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Understanding and Facilitating Learning with AI in Multi-Source Information
Environment for College Students
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College students access information from diverse sources like academic databases, social media, and textbooks. This varied landscape
offers more learning opportunities but also challenges, including source credibility asessment and information integration. AI tools
have the potential to alleviate these challenges by streamlining information processes for students. However, existing AI tools are not
yet optimized for handling multi-source information challenges in academic settings. To address this gap, we conducted a two-phase
study. Firstly, we conducted focus group workshops to explore students’ multi-source information behaviors in AI-assisted learning
environments. Secondly, we held participatory design workshops to gather design considerations to address current challenges. Our
analysis revealed a framework of students’ multi-source information behaviors comprising four key phases: Search, Read, Extract,
and Manage. These insights provide practical guidance for enhancing AI-assisted academic tools, ultimately improving students’
multi-source information retrieval and management experiences.
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1 Introduction

College students regularly deal with multi-source knowledge to enhance the breadth, depth, and accuracy of the
information they collect for study purposes [62]. For instance, a biology student might refer to a research paper on
gene editing, read textbooks for foundational concepts, and watch videos visualizing molecular processes on platforms
like Khan Academy [27]. By engaging with diverse sources, students develop a more comprehensive understanding of
complex topics [21], fostering critical thinking skills crucial for academic success [13]. However, previous research
on college students’ information retrieval behaviors primarily focused on single-source information retrieval and
management [28, 29, 34, 54, 56, 66, 68]. This limited scope overlooks the complexity of students’ current information
handling practices [13, 50]. Therefore, we were inspired to have an in-depth understanding of college students’
information retrieval and management behaviors with a focus on multi-source information.

Despite the benefits of engaging with diverse information sources, it also brings challenges for college students,
including verifying source credibility [36], managing cognitive load [62], and organizing multi-source information [51].
With the emergence of Artificial Intelligence (AI), AI-powered information tools are serving as potential solutions to
these challenges [3, 31]. These tools aggregate and summarize information from multiple sources, assist in personalized
search and query formulation, and provide intuitive information retrieval [2, 79]. However, despite their benefits,
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2 Anon.

current AI tools do not fully address the complex challenges of using information from multiple sources in academic
settings due to lack of nuanced credibility evaluation and knowledge synthesis across disciplines [49]. Concerns about
AI-generated hallucinations and algorithmic biases further challenge their reliability in academic contexts [38, 40].
These issues highlight the need for specialized AI-powered information tools tailored to the demands of multi-source
information retrieval and management.

Therefore, we sought to fill in the gaps by investigating the following research questions (RQs):

• RQ1. How do college students perform multi-source information retrieval and management in light of the
current trend of generative AI? And what are the challenges in this process?

• RQ2. How might AI-powered tools be designed to improve college students’ multi-source information retrieval
and management experience?

To answer RQ1, we conducted focus group studies with participants from diverse academic backgrounds to understand
current practices and challenges of college students’ AI-assisted multi-source information behaviors. Through inductive
analysis and deductive analysis [6] guided by the Information Foraging Theory (IFT) [63, 65], our analysis revealed
a framework comprising four interconnected phases of information behavior: Search, Read, Extract, and Manage
(SREM). Within each phase, we identified challenges of students engaging with multi-source information assisted by AI,
including AI hallucination in recommendations, information reliability assessment, depth-breath balance in reading,
exposure limitation, contextual misclassification, cross-platform extraction difficulties, tool-workflow misalignment,
and cognitive load from multiple tool management.

Building on the challenges identified in the focus group studies, we conducted participatory design workshops
with college students to answer RQ2. We designed the workshop around five key tasks derived from our SREM
framework: improving answer accuracy and relevance, assisting in evaluating information quality, enhancing academic
content comprehension, facilitating multi-source information extraction and management across multiple platforms, and
personalizing information management. During the workshops, participants produced sketches with verbal explanations
and offered feedback on each other’s ideas. We collected and analyzed the sketches, transcripts, and observational
notes using a combination of inductive and deductive coding methods. Through our analysis, we derived 9 key design
considerations for AI-assisted multi-source information tools, covering the four phases of our SREM framework.

This study contributes to the fields of human-computer interaction and educational technology by providing a
comprehensive analysis of college students’ AI-assisted multi-source information behaviors and offering empirically-
grounded design considerations for future tools. Our SREM framework offers a structured approach to understanding
how students navigate the complex interplay between traditional academic sources and emerging AI tools, addressing
a critical gap in current literature. Through focus group studies and participatory design workshops, we identified
key challenges and developed design considerations that align with each phase of the SREM framework to guide the
future design of AI-powered tools for multi-source information retrieval. By bridging the gap between theoretical
understanding and practical application, our research offers valuable insights for educators, researchers, and designers
working to enhance students’ information literacy and academic success in the increasingly AI-influenced landscape of
higher education.
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2 Related Work

2.1 Multi-Source Information Behavior of College Students

In the increasingly complex digital landscape, multi-source information retrieval has become a critical aspect of
knowledge acquisition and management, particularly for college students. This process involves gathering, evaluating,
and synthesizing information from various sources to enhance the breadth, depth, and accuracy of knowledge [36, 37].
College students exhibit diverse information needs and behaviors, shaped by their academic requirements and personal
interests [36]. Research indicates that students rely heavily on a combination of digital and traditional resources for
their information needs [34]. While traditional resources remain valuable, the internet has become a primary source
for both academic and everyday information seeking, with search engines like Google being ubiquitous in students’
research processes [34, 54]. Given this shift towards digital mediums, understanding how students retrieve and manage
multiple information sources becomes important as the information ecosystem continues to evolve. However, the
specific strategies students employ and the challenges they face remain largely underexplored.

Multi-source information retrieval presents unique challenges that go beyond traditional single-source information
seeking [9, 21]. Students often struggle to find context for their research topics and face difficulties in integrating
information from diverse sources. The abundance of digital information, while providing extensive resources, can
paradoxically make it more challenging to find and access relevant materials [35, 37]. This information overload can
lead to what some researchers call "digital deterrence," where the sheer volume of available information discourages
thorough research [36]. Moreover, the process of evaluating and synthesizing information from multiple sources poses
significant challenges for students, as it requires sophisticated critical thinking and digital literacy skills that many are
still developing [28, 29]. This difficulty underscores the need for strong design interventions to facilitate this process,
helping students effectively manage and integrate diverse information sources.

To better understand these complex behaviors, researchers have turned to Information Foraging Theory (IFT) as a
theoretical framework. Originally proposed by Pirolli and Card [63, 64], IFT adapts concepts from optimal foraging
theory in biology to analyze human information-seeking behaviors. The theory posits that individuals adapt their
strategies to maximize their rate of valuable information gain within the constraints of the information environment.
This adaptive view provides a unique perspective on how students navigate the multi-source information landscape.

IFT introduces several key concepts that are particularly relevant to multi-source information retrieval. Information
patches, analogous to patches of food in nature, represent clusters of information that may exist across different sources
[64, 65]. In the context of student research, these patches might include academic databases, online encyclopedias,
or social media platforms. Information scent refers to the cues that guide foragers to valuable information [65]. For
students, this might involve following citations, using keywords, or relying on recommendations from peers or AI
systems. The concept of information diet describes the selection of information types to pursue, which is crucial in
multi-source environments where students must decide which sources to prioritize [51, 64].

