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Abstract 7 

Conversational AI can alter what people later remember, yet its effects on how students remember 8 

their own academic experiences are untested. We examined whether a large language model 9 

(LLM)’s reframing of memories of academic uncertainty changes how STEM undergraduates later 10 

describe those memories. Participants recalled five such memories and received an LLM-11 

generated response to each: a reframe instructed to move them toward a self-authoring perspective 12 

according to Constructive-Developmental theory, or a restatement that elaborated the uncertainty. 13 

One week later, Self-Authorship participants used less tentative language when redescribing their 14 

memories, whereas restatement produced no reliable change. LLM-generated vocabulary 15 

reappeared in later descriptions of the specific memories it addressed in both conditions. The 16 

reduction in tentative language remained after novel reframe vocabulary was removed from the 17 

Session 2 descriptions. Emotional valence did not differ by condition. A brief interaction with a 18 

theory-constrained AI agent can change how learners later describe academic uncertainty. 19 
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Introduction 26 

Generative AI agents have transformed the teacher-student dyad into a triad: large language 27 

model (LLM) agents now tutor students (Kestin et al., 2025) and are being built as companions 28 

that provide emotional and motivational support through structured cognitive reappraisal 29 

(Bhattacharjee et al., 2026; Held et al., 2025). Most college students use them in their coursework, 30 

with use rising under academic workload and time pressure (Abbas et al., 2024; von Garrel & 31 

Mayer, 2023). When a student describes an academic difficulty to a conversational agent, its 32 

response can offer an alternative interpretation of the experience, tailored to the student’s own 33 

account (Sharma et al., 2023; Zhan et al., 2024). Whether such a response may alter how the 34 

student later remembers this experience must be considered in light of autobiographical memory’s 35 

reconstructive nature (Bartlett, 1932; Conway & Pleydell-Pearce, 2000). Recall reassembles a 36 

personally experienced event in relation to the rememberer's current goals and self-concept 37 

(Conway, 2005), such that the meaning assigned to an event is partly reconstructed based on its 38 

current appraisal (Levine, 1997; Levine et al., 2001). This malleable aspect of memory is further 39 

evident in studies showing that content encountered after an experience can become incorporated 40 

into later recollections (Chan et al., 2009; Loftus, 2005; Marsh, 2007).  41 

Generative AI is a new source of such content, as conversational agents and AI-edited 42 

media can introduce details that people later report as part of their own memories, with chatbot-43 

induced distortions demonstrated to be present one week later (Chan et al., 2024; Pataranutaporn 44 

et al., 2025). Related findings also suggest that the content of a memory, and how it is later 45 

described, may be open to deliberate modification (Elsey et al., 2018; Speer et al., 2021). This 46 

possibility carries functional significance, because recollection of past events guides subsequent 47 

affect and behavior (Pillemer, 2003; Rubin et al., 2011). Academic settings offer a particularly 48 

consequential context in which to extend this finding, because they often confront learners with 49 

challenging experiences that are later remembered and revisited (Pillemer et al., 1996). These 50 

demands are especially pronounced in science, technology, engineering, and mathematics (STEM) 51 

coursework, where difficulty and student attrition are well documented (Chen, 2013; Seymour & 52 

Hewitt, 1997). The current investigation examines whether a personalized reframe generated by 53 

an LLM agent can update memories of one such difficulty often encountered in STEM educational 54 

settings: academic uncertainty. 55 



 

Reframing Memories of Academic Uncertainty With a Constructive-Developmental AI 3 

Among the challenges of STEM learning, uncertainty is a recurrent and affectively salient 56 

one (Jordan & McDaniel, 2014; Moffett et al., 2021). Uncertainty refers to the perceived lack of 57 

predictability that accompanies unfamiliar or difficult material (Lamnina & Chase, 2019). It can 58 

also be aversive: intolerance of uncertainty is a transdiagnostic correlate of anxiety (Carleton, 59 

2016), and a scoping review found uncertainty to be predominantly associated with anxiety, 60 

depression, and distress (Massazza et al., 2023). In our present study, participants are asked to 61 

retrieve various memories of academic uncertainty that may differ in narrative content but share 62 

the common feature of being an unresolved experience for the learner. This unresolved aspect is 63 

the target of the experiment's memory updating manipulation. 64 

Reframing memories of uncertainty has broader significance because people draw on 65 

remembered experiences when anticipating their emotional responses to similar future situations 66 

(Morewedge et al., 2005; Wirtz et al., 2003). Furthermore, emotions and appraisals have been 67 

shown to influence academic engagement and achievement (Pekrun et al., 2017), making 68 

learners' responses to uncertainty relevant to their willingness to persist. Research on STEM 69 

attrition identifies students' course experiences and academic performance as factors associated 70 

with persistence in these fields (Chen, 2013; Seymour & Hewitt, 1997). Importantly, 71 

autobiographical recall of academic experiences has been shown to influence performance: in 72 

Selimbegović et al. (2011), recalling a memory of academic success or failure affects students’ 73 

performance on a subsequent math test, with performance on difficult math problems depending 74 

on the type of content recalled immediately prior to the test. A follow-up study found that the 75 

memory exerts this effect by shaping the appraisal the student brings to the upcoming task, with 76 

fear of failure and challenge appraisal each mediating the link between recall and performance. 77 

The effect also carried over to tasks in subjects outside of the one recalled (Selimbegović et al., 78 

2011; Selimbegović et al., 2016). These findings indicate that students’ remembered version of 79 

earlier academic experiences in STEM can influence their expectation and performance in a new 80 

academic situation. Furthermore, they suggest that learners can improve their academic 81 

performance depending on which kind of academic memory content they retrieve.   82 

In this study, we investigate whether engaging participants in an adaptive memory 83 

reframing exercise affects how they later recall their STEM-related academic memories of 84 

uncertainty, borrowing from the methodology introduced by Speer et al. (2021). In that study, 85 

participants described negative autobiographical memories and then either elaborated on their 86 
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positive meaning or recalled them naturally. When participants described the memories one week 87 

and two months later, positive elaboration produced greater increases in positive content. In the 88 

Positive condition, later memory descriptions also incorporated details introduced during 89 

elaboration (Speer et al., 2021). 90 

The present study departs from this prior work in what the reframe is designed to modify. 91 

Rather than targeting the valence of the remembered experience, the intervention targets how the 92 

memory is organized in relation to the self. Constructive-Developmental theory distinguishes the 93 

content of memory, i.e., what a person thinks or feels about an experience, from its structure, or 94 

the way through which that memory is interpreted and organized (Kegan, 1994; Creamer et al., 95 

2010). Self-authorship describes a form of organization in which individuals increasingly hold 96 

their interpretations, assumptions, and responses as objects of reflection and organize their 97 

responses from an internally generated framework of beliefs, values, and commitments (Baxter 98 

Magolda, 2008; Kegan, 1994). Longitudinal research has linked the development of self-99 

authorship to a greater capacity to navigate uncertainty and circumstances outside one’s control 100 

by distinguishing external events from one’s interpretation and response to them (Baxter Magolda, 101 

2008). Similarly, studies on decision-making have found that self-authored individuals evaluate 102 

competing perspectives in relation to internally defined beliefs rather than relying primarily on 103 

external formulas for what to think or do (Creamer & Laughlin, 2005; Laughlin & Creamer, 2007). 104 

Importantly, this developmental change in memory organization does not mean that memories 105 

must become more positive, as individuals may continue to experience fearful, unpleasant or 106 

negative affect while becoming more internally directed in how they make sense and respond to 107 

uncertainty (Kegan, 1994; Baxter Magolda, 2008). Applied to an academic memory centered on 108 

uncertainty, a self-authoring reframe does not prompt the participant to feel better about the 109 

uncertainty, but to reorganize it in relation to their own values, interpretations, and direction for 110 

action. We expect this shift to make uncertainty less organizing at later retrieval, expressed in less 111 

hedging or hesitant language, without obligatorily increasing positive or decreasing negative 112 

emotional valence. 113 

To measure changes of uncertainty wording in memory narration, we use tentative 114 

language as the primary linguistic outcome. The tentative category in Linguistic Inquiry and Word 115 

