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Highlights

What are the main findings?

e  Dental students’ initial attempts at motivational interviewing (MI) skills showed that
80% gave advice or tried to fix the patient’s problem instead of drawing out the
patient’s own reasons for change; about one-third of students still struggled with this
after instruction.

e  After brief MI skill instruction, students fell into three groups. Two-thirds picked up
the MI skills quickly. The remaining third split into two groups with distinct error
patterns, and those patterns predicted summative performance.

What are the implications of the main findings?

e  Artificial Intelligence (AI) personalized the MI portion of a behavior-change course for
healthcare providers (four lectures plus four hours of small-group practice for 437 stu-
dents) by transcribing handwritten MI enactment attempts; scoring them; delivering
next-day individualized feedback; generating interactive Al-practice prompts tailored
to individual students’ needs; and coding nearly 7000 responses for research. Al can
code at scale with high agreement with the gold standard.

e Al coding of student errors diagnosed specific changes needed in teaching MI, as
some mistakes disappear with brief instruction, but others (the urge to give advice,
responding to the sustain talk portion of patient statements, and giving deficient
affirmations) require repeated, structured practice on individual skill components.

Abstract

Background/Objectives: We analyzed 6555 written motivational interviewing (MI) skill
attempts from 437 second-year dental students to (a) construct an inductive taxonomy
of skill-enactment errors, (b) test whether error prevalence decreased after instruction,
and (c) determine whether formative-error profiles predicted summative performance.
Methods: We used a mixed-methods design. Students responded to patient prompts using
specific MI skills (open-ended questions, affirmations, and reflections; 4 per skill) after
brief instruction (T1) and during a midterm examination (T2; 3 items). Claude Artificial
Intelligence (Al) performed initial coding using a qualitative constant-comparison protocol;
the code registry reached saturation at n = 200. Five independent human coders validated
the Al-generated codes. Results: Claude Al coded MI skill attempts with high agreement
with the gold standard (linearly weighted kappa = 0.93). The two most prevalent (of seven
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derived) errors at T1 were the fixing reflex (advising or correcting the patient; 79%) and
responding to or eliciting sustain talk (75%). All error types decreased significantly by T2
(ps < 0.001). Structural errors (e.g., wrong form) fell below 8%, whereas the fixing reflex
(16%) and sustain-talk responding (52%) proved more durable. Latent profile analysis
identified three groups: Attuned (64%; hallmark: successful enactment), Misaligned (17%;
hallmark: fixing reflex), and Unanchored (18%; hallmark: generic responding). Misaligned
students scored significantly lower at T2; Unanchored students matched the Attuned group.
Conclusions: Structural errors yield to standard teaching, whereas the fixing reflex and
sustain-talk responding require deliberate practice focused on subcomponents of affirming
and reflecting. Al made it possible to provide individualized, criterion-referenced feedback
to 437 students and to systematically code nearly 7000 responses.

Keywords: motivational interviewing; dental education; deliberate practice; artificial
intelligence; constructivist grounded theory; error taxonomy; latent profile analysis; com-
munication skills training; OARS skills; fixing reflex

1. Introduction

Healthcare providers have traditionally relied on information provision and clinical
recommendations to modify patients” health-related behaviors [1]. Although providers
are trying to be helpful, research indicates such offers are ineffective for most patients
because (a) they presume that patients lack information they typically already possess,
(b) longstanding behaviors are harder to change and rarely stem from information deficits
anyway, (c) knowing and doing are entirely separate domains, and (d) health behavior
change involves multiple biological, psychological, and social factors rather than a simple
know-commit-change self-regulation process [2-5].

Even though clinicians typically try to confront, warn, or advise patients out of a
sincere desire to improve their health, research documents that such attempts ironically
backfire, making patients more likely to voice why change is undesirable, unnecessary,
or impossible [6]. Motivational interviewing [7] (MI) was developed as a corrective to
provider-directed change. Ml is “a [collaborative] way of talking with people about change
and growth to strengthen their own motivation and commitment” [7] by listening to
and amplifying patients” own reasons for change in an atmosphere of partnership and
acceptance. Meta-analyses have demonstrated that Ml is effective across a wide range of
health concerns, including oral health issues [8-11].

1.1. Training Healthcare Providers in MI

For healthcare professionals, MI training could borrow the tagline of 1970s advertise-
ments for the board game Othello: “A minute to learn. . . a lifetime to master.” Understand-
ing MI's purpose, concepts, and skill descriptions is straightforward. However, enacting
them with both the overarching “MI spirit” elements and the skills” nuance requires consid-
erable communication dexterity. Systematic reviews and meta-analyses [12,13] comprising
studies across healthcare (e.g., psychology, medicine, dentistry, nursing) indicate that MI’s
basic communication skills (open-ended questions/prompts, affirming, reflecting, summa-
rizing; OARS) are feasibly teachable in healthcare curricula. A systematic review [13] in a
similar context to dental school (graduate medical education) reported that, compared with
brief didactic instruction, intensive, experiential approaches (e.g., role plays, standardized
patients, direct observation in clinical settings, objective structured clinical examinations)
resulted in better learning and maintenance of MI skills.
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In contrast, dental school curricula on clinical communication and the behavioral
aspects of patient care are often limited to didactic lectures and multiple-choice exami-
nations [14]. Some of these programs may include some behavioral science instruction;
only one-third of U.S. dental schools offer classes in patient communication [15], despite
longstanding recognition of the importance of “soft” skills in dentistry (including student
competence requirements 2-16, 2-17, and 2-20 set by the Commission on Dental Accredita-
tion). Providing opportunities for active practice of communication skills is increasingly
recognized as both fundamental and neglected in dental education [14]. The extensive and
expensive requirements of dental training preclude expanding pre-existing curricula to
accommodate the development of soft skills [16].

Thus, dental educators have proposed time-limited, workshop-based interventions
for communication skills practice [15,16]. Deliberate practice [17], a training model derived
from research on the development of expertise [18], shows promise as an efficient approach
to skill acquisition and is increasingly used in the training of behavioral intervention
skills [19,20]. It involves operationalizing target skills (e.g., reflecting patient statements in
an empathic manner that elicits change talk) into enumerated criteria across proficiency
levels (e.g., beginner, intermediate, advanced) [21]. Individuals practice the target skill in
response to a requisite patient prompt, receive real-time expert feedback aligned with the
skill criteria, and repeat the attempt [21]. Unlike traditional training in healthcare com-
munication, deliberate practice targets specific skills and refines individual performance
through structured feedback and repetition until a trainee achieves a predefined level of
competency [22]. Deliberate practice has been piloted as a means of teaching communica-
tion skills to medical residents [23] and MI skills to undergraduates [24]. Research suggests
it can facilitate more efficient and effective learning of communication skills, as well as
greater student self-efficacy, than typical training for healthcare professionals [23,25,26].

1.2. Study Aims and Research Questions

Deliberate practice requires both operationalizing key skills and a careful task analysis
with enumerated criteria for beginner, intermediate, and advanced enactment. Although
MI’s foundational skills (OARS) are enumerated, little work has examined the initial skill
enactment of healthcare students, including the errors made and whether such errors are
interrelated. The first critical question to guide better deliberate-practice instruction is, “When
students attempt OARS skills, what do they produce?” Qualitative studies have examined
neophytes’ self-reported difficulties with MI, such as confusing MI with persuasion [27] and
clinging to practitioner-directed solutions [28-30]. Although useful as sensitizing concepts for
a grounded-theory examination of error themes [31], these studies do not provide sufficient
information to guide deliberate practice for beginners. A few studies have examined actual
MI output (e.g., archetypal student responses [32], macro-level coding of dental student
reflections on attempting MI skills [33]), but no research has systematically coded a large set
of students’ formative and summative MI skill attempts to construct an empirically grounded
classification of errors that in turn guides deliberate practice.

