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Abstract

Generative AI is increasingly embedded in knowledge-intensive work, producing summaries,
explanations, and recommendations that persist alongside source material. These AI-generated
external representations can reduce e�ort and accelerate decisions, but they may also reshape
what people encode, how they retrieve information, and how confidently they act on it. Because
research on cognition and organizational adoption is often disconnected, the mechanisms that
link individual memory e�ects to professional decision-making and governance remain under-
specified.
This thesis develops an integrative, multi-level framework that treats AI outputs as part of
a task’s cognitive infrastructure. It introduces the AI Bu�er Model, which characterizes how
persistent AI representations interact with memory encoding, cue-dependent retrieval, source
monitoring, confidence calibration, and cognitive load. The model is embedded within an AI-
Augmented Decision Framework that links these cognitive mechanisms to decision processes,
role shifts, and accountability structures in organizations.
Two complementary studies test the framework. Study 1 is a controlled experiment (N = 36)
in which participants read short expository articles with AI-generated summaries that vary
in timing (pre-reading, synchronous, post-reading) and structure (integrated paragraph vs.
segmented bullets). Study 2 is a cross-national survey of product managers (N = 74; USA and
China) examining AI use, perceived impacts on workflow and decision support, and governance
practices.
Results show that AI summaries improve recognition performance but do not strengthen gen-
erative free recall. Benefits are largest when summaries are available before reading and can
function as encoding sca�olds, whereas segmented summaries increase false-lure endorsement
(OR 5.93), indicating elevated source-monitoring risk when representations are fragmented.
Field evidence shows perceived productivity and decision-support gains, but also frequent gov-
ernance ambiguity (e.g., unclear ownership and missing guidelines). Integrating both studies,
the thesis argues that representational design parameters—timing, structure, and provenance
cues—are not cosmetic interface choices: they shape cognitive mechanisms that scale into
artifact-centric work practices and governance needs. Practical implications include using AI
early for framing, preferring integrated and traceable artifacts, and institutionalizing verifica-
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tion routines and clear accountability for AI-mediated evidence.

Keywords: generative AI, external representations, cognitive o�oading, source monitoring,
product management, governance



Abstract in lingua italiana

L’intelligenza artificiale generativa e’ sempre piu’ integrata nel lavoro ad alta intensita’ di
conoscenza, producendo riassunti, spiegazioni e raccomandazioni che permangono accanto al
materiale originale. Queste rappresentazioni esterne generate dall’IA possono ridurre lo sforzo
e accelerare le decisioni, ma possono anche modificare cio’ che le persone codificano, come
recuperano le informazioni e con quanta sicurezza agiscono. Poiche’ la ricerca sui meccanismi
cognitivi e quella sull’adozione organizzativa sono spesso disconnesse, i nessi tra e�etti sulla
memoria individuale, processi decisionali professionali e governance restano sottospecificati.
Questa tesi sviluppa un framework integrativo multi-livello che considera gli output dell’IA
parte dell’infrastruttura cognitiva del compito. Introduce l’AI Bu�er Model, che descrive come
rappresentazioni IA persistenti interagiscano con codifica, recupero basato su indizi, monitor-
aggio della fonte, calibrazione della fiducia e carico cognitivo. Il modello e’ inserito in un
AI-Augmented Decision Framework che collega tali meccanismi ai processi decisionali, ai cam-
biamenti di ruolo e alle strutture di accountability nelle organizzazioni.
Due studi complementari testano il framework. Lo Studio 1 e’ un esperimento controllato
(N = 36) in cui i partecipanti leggono brevi articoli espositivi con riassunti generati dall’IA
che variano per tempistica (pre-lettura, sincrono, post-lettura) e struttura (paragrafo integrato
vs. punti elenco segmentati). Lo Studio 2 e’ un sondaggio cross-nazionale su product manager
(N = 74; USA e Cina) che analizza utilizzo dell’IA, impatti percepiti su workflow e supporto
decisionale, e pratiche di governance.
I risultati mostrano che i riassunti IA migliorano il riconoscimento, ma non ra�orzano il richi-
amo libero generativo. I benefici sono massimi quando i riassunti sono disponibili prima della
lettura e fungono da sca�old di codifica, mentre i riassunti segmentati aumentano l’accettazione
di false esche (OR 5.93), evidenziando un rischio di monitoraggio della fonte quando le rap-
presentazioni sono frammentate. I dati sul campo indicano benefici percepiti in termini di
produttivita’ e supporto decisionale, ma anche frequente ambiguita’ di governance (ad es.,
ownership poco chiara e linee guida mancanti). Integrando i due studi, la tesi sostiene che i
parametri di progettazione—tempistica, struttura e indizi di provenienza—non sono scelte cos-
metiche: plasmano meccanismi cognitivi che scalano in pratiche di lavoro centrate sugli artefatti
e in esigenze di governance. Le implicazioni pratiche includono usare l’IA precocemente per

iii



inquadrare i problemi, preferire artefatti integrati e tracciabili, e istituzionalizzare routine di
verifica e accountability esplicite per le evidenze mediate dall’IA.

Parole chiave: intelligenza artificiale generativa, rappresentazioni esterne, o�oading cog-
nitivo, monitoraggio della fonte, product management, governance
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1| Introduction

Generative AI systems are increasingly embedded in everyday information work. Two use
cases are especially salient for learning and decision-intensive knowledge work: (i) AI-generated
summaries and explanations that accompany reading and study, and (ii) AI-generated analyses
and recommendations that accompany professional judgment. In both cases, the AI produces
external representations—persistent, content-bearing artifacts that can guide attention, provide
cues, and reshape how information is encoded, retrieved, and acted upon.
Despite this shared reliance on AI-generated representations, prior research is often fragmented
across disciplinary boundaries. Cognitive science has focused on memory, attention, and learn-
ing mechanisms, while organizational and information-systems research has emphasized adop-
tion, productivity, and role change. Generative AI challenges this separation because it inserts
persistent representations directly into everyday cognitive tasks: changes in encoding, retrieval,
and confidence at the individual level can propagate to decision quality, accountability, and gov-
ernance at the organizational level.
These developments sit on top of a longer trajectory of AI research and deployment. Historical
and bibliometric accounts describe multiple waves of AI evolution—from early symbolic sys-
tems to contemporary deep-learning approaches and the emergence of new “generations” of AI
capabilities—that have expanded the feasibility of natural-language interfaces and large-scale
decision support [21, 74, 77, 94].
From a cognitive perspective, external representations can support performance by reducing
extraneous processing costs, but they can also change encoding strategies via cognitive o�oad-
ing [71, 80]. From a decision-making perspective, the same representations can shape reliance:
users may defer to AI outputs without fully scrutinizing their provenance or quality, creating
epistemic and governance risks [67, 95]. These tensions are particularly relevant for roles such
as product management, where decisions integrate heterogeneous evidence (user research, an-
alytics, technical constraints, and stakeholder input) and where generative AI is increasingly
used to summarize, prioritize, and communicate [28, 31, 34, 63].
Across sectors, AI is framed as both an operational technology (automation of routine pro-
cesses) and a strategic capability (augmenting scenario exploration, planning, and coordina-
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tion). Industry and practitioner sources document di�usion of AI applications across cor-
porate functions—from customer service and operations management to finance and human
resources—and emphasize that value capture requires changes in workflows, roles, and gover-
nance rather than model deployment alone [9, 23, 30, 52, 57, 58, 62, 70].
This thesis addresses these issues through a multi-level perspective that links cognitive mech-
anisms to organizational practice. At the cognitive level, Study 1 uses a controlled reading-
and-memory experiment in which AI assistance is operationalized as pre-generated summaries
that vary in structure (integrated vs. segmented) and timing (pre-reading vs. synchronous vs.
post-reading). At the organizational level, Study 2 examines how product managers integrate
generative AI tools into decision-intensive workflows and how they perceive impacts on e�-
ciency, judgment, and ethical responsibility. The thesis proposes the AI Bu�er as a unifying
concept: AI-generated external representations can function as persistent bu�ers that support
cue-based cognition while also introducing source-monitoring and reliance vulnerabilities.
Context and Motivation Learning from text depends on how readers allocate attention during
encoding, how they manage limited working-memory resources, and which cues are available at
retrieval [7, 20, 88]. In real-world settings, learners frequently rely on external representations—
notes, outlines, highlighted passages, and search engines—to support these processes. Gen-
erative AI introduces a new, scalable form of external representation: systems can produce
structured summaries instantly and present them alongside source material.
At the same time, external representations can shift e�ort away from internal encoding. The
“Google e�ect” shows that when information is easy to re-access, people are more likely to
remember where it is than what it is [29, 71, 80]. In generative-AI settings, this creates a core
tension: summaries may support understanding and recognition by providing cues, but they
may also encourage shallow processing, reduce detail-rich encoding, and increase vulnerability
to source confusion when AI content blends with the original material [15, 37].
Beyond individual learning, the same dynamics play out in professional contexts where decisions
depend on accurate, contextual recall. Knowledge-management research suggests that AI can
help organizations retrieve prior decisions and maintain continuity across projects [66]. How-
ever, AI-advised decision-making also raises risks of epistemic dependence and opaque reasoning
[67, 95]. Product management provides a concrete setting in which these issues are amplified:
product managers are expected to synthesize noisy information into decisions and to communi-
cate rationale clearly across teams, making AI-provided summaries and recommendations both
useful and potentially hazardous [31, 34, 63].
Research Problem and Gap Despite rapid adoption, there remains limited integrated evidence
on how AI-generated external representations shape cognition and decision-making.
At the cognitive level, evidence on generative AI is still emerging and often treats “AI assistance”
as a unitary intervention. Yet design choices matter: when a summary is available and how it is
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structured can change attention allocation, encoding depth, and the balance between internal
reconstruction and reliance on external cues. Controlled studies suggest that conversational AI
can amplify false memories under certain conditions [15], and reviews warn about over-reliance
and reduced cognitive engagement [93], but there is still a need for causal evidence that isolates
interface-relevant dimensions (timing, format) and measures both performance and epistemic
risk.
At the organizational level, many accounts focus on productivity or adoption narratives, while
fewer connect observed reliance patterns to cognitive mechanisms such as o�oading and source
monitoring. For decision-intensive roles such as product management, the open question is not
only whether AI improves e�ciency, but whether it changes how decisions are formed, justified,
and governed—including how trust, transparency, and accountability are maintained when AI
outputs shape reasoning [67, 86].
The central gap motivating this thesis is therefore the lack of a multi-level framework that links
(i) mechanisms of AI-assisted encoding and retrieval to (ii) patterns of reliance and judgment
in professional decision-making contexts.
Research Objectives and Multi-Level Perspective Following common master-thesis conventions,
the work is organized around concrete objectives that span the two levels of analysis and their
integration.

• O1 — Cognitive baseline: quantify memory di�erences between AI-assisted reading
and unaided reading under matched constraints (Study 1).

• O2 — Cognitive design dimensions: test how summary timing and structure a�ect
recall quality, recognition accuracy, and behavioral indicators of reliance (Study 1).

• O3 — Epistemic risk: measure susceptibility to false-lure endorsement and source-
monitoring errors when AI-generated content is present (Study 1).

• O4 — Organizational practice: characterize how product managers deploy generative
AI tools in decision-intensive workflows, including perceived benefits, risks, and ethical
responsibilities (Study 2).

• O5 — Cross-level integration: develop an integrated account linking AI-generated
external representations to both memory mechanisms and professional decision processes,
and derive propositions that can guide safer tool design and governance.

Research Questions Building on the research gap identified in the previous section, this thesis
investigates how artificial intelligence reshapes knowledge-intensive decision-making by simul-
taneously a�ecting individual cognitive processes and organizational practices. To address this
objective, the study adopts a multi-level perspective and is guided by the following research
questions:

• RQ1 – Cognitive Level (Study 1). RQ1: How do AI-generated external representa-
tions influence core human memory processes during knowledge-intensive tasks?
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– Memory encoding (attention allocation, depth of processing).
– Recall and recognition (quantity and quality of retained information).
– Source monitoring (discriminating article content from AI-generated content).
– Confidence calibration (alignment between confidence and accuracy).
– Cognitive load (perceived e�ort and split-attention costs).

Conceptually, RQ1 corresponds to the AI Bu�er Model formulated as a research ques-
tion: it asks how persistent AI-generated representations shape encoding, retrieval, and
metacognitive monitoring.

• RQ2 – Organizational Level (Study 2). RQ2: How does the adoption of AI tools
shape decision-making practices, role configuration, and perceived responsibility in prod-
uct management?

– Role transformation and reallocation of tasks toward more strategic work.
– AI-supported decision-making (sensemaking, prioritization, and communication).
– Governance and ethics (accountability, transparency, oversight practices).
– Cross-context comparison (e.g., di�erences across organizational and cultural set-

tings such as USA–China).
Importantly, RQ2 is not treated as a mere “application” of Study 1, but as an autonomous
analytical level that characterizes AI adoption in a decision-intensive managerial domain.

• RQ3 – Integrative Level (Cross-study). RQ3: How can changes in organizational
decision-making practices enabled by AI be explained through underlying cognitive mech-
anisms of AI-assisted memory?

RQ3 is the key integrating question of the thesis: rather than reporting two disconnected
sets of findings, the thesis aims to explain observed organizational patterns (Study 2) using a
coherent account of memory mechanisms identified under controlled conditions (Study 1). This
integrative aim motivates the conceptual framework in Chapter 3 and the dedicated cross-study
integration logic developed later in the thesis.
Contribution of the Thesis The thesis contributes at three levels: cognitive theory, organiza-
tional understanding, and integrative framing.
Cognitive contribution. Study 1 provides design-sensitive evidence on AI-assisted reading
by measuring both performance (recall and recognition) and epistemic risk (false-lure endorse-
ment), explicitly manipulating timing and structure of AI-generated summaries.
Organizational contribution. Study 2 synthesizes patterns of AI use in product management
and clarifies how AI tools are positioned as automation and augmentation within decision-
intensive workflows, including perceived shifts in responsibility and ethical vigilance.
Integrative contribution. The thesis advances the AI Bu�er as a compact bridge concept:
AI-generated representations can function as persistent external bu�ers that support cue-based
cognition while also altering source monitoring and reliance conditions. This framing supports
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actionable implications for AI interface design, training, and governance in knowledge work.
Scope, Definitions, and Assumptions This thesis focuses on AI-generated external representa-
tions and their consequences under two complementary methodological lenses.
Key definitions. Generative AI refers to systems that produce novel text based on learned
patterns from data. External representations refer to persistent artifacts (summaries, notes,
recommendations) that users can consult during a task. Cognitive o�oading refers to shifting
cognitive work from internal memory to external aids [71]. Source monitoring refers to processes
by which people attribute information to its origin [37]. In this thesis, the AI Bu�er is defined
as an AI-generated representation that persists during a task and can shape encoding, retrieval,
and metacognitive monitoring.
Study boundaries. Study 1 is intentionally scoped to controlled laboratory conditions, pre-
generated summaries (rather than open-ended dialogue), and within-session memory measures.
Study 2 is scoped to product management as a decision-intensive domain and emphasizes
professional practice and governance rather than direct cognitive performance measurement.
Assumptions. The thesis treats AI summaries as fallible representations rather than authori-
tative ground truth and assumes that interface properties (timing, structure, provenance cues)
can change cognitive and organizational outcomes by shaping attention, cue availability, and
reliance norms.
Structure of the Thesis The remainder of the thesis follows the structure below:

• Chapter 2 (Literature Review) synthesizes human-memory foundations and research
on cognitive o�oading, external representations, and human–AI reliance in knowledge
work and managerial contexts.

• Chapter 3 (Conceptual Framework and Hypotheses) introduces the AI Bu�er
model and derives cross-level propositions linking cognitive mechanisms to decision pro-
cesses.

• Chapter 4 (Methodology) details Study 1 (controlled experiment) and Study 2 (field
study on product managers), including instruments and ethical considerations.

• Chapters 5–7 (Analysis, Results, Integration) report analytical strategy and find-
ings for each study and then integrate evidence across levels.

• Chapters 8–9 (Discussion and Conclusion) interpret implications, limitations, and
future research directions, and summarize the thesis contributions.

• Appendices provide study materials, instruments, and supplementary outputs.
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This chapter reviews prior work that motivates the thesis structure introduced in Chapter 1. It
first establishes foundations of AI in knowledge-intensive work, then examines AI as a form of
cognitive support through the lenses of distributed cognition and cognitive o�oading. Building
on this, it reviews the foundations of human memory and metacognition, synthesizes research
on how AI-generated representations influence memory processes, and examines confidence,
source monitoring, and cognitive load in assisted cognition. The chapter then bridges individ-
ual memory mechanisms to decision-making processes and reviews human–AI decision-making
dynamics including trust, reliance, and accountability. It closes with AI in professional and
managerial contexts, a focused analysis of product management as a decision-intensive domain,
and a synthesis that identifies the multi-level research gap motivating the conceptual framework
developed in Chapter 3.

2.1. Foundations of AI and Generative AI in Knowledge-
Intensive Work

The increasing adoption of Artificial Intelligence across organizational contexts has profoundly
altered how knowledge-intensive work is structured and performed. While early implementa-
tions focused on automating narrowly defined tasks, recent advances have expanded AI’s role
toward supporting human reasoning, interpretation, and decision-making. Understanding this
transition is essential for situating the cognitive and organizational implications of AI, particu-
larly in professional roles where performance depends on the integration of complex information
over time rather than on execution speed alone.
From Automation to Augmentation Historically, AI systems were primarily conceived as tools
for automation: the value of AI resided in its ability to replace human labor in repetitive, rule-
based, or highly standardized tasks. Organizational benefits were framed in terms of e�ciency
gains, cost reduction, and scalability. This perspective implicitly assumed that tasks could
be decomposed into discrete operations and that optimal performance could be achieved by
minimizing human involvement [44].
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However, this automation-centered view has proven increasingly inadequate for describing AI
use in knowledge-intensive work. Such work is characterized by ambiguity, contextual depen-
dence, and the need to integrate heterogeneous sources of information. Decision quality in
these settings depends less on computational precision than on interpretation, judgment, and
the ability to maintain continuity across decisions made at di�erent points in time. Fully au-
tomating these processes is neither feasible nor desirable, as it would require formalizing tacit
knowledge and contextual understanding that are di�cult to codify.
As a response, the notion of AI augmentation has gained prominence. Rather than replacing hu-
man decision-makers, augmentative AI systems aim to enhance human cognitive capabilities by
modifying the informational environment in which decisions are made [44]. This shift reframes
AI as a complement to human intelligence, emphasizing collaboration rather than substitution.
Research on decision support systems suggests that AI is most e�ective when it assists humans
in complex, non-routine tasks rather than when it attempts to fully automate them [54]. In
these contexts, AI contributes value by enabling better sense-making and prioritization rather
than by executing decisions independently.
Generative AI as a Representation Generator Generative AI systems di�er from earlier decision-
support tools because they can produce novel, fluent representations on demand: summaries,
outlines, explanations, and draft rationales that can persist through the course of a workflow.
Rather than merely retrieving information, they actively construct external representations
that reorganize and reinterpret existing knowledge.
The cognitive significance of external representations has long been recognized. Research on
text comprehension and knowledge construction demonstrates that structured representations
can profoundly influence understanding by guiding attention, emphasizing relationships, and
reducing the need for internal reconstruction [89]. Generative AI extends this principle by
dynamically adapting representations to user goals and contextual constraints. These artifacts
can reduce the e�ort required to integrate large volumes of information, but they also have
the potential to steer attention toward what is represented—and away from what is omitted
or de-emphasized. For this thesis, the central implication is that AI assistance is not only a
source of information; it is also a mediator of encoding and retrieval by shaping which cues are
available and how they are structured.
AI as a Cognitive Artifact in Knowledge Work A useful way to conceptualize generative AI in
professional contexts is as a cognitive artifact: a tool that supports, enhances, or transforms
cognitive processes by externalizing information and restructuring tasks [64]. Classic examples
include written notes, diagrams, and computational tools, all of which alter how problems
are approached and solved. Generative AI represents an advanced form of cognitive artifact:
unlike static artifacts, it is adaptive and interactive, responding to user input and generating
new representations in real time. By externalizing intermediate representations that would
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otherwise need to be maintained internally, AI systems can reduce demands on working memory
and enable users to focus on higher-level reasoning.
This perspective aligns with theories of distributed and extended cognition, which argue that
cognitive processes are not confined to the individual mind but are distributed across internal
and external resources [18, 35]. Within these frameworks, tools that are reliably integrated into
task execution become part of the cognitive system itself. When used consistently, AI-generated
artifacts can function as part of a distributed cognitive system, supporting continuity across
time and across collaborators. This motivates treating AI outputs as external representations
that can become integrated into reasoning, planning, and decision justification—not merely as
optional add-ons.
Importantly, the integration of AI as a cognitive artifact raises questions about agency and
control. While externalizing cognitive processes can enhance performance, it may also obscure
the boundary between human understanding and machine-generated representations. This
ambiguity underscores the need to examine not only the benefits of AI augmentation but also
its e�ects on cognitive ownership and responsibility.
AI Literacy, Trust, and E�ective Use The value and risks of AI assistance depend on how
users interpret and evaluate outputs. The concept of AI literacy captures this dimension by
encompassing technical understanding, interpretative skills, and ethical awareness related to
AI use [91]. E�ective use requires the ability to recognize uncertainty, anticipate failure modes,
and calibrate when to verify, revise, or defer to AI-generated content.
Empirical research indicates that users with higher levels of AI literacy are better equipped to
recognize the limitations of AI systems and to avoid inappropriate reliance on their outputs [92].
Conversely, insu�cient understanding may lead to over-trust in AI-generated representations,
particularly when outputs are fluent and coherent. Because generative outputs are often fluent,
over-trust can arise even when accuracy is variable.
Trust calibration plays a central role in e�ective AI augmentation. Appropriate trust enables
users to leverage AI support without surrendering critical judgment. Excessive skepticism may
prevent users from benefiting from AI assistance, while excessive trust may lead to uncritical
acceptance. Research on human–AI collaboration suggests that AI systems are most e�ective
when they are perceived as cognitive partners rather than as authoritative decision-makers [75].
This creates a motivation for the later focus on reliance, confidence calibration, and source
monitoring as mechanisms through which AI-generated representations can alter downstream
decision quality and accountability.
Positioning AI within Knowledge-Intensive Work In roles such as product management, AI is
frequently deployed to synthesize feedback, draft documentation, support roadmap planning,
and structure strategic analysis. These tasks sit at the intersection of memory and decision
processes: they require maintaining representations of prior assumptions and trade-o�s while
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integrating new evidence. By reshaping how information is externalized and accessed, AI
systems influence not only task performance but also underlying cognitive processes such as
memory encoding, retrieval, and confidence. These e�ects have implications that extend beyond
individual cognition to decision-making and organizational outcomes.
This thesis therefore treats generative AI as a persistent representational layer that can support
e�ciency and coordination while also introducing epistemic risks when users substitute AI-
generated representations for internally reconstructed knowledge. The following section builds
on this foundation by examining AI explicitly as a form of cognitive support, focusing on
distributed cognition and cognitive o�oading.

2.2. AI as Cognitive Support
The growing presence of AI systems in knowledge-intensive work has prompted a reconceptu-
alization of how cognition itself is understood in organizational contexts. Rather than treating
AI as an external aid that merely accelerates task execution, recent perspectives emphasize its
role in reshaping how cognitive processes are distributed between internal mental resources and
external representational structures. Conceptualizing AI as a form of cognitive support allows
for a more precise analysis of its e�ects on memory, learning, and decision-making.
From Internal Cognition to Distributed Cognition Classical cognitive models have traditionally
located cognition within the individual mind, treating perception, memory, and reasoning as
internal processes. External tools were typically considered facilitators of input or output
but not as integral components of cognition itself. However, research in cognitive science has
increasingly challenged this assumption by demonstrating that cognitive processes often emerge
from interactions between individuals and their environments.
The theory of distributed cognition argues that cognition is not confined to the individual
but is spread across people, artifacts, and representational systems [35]. In this view, exter-
nal representations are not merely aids to cognition; they actively shape how cognitive tasks
are performed by structuring information and guiding action. Empirical studies of complex
systems—such as navigation and collaborative problem-solving—show that performance de-
pends on how information is distributed across internal and external resources. Cognitive arti-
facts, such as charts, instruments, or written procedures, enable individuals to o�oad memory
demands and coordinate actions over time; they do not simply store information but transform
tasks by making certain operations easier and others less necessary [64].
The extended mind hypothesis further develops this argument by proposing that external re-
sources can become part of the cognitive system itself when they are reliably and transparently
integrated into task execution [18]. Under such conditions, the functional distinction between
internal and external representations becomes less relevant than their role in enabling successful
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cognition.
Generative AI extends this logic by producing artifacts that are adaptive and task-specific: the
system can generate outlines, decision options, and draft rationales tailored to a user’s goals.
Over time, these artifacts can become a stable part of a workflow, shaping which information is
repeatedly accessed and how it is organized for later reuse. This adaptivity has important im-
plications for the distribution of cognition. When AI-generated representations are persistently
available, users can rely on them as part of their cognitive workspace—reducing demands on
working memory and enabling more complex reasoning, but also raising questions about how
cognitive responsibility is shared between human and artificial components.
Cognitive O�oading and Epistemic Dependence External representations can o�oad cognitive
work by reducing the need to store and manipulate information internally. Cognitive o�oading
refers to the strategic use of external artifacts to store information or to reduce internal pro-
cessing requirements [71]. O�oading can be adaptive in environments where working-memory
resources are limited and tasks are time-constrained [7].
However, o�oading can also change encoding strategies: if information is easy to re-access,
users may prioritize knowing where it is over learning what it is. The most visible modern
example is internet search: when information is reliably accessible, people encode less of the
content itself and more of the location or access strategy [80]. Meta-analytic evidence suggests
that frequent search behavior is associated with reduced recall of content alongside improved
memory for where information can be found [29]. These findings clarify an important trade-
o�: external availability can improve task performance while weakening internal knowledge
structures if it displaces deep processing [20].
The introduction of AI systems intensifies this dynamic by extending o�oading beyond simple
information storage and retrieval. Generative AI systems not only provide access to information
but also perform interpretative and integrative functions. As a result, users may o�oad not
only memory but also aspects of reasoning and synthesis. When individuals repeatedly access
information through external cues, they may become more dependent on those cues for success-
ful retrieval, reducing their ability to reconstruct information independently. The concept of
epistemic dependence captures this phenomenon: in AI-supported tasks, epistemic dependence
may increase when users accept AI-generated representations as authoritative without critically
engaging with them [93].
Crucially, the e�ects of cognitive o�oading depend on how AI systems are used. When AI
is employed to sca�old reflection, prompt elaboration, or encourage active engagement with
information, o�oading can support deeper processing rather than replace it. In contrast,
passive consumption of AI-generated outputs may reduce cognitive e�ort and weaken memory
formation. This distinction highlights the importance of interaction design and user behavior
in determining cognitive outcomes. Later sections synthesize evidence on these trade-o�s and
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specify how the thesis operationalizes them via timing and structure manipulations.
AI as a Cognitive Partner in Knowledge-Intensive Work Unlike static artifacts, generative AI
can behave like an interactive partner: it can propose interpretations, ask clarifying questions
(in dialog settings), and generate alternative framings that influence sense-making. Research on
human–AI teaming emphasizes that e�ective collaboration requires appropriate coordination,
role allocation, and mutual understanding between human and artificial agents [75]. Rather
than functioning as autonomous decision-makers, AI systems are most e�ective when they sup-
port human judgment by providing relevant information, alternative perspectives, or decision
cues.
Even when the system is not interactive—as in Study 1’s pre-generated summaries—its outputs
can still function as “partner-like” cues that guide attention and reshape what is treated as
central or peripheral. In knowledge-intensive roles, AI as a cognitive partner may influence
not only how decisions are made but also how cognitive e�ort is distributed over time. By
maintaining external representations of prior analyses, assumptions, or intermediate conclu-
sions, AI systems can support continuity across decisions made at di�erent moments. This
motivates a mechanistic focus on how AI-generated representations alter attention allocation
during encoding and cue availability at retrieval.
Implications for Studying Memory and Decision-Making Treating AI outputs as cognitive sup-
ports suggests that evaluation should go beyond accuracy of the output itself to include down-
stream cognitive and metacognitive outcomes. Key questions include whether AI support im-
proves comprehension while weakening detail-rich encoding, whether it increases confidence
without improving calibration, and whether it blurs source boundaries by mixing generated
content with original material. These outcomes matter not only for individual learning but
also for decision processes in organizations, where traceability, justification, and accountability
depend on what people remember and how confidently they act on it.

2.3. Foundations of Human Memory
Knowledge-intensive work places sustained demands on human memory. Professionals operat-
ing in complex organizational environments are required to integrate information from multiple
sources, maintain continuity across decisions made at di�erent points in time, and recall prior
assumptions, constraints, and rationales. Understanding the limitations and properties of hu-
man memory is essential for explaining both the appeal and the risks of AI-based cognitive
support.
Theoretical Foundations of Human Memory The study of human memory has evolved through
several major theoretical frameworks that describe how information is encoded, stored, and
retrieved. The earliest comprehensive account is the modal model proposed by Atkinson and
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Shi�rin [3], which conceptualizes memory as a system composed of three structural stores:
sensory memory, short-term memory (STM), and long-term memory (LTM). Information enters
through high-capacity but rapidly decaying sensory registers, is filtered into STM via attentional
control, and may be consolidated into LTM through rehearsal and elaborative processing. This
model introduced the influential distinction between temporary and durable memory systems
and highlighted the central role of control processes—particularly attention and rehearsal—in
regulating information flow.
A major theoretical shift occurred with Baddeley’s reconceptualization of STM as working
memory [7]. Rather than a passive bu�er, working memory is understood as an active cogni-
tive workspace composed of multiple subsystems (the phonological loop, visuospatial sketchpad,
episodic bu�er, and a central executive) that enable the integration of multimodal information.
This framework supports reasoning, decision-making, and sustained mental e�ort. Working
memory constraints are not merely quantitative but also qualitative, a�ecting the ability to
manage competing demands and maintain task-relevant information. When tasks exceed work-
ing memory capacity, individuals must rely on external supports or risk cognitive overload.
Building on these models, Tulving introduced the distinction between episodic and semantic
memory [87]. Episodic memory refers to the recollection of personally experienced, context-rich
events, whereas semantic memory stores generalized knowledge about the world. In knowledge-
intensive work, both systems are engaged: professionals draw on semantic memory when apply-
ing domain knowledge and on episodic memory when recalling prior decisions, discussions, and
contextual constraints. Tulving further proposed the encoding specificity principle [88], which
posits that retrieval is most successful when the cues available at encoding are reinstated at
recall. This principle is central for understanding how external aids—including AI-generated
summaries—may facilitate or distort later recall by changing which cues are available and
salient.
Craik and Lockhart’s Levels of Processing framework [20] emphasized that the durability of a
memory trace depends not on which store it resides in, but on the depth and semantic elabora-
tion of processing applied to the information. Deep, meaning-oriented encoding produces more
persistent memory traces than shallow, perceptual processing—a finding repeatedly confirmed
by subsequent behavioral and neuroscientific studies. In knowledge-intensive tasks, deep pro-
cessing often requires time, attention, and active engagement—resources that are frequently
scarce.
Neurophysiological research has extended classical models by illuminating the biological basis
of encoding and retrieval. Single-neuron recording studies show that hippocampal and medial-
temporal lobe neurons respond selectively to abstract concepts, forming building blocks of
episodic and semantic representations [73]. Electrophysiological evidence further demonstrates
that stronger neural activation during encoding predicts greater likelihood of later retrieval
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success—the subsequent-memory e�ect [14].
Memory research has also embraced ecological and contextual perspectives. Studies using
immersive virtual environments indicate that spatially rich, multisensory contexts enhance
episodic encoding [68], while “real-life” neuroscience approaches argue that memory should be
studied in dynamic, socially embedded settings rather than in isolation [76]. At a systems
level, contemporary accounts emphasize that memory emerges from distributed interactions
across cortical–hippocampal networks [61], and neuroimaging evidence suggests that retriev-
ing a memory can reactivate cortical patterns present during encoding [48]. Taken together,
these perspectives motivate two principles used throughout this thesis: (i) encoding depth
and attentional control strongly shape memory outcomes, and (ii) memory is cue-dependent,
reconstructive, and sensitive to external context.
Metacognition, Confidence, and Source Monitoring
Beyond structural limitations, e�ective use of memory in professional contexts depends on
metacognitive processes: individuals’ awareness and regulation of their own cognitive processes,
including judgments about what they know and how confident they are in that knowledge. In
decision-making contexts, metacognitive accuracy is essential for assessing the reliability of
recalled information and for determining when additional information is needed.
Confidence judgments play a central role. Individuals routinely assess their confidence in mem-
ories and use these assessments to guide decisions. However, confidence is not always well
calibrated to accuracy: individuals may be highly confident in inaccurate memories or un-
certain about accurate ones, particularly when contextual cues are ambiguous or misleading
[41].
A key mechanism underlying these phenomena is source monitoring. Source monitoring refers
to the process by which individuals attribute memories to their origins, distinguishing between
information derived from direct experience, external sources, or inference [37]. Accurate source
monitoring is critical for maintaining ownership and accountability in decision-making, as it
allows individuals to trace the provenance of their knowledge. Failures of source monitoring
can lead to misattributions, such as confusing internally generated thoughts with externally
provided information [47]. In organizational contexts, such misattributions may have significant
consequences: decisions based on incorrectly attributed information may be defended with
unwarranted confidence, obscuring responsibility and hindering learning from errors.
A complementary tradition in cognitive psychology emphasizes that remembering is not a ver-
batim replay but a constructive process shaped by schemas and expectations. In his seminal
work, Bartlett [10] argued that recall reflects reconstruction guided by prior knowledge, which
can yield distortions that are coherent but not faithful to the original experience. This recon-
structive property is central for AI-assisted cognition: when users encounter fluent AI-generated
representations, those representations can become integrated into the schema that guides later
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reconstruction, increasing the risk that plausible but incorrect details are remembered as “hav-
ing been in the source.”
From a systems perspective, episodic remembering is distinguished from semantic knowledge
because it carries contextual tags (where, when, and how information was acquired) that en-
able source attribution and confidence judgments. Reviews of episodic-memory mechanisms
highlight that contextual reinstatement and source cues are key determinants of retrieval fi-
delity [37, 87]. In this thesis, this motivates treating source monitoring and misinformation
susceptibility as first-class outcomes rather than as peripheral errors.
How Readers Learn from Expository Texts Humans do not memorize information in a vacuum;
when reading expository texts (such as scientific articles or technical reports), they actively
construct a mental representation of the content that integrates new information with prior
knowledge. According to discourse comprehension theory, readers form a hierarchical situa-
tion model of a text, which entails establishing local coherence between consecutive ideas and
global coherence across the entire discourse [89]. In building this situation model, the reader
must identify the text’s structure, discern relationships between key concepts, and continuously
update their understanding as new information is introduced. This process places substantial
demands on attention and working memory.
Two lines of learning research are particularly relevant for interpreting AI summaries in reading
contexts. First, learning improves when readers actively organize and elaborate content rather
than passively re-reading it, consistent with the Levels of Processing framework [20]. Second,
even when verbatim recall does not increase, organizational supports (e.g., structured previews
or graphic organizers) can improve conceptual integration and performance on applied questions
[81].
Because of these cognitive demands, the way an expository text is structured—and the presence
of guiding cues or previews—can significantly influence learning outcomes. Pre-reading aids,
often termed advance organizers [5, 6], activate relevant schemas and highlight the organiza-
tional framework of the forthcoming content. Empirical studies find that students who receive a
conceptual outline or summary before reading complex text often achieve better comprehension
and organization of recall [33, 56]. Structural cues such as informative headings guide attention
and improve memory for the organization of ideas [51].
Importantly, these aids often improve integration and comprehension even when total free
recall of facts is unchanged [33, 81]. This distinction between organizational understanding and
verbatim detail is relevant for evaluating AI-generated summaries: summaries may strengthen
gist and coherence while potentially weakening detail-rich encoding.
Memory Constraints in Knowledge-Intensive Work The limitations of human memory have
concrete implications for knowledge-intensive work. Professionals are often required to make
decisions based on incomplete information, under time pressure, and with limited opportu-
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nity for rehearsal or reflection. One critical challenge is the temporal dispersion of decisions:
in many organizational settings, decisions are made incrementally over extended periods, and
maintaining continuity requires recalling not only factual information but also the rationale
behind prior choices. Episodic memory, however, is particularly vulnerable to decay and con-
textual mismatch, making such continuity di�cult to sustain. Another challenge arises from
information overload: the sheer volume of information encountered in knowledge-intensive roles
exceeds the capacity of working memory, forcing individuals to prioritize and selectively en-
code information. These selection processes are influenced by attentional constraints and task
demands, which may not align with future retrieval needs.
These constraints help explain the appeal of AI-based cognitive support systems. By external-
izing information and maintaining persistent representations, AI systems can alleviate some of
the burdens imposed by memory limitations. However, as subsequent sections show, this alle-
viation comes with trade-o�s that a�ect how information is encoded, retained, and retrieved.
Because the thesis links cognitive constructs (encoding, retrieval, source monitoring) to orga-
nizational practices (decision workflows, governance), it requires a coherent mapping between
levels and paradigms. This motivates the thesis’s multi-method strategy: rather than assum-
ing one-to-one equivalence between laboratory tasks and professional practice, the thesis uses
Study 1 as mechanistic evidence and Study 2 as contextual evidence and integrates them via
the AI Bu�er Model.

2.4. Cognitive O�oading and External Representations
External representations are a long-standing feature of human cognition: people routinely use
notes, outlines, and digital tools to reduce memory demands and to coordinate complex tasks.
O�oading can be adaptive in environments where working-memory resources are limited and
tasks are time-constrained [7, 71].
The most visible modern example is internet search. When information is reliably accessi-
ble, people encode less of the content itself and more of the location or access strategy [80].
Meta-analytic evidence suggests that frequent search behavior is associated with reduced recall
of content alongside improved memory for where information can be found [29]. These find-
ings clarify an important trade-o�: external availability can improve task performance while
weakening internal knowledge structures if it displaces deep processing [20].
This trade-o� has motivated broader arguments that pervasive digital sca�olding may reshape
cognition over time by changing the balance between internal memory and external retrieval
habits. The “online brain” perspective synthesizes evidence that ubiquitous access technolo-
gies can shift attentional strategies and memory reliance [27, 71, 80]. While such shifts can
be adaptive in complex environments, they can also create dependence on external systems
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for knowledge continuity and reduce opportunities for e�ortful encoding and self-generated
retrieval.
Generative AI extends o�oading beyond retrieval by producing transformed representations
(summaries, explanations, and drafts). This transformation can function as a sca�old for
comprehension and decision-making, but it also changes source-monitoring conditions: when
AI-generated content is fluent and plausible, users may later confuse its origin or accept it
with insu�cient scrutiny [37, 93]. Accordingly, the e�ects of generative AI cannot be under-
stood solely as “more information access”; they depend on how AI representations are timed,
structured, and integrated into the user’s workflow.

