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Abstract

Open-ended justifications can indicate
whether learners need structured support
before Al-supported revision. This study
evaluates automated detection of low-depth
baseline justifications (Level 1) in a 600-
response instructional design task dataset.
Human-coded responses were evaluated
using 20 group-aware repeated train-
development-test partitions, ensuring that
identical normalized responses did not
cross training, development, and held-out
test boundaries. TF-IDF logistic regression,
Complement Naive Bayes, and a RoOBERTa
classifier were compared using a recall-
prioritized policy with a .50 development-
set precision constraint. The RoBERTa
classifier provided the strongest held-out
performance, with Level 1 recall of .81,
Level 1 F2 of .74, PR-AUC of .78, and
fewer false negatives than the classical
baselines. These results provide
preliminary evidence that automated
justification-depth scoring can help flag
low-depth baseline responses that may
warrant formative support before revision;
future user-facing work should evaluate
whether  classifier-triggered  support
improves revision quality or task
performance in general.

1 Introduction

Generative Al tools are increasingly used in
educational design tasks as sources of feedback,
explanation, and revision support (Kasneci et al.,
2023; Maier et al., 2026; Qian, 2025). These
systems can respond flexibly, but they do not
automatically know whether a learner is ready for
open-ended revision or needs more structured
support. A short baseline justification of their work
can provide an early signal: learners who give
minimal or unsupported reasons may benefit from

scaffolds before being routed into a more open Al-
supported revision process.

This paper studies one such signal: baseline
justification depth in the context of choosing
instructional models. The construct captures
whether a learner merely names or accepts an
instructional design model, gives a general reason,
or connects the model to task demands, learner
needs, engagement,  differentiation,  and
assessment. The practical goal is not to assign a
high-stakes grade. The goal is to identify low-depth
justifications that may warrant formative support
before revision.

In a formative scaffolding context, errors have
unequal consequences. Missing a low-depth
response (Level 1) may leave a learner without a
checklist, worked example, or human review that
could support revision. A false positive may
provide extra scaffolding to a learner whose
response was not a Level 1. Both errors matter, but
the intended support use makes Level 1 recall
especially important. With this priority in mind, we
pursued the following research questions (RQs):

RQI1. How accurately can automated scoring
systems detect low-depth baseline justifications
(Level 1) in held-out student responses?

RQ2. When Level 1 detection is prioritized,
what tradeoffs in recall, false positives, and false
negatives appear across the evaluated systems?

RQ3. What do the selected system's threshold
sensitivity and remaining errors imply for using it
as a formative support signal?

The contribution is applied and measurement-
oriented. First, the study operationalizes baseline
justification depth as a priority-class detection
problem for adaptive learning. Second, it compares
classical and transformer-based scoring systems
under the same development-selected threshold
policy. Third, it reports thresholded metrics, area
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under the precision-recall curve (PR-AUC), and
error tradeoffs for using the score as a low-stakes
formative support signal.

2 Related Work

2.1 Open-Ended Responses and Automated
Scoring

Automated short answer grading (ASAG) has long
examined how natural-language student responses
can be scored efficiently and consistently (Burrows
et al., 2015). Shared tasks such as SemEval-2013
Student Response Analysis framed short-answer
scoring as an educational natural language
processing  problem  involving  semantic
distinctions in student responses, including both
multi-level and binary scoring variants (Dzikovska
et al., 2013). More recent ASAG work has
examined pretrained language models such as
BERT and RoBERTa (Camus and Filighera, 2020;
Devlin et al., 2019; Liu et al., 2019), but the
measurement challenge remains tied to the
construct being scored, the quality of the human
labels, and the intended use of the automated score.

The present task differs from many ASAG
settings because the score is not intended to certify
correctness against a single expected answer. The
target is justification depth in a formative
instructional design task. This makes the task
closer to detecting whether a response provides
enough task-specific reasoning to support an
adaptive next step. Related work on learning-
system detectors shows that automated models can
be useful when they identify learner states or
behaviors that may warrant instructional attention.
For example, gaming-the-system research has
examined learner behaviors associated with poorer
learning or disengagement (Baker et al., 2008;
Zhang et al., 2025). The present study uses a
similar decision logic: an automated scoring
system is meant to identify learners who may need
more structured support, not to certify mastery of
instructional design.