This study addresses this gap by using constructivist grounded theory [31,34] to
analyze 6555 written MI skill responses to patient prompts produced by 437 dental students
across two time points: (T1) 40-student small groups in which OARS skills were introduced
and tried via deliberate practice, and (T2) a midterm examination several weeks later that
served as the summative assessment. Given the number of responses to score, initial coding
was Al-assisted under human oversight, with an independent human overlap sample; the
human interpretive work was concentrated in protocol design, adjudication, and registry
construction. The aim was to build an inductive taxonomy of skill-enactment errors. We
then examined whether error prevalence shifted after initial instruction, whether students
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clustered into identifiable profiles based on their pre-instruction error patterns, and whether
those profiles differentially impacted summative performance. Thus, we sought to answer
three research questions:

e RQ1: What types of errors do dental students produce in their initial attempt at
using MI skills (OARS)? This question was addressed through Artificial Intelligence
(Al)-assisted initial coding of all 6555 responses using a detailed qualitative protocol
followed by human coder validation.

e RQ2: Does the prevalence of each error type change between T1 (initial instruction)
and T2 (midterm summative examination several weeks later)? It was expected that,
on average, students would demonstrate improvement over time, making significantly
fewer errors by their midterm assessment.

o  RQ3: Do students fall into distinct error profiles at T1, and do those profiles predict
T2 performance? Latent profile analysis was used to identify subgroups of students
defined by their constellations of T1 errors, then to test whether profile membership
predicted midterm performance, whether each group’s hallmark errors persisted or
resolved by T2, and whether error rates at T2 continued to differentiate the profiles.
Given the limited research in this area, no specific predictions were made regarding
how many subgroups would emerge or how emergent groups would differ at T2.
Thus, this aim was largely considered exploratory.

Al played two indispensable roles in this work: (a) it scored over 10,000 MI skill
attempts with criterion-referenced, individualized feedback, and (b) it made feasible the
systematic qualitative coding of 6555 of those attempts.

2. Materials and Methods
2.1. Study Design

This study used a mixed-methods design integrating qualitative and quantitative
elements. The qualitative element employed constructivist grounded theory, an inductive
qualitative analysis approach [31], to develop a descriptive taxonomy of MI skill-enactment
errors among dental students. The analytic strategy followed an initial coding phase
designed to remain close to the data (i.e., generating process codes focused on active,
fluid experiences [31] that described what students did in their responses rather than
applying predetermined categories). The taxonomy addresses a methodological gap in the
MI training literature: although prior qualitative studies have examined practitioners’ self-
reported difficulties with MI [35,36], no published study has systematically analyzed actual
skill output to construct an empirically grounded error classification. The quantitative
element, described in Section 2.5, examined error prevalence across the two time points
and used latent profile analysis to identify student subgroups.

2.2. Participants and Data Source

Participants comprised 437 second-year dental students enrolled in a course on the
principles of behavior and behavior change; about a third of the course is focused on
effective doctor—patient communication (including MI). The inclusion criterion was enroll-
ment in the course (required of all second-year dental students). Thus, this anonymized,
archival study included the entire student cohort (N = 437). Three students were absent
from the midterm because of illness; they contributed no T2 data (T2 N = 434). T1 data
were complete for all 437 students. The 15-lecture course includes four lectures on MI
and two MI deliberate-practice small groups (about 36—40 students; 110 min each). This
paper focuses on the OAR skills from the first small group. All students completed two
assessments that asked them to provide a free response using specified MI skills in response
to a patient prompt. Students completed a pre-instruction speed round (T1, administered
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during Small Group 1) and a post-instruction midterm examination (T2). The average time
between T1 and T2 was 26.92 days (SD = 6.9; range 15-36 days).

The small group comprised (a) a brief MI overview, (b) a brief introduction to a requisite
skill (e.g., open-ended questions) including positive and negative examples, (c) a speed round
comprising four instructor-read patient prompts to which students handwrote their attempt
at the skill (e.g., open-ended question), with the instructor using a random-number list to call
on two students to share responses aloud after the second and fourth attempts, (d) a recorded
exemplar of a dentist-patient interaction modeling the skill (e.g., open-ended questions), and
(e) a deliberate-practice round during which students would break into groups of three and
take turns being the dentist, the patient, and an observer (to allow each student to practice the
skill while enacting distributed clinical scenarios). The entire cycle was repeated over three
rounds, facilitating student learning and practice of three separate MI skills (i.e., open-ended
questions, affirming statements, and reflecting statements). The speed round was a low-stakes
formative assessment (i.e., students received credit for good-faith responses). The midterm,
in contrast, was a high-stakes summative assessment (i.e., graded on the quality of their
response). Together, these assessments produced 15 free-response items per student (i.e., 12 at
T1 and 3 at T2) for a total of 6555 responses.

Microsoft Copilot Al (‘Think Deeper’ mode) transcribed handwritten responses from
small groups. Claude Al scored them using criterion-referenced rationales and generated
individualized written feedback, which was emailed to students within 24 h (Sonnet 4.6
for small-group and practice-exam scoring and feedback; Opus 4.6 for midterm scoring,
feedback, and the qualitative coding reported below). Transcription, scoring, individualized
feedback, and qualitative coding thus constituted a single Al-assisted workflow; Section 4.1
describes how each function operated.

The two-model allocation within the Claude family was deliberate. Claude Opus 4.6
was used where instruction-following on long rubrics and stability mattered most: midterm
scoring, midterm feedback, and the qualitative coding reported here. Claude Sonnet 4.6
(faster and less costly per call) handled the simpler T1 speed-round and practice-exam
scoring tasks.

This study was conducted in full compliance with U.S. educational privacy regulations
(i.e., The Family Educational Rights and Privacy Act) and was classified as exempt by the
New York University Institutional Review Board. No personally identifying information
appeared in any analytic file.

2.3. Instruments
2.3.1. Speed Round (T1)

The speed round comprised 12 items spanning three MI skill domains: open-ended
questions (4 items), affirmations (4 items), and reflections (4 items). Each prompt repre-
sented a brief patient statement drawn from common patient-dentist interactions and asked
the student to produce the specified MI skill. Patient scenarios varied in emotional content,
the ratio of change talk to sustain talk, and clinical complexity. For example, open-ended
question items ranged from a patient describing barriers to engaging in routine oral health
care (“I know I should brush more, but I'm always running late in the morning”) to a
patient declining necessary dental procedures (“I was supposed to get a root canal, but
my tooth stopped hurting, so I don’t think I need it”). Supplementary Materials File S1
presents the full set of patient prompts.

2.3.2. Midterm Examination (T2)

Three midterm free-response items involved a clinical vignette for “Malia,” who tells
the provider that (a) she cut down her soda consumption from three or four a day to one,
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but (b) was unsure she wanted to stop altogether, rationalizing that daily gym visits and
healthy eating offset the soda. Students responded to prompts asking for an open-ended
question, an affirming statement, and a reflecting statement capturing Malia’s ambivalence.
The vignette had a 5:2 sustain talk/change talk ratio, which created a challenge for students
to discern between the two and emphasize change talk.

2.3.3. Interrater Reliability Procedures

Six human coders (five small-group instructors, namely four Ph.D. clinical psychol-
ogists and one MSW, plus one additional Ph.D. clinical psychologist trained in MI) inde-
pendently scored T1 and T2 subsets, with a total of 678 Claude Al-human scoring pairs
(479 T1, 199 T2) across the three MI skill types. All six received the scoring manual used by
the Al (see File S1).

Coders worked in pairs, one pair per skill, with responses presented in randomized
order and no information about the score group. Sampling was stratified by the Al-assigned
score to ensure every score level was represented; File S3 provides the per-coder quotas
and the procedure for sparse strata.

The gold standard was derived from the Al and human scores rather than assigned
independently of them. Where Claude AI and the human rater agreed on a score, that
agreed-upon score became the gold standard. Where they disagreed, Dr. Heyman adju-
dicated the correct score by reviewing the student’s response alongside both scores and
their scoring rationales, applying the same scoring manual (File S1) used by the Al and the
coders. Each ruling was recorded in a scoring decision log. Claude Al’s self-audit identified
28 cases in which its rationale contradicted its assigned score; these internal inconsistencies
were corrected before adjudication. Adjudication produced 50 corrections to Claude Al's
original scores (8 T1, 42 T2). Reliability statistics were then computed among the human
coders, Claude Al, and the gold standard (Table 1).