2.5. Cognitive E�ects of AI-Generated Representations
on Memory

The integration of AI systems into knowledge-intensive work has introduced new forms of in-
teraction between humans and external representations. Unlike traditional informational tools,
AI systems—particularly generative AI—do not merely store or retrieve information but ac-
tively generate representations that shape how information is processed. These representations
influence memory at multiple stages, including encoding, maintenance and consolidation, and
retrieval. Understanding these e�ects is essential for assessing both the benefits and risks of
AI-supported cognition. This section synthesizes findings from cognitive psychology, learning
sciences, and recent studies on AI-assisted tasks to analyze how AI-generated representations
a�ect human memory processes.
E�ects on Encoding: Attention Allocation and Depth of Processing Memory encoding refers to
the processes through which information is initially processed and transformed into a form that
can be stored in long-term memory. Encoding quality is a critical determinant of later recall
and understanding. Cognitive research has consistently shown that encoding is not automatic;
it depends on attentional allocation, elaboration, and depth of processing [20].
AI systems can influence encoding by restructuring information and guiding attention toward
specific elements. Summaries and structured outlines generated by AI may reduce the e�ort
required to identify key points, thereby facilitating initial comprehension. Research on ad-
vance organizers suggests that providing structured representations before or during learning
can enhance encoding by activating relevant schemas and directing attention to important re-
lationships [5, 6]. Empirical studies on instructional design support this view: pre-instructional
strategies such as headings or conceptual overviews improve recall by helping learners organize
incoming information [33, 56], and structured cues embedded in texts can guide readers toward
deeper processing of relevant content [51].
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However, the benefits of such support are not unambiguous. While structured representations
can facilitate deep processing, they may also reduce the need for users to actively construct
their own mental models. If AI-generated summaries replace rather than sca�old elaborative
processing, users may engage in shallower encoding. This risk is particularly salient when AI
outputs are consumed passively, without critical engagement.
Research on generative AI in learning contexts illustrates this tension. Bai et al. [8] found
that students who interact with a large language model by asking questions and explaining
answers can achieve better learning results than those who study without AI. The dialogue
can prompt deeper semantic processing, consistent with the Levels of Processing framework.
Similarly, Haider et al. [32] report improvements in recall and problem-solving in AI-assisted
learning settings. However, when users rely heavily on AI-generated explanations without ac-
tive engagement, they may achieve higher immediate performance but exhibit weaker long-term
retention, consistent with reduced depth of processing. Complementing behavioral evidence,
preliminary neuroscience work suggests that AI-assisted writing can modulate neural engage-
ment associated with attention and semantic processing [60].
Thus, AI systems can both enhance and impair encoding. They enhance encoding when they
sca�old attention and encourage elaboration; they impair it when they substitute for active
cognitive engagement.
E�ects on Maintenance and Consolidation Once information has been encoded, its retention
depends on processes of maintenance and consolidation. Maintenance involves keeping informa-
tion active in working memory through rehearsal, while consolidation refers to the stabilization
of memory traces in long-term memory over time. Both processes are sensitive to cognitive
load and attentional resources.
Working memory is severely capacity-limited, and excessive cognitive load can impair both
maintenance and consolidation [7]. Cognitive load theory emphasizes that learning and reten-
tion are optimized when extraneous load is minimized, allowing resources to be allocated to
germane processing [83]. AI systems can reduce cognitive load by externalizing information that
would otherwise need to be maintained internally, freeing cognitive resources for higher-level
reasoning and integration.
However, the externalization of rehearsal also introduces trade-o�s. When rehearsal is delegated
to external systems, internal consolidation processes may be weakened. Research on split
attention and redundancy e�ects suggests that learning can be impaired when learners rely too
heavily on external representations without integrating them into internal memory structures
[69]. Similarly, passive interaction with instructional materials has been shown to result in
weaker retention compared to active engagement [81]. Active learning research further supports
this distinction: engaging learners in activities that require explanation, retrieval, or application
leads to stronger memory consolidation than passive exposure to information [25].
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AI systems that encourage active interaction—such as prompting users to refine, critique, or
extend generated outputs—may therefore support consolidation more e�ectively than systems
that simply present finished representations. The Memoro system, for instance, o�ers a real-
time dialogue interface that prompts users to restate and verify information during study [59].
This resembles retrieval practice: periodic prompting and feedback can strengthen retention
by reactivating information and integrating it with existing knowledge. AI systems can also
support metacognition—the monitoring and regulation of one’s own cognitive processes. Sun
et al. [82] show that generative AI can improve metacognitive calibration in creative tasks by
prompting evaluation of alternatives and reflection on uncertainty. In learning contexts, similar
prompts may improve confidence judgments by making uncertainty explicit and by encouraging
verification behaviors.
E�ects on Retrieval: Cueing and Dependence Memory retrieval involves accessing stored in-
formation using available cues. Successful retrieval depends on the overlap between encoding
and retrieval contexts, as described by the encoding specificity principle [88]. External cues
can facilitate retrieval by reinstating aspects of the original encoding context.
AI systems can serve as powerful retrieval cues by re-presenting information in structured or
familiar formats. By maintaining external representations of prior analyses or decisions, AI
systems reduce the need for internal reconstruction during retrieval. This cueing logic suggests
that bu�er access can improve recognition of summary-aligned propositions even if free recall
remains unchanged. At the same time, reliance on external cues may reduce the need to
reconstruct information from internal traces, which could weaken detail-rich recall when the
bu�er is unavailable or when retrieval requires reconstruction beyond the bu�er’s coverage.
Research on cognitive o�oading indicates that individuals who frequently rely on external sys-
tems for retrieval may become less able to recall information independently [80]. Studies on
digital information access suggest that repeated reliance on external cues can reshape retrieval
strategies, making individuals more dependent on the availability of those cues [29]. Gener-
ative AI amplifies these dynamics by providing not only retrieval cues but also reconstructed
representations of information. While this can improve immediate performance, it may weaken
internal retrieval pathways and reduce the robustness of memory.
The trade-o� between immediate accessibility and long-term robustness is central to under-
standing AI’s impact on retrieval. By maintaining task-relevant representations in an accessible
form, the bu�er stabilizes recall across time and context; however, externally supported recall
introduces dependence that may prove fragile when external representations are unavailable or
inaccurate.
Risks: Benefits, Costs, and the Broader Cognitive Landscape The benefits of AI assistance
are coupled with significant risks. One concern is that AI tools can encourage users to invest
less e�ort in understanding and remembering, since fluent answers and summaries are available
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on demand. This may produce an illusion of competence: a user appears capable with AI
support but has not internalized the information [65]. Such risk is consistent with the o�oading
literature and with theories that emphasize deep processing and active engagement for durable
memory [7, 20].
At a broader level, pervasive AI tools may shift cognitive habits by reallocating e�ort from
memorizing details toward managing interfaces and interpreting AI outputs [27]. AI can also
shape the emotional and contextual aspects of memory: AI-curated experiences may heighten
arousal or personalization, which can strengthen certain memories but can also narrow exposure
and reduce diversity of encoded experiences [11]. Understanding when AI functions as a bene-
ficial extension versus a detrimental replacement of human memory is a central challenge; this
thesis approaches the problem by examining design-sensitive mechanisms, particularly timing
and structure of AI-generated summaries.

2.6. Confidence, Source Monitoring, and Cognitive Load
in Assisted Cognition

AI-generated summaries can alter not only what is learned, but also the conditions under which
confidence is formed and sources are discriminated. This section synthesizes three theoretical
strands that motivate the key design manipulations in Study 1: (i) cognitive load and split
attention during learning, (ii) how timing of access changes encoding and cue availability, and
(iii) how source-monitoring demands shape vulnerability to plausible but incorrect information.
Foundational Theories Motivating Timing and Structure
The experimental manipulations in this thesis are grounded in well-established findings in the
learning sciences. The AI-generated summary functions as a compact surrogate for an article’s
key propositions. The timing of access to this summary is manipulated to test whether seeing
a summary before reading helps to organize and sca�old encoding of the full text, as opposed
to seeing it mid-way or only after reading. The structure of the summary is manipulated to
test whether presenting it as an integrated paragraph versus as segmented bullet points a�ects
coherence building and source attributions.
Advance organizers and pre-reading sca�olds. Ausubel’s theory of advance organizers predicts
that providing a high-level conceptual framework prior to learning enhances integration of
new knowledge by activating relevant schemas and guiding attention during encoding [5, 6].
Evidence on pre-instructional strategies shows that previews (e.g., outlines or summaries) can
improve comprehension and organization [33, 56], and headings can guide attention and improve
recall of structure [51]. This suggests that pre-reading access to AI summaries may be especially
beneficial when the summary acts as an encoding sca�old rather than as a post-hoc reminder.
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Mid-reading interruptions and divided attention. Presenting an AI summary synchronously
may introduce costs via task-switching and disrupted coherence: readers may need to pause,
reorient, and rebuild a situation model. Task interruption and divided attention can impose ex-
tra working-memory demands, potentially weakening integration of information and increasing
reliance on surface-level cues [7].
Cognitive load, split attention, and integrated presentation. Cognitive load theory emphasizes
limited working-memory resources and predicts that formats that minimize extraneous pro-
cessing demands yield better learning [83]. The split-attention e�ect shows that when related
information is separated, learners must expend e�ort to integrate it, which can impair learn-
ing [16]. Applied evidence confirms that integration vs. separation can produce measurable
performance di�erences [69]. In this context, an integrated paragraph summary may reduce
unnecessary scanning and facilitate verification against the source text, whereas segmented
bullet points may encourage piecemeal processing and increase coordination demands.
Memory Distortion and Epistemic Risk
The Source Monitoring Framework [37] emphasizes that remembering involves determining
where information came from (e.g., “Did I read this in the article, or did it come from the
summary?”). Source attributions rely on contextual and qualitative features of a memory;
when di�erent sources overlap and memories lack distinctive details, misattribution becomes
more likely. The misinformation e�ect illustrates this risk: misleading post-event information
can be incorporated into memory and later misattributed to the original event [49, 50]. Related
work shows that suggestibility increases when sources share overlapping details and contextual
tags are weak [47].
Beyond individual paradigms, reviews of misinformation and memory distortion emphasize
that false memories are not rare anomalies but systematic outcomes of normal reconstructive
processes under conditions of suggestion, source-confusability, and fluency [15, 49]. For AI-
assisted cognition, this is a critical framing: when AI outputs are plausible and presented in
ways that blur provenance cues, they can function as post-event information that competes
with or overwrites source material in memory.
False-memory research further underscores how gist-based representations can generate confi-
dent errors. In the DRM paradigm, people falsely recall theme-consistent lure words [72]. Fuzzy
Trace Theory explains this by positing that both gist and verbatim traces are encoded, but
reliance on gist can dominate when verbatim traces are weak [12]. Summaries emphasize gist
and can thus increase vulnerability to gist-consistent false recognitions, especially if AI output
is plausible and fluent. This motivates measuring epistemic risk (e.g., false-lure endorsement)
in Study 1 and motivates design choices that support provenance discrimination.
AI-generated representations may exacerbate these vulnerabilities. Generative AI systems can
produce fluent and coherent outputs that appear authoritative, even when they contain inac-
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curacies or hallucinations. When users integrate such outputs into their understanding, they
may inadvertently encode false information, leading to distorted memories. Recent studies on
AI-assisted tasks indicate that users may develop inflated confidence in AI-supported knowl-
edge, even when accuracy is compromised [27, 93]. This combination of fluency, confidence,
and source confusion represents a significant cognitive risk, particularly in high-stakes decision-
making environments.

2.7. From Individual Memory to Decision-Making
Decision-making in knowledge-intensive work is deeply intertwined with human memory. De-
cisions rarely rely on immediate perception alone; rather, they depend on the ability to recall
prior information, integrate past experiences, and assess the reliability of available knowledge.
As such, memory processes—particularly encoding quality, retrieval reliability, and metacog-
nitive awareness—constitute foundational inputs to decision-making. This section bridges the
cognitive foundations reviewed above to the decision-level dynamics that the thesis examines.
Memory Constraints and Decision Quality Classical theories of decision-making often assume
that individuals can access relevant information and evaluate alternatives rationally. However,
the concept of bounded rationality captures a more realistic insight: decision-makers operate
under constraints of limited attention, memory, and computational capacity [78]. Rather than
optimizing, individuals satisfice, relying on heuristics and incomplete representations of complex
problems.
Memory limitations play a central role in these constraints. Decisions are shaped not by objec-
tive information sets, but by what decision-makers can recall and reconstruct at the moment
of choice. When relevant information is poorly encoded or di�cult to retrieve, decision quality
su�ers regardless of the availability of external data. The e�ort required to retrieve and in-
tegrate information further influences outcomes: individuals tend to rely on information that
is more readily accessible, even when it is not the most relevant [41]. This accessibility bias
means that memory salience, rather than objective importance, often guides decision-making.
Consequently, external representations that increase accessibility can have a disproportionate
impact on decisions.
AI systems can alter this dynamic by reshaping information accessibility. By externalizing
information and providing structured representations, AI reduces the cognitive e�ort required
to recall and integrate information. This reduction may improve decision quality by enabling
decision-makers to consider a broader range of relevant factors. At the same time, it may also
bias decisions toward information emphasized by AI-generated representations [95].
Decision Speed and Cognitive O�oading In addition to decision quality, memory constraints
influence decision speed. Knowledge-intensive work often requires timely decisions under uncer-
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tainty, where prolonged deliberation may be impractical. AI systems can significantly enhance
decision speed by providing readily accessible summaries, recommendations, or prior rationales,
reducing the time required to reconstruct decision contexts.
However, faster decisions are not always better decisions. The reduction of cognitive e�ort
may come at the cost of reduced deliberation, increasing the risk of superficial reasoning.
The distinction between fast, intuitive processing and slow, deliberative processing highlights
this trade-o� [41]. AI-supported decision-making may inadvertently favor faster, less reflective
modes of reasoning if users rely uncritically on AI outputs. The balance between speed and
deliberation is particularly important in organizational contexts, where decisions often have
long-term implications.
Decision Ownership, Confidence, and Accountability Beyond quality and speed, decision-making
involves issues of ownership and accountability. Decisions are not merely cognitive outcomes;
they are socially situated acts for which individuals and organizations must take responsibility.
Memory plays a critical role by supporting confidence judgments and source attribution.
Confidence in decisions often reflects confidence in the underlying knowledge. When decision-
makers are uncertain about the provenance or reliability of recalled information, their confidence
may be miscalibrated. Metacognitive processes such as source monitoring are therefore essential
for maintaining decision ownership [37]. Accurate source monitoring allows individuals to
distinguish between information derived from personal experience and information obtained
from external sources.
AI systems complicate this process by introducing new sources of information that are neither
fully internal nor fully external in traditional terms. AI-generated representations may be
integrated into users’ understanding in ways that blur the distinction between human judgment
and machine-generated input. Over time, this blurring can lead to source confusion, making
it di�cult to attribute decisions to specific informational origins. If AI is perceived as an
authoritative source, decision-makers may defer judgment and attribute responsibility to the
system, undermining accountability. Conversely, if AI is treated as a cognitive partner rather
than a decision-maker, human ownership of decisions can be preserved.
Maintaining decision ownership in AI-augmented environments thus requires explicit attention
to cognitive and organizational design. Users must remain aware of the role AI plays in shap-
ing their decisions, and organizations must establish norms that clarify responsibility. These
considerations form a critical link between individual cognition and organizational governance.
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2.8. Human–AI Decision-Making (Trust, Reliance, Bias,
Accountability)

When AI outputs support decisions, the central behavioral question becomes not only accuracy
but also calibrated reliance: users must decide when to accept an AI representation, when to
verify it, and when to disregard it. In educational contexts, over-reliance can reduce active
engagement and long-term skill development [93]. In professional contexts, similar dynamics
can create a dependence loop in which decision-makers defer to AI recommendations even when
they could reason independently, producing a knowledge imbalance and increasing epistemic
risk [95]. These dynamics are more likely when AI outputs are fluent, time pressure is high,
and verification costs are non-trivial.
Work on AI assistants and user interpretations further suggests that interface framing can shape
expectations about agency and competence, influencing both trust and perceived responsibility—
a dynamic that becomes more salient as AI outputs are embedded into workflows and presented
with conversational fluency [43].
Importantly, “trust” and “reliance” should be distinguished. Users may express general trust
in AI systems while still choosing not to rely on them in a given task, or they may rely heavily
because the workflow makes verification costly even when trust is low. In assisted cognition,
reliance becomes a form of resource allocation: deciding whether to invest e�ort in independent
reasoning, to cross-check sources, or to o�oad to an external representation [71]. This implies
that improving outcomes is not only about increasing AI accuracy, but also about shaping the
conditions of calibrated reliance (feedback, provenance cues, and low-friction verification).
Reliance is also mediated by skill and literacy. Because generative AI outputs are probabilistic
and can contain plausible errors, e�ective use requires AI literacy: the ability to interpret
outputs, recognize uncertainty, and choose appropriate validation strategies [91]. Without such
literacy, users may adopt uncritical patterns of use (e.g., accepting fluent summaries as ground
truth) or may underuse AI due to uncertainty about when it is appropriate. This thesis therefore
treats reliance not as a stable attitude, but as a dynamic interaction between task constraints,
user competencies, and representational design.
Reliance is also shaped by how AI is embedded in team settings. In organizational decision-
making, the relevant unit is often not the individual user but the human–AI–team system:
AI outputs are interpreted, debated, and propagated through artifacts that multiple people
consume. Conceptual and empirical work on combining human and artificial intelligence for
strategic decisions highlights both complementarities (speed of synthesis, scenario exploration)
and coordination risks when AI recommendations are treated as authoritative without scrutiny
[39, 40, 86]. Research on human–AI collaboration emphasizes that e�ective collaboration re-
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quires appropriate coordination, role allocation, and mutual understanding between human
and artificial agents; AI systems are most e�ective when they support human judgment rather
than replace it [75]. In collaborative work, the benefits of AI assistance can also depend on
experience and role configuration: evidence on human–AI teaming suggests that workers with
di�erent levels of experience may collaborate with AI di�erently, which can shape whether AI
augments judgment or induces over-reliance [92].
Reliance is also shaped by accountability and transparency constraints. If an AI system influ-
ences decisions but its rationale is opaque, organizations may struggle to audit errors, detect
bias, or assign responsibility. The “black-box” problem is therefore not only a technical issue but
a governance issue: opaque systems can encourage uncritical acceptance while making failures
hard to diagnose [67]. For roles that mediate between stakeholders and technical systems—
such as product management—this elevates the importance of provenance cues, documentation
practices, and norms of verification when AI-generated summaries and recommendations enter
decision workflows [31, 34, 63].
Finally, human–AI decision-making has an explicit ethical dimension. When AI representations
influence judgments, errors can be di�cult to detect and responsibility can be di�cult to
assign, especially when AI content is reused and propagated through documents, dashboards,
and presentations. Accountability is not only about explaining model outputs; it is also about
maintaining a decision trace that links claims to sources and indicates which parts of a decision
were AI-mediated [67]. This is directly relevant for roles like product management, where
decisions must be justified to stakeholders and later revisited.

2.9. AI in Professional and Managerial Contexts
AI–Augmented Memory in Organizations and Applied Systems Beyond individual cognition,
the integration of AI into memory processes has significant implications for organizations and
knowledge-intensive work. Enterprises increasingly rely on digital ecosystems in which AI sys-
tems support information recall, contextual understanding, and knowledge retrieval, e�ectively
functioning as external, collective memory infrastructures.
AI tools can act as cognitive extensions in professional environments by organizing personal
and collective knowledge into searchable, semantically structured archives. By surfacing prior
meeting notes, decision histories, or relevant research exactly when needed, such systems ex-
ternalize elements of working memory and help maintain continuity in fast-paced workflows
[27, 59]. This extends cognitive o�oading [71, 80] into organizational settings where informa-
tion fragmentation is a constant challenge.
This perspective aligns with work on AI-assisted knowledge management, which emphasizes
complementarity between AI systems and human expertise [66]. AI can rapidly organize and
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filter information, but it is most e�ective when guided by humans who provide context and
interpretive insight. Together, they can sustain an organizational memory that is more com-
prehensive and accessible than unaided human memory, yet more flexible and meaningful than
data left to accumulate without human interpretation.
Applied AI–memory systems illustrate how algorithmic tools can function as external supports
for encoding, retrieval, and metacognitive regulation in real-world settings. In healthcare and
neurotechnology, AI-guided stimulation approaches have been shown to enhance episodic recall
in clinical contexts [45]. In education, intelligent tutoring systems improve learning outcomes by
tailoring practice and feedback [2, 53], and active learning improves durable retention relative
to passive reading [25]. Generative AI tutors can leverage these principles by sustaining reflec-
tive dialogue and prompting retrieval and self-explanation [1]. In everyday settings, augmented
reality interfaces are emerging as a platform for on-demand contextual recall; the “AR Secre-
tary Agent” combines wearable AR glasses with an LLM-based assistant to provide real-time
memory augmentation [24].
AI Adoption, Digital Transformation, and Role Reconfiguration At the organizational level,
AI is increasingly framed as a general-purpose technology that reshapes business processes,
role boundaries, and strategic decision-making rather than as a point solution. Strategy and
management research discusses how AI can be combined with human judgment in organizational
decisions, potentially improving speed and breadth of analysis while creating new coordination
and accountability challenges [42, 46, 86]. AI is increasingly treated as a strategic capability
for competitive positioning and business model innovation [36]. Industry reports similarly
emphasize that value creation depends on how organizations “rewire” processes and capabilities
around AI deployment rather than on model access alone [58].
This transformation is visible across business functions, where AI is adopted for customer-
facing and back-o�ce work. Practitioner overviews document AI use in customer support
and engagement [22], operations management [57], financial services [17], scenario analysis in
corporate finance [9], and human-resource management practices [62]. In many cases, adoption
is paired with automation technologies such as RPA and workflow tooling, which shift the
division of labor by externalizing routine decision steps into software artifacts [23, 55].
Such changes create new demands for organizational learning and training, including “hands-
on” AI skill development in business education and professional contexts [26, 91]. Reviews and
agendas highlight AI’s role in strategic decision-making and the emergence of new business-
model configurations enabled by algorithmic capabilities [4, 19, 38–40, 79].
AI-Augmented Organizational Memory and Knowledge Management
While previous sections have focused on individual and role-level cognition, the implications
of AI-supported cognition extend to the organizational level. Organizations rely on memory
to ensure continuity, coordination, and learning over time. Decisions, routines, and strategies
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are embedded in documents, processes, and shared representations that collectively constitute
organizational memory—the stored information from an organization’s history that can be
brought to bear on present decisions [90]. Unlike individual memory, organizational memory is
not bounded by biological constraints, but it is shaped by how information is encoded, stored,
and retrieved within organizational structures.
AI systems introduce new possibilities for enhancing organizational memory by enabling seman-
tic indexing, contextual retrieval, and dynamic summarization of organizational knowledge. By
generating structured representations of past decisions, discussions, and outcomes, AI can sup-
port continuity by making prior knowledge more accessible and interpretable. Recent research
suggests that AI-enabled systems can improve knowledge retrieval and reuse by aligning in-
formation with users’ current needs [66]. In this sense, AI functions as an active mediator of
organizational memory rather than as a passive storage mechanism.
This generative capacity positions AI as an active participant in organizational memory for-
mation. Rather than merely storing past information, AI systems influence how organizational
history is interpreted and recalled. Over time, repeated reliance on AI-generated representa-
tions may shape shared understanding and norms within the organization. Just as individuals
rely on external artifacts to support memory, organizations may rely on AI systems to maintain
continuity and coherence. While this reliance can enhance e�ciency and reduce knowledge loss,
it also introduces dependencies that may a�ect organizational learning and adaptability.
A key concern is epistemic vulnerability: when AI-generated representations become central
to organizational memory, inaccuracies or omissions may propagate across decisions. Because
AI outputs often appear coherent and authoritative, errors may be di�cult to detect, particu-
larly when original sources are not revisited. Algorithmic opacity exacerbates these challenges:
AI systems often operate as black boxes, making it di�cult for users to understand how rep-
resentations are generated or which sources are prioritized [67]. Research on AI governance
emphasizes the need for clear norms and structures that define how AI systems are used and
how responsibility is allocated [21]. E�ective governance requires transparency regarding AI
contributions, mechanisms for auditing AI-generated outputs, and training that fosters criti-
cal engagement rather than passive reliance. Maintaining redundancy and human oversight is
therefore essential for mitigating epistemic vulnerability.
Best practices in AI-augmented knowledge management include designing systems that pre-
serve links to original sources, encourage user reflection, and support traceability of decision
rationales. Moreover, fostering AI literacy at the organizational level is critical: users must un-
derstand the strengths and limitations of AI systems to e�ectively integrate them into knowledge
workflows [91].
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2.10. Product Management as a Decision-Intensive Do-
main

Product management is a decision-intensive role that integrates heterogeneous evidence (user
feedback, market signals, analytics, technical feasibility, and stakeholder constraints) into prod-
uct choices under uncertainty and time pressure. In agile settings, product managers coordinate
discovery and prioritization work while aligning cross-functional teams around goals and trade-
o�s [85]. These responsibilities make the role highly dependent on external representations:
roadmaps, requirement documents, research summaries, and internal knowledge bases stabilize
collective understanding over time.
The Product Manager Role as an Information-Integration Problem The core challenge of prod-
uct management lies in integrating diverse and often conflicting information streams. PMs must
synthesize inputs from engineering teams, user research, market analysis, business strategy, and
organizational leadership. Classic accounts emphasize the PM’s responsibility for maintaining
a coherent product vision while navigating trade-o�s among competing priorities [13]. This
responsibility requires not only technical understanding but also the ability to recall prior deci-
sions, assumptions, and rationales. Continuity over time is critical: decisions made at one stage
of product development often constrain future options, and failure to remember or reconstruct
earlier reasoning can lead to inconsistency and suboptimal outcomes.
From a cognitive perspective, this continuity places significant demands on episodic and se-
mantic memory. These demands are exacerbated by the fragmented and fast-paced nature of
product work. The PM role therefore illustrates how memory constraints translate into organi-
zational challenges: when information is poorly integrated or when decision rationales are lost
over time, organizations risk repeating mistakes, misaligning teams, or pursuing inconsistent
strategies.
AI Use-Cases in Product Management From a decision-process perspective, product manage-
ment can be described as a recurring cycle of (i) problem framing (defining user needs and
business objectives), (ii) option generation (alternative solutions and feature sets), (iii) priori-
tization under constraints (engineering capacity, time-to-market, risk), and (iv) evaluation and
iteration after release. Each step relies on artifacts that function as shared memory objects:
PRDs, user stories, sprint backlogs, dashboards, meeting notes, and stakeholder narratives.
These artifacts do not merely store information; they coordinate attention, align mental models
across functions, and preserve rationale so that decisions remain revisitable when assumptions
change.
This artifact-centric nature makes product management a sensitive domain for AI-generated
external representations. If AI becomes the first producer of the artifacts that others rely on—
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summaries of research, synthesized user feedback themes, competitive analyses, and executive-
ready narratives—then AI outputs can shape the initial frame of the decision problem and
thereby influence downstream choices even when humans remain nominally in control.
Generative AI is increasingly positioned as an additional representational layer in product-
management workflows, supporting tasks such as summarizing customer feedback, drafting
product narratives, and accelerating synthesis across fragmented information sources [31, 34,
63]. Practitioner and industry sources describe how AI is inserted into the everyday artifact
pipeline of product work: automating documentation and coordination tasks (e.g., drafting
PRDs, writing user stories, generating meeting summaries, and preparing stakeholder updates),
as well as use cases in discovery and synthesis (e.g., clustering feedback themes, proposing hy-
potheses, and generating experiment variants). In software-heavy settings, analyses of genera-
tive AI in product development highlight potential acceleration of time-to-market and changes
in cross-functional collaboration, as AI-generated artifacts flow between product, design, and
engineering teams [28].
These uses are best understood as a mix of automation (reducing repetitive synthesis work)
and augmentation (supporting judgment with condensed representations). While automation
benefits can be captured through time saved, augmentation benefits depend on whether the
representations preserve key assumptions, uncertainties, and trade-o�s that support judgment.
This distinction motivates Study 2’s focus on both perceived e�ciency gains and perceived
decision-making changes (Section 6.2).
However, AI adoption also shifts part of the PM role toward evaluation and governance of AI
outputs: product managers may need to detect when AI-generated summaries are incomplete
or biased, maintain provenance cues, and ensure that accountability for decisions remains clear
[67]. At the same time, because product decisions are accountable to multiple stakeholders,
AI-generated representations can create organizational risks that mirror cognitive risks. If
AI outputs are reused across documents without clear provenance, errors can propagate and
responsibility can di�use. This makes governance mechanisms (documentation, traceability,
and explicit validation steps) part of the representational system itself rather than an external
compliance layer.
Cross-Cultural Adoption and Organizational Context AI adoption in product management does
not occur in a vacuum; it is shaped by organizational and cultural contexts. Di�erences in risk
tolerance, governance practices, and attitudes toward automation influence how AI systems
are integrated into workflows. Cross-cultural studies suggest that variations in organizational
norms and managerial practices can lead to di�erent patterns of AI use: cultures that empha-
size e�ciency and standardization may be more inclined toward automated workflows, while
those that prioritize individual judgment may favor augmentation-oriented approaches. These
di�erences have implications for how cognitive o�oading and epistemic dependence manifest
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in practice.
AI literacy plays a moderating role in these dynamics. Users with higher AI literacy are bet-
ter equipped to critically evaluate AI outputs, calibrate trust, and integrate AI support into
decision-making processes without relinquishing control [91, 92]. Conversely, limited AI liter-
acy may exacerbate over-reliance or misuse, particularly in high-pressure decision environments.
Because product management combines heavy information processing with high-stakes commu-
nication and justification, it provides a natural applied setting for studying how AI-generated
representations shape both cognition and reliance.
These accounts align with a broader business-operations framing in which AI supports both
operational e�ciency and strategic exploration [4, 84]. For product managers, the implication
is that AI becomes part of the decision infrastructure: it can influence which options are gen-
erated, which evidence is highlighted, and how trade-o�s are communicated, with downstream
implications for responsibility allocation and governance when AI-generated content is reused
across the organization. Organizational maturity, regulatory expectations, and cultural norms
can shape how much AI is used, which tasks are automated versus augmented, and how gover-
nance is implemented. This motivates explicit cross-context comparison within Study 2 (e.g.,
USA–China) as part of RQ2’s scope.

2.11. Synthesis and Research Gap
Across cognitive and organizational perspectives, prior work converges on a common pattern:
external representations can enhance performance by providing cues and reducing load, but they
can also induce cognitive o�oading and source confusion when they displace deep processing
[20, 37, 71, 80]. Generative AI intensifies this trade-o� because it produces fluent, transformed
representations whose provenance may be ambiguous and whose errors can be incorporated
into memory and judgment [15, 93]. In organizations, AI-augmented knowledge management
promises continuity and e�ciency [66], yet can create epistemic dependence and accountability
challenges when AI outputs shape professional decisions [67, 95].
The Cognitive Gap Many cognitive studies operationalize “AI assistance” as a coarse treat-
ment (AI vs. no AI) without testing how representation design features—timing, structure, and
provenance cues—shape outcomes. This makes it di�cult to derive actionable design guid-
ance: if outcomes depend on how AI is embedded into the task, then binary comparisons can
obscure mechanisms and lead to inconsistent conclusions. Moreover, performance benefits are
often reported without parallel measurement of epistemic risk (e.g., misinformation acceptance,
source confusions, or miscalibrated reliance), even though these risks may be more consequen-
tial in decision settings than small changes in accuracy. There is limited understanding of how
specific configurations of AI support causally a�ect memory encoding, consolidation, retrieval,



2| Literature Review

confidence, and source monitoring.
The Organizational Gap On the organizational side, the emerging literature often documents
adoption, perceived productivity gains, and general attitudes, but less frequently connects ob-
served practices to cognitive mechanisms. Research on AI adoption in managerial and profes-
sional roles frequently relies on perceptual or performance-based measures, such as self-reported
productivity gains or role changes, while abstracting away from the cognitive mechanisms that
drive observed outcomes. Questions such as how AI-generated representations a�ect decision
continuity, accountability, and organizational memory over time, or how they influence the
preservation and reuse of decision rationales, remain underexplored. Without addressing these
issues, organizational research risks treating AI as a black box that produces outcomes without
explaining the processes through which they arise.
The Integrative Gap The most significant gap is integrative in nature. Cognitive studies rarely
connect interface-level design choices (timing, structure, provenance cues) to professional re-
liance patterns, while organizational accounts rarely link observed AI use to mechanisms such as
cue-dependent retrieval and source monitoring. Although cognitive and organizational perspec-
tives on AI have developed in parallel, they are rarely connected through a unified framework.
This separation obscures the pathways through which AI-supported cognition influences or-
ganizational performance and governance. Bridging this gap requires a multi-level approach
that explicitly links cognitive mechanisms—such as memory encoding, retrieval reliability, con-
fidence, and source monitoring—to decision-making processes and organizational outcomes.
Positioning of the Thesis This thesis addresses these gaps with a multi-level design: Study 1
provides causal evidence on how timing and structure of AI-generated summaries a�ect mem-
ory and epistemic risk in a controlled reading task, while Study 2 characterizes how product
managers deploy AI-generated representations in decision-intensive work [31, 34, 63, 85]. These
empirical investigations are unified by an integrative theoretical framework that connects AI
systems to cognitive bu�ering mechanisms and decision-making outcomes. By explicitly link-
ing micro-level cognitive processes to meso-level organizational dynamics, the thesis contributes
to a more comprehensive understanding of AI augmentation in knowledge-intensive work. The
next chapter introduces the AI Bu�er Model as an integrative framework to connect these levels
and to derive propositions for safer, more e�ective AI-assisted cognition and decision-making.
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This chapter develops the integrative theoretical framework that connects the cognitive and
organizational levels of analysis in this thesis. Building on the literature review, it articulates a
multi-level structure in which distinct components operate at di�erent levels of analysis while
remaining tightly interrelated.
The chapter proceeds in four main steps. First, it positions AI-generated external representa-
tions as a form of cognitive infrastructure (Section 3.1). Second, it introduces the AI Bu�er
Model, which formalizes the cognitive mechanisms through which AI-generated representations
interact with human memory during task execution (Section 3.2). Third, it traces how these
cognitive mechanisms shape decision-making processes and organizational outcomes through
the AI-Augmented Decision Framework (Sections 3.3 and 3.4). Finally, it derives testable
hypotheses and propositions aligned with RQ1–RQ3 (Section 3.6).
Without an explicit account of how AI-induced cognitive changes translate into decision-making
dynamics, organizational analyses risk treating AI as a black box that produces outcomes
without explaining the mechanisms that generate them. By making explicit the links between
cognition, decision-making, and organization, this chapter provides the conceptual foundation
for the empirical studies presented in the subsequent chapters.

3.1. Positioning: AI-Assisted External Representations
as Cognitive Infrastructure

Across domains, humans use external representations to stabilize information, reduce memory
demands, and coordinate complex tasks. In cognitive terms, this practice is often described
as cognitive o�oading—the strategic use of external artifacts to store information or reduce
internal processing requirements [71]. Digital search technologies provide an emblematic case:
when information is reliably accessible, people may encode less of the content itself and more
of the access strategy [80]. This does not imply that o�oading is inherently harmful; rather,
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it highlights that cognition adapts to the structure of the environment and the availability of
external resources.
Generative AI extends external representation beyond retrieval by producing transformed rep-
resentations: summaries, explanations, and recommendations that compress, reorganize, and
reframe source material. Compared with notes or static documents, these representations are
often fluent, context-rich, and immediately reusable. As a result, they can become part of the
cognitive infrastructure of a task—not merely an output to be read, but an always-available
representational layer that shapes what users attend to, what they encode, and which cues are
available during retrieval. From the perspective of encoding specificity [88], the introduction
of a persistent AI representation can change both encoding conditions (what cues are present
while learning) and retrieval conditions (what cues are present when remembering), with direct
implications for memory performance and error.
AI-generated representations also introduce distinctive epistemic risks. When an external rep-
resentation is plausible and blends seamlessly with source content, users may later confuse its
origin. The Source Monitoring Framework emphasizes that remembering involves attributing
content to its source; when contextual tags are weak, source confusions and misattributions
become more likely [37]. The risk is amplified when AI content includes subtle inaccuracies or
leading suggestions: generative systems can introduce details that are later incorporated into
a user’s recollection or judgment [15]. Accordingly, AI-assisted external representations should
be conceptualized not only as aids, but also as potential drivers of distortion, over-reliance, and
miscalibrated confidence [93].
Finally, the notion of cognitive infrastructure has an organizational dimension. Knowledge-
intensive work is mediated by shared artifacts—documents, roadmaps, dashboards, and decision
logs. When AI-generated summaries and recommendations enter these artifact ecosystems,
they can reshape collective memory and decision processes. Organizations may benefit from
improved knowledge continuity and retrieval [66], while simultaneously facing new challenges
of accountability, transparency, and epistemic dependence [67, 95]. This thesis therefore treats
AI-assisted external representations as a multi-level phenomenon: they influence individual
cognition (RQ1), organizational practice in product management (RQ2), and the link between
these levels (RQ3).

3.2. The AI Bu�er Model
The increasing integration of AI systems into knowledge-intensive work has intensified the need
for cognitive models capable of explaining how externally generated representations interact
with human cognition. While existing research has addressed related phenomena such as cog-
nitive o�oading, distributed cognition [35], and extended memory, these perspectives often
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remain fragmented or underspecified when applied to AI-supported tasks. In particular, they
frequently fail to distinguish between static external aids and adaptive, generative systems that
dynamically reshape information during task execution.
The AI Bu�er Model addresses this gap by providing a formal cognitive framework that con-
ceptualizes AI-generated external representations as an intermediate cognitive layer. This layer
persists throughout task execution and actively interacts with core memory processes, includ-
ing encoding, retrieval, confidence calibration, and cognitive load management. By doing so,
the model o�ers a principled account of how AI systems influence cognition without assuming
either full automation or passive tool use.
Crucially, the AI Bu�er Model does not treat AI systems as autonomous decision-makers, nor
does it reduce them to mere storage devices. Instead, it situates AI-generated representations
within the cognitive loop, emphasizing their role as epistemic sca�olds that reshape how users
engage with information over time.
Definition and Scope
The AI Bu�er is defined as a set of AI-generated external representations that persist during
task execution and are intentionally integrated into the user’s cognitive process. These rep-
resentations may take the form of summaries, structured outlines, reformulations, contextual
prompts, synthesized explanations, or dynamically updated representations of task-relevant
information.
What distinguishes the AI Bu�er from traditional external memory aids is not its physical
location or medium, but its functional integration within cognition. Static artifacts such as
notes or documents typically require deliberate retrieval and interpretation. In contrast, AI-
generated representations are produced in response to user intent, adapted to task context, and
continuously consulted during ongoing cognitive activity.
The AI Bu�er does not aim to replace internal memory or to function as a long-term archival
system. Rather, it operates as an intermediate representational layer that supports cogni-
tion by maintaining task-relevant information in a structured, accessible, and context-sensitive
form. From a theoretical standpoint, the AI Bu�er builds upon the tradition of distributed
cognition [35], which conceptualizes cognitive processes as distributed across internal and ex-
ternal resources. However, the model extends this tradition by focusing specifically on AI-
generated representations that are adaptive, generative, and persistently available throughout
task execution—properties that distinguish the AI Bu�er from earlier forms of external cogni-
tion and make it particularly relevant for contemporary AI-supported work.
Importantly, the AI Bu�er is knowingly externalized. Users are aware that representations
originate from an AI system, yet these representations become tightly coupled with internal
cognition through repeated interaction. This coupling creates a hybrid cognitive system in
which internal and external representations jointly shape reasoning and memory.
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Figure 3.1: The AI Bu�er Model: AI-generated external representations (the bu�er) interact
with human cognition and mediate downstream decision processes and organizational outcomes.

