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Abstract 
Academic information searching is a cognitively demanding 

activity requiring users to navigate complex decision-making, 

evaluation, and synthesis tasks. This study investigates how prior 

topic knowledge, perceived tool adequacy, and self-assessed search 

experience influence cognitive load, satisfaction, and confidence 

during domain-specific academic search tasks. Using a mixed-

methods design, 31 participants engaged in authentic search 

scenarios, providing data via pre- and post-task questionnaires, 

including a modified NASA-TLX. 

Findings demonstrate that prior knowledge significantly reduces 

mental demand, supporting Cognitive Load Theory and reinforcing 

the value of domain familiarity in search efficiency. Perceived tool 

adequacy was associated with significantly lower mental and 

temporal load, though it was not a reliable predictor of satisfaction. 

Meanwhile, self-rated confidence and efficiency did not 

significantly relate to cognitive experience, challenging 

assumptions in existing user experience models. Additionally, 

satisfaction was positively associated with cognitive engagement, 

particularly task complexity and concentration, rather than ease of 

use. These insights extend prior research by grounding cognitive 

load theory in real-world academic contexts and highlighting the 

importance of tool support beyond usability. The study underscores 

a shift from efficiency-driven design toward systems that actively 

augment cognitive engagement in knowledge work. 

CCS Concepts  
• Information systems → Information retrieval → Users and 

interactive retrieval • Human-centered computing → Human 

computer interaction (HCI) → Empirical studies in HCI  

Keywords 

Academic Information Searching, Cognitive process, Cognitive tool, 

Cognitive load, Tool adequacy, User satisfaction 

ACM Reference format: 

Ginar S. Niwanputri, Abiye Tob-Ogu, Mahnaz Hosseinzadeh. 2025. 

Untangling Cognitive Processes in Academic Information Searching: 

Investigating Tool Gaps, Cognitive Load, and User Satisfaction. In 

Proceedings of the 2025 International ACM SIGIR Conference on Innovative 

Concepts and Theories in Information Retrieval (ICTIR ‘25), July 18, 2025, 

Padua, Italy. ACM, New York, NY, USA, 10 pages. 
https://doi.org/10.1145/3731120.3744615 

 

1 Introduction 

In the modern workplace, information searching is a foundational 

activity for knowledge-intensive tasks, particularly in academic and 

professional contexts. Academic professionals frequently engage in 

complex search processes that demand substantial cognitive effort, 

encompassing analysis, evaluation, decision-making, and synthesis. 

While generic information search behaviour has been extensively 

structured and studied [1][2][3], academic searching remains 

underdefined in terms of its specific cognitive processes and support 

mechanisms—despite its central role in scholarly knowledge work 

[4][5]. 

Generic searches typically follow a structured progression—
problem formulation, retrieval, evaluation, and reflection—often 

supported by basic search tools or general-purpose engines [6][7]. 

However, academic information seeking requires more than 

procedural search literacy. Tasks such as query refinement involve 

conceptual abstraction and flexibility [8], while source evaluation 

demands critical thinking, authority assessment, and contextual 

awareness [9]. These processes are iterative and metacognitive, 

requiring ongoing self-monitoring and strategy adjustment 

[10][11]. 

Beyond the search process, information use and synthesis 

activate higher-order cognitive functions such as analogical 

reasoning, inference, and working memory [12]. These operations 

are cognitively demanding and depend heavily on domain 

knowledge and experience. As search tasks grow in complexity, 

managing mental workload becomes increasingly important. 

Research by Gwizdka [13] and Kunz et al. [14] has shown that 

increased task complexity correlates with greater cognitive load, 

which can impair user satisfaction and performance if left 

unsupported. 

Tool design plays a crucial role in this cognitive ecology. While 

traditional academic databases and discovery systems enable access, 

they often fail to scaffold deeper interpretive and synthesis tasks. 
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Several recent studies have pointed to these gaps. For example, 

Khazaei and Hoeber [15] proposed visual and citation-based 

enhancements to support exploration, while Chavula et al. [16] 

demonstrated how idea-generation tools can aid creative academic 

search. Other work has shown how cognitive complexity 

frameworks [17] and emerging AI-based assistants [18] influence 

search behaviour, task satisfaction, and outcome perception. 

Despite these promising developments, few studies have 

explored how users experience cognitive effort, tool adequacy, and 

satisfaction when searching for self-defined academic tasks. Most 

existing research either uses predefined queries or simulation 

settings, which may not reflect the lived cognitive experience of 

academic information seeking [19]. Additionally, as Niwanputri et 

al. [20] noted, search and decision-making together account for 

nearly half of cognitive activity in professional work—further 

underscoring the need to support these processes more deliberately. 

This study seeks to fill these gaps by investigating how academic 

users experience cognitive load, satisfaction, and perceived tool 

support during real-world, domain-specific academic searches. 