Table 1. Scoring Reliability: Linearly Weighted Kappa for Human Coders, Al, and Gold Standard.

Comparison N Kuw 95% CI Exact % MAE

Pooled Humans vs. Claude AI (Opus 4.6) 678 0.34 [0.28,0.39] 425 0.236
Humans vs. Gold Standard 678 0.38 [0.33, 0.44] 46.0 0.225

Claude AI (Opus 4.6) vs. Gold Standard 678 0.93 [0.91, 0.95] 93.2 0.024

T1 Humans vs. Claude AI (Opus 4.6) 479 0.26 [0.19, 0.32] 38.6 0.263
Humans vs. Gold Standard 479 0.28 [0.21, 0.34] 39.9 0.257

Claude Al (Opus 4.6) vs. Gold Standard 479 0.97 [0.96, 0.99] 98.1 0.008

T2 Humans vs. Claude AI (Opus 4.6) 199 0.45 [0.36, 0.53] 51.8 0.170
Humans vs. Gold Standard 199 0.53 [0.44, 0.62] 60.8 0.147

Claude AI (Opus 4.6) vs. Gold Standard 199 0.82 [0.76, 0.87] 81.4 0.063

T1: Open-Ended Question Humans vs. Claude Al (Opus 4.6) 159 0.06 [-0.04, 0.15] 30.8 0.302
Humans vs. Gold Standard 159 0.06 [-0.04, 0.14] 30.8 0.302

Claude AI (Opus 4.6) vs. Gold Standard 159 1.00 [1.00, 1.00] 100.0 0.000

T1: Affirming Humans vs. Claude AI (Opus 4.6) 160 0.24 [0.13, 0.34] 35.0 0.286
Humans vs. Gold Standard 160 0.24 [0.13, 0.34] 35.0 0.286

Claude Al (Opus 4.6) vs. Gold Standard 160 1.00 [1.00, 1.00] 100.0 0.000

T1: Reflecting Humans vs. Claude AI (Opus 4.6) 160 0.45 [0.34, 0.55] 50.0 0.202
Humans vs. Gold Standard 160 0.51 [0.41, 0.61] 53.8 0.183

Claude Al (Opus 4.6) vs. Gold Standard 160 0.92 [0.86, 0.97] 94.4 0.025

T2: Open-Ended Question Humans vs. Claude AI (Opus 4.6) 60 0.62 [0.47,0.76] 66.7 0.092
Humans vs. Gold Standard 60 0.78 [0.66, 0.88] 78.3 0.058

Claude AI (Opus 4.6) vs. Gold Standard 60 0.80 [0.68,0.91] 85.0 0.050

T2: Affirming Humans vs. Claude AI (Opus 4.6) 60 0.54 [0.37,0.68] 60.0 0.138
Humans vs. Gold Standard 60 0.59 [0.42,0.74] 68.3 0.113

Claude Al (Opus 4.6) vs. Gold Standard 60 0.73 [0.59, 0.85] 76.7 0.067
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Table 1. Cont.
Comparison N K 95% CI Exact % MAE
T2: Reflecting Humans vs. Claude AI (Opus 4.6) 79 0.32 [0.21, 0.42] 34.2 0.253
Humans vs. Gold Standard 79 0.39 [0.26,0.51] 41.8 0.241
Claude Al (Opus 4.6) vs. Gold Standard 79 0.85 [0.77,0.92] 82.3 0.070

Note. xy = linearly weighted Cohen’s kappa. CI = bootstrap confidence interval (2000 iterations). Exact %
= percentage of pairs with identical scores. MAE = mean absolute error. OEQ = open-ended question. Gold
standard = Dr. Heyman'’s scoring. T1 = speed round (formative); T2 = midterm (summative). Six human coders
independently scored subsets of student responses (two coders per skill domain at each time point); the Al scored
all responses. T1 open-ended questions and affirming items had no gold-standard corrections (Al vs. Gold
Standard = 1.00). Scores ranged from 0 to 1.0 on most items; the T2 reflecting item used a 0-1.25 scale, with the
highest score indicating excellent reflections that landed on change talk.

2.4. Coding Procedure
2.4.1. Sensitizing Concepts

Initial coding was guided by sensitizing concepts drawn from MI [7] within a con-
structivist grounded theory framework [31]. Four MI conceptual domains structured the
coding: MI Spirit, MI Technique, Selective Responding, and Successful Enactment. File 53
provides the domain definitions and explains how codes emerged from the data and were
mapped to domains.

2.4.2. Artificial Intelligence (Al)-Assisted Coding and Human Coder Validation

Al-assisted coding was implemented with human oversight. Therefore, initial coding
through Al did not replace human judgment. Initial coding was performed using Claude
Opus 4.6 [37], a large language model, with a detailed qualitative coding protocol incor-
porating four foundational MI texts (see File S2). Al coding was used given the scale of
qualitative coding (6555 items) and the need for consistent application of coding criteria
across all items. The Al coder served as the initial analyst; human coders oversaw, cali-
brated, and validated its output throughout. We coded in nine batches, comparing each
new response to the running registry of codes and reviewing the registry at the midpoint
(Batch 5) and at completion (Batch 9). Saturation was reached after Batch 4. The remaining
237 students and 3555 responses produced no new codes, leaving a final registry of 52.
Five independent coders at the master’s or doctoral level then coded an overlap sample
(22 students, 330 items) drawn by stratified random sampling across performance levels;
discrepancies were resolved through a structured consensus process. Full procedural
details, including the coding protocol, batch structure, quality gates, code registry, and
decision log, are provided in File S3.

The scoring instructions used are provided in File S1 (S1.1 for the speed round and
51.2 for the midterm); the qualitative coding instructions are presented in File S2. The
chat-message prompts used to invoke these instructions were brief operational directives
(e.g., “Score the first 50 students on item 1” or “Attached are the speed round and midterm
1 responses”) and carried no methodological content beyond what these files contain.

2.5. Quantitative Data Analytic Strategy

First, to address RQ1, count variables were created in SPSS Version 29 [38] for each
error type within our final taxonomy, reflecting each error’s frequency at T1 (speed rounds)
and T2 (midterm exam). Specifically, simple percentages were used to calculate the propor-
tion of students with at least one instance of each error at each time point. McNemar's test
was then used to examine changes in error frequency between T1 and T2 (RQ2).

Next, to examine the heterogeneity of student errors at T1 (RQ3), a latent profile
analysis (LPA [39]) was conducted in Mplus Version 8.11 [40] using maximum likelihood
estimation with robust standard errors (MLR) to address missingness and non-normality
of the data. Seven of the eight T1 final error types were included as continuous variables
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in our LPA. This decision was guided by several factors. First, each error variable was
examined prior to analysis. Zero proportions were not severe (<50%) for all variables except
“Content Accuracy Errors” (90.4%). Second, visual inspection of variable distributions and
skewness likewise suggested that the majority of error variables were sufficiently continu-
ous in range with small-to-moderate skew (<1.00). Third, an LPA was originally estimated
using a Poisson distribution for count variables but produced inadmissible model solutions
(including class values that are theoretically impossible under a count distribution) and
poor class separation. This suggests that model assumptions for count variables were
poorly suited to our indicators and did not yield stable profile solutions. Thus, because con-
tinuous model specifications produced LPA solutions with greater computational stability
and interpretation of class-specific means [41,42], all variables except “Content Accuracy
Errors” were treated as continuous; “Content Accuracy Errors” was excluded given its
low frequency and near-zero error variance (see Table 2), which also destabilized model
estimation. Final model selection balanced model fit indices, theoretical interpretability,
and profile stability [39]. Fit indices included log-likelihood, AIC, BIC, and SABIC, with
lower values indicating better fit. Entropy, the Lo-Mendell-Rubin likelihood ratio test
(LMR), and the Bootstrapped Likelihood Ratio Test (BLRT) were also evaluated. Higher
entropy (>0.80) indicates greater classification certainty, and significant LMR and BLRT
values indicate that the current model fit is better than that of a model with one fewer
profile (k — 1).