Model Components and Design Levers
The AI Bu�er Model distinguishes three core elements:

• Human memory system. A capacity-limited working-memory workspace and long-
term memory stores that support encoding, consolidation, and retrieval [7].

• AI-generated representation (the bu�er). A persistent external representation (e.g.,
a summary) that can be consulted during task execution and that provides semantic
content and retrieval cues.

• Task and interface context. The constraints and interaction structure that govern how
the bu�er is accessed (e.g., timing of availability, integrated vs. segmented formatting)
and how the user allocates attention between sources.

In Study 1, two interface-level levers operationalize properties of the AI Bu�er:
• Timing of access: whether the bu�er is available before reading (pre-reading), during

reading (synchronous), or after reading (post-reading). Timing changes whether the bu�er
functions as an advance organizer, an interruption, or a review aid [5, 6].

• Structure of presentation: whether the bu�er is presented as an integrated para-
graph or as segmented bullet points. Structure changes coherence cues and coordination
demands, and is expected to a�ect split-attention costs and verification behavior [16, 83].

Other properties (e.g., factual accuracy, provenance cues, and the degree of interactivity) are
treated as important contextual variables, but are held constant or discussed as boundary
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conditions in the present work.
Cognitive Functions and Mechanisms Aligned with RQ1
RQ1 asks how AI-generated external representations influence core human memory processes.
Within the AI Bu�er Model, these influences are expressed through five tightly linked con-
structs: encoding, recall/recognition, source monitoring, confidence calibration, and cognitive
load.
Encoding modulation. Encoding refers to the transformation of information into a form that can
be stored in memory. Encoding depth depends on attentional allocation and elaborative pro-
cessing [20]. The AI Bu�er modulates encoding by guiding attention toward specific elements
and by structuring content in ways that highlight relationships, hierarchies, and relevance.
When the bu�er functions as an advance organizer, it may activate schemas and provide a
high-level framework that guides attention toward central propositions [5, 6]. By externalizing
intermediate representations, the bu�er can reduce the cognitive e�ort required to identify
salient information, supporting deeper encoding when users allocate freed attentional resources
to interpretation and integration rather than surface-level processing.
However, encoding modulation is not uniformly beneficial. When a bu�er is perceived as a
reliable substitute for internal encoding, it may encourage shallow processing and cognitive
o�oading: users may allocate less working-memory e�ort to constructing a detailed internal
representation because the external representation remains available [71, 80]. The model ex-
plicitly accounts for this duality by treating encoding modulation as contingent on interaction
patterns rather than as an inherent benefit of bu�ering.
Recall and recognition. At retrieval, a bu�er can serve as a cue source that reinstates aspects
of the encoding context. Encoding specificity predicts better retrieval when cues present at
encoding are available at recall [88]. This cueing logic suggests that bu�er access can improve
recognition of summary-aligned propositions even if free recall remains unchanged. At the same
time, reliance on external cues may reduce the need to reconstruct information from internal
traces, which could weaken detail-rich recall when the bu�er is unavailable or when retrieval
requires reconstruction beyond the bu�er’s coverage.
By maintaining task-relevant representations in an accessible form, the bu�er stabilizes recall
across time and context, supporting continuity in long-term tasks where internal memory decay
would otherwise undermine coherence. However, externally supported recall introduces depen-
dence: improved recall through bu�ering may come at the cost of reduced robustness when
external representations are unavailable or inaccurate.
Source monitoring. Because AI-generated content is fluent and semantically plausible, it can
blur boundaries between what was read in the original text and what was supplied by the
bu�er. The Source Monitoring Framework predicts greater misattribution when sources share
overlapping content and when contextual cues are weak [37]. In AI-assisted settings, this risk
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extends to both inadvertent inaccuracies and to structurally plausible but incorrect details.
The potential for suggestion-driven errors is supported by evidence that conversational AI can
increase false memories under certain conditions [15]. In the AI Bu�er Model, source monitoring
is therefore a central epistemic-risk channel, not a peripheral outcome.
Source monitoring also plays a critical role in decision ownership. Accurate source monitoring
enables decision-makers to distinguish between internally generated knowledge and externally
provided input. When AI-generated representations become tightly integrated into cognitive
processes, this distinction may blur, leading to uncertainty about the origin of specific judg-
ments or memories.
Confidence calibration. Confidence is a metacognitive judgment about the reliability of one’s
own memory or decision. AI-generated representations often enhance perceived fluency by pre-
senting information in a coherent, structured, and articulate form. This fluency can inflate
confidence independently of actual understanding, leading to overconfidence [41]. However,
fluency is not equivalent to correctness: if the bu�er introduces inaccuracies or if the user
misattributes bu�ered content to the source, confidence can become miscalibrated. This is
especially problematic when high confidence drives uncritical reliance on AI-generated repre-
sentations [93].
The model incorporates this ambivalence by treating confidence calibration as a modulated
outcome shaped by the interaction between AI-generated representations and user metacog-
nition: the bu�er can support confidence by clarifying complex information, but it can also
distort confidence when fluency masks uncertainty or gaps in knowledge.
Cognitive load redistribution. Working memory capacity is limited, and excessive cognitive
load impairs both performance and learning [7]. The bu�er can reduce load by compressing
information and by o�ering structured cues, but it can also add load by creating split attention
and task-switching demands. Cognitive load theory predicts that formats imposing extrane-
ous coordination demands reduce learning e�ciency [83]. The split-attention e�ect predicts
that separated information sources require extra integration e�ort, whereas integrated formats
reduce this burden [16]. Accordingly, a segmented summary may increase coordination costs
relative to an integrated summary, while synchronous access may introduce interruption costs
during reading.
The model treats cognitive load redistribution as a reallocation rather than a simple reduction,
emphasizing trade-o�s between immediate performance and long-term learning. This redistri-
bution can free cognitive resources for higher-level reasoning and integration, but it also reduces
internal rehearsal and maintenance, which are important for consolidation.
Temporal Dynamics and Interaction E�ects
A key contribution of the AI Bu�er Model lies in its attention to temporal dynamics. Bu�ering
e�ects are not static; they evolve over time as users interact repeatedly with AI-generated
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representations. Early interactions may enhance performance and reduce cognitive strain, while
prolonged reliance may reshape memory strategies and metacognitive habits.
The model therefore conceptualizes bu�ering as a dynamic process that unfolds across repeated
task episodes. Over time, users may adapt their encoding strategies, reduce internal rehearsal,
and increasingly rely on external representations. These adaptations can alter the balance
between internal and external cognition, with implications for learning, expertise development,
and resilience.
Interaction patterns also matter. Reflective interaction with the bu�er—such as question-
ing, revising, or extending AI-generated representations—may support deeper processing and
mitigate dependence. Passive consumption, by contrast, may amplify shallow encoding and
over-reliance. The model explicitly accommodates these interaction e�ects, positioning them
as boundary conditions rather than exceptions.
Boundary Conditions and Cognitive Risks
The AI Bu�er Model does not assume that bu�ering is universally beneficial; it specifies con-
ditions under which bu�ering supports cognition and conditions under which it undermines
it.
Memory distortion and false memories. Human memory is susceptible to suggestion and
reconstruction errors [10, 50]. AI-generated representations that contain inaccuracies or hallu-
cinations may be inadvertently integrated into memory, leading to distorted recall. Because AI
outputs often appear fluent and authoritative, such distortions may remain undetected [15].
Source confusion. When AI-generated representations are tightly integrated into cognitive
processes, source monitoring may blur, leading to uncertainty about the origin of specific judg-
ments or memories [37].
Epistemic dependence. Repeated reliance on bu�ering may lead to epistemic dependence.
External support can gradually replace internal memory robustness, increasing vulnerability to
system failures or errors [80]. The model treats epistemic dependence as an emergent property
of interaction patterns rather than as an inherent flaw of AI systems.
Individual di�erences. Prior knowledge can reduce reliance on the bu�er because users can
evaluate and integrate information more independently. Conversely, high time pressure or low
familiarity can increase reliance because verification costs are higher. At the organizational
level, AI literacy—the ability to interpret, evaluate, and appropriately use AI outputs—is
expected to moderate reliance behaviors and perceived benefits [91]. These factors are relevant
for both Study 1 (as individual di�erences) and Study 2 (as professional competencies and
organizational practices).
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3.3. From Cognitive Bu�ering to Decision Processes
While RQ1 focuses on memory mechanisms, knowledge-intensive work is ultimately evaluated
through decisions and actions. In most knowledge-intensive tasks, decision-makers do not
operate on the basis of complete, immediately available information. Instead, they rely on
reconstructed representations of prior analyses, experiences, and assumptions accumulated over
time. This dependence is well captured by the notion of bounded rationality, which emphasizes
that decision-makers operate under constraints of limited attention, working memory capacity,
and cognitive resources [78]. Memory limitations thus function as a structural filter, determining
the informational basis upon which decisions are formed.
AI-generated representations intervene precisely at this level. By externalizing intermediate
representations and maintaining them persistently throughout task execution, AI systems re-
duce the need for internal reconstruction. In doing so, they reshape the cognitive conditions
under which decisions are made, altering both the accessibility and the perceived reliability of
information. Crucially, this intervention does not replace human judgment, but modifies the
informational landscape within which judgment operates.
The AI Bu�er Model bridges cognition to decisions through three pathways:
(1) Evidence selection and salience. By compressing and reordering information, the
bu�er makes certain propositions more salient than others. This can improve e�ciency (faster
access to core points), but also introduce representational bias: what is summarized and how
it is framed can shape which evidence is considered. When users o�oad heavily, the bu�er
becomes a primary evidence source rather than a secondary aid [71, 80]. Deeper and more or-
ganized encoding increases the likelihood that relevant information will be accurately recalled
and appropriately integrated during decision-making, thereby supporting higher decision qual-
ity. However, when AI outputs substitute for cognitive e�ort, encoding may remain shallow,
weakening the informational foundation of subsequent decisions.
(2) Epistemic control and verification. Decisions in organizations often require trace-
ability: the ability to justify a choice by pointing to sources. Source monitoring failures can
therefore become governance failures. If users misattribute AI content to authoritative sources,
decision rationales may be built on unverified claims. This risk is magnified when AI systems
are opaque or when their reasoning is di�cult to audit [67]. Persistent external representa-
tions reduce reliance on internal reconstruction, supporting consistency across decisions made
at di�erent points in time. At the same time, externally anchored consistency introduces de-
pendence: consistency achieved through bu�ering may be fragile if external representations are
inaccurate or unavailable [80].
(3) Confidence-driven reliance. Confidence a�ects whether people seek additional infor-
mation, challenge a recommendation, or defer to an automated output. AI-generated represen-
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Cognitive mechanism (RQ1) Decision-process impli-

cation

Organizational risk / de-

sign need

O�oading and cue-dependent retrieval Faster access to “good
enough” evidence; less inter-
nal reconstruction

Over-reliance under time
pressure; need for verifica-
tion norms

Source monitoring and misinformation Misattribution of AI claims
as authoritative sources

Accountability failures; need
for provenance cues and au-
dit trails

Confidence calibration Greater decisiveness; re-
duced information-seeking
when confidence is high

Overconfidence in flawed
outputs; need for calibration
feedback

Cognitive load and split attention Reduced e�ort when sum-
maries compress informa-
tion; increased e�ort when
switching sources

Interface design matters (in-
tegration, timing); need to
minimize extraneous load

Table 3.1: How AI-assisted memory mechanisms can translate into decision-process dynamics.

tations often enhance fluency and coherence, which may inflate subjective confidence indepen-
dently of actual knowledge [41]. If AI bu�ers increase confidence without improving accuracy,
they can encourage over-reliance. Misaligned confidence can lead to premature commitment
or insu�cient scrutiny. At scale, this can produce a “knowledge imbalance” in AI-advised
decision-making where decision-makers become dependent on representations they cannot fully
evaluate [95].
Decision ownership and accountability. Beyond cognitive performance, decision-making in-
volves issues of ownership and accountability. Memory plays a central role by supporting
source monitoring and retrospective explanation. AI bu�ering complicates these dynamics by
introducing representations that blur the boundary between internal cognition and external sup-
port. Decision-makers may experience source ambiguity, leading to uncertainty about whether
a particular judgment originated from personal analysis or from system-generated input. Over
time, this ambiguity may weaken the sense of ownership over decisions [37]. Preserving deci-
sion ownership therefore requires maintaining metacognitive awareness of the role played by
AI-generated representations. Without such awareness, authority may implicitly shift toward
the system, undermining accountability. These issues are particularly salient in organizational
contexts, where decisions have long-term consequences and must be justified retrospectively.
Table 3.1 summarizes how the cognitive mechanisms identified in the AI Bu�er Model translate
into decision-process dynamics and organizational considerations.
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3.4. The AI-Augmented Decision Framework
The AI Bu�er Model provides a detailed account of how AI-generated external representations
interact with human memory and metacognitive processes during task execution. However,
understanding the broader implications of these mechanisms requires situating them within a
structure that explains how cognitive e�ects translate into decisions and, ultimately, into or-
ganizational outcomes. The AI-Augmented Decision Framework fulfills this role by integrating
the AI Bu�er Model into a multi-level decision-oriented perspective.
Crucially, the two models are not alternative or competing frameworks. The AI Bu�er Model
specifies the cognitive mechanisms through which AI systems influence human cognition, while
the AI-Augmented Decision Framework specifies how these mechanisms propagate upward
through decision processes to shape organizational outcomes. In this sense, the AI Bu�er
Model provides the cognitive foundation upon which the AI-Augmented Decision Framework
is built.
Framework Overview
The AI-Augmented Decision Framework is structured around four analytically distinct but
interdependent levels:

AI Systems
¿

AI Bu�er (Cognitive Level)
¿

Decision Processes
¿

Organizational Outcomes
At the first level, AI systems generate external representations in response to user intent and
task context. These representations include summaries, structured reformulations, contextual
cues, and synthesized explanations. Importantly, these outputs are not treated as final decisions
or recommendations, but as informational structures intended to support human cognition.
At the second level, these representations function as an AI Bu�er. As described in Section 3.2,
AI-generated representations persist during task execution and interact with memory encoding,
recall reliability, confidence calibration, and cognitive load distribution. This level captures
how AI systems reshape the cognitive environment in which individuals think, remember, and
interpret information.
At the third level, cognitive bu�ering mechanisms influence decision processes. Decisions
are formed on the basis of information that is accessible, salient, and trusted at the moment of
choice. By modulating memory and metacognition, the AI Bu�er reshapes the informational
inputs and constraints under which decisions are made, a�ecting how alternatives are evaluated,
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how strongly judgments are held, and how decisions are justified.
At the fourth level, repeated decision processes accumulate into organizational outcomes.
Decisions are embedded in routines, roles, coordination mechanisms, and governance structures.
Over time, the cognitive e�ects of AI bu�ering shape how organizations maintain continuity,
align actions, and assign responsibility.
The framework emphasizes a directional but non-deterministic logic. AI systems do not di-
rectly produce organizational outcomes. Instead, they intervene at the cognitive level, altering
the conditions under which decisions are made. Organizational outcomes emerge from the
aggregation of AI-augmented decisions within specific contexts.
Organizational Outcomes
Within the framework, organizational outcomes are derived from systematic changes in decision
processes induced by cognitive bu�ering.
Decision quality over time emerges from the interaction between encoding modulation
and recall reliability. When AI bu�ering supports deeper encoding and stabilizes access to
prior analyses, decision-makers are better able to integrate relevant information across time.
However, when bu�ering substitutes for active engagement, shallow encoding may undermine
the informational basis of future decisions.
Strategic coherence follows from the stabilization of decision rationales. By maintaining per-
sistent representations of prior assumptions, analyses, and trade-o�s, AI bu�ering can support
alignment across decisions made at di�erent points in time or by di�erent actors. At the same
time, externally anchored coherence may increase dependence on AI-mediated representations,
making strategic alignment vulnerable to errors embedded in those representations.
Role transformation arises from the redistribution of cognitive load associated with informa-
tion integration and recall. As AI bu�ering externalizes memory-intensive operations, roles may
shift toward higher-level judgment, coordination, and meta-decision-making. This transforma-
tion does not imply a reduction in responsibility; on the contrary, greater emphasis is placed
on evaluating inputs, managing uncertainty, and ensuring alignment across stakeholders.
Accountability and governance are shaped by changes in confidence calibration and source
monitoring. When AI-generated representations influence judgments, organizations must en-
sure that decision rationales remain transparent and that responsibility remains clearly as-
signed. If source monitoring is weakened and confidence becomes miscalibrated, decision own-
ership may become di�use.
Organizational Layer: AI Adoption in Product Management
RQ2 focuses on product management as a decision-intensive domain in which AI adoption
is expected to reshape both work practices and responsibility structures. Product managers
routinely integrate heterogeneous evidence—user research, market signals, analytics, technical
feasibility, and stakeholder constraints—into prioritization and strategy under uncertainty and
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time pressure. In agile settings, they coordinate discovery and delivery while aligning cross-
functional teams around goals and trade-o�s [85]. These responsibilities depend heavily on
external representations: roadmaps, PRDs, experiment results, meeting notes, and decision
logs stabilize shared understanding and enable coordination across time.
Generative AI tools are increasingly positioned as an additional representational layer in these
workflows [31, 34, 63]. Typical uses include summarizing customer feedback, drafting product
narratives, accelerating synthesis across fragmented sources, and supporting decision prepara-
tion (e.g., “pros/cons” lists, alternatives, and risk summaries). These uses combine automation
(reducing repetitive synthesis work) and augmentation (supporting judgment with condensed
representations). However, they also shift part of the PM role toward evaluation and governance
of AI outputs: product managers must detect when AI-generated summaries are incomplete or
biased, maintain provenance cues, and ensure that accountability for decisions remains clear
[67].
The organizational layer therefore foregrounds three constructs that parallel the cognitive layer:

• Workflow reconfiguration: which tasks are delegated to AI representations and which
remain human-led.

• Role configuration and skill shift: movement toward strategic, interpretive, and
oversight responsibilities; increasing importance of AI literacy [91].

• Governance and perceived responsibility: who is accountable for AI-influenced de-
cisions, and what oversight practices are adopted to prevent uncritical acceptance and
mitigate bias [95].

Finally, adoption is expected to be context-sensitive. Organizational maturity, regulatory ex-
pectations, and cultural norms can shape how much AI is used, which tasks are automated
versus augmented, and how governance is implemented. This motivates explicit cross-context
comparison within Study 2 (e.g., USA–China) as part of RQ2’s scope.
Product management exemplifies the characteristics that make knowledge-intensive roles both
promising and sensitive contexts for AI augmentation: sustained information integration, tem-
poral dispersion of decisions, and high memory load. In such roles, AI bu�ering can significantly
reshape the cognitive environment by stabilizing access to prior analyses, reducing reconstruc-
tion e�ort, and supporting integration across information sources. At the same time, the risks
identified by the framework—over-reliance, miscalibrated confidence, and source ambiguity—
are particularly consequential when decisions have long-term strategic implications.
Feedback Loops and Multi-Level Integration
The core contribution of this thesis is an integrated framework that connects cognitive mech-
anisms of AI-assisted memory (RQ1) to organizational decision-making practices in product
management (RQ2), and uses the former to explain the latter (RQ3).
At the cognitive level, the AI Bu�er Model specifies how AI-generated external representa-
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tions shape encoding, retrieval, source monitoring, confidence calibration, and cognitive load.
These mechanisms determine not only whether people remember more or less, but also what
kind of knowledge is retained (gist vs. detail), how confidently it is held, and whether its source
is correctly attributed.
At the decision-process level, these cognitive outcomes translate into observable behaviors:
how evidence is selected, how options are generated and evaluated, and how rationales are com-
municated. For example, cue-driven recognition may speed up decision preparation, whereas
source confusions can undermine traceability and learning from past decisions.
At the organizational level, repeated use of AI-generated representations can stabilize into
norms of reliance, documentation, and accountability. Over time, teams may increasingly treat
AI outputs as default inputs to decisions, potentially creating epistemic dependence and shifting
expertise toward those who can evaluate and govern AI systems [95]. In parallel, organizations
may invest in knowledge management practices that embed AI into collective memory systems
[66].
Crucially, the framework includes feedback loops. Organizational norms and training influ-
ence individual reliance and verification behavior (e.g., AI literacy and governance practices),
while individual experiences of accuracy, e�ort reduction, and error influence organizational
adoption decisions. These loops imply that AI’s impact is not static: the same tool can pro-
duce di�erent outcomes depending on governance maturity, interface design, and task context.

3.5. Implications for Empirical Research
The AI-Augmented Decision Framework provides a multi-level account of how AI-generated
external representations influence cognition, decision processes, and organizational outcomes.
A central implication is that AI-related e�ects cannot be adequately captured at a single level
of analysis. Cognitive bu�ering mechanisms operate at the individual level, decision processes
mediate these e�ects at the meso level, and organizational outcomes emerge over time through
repeated decision episodes. Capturing this progression requires empirical strategies capable of
isolating micro-level mechanisms while also assessing their relevance in real-world organizational
contexts. For this reason, the thesis adopts a multi-method empirical design composed of two
complementary studies.
Cognitive-level measurement (Study 1). The framework suggests that the timing, persis-
tence, and structure of AI-generated representations are critical variables. Cognitive e�ects
are expected to di�er depending on whether AI support is provided during encoding, during
recall, or continuously throughout task execution. Similarly, the structure of AI-generated
representations—whether they sca�old elaboration or substitute for cognitive e�ort—is ex-
pected to shape both performance and memory outcomes. These considerations motivate an
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experimental approach focused on isolating the causal impact of AI bu�ering configurations on
memory-related outcomes.
Importantly, the framework highlights that performance improvements alone are insu�cient
indicators of cognitive benefit. Enhanced task performance may coexist with weakened inter-
nal memory or miscalibrated confidence. Study 1 operationalizes the cognitive mechanisms via
complementary measures (Chapter 4): free recall quality (internal reconstruction), recognition
accuracy (cue-supported retrieval), false-lure endorsement and attribution outcomes (source
monitoring / epistemic risk), confidence ratings (calibration), and behavioral process logs (at-
tention allocation and reliance proxies).
Organizational-level measurement (Study 2). The framework emphasizes that AI e�ects are
mediated by patterns of use rather than by system capabilities alone. The same AI system may
produce di�erent decision outcomes depending on how it is integrated into workflows, how fre-
quently it is consulted, and how decision-makers interpret its outputs. Study 2 operationalizes
the organizational layer via survey evidence on AI use-cases, perceived e�ciency gains, changes
in decision practice, and perceived governance and responsibility implications (Chapter 6).
Linking experimental and survey evidence. Within the framework, experimental and survey-
based methods target di�erent levels of the same underlying process. Experimental evidence
provides insight into how AI bu�ering configurations a�ect cognitive mechanisms under con-
trolled conditions. Survey evidence captures how similar mechanisms are experienced, inter-
preted, and enacted in real organizational settings. For example, experimentally observed
e�ects on confidence calibration can be linked to survey measures of decision confidence and re-
liance. By grounding both studies in a shared theoretical framework, the thesis positions them
as complementary perspectives on the same phenomenon rather than independent findings.

3.6. Research Hypotheses and Propositions
This section formalizes testable expectations derived from the conceptual framework. Hypothe-
ses are stated for the controlled experiment (Study 1; RQ1), while propositions are stated for
the organizational analysis (Study 2; RQ2) and the cross-study integration (RQ3).
Study 1 (RQ1): Cognitive-Level Hypotheses

1. H1 (AI Bu�er vs. No-AI; recall/recognition). Relative to unaided reading, access
to an AI Bu�er (operationalized as an AI-generated summary) is expected to improve
recognition performance for core propositions, with weaker or no improvement expected
for free recall quality.

2. H2 (Timing; encoding sca�old vs. interruption). Pre-reading access to the AI
Bu�er is expected to yield stronger encoding and higher recognition accuracy than syn-
chronous or post-reading access, because it can function as an advance organizer rather
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than as an interruption or a post-hoc reminder [5, 6].
3. H3 (Structure; split-attention and coherence). Integrated-paragraph bu�ers are

expected to reduce split-attention costs and support more coherent mental-model con-
struction than segmented bullet-point bu�ers, resulting in higher recall quality and/or
recognition accuracy [16, 83].

4. H4 (Epistemic risk; source monitoring). The presence of an AI Bu�er is expected to
increase vulnerability to source-monitoring errors and false recognitions for plausible but
non-present details. This risk is expected to be higher under segmented structure than
integrated structure, because segmentation can promote decontextualized processing and
weaker provenance cues [37].

5. H5 (Confidence calibration). AI Bu�er access is expected to increase subjective
confidence in memory judgments. However, confidence may be less well calibrated to
accuracy under high reliance conditions, especially for bu�er-consistent false lures [93].

Study 2 (RQ2): Organizational-Level Propositions
1. P1 (Role transformation). AI adoption in product management is expected to shift

e�ort away from routine synthesis and coordination toward more strategic, interpretive,
and oversight activities [34, 63, 92].

2. P2 (Decision-support centrality). AI-generated external representations are expected
to become central inputs to decision preparation and communication (e.g., summarizing
evidence, framing options, and drafting rationale), increasing the speed of decision cycles
while changing how evidence is selected and narrated [28, 31, 63].

3. P3 (Governance and accountability). As AI outputs influence product decisions,
perceived responsibility for verification, transparency, and ethical oversight is expected to
increase, and governance mechanisms are expected to become more salient in PM practice
[67].

4. P4 (AI literacy as a capability). Higher AI literacy is expected to be associated with
more calibrated reliance and more e�ective integration of AI into PM workflows [91].

5. P5 (Contextual moderation). Adoption patterns, perceived responsibility, and gov-
ernance emphasis are expected to vary across organizational and cultural contexts (e.g.,
USA–China), reflecting di�erences in norms, constraints, and maturity of AI deployment
[42, 58].

Cross-Study Integration (RQ3): Integrative Propositions
1. I1 (O�oading æ reliance norms). When AI Bu�ers reliably reduce cognitive e�ort,

users and teams are expected to o�oad more frequently, which can scale into organiza-
tional norms of reliance under time pressure [71, 95].

2. I2 (Source monitoring æ accountability). Source-monitoring di�culties at the in-
dividual level are expected to manifest as accountability and traceability challenges at
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the organizational level, increasing the need for provenance cues, documentation, and
verification practices [37, 67].

3. I3 (Confidence calibration æ trust and escalation). Miscalibrated confidence in
AI representations is expected to contribute to over-trust and insu�cient escalation or
verification, motivating organizational interventions that improve calibration (training,
feedback, and auditability) [93].

Chapter summary. This chapter has developed an integrative theoretical foundation for un-
derstanding how AI systems reshape cognition, decision-making, and organizational outcomes
in knowledge-intensive work. The AI Bu�er Model formalizes the cognitive mechanisms—
encoding modulation, recall reliability, source monitoring, confidence calibration, and cognitive
load redistribution—through which AI-generated external representations interact with human
memory. The AI-Augmented Decision Framework then traces how these bu�ering mechanisms
propagate upward from individual cognition through decision processes to organizational out-
comes such as strategic coherence, role transformation, and governance challenges. Together,
the two models provide a coherent, multi-level lens that connects interface-level design choices
to measurable cognitive and organizational outcomes, and motivates a multi-method empirical
design combining experimental and survey-based approaches. The following chapters present
the methodology and results of the two empirical studies that operationalize this framework.
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This chapter describes the research design and methods used to answer the three research
questions introduced in Chapter 1. The thesis adopts a multi-level approach: Study 1 provides
controlled evidence on how AI-generated external representations a�ect memory mechanisms
(RQ1), Study 2 provides field evidence on how AI adoption reshapes decision practices and
perceived responsibility in product management (RQ2), and the two are integrated conceptually
and analytically to explain organizational patterns through cognitive mechanisms (RQ3).

4.1. Research Design Overview
The central methodological challenge of this thesis is that the phenomenon of interest is inher-
ently multi-level. At the individual level, AI-generated representations can change attention
allocation, encoding depth, cue availability, and source monitoring, with downstream e�ects
on recall, recognition, confidence, and perceived cognitive load. At the organizational level,
the same representational layer can become embedded in workflows, shaping how evidence is
synthesized, how decisions are justified, and how responsibility is distributed in practice. No
single method is su�cient to capture both levels with high validity.
Accordingly, the thesis combines two complementary designs:

• Internal validity (Study 1). A controlled experiment isolates the causal e�ect of AI-
generated summaries as an external representation by manipulating key design properties
of the AI Bu�er (timing and structure) under matched task constraints.

• Ecological validity (Study 2). A field study captures how AI tools are adopted and
governed in a real managerial role (product management), including role configuration,
decision support practices, and perceived accountability.

The two studies are linked by a shared conceptual object: AI-assisted external representations.
In Study 1, this object is operationalized as pre-generated summaries that persist during a
reading-and-memory task. In Study 2, the object is operationalized as generative AI tools
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Component RQ Design and unit of analysis Primary measurements

Study 1 RQ1 Controlled experiment; individuals
performing a timed reading-and-
memory task

Free recall, recognition, false-lure en-
dorsement/source monitoring, confi-
dence ratings, cognitive-load ratings,
behavioral logs

Study 2 RQ2 Field study; product managers report-
ing AI adoption and decision practices
in context

AI tool use, workflow shifts, decision-
support patterns, governance/ethics
and perceived responsibility, USA–
China comparison, open-ended re-
sponses

Integration RQ3 Cross-study mapping (mechanisms æ
practices)

Mechanism-based explanation of ob-
served organizational patterns and
boundary conditions

Table 4.1: Multi-level research design linking RQ1–RQ3.

that produce summaries, analyses, and drafts within product-management workflows. The
conceptual bridge is provided by the AI Bu�er Model introduced in Section 3.2.

Replication and documentation. All participant-facing materials are reproduced in the Ap-
pendices (Study 1 stimuli and tests in Appendix A; Study 2 full questionnaire in Appendix B).
The quantitative and qualitative analysis strategies are specified in Chapter 5 (Sections 5.4
and 5.5), so that the separation between “what was done” (this chapter) and “how it was
analyzed” (Chapter 5) remains explicit.

4.2. Study 1: Controlled Experiment (Cognitive Level –
RQ1)

Study 1 answers RQ1: How do AI-generated external representations influence core human
memory processes during knowledge-intensive tasks? The study uses a controlled reading
paradigm in which an AI-generated summary constitutes a persistent external representation
(an AI Bu�er) that participants can consult before, during, or after reading. The design targets
five operational dimensions aligned with RQ1: memory encoding, recall and recognition, source
monitoring, confidence calibration, and cognitive load.
Participants and SettingThirty-six adults were retained for analysis (NAI = 24, NNoAI = 12),
including university students and early-career professionals. Participants were 18–35 years old
(M = 24.33, SD = 3.83) and were balanced overall by gender (18 women, 18 men). All
participants reported Chinese as their native language.
The study was delivered in a browser-based environment. Participant-facing materials were pre-
sented in Simplified Chinese to match participants’ native language, while English descriptions
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Table 4.2: Participant demographics by group (Study 1).

AI (n = 24) No-AI (n = 12) Total (N = 36)

Age, M (SD) 24.50 (4.31) 24.00 (2.76) 24.33 (3.83)
Age range 18–35 20–30 18–35
Gender (F/M) 13/11 5/7 18/18
Native language (Chinese), n (%) 24 (100%) 12 (100%) 36 (100%)

are used in this thesis for exposition.
Participants received a base compensation of 60 RMB plus a performance-based bonus of up
to 60 RMB linked to recognition-test accuracy.
Experimental Design and ConditionsAI assistance was operationalized as an AI-generated sum-
mary of each article. Within the AI-assisted sample, the core design forms a 2 ◊ 3 matrix:

• Summary structure (between-subjects): integrated paragraph vs. segmented bullet
points.

• Summary timing (within-subjects): pre-reading vs. synchronous during reading vs.
post-reading.

A separate No-AI baseline group provides an external comparison but does not include the
timing manipulation, yielding an asymmetric mixed design that balances experimental control
and feasibility.
Structure manipulation. The integrated condition presents the bu�er as a coherent paragraph-
style summary. The segmented condition presents the same informational content as a set
of bullet points. The manipulation targets coherence cues and coordination demands: inte-
grated presentation should reduce split-attention and verification costs relative to segmented
presentation [16, 83].
Timing manipulation. Timing determines whether the bu�er functions primarily as an en-
coding sca�old (pre-reading), as an interruption and on-demand aid during comprehension
(synchronous), or as a review cue after initial encoding (post-reading). This manipulation
is theoretically grounded in advance-organizer logic and interruption/switching-cost accounts
[5, 6].
Materials and Task Procedure
Materials
Texts. Participants read three expository articles of approximately 1,300 words each (topics
included urban heat islands, CRISPR gene editing, and semiconductor supply chains). Articles
were selected to be comparable in di�culty and conceptual density and were administered in
Simplified Chinese using fixed, pre-generated stimulus content. English descriptions are used
throughout the thesis for exposition, and study materials are provided in the Appendices.
AI summaries (structure and incompleteness). Summaries were generated and refined in ad-
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vance and were approximately 250 words. They were identical in informational content across
the two AI structure conditions, di�ering only in formatting (integrated paragraph vs. seg-
mented bullets). Summaries were intentionally incomplete (approximately 15–20% of article
information omitted) to discourage reliance on summaries alone and to ensure that some recog-
nition items required article-based encoding.
Example stimulus and summary output (illustrative). To make the manipulation concrete, Ap-
pendix A provides full stimuli and summary outputs. In brief, the integrated condition presents
a single consolidated representation aligned with the reading flow, whereas the segmented con-
dition splits content across separated units. This di�erence is intended to manipulate the
availability of provenance cues and the ease of cross-checking during encoding and retrieval.
False lures. To assess susceptibility to misinformation and source-monitoring errors, each arti-
cle’s summary contained two plausible but incorrect statements (false lures). These lure con-
cepts also appeared as distractor options in the recognition test; selecting them was counted as
false-lure acceptance.
Platform and implementationThe experiment was delivered via a custom browser-based ap-
plication with a Python (Flask) backend and HTML/CSS/JavaScript front-end pages. The
platform was designed to support (i) strict enforcement of timing constraints across conditions,
(ii) automated counterbalancing and randomization, and (iii) fine-grained behavioral logging of
reading and summary exposure. All stimuli (articles, summaries, and MCQs) were preloaded,
ensuring identical content across participants and removing runtime variability due to on-the-fly
AI generation.
Procedure and timing constraintsParticipants completed three article blocks. In each block,
participants encountered the summary according to their assigned timing condition, read the
article under a fixed time window, and then completed memory assessments and post-block
ratings. Article order was randomized across the three articles (3! possible orders). For AI
participants, timing order was implemented by sampling one of the six possible permutations
of the three timing conditions (Table 4.3), so that each participant experienced each timing
condition exactly once.
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Figure 4.1: Experimental procedure and timing flow used in Study 1.

Schedule Timing order across the three article blocks

S1 Pre-reading æ Synchronous æ Post-reading
S2 Pre-reading æ Post-reading æ Synchronous
S3 Synchronous æ Pre-reading æ Post-reading
S4 Synchronous æ Post-reading æ Pre-reading
S5 Post-reading æ Pre-reading æ Synchronous
S6 Post-reading æ Synchronous æ Pre-reading

Table 4.3: Counterbalancing schedule for timing conditions in Study 1 (AI group). Timing order
was sampled per participant from the six possible permutations; article order was randomized
independently.

After each reading phase, a short enforced break preceded testing to reduce immediate carryover
and to standardize the transition to retrieval. Free recall lasted up to 5 minutes and the MCQ
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Condition Summary timing Summary access Reading cap

No-AI – None 15 min
Pre-reading Before reading Separate page, Æ 3 min (continue early al-

lowed)
12 min

Synchronous During reading On-demand open/close during reading 15 min
Post-reading After reading Separate page, Æ 3 min (continue early al-

lowed)
12 min

Table 4.4: Implementation of timing conditions and exposure windows (Study 1).

block lasted up to 7 minutes, with automatic submission at timeout. Back-navigation was
disabled to prevent revisiting prior pages or materials.
Measures and Operationalization of RQ1. Study 1 operationalizes RQ1 through complemen-
tary behavioral, performance, and self-report measures aligned with the AI Bu�er Model (Sec-
tion 3.2).

Table 4.5: Measures overview (summary).

Construct Operationalization Purpose in the thesis

Recognition accuracy MCQ accuracy by condition
and item type

Cue-supported retrieval performance

Free recall Recall scoring (overall and by
timing)

Generative retrieval without cues

Source monitoring False-lure endorsement / attri-
bution outcomes

Provenance and misattribution risk

Process measures Time allocation (summary vs
reading)

Attention allocation mechanism

Calibration Confidence vs accuracy (mis-
calibration)

Distinguish reliance from overconfidence

Free recall (generative retrieval). After reading each article, participants produced a written free
recall. Free recall was scored as an index of episodic–semantic reconstruction of expository text
rather than verbatim reproduction. In line with constructive memory theory [10], responses
were evaluated for fidelity to the original conceptual structure (and penalized for plausible
distortions), not for length or fluency.
Each recall received a single ordinal score from 0 to 10 based on five rubric dimensions: (i)
factual accuracy, (ii) mechanistic reconstruction, (iii) structural alignment, (iv) specificity vs.
gist, and (v) source-monitoring integrity (penalizing false-lure intrusions). To improve scoring
consistency, anchor bands were used (9–10 high fidelity; 7–8 mostly accurate; 5–6 gist-level;
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3–4 headline-level; 1–2 fragmentary).
To reduce variability associated with qualitative rating, free-recall responses were initially
scored using an LLM rater applying the pre-specified rubric, and all scores were subsequently
reviewed by a human rater (100% of responses) to confirm rubric adherence and correct ques-
tionable cases.
Recognition (cue-supported retrieval). Recognition was measured as proportion correct on 14
multiple-choice items per article. Items were categorized by information source (summary-
sourced vs. article-only) to separate recognition of summary-covered information from compre-
hension of the underlying text. Misinformation susceptibility was indexed by the number of
false-lure options selected (0–2 per article; 0–6 overall).
Source monitoring and epistemic risk. Source monitoring is assessed primarily through false-
lure endorsement and related misattributions, motivated by the Source Monitoring Framework
[37] and evidence that fluent AI interaction can amplify false memories under some conditions
[15].
Confidence and cognitive load. Participants provided recall confidence and post-block ratings
of mental e�ort and perceived di�culty using 7-point scales. Confidence calibration is analyzed
by relating confidence to accuracy, testing whether AI assistance increases confidence without
commensurate improvement in correctness.
Trust, dependence, and behavioral logs (process measures). AI-group participants provided
baseline (general) measures of AI trust and AI dependence and post-block (state) ratings of
trust and dependence. Behavioral measures were computed from server logs, including reading
time, summary view time, number of summary openings, and interaction timestamps. These
process indicators are used to triangulate how timing and structure shape reliance and attention
allocation.
Data Quality and Exclusion LogicTo preserve internal validity, sessions were excluded prior
to analysis if participants failed to complete the full protocol or showed clear non-compliance
(e.g., implausibly short reading times indicating rushing or non-substantive responses). The
resulting dataset is structured at the block level (participant ◊ article), yielding 108 block-
level observations (36 participants ◊ 3 articles). This structure supports within-participant
comparisons across timing conditions in the AI group while retaining a No-AI baseline for
reference.
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4.3. Study 2: Field Study on Product Managers (Orga-
nizational Level – RQ2)

Study 2 answers RQ2: How does the adoption of AI tools shape decision-making practices, role
configuration, and perceived responsibility in product management? The study uses a cross-
national field survey to capture how product managers incorporate AI tools into their workflow,
how they perceive role transformation and skill shifts, and how they understand governance
and ethical responsibility when AI influences decisions.
Design and SampleThe field study is based on a structured survey administered in two languages
(English and Chinese) to support participation across contexts. The final dataset comprises 74
validated responses, evenly split across the United States (n = 37) and China (n = 37). This
balanced structure enables both (i) estimation of overall patterns of AI adoption in product
management and (ii) a comparative lens on how adoption and responsibility perceptions vary
across contexts (USA–China), directly addressing the cross-context component of RQ2.
The focus on the United States and China is motivated by their central roles in the global AI
ecosystem and by di�erences in organizational environments that may shape adoption (e.g.,
governance norms, tool ecosystems, and data-driven practices). The comparative design is
therefore not treated as a mere “case split”, but as a way to identify which adoption patterns are
robust across contexts and which patterns are context-contingent. This logic directly supports
RQ2 and also provides a foundation for the integrative explanation in RQ3.
Responses were screened for completeness and coherence (e.g., removing incomplete submissions
and invalid patterns). The thesis treats the resulting dataset as an analytic snapshot of AI
adoption in a decision-intensive managerial role rather than as a representative census of all
product managers.
Survey Structure and Measurement StrategyThe survey combines Likert-scale items, multiple-
choice items, and open-ended questions. This combination is intentional: structured items
quantify adoption patterns and perceived impacts, while open-ended responses capture con-
textual nuance (e.g., examples of AI-supported decisions, perceived risks, and organizational
constraints).
At a high level, the instrument is organized around four measurement domains aligned with
RQ2. The complete instrument (including a reference Simplified Chinese translation) and a
construct-to-item mapping used for analysis are provided in Appendix B and table B.2:

• AI tool usage and task coverage: frequency and type of AI applications used in
daily PM work, including automation tools, analytics, and generative AI for drafting and
synthesis.

