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ABSTRACT

Data-Driven Classroom Interview (DDCI) uses real-time student
data to identify important learning events and support the collection
of rich in-situ interviews at critical moments of the learning pro-
cess. Because DDCI occurs during the students' use of the learning
system, they may introduce reactivity, whereby participation in the
research may alter the experience of the learners. This study inves-
tigates short-term behavioral reactivity associated with DDCI and
examines a potential mechanism—the attention cue effect—within
What-If Hypothetical Implementations in Minecraft (WHIMC), a
game-based learning environment. We used log data to compare
the learning behaviors of interviewed and non-interviewed students
on a set of key WHIMC behaviors, including movement, scientific
observation, and measurement tool use. Results show that DDCI is
associated with significant behavioral reactivity for behaviors that
are more intentional and goal directed (student in-game observa-
tions and tool usage) but not for a third behavior (movement),
which may function as less direct, peripheral byproduct of task en-
gagement. Moreover, reactivity was not explained by explicit
discussions of these behaviors during DDCI, which may indicate
that reactivity is arising through other mechanisms. By empirically
documenting short-term behavioral reactivity in DDCI and system-
atically examining its potential mechanisms, this study contributes
to the methodological refinement of DDCI and highlights important
considerations for the design and interpretation of data-driven re-
search in open-ended learning environments.
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on learner modeling methods [1, 20]. While in-situ interviews have
been used to capture learners’ experiences and meanings within au-
thentic learning contexts, they face two persistent methodological
challenges [1]. First, researchers must determine how to identify
rare yet pedagogically important events that are difficult to observe
directly, often described as a “needle-in-a-haystack" ” problem [1].
Second, in-situ interviews raise a sampling issue [22, 25], namely,
deciding whom to interview and when, without relying solely on
convenience or researcher intuition. By operationalizing theoreti-
cally and empirically meaningful learning behaviors through log
data to inform interview opportunities, DDCI enables researchers
to capture critical yet otherwise elusive learning events and to in-
terview participants based on principled criteria [20].

DDCI belongs to a range of in situ methods--including more tradi-
tional interviewing techniques, think-aloud protocols [8], and
ecological momentary assessment (EMA; [19])--that can improve
validity by allowing the researcher access to the students thoughts
about the learning experience as it unfolds. However, just like other
in-situ research methods, DDCI alters the learning environment for
at least the duration of that research activity, and possibly beyond.
These measurement effects have a range of labels in the literature
including the observer effect [30] or reactivity [4, 34]. Such effects
may stem from increased awareness of being observed (the Haw-
thorne effect; [18]), motivational responses to perceived evaluation
or comparison (the John Henry effect; [27]), or attempts to align
with perceived researcher expectations (the observer-expectancy
effect; [26]). Whereas earlier methodological traditions often
sought to eliminate or control reactivity, recent scholarship increas-
ingly emphasizes explicitly investigating and articulating reactivity
as part of the research process [17, 34].

Several considerations are particularly important for investigating
reactivity in the context of DDCI. First, reactivity research should
examine behaviors that are directly logged by the system and that
simultaneously relate to learning processes. Reactivity may mani-
fest across multiple domains, including emotion, behavior, and
metacognition. Prior work in educational contexts has explored
some of these dimensions. For example, Liu et al. [16] found that
observation influenced students’ display of emotional states by in-
creasing engaged concentration while reducing frustration and off-
task behavior. Similarly, Bosch et al.’s [3] analysis of metacogni-
tive content in DDCI found that certain forms of verbalized
metacognition were associated with learning outcomes, particularly
for students who engaged in metacognitive verbalization during
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interviews. However, these studies did not directly examine behav-
ioral changes in the log data that serve as the triggering events for
DDCI and may also represent important learning behaviors. This
omission is consequential, as changes in logged behavior may alter
detector activation, subsequent interview selection, and, ultimately,
interpretations of learning.

In addition, systematic approaches to studying reactivity should be
considered. Reactivity can be more rigorously examined by (1)
comparing participants’ behaviors before and after the measure-
ment of interest, thereby leveraging temporal changes associated
with repeated measurement [10], and (2) employing between-par-
ticipant comparisons between students who are measured and those
who are not, in order to distinguish reactivity from other confound-
ing factors. In the DDCI context, prior logged behaviors may
determine which students are interviewed, and reactivity may be
intertwined with both interview-related influences and observer ef-
fects. Therefore, research on DDCI reactivity should consider both
students’ behaviors before interviews and the behaviors of non-in-
terviewed peers to control the observer effects.

Finally, understanding the mechanisms underlying reactivity is cru-
cial for explaining why reactivity occurs and how it can be
mitigated in DDCI settings. Several mechanisms may plausibly ex-
plain DDCl-related reactivity, including observer effects,
verbalization effects, and metacognitive activation. The presence of
researchers in the classroom may elicit observer effects, as evi-
denced by prior findings [16, 30]. Additionally, DDCI interviews
require students to engage in high-level verbalization about their
thoughts and actions, which is likely to induce stronger reactivity
than lower-level verbalization methods such as think-aloud proto-
cols [6, 8]. Such verbalization may function as an attentional cue
[4] that stimulates cognitive and metacognitive processes, which
can vary depending on both individual characteristics (e.g., inter-
est) and task features (e.g., writing versus reading). Given these
multiple plausible mechanisms, researchers should design studies
and analyses that aim to identify which mechanisms most plausibly
account for observed reactivity effects.

The present study examines whether and how students’ behaviors
are influenced by DDCI in WHIMC (What-if Hypothetical Imple-
mentations in Mine-craft), a Minecraft-based learning environment
[9, 14]. Specifically, we investigate reactivity in behaviors that are
directly logged by the system by comparing the behaviors of inter-
viewed students to the behavior of peers who were not interviewed
during the same activity. When interview-related reactivity is iden-
tified, we further examine whether such effects are associated with
direct attentional cues, through which explicit references to specific
behaviors (e.g., “observation”) during the interview may promote
subsequent enactment of those behaviors. Based on the observed
patterns of reactivity, we discuss potential distortions in DDCI-
based analyses. By clarifying the nature and implications of behav-
ioral reactivity in DDCI, this study advances the methodological
development and supports the careful implementation of data-
driven interviews.

2. RELATED WORK

2.1 Data-Driven Classroom Interview

Data-Driven Classroom Interview (DDCI; [1, 20]) is an emerging
research method designed to deepen understanding of learning phe-
nomena by augmenting traditional in-situ interviews with detector
technologies. By operationalizing focal learning behaviors through
log data, detectors can automatically identify moments when tar-
geted behaviors occur and trigger interviews accordingly. This
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approach allows researchers to capture critical but otherwise elu-
sive learning events and to interview participants based on
theoretically and empirically meaningful criteria. The feasibility of
such detectors has been substantially enhanced by advances in
learning analytics (LA) and educational data mining (EDM), which
have demonstrated that a wide range of learning phenomena can be
defined, modeled, and monitored using rich streams of behavioral
data, such as interaction logs [29].

