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Abstract

With the widespread integration of large language models (LLMs) in the field of

design innovation, the mechanisms through which they influence individual designers’

performance remain unclear. Existing studies primarily focus on the macro-level

impact of LLMs on creative diversity, while systematic investigations into their

micro-level effects on individual cognitive processes in specific design task contexts

are lacking. Based on Cognitive Load Theory and Collaborative Cognitive Load

Theory, this study proposes a dual-opposing-mechanism model to explain how LLMs

affect individual design quality, introducing task complexity as a moderating variable

to systematically examine the differential effects of LLMs across varying task

contexts. In Experiment 1 (N = 216), a 2 (assistance type: LLM-assisted vs.

human-assisted) × 2 (task complexity: simple vs. complex) between-subjects design

was employed. Results indicated that for simple design tasks, LLM assistance

significantly enhanced individual design quality through the activation of cognitive

associations (cognitive activation pathway); conversely, for complex design tasks,

LLM assistance led to a decrease in design quality due to induced design dependency

(design dependency pathway). Experiment 2 (N = 216) further examined the effect of

constraining LLM outputs, revealing that in complex tasks, constrained LLM

responses effectively mitigated design dependency and improved design quality,

whereas in simple tasks, such constraints weakened the cognitive activation effect,

thereby reducing design quality. These findings elucidate the dual-opposing

mechanisms of LLMs in design innovation contexts and provide theoretical
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foundations and practical guidance for differentiated deployment of LLM tools in

design education and practice.

Keywords: large language models; design quality; cognitive activation; design

dependency; task complexity; cognitive load theory

1. Introduction

Since the advent of ChatGPT, large language models (LLMs) have been widely

applied across domains such as design, education, engineering, and business,

profoundly transforming the way humans engage in creative work [1][2]. In the context

of design innovation, LLMs have demonstrated strong capabilities in concept

generation and solution expansion, positioning them as important tools for facilitating

design innovation [3][4]. Designers and students increasingly rely on LLM-based

tools such as ChatGPT and Midjourney to assist in the full spectrum of design tasks,

from conceptual exploration to solution refinement [5]. However, whether the

widespread integration of LLMs enhances design quality or subtly fosters cognitive

dependency remains a subject of considerable debate [6][7].

Design quality is a core metric for evaluating the effectiveness of design

innovation, encompassing multiple dimensions including novelty, feasibility, and

aesthetic value [8]. Prior studies suggest that LLMs can enhance design outcomes by

providing diverse design references and stimulating remote associative thinking [9].

Conversely, other research indicates that excessive reliance on LLM-generated

solutions may undermine designers’ independent thinking, resulting in a phenomenon

termed “design dependency,” in which designers perform incremental modifications

within the framework provided by LLMs rather than generating original solutions

independently [10][11]. This phenomenon is closely related to the concept of “creative

fixation” in creativity research [12], yet its specific manifestation and underlying

mechanisms within the context of design tasks remain underexplored.

Crucially, the complexity of design tasks may fundamentally alter the direction of

LLMs’ impact on design quality. In simple design tasks (e.g., visual element

reorganization or single-function interface design), designers’ cognitive load is

relatively low, and the rich references provided by LLMs can facilitate cognitive

activation and broaden design thinking [13]. In contrast, in complex design tasks (e.g.,

multi-system interaction design or user experience system planning), the inherent

cognitive load is already high, and the structured outputs generated by LLMs may

further occupy limited working memory resources, inducing cognitive overload and
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ultimately promoting design dependency [14][15]. The moderating role of task

complexity in this context has not been systematically investigated.

This study aims to address these gaps by examining the following core questions:

How do LLMs influence individual design quality through the opposing pathways of

cognitive activation and design dependency? How does task complexity moderate the

relative strength of these pathways? Can constraining LLM outputs effectively

mitigate design dependency in complex tasks? Theoretically, this study extends

Cognitive Load Theory to LLM-assisted design tasks, proposing a

dual-opposing-mechanism model of LLM effects on design quality, and provides

rigorous empirical evidence through two controlled experiments. Practically, the

findings offer actionable guidance for educators and practitioners on differentiated

deployment of LLM tools, with implications for optimizing human–AI collaborative

design processes.

The structure of this paper is as follows: Section 2 reviews relevant literature on

Cognitive Load Theory, LLMs, and design innovation, and presents the research

hypotheses; Section 3 details the methodology of the two experiments; Section 4

reports the experimental results; Section 5 provides an in-depth discussion; and

Section 6 concludes the study and outlines directions for future research.

2. Related Work

2.1. Cognitive Load Theory and Design Innovation

Cognitive Load Theory (CLT), proposed by Sweller in 1988, posits that human

working memory has limited capacity and that three types of cognitive load exist

during information processing: intrinsic load, extraneous load, and germane load [16].

Intrinsic load arises from the inherent complexity of the task, determined by the

number of information elements and their interrelationships. Extraneous load stems

from irrelevant or distracting information unrelated to the task’s inherent complexity.