Drawing on structured pre- and post-task questionnaires, we 

examine the influence of topic knowledge, tool adequacy, and 

search confidence on users’ cognitive and affective experiences. The 

findings aim to inform the design of cognitive tools that better meet 

the nuanced demands of academic information seeking. 

 

2 Related Works 

2.1 Academic Information Searching: Cognitive 

Process to Cognitive Load 

Academic information searching is a cognitively demanding 

activity that requires users to engage in higher-order processes such 

as comprehension, evaluation, and synthesis. Unlike routine tasks, 

academic searching involves constructing meaning from 

fragmented information, integrating diverse perspectives, and 

aligning search strategies with evolving goals. The process of 

information searching is a complex cognitive task that involves 

decision-making, problem-solving, evaluation, and the use of both 

cognitive and metacognitive strategies [21]. Foundational cognitive 

information retrieval models emphasize the dynamic interaction 

between users’ mental states and search systems [22][23]. 

Marchionini’s model of exploratory search further illustrates how 

searching supports learning and investigation, with users 

continuously interpreting results and adjusting their approach [24]. 

These models highlight the complexity and active nature of 

academic search behaviour, underscoring the central role of 

cognitive processes in shaping outcomes. 

To fully understand the mental demands of academic search 

tasks, one must consider the cognitive processes that underpin 

human thought and behaviour. These processes—such as attention, 

memory, reasoning, and problem-solving—are essential for 

navigating information-rich environments. As Neisser explains, 

cognition involves the transformation and application of sensory 

input, enabling humans to make decisions, learn, and adapt across 

diverse contexts [25]. The APA Dictionary of Psychology echoes 

this, defining cognitive processes as fundamental mental functions 

tied to knowledge acquisition and use. 

Cognition has been modelled through various theoretical lenses. 

Early models viewed it as a sequential information-processing 

system, comprising input, processing, and output stages [26][27]. 

The Layered Reference Model of the Brain (LRMB) advanced this 

perspective by mapping 37 cognitive processes across six 

interconnected layers—from sensation and perception to higher-

order thinking and metacognition [28]. This layered model 

highlights how foundational processes like attention and 

categorization interact with complex operations such as synthesis 

and evaluation—exactly the kinds of activities required during 

academic searching. 

Empirical studies further validate the centrality of these 

processes in professional and academic search contexts. A 

significant study revealed that nearly half of the cognitive demands 

in professional knowledge work stem from search and decision-

making processes [20]. This insight points to the urgent need for 

more thoughtfully designed interventions aimed at supporting 

these foundational activities. Mao et al. reinforce this point by 

showing that individual cognitive traits, such as need for cognitive 

closure (NFCC), can significantly shape search behaviour [29]. Their 

research revealed that users high in NFCC tend to favour quick, 

structured strategies (e.g., limited keyword variation but broader 

page exploration), influencing both the efficiency and creativity of 

outcomes. 

These insights lead directly into the concept of cognitive load—
the mental effort associated with processing and completing a task. 

Cognitive Load Theory identifies three types of load: intrinsic, based 

on task complexity; extraneous, linked to poorly designed 

environments; and germane, which supports learning and schema 

development [30]. Cognitive load theory offers insights into how 

the limitations and capacities of the human information processing 

system can be applied to optimize instructional design and learning 

environments [31], particularly in the context of academic 

searching, where effective management of cognitive resources is 

essential for navigating, evaluating, and synthesizing complex 

information. Academic search tasks, which require sustained 

engagement, strategic decision-making, and synthesis, typically 

impose a high cognitive load. 

To measure this, the NASA Task Load Index (NASA-TLX) 

remains one of the most widely used tools, assessing workload 

dimensions such as mental demand, effort, and temporal pressure 

[32]. Its adaptation to academic search contexts highlights its 

growing relevance in digital and educational environments [33]. 

Moreover, the relationship between cognitive processes and 

load is deeply influenced by prior knowledge, search experience, 

and tool support. Domain experts, for example, typically experience 

lower intrinsic load due to efficient filtering and strategy use [11]. 

Factors like self-efficacy [34], search frequency [35], and technology 

familiarity [36] also shape how users engage with tasks. Different 

search goals activate different cognitive strategies [37], while 

challenges in articulating information needs and source selection—
noted in major models by Belkin et al. [38], Wilson [39], and 

Kuhlthau [1]—further contribute to cognitive strain. 
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Ultimately, cognitive load is not just a product of task difficulty. 

It is a dynamic outcome of interacting cognitive operations, 

individual traits, and system affordances. Investigating how these 

factors intersect offers a deeper understanding of how academic 

professionals experience and manage mental effort during 

information seeking—and how systems can better support them in 

this process. 

