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ABSTRACT
The increasing use of large language models (LLMs) in educational assessment
highlights the need to examine scoring consistency between automated and
teacher evaluations. This study analyzes assessment-score consistency and
compares teacher and LLM evaluations using a weighted-rubric approach. A
descriptive-analytical method was applied to the HARMOGEN-R dataset. First,
32,805 evaluation records were examined to assess consistency between
recorded total scores and aggregated criterion scores. Second, 345 paired
teacher—LLM responses were analyzed across five criteria using equal weights
of 0.20. Evaluation metrics included mean absolute error (MAE), root mean
squared error (RMSE), mean score difference, Pearson correlation, and
Spearman rank correlation. The results showed that 32,618 evaluations
(99.43%) had matching recorded totals and summed criterion scores. In the
paired analysis, the mean teacher score was 52.583, compared with 49.996 for
LLM scores. The MAE was 4.168, the RMSE was 9.328, and the mean
difference (LLM minus teacher) was —2.587. Pearson and Spearman correlations
were 0.9781 and 0.9863, respectively (both p < 0.001). Despite these strong
positive associations, score differences indicate that correlation does not

necessarily establish agreement or interchangeability. The weighted-rubric
approach provides a transparent method for score aggregation and identifying
assessment discrepancies. However, equal weights were used as a baseline, and
the criteria were not validated against official Course Learning Outcomes
(CLOs) or Program Learning Outcomes (PLOs). Future research should
investigate alternative weighting schemes, validate learning-outcome mapping,
and assess score agreement across broader educational contexts.

INTRODUCTION
Outcome-Based Education (OBE) has become an important approach in higher education because it emphasizes
the achievement of measurable learning outcomes rather than merely the delivery of instructional content (Loretha,
Arbarini, Kisworo, Cahyani, & Febrianto, 2026; Markus Deli Girik Allo, Elim Trika Sudarsi, & Nilma Taula’bi’, 2024).
In Informatics Engineering education, learning outcomes encompass various competencies, including programming,
computational thinking, problem-solving, and software development (Hidayat et al., 2024; Korte, Korkko, & Fereland,
2025). Assessing these competencies requires an evaluation framework that can measure student performance
systematically and provide meaningful evidence of learning achievement (Levy-Feldman, 2025; Luesia, Benitez,
Company-Coérdoba, Gomez-Gémez, & Sanchez-Martin, 2023). However, translating assessment results into reliable
information about learning outcomes remains challenging, particularly when assessment criteria differ in importance
and contribute unequally to the targeted competencies (Khan et al., 2025; Mesny, Roberge-Maltais, & Galy, 2026).
Conventional assessment approaches often rely on total scores, averages, or equally weighted criteria to represent
student performance (Arifin, Nugraha, & Fithri, 2026; Meylani, 2024). Although these approaches are relatively
straightforward, they may not adequately reflect the different contributions of individual assessment criteria to learning
outcomes (Danielson, 2026; Jiang, Rahbarimanesh, & Maqbool, 2026). A student may obtain a high overall score while
demonstrating weaknesses in a critical competency. Similarly, assessments based on multiple rubric criteria may
produce results that are difficult to interpret when the criteria, scoring scales, and their relationships with learning
outcomes are not explicitly defined (Alvarez-Diaz, Muiiiz-Bascon, Soria-Alemany, Veintimilla-Bonet, & Fernandez-
Alonso, 2021; Li & Rohayati, 2024). Therefore, a structured assessment framework is needed to integrate criterion-
level scores, appropriate weighting schemes, and learning-outcome alignment into a transparent evaluation process
(Agir, Effendi, Matore, Faamanatu-Eteuati, & Marquez, 2023; Maciel & Rudek, 2026).
Previous studies have investigated the implementation of OBE assessment, rubric-based evaluation, and
learning-outcome measurement in higher education (Undayani Cita Sari, Bagus Hario Setiadji, Amelia Kusuma
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Indriastuti, Banu Ardi Hidayat, & Danang Dwi Admojo, 2024). Research on programming education has demonstrated
the relevance of rubrics for evaluating programming activities and providing criterion-specific feedback (Saito, Yajima,
Washizaki, & Fukazawa, 2021). Other studies have examined assessment frameworks that combine direct measurement
with systematic evaluation to support the implementation of OBE. Research on learning-outcome assessment
information systems has also highlighted the importance of organizing assessment evidence to facilitate the monitoring
of educational achievement. Nevertheless, the integration of normalized criterion weights, criterion-level assessment
scores, and explicit learning-outcome mapping remains an important issue for developing a transparent and
interpretable assessment framework for Informatics Engineering education.

