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Design Problem Representation and Its Effect on Student Motivation and 
Neurocognition: A Scoping Review 

Abstract 

This review gathers evidence on the impact of design problem representation on student motivation 
or neurocognitive activity during engineering design tasks. Inclusion criteria included studies 
conducted with students in higher education, design and engineering design, and the use of 
neurophysiological tools or surveys, and qualitative data. 272 papers were evaluated, with only 5 
papers meeting the inclusion criteria for design problem representation on student motivation or 
neurocognitive activity. Across included higher education studies, changes in 
representation/modality were associated with changes in brain activity, repeatedly indicating 
differences in the theta and beta bands and region-specific effects. Student motivation findings 
suggested that representation can influence constructs such as cognitive value, self-regulation, 
intrinsic motivation, and anxiety, and that these factors may align with neurocognitive patterns. 
Perception results further imply that changes in representation can change perceived difficulty in 
auditory problem-solving conditions. While the overall evidence remains limited by small 
samples, the findings support that problem representation is not a neutral design choice and can 
potentially affect both cognitive engagement and motivational experience.  

Introduction 

Engineering design pedagogy underwent a major shift that began shortly after World War II, in 
favor of science and mathematics being rooted in theory. This perturbation caused practical, more 
industry-applicable classes, such as shop, manufacturing processes, and engineering design 
courses, to be removed to accommodate the shift in academia. Through this, elements of problem-
solving and decision-making were neglected, causing budding engineers to lack the skills to apply 
the knowledge acquired through higher education [1], [2]. Although little has changed in the first 
two years of the engineering curriculum, which mainly focuses on theory, capstone courses have 
become standard due to strong recommendations from ABET and industry's perception that 
engineering students lack the practical skills necessary to practice in the field [2], [3]. Over the 
years, capstone courses have also undergone an evolution, going from primarily arbitrary tasks 
derived by faculty in favor of more collaboration on industry-sponsored projects involving real 
life design problems[2], [3], [4]. One method that has been employed to enhance students’ design 
capabilities early in an engineer’s academic career is to implement an early design experience, 
colloquially known as “cornerstone courses”[5]. This is from the idea that design should be a 
cornerstone of the engineering curriculum, which coincides with ASME’s Vision 2030, 
encouraging programs to allow students to experience practice-to-application and engineering 
design all four years. This ideology has become known as the design spine or the design portfolio 
approach to engineering education. [3], [6], [7].  

Background and Foundation of Research 

Design Problem Representation 

Engineering design can be described as the process of devising a system that meets desired needs 
by using an iterative decision-making process [6]. Design often encompasses realistic but ill-
structured problems that are found in nature, where the solutions cannot be found by applying a 
mathematical formula in a structured way [8]. Oftentimes, designers lack a definition of the initial 
problem state or what the goal state may be [9], [10]. This ambiguity is exactly where expertise 



starts to affect the outcomes. Novice designers tend to focus on surface level features, analogous 
to a problem that would be found in a standard university physics class. Experts tend to ground 
themselves in their deep understanding, experience, and organization of the problems, in addition 
to having a deeper understanding of contextual constraints [11]. It has also been found that experts' 
cognitive activity and productivity were three times as high as those of novice designers in the 
overall design process [12].  

Open-ended design problems 

Solving problems in an open-ended manner that are common to engineering design requires a 
distinct set of skills and train of thought from those required of closed-ended problems with a 
single unique solution [11], [13]. ABET states that open-ended problem-solving is a central skill 
in engineering and one that students must develop [14]. However, novice designers may have the 
technical knowledge required but lack the experience that is vital for solving these ill-structured 
problems and becoming an expert in the field [13]. Often, when students encounter these types of 
problems, they become fixated on gathering information and get stuck on the problem definition 
rather than continuing with the design process [15], [16], [17]. 