Count (LIWC; tentat) was defined as a direct measure of expressed uncertainty, as it quantifies the 116 
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percentage of words classified as expressing hesitation (Boyd et al., 2022). An early validation 117 

study compared LIWC scores with independent judges’ ratings of college students’ writing about 118 

their adjustment to college. Within the emotional-disclosure group, LIWC tentative scores 119 

correlated with judges’ ratings of tentative language across participants’ essays (r = .41; 120 

Pennebaker & Francis, 1996). We use this category as a linguistic measure of expressed 121 

uncertainty in the descriptions participants provide at each session. According to Baxter Magolda’s 122 

(2008) research, we expect Self-Authorship reframing of participants’ academic memories to make 123 

uncertainty less prominent in subsequent narrative word choice, without necessarily altering 124 

remembered event details or significantly shifting affective valence.  125 

As secondary linguistic outcomes, we examine whether Self-Authorship reframing may 126 

attenuate anxiety-related language, and whether anxiety might be sustained or increased when 127 

unresolved uncertainty is rehearsed in the Control condition (Kross & Ayduk, 2008, 2017). We 128 

also use LIWC’s Analytic summary dimension, which distinguishes categorical language 129 

characterized by greater article and preposition use from more personal, dynamic language 130 

characterized by greater use of pronouns, auxiliary verbs, adverbs, conjunctions, and negations 131 

(Boyd et al., 2022; Pennebaker et al., 2014). Prior intervention research has reported more analytic 132 

language following cognitive reappraisal tasks compared with generic expressive writing 133 

(Colombo et al., 2026). We examine whether differences in anxiety-related and analytic language 134 

also emerge at later recall after participants engage in a self-authored reappraisal of their academic 135 

experience of uncertainty. 136 

Whether interactions with LLM agents change how students later recall their memories of 137 

academic uncertainty has not been measured. Previous work found that an LLM chatbot that asked 138 

misleading questions during a simulated witness interview induced false memories of a video that 139 

participants had watched, and the false memories persisted one week later (Chan et al., 2024). In 140 

a separate study, participants who wrote essays with an LLM were less able than unassisted writers 141 

to quote their own essays afterward and reported lower ownership of them (Kosmyna et al., 2025). 142 

The first study shows that content an agent introduces can enter later recall of an event, whereas 143 

the second shows that text produced with an agent is recalled less accurately as one's own. In both 144 

studies, the agent's content concerned a video or an essay, but not an experience from the 145 

participant's own life. Neither tested an agent responding to a student’s own account of an 146 
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academic experience, followed by their unassisted recall of it. The present study asks this question 147 

for students’ memories of academic uncertainty. 148 

Applying the Constructive-Developmental definition of self-authorship consistently across 149 

participants and idiosyncratic memories is difficult to achieve using predetermined written 150 

instructions. We used a large language model (GPT 5.2-Thinking), instructed to move participants 151 

from Kegan’s (1994) socialized mind toward a self-authoring mind, to generate the reframe. Large 152 

language models can be instructed within specified frameworks and have been used to support 153 

cognitive reappraisal and related psychological interventions, with structured interactions 154 

associated with reduced self-reported anxiety (Bhattacharjee et al., 2026; Held et al., 2025; Sharma 155 

et al., 2023). In this experiment, the customized model acted as an agent in the exchange rather 156 

than as a fixed script. For each of the participants’ five memories, the agent received participants’ 157 

descriptions of what made the uncertainty intense and what felt at stake in the memory, and then 158 

returned three reframes written for that memory. As a result, each participant received personalized 159 

reinterpretations of their own academic experience. The LLM agent was instructed to be a 160 

motivational companion that responded to the participant’s academic uncertainty, and the 161 

experiment examines how the agent’s response may affect participants’ later memory of the 162 

uncertainty. In both conditions, STEM undergraduates recalled memories of academic uncertainty 163 

and received an LLM-generated response individualized to the content of their particular memory. 164 

In the Self-Authorship condition, the response reframed the uncertainty using developmental 165 

principles of self-authorship, whereas in the Control condition the model restated and elaborated 166 

the same uncertainty in first-person sentences without offering an alternative perspective. 167 

Participants in both conditions then retyped their selected response and completed four condition-168 

specific elaboration prompts before re-describing the same memories one week later.  169 

We tested two primary hypotheses. First, we hypothesized that a self-authoring 170 

reinterpretation of an autobiographical memory of academic uncertainty would reduce the 171 

uncertainty expressed when that same memory was described one week later. This was 172 

operationalized as a reduction in tentative, uncertain language relative to the Control condition. 173 

Second, we hypothesized that the content introduced through the LLM-generated reinterpretation 174 

would be incorporated into later recall of the specific memory episode. This was operationalized 175 

as novel reframe vocabulary appearing in the Session 2 memory description at rates exceeding 176 
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chance comparisons. Because both hypotheses concern the LLM agent’s potential effect on later 177 

recall, we also tested whether any reduction in tentative language survived removing the LLM-178 

generated vocabulary from the Session 2 narratives. Anxiety-related language, analytic language, 179 

and affective language were also examined as secondary outcomes. 180 

Methods 181 

Participants 182 

Participants were young adults concentrating in STEM undergraduate studies, recruited by 183 

email from an introductory physics course and from the online recruitment platform SONA, which 184 

compensates participants with course credit or monetary payment. For SONA participants, STEM 185 

status was verified with an eligibility screener completed before sign-up. Respondents indicated 186 

whether they were a STEM major or prospective major, defined as any major in science, 187 

technology, engineering, or mathematics; psychology majors and courses were not counted as 188 

STEM, whereas neuroscience majors and courses were. Respondents who reported a STEM major, 189 

or no STEM major but at least two STEM courses, then listed all STEM courses they had taken, 190 

and the sign-up code for the study was released only to respondents who listed at least two courses. 191 

Respondents who reported no STEM major and fewer than two STEM courses were informed that 192 

they were not eligible. The screener also confirmed undergraduate status, and graduate students 193 

were screened out. Participants were randomly assigned to one of two conditions, a Self-194 

Authorship condition or a Control condition (described below). We targeted 20 participants per 195 

condition, informed by prior experimental work on autobiographical memory updating (Speer et 196 

al., 2021). Fifty-three participants were randomized (Self-Authorship, n = 28; Control, n = 25). 197 

Exclusion criteria were failure to recall five memories of STEM-related uncertainty from the 198 

previous six months, failure to qualify as a STEM student, failure to return for the second session, 199 

and computer or technical problems that prevented completion. All exclusions occurred at data 200 

cleaning, when 11 participants (Self-Authorship, n = 6; Control, n = 5) were found to have no 201 

Session 2 memory narratives because they had not attended or completed Session 2, 10 with no 202 

Session 2 record and one who began Session 2 but recorded no memories; no participant was 203 

excluded under the other criteria. The analyzed sample comprised the 42 participants who 204 
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completed both sessions (Self-Authorship, n = 22; Control, n = 20). Demographic characteristics, 205 

overall and by condition, are presented in Table 1. 206 

Ethics 207 

This study was approved by the Tufts University Institutional Review Board under protocol 208 

STUDY00005471. All participants provided informed consent before taking part. The consent 209 

form disclosed that participants’ written responses would be submitted to OpenAI’s GPT-5.2 210 

Thinking model to generate the reframes, and participants consented to this use of their responses. 211 

Design and Procedure 212 

The study used a two-session design with sessions separated by approximately one week 213 

(five to nine days), similar to Speer et al. (2021). Both sessions were administered online in 214 

Qualtrics, and no task in either session had a time limit. Session 1 lasted approximately 90 minutes 215 

and consisted of (1) a brief demographic survey, (2) structured recollection and examination of 216 

recent, personally experienced academic uncertainty, and (3) a guided, LLM-enabled reframing or 217 

