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Abstract

Generative Al is transforming how people read, write, and think,
but measuring its impact on cognition remains challenging. We
highlight and synthesize a combined approach using two com-
plementary measurement layers: structured tasks with established
metrics that capture cognitive outcomes, and behavioral interaction
logs that reveal the intermediate pathways of how people engage
with Al during the task. We categorize how each method has been
used in prior work, and illustrate the advantage of combining them
through a case study investigating AI's impact on critical thinking,
where the two layers produced insights that neither would have
provided alone, pointing to specific design implications for Al tools
that enhance outcomes and protect human cognition. We point
to future work on expanding this approach across cognitive con-
structs, domains, and tool types—toward a principled, transferable
framework for measuring AI's impact on human cognition.

1 Introduction

Generative Al (GenAl) tools are increasingly integrated in people’s
cognitive tasks, such as creative ideation, problem-solving, and
critical thinking [25, 26, 29]. As adoption grows, so does attention
to the potential benefits and risks of Al for human cognition. A
growing body of empirical research is investigating these effects
across cognitive tasks. A critical challenge is: how do we measure
AT’s impact on human cognition?

One common approach facilitating empirical investigation is
to use structured tasks with established metrics—validated tasks
designed to assess a targeted cognitive construct, with scoring meth-
ods grounded in relevant literature. For example, for investigating
AT’s impact on creativity, Lee and Chung [19] compared partici-
pants using ChatGPT, conventional web search, or no external aid
on custom problem-solving tasks—repurposing unused household
items or designing an innovative dining table. Participants’ ideas
were rated on originality and fluency—established metrics grounded
in creativity literature. Such metrics capture task outcomes, and
comparing them across conditions can provide direct evidence of
AT’s impact on a targeted cognitive ability. Yet they tell us less about
the cognitive processes during the task, such as how people engage
with the Al deliberate, and make decisions along the way.

Understanding these underlying cognitive processes matters for
two reasons. First, task outcomes alone can obscure critical insights:
given AT’s capabilities, outcomes may appear beneficial even when
people are passively relying on Al Uncovering how people engage
with AI during cognitive tasks helps distinguish productive col-
laboration from passive reliance. Second, such understanding can
yield more actionable insights for design: they can reveal not just
whether a cognitive outcome is affected, but where in the workflow
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and through what mechanisms, pointing to design opportunities
for Al tools that protect and augment human cognition.

A complement to structured tasks is behavioral interaction logs—
timestamped records of user actions within a digital environment,
such as keystroke, cursor, and navigation events, collected as a
byproduct of the interactive system. Researchers across HCI, edu-
cational psychology, and information science have combined task-
based assessments with such process data to study cognition in
various contexts: for example, combining learning outcome tests
with search behavior logs to examine how people learn through
information seeking [6, 11].

In this paper, we highlight the value of this combined approach
for measuring AI's impact on cognition. We synthesize how each ap-
proach has been used in prior work, discuss their relative strengths
and limitations, and illustrate the advantage of combining the two
complementary measurement layers. The foundational layer, struc-
tured tasks with established metrics, captures cognitive outcomes:
it tells us whether and how a targeted cognitive ability was affected
(Section 2). Built on top of this, behavioral interaction logs, captures
what people actually did during the task in their interaction with
the study interface. In particular, we focus on log-based metrics
that can be automatically computed, offering a scalable and unob-
trusive complement to task outcomes (Section 3). While structured
tasks tell us whether a cognitive outcome was affected, behavioral
logs show us the intermediate pathways. Together, the two lay-
ers connect cognitive outcomes to the processes that produced
them, enabling researchers and designers to identify not just that
cognition was affected, but how and where to intervene.

We illustrate this combined approach through a case study inves-
tigating AD's impact on critical thinking (Section 4). We show that
the two layers produced insights that neither would have provided
alone, connecting what happened to critical thinking task perfor-
mance with how it happened during interaction, and pointing to
specific design implications for Al tools. We point to future work
on expanding this combined approach across other cognitive con-
structs, domains, and tool types, and on addressing limitations of
log-based metrics through complementary methods with qualitative
insights (Section 5)—toward a principled, transferable framework
for measuring Al's impact on human cognition, one that can help
build understanding of how Al affects specific cognitive abilities
and the processes underlying those effects, and translate empirical
findings into design strategies that protect and augment cognition.