Germane load is associated with learning and schema construction. When the sum of

intrinsic and extraneous loads exceeds working memory capacity, cognitive overload

occurs, thereby impeding higher-order thinking processes [17].

In the context of design innovation, CLT has been widely applied to explain the

relationship between designers’ cognitive processes and design quality [18]. Studies

indicate that a moderate level of cognitive load can stimulate associative thinking,

whereas excessive cognitive load inhibits the generation of original solutions [19].

Research by Cross et al. demonstrated that professional designers are able to

maintain high design quality by effectively managing the intrinsic load of tasks

through cognitive strategies [20]. However, when external information inputs—such

as reference cases or design templates—are overly abundant, even experienced
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designers may experience cognitive overload, resulting in decreased originality of

solutions [21].

Collaborative Cognitive Load Theory (CCLT) further extends the scope of CLT by

examining cognitive load dynamics in collaborative contexts [22]. The theory

suggests that collaboration can, on one hand, offload intrinsic cognitive load to free

individual cognitive resources, but on the other hand, it may increase extraneous load

due to communication costs and information interference [22]. This theoretical

framework provides a crucial basis for understanding the dual effects of LLMs in

collaborative design settings.

2.2. The Impact of LLMs on Design Innovation

In recent years, research on the application of LLMs in the design domain has

grown rapidly. On one hand, multiple studies have demonstrated the positive effects

of LLMs on design innovation. Eapen et al. found that LLMs can facilitate

cross-domain conceptual associations, helping designers break cognitive fixedness

and generate more innovative design solutions [23]. Boussioux et al. reported that in

creative problem-solving tasks, human–AI collaboration outperforms either purely

human collaboration or AI working independently [24]. In the context of design

education, Urban et al. demonstrated that ChatGPT can significantly enhance

university students’ performance on design-related creative tasks [25].

On the other hand, the potential negative effects of LLMs on design innovation

should not be overlooked. Doshi and Hauser observed that while LLMs can improve

individual creative performance, they may simultaneously lead to solution

homogenization at the group level [26]. Anderson et al. noted that long-term use of

LLMs may degrade designers’ independent thinking abilities, fostering over-reliance

on AI-generated content [27]. In the study of design fixation, Crilly’s review

highlighted that excessive exposure to external reference cases is a major contributor

to design fixation [12]; LLMs, with their capability to rapidly generate large volumes of

structured solutions, may therefore pose a potential risk for inducing design fixation.

Notably, existing research on the effects of LLMs on design quality has often

overlooked task complexity as a critical moderating variable. While Lee and Chung

identified a significant effect of ChatGPT on creativity, they did not differentiate the

effects across tasks of varying complexity [28]. Similarly, Rafner et al., in discussing

creativity in the era of generative AI, emphasized that future research should examine

how task characteristics moderate the effectiveness of AI assistance [29]. The

present study directly responds to this call by systematically investigating the

moderating role of task complexity in LLM-assisted design.

2.3. Design Task Complexity and Cognitive Processes
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Design task complexity is a key factor influencing both the design process and

design quality [30]. Kirschner et al. operationalized task complexity in terms of the

number of interacting information elements within a task, positing that the greater the

number of elements and the stronger their interconnections, the higher the intrinsic

cognitive load of the task [31]. In the design domain, simple design tasks (e.g.,

creative recombination of a single visual element) typically involve fewer interacting

elements, whereas complex design tasks (e.g., overall planning of multi-system

interactive interfaces) entail numerous interdependent design constraints and user

requirements, resulting in significantly higher intrinsic cognitive load [32].

Task complexity not only directly affects design quality but also indirectly

influences the effectiveness of external information processing by moderating the

allocation of cognitive resources [33]. In low-complexity tasks, designers’ working

memory retains sufficient residual capacity to effectively integrate external

information and transform it into innovative solutions [34]. In high-complexity tasks,

however, working memory is largely consumed by the intrinsic load of the task itself,

and additional external information is more likely to trigger cognitive overload. This, in

turn, leads designers to adopt cognitive shortcut strategies, such as directly utilizing

external solutions rather than engaging in independent thinking [35]. This mechanism

provides critical theoretical support for the core hypotheses of the present study.

2.4. Research Hypotheses

Based on the theoretical analysis above, the study proposes the following

hypotheses:

 H1: Compared to human-assisted support, LLM assistance significantly

enhances individual design quality in simple design tasks, and this effect is

positively mediated by cognitive activation;

 H2: Compared to human-assisted support, LLM assistance significantly reduces

individual design quality in complex design tasks, and this effect is negatively

mediated by design dependency;

 H3: Task complexity moderates the effect of LLM assistance on design quality,

such that the cognitive activation pathway is more pronounced in simple tasks,

whereas the design dependency pathway is more pronounced in complex tasks；

 H4): In complex design tasks, constrained-response LLMs (as opposed to

batch-response LLMs) improve design quality by reducing design dependency;

in simple design tasks, constrained-response LLMs reduce design quality by

weakening the cognitive activation effect.