But how does one define an open-ended problem? Dym and Brown say that design problems are 
open-ended because they usually have many acceptable solutions and paths to said solutions. Due 
to the variation in potential outputs, the “best” design may depend on priorities and context [8], 
[18], [19], [20]. Additionally, goals and constraints should be somewhat ambiguous, with some 
criteria missing, vague, or conflicting, which are left to the designer for clarification [13], [21], 
[22], [23]. Lastly, due to the iterative nature of design, the problem will require framing and 
reframing as you learn more about the context of the problem [20], [23]. A good example of an 
open-ended design prompt was laid out by Chimka and Atman [20], where they asked students to 
design a playground. The criteria that stick out the most are: it needs to be safe for children, while 
not costing too much. This captures the breadth of open-ended design problems due to the 
ambiguity, because what does one consider to be “safe” or “not cost too much”? Design problems 
like this need framing and reframing depending on context and customer needs. 

Alternative 

Scaffolded problem representation is an approach that intentionally embeds support into the 
problem or, in this setting, an open-ended prompt to facilitate engagement with complex tasks that 
students would otherwise struggle to complete [24], [25]. In the context of design education, 
scaffolding is framed as guidance that structures learners' work, prompting them to consider 
criteria that may otherwise be neglected. This can take the form of, but is not limited to, guiding 
questions, supplying templates, and breaking down steps throughout the design process. Using 
scaffolding strategies, it is possible to redirect students if they become lost or overwhelmed by 
complex problems [25]. Ill-structured problems can also impose a high cognitive load on novice 
designers, causing prior knowledge and experience to take precedence over the design activity 
itself [26], [27]. In engineering education specifically, the use of question prompts has been used 
to guide student teams, impacting the quality of problem-solving interactions and solutions [28] . 

Visual problem representations are also used to aid students when problem-solving. The logic 
behind this is to support learning and problem-solving by engaging verbal and non-verbal 
processing channels, or dual coding, making relationships easier to perceive than in text alone. 
This can include information portrayed through diagrams, schematics, flowcharts, annotated 



layouts, or other external visual representations, rather than relying solely on text [29], [30]. From 
the perspective of multimedia in learning, visual aids are most effective following evidence-based 
design principles that keep the designer focused on key elements by using labels and text to close 
to a relevant graphic or using visual cues to direct attention [31], [32]. For engineering education, 
it is plausible to shape how students interpret and engage with a design problem, as well as improve 
students' ability to learn [33]. Recent work argues that it is not whether visuals help, but rather 
which specific features drive differences in how students interpret and solve problems [34]. 

Design Neurocognition 

Design neurocognition has become a promising field of research due to the focus on understanding 
the brain processes involved in engineering design. Advanced non-invasive neurophysiological 
tools such as electroencephalography (EEG), functional near infrared spectroscopy (fNIRS), and 
eye-tracking allow us to measure brain activity and design focus in real-time. EEG has risen to be 
one of the most used tools in the field, offering high temporal resolution by monitoring electrical 
activity on the scalp, making it a top choice for tracking cognitive processes like attention, 
evaluation, and ideation. This allows researchers to explore the frequency and power of each wave 
across a designer's brain to better understand the neurocognitive effects of constrained and open-
ended tasks. Each brainwave offers specific cognitive functions, offering a unique perspective as 
to how students interact with design problems [35], [36]. In contrast, fNIRS captures the cortical 
hemodynamics through the change of oxygenation in the hemoglobin, or simply put, it measures 
how much oxygen flows to a specific part of the brain. Although it may have excellent spatial 
precision that EEG lacks, it is limited to one brain region at a time, but it is still suitable for 
observing prefrontal activity during interactive tasks. Through this, it is possible to observe 
neurophysiological effects like reasoning and planning [35], [36], [37],[38]. Eye tracking allows 
researchers to capture temporal analysis of visual attention by recording gaze position, time, and 
movement. These are referred to as fixations, periods of relatively stable gaze, and saccades, quick 
movements of the eyes that change the point of fixation. Fixation count and duration are commonly 
used to measure attention allocation during a task, while the path a subject's eyes take, or scan 
path, can give insight as to how a designer interacts with a representation [39], [40], [41], [42]. 
Pupillometry, the changes in pupil diameter, is also widely accepted as an indicator of cognitive 
load and can be compared to survey data to further contextualize what a novice designer may be 
struggling with [43], [44]. 