Control exercise (Supplementary Note 1). The reframing exercise had two components in both 218 

conditions: selection of an LLM-generated reframe of each memory and a directed written 219 

elaboration on the selected reframe. The conditions were procedurally identical and differed only 220 

in the content of these components: in the Self-Authorship condition, the reframes recast the 221 

uncertainty as a manageable opportunity within a broader, self-authored perspective of choice, 222 

action, and effective response, and the elaboration directed participants toward motivation and 223 

next steps; in the Control condition, the reframes restated the uncertainty in synonymous terms 224 

without added perspective, and the elaboration kept participants within the unresolved uncertainty 225 

(see Reframing Intervention). 226 

Memory Cueing and Elaboration 227 

Participants first completed a cued autobiographical memory task, adapting an established 228 

procedure in which verbal prompts elicit specific events from participants’ own lives (Crovitz & 229 

Schiffman, 1974). Previous studies have allowed participants to select cues from a larger list when 230 

generating autobiographical memories (Emmerdinger & Kuhbandner, 2018). In memory-231 

reappraisal research, Speer et al. (2021) used life-event cues followed by brief written descriptions 232 
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and ratings of memory intensity and vividness. For the present study, cue content focused on 233 

uncertainty in STEM learning. Participants were shown a list of 30 life-event cues related to STEM 234 

uncertainty (e.g., “Missing a Core Concept”; Supplementary Note 2) and selected the five cues 235 

that triggered their most intense and vivid memories of uncertainty.  The 30 event cues were 236 

presented in the same fixed order to all participants and participants then completed the 237 

corresponding memory elaboration in selection order. For each selected cue, participants verified 238 

through brief, one-click true/false follow-up questions whether the memory was intense, was still 239 

unresolved, reminded them of genuinely challenging uncertainty, and was distinct from previously 240 

selected memories. On each of the five trials, participants viewed one event cue and wrote three 241 

to five sentences describing what happened in that memory, followed by ratings of the uncertainty 242 

the memory evoked in the present moment (1 = not at all, 5 = extremely), the perceived probability 243 

that the uncertainty would be resolved within a week (yes / no / unsure), the present intensity of 244 

the uncertainty (1 = not at all, 5 = extremely intense), the vividness of the memory (1 = not vivid, 245 

5 = extremely vivid), and the temporal direction of the uncertainty (experiencing something in the 246 

present / reliving something in the past / anticipating something in the future). Participants then 247 

examined the memory by writing two to three sentences identifying the source of its intensity 248 

(“Why does the uncertainty feel intense?”) and two to three sentences identifying the core concern 249 

driving it (“What feels at stake to you in this situation?”), surfacing the deeper assumption 250 

underlying the uncertainty.  251 

Reframing Intervention 252 

At this point the conditions diverged. For each of the five selected memories, participants’ 253 

responses describing the sources of their uncertainty were submitted to a custom LLM agent, 254 

which returned three candidate reframes. Both conditions used the same agent, implemented as a 255 

customized GPT (GPT-5.2 Thinking) using a zero-shot instruction prompt that engineered the 256 

output format to three numbered reframes. The LLM agent ran on OpenAI’s ChatGPT platform 257 

from February 12, 2026 to August 17, 2026. Participants submitted their responses to the agent 258 

themselves by entering them in the custom GPT’s chat box during the session, and the agent 259 

returned three numbered reframes in the same window. The instruction set for each condition is 260 

reproduced in Supplementary Note 1. The conditions differed in the instructions governing both 261 

the generated reframes and the subsequent participant elaboration. In the Self-Authorship 262 
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condition, the agent was instructed to rewrite each uncertainty as an agentic reframe that placed 263 

the participant in control of next steps. The instructions directed the agent to move the participant 264 

from Kegan’s (1994) socialized mind toward a self-authoring mind without naming either. In the 265 

Control condition, the agent was instructed to restate the uncertainty from other angles in first-266 

person sentences that emphasized the uncertainty the participant currently felt. The Control 267 

instructions prohibited solutions or therapeutic suggestions. Within their assigned condition, 268 

participants selected the response or responses that “most resonated” with them and retyped their 269 

preferred reframe in Qualtrics, with the option to combine responses or use their own words. 270 

The second component of the manipulation was a directed elaboration on the selected 271 

reframe. In the Self-Authorship condition, participants described how the reframe made them feel 272 

more self-motivated, how it encouraged them emotionally, and one action they could take during 273 

the coming week to implement it. They also generated a short phrase or word of encouragement 274 

to remind themselves of the reframe when facing the uncertainty. In the Control condition, 275 

participants described how the reframe made them feel stuck, how it made them feel emotionally, 276 

and how they expected the uncertainty to affect them during the coming week. They then generated 277 

a short phrase or word identifying the situation’s key unknowns. Both conditions asked 278 

participants to think about the coming week, but the Self-Authorship prompts emphasized how 279 

they could derive a sense of agency over their uncertainty, whereas the Control prompts maintained 280 

how their uncertainty might affect them. The elaboration prompts for each condition are 281 

reproduced in Supplementary Note 3.  282 

In both conditions, participants then reported, for each memory, whether the reframe led 283 

them to examine and change their assumptions about the uncertainty event, whether they generated 284 

concrete and doable next steps, whether the agent provided a genuinely helpful way to see their 285 

situation differently, and how helpful they found the elaboration; these items recorded participants’ 286 

evaluations of the task. Participants also reported how they selected their preferred reframe: typing 287 

one reframe word-for-word, pasting it, combining multiple reframes, using their own words 288 

inspired by the reframes, or another approach. 289 
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Session 2 290 

Participants returned five to nine days after Session 1 to complete Session 2. They were 291 

asked to recall the same memories cued by the five event cues they had selected in Session 1 and 292 

again wrote narrative descriptions of those memories in three to five sentences. 293 

Language Analysis 294 

Participants' written memory narratives from Sessions 1 and 2 were analyzed using 295 

Linguistic Inquiry and Word Count (LIWC-22; Boyd et al., 2022). The primary linguistic outcome 296 

examined was tentative language, which measures the percentage of words signaling hesitation or 297 

uncertainty (e.g., maybe, perhaps, guess; Boyd et al., 2022; Tausczik & Pennebaker, 2010). We 298 

also examined analytic language, which is a standardized LIWC summary score derived from the 299 

Categorical-Dynamic Index (CDI; Pennebaker et al., 2014), with higher scores indicating more 300 

formal, categorical, and hierarchically organized language and lower scores indicating more 301 

personal, immediate, and narrative language. Anxiety language (emo_anx) was used to measure 302 

the frequency of words communicating fear, worry, and dread. We additionally examined positive 303 

and negative tone (tone_pos, tone_neg), which assesses sentiment, and positive and negative 304 

emotion (emo_pos, emo_neg), which assesses explicit emotion language. The LIWC models only 305 

score the memory descriptions before and after the intervention (“Please describe this specific 306 

memory of uncertainty in 3–5 sentences.”; "Please describe how you remember this event in 3–5 307 

sentences."). Each dimension was scored separately for each of the five memories at both sessions. 308 

Within-memory change scores (Session 2 – Session 1) were used for descriptive figures, whereas 309 

inferential linear mixed-effects models used the session-level scores directly (see Statistics and 310 

Reproducibility). 311 

LIWC Tentative Language Word-Count Sensitivity Analysis 312 

Because LIWC scores are calculated from the proportion of words that pertain to each 313 

linguistic category, estimates from very short texts may be less stable. LIWC guidance warns that 314 

texts containing fewer than 25 words are often unreliable for linguistic analysis, as the LIWC2015 315 

psychometric development analyses excluded texts containing fewer than 25 words (Pennebaker 316 

et al., 2015). To check the robustness of our results, we repeated the tentative language analysis as 317 

a sensitivity check after excluding the 10 narratives containing fewer than 25 words. 318 
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Tentative Language in the LLM-Generated Reframes 319 