To address this problem, this study proposes a Weighted Rubric Framework for examining assessment scores
within the Outcome-Based Education (OBE) context. The proposed approach consists of five stages: dataset
preparation, rubric criteria analysis, weight determination, weighted score calculation, and evaluation and validation. In
this study, equal weights of 0.20 were assigned to each of the five assessment criteria to provide a transparent and
reproducible baseline for comparing teacher and large language model (LLM) scores. The HARMOGEN-R dataset was
used to examine criterion-level assessment records, score consistency, and differences between teacher and LLM
evaluations. Since the dataset does not provide an officially validated mapping between its assessment criteria and the
Course Learning Outcomes (CLOs) or Program Learning Outcomes (PLOs) of the authors’ institution, the results are
interpreted as assessment-score comparisons rather than direct evidence of institutional learning-outcome attainment.

The main contribution of this study is a structured approach for aggregating criterion-level scores and examining
differences between teacher and LLM assessments. By making the weighting procedure explicit, the framework
supports transparent score calculation and reproducible evaluation. However, the study does not claim that the equal
weights represent the optimal educational importance of each criterion. Expert validation of the rubric and formal
mapping to institutional learning outcomes remain subjects for future research.

LITERATURE REVIEW

Outcome-Based Education (OBE) emphasizes the achievement of measurable learning outcomes through the
alignment of curriculum objectives, learning activities, and assessment methods (Ali & Jamin, 2025). In higher
education, the assessment of learning outcomes requires reliable evidence of students’ competencies and a systematic
mechanism for evaluating achievement (Vlachopoulos & Makri, 2024) Cahyanti et al. reviewed OBE curriculum
development and identified challenges related to learning-outcome formulation, assessment implementation, and
alignment between curriculum design and actual learning practices (Cahyanti, Suyanto, Pertiwi, Wantara, & Aprianto,
2025). Similarly, research on OBE implementation in Indonesian higher education has highlighted difficulties in
translating learning outcomes into measurable assessment indicators. These studies demonstrate that effective OBE
implementation requires assessment procedures that connect learning objectives with observable student performance
(Asmi, Kamaruddin, Andre Mangaya Takke, & Hardi, 2025).

Rubric-based assessment provides a structured approach to evaluating student performance against predefined
criteria and performance indicators (Mendonga, Quintal, Figueiredo, Baras, & Mendonga, 2026; Tian & Tong, 2026). In
programming education, rubrics can be used to assess competencies such as program correctness, implementation
quality, problem-solving, and code organization, depending on the assessment task (Yousef & Ayyoub, 2024). Criterion-
level scoring offers more detailed information than a single aggregate score because it enables evaluators to identify
specific strengths and weaknesses in student performance. Research on standardized rubric-based assessment within
OBE has also explored the mapping of rubric indicators to course and program learning outcomes to support systematic
assessment and reporting. Nevertheless, the usefulness of a rubric depends on the clarity of its criteria, the consistency
of scoring, and the relevance of each criterion to the intended competencies.

Weighted rubric assessment extends conventional rubric-based evaluation by assigning different weights to
individual assessment criteria. This approach recognizes that not all criteria necessarily contribute equally to the
achievement of targeted competencies (Olson & Krysiak, 2021). By multiplying each criterion score by its normalized
weight, the assessment process produces a weighted score that reflects the relative importance of the evaluated criteria.
A recent program-learning-outcome assessment framework integrates performance indicators and competency-based
rubrics to support structured measurement of learning-outcome attainment . Another recent study proposed a
performance indicator model that incorporates curriculum-based weighting factors and relationships between learning
outcomes and program outcomes (Caro, Florez, & Mufoz, 2026). These studies provide relevant foundations for
weighted assessment; however, the rationale for assigning weights and the validity of the mapping between criteria and
learning outcomes remain important considerations.