The DDCI process typically proceeds as follows [20]. Based on the
research questions, researchers first develop behavioral models that
define interview triggers—specific patterns of activity that research
hopes to investigate. Researchers can assign priorities to different
triggers to detect rare or theoretically important behaviors while
also distributing interview opportunities across participants. When
the DDCI system detects a predefined behavior, it alerts research-
ers, who can then decide whether and when to conduct an interview.
These interviews are typically brief (often under five minutes) to
minimize disruption to learners’ ongoing activity while capturing
highly contextualized and ecologically valid accounts of in-situ ex-
periences. In summary, the core stages of DDCI include trigger
development, priority setting, and interviewer engagement follow-
ing trigger detection.

Because DDCI relies on data-driven technologies, their systematic
implementation requires technical infrastructure [20]; triggers must
be developed and integrated with the learning environment’s log-
ging system to facilitate real-time detection and notification as well
as the recording and storage of interview data. To date, this has
been conducted with Quick Red Fox (QRF), an open-source
server—client Android application that streamlines in-situ data col-
lection by directing interviewers to learners immediately after the
occurrence of research-relevant behaviors defined a priori by the
research team [20].

By integrating data-driven detection with in-situ interviewing,
DDCIT offers methodological benefits for both qualitative and quan-
titative research. While in-situ interviews have been used to capture
learners’ experiences and meanings within authentic learning con-
texts [13], they face two persistent methodological challenges [1].
First, researchers must identify rare yet pedagogically significant
events that are difficult to observe directly—a challenge often char-
acterized as a “needle-in-a-haystack” problem. Second, in-situ
interviews raise a sampling issue [22, 25]: deciding whom to inter-
view and when, without relying primarily on convenience or
researcher intuition. DDCI addresses these challenges by leverag-
ing detectors derived from log data.

For quantitative research, behavioral data alone provide limited ac-
cess to the contextual meanings and latent variables underlying
observable actions, which raises concerns related to construct va-
lidity and inferential plausibility [32]. Qualitative data such as
DDCI can complement purely quantitative approaches by address-
ing challenges in interpreting behavioral data, particularly when
inferring learners’ intentions or reasoning from logs alone [1, 11].
DDCI provides learners with opportunities to reflect on and explain
their behaviors, generating insights that can inform feature inter-
pretation, model refinement, and theory development.

However, the advantages of in-situ interviews are accompanied by
an important methodological concern. Because interviews occur
during ongoing learning activities in DDCI, participants may unin-
tentionally alter their behavior in response to being interviewed or
to their awareness of research participation. Understanding and ac-
counting for such changes is therefore essential when interpreting
data collected through DDCI.



2.2 Reactivity

Reactivity refers to any changes that arise from being measured or
participating in research itself, with potential effects on partici-
pants’ motivation, expectations, affect, and goals [4]. Empirical
work has documented reactivity across a range of research meth-
ods, including ecological momentary assessment (EMA; [19]),
think-aloud protocols [6, 8, 28], and interview-based approaches [3,
23, 24]. In a broad sense, all forms of research participation entail
some degree of influence on participants. In any interview-based
method, such as DDCI, allocating time for an interview and re-
sponding to researchers’ questions are intended and necessary
influence as a part of data collection process. Therefore, it is im-
portant to delimit the scope of reactivity under consideration.
Accordingly, the form of reactivity most relevant to the present
study is what Zahle [34] terms ‘regularly unintended reactivity'—
that is, routinely occurring effects of research participation that ex-
tend beyond the method’s intended influence.

Traditional methodological perspectives, particularly within exper-
imental psychology, have emphasized minimizing or eliminating
reactivity [15]. From this standpoint, reactivity is treated primarily
as a threat to validity. For instance, introspection-based methods,
which require participants to report on their internal cognitive pro-
cesses through surveys or interviews, have been especially
criticized on these grounds. In response, proponents of think-aloud
protocols developed theoretical frameworks distinguishing levels
of verbalization, arguing that low-level verbalizations—such as ar-
ticulating information already in working memory—introduce
minimal reactivity and can therefore serve as valid data sources [6].

In contrast, other research traditions—particularly qualitative in-
quiry—have taken a more generative view of participant influence.
Rather than framing interview effects as reactivity to be controlled,
qualitative researchers often conceptualize them as reflexivity [23].
From this perspective, interviews are understood as opportunities
for participants to reflect on, reinterpret, and reorganize their expe-
riences in interaction with the researcher. Prior work has examined
both during-interview and post-interview reflexivity, highlighting
how participation in research can shape participants’ self-under-
standing over time [23]. This orientation reflects an
epistemological stance in which interviews are not treated as neu-
tral pipelines for extracting pre-existing meanings, but as sites of
meaning and knowledge construction through interviewer—inter-
viewee interaction [13]. Within this framework, participant
influence is not a methodological flaw to be eliminated but a natural
and often productive feature of the research process.

More recent methodological work seeks to bridge these perspec-
tives by advocating for a reactivity-transparent approach, in which
reactivity is explicitly examined, documented, and analytically in-
corporated rather than treated solely as bias [17, 34]. Zahle [34]
argues that researchers should supplement data with explicit as-
sumptions about reactivity, enabling principled reasoning about
how collected data may have been shaped by the research process.
Depending on the assumptions adopted, researchers may (a) claim
reactivity has been adequately controlled, (b) acknowledge partial
reactivity effects, or (c) actively investigate the sources and forms
of reactivity to infer how participants might have behaved in the
absence of measurement.

Strategies have been proposed for studying reactivity itself rather
than treating it exclusively as a source of contamination. Gieles et
al. [10], for example, distinguish between direct and indirect ap-
proaches to assessing measurement reactivity. Direct approaches
examine reactivity by explicitly asking participants about perceived
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changes resulting from research participation, typically through in-
terviews or self-report questionnaires. These methods provide
insight into participants’ own interpretations of how measurement
influenced their thinking, awareness, or behavior, but they are lim-
ited by retrospection, social desirability, and participants’ ability to
articulate subtle or implicit changes.