We tested whether the five LLM-generated reframes each participant selected in Session 1 320 

differed in tentative language by condition. Reframe text was scored with LIWC-22 for tentative 321 

language, expressed as the percentage of words signaling hesitation or uncertainty. We modeled 322 

tentative language as a function of condition using a linear mixed-effects model with a random 323 

intercept for participant to account for the five reframes contributed by each participant. The 324 

estimated marginal means and the between-condition contrast for the Language Outcomes were 325 

derived from the fit model. 326 

Statistics and Reproducibility 327 

We evaluated the language outcomes via linear mixed-effect models, which allowed us to 328 

account for the hierarchical, repeated measures structure of the data, i.e., five memories per 329 

participant measured at two time points, and to retain all observations without averaging over 330 

memories. We modeled each outcome as a function of Condition (Self-Authorship vs. Control), 331 

Session (Session 1 vs. Session 2), and their interaction. We included random intercepts for 332 

participant and for memory nested within participant: Outcome ~ Condition × Session + 333 

(1|Participant) + (1|Participant:Memory). The Condition × Session interaction was the primary 334 

independent variable of theoretical interest, indicating whether the change in each outcome from 335 

Session 1 to Session 2 varied by condition. We fit the models using maximum restricted likelihood 336 

estimation in R 4.4.2 using the lme4 (1.1-37) and lmerTest (3.1-3) packages. Type III tests and 337 

Satterthwaite degrees of freedom were used to assess significance. Simple effects, i.e., the change 338 

in each outcome from Session 1 to Session 2 for both conditions, were assessed using the emmeans 339 

package (1.11.0) with Satterthwaite degrees of freedom. 340 

We did not perform an a priori power analysis, since such an analysis would require a 341 

specific target effect size that could be based on previous research or determined by the 342 

minimum effect of interest (Lakens, 2022). As far as we are aware, there has been no published 343 

work that examines the impact of a self-authorship-based reframe on the tentative language used 344 

in subsequent recall of autobiographical memories using LIWC as a dependent measure. In the 345 
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absence of an empirically grounded target, we view this study as exploratory, designed to 346 

provide an initial estimate of the direction and general magnitude of the effect.  347 

To quantify the magnitude of the Condition × Session interaction, we standardized the 348 

estimated coefficient from the model by dividing it by the total standard deviation of tentative 349 

language predicted by the model. We calculated the total standard deviation of tentative language 350 

as the square root of the sum of the estimated variances.  351 

The post-intervention evaluation ratings were only collected during Session 1 and were 352 

not included in the longitudinal model. Each rating was averaged across the five memories 353 

recalled by each participant. We then compared the ratings of the Self-Authorship and Control 354 

groups for each rating using Welch's two-sample t-tests and Cohen's d as a standardized effect 355 

size estimate. Similarly, we used Welch's two-sample t-test and Cohen's d to compare the 356 

proportions of each participant's memories that contained a verbatim reproduction of a reframe, 357 

either typed verbatim or pasted directly, for the reframe selection question. 358 

Reframe Lexical Intrusion Analysis 359 

To evaluate whether the content of the LLM-generated reframes appeared in the 360 

subsequent recall of memories, we calculated a lexical intrusion score for each memory. To ensure 361 

that the lexical intrusion scores captured actual word repetition rather than superficial matches, we 362 

processed the text of each memory as follows: lowercased; removed punctuation, numbers, and 363 

stop words from the spaCy English list (e.g., "the," "and," "of"); split into word tokens of three or 364 

more letters; and stemmed to ensure that variations such as "learn," "learned," and "learning" were 365 

treated as identical lexical items (Manning et al., 2008; Porter, 1980). For each memory, novel 366 

reframe vocabulary was defined as stems appearing in the selected LLM-generated reframe but 367 

absent from both the participant’s Session 1 narrative and the texts originally submitted to the 368 

LLM. The intrusion rate was the proportion of these novel stems that appeared in the Session 2 369 

narrative. 370 

Because there was a possibility that overlap occurred due to random chance, the observed 371 

rate of intrusions were evaluated based upon two different comparisons: the participant's four 372 

remaining reframes, controlling for individual vocabulary and the task at hand, and 20 reframes 373 

randomly selected from other participants, controlling for vocabulary common to all participants. 374 
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For each participant, we calculated how often words from each memory’s own reframe appeared 375 

at Session 2 than words from the comparison reframes, averaged this difference across memories, 376 

and tested whether the average was greater than zero.  377 

Tentative Language After Removing Reframe Vocabulary 378 

To test whether the tentative language effect depended on wording copied from the LLM-379 

generated reframes, we removed the reframe words identified as lexical intrusions from each 380 

Session 2 narrative. The edited Session 2 narratives were rescored with LIWC-22, and the tentative 381 

language model described in Statistics and Reproducibility was refit with the original Session 1 382 

scores. 383 

Results 384 

Sample Characteristics 385 

Of the participants randomized across the two conditions, 42 completed both sessions and 386 

were included in the analyses (Self-Authorship, n = 22; Control, n = 20; Table 1). The sample was 387 

primarily in its first year of study (18 of 42; 42.9%) and was predominantly women (32 of 42; 388 

76.2%), with a mean age of 19.6 years (SD = 1.2). The most frequently reported racial/ethnic 389 

identifications were White (19 of 42; 45.2%) and Asian (17 of 42; 40.5%), and 7 of 42 participants 390 

(16.7%) identified as Hispanic or Latino. The two conditions were broadly similar in age, gender, 391 

racial/ethnic composition, and grade level (Table 1). 392 

Across the analyzed memory narratives, in the Control condition, Session 1 narratives 393 

averaged 80.9 words (SD = 33.8, range = 23–207) and Session 2 narratives averaged 68.8 words 394 

(SD = 26.2, range = 11–135). In the Self-Authorship condition, Session 1 narratives averaged 75.7 395 

words (SD = 27.0, range = 25–182) and Session 2 narratives averaged 67.0 words (SD = 27.7, 396 

range = 21–165). Each participant contributed five narratives per session, yielding 100 narratives 397 

per session in the Control condition and 110 per session in the Self-Authorship condition (Table 398 

2). 399 

Descriptive statistics for the language variables of interest are presented in Table 3. 400 

Tentative language in the initial memory narrative was similar across conditions at Session 1 (Self-401 
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Authorship: M = 3.54, SD = 2.91; Control: M = 3.08, SD = 2.48), but was lower in the Self-402 

Authorship condition at Session 2 (M = 2.87, SD = 2.40) while increasing slightly in Control (M 403 

= 3.43, SD = 2.99). Analytic language decreased from M = 40.01 (SD = 24.46) to M = 32.78 (SD 404 

= 28.17) in Control, whereas it remained comparatively stable in Self-Authorship (Session 1: M = 405 

36.95, SD = 25.75; Session 2: M = 36.41, SD = 26.82). Anxiety-related language increased in both 406 

conditions, from M = 0.30 (SD = 0.77) to M = 0.75 (SD = 1.28) in Control and from M = 0.42 (SD 407 

= 0.78) to M = 0.64 (SD = 1.13) in Self-Authorship. Means and standard deviations for positive 408 

and negative emotion and tone are also reported in Table 3. 409 

Post-Intervention Ratings 410 

Participants’ evaluations of the task were collected after each Session 1 reframing exercise 411 

and averaged across the five memories (Table 4; Figure 1). We compared conditions with Welch's 412 

two-sample t tests, using Cohen's d as a standardized effect size. Self-Authorship participants rated 413 

the task more favorably than Control participants on all four items. Participants in the Self-414 

Authorship condition rated the reframe as more helpful than did those in the Control condition 415 