Table 2. Final Error Taxonomy with Code Definitions and Prevalence at T1 and T2.

. N T1 T2 2
Domain and Error Definition (%) (%) X P
Student deployed the requested MI skill with correct
(D) Successful ploy 9
Enactment form, appropriate direction, and patient-specific 413 (94.4%) 396 (90.7%) 4.34 0.037
content.
(B) Incomplete Student identified the correct skill and aimed it
Executign appropriately but omitted a structural element 351 (80.3%) 103 (23.6%) 216.34 <0.001
required for full MI consistency. Near-miss attempts.
Student abandoned the MI skill to advise, educate,
(A) Fixing Reflex confront, or prescribe, inserting the clinician’s agenda 345 (78.8%) 71 (16.2%) 248.43 <0.001
in place of the patient’s.
Student engaged the wrong side of ambivalence,
. eliciting sustain talk through questions or reflecting
(C) Responding . . i
to/Eliciting Sustain barriers when change talk was available. Unified 328 (74.9%) 225 (51.5%) 46.24 <0.001
Talk category spanning directional errors in open-ended
questions and selective responding failures in
reflections.
Student deployed the wrong structural form: closed
question for open, reassurance for affirmation, o o
(B) Form/Tool Error question for reflective statement, or multiple questions 256 (58.6%) 25 (5.5%) 22234 <0.001
for one.
Student positioned the clinician as the reference point
(A) Provider- for the patient’s experience. The patient’s behavior or o o
Centeredness emotion is filtered through the provider’s evaluation 232 (53.1%) 26 (5:9%) 187.61 <0.001
or approval.
(B) Generic Response contained no specific reference to the
Respondin Ppatient’s stated behavior, emotion, or situation. Could 173 (39.6%) 32 (7.3%) 129.80 <0.001
P & apply to any patient in any scenario.
Student misrepresented, fabricated, or failed to connect
(B) Content Accuracy  with what the patient said (i.e., change talk the patient 42 (9.6%) 8 (1.8%) 2178 <0.001

Error

never expressed, responding to the wrong scenario,
reflecting content unrelated to the patient’s statement)

Note. T1 = Time 1 (speed rounds); T2 = Time 2 (midterm).
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After selecting a single optimal model, we assigned each participant to a latent class
based on their highest posterior probability. To accurately describe each profile, we per-
formed a post-hoc ANOVA to compare class means across the seven remaining T1 indi-
cators using the latent class posterior probabilities identified during profile enumeration.
Significant group differences across indicators were used to inform group description.

Second, we examined whether each group’s error profile changed over time to determine
whether “hallmark errors” during the speed round (T1) either resolved or persisted by the
midterm (T2). To do so, we conducted a series of Wilcoxon signed-rank tests using the
latent class posterior probabilities identified during profile enumeration to evaluate whether
the prevalence of “hallmark errors” (e.g., proportion of fixing reflex responses) differed
within group from T1 to T2. Finally, we examined whether T1 profile groups differed in
their error rates at T2. To do so, Kruskal-Wallis and Mann-Whitney tests were used to
compare class means across each of the seven T2 errors. (Wilcoxon signed-rank and Kruskal-
Wallis/Mann-Whitney tests are nonparametric equivalents of the paired-samples f-test and
one-way ANOVA, respectively. These were used due to the nonnormality of T2 data (higher
zero counts for several errors)). All pairwise comparisons were examined across all groups
using the Benjamini-Hochberg [43] correction to minimize Type I error. Cohen’s d (or when
applicable, ) was calculated to determine the effect size of each group difference.

3. Results
3.1. Interrater Agreement Among Humans, Claude Al (Opus 4.6), and Gold Standard

Pooled and item-level interrater agreement statistics are presented in Table 1 for human
coders versus Claude Al (Opus 4.6), and for humans/Claude Al versus the gold standard.
When aggregated across all items (i.e., pooled rows) using linearly weighted kappa (xw),
Claude AI demonstrated extremely high consistency with the gold standard (x;, = 0.93,
95% confidence interval (CI) [0.91, 0.95]), with 93.2% exact agreement and a mean absolute
error (MAE) of 0.024. Human coders agreed much more modestly with both Claude Al
(kw = 0.34, 95% CI [0.28, 0.39]) and the gold standard (x, = 0.38, 95% CI [0.33, 0.44]). The
gap between Al and human reliability was due largely to the T2 reflection item. Claude Al
did well on this item versus the gold standard (xy = 0.85, 95% CI [0.77, 0.92]), in contrast
to human coders” agreement with the gold standard (x; = 0.39, 95% CI [0.26, 0.51]) and
with Claude Al (xy = 0.32, 95% CI [0.21, 0.42]). For the T2 open-ended question and
affirming items, which used simpler rubrics, human-to-gold-standard agreement was sub-
stantially higher (x;, = 0.78 and 0.59, respectively) but still lower than Claude Al's agreement
(tw = 0.80 and 0.73).

3.2. Final Error Taxonomy

Each of the 6555 student-item units received a single primary code. When a response
warranted multiple codes (e.g., an empathic lead-in followed by a fixing-reflex follow-up),
the primary code was assigned using a hierarchical rule: Spirit Violations (A) superseded
Selective Responding (C), which superseded Technical Errors (B), which superseded Suc-
cessful Enactment (D). This hierarchy prioritized the most clinically consequential error,
consistent with the study’s focus on building a descriptive error taxonomy. The initial
coding distributions were Successful Enactment (Domain D; 41.0%), Technical Errors (B;
39.7%), Spirit Violations (A; 12.5%), Selective Responding (C; 5.7%), and no-response items
(1.1%). The ten highest-frequency codes accounted for 63.5% of all coded items.

The four broad domains were too general for interpretive work, and the 37 active
sub-codes were too granular for cross-item comparison. Thus, we created a middle-tier
taxonomy between them. The organizing question for each code was “What is the student
fundamentally doing wrong (or right)?” This cross-cutting logic permitted categories
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to reorganize across the original domain boundaries where the data warranted it. The
resulting taxonomy contained eight categories: (1) Successful Enactment, in which the
student deployed the requested skill with correct form, appropriate direction, and patient-
specific content; (2) Fixing Reflex, in which the student abandoned the MI skill to advise,
educate, confront, or prescribe; (3) Incomplete Execution, in which the student identified
the correct skill and aimed it appropriately but omitted a structural element required
for full MI consistency; (4) Provider-Centeredness, in which the student positioned the
clinician, not the patient, as the evaluative reference point; (5) Responding to/Eliciting
Sustain Talk, in which the student engaged the wrong side of ambivalence, whether by
evoking sustain talk through questions or by reflecting barriers when change talk was
available; (6) Form/Tool Error, in which the student deployed the wrong structural form
for the requested skill; (7) Generic Responding, in which the response contained no specific
reference to the patient’s stated behavior, emotion, or situation; and (8) Content Accuracy
Error, in which the student misrepresented or fabricated patient content. Blank or absent
responses were coded as missing (999) and excluded from the taxonomy.

Several categories crossed the original domain boundaries. Fixing Reflex, for example,
unified codes from Domain A (spirit violations, such as confronting patient reasoning)
with those from Domain B (technical errors, such as embedding advice within an open
question). In both cases, the underlying action (inserting the clinician’s agenda) was the
same, regardless of whether it manifested as an overt spirit violation or a subtler technical
lapse. Provider-Centeredness similarly drew from Domain A (centering clinician approval
as affirmation) and Domain B (reflecting with provider-centered framing). Domain C
(Selective Responding) consolidated entirely into the Responding to/Eliciting Sustain Talk
category, and Domain D (Successful Enactment) remained intact. The 37 active sub-codes
were preserved as the granular coding layer beneath the eight middle-tier categories,
enabling analysis at either level of abstraction.

