome was the Optimal Allocation Rate (OAR),
defined as the proportion of scenarios in which the model cor-
rectly assigned the task to the agent with superior performance
(lower IES at the corresponding difficulty level). We computed

Zhttps://anonymous.4open.science/t/HEAL_CHI_2026_review
3anthropic/claude-opus-4.5, claude-opus-4-5-20251101
4anthropic/claude-haiku-4.5, claude-haiku-4-5-20251001

S openai/gpt-4.1-mini, gpt-4.1-mini-2025-04-14
Sopenai/gpt-0ss-120b

mistralai/mistral-large-2512
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OAR at three levels of granularity: (1) aggregate model-level perfor-
mance across all 7,200 allocation decisions per model, (2) condition-
level performance (anonymous, AI-Simple-Specialist, AI-Complex-
Specialist), and (3) scenario profile-level performance across the
four complexity-emotion combinations.

To characterize the directionality of allocation errors, we com-
puted Directional Bias Metrics capturing asymmetric misalloca-
tion patterns. Specifically, we measured: (1) AI-needed— Human-
chosen rate, the proportion of Al-optimal scenarios where the model
incorrectly selected the human agent; and (2) Human-needed— AI-
chosen rate, the proportion of human-optimal scenarios where the
model incorrectly selected the AI agent. The Net Bias was com-
puted as the difference between these rates, with negative values
indicating systematic over-allocation to human agents.

To examine interaction effects between agent capability and task
characteristics, we set up 4 Scenario Profiles based on 2 dimen-
sions: task relative complexity (High/Low, determined by compara-
tive IES) and emotional intensity (High/Low, derived from scenario
annotations). This yielded four profiles: HCHE (High Complexity,
High Emotion), HCLE (High Complexity, Low Emotion), LCHE
(Low Complexity, High Emotion), and LCLE (Low Complexity, Low
Emotion), enabling analysis of how emotional content moderates
performance-based allocation decisions.

4 Results

The experimental analysis evaluates the decision-making behavior
of five production-grade LLMs across N = 36,000 discrete task
allocation decisions. We compared the allocation decisions at model-
level, condition-level, and scenario profile-level. We also quantify
the directional bias toward favouring humans.

4.1 Model-Level Optimal Allocation
Performance

OAR represents the proportion of scenarios in which the model
correctly identified and selected the superior agent (human or Al)
based on objective performance metrics.

Across the models, gpt-oss-120b achieves the highest optimal
allocation rate at 98.96%, demonstrating near-perfect performance.
GPT-4.1-mini follows with 87.53%, while Mistral Large achieves
84.06%. The Claude model family exhibits comparatively lower
performance, with Claude Opus 4.5 at 80.00% and Claude Haiku 4.5
at 76.72%.

4.2 Performance Across Experimental
Conditions

To investigate potential biases in allocation behavior, we analyzed
model performance across three experimental conditions: anony-
mous, Al-simple-specialist, and AI-complex-specialist. Figure 2 presents
the optimal allocation rates disaggregated by condition.

A striking pattern emerges from Figure 2: all models achieve
near-perfect performance (>99.88%) in the neutral condition, indi-
cating that models can correctly identify the optimal agent when
presented with unlabeled options. However, performance degrades
substantially when agent identities are revealed. The Al-complex-
specialist condition consistently yields the lowest optimal allocation
rates, with Claude Haiku 4.5 dropping to 58.54% and Claude Opus
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Figure 2: a) Optimal allocation rate across conditions. b) Optimal allocation rate across scenario profiles. Standard errors are

illustrated in both graphs.

4.5 t0 60.97%. This asymmetric degradation pattern suggests that ex-
plicit labeling introduces systematic biases that override objective
performance-based reasoning.

4.3 Scenario Profile Analysis: The Role of
Emotional Intensity

To examine the interaction between task characteristics, we catego-
rized scenarios into four profiles based on two dimensions: task rel-
ative complexity (High/Low) and emotional intensity (High/Low).

Figure 2 reveals a critical finding: emotional intensity sys-
tematically overrides performance-based allocation when
models are informed of agent identities. In the HCHE pro-
file, where Al outperforms the human agent, but the task involves
high emotional content, models tend to allocate to humans. Claude
Opus 4.5 achieves 0.00% optimal allocation in HCHE scenarios,
meaning it invariably selects the human agent despite the Al's
superior performance. Claude Haiku 4.5 follows closely at 0.83%,
while GPT-4.1-mini and Mistral Large achieve only 25.50% and
20.87%, respectively.

This pattern contrasts sharply with the LCHE and LCLE profiles,
where models achieve near-perfect (100%) optimal allocation rates.
In these scenarios, the human agent objectively outperforms the Al

and models correctly allocate to humans. The critical distinction lies
in the HCHE versus HCLE comparison: when emotional intensity is
low (HCLE), models demonstrate improved, though still imperfect,
allocation to the superior Al agent (ranging from 33.33% to 100%).
However, the introduction of high emotional content in HCHE
scenarios triggers a dramatic reallocation toward human agents,
even when such allocation is suboptimal.

4.4 Directional Bias Quantification

To quantify the magnitude and direction of allocation biases, we
computed directional bias metrics across all models. We define AI-
needed— Human-chosen as the percentage of cases where Al was
the optimal agent but the model selected the human, and conversely
for Human-needed— Al-chosen.