(Self-Authorship M = 4.13, SD = 1.07; Control M = 2.95, SD = 1.12), a large and statistically 416 

reliable difference, t(39.2) = 3.48, p = .001, d = 1.08. They rated the elaboration exercise as 417 

substantially more helpful (Self-Authorship M = 4.48, SD = 1.00; Control M = 3.13, SD = 1.03), 418 

also a large and statistically reliable difference, t(39.4) = 4.31, p < .001, d = 1.33. They likewise 419 

reported examining and changing their assumptions about the uncertainty to a substantially greater 420 

degree (Self-Authorship M = 4.03, SD = 1.03; Control M = 2.72, SD = 1.02), t(39.7) = 4.13, p < 421 

.001, d = 1.27. They also reported generating concrete and doable next steps to a greater degree 422 

(Self-Authorship M = 4.49, SD = 1.03; Control M = 2.81, SD = 0.97), t(39.9) = 5.42, p < .001, d = 423 

1.67. 424 

On the reframe-selection item, participants typed a single reframe word-for-word or pasted 425 

it for 45 of 110 Self-Authorship memories (40.9%) and 42 of 100 Control memories (42.0%), 426 

wrote their own words inspired by the reframes for 36 (32.7%) and 22 (22.0%), combined multiple 427 

reframes for 25 (22.7%) and 32 (32.0%), and described another approach for 4 (3.6%) and 4 (4.0%) 428 

(Supplementary Table 1). The proportion of each participant’s memories in which a reframe was 429 

reproduced verbatim did not differ between conditions (Self-Authorship M = .41, SD = .38; Control 430 

M = .42, SD = .32), t(39.8) = -0.10, p = .920, d = -0.03. 431 
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Change in Tentative Language 432 

We modeled tentative language as a function of Condition, Session, and their interaction 433 

(Table 5). The Condition x Session interaction on tentative language was statistically significant, 434 

b = -1.02, SE = 0.45, t(208) = -2.25, p = .026; Type III F(1, 208) = 5.04, p = .026. The interaction 435 

coefficient was −0.37 when standardized by the model-implied total standard deviation of tentative 436 

language (2.71). Neither the main effect for Condition, F(1, 40) = 0.02, p = .894, nor the main 437 

effect for Session, F(1, 208) = 0.48, p = .487, were statistically significant. When decomposing the 438 

interaction (Figure 2), tentative language decreased from Session 1 to Session 2 in the Self-439 

Authorship condition (−0.66 points, t(208) = −2.13, p = .034), whereas there was an increase in 440 

tentative language in the Control condition (+0.35 points), however this increase was not reliable, 441 

t(208) = 1.07, p = .286.  442 

LIWC Word-Count Sensitivity Analysis 443 

Because 10 of 420 narratives (2.4%) fell below the 25-word threshold used in prior LIWC 444 

psychometric analyses, we repeated the tentative analyses after excluding narratives containing 445 

fewer than 25 words. The Condition × Session interaction for tentative language remained 446 

statistically significant, F(1, 205.6) = 5.40, p = .021 (Supplementary Table 2), and was comparable 447 

to the result obtained in the full sample, F(1, 208) = 5.04, p = .026. 448 

Analysis of Tentative Language in the LLM-Generated Reframes 449 

In order to examine if the reduction in tentative language that was observed could be 450 

attributed to the type of language used by the LLMs to produce the reframes themselves, we 451 

conducted an analysis on the reframe text provided in Session 1. The Self-Authorship LLM-452 

produced reframes contained significantly fewer instances of tentative language as compared to 453 

the Control LLM-produced reframes, F(1, 40) = 76.04, p < .001 (Supplementary Table 3). The 454 

estimated marginal means were 1.95 (SE = 0.30, 95% CI [1.35, 2.55]) for Self-Authorship and 455 

5.67 (SE = 0.31, 95% CI [5.05, 6.30]) for Control, a difference of 3.72 percentage points with a 456 

standard error of 0.43, t(40) = 8.72, p < .001. Additionally, the direction of this difference was 457 

consistent with the Condition × Session interaction observed in the participants’ own memory 458 

narratives, as those who had received the less tentative Self-Authorship reframes subsequently 459 

used less tentative language when recounting these memories. 460 
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Reframe Lexical Intrusion Analysis 461 

The reframes added an average of 11.4 content words to each participant’s vocabulary, 462 

which had not been used to describe their memory during Session 1 or in the text that they provided 463 

to the agent (Figure 3). At the time of Session 2 one week later, these novel reframe words appeared 464 

in their corresponding Session 2 memory description at rates above both chance baselines. Relative 465 

to the between-participant baseline, the average difference in percent between the reframe 466 

provided by the participant and the sample baseline was +1.54 percentage points, t(41) = 3.23, p 467 

= .002, d = 0.50. Relative to the within-participant baseline, the average difference in percent was 468 

+0.96 percentage points, t(41) = 2.16, p = .036, d = 0.33. The effect of the reframe existed in both 469 

conditions (Control: +2.08 points, t(19) = 2.45, p = .024, d = 0.55; Self-Authorship: +1.06 points, 470 

t(21) = 2.16, p = .042, d = 0.46) and did not significantly differ between them, Welch t(30.7) = 471 

1.04, p = .305, 95% CI for the difference [−0.97, 3.01] percentage points. In comparison to the 472 

within-participant baseline, the above-chance gap was +0.99 points in Control and +0.93 points in 473 

Self-Authorship, and the conditions once again did not significantly differ, Welch t(33.8) = 0.06, 474 

p = .951, 95% CI [−1.80, 1.91] (Figure 4; Table 6). These results indicate that in both conditions 475 

participants included vocabulary from their selected reframe into their subsequent descriptions of 476 

their specific memory.  477 

Change in Tentative Language After Removing LLM-Reframe Vocabulary 478 

Because the Self-Authorship reframes contained less tentative language than the Control 479 

reframes and participants in both conditions reused reframe vocabulary at Session 2, the tentative 480 

language effect could reflect wording copied from the reframes. Novel reframe words were present 481 

in 64 of the 210 Session 2 narratives. After each memory’s novel reframe words were removed 482 

from its Session 2 narrative, the Condition × Session interaction remained significant, b = -1.00, 483 

SE = 0.45, t(208) = -2.20, p = .029; Type III F(1, 208) = 4.85, p = .029 (Supplementary Table 4), 484 

comparable to the estimate from the full narratives, b = -1.02, p = .026. Neither the main effect of 485 

condition, F(1, 40) = 0.01, p = .915, nor the main effect of session, F(1, 208) = 0.52, p = .474, was 486 

significant. Tentative language declined from Session 1 to Session 2 in the Self-Authorship 487 

condition (-0.66 points, t(208) = -2.12, p = .035), whereas the change in the Control condition was 488 

positive and not reliable (+0.34 points, t(208) = 1.03, p = .306). The decline following the Self-489 

Authorship reframe therefore did not depend on vocabulary carried over from the reframe. 490 
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Secondary Linguistic Outcomes 491 

Across the secondary linguistic outcomes, there was no reliable evidence of condition-492 

specific change (Supplementary Table 5). Analytic language showed no significant Condition × 493 

Session interaction, F(1, 208) = 3.03, p = .083, despite a decline in the Control condition and little 494 

change following Self-Authorship. Positive and negative emotion and tone likewise showed no 495 

significant interactions (all ps ≥ .468), although negative emotion and negative tone increased 496 

across sessions. Anxiety-related language also increased across sessions, F(1, 208) = 16.37, p < 497 

.001, with no reliable difference between conditions, p = .162. Overall, Self-Authorship did not 498 

differentially alter analytic language, emotional valence, or anxiety-related language relative to 499 

Control. 500 

 501 

Discussion 502 

The present study asked whether reinterpreting an autobiographical memory of academic 503 

uncertainty changes how that same episode is described one week later. The lead finding is that 504 

Self-Authorship reframing reduced the tentative language participants used when they later 505 

described the same memory of academic uncertainty, whereas tentative language did not reliably 506 

change following the Control reframe. Two results are consistent with a change in how participants 507 

described their memories: first, we found no difference in the rate of reframe vocabulary that 508 

reappeared in both conditions at the second memory description, but we did find that tentative 509 

language declined only after Self-Authorship reframing; second, we also found that the interaction 510 

between condition and session remained statistically significant and nearly unchanged in effect 511 

size after each memory’s novel reframe vocabulary was removed from its Session 2 narrative. 512 