3.3. Error Prevalence at T1 and T2

Frequencies of each error type at T1 and T2 are presented in Table 2. At both time
points, most students (94.4% at T1, 90.7% at T2) demonstrated at least one successful MI
skill enactment. In addition to these successes, three error types were most common. These
included: (a) incomplete executions (T1 80.3%, T2 23.6%), (b) the fixing reflex (T1 78.8%, T2
16.2%), and (c) responding to/eliciting sustain talk (T1 74.9%, T2 51.5%). Two additional
errors enacted by over half of students at T1 were (a) form/tool errors (T1 58.5%) and
(b) provider-centered responding (T1 53.1%). By T2, these decreased substantially to
5.5% and 5.9%, respectively. Finally, the least frequent errors at T1 included (a) generic
responding (T1 39.6%) and (b) content accuracy errors (T1 9.6%), each of which decreased
by T2 (7.3% and 1.8%, respectively). Across all error types, McNemar’s tests confirmed that
reductions in error frequency from T1 to T2 were statistically significant (all ps < 0.001).

3.4. Modeling T1 Error Profiles

To select the optimal LPA model, we examined fit statistics for one- through six-class
solutions (Table 3). Results supported either a three- or four-class solution. To make our
final determination, we considered both statistical fit and theoretical interpretability of
each model. Specifically, whereas the four-class solution demonstrated adequate model
fit (lower LL, AIC, BIC, and SABIC values relative to the three-class model; entropy of
0.869; and significant LMR and BLRT values suggesting a better fit than a three-class
model), it captured additional heterogeneity in student error profiles that did not appear
to be theoretically distinct or meaningful (e.g., one group whose hallmark feature was
higher-than-average provider-centered and generic responding, and another group whose
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hallmark feature was provider-centered responding only). Therefore, we ultimately chose
the three-class solution as our final model for its parsimony and adequate fit (lower LL, AIC,
BIC, and SABIC values relative to the two-class solution; entropy of 0.882; and significant
LMR and BLRT values, implying a better fit than the two-class model). Class-specific means
for each error type are displayed in Table 4.

Table 3. Model Fit Indices for Latent Profile Analysis of T1 Error Types.

Class LL AIC BIC SABIC Entropy Smallest Class % LMRp  BLRTp
1 —5259.111 10,546.223 10,603.342 10,558.913 -- -- -- --
2 —5114.322  10,272.644 10,362.402 10,292.586 0.962 18.50% <0.001 <0.001
3 —5020.445 10,100.89  10,223.288 10,128.083 0.882 17.40% <0.001 <0.001
4 —4946.928  9969.855  10,124.893 10,004.3 0.869 12.12% 0.007 <0.001
5 —4874.649  9841.299  10,028.976  9882.995 0.821 12.60% 0.005 <0.001
6 —4834.658  9777.317 9997.633 9826.265 0.827 7.30% 0.111 <0.001
Note. T1 = Time 1 (speed rounds). The bolded row represents the final class solution. LL = log-likelihood. AIC =
Akaike Information Criteria. BIC = Bayesian Information Criteria. SABIC = Sample-adjusted Bayesian Information
Criteria. LMR = Lo-Mendell-Rubin likelihood ratio test. BLRT = Bootstrapped likelihood ratio test.
Table 4. Means at T1 and T2 for T1 Error Profiles.
Attuned Misaligned Unanchored
(n =281) (n=176) (n =80)
Variables Range M SD % Total M SD % Total M SD % Total
Latent profile indicators (T1)
Successful Enactment 0-11 4.96 2.28 41.37% 192 1.28 16.01%  2.85 1.84 23.75%
Fixing Reflex 0-9 1.27 1.02 10.59%  4.71 1.29 39.25% 1.64 1.11 13.65%
Incomplete Execution 0-6 211 141 17.56%  1.49 1.21 12.39% 1.04 1.08 8.65%
Provider-Centeredness 0-6 0.93 1.28 7.7% 1.09 1.21 9.10% 1.60 1.43 13.33%
Responding to/Eliciting Sustain Talk 0-5 1.27 0.97 10.59%  0.93 0.90 7.79% 1.13 0.85 9.38%
Form/Tool Error 0-6 0.94 1.07 7.8% 1.42 1.25 11.84% 091 1.10 7.6%
Generic Responding 0-4 0.28 0.45 2.3% 0.21 0.44 1.75% 2.63 0.77 21.88%

Midterm Performance (T2)
Successful Enactment

Fixing Reflex

Incomplete Execution
Provider-Centeredness
Responding to/Eliciting Sustain Talk

Form/Tool Error
Generic Responding

Total Quality Score (sum 3 items) 0-3.

0-3 1.93 0.85 64.41%  1.54 1.06 51.32% 145 0.97 48.33%
0-3 0.13 0.37 4.27% 0.29 0.56 9.65% 0.26 0.47 8.75%
0-3 0.23 0.44 7.83% 0.28 0.48 9.21% 0.25 0.46 8.33%
0-3 0.05 0.22 1.66% 0.12 0.36 3.95% 0.05 0.22 1.67%
0-3 0.53 0.57 17.56%  0.54 0.55 17.98%  0.66 0.59 22.08%
0-3 0.06 0.24 2.02% 0.08 0.27 2.63% 0.01 0.11 0.4%

0-3 0.01 0.12 0.5% 0.04 0.20 1.32% 0.31 0.47 10.42%

25 2.54 0.42 -- 2.30 0.59 - 2.63 0.38 -

Note. T1 = Time 1 (speed rounds); T2 = Time 2 (midterm). “% total” are proportion scores adding to 100% of total
errors at each time point, accounting for the number of available items on which students could have made errors
during T1 (12 items) and T2 (3 items).

The largest (64.3%, n = 281) group, labeled the “Attuned,” is characterized by the
highest rates of (a) successful enactment and (b) incomplete execution (i.e., appropriate
skill identification and effort, with some missing components), suggesting that students
in this group mostly demonstrated sufficient MI skill application even with minimal
instruction. The second-largest group (18.3%, n = 80), labeled “Unanchored,” exhibited
moderate rates of successful enactments, moderate use of the fixing reflex, and high levels of
generic responding relative to the other groups, indicating inconsistent and unfocused skill
execution. Finally, the smallest group (17.4%, n = 76), labeled “Misaligned,” exhibited higher
rates of the fixing reflex and form/tool errors than those in the Attuned and Unanchored
groups, suggesting a pre-existing orientation that deflected some key elements of brief MI
instruction. Class comparisons on all error types are provided in Table 5.
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Table 5. Group Comparisons Across T1 Error Profiles.

Attuned Attuned

vs. Misaligned (T1) vs. Unanchored (T1) Misaligned vs. Unanchored (T1)

T1 Errors (Speed Round) X2 Cohen’s d p X2 Cohen’s d p X2 Cohen’s d p
Successful Enactment 146.59 1.57 0.002 51.83 0.92 0.002 6.35 0.41 0.012
Fixing Reflex 116.98 14 0.003 6.28 0.32 0.012 58.26 1.23 0.002
Incomplete Execution 12.78 0.45 0.003 54.01 0.93 0.002 5.08 0.36 0.024
Provider-Centeredness 1.15 0.14 0.284 13.95 0.48 0.003 349 0.3 0.093
Responding to/Eliciting 432 0.27 0.114 177 021 0.276 0.82 0.15 0.366
Sustain Talk
Form/Tool Error 5.28 0.30 0.022 0.001 0.004 0.977 4.28 0.33 0.038
Generic Responding 0.73 0.11 0.393 478.48 2.78 0.003 415.23 3.29 0.002

Attuned Attuned Misaligned
vs. Misaligned (T2) vs. Unanchored (T2) vs. Unanchored (T2)

T2 Errors (Midterm) u r 4 u r 4 u r 4
Successful Enactment 3.00 0.16 0.003 3.99 0.22 <0.001 0.74 0.06 0.459
Fixing Reflex —2.59 0.14 0.028 —2.78 0.15 0.016 —-0.11 0.009 0.914
Incomplete Execution —0.66 0.04 0.507 —0.20 0.01 0.839 0.38 0.03 0.707
Provider-Centeredness —1.83 0.10 0.067 —0.01 0.00 0.995 1.47 0.12 0.140
Responding to/Eliciting ~0.25 0.01 0803  —183 0.09 0067  —125 0.10 0211
Sustain Talk
Form/Tool Error —0.63 0.03 0.532 1.66 0.09 0.097 1.82 0.15 0.069
Generic Responding —0.75 0.04 0.454 —-9.03 0.49 <0.001 —6.54 0.52 <0.001