Researchers have applied IFT to various aspects of information behavior, demonstrating its versatility and relevance.
Liu et al. [51] proposed an ISE (Information goal, Search strategy, Evaluation threshold) user classification model based
on IFT, showing its utility in understanding user behavior in interactive content-based image retrieval systems. This
model highlights how IFT can effectively classify and analyze user strategies in complex information environments.
Similarly, Fok et al. [25] used IFT as a heuristic model for developing an AI-assisted information retrieval system
for business document workflows, finding improvements in efficiency and reduced cognitive load. These studies
indicate that IFT provides a robust theoretical framework for modeling user behavior in environments rich with diverse
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information sources. Given the complexity of multi-source information environments that college students navigate,
IFT is particularly well-suited to our research. It offers valuable concepts and models to analyze how students search
for, evaluate, and integrate information from various sources. By applying IFT, we can gain deeper insights into the
strategies students employ, the challenges they face, and how they adapt their information-seeking behaviors within
the constraints of their academic and digital ecosystems. This theoretical foundation not only helps us understand the
underlying processes but also informs the design of interventions and tools to facilitate more effective information
retrieval and management for students.

However, while IFT has been applied in various contexts, its specific application to college students’ multi-source
information behaviors remains underexplored. Despite the demonstrated potential of IFT in modeling complex informa-
tion environments, there is a significant gap in research focusing on how students integrate and manage information
from diverse sources cohesively, especially within AI-assisted learning environments. While studies have examined
information behaviors across different sources [33, 37], there is limited research on how students integrate and man-
age information from these diverse sources cohesively. The rapid evolution of AI-powered information tools further
complicates this landscape, necessitating investigation into how these technologies are reshaping traditional models
of information behavior and cognition [36]. As we move forward, it is crucial to address these gaps by conducting
comprehensive studies that examine the entire lifecycle of multi-source information retrieval and management among
college students. By leveraging frameworks like IFT and its extensions, we can develop more nuanced understandings
of these complex behaviors and design more effective interventions and tools to support students in their information
retrieval and management endeavors.

2.2 AI-Assisted Tools for Information Retrieval and Management

AI is rapidly transforming information retrieval and management processes, offering new possibilities for enhancing
learning experiences in higher education [85]. For college students, AI-powered tools have the potential to streamline
research processes, improve information organization, and facilitate more efficient knowledge acquisition for college
students [3, 32]. These advancements are particularly evident in personalized teaching systems, adaptive interfaces,
and sophisticated data collection methods about learners [45].

Current AI-assisted tools for information retrieval include intelligent search engines and recommendation sys-
tems that can personalize results based on user preferences and behavior [1, 4]. Students utilize LLM-empowered
conversational agents like ChatGPT as a channel of information retrieval as well [60]. In information management, AI
applications such as automated summarization and content categorization are becoming increasingly sophisticated
[46]. These tools offer potential benefits for college students, including more efficient information discovery, improved
organization of study materials, and personalized learning experiences. However, current AI-assisted information tools
face challenges and limitations. These include potential biases in AI algorithms [7], difficulties in explaining complex AI
decisions to users [20] , and concerns about data privacy and security [24]. Additionally, there is a risk of over-reliance
on AI tools, potentially hindering the development of critical thinking skills in students [72].

To address these challenges, there is a growing emphasis on user-centered design in AI tools for academic use.
Understanding student needs and preferences is crucial for developing effective and trustworthy AI-assisted information
tools [15]. Involving students in the design process through co-design and participatory methods can lead to more
tailored and user-friendly tools [23] . Despite of these research, there is a significant gap in understanding how students
actually use AI tools for multi-source information tasks in academic settings. Limited research exists on the impact
of these tools on students’ information behavior and cognitive processes [45]. This highlights the need for more
Manuscript submitted to ACM
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Understanding and Facilitating Learning with AI in Multi-Source Information Environment for College Students 5

ID Session Period of Study Area of Study
I1 #1 Master Human-Computer Interaction
I2 #1 Master Data Centered Artificial Intelligence
I3 #1 Master Human-Computer Interaction
I4 #2 Master Educational Inequalities
I5 #2 Master Robotics
I6 #2 Master Internet of Things
I7 #3 Doctoral Machine learning
I8 #3 Master Optics
I9 #3 Undergraduate Computer Science and Technology
I10 #4 Master Materials Science and Engineering
I11 #4 Master Clinical Medicine
I12 #4 Undergraduate Media and Communication
I13 #4 Master Industrial Design Engineering
I14 #5 Undergraduate Computer Science
I15 #5 Doctoral Internet of Things
I16 #5 Doctoral Human-Computer Interaction

Table 1. Demographic of Focus Group Studies participants (N=16)

comprehensive studies examining how AI tools influence students’ research strategies, information synthesis, and
overall learning outcomes.

3 Methods

We conducted two types of studies: 1) focus group studies to understand current college students’ AI-assisted knowledge
retrieval and management patterns, and 2) participatory design workshops to reveal students’ expected solutions. We
chose focus group studies over individual interviews because group interactions can enrich the information generated
[74] and help participants recall past experiences [48]. The challenges identified from the focus group studies were
used to inform the participatory design in Study 2.

3.1 Study 1: Focus Group Studies

3.1.1 Participants. As information-seeking behaviors differ across disciplinary areas [58, 82], we recruited students
from diverse fields to minimize disciplinary bias. Our inclusion criteria need participants to be currently engaged in
academic research with experience using AI to assist academic activities. Through personal networks and snowball
sampling, we recruited 16 participants from computer science, sociology, design, arts, physics, medicine, and engineering
(Table 1).

3.1.2 Study Process. We divided 16 participants into 5 groups, with 3 or 4 people in each group. Each study session
lasted about 60 minutes. We first asked participants to describe recent scenarios where they used multiple information
sources for academic activities. Next, we asked participants to recall as many information sources as possible from their
daily academic life, encouraging them to supplement each other’s responses freely. For each type of source mentioned
(e.g., academic papers, online databases, AI tools), we followed up with questions about their experiences. Then we
discussed how they managed information from different sources and their note-taking patterns. We specifically inquired
about how participants integrated AI into their workflow and the challenges of using AI for academic activities. During
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6 Anon.

ID Session Period of Study Area of Study
P1 1 Master User Experience Design
P2 1 Master Information Systems Management
P3 2 Master Industrial Design
P4 2 Master Interactive Design
P5 3 Master Data Science
P6 3 Master Mathematics
P7 3 Master Computer Science
P8 4 Master Industrial Design
P9 4 Master Industrial Design
P10 5 Undergraduate Computer Science
P11 5 Master Digital Media and Arts

Table 2. Demographic of Participatory Workshop participants (N=11)

the study, we used instructional slides that briefly outlined the study goals, listed the topics for discussion, and provided
definitions of terms like multi-source knowledge and information management.

3.1.3 Data Analysis. The focus group studies were recorded and transcribed using a commercial automatic speech
recognition system - iFlyrec1 and verified by the research team. We conducted inductive and deductive analyses,
allowing us to combine the Information Foraging and Management Framework with new themes emerged from the data.
For the inductive analysis, we employed thematic analysis to identify patterns and themes of the transcribed data [70].
Two researchers independently coded the transcripts, focusing on participants’ information retrieval and management
behaviors, their use of AI tools, and the challenges they encountered. After the initial coding, all coauthors met to
discuss and refined the codes, resolving any discrepancies through consensus. These initial themes then informed the
subsequent deductive analysis phase. For the deductive analysis, we organized the themes from our inductive analysis
using the IFT. All coauthors discussed these themes to ensure they fit the information management framework. This
approach gave us a structured understanding of participants’ behaviors. We also applied key concepts from IFT to
interpret the focus group studies findings in Section 4, offering fresh insights into the motivations behind participants’
behaviors.