2.2 Automated Scoring, Human Oversight,
and Error Analysis

Recent automated-scoring research treats model
performance as one part of a broader assessment-
use problem. Tian et al. (2025) found that teachers
valued rapid Al-generated feedback for formative
purposes but remained cautious about automated
scoring and preferred human oversight. Foster etal.

(2025) examined automated scoring in relation to
agreement, reliability, and interchangeability with
human scoring designs. Afrin et al. (2025)
evaluated automated classification against expert
judgments for Al-generated assessment content
and highlighted the difficulty of replacing expert
evaluation with automated judgments alone.
Together, these studies suggest that automated
scoring systems should be evaluated not only by
predictive accuracy, but also by the decision
context, the role of human judgment, and the
consequences of different errors.

This issue is especially important for text-based
educational scoring because model output can
appear precise even when the evidence is uncertain.
Jung et al. (2025) showed that automated scoring
performance can depend on how task information
is represented for the model. Hou et al. (2025)
examined LLM-human alignment in evaluating
teacher questioning practices and emphasized
evidence and explanation quality in addition to
ratings. Zhang et al. (2025) used error analysis to
show how false positives and false negatives matter
when detecting gaming in open-ended self-
explanations. Because this study treats Level 1 as
the priority class, precision-recall evaluation and
threshold selection are also central. PR curves can
be more informative than receiver operating
characteristic (ROC) curves for imbalanced binary
classification (Saito and Rehmsmeier, 2015), and
thresholding probabilistic classifiers is part of
aligning model outputs with intended decisions
(Bennett et al.,, 2017; Lipton et al.,, 2014). The
present study follows this direction by comparing
classical and transformer-based automated scoring
systems, prioritizing Level 1 detection, and
interpreting false positives and false negatives in
relation to formative support.

2.3 Validity for Formative Adaptive Use

Because the automated scoring system is intended
to inform support decisions, its value depends on
the interpretation and use of its scores. Argument-
based validity theory emphasizes that validation
concerns the plausibility of claims made from
scores and the appropriateness of intended uses, not
the score or model in isolation (Kane, 2013). In this
study, the intended interpretation is narrow: a Level
1 prediction indicates that a baseline justification
may be too underdeveloped for open-ended Al-
supported revision without additional structure.

180



This interpretation connects the automated
scoring system to formative assessment and
feedback.  Formative  assessment research
emphasizes information that can guide next steps
in learning (Black and Wiliam, 1998; Sadler,
1989). Effective feedback should clarify goals,
address the task, and provide information learners
can act on (Hattie and Timperley, 2007; Shute,
2008), while learners' ability to interpret and use
feedback is also central to feedback uptake (Carless
and Boud, 2018). Computer-based scaffolding
research further suggests that structured support
can improve learning in problem-centered
contexts, with effects depending on design and
implementation conditions (Belland et al., 2017).
In this study, the automated scoring system is
evaluated as an early signal for choosing whether a
learner should receive more structured support
before Al-supported revision.

3 Methods

3.1

The dataset contains 600 baseline justifications
from an Al-supported instructional design study.
Participants (n = 600) selected an instructional
design model or process for designing a 30-minute
mathematics game lesson for diverse third-grade
learners and wrote a short justification for their
choice. The response was treated as a baseline
justification before Al-supported revision.

Two independent researchers coded the
responses using the rubric in Table 1. When
differences occurred, the final code was assigned
after discussion and consensus. The present
analysis uses the final consensus code levels.

Learning Task and Data

Level Operational meaning

Level 1 Minimal or unsupported
justification; little  task-specific
explanation.

Level 2 General task-linked justification;
relevant but broad or partly
elaborated.