Attuned Misaligned Unanchored

T1vs. T2 T1 vs. T2 T1 vs. T2

T1 vs. T2 Errors W Cohen’s d 4 W Cohen’s d p W Cohen’s d p

Successful Enactment —9.66 1.49 <0.001 —6.23 2.04 <0.001 —5.80 1.70 <0.001
Fixing Reflex —6.65 0.90 <0.001 —6.77 247 <0.001 —2.67 0.63 0.007
Incomplete Execution —7.57 1.06 <0.001 —1.50 0.35 0.132 —0.13 0.03 0.899
Provider-Centeredness —7.22 0.99 <0.001 -3.12 0.77 0.002 —-5.37 1.50 <0.001
Responding to/ Eliciting ~6.09 0.81 <0001  —4.29 1.13 <0001  —4.86 1.29 <0.001
Sustain Talk
Form/Tool Error —7.99 1.14 <0.001 —5.07 143 <0.001 —5.87 1.74 <0.001
Generic Responding —7.05 0.97 <0.001 —1.59 0.37 0.111 —5.75 1.68 <0.001

Note. T1 = Time 1 (speed rounds); T2 = Time 2 (midterm). Cohen’s d and/or r of 0.2, 0.5, and 0.8 or higher are
considered small, medium, and large effect sizes, respectively. U = the test statistic for Mann-Whitney U tests; W
= test statistic for Wilcoxon signed-rank test. T1 vs. T2 comparisons were based on proportion scores because they
are more directly comparable than raw error counts, with different total number of items across time points.

3.5. Group Comparisons on T2 (Midterm Exam) Performance

Overall quality of midterm performance at T2 is shown in Table 4. Students in the
Misaligned group scored significantly lower (M = 2.30, SD = 0.59) on MI skill applica-
tion than those in the Attuned (M = 2.54, SD = 0.42; p = 0.009) and Unanchored groups
(M =2.63, SD = 0.38; p = 0.014). Total quality scores for the latter two groups did not
differ significantly.

Relatedly, the prevalence of certain error types changed significantly between T1 and
T2 (Table 5), with each group showing significant improvements in successful enactments
and decreases in hallmark errors. Specifically, by the midterm, students in the “Attuned”
demonstrated significantly fewer incomplete executions. Following a similar trend, “Unan-
chored” students showed significantly less use of the fixing reflex and generic responses,
and those in the “Misaligned” group demonstrated significant decreases in the fixing re-
flex, form/tool errors, and incomplete executions. Despite these general improvements,
“Unanchored” students still had significantly higher rates of generic responding (10.42%)
during the midterm than “Attuned” (0.5%) and “Misaligned” (1.42%) students (Table 5).
Likewise, “Misaligned” students maintained significantly higher rates of the fixing reflex
(9.65%) than “Attuned” (4.27%) and “Unanchored” (8.75%) students, highlighting areas in
which some students may have had continued difficulty over time.
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4. Discussion

Extensive research documents that patient-communication skills are essential in den-
tistry [44,45]. Good communication facilitates positive clinical outcomes and patient and
provider satisfaction [45—48], whereas poor communication skills are the single most cited
reason for both patient distrust and dentist relationship termination [14]. Students typically
begin dental school with few of the manual “hand skills” or clinical knowledge required to
practice. Curricula address these deficits via thousands of hours of supervised technical
practice, including preclinical simulation with iterative feedback on technique. Preparation
for the human side of dentistry receives comparatively minimal investment. Communi-
cation skills training, where it exists at all, occupies a fraction of the curriculum [10-16].
In our college (which graduates just under 10% of the dentists in the U.S. each year), MI
deliberate practice constitutes just under four hours of individuals” dental school training.
Over two sessions, 3640 students are scheduled with one instructor to learn the MI core
skills. Under those constraints, providing deliberate practice as described in the expertise
literature [17,21] (i.e., individualized performance, criterion-referenced feedback, repeated
attempts at the same skill until proficient) to 437 students was utterly impossible until
maturing Al arrived.

4.1. Al-Assisted MI Deliberate-Practice Implementation to 437 Students

Al facilitated five aspects of this course and made the research reported here possible.
First, Al gave us the freedom to make a pedagogical choice that resulted in 1749 pages
of handwritten text. Small-group sessions were made device-free, and students were re-
quired to handwrite their worksheets. One Al model (Microsoft Copilot, Think Deeper
mode) transcribed 5244 speed-round responses and 874 deliberate practice worksheets,
and another Al model (Claude) scored the speed-round and deliberate-practice responses.
What began as an evaluative function (Al scoring for grading efficiency) revealed a didac-
tic opportunity: the scoring rationales were detailed enough to serve as individualized
instructional feedback, and we delivered next-day written feedback to every student after
each small-group session. Second, we provided all students with Al prompts so they could
practice responding interactively to patients’ statements, with the Al providing feedback
(a form of deliberate practice), and the Al model drilling them on their demonstrated
weaknesses. Third, we created a practice exam with Al scoring identical to that on the
T2 midterm; students received detailed feedback and tailored Al prompts to practice key
needs. Seventy-two students (16.5%) completed the practice exam, which also allowed us
to tune the Al scoring instructions on actual student responses before the T2 midterm exam.
Fourth, each student received detailed Al feedback on every T2 free-response answer, with
extensive rationales explaining the scores they received. Thus, even with 6992 T2 responses
to grade (comprising both MI and other content), Al could both score the responses and
provide detailed feedback to every student, serving both evaluative and didactic functions.
Fifth, Al scoring made this study’s thematic analysis possible: 6555 items were coded with
consistent application of a 52-code registry across nine batches, a scale that would have
taken human coders months versus Claude’s hours. In addition, because each Al-generated
code was accompanied by an analytic memo citing specific language from both the patient
prompt and the student’s response, there was a fully auditable coding record that enabled
the human-validation protocol.

In summary, Al turned the irony of trying to simultaneously teach 437 students doctor—
patient communication on its head: instead of the scale making personalized instruction
impossible, it enabled the detection of student learning patterns and made next-day person-
alized feedback on every one of over 10,000 student responses possible. It also pointed to
needed improvements in instruction. Education researcher Siegfried Engelmann famously
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said, “If the student hasn’t learned, the teacher hasn’t taught” [49], indicating that student
errors can be traced to instructional design flaws. Error-pattern analysis laid bare aspects of
instruction that succeeded for two-thirds of students while leaving identifiable subgroups
with distinct, correctable difficulties. As Engelmann’s work clearly documented, the error
implies the remedy [49], guiding future improvements in MI instruction.

4.2. Interrater Agreement: Al as a Premier Rater

Claude Al rated the quality of MI skill attempts with high agreement with the gold
standard (x, = 0.93, 93.2% exact agreement), in sharp contrast with the human MI instruc-
tors (xy = 0.38, 46.0% exact agreement). Unlike typical coding endeavors, the humans were
given a manual and items to score but never met to calibrate. This underscores Claude Al’s
advantage: it could code thousands of student MI skill attempts with high agreement with
the gold standard in less time than it would have taken humans to code a small fraction
and meet to calibrate, let alone iterate until the coding was complete. Human coders fared
far better on open-ended questions and affirming than on the more complicated skill of
reflecting. This study implemented a replicable, practicable, scalable strategy: Al applied a
complex rubric with mechanical consistency at scale; human coders provided independent
judgments, and an expert adjudicated disputes.