3.2 Study 2: Participatory Design Workshops

3.2.1 Participants. We recruited 11 participants for the participatory design workshops through online recruitment
and snowball sampling. The inclusion criteria for this part were the same as for the focus group studies: 1) currently
conducting academic research, and 2) using AI to assist in academic activities. The demographic information is provided
in Table 2.

3.2.2 Participatory Design Workshops Process. We conducted the participatory design workshops 2-5 weeks after the
focus group studies. We chose the participatory design method and asked participants to sketch their ideal scenarios
addressing challenges because it can help us generate implications about the adoption of future technologies [75]. We
divided the 11 participants into 5 groups, with 2-3 people in each group lasting about 50 minutes.

1https://www.iflyrec.com/zhuanwenzi.html
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Understanding and Facilitating Learning with AI in Multi-Source Information Environment for College Students 7

In preparation for our participatory design workshops, we first summarized the content of the focus group studies,
identifying and organizing the key challenges into four stages of information foraging and management framework:
Search, Read, Extract, and Manage. To better stimulate participants’ thinking and facilitate the sketching process, we
color-coded the five identified challenges and printed them out (Figure 1). On each drawing sheet for the challenges,
we provided participants with three basic low-fidelity interfaces: a conversational AI interface (such as ChatGPT), a
browser search interface, and a mobile social media interface. We selected these interfaces based on the three most
common sources of information mentioned by participants in the focus group studies: conversational AI, search engine,
and mobile applications . The main co-design activity focused on five challenges: 1) improve the accuracy and relevance
of answers. 2) assist users in evaluating the relevance and quality of answers. 3) better understand academic content.
4) extract information from multiple sources and manage it centrally. 5) personalize information management. We
introduced our research theme and these five challenges to participants along with the findings from the focus group
studies. Then we asked participants to sketch designs for AI artifacts that could help solve these challenges. Throughout
the process, we encouraged participants to discuss and communicate with each other.

Fig. 1. Participatory design workshops set up. The photos were taken from three different sessions. Parts of the picture are blurred
for privacy. Participants were sketching their ideas on the color-coded challenges sketch paper. We classified the sketching paper into
five colors according to the five challenges and printed some low-fidelity interfaces on the paper as the sketching material.

3.2.3 Data Analysis. The participatory workshop was recorded and transcribed using iFlyrec, and then verified by the
research team. We collected the sketches from the participatory design workshops and shared them with the research
team. Our analysis incorporated both inductive and deductive approaches. For the inductive analysis, two researchers
independently conducted thematic analysis on the transcripts and sketches, generating initial design consideration
themes. The research team then reviewed and discussed the coding outcomes, refining the codes iteratively to resolve
any discrepancies. This inductive analysis helped us generate initial design consideration themes from the participatory
workshop, which we then used as a basis for the deductive analysis. In the deductive phase, the research team generalized
the design consideration themes in accordance with the framework used in the focus group studies. This alignment of
analysis frameworks ensured that our design considerations were grounded in real user needs and challenges while
incorporating innovative ideas from the participatory design process. We categorized the design considerations into
four main areas: search interactions, read interactions, extract interactions, and management interactions. In addition,
we applied some key concepts from IFT to interpret the participatory design workshop findings in Section 5.

4 College Students Information Behaviors and Challenges

With the guidance of IFT concepts [63–65], we developed a comprehensive analytical framework that examines how
college students’ traditional ways of finding information interact with the new opportunities and challenges brought by
AI technologies. Our framework also draws inspiration from prior works in information retrieval, which adopt IFT model
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8 Anon.

as theoretical foundations [25, 67, 76]. Our framewrok consists of four interconnected phases: Search, Read, Extract,
and Manage (SREM), see Figure 2. Each phase covers an important part of how students interact with information,
from initial discovery to long-term knowledge organization. Throughout these phases, we observe how AI tools both
support and disrupt established information foraging patterns.

Fig. 2. SREM Model: composed by four phases of (a) Search: students find information via various sources; (b) Read: students process
information; (c) Extract: students capture information; (d) Manage: students maintain, update, and utilize the information, and the
corresponding students’ information behaviors (IBs) and challenges (CHs) identified from each phase.

4.1 Phase 1: Search

Students navigate a complex information landscape, utilizing both traditional and AI-enhanced cues to discover valuable
information patches across diverse platforms. In the context of IFT, the search phase represents the initial foraging
behavior where students seek out information patches, i.e. clusters of information that may exist across different
sources [63]. This process is now heavily influenced by AI technologies. AI tools act as scent amplifiers, enabling more
efficient between-patch foraging, while also introducing new challenges in assessing source reliability and maintaining
a balanced information diet.

4.1.1 Information Behaviors in Search Phase. In the Search phase, we identified three types of information behaviors
(IB): dual-mode foraging, using AI as a scent amplifier, and multi-modal information diet.

IB1: Dual-Mode Foraging. Students engage in both targeted and exploratory information foraging across multiple
platforms. This dual approach allows them to balance specific academic needs with broader knowledge acquisition.
Manuscript submitted to ACM
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Mode 1 - Targeted.When students have clear academic goals, they tend to use more specialized and authoritative
sources. This behavior aligns with the concept of "information scent" in IFT, where users follow strong scents to locate
high-value information patches [18, 64]. For example, "journals like Nature, Science, or others..." (I8) and databases for
specific academic disciplines like "Web of Science" (I6) and "PubMed, which has many medical papers" (I11). When students
know exactly what information they need, they would look for trustworthy sources related to their field ("PubMed and

APA PsycNet" -I11), and general academic search engines ("Google Scholar" -I10).
Model 2 - Exploratory. Students also engage in exploratory information gathering, similar to "berry-picking," [8],

where they collect information from various sources over time. For instance, "social media like RED and WeChat Official

Accounts" (I8) and YouTube (I2). This exploratory approach serves several purposes, including staying tuned with current
trends: "many researchers use RED" (I12), gaining diverse perspectives: "I check journals and WeChat Official Accounts."

(I1), and accessing multimedia content: "When learning a new skill, I tend to use video" (I12).
Integrating the two modes. Interestingly, students are developing sophisticated strategies to integrate the two foraging

modes: "Start with informal channels like some blogs and social media, which often has references that link to professional

sources like journals" (I14). "I use a parallel approach, searching from both academic journals and blogs" (I15). This approach
demonstrates a layered foraging strategy, where students use more accessible informal sources as starting points to
identify relevant topics or keywords, before diving into more authoritative academic sources.

IB2: Using AI as Scent Amplifier. Cues in the environment that guide users to valuable information sources
are known as Information Scents [63]. AI tools, specifically Generative AI tools such as ChatGPT [2] and Claude [3]
are increasingly serving as powerful scent amplifiers, helping students better recognize and follow these cues during
their academic information seeking. From the start of an information search, AI tools help students generate more
effective keywords: "I would use ChatGPT to help me generate keywords for the literature I want to search" (I13); AI-assisted
keyword generation expands search vocabulary and identifies trending topics by suggesting synonyms, related terms,
and field-specific jargon that students might not have considered, leading to more thorough search results. By analyzing
large amounts of recent data, AI can also highlight current hot topics or emerging trends in a field, guiding students
toward the latest research. AI tools also provide quick summaries or previews of content, helping students efficiently
assess the relevance and value of information sources: "I will import the PDF into ChatGPT and let it generate a more

comprehensive instruction" (I14) With AI information scents highlighting key concepts, students can quickly grasp the
main ideas of a document and determine if it aligns with their needs. Additionally, for non-native speakers or when
dealing with highly technical texts, AI summaries can provide a more accessible starting point.