Indirect approaches [10], by contrast, examine reactivity by detect-
ing systematic changes in responses over repeated measurement,
rather than relying on participants’ self-reports about influence.
Such approaches are especially relevant in EMA contexts, where
repeated self-monitoring may promote reflection or learning. For
instance, researchers can compare whether survey-based self-per-
ceptions align more strongly with EMA-recorded experiences after,
rather than before, an EMA period to assess how EMA may en-
hance self-understanding (i.e., reactivity in this context). Patterns
of increasing alignment or shifts across measurement phases may
indicate that participation in measurement itself altered partici-
pants’ awareness or behavior. These frameworks provide a
foundation for examining reactivity in DDCI, where repeated inter-
views are conducted in real time.

2.3 Reactivity of Data-Driven Classroom In-

terview

Because DDCI, like other in-situ methodologies, may introduce
multiple sources of reactivity, examining its reactivity is essential
to understand and articulate how it affects students’ learning expe-
riences. First, DDCI requires researchers to be physically present
in the classroom, which may produce observer effects [16, 30]. The
visible presence of researchers can heighten students’ awareness of
being observed and lead them to modify their behavior relative to
their typical classroom practices. For example, Liu et al. [16] com-
pared students’ emotional states in classroom settings with and
without observers and found that researcher observation alone
could differentially affect detected emotions—specifically increas-
ing engaged concentration while reducing frustration or off-task
behaviors. Such effects may be partly attributable to implicit power
asymmetries between interviewers and students. In classroom con-
texts, interviewers are often perceived as authority figures or
evaluators, which may inhibit students from sharing authentic ac-
counts of their experiences [1, 31]. To alleviate the issue, DDCI
prioritizes eliciting learners’ accounts of their ongoing activities
and experiences from their own perspectives [1, 20].

Reactivity in DDCI may also vary depending on the level of ver-
balization elicited during interviews and the interview strategies
used to prompt it. Ericsson and Simon [5, 7] distinguished three
levels of verbalization. Level 1 verbalization involves the direct vo-
calization of inner speech as it occurs, whereas Level 2
verbalization requires verbal encoding and organization of thoughts
already present in working memory. Although both levels may
slow or extend cognitive processing due to overt verbalization, they
are generally assumed not to alter the underlying sequence of
thought [6, 8]. In contrast, Level 3 verbalization—often referred to
as introspection—requires participants to explain or justify their
thinking (e.g., “Why are you solving the problem this way?”). This
level introduces additional cognitive demands that can interrupt on-
going cognitive processes and resume them in a qualitatively
different state. From this perspective, reactivity in DDCI is not uni-
form but might depend critically on interview design and the extent
to which interview prompts elicit higher levels of reflective or ex-
planatory verbalization.

Empirical evidence supports this distinction. In DDCI contexts
where interviewers frequently prompted students to articulate their



problem-solving strategies, Bosch et al. [3] found that interviews
were associated with increased learning outcomes, particularly for
students who engaged in metacognitive verbalization. These find-
ings suggest that reactivity in DDCI may arise not only from the act
of interviewing itself but also from the specific content and cogni-
tive demands of interview or its prompts. Consequently, both
interview presence and interview design must be considered when
examining DDCI reactivity.

The impact of DDCI can be further understood through metacogni-
tive mechanisms activated by interview content. Double and Birney
[4] proposed a theoretical framework that conceptualizes reactivity
as arising from changes in the cognitive—metacognitive system in-
duced by measurement. Drawing primarily on research on
metacognitive measures such as think-aloud protocols, confidence
judgments, and judgments of learning, their framework suggests
that measurement directs learners’ attention toward particular diag-
nostic cues—either about their ongoing experience (e.g., perceived
difficulty, uncertainty, effort) or about their self-beliefs (e.g., per-
ceived competence or memory ability). Attending these cues
influences metacognitive monitoring, which in turn shapes meta-
cognitive control decisions and ultimately affects cognitive
performance [4, 12]. These cues function as inputs for diagnosing
one’s performance or motivation relative to task goals, thereby in-
fluencing decisions about strategy selection, effort allocation, and
persistence.

Importantly, as Double & Birney [4] showed, the strength and di-
rection of such reactivity depend on multiple interacting factors,
including task characteristics (e.g., complexity, novelty, openness)
and person characteristics (e.g., prior knowledge, metacognitive
skill, motivation). These factors shape how measurement-induced
cues are interpreted and acted upon. Accordingly, within this met-
acognitive framework, reactivity is not viewed as random noise, but
as a systematic and theoretically explainable consequence of how
measurement interacts with learners’ monitoring and control pro-
cesses. This perspective provides a principled basis for examining
reactivity in DDCI and for interpreting its effects on learners’ be-
havior and learning trajectories.

3. METHODS

3.1 WHIMC

WHIMC (What-If Hypothetical Implementation in Minecraft) is a
suite of Minecraft-based simulations designed to support astron-
omy-focused inquiry in order to foster student interest [9, 14]. The
WHIMC environment includes thirteen space simulation worlds:
two orientation worlds (Rocket Launch and Space Station Hub), six
“what-if” Earth scenarios (No Moon, Colder Sun, Tilted Earth,
Two Moons, and Earth as Moon), five exoplanet worlds (Trappist,
Kepler, Gliese, Cancri, and Brown Dwarf), and a Mars world cen-
tered on habitat construction.

Within WHIMC, students explore hypothetical questions by com-
paring normal Earth to simulated alternative conditions, such as an
Earth without the Moon or with a colder Sun. As they navigate
these worlds, learners freely explore the environment, identify dis-
tinctive features at points of interest (e.g., shorter vegetation or the
presence of wind turbines), and use embedded scientific tools (e.g.,
wind-speed sensors) to make observations and collect data. These
interactions encourage students to pose questions or generate hy-
potheses about observed phenomena (e.g., why plants are shorter in
the absence of the Moon or whether stronger winds might be re-
sponsible). Figure 1 presents example screen captures of gameplay
in WHIMC.
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Figure 1. Example of gameplay in WHIMC. Students examine
a wind turbine in the Earth without Moon scenario and learn
that it serves as a primary source of power generation. They
can then measure wind speed and record an observation by
asking questions or making inferences (e.g., “Why is the wind
so fast?”).

To investigate their questions, students seek evidence through mul-
tiple forms of in-game scaffolding, including examining
environmental features at points of interest, using scientific tools to
gather measurements, and interacting with non-playable characters
(NPCs) whose quests and floating hints guide inquiry. As students
connect observations to data and explanations, their inquiry can
progress toward deeper causal understanding of the underlying
“what-if” scenario—for example, linking increased wind speeds to
faster Earth rotation and ultimately to the Moon’s gravitational in-
fluence. At the same time, the open-ended design of WHIMC
means that inquiry is not strictly linear: students retain substantial
autonomy and may pursue multiple exploratory paths as they navi-
gate the simulated worlds.