2.2 Research Gap and Current Study 

Despite significant advancements in digital search technologies and 

academic information retrieval, much of the existing research 

continues to focus on generic or simulated tasks, often overlooking 

the nuanced cognitive processes involved in authentic, real-world 

academic contexts [21]. While there is extensive literature on 

cognitive traits—including cognitive learning [40][41], cognitive 

abilities [42], cognitive styles [43] , and cognitive biases 

[44][45][46], and cognitive absorption [21]—the underlying, real-

time mechanisms that govern expert search behaviour remain 

underexplored. This disconnect between established cognitive 

theories and the underexamined realities of in-situ academic search 

behaviour limits the development of targeted system designs, 

effective instructional interventions, and theory-driven user 

models. 

Prior research provides useful descriptive accounts of academic 

information behaviour. Gordon et al. surveyed academic 

mathematicians and found that challenges such as information 

overload and limited time hindered effective search practices, 

despite users’ openness to adopting new strategies [47]. Nicholas et 

al. revealed a strong preference among early career researchers for 

general tools like Google Scholar, often bypassing library services 

[48], while Wellings and Casselden highlighted the reliance on 

familiar tools and networks among engineers and scientists, 

alongside a lack of awareness about search engine capabilities [49]. 

These studies contribute valuable insight into preferences and 

challenges, but they largely focus on observable behaviours, leaving 

cognitive dimensions unexplored. 

Emerging literature has started to address this gap by examining 

the role of digital literacy and motivational factors. Kose and Kocak 

found that digital literacy significantly predicts strategic search 

behaviours in academics, with cognitive absorption mediating this 

relationship [21]. Their structural model demonstrated that greater 

daily internet use enhances cognitive absorption, underlining the 

importance of both skill and immersive engagement. Similarly, Liu 

et al. explored how task relevance and cognitive load interact to 

shape decision-making in search contexts [50]. Their findings 

indicated that while task relevance promotes deeper engagement, 

its benefits are diminished when users experience cognitive 

overload—suggesting that engagement is conditional upon the 

availability of cognitive resources. 

Collectively, these studies indicate that academic search 

behaviour is shaped by a confluence of personal, cognitive, and 

contextual factors, including digital literacy, motivational 

relevance, search experience, and cognitive resource availability. 

However, most continue to isolate variables or rely on controlled 

environments, limiting ecological validity and leaving a gap in 

understanding how these elements function dynamically in real-

world search contexts. 

To address this gap, the present study investigates the cognitive 

processes that shape academic information seeking, with a focus on 

how expertise, prior topic knowledge, and perceived tool support 

influence cognitive workload and user experience. Unlike previous 

research, this study adopts an ecologically valid approach by 

capturing both subjective (self-reported) and behavioural data from 

participants engaged in self-selected academic search tasks. This 

dual-pronged data collection allows for a richer, more context-

sensitive understanding of user behaviour in domain-specific 

environments. 

Specifically, this paper draws on data collected through pre-

search and post-search questionnaires to explore the cognitive 

states, decision-making strategies, and evaluative reflections that 

bookend the academic search experience. This targeted focus offers 

insight into how academic professionals cognitively prepare for and 

reflect on complex search tasks, and how their thinking patterns, 

background knowledge, and interactions with digital tools shape 

cognitive effort and user satisfaction. By empirically linking user 

characteristics and perceptions to distinct dimensions of cognitive 

load and affective outcomes, this study contributes to a more 

comprehensive understanding of the mental demands of academic 

searching. These insights, in turn, support the design of more 

adaptive digital environments and personalized interventions that 

align with the authentic cognitive needs of scholarly users. 

 

3 Research Question and Hypotheses 

This study investigates the cognitive factors that influence scholarly 

information seeking, focusing on how users’ expertise, search 

habits, and available support tools shape their perceived mental 

workload and satisfaction. Grounded in cognitive load theory and 

models of human information interaction, this work aims to inform 

the design of cognitive tools that better support complex academic 

tasks.  

 

Research Question (RQ): How do prior topic knowledge, search 

experience, and perceived adequacy of search tools relate to 

cognitive load and satisfaction in academic information searching? 

 

Hypotheses 

 

H1: Higher self-rated topic knowledge will be associated with 

lower perceived cognitive load, particularly in the 

dimensions of mental demand, task complexity, and mental 

fatigue.   

According to Cognitive Load Theory [30], individuals with prior 

knowledge are better equipped to process task-relevant information 

efficiently, reducing intrinsic cognitive load. In academic search 

contexts, topic familiarity enables users to recognize relevant 

concepts more quickly, apply known strategies, and avoid 

unnecessary cognitive strain. Previous research in instructional and 

information science domains [11][51] suggests that knowledgeable 
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users allocate cognitive resources more effectively, leading to lower 

perceptions of mental effort and complexity. 

H2: Higher self-rated confidence and perceived search 

efficiency will be associated with greater satisfaction and 

lower perceived effort and mental demand during academic 

search tasks.   

User experience models suggest that perceived control and 

competence are closely linked to positive task evaluations [52]. In 

academic search, confidence may reflect a user’s belief in their 

ability to navigate complex information environments, while 

perceived efficiency may influence how mentally taxing the task 

feels. Although few studies have explicitly tested this link, related 

work in HCI and UX indicates that users’ self-perceptions often 

shape their satisfaction more than objective task outcomes [53]. 