IB3: Multi-Modal Information Diet. College students are increasingly building a diverse "information diet" that
includes traditional academic resources, social media platforms, and AI-generated content. This multi-modal approach
to information gathering enables them to draw from a variety of perspectives, formats, and levels of formality. Each
type of information source serves a different purpose in their academic journey: (1) Traditional Academic Sources:
"Google Scholar and Web of Science" (I10); "PubMed, which has collected many medical papers" (I11). These sources serve
as the foundation of formal academic research, offering peer-reviewed and highly credible information; (2) Social
Media and Informal Online Sources: "WeChat Official Accounts, RED, and Weibo" (I8). Social media platforms offer
more trend-focused information and diverse perspectives, often in more accessible formats; (3) Video Platforms: "For
learning courses, I generally use YouTube" (I2). Video provides visual and audio learning experiences, making it easier to
understand complex ideas or practical skills; (4) AI-Generated Content: "I basically use ChatGPT as a search engine"

(I14) AI tools are being integrated as a new layer in the information ecosystem, offering synthesized knowledge and
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analytical support. Moreover, participants developed sophisticated strategies to integrate these diverse sources: "I use a
parallel approach, searching both from formal channels like academic journals and from blogs and articles" (I15)

4.1.2 Challenges presented in Search Phase. We identified twomain challenges (CH) in the Search phase: AI hallucination
and determining information scent reliability.

CH1: AI Hallucination. AI hallucination is when AI systems generate false or made-up information and present it
as if it were true [38, 40]. This poses a significant challenge in academic information foraging, where accuracy and
reliability are essential. "Actually, half of the literature it (ChatGPT) recommended doesn’t exist" (I16). The considerations
of this challenge are multifaceted. AI hallucinations can lead students down unproductive research paths, wasting
time and resources on made-up or irrelevant information. AI can also generate information that sounds credible but is
false, potentially spreading misinformation about academic literature if not verified: "it might give you a random piece

of literature, which is not very reliable." (I7) AI hallucinations exacerbate this problem by introducing fake citations.
Participants suggested AI systems provide source attribution like links for easier verification: "If it provides links, at
least I know the source. I trust it more, and if I want to learn more about it later, it would also be easier" (I9).

CH2: Determining Information Scent Reliability. The challenge of determining the quality and relevance of
information persists in both traditional and AI-assisted search contexts. This challenge is exacerbated by the vast amount
of information available and the increasing sophistication of misleading content. The abundance of information can
lead to decision fatigue and difficulty in relocating valuable sources: "when there’s a lot of information, searching becomes

problematic. It’s very difficult to find your way back, there’s still a big difficulty in finding that place again." (I5) Another
major problem is keyword mismatch: "Sometimes you search with some keywords, and the results may not be suitable."

(I8) Translating user intentions into effective keywords is a problem that persists even with AI assistance. Participants
are also struggling to assess the credibility of sources, especially when AI-generated content seems authoritative but
contains errors: "It may be different from what I learned." (I8)

4.2 Phase 2: Read

The read phase represents within-patch foraging, where students extract information from chosen sources. AI changes
this process by enabling quick evaluation and switching between sources, which can affect how deeply or widely
students explore information. Students need to balance the reduced mental effort provided by AI tools with the risk of
only gaining a surface-level understanding, constantly adjusting their approach based on their specific academic goals.

4.2.1 Information Behaviors in Read Phase. We identified two information behaviors in the Read phase: context-
dependent path selection and AI-enhanced patch exploration.

IB4: Context-Dependent Path Selection. The evaluation of information patches (sources) is a complex process
heavily influenced by specific academic contexts, goals, and educational stages. This behavior aligns closely with
the IFT’s concept of patch assessment [63, 65], where information seekers continuously evaluate the potential value
of information sources relative to their current needs and the cost of accessing them. Different fields have unique
"information ecologies" with varying patch values [26, 59]: "I think this may be closely related to the discipline, and also

related to the educational stage" (I16). "economics articles don’t value citations that much." (I4) Traditional metrics like
citation counts may not be as valuable in economics as in other fields, necessitating a different approach to source
evaluation. Modern academic research often requires students to explore multiple disciplines, necessitating a more
diverse and adaptable approach to choosing information patches. "Some articles are not easy to subdivide, because of

interdisciplinary content." (I8) Students independently develop a strategy where they use less formal sources as starting
Manuscript submitted to ACM
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points to identify relevant topics before moving to more authoritative ones. For instance, "I generally start with informal

channels like blogs and social media" (I14), and "In those blogs, it often has some references that can link to more professional

sources such as books or journals" (I14). This demonstrates a context-dependent, multi-stage approach to patch selection.
IB5: AI-Enhanced Patch Exploration. The integration of AI tools in academic information foraging is fundamen-

tally changing how students approach and interact with complex information patches, particularly academic papers
and specialized literature. This trend aligns with the IFT’s concepts of information scent and patch assessment [63, 65],
where AI acts as both a scent amplifier and a patch evaluator. AI tools are increasingly serving as cognitive scaffolds,
helping students quickly understand complex academic materials. The support can reduce the mental effort required to
read challenging texts by using AI-provided initial structure and simplified explanations: "let ChatGPT explain in simple

terms" (I15); "It helps you quickly organize the structure of the entire literature" (I13). This scaffolding can be particularly
beneficial for interdisciplinary research and non-native language materials. Additionally, AI is used for preliminary
analyses of academic materials, helping students to identify critical concepts and potential areas for further exploration
within a paper or across the literature ("AI can help you extract some common search keywords" -I15).

4.2.2 Challenges presented in Read Phase. Challenges in Read Phase include balancing depth and breadth, and exposure
limitation.

CH3: Depth vs. Breadth. The challenge of balancing depth and breadth in AI-assisted reading is a critical issue
that reflects the fundamental tension between the efficiency offered by AI tools and the comprehensive understanding
required in academic contexts: "The challenge is that sometimes it’s not comprehensive enough, and sometimes it’s quite

superficial" (I14). However, this challenge is more nuanced and multifaceted than it might initially appear, including
oversimplification of complex concepts ("sometimes it can be superficial. " -I15), neglect of contextual nuances ("Because
some articles, their content... is not easy to subdivide, because it has a lot of interdisciplinary content." -I8), and reduction of
critical engagement ("At the beginning, yes. Later, I stopped... Because there’s too much to read... Feeling that taking too

much time is not very meaningful." -I8).
CH4: Exposure Limitation. The challenge of exposure limitation stems from the potential for AI recommendations

to create an echo chamber effect, restricting students’ exposure to diverse, non-AI-suggested sources. Participants
mentioned: "The biggest difference between humans and AI is that when we discuss an idea with different students, we’ll

definitely have many points that you couldn’t think of yourself" (I16); "Also, I would ask classmates. Ask some more

experienced seniors and the like. If they know, they will share some information." (I8). These examples highlight the
value of human interaction in academic information seeking. However, the challenge of exposure limitation extends
beyond this: AI recommendations may inadvertently reflect biases present in their training data, potentially skewing
students’ exposure to certain perspectives or bodies of literature. "AI-generated content may sometimes be inaccurate or

hallucinated, potentially misleading users." (I16)

4.3 Phase 3: Extract

The extract phase involves creating enriched, personalized information habitats through AI-assisted categorization
and cross-source integration of harvested knowledge. While AI is enhancing efficiency in information organization,
students continue to face challenges in creating coherent knowledge structures from diverse sources. The ongoing
evolution of this phase suggests a need for more integrated, AI-enhanced tools that can better handle the nuances of
academic information while still allowing for the high degree of personalization that students value.
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4.3.1 Information Behaviors in Extract Phase. Information behaviors in the Extract phase include AI-driven categoriza-
tion, cross-source integration, and personalized information ecosystems.

