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As large language models (LLMs) become increasingly integrated into robotic systems, understanding their in-
fluence on human-robot collaboration (HRC) is critical for designing effective and user-centered human-robot
interactions. This study investigates the impact of LLM-enhanced robotic systems on users’ performance, mental

PMeer::;n;:::S stress, and trust during collaborative tasks. Participants engaged in two representative HRC scenarios, including
Trust object delivery and instruction following, under two experimental conditions: with and without LLM support.

Performance was measured through task completion time and number of verbal commands; mental stress was
assessed using both subjective (NASA-TLX) and objective (galvanic skin response, GSR) measures; and trust was
evaluated through the SHAPE Trust Index and eye-tracking metrics (blink rate and duration). Results showed
that LLM integration significantly improved task efficiency and reduced subjective mental stress, particularly
mental demand, effort, and frustration. Participants also reported higher levels of trust in the LLM condition
across dimensions such as usefulness, reliability, accuracy, and ease of use. Interestingly, GSR data indicated
elevated physiological arousal, possibly suggesting increased engagement or positive emotional activation, while
eye-tracking measures showed no significant differences. These findings highlight the potential of LLMs to
enhance HRC by enabling more natural communication, reducing mental workload, and increasing user trust,
while also pointing to the need for improved system transparency to support deeper understanding and sustained

trust.

1. Introduction

HRC has become an integral part of modern industrial and service
applications, where robots are increasingly deployed to work alongside
humans in diverse tasks. Future robotic systems are expected to transi-
tion from tools to teammates, operating and interacting naturally with
humans in a manner resembling human-human teamwork (Ososky
et al., 2013). Effective HRC relies on intuitive and efficient interaction
methods. Current advancements in interaction modalities, such as
gesture recognition and speech recognition, have played a significant
role in improving the efficiency of HRC. However, such recognition
systems often require users to memorize predefined commands, intro-
ducing additional cognitive and operational burdens. Studies have also
shown that issuing verbal commands during HRC can be a source of
stress; While verbal commands are generally preferred over gestures in
assembly tasks, repeated verbal instructions can increase users’ mental
stress (Su et al., 2024). To promote seamless collaboration, it is crucial to
explore innovative solutions that eliminate the need for memorizing
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specific commands.

LLMs have emerged as promising tools for addressing these chal-
lenges. Pretrained on extensive data, LLMs demonstrate exceptional
natural language understanding and generation capabilities. Their
ability to interpret user intentions and provide contextually appropriate
responses has enabled their application across domains such as industry,
education, healthcare, and entertainment. In the context of HRC, the
integration of LLM models into robotics has emerged as a rapidly
growing field, with researchers exploring their applications in percep-
tion, prediction, planning, and control (Firoozi et al., 2024). By
leveraging LLMs, robots can better perceive and interact with the
environment, facilitating the translation of high-level human in-
structions into actionable tasks. For example, Huang et al. (2022a)
proposed a method to map natural language plans into executable ac-
tions, significantly improving task performance. Moreover, Singh et al.
(2023) presented a LLM prompt structure for plan generation across
environments, robot capabilities, and tasks. Similarly, Chen et al.
(2024a) performed few-shot translation from natural language task
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descriptions to intermediate task representations to solve a robot task
and motion plan using LLMs. In another study, researchers developed a
framework to transform natural languages to temporal logics using LLMs
(Chen et al., 2024b).

While these studies underscore the technical promise of LLMs in
HRC, few have examined their impact on users' perceptions from a
human factors perspective, especially related to mental stress and trust.
Mental stress in the workplace is increasingly recognized as a critical
factor that affects individual work performance and health (Umer,
2022). Therefore, integrating advanced technologies like LLMs into ro-
botic systems necessitates a comprehensive evaluation of their effects on
users' mental stress levels to ensure collaboration efficiency and worker
well-being. Workers’ mental stress is traditionally assessed through
subjective measures, such as the NASA Task Load Index (NASA-TLX),
which evaluates workload across cognitive and emotional dimensions
(e.g., mental demand, effort, and frustration). However, self-reports are
inherently limited by their post-hoc nature and reliance on
self-awareness. To complement these limitations, objective physiolog-
ical measures such as Galvanic Skin Response (GSR) offer continuous,
real-time monitoring of stress-induced arousal by measuring skin
conductance changes. The integration of both subjective and objective
methods allows for a more comprehensive assessment of mental stress in
HRC.

Equally important in HRC is trust, defined as the belief that an agent
will act in ways that support the user's goals under uncertainty and
vulnerability (Lee and See, 2004). In many cases, trust determines the
extent to which humans accept and use robotic systems (Parasuraman
and Riley, 1997). It influences system effectiveness, particularly as it is
related to safety, performance, and use rate. Trust also influences a
collaborator's willingness to assign tasks, share information, and coop-
erate, making it a pivotal factor in successful HRC (Freedy et al., 2007).
Research suggests that higher levels of trust correlate with increased
system usage, while insufficient trust often leads to disuse, hindering
collaboration and performance (Khavas et al., 2020; Kok and Soh,
2020). As robots transition from tools to intelligent teammates, under-
standing trust in HRC is essential.