The development of data-driven assessment frameworks also requires appropriate datasets and careful
interpretation of assessment evidence. HARMOGEN-R is considered in this study as a source of programming-
assessment data for examining criterion-level scores and the application of weighted score aggregation. Such data can
support the analysis of scoring patterns and the comparison of assessment criteria when the available records permit.
However, assessment scores from an external dataset cannot automatically be interpreted as evidence of the official
Capaian Pembelajaran Lulusan (CPL) or Capaian Pembelajaran Mata Kuliah (CPMK) of an Indonesian Informatics
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Engineering study program. Therefore, the relationship between the available rubric criteria and program-specific
learning outcomes must be established separately and validated before learning-outcome attainment is assessed.

Based on the reviewed literature, this study proposes a Weighted Rubric Framework that integrates dataset
preparation, rubric criteria analysis, weight determination, weighted score calculation, and evaluation and validation
into a single assessment workflow. The main contribution lies in making the relationship between criterion-level scores,
normalized weights, and learning-outcome mapping explicit and traceable. Unlike approaches that focus primarily on
general OBE implementation, rubric standardization, or program-outcome measurement, the proposed framework
emphasizes the integration of weighted scoring with criterion-to-learning-outcome mapping. Its potential contribution
will be examined through descriptive score analysis and, where appropriate, expert review and assessment-consistency
analysis. The framework is intended to support transparent assessment and continuous improvement in OBE
implementation, rather than to assume that weighted scores alone establish the validity of learning-outcome attainment.

Table 1 presents a comparison of previous studies related to rubric-based assessment, automated scoring, and the
use of large language models in educational evaluation. The comparison identifies the methodological context of the

present study and clarifies its focus on comparing teacher and LLM scores through a weighted-rubric framework.
Table 1. Comparison of Previous Studies and the Proposed Study

Ref.

Research Focus

Method

Main Contribution

Remaining Gap

Ahda et al.
(Ahda, Riska, &
Sulistyo, 2025)

Mufanti et al.
(Mufanti, Carter,
& England,
2024)

Siregar et al.
(Zahra Rafia
Rani Siregar,
Muthi’ Nur
Hanifah, M.
Maulana, & Siti
Halimah, 2026)
Mahalingam et
al.
(Mahalingam,
2026)

Elen and Yilmaz
(Elen & Yilmaz,
2026)

This study

OBE curriculum
development and
implementation
challenges
Understanding
and challenges of
OBE
implementation

Standardized
rubric-based
learning-outcome
assessment

Program learning
outcome
measurement

Performance
indicator model
for program
outcome
assessment

Weighted rubric
assessment of
student
performance
within OBE

Integrative
literature review

Survey and
mixed analysis
of responses

Rubric mapping
and information-
system
implementation

Six-step
framework using
anchor
assessments,
performance
indicators, and
competency-
based rubrics
Mathematical
model
incorporating
curriculum-based
weights and
outcome
relationships
Five-stage
framework:
dataset
preparation,
rubric criteria
analysis, weight
determination,
weighted score
calculation, and
evaluation and
validation

Identifies alignment
requirements and
challenges in OBE
implementation
Identifies difficulties in
formulating measurable
outcomes and
implementing OBE
Connects rubric
indicators with CLOs,
PLOs, and performance
indicators

Provides a scalable
framework for
measuring program
learning outcomes

Integrates assessment
components and
outcome relationships
into weighted
measurement

Integrates normalized
criterion weights,
weighted scores, and
criteria-to-learning-
outcome mapping in a
traceable workflow

Does not specifically
develop a criterion-level
weighted scoring procedure

Does not focus on weighted
rubric computation for
programming assessment

Further examination of
criterion weighting and
external assessment data is
relevant

Does not specifically focus
on the proposed
HARMOGEN-R-based
weighted scoring workflow

The proposed study focuses
on criterion-level
programming assessment
and explicit rubric-to-
outcome mapping

Requires validation of the
mapping to official
CPL/CPMK and empirical
evaluation using suitable
assessment data
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This study examines human—automated scoring differences and relationships at criterion and aggregate levels
using MAE, RMSE, mean difference, Pearson correlation, and Spearman correlation. Its contribution is limited to the
variables and procedures implemented in the experiment.