• Role configuration and workflow reallocation: perceived changes in responsibilities,
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time saved through AI support, and whether time is reallocated toward more strategic
work.

• Skill shift and AI literacy: perceived need for new competencies (e.g., interpreting AI
outputs, prompt practices, data literacy) and organizational support for upskilling.

• Governance, ethics, and responsibility: perceptions of accountability, transparency,
bias management, and customer-trust implications when AI informs decisions or product
features.

Operationally, the survey is structured in four sections (A–D). Section A measures AI tool usage
and organizational adoption context (e.g., which tools are used, who drives adoption, and what
goals motivate integration). Section B measures workload reduction, tasks that become more
complex due to AI, and how time savings are reinvested (e.g., strategic planning, innovation).
Section C focuses on skill development, confidence, and training resources. Section D focuses
on governance and ethics (e.g., responsibility for AI-mediated decisions, guideline structures,
and ethical concerns). This structure is aligned with the conceptual framework’s organizational
layer and supports both descriptive analysis and cross-context comparisons.
In terms of measurement design, Section A combines (i) frequency scales for distinct AI appli-
cation categories (e.g., automation and workflow tools, analytics, NLP-based feedback analysis,
generative AI drafting tools, and chatbots) with (ii) adoption-maturity items (e.g., duration of
use) and (iii) open-ended prompts for tool names and examples. Sections B–D use a mix of
Likert-scale judgments and categorical items to capture both intensity (how strongly an impact
is perceived) and structure (who owns responsibility, whether guidelines exist, what forms of
training are available). This combination supports the thesis’s interpretation that AI adop-
tion is not only a level of usage, but a configuration of practices and governance structures
[42, 58, 66].
Planned analysis logic (brief). The survey analysis combines descriptive summaries with in-
ferential comparisons aligned with RQ2. Likert-type items are evaluated against neutral mid-
points to test whether perceived impacts di�er from “no change”, and USA–China di�erences
are tested via independent-samples comparisons; categorical distributions are compared using
‰2-type tests, and open-ended responses are thematically coded. Full details are provided in
Section 5.5.

4.4. Data Collection Instruments and Materials
Across both studies, the thesis uses instruments designed to capture behavior, judgment, and
subjective experience around AI-generated external representations.
Study 1 instruments (experiment). Study 1 uses (i) expository reading materials, (ii) AI-
generated summaries in two presentation formats (integrated vs. segmented), (iii) a free-recall
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prompt, (iv) a recognition test per article including false-lure distractors, and (v) post-block
rating scales for perceived cognitive load and confidence. The experimental platform records
fine-grained interaction logs (e.g., time spent reading and time spent consulting the summary)
to provide behavioral indicators of reliance. Verbatim stimuli, MCQs, and rating items are
included in Appendix A.
Study 2 instruments (field survey). Study 2 uses a bilingual structured survey comprising
Likert-scale items, multiple-choice items, and open-ended questions. The instrument measures
frequency of AI use across task categories, perceived role transformation, time savings and
reallocation, skill development and training, and governance/ethics perceptions. The bilingual
format is intended to reduce language barriers and support valid cross-context comparison. The
full questionnaire is reproduced in Appendix B.
Integration materials. For RQ3, the key “instrument” is the mapping logic specified by the con-
ceptual framework in Chapter 3. Cognitive constructs from Study 1 (o�oading, cue-dependent
retrieval, source monitoring, confidence calibration, cognitive load) are used as explanatory
lenses for interpreting adoption and governance patterns observed in Study 2.

4.5. Ethical Considerations
Both studies involve minimal-risk procedures and follow standard research ethics principles:
voluntary participation, informed consent, the right to withdraw, and privacy-preserving data
handling.
Study 1 (experiment). Participants were informed about the study procedures, data collec-
tion, and compensation, and provided consent before participation. Personal identifiers were
not stored with behavioral data. Because the experiment includes plausible but incorrect
statements in AI summaries to test source monitoring and misinformation susceptibility, the
study requires careful debriefing: participants should be informed after participation that some
summary content was intentionally inaccurate for research purposes, to avoid leaving lasting
misconceptions.
Study 2 (field survey). Survey participation was voluntary and responses were collected and
analyzed in aggregated form. The survey was designed to avoid collection of sensitive corpo-
rate information (e.g., proprietary product details). Any open-ended responses are treated as
confidential and are reported only in anonymized, non-identifying form.
Data management. Across studies, datasets are stored in access-controlled locations and are
used only for research purposes. Reporting focuses on patterns rather than on identifying
individuals or organizations, consistent with the thesis’s goal of developing generalizable insights
about AI-assisted cognition and decision-making.
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This chapter specifies how data from Study 1 (controlled experiment; RQ1) and Study 2 (field
study on product managers; RQ2) are transformed into analytic constructs, prepared for anal-
ysis, and analyzed. It also defines the cross-study integration logic used to address RQ3 and
summarizes how validity, reliability, and robustness are handled across the full thesis.

5.1. Software, Reproducibility, and Reporting Standards
All analyses were executed using reproducible scripts (Study 1 experimental dataset and Study 2
survey dataset), with a fixed analysis pipeline from raw inputs to final tables/figures. Anal-
yses were conducted primarily in R (version 4.3.2) using packages for data wrangling and
visualization (e.g., tidyverse/ggplot2) and for inferential modeling and contrasts (e.g., lme4,
lmerTest, emmeans). All data transformations were scripted to avoid manual edits. When ran-
dom procedures were used (e.g., resampling, bootstrap confidence intervals), a fixed random
seed was set and reported.
To support transparency, the thesis follows a consistent reporting standard across outcomes:
(i) descriptive statistics (means/SDs or proportions), (ii) inferential tests aligned with the
measurement scale, (iii) e�ect sizes with confidence intervals when appropriate, and (iv) explicit
sample sizes per analysis (including any exclusions due to missingness or compliance screening).
Where multiple comparisons are performed within a family of tests (e.g., timing contrasts),
p-values are adjusted using a principled correction procedure (e.g., Holm), and both raw and
adjusted p-values are reported when space permits.

5.2. Constructs and Operationalization
This section defines the constructs used in each study and specifies how they map to the
three research questions. The goal is to make the link from theory (AI Bu�er mechanisms)
to measured variables explicit, so that subsequent modeling choices and result interpretation
follow transparently.
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The guiding principle for operationalization is alignment with the three research questions.
RQ1 requires measuring memory mechanisms under AI-assisted external representations (the
AI Bu�er). RQ2 requires measuring how AI adoption reshapes decision practices and per-
ceived responsibility in product management. RQ3 requires a mapping between the constructs:
organizational patterns are interpreted through cognitive mechanisms.
Study 1 Constructs (RQ1). Study 1 operationalizes the AI Bu�er as an AI-generated summary
and defines experimental conditions via two design factors:

• AI Bu�er presence (between): No-AI baseline vs. AI-assisted.
• AI Bu�er properties (AI participants): timing (pre-reading, synchronous, post-

reading) and structure (integrated paragraph, segmented bullet points).
Study 1 outcomes map directly to the RQ1 components:

• Recall and recognition. Free-recall responses capture reconstruction from internal
traces, while recognition items capture cue-supported memory performance.

• Source monitoring. False-lure endorsement in recognition provides an index of epis-
temic risk and misattribution under AI assistance, motivated by source-monitoring theory
[37].

• Confidence calibration. Confidence ratings are used to assess whether AI assistance
increases confidence and whether confidence aligns with accuracy (calibration).

• Cognitive load. Post-block ratings of mental e�ort and perceived di�culty operational-
ize subjective cognitive load under each condition.

• Behavioral reliance (supporting indicator). Platform logs (e.g., time spent viewing
the summary, number of openings, and reading time) operationalize reliance behavior and
exposure to the AI Bu�er.

Outcome definitions and interpretation rules (Study 1). To increase interpretability and repli-
cability, outcomes are defined with explicit scoring rules. Unless otherwise stated, outcomes
are computed at the block level (participant ◊ article): (i) recall quality is scored using a
predefined rubric (higher values indicate more accurate and complete reconstruction of article
content); (ii) recognition accuracy is computed as the proportion of correct responses (and also
modeled at item level as a binary correct/incorrect outcome when mixed-e�ects specifications
are used); (iii) false-lure endorsement captures acceptance of plausible-but-incorrect statements
and is interpreted as higher epistemic risk / weaker source monitoring; (iv) confidence calibra-
tion is assessed by relating confidence to correctness (e.g., calibration curves or regression of
correctness on confidence), such that miscalibration corresponds to elevated confidence with-
out commensurate accuracy; (v) cognitive load is interpreted such that higher values indicate
greater subjective e�ort and/or perceived di�culty.
Scoring details (Study 1). Recall quality is scored as a single ordinal rubric score from 0 to 10
per article, based on predefined dimensions (including factual accuracy, structural alignment,
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and penalties for false-lure intrusions). Recognition accuracy is computed as the proportion
correct out of 14 multiple-choice items per article and is additionally modeled at item level as a
binary response. False-lure endorsement is measured as the number of false-lure options selected
(0–2 per article; 0–6 overall); higher values indicate increased misattribution risk. Confidence
ratings are recorded on a 7-point scale and summarized per block; calibration analyses relate
confidence to correctness (e.g., correctness regressed on confidence and/or calibration curves).
Study 2 Constructs (RQ2). Study 2 operationalizes product-management adoption of AI tools
through survey measures that cover four domains:

• AI usage and task coverage. Frequency and types of AI tools used in daily PM work
(automation, analytics, generative drafting/synthesis, decision support).

• Workflow and role configuration. Perceived task reallocation and role transforma-
tion (e.g., shift toward strategic work; changes in coordination, analysis, and leadership
responsibilities).

• Perceived responsibility and governance. Accountability, transparency, oversight
practices, fairness/bias concerns, and customer-trust implications when AI informs prod-
uct decisions [67].

• Context and moderation. Region (USA vs. China) as a key grouping variable, allowing
cross-context comparison aligned with RQ2’s comparative component.

When multiple items measure a shared latent concept (e.g., perceived responsibility or AI
literacy), items are combined into composite indices by averaging standardized item scores,
subject to internal-consistency checks (see Section 5.7).
Cross-Study Constructs (RQ3). To answer RQ3, Study 2 patterns are interpreted through the
cognitive mechanisms measured in Study 1. The mapping uses the AI Bu�er Model constructs
from Chapter 3:

• O�oading and cue-dependent retrieval (e�ort substitution and reliance norms).
• Source monitoring and epistemic risk (traceability and accountability).
• Confidence calibration (trust and escalation behavior).
• Cognitive load and split attention (interface costs and workflow friction).

5.3. Data Preparation and Quality Checks
Data preparation follows two goals: (i) ensure the dataset represents compliant task execution
and valid responses, and (ii) ensure constructs reflect the intended operational definitions.
The section is organized by study and specifies exclusion rules, missing-data handling, and
harmonization steps so that the analytic datasets can be reconstructed from raw inputs.
Study 1 Data PreparationStudy 1 data are structured at the block level (participant ◊ article),
enabling within-person comparisons across timing conditions for AI participants while retaining
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a No-AI baseline group.
Preparation includes:

• Session completeness. Exclude incomplete sessions and blocks with missing core out-
comes (recall or recognition).

• Compliance screening. Flag and exclude clearly non-compliant behavior (e.g., implau-
sibly short reading time suggesting rushing, non-substantive recall text).

• Derived variables. Compute block-level indices: recall score, recognition accuracy,
false-lure endorsement count, confidence measures, cognitive-load ratings, and behavioral
reliance metrics from logs.

• Randomization checks. Verify balance in article assignment and timing order (AI
group), and confirm that key participant characteristics do not di�er systematically across
between-subject structure conditions.

Compliance thresholds (Study 1). Compliance thresholds are defined a priori in rule-based
terms (e.g., reading time below a fixed minimum or below a low percentile of the distribu-
tion; recall entries that are empty, near-empty, or non-responsive). Exclusions are reported
transparently by step (screening flow), and all main analyses are repeated in sensitivity form
under a plausible alternative threshold to verify robustness. In practice, “implausibly short”
reading time is operationalized using a conservative cuto� (e.g., below the 5th percentile of
observed reading times or below an absolute minimum consistent with reading the material),
and “non-substantive” recall is defined by empty entries or minimal content (e.g., fewer than
10 meaningful tokens) that cannot plausibly reflect genuine recall.
Study 2 Data PreparationStudy 2 data are structured at the respondent level (one row per
product manager). Preparation includes:

• Validity screening. Retain only complete and internally consistent responses; remove
duplicate or corrupted entries when identifiable.

• Missing data handling. For item non-response, apply listwise deletion for analyses
requiring the item, and report the e�ective sample size for each test. If missingness is
non-trivial for a composite construct, compute the index only when at least 70% of the
items for that construct are present, and report the e�ective n for each composite.

• Coding and harmonization. Harmonize categorical response labels across languages;
code open-ended responses into qualitative themes for interpretive analysis.

• Cross-context consistency. Ensure that the USA and China cohorts are treated sym-
metrically in variable coding, scaling, and aggregation to support valid comparison.

Cross-language harmonization and measurement comparability (Study 2)
Because Study 2 uses a bilingual instrument and a comparative design (USA vs. China), data
preparation includes explicit checks for cross-language and cross-context comparability. First,
response options and category labels are harmonized so that identical constructs map to iden-
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tical codes across languages. Second, for any multi-item index (e.g., responsibility/governance
perceptions), internal consistency is inspected overall and within each region to ensure that
composites reflect a coherent latent construct in both contexts.
Finally, descriptive distribution checks are used to flag items that may be vulnerable to trans-
lation ambiguity or systematic interpretation di�erences (e.g., extreme-response styles). When
such patterns appear, results are either (i) interpreted with caution and explicitly framed as
context-sensitive, or (ii) supported with robustness checks using alternative operationalizations
(e.g., binary recodes or nonparametric comparisons).

5.4. Analysis Strategy for Study 1 (Experiment)
This section defines the analytic choices used to estimate the e�ects of timing and structure
on each memory mechanism. The goal is to align model specification with the experimental
design and with the RQ1 decomposition.
The Study 1 analysis strategy mirrors the experimental design and the RQ1 decomposition
into memory mechanisms. Because AI participants contribute repeated measures across three
timing conditions, analyses account for within-participant dependence.
Analyses were conducted in R using a combination of mixed-design ANOVA and mixed-e�ects
modeling. For ANOVA-style tests, sum-to-zero contrasts and Type-III tests were used to align
inference with the factorial design. For mixed-e�ects models, random intercepts were specified
for participants and (where applicable) for articles to account for repeated measurement and
stimulus heterogeneity. Post-hoc contrasts were estimated using marginal-means frameworks
with Holm correction for multiple comparisons.
Diagnostics, assumption checks, and sensitivity analyses
Model assumptions and fit are evaluated to ensure that inference is not driven by artefacts
of specification. For ANOVA-style analyses, residual distributions and influential observations
are inspected, and (where relevant) sphericity is assessed; if sphericity violations are detected,
corrected degrees of freedom are used. For mixed-e�ects models, convergence diagnostics are
checked and random-e�ects structures are simplified only when necessary to achieve stable
estimation.
For count and binomial outcomes, dispersion and boundary behavior are explicitly checked (e.g.,
overdispersion, rare-event patterns, or quasi-separation). If diagnostics indicate mismatch,
alternative specifications are used (e.g., binomial instead of Poisson for bounded counts, or
robust/penalized alternatives when needed), and the choice is documented.
Sensitivity analyses are used to test robustness of conclusions under reasonable alternatives,
including: (i) alternative exclusion thresholds for non-compliance (e.g., reading-time based
filters), (ii) alternative outcome operationalizations (e.g., item-level vs. block-level recognition),
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and (iii) inclusion of exposure/reliance covariates (e.g., summary viewing time) to test whether
performance e�ects persist beyond di�erential interaction with the AI Bu�er.
Primary comparisonsThe primary comparisons are:

• AI vs. No-AI (baseline e�ect). Compare AI-assisted blocks vs. No-AI blocks on
recognition accuracy, recall quality, cognitive load, confidence, and epistemic risk.

• Timing e�ects (AI only). Compare pre-reading vs. synchronous vs. post-reading tim-
ing within the AI group.

• Structure e�ects (AI only). Compare integrated vs. segmented structures between
AI participants.

• Timing ◊ structure (AI only). Test whether timing e�ects di�er by summary struc-
ture.

Models and outcome-specific approachesAnalyses are performed using regression models appro-
priate to outcome type:

• Recall quality. Modeled as a continuous or ordinal outcome at the block level (depend-
ing on score distribution), with predictors for timing and structure and participant-level
random e�ects.

• Recognition accuracy. Modeled either at the item level (binary correct/incorrect)
using logistic mixed-e�ects models, or at the block level using binomial or proportion
models, with predictors for timing and structure and participant-level random e�ects.
When recognition items can be mapped to the AI summary versus the source article (via
pre-specified item tagging), items are partitioned into summary-aligned vs. article-only
subsets to distinguish bu�er-supported performance from article-dependent performance.

• Source monitoring / false-lure endorsement. Modeled as a count (e.g., 0–2 per
article) or as a binary item-level event using count models or logistic mixed-e�ects mod-
els. The main inferential focus is on whether segmented structure increases false-lure
endorsement relative to integrated structure.

• Confidence and calibration. Confidence is modeled as an outcome and also used as a
predictor of accuracy to test calibration. Calibration is assessed by relating confidence to
correctness (e.g., via regression or correlation-based indices) and by comparing calibration
across conditions.

• Cognitive load. Mental-e�ort and di�culty ratings are modeled as continuous out-
comes; timing is expected to increase load when it introduces interruptions and split
attention, while integrated structure is expected to reduce extraneous load.

• Behavioral reliance. Summary view time and opening counts are analyzed descriptively
and via mixed-e�ects models to test whether timing and structure change reliance be-
havior. These metrics are also used as covariates or sensitivity controls to assess whether
performance e�ects persist beyond di�erential exposure.
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Inference and reporting
Unless otherwise stated, tests are two-sided with – = 0.05. Results are reported with (i) point
estimates, (ii) e�ect sizes, and (iii) uncertainty intervals appropriate to the outcome and model
class. For ANOVA-style tests, partial ÷2 is reported alongside test statistics. For regression
and mixed-e�ects models, e�ects are reported as unstandardized coe�cients (or odds ratios
for logistic models) with confidence intervals; when helpful, marginal means and contrasts are
reported to align interpretation with the experimental design.
Because multiple outcomes are analyzed, multiplicity is handled at the level of clearly defined
“families” of tests (e.g., timing contrasts for a given outcome). Within each family, p-values
are adjusted (e.g., Holm), and the family definition is stated so that the reader can interpret
inferential strength without ambiguity.
Interpretation prioritizes mechanism-level coherence over isolated significance: conclusions fo-
cus on whether recognition, source monitoring, confidence, cognitive load, and reliance metrics
tell a consistent story about the AI Bu�er properties (timing and structure), rather than on
maximizing the count of statistically significant e�ects.

5.5. Analysis Strategy for Study 2 (Field Study)
This section specifies how survey items and open-ended responses are analyzed to characterize
adoption patterns and perceived responsibility in product management. The goal is to report
both overall patterns and USA–China di�erences in a way that is consistent across domains
and reproducible.
The Study 2 analysis strategy is designed to characterize adoption patterns, role transforma-
tion, and perceived responsibility in product management (RQ2) and to support cross-context
comparison (USA–China).
Following the logic of Section 4.3, each survey item is interpreted through two linked lenses: an
overall lens (what pattern is present across the full sample) and a comparative lens (whether the
USA and China cohorts di�er). This dual emphasis ensures that the study can report both (i)
general adoption patterns that plausibly reflect role-level dynamics in product management and
(ii) context-contingent di�erences that may reflect organizational environments and governance
norms [42, 58].
Quantitative analysis of structured itemsFor Likert-scale items, the analysis proceeds in three
steps:

• Descriptive statistics. Compute means, standard deviations, and distribution plots for
each item and for composite indices (where applicable).

• Overall e�ects. Test whether the overall sample indicates above-neutral endorsement of
key statements (e.g., increased strategic focus, increased governance responsibility) using
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one-sample tests against the neutral midpoint (typically 3 on a 1–5 scale).
• Cross-context comparison. Compare the USA and China cohorts using independent-

samples tests for continuous-like outcomes and contingency analyses for categorical out-
comes.

Because Study 2 includes many single-item Likert measures, Likert responses are treated as
approximately continuous for primary analyses (means-based descriptives; one-sample tests
against the neutral midpoint; and between-region comparisons), which is common when the goal
is to summarize central tendency and when distributions are not severely skewed. To ensure
conclusions are not artefacts of scale assumptions, key inferences are checked for directional
consistency using robustness alternatives (e.g., rank-based or ordinal comparisons) when items
show marked non-normality or ceiling/floor e�ects.
Given the breadth of survey items, inference is interpreted at the level of conceptually grouped
families (e.g., “workload reduction”, “decision practices”, “governance/responsibility”, “train-
ing/readiness”). Within each family, p-values are adjusted (e.g., Holm) to reduce false positives;
patterns are emphasized when they replicate across multiple indicators within the same con-
ceptual domain rather than relying on a single item.
Families are defined ex ante based on the questionnaire structure, for example: (i) adoption
intensity and tool portfolio, (ii) workload/task-shift e�ects, (iii) decision-making practices, (iv)
training/readiness and AI literacy, and (v) governance/responsibility and ethical concerns.
For categorical or multiple-choice items (e.g., tool selection, governance ownership, training
modes), chi-square tests are used to evaluate (i) whether observed distributions di�er from
uniform or expected baselines (goodness of fit) and (ii) whether response distributions di�er by
region (tests of independence). When distributions are sparse, categories are consolidated to
preserve interpretability.
Qualitative analysis of open-ended responsesOpen-ended responses are analyzed using thematic
coding to identify recurring patterns relevant to RQ2, including: examples of AI-supported deci-
sions, perceived risks (bias, opacity, over-reliance), governance practices, and skill-development
narratives. Themes are compared across contexts (USA–China) to identify convergences and
divergences, and qualitative insights are used to contextualize quantitative patterns.
To improve transparency and replicability, coding follows a staged approach: (i) open coding
to identify candidate themes, (ii) consolidation into a codebook aligned with the measure-
ment domains in Section 4.3, and (iii) axial coding to connect themes to role transformation
and governance narratives. Where themes di�er by region, interpretation is tied back to the
comparative logic of RQ2 (context-contingent adoption patterns).
Coding reliability and transparency are supported through an audit trail: the evolving code-
book, representative excerpts for each theme, and notes on boundary cases are retained to
document interpretive decisions. When codes require subjective judgment (e.g., distinguishing
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“over-reliance” from “e�ciency” narratives), ambiguous cases are revisited and resolved using
the codebook definitions to maintain internal consistency. Qualitative results are reported with
brief illustrative excerpts (anonymized) and are used primarily to (i) explain why quantitative
patterns may arise and (ii) surface mechanisms that are not captured by fixed-response items.
Coding was performed by a single analyst, with a structured second-pass review to reduce drift
and to ensure consistent application of code definitions across contexts.

5.6. Cross-Study Integration Logic (RQ3)
RQ3 asks how changes in organizational decision-making practices enabled by AI can be ex-
plained through underlying cognitive mechanisms of AI-assisted memory. The integration logic
follows a mechanism-to-practice mapping approach:

1. Extract mechanism signatures from Study 1. Identify which AI Bu�er properties
(timing, structure) change (i) performance (recall/recognition), (ii) epistemic risk (false-
lure endorsement/source monitoring), and (iii) metacognitive and e�ort signals (confi-
dence and cognitive load).

2. Extract practice patterns from Study 2. Identify how AI tools are used in product
management (automation vs. augmentation vs. decision support), what role shifts are
reported, and how responsibility and governance are perceived and implemented.

3. Map patterns to mechanisms. Interpret practice patterns through the AI Bu�er
mechanisms:

• Workflow acceleration and increased strategic focus are mapped to o�oading and
cue-supported cognition (e�ort substitution and faster evidence access).

• Governance emphasis and accountability concerns are mapped to source monitoring
and epistemic risk (traceability failures under misattribution).

• Trust and reliance narratives are mapped to confidence calibration (when confidence
is increased by fluency rather than by accuracy).

• Adoption friction and interface concerns are mapped to cognitive load and split at-
tention (coordination costs and interruptions).

4. Specify boundary conditions. Use Study 2 context di�erences (USA–China) and re-
ported skill di�erences (AI literacy and training) as candidate moderators of the mechanism-
to-practice link, consistent with the framework in Section 3.4.

The goal of integration is explanatory coherence: the thesis does not treat Study 1 and Study 2
as two separate projects, but as complementary evidentiary sources that jointly support the AI
Bu�er Model as an account of how AI-generated external representations reshape knowledge
work.
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5.7. Validity, Reliability, and Robustness
Because the thesis combines experimental and field designs, validity and robustness are ad-
dressed at multiple levels.
Study 1Internal validity. Randomization and controlled timing constraints support causal
interpretation of timing and structure e�ects. Compliance screening reduces noise from non-
compliance.
Construct validity. RQ1 constructs are measured with complementary outcomes (recall,
recognition, false lures, confidence, cognitive load, logs), reducing reliance on any single metric.
False-lure endorsement provides a direct operationalization of epistemic risk rooted in source-
monitoring theory [37].
Reliability. When qualitative scoring is required (e.g., recall quality), reliability is supported
by a pre-specified rubric and by systematic review procedures. Sensitivity checks include veri-
fying that results do not hinge on a small number of ambiguous scoring cases.
Robustness. Robustness checks include alternative model specifications (e.g., item-level vs.
block-level recognition models), inclusion/exclusion of covariates (e.g., reading time and sum-
mary exposure), and alternative exclusion thresholds for compliance.
Study 2External validity. The field study measures AI adoption in a real decision-intensive
role. The cross-national design increases generalizability by comparing two influential contexts
(USA and China).
Measurement reliability. For multi-item constructs, internal consistency is assessed (e.g.,
Cronbach’s alpha) and items are combined only when coherence is acceptable. For qualitative
themes, coding consistency is supported through structured codebooks and review.
Cross-context comparability. The bilingual instrument design is intended to reduce lan-
guage barriers and support semantic equivalence across cohorts. Analyses check that observed
di�erences are not driven solely by systematic missingness or coding artifacts.
Cross-study robustnessCross-study claims are treated as explanatory rather than purely sta-
tistical. Robustness is evaluated by triangulation: an integrative claim is considered stronger
when (i) it is consistent with Study 1 mechanisms, (ii) it aligns with Study 2 reported prac-
tices, and (iii) it remains plausible under alternative boundary conditions (e.g., di�erences in
AI literacy, governance maturity, or time pressure).



6| Results

6.1. Study 1 Results (RQ1)
This section reports the outcomes of the controlled experiment and addresses RQ1: How do AI-
generated external representations influence core human memory processes during knowledge-
intensive tasks? Results are organized around the mechanisms specified in the AI Bu�er Model
(encoding sca�olding, cue-dependent retrieval, source monitoring, confidence calibration, and
cognitive load; Section 3.2).
Sample overview and outcome structureThe experimental dataset includes N = 36 participants
(AI: n = 24; No-AI: n = 12), each completing three reading blocks with comprehension and
memory assessments, yielding 108 block-level observations. Within the AI group, the experi-
mental manipulation followed a 2 (summary structure: integrated vs segmented) ◊ 3 (summary
timing: pre-reading vs synchronous vs post-reading) mixed design (details in Section 4.2).
Reporting conventionsFor each outcome, we report descriptive statistics (mean and standard
deviation) followed by inferential tests. For tests within the AI group, timing is treated as a
within-participant factor and structure as a between-participant factor. Where post-hoc tim-
ing contrasts are reported, p-values are Holm-corrected within the relevant family of compar-
isons. Unless stated otherwise, analyses use the complete-case dataset described in Sections 4.2
and 5.4.
Recognition and learning outcomes (MCQ accuracy)
AI vs No-AI baseline. Across all multiple-choice items, the AI condition outperformed the
No-AI condition (AI: M = 0.598, SD = 0.085; No-AI: M = 0.510, SD = 0.098), F (1, 34) =
7.86, p = .008, ÷2

p = 0.188. This establishes a global recognition benefit associated with AI
summaries. In absolute terms, this corresponds to an 8.8 percentage-point gain in recognition
accuracy (Cohen’s d ¥ 0.98).
Interpretation. This baseline e�ect indicates that AI summaries primarily support performance
under cue-rich recognition conditions. Because recognition can be improved by the availability
of well-formed retrieval cues, this gain should not be interpreted as evidence of durable internal-
ization on its own. The free-recall analyses reported below therefore serve as a complementary
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test of whether AI assistance strengthens generative retrieval without external cues.

Group Overall MCQ accuracy (Mean ± SD) N

AI-assisted 0.598 ± 0.085 24
No-AI 0.510 ± 0.098 12

Table 6.1: Overall MCQ accuracy by AI availability (Study 1).

Timing e�ects within the AI group. When recognition is indexed specifically to information
covered by the AI summary (AI-summary-sourced questions), pre-reading access yields the
highest accuracy. AI-summary-sourced accuracy by timing is: pre-reading M = 0.833 (SD =
0.141), synchronous M = 0.568 (SD = 0.239), and post-reading M = 0.641 (SD = 0.196). A
mixed ANOVA (structure ◊ timing; AI group) shows a strong timing main e�ect, F (2, 44) =
14.00, p < .001, ÷2

p = 0.389, with no structure main e�ect and no interaction. Holm-corrected
comparisons indicate pre-reading outperforms synchronous (p = .00052, dz = 0.91) and post-
reading (p = .00057, dz = 0.87); the synchronous vs post-reading contrast is not significant
(p = .148).
Interpretation. The timing pattern is consistent with a sequencing mechanism: when the sum-
mary is available before reading, it can function as an advance organizer that guides what is
attended to and how information is structured during encoding. This interpretation is strength-
ened by the fact that the e�ect is concentrated in AI-summary-sourced items rather than re-
flecting a broad uplift in comprehension across all question types.
Overall MCQ accuracy (all questions). The same timing ordering appears in overall MCQ
accuracy (pre-reading M = 0.699, SD = 0.125; synchronous M = 0.533, SD = 0.147; post-
reading M = 0.562, SD = 0.127), with a significant timing e�ect, F (1.77, 38.87) = 11.77,
p < .001.
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(a) AI-summary-sourced accuracy by timing (AI group).

(b) Overall MCQ accuracy by structure and timing (AI
group).

Figure 6.1: Recognition outcomes in Study 1. Error bars indicate ±SE.

Boundary condition: article-only comprehension. Timing does not meaningfully a�ect accuracy
on questions that are not covered by the AI summary (article-only accuracy), indicating that
the timing manipulation primarily changes learning for summary-covered information rather
than broadly improving comprehension of the underlying article.
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(a) Article-only accuracy by timing (AI group).

(b) Decomposition of timing e�ects into summary- vs
article-sourced accuracy (AI group).

Figure 6.2: Timing diagnostics for Study 1: timing primarily a�ects learning of summary-
covered content.

Mechanism-oriented robustness checks for the timing advantageTo test whether the timing
advantage is explained by summary-aligned encoding and/or by increased exposure to the
summary, two complementary model-based checks were conducted.
Summary-alignment mechanism. AI-summary-sourced accuracy strongly predicts overall MCQ
accuracy in a mixed-e�ects model controlling for timing and structure (— = 0.472, p < .001).
When AI-summary-sourced accuracy is included as a predictor, the pre-reading advantage
on overall MCQ accuracy shrinks substantially (pre–synchronous: � = 0.172 æ 0.043; pre–
post: � = 0.143 æ 0.044) and is no longer significant after Holm correction (p = .352).
Model fit improves markedly (‰2(1) = 46.38, p < .001), supporting the interpretation that
timing primarily increases learning of summary-covered content rather than broadly raising
comprehension.
Exposure control (summary time). Controlling for log-transformed summary exposure reduces
the timing estimates only modestly, and the timing contrasts remain significant, suggesting that
pre-reading advantages are not explained solely by “more time” on the summary. Summary
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time itself is a positive predictor of AI-summary-sourced accuracy (— = 0.062, p = .031).

Model Pre–Synchronous estimate Pre–Post estimate

Base (timing only) 0.271*** 0.214***
+ log(summary_time) 0.258*** 0.164**
Reduction 5% 23%

Table 6.2: Timing contrasts on AI-summary-sourced accuracy with and without controlling for
summary exposure.

Note: *** p < .001, ** p < .01.
Generative retrieval: free recall is una�ected by timing
In contrast to recognition performance, free recall does not vary by timing in the AI group:
pre-reading M = 5.50 (SD = 1.92), synchronous M = 5.54 (SD = 1.99), and post-reading
M = 5.56 (SD = 2.17). A mixed ANOVA shows no timing e�ect, F (1.86, 40.88) = 0.03,
p = .969. Additionally, an AI vs No-AI comparison indicates no meaningful recall di�erence
(AI: M = 5.535; No-AI: M = 5.403; p > .50). Together, these findings indicate that AI
assistance primarily a�ects cue-supported recognition rather than internally generated retrieval.
Interpretation. The absence of timing and baseline di�erences in free recall suggests that the
recognition gains are not driven by a uniformly stronger memory trace. Instead, AI assistance
likely changes the organization and availability of cues that benefit recognition while leaving
generative reconstruction largely unchanged. This distinction matters for downstream tasks
that require explanation, transfer, or reconstruction without access to external supports.
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(a) Recall total score by timing (AI group).

(b) Mental e�ort by condition (AI and No-AI).

Figure 6.3: Secondary outcomes in Study 1: recall and cognitive load. Error bars indicate ±SE.

Source monitoring and misinformation: structure shapes false-lure endorsement
Susceptibility to false AI-generated claims is primarily driven by summary structure. In the AI
group, segmented summaries increase false-lure endorsement relative to integrated summaries.
Participants exposed to segmented summaries select more false lures (integrated: M = 0.58,
SD = 0.69; segmented: M = 1.06, SD = 0.79), and show lower false-lure accuracy (integrated:
M = 0.556, SD = 0.354; segmented: M = 0.375, SD = 0.302). A binomial GLMM predicting
false-lure endorsement yields an odds ratio of 5.93 for segmented structure (95% CI [1.63, 21.5];
p = .007).
Interpretation. The structure e�ect suggests that representational fragmentation can weaken
source-monitoring cues: when outputs are segmented, claims may be encoded with less con-
textual binding to their origin, increasing later endorsement of false lures. This complements
the calibration analyses by implying that misinformation vulnerability here is better explained
by degraded provenance cues and cross-checking opportunities than by a general increase in
confidence.
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(a) False-lure accuracy by structure and timing (AI
group).

(b) False-lure endorsement probability by structure (AI
group).

Figure 6.4: Source-monitoring outcomes in Study 1. Error bars indicate ±SE.

Confidence calibration
Metacognitive calibration (confidence relative to actual performance) is imperfect overall, but
AI does not worsen overconfidence. Recall confidence is similar across AI availability (AI:
M = 4.25; No-AI: M = 4.08; scale 1–7), and an independent-samples t-test on overconfidence
indicates no di�erence between groups, t(31.7) = 0.16, p = .873.
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(a) Overconfidence by group (AI vs No-AI).

(b) Recall calibration by group.

Figure 6.5: Confidence calibration in Study 1. Error bars indicate ±SE.

Process evidence: timing redistributes attention without increasing total time
The timing manipulation changes how attention is allocated between summary and article. In
the AI group, pre-reading produces the highest summary viewing time (mean 132.5 seconds) and
summary share (24.9%), while post-reading is lowest (mean 69.5 seconds; 13.7%). Importantly,
total time-on-task remains stable across timing conditions (approximately 531–536 seconds),
indicating a redistribution of attention rather than more time spent overall.
Interpretation. Because total time-on-task is stable, the most parsimonious account is a redis-
tribution of attention rather than an e�ort increase. Pre-reading appears to shift time toward
the external representation at a moment when it can shape subsequent processing, providing
process-level support for the encoding-sca�old interpretation of the timing advantage reported
above.
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Timing (AI group) Summary time (s) Reading time (min) Total time (s) Summary share (%)

Pre-reading 132.5 6.72 535.8 24.9
Synchronous 100.3 7.19 531.6 19.5
Post-reading 69.5 7.69 530.8 13.7

Table 6.3: Time allocation by summary timing (Study 1, AI group; means).

(a) Summary time (seconds). (b) Summary share of total
time.

(c) Reading time (minutes).

(d) Total time (seconds).

Figure 6.6: Process measures in Study 1 (AI group). Error bars indicate ±SE.

Subjective reliance: trust and dependence
Self-reported reliance measures track the timing manipulation more than the structure ma-
nipulation. Pre-reading tends to yield higher trust and dependence ratings than post-reading,
consistent with the process evidence that pre-reading increases summary engagement. Mixed-
design analyses show a timing e�ect for trust (F (2, 43) = 7.90, p = .001) and both structure and
timing e�ects for dependence (structure: F (1, 22) = 6.21, p = .021; timing: F (2, 43) = 7.74,
p = .001). These measures are reported as complementary signals alongside behavioral logs;
full post-hoc contrasts are reported in Appendix A.
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(a) Trust by structure and timing (AI group).