One of the most important brain waves in design neurocognition is the beta wave. Beta waves are 
primarily associated with attention, problem-solving, and deep cognitive engagement, which are 
essential for successful design thinking [36]. Previous work has also shown that open-ended design 
tasks increase alpha and beta activation during initial stages of the design process, such as 
sketching or modeling [45]. Gamma waves are also correlated to advanced cognitive function, 
including perception, learning, and memory integration. These are usually seen during moments 
of peak concentration and mental activity, binding various sensory inputs to formulate a cohesive 
perception. Although gamma waves have significance in the design process, they are known to be 
difficult to capture due to muscle artifacts that exist in the same frequency range [37]. Figure 1 
displays the different brain waves and the frequency range in which they belong, as well as the 
states that are usually associated with that frequency.  



 

Figure 1: Brain wave chart with associated frequencies and states [35]. 
The brain regions are also important in the context of design neurocognition to be able to 
understand the output of neurophysiological tools. The region of interest for this paper is the 
cerebrum, which is composed of a highly folded surface that is credited with advanced cognitive 
activity like attention, reasoning, planning, and problem-solving. The cerebrum is further broken 
down into four regions or lobes, shown in Figure 2: frontal, parietal, temporal, and occipital. The 
frontal lobe is located at the anterior portion of the brain and is linked to executive functions like 
decision making, working memory, regulating attention, and voluntary motor control. This region 
is looked at frequently in design neurocognition, as it is especially active during the evaluative 
reasoning process [46], [47]. 

 

Figure 2: The cerebral cortex divided into four lobes [47]. 
It is important to consider neurocognition when developing young engineers in academia [48]. 
This opens the door to analysis on how to present design problems in a way that allows a novice 
engineer to replicate an experienced designer's thought process. This leads to our first research 
question: How do alternative design problem representations compare to traditional, open-ended 
representations in terms of cognitive load or other neurocognitive effects? 



Student Motivation 

Although neurocognition yields valuable insights into how students process design tasks, their 
motivation is equally important when determining future success [49]. One commonly used 
method of quantifying Student motivation is using the Motivated Strategies for Learning 
Questionnaire (MSLQ). More specifically, metrics to evaluate engineer’s motivation have been 
identified as: cognitive value, the importance of students' place on a task; self-regulation, managing 
one's learning and problem-solving processes; intrinsic motivation, students’ desire to engage in 
tasks for personal satisfaction; anxiety, nervousness during tasks; and self-efficacy, the belief in 
one's ability to succeed [50]. Previous work has also shown that cognitive value, self-regulation, 
intrinsic motivation, and self-efficacy are predictors of academic achievement, with anxiety being 
negatively correlated to self-efficacy for young students in STEM [51]. 

The characteristics of an open-ended design problem previously mentioned bring self-regulation 
to the forefront of principal factors for young designers. Without this skill, students may spend too 
much time on a single aspect of a design problem, causing them to get stuck or a drop in 
productivity. Work by Kado shows that students who are skilled in self-regulation are better 
equipped to manage these complexities by allocating their cognitive resources to efficiently solve 
the most important aspects of a design problem [15], [16], [17], [48]. Cognitive value gives insight 
into the effort students are inclined to invest in design problems. Students are generally more likely 
to contribute if there is a perception that the task is useful to their learning or future careers. 
Creativity and problem-solving are also linked to intrinsic motivation, inducing students to 
approach design tasks with interest and a drive to explore multiple possibilities. Additionally, it 
has been shown to correlate with increased levels of cognitive engagement, due to students being 
more likely to power through difficulties and maintain a positive outlook toward the design process 
[52]. Persistence has also been linked to high levels of self-efficacy in the face of challenge, 
viewing failure as a learning opportunity. However, students with low self-efficacy experience 
anxiety when tasks are perceived as too challenging or beyond their abilities and can become 
discouraged. Building self-efficacy in students is essential for ensuring they have the confidence 
needed in industry [48]. 