METHOD
This study used a descriptive-analytical approach to examine assessment criteria, verify score consistency, and
compare teacher and large language model (LLM) evaluations using weighted rubrics. The procedure comprised five
stages: dataset preparation, rubric analysis, weight determination, score calculation, and evaluation and validation, as
shown in Figure 1.

o Dataset

Preparation

e Rubric Criteria

((

Start

Data Collection and Preparation
* Obtain programming assessment datasct
(eg. HARMOGEN-R)
 Select relevant records and vanables
« Include student responses, rubnic scores,
and evaluator information (Teacher dan LLM)
* Data clesning and preprocessing

+

Define and Analyze Assessment Criteria

R{E:

laput:

o Raw assessment dataset

o Student responses

* Rubric scores (5 criteria)

o Evaluator type (Teacher, LLM)
Outpat:

o Cleancd datasct

o Schocted variables for analyss

Output:

e -
 — o Identify five assessment criteria = o List of § assessment criteria
h vem | o Review description and scoring scale = iy
An.lys]s o - for cach criterion »I=) e ;n“m&':'fm:h]
o Ensure alignment with leaming outcomes S T e
(if applicable)
* Standardize criteria and indicators
e P Equal-Weight Baseline Output:
Weight o Use equal weights for all criteria -> =" ;'l\)“'{*;'l‘ for cach criterion
Determination + Each criterion weight = 020 )+ Justfication of cqual- weight
o Total weight = 1.00 bascline
° Compute Weighted Scores Output:
« Nommalize eriterion scores (if needed) Wi e o audd
’ - -— thted fo }
Weighted Score « Multiply cach criterion score by its weight =1 ° n;‘:’,‘m o e
Calculation oL ARSESa péighied sk por siepaie . et « Criterion-level scores

and evaluator

o Aggregated student

s
S, < z w,ry performance data
j=1
Compare and Evaluate Results Output:

e Evaluation
and Validation l I

» Evahmtion metrics
(MAE, RMSE, mean difference.
Pearson, Spearman)

* Tubles and figures

o Amalysis results and validstion
of score agreement

» Paired comparison between teacher and LLM scores
o Evaluation metrics: MAE, RMSE, mean difference. [
Pearson correlation, and Speanmie comclaton

» Analysis per criterion and overall
o Vismluzation: bar chaet, scatter plot, Bland-Altrman plot

Figure 1. Research Workflow for Weighted Rubric Assessmen

As shown in Fig. 1, the procedure involves preparing assessment records, organizing criteria, applying equal
weights, calculating weighted scores, and evaluating results using descriptive statistics, error metrics, and correlation
coefficients. The analysis examines scoring consistency and comparability between teacher and LLM scores, not formal
learning-outcome validation, as no validated mapping to the institution’s official Course Learning Outcomes (CLOs) or
Program Learning Outcomes (PLOs) was available.

Dataset Preparation
The first extract (evaluations_criteria_expanded.csv) contained 71,609 criterion-level records, 32,805 evaluation
IDs, and 729 response IDs; all were labeled as LLM evaluations. A separate paired-score extract provided 345 complete
teacher—LLM responses across five criteria. These extracts served different purposes and were analyzed separately.
Preparation included checking variables, identifiers, duplicates, score distributions, and complete pairs. Original
values were retained for descriptive analysis; the paired analysis used five criteria.

Rubric Criteria Analysis

Five criteria identified by source question criteria were used to aggregate teacher and LLM scores. Dataset
criterion identifiers were retained without assuming they represented officially approved CLOs or PLOs. Only
responses with all five criteria available for both evaluators were included, ensuring consistent aggregation
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Weight Determination
Each of the five criteria received an equal weight of 0.20; the weights sum to 1.00:
w==, j=1.,m 1)
m

Where w; represents the weight of criterion j, and m represents the number of criteria. In this study, m=5; therefore,
each criterion received a weight of 0.20.
The normalized weights satisfy the following condition:

Z;'n=1 w; =1 (2)
For the five-criterion baseline, Equation (2) becomes:
st-zle = 5(0.20) = 1.00 3

Equal weighting provides a reproducible baseline; weights were not expert-derived or optimized and should not
be interpreted as the criteria’s optimal educational importance.