Because novel vocabulary excluded stop-words and words the participant had already used, this 513 

removal does not rule out the reuse of tentative words that also appeared in the reframes. The 514 

reduction in tentative language at the later recall appears to be an effect of Self-Authorship 515 

reframing on how participants expressed uncertainty about these memories, although the present 516 

design does not establish the precise mechanism through which it occurred. 517 

The lexical intrusion results further suggest that reframe content remained tied to the 518 

memory it addressed: LLM-generated vocabulary intrusion exceeded both the between-participant 519 
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comparison and the comparison drawn from each participant’s other reframes. This specificity 520 

suggests that there was more than a general shift in participants’ writing style, but it leaves open 521 

how Self-Authorship reframing reduced tentative language. Participants may have reorganized 522 

their understanding of the uncertainty, as the adult developmental literature account predicts 523 

(Kegan, 1994). Alternatively, because Self-Authorship reframes contained substantially less 524 

tentative language than Control reframes, participants may have incorporated less tentative 525 

phrasing by using their own words inspired by the LLM agent reframe.  526 

These results are consistent with a broader literature that shows how information 527 

encountered after an event can influence how that event is later remembered. Post-event 528 

information can be seen in later reports of an experience (Loftus, 2005), and retrieval of an event 529 

prior to receiving new information can increase the probability that the new information will be 530 

incorporated into memory (Chan et al., 2009). Additionally, research on retelling also 531 

demonstrates that later memory relies upon not only on which details are rehearsed, but also on 532 

the perspective used to organize the retelling (Marsh, 2007). Specifically, Tversky and Marsh 533 

(2000) showed that using a biased perspective while retelling an event affected later recall even 534 

when the retelling included little specific information from the original event. Reappraisal may 535 

also have effects that persist over time. Denny et al. (2015) found that responses remained altered 536 

for one week later for stimuli participants had previously reappraised, but not for similar or novel 537 

stimuli that were exposed in the same manner. Collectively, this work illustrates that later 538 

remembering can include information introduced after an event, what is rehearsed during retrieval, 539 

and the perspective utilized to interpret the experience. The present study extends this work to 540 

autobiographical memories of academic uncertainty by evaluating whether changing how 541 

participants interpret uncertainty is reflected when they later describe that same experience. 542 

The results also inform how generative AI agents function within educational contexts. 543 

One week after a single session, words generated by an agent for a specific memory were present 544 

when students later reported that memory in both conditions and at similar rates. This supports 545 

evidence that conversational agents can impact what individuals later report remembering (Chan 546 

et al., 2024; Pataranutaporn et al., 2025) and extends the findings beyond episodic details to 547 

students’ descriptions of their own academic experiences. An agent’s interpretation of a student’s 548 

uncertainty persists outside the interaction that created it, as evidenced by its appearance in the 549 
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student’s later description of the experience. Whether that is advantageous or not partly depends 550 

on what the agent was instructed to do. Both conditions used the same model and the prompting 551 

format and left similarly sized lexical traces, however, only the Self-Authorship procedure resulted 552 

in reduced tentative language. The difference between the two conditions was the instruction 553 

customization of each LLM agent rather than access to the agent, which is consistent with evidence 554 

indicating that the learning effects associated with LLM assistance depend on the constraints 555 

placed on it (Bastani et al., 2025; Kestin et al., 2025).  556 

Concerns related to generative AI in education revolve around students offloading 557 

cognitive labor and retaining less of it (Darvishi et al., 2024; Fan et al., 2025; Grinschgl et al., 558 

2021; Kosmyna et al., 2025). The outcome measured in the present study was unassisted memory 559 

description one week following the removal of the LLM agent. The reduction in tentative language 560 

survived withdrawal of LLM agent wording, which suggests that the effect was carried by the 561 

students' own language. This finding does not mean that students fully adopted the self-authorship 562 

perspective within their own thinking. However, it does indicate that the effect was not dependent 563 

on the LLM agent’s language alone or on its continued presence in the experiment. 564 

Simultaneously, the results seen from the Control condition provides a cautionary note. An LLM 565 

agent that simply repeated students’ uncertainty without adaptively reinterpreting it also led to 566 

lexical intrusions at a similar rate as did the Self-Authorship condition, but it did not result in a 567 

reduction in tentative language. When agents serve as socio-emotional companions, repeating a 568 

student’s academic difficulty appears to preserve their sense of uncertainty as strongly as before, 569 

which highlights the need to consider how an agent is designed and engineered to interact with 570 

students.  571 

Additionally noteworthy, the Self-Authorship condition did not produce a greater increase 572 

in positive emotion or positive tone, or a greater decrease in negative emotion or negative tone 573 

than the Control condition. This distinguishes the tentative language finding from the valence 574 

change reported by Speer et al. (2021), whose positive-meaning intervention increased positive 575 

emotion and positive content in later recollections. In our study, negative emotion and negative 576 

tone instead increased across sessions in both conditions. Anxiety-related language also increased 577 

across the sample. The increase was numerically smaller following the Self-Authorship reframe, 578 

but the interaction was not significant and does not provide reliable evidence that anxiety changed 579 
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differently between conditions, nor that the Self-Authorship reframe attenuated anxiety language. 580 

Analytic language also did not demonstrate a statistically significant condition-specific change. 581 

While these findings are not statistically reliable, they may be explained by the Constructive-582 

Developmental definition of self-authorship, whose cultivation is expected to affect how 583 

individuals interpret their memories rather than necessarily influence the valence of their memories 584 

(Baxter Magolda, 2008). 585 

There are other possible explanations for this reduction in tentative language. The most 586 

direct is that the conditions also differed in more than the generated reframe. Both groups received 587 

personalized LLM-generated responses, retyped a selected response, and completed the same 588 

number of elaboration steps. However, the content of those elaboration prompts differed. They 589 

varied in valence, temporal orientation, and the kinds of reflection and action they asked 590 

participants to consider. The more encouraging Self-Authorship prompts could have led 591 

participants to describe their memories more positively, with less tentative language as a by-592 

product. The lack of a condition-specific change in emotional valence suggests that the Self-593 

Authorship procedure did not produce this shift. The study cannot determine how much of the 594 

observed difference came specifically from the generated Self-Authorship reframe rather than 595 

different features embedded in the nature of the two reframes. 596 

The Session 2 retrieval procedure provides another possible explanation. Participants 597 

received the same memory cue they had encountered during Session 1, which may have 598 

inadvertently reinstated the context in which they had previously encountered the reframe. In an 599 

eyewitness-memory study, mentally reinstating the context in which misleading information had 600 

been presented increased susceptibility to that information on a recognition test one week later 601 

(Roebers & McConkey, 2003). In our current experimental design, due to the repetition of the cue 602 

in both conditions, reinstatement can account for why reframe vocabulary was accessible in 603 

Session 2, however, it cannot solely explain why tentative language decreased only in the Self-604 

Authorship condition. Re-use of reframe vocabulary does not necessarily imply that participants 605 

recalled the original event differently. Participants may have intentionally used a later 606 

interpretation to describe the event instead of recalling that interpretation as something they had 607 

thought or felt when the event occurred. This issue relates to source monitoring, which refers to 608 

determining whether information is derived from an individual’s own experience or from 609 
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something encountered after the event (Johnson et al., 1993). Since we did not ask participants to 610 

judge the source of their memories, the occurrence of LLM-generated vocabulary intrusions 611 

establishes that the reframe content was incorporated into their subsequent memory descriptions, 612 

but this does not confirm that they experienced it as part of the original memory. We are unsure of 613 

the underlying mechanism of their memory description change given that we did not ask 614 

participants about the source of the language they used in Session 2.  615 

The interaction between condition and session predicting tentative language remained 616 

significant after excluding narratives shorter than 25 words, strengthening confidence that the 617 

effect was not driven by unstable scores in very short texts. Together, the findings show that brief 618 