This hypothesis tests whether metacognitive appraisal 

(confidence/efficiency) translates into affective outcomes 

(satisfaction) and reduced cognitive strain. 

H3: Higher perceived adequacy of academic search tools will 

be associated with lower levels of cognitive load across 

multiple dimensions (e.g., mental demand, temporal 

demand, effort), and with greater satisfaction following the 

search task.   

Effective tools can reduce extraneous cognitive load by helping 

users locate, organize, and synthesize information more efficiently. 

In contrast, inadequate tools may increase effort by requiring users 

to compensate with their own strategies [4][13]. While prior 

research has focused on retrieval success and usability, less is 

known about how users experience mental demand, time pressure, 

or fatigue when tools are perceived as insufficient. This hypothesis 

tests whether perceived tool support alleviates cognitive effort and 

enhances satisfaction—key dimensions of academic search 

performance and user experience. 

H4: Higher perceived mental demand, effort, and frustration 

will be negatively associated with satisfaction and confidence 

in the search process. 

As cognitive load increases, users may feel overwhelmed or less in 

control, potentially lowering their confidence and satisfaction with 

the task [13][32]. However, emerging perspectives also suggest that 

certain types of cognitive engagement—such as concentration and 

complexity—may actually enhance satisfaction, especially when the 

task is intellectually stimulating [17]. This hypothesis explores both 

the classic assumption that higher load reduces satisfaction, and the 

possibility that “desirable difficulty” contributes positively to the 

user experience in scholarly contexts. 

 

3 Methodology 

3.1 Research Design 

The research project adopts a mixed-methods approach to 

investigate the cognitive processes underlying academic 

information searching. By integrating both qualitative and 

quantitative methods, it aims to capture real-time cognitive activity 

alongside reflective insights, offering a comprehensive view of 

expert search behaviours. The study was structured into three 

distinct phases: pre-task preparation, task execution (search 

session), and post-task reflection. This structure allowed for layered 

data collection encompassing both observable behaviours and 

participants’ internal evaluations. 

For the scope of this paper, we focus exclusively on data 

collected through pre-task and post-task questionnaires, which 

provide a snapshot of participants’ cognitive states and perceptions 

before and after the search session. The analysis of think-aloud 

protocols and retrospective interviews will be presented in 

subsequent publications.  

3.2 Procedure  

The study consisted of three phases: a pre-task questionnaire, a 

search task, and a post-task questionnaire. For the purposes of this 

paper, only data from the pre-task and post-task questionnaires, 

along with search session duration, were analysed. 

1. Pre-Task  

After recruitment through university mailing lists and academic 

community messenger groups, participants book a schedule for 

study then began by completing the pre-task questionnaire. This 

questionnaire gathered information about their academic 

background, search experience, and preparation for the search task. 

Participants were asked to provide 1-2 keywords or short phrases 

related to a topic they were currently researching or interested in 

exploring, along with a brief description of their research question 

or information need. They also rated their knowledge about the 

topic they would be searching for during the session. This 

preparation helped ensure that participants would engage in 

authentic search tasks aligned with their genuine research interests. 

The details of this will be explained in the Data Collection 

Instruments section. 

2. Task Execution/Search Session 

Prior to beginning the search session, participants were 

provided with detailed instructions to prepare a distraction-free 

environment and ensure a stable internet connection. They used 

their own devices and preferred academic tools. A short video 

tutorial was shared to explain the think-aloud protocol, enabling 

participants to verbalize their cognitive processes during the task. 

During the search session, participants were asked to retrieve a 

minimum of 3 relevant academic resources related to their chosen 

topic while verbalizing their thought processes using the think-

aloud method. Although participants had previously submitted 1–2 

keywords or short phrases to describe their topic, this input was for 

documentation purposes only. During the task itself, they were free 

to use any number or type of queries, terms, or search strategies 

they deemed appropriate. Participants were given 20 minutes to 

complete their search task, with an additional 10-minute buffer if 

needed. They were instructed to share their screens, which showed 

their entire information searching process, including any additional 

applications they might use (e.g., PDF readers, reference managers). 

The sessions were conducted online via Zoom, where participants 

shared their screens and audio for recording. The researcher 
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observed the process but minimized interference to avoid disrupting 

the natural search behaviour.   

3. Post-Task  

Immediately following the search task, participants completed 

the post-task questionnaire. The post-task questionnaire was 

designed to explore both cognitive workload and search experience, 

capturing how participants evaluated their task engagement, 

perceived success, and tool interaction. It consisted of two main 

components: cognitive load dimensions and user experience 

reflections. The details of this will be explained in Data Collection 

Instruments section.  

Following the post-task questionnaire, participants engaged in a 

30-minute retrospective interview to discuss their search 

experience in greater depth. Overall, the full study session—
including all three phases—lasted approximately 60 to 90 minutes 

and generated a rich dataset comprising screen and audio 

recordings, researcher observations, and questionnaires and 

interview responses. 