Subjective questionnaires remain the primary tools for evaluating
trust in robotic systems. For instance, the SHAPE Automation Trust
Index (Lewis et al., 2018) is a pragmatically oriented questionnaire that
assesses trust across multiple dimensions, such as reliability, accuracy,
and understanding. The Trust Perception Scale-HRI (Schaefer, 2016)
was specifically designed to measure human-robot trust over time,
expressed as an overall percentage of trust. Additionally, Charalambous
et al. (2016) developed a psychometric scale to evaluate trust in in-
dustrial HRC, focusing on robot, human, and external aspects. Objective
measures, as a complement, allow for real-time analysis of trust through
physiological signals and behavioral data. Eye-tracking has been widely
employed to evaluate trust in various contexts. For example, Jenkins and
Jiang (2010) utilized eye-tracking data to evaluate operators’ trust in
human-robot interfaces in a context of urban search and rescue tasks.
Similarly, Lu & Sarter (2019) investigated participants' trust levels using
eye movement data in an unmanned aerial vehicle simulation. Other
physiological measures, such as EEG, has been applied to model human
trust in machines (Akash et al., 2018). Behavioral changes also serve as
valuable indicators of trust. Studies by Lee et al. (2013) and Mota et al.
(2016) demonstrated how behavioral observations can effectively
measure trust in HRC.

The primary objective of this study is to investigate the impact of
integrating LLMs into robotic systems on users' performance, mental
stress, and trust during HRC. To this end, a robotic task planning system
was developed using GPT-40 as the LLM-based Al assistant. The inte-
grated LLM assistant interprets users’ natural language verbal com-
mands and generates corresponding motion plans for the robot to
execute. The system was designed to support representative collabora-
tive tasks with varying types and complexities, including object delivery
and instruction following. Object delivery is one of the most
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fundamental and widely studied capabilities in HRC, which is often used
as a canonical benchmark to evaluate coordination, timing, and shared
intentions (Duan et al., 2024). This task requires the human-robot team
to infer semantic meaning and understand high level task goals for
collaboration, which typically imposes greater workloads (Liu et al.,
2025; Tian et al., 2025). In contrast, instruction following tasks involve
humans issuing sequential commands for the robot to execute. This
paradigm places more emphasis on temporal planning and command
decomposition but generally entails lower cognitive load and less se-
mantic ambiguity (Cui et al., 2023; Shi et al., 2025). By including both
tasks, this study enables examination of LLM integration effects across
distinct interaction modalities and levels of task complexity. Through
the combination of subjective assessments, physiological indicators, and
behavioral data, this study aims to provide a comprehensive under-
standing of how LLM-enhanced systems influence human experience in
collaborative robotic settings.

2. Methods
2.1. Participants

A total of 20 healthy participants (12 males, 8 females) aged 24-36
years (M = 27.7, SD = 2.74) were recruited from North Carolina State
University. All participants were fluent English speakers with little to no
prior experience in HRC. The experimental protocol was approved by
the institutional review board at North Carolina State University (IRB
#27542).

2.2. Experiment setup

In this experiment, collaborative tasks are carried out using a UR 5e
robotic arm (Universal Robots), illustrated in Fig. 1.The robot's control
and communication are managed through the ROS framework, oper-
ating within a Linux Ubuntu 20.04 environment.

Overall, this exploratory study employs a 2x2 factorial experimental
design, where the independent variables are the presence of an LLM
capability (two levels: with or without) and task type (two levels: object
delivery and instruction following). In the collaborative object delivery
scenario, participants worked alongside the robot to complete a circuit
board assembly task. The robot was responsible for delivering items
from a shelf containing 10 distinct objects necessary for various stages of
assembly, including a circuit board, mounting frame, screwdriver,
brush, and scissors. In conditions without LLM intelligence, participants
were required to issue specific, predefined commands to request items.
To enhance usability, the system allowed two fixed instruction formats:
referring to the item by name (e.g., “deliver screwdriver”) or by its
assigned position number (e.g., “deliver item 3”).In the LLM-enhanced
condition, participants were allowed to use more natural and flexible
language.For example, they could issue direct requests such as “please
give me the screwdriver,” or goal-oriented commands like “please give
me the tool to tighten the screw,” with the LLM assistant inferring the
intended object (i.e., the screwdriver), locating it (e.g., position 3), and
delivering it autonomously. The LLM also supported compound re-
quests, enabling participants to issue combined statements such as
“please pass me the screwdriver and the tool to cut the wire,” which the
assistant could interpret and execute sequentially by identifying and
retrieving both the screwdriver and the scissors.

In the collaborative instruction-following scenario, participants
directed the robot to place a Lego block into a designated blue box using
verbal commands. This task required the execution of a sequence of
actions: moving forward 20 ¢cm, moving downward 20 cm, closing the
gripper, moving left 50 cm, and opening the gripper. In the non-LLM
condition, participants had to issue precise, step-by-step commands, e.
g., “open gripper”, with each command delivered individually and only
after the robot had completed the preceding action. In contrast, the LLM-
enhanced condition allowed participants to use natural language
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Fig. 1. Human-robot collaboration scenarios using a UR 5e robotic arm.

variations, such as “open your gripper” or “open your hand.” Further-
more, participants could issue compound instructions, such as, “please
move forward 20 cm, move down 20 cm, and then close your gripper”,
and the LLM assistant would automatically generate and execute a valid
motion plan encompassing the full sequence. Using its embedded
reasoning and generation capabilities, the LLM-based automatic map-
ping process ensured that natural-language instructions were consis-
tently translated into executable actions, maintaining experimental
reproducibility across participants.