3.2 Data-Driven Classroom Interviewing

3.2.1 Participants

This study examined data collected from five-day science camps
for middle school students that employed WHIMC. On the first day
of the camp, participants completed surveys assessing individual
interest, prior knowledge, and prior game experience. During the
first three days, students explored a series of “what-if”’ simulation
worlds and investigated the distinctive characteristics of each envi-
ronment. At the conclusion of Day 3, post-surveys measuring
individual interest, situational interest, and knowledge were admin-
istered. During the final two days of the camp, students engaged in
a Mars-based habitat construction activity. Throughout the whole
gameplay, Quick Red Fox (QRF), an Android application for con-
ducting DDCI [20], was used to detect predefined behavioral
patterns in students’ in-game actions (e.g., repeated use of the same
scientific tool) and to identify candidates for in-situ interviews.

The dataset analyzed in this study combined data from four camps
conducted in different regions of the United States, including the
Midwest and Mountain West, during 2024 and 2025. The sample
consisted of 98 participants, of whom 44 identified as male, 44 as
female, 2 as non-binary, and 8 did not disclose their gender. Re-
garding racial and ethnic identity, participants included 1 Native
American, 45 Black, 31 White, 11 individuals identifying with
other ethnicities, and 10 participants who chose not to report their
ethnicity. Research and data collection protocol was conducted un-
der approval from the Institutional Review Board of University of



Pennsylvania and secondary analysis of the anonymized data was
approved by the Institutional Review Board of University of Illi-
nois at Urbana-Champaign. Participation was voluntary, and all
students provided written assent along with parental consent.

3.2.2 Log data from WHIMC

This study used both log data and interview data to investigate in-
terview reactivity. Log data were recorded from the Minecraft
server and included students’ positional information sampled every
two to three seconds (X, y, and z coordinates), records of tool use,
and records of observational actions, each with corresponding
timestamps.

3.2.3 DDCI from Quick Red Fox (ORF)

DDCI was conducted using Quick Red Fox (QRF), an open-source
Android server—client application designed to notify interviewers
when participants engage in behaviors of interest specified in ad-
vance by the research team [20]. QRF integrates modeling
technologies and processes real-time data to identify key moments
in learners’ experiences, referred to as interview triggers. Research-
ers can assign priorities to different triggers to detect rare or
theoretically important behaviors while also distributing interview
opportunities across students. When QRF detects a predefined be-
havioral pattern, the application notifies researchers, enabling them
to decide whether and when to conduct an interview.

Trigger events and interview records are transmitted to a central-
ized dashboard, collecting logs of interview activity and allowing
the research team to monitor interview activity in real time. The
dashboard provides information such as trigger identifiers,
timestamps, student and interviewer IDs, interviewer decisions to
conduct interviews, and whether a second student contributed to an
interview (e.g., when a neighboring student chimed in during an
interview). Interviews are typically brief (generally under five
minutes) to minimize disruption to students’ ongoing activities
while capturing highly contextualized and ecologically valid ac-
counts of their in-situ experiences. A total of four interviewers
participate across the four camps (at least two per camp).

All interviews followed established DDCI interview principles and
strategies [20], which emphasize maintaining respectful, non-eval-
uative relationships with students and eliciting the learners’
perspectives on their ongoing activities and experiences. Oc-
umpaugh et al. [20] describe this as the Big Sister Approach (BSA)-
-which they explicitly contrast with the Orwellian concept of Big
Brother. Interviewers make it clear to the students before DDCI be-
gins that interviewers are not there to enforce student behavior, and
their interview approach is designed to reflect that as well. To that
end, the BSA permits encouragement, but does not permit instruc-
tion or policing of off-task behaviors. An interviewer might offer a
worried student gentle confirmation about whether the strategy the
student wants to test might work, but students who need instruction
should be referred to a teacher or peer during a DDCI.

For several reasons, DDCI blends a mix of questions about the
learner and about the learning context. In part, questions about the
learner allow the interviewer to build trust, however they are also
part of an asset-based approach [21] where the interviewer is
searching for knowledge that could be relevant to the learning con-
text, even if the student has not yet made those connections.
Although interviewers have access to the DDCI trigger infor-
mation, they do not immediately ask the student about those
constructs. The reason for this is two fold, since (1) it could make
students feel surveilled, which could heighten self-presentation ef-
fects and (2) it limits the degree to which an interview can
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determine whether that construct and its associated experiences
were salient to the students' game-play experience.

DDCI tends to start with questions like “how are you doing?”” and
“what strategies are you trying?” as they are open-ended enough to
allow students to steer the topics in the initial part of each interview.
As the interview progresses, questions may get more probing, and
if the constructs associated with the trigger do not emerge, the in-
terviewer may try to introduce them (e.g., asking if the student has
deliberately visited any locations when determining how they came
across a point of interest in the game). Throughout this process,
however, the overarching goal is to encourage students to discuss
their current states of metacognition, motivation, and engagement.
If the constructs associated with the trigger (e.g., a particular part
of the WHIMC game) are clearly not part of that metacognitive
process, that is typically useful data for a DDCI study like this one,
where the underlying goal is to understand student interest devel-
opment. Therefore, in this study, interviewers did not always
actively try to re-engage on topics directly associated with the trig-
ger.

3.2.4 Pre-Interest Survey

The goal of QRF interviews in this research is to understand stu-
dents' interest development through WHIMC. To account for
individual differences, initial levels of individual interest were in-
cluded in the analysis. Individual interest was measured using a
survey adapted from Boeder et al. [2], which assesses context-in-
dependent interest in science across five subscales: Information
Seeking, Motivation to Reengage, Persistence, Self-Regulation,
and Value. Example items include “I want to know more about sci-
ence” and “I seek out opportunities to engage in science.”

Each subscale comprised four to five items rated on a 7-point Likert
scale, ranging from Do Not Agree At All to Very Strongly Agree.
The survey was administered on the first day of the camp, prior to
students’ engagement with the WHIMC activities.

3.3 Analysis

Among the log and interview data, only data from five What-If
worlds (Lunar Crater, No Moon, Colder Sun, Tilted Earth, Two
Moons) were included. Other activities (e.g., the Mars habitat ac-
tivity and exoplanet exploration) were excluded due to differences
in task designs.

The primary goal of the analysis was to examine whether inter-
views were associated with changes in students’ behaviors during
and after the interview. To do so, we compared interviewed and
non-interviewed students while controlling for pre-interview be-
havior. This approach helps disentangle interview effects from
other influences such as observer effects or general time-related
trends (e.g., declining activity as gameplay progresses) by consid-
ering both interview and non-interview cases. To enable direct
comparison within a common temporal framework, we constructed
a dummy interview time frame which aligned behavioral phases
across interviewed and non-interviewed students. For each non-in-
terviewed student in a given world, we determined their dummy
interview start and end time by randomly selecting one of the inter-
viewed students in the same world and camp and assigned that
student’s interview start and end times to the non-interviewed stu-
dent. In brief, we have a time framework composed of two parts :
pre-interview (from world play start to interview start) and dur-
ing/post-interview (from interview start to world play end).