3. Methods
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3.1. Research Strategy

This study employed an experimental research approach, using two independent

controlled experiments to systematically test the proposed hypotheses. Experiment 1

was designed to examine the dual-opposing mechanisms through which LLMs

influence design quality and the moderating role of task complexity (H1, H2, H3).

Building on Experiment 1, Experiment 2 further investigated the intervention effect of

constraining LLM outputs (H4). Both experiments employed a between-subjects

design to eliminate potential learning and order effects.

The overall methodological framework followed a logical progression of

“theoretical modeling → manipulation testing → mediation analysis → intervention

verification” (see Figure 1).

Figure 1. Schematic diagram of the research framework, illustrating the dual-opposing

mechanisms of LLMs on design quality and the moderating role of task complexity.

3.2. Experimental Materials and System

The experiments were conducted on a self-developed online human–AI

collaborative design platform. The platform integrated multiple functional modules,

including task instructions, a timer, a design input interface, a collaborator dialogue

box, and a solution display area. In the LLM-assisted conditions, the platform

incorporated a GPT-4-based design assistant model, with response strategies

configured according to the experimental conditions.

Task Design: Based on the operationalization of task complexity in Cognitive

Load Theory, two types of design tasks were developed. The simple design task

required participants to propose a creative exterior design for a common daily item (a

portable power bank), involving relatively few design constraints and limited

interacting information elements. The complex design task required participants to

design a complete user interaction interface for a smart home control system for a
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company, encompassing multiple user scenarios, various device types, and complex

interaction logic, thereby involving a significantly higher number of interacting

information elements.

LLM-Assisted Content: To control the quality of LLM assistance, the research

team pre-generated 100 design suggestions for each task type using GPT-4. Two

independent experts rated the creativity of these suggestions on a 5-point scale. The

average creativity score for the simple task pool was 2.18 (SD = 0.39), and for the

complex task pool, 2.21 (SD = 0.41); the difference was not significant (t₉₈ = 0.41, p =

0.68), ensuring baseline consistency of the quality of LLM-assisted content.

Human-Assisted Content: In the human-assisted conditions, trained research

assistants acted as collaborators, providing design suggestions drawn from a

pre-prepared human solution pool. This pool consisted of 50 solutions per task type

contributed by eight design-major students. The average creativity scores of the

human solution pool (simple task: M = 2.20, SD = 0.40; complex task: M = 2.18, SD =

0.39) did not differ significantly from the LLM solution pool, thereby eliminating

content quality differences as a confounding factor.

3.3. Experiment 1

Participants: A total of 216 participants were recruited through an online platform.

All participants had at least six months of experience using LLMs and possessed

basic design knowledge. The mean age was 22.4 years (SD = 1.8), with 44.4% male

and 55.6% female; 91.2% held a bachelor’s degree or higher. Participants were

randomly assigned to one of four experimental conditions, with 54 participants per

group: human-assisted/simple task, LLM-assisted/simple task,

human-assisted/complex task, and LLM-assisted/complex task.

Procedure: Participants first completed a demographic questionnaire and then

logged into the experimental platform to perform the assigned design task within 10

minutes. During the task, participants could view design suggestions provided by the

collaborator (human or LLM) at any time and submit their own designs through the

text input interface. Upon task completion, participants completed a manipulation

check questionnaire and additional measurement scales.

Measures: Design quality was assessed using a dual-measurement strategy,

incorporating both subjective self-assessment and objective expert ratings.

Subjective design quality was measured with a single-item scale (“Please rate your

design performance in this task,” 5-point scale). Objective design quality was

independently evaluated by two trained experts who were blind to the experimental

conditions. They rated each participant’s design on novelty and feasibility (5-point

scale). Inter-rater reliability was high (ICC = 0.853), and the mean of the two ratings

was used as the final objective design quality score.
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Cognitive activation was measured using an adapted inspiration scale from

Böttger et al. (5 items, e.g., “My thinking was fully activated during the design

process,” α = 0.961) [36]. Design dependency was assessed based on the creative

fixation measurement method proposed by Lu et al. [37]. Two experts independently

evaluated the similarity between participants’ designs and the assisted content using

a 3-point scale (0 = no similarity, 1 = partial similarity, 2 = high similarity). Inter-rater

reliability was high (ICC = 0.879), and the average score was used as the design

dependency measure.

3.4. Experiment 2

Participants: Another 216 participants were recruited, with the same eligibility

criteria as in Experiment 1. The mean age was 23.1 years (SD = 2.1), with 41.2% male

and 58.8% female; 93.5% held a bachelor’s degree or higher. Participants were

randomly assigned to one of four experimental conditions, with 54 participants per

group: batch-response LLM/simple task, constrained-response LLM/simple task,

batch-response LLM/complex task, and constrained-response LLM/complex task.

LLM Response Type Manipulation: In the batch-response condition, each LLM

output contained 10 different design suggestions. In the constrained-response

condition, each LLM output contained only 2 design suggestions. Both response

types drew from the same solution pool; the only difference was the number of

suggestions provided per response. The response interval was set to 100 seconds for

both conditions to ensure that participants had sufficient time to process the assisted

information.