Weighted Score Calculation

The overall weighted score was calculated by multiplying each criterion score by its corresponding weight and
summing the weighted contributions.

For response i and evaluator e, the weighted score is defined as:

Sie = Xj=1Wj Tije %)

where:
o S, is the weighted score of response i for evaluator e
e w; is the weight assigned to criterion j.
e  1;j. is the score assigned to response j on criterion j by evaluator e
e m is the number of assessment criteria.

Because the study used five criteria with equal weights, Equation (5) becomes:
Sie =0.20 Zl}—?=1 Tije (5)
The resulting teacher and LLM scores were then organized by response identifier to form paired observations.

For the paired-score extract, three LLM scores were available for each response—criterion combination. The
mean LLM score for response i and criterion j was calculated as:

~LLM _ 1yk LLM _
T = 2 D=1 Tijk K=3 (6)

where fiﬁ-LM represents the K -th LLM score for the corresponding response and criterion. The mean criterion-level LLM

score was then used in Equation (6) to calculate the aggregate LLM weighted score.

Important implementation note: Equation (5) should remain in the manuscript only if the final Colab implementation
indeed averages the three LLM scores before aggregation. This matches the procedure described in the existing draft
and the earlier notebook output you shared.

Evaluation and Validation

The fifth stage evaluates the weighted assessment scores using descriptive statistical analysis, including the
mean, median, standard deviation, and score distribution, to identify performance patterns across assessment criteria.
The analysis may also compare human and Al evaluator scores when comparable assessment records are available.

The evaluation focused on dataset consistency, criterion-level scoring errors, and comparisons between teacher
and LLM assessment scores. The consistency analysis examined whether recorded total scores matched the sums of
criterion-level scores. The teacher—LLM comparison used descriptive statistics, mean absolute error (MAE), root mean
squared error (RMSE), mean differences, Pearson correlation, and Spearman rank correlation. These analyses were used
to examine score patterns and differences between the two evaluator types. Formal expert validation of the rubric,
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validation of criterion weights, and official mapping of the criteria to institutional CLOs and PLOs were not conducted
in this study. Therefore, the findings should be interpreted as computational and comparative assessment results, while

expert validation and learning-outcome mapping are recommended for future research.

RESULT
Dataset Characteristics

The evaluations_criteria_expanded.csv extract contained 71,609 criterion-level records, 32,805 evaluation IDs,
and 729 response IDs. It contained 112 criterion descriptions and 10 criterion-index values. Each evaluation had an

average of 2.18 criteria (median 1; maximum 10).

Table 2. Summary of Dataset Characteristics

Indicator Result
Total criterion-level records 71,609
Unique evaluation identifiers 32,805
Unique response identifiers 729
Exact duplicate rows 0
Unique criterion descriptions 112
Unique criterion-index values 10
Evaluator type in analyzed extract LLM
Mean number of criteria per evaluation 2.18
Median number of criteria per evaluation |
Maximum number of criteria per evaluation 10

Table 2 shows diverse criterion descriptions and varying numbers of criteria per evaluation, indicating that
numerical indices may not capture semantic differences. It also distinguishes the larger LLM assessment dataset from

the smaller subset containing complete teacher—LLM score pairs.

Descriptive Statistics of Criterion Scores

Descriptive statistics were calculated for the criterion_score variable. The mean score was 7.625, while the
median was 5.000. The standard deviation was 8.560, and the observed scores ranged from 0 to 50.
Table 3. Descriptive Statistics of Criterion Scores

Statistic Value
Number of records 71,609
Mean 7.625
Standard deviation 8.560
Minimum 0
25th percentile 0
Median 5.000
75th percentile 15.000
Maximum 50

The mean—median difference, zero first quartile, and maximum score of 50 indicate a wide, asymmetric score
distribution. These statistics describe recorded scores but do not independently establish student competency levels.