2.3. LLM assistant design

The LLM-enhanced intelligence assistant in this study is built upon
OpenAl GPT-4o0, with the overall framework illustrated in Fig. 2. The
workflow begins by converting the human operator's spoken natural
language into textual input, enabling the Al assistant to process the in-
structions. The decision-making core of the assistant leverages OpenAl
GPT-4o0 to interpret the input, evaluate contextual information, and
address potential ambiguities. Based on its analysis, the assistant either
generates conversational responses to request clarification from the
human operator or produces a valid motion plan for the robotic arm to
execute.

To optimize the assistant's reasoning capabilities and applicability
across collaborative scenarios, several strategies were employed. A key
enhancement involves the use of a few-shot prompt strategy, inspired by
the structured hierarchical approach described by Ye et al. (2023). This
strategy ensures a comprehensive understanding of both high-level task
objectives and specific action details. The prompts are designed to
progress from overall task descriptions to detailed robot function library
information and operational constraints. By incorporating few-shot ex-
amples, the assistant's output is guided to align with the expected format

Collaboration

and context for each scenario. An example of a few-shot prompt is
provided in Fig. 3.

Moreover, in the collaborative object delivery scenario, the Retrieval
Augmented Generation (RAG) strategy is implemented to identify and
locate objects requested by the human operator. To support this process,
a dedicated knowledge base is constructed, as shown in Fig. 4. This
knowledge base includes detailed annotations for each object, encom-
passing attributes such as function, shape, color, material, purpose, and
location. These annotations enhance the system's ability to accurately
identify and retrieve the correct object based on human input.

2.4. Experiment procedure

The experiment is divided into three stages: pre-experiment, in-
experiment, and post-experiment. In the pre-experiment stage, partici-
pants are provided with consent forms to review and sign. They are
informed of their right to withdraw from the experiment at any time if
they feel uncomfortable or unwilling to continue. Following this, the
researcher explains the experiment in detail, including an introduction
to the devices and tasks. After the introduction, a GSR sensor is attached
to each participant to collect physiological data, and the eye-tracking
headset is fitted and calibrated. Before the experiment, participants
completed a structured training session to familiarize themselves with
both the communication modes and the experimental tasks. In the non-
LLM condition, participants were provided with a cheat sheet (Appendix
1, Section A, C) listing all predefined verbal commands and their cor-
responding robot actions. They were given sufficient time to review and
memorize these commands to ensure accurate task execution. In the
LLM-enabled condition, participants were instead shown several
example interactions (Appendix 1, Section B, D) demonstrating how to
flexibly instruct the robot using natural language. These examples

Motion Sequence

v

% Feedback Feedback —\ biesdback Status &
s \ - ||||||.|. @ & —  a
S A <, Speech Audio Text Robot plan \
(o o arac/ ((@)) Text| _— )~ 2
T 1 ¥ O oo —J a\
Human Audio Input Audio-to-text LLM Assistant Robot

Fig. 2. The framework of the proposed LLM-enhanced robotic system.
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Few-shot Prompt Strategy

Overview

You are my Al assistant for robotic task planning.

Task Description

We are collaborating to perform an assembly task involving object delivery using the robot's motion and

control library.
Assistant Responsibilities

Your responsibility is to reason through my instructions, determine the required actions, and generate a
sequence of valid motion commands for the robot arm.

RobotFuncLibrary

The robotic system you are working with is equipped with a comprehensive motion library that includes
three types of functions: robot arm motion, gripper motion, and a vision system.
The detailed descriptions of these functions are as follows:

Robot Arm Motion Functions:

1. move_horizontally(d): This function moves the robotic arm laterally by a specified distance d, while
maintaining the current vertical level of the arm.

28
Constraints

Before generating the motion plan, it is essential to confirm that all the required information for each

function is available and valid.

For example, you must determine the exact value of the distance d before using the move_horizontally(d)
function. Additionally, ensure that the command parameters fall within the operational limits.
If any information is unclear or incomplete, proactively communicate with the human operator to obtain

clarification.
Examples

User: Please move downwards 10cm, grasp the block, and deliver it to me.

Assistant:

- move_vertically(-0.1)
- close_gripper()

- move_to(person)

- open_gripper()
User: ...

Fig. 3. Example of the structured hierarchical few-shot prompt strategy.

Knowledge Base for Retrieval

Object 1: Scissors

Function: Cutting paper, fabric, or other materials.
Shape: Two elongated handles connected by a pivot,
with two sharp, intersecting blades.

Color: Red handles with metallic silver blades.
Material: Plastic handles, stainless steel blades.
Purpose Annotation: Commonly used for office or
crafting purposes.

Location: (x1,y1,z1)

Object 2: Screwdriver

Function: Tightening or loosening screws.

Shape: Cylindrical handle with a long, thin shaft ending
in a flat head (flathead type).

Color: Blue handle with a black shaft.

Material: Rubber-coated handle for grip, steel shaft.
Purpose Annotation: Typically used for assembly tasks.
Location: (x2,y2,z2).

Fig. 4. Example of the knowledge base for retrieval.

demonstrated that the LLM assistant could interpret context-rich utter-
ances, handle sequential instructions, and infer object identities based
on semantic cues. Before data collection, the experimenter verified that
each participant could correctly issue both predefined and free-form
commands, and that the speech recognition system accurately tran-
scribed all spoken inputs.

Participants are given a 10-min rest period before the start of the
experiment to ensure they are in a relaxed state. Afterward, a 3-min
baseline recording is collected to serve as a reference for physiological

measurements. The in-experiment stage includes four sessions, repre-
senting a combination of two conditions. Latin Square design is used to
mitigate time-order effects and reduce potential biases. Between each
session, participants complete a self-report questionnaire and are given a
5-min rest period to recover.