Measures: The same dual-measurement strategy as in Experiment 1 was

employed to assess design quality, along with measurements of cognitive activation

and design dependency.

3.5. Data Analysis

The following statistical analysis methods were employed in this study: (1)

Manipulation check: Independent-samples t-tests were conducted to verify the

effectiveness of the task complexity manipulation; (2) Main and interaction effects: A

2 × 2 between-subjects analysis of variance (ANOVA) was used to examine the

effects of assistance type, task complexity, and their interaction on design quality; (3)

Moderated mediation analysis: PROCESS macro (Model 8) was applied to test

moderated mediation effects, with 10,000 bootstrap resamples used to estimate

confidence intervals for indirect effects [38]; (4) Sensitivity analysis: All analyses were

repeated after excluding three participants with missing data due to equipment failure,

in order to assess the robustness of the results. All statistical analyses were

conducted using SPSS 26.0 and R 4.2.0.
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4. Data

4.1. Basic Data Information

TA total of 216 participants were recruited for Experiment 1, of which 3 cases had

missing design quality scores due to equipment failure (missing rate = 1.39%),

resulting in a final valid sample of 213 participants. Similarly, Experiment 2 recruited

216 participants, with 3 cases of missing data (missing rate = 1.39%), yielding a valid

sample of 213 participants. No significant differences were observed between the

participants in the two experiments in terms of baseline characteristics, including

gender, age, educational level, and prior LLM usage experience (all p > 0.05),

indicating good baseline equivalence (see Table 1).

Table 1. Descriptive statistics of baseline characteristics of participants in the two experiments.

Characteristic
Experiment 1 Human

Assistance (n=106)

Experiment 1 LLM

Assistance (n=107)

Experiment 2

Batch-Response

LLM (n=107)

Experiment 2

Constrained-Res

ponse LLM

(n=106)

Age (Mean ± SD) 22.3 ± 1.9 22.5 ± 1.7 23.0 ± 2.0 23.2 ± 2.2

Male (%) 43.4 45.8 42.1 40.6

Bachelor’s Degree or Higher

(%)
91.5 90.7 93.5 93.4

LLM Experience > 6 months

(%)
68.9 70.1 72.0 70.8

4.2. Descriptive Statistics

Table 2 presents the descriptive statistics of the main variables for Experiment 1.

The objective design quality was highest in the LLM-assisted/simple task group (M =

3.578, SD = 0.545) and lowest in the LLM-assisted/complex task group (M = 2.625,

SD = 0.771).Cognitive activation was highest in the LLM-assisted/simple task group

(M = 3.891, SD = 0.583), whereas design dependency was highest in the

LLM-assisted/complex task group (M = 1.894, SD = 0.607).

Table 2. Descriptive Statistics of Main Variables in Experiment 1.

Condition n
Design Quality

(Mean ± SD)

Cognitive Activation

(Mean ± SD)

Design Dependency

(Mean ± SD)

Self-Rated Design

Quality (Mean ± SD)

Human Assistance –

Simple Task
53 3.428 ± 0.659 3.121 ± 0.614 1.408 ± 0.433 3.755 ± 0.691

LLM Assistance –

Simple Task
54 3.578 ± 0.545 3.891 ± 0.583 1.463 ± 0.559 3.248 ± 0.807
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Human Assistance –

Complex Task
53 3.037 ± 0.722 2.871 ± 0.661 1.515 ± 0.565 3.577 ± 0.651

LLM Assistance –

Complex Task
53 2.625 ± 0.771 2.541 ± 0.631 1.894 ± 0.607 3.270 ± 0.695

In Experiment 2, the descriptive statistics of the main variables for each

condition are presented in Table 3. The objective design quality in the

constrained-response LLM/complex task group (M = 3.042, SD = 0.723) was

significantly higher than that in the batch-response LLM/complex task group (M =

2.568, SD = 0.679).

Table 3. Descriptive Statistics of Main Variables in Experiment 2.

Condition n
Design Quality

(Mean ± SD)

Cognitive Activation

(Mean ± SD)

Design Dependency

(Mean ± SD)
Condition

Batch-Response –

Simple Task
53 3.671 ± 0.632 3.937 ± 0.551 1.532 ± 0.517

Batch-Response –

Simple Task

Constrained-Respon

se – Simple Task
53 3.452 ± 0.569 3.413 ± 0.675 1.355 ± 0.489

Constrained-Respons

e – Simple Task

Batch-Response –

Complex Task
54 2.568 ± 0.679 2.493 ± 0.617 1.853 ± 0.545

Batch-Response –

Complex Task

Constrained-Respon

se – Complex Task
53 3.042 ± 0.723 2.671 ± 0.732 1.474 ± 0.501

Constrained-Respons

e – Complex Task

4.3. Data Preprocessing

The raw data were preprocessed using the following steps:

 Outlier detection: Extreme values were identified using the three standard

deviations criterion. A total of seven potential outliers were detected; after

individual inspection, all were deemed within the normal range of variation and

retained;

 Missing value handling: Three cases with missing design quality scores due to

equipment failure were removed using listwise deletion; no other variables had

missing data；

 Normality test: The Shapiro–Wilk test was applied to the main variables under

each condition, indicating that all variables satisfied the assumption of normality

(all p > 0.05), meeting the requirements for parametric analyses；

 Homogeneity of variance: Levene’s test indicated no significant differences in

variance between groups (all p > 0.05), satisfying the assumption of homogeneity

of variance for ANOVA.
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5. Results

5.1. Experiment 1 Results

Manipulation Check: Independent-samples t-tests confirmed the effectiveness

of the task complexity manipulation. Participants rated the perceived complexity

significantly higher in the complex task condition compared to the simple task

condition (M_complex = 3.40, SD = 0.90 vs. M_simple = 2.57, SD = 0.82; t₍₂₀₂₎ = 6.12,

p < 0.001, d = 0.86, 95% CI: [0.56, 1.10]), indicating a successful manipulation of task

complexity.

Self-Rated Design Quality: A one-way ANOVA revealed a significant main effect

of assistance type on self-rated design quality (F₁,₂₀₂ = 14.37, p < 0.001, η²_p =

0.066). Participants in the human-assisted group rated their own design performance

significantly higher than those in the LLM-assisted group (M_human = 3.666, SD =

0.672 vs. M_LLM = 3.259, SD = 0.751; t₍₂₀₂₎ = 3.79, p < 0.001, d = 0.531, 95% CI:

[0.196, 0.618]). Further analysis showed that the difference between self-rated and

objectively scored design quality was significantly larger in the human-assisted group

than in the LLM-assisted group (M_human = 0.574, SD = 0.712 vs. M_LLM = 0.448,

SD = 0.681; t₍₂₀₂₎ = 4.97, p < 0.001, d = 0.697), indicating a stronger

self-overestimation tendency in the human-assisted group (see Figure 2).

Figure 2. Analysis of the difference between self-rated and objective design quality across

conditions, showing a more pronounced self-overestimation tendency in the human-assisted

group.

Objective Design Quality – Interaction Effects: A 2 × 2 ANOVA revealed a

significant main effect of assistance type (F₁,₂₀₀ = 4.90, p = 0.028, η²_p = 0.024) and

a significant interaction between assistance type and task complexity (F₁,₂₀₀ = 13.27,
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p < 0.001, η²_p = 0.062), whereas the main effect of task complexity was not

significant (F₁,₂₀₀ = 0.23, p = 0.631, η²_p = 0.001). As shown in Figure 3, for simple

design tasks, the objective design quality in the LLM-assisted group was significantly

higher than that in the human-assisted group (M_LLM = 3.578, SD = 0.545 vs.

M_human = 3.428, SD = 0.659; F₁,₂₀₀ = 17.15, p < 0.001, η²_p = 0.079). In contrast, for

complex design tasks, the LLM-assisted group exhibited significantly lower objective

design quality than the human-assisted group (M_LLM = 2.625, SD = 0.771 vs.

M_human = 3.037, SD = 0.722; F₁,₂₀₀ = 1.02, p = 0.028, η²_p = 0.005). These results

provide support for H1 and H2.

Figure 3. Interaction effects of LLM assistance type and task complexity on objective design

quality in Experiment 1. Error bars represent standard errors. ** p < 0.01, * p < 0.05.

Distribution of Cognitive Activation: As shown in Figure 4, the

LLM-assisted/simple task group exhibited the highest level of cognitive activation,

with a median of 3.89 and an interquartile range (IQR) of 0.82, whereas the

LLM-assisted/complex task group showed the lowest level, with a median of 2.54

and an IQR of 0.87. No significant outliers were observed in any group, indicating that

the data distributions were robust..
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Figure 4. Boxplots of cognitive activation levels across the four experimental conditions,

showing medians, quartiles, and data variability.

Distribution of Design Dependency: As shown in Figure 5, the

LLM-assisted/complex task group exhibited the highest level of design dependency,

with a distribution showing pronounced positive skewness, indicating that a subset of

participants in this condition demonstrated extremely high design dependency. In

contrast, the human-assisted groups across both task complexity levels exhibited

relatively lower design dependency, with more concentrated



Creative Engineering 2025, 02 14 of 28

distributions.

Figure 5. Violin plots depicting the distribution of design dependency across the four

experimental conditions, illustrating the density and spread of the data.

Moderated Mediation Analysis: Moderated mediation analysis was conducted

using the PROCESS macro (Model 8), with 10,000 bootstrap resamples to estimate

confidence intervals for the indirect effects (see Figure 6). The results indicated that

under the complex task condition, LLM assistance (relative to human assistance)

significantly increased design dependency (β = 1.449, SE = 0.154, p < 0.001), and

design dependency was significantly negatively associated with design quality (β =

-0.222, SE = 0.072, p = 0.002). The conditional indirect effect of design dependency

was significantly negative in the complex task condition (ωM1 = -0.322, 95% CI:

[-0.536, -0.120]), but not significant in the simple task condition (ωM1 = -0.003, 95%

CI: [-0.044, 0.045]). The index of moderated mediation was significant (ωM1 = -0.319,

95% CI: [-0.551, -0.118]), supporting H2 and H3.