4.3. Research Question 1: Types of Errors

Another aim of this paper was to build a taxonomy of MI errors, informed by MI the-
ory [7], using constructivist grounded theory. Eight categories (MI-consistent responding
and seven error classes) were derived in our final coding taxonomy. These final categories
(successful enactment, fixing reflex, incomplete execution, provider-centeredness, respond-
ing to/eliciting sustain talk, form/tool error, content accuracy, and generic responding)
provided interpretable, actionable error categories to guide student feedback and to im-
prove how OARS skills are taught and practiced. Several categories unified concepts across
the original domain boundaries. For example, the fixing-reflex category unified occurrences
classified as spirit violations (e.g., confronting patient reasoning) and technical errors (e.g.,
embedding advice within an open-ended question) because the behavior (i.e., inserting
the provider’s agenda) was the same, regardless of the form. Thus, the taxonomy was an
empirical reconceptualization of macro- and micro-elements.

It is both system-validating and theoretically and pedagogically significant that the
two most frequent errors at T1, when students had just been introduced to OARS and MI
concepts, were the fixing reflex (78.8%) (i.e., “the natural desire of helpers to prevent harm
and promote a person’s welfare by trying to correct or repair perceived problems” [7]) and
eliciting /responding to sustain talk (74.9%). The first error class, the fixing reflex, appears to
be the default communicative stance of most people who become healthcare providers [7]:
helpers want to help. This remained the signature problem of the Misaligned group. The
widespread prevalence and subgroup “stickiness” of this error requires instruction for all
and focused drilling for some. The second error, eliciting/responding to sustain talk, is a
different problem. Students need to understand and recognize patient ambivalence (e.g., “1
know getting the crown would benefit my oral health, but it’s very expensive”) and learn
which side (e.g., health benefit) to respond to. This is a teachable listening and responding
skill that was hardly covered before students began their small group 1 (OARS) because,
due to scheduling, most students had not yet received the didactic lectures on ambivalence
and selective responding. Thus, it is utterly unsurprising that students did not respond
selectively before they had been taught the concepts underpinning this nuanced skill. Al
made the discovery possible by classifying the nearly 7000 responses.
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4.4. Research Question 2: Reduction from Formative to Summative Assessments

As anticipated, all error categories decreased from T1 to T2, indicating that MI in-
struction may have improved performance. However, the uneven reductions suggest that
grasping certain MI elements requires additional focused work beyond what the course
currently provides, something that only a data-driven approach can reveal. Three prevalent
categories dropped from 40-59% to 6-7%: form/tool error, provider-centeredness, and
generic responding. All can be remedied by instruction and learner inference (e.g., “a

s

reflection is a statement, not a question;” “avoid first person in affirming statements”).
Similarly, content accuracy errors dropped from 10% to 2%, which may be due to the stakes
(in-class response vs. exam), format (oral prompt read once vs. written), and 12 T1 vs. 3 T2
responses (and thus more opportunities for error).

The prevalent fixing reflex dropped from 79% to 16%. This represents a notable win
for teaching/learning, but one in six students still committed a cardinal MI violation (e.g.,
rewarding talk that keeps patients stuck or hopeless) on a summative assessment, an error
that warrants attention. This issue is revisited when the profiles are examined in the next
section (Research Question 3).

Helping students respond to sustain talk and elicit change talk in an MI-consistent fashion
should receive additional focus in future years, as non-MI responding went from a prevalent
75% to a still-prevalent 52%. Successful enactment requires students to simultaneously
(a) recognize patient change vs. sustain talk, (b) suppress the empathic pull of responding
to or asking for elaboration of sustain talk, and (c) actively reflect, affirm, or elicit change
talk. The T2 clinical scenario contained a 5:2 ratio of sustain to change talk. Furthermore, the
reflecting exam item asked students to reflect the patient’s ambivalence. Although students
were classified as successfully enacting if they either reflected both sides but landed on change
talk or selectively reflected only change talk, the item construction was poor because it asked
students to voice both sides of ambivalence rather than practice MI selective responding.
Although future assessments will have to assess better whether this element might have
dropped to a level closer to that of the fixing reflex, it is almost certain that responding
to/eliciting sustain talk will require the most intensive task analysis, breaking the skill into
subcomponents and, once firm, shaping complete responses until proficient.

4.5. Research Question 3: Error Profiles and Their Impact on Learning

Latent profile analysis identified three types of students as they begin their first MI
trainings. The largest group (over two-thirds of students), Attuned, grasped MI concepts
with very little instruction. Their hallmark T1 element was “successful enactment.” The
other two groups equally split the remaining one-third of students. Misaligned students had
the lowest success rate and the highest rate of their hallmark T1 element, the “fixing reflex.”
Unanchored students fell in between, with a hallmark element of “generic responding.” At
T1, they made significantly more errors than Attuned students on five of the seven error
types; however, compared with the Misaligned group, they had higher rates of successful
enactment and lower rates of the fixing reflex, incomplete execution, and form/tool errors.

The profiles did not differ on two error types: responding to/eliciting sustain talk and
provider-centeredness (only 1 of 3 comparisons significant). These may suggest universal
vulnerabilities at T1 that require universal attention and direct instruction.

If the profiles merely represented starting points that converged at T2 despite similar
instruction, current instructional approaches could remain unaltered. Although Attuned
and Unanchored students converged on MI quality at T2, the Misaligned group continued to
trail. The fixing reflex, although reduced substantially, (a) still occurred twice as often (9.65%
vs. 4.27%) compared with the Attuned group and (b) stands out as an early prognostic
sign that particular students may have personalities, experiences, or cultural backgrounds
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that lead them to approach doctor-patient communication with an Ml-antithetical reflex.
Students who show this early hallmark may benefit from focused, repeated practice to
better align them with MI concepts. In contrast, the Unanchored group’s hallmark (generic
responding) also remained elevated at T2 (10.42% vs. 0.5% for Attuned students), yet
their overall MI quality scores converged with those of the Attuned group. Unanchored
students appeared to compensate for T2 generic responses by increasing the quality of their
responses, whereas the Misaligned group did not.

4.6. Implications: Using Al Error Scoring to Improve Teaching MI Skills Using Deliberate Practice

To improve instruction of MI skills based on these findings, the error data point to the
value of a task analysis comparing the component skills each MI tool requires against what
was actually taught during the small groups. That is, one-third of learners do not walk in
the door ready to quickly absorb telegraphic microskills before full, didactic explanations.
Decades of basic [50-53] and applied [54] learning research demonstrate that teaching to
mastery from the outset is substantially faster and more resilient than allowing initial errors
to consolidate and then having to extinguish them.

For all skills, the twin pillars of ambivalence (simultaneous sustain and change impulses)
and the fixing reflex should be taught and tested via two sets of speed rounds before students
attempt any OARS skills. For ambivalence recognition, the instructor would read a patient
statement aloud once, and students would write the change talk and sustain talk they heard,
building the auditory discrimination that selective responding depends on. For the fixing
reflex, the instructor would read a patient statement designed to elicit advice-giving, and
students would write their responses. Randomly selected students would read their responses
in “bingo rounds” with the instructor providing corrective feedback.

With this foundation, the current open-ended question instruction could bring nearly
all students to mastery, as the gap is conceptual sequencing rather than skill construction.
Students can already produce open-ended questions; with prior instruction on ambivalence,
they could now be asked to elicit change talk specifically, rather than merely asking a
question that elicits any talk.

Affirming is a multi-component skill (form + specificity + character quality + patient-
centering) that is currently taught as a single entity without specific instruction about each
component. Reflecting also comprises multiple components (form + content accuracy +
emotion labeling + directional choice + patient-centered framing). For both skills, each
component should be drilled in speed rounds individually (see possible adaptations in
Table 6). Only then should students attempt a multi-component response.

Table 6. Task-Analyzed Affirming and Reflecting Component Shaping.

Name

Procedure Target Component

Affirming Subskill

1. Identify Target Behavior

Instructor reads a patient statement. Students write the specific
behavior that deserves recognition (e.g., “called the next day to  Specificity
reschedule”).

2. Name Character Quality

Instructor says the behavior from #1 aloud. Students write a

character quality it reflects. Character quality inference

3. Build Affirming Statement

Instructor reads a patient statement aloud once. Students write
an affirming statement using the scaffold: “You [behavior]. Specificity + quality + centering
That shows [quality].”