2 Structured Tasks with Established Metrics

Structured tasks with established metrics have been widely used
to assess the impact of Al on specific cognitive constructs such as
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Approach Description

What It Captures

Example Risk

Intermediate Outcomes collected at

Snapshots of cognitive

Task questions requiring written responses, Can miss the pathways between

outcomes different stages of a task progress at different task each reflecting a particular cognitive process in snapshots, and assessments may
stages Bloom’s taxonomy, from understanding to interrupt natural, non-linear
evaluating [2, 11]. cognitive pathways.
Self-reports Surveys or interviews Perceived cognition Perceived ability (e.g., “I can distinguish if I Participants tend to overestimate

capturing participants’ across various dimensions

perceptions

their abilities [5] and show poor
precision when assessing their own
performance [7].

interact with an Al or a real human” [4]);
cognitive processes (e.g., “I examine the logical
strength of the underlying reason” [22, 27]).

Moment-to-moment
cognitive states

Embodied sensing Physiological sensing

technologies

Electroencephalography to measure cognitive Largely confined to lab settings;
load accumulation during Al-assisted writing cost and privacy challenges for
[16]. large-scale deployment.

Behavioral
interaction logs

Timestamped records of user
actions within a digital
environment

What people actually did
during the task

Observable behavior does not
always reflect intent.

Keystrokes, clicks, document navigation, Al
prompts [20, 28]

Table 1: Approaches in prior works for capturing cognitive processes during human-Al interaction, with descriptions,
examples, and potential risks. Among these, behavioral interaction logs offer a distinct advantage: they are low-cost, scalable,
and require no extra equipment beyond the interactive system itself [20, 28].

creativity [18, 19], comprehension [17], and critical thinking [3, 8].
Here, we offer a categorization of the range of such tasks.

Standardized Cognitive Tasks. Standardized cognitive tasks are
validated, off-the-shelf instruments with established scoring rubrics.
For example, the Alternate Uses Task (AUT) [12] measures diver-
gent thinking by asking participants to generate novel uses for
everyday objects. Another example is the Remote Associates Test
(RAT) [14] that assesses convergent thinking by asking participants
to find a word connecting three seemingly unrelated words.

Custom Tasks with Established Metrics. When standardized
tasks risk potential biases from AI models’ prior exposure to the
tasks or may not fit the research context, researchers have designed
study-specific tasks while retaining established metrics and scoring
methods. For instance, Lee and Chung [19] designed novel problem-
solving tasks—such as repurposing unused household items or
designing an innovative dining table—deliberately avoiding publicly
available tests like the AUT, but had external judges rate outputs
on originality and appropriateness, established metrics from the
creativity literature. Kreijkes et al. [17] designed custom reading
comprehension tasks using cued recall, multiple choice, and free
recall questions targeting different levels of text understanding. In
both cases, the tasks were custom-designed but the measurement
approaches drew on established metrics and scoring methods.

Performance Assessment. Some cognitive constructs, like critical
thinking, are characterized by multiple facets and involve several
interacting cognitive abilities, making them difficult to capture
with a single standardized test or isolated task. Critical thinking
is the ability to reason through diverse and sometimes conflicting
information to reach reasoned decisions [3, 23]. In practice, this
unfolds as a non-linear process, involving distilling arguments from
sources, switching between sources to weigh trade-offs, checking
one’s own bias, and communicating the deliberative process—each
representing a distinct facet of critical thinking. Performance as-
sessments [9, 10, 15], such as the iPAL (International Performance
Assessment of Learning) framework [3, 23], address this complexity
by tasking participants to make a reasoned decision for real-world
scenarios with a set of documents, capturing this non-linear pro-
cess within a single task. The framework has demonstrated content

validity, showing that argumentation, source analysis, and written
communication emerge as distinct measurable facets aligned with
these theoretical components of critical thinking; and construct
validity, confirming that the written essays capture key aspects of
the underlying deliberative process [8]. We use this framework in
our case study (Section 4).