In the post-experiment stage, wearable sensors are removed from the
participants, and they are asked to sign a payment form to receive
compensation for their participation. The total duration of the experi-
ment is approximately 2 h.

2.5. Data collection and analysis

2.5.1. Performance measures

Completion time. Completion time refers to the total duration
required for a participant to complete each task scenario, measured from
the initiation of the first verbal command to the completion of the final
robot action or task. This metric serves as a direct indicator of task ef-
ficiency and interaction fluency between the human and the robot
(Steinfeld et al., 2006). To obtain accurate timing data, completion time
was manually extracted from the video recordings of each experimental
session.

Number of commands. The number of verbal commands issued by
each participant during a task was used as a measure of communication
efficiency (Hirsh et al., 2006). Fewer commands may reflect more
effective and intuitive interaction. To quantify this metric, all commands
and corresponding robot responses were automatically logged in a text
file during the experiment, from which the total number of commands
per task was extracted for analysis.

2.5.2. Mental stress measures

Subjective measure. NASA-TLX is a widely used subjective measure
for mental stress. It performs a comprehensive assessment of mental
workload using a multi-dimensional subscale, including mental de-
mand, physical demand, temporal demand, performance, effort, and
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frustration. Participants rate each dimension, and the overall mental
workload is computed as the average of all subscales. This comprehen-
sive approach captures various aspects of mental workload, providing
insights into participants’ subjective experiences of stress during the
tasks.

Objective measure. Galvanic skin response is a well-established
physiological indicator of mental stress. Unlike the skin conductance
level, which represents a tonic measurement, the skin conductance
response captures the phasic changes elicited by external stimuli
(Dawson et al., 2007). Studies showed that palms, fingers, feet, and
shoulders are effective locations for collecting the GSR data (van Dooren
et al., 2012). As both hands are occupied in the experiment, the foot is
chosen as the recording location using a Shimmer3 GSR + device.

The GSR device collects skin conductance data at a sampling rate of
256 Hz. The collected data is processed using MATLAB-based software,
Ledalab (version 3.4.9). During processing, the signal is downsampled to
64 Hz and subjected to decomposition analysis to separate the phasic
components from the tonic skin conductance levels (Benedek and
Kaernbach, 2010). The mean values of the phasic components for each
session are then used as indicators of mental stress levels. To account for
individual physiological differences, the session values are normalized
within each participant before statistical analysis. Specifically, each
session's mean GSR value was divided by the participant's maximum
mean value across all four sessions, as shown in Equation (1). This
approach, consistent with prior research (Arai et al., 2010), standardizes
inter-individual variability in physiological response magnitude.

GSR;;

GSR_norm;; = max; (GSR;;)

(Eq- 1)

where i represents the participant index (1-20) and j represents the
experimental condition (1-4).

2.5.3. Trust measures

Subjective measure. The SHAPE Automation Trust Index (SATI) is a
self-report questionnaire widely used to assess trust in automated sys-
tems, particularly in the fields of human-robot interaction and human
factors research. SATI evaluates trust across six subscales: usefulness,
reliability, accuracy, understanding, likability, and ease of use. Each
subscale is rated on a scale from —5 to +5. The overall trust is computed
as the average of all subscales.

Objective measure. Objective trust measurement involves analyzing
raw eye movement data to extract metrics, including blink rate and blink
duration. Objective trust measurement involves analyzing raw eye
movement data to extract metrics, including blink rate and blink dura-
tion. These measures were selected as non-intrusive indicators of par-
ticipants' trust during collaboration, as they are among the most widely
used ocular indicators of attentional engagement and trust in HRC
contexts. Prior research has shown that higher blink rate is associated
with lower trust, while longer blink durations correspond to greater
comfort and higher perceived trust (Ahmad and Alzahrani, 2023; Lu and
Sarter, 2019; Ries et al., 2024; Zhang et al., 2024). Blink rate and
duration were further chosen because they are robust to head motion,
simple to extract, and suitable HRC tasks in which continuous gaze
tracking is impractical. To capture these metrics, the Pupil Core system
is utilized, comprising eye-tracking glasses equipped with high-speed
cameras for monitoring eye movements and a scene camera to record
the user's field of view. The system samples eye-tracking data at a fre-
quency of 256 Hz.

Eye blinks are detected using the algorithm described by Hershman
et al. (2018), which calculates noise measurements before and after
missing-sample time windows to identify blink onset and offset. Simi-
larly, to account for inter-individual variability, eye-blink metrics were
normalized within each participant following the same procedure
described in Equation (1).
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2.5.4. Statistical analysis

A two-way repeated measures ANOVA will be performed in JMP to
examine the effects of each factor on users' mental stress levels and trust
levels, as well as their interaction effects. In addition, time order (session
number: 1-4) was included as a covariate to account for potential re-
sidual time-order effects (e.g., practice or fatigue) not fully eliminated
by the balanced Latin Square counterbalancing. Statistical significance
will be determined at a threshold of 0.05.

