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ABSTRACT
LLM-based chatbots are increasingly used as on-demand tu-
tors in computer science education, yet evaluating pedagog-
ical effectiveness remains difficult because rubric scoring is
costly and raw aggregates confound response quality with
rater severity, criterion difficulty, and student-query con-
text. We propose a Bayesian explanatory many-facet Rasch
model (MFRM) that places rubric-criterion endorsements
on a common logit scale and decomposes ratings into latent
response quality, criterion difficulty, and rater severity, while
incorporating query-level covariates as criterion-specific ef-
fects. Applied to 249 CodeHelp exchanges from a large un-
dergraduate C++ course, double-coded by two experts on
mistake identification, mistake location, guidance, accuracy
of guidance, and correctness of next steps, the model indi-
cates minimal systematic rater differences and pronounced
criterion-difficulty gaps. Diagnosis criteria are the most
difficult to satisfy, whereas accuracy and next-step criteria
are the easiest. Input sufficiency yields modest, criterion-
dependent shifts in endorsement probability, and topic pat-
terns are explored descriptively, underscoring that observed
tutoring quality depends on what students provide and the
type of help they request.

Keywords
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effectiveness; Many-facet Rasch Model

1. INTRODUCTION
LLM-based chatbots, also referred to as conversational agents,
are increasingly deployed as on-demand tutors across K–12
and higher education in a wide range of domains [28, 33].
In computer science education in particular, a growing body
of work reports benefits for programming-focused learning
tasks, including answering students’ questions [36], support-
ing learning of core programming concepts [32], and assist-
ing with assessment or performance feedback [12, 49]. Un-
like earlier chatbots that relied on scripted rules or narrow
task-specific models, LLM-based chatbots are generative,

with an enhanced capacity to produce open-ended, context-
sensitive explanations and guidance specific to a learner’s
prompt. Recent studies have therefore examined a range of
LLM-powered tools, including general-purpose models (e.g.,
GPTs) and code-specialized assistants (e.g., Codex- and Copi-
lot style systems), with emerging evidence that these tools
can reshape both pedagogical interactions (e.g., debugging
support, conceptual explanation) and assessment-related prac-
tices (e.g., feedback generation and evaluation) [55, 19].

At the same time, rapid adoption has intensified the need for
rigorous evaluation frameworks that can determine not only
whether these systems work, but also how, for whom, and
under what conditions they support learning and meaning-
ful educational interactions [21, 1, 28]. To date, evaluation
evidence is often assembled by triangulating quantitative
outcomes, ranging from proximal indicators such as student
completion or engagement [41, 17] to more distal outcomes
such as learning gains, together with qualitative analyses in-
cluding error coding, interaction reviews, and feedback from
students and instructors [62, 8, 53]. Complementing these
outcome-focused approaches, studies increasingly emphasize
pedagogically grounded indicators such as alignment with
curriculum standards [3], adaptability to individual learner
needs [27], and support for higher-order thinking [14, 57, 8].
Collectively, this literature underscores that chatbot effec-
tiveness is multi-dimensional and should not be reduced to
a single score or outcome [31].

However, translating this multi-dimensional view into scal-
able measurement at the level where tutoring actually oc-
curs, namely, the response and interaction level, remains
challenging. In practice, pedagogical effectiveness is still
most often judged through expert human annotation, typ-
ically via rubric-based scoring of chatbot responses or full
interaction transcripts [61, 20, 37]. To improve scalability,
recent computational work has explored automated prox-
ies, including reference-based overlap measures (e.g., BLEU,
METEOR, ROUGE) and reference-free confidence and sim-
ilarity scores [10]. However, there is growing concern that
these metrics provide limited pedagogical insight [37]. Al-
though they can capture surface properties such as fluency or
lexical overlap, they do not directly assess whether a chatbot
adapts instruction to a learner’s needs, detects misconcep-
tions, or supports conceptual understanding. This creates
a practical tension: expert evaluation remains necessary for
pedagogically consequential judgments, yet it is costly and
difficult to interpret at scale.
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Recent work has also begun to apply Rasch-family models
to structure LLM evaluation. Some studies treat chatbots
as “examinees” and use Rasch analysis to benchmark model
performance relative to item difficulty in test-like formats
[7]. Other work uses many-facet Rasch models in human rat-
ing systems, often to quantify severity, consistency, or bias
when LLMs act as automated scorers or raters [59, 23, 26,
34]. While valuable, these applications do not directly ad-
dress the most common educational tutoring evaluation set-
ting, in which experts apply pedagogically grounded rubrics
to open-ended responses and scores must be interpreted un-
der rater variability, uneven criterion difficulty, and system-
atic differences in query context.

Against this backdrop, even when pedagogically grounded
rubrics are applied by experts, results are often summa-
rized using coarse aggregates such as mean rubric scores,
percent endorsement by criterion, or composite ratings [37,
46]. These summaries implicitly treat observed ratings as
direct measurements of pedagogical effectiveness, which is
problematic for at least three reasons. First, human judg-
ments can vary systematically with rater severity or leniency,
producing shifts in scores that are unrelated to the chatbot’s
underlying instructional quality [4, 54]. Second, rubric cri-
teria are rarely equally difficult to satisfy, particularly for
tutoring behaviors that require diagnosis and targeted re-
mediation, so aggregation can mask which instructional ca-
pabilities are genuinely challenging for the system [31, 40,
38]. Third, many evaluations use cost-constrained annota-
tion designs in which different raters score different subsets
of responses, creating partially crossed designs where rater
severity can become confounded with the specific responses
and query contexts being scored [42]. Together, these lim-
itations motivate a psychometric evaluation layer that can
separate response quality from rater effects and criterion
difficulty, and support context-conditional interpretation of
rubric-based tutoring performance.

These limitations are especially consequential in program-
ming support settings. Pedagogical effectiveness depends
not only on producing a fluent response, but on accurately
diagnosing student errors (e.g., identifying and localizing
mistakes), providing conceptually sound guidance, and offer-
ing actionable next steps while respecting constraints that
discourage directly revealing solutions. At the same time,
the learner’s query context strongly conditions what the
chatbot can infer and how its response is judged. Students
may provide complete code and error traces, partial snip-
pets, or only a high-level description of confusion. Likewise,
the requested assistance may range from debugging and er-
ror localization to conceptual explanations or strategy-level
guidance. Without modeling query sufficiency and question
type, it is difficult to determine whether observed rubric
scores reflect the chatbot’s underlying instructional capabil-
ity or systematic variation in the interaction context that
shapes both response generation and human judgment.

To address these gaps, we propose a Bayesian explanatory
Many-Facet Rasch Model (MFRM) as a psychometric eval-
uation layer for rubric-based assessment of LLM tutoring
responses in authentic programming help interactions. Our
approach places rubric-criterion endorsements on a common
logit scale and separates observed ratings into (i) latent

response-level pedagogical quality, (ii) criterion difficulty,
and (iii) rater severity, enabling uncertainty-aware inference
even under human-annotation designs where rater sever-
ity and criterion difficulty would otherwise be confounded
in simple aggregates. We further incorporate interaction-
context information, most notably whether the student pro-
vided sufficient inputs (e.g., code and error traces), as criterion-
specific explanatory effects, so that tutoring quality can be
interpreted conditional on the help-seeking context rather
than as a single global average.