Self-Authorship reframing can change how students describe academic uncertainty one week later. 619 

The effect persisted after removing words identified as reused from the reframes. Given evidence 620 

that how people remember academic experiences can influence their subsequent task appraisals 621 

and performance (Selimbegović et al., 2011; Selimbegović et al., 2016), reduced expression of 622 

uncertainty during recall may have implications for how students appraise and perform on later 623 

academic tasks. Future research should test whether Self-Authorship reframing affects these 624 

outcomes and whether any effects are associated with reductions in tentative language at recall. 625 

Several limitations restrict what we can conclude from this study. First, our sample was 626 

small and consisted solely of students from a single university. Our sample was also homogenous 627 

with regards to age and educational context. Given these constraints, the precision of our estimates 628 

is limited and it is unclear whether similar patterns will emerge among older students, students 629 

attending different educational institutions, or individuals experiencing varying types of 630 

uncertainty. Larger studies with more diverse samples are required to determine how widely these 631 

findings apply. 632 

Second, the lexical incorporation measure captures only one type of similarity between a 633 

reframe and a later memory description. In our analysis, we stemmed the content words from both 634 

the reframe and the later memory description and searched for identical word forms across the two 635 

texts. While this method can identify direct reuse and closely related forms of the same word, it 636 

cannot detect a paraphrase using entirely new vocabulary. An individual could adopt the meaning 637 

of a reframe using entirely new vocabulary and receive no credit for doing so. Conversely, an 638 

individual could use a word form that appeared in a previous reframe but have it contain an entirely 639 
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different meaning in their later memory description. Future research could combine lexical 640 

matching with semantic similarity measures and human coding to distinguish between direct word 641 

reuse, paraphrased incorporation, and broader changes in how participants interpret their 642 

memories. 643 

Third, since each LLM-generated reframe was created specifically for each participant and 644 

memory, the reframes varied across participants and memories. Personalization was an intentional 645 

aspect of the intervention, but it also implies that participants received neither identical language 646 

nor identical amounts of each self-authorship component. We did observe a clear difference 647 

between conditions in terms of the amount of tentative language present in the generated reframes, 648 

however, the present study cannot determine which characteristics of those reframes contributed 649 

to later changes. Future studies could standardize reframe length and structure while manipulating 650 

specific self-authorship components. Reframe content and elaboration instructions could also be 651 

manipulated independently to evaluate the relative contributions of each aspect of the reappraisal 652 

task. Some questions cannot be answered within this experimental design. Specifically, the study 653 

cannot establish whether a general positive reframe would produce an equivalent reduction in 654 

tentative language as the Self-Authorship reframe. 655 

Finally, we studied how participants subsequently described their memories rather than 656 

whether the intervention influenced their behavior or generalized to new experiences. We do not 657 

know whether participants behaved differently when they later encountered academic uncertainty, 658 

whether they applied their reinterpretation to a new incident, or whether they maintained the effects 659 

for longer than one week. Investigating these questions would necessitate behavioral outcomes, 660 

new memories that were not directly reframed, and extended follow-up periods. Future studies 661 

could also inquire about participants' perceptions regarding the origin of certain ideas expressed 662 

in their later memory descriptions and manipulate retrieval cues employed during follow-up. These 663 

measures would assist us in determining whether reframe content became part of how participants 664 

remembered the incident, remained accessible as a distinct interpretation thereof, or was retrieved 665 

because of the Session 2 procedure prompting participants to recollect the prior exercise. 666 

A reframe generated by an LLM agent after participants recalled an episode of academic 667 

uncertainty was still evident when they described that same memory one week later. Participants 668 

reused vocabulary that had been introduced specifically for that memory, and participants in the 669 
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Self-Authorship condition described their memories with less tentative, uncertain language than 670 

they had in Session 1. The memories did not become more positive in emotional valence relative 671 

to the Control condition. The findings suggest that a recently adopted interpretation of memories 672 

of academic uncertainty can remain present when a specific autobiographical experience is later 673 

described. This extends prior work on memory updating by showing that later recall may reflect 674 

not only new information about an event, but also a new way of expressing oneself in relation to 675 

the experience. The study also identifies a tractable method to test this process at the level of 676 

individual autobiographical memories by combining memory-specific reframing, delayed recall, 677 

linguistic change, and lexical incorporation. Future work can build on this design to test whether 678 

these changes persist over longer intervals, generalize to new experiences of uncertainty, and 679 

influence how students respond when uncertainty arises again. More broadly, the findings point to 680 

autobiographical memory as a promising target for interventions designed to change how learners 681 

make sense of difficult academic experiences. For generative AI agents in education, the findings 682 

show that a brief interaction with an instructed agent can change how learners later describe 683 

academic uncertainty. Delayed recall combined with lexical tracing offers a way to evaluate an 684 

LLM agent’s influence on students’ academic memories. 685 
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Data Availability 686 

The de-identified data that support the findings of this study are available on Figshare at 687 

https://figshare.com/s/6172d39eac7ca378d7ca: participant-level ratings and reframe-selection 688 

responses, LIWC-22 scores for every memory narrative (original and with novel reframe words 689 

removed) and every selected reframe, lexical intrusion scores by memory, and the demographic 690 

summary in Table 1. Narratives, free-text responses, the LLM-generated reframes, row-level 691 

demographics, timestamps, and study identifiers are withheld to protect participants and are 692 

available from the corresponding author on reasonable request. 693 

Code Availability 694 

A Quarto document (reproduce_results.qmd) that reproduces each reported statistic, table, and data 695 

figure from the deposited data, including the mixed-effects models, the lexical intrusion tests, and 696 

the reframe-vocabulary removal analysis, is available at 697 

https://figshare.com/s/6172d39eac7ca378d7ca with a rendered copy. The scripts that computed the 698 

lexical intrusion scores and the reframe-word-removed narratives from the raw text are available 699 

from the corresponding author on request because they require the withheld narratives. 700 
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Tables and Figures 899 

Table 1. Participant Demographics by Condition. 900 

Characteristic Overall 
(N = 42) 

Self-Authorship 
(n = 22) 

Control 
(n = 20) 

Age    

M (SD) 19.6 (1.2) 19.7 (1.3) 19.6 (1.1) 

Range 18–22 18–22 18–21 

Gender    

Man 10 (23.8%) 5 (22.7%) 5 (25.0%) 

Woman 32 (76.2%) 17 (77.3%) 15 (75.0%) 

Race/Ethnicity    

Asian 17 (40.5%) 9 (40.9%) 8 (40.0%) 

Asian, White 1 (2.4%) 0 (0.0%) 1 (5.0%) 

Black or African American 3 (7.1%) 2 (9.1%) 1 (5.0%) 

Prefer not to answer 2 (4.8%) 1 (4.5%) 1 (5.0%) 

White 19 (45.2%) 10 (45.5%) 9 (45.0%) 

Hispanic/Latino    

No 34 (81.0%) 17 (77.3%) 17 (85.0%) 

Prefer not to answer 1 (2.4%) 1 (4.5%) 0 (0.0%) 

Yes 7 (16.7%) 4 (18.2%) 3 (15.0%) 

Grade/Year    

First Year 18 (42.9%) 11 (50.0%) 7 (35.0%) 

Second Year 5 (11.9%) 2 (9.1%) 3 (15.0%) 

Third Year 12 (28.6%) 5 (22.7%) 7 (35.0%) 

Fourth Year 7 (16.7%) 4 (18.2%) 3 (15.0%) 

Note. Includes only participants who completed both sessions. Values are n (%) unless otherwise 901 
indicated. 902 

 903 

Table 2. Narrative Word Counts by Condition and Session. 904 

Condition Session Participants Narratives M SD Min Max 

Self-Authorship Session 1 22 110 75.7 27.0 25 182 

Self-Authorship Session 2 22 110 67.0 27.7 21 165 

Control Session 1 20 100 80.9 33.8 23 207 

Control Session 2 20 100 68.8 26.2 11 135 

Note. Word counts are LIWC-22 word counts (WC) for each memory narrative. Each participant 905 
contributed five narratives per session. Ten narratives (2.4%) contained fewer than 25 words; see 906 
Supplementary Table 2 for the analysis excluding them. 907 
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 908 