3. Results
3.1. Performance measures

3.1.1. Completion time

There were significant main effects of both LLM capability (F(1,19) =
33.4978, p < .0001) and task type (F(1,199 = 33.5804, p < .0001),
indicating that both factors independently influenced the time it took
participants to complete the task. The interaction effect between LLM
capability and task type was marginally non-significant (F1,19) =
3.7541, p = .058), suggesting a possible differential impact of LLM
support depending on the task. Table 1 reports the four cell means for
completion time across the LLM Presence x Task Type conditions; the
fastest condition was instruction-following with LLM (91.75 + 35.21 s),
whereas the slowest condition was object delivery without LLM (254.20
+ 55.59 s). As illustrated in Fig. 5, participants completed tasks signif-
icantly faster when using LLM-enhanced systems (M = 145.98 + 63.15
s) compared to traditional systems across all task types (M = 227.15 +
87.72). Among task types, instruction-following tasks (M = 145.93 +
95.15 s) exhibited a significantly shorter completion time than the
object-delivery tasks (M = 227.20 + 51.20 s).

3.1.2. Number of commands

The ANOVA results indicate a significant main effect of LLM capa-
bility on the number of verbal commands issued (F(1,19) = 112.97, p <
.0001), as well as a significant main effect of task type (F(1,19) = 24.33, p
< .0001). Table 2 reports the four cell means for the number of com-
mands across the LLM Presence x Task Type conditions; the fewest
commands were observed in the object-delivery task with LLM support
(3.80 + 0.83), whereas the most commands were observed in the
instruction-following task without LLM support (15.00 + 5.03). As
illustrated in Fig. 6, participants issued significantly fewer commands in
the LLM-enabled condition (M = 4.98 + 1.99) than in non-LLM condi-
tion (M = 12.63 + 5.00), and fewer commands were required for the
object delivery task (M = 7.03 + 4.23) than for the instruction following
(M = 10.58 =+ 5.88). However, the interaction between the two factors
was not statistically significant (F,19) = 2.7796, p = .1013).

3.2. Mental stress measures

3.2.1. NASA-TLX

There was a significant main effect of LLM capability on NASA-TLX
scores (F(1,19) = 26.8656, p < .0001). Table 3 reports the four cell
means for NASA-TLX scores across the LLM Presence x Task Type
conditions; the lowest workload was observed in the instruction-
following task with LLM support (4.12 + 2.98), whereas the highest
workload was observed in the object-delivery task without LLM support
(7.35 £ 2.98). As depicted in Fig. 7, participants reported consistently
lower workload in the LLM-enabled condition (M = 4.28 + 3.02) across
all task types than non-LLM condition (M = 7.04 + 3.48), indicating that

Table 1
Completion time by Condition LLM Presence x Task Type (M + SD).
Deliver Follow
With LLM 200.20 £+ 27.48 91.75 + 35.21

Without LLM 254.20 £ 55.59 200.10 £ 105.67
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Fig. 5. Effects of LLM capability and task type on completion time.

Table 2
Number of commands by Condition LLM Presence x Task Type (M + SD).

Deliver Follow

With LLM
Without LLM

3.80 + 0.83
10.25 +3.75

6.15 + 2.13
15.00 £+ 5.03

Number of Commands

With Without Deliver Follow
LLM Capability Task Type

Fig. 6. Effects of LLM capability and task type on number of commands.

Table 3
NASA-TLX score by condition LLM presence x task type (M + SD).
Deliver Follow
With LLM 4.45 £+ 3.12 4.12 £ 2.98
Without LLM 7.35 £ 2.98 6.73 £+ 3.98

the LLM-enhanced system reduced perceived cognitive demand. How-
ever, there are no significant effects of task type (F(1,19) = 0.7967, p =
.3760) and no significant effects for interaction (F(;,19) = 0.0709, p =
.7911).

To further examine the influence of LLM capability on subjective
experiences of mental workload, ANOVA analysis was conducted for the
six dimensions of the NASA-TLX. Significant main effects of LLM capa-
bility were found for mental demand, effort, performance, and frustra-
tion. Specifically, participants reported significantly lower mental
demand in the LLM condition (M = 5.93 + 4.90) than in the non-LLM
condition (M = 9.70 £ 5.03), F(1, 19y = 26.71, p < .0001. The required
effort was also markedly lower with LLM support (M = 3.75 + 3.11)
compared to without LLM assistance (M = 7.45 + 4.31), F(1, 19) = 25.73,
p < .0001. Participants further perceived their performance as improved
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Fig. 7. Effects of LLM capability and task type on NASA-TLX scores.

under the LLM condition (M = 2.93 + 2.96) relative to the non-LLM
condition (M = 5.90 £ 4.47), F1, 19) = 17.42, p = .0001, and reported
substantially reduced frustration (M = 3.93 £ 4.14 vs. 8.20 &+ 5.31), F(y,
19) = 38.02, p < .0001. In contrast, no significant differences were
observed for physical demand or temporal demand across conditions,
suggesting that the impact of LLM integration was primarily confined to
cognitive and emotional aspects of task execution rather than physical
exertion or perceived time pressure. These results are depicted in Fig. 8.

3.2.2. GSR

The ANOVA results for normalized GSR values showed a significant
main effect of LLM capability (F(1,19) = 19.7623, p < .0001). Table 4
reports the four cell means for GSR across the LLM Presence x Task Type
conditions; the highest GSR was observed in the instruction-following
task with LLM support (0.795 + 0.270), whereas the lowest GSR was
observed in the instruction-following task without LLM support (0.460
+ 0.259). As seen in Fig. 9, participants exhibited significantly higher
phasic GSR responses in LLM condition (M = 0.79 + 0.29) compared to
the non-LLM condition (M = 0.55 =+ 0.30). Task type was not significant,
with (F(1,19) = 2.0104, p = .1620), and the interaction effect were not
statistically significant, with (F(1,19) = 2.9352, p = .092).