3.3 Ethics and Data Management 

The study was approved by the Management School University of 

Sheffield Ethics Review Procedure and complied with UK GDPR 

regulations. Participants provided informed consent and were 

assured of their right to withdraw at any point during the study. No 

incentives were given to participants. All data were anonymized 

and securely stored, with anonymized datasets deposited in the 

university’s ORDA repository for future research. 

3.4  Data Collection Instruments 

The pre-task questionnaire used in this study captures several 

aspects of pre-search planning, including academic background, 

search experience, and preparation for the search task. Questions 

about search frequency, types of searches performed, and typical 

starting points provide insights into participants’ search habits and 

strategies. Similarly, questions about self-rated knowledge and 

confidence in searching skills reveal metacognitive aspects of pre-

search planning. 

The questionnaire primarily employed 5-point Likert scales to 

measure participants’ self-assessments and behaviours. For 

example, confidence in information searching skills was measured 

on a 5-point scale ranging from “Not confident at all” to “Extremely 

confident,” while knowledge about the search topic used a scale 

from “Not knowledgeable at all” to “Extremely knowledgeable.” 
This 5-point structure was selected because it offers a balanced 

range of options with a neutral midpoint, allowing participants to 

express nuanced opinions rather than forcing a binary choice [54]. 

Each section of the pre-task questionnaire was grounded in relevant 

literature, as shown in Table 1. 

 

 

 

 

 

Table 1: Mapping of Pre-Task Questionnaire Items to 

Supporting Literature 

 

Section Question Supporting Literature 

Academic 

Profile 

Academic role, 

education, field, 

experience 

Understanding user expertise and 

background is foundational for 

contextualizing information-

seeking behaviour [37] 

Search 

Experience 

Search frequency 

and time spent 

Frequency and intensity of 

searching are core variables in 

information behaviour studies [35] 

Search 

Experience 

Types of searches 

(lookup, 

exploratory, etc.) 

Different search types require 

different cognitive strategies [37] 

Search 

Experience 

Information 

source preferences 

Source selection reflects users’ 
information needs and search 

strategies [39] 

Search Habits Starting point for 

search 

Initial search behaviour is a key 

stage in models such as Kuhlthau’s 
ISP [1] 

Search Habits Confidence in 

searching skills 

Self-efficacy influences search 

strategy and persistence [34] 

Search Habits Device and tool 

usage 

Technology adoption and tool use 

are critical in modern information 

seeking [36] 

Task 

Preparation 

Keywords and 

information need 

articulation 

Articulating information needs is a 

central step in all major search 

models [38]  

Task 

Preparation 

Prior knowledge 

of topic 

Prior knowledge shapes search 

strategies and evaluation [11] 

 

The post-task questionnaire was divided into two main sections: 

1. Cognitive Load Dimensions 

Cognitive load was assessed using a modified version of the 

NASA Task Load Index (NASA-TLX) [32], adapted to reflect the 

specific cognitive demands of academic search tasks. While the 

original NASA-TLX includes six dimensions—mental demand, 

physical demand, temporal demand, performance, effort, and 

frustration—this study focused on the cognitive aspects most 

relevant to information seeking. Physical demand and frustration 

were excluded, and additional dimensions were incorporated to 

capture higher-order cognitive processes, including task 

complexity, concentration, information processing, strategy 

development, and mental fatigue. These extensions are grounded in 

cognitive load theory [30][55] and have been validated in 

educational and search-related contexts. Participants rated each 

dimension using a 5-point Likert scale ranging from “Strongly 

disagree” to “Strongly agree.” 
Post-search reflection encompasses the cognitive processes of 

evaluation, integration, and meaning making. After completing a 

search, individuals assess the relevance and utility of the 

information they have found, integrate it with their existing 

knowledge, and determine whether their information needs have 

been satisfied. These reflective processes are critical for learning 

and knowledge construction. 
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2. Search Experience Measures 

The second part captured participants’ reflections on: 

a. Satisfaction with search results (from “Extremely 

dissatisfied” to “Extremely satisfied”) 
b. Confidence in finding relevant information (from “Not 

confident at all” to “Extremely confident”) 
c. Perceived efficiency of the search process (from “Not 

at all” to “Extremely efficient”) 
d. Reliance on prior knowledge (from “None at all” to “A 

great deal”) 
e. Adequacy of current search tools (from “Extremely 

inadequate” to “Extremely adequate”) 
 

Each item in the post-task questionnaire was aligned with 

established constructs in the literature, as detailed in Table 2. 