(b) Dependence by structure and timing (AI group).

Figure 6.7: Subjective reliance in Study 1 (AI group). Error bars indicate ±SE.

Robustness checks and supplementary diagnostics
Robustness checks support the stability of the main conclusions. Counterbalancing diagnostics
indicate that timing conditions were distributed across articles as intended; leave-one-article-out
analyses show that the timing advantage for AI-summary-sourced accuracy persists when any
single article is removed. Supplementary plots also characterize potential stimulus heterogeneity
(e.g., article di�culty) and the decomposition of timing e�ects.
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(a) Counterbalancing check: timing by
article.

(b) Leave-one-article-out robustness
(timing e�ect).

(c) Article di�culty diagnostic.

Figure 6.8: Robustness and diagnostic checks for Study 1.

6.2. Study 2 Results (RQ2)
This section reports results from the field study and addresses RQ2: How does the adoption
of AI tools shape decision-making practices, role configuration, and perceived responsibility in
product management? The final dataset comprises N = 74 validated responses, evenly split
between the United States (n = 37) and China (n = 37) (Section 4.3).
Reporting conventions (Study 2)Unless otherwise stated, Likert items (1–5) are summarized
with mean (SD) overall and by region, and tested (i) against the neutral midpoint (3) using one-
sample t-tests, and (ii) between USA and China using independent-samples t-tests. Categorical
items are summarized with response frequencies and tested using chi-square goodness-of-fit and
independence tests (USA vs China). Alongside p-values, we report e�ect sizes (Cohen’s d for
mean contrasts; Cramérú V for chi-square tests) where relevant.
Adoption patterns and tool portfolio
Respondents report broad AI adoption across multiple tool categories. Table 6.4 reports mean
usage intensity for the main tool portfolio items (1–5; higher indicates more frequent use).
Overall, the highest-intensity item is the generative writing assistant (M = 3.22, SD = 1.10),
while several automation and analytics tools cluster around moderate usage (approximately
M ¥ 2.8–3.0).
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Tool / use case (1–5) Mean SD

RPA bots 2.99 0.95
Intelligent scheduling assistant 2.94 1.02
Customer service AI chatbot 2.88 1.17
Customer feedback analysis tool 2.84 1.15
Market research automation 2.84 1.04
Generative writing assistant 3.22 1.10
AI-driven product testing 2.80 1.01
Ideation assistant 2.66 1.02
Competitor analysis platform 2.58 0.98
Predictive analytics tool 2.96 1.09

Table 6.4: Study 2 AI tool portfolio usage intensity (overall descriptives; 1–5).

Expectations are generally met or exceeded (“AI tools met initial expectations”: M = 3.52,
SD = 1.08) and respondents anticipate continued growth in AI usage over the next 12 months
(M = 3.66, SD = 0.90).

Figure 6.9: Self-reported AI tool usage intensity in product management (Study 2; error bars
show ±SD).

Strategic landscape of AI adoption and organizational determinants



6| Results

Table 6.5 summarizes adoption maturity and forward expectations. Respondents report being
within the “1–3 years” range on average for AI usage in product management (scale coded 1–
5), indicate positive perceived e�ectiveness of AI tools, and anticipate increased usage over the
next 12 months. No meaningful USA–China di�erences emerge for these strategic-orientation
indicators.

Variable (1–5) Mean SD t(73) vs 3 p

Duration of AI usage in PM 3.35 0.89 -5.66 < .001
AI tools are e�ective for PM decisions 3.38 0.92 4.15 < .001
Expected growth in AI usage (12 months) 3.66 0.90 6.15 < .001

Table 6.5: Strategic orientation toward AI integration (Study 2): one-sample tests against the
neutral midpoint (3).

Organizational determinants (who drives AI implementation decisions, integration goals, per-
ceived barriers, and tool selection criteria) are summarized in Table 6.6. Distributions are
non-uniform (overall goodness-of-fit tests p < .001), indicating concentration of decision own-
ership and selection logic rather than di�use, evenly distributed practices.

Categorical item ‰2
(overall) p (overall) ‰2

(USA vs CN) p (USA vs CN)

Decision-making group for AI
implementation

108.99 < .001 22.27 < .001

AI integration goals 10.58 .102 0.19 .666
Preferred AI tool category 22.04 < .001 9.70 .0078
AI adoption barriers 7.32 .292 2.00 .157
Tool selection criteria 16.84 .0048 0.06 .804

Table 6.6: Strategic drivers and organizational determinants of AI adoption (Study 2):
goodness-of-fit (overall) and USA–China independence tests.

Workload shifts and role reconfiguration
Workload reduction items are measured on a 1–5 scale (higher values indicate stronger per-
ceived reduction). Table 6.7 shows strong perceived reductions for routine administrative work,
customer-feedback analysis, documentation/content creation, and task/backlog management.
Routine communications are the only domain with a strong negative deviation below the mid-
point.
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Task (1–5) Mean SD t(73) vs 3 p

Routine administrative tasks (reporting, status updates) 3.88 1.11 6.49 < .001
Customer feedback analysis (NLP-supported synthesis) 3.84 1.05 6.56 < .001
Market research and competitor analysis 2.97 0.73 -0.49 .625
AI-driven QA / product testing 2.97 0.75 1.18 .241
Documentation / content creation 3.70 0.93 6.48 < .001
Routine communications 2.22 0.85 -7.95 < .001
Task/backlog management 3.53 1.01 4.49 < .001

Table 6.7: Workload reduction across product-management tasks due to AI integration
(Study 2): one-sample tests against midpoint (3).

Figure 6.10: Perceived workload reduction by product-management task (Study 2; error bars
show ±SD).

Task complexity increases and time reinvestment patterns
AI adoption does not only reduce workload; it also shifts work toward validation and governance.
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Item Most frequent response % N

Task complexity increased (top) Human-in-the-loop checks 75.7% 74
Time reallocated to (top) Product innovation 85.1% 74

Table 6.8: Top complexity increase and top time-reinvestment category (Study 2). Full distri-
butions by region are reported in Appendix C.

Figure 6.11: Tasks reported as more complex due to AI adoption (Study 2; overall and by
region).
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Figure 6.12: Tasks prioritized with time saved through AI (Study 2; overall and by region).

Decision-making support and strategic impact
Strategic impact items are measured on 1–5 scales (higher values indicate more positive per-
ceived impact), except for reported strategic time gained, which is measured in hours per week.
Table 6.9 reports overall endorsement and USA–China contrasts.

Outcome Mean SD t(73) p p (USA vs CN)

Overall productivity impact (1–5) 3.47 1.10 4.77 < .001 0.999
Perceived decision-making improvement (1–5) 3.45 1.05 3.34 .0013 .0104
Strategic time gained (hours/week) 0.38 0.50 5.33 < .001 0.751
AI tools meeting expectations (1–5) 3.52 1.08 4.14 < .001 0.770

Table 6.9: Strategic impacts of AI integration (Study 2): one-sample tests and USA–China
comparisons.

Interpretation. Means around 3.4–3.5 indicate moderately positive perceived impact rather
than uniformly transformative e�ects, and the standard deviations suggest substantial hetero-
geneity across respondents. The significant USA–China di�erence in perceived decision im-
provement, alongside similar productivity ratings, is consistent with contextual di�erences in
how AI is embedded into decision routines; however, because these outcomes are self-reported,
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the contrast should be interpreted as perceived value rather than objective performance di�er-
ences.

Figure 6.13: Strategic and governance impacts of AI adoption (Study 2; error bars show ±SD).

Confidence, training, and skill development
To capture adoption maturity, we report perceived confidence using AI tools, the availability
of structured training, and which skill domains respondents perceive as most improved due to
AI integration. These outcomes are reported overall and contrasted across USA and China.

Figure 6.14: Top skills improved due to AI integration (Study 2; overall and by region).
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Figure 6.15: Confidence in e�ectively leveraging AI tools (Study 2; overall and by region).

Figure 6.16: Structured AI training o�ered by organizations (Study 2; overall and by region).
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Figure 6.17: Preferred resources for AI skill development (Study 2; overall and by region).

Takeaway. These patterns characterize whether adoption is supported mainly by informal
learning, formal training provision, or mixed models—and whether the USA and China cohorts
report di�erent upskilling trajectories.
Responsibility, governance, and ethics
Ethical issues are reported as occurring less than “occasionally” on average (Figure 6.13).
However, governance and accountability remain unresolved for many respondents. The most
frequent response for ethical responsibility indicates no clear ownership (33.8%), and the most
frequent response for the existence of ethical AI guidelines indicates no clear guidelines (36.5%).

Item Most frequent response % N

AI tools used by PMs ChatGPT 78.4% 74
AI integration goals (top) Reducing operational costs 52.7% 74
Tool selection criteria (top) Cost-e�ectiveness 58.1% 74
Task complexity increased (top) Human-in-the-loop checks 75.7% 74
Time reallocated to (top) Product innovation 85.1% 74
Ethical responsibility (top) No clear ownership 33.8% 74
Ethical guidelines (top) No clear guidelines exist 36.5% 74

Table 6.10: Study 2 highlights for categorical items (most frequent response).
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Interpretation. These modal responses suggest that adoption has outpaced institutionaliza-
tion: AI tools are used widely, yet many respondents cannot identify a clear owner or rule-set
governing ethical use. In artifact-mediated workflows, this ambiguity is consequential because
responsibility for verifying AI-mediated evidence can become di�use, increasing the risk that
errors persist unchallenged as artifacts circulate within teams.
Ethical challenges and perceived concerns
Beyond governance structure, respondents report concrete ethical challenges and concerns as-
sociated with increased AI use. We summarize the response distributions overall and by region
(full frequency tables are provided in Appendix C).

Ethical challenge USA China Overall

Privacy and protection of customer data 11 12 23
Potential bias in AI-driven decisions 11 8 19
Accountability for AI decisions or errors 5 9 14
Transparency and explainability 7 5 12
Compliance with regulatory standards 2 1 3
No ethical challenges encountered 1 2 3

Table 6.11: Ethical challenges encountered due to AI tool use (Study 2; counts).

Greatest ethical concern USA China Overall

Accuracy & reliability 7 10 17
Privacy & data security 9 2 11
Accountability & responsibility 7 2 9
Job displacement 4 2 6
Overuse & creativity loss 4 1 5
No concern stated 2 13 15
Other 4 7 11

Table 6.12: Greatest ethical concerns about increased AI use in product management (Study 2;
counts).

Cross-national governance patternsTo contextualize the “no clear ownership” and “no clear
guidelines” patterns, Tables 6.13 and 6.14 report the full response distributions by region.
Two patterns are salient. First, the U. S. cohort reports substantially higher ambiguity in
responsibility ownership (18 vs. 7 reporting “no clear ownership”), while the China cohort
more frequently attributes responsibility to product managers individually. Second, the U. S.
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cohort reports more formal internal guideline structures (18 vs. 4), while the China cohort
reports higher reliance on informal guidance.

Responsibility structure China USA Overall % Overall

Formal organizational guidelines/policies 7 6 13 17.6%
Product managers individually 11 0 11 14.9%
Dedicated AI/Ethics committee 4 6 10 13.5%
Cross-functional team/collaboration 7 6 13 17.6%
No clear ownership/responsibility defined 7 18 25 33.8%

Table 6.13: Responsibility for ethical AI decisions by region (Study 2; counts and overall
percentages).

Guideline structure China USA Overall % Overall

Formal internal AI ethics guidelines exist 4 18 22 29.7%
No clear guidelines exist 16 11 27 36.5%
Informal ethical guidance only 12 7 19 25.7%
External standards followed (e.g., GDPR, EU AI Act) 4 0 4 5.4%

Table 6.14: Existence of ethical AI guidelines in product management by region (Study 2).

Qualitative themes from open-ended responses
Open-ended responses provide mechanism-level context for the structured patterns reported
above. Three recurring themes are salient.
Theme 1: AI as a drafting and synthesis layer. Respondents describe using AI primarily
to compress information and produce first drafts (e.g., summarizing user feedback, drafting
PRDs), consistent with the quantitative concentration of benefits in documentation tasks.
Theme 2: Verification as the new bottleneck. A common narrative is that time saved upstream
is partially reallocated to human-in-the-loop checking, validation, and alignment work. This
aligns with the high frequency of “human-in-the-loop checks” as the task that became more
complex.
Theme 3: Governance ambiguity and escalation uncertainty. Many respondents report un-
clear responsibility ownership and missing guidelines, often framing ethics as a cross-functional
problem without a clear escalation path. Where regional di�erences emerge, they are reported
explicitly (USA vs. China) to support the comparative logic of RQ2.
Representative excerpts (anonymized) are reported in Appendix B to illustrate each theme and
to document coding boundaries.
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Robustness and sensitivity checks (Study 2)Key directional findings are checked for robustness
using ordinal or rank-based alternatives when Likert items show ceiling/floor e�ects or non-
normality. Regional comparisons are additionally repeated after consolidating sparse categories
in categorical items. Robustness outcomes are summarized in Appendix B.

6.3. Cross-Study Integration (RQ3)
This section addresses RQ3: How can changes in organizational decision-making practices
enabled by AI be explained through underlying cognitive mechanisms of AI-assisted memory?
The cross-study logic treats Study 1 as mechanistic evidence about how external representations
shape memory and metacognition, and Study 2 as field evidence about where those mechanisms
become operational in decision-intensive work settings.
Integrated interpretation across levelsThe combined findings support three integration claims
consistent with the AI Bu�er Model and the multi-level framework introduced in Section 3.4.
Claim 1: “AI-first framing” is e�ective when it shapes encoding, not when it replaces it. Study 1
shows a strong timing advantage for pre-reading summaries on recognition outcomes, supported
by process evidence that timing redistributes attention toward the summary without increasing
total time. Study 2 indicates that PMs use AI to reduce routine workload and report improved
decision-making. Together, these results suggest that organizational benefits are most plausible
when AI is used early to frame problems and structure attention, while humans still perform
critical integration and judgement.
Claim 2: Fragmentation increases misattribution risk, motivating governance mechanisms.
Study 1 demonstrates that segmented presentations substantially increase false-lure endorse-
ment (odds ratio 5.93), pointing to a source-monitoring vulnerability when AI-provided in-
formation is fragmented. Study 2 shows that accountability and ethical governance are often
unclear and that guidelines are frequently absent. The integration implication is that the
provenance and structure of AI outputs are part of decision governance: integrated, traceable
artifacts are expected to reduce misattribution and support responsibility assignment.
Claim 3: Reliance is not purely “overconfidence”; it is a shift in cognitive infrastructure. Study 1
finds that AI does not worsen overconfidence but does change reliance and attention allocation
(trust and dependence track timing). Study 2 complements this by showing that AI adop-
tion reallocates work toward higher-level activities while introducing new responsibilities (e.g.,
human-in-the-loop checks). The integrated interpretation is that reliance operates through in-
frastructural shifts in the external representation: who curates it, when it is consulted, and
how it is audited.
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Cognitive mechanism

(Study 1)

Empirical pattern

(Study 1)

Organizational implication

(Study 2)

Encoding sca�old (advance or-
ganizer)

Pre-reading yields highest
AI-summary-sourced accuracy;
timing is a strong driver of
recognition

Field reports are consistent
with higher value when AI is
used early to frame options and
guide subsequent work, rather
than as a late-stage “answer en-
gine”

Cue-dependent retrieval and of-
floading

MCQ improves while free re-
call is unchanged (recognition–
recall dissociation)

Decision practices may become
artifact-driven (easy retrieval
of AI-framed options) with-
out equivalent deep internaliza-
tion; verification practices be-
come essential

Source monitoring Segmented structure increases
false-lure endorsement (OR
5.93)

Fragmented AI usage across
tools/channels can increase
misattribution and account-
ability di�usion; integrated
documentation and provenance
controls are plausible risk
mitigations

Confidence calibration AI does not increase overconfi-
dence relative to No-AI

Self-reported confidence is an
unreliable governance signal;
explicit checks (e.g., refer-
ences, validation, sign-o�) re-
main necessary

Load allocation and reliance Pre-reading increases summary
engagement without increasing
total time; reliance measures
track timing

Adoption shifts time from op-
erational to strategic work,
but also shifts responsibility to
monitoring, auditing, and esca-
lation of AI outputs

Table 6.15: Cross-study integration linking cognitive mechanisms (Study 1) to product-
management practices (Study 2).

6.4. Results chapter summary
Across Study 1 and Study 2, three results are central.
RQ1 (mechanisms). AI summaries improve cue-supported recognition (especially when ac-
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cessed pre-reading), while free recall remains largely unchanged. Fragmented (segmented)
summaries increase false-lure endorsement, indicating higher misattribution risk under weaker
source-monitoring cues.
RQ2 (field patterns). Product managers report broad AI adoption, with strongest perceived
workload reduction in routine and documentation tasks, and positive perceived impact on
productivity and decision quality. Governance remains a salient gap, with frequent reports of
unclear responsibility and missing guidelines.
RQ3 (integration). Field-level shifts (automation + new monitoring responsibility) align with
mechanism-level signatures: early AI-framing supports encoding and decision structuring, while
fragmented AI artifacts elevate epistemic risk and motivate stronger provenance and account-
ability practices.
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7.1. Discussion Overview
This discussion interprets the findings through the thesis’ central claim: AI systems increas-
ingly function as external representations that reshape cognition and work not only by “adding
information,” but by changing the timing, structure, and provenance of the cues people use to
encode, retrieve, and justify decisions. Across the two studies, the same representational param-
eters that improve short-term performance can also introduce new epistemic and governance
risks when provenance cues are weakened or responsibilities are di�use.
A core theme is the distinction between performance with support versus internalization without
support. Study 1 shows that AI summaries can improve cue-supported recognition, especially
when presented early enough to act as an encoding sca�old, yet this does not automatically
translate into better generative recall. This pattern is consistent with the AI Bu�er Model’s pre-
diction that external representations primarily strengthen cue availability and retrieval support
rather than building durable, self-generated traces.
Study 2 extends this cognitive account to organizational settings. Product managers report
that AI improves productivity and perceived decision-making, particularly for routine drafting
and synthesis. At the same time, the field patterns show that many organizations have not
institutionalized ownership and guidelines for AI-mediated work. Taken together, the studies
support a multi-level interpretation: as AI artifacts become shared memory objects, the quality
of provenance cues and the clarity of accountability structures become central determinants of
whether AI assistance yields robust organizational value or scalable epistemic risk.
The remainder of this chapter proceeds in three steps. First, it answers the research questions
by interpreting the key results in mechanism terms. Second, it articulates theoretical and
practical implications as designable parameters of AI-assisted cognition and work. Third, it
clarifies boundary conditions, limitations, and future work needed to validate the proposed
multi-level account.

91
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7.2. Answering the Research Questions
Key quantitative takeaways.

• Study 1 (recognition): overall MCQ accuracy improves with AI (0.598 vs 0.510; � =
0.088; F (1, 34) = 7.86, p = .008, ÷2

p = 0.188).
• Study 1 (timing): for AI-summary-sourced items, pre-reading outperforms synchronous

and post-reading (0.833 vs 0.568 vs 0.641; F (2, 44) = 14.00, p < .001, ÷2
p = 0.389).

• Study 1 (epistemic risk / source monitoring): segmented summaries increase false-
lure endorsement (OR 5.93, 95% CI [1.63, 21.5], p = .007).

• Study 2 (field patterns): productivity impact M = 3.47 and decision improvement
M = 3.45 (USA vs CN: p = .0104), alongside governance ambiguity (no clear ownership
33.8%; no clear guidelines 36.5%).

Interpretive takeaways (what the numbers imply).
• AI helps most when it sets the frame early: the pre-reading advantage suggests

that summaries work as sca�olds that guide later attention and encoding, not merely as
extra content added at the end.

• Not all “better performance” is deeper memory: the recognition–recall dissociation
implies that AI assistance can raise accuracy in cue-rich tests without strengthening
generative retrieval.

• Format is a safety parameter: segmented representations can raise misattribution/false-
lure risks, indicating that interface structure a�ects source monitoring and epistemic re-
liability.

• Organizational adoption shifts the unit of memory: in the field, AI use concen-
trates value in artifacts (drafts, briefs, summaries), which increases the importance of
governance (ownership, guidelines, verification norms) because artifacts become the deci-
sion trace.

RQ1: How do AI-generated external representations influence core human memory processes?
Study 1 provides converging evidence that AI-generated summaries function as external repre-
sentations that selectively reshape memory performance depending on when and how they are
presented (Section 6.1). Three implications are central for RQ1.
First, AI assistance improves cue-supported recognition, but does not strengthen generative
retrieval. The AI condition outperforms No-AI on MCQ accuracy (Table 6.1), yet free recall
remains largely unchanged across timing conditions and does not meaningfully di�er between
AI and No-AI (Section 6.1). This pattern is consistent with the AI Bu�er Model’s prediction
that external representations primarily support cue-dependent retrieval and may not translate
into stronger internally generated retrieval traces (Section 3.2). In other words, AI changes the
availability of retrieval cues more than the durability of self-generated memory. This recognition
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advantage is reflected in the MCQ di�erence summarized above (AI: 0.598 vs No-AI: 0.510).
Second, timing shapes encoding by changing attention allocation, not time-on-task. Pre-reading
access yields the highest recognition performance on summary-covered information (Section 6.1
and fig. 6.1), and process measures indicate that pre-reading increases summary engagement
without increasing total time (Section 6.1 and table 6.3). This is visible in the timing pat-
tern summarized above (pre-reading highest; synchronous lowest). Summary time is highest in
pre-reading (mean 132.5 seconds; 24.9% of total) and lowest post-reading (mean 69.5 seconds;
13.7%), while total time-on-task remains approximately 531–536 seconds. Together, these find-
ings support an encoding sca�old interpretation: the external representation is most e�ective
when encountered early enough to structure subsequent processing, consistent with advance
organizer and cognitive load accounts [5, 83].
Third, structure shapes epistemic risk through source monitoring. Integrated summaries re-
duce false-lure endorsement relative to segmented summaries (Section 6.1 and fig. 6.4). In
a binomial GLMM, segmented structure increases false-lure endorsement (OR 5.93, 95% CI
[1.63, 21.5], p = .007). This supports the claim that the structure of an external representation
can either preserve or degrade cues that enable source attribution and cross-checking [16, 37].
Importantly, these risks are not well explained by a simple “overconfidence” mechanism: cali-
bration is imperfect overall, but AI does not increase overconfidence (Section 6.1 and fig. 6.5).
Alternative explanations and boundary conditions for RQ1. Two alternative interpretations
are worth addressing. First, the recognition gain could reflect a “test alignment” e�ect: MCQs
reward cue availability and partial familiarity, so improvements may overestimate deeper un-
derstanding. The lack of free-recall gains supports this interpretation, suggesting that AI as-
sistance changes retrieval conditions more than the underlying memory trace. Second, timing
e�ects could partially reflect how summaries steer perceived relevance: pre-reading may act as
a relevance filter that increases selective attention during reading, whereas post-reading may
be treated as a redundant recap.
These boundary conditions imply that AI assistance may be most beneficial when (i) users must
later recognize or verify information under cue-rich conditions, and less beneficial when (ii) tasks
require generative explanation, transfer, or reconstruction without external cues. They also
suggest that the quality and faithfulness of summaries should matter: if summaries omit key
causal relations or introduce subtle distortions, early exposure could sca�old attention toward
a misleading frame, making the “sca�old” mechanism double-edged in high-stakes contexts.
Design implications for AI-assisted memory. Viewed mechanistically, the results identify two
design levers. The first is sequencing: enabling a brief, high-level preview before deep work to
structure encoding. The second is provenance-preserving integration: integrated representations
that keep source cues and reduce split attention should be treated as a safety feature, because
they support cross-checking and source attribution. This reframes interface choices (segmented
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vs integrated presentations) as epistemic risk controls, not merely usability preferences.
Overall, RQ1 is answered by a mechanism-specific conclusion: AI-generated representations can
improve recognition outcomes when they function as early sca�olds, but they can also increase
misattribution risks when fragmented, and they do not automatically improve generative recall.
RQ2: How does AI adoption reshape decision-making practices, roles, and responsibility in
product management?
Study 2 suggests that AI adoption in product management is best understood as a dual shift:
a task shift toward automation of operational work and a governance shift toward monitoring,
accountability, and escalation (Section 6.2).
Task shift and role reconfiguration. Respondents report the strongest workload reductions for
routine work and document drafting/content creation (Figure 6.10). In parallel, respondents
report positive productivity and decision-making impacts (Figure 6.13). This aligns with the
thesis positioning of AI as an external representational layer that accelerates synthesis and
documentation, enabling more time for prioritization and strategic work (Section 2.10). Routine
administrative tasks (M = 3.88, SD = 1.11) and documentation/content creation (M = 3.70,
SD = 0.93) are significantly above the midpoint (both p < .001), while routine communications
show the weakest reduction (M = 2.22, SD = 0.85, p < .001 below midpoint) and market
research/competitor analysis is near-neutral (M = 2.97, SD = 0.73, p = .625) (Table 6.7).
Decision support with cross-context variation. Perceived decision-making improvement is pos-
itive overall and di�ers across contexts, with Chinese respondents reporting higher perceived
gains than U. S. respondents (Section 6.2). This suggests that the organizational value of AI
may depend on local adoption maturity, tool ecosystems, and governance constraints, even
when overall usage patterns converge. The USA–China di�erence is significant for perceived
decision-making improvement (p = .0104), while productivity impact shows no regional di�er-
ence (p = 0.999) and strategic time gained also does not di�er (p = 0.751) (Table 6.9).
Responsibility and governance are frequently unresolved. Despite widespread tool usage (e.g.,
ChatGPT as the most frequently reported tool), survey highlights show that many respondents
report unclear ethical ownership and missing guidelines (Table 6.10). In practical terms, adop-
tion changes not only what PMs do, but who is accountable for failures and for the verification of
AI-mediated evidence—a core organizational dimension of assisted decision-making. The modal
responses are “no clear ownership” (33.8%) and “no clear guidelines exist” (36.5%). By region,
“no clear ownership” is higher in the USA (18) than China (7), while formal internal guidelines
are more often reported in the USA (18) than China (4) (Section 6.2). Regional di�erences are
moderate in magnitude (responsibility: Cramérú V = 0.48; guidelines: V = 0.46).
Interpreting the regional di�erence (USA vs China) without overclaiming. The higher perceived
decision-improvement in China relative to the USA can be interpreted in at least two plausible
ways that do not require assuming objective performance di�erences. One possibility is baseline
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opportunity: if teams di�er in prior tooling maturity or documentation routines, the same AI
capability could feel more transformative where baseline support is lower. Another possibility
is workflow embedding: decision support may be perceived as higher when AI is integrated into
standardized routines (templates, review flows, mandated briefs), whereas ad-hoc use yields
uneven benefits even if productivity gains remain similar. Because Study 2 is cross-sectional
and perception-based, these interpretations should be treated as hypotheses for future multi-site
validation rather than causal claims.
Failure modes: when task automation becomes decision fragility. The pattern that AI reduces
routine drafting and increases perceived decision support also implies a risk: when teams in-
creasingly rely on AI-generated artifacts as the substrate for decision conversations, errors and
omissions can propagate if verification norms are weak. In practical terms, the organizational
question becomes less “Should we use AI?” and more “What routines ensure that AI-mediated
evidence is checked, documented, and attributable?” This is precisely where the reported lack
of ownership and guidelines becomes consequential: missing governance structures turn local
cognitive reliance into system-level accountability gaps.
In sum, RQ2 is answered by a practice-level conclusion: AI adoption is associated with opera-
tional e�ciency and perceived decision support, but also with a redistribution of responsibility
toward evaluation and governance activities that many organizations have not yet institution-
alized.
RQ3: How can organizational changes be explained through cognitive mechanisms of AI-assisted
memory?
RQ3 is addressed by integrating the mechanisms observed in Study 1 with the adoption patterns
observed in Study 2 (Section 6.3 and table 6.15). Three bridges are particularly salient.
Bridge 1: Early framing translates into organizational value. The pre-reading advantage in
Study 1 indicates that external representations deliver the highest benefits when they shape
encoding and attention allocation. In product management, this mapping is consistent with
workflows in which AI is used early to frame decision spaces (e.g., synthesizing signals into
initial hypotheses), after which humans perform integration and judgement. The implication is
not that AI should “replace” decision-making, but that its organizational value is highest when
it functions as cognitive infrastructure for problem framing.
Bridge 2: Artifact-driven work emerges from cue-dependent retrieval. Study 1 shows a recognition–
recall dissociation, consistent with AI supporting cue-based retrieval more than deep internal-
ization. Study 2 respondents report that AI reduces documentation and routine workload and
improves perceived decision support. Together, these findings imply that organizations may
increasingly rely on AI-produced artifacts as shared memory objects. This strengthens the case
for systematic documentation practices (what was generated, why it was trusted, and how it
was validated), because the artifact itself becomes part of the decision trace. Mechanistically,
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this implies artifact-mediated work: performance improves when AI-produced cues are present,
without necessarily increasing internalization when they are absent.
Bridge 3: Fragmentation produces misattribution risk and accountability di�usion. Structure-
driven false memory e�ects in Study 1 show that fragmented AI representations increase misat-
tribution risk. Study 2 respondents report that accountability is often unclear and governance
policies are frequently missing. The integrated interpretation is that fragmentation at the cog-
nitive level (weak source cues) can scale into fragmentation at the organizational level (di�use
ownership). This links the AI Bu�er Model’s source-monitoring pathway to governance require-
ments for traceability and responsibility assignment [67]. In combination, Study 1’s structure
e�ect (segmented outputs æ higher misattribution; OR 5.93) and Study 2’s governance ambi-
guity (no clear ownership 33.8%, no guidelines 36.5%) support the idea that representational
fragmentation is a scalable risk—from cognitive provenance failures to organizational account-
ability di�usion.
Multi-level account: from representational parameters to organizational routines
The cross-study integration can be stated as a multi-level chain: representational parameters
(timing, structure, provenance cues) shape individual memory mechanisms (sca�olding, cue-
dependent retrieval, source monitoring), which in turn shape work practices (artifact-centric
coordination, reduced drafting time), and ultimately shape governance needs (ownership, veri-
fication standards, auditability). This chain yields testable propositions that can guide future
validation:

1. Sequencing proposition: workflows that use AI summaries as pre-reading frames will
show stronger downstream decision quality than workflows that introduce AI primarily
post hoc, mediated by improved attention allocation and more coherent problem framing.

2. Artifact dependence proposition: as AI use increases, teams will rely more on
AI-produced artifacts as shared memory objects; decision trace quality will depend on
whether artifacts include provenance and explicit verification notes.

3. Provenance proposition: interface structures that preserve source cues (integrated,
traceable outputs) will reduce misattribution and rework relative to fragmented, channel-
scattered outputs.

4. Governance amplification proposition: the organizational cost of weak source mon-
itoring increases with artifact centrality: the more a team coordinates via AI artifacts,
the more misattribution risk scales into accountability di�usion.

This strengthens the thesis’ explanatory claim by making the integration falsifiable: future
studies can manipulate workflow sequencing and representation structure in field settings while
measuring both cognitive outcomes (source accuracy, recall) and organizational outcomes (de-
cision audit quality, rework, escalation rates).
Taken together, the thesis answers RQ3 by showing how micro-level cognitive mechanisms
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(sca�olding, cue dependence, source monitoring, and reliance) provide a coherent explanation
for macro-level changes in decision practices and accountability boundaries.

7.3. Theoretical Implications
The thesis contributes to theory at three levels: cognition, human–AI interaction, and organi-
zational decision-making.
External representations as designable cognitive infrastructure. Study 1 shows that timing and
structure are not superficial interface features: they are parameters that modulate memory
outcomes. The pre-reading advantage is consistent with the idea that an AI-generated repre-
sentation can act as an advance organizer that structures encoding [5], while the segmented-
structure risk connects to split-attention and source-monitoring accounts [16, 37]. This supports
a design-oriented view of AI assistance: the cognitive consequences of “using AI” depend on
how the representation is integrated into the task pipeline.
AI-assisted memory is cue-dependent and may not generalize to durable internalization. The
recognition–recall dissociation refines cognitive o�oading arguments by distinguishing between
(i) enhanced performance under cue-rich retrieval conditions and (ii) durable generative retrieval
without cues. This aligns with the broader perspective that external memory aids can change
what is encoded and how it is retrieved, rather than uniformly strengthening memory [71, 80,
88].
From individual reliance to organizational responsibility. Study 2 extends the cognitive story
into organizational contexts by showing that AI adoption reorganizes work toward artifact-
mediated decision processes while simultaneously creating governance gaps. The cross-study
integration provides theoretical support for the thesis claim that reliance is not reducible to
subjective trust alone; it is a structural shift in how cognitive work is distributed across people,
tools, and documentation (Section 3.4).

7.4. Practical Implications
The results suggest actionable implications for AI tool design, for product managers, and for
organizations. To avoid duplicating the cross-study synthesis elsewhere, we consolidate them
here into a single operational framework: four design principles, a minimal workflow template,
and evaluation metrics beyond productivity.
Design principles (from mechanisms to deployment)

1. Principle 1: Sequence for sca�olding (timing). If the goal is better comprehen-
sion and reliable downstream decisions, AI representations should appear early enough to
structure attention and encoding. This follows directly from the Study 1 timing advan-
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tage (pre-reading as an encoding sca�old) and suggests providing pre-reading outlines,
hypotheses, or “signal maps” before deep work begins. Post hoc summaries remain useful
as documentation, but they are less likely to shape encoding and can encourage superficial
confirmation.

2. Principle 2: Integrate to protect provenance (structure). Representations should
preserve source cues and reduce split attention. Integrated views (e.g., a single consoli-
dated brief with clear attributions) should be preferred over segmented outputs scattered
across tools and channels. This principle operationalizes Study 1’s source-monitoring risk:
fragmented structure weakens provenance cues and increases misattribution/false-lure en-
dorsement.

3. Principle 3: Make verification explicit (process). Because AI can improve cue-
supported performance without guaranteeing durable internalization (recognition–recall
dissociation in Study 1), validation must be treated as a separate step rather than an
implicit expectation. Tools and routines should prompt explicit checks for high-stakes
claims (source links, counter-evidence, uncertainty notes) rather than relying on users to
“remember to verify”.

4. Principle 4: Institutionalize accountability for AI-mediated evidence (gover-
nance). As adoption shifts work toward artifact-centric coordination (Study 2), organi-
zations must specify ownership for evidence quality: who defines verification standards,
who escalates incidents, and who maintains the decision trace. Without these roles, cog-
nitive provenance failures can scale into organizational accountability di�usion, consistent
with the governance ambiguity reported in Study 2.

A practical workflow template for product teams
A minimal workflow consistent with the thesis findings has four stages:

1. Frame (pre-reading): generate an outline/hypothesis map to guide attention.
2. Ground: consult primary sources and annotate which claims are supported.
3. Consolidate (integrated artifact): produce one brief that includes attributions and

open questions.
4. Decide and log: record the decision with a short justification and verification notes.

This template preserves the productivity advantages reported in Study 2 while reducing the
misattribution and provenance risks indicated by Study 1.
Evaluation metrics beyond productivity
To assess whether AI adoption is improving decisions rather than only accelerating output,
organizations can track:

• Decision trace completeness: presence of sources, assumptions, alternatives, and open
questions;

• Rework rates: revisions due to incorrect or missing evidence in AI-mediated artifacts;
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• Escalation frequency and resolution time: how often uncertain claims trigger review
and how quickly they are resolved;

• Post-mortem outcomes: whether failures are traceable to provenance gaps, verification
omissions, or accountability breakdowns.

These measures align evaluation with the cognitive risks (cue-dependence, source-monitoring
failures) and the organizational risks (governance ambiguity) identified in this thesis.

7.5. Competing Explanations and Boundary Conditions
Several factors could moderate the observed e�ects and should be treated as boundary con-
ditions rather than nuisances. First, summary quality and faithfulness likely determine
whether early sca�olding helps or misleads: a high-level preview is beneficial when it is accurate
and well-calibrated, but it could bias attention toward incorrect frames when hallucinations or
omissions occur. Second, expertise may flip the timing e�ect: novices may benefit more from
pre-reading sca�olds, whereas experts may prefer later summaries that compress and confirm
already-formed mental models.
Third, task stakes and verification norms should moderate both memory and governance
outcomes. In low-stakes tasks, cue-dependent retrieval may be “good enough” and the cost of
misattribution limited. In high-stakes tasks, the same misattribution risk can become unaccept-
able, making provenance cues and accountability assignments central. Finally, organizational
maturity likely determines whether AI adoption produces robust value: when teams have
templates, review routines, and audit trails, AI artifacts can accelerate work while remain-
ing inspectable; when such routines are absent, artifacts can become persuasive but weakly
grounded substitutes for evidence.

7.6. Limitations
Several limitations constrain the interpretation and generalization of the findings.
Study 1 limitations. The experiment uses a controlled task environment with a limited sam-
ple and a finite set of stimuli. The AI assistance is operationalized as summaries rather than
fully interactive dialogue, and the outcomes focus on short-term performance. These choices
strengthen internal validity but limit conclusions about long-term retention, expert populations,
and interactive AI workflows. A further concern is that the controlled setting may underesti-
mate reliance dynamics that emerge with repeated use in real work, where AI outputs become
habitual and retrieval increasingly depends on external cues. Conversely, the short retention
interval may overestimate benefits for recognition if gains decay over time or if users do not
revisit the same representational sca�old.
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Study 2 limitations. The field study relies on self-reported perceptions in a cross-sectional
survey. Causal claims about productivity or decision quality cannot be inferred, and results
may reflect selection bias (e.g., respondents who adopt AI more actively may be more likely
to participate) and measurement limitations in cross-cultural survey design. Because the mea-
sures capture perceived impacts, estimates may reflect optimism, novelty, or organizational
narratives about AI. At the same time, self-reports may under-detect governance failures, since
accountability breakdowns often become visible only during incidents, audits, or escalations.
Cross-study limitations. The multi-level integration is explanatory rather than a statistical
mediation test: the studies involve di�erent tasks and populations, and cognitive variables
are not directly measured in the field context. The integration therefore provides a coherent
account of plausible mechanisms, but it should be treated as a framework for future multi-level
validation.

7.7. Future Research Directions
The thesis motivates several directions for future work.

• Longitudinal cognitive outcomes: test whether timing and structure e�ects persist
over longer retention intervals and in repeated-use settings where o�oading may accu-
mulate.

• Interactive AI and provenance interventions: evaluate whether inline citations, un-
certainty cues, and structured verification prompts reduce false-lure endorsement without
reducing productivity.

• Decision-quality measures in the field: complement self-reports with behavioral logs,
decision audit outcomes, and objective performance metrics in product teams.

• Multi-level causal designs: run field experiments that manipulate AI representation
design in real workflows (e.g., pre-reading vs post-reading briefs; integrated vs fragmented
outputs) while measuring both cognitive and organizational outcomes.

• Boundary conditions: examine moderators such as domain expertise, time pressure,
governance maturity, and regulatory context to specify when AI functions as beneficial
cognitive infrastructure versus a source of epistemic risk.