This framework yields criterion-level diagnostics that are
not available from raw endorsement rates or standard au-
tomated metrics and supports more actionable conclusions
about where LLM tutors succeed and where they break
down. In this study, we focus on mistake-remediation tu-
toring behaviors in a C++ debugging task and use a rubric
that explicitly distinguishes mistake location from mistake
identification and isolates accuracy of guidance to capture
potentially harmful hallucinated or misapplied recommen-
dations. Guided by this evaluation framework, we address
the following research questions:

RQ1. Which pedagogical rubric criteria are easiest versus
most difficult for an LLM-based programming tutor
to satisfy, after accounting for rater severity?

RQ2. How does student-query sufficiency shift the probabil-
ity that the chatbot satisfies each pedagogical criterion
in a programming task?

RQ3. How does student question content relate to criterion-
level pedagogical effectiveness in a programming task?
(exploratory)

We make three contributions. First, we operationalize mistake-
remediation tutoring quality for programming support with
a rubric and annotation protocol that separates diagnosis
(identifying and locating mistakes) from downstream guid-
ance and correctness. Second, we introduce a Bayesian ex-
planatory MFRM that converts rubric-based human judg-
ments into facet-adjusted, uncertainty-aware estimates of
pedagogical effectiveness and quantifies how evaluation shifts
with query sufficiency. Third, we provide empirical evidence
that diagnosis is the limiting capability for the studied tutor
and that commonly used reference-free automated metrics
capture only a weak proxy for correctness-focused outcomes.

2. RELATED WORK
2.1 LLM Chatbots as Instructional Agents
LLM-based chatbots have emerged in recent years, advanc-
ing beyond traditional rule-based algorithms, which have
been limited in language understanding. Additionally, re-
sponses from rule-based algorithms are planned and pre-
defined [48], which pose challenges regarding unexpected in-
puts by learners. In contrast, LLM-based chatbots directly
address this constraint by training on large-scale datasets,
allowing it to capture more contextual and semantic under-
standing [61], forgoing the need for rigid pre-planning for
every potential input. Furthermore, its generative ability to
produce natural language supports student learning experi-
ences. Interactions with LLM-based instructional agents are
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adaptive, provide timely feedback, and serve as an effective
resource for on-demand information [2, 45, 43, 44].

LLM-based chatbots are rapidly reshaping programming ed-
ucation by providing on-demand, natural-language tutoring
that can explain concepts, diagnose errors, and support de-
bugging workflows in ways that earlier pre-defined rules or
narrowly trained course chatbots struggled to achieve [56].
In authentic course settings, students use LLM tutors for
a wide range of needs, but the dominant pattern is highly
task-proximal help on assignments (e.g., fixing code, inter-
preting errors), with comparatively fewer interactions aimed
at deeper conceptual inquiry, which raises both opportunity
and risk for learning [47]. Recent systems for computing ed-
ucation have introduced instructional guardrails that avoid
revealing complete solutions while still offering actionable,
context-aware guidance, demonstrating that LLM chatbots
can be intentionally shaped toward pedagogically meaning-
ful behaviors [29, 25].

At the same time, evidence from programming courses sug-
gests that students’ use of general-purpose chatbots (e.g.,
ChatGPT) often concentrates on error checking and debug-
ging and may be perceived as helpful for understanding and
productivity, yet it can also introduce concerns about code
quality, learning, and collaboration practices such as pair
programming [18]. Alongside these classroom deployments,
research prototypes increasingly combine LLM generation
with program-analysis constraints to deliver finer-grained
“next-step” hints, aiming to preserve learner agency while
improving technical correctness and usefulness [5]. Collec-
tively, this literature motivates treating LLM-based pro-
gramming tutors not as monolithic tools but as designable
instructional systems whose pedagogical value depends on
their guardrails, the kinds of help students seek, and the
learning context in which they are embedded [25, 47, 18].

2.2 Chatbot Pedagogical Efficacy Evaluation
Approaches to evaluating chatbots vary widely depending on
the evaluation goal and the construct of interest. Prior re-
views highlight that chatbot evaluation spans multiple per-
spectives, including user experience, information retrieval,
linguistic quality, technical performance, and business out-
comes, each emphasizing different attributes and metrics
[39]. For instance, linguistic evaluations emphasize response
correctness and coherence, whereas user-experience evalua-
tions focus on usability and task completion. Within ed-
ucation, commonly reported objectives include acceptance
and adoption, learning outcomes, motivation and affect, us-
ability, technical correctness, and other psychological factors
[21]. In this study, we focus specifically on pedagogical effi-
cacy, which is define as the extent to which a chatbot sup-
ports learning through instructionally appropriate behaviors
(e.g., promoting active learning, adapting support to learner
needs, managing cognitive load) [24, 31].

Given these objectives, chatbot evaluations are typically
conducted through Wizard-of-Oz studies, controlled labo-
ratory experiments, field deployments, or technical valida-
tion studies [39]. Measurement within these designs most
often relies on human judgments or user-reported instru-
ments (e.g., rubrics, rating scales, surveys), sometimes com-
plemented by behavioral indicators such as task success or

learning gains. For example, to operationalize pedagogical
ability, Maurya et al. propose eight rubric dimensions rated
by human annotators on a 3-point scale [31]. More recently,
automated evaluation has also been explored, particularly
through lexical-overlap or classification metrics (e.g., BLEU,
accuracy, F1, precision/recall) and related reference-based
similarity measures (e.g., METEOR, ROUGE, CIDEr), which
assume the availability of ground-truth target responses [13,
10, 35]. However, because pedagogical efficacy depends on
context-sensitive instructional moves rather than surface sim-
ilarity to a single reference, these automated metrics are of-
ten insufficient on their own, which helps explain why human
judgment remains the dominant evidence source for peda-
gogical evaluation.

Consequently, the empirical literature most often reports ef-
fectiveness through aggregated human ratings or rankings.
This spans the broader scope of the effectiveness of con-
versational agents, including educational chatbots. For ex-
ample, the BEA 2023 shared task evaluated candidate AI-
teacher responses using 298 crowd raters from Prolific [50],
where each interaction was judged by multiple raters and
systems were primarily compared via average ranks (1=best
to 4=worst) and aggregate leaderboard scores. Similar ag-
gregation based reporting is also common in the broader
conversational-systems literature, where small panels of an-
notators or crowd workers rate responses on a handful of
quality dimensions and results are reported as mean or com-
posite scores [22, 16]. For instance, Jiang and Ahuja [22]
collected three assessors’ judgments per response on infor-
mativeness, fluency, and human-likeness and used the mean
rating as the primary quality measure. Gao and Jiang [16]
similarly recruited crowd workers to rate responses on mul-
tiple attributes (e.g., usefulness, accuracy, fluency, human-
likeness) and reported performance via aggregated scores
across conditions.