Under the simple task condition, LLM assistance significantly enhanced cognitive

activation (β = 0.891, SE = 0.147, p < 0.001), and cognitive activation was significantly

positively associated with design quality (β = 0.341, SE = 0.068, p < 0.001). The

conditional indirect effect of cognitive activation was significantly positive in the

simple task condition (ωM2 = 0.304, 95% CI: [0.152, 0.478]), but not significant in the

complex task condition (ωM2 = 0.012, 95% CI: [-0.038, 0.067]). The index of

moderated mediation was significant (ωM2 = 0.292, 95% CI: [0.108, 0.492]),

supporting H1 and H3.
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Figure 6. Boxplots of cognitive activation levels across the four experimental conditions,

showing medians, quartiles, and data variability.

Sensitivity Analysis: All analyses were repeated after excluding the three cases

with missing data, and the results were highly consistent with the primary analyses

(the directions and significance levels of all effects remained unchanged), indicating

that the main conclusions are robust. The correlations among the variables are

presented in Figure 7.
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Figure 7. Pearson correlation heatmap of the main variables, illustrating the relationships

among design quality, cognitive activation, design dependency, and self-rated design quality.

5.2. Experiment 2 Results

Manipulation Check: The manipulation check for task complexity was consistent

with Experiment 1. Participants rated the perceived complexity significantly higher in

the complex task condition than in the simple task condition (M_complex = 3.38, SD

= 0.91 vs. M_simple = 2.61, SD = 0.83; t₍₂₀₂₎ = 5.87, p < 0.001, d = 0.82, 95% CI: [0.51,

1.03]).

Interaction Effects on Objective Design Quality: A 2 × 2 ANOVA revealed a

significant interaction between LLM response type and task complexity (F₁,₂₀₀ =

18.54, p < 0.001, η²_p = 0.081). As shown in Figure 6, for complex design tasks, the

constrained-response LLM group exhibited significantly higher design quality than

the batch-response LLM group (M_constrained = 3.042, SD = 0.723 vs. M_batch =

2.568, SD = 0.679; F₁,₂₀₀ = 16.23, p < 0.001, η²_p = 0.075). Conversely, for simple

design tasks, the constrained-response LLM group showed significantly lower design

quality than the batch-response LLM group (M_constrained = 3.452, SD = 0.569 vs.

M_batch = 3.671, SD = 0.632; F₁,₂₀₀ = 4.87, p = 0.028, η²_p = 0.024).

Figure 8. Interaction effects of LLM response type and task complexity on design quality in

Experiment 2. Error bars represent standard errors. * p < 0.05; ns = not significant.

Moderated Mediation Analysis: As shown in Figure 8, under the complex task

condition, constrained-response LLMs (compared to batch-response LLMs)

significantly reduced design dependency (β = -1.433, SE = 0.159, p < 0.001), and

design dependency was significantly negatively associated with design quality (β =

-0.259, SE = 0.071, p < 0.001). The conditional indirect effect of design dependency

was significantly positive in the complex task condition (ωM1 = 0.371, 95% CI: [0.158,
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0.624]), but not significant in the simple task condition (ωM1 = 0.018, 95% CI: [-0.043,

0.090]). The index of moderated mediation was significant (ωM1 = 0.319, 95% CI:

[0.082, 0.502]), supporting H4.

Under the simple task condition, constrained-response LLMs significantly reduced

cognitive activation (β = -0.907, SE = 0.182, p < 0.001), and cognitive activation was

significantly positively associated with design quality (β = 0.256, SE = 0.068, p < 0.001). The

conditional indirect effect of cognitive activation was significantly negative in the simple task

condition (ωM2 = -0.233, 95% CI: [-0.458, -0.084]), but not significant in the complex task

condition (ωM2 = -0.012, 95% CI: [-0.067, 0.103]). The index of moderated mediation was

significant (ωM2 = 0.244, 95% CI: [0.075, 0.502]). These results provide support for H4.

Figure 9. Moderated mediation model of the constrained-response intervention in Experiment

2, illustrating the differential effects of the constrained strategy under different task complexity

conditions.

Distribution of Design Quality: Figure 10 presents histograms of design quality

scores across the four conditions in Experiment 1. The distributions in all conditions

were approximately normal. The LLM-assisted/simple task group showed the highest

peak (mean = 3.578), while the LLM-assisted/complex task group exhibited the

greatest dispersion (SD = 0.771), reflecting increased individual differences under the

complex task condition.
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Figure 10. Histograms of design quality scores across the four conditions in Experiment 1. Red

dashed lines indicate the mean, and green dashed lines indicate the median.