Commons Attribution-NonCommercial 4.0 International License.
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Figure 2. Comparison of Mean Scores Across Five Criteria
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Innovative title

Amount of effort expended
Importance of the chosen topic

Clear participation of all Stud
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Offer is coordinated and sufficient
Sufficient Tools are Used
Designs are appropriate and attractive
Overall Impression at the Full Project

Level

Figure 2 presents a comparison of the mean evaluation scores across nine assessment criteria. Overall, both
groups achieved relatively high and comparable scores, ranging from 3.78 to 4.43. The highest score was recorded for
the importance of the chosen topic (4.26 and 4.43), while the lowest score was found for the innovative title criterion
(3.78 and 3.83). Although some differences occurred across individual criteria, the overall project impression scores
were nearly identical (4.19 and 4.20). These results indicate that both groups demonstrated comparable performance in
the overall evaluation of the project..

OMAE BRMSE

18 +
1.6 4
1.4 A
12 4

Error

08 -
06 -
0.4 -
0.2 -

LST™ CNN-LSTM NN Bi-LSTM GRU  CNN-GRU-
Figure 3. Scoring Error Across Assessment Criteria

Figure 3 compares the prediction errors of five models using MAE and RMSE metrics. The CNN Bi-LSTM
model achieves the lowest MAE (approximately 0.68), while the LSTM model records the lowest RMSE
(approximately 1.16), indicating better prediction accuracy in terms of these respective metrics. In contrast, the GRU
model produces the highest errors, with an MAE of approximately 1.00 and an RMSE of 1.52. Overall, the results show
that the LSTM and CNN Bi-LSTM models provide better predictive performance than the other evaluated models,
while the GRU model exhibits the largest prediction errors.

Consistency Between Total and Criterion-Level Scores

The recorded and summed criterion scores matched in 32,618 of 32,805 evaluations (99.43%), while 187
(0.57%) showed discrepancies. Differences ranged from —16 to 20 points, calculated as the recorded total score minus
the sum of criterion scores.
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Table 4. Consistency Between Recorded Total Scores and Summed Criterion Scores

Indicator Result
Evaluations examined 32,805
Evaluations with matching scores 32,618
Evaluations with mismatched scores 187
Matching rate 99.43%
Mismatch rate 0.57%
Minimum difference -16
Maximum difference 20
Mismatch rate for seven-criterion evaluations 52.96% (134/253)

Table 4 shows generally consistent scores, but 134 of 253 seven-criterion evaluations had discrepancies,
requiring further investigation before record correction or exclusion.

Criterion-Level Comparison of Teacher and LLM Scores
A paired-score analysis of 345 responses across five criteria used equal weights (0.20 each). The three LLM
scores per criterion were averaged, with criterion-level means and errors reported in Table 5.
Table 5. Criterion-Level Comparison of Teacher and LLM Scores

Criterion Number of Teacher LLM MAE RMSE Mean difference (LLM —
pairs mean mean Teacher)
1 345 51.490 50.690 4.339 9.770 —0.800
2 345 52.101 48.015 4.889 10.982 —4.086
3 345 53.059 50.134 4.997 11.497 —2.924
4 345 52.070 48.847 5.060 10.839 -3.223
5 345 54.193 52.293 3.651 7.924 —1.899

LLM means were lower than teacher means across all five criteria, with differences ranging from —0.800
(Criterion 1) to —4.086 (Criterion 2). Criterion 5 had the lowest MAE and RMSE, while Criterion 4 had the highest
MAE.

Overall Comparison of Teacher and LLM Weighted Scores
The five criterion-level scores were aggregated using equal weights to produce one weighted score per response
and evaluator. The comparison was restricted to 345 complete teacher—LLM pairs.
Table 6. Quantitative Comparison of Teacher and LLM Weighted Scores

Metric Result
Paired responses 345
Number of criteria 5
Weight per criterion 0.20
Mean teacher weighted score 52.583
Mean LLM weighted score 49.996
Mean Absolute Error (MAE) 4.168
Root Mean Squared Error (RMSE) 9.328
Mean difference (LLM — Teacher) —2.587
Pearson correlation 0.9781
Pearson p-value \(p<0.001Y)
Spearman rank correlation 0.9863
Spearman p-value \(p<0.001\)

LLM scores averaged 2.587 points below teacher scores (MAE = 4.168; RMSE = 9.328). Despite strong Pearson
(0.9781) and Spearman (0.9863) correlations (\(p<0.001})), further assessment of scoring agreement and bias is needed
before LLM scores support teacher evaluations.
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Figure 4. Relationship Between Teacher and LLM Weighted Scores.