Taken together, the discussion supports a single integrated implication: early sca�olding im-
proves cue-supported performance, fragmented representations increase misattribution risk, and
organizational adoption concentrates work around AI artifacts while leaving governance gaps
unresolved. The design and deployment of AI assistance therefore need to co-evolve: represen-
tation choices that preserve provenance cues (timing, integration, traceability) must be matched
by organizational routines that make verification and ownership explicit.

The framework above summarizes how representational design and organizational routines must
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co-evolve for AI-assisted work to remain both e�cient and accountable.
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This thesis examined how AI-generated outputs function as external representations that re-
shape both individual cognition and organizational decision-making. Across a controlled ex-
periment (Study 1) and a field survey of product managers (Study 2), the results support a
coherent account: AI assistance tends to improve performance when it provides useful retrieval
cues and early framing, but it can also introduce scalable epistemic and governance risks when
provenance cues are weak or when responsibility for verification is unclear.

8.1. Summary of Answers to the Research Questions
RQ1: How do AI-generated external representations influence core human memory processes?Study 1
shows that AI-generated summaries primarily support cue-dependent performance. Recogni-
tion improves with AI assistance, particularly when summaries are presented before reading
and can function as encoding sca�olds. However, this benefit does not automatically trans-
late into stronger generative recall. In addition, representation structure matters: segmented
formats increase false-lure endorsement, consistent with a source-monitoring pathway in which
fragmented outputs degrade provenance cues and cross-checking opportunities.
RQ2: How does AI adoption reshape decision-making practices, roles, and responsibility in
product management?Study 2 suggests that adoption is associated with a task shift (reduced
workload for drafting and routine documentation) and a governance shift (greater need for
monitoring, accountability, and escalation). PMs report positive impacts on productivity and
perceived decision support, with contextual variation across regions. At the same time, the
field data indicate substantial governance ambiguity, including unclear ownership and missing
guidelines in many organizations.
RQ3: How can organizational changes be explained through cognitive mechanisms of AI-assisted
memory?Integrating the studies supports a multi-level explanation: representational parame-
ters (timing, structure, and provenance cues) shape memory mechanisms (sca�olding, cue-
dependence, and source monitoring), which in turn shape organizational practices (artifact-
centric coordination and reliance on AI outputs as shared memory objects). As AI artifacts
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become part of the decision trace, cognitive provenance failures can scale into organizational
accountability di�usion. The thesis thus links micro-level memory mechanisms to macro-level
governance needs.

8.2. Contributions
The thesis contributes at four levels.
Conceptual contribution. It articulates a design-oriented view of AI assistance: the cognitive
and organizational consequences of “using AI” depend on how external representations are
introduced (timing), how they are presented (structure), and what provenance cues they pre-
serve. This strengthens the claim that AI-assisted work is not merely an e�ciency gain but a
restructuring of cognitive infrastructure.
Empirical contribution. Study 1 provides causal evidence that pre-reading summaries improve
recognition for summary-covered information and that segmented structure increases false-
lure endorsement. Study 2 documents convergent adoption patterns in product management
alongside common governance gaps, highlighting that perceived benefits coexist with unresolved
responsibility structures.
Methodological contribution. By combining controlled cognitive measurement with a field
study, the thesis demonstrates a practical approach to studying human–AI interaction across
levels of analysis: experimental manipulation to identify mechanisms and survey-based evidence
to identify where those mechanisms may matter in real decision work.
Practical contribution. The findings translate into actionable guidance for designing AI tools
and deploying them in product organizations: support early framing, preserve provenance cues,
and institutionalize accountability for AI-mediated evidence.

8.3. Actionable Takeaways
The results suggest a small set of robust, implementation-oriented takeaways:

1. Use AI early for framing, not late for justification: summaries function best as
pre-reading sca�olds that structure subsequent attention.

2. Prefer integrated representations over fragmented ones: fragmentation should be
treated as an epistemic risk factor because it weakens source monitoring cues.

3. Treat AI artifacts as part of the decision record: document what was generated,
what was verified, and why it was trusted.

4. Separate drafting from validation: make verification steps explicit for high-stakes
claims rather than implicit in individual judgment.

5. Assign ownership: define who is accountable for checking AI-mediated evidence and
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how escalation works when uncertainty is high.
6. Measure success beyond speed: evaluate AI adoption using decision trace quality

(auditability, provenance, rework) as well as productivity.

8.4. Closing Statement
Taken together, the thesis argues that the central question is not whether AI “helps” or “harms”
memory and decision-making in the abstract. Instead, the outcomes depend on designable
parameters of external representations and on the organizational routines that govern their
use. When AI systems are deployed as cognitive infrastructure that supports early framing and
preserves provenance, they can improve cue-supported performance and accelerate knowledge
work. When outputs are fragmented and accountability is unclear, the same systems can
amplify misattribution and di�use responsibility. Future research and practice should therefore
treat provenance and governance as first-class design requirements for AI-assisted work.
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A| Study 1 Materials (Stimuli,
Tasks, Questionnaires)

This appendix documents the participant-facing study materials (article stimuli, AI summaries,
and the MCQ item bank). Internal annotation markers (e.g., “FALSE LURE”) present in
the source code were stripped in the experimental interface before display; the summaries
reproduced here match the displayed versions.

Language note. All participant-facing materials were administered in Simplified Chinese.
For transparency and accessibility, this appendix reproduces each stimulus in its original Chi-
nese form, followed by an English translation (for reference only). The English versions were
translated from the Chinese materials used in the experiment.
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A.1. Stimuli overview

Table A.1: Overview of reading stimuli and summaries (word counts based on whitespace
tokenization).

Article title Article
words Integrated
summary
words Segmented
summary
words MCQ
items

Urban Heat Islands: Causes, Consequences, and
What Works

1223 270 152 14

CRISPR Gene Editing: Promise, Constraints, and
Responsible Use

1249 271 149 14

Semiconductor Supply Chains: Why Shortages
Happen and How to Build Resilience

1293 264 162 14

A.2. MCQ source mapping and false-lure items
Each article contained 14 multiple-choice items. Items were categorized as (i) AI-summary-
covered, (ii) article-only, or (iii) false-lure items (where a specific incorrect option corresponded
to an AI hallucination/distractor used to quantify misinformation endorsement).

Table A.2: MCQ source mapping and false-lure designation (0-based indices in parentheses;
question numbers in brackets).

Article AI summary items Article-only items False-lure items

CRISPR 0,1,3,4,5,6,7,9 8,10,11,12 2 (Q3), 13 (Q14)
Semiconductors 0,1,2,3,4,5,6,9 7,11,12,13 8 (Q9), 10 (Q11)
Urban heat is-
lands (UHI)

0,1,2,4,5,6,7,8 9,11,12,13 3 (Q4), 10 (Q11)
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Table A.3: False-lure option mapping (0-based option indices: A=0, B=1, C=2, D=3).

Article Item False-lure option Description

CRISPR Q3 (idx 2) B (1) DNA repair activity
CRISPR Q14 (idx 13) A (0) Restore
Semiconductors Q9 (idx 8) A (0) Quantum processors
Semiconductors Q11 (idx 10) B (1) 46 silicon atoms wide
UHI Q4 (idx 3) C (2) Photocatalytic roof tiles
UHI Q11 (idx 10) C (2) Aged asphalt albedo 0.22

A.3. Full stimuli (articles and summaries)
Urban Heat Islands: Causes, Consequences, and What Works Original (Chinese; adminis-
tered in the experiment).
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English translation (for reference only).
Free-recall prompt. Please write everything you remember from the article within 5 minutes.
Try to describe main ideas and relationships — causes, consequences, and solutions — in your
own words.
Article text.

Cities function as complex heat systems where buildings, roads, and the atmosphere in-
teract to create persistent temperature di�erences. Every street, rooftop, and road acts
as a heat storage unit: during the day, asphalt roads, brick buildings, and concrete struc-
tures absorb sunlight and convert this energy into heat. Unlike green spaces that cool
through water evaporation and reflection, city surfaces continuously store heat through-
out daylight hours. When night falls and the sun disappears, these stored heat sources
release infrared radiation back into the lower atmosphere. This heat release is restricted
by urban canyon geometry—the ratio of building height to street width—which traps out-
going radiation through multiple reflections between surfaces before it can escape to the
atmosphere. As a result, central city areas show nighttime temperatures three to seven
degrees Celsius higher than surrounding suburban areas, creating what scientists call the
urban heat island (UHI) e�ect. During heat waves, this temperature increase adds to
baseline warming, raising energy use for air conditioning, worsening air quality through
smog formation, and increasing heat stress among vulnerable populations.
The size of these temperature di�erences comes from combined physical, material, and
airflow factors that together determine the urban energy balance. Surface reflectivity—
measured through the albedo coe�cient ranging from zero (complete absorption) to one
(perfect reflection)—plays a crucial role in determining absorbed solar energy. Fresh
asphalt surfaces have albedo values around 0.05, reflecting only five percent of incom-
ing sunlight while absorbing ninety-five percent. Aged asphalt oxidizes to slightly higher
reflectance (≥0.12), but remains much darker than vegetated ground cover (albedo ≥0.20–
0.25). Low-albedo surfaces therefore work as e�cient solar collectors that convert radia-
tion into stored heat. Additionally, the material-specific thermal mass—defined as heat
storage capacity—controls the speed of heating and cooling. Dense construction materials
including concrete, brick, and stone have high thermal mass, enabling prolonged energy
storage that delays nighttime cooling. This storage-release cycle operates continuously:
buildings absorb radiation throughout the day, then gradually release stored heat after
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sunset, maintaining elevated nighttime temperatures for extended periods.
Urban geometry further increases heat retention through urban canyon e�ects. Tall build-
ings along narrow streets create confined spaces that restrict both incoming sunlight dur-
ing midday and outgoing radiation at night. Within these canyons, solar radiation bounces
between surfaces multiple times before escaping to the atmosphere, increasing the chance
of absorption with each bounce. The three-dimensional structure therefore functions as
a heat trap, maximizing energy capture while minimizing cooling pathways. At the same
time, restricted airflow between building walls prevents convective heat removal—the
mechanical transport of heat through air movement—thus blocking one of the atmo-
sphere’s main cooling mechanisms. Finally, human-generated waste heat from vehicle
engines, building heating and cooling systems, and industrial processes adds extra heat
directly into the urban atmosphere, supplementing solar heating. During extreme heat
events, power companies respond to increased electricity demand by activating less e�-
cient backup generators, often coal-burning plants that emit greenhouse gases while using
water for cooling towers, creating a feedback loop where heat reduction e�orts paradoxi-
cally generate additional emissions and resource use.
The geographic distribution of heat stress maps directly onto socioeconomic patterns, cre-
ating environmental justice issues with measurable health impacts. Neighborhoods with
concentrated poverty, reduced tree coverage, higher building density, and more imper-
vious surfaces experience disproportionately higher heat exposure. During severe heat
episodes—defined as sustained periods exceeding normal temperature ranges—mortality
risk increases dramatically with heat intensity, a�ecting elderly people, individuals with
heart or breathing problems, outdoor workers, and residents without air conditioning.
Emergency medical systems face surging demand for heat-related care, straining health-
care resources. Thus, the urban heat island is both a physical weather phenomenon with
measurable temperature di�erences and a social inequality issue that reflects unequal
resource distribution, infrastructure investment, and resilience capacity across urban pop-
ulations.
Counteracting these heat processes requires integrated strategies across multiple scales.
The basic principle involves modifying surface energy budgets through four connected
mechanisms: increasing reflectance, providing shade, amplifying evaporative cooling, and
manipulating thermal mass. Cool roofing systems coated with high-albedo materials can
raise surface reflectance from typical values (≥0.10–0.20) to enhanced levels approaching
0.70–0.85, thereby reducing absorbed solar energy by sixty to seventy-five percent. Sim-
ilarly, "cool pavements" using lighter-colored materials or permeable designs that allow
subsurface moisture show surface temperature reductions of ten to twenty degrees Celsius
compared to conventional asphalt during peak sun exposure. However, these solutions
require careful design: increased visible light reflection without corresponding infrared
reduction can increase glare, creating visual discomfort and potentially raising nearby
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air temperatures through redirected radiation. Optimal cool surface technologies there-
fore use wavelength-selective coatings that maximize near-infrared reflection—where solar
energy peaks—while moderating visible brightness.
Vegetation provides complementary temperature control through multiple biological pro-
cesses. Tree canopies intercept sunlight before it reaches the ground, creating shaded ar-
eas beneath leaves. More importantly, leaf transpiration—the controlled release of water
vapor through plant pores—converts heat into water evaporation energy. This evapo-
transpiration process e�ectively works as a distributed atmospheric cooling system that
moderates temperatures while simultaneously increasing local humidity. Urban forestry
programs thus serve dual heat reduction functions: direct shade plus evaporative cooling.
Green infrastructure at smaller scales—including vegetated rooftops, vertical gardens, and
bioswales for stormwater management—extends these principles across building surfaces
and street features. Nevertheless, vegetation faces implementation challenges including
water availability in dry regions, maintenance costs, conflicts with underground utilities,
and long growth periods before benefits fully develop.
Beyond individual interventions, systemic resilience requires comprehensive urban plan-
ning that integrates heat considerations into land-use decisions, building codes, and in-
frastructure priorities. Zoning regulations can mandate minimum tree coverage ratios,
restrict impervious surface percentages, or incentivize cool material use through devel-
opment bonuses. Building energy standards increasingly include thermal performance
metrics—such as roof solar reflectance indices and wall thermal resistance—that reduce
cooling needs while improving indoor comfort. Transportation planning that prioritizes
pedestrian areas, cycling networks, and transit-oriented development reduces vehicle heat
emissions while creating opportunities for shade trees and permeable surfaces. Critically,
equitable climate adaptation requires targeting interventions toward thermally vulnera-
ble neighborhoods through needs-based resource allocation rather than allowing market
forces alone to determine cooling infrastructure distribution.
Emerging research explores advanced technologies including radiative cooling materials
engineered to emit heat at atmospheric transparency wavelengths (8–13 micrometer in-
frared band), enabling passive heat rejection directly to space even during daylight. Phase-
change materials within building walls can bu�er indoor temperature changes by absorbing
heat during warming periods and releasing it during cooling cycles. District-scale energy
systems that recover waste heat for beneficial uses—such as district heating networks or
industrial integration—reduce overall heat emissions. However, these innovations remain
expensive compared to conventional materials, limiting adoption without regulations or
subsidies.
Ultimately, urban heat mitigation represents a sociotechnical challenge requiring coordi-
nated action across governance levels, professional fields, and community stakeholders.
Scientific understanding of heat transfer physics, materials science, and atmospheric dy-
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namics provides the mechanistic foundation. Engineering expertise translates theoreti-
cal principles into practical cool surface technologies, green infrastructure systems, and
building innovations. Urban planning synthesizes these technical capabilities within spa-
tial frameworks that account for land-use patterns, transportation networks, and social
equity considerations. Community engagement ensures that interventions address local
needs, incorporate traditional knowledge, and build adaptive capacity among residents.
Success depends not merely on technology deployment but on institutional arrangements
that sustain long-term maintenance, equitable access, and continuous adaptation as cli-
mate and urban form evolve. The heat island thus becomes not only a physical problem
with engineering solutions but a lens revealing how cities balance e�ciency with resilience,
economic growth with environmental quality, and overall prosperity with distributional
justice.

AI summary (integrated/paragraph format).
Urban heat islands develop when cities absorb and retain solar radiation far more e�ec-
tively than nearby rural landscapes. Surfaces such as asphalt, brick, and concrete have
very low albedo values—typically between 0.05 and 0.20—meaning they reflect little sun-
light and absorb most incoming energy. While fresh asphalt reflects only around five per-
cent of sunlight, some assessments suggest that aged asphalt can reach albedo values near
0.22, though measured values generally remain much lower in practice. High thermal-
mass materials including stone, brick, and concrete continue releasing stored heat well
after sunset, keeping nighttime temperatures three to seven degrees Celsius warmer than
surrounding areas. Urban canyon geometry—tall buildings along narrow streets—further
traps outgoing longwave radiation, slowing atmospheric cooling and reducing ventilation.
These thermal e�ects intensify during heat waves, elevating health risks and increasing
electricity demand. Heat exposure is distributed unevenly: low-income neighborhoods
with limited tree canopy, dense construction, and extensive impervious surfaces experi-
ence far higher temperatures. Vulnerable groups such as elderly residents, people with
cardiovascular conditions, outdoor workers, and those without air conditioning face dispro-
portionate risks. At the same time, recent pilot programs have promoted photocatalytic
roof tiles that supposedly convert absorbed heat into electrical energy through thermo-
electric e�ects, though such claims remain unverified and lack large-scale evidence.
Mitigation strategies focus on increasing surface reflectance, boosting shading, enhancing
evaporative cooling through vegetation, and optimizing thermal mass. High-albedo "cool
roofs," with reflectance values of 0.70–0.85, can reduce absorbed heat by 60–75%. Urban
forestry provides dual benefits through shading and evapotranspiration. Long-term re-
silience requires integrated planning that aligns technical solutions with equitable resource
distribution, prioritizing vulnerable communities lacking access to cooling infrastructure
and green space.

AI summary (segmented/bullet format).
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• Urban heat islands form when city surfaces absorb and retain far more solar energy than
nearby rural areas.

• Low-albedo materials such as asphalt (≥0.05) and brick absorb 90–95% of incoming sun-
light.

• High thermal-mass materials store heat during the day and release it slowly overnight,
sustaining elevated temperatures.

• Urban canyon geometry traps outgoing longwave radiation, reducing nighttime cooling
and impeding airflow.

• Some assessments claim aged asphalt can reach albedo values near 0.22, increasing re-
flectance with age.

• Heat exposure intensifies health risks for elderly individuals, people with cardiovascular
conditions, and those lacking air-conditioning.

• Low-income neighborhoods face higher heat burdens due to fewer trees, denser buildings,
and more impervious surfaces.

• High-albedo cool roofs (0.70–0.85 reflectance) reduce heat absorption by 60–75% com-
pared with conventional materials.

• Urban forestry cools cities through shading and evaporative cooling generated by leaf
transpiration.

• Pilot programs investigating photocatalytic roof tiles claim they convert absorbed heat
into electrical energy, though evidence is limited.

CRISPR Gene Editing: Promise, Constraints, and Responsible Use Original (Chinese; ad-
ministered in the experiment).
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English translation (for reference only).
Free-recall prompt. Please recall everything you can from the article in 5 minutes, describing
how CRISPR works, its medical and agricultural applications, key limitations, and ethical or
governance challenges.
Article text.

CRISPR–Cas systems began as a microbial defense mechanism—a molecular form of im-
mune memory that bacteria use to recognize and destroy invading viruses. Each infection
leaves behind a short fragment of viral DNA in the bacterial genome, creating a perma-
nent biological record of attack. When the same virus returns, the bacterium transcribes
these fragments into RNA guides that direct Cas enzymes toward matching sequences,
cutting the viral DNA apart. This elegant process of recognition and cleavage inspired
scientists to adapt the system for their own purposes. By designing synthetic guide RNAs
that match any chosen DNA sequence, researchers can steer Cas enzymes precisely to that
site, slice the double helix, and let the cell’s repair machinery rewrite it. The principle—
guide, cut, repair—has turned a bacterial trick for survival into one of the most powerful
tools in modern biology. The accessibility of CRISPR has been revolutionary. Tasks
that once required months of e�ort with complex tools such as zinc-finger nucleases or
TALENs can now be performed in days with inexpensive reagents in basic labs. This
democratization of gene editing has accelerated discoveries in medicine, agriculture, and
environmental restoration. Yet CRISPR’s simplicity hides layers of complexity. Precision
in genomics is statistical, not absolute: even a well-designed guide RNA may bind un-
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intended DNA regions, creating o�-target edits that disrupt other genes. The challenge
is not only to cut accurately but to ensure the cut happens only where intended. To
reduce these risks, scientists refine the system continuously. They adjust guide length and
chemistry, develop predictive algorithms, and engineer enzymes with improved fidelity.
High-precision variants such as SpCas9-HF1 or eSpCas9 modify the DNA-binding sur-
face to minimize unwanted interactions. Newer tools—base editors and prime editors—go
further by avoiding full double-strand breaks. Instead of cutting both DNA strands,
they replace single letters or copy short sequences, allowing subtle corrections with fewer
side e�ects. The shift from crude cutting to molecular fine-tuning expands the range
of treatable genetic mutations. Despite these refinements, delivery remains the hardest
step. Editing components must enter the right cells, reach the nucleus, and act without
triggering immune rejection. Viral vectors such as adeno-associated viruses (AAVs) are
e�cient but have limited cargo space and may provoke antibodies that block repeated
dosing. Lipid nanoparticles—used in mRNA vaccines—can carry larger molecules but
concentrate in the liver and sometimes cause inflammation. Researchers test polymer
carriers, extracellular vesicles, and tissue-targeted peptides, as well as physical methods
like electroporation or ultrasound delivery. Each approach must balance e�ciency, safety,
and cost. Another key dimension is time. Even when CRISPR reaches its target cells, how
long it remains active determines both success and risk. Persistent Cas activity raises the
chance of o�-target e�ects, while too brief exposure can yield incomplete edits. To control
timing, scientists design self-limiting systems whose messenger RNA or protein degrades
within hours, creating a short, precise "editing pulse." Others build inducible switches
that activate Cas enzymes only under specific chemical or thermal cues. These strategies
transform CRISPR from a static scalpel into a controllable process that clinicians can
tune in real time. When CRISPR enters clinical use, the definition of success changes. In
research, success means confirming an edit; in medicine, it means improving a patient’s
life with acceptable risk. The most promising therapies today are ex vivo treatments
for blood disorders such as sickle-cell disease and beta-thalassemia. Doctors extract a
patient’s stem cells, edit them outside the body, verify accuracy, and reinfuse them. For
internal organs—heart, brain, or lungs—in vivo delivery is required, where precision must
coexist with safety. Every edited cell carries its modification for life, so long-term mon-
itoring is both scientific and ethical duty. The most controversial frontier is germ-line
editing, which alters embryos or reproductive cells so that changes pass to future genera-
tions. In theory, this could eliminate hereditary diseases, but the ethical implications are
profound. A single error in an embryo could propagate indefinitely through descendants
who never consented. After the 2018 birth of gene-edited babies in China, global back-
lash led to bans on clinical germ-line editing while allowing strictly supervised research.
Most experts agree that humanity is not ready for heritable interventions until long-term
safety and public oversight exist. Germ-line editing thus stands as both symbol of hope
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and warning against scientific hubris. Beyond medicine, CRISPR is reshaping agricul-
ture and ecology. Gene-edited crops can resist blight, tolerate drought, or use nutrients
more e�ciently, reducing pesticide dependence and boosting yields. Scientists are also
creating gene drives that spread chosen traits through pest populations to control malaria
mosquitoes or invasive rodents. Yet these systems could cause unpredictable ecological
cascades. Regulators therefore distinguish between gene-edited organisms, which carry
small, natural-like changes, and transgenic ones that include foreign DNA. This di�er-
ence a�ects labeling, trade, and public acceptance. Transparency matters: people tend to
support edits that o�er visible benefits—less pesticide, better nutrition—over those seen
as corporate advantages. Ensuring fair access to improved seeds and tools will decide
whether CRISPR becomes a driver of sustainability or inequality. Ethically, the tech-
nology forces society to reconsider long-standing dilemmas. Who defines therapy versus
enhancement? Should editing correct blindness but not boost intelligence? How can fair-
ness be maintained if only the wealthy can a�ord interventions? E�ective governance must
be inclusive and continuous, combining transparency, accountability, and public partici-
pation. Ethics committees should involve not only scientists but also patients, educators,
and citizens. Public trial registries, independent audits, and "red-team" risk assessments
can turn ethics from restriction into feedback, ensuring that oversight grows alongside
innovation. Meanwhile, CRISPR continues to evolve. New Cas proteins such as Cas12,
Cas13, and Cas� broaden its functions. AI systems design more accurate guide RNAs
and predict o�-target risks. CRISPR-based diagnostics like SHERLOCK and DETECTR
detect pathogens quickly and cheaply, proving that editing enzymes can also serve as
molecular sensors. Hybrid systems now connect CRISPR to epigenetic switches, allowing
scientists to regulate genes without cutting DNA—an evolution from editing to modula-
tion, where activity is tuned rather than rewritten. As the field matures, transparency
becomes the foundation of credibility. Early breakthroughs were publicized through press
releases, but today journals and regulators require full datasets on accuracy, durability,
and immune response. Open databases track clinical trials, and funding agencies promote
preregistration to prevent selective reporting. Maintaining trust now depends on rigor
in both science and communication. The next challenge is integration into real health
systems. Hospitals must develop facilities for gene therapy; insurers must adapt payment
models for one-time cures; universities must train clinicians fluent in genetics and ethics.
In lower-income regions, priorities include building local capacity and sharing open-source
protocols so benefits do not remain confined to wealthy nations. Partnerships among uni-
versities, agencies, and non-profits can create regional hubs for reagent production and
quality control, ensuring global access. Finally, biosecurity adds another layer of respon-
sibility. Because CRISPR components are cheap and widely available, safety norms and
education are essential. The same openness that empowers research could also enable
misuse. Shared international standards for sequence screening, safe laboratory practices,
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and reporting will help openness and security evolve together. Just as cybersecurity grew
with the internet, biotechnology must develop its own culture of vigilance. Ultimately,
CRISPR is more than a laboratory tool—it is a mirror of human values. It reveals how
societies balance curiosity with caution and innovation with fairness. When data are
shared openly, benefits distributed equitably, and oversight continuous, gene editing can
move from disruptive novelty to a stable force for medicine, agriculture, and conservation.
Its legacy will be written not only in DNA sequences but in the choices humanity makes
about how—and why—to rewrite the code of life.

AI summary (integrated/paragraph format).
CRISPR–Cas systems originated as a microbial defense mechanism that allows bacteria to
capture short fragments of viral DNA and store them as a molecular record of infection.
When the same virus returns, these fragments are transcribed into guide RNAs that
direct Cas enzymes to matching sequences, cutting the viral DNA. Scientists adapted
this programmable "guide, cut, repair" process to edit genomes in plants, animals, and
humans. Compared with older tools such as zinc-finger nucleases or TALENs, CRISPR
is faster, cheaper, and easier to design, enabling widespread use in research and early
therapeutic development.
Despite its accessibility, precision is statistical, not absolute. Guide RNAs can bind par-
tially similar sequences, creating o�-target edits. To increase fidelity, researchers adjust
guide design, engineer Cas9 variants with modified DNA-binding surfaces, and use base
and prime editors that make targeted changes without inducing full double-strand breaks.
Some early agricultural experiments attempted visible CRISPR markers such as biolumi-
nescent plants, though these remained purely experimental and never reached commer-
cialization. Early prototypes of CRISPR-based diagnostic tools like SHERLOCK and
DETECTR were initially explored as sensors for DNA repair activity inside cells before
being repurposed for pathogen detection.
Delivery remains a central challenge. Viral vectors such as AAVs are e�cient but limited
in cargo capacity and may trigger immune reactions, while lipid nanoparticles can carry
larger molecules but tend to accumulate in specific tissues. Timing also matters: pro-
longed Cas activity raises o�-target risks, prompting the development of self-limiting and
inducible systems that restrict enzyme activity.
Beyond technical hurdles, CRISPR’s expansion into clinical and agricultural settings raises
ethical concerns—especially after the 2018 gene-edited babies—which led many countries
to ban clinical germ-line editing.

AI summary (segmented/bullet format).
• CRISPR began as a bacterial immune system that records viral DNA fragments to rec-

ognize future invaders.
• Scientists reprogrammed this system using synthetic guide RNA to direct Cas enzymes

to precise genome locations.
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• The process "guide, cut, and repair" made gene editing faster, cheaper, and globally
accessible.

• Precision challenges persist because partial guide mismatches can create o�-target edits.
• Enhanced Cas variants and base/prime editors increase fidelity while minimizing double-

strand breaks.
• Some early agricultural trials used CRISPR to create bioluminescent plants as visible

markers of editing success.
• Early prototypes of SHERLOCK and DETECTR were initially explored as tools to mon-

itor DNA repair activity inside cells before shifting to pathogen detection.
• Delivery remains the major barrier: viral vectors are e�cient but small; lipid nanoparticles

carry more but risk inflammation.
• Self-limiting and inducible CRISPR systems control activity duration, improving safety.
• Germ-line editing is ethically restricted because changes are heritable and a�ect future

generations.
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English translation (for reference only).
Free-recall prompt. Please recall everything you can from the article in 5 minutes. Describe
why semiconductor shortages occurred, what structural factors made supply fragile, and how
visibility, flexibility, contracts, and cooperation can strengthen resilience.
Article text.

Modern economies depend on semiconductors with a totality that remained invisible until
scarcity made it undeniable. Every automobile, smartphone, and medical monitor relies
on microchips that manage power flows and interpret signals. Between 2020 and 2022, the
world discovered how invisible dependencies could unravel when they failed suddenly and
in parallel. Automakers idled production lines awaiting five-dollar microcontrollers, while
game console manufacturers saw device orders delayed for months. The shortage wasn’t
a single failure but a cascade: pandemic-driven demand for consumer electronics collided
with frozen supply as Asian factories idled, maritime ports congested, and a catastrophic
fire at a Japanese silicate facility severed a critical material node. Each disruption spread
through the supply web, magnifying fragility. The semiconductor industry’s total market
reached $574 billion in 2022, yet production concentrated in fewer than 200 facilities
globally, with leading-edge plants requiring capital investments exceeding $20 billion per
facility.
Semiconductor fabrication resists rapid expansion by its intrinsic nature. Building a fab-
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rication plant—commonly called a "fab"—demands capital spending exceeding ten billion
dollars and requires multi-year timelines. Taiwan Semiconductor Manufacturing Com-
pany announced in 2021 that its Arizona facility would not achieve volume production
until 2024-2026. Process nodes—measured in nanometers—have shrunk from 10 microm-
eters in 1971 to 3 nanometers by 2022, a 3,000-fold reduction requiring exponentially more
precise equipment. At the 3nm node, transistor gates measure approximately 48 silicon
atoms wide, approaching quantum mechanical limits where electron tunneling e�ects com-
promise device reliability. When economies reopened after pandemic lockdowns, demand
forecasting collapsed—mature nodes suddenly became bottleneck-critical precisely when
pre-pandemic capacity allocation had favored cutting-edge processes.
Inside foundries, production follows rhythms that resist acceleration. Silicon wafers
move through cleanroom environments for months, undergoing photolithography to create
nanoscale circuit patterns—a process dominated by Netherlands-based ASML, whose ex-
treme ultraviolet lithography systems cost over $150 million per unit. Each machine uses
13.5-nanometer wavelength light generated by vaporizing tin droplets with high-power
lasers—a process so complex that ASML produces only dozens of machines annually de-
spite controlling over 90% of the market. Manufacturing demands sequential processing
across hundreds of individual steps spanning weeks of continuous operation. Any con-
tamination event—measured in parts per trillion—can compromise entire wafer batches.
Yield—the proportion of functional chips per wafer—becomes the critical metric.
Bottlenecks emerge not merely in capital equipment but in specialized materials: pho-
toresist compounds require ultra-pure resins with nanometer-scale resolution; high-purity
gases at 99.999% purity levels; rare-earth dopants for dielectric materials. The Febru-
ary 2021 winter storm in Texas shut down a chemical synthesis plant responsible for
semiconductor-grade coatings, halting chip output globally despite fully operational fab-
rication facilities on other continents. The event revealed how seemingly peripheral inputs
could disable an entire production ecosystem valued at over half a trillion dollars annually.
Geography intensifies vulnerability through concentration e�ects. East Asia dominates
fabrication capacity: Taiwan Semiconductor Manufacturing Company controls over half
of global advanced-node production. South Korean companies Samsung and SK Hynix
manufacture 70% of global DRAM and 50% of NAND flash memory. Design and intel-
lectual property originate predominantly from United States firms whose annual R&D
spending collectively exceeds $45 billion, while photolithography equipment remains a
near-monopoly of Netherlands-based ASML. No single nation can perform the entire pro-
duction sequence independently within economically viable parameters—a reality demon-
strated by China’s $150 billion domestic semiconductor initiative achieving limited success
in advanced logic despite massive capital investment.
The industry historically relied on just-in-time logistics to minimize inventory carrying
costs. Semiconductors violate the assumptions underlying this model. Manufacturing
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cycles span months, not days; demand volatility shifts sharply due to macroeconomic
disruptions; and product portfolios include over 50,000 distinct part numbers with non-
interchangeable applications. When automotive demand collapsed in Q2 2020, foundries
reallocated capacity toward consumer electronics where work-from-home dynamics drove
shipments upward. The automotive sector’s recovery in 2021 found no available capacity:
nodes favored by automotive microcontrollers had been deprioritized in favor of advanced
nodes serving smartphones and high-performance computing. Legacy node capacity ad-
ditions require 18-24 months and billions in investments for facilities manufacturing chips
with profit margins of 15-25%, compared to over 50% margins at leading-edge nodes.
Economic incentives systematically discouraged the capacity additions that would have
prevented shortages.
Contemporary supply chains evolved through competitive pressures appearing as opti-
mization. Automotive manufacturers maintained 30-90 day inventory bu�ers pre-2000s,
absorbing demand fluctuations without production disruptions. By 2019, average au-
tomotive inventory had contracted to 15-45 days, with some manufacturers operating
on single-week bu�ers for certain components. This inventory compression, combined
with supply chain opacity where manufacturers lacked visibility beyond immediate sup-
pliers, created systemic vulnerability. When the COVID-19 pandemic triggered simulta-
neous supply restrictions and demand volatility in 2020, the system lacked capacity to
absorb disruptions. The semiconductor shortage demonstrated how e�ciency-maximizing
strategies—just-in-time manufacturing, inventory minimization, single-source dependen-
cies, geographic concentration—increased fragility by eliminating redundancy that previ-
ously bu�ered against disruptions.
Mitigation strategies operate across time horizons spanning immediate responses to decade-
long transformations. Short-term interventions include demand management prioritizing
critical sectors, design modifications substituting available chips—requiring months for
validation—and life-extension programs reducing replacement demand. Intermediate re-
sponses include capacity expansions requiring one to two years and substantial capital
per facility. Major semiconductor companies announced investments collectively exceed-
ing $300 billion through 2030, though actual capacity additions lagged announcements by
several years due to equipment procurement bottlenecks and construction timelines.
Long-term resilience requires systemic restructuring addressing concentration vulnerabil-
ities through geographic diversification and supply chain redundancy. The U. S. CHIPS
and Science Act (2022) allocated $52.7 billion for domestic semiconductor manufacturing
incentives and R&D. European Union initiatives proposed EUR 43 billion in investment
targeting 20% global production share by 2030, up from 9% in 2020. Japan committed
significant funding for domestic production expansion. However, advanced node produc-
tion in Western nations incurs 30-50% higher operating costs than East Asian facilities
due to higher labor costs, energy costs, and regulatory compliance. Without sustained
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subsidies estimated at roughly one-quarter to one-third of capital and operating costs,
economic incentives favor continued Asian concentration.
Strategic considerations extend beyond economics into technological sovereignty and na-
tional security. Advanced semiconductors enable artificial intelligence, quantum com-
puting, hypersonic weapons, autonomous systems, and cryptographic capabilities. Ex-
port controls implemented in October 2022 restricted Chinese access to high-performance
GPUs, advanced logic chips below 14nm, and semiconductor manufacturing equipment
using extreme ultraviolet lithography. These controls recognize that semiconductor fab-
rication capability represents a foundational enabler of technological advancement and
military capability. Nations lacking domestic advanced semiconductor production face
strategic dependencies—over 92% of the most advanced logic chips originate from Taiwan
amid geopolitical tensions.
Workforce constraints compound infrastructure challenges. Advanced semiconductor man-
ufacturing requires specialized expertise spanning semiconductor physics, materials sci-
ence, and multiple engineering disciplines—areas where degree programs produce insu�-
cient graduates. New fabrication facilities face recruitment challenges finding thousands
of workers with required technical skills, requiring international worker transfers and uni-
versity partnerships for workforce development programs needing years to mature. Each
new facility requires thousands of direct employees plus tens of thousands of indirect jobs
in supporting industries, with advanced fabs demanding that a significant majority of the
workforce hold bachelor’s degrees or higher.
Ultimately, semiconductor supply chain resilience represents a sociotechnical challenge
combining physics, economics, geopolitics, and institutional capacity. Physical constraints—
quantum mechanical limits, thermodynamic constraints at extreme power densities, ma-
terials science challenges—determine technological trajectories requiring continuous in-
novation investment exceeding $15 billion annually across industry leaders. Economic
forces—high gross margins on leading-edge chips encouraging concentration, lower mar-
gins on legacy nodes discouraging investment, massive capital intensity—shape decisions
favoring e�ciency over redundancy. Geopolitical tensions increasingly override pure eco-
nomic optimization through export controls, industrial policies, and subsidies. Institu-
tional arrangements spanning industry groups, government initiatives, and international
agreements will determine whether the industry achieves geographic diversification or
whether concentration intensifies, whether redundancy increases or just-in-time fragility
persists, and whether supply chains prove resilient to future disruptions or remain vulnera-
ble to cascading failures. The 2020-2023 shortage revealed structural fragilities embedded
in decades of optimization for e�ciency over resilience—a fundamental tension that will
define semiconductor supply chain evolution for decades to come.

AI summary (integrated/paragraph format).
Between 2020 and 2022, a synchronized breakdown revealed how deeply modern economies
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depend on semiconductors across automobiles, consumer electronics, and critical infras-
tructure. Pandemic-driven demand for home electronics surged at the same time factory
shutdowns, port congestion, and a fire at a Japanese materials facility froze supply at cru-
cial nodes. Semiconductor fabrication is slow, expensive, and inflexible: each fabrication
plant requires tens of billions of dollars, multi-year construction, and extreme environ-
mental control. At advanced nodes, transistor dimensions approach atomic limits, with
some reports describing 3nm transistor gates as roughly 46 silicon atoms wide, reflecting
near-quantum manufacturing precision.
Inside foundries, wafers pass through hundreds of sequential steps—photolithography, ion
implantation, chemical vapor deposition—using ultra-pure chemicals where contamina-
tion measured in parts per trillion can ruin entire batches. Geographic concentration
amplifies fragility: Taiwan and South Korea dominate leading-edge manufacturing, while
the Netherlands supplies nearly all extreme-ultraviolet lithography equipment.
Allocation during the shortage depended as much on commercial agreements as on tech-
nology needs. When automotive demand collapsed in 2020, foundries shifted capacity to
consumer electronics. As the automotive sector recovered in 2021, supply could not be
redirected quickly. Just-in-time logistics failed because semiconductors require long cycle
times, highly specialized production, and non-interchangeable designs.
Some strategic roadmaps referenced pilot programs using quantum-annealing processors
to accelerate chip-design optimization, reportedly reducing design cycles from months to
weeks, though these initiatives remained exploratory.
Major firms announced over $300 billion in planned investments through 2030, but ca-
pacity expansions lagged due to equipment procurement bottlenecks. Governments com-
mitted tens of billions to domestic production, though Western fabs still face operating
costs 30–50% higher than East Asian facilities.