Level 3 Elaborated task-specific
justification  connecting model
features to task demands, learners,
engagement, differentiation,
assessment, or iterative
improvement.

Table 1: Coding levels for baseline justification
depth.
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3.2 Models

We compared three automated scoring systems.
TF-IDF  logistic regression provided an
interpretable classical text baseline. Complement
Naive Bayes provided a second sparse-text
baseline that is often effective for text
classification. The transformer model was
RoBERTa, fine-tuned as a three-class classifier and
evaluated by its Level 1 probability score. Classical
models were implemented with scikit-learn
(Pedregosa et al., 2011), and the transformer model
used the RoBERTa architecture (Liu et al., 2019),
which builds on pretrained transformer language
modeling (Devlin et al., 2019).

3.3 Group-Aware Repeated Splits

The duplicate-response audit found two sets of
repeated text after normalization: one set contained
two responses, and the other contained three. These
repeated responses were kept together during split
generation. This retained all real responses while
ensuring that identical normalized responses did
not appear across training, development, and held-
out test splits. This group-aware step helps prevent
data leakage by ensuring that identical normalized
responses do not appear across training and
evaluation splits (Kaufman et al., 2012).

For each of 20 random seeds, we created a
group-aware, label-stratified 420/90/90 split:
identical normalized responses were kept within
the same split, and the distribution of Level 1,
Level 2, and Level 3 labels was preserved across
training, development, and held-out test sets. Table
2 reports the full coded dataset distribution and the
label counts used in each training, development,
and held-out test split. The same counts were used
across all 20 repeated splits, so model comparisons
were not affected by differences in Level 1
prevalence across repetitions.

Split n Level | Level | Level
1 2 3

Full dataset 600 | 136 215 249

Training 420 | 95 151 174

Development | 90 | 20 32 38

Held-outtest | 90 | 21 32 37

Table 2: Label counts in the full dataset and each
group-aware repeated split.

3.4 Thresholds and Evaluation

For each repeated split, models were fit on the 420
training responses. Thresholds were selected on the
90-response development split and evaluated on



the 90-response held-out test split. For all three
systems, the operating threshold was selected by
maximizing Level 1 recall subject to development-
set Level 1 precision of at least .50. F2 combines
precision and recall with greater weight on recall;
F3 places even stronger weight on recall and was
used only in the threshold-sensitivity analysis.

This .50 value was a precision constraint, not a
fixed probability cutoff; each system selected its
own Level 1 probability threshold from the
development split because probability scores are
not directly comparable across model families. The
constraint was used for the intended formative-
support use: the threshold policy prioritizes
catching low-depth justifications while avoiding an
unconstrained high-recall policy that would flag
too many Not-Level-1 responses. We also
examined alternative threshold policies as a
sensitivity check.

We report mean accuracy, balanced accuracy,
Cohen's kappa, Level 1 precision, Level 1 recall,
Level 1 F2, PR-AUC, ROC-AUC, false positives,
and false negatives across the 20 held-out test
splits. PR-AUC and ROC-AUC were computed
from held-out Level 1 probability scores and are
reported as threshold-independent ranking metrics.
False positives and false negatives are summed
across the 20 held-out test splits.

4 Results
4.1 Model Performance for Level 1
Detection

Across the 20 group-aware repeated splits,
RoBERTa provided the strongest performance for
detecting Level 1. As shown in Tables 3 and 4,
RoBERTa had the highest balanced accuracy,
kappa, Level 1 precision, Level 1 recall, Level 1
F2, and PR-AUC. It also produced fewer false
negatives.

System Thr. | Acc. | Bal. | Kap | PR

Acc. | pa (ROC)
-AUC
TF-IDF 44 18 77 47 .67
LogReg (.84)

Comple 21 78 a7 47 .64
mentNB (.83)

ROBERT | .13 | 80 | .81 |.54 |.78
a (.89)

Table 3: Overall held-out performance across 20
group-aware repeated splits. Thr. = Level 1
operating threshold; Acc. = accuracy; Bal. Acc. =
balanced accuracy; Kappa = Cohen’s kappa; PR
(ROC)-AUC reports PR-AUC and ROC-AUC in
parentheses.