More education-focused LLM-tutor evaluations also follow
this pattern, but with limited crossing and sparse overlap
for reliability estimation. For instance, Daheim et al. [11]
annotated a random set of 40 conversations and computed
inter-rater reliability using only a small overlapping subset
(9 conversations annotated by at least two raters), while
still presenting results as criterion-level or overall aggre-
gates. Even when evaluation is framed as comparative judg-
ment, the reporting often remains rank- or mean-based. A
few studies proposed to use pairwise comparative judgments
and a probabilistic ranking model to infer pedagogical abil-
ity, yielding system-level scores and rankings rather than
rater- and criterion-adjusted measures [51]. Collectively,
this literature provides clear evidence that (a) evaluation
commonly depends on human labels collected under par-
tial crossing (different raters score different subsets), (b)
outcomes are typically communicated as means, ranks, or
composites, and (c) rater disagreement is acknowledged via
inter-rater reliability but rarely incorporated into the final
scoring model, thus, motivating measurement-model-based
approaches that explicitly separate latent pedagogical qual-
ity from rater severity and criterion difficulty.

2.3 Bayesian explanatory MFRM
The LLM-based chatbot response to a student’s single query
is identified as a pair of Chatbot response and student query

31



that are rated by multiple raters. A Bayesian explanatory
many-facet Rasch model (MFRM) is a Rasch-family model
that decomposes the score or rating into multiple additive
facets on a common logit scale. These typically involve cri-
terion or item difficulty, response quality, and rater severity,
while also allowing other covariates to explain systematic
variation in ratings. This study showcases a novel applica-
tion of MFRM by allowing the quality of chatbot’s response
as an evaluation target, and introducing other critical covari-
ates that can systematically influence pedagogical quality.

Specifically, let i ∈ {1, . . . , I} index student–chatbot ex-
changes (responses), j ∈ {1, . . . , J} index rubric criteria,
and r ∈ {1, . . . , R} index human raters. Let yijr ∈ {0, 1} de-
note a binary endorsement indicating whether rater r judged
response i as satisfying criterion j (1=endorsed, 0=not en-
dorsed). We analyze the data in long format and index
each observed rating by n ∈ {1, . . . , N} with mappings i(n),
j(n), and r(n). The model decomposes endorsements into
(i) response-level latent pedagogical quality θi (higher values
imply higher endorsement probability across criteria), (ii)
criterion difficulty bj (larger values indicate harder-to-satisfy
criteria), and (iii) rater severity sr (larger values indicate
stricter raters, reducing endorsement probability), while al-
lowing criterion-specific effects of query context covariates.

yn | pn ∼ Bernoulli(pn), logit(pn) = ηn,

ηn = θi(n) − bj(n) − sr(n) + γj(n)vn +

K∑

k=1

βj(n)k xnk.

(1)

To characterize how the help-seeking context conditions rubric
endorsement, we included two sets of query-level covari-
ates. First, input sufficiency was encoded as a binary in-
dicator vn ∈ {0, 1}, where vn = 1 denotes that the stu-
dent query provided sufficient information (e.g., code, error
traces, and/or descriptive context) for a meaningful diag-
nosis and response.1 Second, we represented the CS topic
content of each student query using K multi-label binary in-
dicators {xnk}Kk=1, where xnk = 1 if topic k is present in the
query and xnk = 0 otherwise (multiple topics may be active
for the same query). Under this specification, γj captures
the criterion-specific shift in endorsement associated with
sufficient inputs, and βjk captures the criterion-specific as-
sociation between topic k and endorsement.

Because the logistic Rasch family is location-invariant, we
imposed sum-to-zero constraints on additive facets via cen-
tering. Operationally, we sampled unconstrained raw pa-
rameters and applied mean-centering transformations: θi =
θrawi − θraw and sr = srawr − sraw. For the topic coefficients,
we imposed a within-criterion sum-to-zero constraint across
the K topic effects,

∑K
k=1 βjk = 0 for each criterion j, imple-

mented as βjk = βraw
jk − βraw

j· , where βraw
j· = 1

K

∑K
k=1 β

raw
jk .

This constraint is compatible with multi-label topic coding
because it centers the criterion-specific topic coefficients, not
the observations.

1If input sufficiency was coded separately by each rater, then
vn is indexed by the rater in observation n; otherwise, vn is
treated as an exchange-level label shared across ratings for
the exchange.

We used weakly informative Normal priors: θrawi , bj , s
raw
r ∼

N (0, 1) and γj , β
raw
jk ∼ N (0, 0.52). Posterior inference tar-

geted p(Θ,b, s,γ,B | y), where Θ = {θi}Ii=1, b = {bj}Jj=1,

s = {sr}Rr=1, γ = {γj}Jj=1, and B = {βjk}J,Kj=1,k=1.

p(Θ,b, s,γ,B | y) ∝
N∏

n=1

Bernoulli
(
yn | logit−1(ηn)

)

× p(Θ) p(b) p(s) p(γ) p(B).

(2)

We used Hamiltonian Monte Carlo with the No-U-Turn Sam-
pler (NUTS), running 4 chains with 1,000 warmup iterations
and 1,000 retained posterior draws per chain. Convergence
was assessed using R̂ and effective sample size.

For interpretable effect sizes, we translated selected effects
into probability changes as the coefficients were estimated
on the log-odds scale. For instance, for input sufficiency
effect, for each rubric criteria j, we defined a baseline linear
predictor at a reference point θ∗, s∗,x∗ = 0 as follows:

η0j = θ∗ − bj − s∗ (3)

Then, the probability shift induced by input sufficiency
is expressed as follows, where ∆P

(suff)
j was computed for

each posterior draw to obtain a posterior distribution over
probability-scale effects, summarized by posterior mean and
94% HDI.

∆P
(suff)
j = σ(η0j + γj)− σ(η0j), σ(t) =

1

1 + e−t
(4)

3. METHODS
3.1 Participants and Data Collection
This study was conducted in a large-enrollment undergrad-
uate computer science course at a public, research-intensive
university in the southern United States (Spring 2024; N =
669)2. The course emphasized object-oriented programming
in C++, and students could voluntarily use CodeHelp [29],
which is an LLM-based programming tutor designed to pro-
vide debugging-oriented guidance while discouraging solu-
tion revealing, during a course assignment. We analyzed 249
unique, single-turn student-chatbot exchanges (one per stu-
dent), each pairing a student query (including any provided
code/error context captured by the platform) with the cor-
responding chatbot response. We excluded attempted sub-
missions that CodeHelp flagged as insufficient and for which
no response was returned.

3.2 Programming Task and Interaction Inputs
Students completed a C++ programming task targeting an
intermediate object-oriented programming concept commonly
referred to as the “Big Three” implementation (Fig. 4). The
task required implementing a destructor, copy constructor,

2This study was conducted in accordance with institutional
ethical guidelines for research involving human participants.
The research protocol was reviewed and approved by the
Institutional Review Board (IRB) RB202400344. All data
involving human participants were handled in compliance
with relevant privacy and ethical standards.
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Figure 1: Programming Task Description

and copy assignment operator for a class that manages dy-
namically allocated memory and resources. The program-
ming environment integrated Valgrind to detect runtime mem-
ory errors and memory leaks to support debugging. When
interacting with CodeHelp, students could provide informa-
tion via one or more fields: (1) Code (a snippet of their im-
plementation), (2) Error (compiler output or Valgrind mes-
sages), and (3) User Input (a natural-language description
of the issue). For each exchange, we logged the contents of
these fields and the chatbot response.