IB6: AI-Driven Categorization. Students are increasingly leveraging AI to streamline the organization of their
academic information. This trend aligns with the IFT concept of "enrichment," where foragers modify their environment
to enhance future foraging efficiency [63]. One student reported using AI to "help me polish and organize my informal,

colloquial notes into a more readable, standardized form" (I14). This demonstrates how AI is serving as a cognitive
assistant, transforming raw, unstructured notes into more usable, structured information. The application of AI extends
beyond individual note organization to broader literature synthesis. As one participant noted, AI "helps you quickly

organize the structure of the entire literature" (I13). This capability suggests a significant shift in how students approach
large-scale information processing, potentially reducing the cognitive load associated with literature reviews and
enhancing overall academic productivity.

IB7: Cross-Source Integration. In response to the fragmented nature of academic information across multiple
platforms, students are developing sophisticated strategies for information integration. A common approach involves
creating centralized repositories for diverse information. One student described having "a dedicated Word document

where I copy various useful information" (I11), while another used a collaborative platform, stating, "I’ll collect the good or
useful ones into a Feishu document, because I’m afraid if the information is too scattered, I won’t remember it, so I manage

everything in one place" (I5). These strategies reflect an adaptive response to information overload and the challenge of
maintaining coherence across diverse sources. By centralizing information, students are creating their own information
patches that are rich in relevant content, aligning with the patch model in IFT.

IB8: Personalized Information Ecosystems. Students are crafting highly individualized systems for information
extraction and organization, tailored to their specific cognitive styles and academic needs. One participant described a
personal system where "I will have a configuration, and on that configuration are all the papers I’ve read. Those papers are

categorized by area" (I14). This approach demonstrates the creation of personalized taxonomies that reflect individual
mental models of their field of study. The use of flexible, user-friendly tools is central to this personalization. As one
student mentioned, "I actually use Notion, then build something like a knowledge base" (I10). Tools like Notion allow for
the creation of highly customized knowledge management systems, enabling students to structure information in ways
that best suit their cognitive processes and academic workflows.

4.3.2 Challenges presented in extract phase. Challenges in extract phase include Contextual misclassification and
Cross-platform extraction.

CH5: Contextual misclassification. Despite the benefits of AI and personalized systems, students face significant
challenges in information extraction and organization. The issue of contextual misclassification is particularly salient for
interdisciplinary content. As one student noted, "Because some articles, their content... is not easy to subdivide, because it

has a lot of interdisciplinary content. Not very good, you use a field... a title to restrict it" (I8). This highlights the limitations
of rigid categorization systems, whether AI-driven or manual, in handling the nuanced intersections of academic fields.

CH6: Cross-platform extraction. Cross-platform extraction remains a persistent challenge. Students often resort to
basic methods like bookmarking or copying links, with one participant stating, "Sometimes if I think it’s more important,

I might bookmark it in the browser or even copy the link" (I9). More comprehensive approaches involve combining
multiple elements, as another student described: "I’ll put those... important links, for example, put important links in the

notes, including some screenshots of websites" (I8). These manual methods, while functional, suggest a lack of seamless
tools for integrating information across diverse platforms.
Manuscript submitted to ACM
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4.4 Phase 4: Manage

Information habitat maintenance strategies evolve to incorporate AI-powered updates and cross-platform fluidity,
optimizing future foraging through effective scent trail preservation and patch refreshment. The manage phase
encapsulates the ongoing challenge of balancing the complexity of accumulated information and tools against the
future benefits of a well-maintained, easily navigable personal information ecosystem.

4.4.1 Information Behavior in manage phase. We identified two information behaviors in the Manage phase, including
dual management patterns and cross-platform information flow.

IB9: Dual Management Patterns. Students adopt either distributed or centralized approaches to multi-source
information management, reflecting diverse strategies for organizing and accessing information from various sources.
Some students prefer a distributed approach, keeping information in its original platforms or using multiple tools for
different types of content. As one participant noted, "I now mostly keep the links open and leave them in the browser.

Sometimes if I think it’s more important, I might bookmark it in the browser or even copy the link." (I9) This strategy
leverages the native features of different platforms, with students using platform-specific tools like bookmarks or
favorites. Another student mentioned, "Or it would be in Zhihu or CSDN or... It may have an account on its own website,

and then I click to favorite things inside." (I9) This distributed approach offers advantages of contextual preservation and
reduced transfer cost. Information remains in its original environment, maintaining associated context and related
content, with no need to manually move information between systems. However, it also presents challenges of difficulties
in searching across multiple platforms simultaneously and platform dependence, bearing with risk of losing access to
information if a platform changes or shuts down.

In contrast, other students prefer to consolidate information from various sources into a single, centralized platform
or document. One student explained, "I’ll also save them, and then I’ll collect the good or useful ones into a Feishu document,

because I’m afraid if the information is too scattered, I won’t remember it, so I manage everything in one place." (I5)

This centralized approach often involves using comprehensive note-taking or knowledge management tools. Another
participant mentioned, "I actually use Notion, then build something like a knowledge base." (I14). The centralized approach
offers benefits of unified search, consistent organization, and reduced risk of losing access due to changes in original
sources. However, it also has drawbacks of information transfer effort, requiring manual effort to move and organize
information. It also relies on a single tool may create vulnerability if the tool becomes unavailable.

IB10: Cross-Platform Information Flow. There’s a growing need for seamless information flow between different
platforms. Students are increasingly using multiple platforms and seeking ways to integrate information across them.
This trend is evident in students’ tool choices, with one participant noting about their reference management software,
"Because these can be used across multiple platforms" (I13), and another stating, "I can use it on multiple platforms" (I14).
This desire for cross-platform fluidity is driven by device diversity and collaborative requirements. Students work across
multiple devices (smartphones, tablets, laptops) and need consistent access to their information. Moreover, academic
work often involves collaboration, necessitating easy information sharing across platforms.

4.4.2 Challenges presented in manage phase. While students are developing sophisticated strategies for information
management, they face significant challenges in this process.

CH7:Tool Alignment. AI tools and other information management systems may not perfectly align with individual
students’ unique habits and workflows. This misalignment can lead to increased effort and frustration. As one student
candidly expressed, "I feel that the cost of management is actually quite high" (I13). This sentiment suggests that current
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tools may not fully meet students’ needs, resulting in a gap between tool capabilities and user requirements. The
challenge lies in developing tools that are flexible enough to accommodate diverse management styles while still
providing powerful organizational features.

CH8: Cognitive Load of Tool Management. Students face the challenge of balancing the benefits of multiple tools
against the cognitive cost of managing them. The learning curve associated with new tools can be steep, as illustrated
by one participant’s comment: "If you want to cite correctly, you actually need to learn. You need to specifically watch

videos to learn how to use it." (I3) This learning process contributes significantly to the cognitive load of information
management. Students must weigh the potential long-term benefits of a new tool against the immediate time and effort
required to master it.