4. Error Discrimination

Instructor reads five sample affirmations aloud (not patient
statements; finished affirmations). Three are correct; two are
not (e.g., advice tacked on, provider-centered). After each,
Students write “right” or “wrong.” For wrong examples,
students each write corrected affirming statements.

Advice-spoiling + provider-centering
(discrimination)
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Table 6. Cont.

Name

Procedure Target Component

Reflecting Subskill

1. Paraphrase

Instructor reads a patient statement aloud once. Students write

Content accuracy (foundation)
a paraphrase.

2. Identify patient emotion

Instructor reads a patient statement. Students write one or two

emotion words on their worksheet. Emotion labeling (isolation)

3. Identify Change Talk

Instructor reads an ambivalent patient statement containing

both CT and ST. Students write CT and ST. CT/ST discrimination (prerequisite)

4. Build a Reflection

Instructor reads a patient statement. Students write a complete

simple reflection, combining content and emotion: “You're

[emotion] that [content].” (If the student reads their responsein ~ Content + emotion + form
the form as a question, the instructor will correct it, indicating (combination)

that, “A reflection is a statement. Your voice goes down at the

end, not up.”)

5. Two Landings

Instructor reads a patient statement with both CT and ST.
Students write two reflections, one that lands on change talk, Directional choice (isolation)
one that lands on sustain talk and labels each.

6. Double-Sided Reflections, Landing

on Change Talk

Instructor reads a patient statement with both CT and ST.
Students write a double-sided reflection: “On one hand [ST], All components integrated (capstone)
but on the other hand [CT].”

7. Selective Responding

Instructor reads a patient statement with both CT and ST.
Students write a selective reflection, responding only to the CT.

Note. CT = change talk; ST = sustain talk.

Expansion of micro-skill building will require reducing the three patient-provider—
observer practice sessions to one. As noted above, students will likely benefit from increas-
ing the skills-firming components via more skill-building speed rounds, despite having
less real-world analog practice. Mediocre practice produces mediocre performance, and
the data imply that students would benefit far more from practice-to-firming before more
unstructured practice.

4.7. Strengths and Limitations
4.7.1. Strengths

This study had several strengths. We scored 6555 MI skill-enactment attempts from
437 students at two time points (formative and summative assessments). We developed
a grounded-theory-derived error taxonomy from actual student attempts (rather than
self-reports) using Al-assisted coding, employing an eight-step protocol with sensitizing
concepts, a decision log, seven quality gates, constant comparison, confirmed saturation,
and human coder validation (using five independent coders and a structured consensus
process; details in File S3). Claude AI (Opus 4.6) proved that it could code a large corpus of
students’ attempts with high agreement with the gold standard. The latent profile analysis
identified three student types with distinct learning and instructional implications. Finally,
given the “if the student hasn’t learned, the teacher hasn’t taught” axiom [49], we used
student error data to suggest teaching improvements targeted to specific learning gaps.

4.7.2. Limitations

There are also several notable limitations. First, the data are from a single U.S. dental
school with a single student cohort. Despite the demographic and international diversity
of NYU’s student body, the single source limits generalizability and demands replication.
Second, because the deliberate practice strategies employed in our course were not formally
evaluated in a randomized controlled trial, we cannot definitively state whether students’
improvement at T2 was attributable to our instructional practices or to other factors (e.g.,

practice, testing, maturation effects). Future research is needed to test empirically the

https:/ /doi.org/10.3390/ oral6040097


https://doi.org/10.3390/oral6040097

Oral 2026, 6,97

18 of 22

effectiveness of the educational practices used in our course against alternatives (e.g., a
no-intervention control). Third, data are from students” written responses to oral or written
patient prompts and thus might not generalize to actual provider behavior. Fourth, T1
formative assessments were administered under different conditions than T2 summative
assessments (i.e., in T1, good-faith responding earned credit, patient prompts were given
orally, and four prompts were used per OAR skill, whereas T2 exam responding earned
grades, patient prompts were written, and one prompt was used per OAR skill). Fifth,
the three latent profile analysis groups may not be stable and may reflect unmeasured
differences among them; we modeled the seven error indicators as continuous, although
they are counts (Section 2.5). Sixth, because of the scale of the necessary coding, the
qualitative analysis used Al-generated initial codes (with a 5% human-overlap sample)
rather than being coded entirely by humans. Although the size of the dataset made Al-
thematic coding the only efficient, quick-turnaround approach possible, non-human coding
deviates from typical constructivist grounded theory protocols, in which immersion in
the data and code generation are themselves part of the interpretive process. Seventh, the
T1 and T2 assessments were not psychometrically parallel, differing on format (oral vs.
written prompts), stakes (non-graded formative vs. graded summative), and number of
items (12 vs. 3, though similar in structure and content). Thus, T1-T2 comparisons should
be interpreted with caution and replicated. Finally, this study used one Al-model family
(Claude Sonnet 4.6 and Opus 4.6) in January and February 2026. Our findings reflect their
capabilities then, and a replication a year from now would likely outperform what we
report here; any replication would therefore need to re-establish reliability for its own model
and version rather than assuming ours is invariantly established. Al scoring, like human
scoring, costs money, which would have to be factored into any replication or dissemination
plan. Claude’s long context window accommodated instruction sets that exceeded the
limits of other systems we tested (i.e., Gemini 3.5, Copilot). FERPA-protective guardrails
were built into our instructions to prevent leakage of one student’s response into the scoring
of another; Al instructions must anticipate such Al-only problems. We encountered no
hallucinations, but the possibility remains whenever Al systems are used. We also scored
one item at a time for all students, which allowed retroactive recalibration when gray-area
cases prompted refinements to the instructions; as with human scoring, an AI workflow
that scored complete exams student-by-student would lock in inconsistencies that could
otherwise be recognized and adjusted. Our gold standard was the consensus of two
independent raters with expert adjudication of disagreements, the accepted method when
no prior standard exists. Like any consensus-derived standard, it is not fully independent
of the raters who produced it (human or Al), so Table 1 values report agreement with that
adjudicated standard, as in any human interrater study.

4.8. Future Directions

First, in future years, we will greatly expand the didactic function of Al small-group
feedback. Al can provide detailed, multi-page feedback on each student’s responses within
24 h and suggest individualized Al prompts to drill on specific student error patterns.
Second, our data suggested modifications to small groups, which should be tested to
determine (a) if they improve student performance and (b) if other changes are needed to
ensure student success. Finally, these methods should be replicated at other dental schools
and with other health professions.
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5. Conclusions
This study yielded four conclusions:

e A taxonomy of seven novice error types (and one success category) was derived from
6555 coded MI skill attempts by 437 second-year dental students.

e  Many initial MI errors were highly remediable via practice, instruction, and study
(e.g., form, provider-centering, generic responding), whereas responding to/eliciting
sustain talk and, to a lesser extent, the fixing reflex were more durable, requiring a
rethinking of how OARS are taught and practiced.

e  Students entering training with an MI-antithetical orientation, marked by a high rate
of the fixing reflex, trailed their peers on both formative and summative assessments.

e Al-supported feedback made deliberate practice with next-day, criterion-referenced
feedback feasible at scale, supplementing expert instruction where course constraints
have long limited it.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/0ral6040097 /s1: File S1: Scoring Manual; File S2: Thematic
Coding Manual; File S3: Qualitative Coding Procedures. Refs. [6,7,31,34,55-59] are cited in the
Supplementary Materials.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation  Definition

AIC Akaike Information Criterion

BIC Bayesian Information Criterion

BLRT Bootstrapped Likelihood Ratio Test

CI Confidence Interval

FERPA Family Educational Rights and Privacy Act

LMR Lo-Mendell-Rubin likelihood ratio test

LPA Latent profile analysis

MI Motivational interviewing

MLR Maximum likelihood estimation with robust standard errors
OARS Open-ended questions, affirming, reflecting, summarizing
SABIC Sample-adjusted Bayesian Information Criterion

T1 Time 1 (speed rounds; formative assessment)

T2 Time 2 (midterm examination; summative assessment)
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