3.3 Chatbot Evaluation
3.3.1 Rubric Development and Query Labels

To evaluate the pedagogical quality of chatbot responses in a
mistake-remediation programming context, we adapted the
unifying framework for mistake-remediation tasks [31, 24,
38]. The framework emphasizes core dimensions of tutoring
quality (e.g., mistake remediation and guidance/actionability).
Because our task required assessing whether the chatbot
could pinpoint where an error occurred in student code, we
introduced a dedicated Mistake Location dimension. To dis-
tinguish helpful guidance from potentially harmful or hallu-
cinated recommendations, we additionally included an Accu-
racy of Guidance dimension. Table 1 summarizes all rubric
dimensions. Detailed decision rules and benchmark exam-
ples used in annotator training are provided in Appendix A.

For modeling, we used a binary endorsement format. For di-
mensions i1–i4, raters initially assigned yes/partial/no, and
we recoded partial as no (i.e., Yes= 1, Partial/No= 0). In
this study, we treated partial as not-fully-met to target a
conservative mastery-like endorsement. Dimension i5 was
coded as Yes/No. In addition to rubric-based response-
quality criteria, raters also coded two auxiliary query-level
labels: Input Sufficiency (S; whether the student provided
enough information for a meaningful response) and CS topic
categories describing the content of the student query. Topic
codes were multi-label (a single exchange could receive mul-
tiple topic categories). Table 2 summarizes the distribution
of topic labels across exchanges.

3.3.2 Annotator Training and Coding Procedure

Table 1: Rubric Dimensions for Chatbot Evaluation
ID Dimension Scale Description
Rubric dimensions (chatbot response quality)
i1 Mistake

Identifica-
tion

yes
partial
no

Does the chatbot accurately rec-
ognize a mistake in the student’s
input?

i2 Mistake Lo-
cation

yes
partial
no

Does the chatbot correctly iden-
tify the location/aspect of the stu-
dent’s mistake?

i3 Providing
Guidance

yes
partial
no

Does the chatbot offer guidance
relevant to the identified issue?

i4 Accuracy of
Guidance

yes
partial
no

Is the guidance factually and con-
ceptually correct?

i5 Correctness
of Next Step

yes
no

Are the suggested next steps and
corrections accurate and appro-
priate?

Auxiliary query-level labels
S Input Suffi-

ciency
yes
no

Did the student provide enough
information (e.g., code, error, con-
text) for a meaningful response?

Table 2: Student Queries by Relevant CS Topics (multi-label)

Category Description Freq
Topic 1 Programming Fundamentals 146
Topic 2 Data Management and Processing 130
Topic 3 Object-Oriented Programming (OOP) 176
Topic 4 Code Construction 216
Topic 5 Language Unique Programming Concepts 239

Two subject matter experts independently coded all 249
student–chatbot exchanges. Before full coding, raters re-
viewed the task description, rubric definitions, and bench-
mark examples, and completed a structured training session
to align decision rules. Raters then double-coded a random
set of 20 exchanges and participated in a calibration meet-
ing to resolve ambiguities and refine guidelines. A midpoint
check-in was conducted to reinforce decision rules and ensure
continued consistency. Disputed training cases were resolved
by consensus and incorporated into an updated benchmark
set used for ongoing reference during coding. Unless oth-
erwise noted, analyses used both raters’ original codes to
estimate and adjust for rater severity within the many-facet
Rasch framework.
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Table 3: Model comparison using PSIS-LOO

Model elpdloo SE ∆elpd ploo Wt. Rank
M1suff -1419.00 22.23 2.45 135.55 1.00 0
M0baseline -1421.45 22.18 0.00 135.20 0.00 1
M3both -1428.32 22.72 -6.87 153.87 0.00 2
M2topics -1430.19 22.69 -8.74 153.42 0.00 3

Note. Higher elpdloo indicates better expected out-of-sample
predictive fit. ∆elpd is relative to M0baseline.

Table 4: Observed endorsement rates by raters

Rater i1 i2 i3 i4 i5
Rater 1 0.530 0.542 0.406 0.892 0.827
Rater 2 0.510 0.482 0.394 0.880 0.867

4. RESULTS
All models were fit to a long-format dataset with N = 2,490
binary observations (249 exchanges × 5 rubric criteria ×
2 raters). Submissions flagged by our LLM-based chatbot,
CodeHelp, as insufficient were excluded prior to annotation
because no response was returned in such cases; SMEs la-
beled 5% as insufficient on the Input Sufficiency label (S).
For modeling, partial ratings were recoded as 0 (not en-
dorsed) to yield binary endorsements..

We evaluated out-of-sample predictive performance using
PSIS-LOO computed from 4,000 posterior draws and the
pointwise log-likelihood matrix. For the facets-only baseline
model (M0baseline), PSIS-LOO indicated stable importance
sampling with all Pareto-k values ≤ 0.70 (100%“good”). We
then compared four nested specifications (Table 3): a facets-
only baseline (M0baseline), a primary explanatory model adding
criterion-specific input-sufficiency effects (M1suff), and ex-
tended models that additionally included multi-label topic
indicators (M2topics) or both covariate sets (M3both). Adding
input sufficiency produced a small improvement in expected
out-of-sample fit relative to the baseline (∆elpdloo = +2.45),
whereas including topic indicators increased effective model
complexity (ploo ≈ 153) without improving PSIS-LOO, where
∆elpdloo < 0 for M2topics and M3both. Accordingly, we use
M1suff as the primary model for inference in RQ1–RQ2 (cri-
terion difficulty and input sufficiency effects) and treat topic-
based analyses (RQ3) as exploratory. We summarize poste-
rior uncertainty using 94% highest-density intervals (HDIs).

Across the 249 exchanges, the two raters showed broadly
similar endorsement patterns across criteria (Table 4). Here,
we use endorsement to denote cases in which a criterion was
judged as met (i.e., rated yes; see rubric in Table 1). Both
raters endorsed the chatbot most frequently on Accuracy of
Guidance (i4) and correctness of next steps (i5), and least
frequently on Providing Guidance (i3), with intermediate
endorsement for mistake identification and localization (i1–
i2). This suggests that the chatbot more often produced
factually correct and actionable guidance once it engaged
with the problem, but struggled more consistently with di-
agnosing and responding to the student’s specific error.

Table 5: Posterior mean rater severity estimates

Rater s̄r
Rater 1 −0.036
Rater 2 +0.036

Figure 2: Posterior parameter map for the primary MFRM
model (M1suff).

We then fit a Bayesian explanatory Many-Facet Rasch Model
(MFRM) to disentangle rater severity, criterion difficulty,
and response-level pedagogical quality. Posterior mean rater
severities were near zero and symmetric (srater1 = −0.036,
srater2 = +0.036), indicating minimal systematic differences
in endorsement tendency after accounting for criterion dif-
ficulty and response quality (Table 5). Response-level ped-
agogical quality estimates (θi; I = 249) were centered near
zero by model identification (θ̄ ≈ 0, SD ≈ 1) and spanned a
broad range (min = −2.45, max = 1.60), indicating substan-
tial heterogeneity in the chatbot’s pedagogical effectiveness
across student queries and underscoring the need to model
response quality beyond raw aggregate endorsement rates.