Multidimensional Indicator Radar Chart: Figure 11 presents a radar chart

illustrating the comparative performance of the four experimental conditions across

four dimensions: design quality, cognitive activation, self-rated design quality, and

design dependency (reversed). The LLM-assisted/simple task condition

demonstrated the highest performance in design quality and cognitive activation,

whereas the LLM-assisted/complex task condition performed worst on the reversed

design dependency dimension, consistent with the statistical analysis results.
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Figure 11. Radar chart comparing the four experimental conditions across multiple dimensions,

highlighting the relative strengths and weaknesses of each condition.

Comparison of Effect Sizes: Figure 12 summarizes the effect sizes of the main

statistical effects across the two experiments, providing a visual comparison of their

relative strengths. The interaction effect of response type × task complexity in

Experiment 2 (η²_p = 0.081) was slightly larger than the interaction effect of

assistance type × task complexity in Experiment 1 (η²_p = 0.062), indicating that the

constrained-response intervention has considerable practical significance.
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Figure 12. Bar chart comparing the effect sizes of the main statistical effects across the two

experiments. Blue bars represent positive effects, and red bars represent negative effects.

6. Discussion

6.1. Dual-Opposing Mechanisms of LLMs on Design Quality

The core findings of this study reveal a dual-opposing mechanism through which

LLMs influence design quality. In simple design tasks, LLM assistance significantly

enhances design quality by activating cognitive associations. In contrast, in complex

design tasks, LLM assistance reduces design quality due to the induction of design

dependency. This finding aligns closely with prior research by Cheng and Zhang

(2025) in creative task contexts, while demonstrating a unique manifestation in the

specific context of design tasks.

From the perspective of Cognitive Load Theory, the formation of this dual

mechanism follows a clear theoretical logic. In simple design tasks, the intrinsic

cognitive load of the task is low, leaving designers’ working memory with ample

residual capacity. The rich design references provided by LLMs function as a

“cognitive catalyst,” activating remote associations and cross-domain conceptual

transfer, thereby helping designers overcome fixation and generate more innovative

solutions. This mechanism corroborates findings by Doshi and Hauser regarding

LLMs’ facilitation of remote associative thinking [26], and aligns with Urban et al.’s

observation that ChatGPT enhances performance in creative problem-solving tasks

[25].

However, in complex design tasks, the situation changes fundamentally. The high

intrinsic cognitive load of these tasks leaves designers’ working memory nearly

saturated. The large volume of structured outputs generated by LLMs, rather than
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effectively offloading intrinsic load, further occupies limited cognitive resources in the

form of extraneous load, ultimately triggering cognitive overload. Under this

overloaded state, designers tend to perceive the solutions provided by LLMs as “good

enough,” reducing independent cognitive effort and leading to design dependency.

This finding is consistent with Hofstetter et al.’s research on information overload

causing creative fixation [39], providing a novel cognitive mechanism to explain

design fixation phenomena.

Notably, the study also identified an interesting “self-evaluation bias”:

participants in the human-assisted group rated their own design quality significantly

higher than those in the LLM-assisted group, even though objective design quality did

not show the same pattern. This suggests that the “superhuman performance” of

LLMs—such as rapidly generating a large number of highly structured solutions—may

establish an implicit “high benchmark,” thereby undermining designers’ self-efficacy

and leading them to subjectively underestimate their own capabilities, despite

unchanged objective performance. This mechanism is consistent with Bandura’s

self-efficacy theory [40] and has important practical implications for design

education.

6.2. Differential Effects of Constrained Interventions

The results of Experiment 2 further confirmed the effectiveness of constrained

LLM outputs in complex design tasks. By reducing the number of suggestions per

output, constrained-response LLMs effectively lowered designers’ extraneous

cognitive load, thereby mitigating cognitive overload and the formation of design

dependency, ultimately improving design quality. This finding aligns with Hofstetter et

al.’s research indicating that constraining others’ creative outputs can reduce

creative fixation [39], and extends it to the novel context of LLM-assisted design.

From the perspective of the exploration–exploitation mechanism, the effect of

constrained interventions can be further theoretically explained. Design innovation

inherently involves a dynamic cycle between exploration (broad, open-ended idea

generation) and exploitation (deep, focused refinement) [41]. In complex tasks,

batch-response LLMs providing a large number of suggestions can lead designers to

excessive exploration. Constrained-response LLMs, by limiting outputs, encourage

designers to shift toward exploitation, reducing ineffective exploration and alleviating

design dependency. This interpretation is consistent with Tromp’s theoretical

framework on the role of constraints in the creative process [41].

However, constrained interventions produced the opposite effect in simple

design tasks, resulting in reduced design quality. This finding indicates that the

effectiveness of constrained strategies is highly context-dependent and cannot be

generalized. In simple tasks, designers’ working memory has sufficient residual
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capacity, and abundant external information can effectively activate cognitive

associations. Constraining LLM outputs reduces exposure to external information,

thereby suppressing cognitive activation and decreasing design quality. This finding

has important practical implications: the configuration of design tools should be

tailored according to task complexity rather than applying a “one-size-fits-all”

strategy.