5 Design Considerations for College Students Information Retrieval and Management

Stage Challenges from Fo-
cus Group Studies

Design Challenges in
Participatory Design
Workshop

Design Considerations

Search CH1: AI Hallucination
CH2: Information Scent
Reliability

1. How to improve the
accuracy and relevance
of answers
2. How to assist users
in evaluating the rele-
vance and quality of an-
swers

5.1.1 Facilitate users’ verification of AI
answers’ credibility
5.1.2 Facilitate users to provide context
information
5.1.3 Facilitate user’s information assess-
ment before diving into it

Read CH3: Depth vs. Breadth
CH4: Exposure Limita-
tion

3. How to better under-
stand academic content

5.2.1 Facilitate user’s quick query in the
document
5.2.2 Facilitate adjustment of AI an-
swer’s level of detail

Extract CH5: Contextual mis-
classification
CH6: Cross-platform ex-
traction

4. How to extract in-
formation from multi-
ple sources and manage
it centrally

5.3.1 Facilitate customized structured ex-
traction
5.3.2 Facilitate extraction across multi-
ple information sources and sending to
one place

Manage CH7: Tool Alignment
CH8: Cognitive Load of
Tool Management

5. How to personal-
ize information man-
agement

5.4.1 Facilitate interactions with AI
based on the notes’ context
5.4.2 Facilitate revisiting historical notes
through contextual recommendation

Table 3. Challenges and Design Considerations in the SREM model

We summarize the findings from the participatory design workshops primarily to address RQ3. Table 3 shows
the design considerations addressed to the challenges. Through participants’ feedback, we confirmed the challenges
highlighted in the focus group studies and gained design considerations for AI-assisted information retrieval and
management tools. Based on the information foraging and management framework, we present our findings in four
areas: search interactions, read interactions, extract interactions, and management interactions. For the design
considerations that indicate specific functions, we redraw the participants’ sketches into figures to demonstrate the
functions they proposed in the workshop. Note that we do not claim these design considerations to be comprehensive
given that our participatory design participants skew towards a limited number of disciplines and backgrounds of
Manuscript submitted to ACM
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academic students. However, they offer valuable insights into potential design features that can enhance the functionality
of AI-assisted tools for academic research.

5.1 Design Considerations for Search Interactions

5.1.1 Facilitate users’ verification of AI answers’ credibility. Most participants mentioned adding references to improve
the credibility of AI responses. "References provide a way for me to delve deeper into the content. It enhances the

interpretability of AI-generated answers." (P1) Participants (P2, P8, P9) mentioned that accessing references should not
require too much effort. "The most frustrating part is navigating away from the main page. This process can be cumbersome,

especially when you’ve opened numerous pages." (P9) For the solution, P9 suggested, "It would be helpful if we could see a
preview of the references directly in the AI’s response. "(Figure 3a) This suggestion aligns with one of the environment
enrichment strategies in Information Foraging Theory - to reduce the average cost of getting from one information
patch to another [65]. In our example, checking the reference to verify the credibility and acquire more knowledge
is a switch between “AI information patch” and “reference information patch”, and previewing the reference could
reduce the effort of switching between different information patches. Additionally, AI could enhance the corresponding
relationship between the AI’s answer and the references. P8 said, "It’s difficult for us to determine which content is directly

quoted and which is AI’s own interpretation." For the design considerations, P6 suggested AI give out structured results
with each opinion along with its reference apart to facilitate user verification. P8 and P10 both suggested using color to
highlight the quoted part of the response which has a reference (Figure 3b).

Fig. 3. Search Consideration 1: Facilitate users’ verification of AI answers’ credibility. We show two examples: a. Hover the mouse on
the reference to preview the information content b. Two methods to enhance the linkage between AI responses and references

5.1.2 Facilitate users to provide context information. Semantic relevance refers to how well AI-generated answers align
with the user’s intention and context. Participants mentioned the challenge that AI sometimes provides irrelevant
or off-topic responses. To address this issue, P4 and P10 suggested adding context information to user prompts. For
instance, using customized tags to describe context information (Figure 4a). "if you chat with AI about HCI research a lot,
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you can add an HCI research tag. Next time when you start a new chat, you could directly choose this tag to set the context

for your conversation. This way, you don’t have to repeatedly explain every time you start a new chat." (P4) Additionally, AI
can guide users to provide more semantic information when the question is not well-structured. P1 and P3 mentioned
that AI could suggest some possible further questions for users to choose from (Figure 4b). "The system could offer

buttons with more specific domains. Clicking these buttons would filter and refine the results, allowing me to quickly find

relevant information without rephrasing the question many times." (P1)

Fig. 4. Search Consideration 2: Facilitate users to provide context information. We show two examples: a. Customize context tags for
the conversation to enhance the answer’s relevance, which includes three steps: 1. Users create context tags and describe the context
to AI; 2. Users choose the context tag before starting a new conversation with AI; 3. Users chat with AI under the selected context b.
AI guides users to refine their questions through question recommendations. Users can select to refine the questions

5.1.3 Facilitate user’s information assessment before diving into it. In the Information Foraging Theory, information
scent is the (imperfect) perception of the value, cost, or access path of information sources obtained from proximal cues.
If the scent is sufficiently strong, the forager will be able to make the correct choice at each decision point [65]. A good
information scent could help users choose the relevant information sources among information sources efficiently. The
information scent is crucial for users especially in the AI-powered search engine, as the search engine always returns
denser information sources for the user to choose from.

P11 proposed using tags to show information features for assessing quality before delving into the information
sources (Figure 5a). These tag’s content could be customized by users according to their needs. P2 shows one of the
products he used which can tag the academic article with some core index to assist the user’s assessment, such as the
journal ranking, indexing databases, research institute, etc. Despite the objective index of the information sources,
participants (P4-8) showed their need for customized contextual information: "Everyone has their own judgment on

the quality. Even the same person will focus on different aspects of the article according to the context changes." (P5) P8
suggested that the features that users want to amplify may also differ among different disciplines. For example, In the

area of design, we will also look for design websites where we focus on the competition award that one design has won. If AI
Manuscript submitted to ACM
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could help me extract these features, it would benefit in quality assessment of the design. Some participants also proposed
using AI summaries to help people know the content briefly before they delve into the information source (Figure 5b).

Fig. 5. Search Consideration 3: Facilitate user’s information assessment before delving into it. We show two examples: a. Add user-
customized tags shown with information sources, which include two steps: 1. Create information tags and describe the information
features that need AI to identify; 2. Then the information features will show along with the information source in search engines’
results b. Summarize the information source content

5.2 Design Considerations for Read Interactions

5.2.1 Facilitate user’s quick query in the document. For AI-assisted reading interaction, participants proposed a quick
inquiry feature to enhance the reading experience based on the repetitive questioning challenges. P1, P10 and showed
their need for the term explanation when they were reading articles. P10 said, "When I’m reading the paper, I often

encounter unfamiliar terms and have to ask ’What does . . . mean ?’ repeatedly. I hoped AI would provide explanations or

the hyperlink for the unfamiliar term in the document automatically, similar to how Wikipedia works." Despite the term
explanation query, P1 also proposed using users’ feedback to optimize the question recommendation algorithm and
provide more types of query recommendations for users, "AI could learn which part of the article that users asked most

and what questions users ask. Then insert the questions in these places. When I’m reading a new article, AI can generate

similar questions for me to choose." Combining the participants’ ideas, the design consideration is using AI to predict
potential question points in the document and insert inquiry buttons at these locations (Figure 6). These buttons would
allow users to quickly access explanations or ask relevant questions about the document without typing repeated
questions to ask AI for additional information.