4.1 Rubric criterion difficulty (RQ1)
Using the primary model M1suff (facets + input sufficiency),
criterion difficulty estimates (bj) indicated substantial differ-
ences in how challenging each pedagogical criterion was for
the chatbot to satisfy. Larger bj corresponds to a lower
probability of endorsement, holding response quality and
rater severity constant. The mistake diagnosis criteria were
most difficult: Mistake Identification (i1) and Mistake Lo-
cation (i2) had the largest positive posterior mean difficul-
ties (b̄i1 = 1.517, b̄i2 = 1.553). Providing Guidance (i3)
was close to the reference point (b̄i3 ≈ 0). In contrast, the
accuracy-oriented criteria were easiest: Accuracy of Guid-
ance (i4) and Correctness of next steps (i5) had negative
difficulty estimates (b̄i4 = −1.577, b̄i5 = −1.493), indicat-
ing these behaviors were endorsed more readily. For inter-
pretability, we also report baseline endorsement probabil-
ities at a common reference setting (θ = 0, s = 0, and
v = 0). Baseline endorsement was lowest for i1 (0.188) and
i2 (0.183), moderate for i3 (0.500), and high for i4 (0.819)
and i5 (0.807) (Table 6). Together, these results suggest that
the primary difficulty for the chatbot lies in diagnosing and
localizing student errors, rather than in producing generally
accurate or actionable guidance once an issue is addressed.
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Table 6: Rubric criterion difficulty and baseline endorsement probability at the reference point

ID Criterion b̄j 94% HDI p̄base 94% HDI

i1 Mistake identification 1.517 [0.820, 2.451] 0.188 [0.079, 0.306]

i2 Mistake location 1.553 [0.835, 2.516] 0.183 [0.075, 0.303]

i3 Providing guidance -0.000 [-0.773, 0.768] 0.500 [0.317, 0.684]

i4 Accuracy of guidance -1.577 [-2.666, -0.812] 0.819 [0.693, 0.935]

i5 correctness of next steps -1.493 [-2.481, -0.724] 0.807 [0.674, 0.923]

Table 7: Input sufficiency effects by criterion.

ID γ̄j 94% HDI p̄base ∆P 94% HDI

i1 0.242 [-0.384, 0.908] 0.188 0.037 [-0.067, 0.143]

i2 0.237 [-0.403, 0.871] 0.183 0.035 [-0.069, 0.135]

i3 0.169 [-0.451, 0.867] 0.500 0.041 [-0.109, 0.209]

i4 0.596 [-0.107, 1.278] 0.819 0.072 [-0.015, 0.169]

i5 0.672 [-0.007, 1.371] 0.807 0.083 [-0.008, 0.188]

Note. ∆P summarizes the probability change induced by suf-
ficiency at the reference point (θ = 0, s = 0, covariates = 0).

4.2 Effects of input sufficiency (RQ2)
Using the primary model M1suff (facets + input sufficiency),
we examined whether rater-judged input sufficiency (i.e.,
whether the student query contained enough information to
diagnose and address the issue) was associated with higher
endorsement probabilities via criterion-specific effects (γj).
Posterior mean sufficiency effects were positive across all cri-
teria (Table 7), with larger mean shifts for the accuracy-
oriented criteria (i4, i5). On the probability scale, the es-
timated mean changes were modest for the diagnosis and
guidance criteria (∆P ≈ 0.037–0.041 for i1–i3) and larger
for the accuracy-oriented criteria (∆P ≈ 0.072–0.083 for
i4–i5). However, the 94% HDIs indicate substantial uncer-
tainty, consistent with the small proportion of exchanges
labeled as insufficient (5%) in the current dataset.

Figure 2 visualizes posterior parameter estimates from M1suff,
with all panels plotted on a common logit scale for com-
parison. The response-quality distribution (θ, left) shows
substantial heterogeneity across student–chatbot exchanges.
Rater severity estimates (s, second) are centered near zero
for both raters, indicating minimal systematic differences in
endorsement tendency. Criterion difficulty (b, third) differ-
entiates the rubric criteria, with mistake diagnosis (i1–i2)
the most difficult and the accuracy-oriented criteria (i4–i5)
the easiest. Finally, the input-sufficiency effects (γ, right)
are generally positive but imprecisely estimated, suggesting
that more sufficient student queries may increase endorse-
ment probabilities, with the largest expected gains for the
accuracy-related criteria.

4.3 Exploratory Analysis for Effects of student
query topic (RQ3)

We conducted an exploratory analysis of whether student
question content was associated with criterion-level rubric
outcomes. Specifically, we used multi-label indicators for
five CS topic categories (Table 2) to summarize topic-conditional
differences in endorsement and to estimate topic-augmented
MFRM specifications (Figure 3; Table 8). Because adding
topic indicators did not improve PSIS-LOO relative to the

Figure 3: Topic effects by rubric criterion

primary model and increased effective complexity (Table 3),
we interpret topic patterns as descriptive and hypothesis-
generating rather than confirmatory effects.

Overall, topic-related variation was most apparent for the
diagnosis-related criteria, Mistake Identification (i1) and Mis-
take Location (i2), and for Providing Guidance (i3). In con-
trast, topic associations for the accuracy-oriented criteria
(i4–i5) were smaller and more uncertain, with 94% HDIs
often spanning zero. In the topic-augmented model, topic
effects are summarized as posterior mean probability shifts
(∆P ) at a common reference point (θ = 0, s = 0, input suf-
ficiency v = 0, and other topic indicators set to 0), enabling
criterion-by-topic comparisons on the probability scale.

For mistake diagnosis, the largest positive associations were
observed for Code Construction (Topic 4) and Language-
Unique Programming Concepts (Topic 5). For i1, Topic 4
and Topic 5 were associated with increases of approximately
∆P ≈ +0.14, with 94% HDIs excluding zero; a similar
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Table 8: Exploratory topic associations with criterion endorsement (topic-augmented model).

Topic β̄ 94% HDI ∆P 94% HDI Topic β̄ 94% HDI ∆P 94% HDI

i1 1 0.103 [-0.390, 0.666] 0.019 [-0.057, 0.119] i1 2 -0.308 [-0.827, 0.226] -0.039 [-0.111, 0.036]

i1 3 0.113 [-0.324, 0.555] 0.019 [-0.047, 0.098] i1 4 0.774 [0.209, 1.308] 0.142 [0.028, 0.268]

i1 5 0.768 [0.068, 1.450] 0.139 [0.015, 0.275] i2 1 0.320 [-0.238, 0.875] 0.055 [-0.034, 0.165]

i2 2 -0.390 [-0.958, 0.131] -0.047 [-0.128, 0.017] i2 3 0.062 [-0.365, 0.486] 0.011 [-0.056, 0.079]

i2 4 0.777 [0.236, 1.333] 0.140 [0.023, 0.257] i2 5 0.713 [0.022, 1.401] 0.125 [-0.005, 0.247]

i3 1 0.049 [-0.539, 0.633] 0.012 [-0.129, 0.146] i3 2 -0.170 [-0.780, 0.413] -0.040 [-0.190, 0.095]

i3 3 0.050 [-0.395, 0.506] 0.012 [-0.097, 0.117] i3 4 -0.807 [-1.396, -0.247] -0.185 [-0.316, -0.059]

i3 5 0.014 [-0.682, 0.711] 0.003 [-0.165, 0.169] i4 1 -0.035 [-0.652, 0.598] -0.010 [-0.106, 0.087]

i4 2 -0.096 [-0.783, 0.539] -0.019 [-0.126, 0.078] i4 3 0.369 [-0.145, 0.914] 0.045 [-0.028, 0.118]

i4 4 -0.274 [-0.986, 0.401] -0.045 [-0.165, 0.064] i4 5 0.376 [-0.414, 1.189] 0.047 [-0.056, 0.157]

i5 1 -0.111 [-0.753, 0.503] -0.020 [-0.128, 0.078] i5 2 0.093 [-0.562, 0.717] 0.010 [-0.091, 0.099]

i5 3 -0.060 [-0.591, 0.489] -0.011 [-0.106, 0.067] i5 4 -0.307 [-0.983, 0.344] -0.053 [-0.180, 0.055]

i5 5 0.292 [-0.427, 1.039] 0.041 [-0.066, 0.151]

Note. Each row reports the criterion–topic effect βj,k and the corresponding probability shift ∆P at the reference
point (θ = 0, s = 0, and other topic indicators set to 0). 94% HDIs are computed from the posterior.