 

  

Table 2: Mapping of Post-Task Questionnaire Items to 

Supporting Literature 
 

Section Question Supporting Literature 

Cognitive 

Load 

The tasks were mentally 

demanding 

NASA-TLX validated 

instrument for assessing 

perceived mental demand 

[32] 

Cognitive 

Load 

I had to work hard to 

accomplish my level of 

performance 

The “Effort” dimension in 

NASA-TLX [32][56] 

Cognitive 

Load 

I felt rushed or hurried 

when performing the 

tasks 

“Temporal Demand” in 

NASA-TLX [32][57] 

Cognitive 

Load 

The tasks were complex 

and challenging 

Task complexity 

contributes to intrinsic 

cognitive load [30][58] 

Cognitive 

Load 

The tasks required a 

high degree of 

concentration 

Concentration is closely 

related to mental demand 

[32] 

Cognitive 

Load 

I had to process a lot of 

information to complete 

the tasks 

Central to cognitive load 

theory [30][58] 

Cognitive 

Load 

I had to develop new 

strategies or approaches 

Strategy use reflects 

germane cognitive load 

[55] 

Cognitive 

Load 

I felt mentally tired after 

completing the tasks 

Mental fatigue is a 

consequence of high 

cognitive load [55] 

Search 

Experience 

Satisfaction with results User satisfaction as a key IR 

evaluation metric [59] 

Search 

Experience 

Confidence in finding 

relevant information 

Confidence in information 

seeking [60] 

Search 

Experience 

Perceived efficiency Efficiency in usability 

evaluation [61] 

Search 

Experience 

Reliance on prior 

knowledge 

Prior knowledge and 

perceived cognitive load 

[62] 

 

 

 

Both questionnaires were administered online, with the pre-task 

questionnaire completed before the search session and the post-task 

questionnaire immediately after the search session. This timing 

ensured that participants’ reflections on their search experience 

were fresh and accurate.  

 

4 Results 

4.1 Participant Demographics  

The study included 31 participants from UK-based universities, 

representing diverse academic roles and levels of experience. 

Participants’ roles were categorized into doctoral researchers (39%), 

early-stage academics (25%), lecturers (16%), and individuals with 

combined roles such as researcher/lecturer/doctoral researcher 

(16%). Most participants held a Master’s degree (65%), while the 

remainder had Doctoral degrees. 

Participants represented a range of academic disciplines, including 

STEM (48%), social sciences (32%), and arts and humanities (20%). 

Prominent fields included engineering, business studies, and 

psychology. Professional experience varied, with 58% of 

participants reporting over six years in their field, while 26% had 

three to six years of experience. This diversity provided a robust 

foundation for examining the cognitive processes involved in 

academic information searching. 

4.2 Hypotheses   

H1: Topic Knowledge and Cognitive Load 

To assess whether prior topic knowledge reduced perceived 

cognitive load, Spearman correlations were conducted between self-

rated topic knowledge and each NASA-TLX dimension. Specifically, 

higher self-rated topic knowledge was associated with lower levels 

of mental demand (ρ = –0.406, p = 0.0236) and reduced need for 

strategy development (ρ = –0.399, p = 0.026), suggesting that 

participants who were more familiar with their research topic found 

the task less mentally taxing and required fewer adaptive strategies. 

While other dimensions—such as effort (ρ = –0.329, p = 0.0704) and 

temporal demand (ρ = –0.234, p = 0.2056)—also showed negative 

trends, these did not reach statistical significance.  

       Similarly, weak and non-significant correlations were observed 

for mental fatigue, task complexity, concentration, and information 

processing, indicating that topic familiarity had a limited effect on 

these aspects of cognitive load (see Fig.1). Overall, the findings 

partially support the hypothesis, highlighting mental demand and 

strategy development as key areas where topic knowledge 

enhances cognitive efficiency.  

 

H2: Self-Rated Search Experience and Subjective Outcomes 

Given that search duration was procedurally constrained (20–30 

minutes) and all participants successfully retrieved at least three 

academic sources as instructed, task performance was effectively 

standardised across the sample. 
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Figure 1: Correlation Between Topic Knowledge and 

Cognitive Load Dimensions (H1) 

 

Consequently, search time was not used as a behavioural measure 

of efficiency. Instead, the analysis focused on self-rated confidence 

and perceived efficiency. Spearman correlation analyses between 

these self-ratings and outcome variables—mental demand, effort, 

and satisfaction—revealed no statistically significant relationships.  

      The strongest observed trend was a weak positive association 

between perceived efficiency and satisfaction (ρ = 0.182, p = 0.337), 
which did not reach significance. Overall, these findings indicate 

that subjective impressions of search confidence or efficiency do not 

reliably predict satisfaction or perceived cognitive burden, offering 

no support for Hypothesis 2 (H2). 

H3: Tool Adequacy and Cognitive Load/Satisfaction 

To evaluate whether perceived tool adequacy was associated with 

cognitive burden and user satisfaction, Spearman correlations were 

conducted between tool adequacy ratings and all dimensions of 

cognitive load, as measured by the modified NASA-TLX, along with 

post-task satisfaction. The analysis revealed significant negative 

correlations between tool adequacy and both mental demand (ρ = –
0.523, p = 0.0025) and temporal demand (ρ = –0.561, p = 0.0010), 

indicating that participants who rated their tools as more adequate 

experienced substantially lower levels of mental strain and time 

pressure during the academic search task. A moderate, non-

significant negative trend was also observed for effort (ρ = –0.315, 

p = 0.0841).  