6.3. Comparison with Existing Research and Attribution of Differences

The findings of this study exhibit both convergence and divergence with existing

research. Compared to the study by Lee and Chung (2024), this study similarly found

significant effects of LLMs on design quality, but further revealed the moderating role

of task complexity on the direction of these effects [28]. Lee and Chung did not

differentiate task complexity, which may have caused positive and negative effects to

cancel each other out, thereby underestimating the actual impact of LLMs. By

introducing task complexity as a moderating variable, the present study not only

uncovers a more nuanced mechanism but also provides a framework for explaining

inconsistencies in prior findings.

Compared to Anderson et al.’s research on LLM-induced creative

homogenization, the present study observed a similar phenomenon at the individual

level, termed “design dependency,” but attributed it to cognitive overload rather than

social influence mechanisms [27]. This difference may arise from contextual

distinctions: Anderson et al. focused on long-term, group-level effects, whereas the

present study examined individual-level effects in single interactions. These

mechanisms may operate independently or reinforce each other over prolonged use,

which warrants further investigation in future research.

The findings of this study partially diverge from Bouschery et al.’s conclusion

that human–AI collaboration outperforms purely human collaboration [42]. While

Bouschery et al. primarily investigated open-ended creative tasks, the present study

found that in complex design tasks, LLM assistance was less effective than human

assistance. This difference may be attributed to task type: open-ended creative tasks

involve relatively low intrinsic cognitive load, whereas complex design tasks impose

high intrinsic load, making the extraneous load induced by LLM outputs more

prominent.

7. Conclusion

7.1. Core Findings

 This study, based on two controlled experiments, systematically revealed a

dual-opposing mechanism through which LLMs influence individual design
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quality in design tasks. The findings demonstrate that the impact of LLMs on

design quality is not unidirectional, but rather arises from two opposing pathways:

cognitive activation (positive pathway) and design dependency (negative

pathway). The net effect of LLM assistance is determined by task complexity. In

simple design tasks, the cognitive activation effect predominates, and LLM

assistance enhances design quality. In complex design tasks, the design

dependency effect dominates, and LLM assistance reduces design quality.

Furthermore, constraining LLM outputs effectively mitigates design dependency

in complex tasks but simultaneously weakens cognitive activation in simple tasks,

indicating that the effectiveness of constraint strategies is task-specific.

7.2. Theoretical Contributions and Practical Implications

Theoretically, this study makes three primary contributions:

 It extends Cognitive Load Theory to the context of LLM-assisted design tasks

and proposes a dual-opposing mechanism model of LLM effects on design

quality, providing a novel framework for understanding human–AI collaborative

design processes;

 It systematically examines, for the first time, the moderating role of task

complexity on LLM-assisted design outcomes, addressing a gap in existing

research;

 It introduces and validates the concept of “design dependency” within the design

domain, enriching the theoretical framework of design fixation research.

Practically, the findings offer actionable guidance for design educators and

practitioners:

 For simple design tasks, designers should be encouraged to leverage the rich

references provided by batch-response LLMs to maximize the cognitive

activation effect;

 For complex design tasks, constrained-response LLMs or phased introduction of

LLM assistance should be adopted to prevent cognitive overload and the

formation of design dependency;

 In design education, students should be trained to develop a critical

understanding of LLM assistance and cultivate metacognitive skills to flexibly

adjust LLM usage strategies according to task complexity.

7.3. Limitations

This study has several limitations. First, regarding scope, the participants were

primarily students with basic design knowledge, whose LLM experience and

professional design skills were relatively limited. Therefore, the generalizability of the

findings to professional designers requires further validation. Second, regarding
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methodology, the study employed a single LLM system (based on the GPT-4

architecture). Differences across LLMs in terms of output diversity, structure, and

other characteristics may affect the generalizability of the results. Third, regarding

data, the duration of the experimental tasks was limited to 10 minutes, which may not

fully capture the dynamic processes of human–AI collaboration in real-world design

practice. Fourth, the study did not account for individual differences among designers

(e.g., cognitive style, design experience) that may moderate the effects of LLM

assistance, which warrants investigation in future research.

7.4. Future Research Directions

Based on the above limitations and findings, several directions for future

research are proposed. First, investigate the differential effects of LLM assistance on

designers with varying levels of expertise (novices vs. experts) to clarify the

moderating role of professional design knowledge. Second, conduct longitudinal

studies to track the long-term impact of LLM assistance on designers’ independent

design capabilities and to assess the cumulative effects of design dependency. Third,

explore dynamic constraint strategies, whereby the level of LLM output constraint is

adjusted according to the design task stage (conceptual exploration vs. solution

refinement) to optimize the balance between cognitive activation and design

dependency. Fourth, extend the research context to other design domains, such as

industrial design, architectural design, and service design, to examine the

cross-domain generalizability of the dual-opposing mechanism.
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