5.2.2 Facilitate adjustment of AI answer’s level of detail. Participants mentioned they would use AI to summarize or
retell the article to help them understand the content of the article. However, the AI answer’s level of detail didn’t meet
their requirements sometimes For example, P8 said, "Sometimes I want to quickly go through a research paper and ask AI

to summarize. But the answer it gives me is nearly the same as the paper’s abstract, which is too brief for me." To help users
Manuscript submitted to ACM



885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

18 Anon.

Fig. 6. Read Consideration 1: Facilitate users’ quick query in the document. AI inserts recommended queries into the document,
users can quickly ask AI these questions by clicking it.

have better control of the answer’s level of detail, P8 and P9 proposed using a slider to control the answer’s level of
detail (Figure 7). When the detail level is low, AI provides a brief answer. When the detail is high, AI provides an answer
that is as detailed as the paper itself. P9 further illustrated the example usage scenario, If I ask AI what experiments this

article did, with the slider set to "brief" it might only mention what experiments were conducted. When I wanted to know

more details about these experiments, I could then move the slider a little to the "detailed" end, and the AI would tell me

specifically what experimental methods were used, what conclusions were drawn, and how many samples were collected.

Fig. 7. Read Consideration 2: Facilitate adjustment of AI answer’s level of detail. Users can adjust the AI answer’s level of detail
through a slider under AI answer.

5.3 Design Considerations for Extract Interactions

5.3.1 Facilitate customized structured extraction. When taking notes, Participants mentioned they would process the
raw information before they put the piece of information into their notes, which is the process of extracting information.
For example, P4 said, “I use tables to manage the papers I read. I will extract specific information from each paper, such as

the research question, methodology, and key findings, and organize them into a structured table format that I customized.

However, this process is cumbersome and time-consuming. Having AI assistance for this extraction process could significantly

improve my efficiency in maintaining my research notes.” To solve this problem, P4 and P11 proposed the use of AI to
assist with this customized structured extraction process (Figure 8). The proposed feature would allow users to define
their own extraction templates, specifying the types and content of information they want to extract from various
sources. P11 proposed her expected usage scenario, "When I’m finding program references, I prefer to extract the link of
Manuscript submitted to ACM
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the source material, the summary of the program, and the program’s picture in the table. In an ideal scenario, AI could

automatically extract and fill these elements in the table as soon as I input a program reference link."

Fig. 8. Extract Consideration 1: Facilitate customized structured extraction, which includes two steps: 1. Users upload different types
of raw files to the AI tool; 2. AI automatically extracts structured information to fill in user-created tables.

5.3.2 Facilitate extraction across multiple information sources and converge them in one place. In the focus group studies,
participants mentioned they always acquire knowledge from multiple information sources such as websites, journals,
social media, etc. However, participants (P1, P3, P4, p9) mentioned extracting and organizing information from these
diverse sources can be challenging. For example, P9 said, “When collecting design reference pictures, I sometimes encounter

problems downloading and managing images in different formats. An application called "Eagle" helps me download and

save the pictures in one place with the same format quickly, so I don’t need to manually download and change the format of

each picture every time.” To address the extracting problem, participants proposed using a floating window plugin that
can extract and send different information sources to one place (Figure 9). For example, P1 proposed, "Imagine having a

small, floating window that you can call on your screen across different platforms and devices. As you browse different

information sources such as websites, PDFs, or even watch videos, you can drag the information to this floating window to

save it. The plugin would automatically categorize and store this information in a centralized location, making it easy to

access later." P3 also described a plugin with a similar function, "It’s like inserting link of the academic paper or pdfs in

our digital note. We could have a plugin that can help us extract and insert more types of information sources in our note,

such as the posts from Xiaohongshu (a Chinese photo sharing social media), so that I could manage them in one place."

Fig. 9. Extract Consideration 2: Facilitate extraction across multiple information sources and converge them in one place. Users
can use the plugin to upload different types of information from different devices and converge them to Cloud Storage to manage
centrally

Manuscript submitted to ACM



989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

20 Anon.

5.4 Design Considerations for Manage Interactions

5.4.1 Facilitate interactions with AI based on the notes’ context. Participants suggested that when managing their notes,
they need an AI assistant to interact with them under the context of their notes (Figure 10). The types of questions vary
based on users’ needs, including fuzzy searching of past notes, organizing note structures, reflecting on note content,
etc. For example, P11 wished AI could help her “search for the notes which are approximately in a specific time period.” P5
said, “I hope AI can help me sort out the logic of my notes with mind maps”. P6 hoped AI could give him some suggestions
for his knowledge and help him reflect on his current knowledge structure. For example, P6 said, “ AI could provide me

some suggestions of the depth and scope of my notes, thus inspiring me of which part of the knowledge should I learn more.”

Fig. 10. Manage Consideration 1: Facilitate interactions with AI based on notes’ context. While users are taking notes and interacting
with AI, AI could use digital notes‘ content as the conversation context.

5.4.2 Facilitate revisiting historical notes through contextual recommendation. When discussing the challenges in the
information management process, participants mentioned they have problems revisiting their notes. Sometimes they
forget to visit the notes for a long time and cannot make full use of their notes. To address the challenges, P1 proposed
a proactive interaction design that can recommend relevant historical notes based on the user’s current context. She
gave an example (Figure 11), "When I’m scrolling on my phone and see an article related to ‘Unity’, or mentioned ’Unity’ in

a chat, or see another Unity-related post on social media, etc., AI could pop up a notification and send me a message to

trigger me reading some relevant content about ‘Unity’ in my previous note.” P10 also suggested notifying users with
relevant historical notes when they are doing new notes, "When new information is related to existing knowledge in my

notes, AI could suggest links for me to revisit the previous notes."

6 Discussion

In this study, we explored college students’ information retrieval and management behaviors in the context of the
information explosion and the AI era. Through focus group studies and participatory design workshops, we gained a
comprehensive understanding of students’ information behaviors and identified key design considerations for AI tools
to better support these behaviors. In Section 6.1, we align our findings with past research and compare the identified
design considerations with current AI tools. In Section 6.2, we discuss actionable insights for HCI and education
researchers and directions for future work. In Section 6.3, we acknowledge the limitations in our research and reflect on
the scope and generalizability of our findings.
Manuscript submitted to ACM
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Fig. 11. Manage Consideration 2: Facilitate revisiting historical notes through contextual recommendation. For example, when the
user is reading a post about Unity on the phone, AI will search through the user’s past notes and pop up a window to remind the user
to revisit the notes about Unity.

6.1 Designing AI Tools to Support College Students’ Information Retrieval and Management

While some insights and challenges align with prior research, such as distractions caused by switching between
different tasks [41, 52, 71], deficiency of short queries [11], and poor information scent’s negative impact in user’s
retrieval task performance [55], our findings highlight new complexities introduced by the combination of multi-source
information environments and AI technologies. A key innovation in our work is the identification of the Search, Read,
Extract, and Manage (SREM) framework, which provides a comprehensive lens for understanding students’ evolving
information behaviors. We further identified unique challenges such as AI hallucination, contextual misclassification
in interdisciplinary content, and the need for dynamic adjustment of AI-generated content detail. To address these
challenges, existing solutions include providing interruption time feedback to help users focus on the main task [14],
asking for more information to refine the query [10, 44], using visual salience for high information scent target [77],
utilizing AI for structured information extraction in different areas [22, 25, 30]. Our work builds upon these approaches
while introducing novel design considerations tailored to the AI-assisted multi-source information environment. By
integrating AI capabilities, our design considerations not only supplement prior solutions to existing challenges but also
address new challenges and solutions arising from AI technology. Table 4 demonstrates how our design considerations
align with previous empirical works or systems design. In previous work, we discovered that many studies have
researched AI’s capability for query improvement and structured information extraction in different areas addressing
design considerations 5.1.2 and 5.3.1. However, our work goes further by proposing solutions for AI-specific challenges,
such as cross-platform information extraction (5.3.2) and context-aware AI interactions with notes (5.4.1). For the design
consideration 5.1.1, while previous empirical studies verify users’ needs for sourcing in AI’s responses, some studies also
reveal the problems in generating references in AI’s responses, such as fabricated and inaccurate references [12, 53].