It is important to take motivational factors into account when developing engineering curriculum. 
Motivational factors are also not fixed, as they tend to vary throughout students’ academic careers. 
This shift suggests that intervention should be adopted in engineering pedagogy to accommodate 
the dynamic needs of students as they transition from traditional coursework to advanced design 
challenges [53]. Bellad and Kim capture this by saying, “In the context of instruction, design is 
the translation of theories of learning and motivation to create artifacts that can solve learning or 
performance problems.” [54], [55], [56]. This leads to our second research question. How do 
alternative design problem representations compare to traditional open-ended representations in 
terms of student motivation? 

  



Experimental Methods 

The authors chose the inclusion criterion that would allow for scoping of the current state of the 
field as well as finding and addressing research gaps. Keywords included “engineering design”, 
“problem representation/ structure”, “modality”, “design neurocognition”, “student motivation”, 
“cognitive load”, and “problem framing”, amongst others. Search and screening were done through 
databases, such as EBSCO, ProQuest, Wiley, and Elsevier, in addition to Google Scholar.  

Inclusion Criteria 

1. Must be in the context of engineering or design. 
2. Must be higher education 
3. Examine the impact of design problem presentation (Open-ended, closed-ended, 

scaffolded, or visual) on student motivation (cognitive value, self-regulation, intrinsic 
motivation, anxiety, and self-efficacy) or neurocognitive effects  

o Must use more than one problem representation. 
o Must measure student motivation or neurocognitive differences between problem 

representations qualitatively or quantitatively. 
o Must use a neurophysiological approach (EEG, fNIRS, and eye-tracking). 

272 papers were analyzed, 63 papers were pulled aside for screening, and only 5 were eligible for 
this review. The papers were split into 2 categories, looking at student motivation or 
neurocognitive effects. No papers were found that solely compared changes in design problem 
representation and their effect on student motivation, while 2 papers discussed neurocognitive 
effects, and 3 papers discussed both. There were also 3 papers that the authors could not access. 
Articles were reviewed by the authors and a design expert through open multiple discussions to 
ensure that criteria were met. 

Table 1. Inclusion and Exclusion by Number of Papers 

Total Papers Pulled for Screening n = 63 

Papers Included n = 5 

Did Mot Measure Motivation or 
Neurophysiological effects n = 40 

Did Not Compare More Than One Problem 
Representation n = 9 

Not Higher Education n = 4 

No Access n = 3 

Not Engineering or Design n = 2 



Results & Discussion 

Neurocognitive Impact 

In 2024, Gestson [57] explored differences in problem-solving behavior using eye-tracking 
between 10 undergraduate engineering students and 19 engineering practitioners using multiple 
representations. Three problems associated with head loss were derived using an open-ended, 
multiple-choice, and formulaic format, alongside four problem representations regarding head loss 
through a pipe. This included two visuals, which contained a head loss table and chart for either 
representation, where the two formulaic representations provided formulas and coefficients to aid 
in problem solving. The problems were presented via slides on a computer screen and divided into 
five areas of interest (AOIs): the problem statement and four representations, where the 
participants solved three problems, all in the same order.  

Results showed that students had a higher fixation count and total fixation duration (TFD) on 
formulaic representations than on visual ones, implying that students accessed information in 
formulaic representations more frequently and for longer average fixation durations (AFDs). 
However, for engineering practitioners solving the same problem, there was no observable 
difference for TFD, but they did have a greater AFD on visual representations. For problem 2, 
TFD and AFD were greater than those for visual representations for both engineering practitioners 
and students. Problem 3 showed greater TFD for visual representations, while AFD was higher for 
formulaic representations. For engineering practitioners on the same problem, TFD and AFD were 
both higher for the visual representation [57]. 