3.3. Trust measures

3.3.1. SHAPE Trust Index

There was a significant main effect of LLM capability on SHAPE Trust
Index scores (F(1,19) = 43.4777, p < .0001), indicating that participants
trusted the LLM-enhanced system more. Table 5 reports the four cell
means for SHAPE Trust Index scores across the LLM Presence x Task
Type conditions; the highest trust ratings were observed in both LLM
conditions (3.425 + 0.878 for object delivery; 3.425 + 0.979 for in-
struction following), whereas the lowest trust rating was observed in the
instruction-following task without LLM support (1.858 + 1.660). Fig. 10
highlights the elevated trust ratings in the LLM conditions (M = 3.43 £+
0.92 vs. 1.98 + 1.43). Neither the main effect of task type, F(1, 19y = 0.30,
p = .584, nor the interaction between LLM capability and task type, F(1,
19) = 0.30, p = .584, reached statistical significance.

To gain deeper insight into participants' trust perception, ANOVA
analysis for the six dimensions of the SHAPE Trust Index was conducted.
Significant main effects of LLM capability were found for usefulness (F(y,
19) = 30.03, p < .0001; M = 3.53 £ 1.06 vs. 1.88 + 2.08), reliability (F(;,
19) = 31.64, p < .0001; M = 3.35 £ 1.05 vs. 1.83 £ 1.66), accuracy (F,
19) = 14.97, p =.0003; M = 3.53 + 1.24 vs. 2.25 + 1.92), liking (F(1, 19)
=53.61, p <.0001; M = 3.65 + 1.19 vs. 1.15 + 2.32), and ease of use
(Fa, 19) = 25.20, p < .0001; M = 3.43 & 1.11 vs. 1.90 £ 2.19). These
results indicate that LLM integration enhanced participants' perception
of the robot's functionality, dependability, accuracy, likability, and us-
ability. However, the understanding subscale did not show a statistically



B. Suet al Applied Ergonomics 134 (2026) 104736
*
|
* Mental Demand
I % I g 1lf)\ysical :f)[e)renandd
12 I I Ptrfgrman(e
% N Effort
I I Frustration
o
y NN
< Q\
w
N
<
Z : \\\
-
(] \
w
c
1O \
w NN 9
a, \\ NN
X
3 \ \
2 \
\
o Without
LLM Capability
Fig. 8. Effects of LLM capability and task type on six dimensions of NASA-TLX scores.
Table 4
GSR by condition LLM presence x task type (M + SD). *
Deliver Follow
With LLM 0.779 + 0.322 0.795 + 0.270
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02 for blink rate. The effect of LLM capability was not significant, F, 19) =
2.51, p = .122, nor was the effect of task type, F1, 19) = 1.43, p = .240.
The interaction between LLM capability and task type also failed to
< With Without Deliver Follow reach significance, F(1, 19) = 1.09, p = .304. Table 6 reports the four cell
LLM Capability TeskiType means for blink rate across the LLM Presence x Task Type conditions;
Fig. 9. Effects of LLM bilit d task ¢ GSR the lowest blink rate was observed in the object-delivery task with LLM
18. 9. ects o capability and tas. e on . . .
8 P Y P support (0.668 + 0.301), whereas the highest blink rate was observed in
the instruction-following task without LLM support (0.847 + 0.241).
Table 5 Fig. 12 shows relatively stable blink rates across all conditions, with a
SHAPE trust index by condition LLM presence x task type (M = SD). slight (but not statistically significant) trend toward lower blink fre-
- quency in the LLM condition.
Deliver Follow
With LLM 3.425 + 0.878 3.425 + 0.979 3.4.2. Blink duration
Without LLM 2.10 + 1.177 1.858 + 1.660

significant difference between conditions, suggesting that the perceived
interpretability or transparency of the robot's decision-making was not
affected by LLM presence. These patterns are visually illustrated in
Fig. 11.

3.4. Eye tracking

3.4.1. Blink rate
The ANOVA results indicate no significant main effects or interaction

Similarly, ANOVA results reveal no significant effects for blink
duration across conditions. The effect of LLM capability was not sig-
nificant, Fq, 19y = 0.49, p = .490, nor was the effect of task type, F(1, 19)
= 0.36, p = .554. The interaction between LLM capability and task type
was also non-significant, F(;, 19y = 0.11, p = .742. Table 7 reports the
four cell means for blink duration across the LLM Presence x Task Type
conditions; the longest blink duration was observed in the object-
delivery task with LLM support (0.793 + 0.257), whereas the shortest
blink duration was observed in the object-delivery task without LLM
support (0.718 £ 0.334). Fig. 13 shows slight variations, but none were
significant.
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Table 6
Blink rate by condition LLM presence x task type (M + SD).

Deliver Follow

With LLM
Without LLM

0.668 + 0.301
0.833 + 0.207

0.821 + 0.263
0.847 + 0.241

Blink Rate

With Without
LLM Capability

Follow

Task Type

Deliver

Fig. 12. Effects of LLM capability and task type on shape trust index scores.