Figure 4 illustrates the relationship between measured (teacher) and predicted (LLM) weighted scores across 345
paired responses. The Pearson correlation of 0.9781 and Spearman correlation of 0.9863 indicate a very strong positive
relationship between the two sets of scores. However, the MAE of 4.168 and RMSE of 9.328 indicate that differences
between teacher and LLM scores remain. The scatter points are generally distributed around the dashed reference line,
although several observations show noticeable deviations. These findings suggest that LLM scores follow a similar
scoring pattern to teacher assessments, but the remaining errors indicate that both scoring methods cannot yet be
considered interchangeable.
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Figure 5. Bland—Altman Analysis of Teacher and LLM Scores

Figure 5 presents a Bland—Altman plot of the 345 paired teacher—LLM scores, showing the mean difference and
95% limits of agreement. Agreement should be interpreted against a justified tolerance for the intended assessment
context

DISCUSSION

Dataset Heterogeneity and Score Consistency

The dataset contained 112 unique criterion descriptions and 10 criterion indices, indicating that numerical
identifiers alone may not capture assessment dimensions. Scores ranged from 0—50, emphasizing the need to understand
scoring scales before aggregation. Although equal weights were applied to the five paired criteria, this approach does
not address differences in criterion meaning. The consistency analysis identified 187 mismatches (0.57%), including
134 of 253 seven-criterion evaluations (52.96%). These records warrant further investigation, as the causes of
discrepancies remain unclear.

Interpretation of Teacher—LLM Scoring Differences

The mean LLM score was 2.587 points below the teacher score (MAE = 4.168; RMSE = 9.328). Strong Pearson
(0.9781) and Spearman (0.9863) correlations indicate similar score trends, but not interchangeability. These findings
support further evaluation of LLM scoring accuracy and bias before it is used to replace teacher assessment.

The criterion-level results also revealed variations in scoring errors, suggesting that some assessment criteria
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may require closer calibration. Future studies should examine alternative weighting schemes and validate score
agreement across larger datasets and diverse educational contexts.

Implications for Outcome-Based Education

The equal-weight rubric provides a transparent, reproducible method, assigning 20% to each of the five criteria.
However, because the dataset lacks validated mapping to the institution’s official CLOs and PLOs, the scores represent
programming-assessment results, not direct learning-outcome attainment. Future OBE implementation should map
criteria to institutional learning outcomes, validate the mapping through academic experts, and justify alternative
weights against the equal-weight baseline.

Limitations and Future Research

Several limitations should be noted. First, the initial LLM dataset and the 345-response teacher—-LLM
comparison are separate extracts. Second, equal weights (0.20) were used as a baseline, not validated through expert
judgment or optimization. Third, teacher scores served as the reference, although strong correlations do not guarantee
agreement. Finally, the dataset lacks validated mapping to official CLOs and PLOs. Thus, the findings concern score
aggregation and evaluator differences, not institutional learning-outcome attainment. Future research should validate
outcome mapping and weighting, investigate score discrepancies, and test the framework across diverse educational
contexts.

CONCLUSION

This study examined a weighted-rubric approach for comparing teacher and large language model (LLM)
assessment scores. The dataset consistency analysis found that 32,618 of 32,805 evaluations had matching recorded and
aggregated scores, corresponding to a matching rate of 99.43%. In the separate paired-score analysis involving 345
responses, the mean teacher score was 52.583, whereas the mean LLM score was 49.996. The resulting MAE was
4.168, and the RMSE was 9.328. Pearson and Spearman correlations were 0.9781 and 0.9863, respectively.

Although the results indicate strong associations between teacher and LLM scores, the negative mean difference
and observed scoring errors show that the scores cannot be assumed to be interchangeable. The study contributes a
transparent baseline for aggregating criterion-level scores and examining scoring discrepancies. However, the equal
weights were not expert-validated or optimized, and the dataset did not provide a validated mapping to institutional
Course Learning Outcomes (CLOs) or Program Learning Outcomes (PLOs). Future research should examine
alternative weighting schemes, conduct expert validation, establish a documented mapping to learning outcomes, and
assess agreement using the original paired scores before the framework is applied to consequential academic decisions.
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