      No significant associations emerged between tool adequacy and 

the remaining cognitive load dimensions, such as concentration or 

task complexity, nor with overall user satisfaction. These findings 

partially support Hypothesis 3 (H3) and suggest that tool adequacy 

plays an important role in reducing key aspects of cognitive load, 

particularly those related to mental effort and time constraints, in 

academic search contexts. 

H4: Cognitive Load Dimensions Predicting Satisfaction and 

Confidence 

To examine whether specific cognitive load dimensions predict user 

experience, Spearman correlations were computed between NASA-

TLX scores and post-task satisfaction and confidence. Two 

dimensions—task complexity (ρ = 0.379, p = 0.039) and 

concentration (ρ = 0.412, p = 0.024)—were positively associated with 

satisfaction, suggesting that users found the task more rewarding 

when it was mentally engaging and required sustained focus. In 

contrast, no significant correlations were found between any load 

dimensions and confidence, indicating that confidence may reflect 

factors beyond immediate cognitive effort, such as prior experience 

or self-perception (see Fig.2). These results partially support H4, 

highlighting that user satisfaction in academic search is driven more 

by cognitive engagement than by ease or simplicity. Table 3 

provides a summary of the results for the hypotheses.     

 

 
Figure 2: Correlation Between Cognitive Load Dimensions vs 

Satisfaction & Confidence (H4) 

Table 3: Summary of Hypotheses 

H Tested Relationship Key Finding Support 

H1 Topic Knowledge → 
Cognitive Load 

Significant negative 

correlation with 

Mental Demand 

Partially 

Supported 

H2 Confidence & 

Efficiency → 
Satisfaction, Effort, 

Mental Demand 

No significant 

correlations 

Not 

Supported 

H3 Tool Adequacy → 
Cognitive Load & 

Satisfaction 

Significant negative 

correlations with 

Mental and Temporal 

Demand; no effect on 

Satisfaction 

Partially 

Supported 

H4 Cognitive Load → 
Satisfaction/Confidence 

Satisfaction positively 

associated with Task 

Complexity and 

Concentration 

Partially 

Supported 

 

4 Discussions 

Prior Knowledge Matters 

The findings offer strong support for Cognitive Load Theory [30] 

and Hypothesis 1 (H1). Participants with higher topic knowledge 

experienced significantly lower mental demand, suggesting that 
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domain familiarity reduces intrinsic cognitive load by enabling 

more efficient information filtering and strategy use [11][51]. This 

confirms the critical role of prior knowledge in shaping the 

cognitive dynamics of search, particularly in complex academic 

tasks.  

The relevance of prior knowledge was also evident in the pre-

task phase, where participants articulated their research topic and 

search goals. This aligns with Belkin et al.’s ASK model [38] and 

Wilson’s problem-solving model [39], which both underscore the 

cognitive demands involved in articulating information needs. 

Furthermore, as Wildemuth notes, prior knowledge not only 

reduces load but also improves evaluation and synthesis—core 

activities in academic information seeking [11]. 

The Confidence Disconnect 

The findings related to Hypothesis 2 (H2) challenge established UX 

and information behaviour assumptions. While Norman [52] and 

Makri et al. [53] suggest that confidence and perceived efficiency 

are strong predictors of satisfaction and reduced workload, no 

significant relationships were observed between these variables and 

satisfaction, effort, or mental demand in this study. This supports 

the work of Kelly et al. [17][61], who cautioned that confidence may 

diverge from actual cognitive performance, especially in tasks 

characterized by ambiguity and evolving user needs. 

Academic searching is a cognitively rich activity that often lacks 

clearly defined success metrics. Users may feel confident because of 

interface familiarity or initial progress, even while experiencing 

high mental demand. These findings suggest that self-perception 

alone is not a reliable predictor of cognitive or affective outcomes 

in complex search environments, highlighting the need for 

multidimensional evaluation frameworks that combine self-report, 

behavioural, and system-logged data. 

Expanding the Role of Tool Support 

Hypothesis 3 (H3) was partially supported by the data. Participants 

who perceived their search tools as adequate reported significantly 

lower mental and temporal demand, indicating that system support 

plays a critical role in alleviating cognitive burden. These findings 

align with Gwizdka [13] and extend usability research by 

demonstrating that tool adequacy influences not only task 

efficiency, but also users’ subjective experiences of effort and time 

pressure. However, no significant association was found between 

perceived tool adequacy and post-task satisfaction, suggesting that 

while tools can reduce cognitive strain, they may not directly 

influence users’ overall evaluative judgments of the search 

experience. 

      The post-task measure of tool adequacy was informed by 

established usability research on perceived system support [63]. 