Table 7
Blink duration by condition LLM presence x task type (M + SD).
Deliver Follow
With LLM 0.793 + 0.257 0.755 + 0.308
Without LLM 0.718 + 0.334 0.730 + 0.334

4. Discussion

This study offers one of the earliest empirical examinations of LLM
integration into human-robot collaboration from a human-factors
perspective. Whereas previous work has largely centered on algo-
rithmic performance or simulated interaction, we investigated how an
LLM-driven robotic assistant affects users' task performance, mental
workload, and trust during physical collaboration. The experimental
framework uniquely combines subjective self-reports with objective

08
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Follow

Deliver
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Fig. 13. Effects of LLM capability and task type on shape trust index scores.

physiological and behavioral indicators, yielding a holistic under-
standing of users’ cognitive and affective states. The implementation of
a real-time GPT-4o0-based planning system employing few-shot
prompting and retrieval-augmented grounding further distinguishes
this work as a functional prototype of embodied, language-mediated
collaboration. Beyond demonstrating measurable performance bene-
fits, the findings highlight how LLM-driven natural language interaction
can reduce cognitive effort and enhance user trust, offering new insights
into the design of transparent and user-centered intelligent robotic
systems.

The performance improvements, evidenced by significantly reduced
task completion time and fewer commands issued in the LLM condition,
align with findings from previous studies that emphasize the benefits of
more intuitive interaction methods. For instance, Huang et al. (2022b)
and Singh et al. (2023) demonstrated that LLMs can successfully trans-
late natural language instructions into executable robot actions,
streamlining task planning and execution. Similarly, Yao et al. (2024)
showed that few-shot LLM prompting can improve the robot's ability to
interpret complex user instructions in varied contexts. The present study
extends these findings by providing empirical evidence from
human-subject experiments, showing that such LLM-driven improve-
ments translate into measurable performance gains in real-time HRC
tasks.

In terms of mental stress, subjective ratings using the NASA-TLX
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showed significant reductions under the LLM condition. Participants
reported lower levels of mental demand, effort, and frustration, as well
as improved self-assessed performance when interacting with the LLM-
enhanced system. These findings is in line with a previous work (Su
et al. (2024)) where it was found that although verbal commands are
generally preferred over gestures, the need to remember and repeat rigid
command structures can increase users’ cognitive workload. The present
study extends this insight by demonstrating that LLM integration sup-
ports more natural and flexible communication, thereby reducing the
cognitive burden associated with issuing instructions.

However, a notable discrepancy emerged when comparing subjec-
tive stress ratings with objective physiological data. Contrary to the
subjective reports, phasic GSR values were significantly higher in the
LLM condition. This divergence suggests that while participants felt less
mentally stressed, their physiological arousal increased during interac-
tion with the LLM-enhanced system. One possible explanation is that
this increase in arousal does not reflect negative stress, but rather
heightened cognitive engagement or positive emotional resonance. As
noted in previous research, GSR is a general indicator of arousal, sen-
sitive not only to stress but also to positive affective states such as
excitement, interest, and enjoyment (Boucsein, 2012). Supporting this
interpretation, participants rated the LLM condition significantly lower
on the “frustration” subscale of the NASA-TLX, with a mean score of 3.93
on a 0 to 20 scale. Moreover, the “liking” subscale of the SHAPE Trust
Index received a significantly higher rating in the LLM condition, with a
mean score of 3.65 on a scale ranging from —5 to 5. In this context, the
elevated GSR values may reflect a more enjoyable and emotionally
positive experience rather than a stressful one.

This divergence between perceived stress and physiological arousal
underscores the complexity of interpreting multimodal data in HRC
research. Subjective self-reports capture participants’ reflective assess-
ments, whereas physiological signals reveal underlying arousal levels
that may arise from either positive or negative experiences. Taken
together, these findings emphasize the importance of using both sub-
jective and objective measures to gain a comprehensive understanding
of user experience. Future research should consider complementing GSR
data with additional indicators of emotional valence, such as facial
expression analysis or heart rate variability, to better differentiate be-
tween stress and positive engagement in response to LLM-enabled ro-
botic systems. Moreover, although subjective results indicated reduced
mental workload, the relatively simple task structure may have limited
physiological differentiation between conditions. Future studies should
incorporate tasks with graded levels of difficulty, such as multi-step
assembly, dynamic coordination, or safety-critical scenarios, to more
comprehensively assess the influence of LLM assistance on performance,
mental workload, and trust.

The significant increase in subjective trust observed in the LLM
condition is consistent with findings from Akash et al. (2019), who re-
ported that enhanced communication and system reliability are key
contributors to increased trust in automated systems. In the present
study, participants rated the LLM-enhanced system significantly higher
across five dimensions of the SHAPE Trust Index, including usefulness,
reliability, accuracy, liking, and ease of use. These results also align with
the study by Ye et al. (2023), who reported that integrating ChatGPT
into a virtual reality HRC environment significantly increased users'
trust, primarily due to the system's ability to engage in more intuitive
and effective communication.

Nevertheless, this study identified limitations of LLM-based systems
in fostering a deeper understanding of the robot's behavior. The lack of
significant difference in the “understanding” subscale of the SHAPE
Trust Index suggests that while participants experienced functional and
affective improvements, they did not perceive the LLM-assisted system
as more transparent or interpretable. This raises concerns regarding the
explainability of LLM-generated decisions in robotic contexts. As
emphasized by Alonso and de la Puente (2018), system transparency and
user understanding are critical components of sustained trust in
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human-machine interaction. Therefore, future work should focus on
enhancing the interpretability of LLM outputs to further strengthen
long-term trust in LLM-enabled robotic systems.