Table 1 demonstrates a consistent and pronounced bias toward
human allocation across all models. The Al-needed— Hum-chosen
rate ranges from 3.50% (gpt-oss-120b) to 69.71% (Claude Haiku 4.5),
while the inverse Hum-needed— Al-chosen rate remains negligi-
ble across all models (<0.58%). This asymmetry yields uniformly
negative net bias values, indicating a systematic preference for hu-
man agents that manifests specifically when Al is the objectively
superior choice.
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Table 1: Directional Bias Analysis Across Models

Model Al-needed— Hum-needed— Net
Hum-chosen(%)  Al-chosen(%) Bias
Claude Haiku 4.5 69.71 0.00 —69.71
Claude Opus 4.5 60.00 0.29 -59.71
Mistral Large 47.75 0.04 —47.71
GPT-4.1-mini 37.42 0.00 —37.42
gpt-0ss-120b 3.50 0.58 -2.92

5 Discussion

Our findings reveal that LLMs are sensitive to agent identity labels
when allocating tasks. While all evaluated models achieved near-
perfect optimal allocation rates (>99.88%) under identity-agnostic
conditions, the introduction of explicit “AI” and “Human” labels
triggered substantial performance degradation across four of the
five models tested. Only gpt-oss-120b demonstrated robust perfor-
mance across all conditions, maintaining optimal allocation rates
above 98% regardless of labeling. The remaining models exhibited
degradation ranging from 12.47 to 41.34 percentage points when
agent identities were revealed.

Our analysis demonstrates that models systematically over-allocate
to human agents when Al is objectively superior, while rarely com-
mitting the inverse error. This unidirectional bias suggests that
models have internalized implicit assumptions about some features
in the tasks.

Emotional intensity appears to be one of the features that LLMs
may have hidden assumptions about. In scenarios where an Al agent
outperforms a human agent but the task involves high emotional
content (HCHE profile), models exhibited near-complete realloca-
tion to humans. Claude Opus 4.5 achieved 0% optimal allocation
in such scenarios. The precise mechanisms by which emotional
content triggers this bias, whether through learned associations
between emotional labor and human involvement, safety-oriented
defaults, or other representational factors, remain unclear and con-
stitute an important direction for future research.

Another avenue for future research is to delve into the model’s
decision-making rationale. In our case, we collected the models’
decisions and reasoning, and a deep investigation of patterns un-
derlying final decisions could increase our understanding of how
such suboptimalities emerge in an organizational context.

These results carry significant implications for the deployment of
Al systems in organizational contexts. As LLMs increasingly serve
as decision-support tools for task routing, resource allocation, and
workflow optimization, systematic biases in their recommendations
could cause suboptimal patterns of human-AI collaboration.

6 Limitations

Several limitations constrain the generalizability of our findings.
Our evaluation encompassed five large language models from three
providers (Anthropic, OpenAl, and Mistral), which, while represent-
ing current state-of-the-art systems spanning different architectural
families and training methodologies, may not generalize to other
models, particularly smaller or domain-specialized systems, and
the divergent behavior of gpt-oss-120b underscores the potential

Bashardoust et al.

for substantial inter-model variability. The 480 unique scenarios,
though systematically varied along complexity and emotional inten-
sity dimensions, necessarily represent a bounded subset of possible
task-allocation contexts and do not incorporate additional real-
world factors such as temporal constraints, resource availability,
stakeholder preferences, and organizational policies. Finally, our
experimental design examined single-shot allocation decisions with-
out iterative feedback or learning, whereas in practice Al-assisted
task allocation systems may incorporate performance feedback that
could attenuate or amplify the biases we observed over time.

7 Conclusion

This work presents the first systematic investigation of identity-
label bias in task-allocation decisions made by large language mod-
els, with the principal contribution being the empirical demonstra-
tion that LLMs exhibit systematic biases favoring human agents,
particularly in high-emotion content scenarios, even when objec-
tive performance metrics indicate Al superiority. We make three
specific contributions: we introduce the concept of Al-on-identity
allocation bias and provide robust evidence of its existence across
multiple state-of-the-art models, with four of five evaluated models
showing substantial degradation in optimal allocation performance
when agent identities are revealed; we identify emotional inten-
sity as a critical moderating variable that amplifies bias magnitude,
suggesting models encode context-dependent heuristics that can
override performance-based reasoning; and we contribute a com-
prehensive benchmark of 480 scenarios across 12 industry domains,
systematically varying agent capability profiles and task charac-
teristics, released to support future research. These findings carry
direct implications for the design and deployment of Al-assisted
workflow systems, as organizations leveraging LLMs for task rout-
ing should be aware that default model behavior may systematically
under-utilize Al capabilities in emotionally salient contexts—with
mitigation strategies such as identity-agnostic presentation, ex-
plicit performance-based prompting, or post-hoc bias correction
warranting future investigation. More broadly, as Al systems as-
sume greater roles in orchestrating human-AlI collaboration, careful
attention must be paid to the implicit assumptions these systems
encode about the comparative advantages of human and artificial
agents, since the biases we document may reflect reasonable priors
in some contexts but prove costly in others, making identity-label
bias an emerging challenge for responsible Al deployment in orga-
nizational settings.
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