3 Behavioral Logs for Analytic Purposes

Compared to the alternative approaches summarized in Table 1,
behavioral interaction logs offer a distinct advantage for capturing
cognitive processes: they are low-cost, scalable, and require no ex-
tra equipment beyond the interactive system itself [20, 28]. In this
section, we illustrate how behavioral logs have been collected and
used for analytic purposes through examples of empirical studies
across Al writing assistants, Al chatbots, and Al-powered search
tools. These tools all involve reading and writing as part of the in-
teraction process—the fundamental activities through which people
engage with information and that serve as windows into human
cognition. Table 2 provides a summary of the examples discussed.

AI Writing Assistants (popup suggestion). In the CoAuthor plat-
form [20], users press a key to request multiple Al-generated text
continuations, which appear in a popup menu to browse, accept,
or dismiss. The platform records every text, cursor, and suggestion-
related events. Each character in the final text is traced back to
either the writer or the model based on keystroke-level prove-
nance. Padmakumar and He [21] used this infrastructure to study
whether co-writing with LLMs makes different writers’ essays more
similar to each other. They compared essays written solo, with a
base model, and with a feedback-tuned model in an open-ended
essay writing task. Log-derived metrics such as acceptance rates
and model-written text fractions served as manipulation checks
confirming comparable engagement across conditions, while the
character-level attribution served as the primary analytical out-
come, allowing the researchers to split each essay into its user-
written and model-written portions and measure content similarity
within each portion separately. They found that the increased sim-
ilarity was driven entirely by the model-contributed text, while
user-written portions remained as diverse as solo writing. This
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Tool Type Task Type Key Metric How the Metric was Computed Analytical
Role

Popup Al writing Open-ended essay Content similarity (user Cosine similarity across essays using only Primary
assistant [21] writing task portion) writer-attributed characters

Content similarity Cosine similarity across essays using only Primary

(model portion) model-attributed characters
Inline AI writing Open-ended essay Acceptance rate Proportion of accepted Al suggestions Primary
assistant [1] writing task

Al reliance Al-originated characters / total characters via Primary

longest common subsequence

Al chatbot alongside Structured reading Prompt frequency Number of prompts per session Exploratory
text and notepad [17] comprehension task

Time on task Total time spent on the task Exploratory
Al conversational search Open-ended search Number of topics Unique topics counted across queries Primary
[24] task
Al chatbot alongside Structured critical Argument overlap Proportion of essay arguments overlapping with Exploratory
document viewer and thinking performance LLM responses
text editor [30] assessment task

Document viewing Number of unique documents viewed before and Exploratory

count

after participants start writing

Table 2: Examples of behavioral log-based metrics (computed from raw logs) across Al-augmented tools discussed in Sections 3
and 4. Researcher-coded metrics such as prompt archetypes [17] and query cognitive level [24] are discussed in the main text
but excluded here as they require human interpretation beyond log processing,.

suggested that co-writing with AI may reshape what appears on
the page without altering the writer’s own generative thinking.

Al Writing Assistants (inline suggestion). Agarwal et al. [1]
studied whether Al suggestions homogenize writing styles across
cultures using an inline text editor where word-level suggestions
appear as grey text as the writer types, which users accept or ignore.
Comparing essays written by American and Indian participants
with and without Al in an open-ended writing task, they derived
four behavioral metrics from the logs: suggestion acceptance rate
(proportion of suggestions accepted), Al reliance (proportion of the
final text originating from Al, computed via longest common subse-
quence between accepted suggestions and the final text), suggestion
modification (whether accepted suggestions were later edited), and
writing productivity (words written per second). These metrics
served as the primary outcomes for analysis, revealing that Indian
participants accepted more suggestions, relied more heavily on
Al, and modified accepted suggestions more. These behavioral dif-
ferences suggest that Al suggestions may mediate the composing
process differently across cultures.