Additionally, objective trust measures captured through eye
tracking, specifically blink rate and blink duration, did not exhibit sig-
nificant differences across conditions. While previous studies reported
blink-related metrics as non-intrusive indicators of trust (Lu and Sarter,
2019; Ries et al., 2024), with higher blink rates and longer blink dura-
tions often associated with decreased trust, the current study observed
only similar directional trends without reaching statistical significance.
One likely explanation is the relatively short duration of the tasks, which
averaged around 3 min. This limited timeframe may not have been
sufficient to elicit meaningful variation in ocular behavior to reveal
trust-related differences. In contrast, studies such as Lu and Sarter's UAV
monitoring experiments and Hergeth et al.’s automated driving research
(Hergeth et al., 2016) involved session lengths of 30 min or more, during
which significant blink-based trust differences emerged as participants
had more time to calibrate their confidence in the system based on
repeated reliability cues. We also acknowledge that the selected
blink-based indicators, while well-established, may have limited sensi-
tivity in capturing subtle trust dynamics within this interaction-oriented
HRC setting. Although these measures provide practical and
non-intrusive advantages, future studies should integrate additional
ocular metrics, such as fixation entropy and pupil dilation, to enable a
more sensitive evaluation of trust dynamics in LLM-assisted HRC.

Overall, the findings contribute to the emerging evidence that LLMs
enhance HRC by promoting more natural interactions, reducing users'
mental workload, and fostering greater trust. However, several limita-
tions should be acknowledged. First, the study was conducted in a
controlled laboratory environment with relatively short task durations,
approximately 3 min per scenario on average. This limited exposure may
not fully capture the evolving dynamics of long-term or real-world HRC.
In particular, such short-term interactions constrain the ability to
observe phenomena like trust calibration (Jelinek and Fischer, 2023)
and trust decay (Centeio Jorge et al., 2023). Future research should
therefore involve longer-term deployments, ideally spanning multiple
days or weeks in authentic industrial contexts, to assess how LLM-based
assistance influences sustained trust over time. Second, the study
focused on two relatively simple collaborative scenarios using a single
UR 5e robot arm. Although significant differences were observed in task
completion time and the number of user commands, there were no
significant effects of task type on mental stress or trust metrics. More
complex and safety-critical collaborations, such as multi-stage assembly
or shared-workspace navigation involving mobile robots, are likely to
introduce additional cognitive and physical demands (Nahid et al.,
2024; Steinfeld et al., 2006). Replicating the study using a broader range
of robots and task scenarios with increased complexity will be beneficial
to generalize the findings and understand the boundaries of
LLM-enhanced collaboration. Third, while participants reported higher
affective trust, they did not perceive a clearer understanding of the ro-
bot's reasoning. This indicates a persistent lack of system transparency.
Integrating explainable-AlI techniques, such as step-wise plan visuali-
zations or natural-language explanations, could improve users'
comprehension of the robot's decision-making processes (Biessmann and
Treu, 2021; Matarese et al., 2021). Future work should explore the
integration of such features and empirically evaluate their impact on
users' understanding and trust. Addressing these limitations is crucial for
advancing the development and deployment of LLM-enhanced robotic
systems in real-world applications.

5. Conclusion

This study examined the effects of integrating LLMs into robotic
systems on users' performance, mental stress, and trust during HRC.
Results showed that LLM-enhanced systems significantly improved
performance by reducing task completion time and the number of
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commands required, while reducing operators’ perceived mental stress.
Additionally, trust was notably higher in the LLM condition across
multiple dimensions of the SHAPE Trust Index. Overall, these findings
highlight the potential of LLMs to improve the efficiency, comfort, and
trustworthiness of human-robot interaction, while also emphasizing the
need for greater transparency and explainability in future systems.
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Appendix 1. Command Sets and Examples Used for Each Experimental Condition

A. Instruction Following Commands (Without LLM Assistance)

Actions Commands Notes

Move left “move left” Move left 10 cm

Move right “move right” Move right 10 cm
Move up “move up’ Move up 10 cm

Move down “move down” Move down 10 cm
Move forward “move forward” Move forward 10 cm
Move backward “move backward” Move backward 10 cm
Open gripper “open gripper” Open gripper

Close gripper “close gripper” Close gripper

B. Instruction Following Commands Examples (With LLM Assistance):

“Please move left”

“Please move right 30 cm”

“Open your hand, please”

“Close your gripper and then move to the left 40 cm”

C. Object Delivery Commands (without LLM Assistance)

Actions

Command 1

Command 2

Deliver the wrench
Deliver the brush

“deliver wrench”
“deliver brush”

“deliver item one”
“deliver item two”

Deliver the screwdriver “deliver screwdriver” “deliver item three”
Deliver the sponge “deliver sponge” “deliver item four”
Deliver the scissors “deliver scissors” “deliver item five”
Deliver the Lego block “deliver lego block” “deliver item six”

Deliver the mounting frame

Deliver the circuit board
Deliver the tape measure

“deliver mounting frame”
“deliver circuit board”
“deliver tape measure”

“deliver item seven”
“deliver item eight”
“deliver item nine”

Deliver the hammer

“deliver hammer”

“deliver item ten”

D. Object Delivery Commands Examples (with LLM Assistance):

“Give me the screwdriver and then deliver the mounting frame to me”

“Could you please pass me the circuit board?”
“Please give me the tool to cut the cable”
“I need to brush to clean the circuit board”
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