This analysis focused on three core behaviors in WHIMC: tool use,
observation, and movement. These behaviors represent central



learning processes in the environment. Students move through the
virtual world to locate relevant information, use scientific tools to
explore phenomena, and make observations to document and re-
flect on their findings.

The number of tool use and observation behaviors were extracted
directly from server logs without additional feature transformation.
In addition to the count of observation and tool uses, we computed
binary variables indicating whether the behavior occurred at least
once within a given time window. This decision was motivated by
the highly right-skewed count distributions for these behaviors, in
which most observations were zero or near zero and a small number
exhibited very high counts. Under such conditions, modeling only
raw counts can be unstable and disproportionately influenced by
rare extreme values. Accordingly, the analysis focused on not just
frequency but also behavioral occurrence.

Movement-related features were engineered from positional log
data from both phase (pre-interview and during/post-interview) and
included mean distance traveled, mean speed, speed standard devi-
ation, mean absolute acceleration, acceleration standard deviation,
mean direction-change speed, direction-change speed standard de-
viation, and the mean of direction changes within three angular
ranges (45-90°, 90-150°, and 150-180°).

Player position logs were first grouped per each user, camp, and
world. All movement features were derived from two-dimensional
spatial coordinates (x, z). To focus spatial navigation, only x (east-
west) and z (north-south) coordinate was used while y axis (verti-
cal) was excluded [33]. For each consecutive pair of position
samples, stepwise displacement was computed as the Euclidean
distance:

distance, = \/(Ax;)? + (Az;)? where Ax; =x; —x;_, and

Azy =z — 2, 4.

Instantaneous speed was then calculated as:

d distance,
speed, = ——
peed, At,
Acceleration was derived as the temporal derivative of speed:
) Aspeed,
accely = ———
t At

Movement direction was computed at each step using the arctan-
gent of the displacement vector:

heading, = atan2(Az,, Ax;), yielding angles in radians within (-
m, 1.

Changes in heading between consecutive steps were calculated and
wrapped to the principal angle range to account for circularity. The
absolute turning angle (in degrees) was then defined as:

180
turn_deg, = |heading, — heading,.{| X s

Angular turn velocity was computed as the rate of heading change
per unit time:

Aheading;

ang_vel; = I
t

To characterize directional changes, turning events were catego-
rized into three angular bins based on absolute turning angle: 45°—
90°, 90°-150°, and 150°-180°

&4

The data had a nested and longitudinal structure: each student par-
ticipated in one of four camps, explored multiple worlds within the
camp, and could be interviewed multiple times. To account for this
dependency structure, we used generalized linear mixed-effects
models (GLMMs) rather than standard regression. Models were fit-
ted in R (version 4.5.2) using the glmmTMB package (version
1.1.13).

Depending on the distributional characteristics of features, we used
different GLMM families. First, time-dependent features were fit
with negative binomial GLMMs using during-post interview time
as offset: the number of observations, and the number of tool use.
Second, binary features are fit with binomial GLMMs: binary ob-
servation and binary tool use. Lastly, continuous features, which
already accounted for time as part of the feature calculations, are
modeled with normal distribution: mean distance, all speed features
(mean speed and speed standard deviation), all acceleration fea-
tures (mean absolute acceleration and acceleration standard
deviation), and all angular features (mean absolute angular veloc-
ity, standard deviation of angular velocity, and mean of direction
changes within three angular ranges (45-90°, 90-150°, and 150—
180°)). After fitting the models, statistical significance was deter-
mined using the Benjamini-Hochberg false discovery rate
correction to control for multiple comparisons and reduce Type I
error.

A total of three analyses were conducted. First, because interviews
were triggered by data-based behavioral criteria, we examined
whether students who were interviewed differed significantly from
those who were not in their behaviors prior to the interview. Also,
as the goal of the interviews were to gain insights into the students'
STEM interest, their pre-interest might influence whether they are
interviewed. We tested whether interview status significantly pre-
dicted students’ pre-interview behaviors and pre-interview interest.
In these models, camp and world were included as random effects.

Second, we compared the during-and-post features of interviewed
and non-interviewed students while controlling for pre-behavior,
interview, their interaction, and pre interest. Because we hypothe-
sized that pre-interview behavior might moderate the effect of the
interview, all models were initially fitted with an interaction term
between pre-interview behavior and interview status. When neither
the interaction nor the main effect of interview status was signifi-
cant, an additional reduced model excluding the interaction term
was fitted to examine potential main effects. Across all models,
camp and world were included as random effects. When model con-
vergence issues occurred, the random effect of camp was removed
and the model was refitted.

Table 1. Extracted Interview Keywords.

Behaviors Keywords
Observation observation
tool, measure, airflow, radiation, altitude, at-
mosphere, radius, tectonic, temperature, gravity,
Tool use . e . .
tide, humidity, tilt, magnetic, rotation, oxygen,
year, pressure, composition, scale

Lastly, when interview effects were detected, we further tested
whether these effects were driven by an attention-cue mechanism.
Specifically, we compared students whose interviews explicitly
mentioned a target behavior (e.g., observation) with those whose
interviews did not mention that behavior. We determined whether
an interview contained an attention cue by matching keywords as-
sociated to the behavior to the interview transcripts (Table 1). We
used only ‘observation’ for observation as other possible keywords
(e.g. observe) can extract many unrelated interviews while, for tool



Table 2. Mean and Standard Deviation of Features Before Interview for both Interviewed and Non-interviewed Students.