Al Chatbots alongside Text Passage and Notepad. Beyond ana-
lyzing chat transcripts alone, prior work has leveraged timestamped
interaction data to capture cognitive processes. Kreijkes et al. [17]
studied whether using an LLM chatbot for reading comprehension
affects students’ learning compared to note-taking. The interface
presented a text passage, an Al chatbot, and a notepad. In this
structured reading comprehension task, the main analysis used
test scores to compare retention and comprehension across condi-
tions, finding that both note-taking alone and LLM combined with
note-taking outperformed LLM alone. For exploration, log-based
metrics such as prompt frequency and time-on-task showed that

students using the LLM alone spent slightly less time on the task,
suggesting less sustained engagement with the reading material,
while students with access to both tools prompted the LLM less
frequently, suggesting greater engagement with note-taking. The
researchers also classified prompts into behavioral archetypes—
such as seeking deeper understanding, requesting summaries, and
asking for definitions—to characterize how students engaged with
the LLM. Note that such researcher-coded indicators differ from
the automatically computed log-based metrics that are the focus of
this section; we return to this distinction in Section 5.

Al Search. Search log analysis has established that behavioral
signals, such as documents clicked, time spent assessing search
result pages, and time spent viewing each document, can be mean-
ingfully correlated with cognitive learning outcomes [6]. As search
tools increasingly integrate Al, for example, Singh et al. [24] study
whether metacognitive prompts can enhance critical thinking when
students search with an Al conversational search tool. In this open-
ended search task, participants searched a topic and took notes
using either a standard notepad or one augmented with metacog-
nitive prompts. From the search sessions, the researchers derived
both log-based metrics—search duration, number of queries, num-
ber of sources clicked, and number of unique topics explored—and
researcher-coded indicators based on qualitative analysis of screen
recordings: the cognitive level of each query (receptive versus criti-
cal), persistent inquiry (whether students pursued ideas through
follow-up queries), source engagement (whether students gath-
ered information from cited sources), and independent thinking
(whether students added their own inputs beyond Al-generated
content). Together, these log-based metrics and researcher-coded in-
dicators revealed that participants receiving metacognitive prompts
explored more topics and demonstrated greater persistent inquiry,
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Figure 1: The aggregation—-segmentation spectrum of log-
based metrics: the extent to which a metric preserves tempo-
ral and sequential information from the task process. Fully
aggregated metrics collapse the entire task into summary
statistics, while fully segmented metrics retain individual
events. Examples of metrics illustrate different granularities
along the spectrum.

suggesting active questioning and deeper cognitive engagement
with information.

Takeaways. In these examples (Table 2), log-based metrics served
different analytical roles. In open-ended tasks, where no single cor-
rect answer exists, they served as the primary analytical outcome.
These metrics mostly fall toward the aggregated end of the spectrum
(Figure 1), collapsing raw event streams into summary statistics
such as event counts, proportion of accepted Al suggestions, or
the AT’s share of final text. While effective for answering targeted
research questions, such aggregation can compress rich sequential
and temporal information, potentially overlooking intermediate
cognitive processes such as how engagement patterns shifted over
the course of the task. When structured tasks with established met-
rics provide the primary outcome measure, as in Kreijkes et al. [17],
logs can play a more exploratory role—still characterizing engage-
ment patterns, but with the added advantage that validated task
outcomes provide an anchor for interpreting what those patterns
mean. In both cases, behavioral logs can help explain how and why
cognitive outcomes were affected; the difference lies in whether
they carry the primary analytical burden or complement a separate
outcome measure. This points to a natural complementarity: struc-
tured tasks establish what cognitive outcome was affected, while
behavioral logs help explain how and why.

Moving beyond aggregated metrics, those that preserve more
temporal structure—such as event counts within a task phase or
event blocks—can better capture granular process-level patterns,
though the examples reviewed here largely cluster toward the aggre-
gated end. In the next section, we illustrate this combined approach
through a case study on critical thinking, where log-based met-
rics at intermediate granularities, providing process-level insights
alongside structured task outcomes.