System L1 L1 L1 | FP | FN
Prec. | Rec. | F2

TF-IDF 53 75 .69 | 295 | 104

LogReg

Complement | .53 15 .69 | 294 | 104
NB
RoBERTa .57 .81 74 1274 | 78

Table 4: Priority-class tradeoffs for Level 1
detection. L1 = Level 1; Prec. = precision; Rec. =
recall; F2 weights recall more heavily than
precision; FP = false positives; FN = false
negatives. FP and FN are summed across the 20
held-out test splits. Across the 20 repeated splits,
standard deviations (SDs) for the main metrics
were generally modest: accuracy SDs ranged from
.05 to .06, balanced accuracy SDs from .05 to .06,
Level 1 recall SDs from .09 to .13, Level 1 F2
SDs from .07 to .10, and PR-AUC SDs from .08
to .09.

RoBERTa's PR-AUC was .78, compared with
.67 for TF-IDF logistic regression and .64 for
Complement Naive Bayes. RoBERTa's ROC-AUC
was also higher (.89) than the two classical
baselines (.84 and .83). Together, these ranking
metrics indicate that RoBERTa assigned higher
Level 1 probability scores to true Level 1 responses
more consistently than the classical baselines.
Figure 1 visualizes the same pattern by comparing
Level 1 recall, Level 1 F2, and PR-AUC across the
three systems.
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Figure 1: Mean Level 1 recall, Level 1 F2, and
PR-AUC across 20 group-aware repeated splits.
Values are held-out test means under the
precision-constrained recall policy.

4.2 Tradeoffs in
Detection

Prioritizing Level 1

The threshold sensitivity analysis shows why the
selected threshold policy matters. Without a
precision floor, RoBERTa reached .88 Level 1
recall and .75 Level 1 F2, but false positives
increased to 426. The more aggressive F3 policy
increased the Level 1 recall to .92, but false
positives increased to 555. The precision-
constrained recall policy retained a strong Level 1
recall (.81) while reducing false positives to 274
(Table 5).

Policy | Thr. | L1 L1 L1 | FP | FN
Prec. | Rec. | F2
Recall | .13 | .57 .81 74 | 274 | 78
+ prec
>=50
F2 no | .06 | 48 .88 75 | 426 | 49
floor
F3 no | .03 | 42 92 74 | 555 | 33
floor

Table 5: RoBERTa threshold policy sensitivity
across 20 group-aware repeated splits. All
threshold policies used the same trained
RoBERTa models and selected thresholds on the
development split. F2 and F3 weight recall more
strongly than precision, with F3 placing greater
weight on recall.

4.3 Selected Model Error Profile

Under the selected threshold policy, the RoOBERTa
classifier identified 342 of 420 Level 1 responses
across the 20 held-out test splits and missed 78. It
correctly identified 1,106 of 1,380 Not-Level-1
responses and flagged 274 as Level 1. Figure 2
shows these outcomes within each human-coded
class, making the Level 1 recall pattern and the
remaining false negative cases visible.

80.1%
(n=1106)

Not Level 1

Human-coded label

18.6%

Level 1 - (l"l=78)

i
Not Level 1
Predicted label

Level 1

Figure 2: RoBERTa outcomes by human-coded
class. Counts are summed across the 20 held-out
test splits. Percentages are calculated within each
human-coded class under the recall-prioritized
policy with a .50 precision constraint.

For the intended formative use, the remaining
false negatives are the primary risk because they
represent low-depth justifications that would not
receive the additional support. False positives also
matter because unnecessary scaffolding can
constrain a learner's revision process. However, in
a low-stakes formative-support context, the
selected policy provides a decent balance: it
catches most Level 1 responses while keeping false
positives lower than the more aggressive F2 and F3
policies shown in Table 5.