Interviewed Not interviewed
Feature N Pre During/Post N Pre During/post
Absolute acceleration (mean) 79 1.31 (2.38) 1.17 (2.86) 194 1.04 (1.15) 1.19 (2.20)
Acceleration (std) 77 8.38 (24.57) 7.83 (26.15) 192 5.26 (12.36) 6.51 (19.02)
Angular absolute velocity (mean) 82 0.54 (0.33) 0.45 (0.40) 203 0.64 (0.41) 0.61 (0.43)
Angular velocity (std) 79 0.80 (0.44) 0.69 (0.51) 198 0.94 (0.51) 0.91 (0.54)
Distance (mean) 87 3.16 (6.35) 4.93 (12.13) 211 2.37 (6.61) 1.88 (5.43)
Speed (mean) 82 2.88 (2.08) 2.43 (2.16) 204 2.28 (1.61) 2.19 (1.89)
Observation (sum) 87 1.48 (2.15) 1.25 (2.09) 212 1.38 (4.10) 0.54 (1.44)
Observation (occurrence) 87 0.52 (0.50) 0.46 (0.50) 212 0.39 (0.49) 0.22 (0.41)
Speed (std) 79 9.67 (18.56) 8.86 (19.09) 198 6.19 (10.94) 6.55 (14.29)
Tool (sum) 87 1.75 (2.67) 0.77 (1.43) 212 1.58 (3.31) 0.58 (1.45)
Tool (occurrence) 87 0.59 (0.50) 0.32 (0.47) 212 0.37 (0.48) 0.23 (0.42)
Turn 150 to 180 (mean) 83 6.74 (5.37) 6.67 (8.63) 205 7.41 (6.03) 8.00 (6.65)
Turn 45 to 90 (mean) 83 9.45 (10.05) 7.09 (6.42) 205 11.42 (11.83) 9.57(7.93)
Turn 90 to 150 (mean) 83 15.18 (12.03) 13.54 (13.00) 205 | 20.01(15.29) 19.27 (15.44)

Table 3. General Linear Mixed Methods Results (Coefficients, Standard Errors, and P-values) for Models Predicting Each of the 14

Features.

Behavior N Pre-behavior Interview Pre-behavior * Interview Pre-interest

Observation (sum) 276 B=0.07 (0.05) B=10.53(0.33) B=-0.03 (0.12) B=0.34(0.09)
p=0.154 p=0.108 p=0.836 p =<.001

Tool (sum) 276 B=0.12 (0.05) $=0.32(0.38) B=-0.12 (0.14) p=0.38(0.11)
p=0.022 p =0.403 p=10.380 p=<.001

Observation (occurrence) (276 B=1.88(0.40) B =1.30(0.49) B=-0.51(0.64) p=0.16 (0.11)
p=<.001 p =0.009 p=0.427 p=0.152

Tool (occurrence) 276 B=1.09(0.39) B=1.41(0.48) B=-1.65(0.64) B=0.33(0.12)
p =0.005 p =0.003 p=0.010 p=0.004

Absolute acceleration (mean) 231 B=0.11(0.19) p=-0.91(0.43) B =10.95(0.28) p=-0.10(0.10)
p=0.550 p=0.035 p=<.001 p=0.343

Acceleration (std) 229 B=-0.13 (0.19) B=-3.98 (3.05) B=1.34(0.29) B =-0.05(0.89)
p=0.515 p=0.191 p=<.001 p=0.955

Angular absolute velocity 236, B =0.61(0.09) p=-0.12 (0.09) p=0.16 (0.13) p=-0.01(0.01)
(mean) p=<.001 p=0.172 p=0.224 p=0.500

Angular velocity (std) 231 B=0.68 (0.11) B=-0.04 (0.11) B=0.02 (0.11) B =-0.01(0.02)
p=<.001 p=0.686 p=0.868 p=0.559

Distance (mean) 241 B=0.30 (0.06) B=-0.63 (0.69) B =0.60 (0.09) B =-0.02 (0.20)
p=<.001 p=0.361 p=<.001 p=0.911

Speed (mean) 236 B=0.54(0.11) p=0.03 (0.45) B=-0.01(0.14) B=0.01(0.08)
p=<.001 p =0.946 p=0.935 p=0.921

Speed (std) 231 B =-0.00(0.13) B=-1.81(2.41) B=0.43 (0.18) B=-0.10 (0.66)
p=10.997 p=10.452 p=0.018 p=0.879

Turn 150 to 180 234 B=0.39 (0.09) B=-2.61(1.45) B=0.34(0.15) B=-0.26 (0.29)
(frequency mean) p=<.001 p=0.072 p=0.026 p=0.359

Turn 45 to 90 234 B =0.10 (0.05) B=-1.06 (1.33) B =0.02 (0.09) B=-0.09 (0.31)
(frequency mean) p=0.038 p =0.425 p=0.853 p=0.760

Turn 90 to 150 234 B =0.43 (0.08) B=-1.49 (2.84) B=0.02 (0.14) B=-0.37 (0.54)
(frequency mean) p=<.001 p=0.599 p =0.866 p =0.490

Note. § denotes fixed-effect estimates and values in parentheses are standard errors.
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use, we included ‘tool’, ‘measure’, and other the name of available
measurement tools. Because movement patterns cannot be reliably
identified in interview transcripts, this analysis was limited to tool
use and observation behaviors. After investigating direct attention
cue effect, we refit the model in the second analysis (interview re-
activity) while excluding interviews containing an attention cue for
the target behaviors. This was done to see whether the interview
effect is replicated with the condition. By reproducing interview
reactivity, we can see whether direct attention cue effect can be di-
vided with other potential mechanisms explaining the interview
reactivity. Across all models, camp and world were included as ran-
dom effects. When model convergence issues occurred, the random
effect of camp was removed and the model was refitted.

4. RESULTS

Across the four camps, we collected 120 interviews from 60 stu-
dents (mean: 2, std: 1.22) from the five target worlds. A total of 33
interviews were excluded because interview time logs (4 cases) or
world playtime logs (9 cases) were unavailable; the interviews con-
tained no meaningful content (7 cases), such as when students were
chosen but they refused to participate or interviewers terminated
the session within 50 seconds; or a student completed multiple in-
terviews within the same world (20 cases), as repeated interviews
within a world could distort the defined time frame. After screening
the interviews, 87 interviews from 55 students remained (mean:
1.58, std: 0.85). Each camp had an average of 21.75 interviews (std:
8.06). The five worlds included in the analysis had an average of
17.4 interviews each (std: 2.30). The average interview time was
264.16 seconds (std : 117.90) while the average play time before an
interview was 621.37 seconds (std : 372.32) and the average play
time after an interview start was 653.14 (std : 530.16).

4.1 Behaviors Differences Before Interview
The first analysis examined whether students who were interviewed
differed from those who were not interviewed in terms of their be-
havior or interest at a given time point. Table 2 provides descriptive
statistics comparing behavior features for interviewed and non-in-
terviewed students. GLMM models were used to test whether
interview status significantly predicted students’ pre-interview be-
haviors and pre-interview interest. In these models, camp and world
were included as random effects. The results indicated that inter-
viewed students exhibited significantly higher occurrence of tool
use (binary), whereas no other significant differences were ob-
served between the interviewed and non-interviewed groups in
either behavioral or interest measure.

4.2 Interview Reactivity

Second, we examined whether interview participation significantly
predicted students’ behaviors after the interview. GLMM models
were fit to compare during/post features while including pre-behav-
ior, whether the student was interviewed or not, their interaction,
and pre interest as fixed effect (Table 3).