4 Case Study: AI’s Impact on Critical Thinking

We illustrate the combined approach through our recent study
investigating the effects of LLM use on critical thinking under time
constraints [30].! This case study shows how the two measurement
layers—performance assessment and behavioral interaction logs—
together provide a more comprehensive picture of how Al affects a

!This study was conducted independently and accepted to CHI *26. We use it here as a
case study to demonstrate the combined approach.

cognitive ability and the processes underlying that effect, yielding
insights that neither layer would have provided alone.

Study Design. We designed a 4 X 2 between-subjects experiment
(n = 393) manipulating two types of time constraints: LLM access
timing—whether the LLM chatbot was available only at the begin-
ning of the task (Early), throughout (Continuous), only near the end
(Late), or not at all (No LLM access)—and time availability (Insuf-
ficient or Sufficient time). Using the critical thinking performance
assessment task [3, 8], participants were asked to make a reasoned
decision based on a curated set of documents of varying character-
istics, and to write an argumentative essay for their reasoning.

Al Chatbot alongside Document Viewer and Text Editor. A
custom web interface presented three side-by-side panels—a doc-
ument viewer, an LLM chatbot, and a text editor. This interface
captured keystroke, cursor, and navigation events across all three
panels, enabling analysis of how participants moved between read-
ing, using the LLM, and writing throughout the task, yielding log-
based metrics at intermediate granularities along the aggregation—
segmentation spectrum (Figure 1).

What Performance Assessment Revealed. The layer captured
critical thinking primarily through the outcome measures of Essay
score (primarily based on number of valid arguments) and Myside
Bias score (the imbalance between pro and con arguments, reflect-
ing whether participants considered multiple perspectives). These
measures revealed a striking temporal reversal: having LLM access
from the start (Early, Continuous LLM access) enhanced Essay per-
formance with insufficient time but impaired it with sufficient time,
while working independently first (Late, No LLM access) showed
the opposite pattern. Notably, self-reported assessments of critical
thinking showed minimal variation across conditions, highlight-
ing the necessity of performance assessment to capture effects on
cognition that participants themselves cannot perceive.

What Behavioral Logs Added. The second layer of behavioral
logs revealed mechanisms underlying the performance patterns.
Copying behavior analysis revealed that direct copying of LLM re-
sponses was rare across all conditions, suggesting that the influence
of having LLM access from the start operates not through direct
content adoption but through subtler shifts in engagement. Argu-
ment overlap analysis between participants’ essays and the LLM
responses they received showed that participants with Early and
Continuous LLM access had minimal increase in non-overlapping
arguments from insufficient to sufficient time, suggesting that hav-
ing LLM access from the start may limit further argumentation.
Document viewing counts—measured as unique documents clicked
before and after participants started writing—showed that partici-
pants having LLM access from the start viewed fewer documents
during writing, particularly under sufficient time, indicating less
iterative consultation of source documents and greater anchoring
to LLM-provided initial framing. Together, these behavioral sig-
nals revealed how early Al availability can shape the trajectory of
thinking by narrowing document engagement and limiting further
deliberation, even without direct copying of Al content.

Combined Insights for Design. The two layers together yielded
design implications that neither alone could support. Performance
assessment alone showed that having LLM access from the start
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improved performance under time pressure but impaired it with suf-
ficient time, suggesting broadly that independent work before LLM
use is preferable. But behavioral logs revealed that reduced deliber-
ation and reliance on Al framing occurred across conditions: even
when having LLM access from the start improved task performance
under time pressure, the underlying pattern of narrowed document
engagement and constrained deliberation remained concerning.
Task performance alone would miss these patterns. Knowing where
and why these shifts occur, designers can target interventions ac-
cordingly: for example, prompting users to consult sources not cov-
ered in the Al response before finalizing arguments, or reminding
users to attempt further deliberation after receiving an Al response.

5 Implications and Future Work

We discuss considerations for designing and using log-based met-
rics, complementary methods, and directions for future work.