6.2 Future Work on College Students’ Information Behaviors

The information landscape for college students has dramatically evolved, characterized by an explosion of available
sources and the integration of AI technologies. Students now navigate a complex ecosystem of traditional academic
databases, informal sources like social media, and AI-powered tools [29, 36]. This shift has led to both opportunities and
challenges in information retrieval and management [50]. Our findings align with previous research highlighting the
potential benefits of diverse information sources [27], while also revealing new challenges specific to AI integration.
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Design Considerations Empirical study that aligned with or systems that exem-
plified the design considerations

5.1.1 Verify the credibility of AI answer through
references

User trust the answers when Jennifer (AI chatbox) provides
links to a credible source [84], User’s trust improves when
information source is provided [42, 43], Users show need for
preview information source before dive into it [42], A system
shows references for user to check fact without leaving current
pages [57], A system show evidence from external knowledge
for the LLM to generate responses grounded in evidence [61]

5.1.2 Improve the user’s query by adding context
information or recommended questions

An AI system that clarifies users’ unmatched questions and
provides follow-up questions [84], A system framework that
uses LLM to evaluate the context to enhance the relevance of
generated queries [81], A system that uses LLM for query rewrit-
ing for better image retrieval [88] A system that leverages top
search results of the query to help generate better description
[87]

5.1.3 Amplify the information scent to help the
user better assess the information source

Users show the need for descriptions accompanying the search
results [42], A system uses the checkmark or cross to show
users’ assessment of the information [39]

5.2.1 AI predicts the user’s question points and
inserts quick inquiry in the document

AI generates questions to guide users’ reflection during the
reading process [17], AI generates and co-locates comprehen-
sion and analysis questions in an academic paper to facilitate
deeper understanding, and developing critical reading skills
[69]

5.2.2 Set the level of detail when using AI to
summarize the document

A system that can generate a personalized human-AI summary
[17], A web-based tool tailored for humanities students to ef-
fectively summarize their lecture transcripts and to personalize
the summaries to their specific needs [47]

5.3.1 Customized structured extraction An AI system that extracts keywords for designer’s reference
image [19], A LLM system that can collect multi-modal data
extracted from PDF-format catalogs [78], A system that can
extract structured information from business documents [25],
A system that helps create design cards from academic papers
using an LLM and text-to-image model [73]

5.3.2 Plugin for extraction across multiple infor-
mation sources

A LLM system that can perceive inputs and generate outputs in
arbitrary combinations of text, images, videos, and audio [83]

5.4.1 Interact with AI based on the notes’ con-
textual information

A LLM system that allows end-users to construct personalized
context rules through natural language and simple interactions
on the GUI [16], Use contextual information for text entry in-
terface suggestions [5]

5.4.2 Contextual recommendation for revisiting
historical notes

A system that uses context information for learning recommen-
dation [80]

Table 4. Empirical study that aligned with or systems that exemplified the design considerations

Our findings offer actionable insights for HCI and education researchers. The challenges revealed in verifying
AI-generated content and managing information across multiple sources underscore the need for advanced AI-enhanced
information literacy tools. These tools should focus on improving students’ ability to critically evaluate AI outputs and
Manuscript submitted to ACM
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integrate information from diverse sources, potentially incorporating real-time credibility checks and cross-platform
information visualization. Additionally, our study highlights the importance of developing adaptive AI interfaces that
can adjust to students’ varying needs for detail and context, suggesting an opportunity to explore dynamically adaptive
interfaces that respond to students’ expertise levels and learning contexts. Furthermore, the personalized information
ecosystems created by students, as observed in our study, point to the need for AI tools that can learn from and adapt
to individual information management styles. This aligns with ongoing research in recommend systems [86] and
personalized learning environments [45], but with a specific focus on academic information retrieval and management.

Looking ahead, several new directions emerge for future research. While our study focused on college students,
future work could explore how evolving information landscapes influence professionals across various fields, potentially
revealing broader trends in information behavior. There’s also a need to investigate discipline-specific AI assistance, as
different academic fields may require tailored approaches to information retrieval and management. Furthermore, the
long-term impact of AI-assisted information practices on students’ cognitive development and critical thinking skills
remains an important area for longitudinal studies. Finally, the design considerations identified in our study should
be implemented and evaluated quantitatively to ensure their effectiveness in real-world academic environments. By
addressing these areas, researchers can work towards creating more effective, ethical, and user-centered AI-assisted
information tools that enhance students’ learning experiences and outcomes in the evolving digital landscape.

6.3 Limitations

While our study provides valuable insights into college students’ information behaviors in the AI era, the research has
several limitations. Given the complexity of multi-source information behaviors among college students, our relatively
small sample size may not have captured all facets of these behaviors. The intricate nature of information retrieval
and management practices, combined with the rapidly evolving landscape of AI tools, means that our findings, while
informative, may not be exhaustive. Nonetheless, our work provides a crucial first step toward understanding these
complex behaviors in the context of AI-assisted learning. Moreover, our study aimed to reveal common needs, challenges,
and expectations across various disciplines. However, individual factors such as academic background, knowledge
requirements, and personal preferences can significantly influence information behaviors. While we included students
from diverse disciplines to enhance the representativeness of our findings, discipline-specific challenges and how AI
could address them were not fully explored. The nuances of information needs and behaviors across different academic
fields warrant further investigation.

Furthermore, our research focused primarily on college students’ academic activities, which may limit the general-
izability of our findings to other populations and contexts. Nonetheless, many of the insights gained are potentially
applicable beyond the academic setting. The evolving information landscape affects information behaviors across
various professions and daily activities, and some strategies and challenges identified in our study may resonate with a
broader audience engaging in complex information retrieval tasks. Although we did not specifically investigate other
populations, the fundamental aspects of multi-source information retrieval and management could extend to different
contexts. Lastly, while our participatory design workshops yielded valuable design considerations for AI tools, these
ideas have not been implemented or quantitatively evaluated in real-world settings. The effectiveness and practicality
of these design considerations may vary when applied to specific tasks or contexts, and further research is needed to
validate and refine these proposals.
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7 Conclusion

This study offers valuable insights into the complex landscape of college students’ multi-source information retrieval and
management behaviors in the AI era. By conducting focus group studies, we identified current students’ multi-source
information retrieval and management patterns and challenges in light of the generative AI background. Based on
these challenges, we conducted participatory design workshops and gathered design considerations for AI-assisted
academic information tools from users’ perspectives. During the data analysis process, we innovatively incorporated
Information Foraging Theory to comprehend our findings and reveal students’ information behaviors and challenges in
four interconnected phases: Search, Read, Extract, and Manage (SREM). Addressing those challenges, we generated
nine design considerations through participatory design workshops and redrawn participants’ sketches to demonstrate
some of the example functions. Through the empirical study, our research provides a foundation for developing more
effective, user-centered AI tools for college students’ multi-source information retrieval and management in the future.
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