5 Discussion and Conclusion

5.1 Main Findings

This study evaluated automated justification-depth
scoring as an ecarly formative signal for Al-
supported instructional design tasks. The results
show that low-depth baseline justifications can be
detected in held-out student responses and that the
system performance depends on a threshold policy
aligned with the intended use. The RoBERTa
classifier showed the strongest threshold-
independent ranking performance and the strongest
thresholded performance under the recall-
prioritized policy.

The findings are consistent with ASAG research
showing the value of transformer representations
for short-answer scoring, while also showing why
classical sparse-text baselines remain important
comparators. The gap between RoBERTa and the
classical models was clearest for PR-AUC and
false negatives. This pattern suggests that
RoBERTa offered better Level 1 detection and
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missed fewer true Level 1 responses after the final
threshold was applied.

5.2 Implications for Formative Adaptive
Support

The central implication is that adaptive support can
begin before revision. The baseline justification
functions as a short self-explanation in which
learners articulate why an instructional design
model fits a specific mathematics game lesson.
When that explanation is minimal, unsupported, or
weakly connected to task demands, a learning
system can provide more structured support before
the learner moves into Al-supported revision.

This use fits the formative assessment and
feedback literature. Formative assessment is
valuable when it informs the next step in learning
(Black and Wiliam, 1998; Sadler, 1989), and
effective feedback should be actionable, task-
focused, and timed to support improvement (Shute,
2008). In this study, the classifier is not the
feedback itself. It is a routing signal that can help
determine whether a learner receives a checklist,
worked example, guiding prompt, or human
review.

5.3 Validity, Human Oversight, and Limits
of Use

The findings should be interpreted through an
argument-based validity —perspective, where
validation concerns the proposed interpretation and
use of scores (Kane, 2013). The relevant claim is
not that the classifier measures all aspects of
instructional design quality. The narrower claim is
that a Level 1 prediction can indicate a need for
additional formative support before revision. The
evidence reported here supports that narrower
claim through held-out classification performance,
repeated group-aware splitting, precision-recall
evaluation, and sensitivity analysis, consistent with
prior work on precision-recall evaluation and
threshold selection under precision constraints
(Bennett et al., 2017; Lipton et al., 2014; Saito and
Rehmsmeier, 2015).

Human oversight remains necessary, consistent
with recent automated-scoring work showing that
educators value rapid Al-supported feedback but
remain cautious about automated scoring decisions
(Tian et al., 2025). The classifier should not be used
as a high-stakes grader, as a substitute for rubric-
based human judgment, or as evidence that an
adaptive intervention improves learning. Its

appropriate role is a low-stakes signal that can help
allocate additional scaffolding or review. Any user-
facing adaptive system should allow learners and
instructors to override, inspect, or revise automated
support decisions.

5.4 Limitations and Future Work

Several limitations and future directions should be
noted. First, the model was developed from a
relatively limited amount of human-scored data:
600 consensus-coded justifications. The group-
aware repeated-split analysis strengthens the
stability evidence, but an external locked dataset
would provide a stronger test of generalization.
Second, the construct and task are specific to
baseline justifications in an instructional design
activity. The same scoring approach should be
validated in additional tasks and domains before
broader claims are made about automated
justification-depth scoring. Lastly, the present
study evaluated whether the classifier could
provide a usable formative signal for identifying
low-depth justifications. A future user-facing
adaptive study should test whether support
triggered by this signal improves revision quality,
learner  reasoning, or downstream  task
performance.

5.5 Conclusion

This study contributes an applied, measurement-
oriented account of automated justification-depth
scoring for Al-supported learning. Across 20
group-aware repeated splits, the RoBERTa
classifier provided the strongest Level 1 detection
under a precision-constrained recall policy, with
higher Level 1 recall, F2, PR-AUC, balanced
accuracy, and kappa than two classical baselines.
The classifier is best understood as a low-stakes
formative support signal: useful for identifying
learners who may need additional scaffolding, but
not sufficient as a high-stakes grade or as evidence
that adaptive support improves learning outcomes.
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