In 2025, Li [58] investigated the neurocognitive effects of students solving design problems in an 
open-ended, unconstrained format involving 37 subjects. Participants were assigned either a 
problem-solving task (PS) where the objective was to generate as many solutions as possible, or 
to design with a morphological table (DwMT) converging on one solution. Both groups were 
asked, “How to empty a glass placed in the center of a heavy table without touching it.”, but the 
DwMT group was required to pick elements from the morphological table that consisted of 
mechanical components or features. The results showed a strong statistical link between Task-
Related Desynchronization (TRPD), a decrease in power of brainwaves during a task, and superior 
design performance. Also, the left frontal region was most effective as a predictor of design clarity 
and detail. Li also implied that high performance was mainly associated with a drop in power of 
the theta band, suggesting that high performers were better at managing the high working memory 
demand required to tie multiple ideas into a concept. For PS, performance indicators were linked 
to both Task-Related Desynchronization and synchronization, depending on metrics like quantity, 
variety, or novelty. Unlike DwMT, the temporal channels located on the side associated with 
creative ideation and processing were better predictors of success. High performance was also 
correlated to theta Desynchronization and alpha band synchronization [58]. 

Neurocognitive Correlations to Student Motivation 

Examining design problem representation with respect to student motivation is a novel topic that 
to find neurocognitive correlations. Although the study may not aim to directly address design 
problem representations' effect on student motivation, there is still valuable insight into how the 
two interact. A study in 2023 was conducted involving sophomore students in the first-semester 
cornerstone course, where they were introduced to the basic concepts of design. Students filled out 
the MSLQ and the VARK learning assessment before the study to get a baseline for motivation 



and learning styles. The study featured two design modalities: a written problem and a pictural or 
visual representation. Students were given 10 minutes to complete each design problem with a 3-
minute break between them. After completion, students filled out a post survey. The author did 
not mention what metrics were collected or what the design tasks entailed other than problem 
modality. 

EEG analysis indicated that the Beta Low frequency was the most significant brain wave when 
comparing the two design problems, with multiple regions showing statistical significance, and a 
general increase in brain activation for the visual problem compared to the written. The results 
showed that the written problem had a less positive impact on student motivation compared to the 
pictorial. There was also a decrease in intrinsic motivation as well as an increase in anxiety when 
students solved the written prompt compared to the visual. Students also showed increased solution 
variety and higher engagement when solving the pictorial design problem. The study also found 
correlations between changes in brain activation and self-reported motivation factors, where 
cognitive value exhibited positive correlations with brain activation in frontal/prefrontal regions, 
while anxiety and intrinsic motivation exhibited negative correlations in these regions. The study 
also revealed a significant correlation between problem modalities and changes within the beta 
frequency located in the right frontal cortex. This region is associated with divergent thinking or 
generating a multitude of solutions [59]. 

In 2024, a study examined perceptions of design problems that correlate with changes in design 
problem modality. Each participant filled out the MSLQ, with questions relevant to cognitive 
value, self-regulation, anxiety, intrinsic motivation, and self-efficacy, which together characterize 
how students value the task, manage effort, experience stress, and perceive their ability to succeed 
[50]. The VARK learning styles assessment was also given to subjects. The study analyzed the 
effects of four different problem modalities: visual, auditory, written, and kinesthetic. All problems 
were based on the prompt format of “Design a system to translate a box/ cylinder, 
horizontally/vertically." Auditory and written were represented by the same prompt, with one 
being read aloud. The visual modality relied on a graphic representing a box moving on a plane, 
and the kinesthetic representation involved a physical demonstration. Participants were divided 
into groups with two random modalities and given 7-10 minutes to develop as many solutions to 
the design problem as possible, followed by a 3-minute break. Finally, the last design problem and 
a post survey assessing perceived problem difficulty and satisfaction with generated solutions.  