Significant positive main effects of interviews were observed for
several features. Specifically, interview participation significantly
predicted the occurrence of observation, and occurrence of tool use.
In these models, pre-interview behavior and pre-interview interest
were also significant predictors, while occurrence of tool use had
significant negative interaction effects. In case of observation oc-
currence, there is significant interview main effect without
interaction effect (B = 1.30, SE = 0.49, p = 0.009). On the other
hand, although interview was associated with an increased likeli-
hood of tool use (f = 1.41, SE = 0.48, p = .003), this effect was
significantly moderated by pre-interview tool use, as indicated by
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a negative Interview * Pre tool use interaction (§ = —1.65, SE =
0.64, p = .010). This pattern suggests that interview reactivity may
be most evident among students who had not used tools prior to the
interview. As the main and interaction effects are pointed in differ-
ent directions in tool use, interpreting the interview effect based
solely on the main effect coefficient can be misleading. Therefore,
we probed the interaction by examining the conditional pre—post
behavioral association among interviewed students (i.e., the com-
bined coefficient _int + [ _interaction). Simple effects analyses
showed that interview participation did not significantly affect tool
use among students who had already engaged in tool use before the
interview (B = 0.24, SE = 0.42, p = .57). Together, these results
highlight that students’ baseline behavioral status plays an im-
portant role in shaping interview reactivity.

Some movement features—including absolute acceleration mean,
acceleration standard deviation, and mean distance—showed sig-
nificant positive interaction effects with interview participation.
However, although the corresponding main effects were not statis-
tically significant, they were opposite in direction to the interaction
terms. This pattern suggests that the direction and magnitude of in-
terview-related effects may vary depending on students’ pre-
interview behavioral levels. Overall, post-interview movement pat-
terns remain systematically linked to baseline movement behaviors,
implying that interview participation may partially shape subse-
quent movement dynamics.

For features that showed no interview or interaction effects in the
full models, reduced models excluding the interaction term were
fitted. However, no additional interview effects were detected for
other features.

4.3 Direct Attention Cue Effect

Lastly, we examined whether the observed reactivity in the occur-
rence of observation and tool use was driven by direct attention
cues during interviews. This was achieved by comparing interviews
that explicitly mentioned the target behavior with those that did not.
In terms of interviews mentioning observation and tool use, 31 in-
terviews included the ‘observation’ keyword while 30 interviews
mentioned tool use keywords (see table 1). We compared dur-
ing/post features while including pre-behavior, interview mention,
their interaction, and pre interest as fixed effect (Table 4). Camp
and world were included as random effects across all models.

No significant direct attention cue effects or interaction effects with
pre-behavior were observed for either observations or tool use.
Since neither feature showed a main or an interaction effect in the
full models, reduced models excluding the interaction term were
fitted. However, no additional attention cue effects were detected
for either observation or tool use.

After examining direct attention cue effects, we re-ran the analyses
comparing the behaviors of students who were interviewed to that
of students who did not get interviewed (as in section 4.2), this time
excluding interviews which explicitly mentioned the target behav-
ior (observation or tool use). These analyses were conducted to
assess whether interview reactivity was still significant when only
considering interviews that did not include direct attention cues.
The results showed that the previously reported effect of interview
on the occurrence of tool use and its interaction effect between in-
terview and pre-behavior were fully replicated. In contrast, for the
occurrence of observation, the previously identified main effect of
interview participation was no longer observed.



Table 4. General Linear Mixed Methods Results (Coefficients,
Standard Errors, and P-values) for Direct Attention Cue Mod-
els and Interview Effect Reproduction Models Predicting Each
of Two Features: The Occurrence of Observation and Tool Use.

Behavior | N Pre- Inter- | Pre-behv * Pre-
behv view Interview interest
Direct attention cue effect
. B=142 [p=148] p=-228 [p=0.14
822322;‘0"; 47| (0.83) | (1.38) (1.58) (0.24)
p=0.085/p=0.282 p=0.149 |p=0.564
Tool B=-0771B=-0845 _ 54 (1 3p)| B=0.04
(occurrence)| 47| (118) | (L00) 177700 5 (0.26)
p=0.513 |p=0.401 : p=0.879
Reproduction of interview effect without interview mention
‘ B=188 [p=111[, _ B=0.15
8‘22332355 hs7l (0.42) | (0.52) P 0:.1(? s§(2)173) (0.12)
p=<001p=0035 P~ p=0.187
B=1.10 |[p=143| B=-2.14 | p=033
To‘ilggg;’“r' 46| (0.39) | (0.53) (0.77) (0.12)
p=0.005 [p=0.006| p=0.006 |p=0.007

Note. B denotes fixed-effect estimates and values in parentheses are
standard errors.

5. DISCUSSION AND CONCLUSION

This study examined whether and how data-driven classroom inter-
view (DDCI) influences students’ behaviors in a game-based
learning context, by comparing a range of in-game behaviors of
students following their interviews to the behaviors of students who
were not interviewed. Specifically, we investigated behavior differ-
ences related to the use of in game observations, scientific
measurement tools and movement-related behaviors. The results
indicate that DDCI does exert an influence on learners’ behaviors;
however, this influence is selective rather than uniform across all
behavioral features.

First, the occurrences of tool use and observation, two core inquiry
behaviors in WHIMC, were positively influenced by interviews.
This suggests that rather than distracting students from the learning
activity, students may become more engaged in inquiry processes
within the game environment following interviews. This finding
aligns with the metacognitive reactivity described by Bosch et al.
[3], highlighting DDCI’s potential to exert positive influences on
students.

However, while students showed increased occurrences of tool use
and observation following interviews, no significant interview ef-
fects and a few interaction effects were found for movement
features. Reactivity in in-game observations and scientific meas-
urement tool uses are particularly meaningful because they reflect
intentional, goal-directed actions that learners may consciously en-
gage in, in contrast to movement-related features that are more
likely to emerge as byproducts of task engagement. This indicates
that characteristics of each behavior such as intentionality or goal-
direction may influence the impact of DDCI, as suggested by Dou-
ble and Birney [4] that task characteristics influence how reactivity
operates cognitive and metacognitive processes.

Even reactivity within a single behavior should be examined care-
fully, as it may involve complex underlying mechanisms. In our
findings, interview reactivity predicted the occurrence of tool use
and observation, but not the frequency of these behaviors. Even
these occurrence-level effects were conditional: reactivity de-
pended on students’ pre-interview behavior and was most
pronounced among those who had not engaged in tool use prior to
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the interview. Together with other interaction effects for move-
ment-related features in this study, these results suggest that
reactivity is not uniform but varies according to individuals’ prior
states [4]. This variability and complexity indicate that researchers
should not conceptualize reactivity as a simple yes-or-no phenom-
enon, but rather as a multifaceted process shaped by the interplay
of task characteristics and individual-level factors.