Navigating the Aggregation-Segmentation Spectrum for De-
signing Log-Based Metrics. A crucial consideration for designing
log-based metrics is that the same observable action can reflect dif-
ferent cognitive states. In our case study, a participant who viewed
fewer documents during writing could be anchoring to the LLM’s
framing, or could have already read carefully and felt no need to
revisit sources. However, counting document views separately be-
fore and after participants started writing—as we did in our case
study—provides more process-level insight than the aggregated
count alone, revealing whether participants returned to sources
during writing or only consulted them beforehand. Similarly, a
participant who spent more time on the task could be deeply en-
gaged or simply distracted, but segmenting time-on-task by activity
phase could distinguish sustained reading from idle periods. These
examples suggest that moving along the spectrum toward more seg-
mented metrics (Figure 1) can help disambiguate behavioral signals,
though at the cost of increased analytical complexity. Choosing
where to operate on this spectrum is a key design decision when
constructing log-based metrics for studying cognitive processes.

Expanding the Space of Log-Based Metrics. The log-based met-
rics reviewed in this paper reflect a subset of how behavioral logs
can be used for analytical purposes. Many signals remain under-
explored: for instance, revision patterns in writing, transitions be-
tween Al-generated and self-authored content, or temporal rhythms
of engagement such as bursts of activity followed by pauses that
may indicate reflection. Different design choices in the pipeline
from raw logs to metrics—what to record, how to segment events,
what to compute—can surface different cognitive processes from
the same data. Future work can map this space more systematically,
developing principled approaches for deriving metrics aligned with
cognitive constructs of interest.

Extending the Combined Approach. We illustrate this combined

approach through critical thinking using one type of performance

assessment, but see several directions for extending it:

(1) transferring the approach to other cognitive constructs such as
creativity or scientific reasoning, adapting the specific metrics
and interpretation to each construct and tool context;

Computed

Aggregated ‘[ Segmented

Researcher-coded

Figure 2: Two-dimensional space for characterizing indica-
tors used to study cognitive processes during human-AI in-
teraction. The horizontal axis represents the extent to which
temporal information is preserved; the vertical axis repre-
sents how the indicator is derived.

(2) extending to longitudinal studies examining whether repeated
Al use affects cognitive development over time, where behav-
ioral logs could track evolving patterns of engagement and
offloading across sessions;

(3) investigating how interface design decisions shape what behav-
ioral signals are available, and how to design Al tool interfaces
that generate informative logs without introducing noise or
altering natural behavior.

(4) developing new metrics and analytical approaches as Al tools
become more complex and multi-modal.

Validation Challenges. When log-based metrics are used along-
side structured tasks, the tasks ground interpretation against vali-
dated cognitive outcomes. When such tasks are unavailable, how-
ever, log-based metrics may need to serve as direct indicators of cog-
nitive constructs, requiring careful validation [13]. This challenge
intensifies in Al-augmented settings, where the Al itself shapes be-
havioral patterns. Developing systematic validation approaches for
behavioral metrics in human-AI interaction remains an important
open challenge.

Complementing Log-Based Metrics with Qualitative Insights.
The log-based metrics in Table 2 can be automatically computed,
falling along the aggregation-segmentation spectrum (Figure 1).
A complementary approach is researcher-coded analysis, where
human interpretation is applied to interaction data to capture cog-
nitive processes that computed metrics may miss. For example, in
Section 3, Kreijkes et al. [17] classified prompts into archetypes and
Singh et al. [24] coded the cognitive level of each query—analyses
that require qualitative judgment beyond log processing. In re-
cent work, Umarova et al. [28] took a step towards bridging these
approaches: translating qualitative descriptions of key cognitive
interactions—such as “mindless echoing,” where writers merely
rephrase Al output without contributing new ideas—into search
queries that can detect these interactions across large log datasets.

These two dimensions—how an indicator is derived (computed
versus researcher-coded) and how much temporal information it
preserves (aggregated versus segmented)—form a two-dimensional
space for characterizing indicators used to study cognitive pro-
cesses during human-Al interaction (Figure 2). The log-based met-
rics reviewed in this paper occupy two quadrants of this space. Fu-
ture work can expand into other quadrants, developing computed
metrics that preserve more temporal structure, systematic coding
schemes that scale, and hybrid approaches that bridge qualitative
insight and computational scalability.
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