Figure 4: Spearman’s correlations between the evaluation metrics and target rubric

pattern emerged for i2 (Topic 4: ∆P ≈ +0.14; Topic 5:
∆P ≈ +0.12). By comparison, Programming Fundamen-
tals (Topic 1), Data Management and Processing (Topic 2),
and Object-Oriented Programming (Topic 3) showed smaller
shifts for i1 and i2 (typically |∆P | ≤ 0.05) with uncertainty
intervals overlapping zero.

Providing Guidance (i3) exhibited an asymmetric pattern:
most topics were near zero, whereas Code Construction (Topic 4)
was associated with a notable decrease in endorsement (∆P ≈
−0.18; 94% HDI excluding zero). Taken together, this pat-
tern suggests that topic differences may be most consequen-
tial for upstream diagnosis and for translating diagnosis into
actionable guidance. However, given the lack of PSIS-LOO
improvement for topic-augmented models, these results should
be interpreted cautiously and motivate future work with
larger or more balanced samples to test topic moderation
more decisively.

4.4 Comparisons to Automated Metrics
To contextualize our rubric-based evaluation and provide
convergent and discriminant validity evidence for the ped-
agogical constructs targeted by i1–i5, we compared rubric
outcomes against a set of automated, reference-free metrics
computed from each student–chatbot exchange. These in-
cluded (a) surface length and structure (response character
length, word length, sentence count, and the response-to-

prompt length ratio), (b) lexical diversity and redundancy
(type–token ratio; distinct-n for n ∈ 1, 2, 3; normalized n-
gram entropy for n ∈ 1, 2; and repetition rates for unigram
and bigram reuse), (c) prompt–response overlap (unigram
and bigram Jaccard overlap; prompt containment in the re-
sponse and vice versa), and (d) readability (Flesch Reading
Ease and Flesch–Kincaid Grade). To approximate semantic
relatedness without an external reference, we additionally
computed embedding-based similarity between the prompt
and response (mean-pooled cosine similarity, vector-extrema
cosine similarity, and greedy token-level matching) and lay-
erwise synchrony scores, defined as the cosine similarity be-
tween mean-pooled transformer representations across layers
and summarized by the minimum, mean, maximum, mid-
layer, and last-layer similarity. For each metric, we com-
puted Spearman rank correlations (ρ) with (a) criterion-
level endorsements (i1–i5) and (b) the response-level latent
pedagogical quality estimate (θ) from the MFRM, and we
summarize the correlation pattern in Figure 4. These corre-
lations provide convergent evidence when rubric scores align
with the signal captured by a specific class of metrics.

Overall, the correlation coefficients between automated met-
rics and rubric-based outcomes were generally modest (typ-
ically |ρ| ≤ .30), indicating that commonly used reference-
free metrics capture only partial information about pedagog-
ical response quality. The MFRM latent quality estimate
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θ aligned most consistently with semantic relatedness be-
tween the student query and the chatbot response, including
embedding-based relevance (greedy matching; ρ = .23∗∗∗)
and synchrony-based similarity (sync layer max and mid;
ρ = .21∗∗∗), with smaller positive associations for overlap
and reuse proxies (rep-2; ρ = .17∗∗). In contrast, θ was
negatively associated with verbosity and lexical diversity
indicators, including response length (ρ ≈ −.20 to −.23)
and distinctness measures (distinct-2/3; ρ ≈ −.16 to −.17).
Together, these findings suggest that higher-quality chat-
bot responses, as captured by θ, tend to be more directly
aligned with the student prompt and more concise, rather
than longer or more lexically diverse.

At the rubric-criterion level, the clearest alignment with au-
tomated metrics emerged for the chatbot’s diagnosis behav-
iors. Mistake Identification (i1) and Mistake Location (i2)
were positively associated with prompt-response semantic
relatedness, including synchrony-based similarity (sync layer
max and mid; i1 ρ = .28∗∗∗ and .30∗∗∗; i2 ρ = .24∗∗∗ and
.27∗∗∗) and lexical overlap (unigram Jaccard; i1 ρ = .21∗∗∗;
i2 ρ = .18∗∗). Both criteria were also negatively related to
indicators of disproportionate or overly expansive responses,
including the response-to-prompt length ratio (len ratio; i1
ρ = −.23∗∗∗; i2 ρ = −.22∗∗∗) and prompt-containment fea-
tures (contain prompt in response; i1 ρ = −.19∗∗; i2 ρ =
−.18∗∗), suggesting that higher diagnostic ratings tended
to occur when responses stayed targeted to the student’s
query. Providing Guidance (i3) showed a different pattern
that is related to a more concise and actionable help. Guid-
ance endorsements were strongly negatively associated with
verbosity (response character length ρ = −.30∗∗∗; sentence
count ρ = −.27∗∗∗; word length ρ = −.28∗∗∗) while remain-
ing positively related to embedding-based relevance (greedy
matching; ρ = .24∗∗∗). This profile is consistent with raters
rewarding guidance that is directly responsive and succinct
rather than lengthy or diffuse.

In contrast, the correctness-focused criteria exhibited the
weakest convergence with the automated metrics. Accu-
racy of Guidance (i4) showed near-zero correlations across
most measures (with only small negative relationships with
response length), and Correctness of next steps (i5) was pri-
marily associated with surface length and diversity prox-
ies rather than stronger positive semantic alignment signals.
Overall, these findings indicate that standard reference-free
features predominantly capture relevance and alignment and
surface form (verbosity and lexical diversity), but provide in-
complete coverage of pedagogically consequential constructs,
particularly factual or conceptual correctness and the ap-
propriateness of next-step suggestions. This limitation mo-
tivates the use of expert rubric scoring and psychometric
modeling for rigorous evaluation of educational chatbot re-
sponses.

5. DISCUSSION
This study introduces a Bayesian explanatory Many-Facet
Rasch Model (MFRM) as a psychometric evaluation layer
for rubric-based assessment of LLM tutoring responses in au-
thentic programming help interactions. Instead of interpret-
ing rubric endorsements as direct measures of pedagogical
effectiveness, the model disentangles latent response quality
from rubric-criterion difficulty and rater severity, and incor-

porates interaction context through query-level covariates.
The resulting facet-adjusted estimates provide a more di-
agnostic and context-sensitive characterization of tutoring
performance than raw means or endorsement rates, clarify-
ing when our LLM-based chatbot performs well and where
it breaks down across pedagogically meaningful dimensions.