Unlike studies that focus solely on interface design or retrieval 

performance, the present study highlights that users’ perceptions of 

tool support—or its absence—can meaningfully impact cognitive 

workload during academic search tasks. These findings also 

resonate with recent calls to map user-perceived tool limitations to 

specific cognitive challenges (e.g., information overload, synthesis 

complexity), thereby providing a foundation for the development of 

cognitively aware systems that better support research-oriented 

tasks. 

Satisfaction Beyond Simplicity 

Findings from Hypothesis 4 (H4) reveal that satisfaction was not 

driven by ease or reduced effort, but rather by task complexity and 

concentration—dimensions often associated with germane 

cognitive load [55]. This supports the concept of desirable difficulty 

[64], where meaningful cognitive effort leads to deeper engagement 

and positive affective responses. In academic search, users appear 

to value intellectually stimulating tasks, provided they can remain 

focused and mentally immersed. These results support the broader 

use of the NASA-TLX beyond traditional usability testing [32][55], 

as it captures not only strain but also cognitive engagement. It also 

connects to Saracevic’s argument that user satisfaction is complex 

and multi-layered, influenced by relevance, task success, and 

cognitive control [59]. 

Toward a Cognitive Model of Academic Search 

These findings align with broader cognitive models of search and 

knowledge work. As Niwanputri et al. observed, searching and 

decision-making comprise nearly half of cognitive activity in 

professional settings, reinforcing the need to understand how users 

think while searching, not just what they click [20]. Additionally, 

emerging work on individual cognitive traits, such as Need for 

Cognitive Closure [29], suggests that cognitive effort and tool 

perception may vary based on psychological factors—offering a 

future avenue for expanding the current study’s model. By focusing 

on authentic academic search behaviour and assessing both 

cognitive load and affective responses, this study extends the body 

of work on cognitive processes in knowledge work [14][20]. It 

highlights that users do not simply need faster or more efficient 

tools—they need systems that understand and support their 

cognitive processes. This shift from usability toward cognitive 

augmentation is essential for the next generation of knowledge 

work technologies. 

 

5 Conclusion 

This study explored the cognitive and experiential dimensions 

of academic information searching, examining how topic 

knowledge, perceived tool adequacy, and self-assessed search 

experience influence cognitive load, satisfaction, and confidence. By 

engaging participants in authentic, self-directed academic search 

tasks and capturing both cognitive and affective responses, the 

study provides a deeper understanding of how real-world search 

behaviour unfolds in knowledge work. Key findings showed that 

topic knowledge significantly reduced mental demand, supporting 

Cognitive Load Theory and reinforcing the value of domain 

familiarity in reducing intrinsic cognitive load. Tool adequacy also 

played a critical role, with higher perceived support associated with 

significantly lower mental and temporal demand, though it did not 

significantly predict satisfaction. Notably, self-rated confidence and 

efficiency were not reliable predictors of cognitive experience, 

challenging assumptions in existing user experience models. 

Importantly, satisfaction was more closely linked to cognitive 

engagement—specifically task complexity and concentration—
rather than ease or simplicity. These insights suggest that academic 

users benefit not only from usable interfaces, but from systems that 

actively support strategic thinking, focus, and deeper mental 
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processing. As such, the study points toward a shift from designing 

for usability alone to developing cognitively supportive systems 

that augment engagement and decision-making in knowledge 

work. 

Nevertheless, the study has several limitations. The small sample 

size (N = 31) limits generalizability, and reliance on self-report data 

may not fully capture real-time cognitive processes. The structured 

task design, while useful for comparison, may not reflect the 

nonlinear and iterative nature of academic search in practice. 

Furthermore, individual cognitive traits—such as digital literacy, 

need for cognitive closure, or cognitive flexibility—were not 

assessed, yet likely shape how users experience search complexity 

and evaluate tool support. 

These preliminary findings offer valuable insights into the 

bookends of academic search behaviour—namely the cognitive 

states before and after task execution—laying the groundwork for 

deeper analysis of in-task cognitive dynamics in future work. 

Subsequent phases of this study will focus on analysing the think-

aloud protocols and retrospective interviews, offering a more 

granular understanding of the strategies, challenges, and decision-

making processes that unfold during real-time academic search. 

In addition, future research will aim to map the identified 

cognitive processes involved in academic information searching 

with the available supporting tools. This mapping will allow us to 

identify gaps where certain cognitive functions remain 

unsupported by current systems. These unmet needs will then serve 

as a baseline for defining system requirements, ultimately guiding 

the development of new tools or the enhancement of existing ones 

to better support complex academic tasks. Ultimately, this study 

reinforces a growing shift in information science and human-

computer interaction: from building faster or simpler tools to 

designing systems that actively support cognitive engagement. As 

knowledge work becomes increasingly complex, the future of 

academic search lies not only in retrieving information—but in 

supporting how researchers think, strategize, and synthesize 

throughout the process. 
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