Across modality comparisons, theta frequency trends (particularly in posterior regions such as Oz 
and other rear regions) were indicative of significant changes, and the auditory and kinesthetic 
problems tended to induce increased brain activity overall compared to traditional and written 
problem statements. Though motivation data were limited, there was a significant negative 
correlation found between perceived problem difficulty and self-regulation. Simply put, as 
difficulty went up, self-regulation went down for the auditory representation and was perceived as 
more difficult than the kinesthetic. Learning styles were not found to correlate with problem 
difficulty. Additionally, problem order did not produce significant changes in brain activity. The 
study also suggests that students with lower intrinsic motivation may experience greater perceived 
difficulty. In the kinesthetic modality specifically, regression analysis indicated that high cognitive 
and self-regulation motivation correlated with higher brain activity, while lower brain activations 
correlated with higher intrinsic motivation. The study identified significant differences within the 
beta high frequency, or at the high end of the beta frequency range based on problem 
representation. These brain activity changes were triggered through an auditory description or a 



kinesthetic example. However, the Beta High deltas themselves were not found to correlate with 
MSLQ and VARK results, even though post-survey perceptions showed meaningful relationships 
with motivation factors (e.g., self-regulation and self-efficacy). [48], [52]. 

Research Gaps 

Design problem representation and its effect on student motivation and neurocognitive activity 
have proven to be under-researched topics. Although the research questions in this paper yielded 
few but insightful results, research gaps were identified, which leaves an opportunity to address a 
novel topic using modern, advanced tools [35], [41], [44]. Many papers screened lacked the 
context needed to be included in the analysis. The frameworks and design problem representations 
mentioned in the introduction of this review are not often looked at in the context of allowing 
students to attempt design problems and measuring motivation or neurocognitive activity. Others 
changed aspects of the problem modality that were not problem framing or representation. For 
example, works by Nur Guler and Sajadi tested a scaffolded approach to sketching assignments 
that were given remotely versus in class. Although the results showed that students had varying 
levels of motivation, whether they were in class or remote, the study gave both groups the same 
scaffolded prompts, meaning there was no alternative problem representation to compare them to 
[60]. Other papers discuss how design solutions can be represented for interpretation by other 
entities. Although it covers alternative design representations, it does not examine students during 
design, nor does it measure the impact on student motivation and neurocognition [61]. 

Various articles were excluded because they did not contain students in higher education. 
However, these papers still have elements that could give insight into the neurological impact of 
problem representation. For example, Vieira et al. measured EEG frequency band power while 
professional mechanical engineers and industrial designers completed constrained versus open 
design tasks, and reported significant differences between constrained and open tasks in the beta 
bands during the earliest reaction stage, along with additional differences in alpha 2 and beta bands 
during open externalization, with the open design request producing higher activation in areas 
associated with semantic associations, planning/executive control, visual mental imagery, and 
searching for originality [45]. Additionally, Vieira et al. used EEG to compare problem-solving 
(closed) versus designing (open) in mechanical engineers and reported increased activation when 
designing compared to problem-solving, emphasizing that time-related neural responses connected 
to Brodmann-area functions can help characterize cognition in open design tasks [62]. 

Overall, there are indications in literature that design problem representation can shape how 
novices allocate cognitive resources during design tasks in addition to their motivation towards 
such tasks. However, there is little evidence to support this, and it will require more examination 
in future work. Across the screened studies, alternative representations appear capable of shifting 
neurocognitive activity while also influencing key motivation factors such as cognitive value, self-
regulation, intrinsic motivation, and anxiety. The field lacks replication and suffers from small 
sample sizes as well as consistent task structures and reporting, making it difficult to isolate which 
representation features drive the observed effects. The author will link representation features to 
specific motivational constructs, and pair those constructs to neurophysiological measures under 
controlled, comparable design tasks to clarify when alternative representations support productive 
engagement, and when they have a negative impact on students. 
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