Our work builds on a small but growing set of Rasch-family
applications to LLM and chatbot evaluation, which largely
follow two patterns. One line of work treats a chatbot as an
“examinee” and applies Rasch analysis to place chatbots and
test items on a common proficiency scale, often using domain
testing formats such as medical or STEM multiple-choice
benchmarks [6]. While useful for benchmarking performance
relative to item difficulty, this approach typically focuses on
correctness in fixed-response tasks and does not directly ad-
dress human rater-mediated judgments of open-ended tu-
toring quality. A second line of work uses many-facet Rasch
models in rating systems, particularly when an LLM func-
tions as an automated scorer or rater, with the primary
goal of quantifying severity, fit, and bias relative to human
raters [60, 23, 26]. Related work extends MFRM to broader
human-evaluation pipelines for AI-generated conversations
by jointly modeling rater effects and contextual facets [34].
Our contribution is distinct from both benchmark scaling
and rater auditing alone. We operationalize MFRM for
rubric-scored, open-ended tutoring behaviors under authen-
tic help-seeking conditions and provide a principled proce-
dure for determining which contextual extensions add pre-
dictive value. In our data, PSIS-LOO comparisons favored a
parsimonious explanatory specification that adds input suf-
ficiency to the core facets, while topic-augmented models
increased effective complexity without improving predictive
fit (Table 3). This positions the MFRM not only as a scor-
ing model, but as a validity-oriented evaluation layer that
supports model checking, uncertainty quantification, and
context-conditional interpretation.

Addressing RQ1, criterion difficulty results indicate that the
chatbot’s pedagogical strengths and weaknesses were not
uniformly distributed across tutoring behaviors. Mistake
diagnosis criteria, including Mistake Identification (i1) and
Mistake Location (i2), were substantially more difficult to
satisfy than correctness-oriented criteria, Accuracy of Guid-
ance (i4) and Correctness of next steps (i5). Pedagogically,
this pattern suggests that the system more reliably produces
technically plausible guidance once it commits to a direc-
tion, but is less consistent in upstream tutoring behaviors
that require diagnosing what the student did wrong and
where the error originates. This asymmetry matters in pro-
gramming help contexts because effective support typically
depends on diagnosis before explanation [58]. Without cor-
rectly recognizing and localizing the mistake, fluent and con-
fident guidance can be misaligned with the student’s actual
issue. From an evaluation standpoint, these findings also
clarify why global aggregates can be misleading. If criteria
differ substantially in difficulty, collapsing across rubric di-
mensions can hide critical weaknesses. For example, high en-
dorsement for correctness-oriented criteria can coexist with
systematic fragility in diagnosis. The Rasch framing makes
this visible by placing criteria on a common logit scale and
treating difficulty differences as interpretable measurement
parameters [30, 52].
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The estimated rater severity parameters were small and sym-
metric around zero, indicating minimal systematic rater bias
after accounting for response quality and criterion difficulty.
This is encouraging for rubric-based evaluation because it
suggests that conclusions about criterion ordering and response-
quality ranking are not driven by one rater being consis-
tently more lenient or severe. At the same time, Cohen’s
κ was low-to-moderate across dimensions while exact-match
agreement was comparatively high. This divergence is con-
sistent with the κ paradox under endorsement imbalance,
where high observed agreement can coexist with depressed
chance-corrected agreement [15, 9]. In this setting, the MFRM
approach is particularly useful because it does not assume
perfect agreement. Instead, it uses both raters’ codes to
estimate and adjust for severity on the same latent scale
and propagates uncertainty into criterion-level and response-
level estimates.

Addressing RQ2, input sufficiency effects were positive across
criteria, with larger posterior mean shifts for the accuracy-
oriented criteria (i4–i5). Conceptually, this direction is ex-
pected. Richer student context, such as code, error traces,
and clear problem statements, should increase the proba-
bility that the chatbot can respond appropriately and that
raters can evaluate the response favorably. Although uncer-
tainty around these effects remained nontrivial, likely be-
cause only a small fraction of retained exchanges were la-
beled insufficient (about 5%), the PSIS-LOO comparison
provided modest evidence that adding sufficiency improves
predictive adequacy relative to a facets-only baseline (Ta-
ble 3). This yields a practical implication for evaluation
design. To estimate sufficiency effects more precisely, fu-
ture datasets may require higher prevalence of insufficient
queries or sampling strategies that deliberately balance suf-
ficient and insufficient contexts. More broadly, these results
support a context-conditional view of tutoring effectiveness.
Observed quality reflects both system capability and what
students provide, and a psychometric evaluation layer that
conditions on query quality helps separate these components
and makes evaluation conclusions more transportable across
settings with different help-seeking behavior distributions.

Addressing RQ3, we explored whether question content was
associated with criterion-level endorsements using multi-label
topic indicators. Topic-conditional patterns suggested that
some categories were associated with higher endorsement for
diagnosis behaviors, while at least one category was associ-
ated with lower endorsement for providing guidance. How-
ever, topic-augmented specifications did not improve PSIS-
LOO and increased effective complexity, so these findings
are best interpreted as descriptive and hypothesis-generating
rather than as confirmatory moderation effects (Table 3).
Even so, they point to a practical consideration for com-
puting education and LLM tutoring. The same system can
appear effective for some help-seeking contexts and less effec-
tive for others, and reporting criterion-level outcomes helps
make this heterogeneity visible without collapsing every-
thing into a single global score. Future work with larger
samples or targeted designs can more decisively test topic
moderation and evaluate whether structured interfaces can
shift students toward contexts where the tutor behaves more
reliably.

The comparison to automated metrics is best interpreted
as construct coverage evidence rather than a competition
for a single “best” score. We observed only modest align-
ment between common reference-free metrics and rubric tar-
gets, and the correlation structure differed by rubric dimen-
sion. In particular, automated metrics captured limited sig-
nal for correctness-focused criteria, suggesting that surface
form, overlap, and prompt-response relatedness measures do
not reliably recover pedagogically consequential judgments
about factual correctness and appropriateness of next steps.
Taken together, these findings motivate the continued role
of expert rubric-based evaluation in educational settings and
clarify where automated evaluation may complement, but
not replace, pedagogical scoring.

Overall, our results support a context-sensitive interpreta-
tion of educational LLM-based chatbot effectiveness. Ped-
agogical quality depends on what the system can do, what
students provide, and which instructional behaviors are be-
ing evaluated. By combining expert rubric judgments with a
Bayesian explanatory MFRM and explicitly validating model
extensions with PSIS-LOO, the proposed approach offers
a principled path toward uncertainty-aware, diagnostically
meaningful evaluation of LLM-based tutors in authentic learn-
ing settings.

6. CONCLUSION AND LIMITATIONS
Several limitations should be considered when interpreting
the findings. First, the study examined a single course con-
text, a single programming task (the “Big Three”), and a
single tutoring system configuration; generalization to other
topics, courses, or tutor designs requires additional evidence.
Second, the analysis focused on single-turn exchanges. Multi-
turn tutoring introduces additional facets, such as dialogue
history, repair trajectories, and evolving student understand-
ing, which may change both rubric constructs and model
structure. Future evaluations may benefit from rubric refine-
ments or sampling strategies that ensure adequate variabil-
ity across criteria. Finally, input sufficiency was relatively
rare within the retained sample (5%), which limits preci-
sion for estimating sufficiency effects and suggests the need
for intentional sampling or larger datasets to more sharply
quantify context effects.