Table 3. Descriptive Statistics for LIWC-22 Language Variables by Condition and Session. 909 

Language variable Self-Authorship 
Session 1 

Self-Authorship 
Session 2 

Control 
Session 1 

Control 
Session 2 

Tentative language (tentat) 3.54 (2.91) 2.87 (2.40) 3.08 (2.48) 3.43 (2.99) 

Analytic language (Analytic) 36.95 (25.75) 36.41 (26.82) 40.01 (24.46) 32.78 (28.17) 

Anxiety language (emo_anx) 0.42 (0.78) 0.64 (1.13) 0.30 (0.77) 0.75 (1.28) 

Positive emotion (emo_pos) 0.45 (0.87) 0.35 (0.69) 0.54 (0.98) 0.53 (1.14) 

Negative emotion (emo_neg) 0.83 (1.19) 1.34 (1.63) 0.66 (0.97) 1.24 (1.63) 

Positive tone (tone_pos) 1.79 (1.76) 1.72 (2.02) 2.00 (1.84) 1.98 (1.77) 

Negative tone (tone_neg) 1.31 (1.54) 2.02 (1.84) 1.23 (1.22) 1.74 (1.93) 

Note. Values are means with standard deviations in parentheses, computed across memory narratives 910 
(Self-Authorship: n = 22 participants, 110 narratives per session; Control: n = 20 participants, 100 911 
narratives per session). Tentative, anxiety-related, emotion, and tone scores are LIWC-22 912 
percentages of words; Analytic is the LIWC-22 summary score (0–100). 913 

 914 

Table 4. Post-Intervention Ratings by Condition. 915 

Measure Self-

Authorship 
M (SD) 

Control 
M (SD) 

Mean 

diff. 
t(df) p d 

Reframe Helpfulness 4.13 (1.07) 2.95 (1.12) 1.18 3.48 (39.2) .001 1.08 

Elaboration Helpfulness 4.48 (1.00) 3.13 (1.03) 1.35 4.31 (39.4) < .001 1.33 

Examined & Changed 

Assumption 
4.03 (1.03) 2.72 (1.02) 1.31 4.13 (39.7) < .001 1.27 

Concrete Next Steps 4.49 (1.03) 2.81 (0.97) 1.68 5.42 (39.9) < .001 1.67 

Note. Self-Authorship n = 22; Control n = 20. Values are means with standard deviations in 916 
parentheses. Mean diff. = Self-Authorship − Control. p values are from Welch t tests; d = Cohen’s d. 917 

 918 

 919 

 920 

 921 

 922 

 923 

 924 
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Table 5. Linear Mixed-Effects Model of Tentative Language by Condition and Session. 925 

 926 

Effect b (SE) t (df) p Type III F (df) p 

Intercept 3.08 (0.30) 10.14 (77.0) < .001 — — 

Condition (Self-Authorship vs. 

Control) 
0.46 (0.42) 1.10 (77.0) .276 0.02 (1, 40) .894 

Session (Session 2 vs. Session 

1) 
0.35 (0.33) 1.07 (208) .286 0.48 (1, 208) .487 

Condition × Session −1.02 (0.45) −2.25 (208) .026 5.04 (1, 208) .026 

Note. LIWC-22 tentative language (percentage of words) modeled as tentat ~ Condition × Session + (1 | 927 

participant) + (1 | participant:memory), fit by restricted maximum likelihood (N = 420 narratives; 210 928 

memories; 42 participants). b = unstandardized coefficient with Control and Session 1 as reference levels; 929 

t and Type III F tests use Satterthwaite degrees of freedom. Random-effect variances (SD): memory 930 

within participant 1.52 (1.23); participant 0.47 (0.68); residual 5.35 (2.31); REML criterion 2008.3. 931 

Standardized by the model-implied total standard deviation (2.71), the Condition × Session coefficient 932 

equals −0.37. 933 

 934 

Table 6. Reframe Lexical Intrusion Analysis. 935 

 936 

Analysis 
Group / 

Comparison 
Above-Chance Gap t(df) p d BF10 

Other-person chance 

baseline 
All participants +1.54 percentage points 3.23 (41) .002 0.50 13.5 

Own-other-memory 

chance baseline 
All participants +0.96 percentage points 2.16 (41) .036 0.33 1.4 

Other-person chance 

baseline 
Control +2.08 percentage points 2.45 (19) .024 0.55 2.5 

Other-person chance 

baseline 
Self-Authorship +1.06 percentage points 2.16 (21) .042 0.46 1.5 
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Analysis 
Group / 

Comparison 
Above-Chance Gap t(df) p d BF10 

Between-condition 

comparison, other-

person baseline 

Control vs. Self-

Authorship 
+1.02 percentage points 1.04 (30.74) .305 — — 

Between-condition 

comparison, own-

other-memory 

baseline 

Control vs. Self-

Authorship 
+0.06 percentage points 0.06 (33.83) .951 — — 

Note. Positive values indicate that vocabulary from the participant’s assigned reframe appeared in the 937 

corresponding Session 2 memory description more often than expected from the specified chance 938 

baseline. For the between-condition comparisons, the mean above-chance rates were .0208 in Control and 939 

.0106 in Self-Authorship against the other-person baseline, 95% CI for the mean difference [−.0097, 940 

.0301], and .0099 in Control and .0093 in Self-Authorship against the own-other-memory baseline, 95% 941 

CI [−.0180, .0191]. 942 

 943 

 944 

 945 

 946 
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Figure 1. Post-Intervention Rating Distributions (Session 1). 947 

 948 

Note. Distributions of four post-intervention ratings collected immediately after the Session 1 949 
reframing exercise, by condition (Self-Authorship, n = 22; Control, n = 20): rated helpfulness of the 950 
reframe, rated helpfulness of the elaboration, the degree to which participants examined and changed 951 
their assumptions about the uncertainty event, and the degree to which participants generated 952 
concrete and doable next steps. Each panel shows the distribution (violin), the interquartile range 953 
(box), and individual scores; diamonds denote group means. 954 

 955 

 956 

 957 
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Figure 2. Tentative Language Change (Session 1 to Session 2). 958 

 959 

Note. Mean within-memory change (Session 2 minus Session 1) in the LIWC tentative word category 960 
(tentat) for the Self-Authorship and Control conditions. Points are participant means across the five 961 
memories; bars show condition means; error bars denote ±1 SE across participants. 962 
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Figure 3. A Diagram of the LLM-Generated Lexical Intrusion Analysis. 963 

 964 

Note. Schematic of the lexical intrusion analysis. a, For each memory, the observed intrusion rate is 965 
the proportion of novel stems from that memory’s own reframe that reappeared in the Session 2 966 
narrative. It was evaluated against two comparison points: the same participant’s other four reframes, 967 
which control for individual vocabulary and task context, and 20 randomly sampled reframes from 968 
other participants, which control for vocabulary shared across the study. b, For each participant, the 969 
difference between the own-reframe rate and each comparison rate was averaged across the five 970 
memories and tested against zero. c, A positive average indicates that intrusion from a memory’s 971 
own reframe exceeded the comparison. 972 

 973 

 974 
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Figure 4. Reframe Lexical Intrusion by Condition and Chance Baseline. 975 

 976 

Note. Participant-level mean rate, in percentage points above chance, at which novel vocabulary from 977 
each memory’s own reframe reappeared in the corresponding Session 2 narrative, relative to the 978 
other-person baseline (left) and the own-other-memory baseline (right), by condition (Self-979 
Authorship, n = 22; Control, n = 20). Points are individual participants; bars show condition means, 980 
printed above each bar; error bars denote ±1 SE; the horizontal line at 0 marks chance. 981 
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