AI summary (segmented/bullet format).
• The 2020–22 shortage exposed dependence on semiconductors across automobiles, con-

sumer electronics, and critical infrastructure.
• Pandemic-driven demand surges, factory shutdowns, and cascading logistics failures froze

global semiconductor supply.
• Semiconductor fabs require tens of billions of dollars and multi-year construction, making

rapid expansion impossible.
• Production involves hundreds of sequential steps using ultra-pure chemicals—such as

photoresist resins—where even tiny contamination can ruin entire batches.
• East Asia dominates advanced fabrication while the Netherlands provides nearly all EUV

lithography systems, creating single-point vulnerabilities.
• Some reports describe 3nm transistor gates as approximately 46 silicon atoms wide, illus-

trating fabrication near atomic limits.
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• Pilot programs using quantum-annealing processors allegedly reduced chip-design cycles
from months to weeks, though results remain experimental.

• Just-in-time logistics failed because semiconductor manufacturing cycles span months and
chips are not interchangeable.

• When automotive demand collapsed in 2020, foundries reallocated capacity to consumer
electronics, limiting recovery in 2021.

• Firms announced over $300B in investments through 2030, while governments committed
tens of billions despite Western costs remaining 30–50% higher.

A.4. MCQ item bank (all articles)
MCQ items are reproduced in the original Chinese wording (as administered), followed by an
English translation (for reference only). For each question, the correct option is indicated in
parentheses. “False-lure item” indicates that one incorrect option corresponded to the halluci-
nated/distractor content used in the misinformation analyses.
Urban Heat Islands: Causes, Consequences, and What Works: MCQ items Original (Chi-
nese; administered in the experiment).

1. œ•RIÒr�NÕgáhb'¶⇢86 Ñ*3ê⌅⇥(Correct: C;
AI-summary-covered item)

A. 70-75%
B. 75–80%
C. 90–95%
D. 80–85%

2. Pô(})®X'œÌœ�v(⌧Ù◆b >⇥(Correct: D; AI-
summary-covered item)

A. NÌπœ
B. Õ⌅ãPô
C. ⇢TPô
D. ÿÌπœ

3. Œ⇥ˇ�⇢«nk�ˆG∏~–õ ⇥(Correct: B; AI-summary-covered
item)

A. ¸Ì∑t
B. ∏—✏∑t
C. ê⌅∑t
D. ˘A∑t

4. á‡⌥˙ :�ÕÔ–\ÑŒ⇥M)Ä/⇥(Correct: B; False-lure item;
False-lure option: C (Photocatalytic roof tiles))
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A. ¯ÿôSB
B. ê⌅∑tPô
C. I¨�KvÊG
D. üÌfi6Q‹

5. ∑Kvœ⌘8Ì/‡:vÕgá⇢8Ôæ ⇥(Correct: C; AI-summary-
covered item)

A. 0.30–0.45
B. 0.50–0.65
C. 0.70–0.85
D. 0.65–0.80

6. Ì¥2�%ÕÑ>:⇢8:O≥�Ñ ⇥(Correct: C; AI-summary-covered
item)

A. øwA
B. �>4S
C. ⌘†Ü÷�Ô⌫✏0b
D. 4…eS

7. ÿÕgáKv;Å⇢« eP6Ìœ86⇥(Correct: A; AI-summary-
covered item)

A. œ⌘*3˝86⇢œ
B. –ÿÌπœ
C. û†�¶∑t
D. ç⌃M�‚ê⌅

8. Œ⇥·7”Ñ⇢⇢«˙Qhb⇢!Õ⌅�O ⇥(Correct: A; AI-summary-
covered item)

A. ⌘��‚ê⌅
B. Ìπœ >
C. ˘AA
D. e⌅*3Õ⌅

9. SŒ⇥hb‘D—ÑúQ0:86Ù⇢Ñ ˆ�⇢b⇣Œ⇥ÌõH

î⇥(Correct: C; AI-summary-covered item)
A. '�‚ê⌅
B. ¢�ê⌅
C. *3˝
D. 0Ì⇢œ

10. �´Ü÷0⇢8w ÑÕgá⇥(Correct: C; Article-only item)
A. 0.05–0.10
B. 0.10-0.15
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C. 0.20–0.25
D. 0.45–0.50

11. ��Ñ•RÕgá⇢8¶: ⇥(Correct: B; False-lure item; False-lure op-
tion: C (Aged asphalt albedo 0.22))

A. 0.05
B. 0.12
C. 0.22
D. 0.30

12. ∑hbÑ«¶Ô¡IÕ⌅Ô˝ ⇣ ⇥(Correct: B; Article-only item)
A. Ì'B4O†g
B. )I�Ìfi⌅
C. ⌧Ù«¶∑t
D. �‰4⌃A1

13. Œ⇥-√⌧ÙÔ‘ :ÿ˙ ⇥(Correct: A; Article-only item)
A. 3–7°C
B. 7–10°C
C. 1–2°C
D. 10–12°C

14. ∑˙bÔ�0h)¶MN¶ ⇥(Correct: B; Article-only item)
A. 4–8°C
B. 10–20°C
C. 20–30°C
D. 2–5°C

English translation (for reference only).
1. Dark, low-albedo surfaces such as asphalt absorb approximately percent of

incoming solar radiation. (Correct: C; AI-summary-covered item)
A. seventy to seventy-five
B. seventy-five to eighty
C. ninety to ninety-five
D. eighty to eighty-five

2. materials store large amounts of heat during the day and release it slowly
after sunset. (Correct: D; AI-summary-covered item)

A. Low thermal mass
B. Reflective
C. Porous
D. High thermal mass

3. Urban greening provides through shading and leaf transpiration. (Correct:
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B; AI-summary-covered item)
A. conductive cooling
B. evaporative cooling
C. radiative cooling
D. convective cooling

4. The article identifies as a functioning urban-cooling technology. (Correct:
B; False-lure item; False-lure option: C (Photocatalytic roof tiles))

A. phase-change wall layers
B. radiative cooling materials
C. photocatalytic roof tiles
D. waste-heat recovery networks

5. Cool roofs reduce heat absorption because their surface reflectance commonly reaches
. (Correct: C; AI-summary-covered item)

A. 0.30–0.45
B. 0.50–0.65
C. 0.70–0.85
D. 0.65–0.80

6. Neighborhoods with the highest heat exposure often lack adequate . (Cor-
rect: C; AI-summary-covered item)

A. coastal airflow
B. open water bodies
C. tree canopy and permeable surfaces
D. shaded pedestrian corridors

7. High-albedo roofing systems limit heat gain primarily by . (Correct: A;
AI-summary-covered item)

A. reducing absorbed solar flux
B. increasing thermal mass storage
C. promoting moisture-driven cooling
D. redistributing longwave radiation

8. Urban canyon geometry traps through repeated reflections between build-
ing surfaces. (Correct: A; AI-summary-covered item)

A. outgoing longwave radiation
B. thermal mass discharge
C. convective airflow
D. incoming solar reflection

9. Urban heat islands develop when city surfaces absorb more than nearby
rural areas. (Correct: C; AI-summary-covered item)
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A. atmospheric longwave radiation
B. infrared radiation
C. solar energy
D. geothermal heat flux

10. Vegetated ground cover typically exhibits an albedo of . (Correct: C;
Article-only item)

A. 0.05–0.10
B. 0.10-0.15
C. 0.20–0.25
D. 0.45–0.50

11. Aged asphalt usually has an albedo of approximately . (Correct: B; False-
lure item; False-lure option: C (Aged asphalt albedo 0.22))

A. 0.05
B. 0.12
C. 0.22
D. 0.30

12. Excess visible-light reflection from cool surfaces can cause . (Correct: B;
Article-only item)

A. increased ozone depletion
B. glare from redirected radiation
C. excessive nighttime cooling
D. reduced soil moisture

13. Urban centers can be warmer at night than nearby suburban areas. (Cor-
rect: A; Article-only item)

A. 3–7°C
B. 7–10°C
C. 1–2°C
D. 10–12°C

14. Cool pavements can lower surface temperatures by approximately . (Cor-
rect: B; Article-only item)

A. 4–8°C
B. 10–20°C
C. 20–30°C
D. 2–5°C

CRISPR Gene Editing: Promise, Constraints, and Responsible Use: MCQ items Original
(Chinese; administered in the experiment).

1. CRISPR ��/�Õ �Ô©∆ÃU∑≈“DNA Gµ⇥(Correct: A; AI-
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summary-covered item)
A. ∆ÃM´˚fl
B. ≈“2°:6
C. ∆fiÓ�˚fl
D. W ·o®Xπ✏

2. È�ÑCRISPR \ivß�Ü (Correct: D; AI-summary-covered item)
A. ��K’H,
B. ’å6µ=˘ÿS
C. F⇢�ß¡
D. ûå'üã

3. CRISPR ÑÈ� ≠Âw�ÇSHERLOCK åDETECTR ��/:—K
�æ°Ñ⇥(Correct: A; False-lure item; False-lure option: B (DNA repair activity))

A. ≈üSX(
B. DNA Ó�;®
C. ˙‡ƒÅÿ!✏
D. ⌥¸RNA Há

4. —f∂�( Õ∞�↵CRISPR��¸CasvöMyö˙‡ƒ:fl⇥(Correct:
C; AI-summary-covered item)

A. À}(⌥∞
B. DNA !�
C. ⌥¸RNA
D. �f·˜

5. �TALENs¯‘�CRISPRÙÎ�Ùøú�_Ù ⇥(Correct: A; AI-summary-
covered item)

A. ◆é�↵
B. �€«(
C. ÿ¶Ôÿ
D. Ä/H€

6. S⌥¸RNA �⇡Ôè⌫”�ˆ�⇢—� ⇥(Correct: A; AI-summary-
covered item)

A. 1v�ë
B. �1M˘
C. ¯<±˙M˘
D. O˚:flM˘

7. ±˙�ëhÔÂ� Ñ≈µ↵Ó9DNA⇥(Correct: B; AI-summary-covered
item)

A. �(⌥¸RNA
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B. ⌥≠$aDNA ˛
C. �©v\(
D. ¿;∆fiÓ�:6

8. AAV }SHáÿ�F  P⇥(Correct: B; AI-summary-covered item)
A. æ∆'
B. πœ
C. �E'
D. u;'

9. ⇥(≥sóí>⌘é∆-( ⇥(Correct: D; AI-summary-covered item)
A. æ✏
B. ∫Ë
C. √✏
D. ù✏

10. "ÍPã"˚fl@(Ñƒˆ⇢(ÌˆÙÖ ⇥(Correct: A; Article-only item)
A. Î�M„
B. Í6⌃„
C. ⇣⇣13
D. ◆b/Ô

11. S��ex vivo �ë©;�˝(fiì∆fiM ⇥(Correct: C; Article-only
item)

A. ⇤tBœ
B. ¿å¯π'
C. å¡∆n'
D. †⌥~⌅⌃

12. CRISPR ªóÑ⌘⇠K�/n›�ëƒ⌃—%\(�ˆ��— ⇥(Correct:
B; Article-only item)

A. «¶ÑDNA �6
B. M´í•
C. „"ë6
D. '�î¿

13. ÔÒ¸ã�sÍ (•Êyö ˆM¿;Cas v⇥(Correct: B; Article-only
item)

A. ⌃P·˜
B. �f�Ì·˜
C. ú◊S
D. 5·˜

14. CRISPR Ñ«↵⇧Ï⇢�¸�⌥r�6� (Correct: D; False-lure item;
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False-lure option: A (Restore))
A. b�
B. �6
C. Ó�
D. ˚d

English translation (for reference only).
1. CRISPR began as that allows bacteria to capture pieces of viral DNA.

(Correct: A; AI-summary-covered item)
A. a bacterial immune system
B. a viral defense mechanism
C. a cellular repair system
D. a genetic storage method

2. Early CRISPR crop research produced (Correct: D; AI-summary-covered
item)

A. early test versions
B. lab-phase cultivation variants
C. commercial products
D. experimental prototypes

3. Early CRISPR diagnostic tools like SHERLOCK and DETECTR were initially designed
to monitor . (Correct: A; False-lure item; False-lure option: B (DNA repair
activity))

A. pathogen presence
B. DNA repair activity
C. genome-wide mutation patterns
D. guide RNA e�ciency

4. Scientists reprogrammed CRISPR using to direct Cas enzymes. (Correct:
C; AI-summary-covered item)

A. protein markers
B. DNA templates
C. guide RNA
D. chemical signals

5. Compared to TALENs, CRISPR is faster, cheaper, and (Correct: A; AI-
summary-covered item)

A. easier to program
B. widely adopted
C. highly adaptable
D. technically refined
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6. O�-target edits occur when guide RNAs (Correct: A; AI-summary-covered
item)

A. bind mismatched sequences
B. bind partially similar sites
C. pair with near-matching bases
D. drift to adjacent regions

7. Base editors modify DNA without (Correct: B; AI-summary-covered item)
A. using guide RNA
B. breaking both strands
C. requiring enzymes
D. cellular repair

8. AAV vectors are e�cient but have limited (Correct: B; AI-summary-
covered item)

A. precision
B. capacity
C. persistence
D. flexibility

9. Lipid nanoparticles concentrate in the (Correct: D; AI-summary-covered
item)

A. kidneys
B. lungs
C. heart
D. liver

10. Self-limiting systems use components that (Correct: A; Article-only item)
A. degrade fast
B. decay naturally
C. become unstable
D. accumulate slow

11. Ex vivo editing allows doctors to before reinfusion. (Correct: C; Article-
only item)

A. modify doses
B. test compatibility
C. verify accuracy
D. label samples

12. A major challenge in CRISPR therapy is ensuring that editing components reach the
nucleus and act without triggering . (Correct: B; Article-only item)

A. excessive DNA replication
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B. immune rejection
C. metabolic suppression
D. oxidative stress

13. Inducible switches activate Cas enzymes only when exposed to specific .
(Correct: B; Article-only item)

A. molecular signals
B. chemical or thermal cues
C. membrane receptors
D. electrical pulses

14. The CRISPR process follows: guide, cut, and (Correct: C; False-lure item;
False-lure option: A (Restore))

A. restore
B. replicate
C. repair
D. remove

Semiconductor Supply Chains: Why Shortages Happen and How to Build Resilience: MCQ
items Original (Chinese; administered in the experiment).

1. (�π˝∂�H€J¸S6 Ñ⇣,Ùÿ�;Å/‡:–%⇣,⇢8‘⌧ö0:ÿ
˙ ⇥(Correct: D; AI-summary-covered item)

A. 5–10%
B. 15–20%
C. 20–30%
D. 30–50%

2. ;ÅØG6 FÑiß°✓K@Âfi��;Å/1é ⇥(Correct: B;
AI-summary-covered item)

A. üPô˙„P6
B. æ⌥«-ˆà
C. Å6Ñ—°ª”
D. Â∆ßCâÆ

3. (Ì:�Ù�⌃M�≈÷≥é���_�7÷≥é �B⇥(Correct: B;
AI-summary-covered item)

A. �ß�B
B. Ä/�B
C. "°�B
D. iA�B

4. ⌧öåwpÑ0⌃∆-¸ÙÜ Ñ⌃1'⇥(Correct: D; AI-summary-
covered item)
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A. ß˝q®ã
B. 0:ùVã
C. õî¯sã
D. Uπ⌃1'

5. “sˆ�ß”�Just-in-time !✏1%�/‡:J¸S6 â  ⇥(Correct:
C; AI-summary-covered item)

A. ⇢7�ˆˆ�˜
B. ØG‡’íb
C. �h�
D. �B‚®g»

6. 2020t}f�B)Éˆ�v⌃Ç⌃ß˝l⌘Ü ⇥(Correct: D; AI-summary-
covered item)

A. ˚®⌅⌃h
B. °ó˚fl
C. pW>:
D. à95P

7. Ç �l¯⇢«6ö Ñõî��eî˘‚®'⇥(Correct: A; AI-summary-
covered item)

A. Í⇥îã
B. ⇢t���
C. u;ã
D. ⇢C�

8. -�ß˝i˙⇢8�Å M˝å⇣⇥(Correct: A; AI-summary-covered item)
A. �Û$t
B.  Ûî*�
C. îÛ⇤t
D. AÛAå*�

9. H€J¸S6 ;ÅùV I;Ä/⇥(Correct: B; False-lure item; False-
lure option: A (Quantum processors))

A. œP⌅⌃h
B. Å+�I;
C. Ò+�kœÍ
D. IªPS—⌅h

10. I;ˆPô�Å�( ⇥(Correct: D; AI-summary-covered item)
A. ��∫BB
B. ÿØS
C. J¸SßÇB
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D. ÖØ⌘⇥
11. (3≥s6↵Çπ�vS°ûEÑ⇧ÅΩ¶'¶¯Sé *üP⇥(Correct:

B; False-lure item; False-lure option: B (46 silicon atoms wide))
A. 44*≥üP
B. 46*EüP
C. 48*EüP
D. 42*≥üP

12.  fl6↵ÇπÑß˝i˙⇢8�Å �v)¶á(15–25%KÙ⇥(Correct:
C; Article-only item)

A. 6–9*�
B. 12–15*�
C. 18–24*�
D. 30–36*�

13. 02019t��õ6 F˘–õˆËˆÍ› ÑìX◆≤⇥(Correct: A;
Article-only item)

A. �h
B. $*�
C. �c¶
D. A)

14. �π˝∂ÑH€6↵�ß�Å–õ¯Sé;⇣, Ñe4⇥(Correct: B;
Article-only item)

A. A⌃K�
B. €⌃K�Û ⌃K�
C. •—�J
D.  ⌃Kå

English translation (for reference only).
1. Advanced semiconductor fabrication in Western countries is more expensive mainly be-

cause operating costs are typically higher than in East Asia. (Correct: D;
AI-summary-covered item)

A. 5–10%
B. 15–20%
C. 20–30%
D. 30–50%

2. Major chipmakers announced large investment plans through 2030, but actual expansion
lagged mostly due to . (Correct: B; AI-summary-covered item)

A. raw material export limits
B. equipment procurement bottlenecks



A| Study 1 Materials (Stimuli, Tasks, Questionnaires)

C. sudden regulatory freezes
D. intellectual-property disputes

3. Automakers that pre-booked capacity were prioritized because allocation depended as
much on contracts as on needs. (Correct: B; AI-summary-covered item)

A. production
B. technology
C. financial
D. logistics

4. Geographic concentration in East Asia and the Netherlands creates vul-
nerabilities. (Correct: D; AI-summary-covered item)

A. capacity-driven
B. region-dependent
C. supply-linked
D. single-point

5. Just-in-time failed because production involves . (Correct: C; AI-summary-
covered item)

A. diverse part numbers
B. non-interchangeable chips
C. long cycle times
D. unstable demand shifts

6. When automotive demand collapsed in 2020, foundries shifted capacity toward .
(Correct: D; AI-summary-covered item)

A. mobile processors
B. computing systems
C. digital displays
D. consumer electronics

7. Companies shifting to risk-adjusted strategies now maintain inventories and develop
supply contracts. (Correct: A; AI-summary-covered item)

A. adaptive
B. multi-year
C. flexible
D. diversified

8. Intermediate capacity expansions typically require to complete. (Correct:
A; AI-summary-covered item)

A. one to two years
B. three to five months
C. five to seven years
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D. ten to twelve months
9. The technology used in advanced semiconductor manufacturing is . (Cor-

rect: B; False-lure item; False-lure option: A (Quantum processors))
A. quantum processors
B. extreme ultraviolet
C. deep-UV scanners
D. plasma emitters

10. Photoresist materials require (Correct: D; AI-summary-covered item)
A. rare-earth dopants
B. purified gases
C. semiconductor-grade coatings
D. ultra-pure resins

11. At the 3nm process node, transistor gate widths correspond to roughly .
(Correct: C; False-lure item; False-lure option: B (46 silicon atoms wide))

A. 44 carbon atoms
B. 46 silicon atoms
C. 48 silicon atoms
D. 42 carbon atoms

12. Legacy-node capacity additions require and produce margins of 15–25%.
(Correct: C; Article-only item)

A. 6–9 months
B. 12–15 months
C. 18–24 months
D. 30–36 months

13. By 2019, some manufacturers operated on for certain components. (Cor-
rect: A; Article-only item)

A. single-week bu�ers
B. two-month bu�ers
C. quarterly bu�ers
D. ten-day bu�ers

14. Western advanced-node production requires subsidies amounting to of total
costs. (Correct: B; Article-only item)

A. around one-tenth
B. roughly one-quarter to one-third
C. nearly one-half
D. two-thirds
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A.5. Study 1 Questionnaires and Rating Scales
This appendix lists the questionnaires and rating scales administered during the session. Unless
otherwise noted, Likert-type items used 7-point response scales.
Language note. All participant-facing instruments were administered in Simplified Chinese.
For transparency, each item is first presented in its original Chinese wording (as used in the
experiment), followed by an English translation (for reference only).
Baseline (pre-task) measures Prior-knowledge familiarity. Original (Chinese; administered
in the experiment). HHHåååÂÂÂ∆∆∆üüüâââ¶¶¶���///ÌÌÌüüüâââ¶¶¶   ⇥⇥⇥ ˜ƒ˜`˘œ*/ÌÑüâ↵¶

�4πœh⇢0 = åh�üâ�1 = eÆüâ�2 = ‘Éüâ�3 = ^8üâ ⇥/ÌÂÒ
á◆⇢ÕGH∞⇢ English translation (for reference only). Participants rated familiarity with
each term on a 4-point scale (0 = Not at all familiar, 1 = Slightly familiar, 2 = Moderately
familiar, 3 = Very familiar). Terms:

• Heat flux
• Permeable pavement
• Reflective coating
• Cooling corridor
• Urban canyon
• Albedo
• Gene drive
• Base editing
• Prime editing

• Adeno-associated virus (AAV)
• Lipid nanoparticle
• Germ-line editing
• Wafer
• Lithography mask
• System-on-a-chip (SoC)
• Photolithography
• Legacy node
• Extreme ultraviolet lithography (EUV)

Baseline trust in AI (3 items). Original (Chinese; administered in the experiment). �1
= :»��✏�7 = :»�✏ 

• ⌘⇢8·˚∫Âz˝Âw�⇣Ñ·o⇥
• ∫Âz˝˚fl⇢8⇢–õ∆nlsÑ”ú⇥
• ⌘àP✏ù`∫Âz˝e/�⌘Ñf`�Â\˚°⇥

English translation (for reference only). (1 = Strongly disagree, 7 = Strongly agree)
• I generally trust information generated by AI tools.
• AI systems usually provide accurate and fair results.
• I feel comfortable relying on AI to support my learning or work tasks.

Baseline technology dependence (3 items). Original (Chinese; administered in the ex-
periment). �1 = :»��✏�7 = :»�✏ 

• ⌘œ8ùVpMÂwe.⌘∞O�®XDØ⇥
• S⌘�nö–ãˆ�⌘Ñ,�Õî/‚ÓAIÂw�⌧"�Œ⇥
• —Ä©⌘�⇤Ù Há�¯Éé≈ù`∞∆��⇥
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English translation (for reference only). (1 = Strongly disagree, 7 = Strongly agree)
• I often rely on digital tools to remember or store information for me.
• When I’m unsure about something, my first instinct is to ask an AI tool or search engine
• Technology helps me think more e�ciently than relying only on my memory.

Self-rated AI/digital skill (2 items). Original (Chinese; administered in the experiment).
�1 = :»��✏�7 = :»�✏ 

• ⌘˘�(∫Âz˝q®Ñî(↵è�˚flE··√⇥
• ⌘⇢8f`ÇUÎ��(∞ÑpWÂw⇥

English translation (for reference only). (1 = Strongly disagree, 7 = Strongly agree)
• I feel confident using AI-powered applications or systems.
• I usually learn how to use new digital tools quickly.

Per-article (post-block) ratings After each article block, participants completed ratings to cap-
ture perceived load and experience. Cognitive-load items used explicit anchors; other items
used 1–7 agreement scales unless noted.
Cognitive load. Original (Chinese; administered in the experiment).

• “Ÿy˚°˘⌘õÑÅB ⇢ÿ�”�1 = �πÅB˝° �7 = ÅBÅÿ 
• “⌃„Ÿ«á‡ÑÖπ ⇢æ�”�1 = àπ◆�7 = ^8æ 

English translation (for reference only).
• “How mentally demanding was this task?” (1 = Not at all demanding; 7 = Extremely

demanding)
• “How di�cult was it to understand the content of this article?” (1 = Very easy; 7 = Very

di�cult)
AI experience (AI groups only). (1 = Strongly disagree; 7 = Strongly agree) Original
(Chinese; administered in the experiment). �1 = :»��✏�7 = :»�✏ 

• “AI �⇣ÑXÅ.©⌘⌃„ÜŸ«á‡⇥”
• “AI �⇣ÑXÅ.©⌘∞OÜŸ«á‡⇥”
• “∫Âz˝ÑO©�˚°ÿóÙπ◆�ÙÿH⇥”
• “⌘˘,á–õÑ∫Âz˝.©�0·✏⇥”
• �Ô  “⌘Ùú"(∫Âz˝/�↵å⇣d{˚°���/° ∫Âz˝/�⇥”

English translation (for reference only). (1 = Strongly disagree; 7 = Strongly agree)
• “The AI-generated summary helped me understand the article.”
• “The AI-generated summary helped me remember the article.”
• “The AI assistance made the task easier and more e�cient.”
• “I am satisfied with the AI assistance provided for this article.”
• (Optional) “I prefer completing this kind of task with AI support rather than without it.”

Overall MCQ confidence. Original (Chinese; administered in the experiment). “;S
���®˘,á⇢y ÈòÑfiT ⇢'·√�”�1 = �π_�Í·�7 = ‡‘Í· 
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English translation (for reference only). “Overall, how confident are you in your answers to the
multiple-choice questions for this article?” (1 = Not confident at all; 7 = Extremely confident)
Post-block state trust and dependence (AI groups only). These items were asked after
the recall and MCQ tasks for each article, referring to the summary just used in that block (1
= Strongly disagree; 7 = Strongly agree). Original (Chinese; administered in the experiment).
�1 = :»��✏�7 = :»�✏ 

• ·˚��nÑÔ·¶h ⇢“`§:AI �⇣ÑXÅ(.©⌃„Ÿ«á‡πb ⇢Ô
`�”�trust_new 

• ùV��nÑx}h ⇢“(å⇣,á‡WÑ∞∆˚°ˆ�`(⇢'↵¶⌦ùVAI �
⇣ÑXÅ���/ùV`ÍÒ˘á‡Ñ∞∆�”�dependence_new 

English translation (for reference only).
• Trust (explicit credibility framing): “How reliable did you consider the AI-generated

summary to be for understanding the article?” (trust_new)
• Dependence (explicit o�oading framing): “To what extent did you rely on the AI-

generated summary rather than your own memory of the article?” (dependence_new)
End-of-session manipulation checks Original (Chinese; administered in the experiment).

• “`…óXÅåá‡tS⌦ ⇢fi/å¯ísT�”�1 = ^8éG��7 = ÿ¶fi/ 
• “XÅ(⇢'↵¶⌦.©`↵0á‡-¬πKÙÑs˚�”�1 = åh° �7 = ^8
⇢ 

• Ve È⇢“(⇧˚åfiTÓòˆ�⌘;Å. . . . . . ”�⌃¬πT˚web⇣tS⌃„vs.
∞∆ˆcãû�∆Ç 

English translation (for reference only).
• “How coherent and interconnected did the summary and article feel overall?” (1 = Very

fragmented; 7 = Highly connected)
• “To what extent did the summary help you see relationships between ideas in the article?”

(1 = Not at all; 7 = Very much)
• Strategy choice: “When reading and answering questions, I mainly...” (Connected ideas

to form an overall understanding vs. Memorized separate facts and details)
Session instructions (verbatim)Original (Chinese; administered in the experiment).

• ®⌃⇧˚3 «��Ñá‡�œ«á‡˝ ÍÒÑ∞∆å⌃„K’⇥
• =õ∞Oœ«á‡-=Ô˝⇢Ñ·o⇥
• ®ÑV—V±�®ÑK’∆n'⇣c‘——®–õÑTHäcn�®ÑV—1äÿ⇥
• Ÿy˚°�Åh^/Ë�˜�M⌃√�⌥b⌥~�⌃Ÿ⇥

English translation (for reference only).
• You will read 3 di�erent articles, each followed by its own memory and comprehension

test.
• Try your best to remember as much information as possible from each article.
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• Your bonus reward is proportional to your test accuracy — the more correct answers you
provide, the higher your bonus.

• The task requires full attention; please avoid distractions, switching tabs, or rushing.
Important information about the AI summaries (verbatim). Original (Chinese; ad-
ministered in the experiment).

• 9n®Ñ≈µ�®Ô˝⇢↵0�⇢ *AI�⇣ÑXÅ⇢�*(á‡KM��*(⇧˚
«↵-�®ÔÂèˆS�åsÌ �Â �*(á‡K�⇥

• AI ⇢8à .©�XÅ'⇢pˆ⇡/∆nÑ⇥
• 6��AI ÕÔ˝⇧+✏⇡Ô�W✏⇥
• XÅË(.©®——��/ˇ„‘∆⇧˚åtá‡⇥
•  õK’ÓòÍ˝�(åtá‡-Ñ∆ÇefiT⇥
• ˜‘∆⇧˚@ ÖπÂ�'�®Ñh∞⇥

English translation (for reference only).
• Depending on your condition, you may see up to three AI-generated summaries: one

before the article, one during the reading (which you can open and close at any time),
and one after the article.

• AI is generally helpful, and summaries are accurate most of the time.
• However, AI can still contain minor mistakes or omissions.
• The summaries are meant to assist you — not replace careful reading of the full article.
• Some test questions can only be answered using details from the full articles.
• Please read everything carefully to maximize your performance.

Free recall task instructions (verbatim)Free Recall (5 minutes). Write everything you re-
member from the article in short, idea-based sentences.

Original (Chinese; administered in the experiment). ÍÍÍ111fififi∆∆∆���5⌃⌃⌃üüü   ⇥⇥⇥ ˜(ÄÌ�Â¬
π:UMÑÂPô↵`Œá‡-∞OÑ@ Öπ⇥

• �(!✏⇢“A æ B ‡:C”�ü‡æ ”úæ ⌃1 �“X ¸ÙY�‡:Z”⇥
• Ó⌥ô8–12 Â�(éƒ⌃Ñ�'Âp= 10 ⇥
• sËwS¬π�ÉÏKÙÑT˚���/€€Ñ;Spa⇥
• �Å�6/ò4�˜(ÍÒÑ›hæ⇥
• ` 5:00 ⌃ü⇥°ˆh⇢>:iYˆÙ⇥
• :n›`⇧˚ÜÙ���À Æ⌃(30 “�„�⇥�ûå-ÊænÜÁÌ ÆÑ�Ì
�öˆÙ⇥ 

English translation (for reference only).
• Use the pattern: “A æ B because C” (cause æ e�ect æ reason) or “X leads to Y due to

Z”.
• Aim for 8–12 sentences (max accepted for scoring = 10).
• Focus on specific ideas and links, not general impressions.
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• No copy/paste; write in your own words.
• You have 5:00 minutes. A timer shows remaining time.
• The start button is unlocked after 30 seconds to ensure instructions are read.

Consent text (verbatim)Original (Chinese; administered in the experiment). ®´Ä˜¬†�
yv�¢"��Ñá,<✏ÇUqÕ∞∆å⌃„⇥ )Ñûå'¶�Å90 ⌃ü⇥®⌃⇧˚
ÄÌÑ—fá‡�fiTÓòvƒ0®Ñœå⇥

• ®Ñ¬�/Í?Ñ⇥
• ®ÔÂèˆ�˙��⇢◊0⌅Z⇥
• �⇢6∆˚U*∫∆+·o�pn⌃´?�X®⇥
• ®≈{t·18 Åv�(∞,5⌘�✏5⌘��ó�(K: ⇥

U˚“⌘�✏vÁÌ”�sh:®n§Ú⇧˚d·ov�✏¬�⇥ English translation (for
reference only). You are invited to participate in a study exploring how di�erent text formats
influence memory and comprehension. The experiment takes approximately 90 minutes. You
read short scientific articles, answer questions, and evaluate your experience.

• Your participation is voluntary.
• You may withdraw at any time without penalty.
• No personal identifying information will be collected; data will be stored anonymously.
• You must be 18 years or older and use a laptop or desktop computer (no phones).

By clicking “I Agree and Continue”, you confirm that you have read this information and
consent to participate.
Debrief screen (verbatim)The debrief screen thanked participants, displayed their participant
ID, stated that responses help understand how AI influences learning/recall/comprehension,
and instructed participants that they could close the window.

Chinese translation (for reference). Ù"ub�"¬�⇧�>:v¬�⇧ID�vÙ�Ÿõfi
T⌃(é⌃„AI ÇUqÕf`/fi∆/⌃„��ˆ–:¬�⇧ÔÂsÌó„⇥



B| Study 2 Survey Instrument
(Product Managers)

This appendix documents the structured survey instrument used in Study 2 to measure AI
adoption and its perceived impacts in product management. The survey was administered in
English and Chinese. The English item list below is the version used for analysis and reporting.
For documentation, a Simplified Chinese reference translation is provided in Appendix B.9;
minor wording di�erences may exist relative to the exact on-screen Chinese version. Unless
otherwise noted, response options are listed exactly as in the questionnaire.

155
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B.1. Instrument summary table

Item group Anchors

(low æ high)

Coding Used as

A1 (tool-frequency) Never æ Al-
ways

1–5 Descriptive + regional tests

A2 (duration) Less than 6
months æ
More than 3
years

1–5 Descriptive + regional tests

A3 (decision-making group) Product /
Engineering /
Leadership /
Data / Other

Categorical Chi-square + regional comparison

A4 (integration goals) Multiple
choice (select
up to two)

Categorical Frequencies + regional comparison

A5 (expectations met) Did not meet
expectations
at all æ Fully
exceeded ex-
pectations

1–5 Outcome

A6 (tools used) Open-ended
tool/platform
names

Text Descriptive only

A7 (adoption barriers) Multiple
choice (select
all)

Categorical Frequencies + regional comparison

A8 (tool selection criteria) Multiple
choice (select
top two)

Categorical Frequencies + regional comparison

A9 (12-month expectation) Significantly
decrease æ
Significantly
increase

1–5 (recoded) Outcome + regional comparison

Table B.1: Study 2 survey structure (Section A): anchors, coding, and analytic use.
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B.2. Construct-to-item mapping

Construct / domain Items (Appendix IDs)

AI tool usage intensity A1 (multi-category frequencies), A2
Adoption context and
goals

A3–A9

Workload reduction and
complexity shifts

B1–B4

Time reallocation and
strategic focus

B5–B7

Skill shift, AI literacy,
and training

C1–C7

Governance, ethics, and
responsibility

D1–D9

Table B.2: Construct-to-item mapping for Study 2 analyses.

B.3. Coding and scale anchors
Unless otherwise stated, ordinal response options were coded so that higher values indicate
higher endorsement, greater usage intensity, or more positive perceived impact. When a re-
sponse set included an explicit neutral category (e.g., “Occasionally” / “No change”), that
category was treated as the conceptual midpoint in midpoint-referenced tests. Multi-select
items are represented as binary indicators per option (selected vs. not selected) and rank items
are stored as ranks and also summarized via top-k inclusion counts for descriptive tables.
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Item group Anchors

(low

æ
high)

Coding Used as

A1 (tool-frequency) Never
æ
Al-
ways

1–5 Descriptive + regional tests

A2 (duration) Less
than
6
months
æ
More
than
3
years

1–5 Descriptive + regional tests

A5 (expectations met) Did
not
meet
ex-
pec-
ta-
tions
at
all
æ
Fully
ex-
ceeded
ex-
pec-
ta-
tions

1–5 Outcome

A9 (12-month usage change) Significantly
de-
crease
æ
Sig-
nif-
i-
cantly
in-
crease

1–5 (recoded) Outcome

B1 (workload reduction) No
re-
duc-
tion
æ
Very
sig-
nif-
i-
cant
re-
duc-
tion

1–5 Outcomes (task-level)

B4 (productivity impact) Productivity
sig-
nif-
i-
cantly
de-
creased
æ
Pro-
duc-
tiv-
ity
sig-
nif-
i-
cantly
in-
creased

1–5 (recoded) Outcome

B5 (strategic time gained) None
æ
More
than
10
hours

Ordinal bins; optionally mapped to approximate hours Outcome

B6 (decision improvement) Decision-
making
has
wors-
ened
æ
Sig-
nif-
i-
cantly
im-
proved

1–5 (recoded) Outcome

C4 (confidence leveraging AI) Not
con-
fi-
dent
at
all
æ
Ex-
tremely
con-
fi-
dent

1–5 Outcome

D1 (ethics frequency) Never
æ
Very
Of-
ten

1–5 Outcome + descriptive

Table B.3: Scale anchors, coding direction, and analysis role for key Study 2 ordinal items.
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B.4. Data dictionary (Study 2)

Variable(s) Meaning Coding (analysis) Missing rule

region Respondent country/region {USA, China} Required; ex-
clude if miss-
ing

A1_{rpa, workflow,
predictive, nlp, qa,
genai, chatbot}

Tool usage frequency by cate-
gory

1=Never, 2=Rarely,
3=Occasionally, 4=Of-
ten, 5=Always

NA if unan-
swered

A2_duration Duration of AI usage in PM 1=<6 months, 2=6–12
months, 3=1–2 years,
4=2–3 years, 5=>3 years

NA if unan-
swered

A3_decision_group Group driving AI implementa-
tion decision

Categorical (Product /
Engineering / Leadership
/ Data / Other)

NA if unan-
swered

A4_goal_* AI integration goals (multi-
select; up to 2)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

A5_expectations AI tools meeting expectations 1=Did not meet æ
5=Fully exceeded

NA if unan-
swered

A6_tools_open Open-ended tool/platform
names

Text field Empty æ NA

A7_barrier_* Adoption barriers (multi-
select)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

A8_selection_* Tool selection criteria (multi-
select; top 2)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

A9_growth Expected change in AI usage
(12 months)

Recode to 1=Signif-
icantly decrease æ
5=Significantly increase

NA if unan-
swered

B1_{routine, feed-
back, research, qa,
comms, docs, back-
log}

Workload reduction by task 1=No reduction æ
5=Very significant
reduction

NA if unan-
swered
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Variable(s) Meaning Coding (analysis) Missing rule

B2_complex_* Tasks that became more com-
plex (multi-select)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

B3_rank_* Time reallocation priorities
(rank top 3)

Ranks 1–3 for selected
tasks; derived indicators
for top-3 inclusion

NA if unan-
swered

B4_productivity Overall productivity impact Recode to 1=Signif-
icantly decreased æ
5=Significantly in-
creased

NA if unan-
swered

B5_strategic_time Strategic/high-value time
gained

Ordinal bins (None, 1–
2, 3–5, 6–10, >10); op-
tionally mapped to mid-
points for reporting

NA if unan-
swered

B6_decision_improve Perceived decision-making im-
provement

Recode to 1=Worsened
æ 5=Significantly im-
proved

NA if unan-
swered

B7_role_shift Expected responsibility shift
(1–2 years)

Ordinal/categorical as
listed

NA if unan-
swered

C1_hours_saved Hours saved per week due to AI
automation

Ordinal bins (0, 1–3, 4–7,
8–12, 13+)

NA if unan-
swered

C2_strategic_focus Improvement in focus on
strategic work

1=Not improved æ
5=Very significantly
improved

NA if unan-
swered

C3_skill_* Skills improved (select top 3) Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

C4_confidence Confidence leveraging AI tools 1=Not confident æ
5=Extremely confident

NA if unan-
swered

C5_training_o�ered Structured AI training o�ered 1=None,
2=Informal/self-taught,
3=Formal internal,
4=External o�ered

NA if unan-
swered

C6_resource_* Preferred training resources
(select top 2)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1
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Variable(s) Meaning Coding (analysis) Missing rule

C7_value_shift Perceived shift in valuable
skills

Ordinal as listed NA if unan-
swered

D1_ethics_freq Frequency of ethics considera-
tions

1=Never æ 5=Very Of-
ten

NA if unan-
swered

D2_ethics_challenge_*Ethical challenges encountered
(multi-select)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

D3_responsibility Responsibility structure for
ethical AI decisions

Categorical as listed NA if unan-
swered

D4_ethics_confidence Confidence addressing ethical
issues

1=Not confident æ
5=Extremely confident

NA if unan-
swered

D5_ethics_scenario_openOpen-ended ethical scenario Text field Empty æ NA
D6_guidelines Existence of ethical AI guide-

lines
Categorical as listed NA if unan-

swered
D7_ethics_training Structured ethical AI training

received
1=None, 2=Informal,
3=Formal internal,
4=External provided

NA if unan-
swered

D8_support_* Resources needed for managing
ethical challenges (multi-select;
up to 2)

Binary per option (1=se-
lected, 0=not selected)

NA if question
missing; else
0/1

D9_greatest_concern_openGreatest ethical concern (open-
ended)

Text field; optionally
coded into categories for
frequency summaries

Empty æ NA

B.5. Section A: AI tool usage and adoption context
1. A1. Indicate your frequency of usage for each type of AI application in your daily

product-management tasks (Never, Rarely, Occasionally, Often, Always):
• Robotic Process Automation (RPA) for repetitive tasks
• Workflow automation tools
• Predictive analytics tools for feature prioritization
• Natural Language Processing (NLP) tools for analyzing customer feedback/sentiment
• AI-driven QA & product testing tools
• Generative AI tools (e.g., ChatGPT, Claude) for drafting documentation/initial con-

tent
• AI chatbots or virtual assistants for customer interactions/support
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2. A2. For how long have you actively used AI applications in your product-management
role?