This work suggests several directions for improving both
evaluation practice and tutoring design. For evaluation, fu-
ture studies can extend the framework to (i) ordinal scor-
ing (rather than binary endorsement), (ii) additional facets
such as rubric-dimension severity differences by rater, and
(iii) multilevel structures that account for student-level or
prompt-level clustering. For tutor design, the strongest need
indicated by criterion difficulty is improved mistake diagno-
sis: systems may benefit from structured prompting that
elicits minimal reproducible examples, explicit error traces,
or targeted clarifying questions. Finally, because effective-
ness varies by question type, future work should explore
adaptive interfaces that guide students toward higher in-
formation queries and monitor when the tutor is operating
outside its reliable regimes.
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APPENDIX
A. DETAILED EVALUATION RUBRIC
i1: Mistake Identification

Guiding Question: Did the response correctly identify or
recognize a mistake in the student’s original response?

This category assesses whether the chatbot response explic-
itly or implicitly acknowledges all errors in the student’s an-
swer. Recognition can be direct (e.g., pointing out what is
incorrect) or indirect (e.g., offering a correction or prompt-
ing the student to revisit a specific part). When multiple
errors are present, it is expected to recognize each of them.

• Yes: The response correctly identifies all mistakes present
in the context, evaluating both the issue and the code.
• Partially: The response identifies some mistakes but

misses others, or identifies them incompletely.
• No: The response fails to identify any mistakes, or in-

correctly labels correct elements as mistakes.

Rater Tip: Focus on whether the response shows awareness
of the student’s mistake, not on how thorough the explana-
tion is or whether the correction is accurate.

i2: Mistake Location

Guiding Question: Did the response accurately point to a
genuine mistake and its location?

This category assesses whether the chatbot correctly indi-
cates where each identified mistake occurs. For each error it
recognizes, it should clearly and correctly indicate the rele-
vant portion of the response. Line numbers are not required
if the referenced location is unambiguous.

• Yes: The response accurately pinpoints the location of
all identified mistakes.
• Partially: The response locates some, but not all, mis-

takes. If the response does not explicitly cite a line
number but the intended location is clear (e.g., “in the
copy assignment operator”), count this as partial.
• No: The response fails to locate the mistakes or points

to incorrect or nonexistent locations.

Rater Tip: For each mistake identified, check whether the
chatbot points to the corresponding location with enough
specificity for a student to find it. If the response misses
mistakes or misidentifies them, this category should gener-
ally be rated Partially or No.

i3: Providing Guidance

Guiding Question: Does the chatbot offer guidance that is
relevant and responsive to the student’s issue?

This category assesses whether the chatbot offers guidance,
such as explanations, elaborations, tips, hints, and exam-
ples, that is both relevant and responsive to the issues pro-
vided and identified in the context. Fully appropriate guid-

ance clearly addresses the issue without introducing unre-
lated information, omitting the student’s request, or becom-
ing overly generic, taliored to the students’ needs.

• Yes: The response directly addresses the student’s ques-
tion(s) in context and provides guidance that helps re-
mediate the identified mistake(s).
• Partially: The response provides incomplete guidance

or includes distracting, tangential information that adds
unnecessary cognitive burden.
• No: The response provides no guidance or guidance

that is largely irrelevant to the student’s issue.

Rater Tip: If the response misses part of the question or
provides an irrelevant answer, rate Partially or No depending
on the extent of the mismatch.

i4: Accuracy of Guidance

Guiding Question: Is the guidance provided by the chatbot
factually and conceptually correct?

This category evaluates whether the chatbot’s guidance is
free from factual inaccuracies and conceptual misunderstand-
ings. A fully appropriate response demonstrates correct un-
derstanding of the concepts, procedures, or principles and
presents them without errors or misleading statements.

• Yes: Guidance is factually and conceptually correct.
• Partially: Guidance is mostly correct but contains mi-

nor inaccuracies, oversimplifications, or omissions that
may reduce correctness or lead to misunderstandings.
• No: The guidance contains major errors, is misleading,

or reflects conceptual misunderstandings.

Rater Tip: Focus on correctness of claims and reasoning. Do
not penalize for brevity if the guidance is accurate.

i5: Correctness of Next Steps

Guiding Question: Are the suggested next steps or correc-
tions accurate and appropriate to the student’s problem?

This category evaluates whether the chatbot’s proposed cor-
rections or next steps are factually accurate, conceptually
sound, and well matched to the student’s specific error or
question. Suggestions should be correct in principle and ap-
propriate to the given context so that following them would
resolve the problem without introducing new errors.

• Yes: The suggested corrections or next steps are accu-
rate and directly appropriate to the student’s problem.
• Partially: Suggestions are generally on the right track

but are incomplete, partially misapplied, or would re-
quire important missing steps to work reliably.
• No: Suggestions or next steps are inaccurate, infeasible,

unsafe, or not aligned with the student’s problem.

Rater Tip: Evaluate whether the proposed actions would
solve the stated problem in the given context.
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B. EXAMPLE LLM-CHATBOT RESPONSE
PATTERN AND RUBRIC TRIGGERS

Table 9: Common chatbot response pattern observed in the
dataset and the rubric criteria it typically triggers.

Typical response move Primary rubric criteria
triggered

Interpret the error signal (e.g., com-
piler/runtime message)

i1 Mistake Identification,
i4 Accuracy of Guidance

Locate the source of the error in the
student code

i2 Mistake Location

Explain why the error occurs and
connect it to the student’s imple-
mentation

i3 Providing Guidance; i4
Accuracy of Guidance

Provide actionable remediation steps
(what to change and how)

i5 Correctness of Next
Steps

Address additional pitfalls or edge
cases (e.g., self-assignment)

i1–i4 (as applicable); i5 if
a fix is proposed

Close with general best-practice re-
minders (e.g., Rule of Three)

Typically supports i3;
may be neutral if not tied
to the specific code

Annotated example (representative response):
In the dataset, the chatbot typically provides a consolidated
explanation of the student’s error and offers remediation
steps. Responses often follow a recurring structure, which
allows the rubric to be applied consistently. Below is one rep-
resentative example, with each paragraph annotated by the
rubric criteria it primarily triggers.

Chatbot response (example):

[i1: Mistake Identification]
The error message you’re seeing from Valgrind indicates that
there’s an“Invalid write of size 8,”which means that your pro-
gram is trying to write to a memory location that it shouldn’t.
This is often due to writing to memory that has already been
freed or is out of bounds of the allocated array.

[i2: Mistake Location; i3: Providing Guidance;
i4: Accuracy of Guidance]
In your copy constructor and copy assignment operator,
you’re allocating a new array and then copying the elements
from the other array. However, after repointing arr to the
new array, you immediately delete the array that arr points
to. This is a mistake because you’re deleting the same mem-
ory you’ve just allocated and copied data into. As a result,
when you try to access or write to this memory later, you get
the invalid write error because the memory has been freed.

[i5: Correctness of Suggestions; Clarity of Next Steps]
To fix this, you should only delete the old array after you’ve
done everything else, including repointing the arr pointer to
the new array. Also, make sure that you’re not leaking the
previous array that arr pointed to before you assign it to the
new array. You need to save the old pointer, assign the new
array to arr, and then delete the old array.

Figure 5. Annotated example illustrating a common chatbot
response structure and the rubric criteria it triggers.
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