The mechanisms underlying the reactivity can be interpreted in
multiple ways. In the present context, all students were aware of the
presence of observers and interviewers; nevertheless, significant
behavioral differences emerged between interviewed and non-in-
terviewed students. This finding suggests that the effects observed
cannot be explained solely by a general observer effect, but rather
that the interview process itself is a contributing factor.

Research on verbalization reactivity supports this interpretation.
Studies on think-aloud and verbal reporting have demonstrated that
while spontaneous inner thought verbalization tends not to affect
performance, higher-level verbalization—such as describing and
explaining one’s current thoughts and actions—can be reactive [5,
7, 8]. In the present study, while our interviewers attempted to min-
imize disruption to learners’ ongoing activity by avoiding
retrospective questions and instead asking students to describe what
they were currently doing, responding to such prompts might still
require learners to articulate and reflect on their ongoing behavior.
Within Ericsson’s framework, this constitutes a form of reactive
high-level verbalization, which may activate metacognitive pro-
cesses by encouraging learners to reflect on their actions.

However, inconsistent with this interpretation, the present study
didn’t identify attention cue effect described in the metacognitive
reactivity framework proposed by Double and Birney [4]. No direct
attention cue effect was revealed. Also, while interview reactivity
was reproduced even without interviews mentioning the behaviors
for the occurrence of tool use, this effect was not reproduced for the
occurrence of observations. The success to reproduce reactivity of
tool use occurrence suggests that the reactivity of tool use might be
independent from attention cue effect. On the other hand, failure to
reproduce reactivity of observation occurrence suggests either a
broader form of attention cueing that is not captured by explicit be-
havioral mentions alone, or insufficient statistical power due to the
small sample size to detect differences between cueing and non-
cueing interviews.

These results may also reflect limitations in how attention cues
were operationalized in this study. Rather than conducting a de-
tailed analysis of interview content, we used a simple keyword
matching approach to identify whether a given behavior was ex-
plicitly mentioned in an interview (e.g. mention of ‘observation’ or
‘tool”). It is possible that relevant behaviors were implicitly dis-
cussed without the use of specific keywords. For example, in the
case of tool use, interviews may have referenced phenomena (e.g.,
windy area) or interpretations derived from tools without explicitly
mentioning the tools themselves (e.g., ‘airflow’). Such instances
were not systematically captured in the present analysis, which may
have attenuated the attention cue effects. More fine-grained anal-
yses of interview content are therefore needed to better understand
the mechanisms of DDCI reactivity.

Given that both the present study and prior research [3] consistently
indicated that students are likely to be reactive to DDCI, a critical
methodological question concerns how such reactivity should be
addressed. While traditional methodological perspectives have em-
phasized minimizing or eliminating reactivity [15], more recent
work has advocated for a reactivity-transparent approach, in which



reactivity is explicitly examined, documented, and analytically in-
corporated rather than treated solely as a source of bias [17, 34]. As
DDCI enables the collection of ecologically valid data within au-
thentic learning contexts, understanding how DDCI-induced
reactivity influences research findings is essential to fully utilize
DDCI’s power.

Researchers need to clarify what aspects of learners are influenced,
how they are influenced, and when such influences occur. Beyond
identifying the existence of reactivity, it is also critical to evaluate
its implications for specific research questions. The same reactivity
effect may have different consequences depending on the research
objective. For example, when the goal is to model interest based on
behavioral log, changes of their actual behavior may not substan-
tially distort the results, and this can be tested by validating the
model in another context. In contrast, when the research objective
is explanatory—such as examining relationships among behaviors
—asymmetric reactivity effects across behaviors may bias esti-
mated relationships and lead to misleading conclusions.

Researchers should also consider how to mitigate or account for
reactivity effects analytically. If reactivity primarily alters the over-
all occurrence of behaviors symmetrically across behavioral
categories and individuals, normalized analytic approaches may
help alleviate its impact [16]. For example, Epistemic Network
Analysis (ENA), which emphasizes the relative weights of connec-
tions rather than raw behavioral frequencies, can reduce sensitivity
to differences in behavioral volume across units. However, such
approaches are less effective if reactivity alters the way behaviors
are externally manifested, rather than merely their frequency.

Methods for the detailed analysis of students’ behavioral log data,
such as the one developed by the educational data mining (EDM)
community, can contribute to revealing more fine-grained measure-
ment about reactivity and suggesting good ways to address it
analytically. By leveraging the richness of behavioral log data and
feature engineering techniques, researchers can move beyond treat-
ing reactivity as a uniform source and instead examine how it
manifests selectively across different behavioral dimensions. In the
present study, the use of multiple engineered features enabled us to
identify asymmetric reactivity patterns in detail. More broadly,
methodological approaches developed in the EDM community may
provide analytic strategies which account for the influence of stu-
dents’ reactivity to DDCI on the interpretation of student behavior
patterns.

Although this study is among the relatively few to empirically ex-
amine reactivity associated with DDCI, it remains limited in scope,
focusing on a restricted set of behaviors within a specific learning
context. This limitation highlights the need for future research ex-
amining DDCI reactivity across diverse contexts and outcome
measures, including behavioral, affective, and metacognitive indi-
cators. Additionally, variations in reactivity across demographic
groups should be considered, as certain groups may perceive
greater levels of surveillance from interviewers. As such evidence
accumulates, the role, strengths, and limitations of DDCI as a re-
search instrument can be more clearly articulated. A similar process
has unfolded in the development of think-aloud protocols. Since
their introduction over three decades ago, think-aloud methods
have been subject to sustained debate regarding their identity and
reactivity. Through extensive empirical use, meta-analyses, and
methodological debate, researchers have developed refined proto-
cols aimed at minimizing reactivity and clarifying appropriate use
cases [5-8, 28]. These findings played a central role in differentiat-
ing the method from other methods and in establishing empirically
grounded guidelines for managing reactivity.
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Similarly, DDCI requires sustained empirical investigation and cu-
mulative synthesis to clarify its identity, strengths, and limitations
relative to other research instruments. Beyond investigating how
the interviews contribute to students’ reactivity during DDCI, fu-
ture work should also examine how other components of the DDCI
method, such as variations in interview length, interview triggers
design or the interview prioritization algorithm, may impact student
reactivity. Through such efforts, DDCI can be more rigorously po-
sitioned as a research tool, with its methodological affordances and
constraints clearly understood.
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