• Less than 6 months
• 6 months – 1 year
• 1–2 years
• 2–3 years
• More than 3 years

3. A3. Which group typically drives the decision to implement AI tools in your PM activi-
ties?

• Product Team
• Engineering/Tech Team
• Executive/Leadership Team
• Data Team
• Other

4. A4. What were your organization’s primary goals when integrating AI into your product-
management activities? (Select up to two)

• Reducing operational costs
• Increasing PM productivity and e�ciency
• Improving customer/user experience
• Enhancing product quality and reliability
• Innovating product development processes
• Gaining competitive advantage in the market

5. A5. To what extent have the AI tools you adopted met your initial expectations?
• Did not meet expectations at all
• Slightly met expectations
• Moderately met expectations
• Largely met expectations
• Fully exceeded expectations

6. A6. Specify any AI tools/platforms you regularly use (open-ended).
7. A7. What challenges have you encountered when adopting AI in your product-management

tasks? (Select all applicable)
• Technical di�culties or integration complexity
• Initial learning curve and team resistance
• Data availability or quality issues
• Insu�cient training or support
• Budget constraints and cost management
• AI tool reliability or accuracy issues
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• Ethical or regulatory concerns
8. A8. Which factors are most influential when selecting new AI tools for product-management

tasks? (Select top two)
• Ease of integration with existing systems
• User-friendly interface and ease of use
• Vendor reputation and support
• Cost-e�ectiveness
• Recommendations from peers or industry reviews
• Flexibility and scalability of the AI solution

9. A9. How do you expect your team’s AI usage in product-management tasks to change
in the next 12 months?

• Significantly increase
• Slightly increase
• Stay about the same
• Slightly decrease
• Significantly decrease

B.6. Section B: workload shifts and perceived decision
support

1. B1. Since integrating AI tools, rate how significantly your workload has decreased for each
task below (No reduction, Slight reduction, Moderate reduction, Significant reduction,
Very significant reduction):

• Routine administrative & reporting tasks
• Manual customer/user feedback collection & analysis
• Market & competitor research (data gathering, synthesis)
• QA, product testing, bug tracking management
• Routine communications (emails, updates)
• Documentation drafting & content creation
• Task management and backlog updates

2. B2. Which tasks have notably increased or become more complex due to AI integration?
(Select all applicable)

• Strategic planning and roadmapping
• Stakeholder engagement & cross-functional coordination
• Innovation & creative product ideation
• AI tool management (oversight, monitoring performance, model tuning)
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• Ethical considerations & governance related to AI use
• Skill development, training, and professional learning on AI tools
• Communication & presentation of AI-driven insights to stakeholders

3. B3. Which tasks do you prioritize most frequently with time saved due to AI-driven
e�ciencies? (Rank top 3; 1 = highest priority)

• Strategic product planning & vision-setting
• Deep customer/user interaction & user research
• Stakeholder & cross-team management
• Innovative experimentation & idea generation
• AI oversight, governance & ethical management
• Professional growth & learning new AI-related skills

4. B4. Indicate the overall productivity impact you experienced due to AI integration.
• Productivity significantly decreased
• Productivity slightly decreased
• No notable productivity change
• Productivity slightly increased
• Productivity significantly increased

5. B5. How many additional weekly hours can you now allocate specifically toward strategic
or high-value tasks due to AI automation?

• None
• 1–2 hours
• 3–5 hours
• 6–10 hours
• More than 10 hours

6. B6. Has the use of AI tools improved your decision-making capabilities as a product
manager?

• Significantly improved
• Moderately improved
• Slightly improved
• No change
• Decision-making has worsened

7. B7. Looking forward, how do you expect AI integration to influence your task responsi-
bilities as a product manager in the next 1–2 years?

• Significantly more focus on strategic tasks (planning, vision, stakeholder manage-
ment)

• Moderate shift towards strategic and innovation tasks
• Slight or minimal change in responsibilities
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• Increasing complexity and oversight of AI tool management
• Greater focus on ethical and governance responsibilities related to AI use

B.7. Section C: skills, training, and capability develop-
ment

1. C1. Estimate the average hours you save weekly due to AI automation of your product-
management tasks.

• 0 hours
• 1–3 hours
• 4–7 hours
• 8–12 hours
• 13+ hours

2. C2. Rate how much your ability to focus on strategic aspects of your role has improved
due to AI.

• Not improved at all
• Slightly improved
• Moderately improved
• Significantly improved
• Very significantly improved

3. C3. Select the top 3 skills you have developed or improved due to using AI in your role.
• AI literacy and understanding of AI concepts
• Prompt engineering (e�ective prompting of generative AI tools)
• Enhanced data analytics & data-driven decision-making
• Ethical oversight & governance of AI tools
• Improved strategic decision-making skills
• Stronger communication and data storytelling capabilities
• Technical proficiency in managing AI tools and platforms

4. C4. How confident are you in your current ability to e�ectively leverage AI tools in your
daily PM tasks?

• Not confident at all
• Slightly confident
• Moderately confident
• Very confident
• Extremely confident

5. C5. Has your organization provided structured training focused explicitly on the skills
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necessary for e�ective AI integration?
• No structured training provided
• Informal or self-taught learning only
• Formal internal training programs provided
• External training/certifications o�ered by the organization

6. C6. Which training resources would most e�ectively support your skill development to
handle AI integration? (Select top two)

• Hands-on workshops & practical AI-tool training
• Formal AI-related certifications or courses
• Internal best practices & case-study sharing
• Regular access to external AI experts or mentors
• Ongoing updates on AI developments and trends relevant to PMs

7. C7. How has AI integration influenced your perception of skills considered most valuable
for a product manager today?

• No change in perception
• Slightly shifted toward technical AI-related skills
• Significantly shifted toward technical AI-related skills
• Slightly shifted toward soft skills (ethics, communication, strategy)
• Significantly shifted toward soft skills (ethics, communication, strategy)

B.8. Section D: governance, ethics, and responsibility
1. D1. How frequently do ethical considerations related to AI integration arise in your daily

tasks as a product manager?
• Never
• Rarely
• Occasionally
• Often
• Very Often

2. D2. Which ethical challenges have you directly encountered due to the use of AI tools in
your product-management role? (Select all applicable)

• Privacy and protection of customer data
• Potential bias in AI-driven recommendations/decisions
• Transparency and explainability of AI decisions
• Accountability for errors or decisions made by AI
• Compliance with regulatory standards (e.g., GDPR, EU AI Act)
• No ethical challenges encountered
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3. D3. Who primarily holds responsibility for managing ethical AI-related decisions in your
organization?

• Product managers individually
• Dedicated AI/Ethics committee
• Cross-functional team or collaboration
• Formal organizational guidelines/policies
• No clear ownership/responsibility defined

4. D4. How confident do you feel addressing ethical issues arising from AI usage in your
product-management role?

• Not confident at all
• Slightly confident
• Moderately confident
• Very confident
• Extremely confident

5. D5. Briefly describe a recent ethical decision-making scenario related to AI usage that
you faced, and how you addressed it (open-ended).

6. D6. Does your organization provide clear guidelines or policies for ethical AI usage in
product management?

• No clear guidelines exist
• Informal ethical guidance only
• Formal internal AI ethics guidelines exist
• Adhere to external standards (e.g., IEEE, EU AI Act, GDPR)

7. D7. Have you received structured training specifically addressing ethical considerations
related to AI use in your role?

• No structured ethical training provided
• Informal/self-directed learning only
• Formal internal ethical AI training provided
• External courses/certifications provided by the organization

8. D8. Which resources would best support you in managing ethical AI-related challenges?
(Select up to two)

• Dedicated ethical AI training workshops
• Clearer organizational ethical guidelines
• Regular audits or assessments of AI systems
• Real-world ethical AI case studies/examples
• Regular access to ethical AI advisors or experts

9. D9. What is your greatest ethical concern regarding the increased use of AI in your
product-management role in the future? (open-ended)
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B.9. Simplified Chinese reference translation
Note. The following is a Simplified Chinese reference translation to document bilingual ad-
ministration. Analysis and quotation should rely on the English version above.
A ËËË⌃⌃⌃⇢⇢⇢AI ÂÂÂwww���(((���«««≥≥≥ÃÃÃooo

• A1. ˜⌥˙®(Â8ß¡°⌃˚°-�(Â↵⌅{AI î(Ñëá�Œ��à⌘�v
�œ8�;/ ⇢

– (éÕ�'˚°Ñ:h∫A↵Í®��RPA 
– Â\AÍ®�Âw
– (éü˝⇠HßíèÑÑK⌃êÂw
– (é⌃ê¢7Õà/≈�>⌘ÑÍ6Ì�⌅⌃�NLP Âw
– AI q®ÑQA �ß¡K’Âw
– �⇣✏AI Âw�ãÇChatGPT�Claude �(é∞ôác/�?Öπ
– (é¢7í®//�ÑAI J):h∫�Zfl©K

• A2. ®(ß¡°⌃óM⌦;®�(AI î(Ú ⇢�ˆÙ�
– ⌘é6 *�
– 6 *�– 1 t
– 1–2 t
– 2–3 t
– 3 tÂ⌦

• A3. (®ÑPM ;®-�⇢81Í*§S;¸/&ûΩAI ÂwÑ≥V�
– ß¡‚�
– Â↵/Ä/‚�
– ÿB/°⌃B
– pn‚�
– v÷

• A4. S®Ñƒ«⌃AI ∆⇣0ß¡°⌃;®-ˆ�v;ÅÓ⌥/¿H���⇢ È$
y 

– MN–%⇣,
– –Gß¡œ⌃�ßõ�Há
– 9Ñ¢7/(7Så
– –Gß¡(œ�Ô`'
– �∞ß¡�—A↵
– ∑ó⇥:fiâ⇠ø

• A5. ®@«(ÑAI Âw(⇢'↵¶⌦æ0Ü��Ñ���
– åh*æ0��
– eÆæ0��
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– (�ö↵¶⌦æ0��
– ˙,æ0��
– �>Ö˙��

• A6. ˜⌫>®œ8�(ÑAI Âw/s��>ò ⇥
• A7. (⌃AI î(éß¡°⌃˚°ˆ�®G0«Íõ⌘⇠��Ô⇢  

– Ä/æ�∆⇣�B
– �Àf`Úø�‚�;õ
– pnÔ('�(œÓò
– ˘≠�/��≥
– ÑóP6�⇣,°⌃
– AI ÂwÑÔ`'�∆n'Óò
– &⌃�—°πbÑ~Q

• A8. (:ß¡°⌃˚° È∞ÑAI Âwˆ�Íõ‡ �wqÕõ�� È�ÕÅÑ$
y 

– �∞ ˚flÑ∆⇣æ◆¶
– (7LbÀ}�◆('
– õîFâ�/�
– ⇣,H 
– �L˙Æ�L⇢ƒK®P
– AI πHÑu;'�ÔiU'

• A9. ®Ñ°*e12 *�‚�(ß¡°⌃˚°-ÑAI �(≈µ⌃ÇUÿ��
– >Wû†
– eÆû†
– ˙,›��ÿ
– eÆœ⌘
– >Wœ⌘

B ËËË⌃⌃⌃⇢⇢⇢ÂÂÂ\\\œœœÿÿÿ������≥≥≥VVV///������ÂÂÂ
• B1. ÍŒ∆⇣AI ÂwÂe�˜ƒ˜Â↵⌅y˚°ÑÂ\œœ⌘↵¶�‡œ⌘�{Æœ
⌘�⇥¶œ⌘�>Wœ⌘�^8>Wœ⌘ ⇢

– 8ƒL?�G•˚°
– K®6∆�⌃ê¢7/(7Õà
– ⇥:�fi¡⇤�pn6∆�¸� 
– QA�ß¡K’�:wfl*°⌃
– Â8ü⇢�Æˆ�€UÙ∞ 
– ác∞ô�Öπ�\
– ˚°°⌃�Öû/Backlog Ù∞

• B2. 1éAI ∆⇣�Íõ˚°�>û†�ÿóÙ�B��Ô⇢  
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– ⇠eƒ✓�Ôø˛6ö
– ) ¯s⇧ü⇢�ËL˝O\
– �∞�� 'ß¡Ñ�
– AI Âw°⌃�—c�'˝—ß�!ã⇤⇠ 
– �AI �(¯sÑ&⌃⇤œ�ª⌃
– Ù’AI ÂwÑÄ˝—U�˘≠�◆⇢f`
– ⌘) ¯s⇧ü⇢�U:AI q®Ñ�fl

• B3. 1éAI &eÑHá–G�Ç�ÑˆÙ�®�8⌃v(éÍõ˚°��˜⌃M y
íè�1 = �ÿ⇠Hß 

– ⇠e'ß¡ƒ✓�?oæö
– Ò¶¢7/(7í®�(7v
– ) ¯s⇧�Ë‚�°⌃
– �∞'’å��✏�⇣
– AI —c�ª⌃�&⌃°⌃
– L⇢⇣��f`∞ÑAI ¯sÄ˝

• B4. ˜⌥˙AI ∆⇣˘®tS�ßõÑqÕ⇥
– �ßõ>W↵M
– �ßõeÆ↵M
– �ßõ‡�>ÿ�
– �ßõeÆ–G
– �ßõ>W–G

• B5. 1éAI Í®��®∞(œhÔÂù�⌃M⇢⌘ˆÙ(é⇠e'�ÿ˜<˚°�
– ° 
– 1–2 ✏ˆ
– 3–5 ✏ˆ
– 6–10 ✏ˆ
– Ö«10 ✏ˆ

• B6. AI Âw/&–GÜ®\:ß¡œ⌃Ñ≥V˝õ�
– >W–G
– ⇥¶–G
– eÆ–G
– ° ÿ�
– ≥V˝õÿÓ

• B7. U�*e1–2 t�®Ñ°AI ∆⇣⌃ÇUqÕ®\:ß¡œ⌃Ñ˚°L#�
– >WÙ⇢0Z&⇠e˚°�ƒ✓�?o�) ¯s⇧°⌃ 
– -I↵¶l⌘⇠e��∞˚°
– L#ÿ�à✏�‡N° ÿ�
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– AI Âw°⌃Ñ�B'�—cÅBû†
– Ù†Z&�AI �(¯sÑ&⌃�ª⌃#˚

C ËËË⌃⌃⌃⇢⇢⇢ÄÄÄ˝̋̋���˘̆̆≠≠≠���˝̋̋õõõ———UUU
• C1. 0°1éAI Í®�®Ñß¡°⌃˚°�®œhsGÇ�⇢⌘✏ˆ�

– 0 ✏ˆ
– 1–3 ✏ˆ
– 4–7 ✏ˆ
– 8–12 ✏ˆ
– 13 ✏ˆÂ⌦

• C2. ˜ƒ˜1éAI Ñ.©�®◆Ëé⇠e'Â\Ñ˝õ–G↵¶⇥
– åh° –G
– eÆ–G
– ⇥¶–G
– >W–G
– ^8>W–G

• C3. ˜ È1é(Â\-�(AI �ó0—U�–GÑM yÄ˝⇥
– AI  {�˘AI ÇıÑ⌃„
– –:ÕÂ↵� H�(�⇣✏AI ÂwÑ–:ÄÁ 
– Ù:Ñpn⌃ê�pnq®≥V˝õ
– ˘AI ÂwÑ&⌃—c�ª⌃˝õ
– Ù:Ñ⇠e≥V˝õ
– Ù:Ñü⇢�pnŸã˝õ
– °⌃AI Âw�sÑÄ/ü√¶

• C4. ®˘ÍÒÓM(Â8PM ˚°- H�(AI ÂwÑ˝õ ⇢Í·�
– åh° ·√
– e ·√
–  �ö·√
– à ·√
– ^8 ·√

• C5. ®Ñƒ«/&–õÜ◆Ëà˘ HAI ∆⇣@�Ä˝Ñ”Ñ�˘≠�
– *–õ˚U”Ñ�˘≠
– ≈ ^c✏/Íf✏f`
– –õc✏ÑÖË˘≠yÓ
– ƒ«–õ�Ë˘≠/§¡˛↵

• C6. Íõ˘≠Dê�˝ H/�®–G⌅⌃AI ∆⇣Ñ˝õ�� È�ÕÅÑ$y 
– ûÕÂ\J�AI Âwûı˘≠
– c✏ÑAI ¯s§¡�˛↵
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– ÖË�sûı�Hã⌃´
– ö�∑ó�ËAI ◆∂�¸�/�
– �ÌÙ∞�PM ¯sÑAI €U�ãø

• C7. AI ∆⇣ÇUqÕ®˘S ß¡œ⌃� ˜<Ä˝Ñ↵’�
– ↵’° ÿ�
– eÆl⌘Ä/ãAI ¯sÄ˝
– >Wl⌘Ä/ãAI ¯sÄ˝
– eÆl⌘oÄ˝�&⌃�ü⇢�⇠e 
– >Wl⌘oÄ˝�&⌃�ü⇢�⇠e 

D ËËË⌃⌃⌃⇢⇢⇢ªªª⌃⌃⌃���&&&⌃⌃⌃���###˚̊̊
• D1. \:ß¡œ⌃�(Â8Â\-�AI ∆⇣¯sÑ&⌃⇤œ˙∞ÑëáÇU�

– Œ�
– à⌘
– v
– œ8
– ^8ëA

• D2. 1é�(AI Âw�®˛Ù•G0Íõ&⌃⌘⇠��Ô⇢  
– ê¡�¢7pn›§
– AI q®Ñ®P/≥VÔ˝X(O¡
– AI ≥VÑ✏�¶�Ô„ '
– AI  ⇣⇡Ô�v≥VÑÓ#R^
– u™—°⌥∆�ãÇGDPR�'flAI ’H 
– *G0˚U&⌃⌘⇠

• D3. (®Ñƒ«-��;Å�#°⌃�AI ¯sÑ&⌃≥V�
– ß¡œ⌃*∫
– ◆ËÑAI/&⌃‘X⇢
– ËL˝‚��O\:6
– c✏Ñƒ«⌥W/?V
– ° �nÑ#˚R^/�#∫

• D4. (®Ñß¡°⌃Â\-�S˙∞1AI �(�—Ñ&⌃Óòˆ�® ⇢Í·˝�î
˘�

– åh° ·√
– e ·√
–  �ö·√
– à ·√
– ^8 ·√

• D5. ˜ÄÅœ®�—G0Ñ�*�AI �(¯sÑ&⌃≥V≈É�Â ®/ÇU⌅⌃
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Ñ��>ò ⇥

• D6. ®Ñƒ«/&:ß¡°⌃-Ñ&⌃'AI �(–õÜ�nÑ⌥W�?V�
– ° �n⌥W
– ≈ ^c✏&⌃⌥¸
– X(c✏ÑÖËAI &⌃⌥W
– u™�Ë⌥∆�ãÇIEEE�'flAI ’H�GDPR 

• D7. ®/&•◊«◆Ëà˘®óM-�AI �(¯s&⌃⇤œÑ”Ñ�˘≠�
– *–õ”Ñ�&⌃˘≠
– ≈ ^c✏/Íf✏f`
– –õc✏ÑÖË&⌃AI ˘≠
– ƒ«–õ�Ë˛↵/§¡

• D8. ÍõDê�˝/�®°⌃�AI ¯sÑ&⌃⌘⇠���⇢ È$y 
– ◆ËÑ&⌃AI ˘≠Â\J
– Ù⇧pÑƒ«&⌃⌥W
– ö�°°�ƒ0AI ˚fl
– �ûÑ&⌃AI Hã/:ã
– ö�∑ó&⌃AI ~Ó�◆∂/�

• D9. U�*e�(®Ñß¡°⌃“r-�®˘AI �(û†Ñ�'&⌃≈Á/¿H�
��>ò 



C| Study 2 Survey Raw
Distributions (by Region)

This appendix reports raw response distributions (counts) for the primary Study 2 categorical
items, split by region (USA vs. China) and overall. For multiple-response items (e.g., “select
up to two”) totals can exceed N .

C.1. Adoption context and organizational determinants

Decision-making group for AI implementation USA China Overall

Product Team 10 8 18
Engineering/Tech Team 11 9 20
Executive/Leadership Team 7 0 7
Data Team 4 9 13
Other 5 1 6

Table C.1: Decision-making group driving AI tool implementation (Study 2; counts).

AI integration goals (select up to two) USA China Overall

Reducing operational costs 19 20 39
Increasing PM productivity and e�ciency 11 16 27
Improving customer/user experience 4 3 7
Enhancing product quality and reliability 13 11 24
Innovating product development processes 17 12 29
Gaining competitive advantage in the market 10 12 22

Table C.2: AI integration goals (Study 2; counts; multiple responses allowed).
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Adoption barriers (select all applicable) USA China Overall

Technical di�culties or integration complexity 15 10 25
Initial learning curve and team resistance 9 4 13
Data availability or quality issues 11 11 22
Insu�cient training or support 10 14 24
Budget constraints and cost management 9 14 23
AI tool reliability or accuracy issues 7 8 15
Ethical or regulatory concerns 12 14 26

Table C.3: Adoption barriers encountered (Study 2; counts; multiple responses allowed).

Tool selection criteria (select top two) USA China Overall

Ease of integration with existing systems 13 9 22
User-friendly interface and ease of use 10 12 22
Vendor reputation and support 13 5 18
Cost-e�ectiveness 18 25 43
Recommendations from peers or industry reviews 7 14 21
Flexibility and scalability of the AI solution 13 9 22

Table C.4: Tool selection criteria (Study 2; counts; multiple responses allowed).

C.2. Task complexity and time reinvestment

Tasks more complex due to AI integration (select all applica-

ble)

USA China Overall

Strategic planning and roadmapping 9 10 19
Stakeholder engagement & cross-functional coordination 15 13 28
Innovation & creative product ideation 14 12 26
AI tool management (oversight, monitoring performance, model tun-
ing)

3 9 12

Ethical considerations & governance related to AI use 6 7 13
Skill development, training, and professional learning on AI tools 12 12 24
Communication & presentation of AI-driven insights to stakeholders 19 10 29

Table C.5: Tasks reported as more complex due to AI integration (Study 2; counts; multiple
responses allowed).
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Tasks prioritized with time saved

(appearing in top 3 ranks) USA China Overall

Strategic product planning & vision-setting 20 14 34
Deep customer/user interaction & user research 18 13 31
Stakeholder & cross-team management 13 12 25
Innovative experimentation & idea generation 10 11 21
AI oversight, governance & ethical management 5 12 17
Professional growth & learning new AI-related skills 11 10 21

Table C.6: Time reinvestment priorities (Study 2; counts; respondents ranked top 3).

C.3. Skills, training, and capability development

Top skills improved due to AI (selected in top 3) USA China Overall

AI literacy and understanding of AI concepts 8 12 20
Prompt engineering (e�ective prompting of generative AI tools) 11 14 25
Enhanced data analytics & data-driven decision-making 18 10 28
Ethical oversight & governance of AI tools 9 0 9
Improved strategic decision-making skills 3 8 11
Stronger communication and data storytelling capabilities 4 5 9
Technical proficiency in managing AI tools and platforms 3 14 17

Table C.7: Skills improved due to AI integration (Study 2; counts; respondents selected top 3).

Confidence leveraging AI tools USA China Overall

Not confident at all 2 6 8
Slightly confident 6 4 10
Moderately confident 8 15 23
Very confident 16 10 26
Extremely confident 5 2 7

Table C.8: Confidence in e�ectively leveraging AI tools (Study 2; counts).
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Structured AI training o�ered by organization USA China Overall

No structured training provided 8 5 13
Informal or self-taught learning only 14 17 31
Formal internal training programs provided 7 12 19
External training/certifications o�ered by the organization 8 3 11

Table C.9: Structured AI training o�ered (Study 2; counts).

Preferred training resources (select top two) USA China Overall

Hands-on workshops & practical AI-tool training 18 17 35
Formal AI-related certifications or courses 14 10 24
Internal best practices & case-study sharing 10 8 18
Regular access to external AI experts or mentors 9 11 20
Ongoing updates on AI developments and trends relevant to PMs 12 7 19

Table C.10: Preferred resources for AI skill development (Study 2; counts; multiple responses
allowed).

C.4. Ethics and governance

Ethics frequency in daily tasks USA China Overall

Never 7 5 12
Rarely 3 13 16
Occasionally 14 15 29
Often 13 2 15
Very Often 0 2 2

Table C.11: Frequency of ethics-related considerations (Study 2; counts).
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Ethical challenges encountered (select all applicable) USA China Overall

Privacy and protection of customer data 11 12 23
Potential bias in AI-driven recommendations/decisions 11 8 19
Transparency and explainability of AI decisions 7 5 12
Accountability for errors or decisions made by AI 5 9 14
Compliance with regulatory standards (e.g., GDPR, EU AI Act) 2 1 3
No ethical challenges encountered 1 2 3

Table C.12: Ethical challenges encountered (Study 2; counts; multiple responses allowed).

Ethical responsibility structure USA China Overall

Product managers individually 0 11 11
Dedicated AI/Ethics committee 6 4 10
Cross-functional team or collaboration 6 7 13
Formal organizational guidelines/policies 6 7 13
No clear ownership/responsibility defined 18 7 25

Table C.13: Responsibility for ethical AI decisions (Study 2; counts).

Ethical AI guideline structure USA China Overall

No clear guidelines exist 11 16 27
Informal ethical guidance only 7 12 19
Formal internal AI ethics guidelines exist 18 4 22
Adhere to external standards (e.g., IEEE, EU AI Act, GDPR) 0 4 4

Table C.14: Existence of ethical AI guidelines (Study 2; counts).

Structured ethical AI training received (optional) USA China Overall

No structured ethical training provided 6 6 12
Informal/self-directed learning only 7 4 11
Formal internal ethical AI training provided 6 6 12
External courses/certifications provided by the organization 0 4 4

Table C.15: Structured ethical AI training received (Study 2; counts).
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Greatest ethical concern (coded categories) USA China Overall

Accuracy & reliability 7 10 17
Privacy & data security 9 2 11
Accountability & responsibility 7 2 9
Job displacement 4 2 6
Overuse & creativity loss 4 1 5
No concern stated 2 13 15
Other 4 7 11

Table C.16: Greatest ethical concern regarding increased AI use (Study 2; counts; open-ended
responses coded).



D| Supplementary Tables and
Statistical Outputs

This appendix reports supporting model outputs for the primary analyses. All raw CSV outputs
are available in final_analysis/long_format_outputs/tables/.

D.1. Primary condition e�ects (A1)

Table D.1: Mixed-e�ects ANOVA (Structure ◊ Timing) for Overall MCQ accuracy.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 4.69 = 0.042 0.176
Timing 2 42.18 17.61 < .001 0.455
Structure ◊ Timing 2 42.12 0.40 = 0.670 0.019

Table D.2: Mixed-e�ects ANOVA (Structure ◊ Timing) for Article-only MCQ accuracy.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 1.89 = 0.183 0.079
Timing 2 43.25 0.35 = 0.706 0.016
Structure ◊ Timing 2 43.00 0.50 = 0.608 0.023
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Table D.3: Mixed-e�ects ANOVA (Structure ◊ Timing) for False-lure accuracy.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 4.20 = 0.053 0.160
Timing 2 43.01 0.99 = 0.380 0.044
Structure ◊ Timing 2 42.75 0.47 = 0.630 0.021

Table D.4: Mixed-e�ects ANOVA (Structure ◊ Timing) for Free-recall total score.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 0.40 = 0.536 0.018
Timing 2 42.87 0.02 = 0.983 0.001
Structure ◊ Timing 2 42.63 0.70 = 0.503 0.032

Table D.5: Mixed-e�ects ANOVA (Structure ◊ Timing) for Summary viewing time (seconds).

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 0.50 = 0.486 0.022
Timing 2 43.25 13.32 < .001 0.381
Structure ◊ Timing 2 43.00 0.34 = 0.717 0.015

Table D.6: Mixed-e�ects ANOVA (Structure ◊ Timing) for Summary time proportion.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 0.01 = 0.933 0.000
Timing 2 43.25 16.20 < .001 0.428
Structure ◊ Timing 2 43.00 0.13 = 0.879 0.006

Table D.7: Mixed-e�ects ANOVA (Structure ◊ Timing) for Reading time (minutes).

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 1.26 = 0.275 0.054
Timing 2 43.25 1.16 = 0.324 0.051
Structure ◊ Timing 2 43.00 0.19 = 0.826 0.009
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Table D.8: Mixed-e�ects ANOVA (Structure ◊ Timing) for Total block time (seconds).

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 1.67 = 0.210 0.070
Timing 2 43.25 0.01 = 0.992 0.000
Structure ◊ Timing 2 43.00 0.30 = 0.745 0.014

Table D.9: Mixed-e�ects ANOVA (Structure ◊ Timing) for Mental e�ort rating.

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 2.43 = 0.133 0.099
Timing 2 42.24 1.50 = 0.236 0.066
Structure ◊ Timing 2 42.16 2.32 = 0.111 0.099

Table D.10: Mixed-e�ects ANOVA (Structure ◊ Timing) for Post-block AI trust (trust_new).

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 1.58 = 0.222 0.067
Timing 2 43.25 7.90 = 0.001 0.268
Structure ◊ Timing 2 43.00 1.70 = 0.194 0.073

Table D.11: Mixed-e�ects ANOVA (Structure ◊ Timing) for Post-block AI dependence (de-
pendence_new).

E�ect df1 df2 F p ÷2
p

Structure 1 22.00 6.21 = 0.021 0.220
Timing 2 43.25 7.74 = 0.001 0.264
Structure ◊ Timing 2 43.00 0.59 = 0.559 0.027
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D.2. Post-hoc timing contrasts (A1)

Table D.12: Post-hoc timing contrasts for Overall MCQ accuracy (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous 0.172 0.031 42.05 5.54 < .001
pre_reading - post_reading 0.143 0.031 42.18 4.56 < .001
synchronous - post_reading -0.029 0.032 42.32 -0.92 = 0.361

Table D.13: Post-hoc timing contrasts for Summary viewing time (seconds) (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous 32.178 12.018 42.43 2.68 = 0.021
pre_reading - post_reading 62.987 12.216 43.43 5.16 < .001
synchronous - post_reading 30.809 12.408 43.94 2.48 = 0.021

Table D.14: Post-hoc timing contrasts for Summary time proportion (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous 0.054 0.019 42.43 2.79 = 0.012
pre_reading - post_reading 0.112 0.020 43.43 5.69 < .001
synchronous - post_reading 0.058 0.020 43.94 2.90 = 0.012

Table D.15: Post-hoc timing contrasts for Reading time (minutes) (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous -1.974 0.705 42.43 -2.80 = 0.023
pre_reading - post_reading -0.967 0.717 43.43 -1.35 = 0.347
synchronous - post_reading 1.007 0.728 43.94 1.38 = 0.347
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Table D.16: Post-hoc timing contrasts for Total block time (seconds) (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous -113.589 53.500 42.43 -2.12 = 0.079
pre_reading - post_reading 15.762 54.383 43.43 0.29 = 0.773
synchronous - post_reading 129.350 55.240 43.94 2.34 = 0.071

Table D.17: Post-hoc timing contrasts for Post-block AI trust (trust_new) (Holm-corrected).

Contrast Estimate SE df t p

pre_reading - synchronous 0.625 0.171 42.43 3.65 = 0.002
pre_reading - post_reading 0.542 0.174 43.43 3.12 = 0.007
synchronous - post_reading -0.083 0.177 43.94 -0.47 = 0.639

Table D.18: Post-hoc timing contrasts for Post-block AI dependence (dependence_new) (Holm-
corrected).

Contrast Estimate SE df t p

pre_reading - synchronous 0.625 0.190 42.43 3.30 = 0.004
pre_reading - post_reading 0.667 0.193 43.43 3.46 = 0.004
synchronous - post_reading 0.042 0.196 43.94 0.21 = 0.832

D.3. Condition descriptives (A1)

Table D.19: Descriptive statistics for Overall MCQ accuracy by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 0.750 0.124 0.036
Integrated Synchronous 12 0.542 0.124 0.036
Integrated Post Reading 12 0.607 0.094 0.027
Segmented Pre Reading 12 0.649 0.108 0.031
Segmented Synchronous 12 0.524 0.173 0.050
Segmented Post Reading 12 0.518 0.143 0.041
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Table D.20: Descriptive statistics for Article-only MCQ accuracy by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 0.542 0.234 0.068
Integrated Synchronous 12 0.458 0.317 0.091
Integrated Post Reading 12 0.562 0.264 0.076
Segmented Pre Reading 12 0.479 0.249 0.072
Segmented Synchronous 12 0.438 0.264 0.076
Segmented Post Reading 12 0.396 0.198 0.057

Table D.21: Descriptive statistics for False-lure accuracy by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 0.542 0.396 0.114
Integrated Synchronous 12 0.667 0.326 0.094
Integrated Post Reading 12 0.458 0.334 0.096
Segmented Pre Reading 12 0.333 0.326 0.094
Segmented Synchronous 12 0.417 0.289 0.083
Segmented Post Reading 12 0.375 0.311 0.090

Table D.22: Descriptive statistics for Free-recall total score by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 5.417 2.193 0.633
Integrated Synchronous 12 5.292 1.912 0.552
Integrated Post Reading 12 5.167 2.462 0.711
Segmented Pre Reading 12 5.583 1.690 0.488
Segmented Synchronous 12 5.792 2.116 0.611
Segmented Post Reading 12 5.958 1.852 0.535
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Table D.23: Descriptive statistics for Summary viewing time (seconds) by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 141.873 35.915 10.368
Integrated Synchronous 12 99.680 50.440 14.561
Integrated Post Reading 12 74.427 43.444 12.541
Segmented Pre Reading 12 123.106 55.986 16.162
Segmented Synchronous 12 100.943 53.654 15.489
Segmented Post Reading 12 64.577 33.072 9.547

Table D.24: Descriptive statistics for Summary time proportion by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 0.246 0.056 0.016
Integrated Synchronous 12 0.190 0.110 0.032
Integrated Post Reading 12 0.141 0.091 0.026
Segmented Pre Reading 12 0.251 0.100 0.029
Segmented Synchronous 12 0.200 0.087 0.025
Segmented Post Reading 12 0.132 0.059 0.017

Table D.25: Descriptive statistics for Reading time (minutes) by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 7.337 1.611 0.465
Integrated Synchronous 12 7.447 2.232 0.644
Integrated Post Reading 12 7.982 2.394 0.691
Segmented Pre Reading 12 6.107 2.164 0.625
Segmented Synchronous 12 6.928 3.301 0.953
Segmented Post Reading 12 7.396 2.654 0.766
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Table D.26: Descriptive statistics for Total block time (seconds) by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 582.073 114.386 33.020
Integrated Synchronous 12 546.530 128.953 37.226
Integrated Post Reading 12 553.327 145.558 42.019
Segmented Pre Reading 12 489.556 142.748 41.208
Segmented Synchronous 12 516.593 223.455 64.506
Segmented Post Reading 12 508.327 170.303 49.162

Table D.27: Descriptive statistics for Mental e�ort rating by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 5.917 0.669 0.193
Integrated Synchronous 12 6.000 0.739 0.213
Integrated Post Reading 12 6.083 0.793 0.229
Segmented Pre Reading 12 5.917 0.793 0.229
Segmented Synchronous 12 5.250 1.288 0.372
Segmented Post Reading 12 5.500 1.243 0.359

Table D.28: Descriptive statistics for Post-block AI trust (trust_new) by condition.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 4.167 0.577 0.167
Integrated Synchronous 12 3.583 0.669 0.193
Integrated Post Reading 12 3.917 1.084 0.313
Segmented Pre Reading 12 4.833 0.835 0.241
Segmented Synchronous 12 4.167 1.193 0.345
Segmented Post Reading 12 4.000 1.348 0.389
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Table D.29: Descriptive statistics for Post-block AI dependence (dependence_new) by condi-
tion.

Structure Timing n Mean SD SE

Integrated Pre Reading 12 4.250 0.965 0.279
Integrated Synchronous 12 3.833 0.577 0.167
Integrated Post Reading 12 3.667 0.985 0.284
Segmented Pre Reading 12 5.333 1.303 0.376
Segmented Synchronous 12 4.500 1.243 0.359
Segmented Post Reading 12 4.583 0.900 0.260



E| Ethics / Consent Documents
(Summary)

This appendix summarizes the ethics-related materials and participant protections implemented
across Study 1 and Study 2.

E.1. Study 1 (controlled experiment)
Participants reviewed an informed-consent screen describing the purpose of the study (AI-
assisted reading and memory), the approximate duration (about 90 minutes), the main tasks
(reading short scientific articles, answering questions, and providing ratings), and key pro-
tections: voluntary participation, the right to withdraw at any time without penalty, and
anonymous data handling. The consent screen also specified basic eligibility (18+ and laptop/
desktop participation).
Because Study 1 includes AI-generated summaries and measures epistemic risk via plausible
but incorrect details, the protocol includes debriefing guidance intended to prevent lasting
misconceptions (i.e., participants should not treat AI summaries as ground truth).

E.2. Study 2 (field survey)
Survey participation was voluntary. The questionnaire was designed to avoid collection of
proprietary company information and was analyzed in aggregate. Open-ended responses were
treated as confidential and reported only in anonymized form.

E.3. Data management
Across both studies, datasets were stored in access-controlled locations and used only for re-
search purposes. Reporting focuses on patterns and mechanisms rather than identifying indi-
viduals or organizations.
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